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Resumo

Ferreira, Alef Iury. Harmony Through Alignment: Unifying Multimodal
Representations of Sound and Text Across Languages. Goiania, 2026. 235p.
Dissertacdo de Mestrado. Instituto de Informatica, Universidade Federal de
Goids.
O alinhamento entre modalidades alcangou avangos significativos, especialmente no
dominio texto-imagem. Entretanto, a criacdo de representagdes robustas e multilingues de
linguagem e dudio ainda apresenta desafios, como a escassez de conjuntos de dados texto-
dudio linguisticamente diversos e o elevado custo computacional do treinamento em larga
escala. Para enfrentar essas limitagdes, esta dissertacdo apresenta o CACARA (Cross-
Modal Alignment Leveraging a Text-Centric Approach for Cost-Effective Multimodal and
Multilingual Learning), um framework para integrar novas modalidades de forma efi-
ciente. O CACARA emprega uma estratégia de alinhamento emergente, na qual o dudio
¢ alinhado a um modelo multilingue texto-imagem pré-treinado e congelado. Utilizando
apenas dados em inglés, o modelo herda as capacidades multilingues do codificador tex-
tual, permitindo recuperacdo zero-shot entre linguas e modalidades, com menor tempo
de treinamento e consumo de energia. Como contribuicdo complementar, esta pesquisa
apresenta 0 PALMA (Pre-trained Audio-Language Multilingual Alignment via Mixture-
of-Layers), um framework para o desenvolvimento e a otimizacao de modelos bimodais de
linguagem e dudio. O PALMA avalia codificadores de estado da arte e paradigmas mod-
ernos de treinamento multimodal. Sua principal inovacdo é o método Mixture-of-Layers
(MoL), uma estratégia aprendivel que combina caracteristicas de multiplas camadas do
codificador para produzir representagdes de dudio mais ricas. As avaliacdes empiricas
validam as abordagens propostas, que alcancam resultados competitivos. Nossos acha-
dos fornecem fortes evidéncias de que o alinhamento emergente € uma estratégia vidvel,
escaldvel e de baixo custo para a expansao multimodal. Este trabalho contribui para o
desenvolvimento de sistemas multimodais mais acessiveis, eficientes e linguisticamente

inclusivos.
Palavras—chave

Pré-treinamento Linguagem-Audio, Multimodal, Multilingue, Aprendizado
Contrastivo, Aprendizado de Representacdes, Recuperacio Texto-Audio, Recuperacio

Audio-Texto, Classificagio Zero-Shot.



Abstract

Ferreira, Alef Iury. Harmony Through Alignment: Unifying Multimodal
Representations of Sound and Text Across Languages. Goiania, 2026. 235p.
MSc. Dissertation. Instituto de Informatica, Universidade Federal de Goias.

The alignment of data modalities has achieved significant success, particularly in the text-
image domain. However, extending these principles to create robust, multilingual repre-
sentations of language and audio introduces distinct challenges that remain partially un-
addressed in the literature. These include the scarcity of linguistically diverse text-audio
datasets and the prohibitively high computing cost of training large-scale models. To ad-
dress the high computational and data costs associated with multimodal expansion, this
dissertation first introduces CACARA, a framework designed to integrate new modali-
ties efficiently. CACARA employs an emergent alignment learning strategy. In our case,
a new modality, audio, is aligned with a pre-trained and frozen multilingual image-text
model. The model inherits the text encoder’s rich multilingual capabilities by training
our framework using only English data. This approach enables zero-shot cross-lingual
and cross-modal retrieval, reducing training time and energy consumption. As a com-
plementary contribution, this research presents PALMA (Pre-trained Audio-Language
Multilingual Alignment via Mixture-of-Layers), a framework for the systematic design
and optimization of bimodal language-audio models. PALMA goes beyond conventional
methods by comprehensively evaluating state-of-the-art (SOTA) encoders and advanced
training paradigms. Its central innovation is the “Mixture-of-Layers” (MoL) method. This
learnable aggregation strategy fuses features from multiple encoder layers to create a
richer, more nuanced audio representation. Empirical evaluations validate the proposed
approaches, which achieve competitive results. Our findings give strong evidence that
emergent alignment is a viable, scalable, and low-cost multimodal expansion strategy.
This work contributes to the development of more accessible, efficient, and linguistically
inclusive multimodal systems.
Keywords

Language-Audio Pretraining, Multimodal, Multilingual, Contrastive Learning,
Representation Learning, Text-to-Audio Retrieval, Audio-to-Text Retrieval, Zero-Shot

Classification
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CHAPTER 1

Introduction

Human perception emerges from the interaction of multiple senses, which to-
gether shape our experience and understanding of the world. Through vision, hearing,
smell, taste, and touch, humans gather complementary information about their surround-
ings [159, 177]. This integration enables the brain to combine information from multiple
senses into a single representation [52, 125]. Perception provides raw sensory data, while
cognition processes and interprets this input. Together, they form the foundation of human
experience [52,159,177]. Sensory organs gather data from the environment, which cogni-
tion then uses to enable complex mental functions like reasoning, memory, and decision-
making [13]. Rather than operating in a strictly one-way sequence, the relationship be-
tween sensory input and perception forms a continuous feedback loop. Perception influ-
ences cognition, which in turn shapes how we interpret future sensory experiences [159].

Replicating this complex perceptual and cognitive architecture is one of the
central challenges in developing effective automated agents [12]. Ideally, such systems
should be capable of interpreting and integrating information from multiple sources,
just like humans do when navigating complex environments, identifying patterns, and
responding adaptively [12, 18]. A system restricted to a single form of input can capture
only a partial representation of the available information, as real-world phenomena can be
expressed through multiple complementary ways [12, 30, 122]. By contrast, models that
integrate signals across different forms of input, or different “views”, often referred to as
“modalities”, offer a path toward richer semantic representations, more flexible retrieval
mechanisms, and more adaptive interaction with the real-world [12,122,182,206]. Within
this multimodal landscape, the interaction between language and sound is particularly
important, as it underlies communication, supports artistic expression, and enriches
contextual understanding of the surrounding environment [182,206].

However, this relationship is not only multimodal, in the sense that it involves the
integration of multiple input sources or communication channels, but also multilingual.
Sounds are experienced everywhere, yet their interpretation and description are mediated
by language, which can vary across linguistic and cultural contexts [54]. As a result, the

same acoustic event may be described differently across languages and communities, and
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systems restricted to English cannot adequately serve the diversity of real-world users or
linguistic communities [54]. For this reason, developing multimodal models that bridge
audio and text across languages is not merely a technical challenge, but also a necessary
step toward building systems that are more inclusive, more broadly applicable, and better

suited to multilingual real-world settings [121,206,213].

1.1 Problem Description

The widespread adoption of digital media has produced a vast and diverse body
of acoustic and textual content, ranging from podcasts, music, and environmental record-
ings to transcriptions, captions, and user-generated descriptions [8, 158]. Despite this
growth, developing systems that can effectively align audio and text remains a signifi-
cant challenge, particularly in multilingual settings [27, 206]. Most existing approaches
are developed either for a single modality or for a single language, and large-scale audio-
text modeling remains strongly centered on English corpora. As a result, current methods
offer limited support for learning shared semantic representations that remain coherent
across both modalities and different languages.

This dissertation investigates how multilingual multimodal representations of au-
dio and text can be learned under data constraints, with particular emphasis on English-
centric training settings. More specifically, it examines whether multilingual capabilities
can emerge from combining English-only audio-text supervision with a pre-trained mul-
tilingual text encoder, whether translated text can serve as a viable strategy for extend-
ing audio-text data beyond English, and how encoder choice, fine-tuning strategies, and
layer aggregation influence performance in cross-modal information retrieval. The cen-
tral hypothesis of this dissertation is that effective multilingual audio-text alignment can
be learned efficiently even under these constraints, provided that cross-lingual structure
is transferred through the text encoder or supported by appropriate data and architectural

design choices.

1.2 Motivation and Challenges

There are several compelling reasons to align audio and text representations
across languages. Systems with this capability could substantially advance applications
such as multilingual audio captioning [98], machine translation for audio content [123],
assistive technologies for people with sensory impairments [97], and cross-modal and
cross-lingual information retrieval [48,199]. At the same time, achieving this goal remains
difficult due to challenges that span data availability, representation learning, model

design, and training efficiency.
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One of the most significant limitations is the scarcity of audio-text paired
data. While valuable human-annotated resources exist, such as AudioCaps [99] (~57K
samples), Clotho [45] (~5K samples), and MusicCaps [1] (~5.5K samples), they are
limited in scale due to the high cost of manual annotation [99, 204]. To overcome
this bottleneck, researchers have developed much larger datasets like WavCaps [127]
(400K), LAION-Audio-630K [201], Auto-ACD [183] (~1.5M), and AudioSetCaps [10]
(~1.9M), using automated annotation pipelines. However, even these larger datasets
are dwarfed by their counterparts in the vision-language domain, which can contain
billions of pairs [167,204], highlighting a significant disparity in scale that limits model
development. Furthermore, these datasets are exclusively English-centric, presenting
a critical obstacle to creating genuinely multilingual models. This lack of linguistic
diversity is compounded by a lack of diversity in the audio sources themselves, which are
often drawn from a few overlapping base datasets like AudioSet [62] and FreeSound [58].

A second challenge concerns representation learning itself. The quality of
learned joint embeddings depends not only on the choice of unimodal encoders [49,202],
but also on geometric properties of the shared latent space. In particular, multimodal mod-
els often suffer from the so-called “modality gap” [53, 113], a phenomenon observed in
models such as Contrastive Language-Image Pre-Training (CLIP) [154] and Contrastive
Language-Audio Pretraining (CLAP) [49]. In this setting, embeddings from different
modalities occupy distant regions of the representation space, even when they are in-
tended to be semantically aligned. Importantly, this separation is not merely a conse-
quence of differing data distributions, but is also related to the intrinsic behavior of deep
neural networks and contrastive optimization [4,46, 113,166, 173,211]. As a result, the
modality gap can hinder performance on downstream tasks by weakening the coherence
of the learned joint space. Furthermore, naively forcing embeddings closer together may
distort the semantic structure of the representation space and does not necessarily lead to
better alignment [53,72].

A third challenge lies in training objectives and computational efficiency. Con-
trastive learning objectives, such as InfoNCE [140], are standard for learning aligned
embeddings. However, their optimization within a multilingual, multimodal setting intro-
duces unique difficulties. One of the main issues concerns the construction of positive
and negative pairs. This process is fundamental to contrastive learning, since the strength
of the learned representations depends on the quality and quantity of negative examples.
When too few negative samples are used, the contrastive signal may be insufficient, of-
ten leading to suboptimal performance [91]. On the other hand, configurations with large
quantities of negatives are more effective but introduce high computational costs. Ad-
ditionally, the staggering computational cost of training large-scale multimodal models

poses a challenge. The entire life-cycle of these models, from initial training to fine-
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tuning, is resource-intensive and carries a substantial environmental footprint [165]. The
memory required to fine-tune these models often fully surpasses the capacity of high-end
single-GPU systems, rendering this crucial research inaccessible to those without access
to extensive, large-scale infrastructure. This high barrier to entry poses a significant bot-
tleneck to innovation and inclusivity in the field [165].

A fourth challenge concerns how current architectures make use of encoded rep-
resentations. Most existing approaches rely primarily on the final encoder layer to con-
struct joint embeddings. However, deep neural networks learn hierarchical representations
across depth [51,114,144-146,188]. In speech encoders, for instance, lower layers (those
near the input) often capture local acoustic patterns, while higher layers (those near the
output) encode broader semantic information [144]. Under limited-data conditions, rely-
ing only on the final layer may discard intermediate signals that could contribute to cross-
modal alignment. For this reason, cross-layer aggregation, which combines information
from multiple depths of the network, emerges as a promising yet still underexplored strat-
egy for improving multimodal representations.

Taken together, these challenges motivate the central premise of this work:
multilingual multimodal alignment for audio and text should not depend exclusively on
prohibitively expensive training pipelines. Instead, it is necessary to investigate whether
efficient alternatives can produce robust multilingual alignment. In this work, those
alternatives are examined through three main axes: the use of translation as a strategy
for multilingual data extension, the use of a pre-trained multilingual text encoder as a
source of cross-lingual structure, and the use of architectural and training choices that

may improve the quality of the shared representation space.

1.3 Research Questions

In light of the challenges described above, this work is guided by the following

research questions:

RQ1. How can multilingual audio-text alignment be achieved under English-centric
data constraints?

Most large-scale audio-text paired datasets are available only in English, limiting
the training of models capable of operating across languages. Nevertheless, pretrained
multilingual text encoders already organize representations from multiple languages
within a shared semantic space. This creates the opportunity to introduce a new modality
into that space by aligning its representations only with the multilingual textual anchor.
In this work, we incorporate audio as the new modality and investigate whether the

resulting emergent multilingual transfer is sufficient to support audio-text retrieval and
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zero-shot classification in languages not observed during the explicit alignment training.
We further examine whether this transfer remains consistent across languages, datasets,
retrieval directions, and downstream tasks. Because the inherited multilingual structure
may not benefit all languages equally, we also evaluate translated captions as a practical
source of explicit multilingual supervision when large native multilingual audio-text
datasets are unavailable. Therefore, this research question is addressed by examining
both the multilingual capabilities inherited through emergent alignment with a frozen,
pre-established semantic representation space and the additional improvements achieved

through explicit multilingual supervision using translated captions.

RQ2. Can a new modality be efficiently integrated into an existing multilingual
multimodal representation space?

The development of multimodal models commonly relies on the joint alignment,
or subsequent realignment, of all participating modalities. Each modality is typically
mapped into a shared semantic space through a specialized encoder tower, and conven-
tional training strategies often update all encoder towers jointly. As additional modalities
are introduced, this approach increases both computational and memory requirements.
An alternative is to preserve an existing pretrained multimodal representation space and
optimize only the encoder associated with the newly introduced modality. In this work,
we investigate whether an audio encoder can be aligned with the textual component of
a frozen multilingual image-text model, using the text encoder as the alignment anchor
and without retraining the original image and text encoders. Because the image and text
representations are already aligned, this procedure may also establish an indirect relation-
ship between audio and images, even in the absence of paired audio-image supervision
during training. We therefore evaluate whether text-anchored alignment enables emergent
interactions among audio, text, and images while preserving the multilingual structure of
the original representation space. We further analyze the predictive-performance, com-
putational, and environmental trade-offs of this sequential alignment strategy relative to
multimodal approaches that require more extensive and expensive joint training.

RQ3. How do encoder choice and training strategy affect the performance and
efficiency of multilingual audio-language representation learning?

The performance of an audio-language model does not depend solely on the
individual quality of its audio and text encoders. Encoders pretrained with different
objectives may organize their representations differently, making some combinations
more compatible with cross-modal alignment than others. Likewise, training strategies
that are effective in other multimodal domains may behave differently when transferred

to the audio-language setting. To address this question, we systematically compare
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multiple pretrained audio encoders and multilingual text encoders, examining not only
their individual performance but also the representational synergy that emerges from
their combination in different downstream tasks. We further investigate the effects of
full fine-tuning, locked-encoder training, and alternative contrastive learning objectives.
Because predictive performance must be considered alongside computational cost, the
analysis also encompasses optimization settings, training-data composition, batch size,
and multilingual supervision. These experiments allow us to identify both the most
effective and robust configurations and the performance-efficiency trade-offs involved in

designing contrastive multilingual audio-language models.

RQ4. What is the impact of cross-layer aggregation on multilingual audio-text
representations?

Pretrained encoders learn hierarchical representations in which different layers
capture complementary forms of information. In audio encoders, lower and intermedi-
ate layers may emphasize acoustic and temporal structure, whereas deeper layers tend to
encode increasingly abstract and semantic features. Nevertheless, most audio-language
models construct their audio representations exclusively from the final encoder layer,
potentially overlooking useful information retained at intermediate layers. We investi-
gate whether aggregating representations from multiple audio-encoder layers can improve
cross-modal alignment relative to relying solely on the final layer. To this end, we propose
and evaluate the Mixture-of-Layers (MoL) mechanism alongside alternative aggregation
strategies in audio-to-text retrieval, text-to-audio retrieval, and zero-shot audio classifica-
tion. We further analyze the learned contribution of each layer to determine which regions
of the encoder hierarchy remain informative for audio-language alignment, providing ev-
idence that intermediate layers retain relevant complementary information. This analysis
enables us to identify the benefits of cross-layer aggregation, the conditions under which

these gains emerge, and the remaining limitations of the resulting representation space.

1.4 Objectives

The primary objective of this dissertation is to design and evaluate efficient ap-
proaches for learning multilingual multimodal representations of audio and text under
limited multilingual supervision. To achieve this goal, the dissertation pursues the follow-

ing specific objectives:

O1: To investigate whether multilingual audio-text alignment can be improved under
English-centric data constraints through translated captions, multilingual supervi-

sion strategies, and pretrained multilingual text encoders.
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02: To evaluate whether audio can be efficiently integrated into an existing multilingual
multimodal representation space without full multimodal retraining, by aligning a
new audio encoder with a frozen pretrained image-text model.

03: To systematically analyze how encoder choice, training strategy, data composition,
and other hyperparameters can affect the performance and efficiency of multilingual
audio-language models.

04: To develop and assess cross-layer aggregation methods for exploiting intermediate
representations from pretrained encoders, evaluating their impact on audio-text

retrieval and zero-shot audio classification.

1.5 Contributions

This dissertation contributes to the study of multilingual multimodal representa-
tion learning, with particular emphasis on aligning sound and text across languages. Its
methodological and empirical contributions address two central constraints in this area:
the limited availability of native multilingual audio-text datasets and the computational
cost of training large multimodal models. Figure 1.1 organizes these contributions into
four complementary research axes: multilingual supervision, efficient multimodal expan-
sion, audio-language model optimization, and representation-level analysis. Within these
axes, the figure connects the data resources and methodological components developed
in this work to the main empirical findings and their broader implications. The individual
contributions are described below.

1. A problem formulation for multilingual sound-text alignment under data and
computational constraints. This work frames multilingual audio-language learn-
ing as a problem that combines three interconnected challenges: the scarcity of
multilingual audio-text pairs, the predominance of English-centric resources, and
the high computational cost of large-scale multimodal training. This scenario mo-
tivates the investigation of efficient methods capable of building shared representa-
tion latent spaces that remain coherent across modalities and languages.

2. Multilingual supervision and evaluation for audio-text representation learn-
ing. This work constructs multilingual audio-text supervision and evaluation re-
sources by translating the captions of the datasets considered in this dissertation
into twelve languages. The contribution does not lie in caption translation as a gen-
eral technique, which has been adopted in other domains, but in its application
to multilingual audio-language representation learning, a setting in which compa-
rable multilingual resources remain limited. These resources enable a controlled
investigation of how explicit multilingual supervision affects cross-lingual audio-
text alignment and multilingual generalization. The work also analyzes different
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strategies for composing multilingual training, including Random Sampling and
LE-Mixture. Random sampling is not introduced here as a new general-purpose
sampling method. Instead, the original contribution lies in its systematic evalua-
tion in multilingual audio-text training and in the empirical evidence that this sim-
ple strategy can achieve results competitive with more structured language-mixture
approaches. This finding indicates that effective multilingual supervision does not
necessarily require complex language-scheduling mechanisms.

3. CACARA, an efficient framework for multimodal and multilingual expansion
through emergent alignment. This work proposes CACARA, a framework that
adds a new modality to a pretrained multilingual representation space. Instead
of retraining all modalities jointly, CACARA aligns the newly added modality
encoder with a frozen textual anchor, allowing the new modality to inherit part of
the multilingual and multimodal structure already present in the pretrained space.
This contribution investigates whether audio-text, audio-image, and multilingual
capabilities can emerge from efficient modality integration.

4. PALMA, a systematic optimization pipeline for multilingual audio-language
models. This work introduces PALMA as a complementary bimodal framework fo-
cused on audio-text representation learning. PALMA explores how audio encoders,
multilingual text encoders, training strategies, data composition, hyperparameter
choices, and multilingual supervision affect zero-shot performance on downstream
tasks. This contribution provides a controlled analysis of the design choices that
influence the quality and efficiency of audio-language alignment.

5. Mixture-of-Layers, a learnable cross-layer aggregation strategy for pretrained
acoustic representations. This work proposes the Mixture-of-Layers mechanism
to combine information from multiple encoder layers instead of relying only on the
final representation. The analysis shows that pretrained acoustic encoders organize
information hierarchically and that intermediate layers can remain informative for
audio-language alignment. This contribution opens a path toward representation-
aware alignment strategies that better exploit the internal structure of pretrained
encoders.

6. An analysis of performance-efficiency trade-offs in multilingual multimodal
learning. Beyond predictive performance, this work analyzes the computational
implications of the proposed strategies. By comparing sequential alignment, en-
coder choices, training configurations, layer aggregation, and multilingual supervi-
sion strategies, this research provides empirical evidence that competitive multilin-

gual multimodal systems can be built through efficient and modular design.

Together, these contributions support the hypothesis that multilingual alignment

between sound and text can be obtained through efficient reuse of pre-trained models,
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careful encoder selection, and representation-level strategies that avoid the need for full

large-scale multimodal retraining.

Multilingual Efficient Multimodal Audio-Language Representation-Level
Supervision Expansion Model Optimization Analysis
Data Translated Multilingual Training Data
Audio-Text Supervision Composition
Empirical Validation of CACARA: Efficient PALMA: Systematic .
Method Random Language Sampling Modality Integration Optimization Pipeline Rty seey
o EXp|IC‘It.MU|tI|IngUa| Multilingual and Mult.lmodal Bt Sy (feness Intermediéte Acoustlc‘ Layers
Main Findings Supervision Improves Structure Can Be Inherited from Alignment Quality Remain Informative
Cross-Lingual Aligment a Frozen Space e for Alignment
Impact Improved Multilingual Lower-Cost Multimodal and More Efficient and Modular
P Generalization Multilingual Expansion Audio-Language Model Design
RQ1 RQ2 RQ3 RQ4

Original Contribution

Figure 1.1: Overview of the contributions of this dissertation
across four research axes: multilingual supervision, ef-
ficient multimodal expansion, audio—language model
optimization, and representation-level analysis. The di-
agram connects data and methodological contribu-
tions to their main empirical findings and broader im-
pacts. Red-outlined boxes identify original contribu-
tions introduced in this dissertation.

1.6 How to Read This Dissertation

This dissertation is organized around two complementary directions for learn-
ing multimodal and multilingual representations. The first direction, represented by
CACARA, investigates how to add a new modality to an existing multilingual multimodal
representation space via efficient, emergent alignment. The second direction, represented
by PALMA, investigates how bimodal audio-language models can be systematically de-
signed and optimized through encoder selection, training strategies, and cross-layer ag-
gregation.

Chapter 1 introduces the motivation, problem definition, research questions, ob-
jectives, and contributions of this dissertation. This chapter establishes the general mo-
tivation behind multilingual audio-text alignment under English-centric data constraints
and the efficient integration of a new modality into an existing multilingual multimodal

representation space.
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Chapter 2 presents the theoretical and technical foundations needed to under-
stand the remainder of the dissertation. It covers neural networks, deep learning, repre-
sentation learning, modality, multimodality, multimodal representation learning, audio-
language models, contrastive learning, and acoustic pre-processing.

Chapter 3 reviews the literature most closely related to this dissertation. It dis-
cusses contrastive audio-language pretraining, dataset scaling, synthetic audio captioning,
encoder design, efficient training, fine-grained alignment, multilingual audio-language
models, and the transition from bimodal alignment to broader multimodal expansion. This
chapter provides the background for the limitations of English-centric audio-text datasets
and multilingual audio-language models. It also supports the discussion on the transi-
tion from bimodal audio-language alignment to broader multimodal systems, as well as
encoder design, training strategies, and representation aggregation.

Chapter 4 describes the proposed methods. Section 4.1 presents CACARA and
explains how audio is aligned with a frozen multilingual image-text model. This section
provides the methodological approach for integrating a new modality into an existing
multilingual multimodal space without retraining all encoders jointly. It also addresses
part of the question of multilingual audio-text alignment under English-centric data
constraints, as CACARA investigates whether multilingual audio-text capabilities can
emerge from English-only audio-text supervision using a pre-trained multilingual text
encoder. Section 4.2 presents PALMA and describes the design choices explored for
bimodal audio-language learning, including encoder combinations, training strategies,
and the Mixture-of-Layers mechanism. This section provides the methodological basis
for analyzing the impact of encoder choice and training strategy, as well as the role of
cross-layer aggregation in audio-text representation learning.

Chapter 5 presents the empirical evaluation of the proposed approaches. The
CACARA results address multilingual audio-text retrieval and zero-shot classification
across languages, datasets, and tasks. They also evaluate whether audio, text, and im-
age can be connected in a shared representation space after sequential alignment, while
analyzing the efficiency, scaling behavior, and qualitative retrieval examples of the pro-
posed approach. The PALMA results compare different audio encoders, text encoders,
and training strategies in audio-text retrieval and zero-shot classification. They also eval-
uate the impact of the Mixture-of-Layers mechanism and analyze whether combining
information from multiple encoder layers improves cross-modal alignment.

Finally, Chapter 6 summarizes the main findings of the dissertation, revisits each
research question, discusses the limitations of the proposed approaches, and outlines
future research directions for multilingual and multimodal audio-language representation
learning. In particular, it synthesizes evidence from CACARA on multilingual transfer

and efficient multimodal expansion, from PALMA on bimodal audio-language model
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design and cross-layer aggregation, and on the broader implications of efficient alignment

strategies for building more accessible multilingual multimodal systems.



CHAPTER 2

Concepts

2.1 Artificial Neural Networks

Artificial Neural Networks (ANNs) are computational models inspired by the
biology of the brain, comprised of interconnected processing units, commonly referred
to as artificial neurons, whose outputs are determined by a weighted combination of
inputs followed by an activation mechanism [15, 119, 163]. More broadly, ANNs can
be interpreted as learning systems in which knowledge is represented in a distributed
manner through adaptive parameters rather than through explicitly hand-crafted symbolic
rules [15, 119, 163]. Historically, ANNs emerged from the connectionist view of intelli-
gence, which assumes that intelligent behavior arises from the interaction of many simple
units whose connections are adjusted through learning [119]. At the same time, mod-
ern neural networks are described as flexible statistical models for pattern recognition
and nonlinear function approximation rather than as faithful biological replicas of the
brain [71].

The origins of this line of research, often described as “neural computing” [119],
are usually traced back to the work of McCulloch and Pitts [119, 124], which introduced
a formal neuron model in which the output of a unit depends on whether a weighted com-
bination of inputs exceeds a threshold. Their proposal showed that networks using such a
neuron model could theoretically compute several basic logical functions, establishing a
stronger link between neuroscience and computer science [119, 124, 163]. A second im-
portant step came from Hebb’s theory of learning [82], which proposed that repeated co-
activation strengthens the connection between neurons. This idea shifted the focus from a
fixed network structure to the adaptive modification of connections, helping establish the
principle that learning can be understood as the adjustment of synaptic weights [82,119].

Rosenblatt’s perceptron [160, 161] combined the artificial neuron abstraction
with a supervised learning rule, adjusting weights from labeled examples. The perceptron
demonstrated that a machine could learn a decision boundary directly from data, generat-
ing optimism about neural approaches in the domain of pattern recognition [160,161,168].
However, a few years later, Minsky and Papert [129] showed that single-layer perceptrons
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are fundamentally limited to linearly separable problems. As discussed by Luger [119],
the exclusive-or problem became the canonical example of this limitation, as a single lin-
ear decision boundary cannot solve it. This critique did not invalidate neural approaches
altogether, but it showed that shallow threshold models were insufficient for addressing
more complex, nonlinearly separable problems [15,119, 168].

Addressing these limitations required moving beyond the original perceptron for-
mulation. Continuous activation functions, multilayer architectures, and gradient-based
learning methods provided the basis for more expressive and adaptive neural mod-
els [119]. Together, these developments established the foundations of modern neural
networks and deep learning [15,71, 168].

2.1.1 The Artificial Neuron

The artificial neuron is the basic computational unit of an ANN. In its general
form, it receives an input vector X = [xy,x2,... ,xm]T, combines these inputs linearly
through a set of learnable parameters w = [wy,w,... ,wm]T and a bias term b, and then
applies an activation function ¢(-) to produce the output y [15,78, 163]. In general, an
artificial neuron can be described as comprising three main components: the synapses,
each associated with a weight, a linear combiner, which forms a weighted sum of the input
signals considering the weights of the synapses, and an activation function that limits the

amplitude range of the output signal, as shown in Figure 2.1.

Activation
function
X2 O—>
Output
Input J p
* _»
signals . ) Y

Linear
Combiner

Synaptic
weights

Figure 2.1: Artificial neuron representation. Adapted from Haykin
etal [78].

Formally, for a neuron k, this operation can be written as:

WiiX; + bi, (2-1)

m
Vi =

i=1
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Vi = 0(vr), (2-2)

where v, denotes the neuron’s activation potential (or pre-activation), and y; is its
output [78].

In vector form, the same operation can be written more compactly as:
y=0(W'x+b). (2-3)

The affine transformation w' x + b defines how the input dimensions are com-
bined, with each weight controlling the magnitude and direction of the contribution of a
corresponding input feature. The activation function determines how this combined signal
is transformed before being propagated to subsequent units. Finally, the bias shifts the re-
sponse of the neuron independently of the input, allowing the model to represent decision

boundaries that do not necessarily pass through the origin [15, 78].

2.1.2 The Perceptron

The perceptron, introduced by Rosenblatt, is a single-layer feedforward ANN,
that is, a network in which information propagates only from the input toward the output,
without feedback connections that return the output of the network to earlier layers. It was
proposed as a trainable model for binary classification. In terms of signal propagation,
it remains close to the McCulloch-Pitts neuron: the input signals are combined linearly
through weighted connections, and the output is passed through a hard-limiting threshold
function to produce a binary response [119, 163].

In its classical bipolar form, the perceptron receives an input vector x € R™,
computes a weighted sum of the inputs together with a bias term, and predicts one of two
classes according to whether the resulting activation exceeds a threshold 7:

1, ifw'x+b>1,
(2-4)

<>
Il

—1, otherwise.

where w is the weight vector, b is the bias, and ¢ is the decision threshold.

The perceptron learning procedure is a simple form of supervised learning. After
the model produces a prediction for a training example, a teacher provides the desired
output, and the weights are modified only when the current prediction is incorrect. For
instance, considering a training sample (X, i), from a training set D = {(Xu,yn) ;.

where x; denotes the input vector and y; € {—1,+1} denotes the desired label, the update

of the i-th weight can be written as:

Aw; =0 vk — F) Xuis (2-5)
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where Aw; denotes the change applied to the i-th weight, 1 > 0 is the learning
rate, which scales the correction applied to the weights, and i is the current perceptron
output [119]. Since both y; and Jj, take values in {—1,+1}, the difference y; —  can only
be 0, 2, or —2. No update is made when the example is correctly classified. Otherwise,
the weight vector is shifted in a direction that reduces the classification error associated

with the current example. In vector form, an equivalent update can be written as:

W w1 (v — k) Xz, (2-6)
b b+n(yk— ). (2-7)

If there exists a set of parameters that correctly classifies every example in the
training set, the perceptron learning procedure will converge to such a solution. However,
when the classes are not linearly separable, no single-layer perceptron can represent the
desired decision boundary [119, 163].

2.1.3 Multilayer Perceptron

A multilayer perceptron (MLP) extends the single-layer perceptron by introduc-
ing one or more hidden layers between the input layer and the output layer. This extension
directly addresses the linearity limitation: while a single perceptron can only represent a
linear decision boundary, an MLP with nonlinear hidden units can transform the input
representation before classification, allowing the network to represent nonlinear decision
boundaries and solve problems that are not linearly separable [15,78, 119]. In a feed-
forward architecture, the connections form a directed acyclic graph: each unit receives
signals from units in earlier layers and sends its output to units in later layers [78, 163].
The neurons in the hidden layers are not directly observed in either the input or the out-
put of the network; their role is to intervene between the external input and the final re-
sponse of the model [78]. Figure 2.2 shows a visual representation of a generic multilayer
perceptron.

The formulation of the MLP resembles that of a perceptron, as shown in Equa-
tion 2-3. Let h(®) = x denote the input vector. For a network with L layers of adaptive

weights, the computation at layer ¢ can be written as:
h() = ¢! (W(@h(“) +b(f>) R . (2-8)

where W) and b(®) are the weight matrix and bias vector of layer ¢, and (1)“)(-) is the
corresponding activation function. The network output is given by the representation of
the final layer: y = h(£).
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Figure 2.2: Schematic representation of a fully connected multi-
layer perceptron.

This model is called a multilayer perceptron for historical reasons, since each
stage of processing resembles the perceptron. The essential difference is that the hidden
units use continuous nonlinear activation functions, rather than the hard threshold used in
the classical perceptron [15]. This makes the network output differentiable with respect
to the parameters, which is required by gradient-based training procedures [15].

If all hidden-layer activation functions are linear, the composition of the layers
remains a linear transformation. In that case, the network is equivalent to a model without
hidden layers, and depth does not increase representational power [15, 78]. From a
theoretical standpoint, this expressive power is supported by the universal approximation
theorem [34, 87], according to which a two-layer feedforward network, that is, a network
with a single hidden layer and a sufficient number of hidden neurons, can approximate
any continuous function on a compact domain to arbitrary accuracy [78, 152]. Although
this theorem does not address the difficulty of finding appropriate parameter values during
training, it provides a formal justification for the use of multilayer perceptrons as general

nonlinear approximators [78, 152].

2.1.4 Activation Functions and Differentiability

The activation function is the component of the artificial neuron that is responsi-
ble for transforming and limiting the amplitude range of the activation potential value into
the output. In multilayer neural networks, the activation function defines how the response
of each hidden unit varies with its input and, consequently, how intermediate representa-
tions are formed throughout the network [15, 78]. Examples of activation functions are

shown in Figure 2.3.
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Figure 2.3: Examples of activation functions and their first deriva-
tives.

In the classical perceptron, the activation is a hard threshold, which produces an
abrupt binary decision. Such a function is suitable for defining a linear classifier, but it
is problematic in multilayer settings trained by gradient-based methods, since it is non-
differentiable at the threshold and constant almost everywhere else. In contrast, the mul-
tilayer perceptron was historically formulated with continuous nonlinear activation func-
tions, precisely because the computation of local gradients in backpropagation depends
on the derivative of the nonlinearity associated with each neuron [15,78].

Two classic examples are the logistic sigmoid and the hyperbolic tangent:

1
G((l) = m, 2-9)
el — o a
tal’lh((l) = W (2-10)

These functions are smooth and nonlinear, which makes them suitable for the

classical derivation of backpropagation [15,78]. Their derivatives can be written as:

6'(a) =o(a)(1—o(a)), (2-11)
% tanh(a) = 1 — tanh?(a). (2-12)

The logistic sigmoid maps real-valued inputs to the interval (0, 1), while tanh(-)
maps them to (—1,1). Because tanh(-) is zero-centered, it often yields hidden activations

with a more balanced sign structure than the sigmoid [15]. A well-known limitation
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of sigmoid-like activation functions is saturation. For large positive or negative inputs,
their derivatives become very small. In the logistic sigmoid function, the derivative
reaches its maximum in the mid-range and tends to zero near the extremes of the output
range, implying that weight updates become small when neurons operate in saturated
regimes [71,78]. This behavior can make optimization more difficult, particularly when
gradient information must propagate through many layers, a phenomenon commonly
referred to as the “vanishing gradient problem” [71, 136].
In modern neural networks, a widely adopted alternative is the rectified linear
unit (ReL.U), defined by:
0(a) = max(0,a). (2-13)

The ReLLU returns zero for negative inputs and the identity for positive inputs. Although
it is not differentiable at a = 0, it remains compatible with gradient-based optimization
in practice because it is differentiable almost everywhere and admits a simple subgra-
dient treatment at the origin. Moreover, ReLLU-based networks have a particularly clear
geometric interpretation: they implement continuous piecewise-linear functions, in which
different activation patterns of the hidden units define different linear regions of the input
space [152].

2.1.5 Backpropagation and Gradient-Based Learning

Training a multilayer perceptron consists of finding values for the parameters
{W(e),b(@ }Igzl that minimize a loss function measuring the discrepancy between the

predictions of the network and the desired outputs over a training set [15, 152]. If we

N

denote by w the collection of all adaptive parameters of the network, and by {(X,, ) },_;

the training examples, one common choice of objective is the least squares loss [152]:
y 1
2
LW =Y Luw),  La(W) = 5 v~ B0, W, 2-14)
n=1

where 0(x,,w) denotes the network output for input x,, [15]. The training problem is
therefore a continuous, high-dimensional, and generally non-convex optimization prob-
lem, meaning that the loss surface may contain multiple local minima and different val-
leys, so that following only local gradient information does not guarantee convergence to
a global minimum [152]. Because the total loss is written as a sum over training examples,
its gradient also decomposes into a sum of per-example contributions, a property that is
exploited by modern training methods [15, 152].

In multilayer networks, one of the main challenges is efficiently computing the
derivatives of the loss with respect to all parameters. The role of backpropagation is to

propagate the error information from the output layer to the hidden layers, allowing the
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gradient of the loss to be obtained through repeated application of the chain rule [15,119,
163]. In this sense, backpropagation provides the mechanism that makes the training of
multilayer perceptrons practical.

Once these derivatives are available, they can be used by a gradient-based
optimization rule. In its simplest form, gradient descent updates the parameters iteratively
according to:

w) —w® _qvr (w“)) : (2-15)

where 1 > 0 is the learning rate, T denotes the iteration step, and VL(W(T)) denotes the
gradient of the loss function with respect to the parameter vector at iteration T. Thus,
backpropagation and gradient descent are related but distinct: the former computes the
gradients, whereas the latter uses them to update the parameters. In practice, modern
neural networks are commonly trained with stochastic or mini-batch variants of gradient-
based optimization, which estimate the gradient from one or a few training examples at a
time [15,152].

2.2 Deep Learning

Deep learning can be interpreted as the modern version of multilayer perceptron
models, made practical by training much deeper models (with a large number of hid-
den layers). While multilayer perceptrons already introduced the idea of learning through
compositions of linear transformations and nonlinear activations, deep learning empha-
sizes the use of many successive layers to learn intermediate representations of increasing
abstraction directly from data, using the depth as a mechanism for representation learn-
ing [71,186].

Intuitively, deeper models can represent complex input-output mappings through
hierarchical compositions, in which higher-level features are built from lower-level ones.
This property has proved especially important in domains such as computer vision,
speech, and natural language processing, where the relevant structure of the data is of-
ten distributed across multiple levels of abstraction [71, 136, 186]. Although the basic
principles remain those of shallow ANNSs, the practical success of deep learning also de-
pended on advances in large-scale datasets, computational hardware, training procedures,
and architectural innovations [71, 136, 168]. The artificial neuron, the multilayer percep-
tron, differentiable activation functions, and backpropagation remain the conceptual basis
of deep learning. Modern deep learning mainly differs by applying these ideas at a greater
scale, with deeper and more diverse architectures [71, 152,168, 186].
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2.2.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) [107, 108] are a special kind of archi-
tecture designed for input signals with a grid-like topology, such as images and time
series [71, 136, 152]. There are several reasons why this type of data motivated the devel-
opment of specialized architectures, particularly because fully connected networks exhibit
limitations when applied to spatially or temporally structured representations.

One limitation of fully connected networks concerns dimensionality. In an MLP,
the basic operation at each layer is an affine transformation followed by a nonlinearity.
For an image x € RW*#*C_where W denotes the width, H the height, and C the number
of channels, even a single fully connected layer with D output units requires a weight
matrix with (W x H x C) x D parameters. As an example, for a 224 x 224 RGB image,
this corresponds to 224 x 224 x 3 = 150,528 input dimensions. The number of weights
becomes prohibitively large even for shallow networks, leading to practical difficulties
in terms of memory usage, computational cost, and the amount of required training
data [136, 152].

Fully connected networks also fail to exploit the structure of spatial or temporal
data. In images, for example, neighboring pixels are more strongly related than distant
ones, and local patterns like edges, corners, textures, and object parts are often important
informative visual structures. Similarly, in one-dimensional signals like audio, nearby
samples are more strongly correlated. However, a dense layer treats all input dimensions
uniformly and has no built-in notion of locality or neighborhood relationships. As a result,
it does not naturally reflect the fact that structured data, such as images or audio signals,
are often organized through local spatial or temporal relationships [136, 152].

Additionally, meaningful patterns may appear at different positions in the input.
For example, an object remains the same object even if it is slightly shifted in an image. In
a fully connected model, however, the pattern associated with that object at one position is
represented by a different subset of parameters than the same pattern at another position.
Consequently, the network may need to learn similar detectors independently for different
locations, requiring more training data than a model that can share parameters across
positions [71, 152].

CNN s tackle these limitations by introducing local connectivity and parameter
sharing. A convolutional layer processes local regions of the input using small, learnable
filters, also called kernels, that are reused across spatial or temporal positions. This design
reduces the number of trainable parameters, exploits local neighborhood structure, and
allows the same detector to respond to similar patterns wherever they appear in the signal.
Because the same kernel is applied across positions, convolution also induces translation
equivariance, that is, when the input is shifted or translated, the corresponding feature
responses captured by hidden neurons of the model shift accordingly [71, 152].
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Convolutional Layer

A convolutional layer performs the main operation of a CNN. Instead of connect-
ing every output unit to every input unit, a convolutional layer computes each output from
a small local neighborhood of the input, usually called its “receptive field”, and a learn-
able kernel defines the operation. A kernel is a small set of coefficients that are applied to
local regions of the input and reused across spatial positions. In the case of multi-channel
inputs, the kernel contains coefficients not only for each spatial or temporal segment, but
also for each input channel and each output channel [186].

Formally, for an input tensor x with Cj, channels, the pre-activation at spatial
position (i, j) and output channel ¢, can be written as:

s(i,j,c2) Z Z w(k,l,c1,¢c0) x(spi+k, swj+1,c1)+b(ca). (2-16)
ci=1(k,l)eN

where A denotes the set of spatial offsets covered by the kernel, or in other words, the
local window covered by the kernel, w(k,l,c,c;) are the kernel coefficients connecting
input channel ¢; to output channel ¢,, and b(c;) is the bias of the output channel [184].
The terms s;, and s,, denote the vertical and horizontal strides, respectively. They deter-
mine how far the kernel is shifted in the input as it moves from one output position to the

next. The corresponding activation is then obtained by applying a nonlinear function:

h(is j,c2) = 0(s(i; j, c2)) - (2-17)

An example of a 2D convolution can be seen in Figure 2.4, where a 2 x 2 kernel
is used. Although this operation is commonly called convolution in the deep learning
literature, most practical implementations correspond more precisely to cross-correlation,
since the kernel is not flipped. In the context of learning, however, this distinction is
usually not essential, because the filter coefficients are adapted from data and both

formulations yield equivalent representational capacity [71, 152,184, 186].

Input Kernel Output
0 1 2
0 1 19 | 25
3 4|5 | =
213 37 | 43
6 7 |8

Figure 2.4: Example of a 2D convolution for a 2x2 kernel and
stride of 1. Adapted from [136].
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Pooling Layer

A pooling layer acts like a local compressor. It receives the spatial representa-
tions produced by a convolutional layer and reduces their resolution by replacing groups
of neighboring values with a single representative value [136, 184, 186]. This operation is
useful because after a convolutional layer has detected certain local patterns, it is often not
necessary to preserve the exact position of every response. Instead, it may be sufficient to
know that a strong response occurred within a small region [184, 186].

Let h € REXWXC denote the representation produced by a convolutional layer,
where H and W are the spatial dimensions and C is the number of channels. A pooling
operation is usually applied independently to each channel. For a local window of size

K, x K,, and strides sj, and s,,, average pooling computes the mean value inside each local

region:
1 Kn—1K,—1
Pave(i, j,¢) = Y Y h(isu+u, jsw+v,c). (2-18)
KnKw =0 v=0

In this case, the output value summarizes the general intensity of the responses
inside the region. Another common choice is max pooling, which keeps only the largest
value inside each local region:

Pmax (i, J,¢) = max h(is, +u, js,, +v,c). (2-19)
0§M<Kh
0<v<K,,

Max pooling preserves the strongest evidence that a certain pattern was detected
somewhere inside the pooling window, while discarding its precise location [136, 184].
For this reason, pooling can make the representation less sensitive to small translations or
local variations in the input, yielding a partial form of local translation invariance [136,

152,184, 186]. Figure 2.5 illustrates this process for max pooling.

Input
1 2 3 4 Pooled Output
516 11l2 Max Pooling . = 6 | a
012173 4| 8
114 |58

Figure 2.5: Example of a max pooling operation. Each output
value stores the maximum activation observed inside
the corresponding local region of the input representa-
tion. Adapted from [136].
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2.2.2 Recurrent Neural Networks

Recurrent neural networks (RNNs) [162] are a family of neural architectures de-
signed to model sequential data. Unlike feedforward networks, in which the connections
form a directed acyclic graph, the computation performed by RNNs has cycles, that is,
the outputs of one layer can feed back into the computation pipeline [71, 186]. While
more specialized architectures like CNNs exploit local structures by applying the same
filters across spatial or temporal positions, RNNs introduce the mechanism of “work-
ing memory”’, keeping an internal state that is updated as the sequence is processed.
This state allows information from previous elements to influence the processing of later
ones [71, 186].

The parameter sharing across time is the main property of RNNs. In a similar
way to how CNNs reuse the same filters across different positions, RNNs reuse the
same transition function at every step of the sequence. This makes it possible to process
sequences of different lengths and to generalize across positions in the sequence [71].

Formally, let x; = (X1,X2,...,X7) denote an input sequence of length 7. At each
time step ¢, the network receives the current input vector x; and the previous hidden state
ht — 1, and uses them to compute a new hidden state h;. A simple recurrent layer can be
written as:

a, = Wyx, +Wyh, 1 +by,
h, = ¢(a,)

where ar is the pre-activation vector, W, is the input-to-hidden weight matrix, Wy, is

(2-20)

the hidden-to-hidden recurrent weight matrix, by, is a bias vector, and ¢(-) is a nonlinear
activation function, commonly tanh(-) [71, 136]. The initial hidden state hy is usually
defined as a vector of zeros or treated as a learnable parameter.

The hidden state can then be used to produce an output. When the model predicts

one output at each time step, this operation can be written as:

o, = Wiyh; +b,,

(2-21)
yt = W(OI)7

where o, denotes the output pre-activation, Wy, is the hidden-to-output weight matrix, by,
is the output bias, and y(-) is an output activation function [71, 136].

The recurrence can be expressed more generally as:
h; = fO(h;—1,x), (2-22)

where 0 is the shared transition function parameterized by 6. After repeated application,

the hidden state h; becomes a representation that depends on the sequence prefix x1 =
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(X1,...,X;). Therefore, the hidden state works like a summary of the information observed
up until that point in time. Since this summary has fixed dimensionality, it is generally
lossy, preserving mainly the aspects of the past sequence that are useful for the task being
optimized [71].

Although the recurrent computation graph contains cycles, training is made
possible by unrolling the network over a finite number of time steps. The unrolled
representation is a feedforward computational graph in which each step has its own hidden
state, but all steps share the same parameters [71, 186]. If the total loss is written as a sum

of losses across time,

T
L=Yr, (2-23)
t=1

then the gradients with respect to the shared parameters are obtained by backpropagating
through the unrolled graph. This procedure is called backpropagation through time
(BPTT) [71,184,186]. Because the same parameters are used at each step, the final update
accumulates gradient contributions from multiple positions in the sequence.

Despite their expressive power, simple RNNs are difficult to train on long
sequences. During BPTT, gradients must propagate through many recurrent transitions.
As in very deep feedforward networks, repeated multiplication by weight matrices and
derivatives can cause gradients to become very small or very large, leading to the
vanishing or exploding gradient problems [71, 186].

To alleviate these problems, gated recurrent architectures introduce additional
mechanisms that control how information is stored, updated, and forgotten in the hid-
den state. Long short-term memory networks (LSTMs) [85] and gated recurrent units
(GRUgs) [25,28] are two common examples. These models use gates to regulate the flow
of information across time, making it easier to preserve relevant signals over longer se-
quences [71,184]. Although more recent attention-based architectures have become dom-
inant in many sequence modeling tasks, RNNs remain an important conceptual step in the
development of deep learning models for sequential data.

2.2.3 Attention Mechanism

Attention is a mechanism that allows a model to focus on, or weight, the most
relevant parts of an input representation when producing an output, processing global
information more efficiently. For instance, when answering a question about a specific
scene, it is expected that one person focus on the regions most relevant to the question
at hand, rather than assuming that all regions are equally important. In neural networks,
this intuition is implemented by allowing one representation to assign different weights
to other representations, so that the output is built mainly from the elements considered

most relevant to the current operation [186].
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Historically, attention became more prominent in sequence-to-sequence models
for Neural Machine Translation (NMT) [9,120]. However, the idea had appeared earlier in
neural sequence models in handwriting generation, where it was introduced as an attention
mechanism constrained to move forward through the input sequence [73]. In encoder-
decoder RNNs for NMT, the encoder reads the source sentence and compresses it into
a fixed-length context vector, usually derived from the final hidden state. The decoder
then uses this vector to generate the output sequence. This design creates a bottleneck,
especially for long sequences, because all relevant information from the input must be
stored in a single vector. Attention was introduced to reduce this limitation by allowing the
decoder to access the encoder hidden states directly at each decoding step [9,71,120,136].

Intuitively, attention can be thought of as a differentiable lookup operation. Given
a query vector (, a set of key vectors K, ...,k;,, and a corresponding set of value vectors
Vi,...,Vy, the model first measures how “aligned” the query is with each key. These
alignments scores are then normalized into attention weights, and the output is computed

as a weighted combination of the values. Formally, this can be written as:
m
Attn (g, {ki 72y, {vity) = ) ouvi, (2-24)
i=1

where each «; is a non-negative scalar weightand )" | &; = 1. A common way to compute

these weights is to apply a softmax function to an attention score a(q,k;):

_ eplalak)
l ZT:1GXP(a(Q>kj))

(2-25)

In this formulation, the query specifies what information is being requested, the keys
determine which elements are relevant to the query, and the values contain the information
that will be combined to produce the output [136, 186]. This type of operation is often
described as a soft dictionary lookup, since the model does not retrieve a single entry
from memory, but rather a weighted average of multiple entries [136].

In the original sequence-to-sequence setting, the query is usually derived from
the decoder state, while the keys and values are derived from the encoder states. At

decoding step ¢, the model computes a context vector ¢; by attending to all encoder states:
T

¢ =Y oyhf, (2-26)
i=1

where h{ denotes the encoder hidden state at input position #, and o; indicates how much
the decoder attends to that position when producing the next output token. In NMT, these
weights work as a learned alignment between source and target words [9, 120, 136].

Attention mechanisms are commonly divided into soft and hard attention. In
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soft attention, as mentioned before, the output is computed as a weighted average over
all candidate values. This makes the operation differentiable, allowing the model to be
trained with standard backpropagation [9,203]. In hard attention, the model selects only
one or a few input locations instead of averaging over all of them. This can yield a sparser,
more selective mechanism, but the discrete selection process is not directly differentiable
and usually requires stochastic estimation or reinforcement learning methods during
training [136].

Self-attention is a variant of the attention mechanism and has become one of the
main components of modern neural network architectures. In self-attention, the queries,
keys, and values are all computed from the same set of input representations. As a result,
each element of the input can gather information from all other elements, allowing the
model to capture long-range dependencies without relying on recurrent processing. This
is particularly useful in sequences, since information from distant positions can interact
directly through the attention weights.

In matrix form, the scaled dot-product attention used in modern networks archi-

tectures architectures is commonly written as:

Attn(Q, K, V) = softmax (QKT> \Y (2-27)
9 9 - \/d_k 9

where Q, K, and V are matrices containing the queries, keys, and values, and d is the
dimensionality of the key vectors [136, 192]. The product QK computes the similarity
between each query and each key, producing scores that decides how much to attend
to each representation. The scaling factor \/d; helps control the magnitude of these dot
products before the softmax operation, avoiding excessively peaked attention distributions
when the dimensionality is large [186].

This formulation provides the basis for the Transformers [192] architecture.
Instead of using recurrence to propagate information step by step through a sequence,
Transformers use layers with self-attention to allow input representations to exchange
information directly. These layers are usually combined with position-wise feedforward

networks, residual connections, normalization layers, and multi-head attention.

2.2.4 Transformers

The Transformers [192] architecture is based on self-attention and was originally
introduced for sequence-to-sequence modeling in NMT, where the recurrent computation
was replaced with attention-based operations. Instead of reading the input sequence step
by step, as in RNNs, a Transformer processes the sequence in parallel as a set of input

representations that can interact directly through self-attention layers [96, 136, 192].
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This design addresses two limitations of recurrent models. First, in an RNN,
information must be propagated through a chain of hidden states, which can make long-
range dependencies difficult to preserve. Second, the recurrent computation is inherently
sequential, since the hidden state at time step ¢ depends on the hidden state at time step
t — 1. Transformers reduce these limitations by allowing each input representation to
attend directly to other representations in the sequence. As a result, the computation for
different positions can be performed in parallel during training, making it more suitable
for large-scale training [96, 136, 192].

The original Transformer architecture (Figure 2.6) follows an encoder-decoder
structure. The encoder receives the input sequence and produces contextual represen-
tations of its elements. The decoder then generates the output sequence, using masked
self-attention' over the previously generated outputs and an additional attention mech-
anism over the encoder representations [136, 192]. In many applications, however, only
one part of this structure is used. Encoder-only models are common in representation
learning [37,105,220], while decoder-only models are commonly used for autoregressive
generation [155,156,209].

A transformer encoder is built by stacking several encoder blocks. Each block
contains a multi-head self-attention (MHA) layer followed by a feedforward network
(FFN) applied independently to each position. Residual connections [81] and normal-
ization layers [6] are usually added around these components to improve optimization
and stabilize training [136, 184, 192]. A simplified encoder block can be written as:

Z = LayerNorm (X +MHA(X)),

(2-28)
H = LayerNorm (Z +FFN(Z))

where X denotes the input representations of the block, MHA(-) denotes multi-head self-
attention, FFN(-) denotes the position-wise feedforward network, and H is the output
of the block. This formulation emphasizes that the transformer alternates between two
operations: mixing information across positions through self-attention and transforming
each position independently through a feedforward network.

Multi-head attention (Figure 2.7) extends the single self-attention operation
by applying several attention mechanisms in parallel. Each head has its own learned
projections for queries, keys, and values, allowing the model to represent different notions
of similarity between the input elements [96, 152, 192]. The outputs of the heads are
concatenated and projected back to the model dimension. This allows the same layer to

capture different types of relationships, such as syntactic, semantic, or contextual relations

'Masked self-attention applies a causal mask that allows each position to attend only to itself and
preceding positions, preventing access to future tokens during autoregressive generation.
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Since self-attention compares representations by their content, it does not nat-

urally encode the order of the input. If the same representations are permuted, the self-
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attention operation is permuted in the same way. For this reason, transformers add po-
sitional information to the input representations. This can be done with fixed sinusoidal
positional encodings or learned positional embeddings. These positional signals allow the
model to distinguish between elements that have similar content but occur in different
positions [136, 152, 192].

Vision Transformers

The Vision Transformers (ViTs) [43] (Figure 2.8) architecture is an adaptation
of the Transformer encoder to image classification and is currently the basis for state-of-
the-art (SOTA) audio classification models. In ViT, an image is converted into a sequence
of patch representations, which are then processed by a standard transformer encoder.
This differs from CNNs, which process images through local convolutional filters and
gradually increase the receptive field with depth [43, 184, 186].
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Figure 2.8: Extracted from Dosovitskiy et al. [43].

Formally, let an image be divided into non-overlapping patches of size P x P.

Each patch is flattened into a vector and mapped to a fixed-dimensional embedding
iy
patch representations [43, 184]. Positional embeddings are then added to these representa-

through a learned linear projection. For an image of size H X W, this produces N =

tions, allowing the model to use information about the spatial arrangement of the patches.
In the original ViT formulation, an additional learnable classification represen-
tation is prepended to the sequence of patch representations. After the encoder processes
the full sequence, the final state associated with this classification representation is used
to predict the image class [43, 136].
The motivation for using Transformers in vision different from that in recurrent
sequence modeling. CNNs already process images in parallel, so Transformers are not

mainly introduced to avoid sequential computation. Instead, the motivation concerns the
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locality bias of convolution. A convolutional layer assumes that nearby pixels are the
most relevant, and information from distant regions can only interact after several layers,
unless the architecture includes larger kernels, pooling, or non-local mechanisms. In
contrast, self-attention allows each patch representation to interact with every other patch
representation from the first layer [184, 186].

This global interaction is useful because image understanding often depends
on relationships between distant regions. Self-attention provides a direct mechanism
for representing these relationships. At the same time, this flexibility comes with a
computational cost, since the attention matrix grows quadratically with the number of
input elements [136, 184].

Compared with CNNs, ViTs rely on weaker built-in assumptions (inductive
biases) about spatial processing, such as locality and translation invariance. This can have
an advantage when very large datasets are available, since the model has more freedom
to learn the relevant relationships from the data. However, in lower-data regimes, the
inductive biases of CNNs can still be useful, since they encode assumptions that are well
matched to natural images [43, 184].

2.3 Learning Machines

In cognitive science, “learning” can be broadly defined as the process in which an
organism progressively forms internal models of the external world. Through experience,
fragments of new data that are captured by the senses are transformed into structured rep-
resentations that can be reused in new contexts [36]. Dehaene [36] presents seven com-
plementary perspectives on learning, including the formation of internal world models,
the adjustment of parameters, the reduction of error, the exploration of possible solutions,
the optimization of rewards, and the restriction of the search space through prior assump-
tions. Although these definitions originate from cognitive science and neuroscience, they
are closely related to the principles underlying modern machine learning.

In Machine learning (ML), a widely used definition by Mitchell [131] states
that a computer program learns from experience E with respect to a class of tasks T
and a performance measure P if its performance at tasks 7', as measured by P, improves
with experience E. This definition makes explicit the experience available to the system,
the task that the system is expected to perform, and the criterion used to evaluate its
performance [71, 136]. In this sense, learning can be seen as the adaptation of a system
through interaction with data or an environment, so that it can perform better on future
instances of a given problem or set of problems. From this perspective, a learning
algorithm uses past experience to produce or adjust another algorithm; that is, it is a
meta-algorithm that outputs algorithms [186].
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The main learning paradigms in ML that apply these concepts are further

discussed next.

2.3.1 Supervised Learning

Supervised learning is one of the most common paradigms in ML. In this setting,
the learning algorithm receives examples composed of inputs and corresponding target

outputs, and the objective is to learn a mapping that predicts the target associated with a

N
n=1°

new input [71, 136]. Formally, as defined in 2.1.2, given a training set D = {(x,,y)}
where x, € X denotes an input example and y, € 9" denotes its label, or target, the goal
is to learn a function fy : X — 9 parameterized by 0. The parameters are adjusted so that
the model’s predictions approximate the desired outputs in the training data.

This paradigm is called “supervised” because the learning process is guided by
an external signal that indicates the desired answer for each example. In classification
problems, the target y corresponds to a discrete class label. In regression, the target is a
continuous value [71, 136]. In both cases, learning consists of choosing a hypothesis from
a space of possible functions and optimizing it according to a performance criterion or
loss function [186].

A common formalization of supervised learning is empirical risk minimiza-
tion [71]. Under this view, the model is trained by minimizing the average loss over the
training set:

1Y
0" =argmin 7 ¥ £(fo(xa),yn), (2-29)
0 n=1

where £ measures the discrepancy between the model prediction and the target output.
For example, regression tasks often use squared error losses, while classification tasks
commonly use cross-entropy losses [71, 136]. The central challenge is not only to reduce
the error on the training examples, but to learn patterns that generalize to unseen data.

In supervised learning, each input in the training set is assumed to be associated
with a corresponding label. However, this dependence on labeled data can become a
major limitation, especially in domains where annotation is expensive, ambiguous, or
unavailable at scale [71, 106, 136]. This limitation motivates learning paradigms that can

exploit data without requiring explicit targets.

2.3.2 Unsupervised Learning

Unsupervised learning considers settings in which the model has access to input

N
n=1°

data but not to explicit target labels. Given a dataset D = {x,} the objective is

to discover useful structure in the data itself [71, 136, 186]. This structure may take
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different forms, such as clusters of similar examples, low-dimensional representations,
latent factors, or probability distributions that describe how the data is generated.

From a probabilistic perspective, unsupervised learning can be described as
modeling of the input distribution p(x), in contrast to supervised learning, which often
models the conditional distribution p(y | x). In this setting, the model must capture
regularities in the observed data without being told which categories or outputs are
correct [71,136].

Unsupervised learning forces the model to “explain” the high-dimensional in-
puts, rather than only the low-dimensional outputs, because the learning algorithm must
discover regularities in the structure of the data [136]. If the representation captures use-
ful structure, it should improve sample efficiency and allow good performance with fewer
annotations [186]. This makes unsupervised learning important in domains where large
quantities of data are available, but reliable labels are scarce.

2.3.3 Self-Supervised Learning

Self-Supervised Learning (SSL) is a paradigm in which unlabeled data is used to
construct supervised prediction tasks. Instead of relying on externally provided labels, the
model is trained on proxy tasks whose targets are automatically derived from the data’s
structure [136]. In this sense, SSL occupies an intermediate position between supervised
and unsupervised learning in which the data does not contain annotated labels, but the
training objective is still formulated as a supervised prediction problem.

In a typical SSL setting, part of the input is used to predict another part of
the same input. For example, a model may be trained to predict masked words or sub-
words from their surrounding context, reconstruct missing regions of an image, colorize a
grayscale image, predict future frames, recover corrupted signals, or identify whether two
transformed examples originate from the same underlying sample [136]. More generally,
the original input can be divided into an observed component and a target component, and
the model is trained to predict the target from the observed information.

Self-supervised methods are often grouped into two broad families: generative
and contrastive approaches [152]. In generative SSL, part of the input is hidden, corrupted,
or removed, and the model is trained to reconstruct or predict the missing content.
Examples include masked language modeling, and image inpainting tasks [37, 147, 152].
In contrastive self-supervised learning, the model is trained by comparing examples,
bringing related representations closer together and separating unrelated ones [24, 152].
For instance, two augmented views of the same image, two related audio segments, or
two neighboring sentences can be treated as positive pairs, while unrelated examples are
treated as negative pairs [24, 140, 152].
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The main motivation behind SSL is that solving a proxy task can force the model
to learn representations that are useful beyond the task used during pre-training [136].
Predicting missing elements requires the model to capture dependencies among observed
elements, while reconstructing corrupted inputs requires it to model regularities in the data
distribution [71, 136]. Similarly, contrastive objectives encourage the model to organize
the representation space according to meaningful similarities between examples [24, 92,
106,140]. Once learned, these representations can be transferred to downstream tasks with
limited labeled data, commonly through fine-tuning or linear evaluation [136, 152].

Self-supervised learning has become especially important in modern representa-
tion learning because it enables large-scale pre-training from unlabeled corpora [71, 136].
This is particularly relevant for language, audio, vision, and multimodal data, where raw
data is abundant but high-quality annotation is expensive [71]. In multimodal learning,
self-supervised objectives can also exploit natural correspondences between modalities,
such as the relationship between an audio signal and its textual description, an image and
its caption, or speech and its transcription [49, 154]. As a result, SSL provides a foun-
dation for learning general representations that can later support classification, retrieval,

generation, and cross-modal alignment [49, 140, 154].

Contrastive Learning

Contrastive learning is a family of SSL methods in which the proxy task is
defined through comparisons between examples. The model is trained to organize a latent
space where related examples are mapped close to one another and unrelated examples
are mapped farther apart [24, 92, 106]. Unlike supervised learning, where the training
signal is provided by external class labels, contrastive learning derives supervision from
relationships automatically constructed from the data.

Because contrastive learning does not rely on predefined labels, it requires a
mechanism to define which examples should be considered similar or dissimilar [92,
106]. This is commonly done by constructing anchors, positive examples, and negative
examples. Given an anchor sample x, a positive example x* ~ p™ (- | x) is selected so that
it shares relevant information with the anchor, whereas negative examples X~ ~ p~ (- | x)
are assumed to correspond to different concepts [106, 152]. Positive pairs are often
obtained by applying different transformations to the same input, such as cropping,
masking, noise injection, or temporal sampling. They may also arise from naturally related
views of the same underlying event, such as neighboring segments in a sequence or paired
observations from different modalities. Negative examples are usually obtained from
other samples in the mini-batch, from a memory bank, or from a queue of previously
encoded representations [24, 92]. These negatives provide the contrastive signal that

encourages the model to distinguish the anchor from unrelated or less related examples.
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This formulation is closely related to the learning of invariances. When two trans-
formed views of the same sample are treated as a positive pair, the model is encouraged
to ignore the variations that distinguish those views while preserving the information they
share [106]. For instance, in visual representation learning, two augmented versions of the
same image may be used as a positive pair, making the encoder less sensitive to changes
in color, cropping, or scale [24]. More generally, the construction of positive pairs deter-
mines which variations should be treated as irrelevant, while the choice of negative pairs
determines which examples should remain distinguishable [106].

Formally, let fg(-) be an encoder that maps an input X to a representation
h = fy(x), and let g¢(-) be an optional projection head that maps this representation to
a contrastive embedding z = g¢(h). A contrastive objective encourages the similarity
between an anchor embedding z; and a positive embedding z;” to be higher than the
similarity between z; and a set of negative embeddings {zj_ }i\': |- A widely used objective
is the InfoNCE loss [140], that can defined as:

exp (sim(z;,z;") /7)

exp (sim(z;,z;) /7) _|_21]Y:l exp (sim(z,-, zj_)/’c)

L;=—log , (2-30)
where sim(-,-) is a similarity function, commonly cosine similarity or a dot product
between normalized embeddings, and 7T is a temperature parameter. This loss can be seen
as a classification problem in which the model must identify the positive example among
a set of negative candidates [92, 106].

Several influential SSL methods are based on this principle. Contrastive Predic-
tive Coding (CPC) [140] learns representations by predicting future latent observations
using a contrastive objective. SIMCLR [24] demonstrates that strong data augmentations,
a nonlinear projection head, large mini-batches, and longer training can produce effective
visual representations without labels. MoCo [80] addresses the need for many negative ex-
amples by using a momentum encoder and a queue-based dictionary, allowing the model
to compare each sample against a large and consistent set of negatives.

The contrastive loss functions encourage two complementary properties: align-
ment and uniformity [196]. Alignment refers to the tendency of the model to map positive
pairs to nearby points in the embedding space. Uniformity comes from the negative term
and refers to the tendency of the overall representation distribution to spread across the
space, often on the unit hypersphere when embeddings are normalized. This perspective
might explain why simply pulling positive pairs together is not sufficient to optimally
spread the representations in the latent space, as the absence of a mechanism for separat-
ing different examples could lead the model to learn a collapsed representation in which
all inputs are mapped to the same representation vector [186, 196].

Contrastive learning is relevant to multimodal representation learning, as that
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many multimodal datasets naturally provide positive pairs across modalities. In vision-
language representation learning, an image and its caption can be treated as a positive pair,
while mismatched images and captions act as negatives [93, 154]. Similarly, in audio-text,
an audio clip and its textual description can be aligned in a shared embedding space [49].
This makes contrastive learning particularly suitable for cross-modal retrieval and zero-
shot transfer, since samples from different modalities can be compared directly through

their encoded representations.

2.4 Representation Learning

The learning paradigms discussed previously differ in the type of supervision
available to the model and in the objective used during training. However, they share a
common goal of transforming raw data into a representation that makes future compu-
tation, prediction, or decision-making easier. This process is known as “representation
learning”. Rather than relying only on manually designed features, representation learn-
ing aims to learn transformations of the data that expose useful structure for downstream
tasks [14,71].

Formally, given an input space X and a representation space Z, the goal is to
learn an encoding function fg : X — Z that maps an input sample x € X to a latent
representation z = fy(x). This mapping is illustrated in Figure 2.9. The representation
space Z is expected to be more useful, more organized, or more abstract than the original
input space [186]. In many cases, z is lower-dimensional than x, but dimensionality
reduction is not the only goal. A representation may also be useful because it makes
relevant factors easier to separate, removes nuisance variation, supports prediction, or

enables easier knowledge transfer to other tasks [14,71, 186].

Daﬁa Space Representatior} Space

Encoder

Figure 2.9: Schematic illustration of representation learning, in
which an input sample X from a complex data space
is mapped into a representation Z in a latent space.
Extracted from Torralba et al. [186].
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A useful representation is often considered one that makes subsequent learning
or problem solving easier [71, 186]. In deep neural networks, this process occurs progres-
sively, as each layer transforms the input into a new representation and higher layers tend
to encode more abstract information [14,71]. Bengio et al. [14] discuss several desirable
properties of representations, including smoothness, multiple explanatory factors, hierar-
chical organization, shared factors across tasks, temporal and spatial coherence, sparsity,
and simple dependencies among factors. These properties reflect the idea that raw data
comprises underlying factors of variation, and that a good representation should make
these factors easier to identify, separate, and reuse.

Torralba et al. [186] emphasize compression and prediction as central principles
of representation learning. According to the authors, a representation should often discard
redundant or task-irrelevant information while preserving what is useful for the task
at hand. Thus, it should support invariance to nuisance factors, such as noise or other
variations that do not affect the semantic content of the input. However, this compression
involves a trade-off, since removing too much information may harm tasks that depend on
the discarded details [14,71]. A good representation should also provide a useful substrate
for prediction, whether the target is a class label, a missing value, a future observation, or
a relationship between examples [186]. This connects representation learning directly to
supervised, unsupervised, and self-supervised learning, where labels, input structure, or
proxy tasks shape the representations learned by the model [71, 186].

Different families of representation learning methods impose different objectives
and constraints on the learned space. Autoencoders learn representations by encoding
the input into a latent representation and then reconstructing the original data from it.
Contrastive methods learn representations by comparing related and unrelated examples.
Clustering methods organize examples into discrete groups. Predictive and imputation-
based methods train models to infer missing, future, or otherwise unobserved parts of
the data. Pretext-task methods define auxiliary tasks whose solution requires the model
to capture meaningful structure in the input [186]. These approaches differ in their
mechanisms, but they share the goal of producing representations that are more useful
than the raw input for later learning.

Representation learning is a concept directly connected to multimodal learning,
given that models need to learn not only useful representations within each modality but
also shared spaces in which semantically related information can be compared across
modalities [12, 14, 71]. For example, an audio clip and its textual description have
very different raw representations, but they can be mapped to nearby areas in a shared
latent space when they refer to the same event or concept, which is the basis of many
cross-modal retrieval and alignment systems [49, 154]. However, according to Torralba

et al., there is no single representation that is optimal for all possible tasks, since a
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representation that discards some factors of variation may be useful for one objective
but harmful for another [14, 186]. Thus, the quality of the representation determines
whether representations can be effectively aligned, whether knowledge can transfer across
tasks, and whether models trained under limited supervision can generalize to new
scenarios [14,49, 154].

2.5 Whatis a Modality?

The definition of “modality” is relevant to understanding multimodality and
multimodal representation learning, but it is not always clear what the term refers to.
In the ML literature, the term is often associated with sensation, such as vision and
touch [12, 141], or used to distinguish between different mechanisms of information
encoding [75,141]. These interpretations are related, but might not be sufficient definitions
on their own. Instead, a modality can be seen as a form of information representation that

organizes meaning according to particular structures, units, and constraints [30, 141].

2.5.1 Modality and Human Communication

A useful starting point might be human communication, where the link between
language and the concept of modality has long been debated. Language is often treated
as an abstract symbolic system whose meaning can be separated from its physical
expression [30]. Under this view, speech, writing, gesture, sign, and images may appear as
different representations of the same linguistic content. Cohn and Schilperoord [30] argue
that this view depends on two related assumptions about language: unimodal and amodal.

The unimodal view assumes that language is primarily grounded in one priv-
ileged expressive channel. In most linguistic traditions, this channel has been speech,
often treated as the prototypical or most natural form of language. Language is then un-
derstood primarily as a vocal-auditory phenomenon, while other forms of expression,
such as writing, gesture, sign, and images, are treated as secondary, derivative, or aux-
iliary [30, 67, 86, 109]. Under this view, writing, for instance, may be interpreted as a
visual transcription of speech, gestures as additional paralinguistic elements, and images
as non-linguistic supports for verbal meaning.

In the amodal view, language is considered a deeper abstract system that can
appear in different forms. For example, the same linguistic content may be spoken,
written, or signed [26,30,77]. What matters most in this view is the underlying linguistic
structure, such as syntax, semantics, and symbolic meaning. The physical form used to

express that structure is treated as secondary. This view helps explain how the same
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message can be expressed across different channels, since the true nature of language
would persist regardless of its channel of expression.

These views share the assumption that the channel of expression, or communi-
cation, is less important than the linguistic content behind it. This interpretation, however,
can hide the fact that each channel can organize and express meaning in different ways.
Cohn and Schilperoord [30] challenge this assumption by arguing that the expressive form
itself helps shape how meaning is produced and understood.

Cohn and Schilperoord [30] argue for a multimodal understanding of language
and communication. In this view, human communication does not depend on only a single
privileged channel, nor it is treated solely as an abstract system that exists separately from
the ways it is expressed. Instead, communication involves multiple expressive systems.
Examples such as speech, sign language, writing, and visual representations are not
merely interchangeable outputs of the same abstract content. Each modality has its own
structural properties, perceptual constraints, and cognitive organization, which influence
how meanings are encoded, combined, and interpreted.

This perspective might change the nuance of what is considered a modality. For
instance, speech can be represented as an acoustic signal over time. Sign languages use
bodily articulation, spatial organization, simultaneity, and movement. Writing organizes
linguistic units as graphic marks. Images may encode meaning by spatial, visual, and
sequential structure [30]. These representations may overlap semantically, but they are not
reducible to one another. The same event can be represented and experienced in different

ways, but each modality preserves and emphasizes distinct aspects of it.

2.5.2 Modality from a Machine’s Perspective

This cognitive perspective helps motivate a broader definition for ML. If com-
munication is shaped by the forms that express it, then computational models should not
treat modalities as neutral containers of the same abstract information. The modality of
an input affects what information is available, how it is encoded, which inductive biases
are useful, and what kind of representation the model must learn [12,75, 141].

In ML, this broader definition motivates a task-relative definition of modality.
Parcalabescu et al. [141] argue that both human-centered and machine-centered defi-
nitions are insufficient on their own. Human-centered definitions classify modalities by
perception, which can be ambiguous in computational settings: written text and images
are both visually perceived, yet they are usually treated as different modalities in ML.
Machine-centered definitions instead focus on how information is encoded before be-
ing processed by a model [75, 141]. This view is useful for representation learning be-

cause different encodings often require different inductive biases [12, 14]. However, it
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can also make modality too dependent on its technical implementation. For instance, two
image formats, such as PNG and JPEG, or two audio formats, such as WAV and FLAC,
should not necessarily count as different modalities if they provide the same task-relevant
information.

For this reason, Parcalabescu et al. [141] define multimodality in relation to the
task being solved. Under this view, an input functions as a modality when it provides
a distinct task-relevant form of information representation, characterized by its own
structure, units, and encoding process. Thus, modality is not an absolute property of data
in isolation. It depends on how the data is represented, what information it carries, and
whether that information is relevant for the task.

From the cognitive perspective, modalities shape how meaning is expressed and
interpreted. From the machine learning perspective, modalities determine the form of
the input, the type of encoder required, and the kind of alignment needed for down-
stream tasks [12, 14]. Multimodality and multimodal representation learning stands at
the intersection of these perspectives, since it aims to build shared latent spaces where
different forms of information can be compared, integrated, and transferred across
tasks [48,93, 154].

2.5.3 Multimodality

Following the task-relative definition of modality, multimodality can be under-
stood as the condition in which two or more distinct forms of information representation
are involved in the same task. A task becomes multimodal when these inputs provide dif-
ferent kinds of task-relevant information that need to be compared, aligned, integrated,
translated, or jointly interpreted [12, 141]. Thus, multimodality depends not only on the
number of data sources but also on the relationships among the information each modal-
ity provides.

This relationship may involve shared and modality-specific information. Differ-
ent modalities can refer to the same object, event, or situation, but they do not neces-
sarily encode the same aspects of it. Recent work describes these relations in terms of
redundancy, uniqueness, and synergy, since information may be shared across modalities,
specific to one modality, or useful only when modalities are considered together [46].
This view reinforces that multimodality is not only a problem of combining heteroge-
neous data. It also involves understanding what information is shared, what information
is modality-specific, and what type of interaction is relevant for the task.

For ML, these relations need to be represented in a form that models can use.
This is why multimodality is closely connected to representation learning. A multimodal

model must learn representations that preserve useful information from each modality
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while making their relations accessible for different tasks. At the same time, recent work
shows that shared spaces may still contain modality-specific information, which can affect
how well representations from different modalities align [4]. This motivates the study of
multimodal representation learning as the problem of building representations that capture

both cross-modal relations and modality-specific structure.

2.6 Multimodal Representation Learning

Many real-world learning problems involve data from multiple modalities, such
as text, images, video, and audio [75]. As discussed previously, each modality provides
a particular form of information representation, with its own structure, units, and con-
straints. Because of this, different modalities may provide complementary or partially
overlapping information about the same object, event, or situation [46,227]. The goal of
multimodal representation learning is to learn representations that make this information
useful for downstream tasks, either by comparing, aligning, integrating, or transferring
information across modalities [75,227].

A core challenge in this domain is the “heterogeneity gap”, which arises be-
cause feature vectors from different modalities originally reside in disparate, different sub-
spaces [75]. This gap means that even if an audio and a text description refer to the same
semantic concept, their raw vector representations will be completely different, hindering
any joint processing [75]. As seen in Figure 2.10, the primary objective of multimodal
representation learning is to narrow this heterogeneity gap. This is typically achieved by
projecting the data from heterogeneous modalities into a common, shared semantic sub-
space where the representations of semantically similar inputs from different modalities

become close to one another [75].

2.6.1 Frameworks for Multimodal Integration

To bridge the heterogeneity gap, various deep learning frameworks have been
developed. These can be broadly categorized into three main architectural approaches:
joint representation, coordinated representation, and encoder-decoder models [75].

Joint representation aims to project representations from unimodal encoders into
a shared semantic subspace where the features are then fused into a single vector. The
fusion can be achieved through simple concatenation or, more commonly, by adding
or multiplying the transformed modality-specific vectors in a distinct hidden layer. This
approach is advantageous for tasks that require a unified representation and can be easily
extended to fuse multiple modalities. However, it typically does not allow inference of

separate representations for each modality.
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Instead of fusing features into a single vector, coordinated representation aims to
separate representations for each modality within a coordinated subspace. The represen-
tations are not directly merged but constrained to specific cross-modal properties. These
constraints typically involve either maximizing the correlation between the representa-
tions or maximizing the similarity of paired samples while minimizing it for unpaired
ones. A key advantage of this approach is its ability to preserve unique, modality-specific
characteristics, as different modalities are encoded in separate networks. One good ex-
ample of a model that uses coordinated representation is Contrastive Language-Image
Pre-Training (CLIP) [154], which is the architectural approach most similar to the mod-
els proposed in this research project.

Finally, an encoder-decoder framework is commonly used for multimodal gener-
ative and translation tasks, such as generating a text caption from an image or audio from
text. An encoder maps the source modality into a latent vector, which is an intermediate
representation, and then a decoder uses this latent vector to generate a new sample in the

target modality.
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2.6.2 Modality Gap

Despite the goal of creating a shared semantic space, contrastive multimodal
models often preserve a geometric separation between modalities. This phenomenon is
known as the “modality gap”. It describes the tendency of embeddings from different
modalities to occupy distinct regions of the learned representation space, even when the
inputs are paired and semantically related [113]. In models such as CLIP, image and text
embeddings are projected to the same hypersphere, but they may still form modality-
specific regions rather than a fully mixed semantic space [53, 113, 173]. A representation

of the modality gap between two arbitrary modalities can be seen in Figure 2.11.
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Figure 2.11: lllustration of a modality gap between two arbitrary
modalities.

The modality gap is related to the heterogeneity gap, but it is not the same
phenomenon. The heterogeneity gap refers to the original difference between modalities
before alignment, since different modalities have different structures and are encoded in
different feature spaces [75]. The modality gap appears after multimodal training, inside
the learned shared space. In this case, the model has already learned useful cross-modal
relations, but its embeddings still preserve a global separation based on modality. Thus,
the modality gap is not only a property of the raw data, but also a property of the geometry
learned by the model itself.

Liang et al. [113] provided the first systematic explanation of this phenomenon.
They argue that the gap arises from the combination of model initialization and contrastive

optimization. At initialization, deep networks tend to map their outputs to narrow regions
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of the hypersphere, a behavior described as the “cone effect”. Since multimodal models
usually rely on separate encoders, each encoder may start in a different cone. This creates
a separation between modalities before training. During optimization, the contrastive
objective pulls paired samples closer while preserving some of this separation, especially
under the influence of the temperature parameter [113].

Later works refined this interpretation. Shi et al. [173] connect the modality
gap to local minima of the CLIP loss (InfoNCE), suggesting that the learned space
may settle into patterns where paired examples are sufficiently aligned for the loss,
while the two modalities remain separated. Yaras et al. [211] analyze the learning
dynamics more directly and show that the gap may increase in the early stages of
training due to mismatched pairs. They also argue that the learned temperature can
stabilize the gap, making it difficult to close even when training continues. This shifts
the interpretation of the modality gap from a static artifact of initialization to a dynamic
effect of contrastive training.

Another line of work explains the modality gap in terms of information. Schrodi
et al. [166] argue that the gap is strongly connected to information imbalance between
modalities. For instance, an image may contain many details that are not described in
its caption. Since the caption is incomplete relative to the image, perfect alignment is
difficult. The model must balance alignment with uniformity, and the gap can emerge
as a by-product of this trade-off. Almud’evar et al. [4] provide a related information-
theoretic view, arguing that contrastive losses can preserve modality-specific information
in the representation space. Even when information shared across modalities is learned,
modality-specific information may remain, contributing to representational misalignment.

This discussion also connects the modality gap with a broader question in mul-
timodal representation learning. It is not always clear what should be aligned. Dufumier
et al. [46] argue that standard cross-modal contrastive learning mainly captures redun-
dant information between modalities, while multimodal tasks may also require unique
and synergistic information. From this perspective, closing the modality gap is not simply
a matter of removing all modality-specific structure. Some modality-specific information
may be useful, while other information may harm cross-modal comparison. The problem
is therefore not only to reduce the distance between modalities, but to control what kind
of information is shared, preserved, or separated.

Several attempts have been proposed to mitigate or control the modality gap.
Early strategies considered post-hoc translations in the embedding space, such as shifting
one modality toward the other [113]. However, later work argues that simple translations
can distort the relative distances between unpaired samples and damage the semantic
structure of the space [53]. Other approaches modify the training process itself. Align-
CLIP reduces the gap by sharing parameters between the vision and language encoders
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and by using a semantically regularized objective over unimodal embeddings [53]. Yaras
et al. [211] propose temperature control and modality swapping as training strategies.
Almud’evar et al. [4] use an information bottleneck regularization to reduce modality-
specific information in the shared space.

The effects of closing the gap are still debated. Some works report better retrieval
or cross-modal alignment when the gap is reduced [53,211]. Other works suggest that the
impact depends on the type of downstream task. Grassucci et al. [72] argue that reducing
the gap has limited or inconsistent effects on instance-wise tasks such as retrieval, but it
can strongly improve group-wise tasks such as clustering, where the absolute organization
of the latent space matters more. Mistretta et al. [130] also show that the gap is related
to intra-modal misalignment, since CLIP-style training aligns image-text pairs but does
not necessarily make image-image or text-text similarities reliable. These results suggest
that the modality gap should not be treated only as an error to remove, but as a geometric
property whose relevance depends on the task, the modalities, and the type of semantic

structure expected from the representation space.

2.6.3 Explicit and Implicit Alignment

One of the main questions in multimodal representation learning is how to align
different modalities into a shared latent space. In conventional multimodal representation
learning, alignment is often explicit, meaning that the model is directly encouraged
to make representations comparable across modalities through its training objective or
architecture [154]. One of the most common ways to enforce explicit alignment is through
contrastive learning, since paired samples from different modalities are treated as positive
pairs and mapped closer in a shared embedding space, while mismatched samples are
separated, as discussed in Section 2.3.3. In Audio-Language Models (ALMs), this is the
same mechanism used by CLAP-style systems, where audio clips and textual descriptions
are explicitly aligned so that cross-modal retrieval and zero-shot classification can be
performed by comparing the similarity between latent representations [48,49].

However, cross-modal alignment does not strictly require direct pairwise obser-
vations between the modalities being aligned. Some frameworks use an anchor modality
to connect several modalities into the same space. ImageBind [65], for instance, aligns
multiple modalities to images and shows that this can produce emergent alignment be-
tween modalities that were not directly paired during training. In this case, images act
as a binding modality, allowing other modalities to become comparable through their re-
lation to visual data. LanguageBind [224] follows a related idea, but uses language as
the central binding modality. It directly maps different modalities to a language-centered

representation space.
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A more recent line of work studies implicit, or emergent, alignment, where
representations become similar even without an explicit cross-modal alignment objective.
The Platonic Representation Hypothesis [90] argues that, as models scale and are trained
on broader data and tasks, independently trained models may converge toward similar
representations of the underlying world. Under this view, different modalities provide
different observations of a shared reality. Even when models are trained separately, their
representations may become aligned because they capture related semantic structures.
Thus, alignment can emerge not only from explicit objectives but also from the overlap
between the information encoded by different modalities.

At the same time, recent studies show that emergent alignment should not be
treated as universal. Tjandrasuwita et al. [185] argue that the emergence of alignment de-
pends on the characteristics of the modalities and the task. Alignment is more likely to
emerge when modalities contain redundant information and when they are less heteroge-
neous. When modalities provide more unique information, stronger alignment may not
improve performance and may even remove useful modality-specific structure.

Other works further refine the interpretation of emergent alignment. Groger et
al. [74] argue that some evidence for global representational convergence can be affected
by measurement confounders such as model width and depth. After calibration, they
find stronger evidence for convergence in local neighborhood structure than in global
geometry. Koepke et al. [101] also show that cross-modal alignment can weaken when
evaluation moves from small, one-to-one paired datasets to larger and more realistic
many-to-many settings. These findings suggest that different modalities may share coarse
semantic organization while still arranging fine-grained information differently.

In summary, explicit alignment refers to mechanisms that directly enforce or
encourage cross-modal comparability, such as contrastive objectives, architectural con-
straints, or anchor modalities. Implicit alignment refers to representational similarity that
appears without a direct cross-modal alignment objective. This distinction separates align-
ment that is intentionally imposed during training from alignment that emerges from the

learned structure of the representations.

2.7 Audio-Language Models

Audio-Language Models (ALMs) are multimodal models trained to connect au-
dio signals with natural language. They are designed to process, understand, and reason
about audio-centric content using paired audio-text data [182]. These models leverage
natural language supervision as an additional cue to learn semantically rich acoustic rep-
resentations that demonstrate remarkable flexibility across diverse downstream applica-
tions [49, 182].
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The emergence of ALMs stems from the basic drawbacks of traditional audio
classification techniques. While traditional approaches demonstrate proficiency in map-
ping audio signals to predetermined categories, they exhibit significant constraints when
confronting the inherent complexity and variability characteristic of real-world acoustic
environments. Natural language supervision offers a better alternative, as it can capture
nuanced temporal details, describe multiple overlapping sound events, and convey rich
contextual information that fixed tags cannot. For instance, natural language supervision
allows for more detailed descriptions, such as “a person’s speech is cut short by a firm
knock on the door, while someone in the background is heard coughing”, as opposed to
limiting an audio sample to simple categorical labels like “door knock™, “coughing”, or
“human speech” [182].

Another important property of ALMs is their ability to support open-vocabulary
and zero-shot tasks. Since the model learns relations between audio and language, it can
compare an audio clip with textual descriptions that were not part of a fixed training
set. This makes ALMs useful for tasks such as zero-shot audio classification, audio-text
retrieval, audio captioning, audio question answering, source separation, and audio gener-
ation [49, 182]. More recently, Large Audio-Language Models (LALMSs) extend this idea
by integrating large language models as reasoning or generation components, allowing

audio information to be used in instruction-following and conversational settings [182].

2.7.1 Architectural Foundations and Design Principles

The architecture of an ALM depends on how audio and language are encoded,
aligned, and used for downstream tasks. Su et al. [182] organize ALM architectures into
four main families: Two Towers, Two Heads, One Head, and Cooperated Systems. Among
these, the Two-Tower architecture is the most common design for contrastive audio-
language representation learning. It uses one encoder for audio and another encoder for
text, followed by projection layers that map both modalities into a shared embedding
space. This design is conceptually related to vision-language models such as CLIP [154]
and ALIGN [93], and is especially useful for retrieval and zero-shot classification, since
audio and text embeddings can be computed independently and compared by similarity.

The audio encoder transforms waveforms, spectrograms, or learned acoustic fea-
tures into representations that preserve relevant sound information. CNN-based models,
such as CNN14 from the PANNs (Large-Scale Pretrained Audio Neural Networks for
Audio Pattern Recognition) family [103], are often used to capture local spectral pat-
terns and acoustic structures. Transformer-based models, such as the Audio Spectrogram
Transformer (AST) [68] and HTSAT [21], are useful for modeling longer temporal de-
pendencies and global relations in audio signals. Self-supervised audio models, such as
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SSAST [70], AudioMAE [89], and BEATS [22], can also be used as audio encoders mod-
els since they learn acoustic representations from pretext tasks such as masked reconstruc-
tion.

The text encoder maps natural language descriptions, prompts, captions, or class
names into semantic representations. Earlier ALMs relied on encoder-only bidirectional
language models such as BERT [37] or RoBERTa [117], which provide contextual
representations for audio captions and textual labels. More recent models use larger
or causal language models as reasoning or generation components. In these systems,
language is used to express tasks, ask questions, describe user intentions, and coordinate
audio-centered capabilities [155, 182].

Other ALM architectures support stronger interaction between audio and lan-
guage. Two-Head models add a language model or decoder on top of modality-specific
encoders, making them better suited to captioning, question answering, and instruction-
following tasks. One-Head models process modalities using a more unified encoder-
decoder structure, enabling earlier interaction between audio and text. Cooperated Sys-
tems use a Large Language Model (LLM) as a planning module to select or com-

bine specialized audio models based on the task [182]. Figure 2.12 summarizes these

architectures.
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Figure 2.12: Common ALM architectures: (a) Two Towers, (b) Two
Heads, (c) One Head, and (d) Cooperated Systems.
Extracted from Su et al. [182].

2.7.2 Contrastive Language-Audio Pretraining

Contrastive Language-Audio Pretraining (CLAP) is one of the main foundations
of modern ALMs. It adapts the contrastive training paradigm to paired audio-text data.
Given an audio clip and its corresponding textual description, a CLAP-style model
learns to place both representations close in a shared embedding space, while separating
mismatched audio-text pairs [48,49]. This framework is illustrated in Figure 2.13.

The importance of CLAP lies in showing how natural language can be used as
supervision for audio representation learning. Instead of learning only from a fixed set of

labels, the model can learn from textual descriptions that express sound events, acoustic
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Figure 2.13: An illustration of the CLAP architecture. The diagram
shows the contrastive training process on the left and
the zero-shot inference process on the right. Adapted
from Elizalde et al. [48].

context, and temporal relations. This makes the learned representation useful for open-
vocabulary settings. In zero-shot audio classification, class names or prompts are encoded
by the text encoder and compared with the audio embedding. In audio-text retrieval, the
same shared space allows a text query to retrieve relevant audio clips, or an audio clip to
retrieve related captions [48,49, 182].

Since the original CLAP formulation, several works have extended contrastive
audio-language pretraining by scaling datasets, improving encoders, and designing objec-
tives for more fine-grained audio-text alignment [182]. Figure 2.14 presents a timeline of
representative audio-text contrastive models from 2023 to 2026, covering both English-

centered and multilingual approaches.

2.8 Acoustic Pre-Processing

Sound is a physical phenomenon produced by variations in air pressure that
propagate through a medium and can be perceived by a sensory system, such as the human
ear or a microphone [110]. In acoustics, the focus is the study of sound itself, while
audio is commonly associated with the technical capture, representation, reproduction,
storage, and processing of sound [110]. When a microphone is used to capture sound in
the air, the pressure variations caused by the sound wave are converted into an electrical
signal whose voltage varies continuously over time. This electrical signal is analogous
to the acoustic pressure variation and is commonly called “analog audio signal”. In this
form, the signal can be represented as a continuous-time function x(z), where ¢ denotes
time [110]. Since computers operate on finite discrete numerical representations, this
continuous analog signal must be converted into a digital representation before it can
be stored or processed [153,226].
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Figure 2.14: Timeline of representative contrastive Audio-
Language Models: MSCLAP [48], LAION-
CLAP [201], BLAT [204], FLAP [212], MS-CLAP
V2 [50], COMPA [64], WavCaps [I127], ML-
CLAP [207], M2D-CLAP [138], Auto-ACD [183],
Cacophony [225], MGA-CLAP [112], T-CLAP [214],
AudioSetCaps [11], GLAP [40], SLAP [126],
Spatial-CLAP [169].

The conversion from analog to digital involves two main operations: sampling
and quantization, as illustrated in Figure 2.15. Sampling converts the continuous-time
signal x(7) into a discrete-time sequence by measuring its amplitude at regularly spaced
time instants. If the sampling period is Ty, then the sampling frequency is f; = 1/T.
According to the Nyquist-Shannon sampling theorem [139], a band-limited signal with
maximum frequency fp can be sampled without loss of information if the sampling
rate satisfies f; > 2 fp, that is, the sampling rate must be bigger than double the highest
frequency present in the signal [171,226]. Frequencies above f;/2 cannot be represented
correctly after sampling and may appear as lower-frequency components, a phenomenon
known as aliasing [110,226]. For this reason, audio acquisition and resampling pipelines
usually include low-pass filtering before sampling or downsampling [226].

Quantization converts the continuous amplitude values of the sampled signal into
a finite set of numerical levels. The bit depth determines the number of available amplitude
levels. For example, 16-bit audio represents each sample using 2'° possible values. This
step makes digital storage and computation possible, but it also introduces quantization
error, as can be seen in Figure 2.15 (d), which surfaces as a form of noise when compared



2.8 Acoustic Pre-Processing

71

Continuous Time Signal

Sampling Phase

1.0 1.0
A 1
o 0.57 v 05 /\-\/- \ /\
o o [ ] L )
2 2 s / ./\
= 001 = 0.09 s, !
g g .’\ . \. o
-0.5 —0.51 ;/g o
| Ty
-1.01 . : : : ., -104 —_— : ; .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Time Time
(@) (b)
Quantization Phase
Continuous signal o Sampled values —— Quantized signal
W L8+ W L8
[ ° [
L7 A L7 { e—o—e o
R AT 8 1T I
2164 . R L6 o J-o
8151 S o S 154 o J o 1
+ i ®. () q - i —
.g L4 ¢ y -g L4 ° o-L J-o ]
= L34 [ o = L34 O-L Lol
C 124 ® T 124 J o
O L1 o O L1 o
0.0 0.2 0.4 06 08 1.0 0.0 0.2 0.4 06 08 1.0
Time Time

(c) (d)

Figure 2.15: lllustration of the sampling and quantization phases
for converting an analog signal into a digital signal.
Panel (a) shows the original continuous-time signal,
while panel (b) shows the sampling phase, in which
the signal is measured at discrete time intervals de-
fined by the sampling period T. Panel (c) shows the
sampled values across the available 3-bit quantiza-
tion levels, corresponding to 2> = 8 possible levels.
Panel (d) shows the resulting quantized signal, where
each sampled value is mapped to the nearest discrete
quantization level.

to the original continuous signal [153,226]. Together, sampling rate and bit depth define
important properties of the digital waveform, including its temporal resolution, frequency
range, dynamic range, and storage size.

A digital audio signal is commonly represented as a waveform, which describes
the variation of signal amplitude over time and is therefore a time-domain representa-
tion [110]. This representation preserves the temporal evolution of the signal and is useful
for observing duration, silence, transients, periodicity, and amplitude variations [59, 172].
However, many acoustic features are more directly characterized in terms of frequency,
like the perception of pitch, bass, treble, and warmth of a sound [59, 110]. For this reason,
audio processing often also represents signals in the frequency domain, where a signal is
described as a combination of sinusoidal components with different frequencies, ampli-
tudes, and phases. Fourier analysis provides the mathematical basis for this representation.
For a finite discrete-time signal x(n) of length N, the Discrete Fourier Transform (DFT)
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is defined as:

N-1 .
X(k)= Y x(n)e 2™N g =0,1,... ,N~1, (2-31)
n=0

where (k) is the discrete frequency-bin index, corresponding to the normalized angular
frequency (2mtk/N).

The DFT decomposes the signal into frequency bins and indicates how much
energy is present at each frequency component [153]. In practice, the DFT is commonly
computed using the Fast Fourier Transform (FFT), a class of efficient algorithms that
makes spectral analysis computationally practical for long signals [32, 153]. While the
frequency-domain representation is useful for identifying the spectral content of a signal,
it does not directly show when each frequency component occurs. This is a limitation for
audio signals since real-world sounds are usually non-stationary and change over time.

To represent how frequency content evolves, audio is commonly transformed
into a time-frequency representation. One of the most widely used approaches is the
Short-Time Fourier Transform (STFT). The STFT divides the waveform into short, often
overlapping frames, applies a window function to each frame, and computes a Fourier
transform for each windowed segment. This formulation can be written as:

N—1
X(m,k) =Y x(n+ mH )w(n)e /2N (2-32)
n=0
where m is the frame index, k is the frequency-bin index, w(n) is the analysis window,
N i1s the window length, and H is the hop size between consecutive frames.
A spectrogram is a 2D visual representation derived from the STFT, usually

defined from the magnitude or power of the complex STFT coefficients:
S(m,k) = |X (m, k)| (2-33)

In a spectrogram, one axis represents time, another axis represents frequency,
and the value at each time-frequency bin represents the energy or magnitude of the
signal at that location. The parameters used to compute a spectrogram define a trade-off
between time and frequency resolution. A longer analysis window gives better frequency
resolution, since each Fourier transform observes a longer segment of the waveform.
However, it also reduces temporal resolution, since fast events become less precisely
localized in time. A shorter window improves temporal localization but provides coarser
frequency resolution.

A common variant of the spectrogram is the Mel-Spectrogram. The Mel-
Spectrogram applies a bank of triangular filters to the spectrogram’s frequency axis, with

filter spacing based on the Mel scale. The Mel scale is a perceptual frequency scale de-
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signed to approximate how humans perceive pitch differences, with higher resolution at
lower frequencies and lower resolution at higher frequencies [178]. A common conversion

from frequency in Hertz to the mel scale is:

f
1(f) = 25951 1+=—. 2-34
mel(f) 95logy ( 700 (2-34)
Given a spectrogram S(m, k) and a mel filter bank H,(k), the Mel-Spectrogram
can be computed as:
M(m,r) =Y Hy(k)S(m,k), (2-35)
k

where r indexes the Mel bands. In many systems, a logarithm is then applied to obtain a
Log-Mel Spectrogram:
M(m,r) =log(M(m,r) +¢), (2-36)

where € is a small constant used for numerical stability. The logarithmic compression
reduces the dynamic range of the representation and is consistent with the fact that
perceived loudness is not linear with respect to physical amplitude [110].

Mel-spectrograms are widely used in speech, music, and environmental sound
processing because they provide a compact time-frequency representation that organizes
acoustic energy according to a perceptually motivated frequency scale [110,172]. In deep
learning pipelines, log-mel spectrograms are commonly represented as two-dimensional
time-frequency maps and processed similarly to image-like inputs, often with a sin-
gle input channel [68, 83, 103, 150]. Figure 2.16 illustrates three common representa-
tions of the same audio signal: the waveform in the time domain, the spectrogram in
the time-frequency domain, and the mel-spectrogram using a perceptually motivated fre-
quency scale.

In summary, audio pre-processing defines how an audio signal is transformed
from a raw waveform into a representation that computational models can efficiently
use. Pre-processing choices determine which temporal and frequency information is
preserved, compressed, or discarded. Therefore, these steps are part of the representation

design that shapes how audio information is made available for learning.
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Figure 2.16: Examples of common audio representations com-
puted from the same input signal. Panel (a) shows
the oscillogram, or waveform, which represents am-
plitude variation over time. Panel (b) shows the spec-
trogram, which represents the distribution of spectral
energy across time and frequency. Panel (c) shows the
mel-spectrogram, where the frequency axis is mapped
to the mel scale to provide a perceptually motivated
time-frequency representation.



CHAPTER 3

Related Work

This chapter reviews the main research areas that support the contributions of this
dissertation. The proposed frameworks address two complementary directions in multi-
modal representation learning. CACARA focuses on efficient multimodal expansion, in
which a new modality is added to an already-aligned multilingual image-text model at
reduced training cost. PALMA focuses on bimodal audio-language alignment, with em-
phasis on multilingual retrieval, encoder selection, training strategies, and the use of repre-
sentations from multiple encoder layers. Therefore, this chapter first discusses contrastive
ALMs and their recent extensions, then reviews multilingual audio-language learning,
and finally situates the work in relation to broader multimodal models that connect vi-

sion, language, audio, and other modalities.

3.1 Contrastive Audio-Language Pretraining

The Contrastive Language-Audio Pretraining (CLAP) [48] model set a new stan-
dard for learning audio representations from natural language supervision. Inspired by the
success of its vision-language counterparts, CLIP [154] and ALIGN [93], CLAP employs
a dual-encoder architecture that projects audio and its corresponding textual descriptions
into a shared multimodal space. This alignment is achieved through a contrastive learning
objective, that learns the similarity between paired audio-text samples. The CLAP model
was trained with a dataset of approximately 128k audio-text pairs drawn from existing
annotated resources like AudioCaps [99], Clotho [45], FSD50k [57], and MACS [133].
Despite the limited data scale compared to vision-language models, CLAP showed zero-
shot capabilities that achieved state-of-the-art (SOTA) performance on downstream tasks
in diverse domains, such as sound event categorization and audio retrieval, without any
task-specific fine-tuning. Its main contribution was to show that natural language can be
a flexible way to learn general-purpose audio representations.

The initial success of CLAP highlighted the scarcity of large-scale, high-quality
audio-text datasets, which became a bottleneck. Addressing this challenge became a
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central focus of subsequent research, leading to automated pipelines for dataset creation
and augmentation.

Subsequent work expanded the CLAP paradigm by increasing training data, im-
proving encoders, and refining the training objective. LAION-CLAP [201] introduced
LAION-Audio-630K, a large-scale collection of audio-text pairs, and investigated dif-
ferent audio and text encoders for contrastive pretraining. It also proposed keyword-
to-caption augmentation, in which short tags from datasets such as AudioSet [62] are
converted into full-sentence descriptions using a language model, addressing one of the
main limitations of audio-text datasets, as many contain only labels or tags rather than
natural-language captions. LAION-CLAP also uses feature fusion to handle variable-
length audio inputs better, making the model more suitable for retrieval and zero-shot
audio classification.

A later extension, MS-CLAP V2 [50], increased the training scale to millions
of audio-text pairs and modified both sides of the architecture. Instead of using an
audio encoder trained only for sound event classification, it adopted an encoder trained
across multiple audio tasks. On the language side, it used an autoregressive decoder-only
model instead of the more common encoder-only language models. This work shows
that both data scale and encoder design strongly influence the quality of audio-language
representations. Additionally, the authors report that scaling the number of audio-text
pairs does not uniformly improve all tasks, since the diversity, domain distribution, and
quality of captions affect downstream generalization.

3.2 Data Scaling and Automatic Annotation

A recurring limitation in audio-language learning is the scarcity of high-quality
paired audio-text data. While image-text learning benefits from very large web-scale
datasets, audio-language datasets are smaller and harder to curate, given the high cost
of annotation and the lack of audio-text pairs available on the web [204,221,222]. Audio
clips often come with weak labels, tags, titles, or noisy metadata instead of descriptions
that accurately refer to the acoustic content. For this reason, several works have focused
on automatic caption generation and data cleaning.

BLAT [204] addresses this problem by generating captions directly from audio.
The method uses AudioSet tags to guide an audio captioning model, producing synthetic
audio-text pairs for pretraining. They did not use visual cues present in AudioSet videos
because visual pivots can introduce modality mismatch where an image or video frame
may contain objects that are not audible, while relevant sounds may not be visible. By
generating captions from audio under tag guidance, BLAT reduces dependence on visual

cues and produces data more directly aligned with the audio modality.
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WavCaps [127] proposes another strategy based on LLMs. It collects weakly
labeled audio clips and raw descriptions from web sources, then applies a three-stage
pipeline to filter noisy text and transform unstructured descriptions into cleaner captions,
producing around 400k audio-caption pairs.

Auto-ACD [183] extends automated data construction by combining multiple
pretrained models. Its pipeline extracts information using audio tagging, image caption-
ing, and object detection models, then uses an LLM to aggregate it into audio descriptions.
This produces a dataset with around 1.5 million audio-caption pairs. While the inclusion
of visual information can provide environmental context, it can also introduce a mismatch
between visible and audible content.

AudioSetCaps [11] further advances automated caption generation by integrating
ALMs, LLM-based caption generation, and CLAP-based refinement. The use of prompt
chaining allows the pipeline to extract more detailed audio information before generat-
ing captions, while the refinement stage is designed to reduce hallucinated or weakly

grounded descriptions, scaling audio-caption data to millions of pairs.

3.3 Model Design and Multi-Objective Learning

Beyond data scaling, recent work has investigated how architecture and training
strategies affect audio-language representations. Early CLAP-style models commonly
used CNN-based or Transformer-based audio encoders and encoder-only text models.
Later works show that these choices can significantly affect zero-shot classification,
retrieval, and transfer learning performance.

FLAP [212] focuses on efficient language-audio pretraining by combining con-
trastive learning, masking, and reconstruction. Instead of processing all spectrogram to-
kens, FLAP randomly drops audio tokens during training, reducing computation while
still aligning the remaining audio representation with text. It also reconstructs masked
audio tokens, adding an auxiliary objective that encourages the model to preserve infor-
mation about the acoustic input. This design connects contrastive audio-language learning
with masked autoencoding [79], showing that audio-language representations can benefit
from both cross-modal and self-supervised objectives.

Cacophony [225] also combines contrastive alignment with self-supervised pre-
training. It first trains the audio encoder on audio-only data using a masked autoencoder
objective, then uses this encoder for contrastive audio-text training with an auxiliary cap-
tioning objective. This two-stage design addresses the limited scale of clean audio-text
datasets by exploiting larger audio-only corpora before alignment with language. The use
of an auxiliary captioning objective also provides a stronger training signal than global

contrastive alignment alone.
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M2D-CLAP [138] combines Masked Modeling Duo with CLAP to learn repre-
sentations that are useful for both zero-shot inference and transfer learning. Language-
aligned representations are useful for open-vocabulary tasks, but not all audio problems
can be naturally expressed as text classification. Regression tasks, domain-specific audio
analysis, and some low-level acoustic tasks may still benefit from conventional audio rep-
resentations. M2D-CLAP therefore explores a representation that can serve both as an
audio-language, and as a general-purpose audio representation.

The vision-language literature also provides relevant training strategies. Locked-
image Tuning (LiT) [217] showed that a strong pretrained image encoder can be frozen
while the text side is trained to align with it. This reduces training cost and separates
representation learning from cross-modal alignment. SigLIP [216] proposed a sigmoid
loss as an alternative to the standard softmax contrastive objective, reducing the de-
pendence on global batch normalization and simplifying large-scale distributed training.
Although these methods were developed in the image-text domain, they are relevant to
audio-language learning because they address two central issues also present in ALMs:
how to reuse pretrained encoders efficiently and how to train contrastive models under

computational constraints.

3.4 Compositional Alignment

Although CLAP-style models are effective for retrieval and zero-shot classifi-
cation, standard contrastive learning usually operates on global audio and text embed-
dings. This can limit the model’s ability to capture fine-grained relations between sound
events, temporal order, attributes, and spatial information, representing concepts like bag-
of-words [102]. Several recent works address these limitations by modifying the data, the
loss function, or the representation structure.

COMPA [64] studies compositional reasoning in ALMs. It introduces bench-
marks to evaluate whether models can distinguish audio-caption pairs that contain the
same events but differ in event order or in attribute binding. The work shows that existing
ALMs may perform close to chance in these settings, suggesting that global contrastive
alignment can encourage a bag-of-events representation rather than a representation that
captures relations among events. COMPA-CLAP addresses this with composition-aware
hard negatives and a modular contrastive loss.

T-CLAP [214] focuses specifically on temporal information. It uses LLMs
and audio mixing strategies to generate temporal-contrastive captions, then applies a
temporal-focused contrastive loss to improve sensitivity to event order. This addresses
a common limitation of CLAP-style models, in which captions such as “a dog barking

followed by a person speaking” and “a person speaking followed by a dog barking” may
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contain the same words but describe different acoustic sequences. T-CLAP shows that
temporal structure requires explicit attention in both training data and objective design.

MGA-CLAP [112] addresses the mismatch between coarse global embeddings
and local audio-text correspondences. It introduces a multi-grained alignment strategy
that uses a shared codebook to connect local audio frames and textual units. The model
also uses locality-aware processing and hard-negative guidance to improve alignment at
different levels of granularity.

Spatial-CLAP [169] expands the scope of audio-language alignment to spatial
audio. Standard CLAP models are usually designed for monaural or single-source condi-
tions, which limits their ability to encode where events occur. Spatial-CLAP introduces
a content-aware spatial encoder and spatial contrastive learning to connect sound content
to spatial location, especially in multi-source settings, demonstrating that audio-language
representations can be extended beyond event semantics to include spatial properties of

the acoustic scene.

3.5 Multilingual Contrastive Audio-Language Models

Most ALMs are trained and evaluated primarily in English. This limits their
applicability in multilingual settings, especially for retrieval systems where users may
search for audio using different languages.

ML-CLAP [207] is one of the first works to explicitly address multilingual
audio-text retrieval. It uses automatic translation to extend English captions into seven
additional languages and adopts SONAR [47] as a multilingual text encoder. The work
also introduces language enhancement and consistent ensemble distillation to improve
multilingual and variable-length retrieval. A key result is that a relatively small amount
of translated multilingual data can improve retrieval performance, including in English,
suggesting that multilingual supervision achieved through translation can enrich the
semantic structure of the shared embedding space.

GLAP [40] expands this direction by targeting multilingual and multi-domain
audio-language representation learning. While many CLAP models focus mainly on en-
vironmental sounds, GLAP also considers speech-related content and evaluates multilin-
gual capabilities across tasks such as keyword spotting. GLAP highlights the need for
ALMs that are not only multilingual in the text encoder but also more general across
audio domains.
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3.6 Beyond Two Modalities

The second group of related works concerns models that connect more than two
modalities.

ImageBind [65] extends CLIP by creating a unified embedding space for six
modalities: images, text, audio, depth, thermal, and IMU data. Using images as an anchor,
it aligns other modalities via natural pairings, removing the need for exhaustive cross-
modal supervision and presenting the concept of emergent alignment. While ImageBind’s
image-anchored alignment strategy is effective, it also introduces limitations, as some
modalities may have weaker natural associations with images. As highlighted by [224],
using a shared backbone for all modalities (except text) instead of modality-specific may
underutilize the unique representational capacities of each data type, potentially hindering
performance when adding new modalities.

LanguageBind [224] uses language as the central modality by leveraging a
frozen language encoder. Training efficiency is improved through Low-Rank Adaptation
(LoRA) [88] and contrastive learning. It surpasses ImageBind in classifying infrared,
depth, and audio data. However, although LanguageBind adopts text as the anchor
modality (similar to our approach), it relies on Vision Transformers (ViT) [42] as a shared
backbone across modalities. This design, echoing a key limitation of ImageBind, reduces
flexibility and may limit the use of specialized pre-trained encoders tailored to modality-
specific features.

Other multimodal systems use stronger joint training across modalities.
VALOR [115] studies vision-audio-language pretraining with objectives such as multi-
modal grouping alignment and multimodal grouping captioning. These objectives support
retrieval, captioning, and question-answering tasks by encouraging interaction among vi-
sual, audio, and textual streams. VAST [23] extends this direction by incorporating vision,
audio, subtitles, and text for video understanding. By jointly optimizing several modal-
ities, these models can learn rich cross-modal interactions. However, joint training also
increases computational costs and depends on datasets where multiple modalities are si-
multaneously available.

By incorporating subtitles and auxiliary modalities, Vision-Audio-Subtitle-Text
omni-modality foundation model (VAST) [23] addresses the limitations of earlier models
that neglected these complementary streams, emphasizing the value of diverse inputs for
video understanding. VAST departs from anchor-based methods (e.g., ImageBind and
LanguageBind) by jointly optimizing all modalities (video, audio, text), enabling deeper
cross-modal interaction. While effective, this joint approach increases computational
demands and hinders scalability, especially for low-resource modalities.

Multilingual Multimodal Pre-training (MLMM) [218] tackles the dominance of
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English in models by integrating large-scale multilingual image-text data. It blends pre-
training and generalization strategies, employing four objectives: Image-Text Matching
for coarse alignment, Masked Language Modeling for fine-grained understanding, and
both Masked Region Feature Regression and Classification for vision-language align-
ment. MLMM shows strong cross-lingual transfer. It also explores resource-efficient gen-
eralization via multilingual knowledge distillation and acquisition, achieving state-of-the-
art results.

Connecting Multi-modal Contrastive Representations (C-MCR) [197] aligns
modalities via overlapping anchors using inter- and intra-MCR. However, adding new
modalities requires multiple fully trained bimodal models, new encoders, and a full

alignment procedure, increasing complexity and computational cost.

3.7 Positioning CACARA and PALMA in the Literature

The related literature reveals two complementary directions in multimodal repre-
sentation learning. The first direction concerns bimodal audio-language alignment, where
contrastive ALMs have progressed through larger datasets, synthetic captioning pipelines,
stronger encoders, and more specialized objectives for temporal, spatial, compositional,
and fine-grained alignment. As summarized in Table 3.2, most existing works reuse pre-
trained encoders and focus on improving audio-text alignment, but only a small number
explicitly address multilingual support. Moreover, previous approaches have generally not
provided a systematic comparison of different audio and multilingual text encoder com-
binations, nor have they explicitly explored the aggregation of internal representations. In
addition, recent and successful efficiency- and performance-oriented strategies from re-
lated areas, particularly vision-language modeling, remain underexplored in multilingual
audio-text learning. PALMA is positioned within this gap by investigating multilingual
audio-text retrieval, examining synergies between different encoder combinations, ana-
lyzing the impact of efficiency-oriented methods adapted from vision-language models,
and introducing a multi-layer aggregation mechanism to capture complementary informa-
tion from different levels of the audio encoder.

The second direction concerns multimodal expansion, in which models con-
nect more than two modalities through joint pretraining, anchor-based alignment, or
representation-space connections. As shown in Table 3.1, models such as ImageBind,
LanguageBind, VALOR, VAST, MLMM, and C-MCR demonstrate different strategies for
aligning modalities and transferring information across representation spaces. However,
many of these approaches require large-scale multimodal supervision, joint optimization
across multiple modalities, or additional training whenever a new modality is introduced.
CACARA is positioned in this context as an efficient modality-expansion strategy. Instead
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Multilingual Free joint Pretrained Reduced Scalable to
Model support learning  encoders training cost new modalities
CLIP [154] X 4 X X X
CAPIVARA [165] X 4 4 4 X
ImageBind [65] X v X X X
LanguageBind [224] X v X X X
VALOR [115] X X X X X
VAST [23] X X X X X
MLMM [218] 4 X 4 X X
C-MCR [197] X 4 v X X
CACARA 4 4 v v v

Table 3.1: Comparison of CACARA with representative multi-
modal and multilingual models. ‘Multilingual support’
refers to the model’s ability to operate in multiple lan-
guages. ‘Free joint learning’ indicates models that do
not require fully aligned data across three or more
modalities. ‘Pretrained encoders’ denotes reuse of pre-
trained encoders without full retraining. ‘Reduced train-
ing cost’ refers to models designed to reduce resource
usage. ‘Scalable to new modalities’ identifies models
that allow adding new modalities without re-training the
full architecture.

of training a complete tri-modal model from scratch, it adds audio to a frozen multilingual
image-text model and investigates whether the new audio modality can inherit multilin-
gual capabilities from the existing text-aligned representation space.

Together, PALMA and CACARA address different aspects of the same broader
problem. PALMA explores the design of multilingual bimodal audio-language represen-
tations, while CACARA studies how to expand an existing multilingual multimodal space
with a new modality at reduced training cost. Both contributions respond to limitations
identified in the literature and summarized in Tables 3.1 and 3.2. Current multimodal
systems often depend on English-centered data, large-scale supervision, and expensive
training procedures. This dissertation contributes to a more efficient and linguistically in-
clusive approach to multimodal representation learning by reusing pretrained encoders,

reducing alignment costs, and supporting cross-lingual generalization.
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Work

Reduced
training cost

Pretrained

Multilingual
encoders

support

Encoder
comparison

Multi-layer
aggregation

CLAP (MS-CLAP) [48]
LAION-CLAP [201]
BLAT [204]

FLAP [212]
MS-CLAP V2 [50]
COMPA [64]
WavCaps [127]
ML-CLAP [207]
M2D-CLAP [138]
Auto-ACD [183]
Cacophony [225]
MGA-CLAP [112]
T-CLAP [214]
AudioSetCaps [11]
GLAP [40]

SLAP [126]
Spatial-CLAP [169]
PALMA
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Table 3.2:

Comparison of PALMA with other contrastive-based
ALMs. ‘Multilingual support’ indicates whether the
work explicitly supports audio-language retrieval or
representation learning beyond English. ‘Encoder com-
parison’ indicates whether the work systematically eval-
uates different audio and/or text encoders. ‘Pretrained
encoders’ denotes the use of pretrained unimodal or
multimodal encoders. ‘Reduced training cost’ refers to
strategies that avoid fully training all components or re-
duce the computational cost of alignment. ‘Multi-layer
aggregation’ indicates whether the method explicitly
combines representations from multiple encoder layers.



CHAPTER 4

Methodology

This chapter presents the methodology used to develop and evaluate the pro-
posed frameworks. As discussed in the previous chapters, this dissertation investigates
two complementary directions in multimodal representation learning: the systematic de-
sign of multilingual audio-language models and the efficient expansion of multilingual
multimodal spaces.

The first direction is addressed through PALMA, a framework focused on mul-
tilingual audio-language alignment. It investigates how different audio and text encoders,
training strategies, and multilingual supervision mechanisms affect the construction of
a shared audio-text embedding space. In addition, PALMA introduces the Mixture-of-
Layers (MoL) mechanism, which aggregates representations from multiple layers of the
audio encoder rather than relying solely on its final-layer output. This design allows the
model to exploit complementary information encoded at different levels of abstraction,
improving the representation used for cross-modal retrieval and zero-shot transfer.

The second direction is addressed through CACARA, a framework designed to
expand a frozen multilingual image-text model with audio. Rather than training an audio-
language model in isolation, CACARA aligns audio with a previously trained multilingual
multimodal space. This alignment is performed using English audio-text data, while the
underlying text encoder already contains multilingual capabilities. As a result, CACARA
studies whether audio can be integrated into an existing multilingual image-text repre-
sentation space in a cost-efficient way, enabling multilingual audio retrieval and broader
cross-modal interaction without requiring full retraining of the original model.

Therefore, PALMA and CACARA are not treated as independent solutions to
unrelated problems. PALMA studies the internal design of multilingual audio-language
alignment, while CACARA studies how audio-language alignment can be used to expand
an existing multilingual multimodal representation space. They provide two perspectives
on the same broader objective: building audio-centered multimodal representations that
reduce training cost, reuse pretrained encoders, and support cross-lingual generalization.

The remainder of this chapter describes the methodological foundations, archi-

tectural choices, training procedures, and evaluation protocols used in both frameworks.
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4.1 CACARA

In this section, we present the details for the model CACARA (/ka.ka.ra/),
a name derived from the Tupi word for “to get close”, which reflects the model’s
ability to bring different modalities and languages together. CACARA is a multimodal
and multilingual architecture trained through emergent alignment learning, enabling
the seamless integration of new modalities into an existing bimodal/multimodal model
without requiring full retraining. Likewise, our approach extends the model’s linguistic
capabilities while preserving previously learned knowledge. Multimodal and multilingual
properties emerge through alignment learning, leveraging prior training to enhance and

synchronize multiple modalities and languages.

4.1.1 Introduction

Early breakthroughs in computer vision, driven by convolutional neural net-
works [104], were followed by advances in natural language processing, culminating in
Transformer networks [192]. Beyond images and text, deep learning has achieved state-
of-the-art performance in audio [190], sensor data [194], and tabular data [5], excelling in
classification, retrieval, and generation tasks.

Real-world applications, however, often involve complex interactions between
multiple data types. For instance, video understanding encompasses the joint processing
of visual and auditory information [66]. These models integrate complementary infor-
mation from different modalities, as exemplified by Contrastive Language-Image Pre-
training (CLIP), which learns a joint representation space for images and text, enabling
cross-modal retrieval and zero-shot classification. The benefits of multimodal learning
extend beyond simple fusion, uncovering latent relationships and contextual cues that are
not apparent in individual modalities [12]. However, training such models is challeng-
ing due to the need for synchronized data and the high cost of annotated datasets. One
promising approach is implicit learning, in which the model learns cross-modal relation-
ships without strict temporal alignment by leveraging inherent correlations and statistical
dependencies between modalities [2].

Multilingualism adds another layer of complexity. Supporting multiple lan-
guages not only expands accessibility but also enriches models with diverse linguis-
tic structures [31]. Yet, low-resource languages remain underrepresented due to data
scarcity and limited computational resources [94]. Current research disproportionately
favors high-resource languages such as English, neglecting the needs of underrepresented
linguistic communities.

The intersection of multimodality and multilingualism presents both opportuni-

ties and challenges. A key concern is the computational cost of training and deploying
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large-scale models, restricting access to well-resourced institutions [179, 180]. Therefore,
there is a pressing need for innovative training methodologies and model architectures
that can effectively leverage multimodal and multilingual data while minimizing compu-
tational overhead.

CACARA introduces a multimodal and multilingual model that addresses these
challenges through two key strategies: emergent alignment learning and a modified
Locked-image Text Tuning (LiT) [217] protocol. These strategies reduce training costs
while preserving high performance.

We propose a new modality integration strategy that avoids retraining all en-
coders. Specifically, we fine-tune the audio encoder using English data while keeping the
text encoder frozen to leverage its cross-lingual representations. This approach enables
multilingual audio-text alignment without the computational cost of multilingual audio
pre-training. To our knowledge, no prior work has explored this alignment-based strategy.

The core contribution of CACARA is to demonstrate that aligning an audio
encoder with a frozen multilingual text encoder can produce two forms of emergent
alignment. First, it enables multimodal alignment between audio and images, even though
these modalities are never explicitly paired during training. Second, it enables emergent
multilingual capabilities, since the newly aligned audio modality can inherit the cross-
lingual structure already present in the pretrained text encoder. By leveraging this frozen
multilingual representation space, CACARA supports audio-text alignment in more than
100 languages without requiring multilingual audio data, multilingual audio-text pairs, or
retraining of the original model. This result provides a scalable and cost-effective strategy
for extending multimodal systems to multilingual settings, and represents a significant
outcome of the proposed alignment procedure. Further details on the training stage and

how emergent alignment is leveraged are illustrated in Figure 4.1.

4.1.2 CACARA Model

The CACARA model integrates multimodal and multilingual learning through
three encoders: image, text, and audio (Figure 4.1). The image encoder is based on a
Vision Transformer (ViT) [42], while the text encoder utilizes XLLM-RoBERTa (base
version) [31]. The audio encoder, built upon BEATs [22], is incorporated via emergent
alignment learning. The image and text encoders are initialized with pre-trained Open-
CLIP [91] encoders. We keep the image and text models frozen to preserve the high-
quality image-text alignment from OpenCLIP pre-training, optimizing only the audio en-
coder’s alignment within the shared feature space of the text representations, as illustrated
in Figure 4.1.

Training follows the contrastive learning formulation introduced in Section 2.3.3,
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Figure 4.1: Flow of adding a new modality (Audio) to the text-
image bimodal model. Linguistic expansion and align-
ment of these languages for the new modality. Dur-
ing audio model training, alignment is performed only
with the anchor encoder (textual), and at this stage, the
model does not process any image information. In ad-
dition to the 12 languages highlighted for translation
and evaluation, the model supports 88 additional lan-
guages.

using the InfoNCE loss [189], as in CLIP [154] and CLAP [49]. Given a mini-batch
of N paired samples {(al-,t,-)}ﬁ.\': 1» Where a; denotes an audio sample and 7; denotes its
corresponding textual description, the audio encoder f,(-) and the text encoder f;(-)
produce embeddings that are projected into a shared representation space. The pair (a;,1;)
is treated as a positive pair, while all other combinations (a;,;) with j # i are treated as
negatives within the same batch.

Let z¢ and z; be the normalized audio and text embeddings for the i-th pair. The

similarity between an audio embedding and a text embedding is computed as:

sim(z¢,z
Sij—¥7 (4-1)

where sim(-,-) denotes cosine similarity and T is a temperature parameter. The

audio-to-text contrastive loss is defined as:

N
exp (sii)
VRS -~ (4-2)
fo ; j 1exp(sij)

Similarly, the text-to-audio loss is computed by reversing the retrieval direction:

N

1 exp(si,-)
Lisa=—~ Y log ————"—. (4-3)
‘ NE{ ]]v 1 exp(s;i)
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The final training objective is the symmetric contrastive loss:

Lcontrastive -

(La—n + Lt—m) . (4_4)

| =

This objective encourages each audio embedding to be close to its paired text
embedding and distant from the other text embeddings in the same mini-batch. At the
same time, it encourages each text embedding to retrieve its corresponding audio sample.
Therefore, the same shared space can be used for both audio-to-text and text-to-audio
retrieval.

Beyond that, a key aspect of CACARA’s training procedure is that, unlike LiT
(Locked Image Text Tuning), which adapts a text encoder for downstream tasks while
keeping only the image encoder fixed, CACARA maintains the two pre-trained encoders

image-text fixed and aligns the new audio encoder to this existing shared latent space.

4.1.3 Multimodal and Multilingual Emergent Alignment

CACARA training leverages the emergent learning capacity of pre-trained mod-
els. Since the image and text encoders are pre-aligned in a shared feature space due to
their pre-training, training the newly incorporated audio model against the text encoder
implicitly aligns it with the shared space of all three. This emergent alignment enables the
new audio model to describe untrained image modality features without training.

The text modality is the primary anchor for emergent learning within this
architecture. As depicted in Figure 4.1, solid lines indicate direct training pairings (audio-
text data presented to the model), while dotted lines indicate emergent learning, the
emergent relationship between audio and image.

Due to the text encoder’s role as an anchor and the freezing of pre-trained text
and image encoders, it remains fixed, synchronizing text with additional modalities. This
eliminates the need for explicit multilingual training, as XLM-RoBERTa’s inherent multi-
lingual capabilities extend to additional modalities through emergent alignment. Integrat-
ing a new modality synchronizes it with the multilingual features of the textual model.

This strategy enables non-multilingual configurations to inherit linguistic capa-
bilities from the text encoder. As illustrated in Figure 4.1, multiple languages align with
other modalities via this emergent synchronization, significantly reducing training costs
and time. Unlike conventional approaches that train models on each language separately,
CACARA trains only in English, leveraging English’s greater data availability and model
quality. This contrasts with existing literature, which often incurs multiplicative compu-
tational costs by training on multilingual datasets individually [23, 115].

Although CACARA’s text encoder supports 100 languages, we selected 12 lan-

guages for evaluation: English, Portuguese, Spanish, French, German, Chinese, Japanese,
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Figure 4.2: The CACARA model’s training and optimization steps
are divided into four main stages: consolidation of
the newly added encoder, hyperparameter tuning,
data augmentation, and consolidation of the training
datasets.

Russian, Turkish, Hindi, Arabic, and Swahili. Despite an extensive search, we did not
identify any publicly available multilingual, human-annotated datasets for bimodal audio-
text tasks, nor any multilingual datasets containing more than two modalities, includ-
ing audio. Consequently, we adopted an evaluation methodology based on automatically
translated data. Specifically, in the absence of multilingual test sets, we translated the

original English test data into the target languages using Google Translate!.

4.1.4 Optimization Pipeline

The final CACARA model was developed via a four-stage optimization pipeline
(Figure 4.2). The first stage (Audio Encoder Consolidation) involved a comparative
evaluation of different audio encoders to select the optimal one for the target tasks.
We selected four encoders: BEATSs [22], HTS-AT [21], and AudioMAE [89]. These
models were chosen based on their SOTA performance in sound event detection and audio
tagging, and their relatively recent introduction to the field, as established in the literature.

The second stage (Hyperparameter Tuning) focused on identifying optimal hy-
perparameters. The learning rate parameter was investigated and found to influence train-
ing and model performance substantially. We conducted a systematic search to determine
values that ensured a fair comparison across all encoders.

The third stage (Data Augmentation) incorporated data augmentation to improve

model robustness. We used two techniques: SpecAugment [142], which masks blocks of

Ihttps://translate.google.com
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frequency and time channels, and Random Truncation [48], which divides training data
into smaller segments.

The fourth stage (Dataset Consolidation) involved a deliberate selection of
datasets, focusing on quantity, diversity, multimodal decoupling, and label quality, to
evaluate combinations and identify the subset that yields optimal performance. We chose
five datasets: AudioCaps [98], ClothoV2 [45], WavCaps [127], Auto-ACD [183], and
AudioSetCaps [10].

4.2 PALMA

In this section, we present PALMA (Pre-trained Audio-Language Multilingual
Alignment via Mixture-of-Layers), a bimodal audio-language framework designed for
multilingual audio-text representation learning. PALMA (/'paw.me/), Portuguese for
“clapping”, reflects the model’s connection to audio-language alignment and its continuity
with CLAP-style [49] contrastive learning. While CACARA investigates how audio can
be integrated into an existing multilingual multimodal space, PALMA focuses on the
internal design of the audio-language alignment process itself. The framework studies
how encoder selection, multilingual supervision, efficient training strategies, and multi-

layer representation aggregation affect the quality of audio-text alignment.

4.2.1 Introduction

Audio-language representation learning has become a central direction in multi-
modal learning due to its ability to connect acoustic signals with natural language descrip-
tions [182]. Contrastive Audio-Language Models, such as CLAP [49], learn a shared em-
bedding space where audio clips and their corresponding textual descriptions are mapped
close to one another. This formulation supports tasks such as audio-text retrieval and zero-
shot audio classification, since audio and text can be compared directly in the learned
representation space [49, 50].

Despite this progress, several limitations remain. Most audio-language models
are trained and evaluated primarily in English, which restricts their use in multilingual
retrieval scenarios [40, 207]. In addition, existing works often rely on a single config-
uration of audio and text encoders, making it difficult to understand how different pre-
trained components affect alignment quality [202]. Another common limitation is using
only the final layer of the audio encoder as the basis for the audio representation. Since in-
termediate layers may encode complementary acoustic, temporal, and semantic informa-
tion [51,114,145,146,188], relying only on the final layer may discard useful information
for cross-modal retrieval.



4.2 PALMA 91

PALMA is proposed to address these limitations by systematically investigat-
ing the design of multilingual audio-language models. The framework evaluates different
combinations of audio and multilingual text encoders, studies training strategies inspired
by vision-language models, and explicitly incorporates multilingual supervision. In addi-
tion, PALMA introduces the MoL mechanism, a learnable aggregation strategy that com-
bines representations from multiple layers of the audio encoder. This mechanism aims
to create a richer audio representation by integrating information from different levels
of abstraction.

The development of PALMA is also connected to the findings and motiva-
tion behind CACARA. While CACARA shows that a new audio modality can inherit
multilingual capabilities from a frozen multilingual text encoder, PALMA studies the
audio-language alignment process in a more controlled bimodal setting. In this sense,
PALMA provides a systematic analysis of the architectural and training choices that
influence audio-text alignment, while CACARA explores how such alignment can sup-
port the expansion of multilingual multimodal spaces. Both frameworks contribute to the
broader goal of building efficient, transferable, and linguistically inclusive multimodal
representations.

The remainder of this section describes the architecture of PALMA, the evaluated
encoder configurations, the adopted training strategies, the MoL. mechanism, and the

evaluation protocol for measuring multilingual audio-text performance.

4.2.2 Experimental Framework and Model Design

PALMA employs a systematic multi-phase (Figure 4.3) experimental design to
identify the most effective combination of audio encoders, text encoders, and training
strategies for cross-modal learning. This approach ensures that each component is opti-
mized individually before integration into the complete multimodal framework, thereby
maximizing the overall system performance.

The initial phase (Audio Encoder Consolidation) focuses on identifying the op-
timal audio encoder architecture by comprehensively evaluating SOTA audio represen-
tation models. Three prominent audio encoders were evaluated: Bidirectional Encoder
Representations from Audio Transformers (BEATSs) [22], Hierarchical Token-Semantic
Audio Transformer (HTS-AT) [21], and Consistent Ensemble Distillation for Audio Tag-
ging (CED) [39]. Each encoder was evaluated across different learning rate schedules
{1x107%, 1x107>, and 1 x 10~*} and weight decay regularization {1 x 107°, 1 x 1074,
and 1 x 1072} in second and next phase (Hyperparameter Tuning). The most performant
and stable audio encoder identified in this phase serves as the backbone for subsequent

experiments.
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Figure 4.3: Overview of the PALMA optimization pipeline. The de-
velopment process is divided into eight main stages:
audio encoder consolidation, hyperparameter tuning,
text encoder consolidation, efficiency method explo-
ration, layer aggregation, dataset consolidation, batch
size consolidation, and multilingual supervision.

The next phase of the methodology (Text Encoder Consolidation) investigates
the impact of the different text encoders on the overall performance of the bimodal model.
This involves a comparative study of different multilingual text encoders, including XLM-
RoBERTa — Base [31], XLM-RoBERTa — Base from OpenCLIPz, ES5 Multilingual [195]
Base, LaBSE [56] and mGTE [219] models, to assess their effectiveness in creating a
shared semantic space with the audio modality. This phase aims to quantify the trade-offs
between model size, computational cost, and performance in multilingual contexts. The
evaluation is conducted through a series of experiments, measuring the model’s ability to
perform zero-shot cross-lingual for retrieval and classification.

The next phase (Efficiency Methods Exploration) focused on advanced training
strategies, specifically investigating the effectiveness of Locked-image Text (LiT) tuning
and SigLIP (Sigmoid Loss in Language Image Pre-training) loss functions within the
audio-language domain. This phase explored whether techniques proven effective in
vision-language models could be successfully adapted for audio-text alignment.

The next phase (Layer Aggregation) introduces and evaluates a key architectural
innovation proposed within PALMA: the MoL strategy. This method is designed to create
a more comprehensive and nuanced audio representation by challenging the conventional
approach of relying solely on the final layer’s output from the encoder. The MoL strategy
is founded on the principle that intermediate layers capture a rich spectrum of information,
from low-level signal characteristics to high-level semantic abstractions. It implements
a learnable, weighted aggregation of feature maps from multiple layers of the audio
encoder. This is achieved via a gating network that dynamically calculates the importance
of each layer’s contribution for a given input. These weighted features are then fused into
a single representation, which is passed through a projection module to align with the

text modality. This phase assesses the impact of the MoL strategy on model performance,

2https://huggingface.co/laion/CLIP—ViT—B—32—xlm—roberta—base—laion5B—sl3B—b90k
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aiming to validate its ability to capture a richer, more context-aware understanding of
audio. It can be easily applied alongside the LiT strategy for more efficient training.

The next phase (Dataset Consolidation) involved a deliberate selection of
datasets, as in CACARA. We chose five datasets: AudioCaps [98], ClothoV2 [45], Wav-
Caps [127], Auto-ACD [183], and AudioSetCaps [10].

The next phase, Batch Size Consolidation, investigated the effect of batch size
on model performance. To this end, each configuration in this phase was evaluated using
a range of batch sizes: {24, 48, 64, 96, 128, 192, 256, 384, 512}.

The final phase, Multilingual Supervision, focused on training PALMA with ex-
panded resources and multilingual translated data. This phase also benchmarked PALMA
against established multilingual baselines, aiming to demonstrate its SOTA capabilities in

multilingual audio-text retrieval and classification.

4.3 Evaluation

Both PALMA and CACARA are evaluated through two main types of tasks:
cross-modal retrieval and zero-shot audio classification. The retrieval experiments assess
whether the model can align audio and text representations in a shared embedding
space, while the zero-shot classification experiments evaluate whether the learned audio
representations can be compared directly with textual class descriptions without task-
specific fine-tuning.

For audio-text retrieval, we use AudioCaps [99] and ClothoV?2 [45], two standard
benchmarks for evaluating audio-language models. In this setting, the model receives
an input from one modality as a query and must retrieve the corresponding item from
another modality. Since CACARA aligns audio, text, and image representations in a
shared embedding space, retrieval performance is measured by comparing embeddings
through cosine similarity.

Let D = {(a;,#;)})\_, be a dataset with N paired audio-text examples, where g; is
an audio sample and #; is its corresponding textual description. The audio encoder maps
a; to an embedding z{, while the text encoder maps #; to an embedding z.. The similarity

between an audio sample g; and a text caption ¢; is computed as:
sij = sim(z] ), 4-5)

where sim(-,-) denotes the cosine similarity.
Two retrieval directions are considered. In audio-to-text retrieval (A—T), the

audio sample is used as the query and the objective is to retrieve its corresponding text

N

caption. For each audio query a;, all candidate captions {z;} = are ranked according to
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their similarity scores s;;. The rank of the correct caption is denoted by rank,_; (7). In text-
to-audio retrieval (T—A), the textual description is used as the query and the objective is
to retrieve the corresponding audio sample. In this case, all candidate audio samples are
ranked for each text query #;, and the rank of the correct audio is denoted by rank; (7).
The main metric used for retrieval evaluation is Recall at K (R@K), as is
conventional in the multimodal retrieval literature. For audio-to-text retrieval, R@K is

defined as:
1

N
14

M=

R@K,_, = 1 [ranka_ (i) < K], (4-6)

1

where 1[] is the indicator function, which returns 1 when the condition is true and 0
otherwise. Therefore, R@K measures the percentage of queries for which the correct
target appears among the top K retrieved candidates.

Similarly, for text-to-audio retrieval, R@K is defined as:

1 Y .
R@K,_,, = N Y 1[rank, (i) < K]. 4-7)
i=1

We report R@1, R@5, and R@10. R@1 measures how often the correct item is ranked
first. R@5 measures how often the correct item appears among the five most similar
candidates, while R@10 measures how often it appears among the ten most similar
candidates. To summarize performance across different retrieval strictness levels, we also

report the average recall:

R@1+R@5+R@10

R@Avg = 3

(4-8)

The same definition is applied separately to each retrieval direction, producing
R@Avg, ., for audio-to-text retrieval and R@Avg, . . for text-to-audio retrieval.

For zero-shot audio classification, we evaluate CACARA on ESC-50 [151] and
UrbanSound8K [164]. These datasets are used to assess whether the learned audio-text
space can support classification without training a task-specific classifier. ESC-50 is
organized into 5 folds, which are used for 5-fold cross-validation, while UrbanSound8K
is organized into 10 predefined folds, which are used for 10-fold cross-validation. In each
case, performance is reported by evaluating the model across the corresponding folds
and averaging the results. In this protocol, each class label is converted into a textual
prompt and encoded by the text encoder. Given an audio sample, its audio embedding is
compared with all textual class embeddings, and the predicted class is the one with the

highest similarity score:

$; = arg max sim (z,2.) (4-9)
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where (C is the set of candidate classes and Z.. is the text embedding associated with the
prompt of class c.
Classification performance is measured with accuracy. Given a set of N examples

with ground-truth labels y; and predicted labels y;, accuracy is defined as:

1 N
Accuracy = N Y 105 =yi. (4-10)
i=1

Accuracy measures the proportion of examples for which the predicted class
matches the ground-truth class. In retrieval tasks with a single correct target for each
query, R@1 can be interpreted as a top-1 retrieval accuracy, since it measures whether the
correct item is retrieved in the first position.

The use of both ESC-50 and UrbanSound8K also allows a cross-dataset analysis
of zero-shot behavior. ESC-50 contains a broad set of environmental sound categories,
while UrbanSound8K focuses on urban acoustic events.

In the multilingual evaluation, the same retrieval and classification protocols are
applied after translating the textual side into different languages. For retrieval, the captions
from AudioCaps and ClothoV2 are translated into the 11 target languages mentioned
previously, beyond English (Portuguese, Spanish, French, German, Chinese, Japanese,
Russian, Turkish, Hindi, Arabic, and Swahili). For zero-shot classification, the class
prompts from ESC-50 and UrbanSound8K are translated and encoded by the frozen
multilingual text encoder. This evaluation setup allows us to assess whether the audio
modality inherits multilingual alignment through the text representation space learned by
the frozen multilingual encoder. More details about the resources used in evaluation as
well as in training can be seen in Appendix A and more details on the evaluation protocol
in Appendix B.



CHAPTER 5

Results

This chapter presents and discusses the experimental results obtained for the
two frameworks proposed in this dissertation: CACARA and PALMA. The results are
organized according to the main objectives of each model. First, we analyze CACARA in
terms of its ability to support emergent multimodal and multilingual alignment, evaluating
whether an audio encoder trained only on English audio-text pairs can operate in a broader
multilingual, cross-modal retrieval setting. Then, we evaluate PALMA as a bimodal
multilingual audio-language model, focusing on the impact of encoder selection, training

strategies, and the proposed MoL mechanism.

5.1 Results at a Glance: A TL;DR Overview

Before presenting the detailed experimental results and discussions of CACARA
and PALMA, this section offers a concise, high-level synthesis of the principal findings
of this dissertation. In the spirit of a “TL;DR” (Too Long; Didn’t Read) overview, it
is intended to provide the reader with an interpretive map of the results, highlighting
the main conclusions before the individual experiments, ablations, and comparisons are
examined in detail. This overview also clarifies how the different experimental stages
contribute to the broader investigation of efficient multilingual and multimodal audio-
text representation learning. CACARA and PALMA address complementary dimensions
of this problem: CACARA investigates whether audio as a modality can be efficiently
incorporated into an existing frozen multilingual vision-language representation space,
whereas PALMA examines how the internal design and optimization of bimodal audio-

language models influence their performance, efficiency, and multilingual generalization.

Emergent alignment enables efficient multimodal and multilingual expansion. The
CACARA results demonstrate that a new audio modality can be integrated into a pre-
trained multilingual image-text representation space without jointly retraining the original
image and text encoders. By aligning the audio encoder only with the frozen textual an-

chor, the model establishes direct audio-text alignment while also inheriting relationships
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already encoded in the shared representation space. This procedure enables two forms
of emergent transfer: multilingual audio-text capabilities in languages not explicitly ob-
served during training and emergent audio-image alignment learned without paired audio-
image supervision. These findings show that pretrained multimodal spaces can serve as
foundations for lower-cost modality expansion. However, the strength of the resulting
transfer varies across languages, datasets, tasks, and modality combinations, indicating
that emergent alignment does not reproduce every pre-existing relationship with equal
fidelity.

The geometry of the multilingual text space constrains emergent transfer. The mul-
tilingual evaluation of CACARA reveals that successful cross-lingual transfer depends not
only on whether the textual anchor is multilingual, but also on how individual languages
are organized within its representation space. This behavior motivates the concept of the
Cross-Lingual Gap, which describes the degradation in alignment between English, the
language used during explicit audio-text training, and languages introduced only through
the frozen textual space. The centroid analysis shows that languages represented closer
to English in the text embedding space generally retain stronger audio-text retrieval per-
formance, whereas more distant languages exhibit greater degradation. Although this re-
lationship should not be interpreted as establishing causality, it provides evidence that
the geometry and linguistic coverage of the pretrained text space influence how effec-
tively alignment learned in English transfers to other languages. Emergent multilinguality
is therefore not a binary capability, but a graded phenomenon conditioned also by the

structure of the original multilingual representation space.

Explicit multilingual supervision improves cross-lingual robustness. Although
CACARA demonstrates that multilingual audio-text capabilities can emerge from
English-only alignment, it also shows that relying solely on a pretrained multilingual
text encoder and implicit cross-lingual transfer does not ensure equally robust alignment
across languages after audio-text training. The PALMA results therefore demonstrate that
explicit multilingual supervision using translated captions can substantially improve mul-
tilingual retrieval and zero-shot classification, reducing the performance degradation ob-
served when training is restricted to English captions. Among the investigated multilin-
gual training strategies, balanced and comparatively simpler sampling procedures achieve
strong results without requiring more complex alternatives. These findings indicate that
emergent multilingual transfer and translated supervision are complementary: the for-
mer provides a low-cost mechanism for initial cross-lingual expansion, whereas the latter

strengthens and stabilizes the learned multilingual representation space.
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Audio-encoder selection is fundamental to successful modality integration. The
CACARA encoder-consolidation experiments demonstrate that the choice of the newly
introduced audio backbone directly influences how effectively it can be integrated into
the frozen image-text representation space. The SOTA acoustic encoders evaluated exhibit
distinct performance patterns despite being aligned with the same frozen textual anchor
and trained under comparable conditions. This finding suggests that the existence of a
pretrained multimodal space alone may not be sufficient to ensure successful modality
expansion. Rather, the representational quality of the newly introduced encoder, the
objectives and data used during its pretraining, and the compatibility of its learned
representation structure with the anchor space may all play important roles in determining

the effectiveness of emergent alignment.

Encoder compatibility is more important than isolated encoder strength. The
PALMA experiments extend this conclusion by demonstrating that audio-language per-
formance depends not only on the individual capabilities of the audio and text encoders,
but also on the compatibility between their representation spaces. Encoders that perform
strongly in their original unimodal domains do not necessarily form the strongest audio-
text configuration when combined. Instead, retrieval and zero-shot classification perfor-
mance emerge from the representational synergy between both encoder towers and from
how they respond to the adopted optimization strategy. Taken together, the CACARA and
PALMA results reinforce the need to select encoders according to their behavior within
the intended shared space rather than exclusively according to isolated benchmark perfor-

mance.

The effect of data augmentation depends on the model and training configuration.
Data augmentation yields different outcomes in CACARA and PALMA. In CACARA,
the evaluated augmentation methods individually improve retrieval and zero-shot classi-
fication performance, while their combination produces the most consistent gains across
tasks. These results suggest that perturbing the acoustic input can strengthen the robust-
ness of the audio encoder as it is adapted to a frozen multimodal representation space.
In PALMA, however, the exploratory augmentation analysis does not identify a single
strategy that consistently surpasses the non-augmented baseline across datasets, retrieval
directions, and downstream tasks. Although some augmentation methods provide modest
improvements in specific retrieval settings, the configuration without augmentation re-
mains the strongest for zero-shot classification. These findings indicate that the effective-
ness of data augmentation is not universal in multimodal supervision, but instead may de-
pend on the model architecture, adaptation strategy, existing regularization mechanisms,

and target task.
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Training efficiency involves configuration-dependent trade-offs. The PALMA com-
parison of training strategies shows that no single adaptation procedure is universally
optimal across all tasks and encoder combinations. Full fine-tuning generally provides
greater flexibility for cross-modal adaptation, whereas locked-encoder strategies preserve
pretrained knowledge and reduce the number of trainable parameters. These efficiency
gains may be accompanied by changes in retrieval and zero-shot classification perfor-
mance. Similarly, alternative contrastive objectives provide configuration-dependent ben-
efits rather than consistent improvements across all experimental settings. Learning rate,
weight decay, training-data composition, batch size, and multilingual sampling further
influence the final performance, showing that efficient audio-language model design re-

quires the joint optimization of architectural, training, and data-related decisions.

CACARA substantially reduces the cost of multimodal expansion. The computa-
tional comparison between CACARA and a fully trainable tri-modal baseline confirms
that sequential alignment provides practical efficiency benefits beyond merely reducing
the number of updated encoder towers. By freezing the original image and text encoders
and optimizing only the newly introduced audio branch, CACARA lowers the overall
computational cost of training, energy consumption, and associated carbon emissions.
These results demonstrate that reusing pretrained multimodal representation spaces can
make modality expansion more computationally accessible while preserving competitive
performance in retrieval and zero-shot classification. The resulting efficiency gains are
therefore not limited to theoretical reductions in the number of trainable parameters, but

translate into substantial savings in training time, energy use, and environmental impact.

Additional scaling provides benefits, but does not replace careful optimization. The
expanded-resource CACARA experiments examine whether larger batches, longer train-
ing, and the combined use of all available datasets can further improve the learned rep-
resentation space. Increasing the available resources improves the same model relative
to its lower-resource counterpart and benefits several multilingual classification results.
However, the expanded model does not uniformly surpass the strongest carefully opti-
mized configurations, particularly in retrieval settings. These findings indicate that scal-
ing remains useful, but its effectiveness may depend on the compatibility, quality, and
distribution of the training data relative to the target task. Additional computation can-
not fully compensate for suboptimal data composition or replace model- and task-specific

optimization.

Intermediate encoder layers retain information relevant to audio-language align-

ment. The Mixture-of-Layers (MoL) experiments show that useful information remains
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distributed across the hierarchy of pretrained audio encoders. Although the final layers
remain highly important for semantic alignment, early and intermediate representations
retain complementary information. Aggregating representations from multiple layers can
produce modest improvements over final-layer-only configurations in retrieval and zero-
shot classification, although the magnitude of these gains depends on the encoder, aggre-
gation mechanism, and downstream task. More importantly, the learned layer contribu-
tions provide evidence that audio-language models, and multimodal models in general,
may benefit from representation-aware mechanisms that exploit the internal organization

of pretrained encoders rather than relying exclusively on their final outputs.

General interpretation. Taken together, the results indicate that efficient multilin-
gual multimodal learning can be achieved through the reuse and selective adaptation
of pretrained representation spaces rather than through complete large-scale retraining.
CACARA demonstrates the feasibility of efficient modality expansion through emergent
alignment, but also shows that its success depends on audio-encoder selection, augmen-
tation strategy, the geometry of the frozen multilingual space, and the composition of
the training data. Its computational analysis confirms substantial reductions in training
time, energy use, and environmental impact, while its scaling experiments show that ad-
ditional resources provide task-dependent rather than universal gains. PALMA comple-
ments these findings by showing that robust audio-language learning depends on encoder
synergy, carefully selected training strategies, explicit multilingual supervision, and the
effective use of hierarchical acoustic representations. At the same time, the experiments
establish important boundaries for these conclusions: emergent transfer remains uneven,
translated supervision does not fully replace native multilingual data, augmentation does
not benefit every model equally, efficient adaptation may introduce performance trade-
offs, additional scaling cannot replace careful optimization, and cross-layer aggregation
does not improve every configuration uniformly.

The remainder of this chapter develops these findings in detail. Section 5.2
presents the CACARA experiments, including audio-encoder selection, data augmenta-
tion, emergent multimodal alignment, multilingual transfer, the Cross-Lingual Gap, com-
putational efficiency, scaling behavior, and qualitative analyses. Section 5.3 then presents
the PALMA optimization pipeline, including audio- and text-encoder selection, train-
ing strategies, cross-layer aggregation, exploratory data augmentation, data composition,

batch-size analysis, and explicit multilingual supervision.
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5.2 CACARA

This section presents the empirical results obtained with CACARA. The analysis
evaluates whether the proposed alignment strategy enables the integration of audio into
a frozen multilingual vision-language representation space. In particular, we examine
CACARA’s performance in cross-modal retrieval and multilingual audio-text retrieval
to assess both forms of emergent alignment investigated in this dissertation: multimodal
alignment between audio and image and multilingual transfer from the frozen text encoder

to the newly introduced audio modality.

5.2.1 Experiments and Results

The experimental analysis of CACARA is organized around four main as-
pects: multimodal alignment, multilingual generalization, computational efficiency, and
expanded-resource performance. First, we evaluate the model’s multimodal capabilities,
including the encoder consolidation stage, the effect of data augmentation, and the com-
parison with existing multimodal baselines. These experiments are presented in Sec-
tions 5.2.2, 5.2.3, and 5.2.4. Second, we analyze CACARA’s multilingual behavior in
Section 5.2.5, focusing on how audio-text alignment learned from English data transfers
to other languages through the frozen multilingual text encoder.

The third part of the analysis examines the computational efficiency of
CACARA. In Section 5.2.6, we compare the resources required by the proposed align-
ment strategy with those required to train a fully tri-modal model, highlighting the cost
advantages of reusing frozen pretrained components. Finally, Section 5.2.7 investigates
the behavior of CACARA under expanded-resource conditions. These experiments eval-
uate how the model scales with additional computational capacity, allowing us better to
understand the relationship between resource usage and performance.

For the results presented in this section, we used the following training
datasets: AudioSetCaps (ASC), Auto-ACD (AA), WavCaps (WC), AudioCaps (AC), and
ClothoV2 (C). For the CACARA model, various dataset combinations have been evalu-
ated. More details about these datasets can be seen in Appendix A.2.

We also applied a data-filtering strategy in some experiments inspired by CLIP-
Score [84]. In its original formulation, CLIPScore is a reference-free metric for image
caption evaluation that estimates the compatibility between an image and a candidate
caption using a pretrained CLIP model. Given an image embedding v and a caption
embedding ¢, the score is computed from their cosine similarity as CLIPScore(c,v) =
w-max(cos(c,v),0), where w is a scaling constant. Therefore, CLIPScore measures how
semantically compatible the visual content and the textual description are, without relying

on reference captions, making it well-suited for automated filtering.
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We adapt the same principle to the audio-text domain by using CLAP [49]
instead of CLIP. For each audio-text pair, we compute a CLAP-based compatibility
score between the audio embedding and the corresponding caption embedding. This
score is then used as a filtering criterion to remove low-quality or weakly aligned pairs
from the training data. The goal of this filtering step is to improve dataset quality by
retaining samples whose audio and textual descriptions are more semantically consistent.
Configurations that use this filtering strategy are denoted by f 0.x, where 0.x represents
the minimum CLAP-based compatibility score required for an audio-text pair to be kept
in the training set. The compatibility score is normalized to the range [0, 1], where
lower values indicate weaker semantic alignment between the audio content and its
textual description, and higher values indicate stronger alignment. For example, a filtering
threshold of f = 0.1 removes all audio-text pairs with compatibility scores below 0.1.
Similarly, higher filtering thresholds apply stricter quality control by retaining only pairs

with stronger audio-text correspondence.

5.2.2 Audio Encoder Consolidation and Hyperparameter Tuning

The first stage of the CACARA optimization pipeline focused on selecting the
audio encoder to be integrated into the multilingual multimodal representation space.
Since CACARA introduces an audio encoder into a frozen multilingual image-text model,
the quality of this audio backbone directly influences the resulting level of alignment with
these modalities [50, 202]. Therefore, we evaluated different pretrained audio encoders,
including HTS-AT [21], AudioMAE [89], and BEATSs [22]. Appendix A.3 summarizes
the main characteristics of these encoders in terms of architecture, pretraining strategy,
and approximate number of parameters.

HTS-AT was included due to its favorable trade-off between performance and
computational efficiency, as well as its good performance when transferred to downstream
audio tasks [50,202,215]. AudioMAE and BEATs were included as representative SSL
audio encoders with strong performance in audio classification and general-purpose audio
representation learning [22,89,215].

In addition to comparing encoder architectures, we also performed a learning
rate ablation in order to tune this hyperparameter of each model. This step is important
because the learning rate strongly influences optimization stability, convergence speed,
and final model performance, and inadequate learning rate selection can lead to unfair
or misleading comparisons between architectures [176, 200]. The learning rate set was
defined as: {5 x1074,5x 1077,5 x 10_6}. This range was chosen based on the learning-
rate scales used in the original works on these pretrained audio models and in previous
contrastive ALMs [49, 50,202,204,212].
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Audio to Text | Text to Audio
AudioCaps
Model LR R@l R@5 R@10 R@Avg | R@1 R@5 R@10 R®@Avg

Se-4 26.55 5946 73.52 53.18 515 2011 31.77 19.01

HTS-AT S5e-5 22.61 53.09 68.26 47.99 4.09 16.81 28.08 16.33
S5e-6 11.86 33.99 48.71 31.52 1.96 9.00 15.12 8.69
S5e-4  25.06 57.37 73.21 51.88 535 21.78 34.06 20.40

AudioMAE 5e-5 27.56 61.26 74.69 54.50 6.34 2344 36.20 21.99
5e-6 2045 50.10 65.44 45.33 4.41 18.52  28.77 17.23
Se-4 27772 5971 74.22 53.88 542 2218 33.79 20.46

BEATsS 5e-5 30.57 63.17 77.55 57.10 6.64 25.67 38.43 23.58
S5e-6 27.51 6196 77.05 55.51 5.87 2322 3559 21.56

ClothoV2
Model LR R@l R@5 R@10 R@Avg | R@]l R@5 R@10 R@Avg

S5e-4 11.06 3022 42.68 27.98 1.83 7.65 13.09 7.52

HTS-AT 5e-5 1198 32.30 44.70 29.66 2.00 8.43 14.25 8.22
5e-6  3.71 12.88  20.03 12.21 0.63 2.52 4.54 2.56
S5e-4  7.68 23.05 33.90 21.54 1.42 5.78 9.91 5.70

AudioMAE 5e-5 9.72 2796  39.27 25.65 1.77 7.25 12.19 7.07
S5e-6 543 16.02  24.50 15.32 0.95 3.88 6.65 3.83
S5e-4  7.66 22.13 3245 20.75 1.36 5.73 9.90 5.66

BEATSs S5e-5 15.64 37.57 50.56 34.59 3.23 1292 20.29 12.15
5e-6 7.51 21.83 31.17 20.17 1.34 5.74 9.55 5.54

Table 5.1: Learning rate ablation results for the HTS-AT, Au-
dioMAE, and BEATs audio encoders on Audio-to-Text
and Text-to-Audio retrieval tasks, evaluated on Audio-
Caps and ClothoV2. Bold values indicate the best re-
sult for each model, dataset, modality, and metric across
learning rates. Values in blue indicate the best results
overall for that metric and dataset.

For these experiments, all models were trained for 100k steps on a combined

training set comprising Auto-ACD, WavCaps, AudioCaps, and ClothoV2. Training was
performed on a single RTX 8000 GPU with 48 GB. We used the Adam optimizer [100]
with B; = 0.9 and B, = 0.98, together with a cosine learning rate decay schedule with

500 warmup steps. Weight decay was fixed to 1 x 107%. Additional details about the

hyperparameters used in these experiments, as well as in subsequent experiments, are

presented in Appendix C.

Since the evaluated encoders have different model capacities, we used the largest

batch size that each backbone could support on the same hardware. This choice allows

each model to be evaluated under its strongest feasible hardware-constrained configura-

tion. In particular, smaller encoders such as HTS-AT, with approximately 30M parame-
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ters, have lower representational capacity than larger backbones such as AudioMAE and
BEATSs, which have more than double that capacity. If all models were constrained to the
same batch size, HTS-AT would be penalized by its smaller parameter count and by being
unable to exploit its practical advantage of supporting larger batch sizes. Since contrastive
learning benefits from larger mini-batches by increasing the number of in-batch negative
examples, previous works have shown that batch size can have a direct impact on per-
formance in both audio-language and vision-language contrastive pretraining [48, 216].
Under this setting, HT'S-AT was trained with a batch size of 256, BEAT's with a batch size
of 64, and AudioMAE with a batch size of 96.

The models were evaluated on audio-text retrieval using AudioCaps and
ClothoV?2, considering both retrieval directions: audio-to-text and text-to-audio. The re-
trieval results are presented in Table 5.1, while the classification results are reported sep-
arately in Table 5.2.

Model LR ESC-50 UrbanSound8K

Accuracy (%)
Se-4  88.55 69.41
HTS-AT S5e-5 84.40 63.31
5e-6  55.75 56.62
Se-4  82.30 65.69
AudioMAE 5e-5 85.60 71.32
S5e-6  62.60 62.46
5e-4  84.00 65.45
BEATSs S5e-5 91.40 73.09
S5e-6  86.10 72.16

Table 5.2: Learning rate ablation results for the HTS-AT, Au-
dioMAE, and BEATs audio encoders on the zero-shot
audio classification task, evaluated on ESC-50 and Ur-
banSound8K. Bold values indicate the best mean accu-
racy for each model and dataset across learning rates.
Values in blue indicate the best overall mean accuracy.

The retrieval results indeed show that the learning rate affects performance.
For most configurations, 5 x 10~ provided the best trade-off between performance and
consistency. In particular, BEATs achieved the best overall performance across both
datasets and both retrieval directions at this learning rate. On AudioCaps, BEAT' obtained
the highest R@ Avg for audio-to-text retrieval and text-to-audio retrieval, reaching 57.10
pp and 23.58 pp, respectively. The same pattern was observed on ClothoV2, where BEAT's
achieved 34.59 of R@ Avg for audio-to-text retrieval and 12.15 R@ Avg for text-to-audio
retrieval. In classification BEAT's also shows strong results with 91.40% of mean accuracy
on ESC-50 and 73.09% on UrbanSounds. Interestingly, even with a lower capacity HTS-
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AT was able to have equivalent, and in some cases best results, than the AudioMAE
model, as can be seen on the ClothoV2 and ESC-50 datasets, showing that an efficient
model with good representation can still be competitive with higher capacity models in
this domain.

The results also indicate that learning rates that are too small can limit the
alignment process, as observed with 5 x 107 in several configurations. In contrast, a
larger learning rate such as 5 x 10~ can be effective for some encoders (HTS-AT), but
does not consistently produce the best results across datasets and models.

Although HTS-AT and AudioMAE obtained overall competitive results in some
settings, BEATs showed the most consistent performance across datasets and retrieval
directions. Based on these results, BEATs was selected as the main audio encoder for the
following CACARA experiments.

5.2.3 Data Augmentation

We conducted a comprehensive ablation study to evaluate the effectiveness of
the selected techniques, Random Truncation and SpecAugment, both individually and in
combination. The results for retrieval and classification tasks are presented in Tables 5.3
and 5.4, respectively.

For the retrieval tasks detailed in Table 5.3, the combination of both augmenta-
tion methods proved most effective. On the AudioCaps dataset, the combined SpecAug-
ment + RT strategy yielded the best performance in audio-to-text retrieval, improving the
R@Avg score to 66.28. Interestingly, applying either SpecAugment or RT individually
resulted in a slight performance degradation, highlighting a possible synergistic benefit of
using both together. For text-to-audio retrieval on AudioCaps and for all retrieval tasks on
ClothoV2, every augmentation configuration outperformed the baseline model.

The benefits of data augmentation were even more pronounced for the classifi-
cation tasks, as shown in Table 5.4. On the ESC-50 dataset, combining SpecAugment and
RT resulted in a substantial performance gain, increasing the classification accuracy by
6.75 pp, from 76.15% to 82.90%. A similar trend was observed on the UrbanSounds8K
dataset, where the combined approach improved accuracy by 1.55 pp over the baseline.

Given these consistent and significant improvements, we adopted the combined
SpecAugment + RT strategy for subsequent experiments.

5.2.4 Multimodal Evaluation

We compare CACARA with established bimodal and multimodal models in or-
der to evaluate two complementary aspects of the proposed framework. First, we evalu-

ate audio-language alignment through audio-to-text retrieval, text-to-audio retrieval, and
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Audio to Text ‘ Text to Audio
AudioCaps
Model R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
BEATS + No-Augment 31.09 66.07 79.71 66.07 6.25 2486 38.11 24.86
BEATS + SpecAug 31.05 65.60 79.55 65.60 6.59 25.53 3845 25.53
BEATSs + RT 30.33 65.15 80.09 65.15 6.21 2551 38.13 25.51
BEATSs + SpecAug + RT 32.01 66.28 79.80 66.28 632 2540 39.46 25.40
ClothoV?2
Model R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
BEATS + No-Augment 10.12 2898 41.63 28.98 251 9.68 1590 9.68
BEATS + SpecAug 11.25 30.18 41.93 30.18 2.76 10.32 17.03 10.32
BEATSs + RT 10.41 29.00 41.17 29.00 249 1030 16.59 10.30

BEATSs + SpecAug + RT 11.12 29.89 41.97 2989 | 251 997 15.87 9.97

Table 5.3: Ablation results for the different augmentation strategies
tested in the optimization phase, for the Audio to Text
and Text to Audio retrieval tasks, evaluated on Audio-
Caps and ClothoV2. Bold values indicate the best result
for each dataset, modality, and metric.

Augmentation ESC-50 UrbanSound8K
Accuracy (%)
BEATSs + No-Augment 76.15 62.31
BEATS + SpecAug 79.05 62.76
BEATSs + RT 80.95 60.49
BEATSs + SpecAug + RT  82.90 63.86

Table 5.4: Ablation results for the different augmentation strategies
tested in the optimization phase, for the zero-shot au-
dio classification task, evaluated on ESC-50 and Urban-
SoundS8K. Bold values indicate the best result for each
dataset.

zero-shot audio classification. These experiments measure how well the newly introduced
audio encoder is aligned with the textual representation space. Second, we evaluate emer-
gent audio-image alignment through audio-to-image and image-to-audio retrieval. This
second setting is more challenging, since CACARA is not trained with explicit audio-
image pairs. Instead, audio-image alignment is expected to emerge indirectly through the
shared representation space defined by the frozen image-text model.

We selected three representative bimodal models for comparison: CLAP [49],
LAION-CLAP [202], and the WavCaps model [128]. These models focus on audio-
text alignment and therefore provide a strong reference point for evaluating the audio-
language capabilities introduced in CACARA. However, because bimodal models are

restricted to two modalities, they cannot be directly compared with multimodal models in
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terms of modality coverage or emergent cross-modal behavior. For this reason, the tables
highlight the best results specifically among multimodal models.

For the multimodal comparison, we selected ImageBind [65], VAST [23],
and LanguageBind [224], which represent strong reference models in multimodal rep-
resentation learning. A direct comparison with Multilingual Multimodal Pre-training
(MLMM) [218], the only identified work in our review that explicitly integrates both
multimodality and multilinguality, was not feasible due to the absence of publicly avail-
able code and sufficient implementation details. Therefore, our comparison focuses on
reproducible models that effectively align multiple modalities.

For this phase, all CACARA configurations were trained for 3 epochs, corre-
sponding to approximately 110k optimization steps, while varying the training dataset
combinations, using the BEATs audio encoder and augmentations as described in Sec-
tions 5.2.2 and 5.2.3. As described in Section 5.2.2, training was performed on the same
hardware constraints and the same optimizer configuration as in the encoder consolidation

and hyperparameter tuning stages.

Audio-Language Retrieval and Classification

The first evaluation setting focuses on audio-language alignment. In this setting,
CACARA is evaluated on audio-to-text and text-to-audio retrieval using AudioCaps and
ClothoV2, and on zero-shot audio classification using ESC-50 and UrbanSounds8K.
These experiments assess whether the audio encoder can be successfully aligned with
the frozen multilingual text encoder and whether this alignment supports both retrieval
and classification tasks.

Based on the results summarized in Table 5.5, Figure 5.1 presents a normal-
ized radar chart representation, enabling visual comparison of model performance (R@1,
R@5, R@10, R@Avg) across datasets. The models compared are ImageBind, Language-
Bind, VAST, and CACARA.

Table 5.5 reports the results for the cross-modal retrieval experiments. On Au-
dioCaps, CACARA, trained on all datasets and with a filtering threshold of 0.2, achieved
the highest R@1 among the multimodal models, reaching 33.98%. This represents an
improvement of 14.23 pp over the strongest multimodal models, while remaining com-
petitive with bimodal audio-language models that are trained specifically for audio-text
alignment.

On ClothoV2, the best CACARA configuration was obtained when training with
WavCaps, achieving an R@1 of 17.26%. In this dataset and in the classification datasets,
CACARA obtains performance close to LanguageBind. One possible explanation is that
LanguageBind also relies on an emergent alignment strategy in which language acts as

the central anchor for connecting modalities. However, LanguageBind uses an English-
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CACARA  —@— LanguageBind —&— VAST —@— ImageBind

AudioCaps ClothoV2

JA2T R@10 T2A R@10}-

Figure 5.1: Performance comparison of ImageBind, VAST,
LanguageBind, and CACARA on Audio-to-Text
and  Text-to-Audio  retrieval using AudioCaps
and  ClothoV2  datasets. CACARA  variants:
CACARAASC/AA/WC/AC/C/f 0.2 (AMdiOCdpS) and
CACARAwc/acic/r 0.2 (ClothoV2). Metrics are nor-
malized R@1, R@5, R@]0, and R@Avg, scaled to
min-max values.

only text encoder, while CACARA uses a multilingual text encoder and is trained with
substantially more data, approximately 10M samples, compared to the 3.5M samples
used by CACARA. This means LanguageBind uses about 2.8 times as much training
data. Therefore, the competitive performance of CACARA suggests that the proposed
architecture is not only effective for cross-modal alignment but also more data-efficient.

Table 5.6 shows the classification results for the ESC-50 and UrbanSounds8K
datasets. The performance differences across the strongest models are relatively small,
especially on ESC-50. For ESC-50, LanguageBind achieved the highest mean accuracy
among multimodal models, reaching 94.75%, followed closely by CACARA trained
with WavCaps, AudioCaps, and ClothoV?2 with filtering threshold f 0.1, which achieved
94.37%. The difference between these two models is only 0.38 pp. On UrbanSounds8K,
CACARA achieved the best performance among multimodal models, reaching 79.51%,
while LanguageBind achieved 79.24%, a difference of only 0.27 pp. These results indicate
that CACARA remains competitive in zero-shot classification.

Emergent Audio-Image Alignment

The second evaluation setting investigates emergent audio-image alignment. In
CACARA, audio is aligned with text through audio-text supervision, while the frozen
image-text model already provides an aligned image-text space. Therefore, successful
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Audio-to-Text Text-to-Audio
Model R@1 R@5 R@10 R@Avg R@1 R@5 R@10 R@Avg
AudioCaps
CLAP (Microsoft) 15.75 44.7 61.62 40.69 6.32 24.9 38.11 23.11
E CLAP (LAION) 34.58 70.8 83.69 63.02 9.31 35.52 51.68 32.17
WavCaps 38.70 73.32 86.05 66.02 10.57 38.38 53.21 34.05
ImageBind 8.59 27.58 40.49 25.55 2.25 9.90 16.69 9.61
é VAST 19.75 46.30 57.98 41.34 4.99 19.89 29.25 18.04
LanguageBind 13.05 45.96 63.76 40.92 4.61 18.94 30.80 18.12
CACARAu4/wc/ac/c 31.03 z051 64.57 2074 7934 :053 5831:043 6.76:045 2552165 38.61=:130 23.63=:113
CACARAwc/ac/c 30.08 031 64.95=x042 78.71 075 57.91x041 7.57 2016 28.02 023 42.43 z014 26.00 +0.09
é CACARAwc/ac/c/f 0.1 30.96 +005 64.78 z091 78.54 x035 58.10x041 7.37 2020 27.88:026 41.72x061 25.66 035
6 CACARAwc/ac/c/f 02 31.03 t060 65.32:068 78.80+1.10 58.38:077 7.41:000 28.40:058 42.68 =027 26.17 031
5 CACARA4sc/aa/we)AC/C 33.27+033 67.46:033 81.51:030 60.75+020 691015 26.18+018 39.55=015 24.21 006

CACARAysc/anweyjac/c/foa 33.64 2024 68.40 024 81.84 017 6129023 7.34z010 27.69:032 41.27x029 2543 +005
CACARA sc/an/wejac/c/ro2 3398064 6830 =+064 81.81 021 6136026 7.30z0u5 27.87:032 41212020 2546 0.6

ClothoV2

CLAP (Microsoft) 15.46 38.74 51.52 35.24 4.61 16.90 26.43 15.98
E CLAP (LAION) 14.64 37.28 49.68 33.87 3.77 15.27 23.79 14.28

WavCaps 18.78 45.15 57.72 40.55 4.38 18.76 28.61 17.25

ImageBind 5.11 16.17 24.96 1541 1.51 5.57 9.15 5.41

VAST 11.02 26.64 35.48 24.38 2.30 8.73 13.99 8.34

LanguageBind 16.11 41.07 53.05 36.74 3.75 16.38 24.65 14.93

CACARA4/wc/ac/c 1442 +088 37212174 49.95:160 33.86x140 2.90:032 12.17+149 19402175 11.49 118
< CACARAwc/ac/c 14.39 +019 35.87 z021 48.08 032 32.78 014 3.88 2013 14.69 041 22.49 012 13.69 +0.18
o CACARAyc/ac/c/fo0.1 1538049 37.40x1.62 49.63:213 34.13:140 3.92:035 14.99 041 23.10 054 14.00 z042
5 CACARAwc/ac/c/f 02 17.26 +233 4091 +584 53.85:674 37.34:496 4.03:036 15.60=125 24.78+236 14.80=:132
6 CACARAy5c/a4/wC/AC/C 1140 2217 29.82:617 4112779 27451537 2.22:061 8.71x241 14.42:3606 8.45:22

CACARA sc/an/weyac/c/roa 13.04£312 33.53 2695 46.00 870 30.86 625 2.56:087 9.84+208 16.15+443 9.52:276
CACARA 5c/aa/wejac/c/ro2 13212316 33.63 2691 45.67 2851 30.84 4619 2.59z074 10.07 2287 16.62 2468 9.76 +276

Table 5.5: Multimodal results, divided into two datasets: Audio-
Caps and ClothoV2, and two retrieval tasks: audio-to-
text and text-to-audio. The evaluated models are cat-
egorized as BM (Bimodal Models), MM (Multimodal
Models), and CACARA (CACARA Multimodal Models).
Bolded results indicate the best performance among
multimodal models, while underlined results represent
the second-best values for the same dataset.

audio-image retrieval would indicate that the audio modality can be connected to the
image modality through the language anchor, even without explicit audio-image training
pairs, achieving emergent alignment.

For this evaluation, we use the VGG-Sound Source (VGG-SS) benchmark [19].
VGG-SS is suitable for evaluating audio-image retrieval, as it was constructed to include
visible sound sources and includes human verification to ensure that the sound corre-
sponds to objects present in the visual frame.

The results are presented in Table 5.7. We also include a random baseline
computed on the same valid VGG-SS test pool used in the retrieval experiments. Since
each query has a single correct target, the expected random Recall@K is K /N, where N
is the number of valid retrieval items. This baseline provides a lower-bound reference for
interpreting the audio-image retrieval scores.

In this setting, ImageBind obtains the strongest performance, reaching 33.69
R @ Avg for audio-to-image retrieval and 29.71 R@ Avg for image-to-audio retrieval. This

result is expected, since ImageBind was explicitly designed to bind multiple modalities to
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Accurac
Model ESC50 UrbanSoundsSK
CLAP (Microsoft) 93.85 82.74
= CLAP (LAION) 83.10 80.91
WavCaps 94.25 82.28
ImageBind 64.15 48.20
§ VAST 76.80 68.00
LanguageBind 94.75 79.24
CACARA 4 wc/ac/c 89.95 +2.14 77.04 +2.98
< CACARAwc/ac/c 94.15 +o0.10 77.40 +1.07
a4 CACARAWC/AC/C/f 0.1 M +0.49 79.51 1.6
S CACARAwc/ac/c/f 02 94.00 £130  77.83 z0.11
S CACARA5c/aa/we/ac/c 82.45 070 70.04 = 1.48
CACARAASC/AA/WC/AC/C/f 0.1 89.97 +0.38 75.40 +1.19
CACARAASC/AA/WC/AC/C/f 0.2 91.35 +0.69 74.99 +055
Table 5.6: Multimodal results, evaluated on ESC-50 and Ur-
banSounds8K datasets for the classification task. The
evaluated models are categorized as BM (Bimodal
Models), MM (Multimodal Models), and CACARA
(CACARA Multimodal Models. Bolded results indicate
the best performance among multimodal models, while
underlined results represent the second-best values for
the same set.
Model Audio-to-Image Image-to-Audio
R@I R@5 R@I0 R@Avg R@I R@5 R@I0 R@Avg
Random Baseline 0.02 0.10 0.20 0.10 0.02 0.10 0.10
ImageBind 14.36 36.82 49.87 33.69 13.25 3218 372 29.71
VAST 1.72 7.72 12.84 7.43 2.72 8.33 12.97 8.01
LanguageBind 1.98 8.92 15.13 8.67 3.04 10.93 18.07 10.68

CACARAwc/ac/c/f 0.2
CACARA /a4 we/AC/C)f 0.2

1.33 2014 553 +044 929 +064 5.38 037
1.30 £008 5.14 +052 8.64 072 5.03 044

1.01 +040 396073 6.99 125 3.99 079
1.33 +010 5.01 005 8.59 038 4.98 +o0.15

Table 5.7:

Audio-image retrieval results on VGG-SS for mul-
timodal models and CACARA. Results are reported
for audio-to-image and image-to-audio retrieval using
R@], R@5, R@]I0, and R@Avg. The random base-
line is computed on the same valid VGG-SS test pool,
assuming one positive target per query. CACARA re-
sults are reported as mean and standard deviation over
three runs. Bolded results indicate the best performance
among multimodal models, while underlined results in-

dicate the second-best values.

an image-centered representation space, making it particularly effective for image-related

retrieval tasks. LanguageBind obtains the second-best performance, with 8.67 R@ Avg for

audio-to-image and 10.68 R@ Avg for image-to-audio retrieval, followed by VAST.

CACARA obtains lower performance than ImageBind, LanguageBind, and

VAST in the audio-image setting. However, these results should be interpreted in light of

CACARA’s training strategy. Unlike the baseline multimodal models that explicitly tune

their vision towers, CACARA aligns audio with a frozen multilingual image-text model



5.2 CACARA 111

40 e, o ® Audio
S 4 A Image
Text
20 =
] e T g
T e LT
@ g B
L] 2 E‘Q-JU {'l_‘l:@ jEJ a
= g p rE‘u' am
o~ B ]mfh-t =
< Uiss”s = % @
s B i ]
2 =% 8
5] B & FEFL
._g " ’@ij% &
o E y
= 2 a
9 a2 u
&
-20
—40
—-40 -20 0 20 40 60

t-SNE dimension 1

Figure 5.2: t-SNE visualization of CACARA embeddings on VGG-
SS, showing audio, middle-frame image, and text rep-
resentations in the shared multimodal space. Each
point corresponds to one sample, and gray lines con-
nect embeddings belonging to the same underlying in-
stance across modalities.

using only audio-text supervision. Thus, any audio-image retrieval capability emerges in-
directly from the alignment between audio and text, and from the pre-existing alignment
between text and image in the frozen model. The fact that CACARA clearly outperforms
the random baseline in both directions indicates that the proposed alignment strategy
transfers part of the audio-text alignment to the image space in a nontrivial manner.

Among the CACARA variants, CACARAwc/ac/c/f 0.2 achieves the highest
audio-to-image R@Avg, with 5.38, while CACARA5c/44/wc/ac/c/r 0.2 achieves the
highest image-to-audio R@Avg, with 4.98. Overall, these results reinforce that audio-
image alignment in CACARA is emergent and more challenging than audio-text align-
ment, but still measurable despite the absence of direct audio-image supervision.

To complement the quantitative retrieval results, we also qualitatively analyze
the learned representation space using t-SNE [191] visualizations of audio, image, and
text embeddings. For this visualization, we randomly sampled 200 examples from the
VGG-SS dataset. For each sample, we extracted the audio embedding, the middle-frame
image embedding, and the text embedding produced from the template “This is the sound
of [class label].” as in CLAP [49]. The t-SNE projection was computed with two output
dimensions, a perplexity of 30, a PCA initialization, and 1000 optimization iterations.

Figure 5.2 provides a qualitative visualization of the shared representation space
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learned by CACARA on VGG-SS. The figure shows a t-SNE projection of audio, middle-
frame image, and text embeddings, where each point corresponds to one sample and gray
lines connect representations associated with the same underlying instance. Although the
three modalities still form distinct clusters due to the modality gap, they remain aligned
in the same latent space.

5.2.5 Multilingual Evaluation

Beyond its multimodal capabilities, CACARA is inherently multilingual, sup-
porting approximately 100 languages without explicit training to align new languages
with audio data. We selected twelve languages to evaluate this emergent alignment and
analyzed performance in audio-text retrieval and classification tasks. Given the many re-
sults across multiple languages, we selected two versions of CACARA for each task to

enable a focused comparison.

CACARAASC AA/WC/AC/C/f 0.2 in Audiocaps

Audio to Text Text to Audio
Language R@l1 R@5 R@10 R@Avg R@1 R@5 R@10 R@Avg
English 33.98 :064 68.30:043 81.81:021 61.36:027 | 7.30 x0.15 27.87:032 41.21:020 25.46=x0.16

Portuguese  21.62:070 51.27 131 66.34 123 46.41 100 | 574 z018 21.46x018 33.47x035 20.22=x011
Spanish 24.06 048 53.94 1087 68.05:035 48.68 t051 | 5.85 016 22.58 020 34.31:025 20.91 x0.08

French 21.87 z070 51.20+151 66.31+129 46.46+1.17 | 594 x005 22.97 027 35.19:047 21.37 z0.16
Russian 20.73 047 48.96 x060 63.03 x074 44.24 058 | 5.55 2031 19.48 x047 30.70 039 18.58 +0.39
Arabic 1525073 39.70+105 5390115 36.28 £097 | 4.71 015 18.45+023 28.27+031 17.15x0.10
Hindi 14.08 x041 37.47 x030 51.51 2080 34.35:042 | 3.71 2008 14.97 2009 23.56:007 14.08 £0.02

German 23.95+041 54.36 006 68.26+0.14 48.86=+0.12 | 6.00 x0.00 23.09=:037 35.04:045 21.38:025
Chinese(zh) 18.24 x028 46.59 =111 62.04 z042 42292047 | 5452012 20.52:020 31.70:023 19.23 z0.09

Swahili 1.11 023 396011 6.48+024 3.85x019 | 0.652007 2.291x006 3.67=x008 2.20 =002
Japanese 21.36 +049 51.46:024 65.64 038 46.15+022 | 559 x024 21.87 048 33.82:020 20.42=x030
Turkish 17.04 z040 42.65:063 56.80x045 38.84:047 | 4422023 17.22:032 27.15:051 16.27 2033
CACARAWC AC/C/f 0.2 in ClothoV2
R@1 R@5 R@10 R@Avg R@1 R@5 R@10 R@Avg
English 17.26 +233 40.91:584 53.85:674 37.34 496 | 4.03 z036 15.60 125 24.78:236 14.80:1.32

Portuguese  10.83 x060 28.98 x156 39.72:x193 26.51+135 | 3.09z016 11.61x000 18.57 012 11.09 x0.05
Spanish 11.37 x039 29.88:173 40.54x200 27.26:+134 | 3.18 012 12.09x017 19.38 x005 11.55=x0.05

French 10.83 066 28.75+143 39.551+135 2638 +110 | 3.00 2014 11.50x023 18.05 012 10.85x0.12
Russian 8.94 +051 24.45+18 34.62:255 22.67x164 | 2.78 x014 10.60x033 16.82 051 10.06 £0.24
Arabic 6.84 +061 2034 +122 29.13:131 1877 +1.02 | 2.34 2008 8.85+004 14.50+008 8.56 +0.05
Hindi 6.02£043 17302124 25.69x160 16.34+105| 2.04+016 7.80x030 12.33z054 7.39 2031

German 11.55+072 29.99+150 40.96+149 2749 +121 | 3.21 z015 12.45:001 19.55:+027 11.74+0.13
Chinese(zh) 9.55:038 2594 :+173 36.59+180 24.03+120 | 2.79 x017 11.02 2015 17.64 £043 10.48 z0.19

Swabhili 1.03 003  3.35:016 5.39:027 3.26z014 | 0.52 2005 1.70:013 2.65x020 1.6220.09
Japanese 10.75 073 29.19 180 40.24 :210 26.72 155 | 297 019 11.50:037 18.32:034 10.93 z022
Turkish 793 +074 2253123 32122260 20.86=x154 | 2.51 007 9.61 2020 15.51 2037 9.21x017

Table 5.8: Recall value for the Audio-to-Text and Text-to-
Audio retrieval tasks on two different CACARA mod-
els (CACARAxsc/aajwc/ac/c/f 02 Jor the AudioCaps
dataset and CACARAwc/ac/c/f o2 for the ClothoV2
dataset) across the twelve evaluated languages. Bolded
results indicate the best performance among language
models, while underlined results represent the second-
best values for the same dataset.
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For the retrieval task, Table 5.8 and Figure 5.3 present results for the models
CACARAgs5c/aa/wc/ac/c/r 0.2 1n the Audiocaps dataset and CACARAwc/ac/c/f 0.2 10
the ClothoV?2 dataset. The audio encoder was aligned only in English, which leads to
better performance in this language. Therefore, we use English results as the upper bound.
The results vary depending on the target language, as factors such as translation quality,
linguistic complexity, and modality-specific nuances can significantly influence retrieval
performance.

Some languages, like Spanish, German, Portuguese, French, Russian, and
Japanese, perform well, achieving R@1 above 20 for the CACARA s5c/a4/wc/ac/c/f 0.2
model on AudioCaps. On average, the other languages achieve R@1 above 13, with per-
formance variations primarily driven by the quantity and quality of the textual data used
during pre-training of the text model [61]. This suggests that improving performance in
low-resource languages does not require retraining the entire model. Only Swahili was be-
low average because it has very few available resources. We observed the same behavior
from the CACARAy ¢ /ac/c/f 0.2 model in ClothoV2.

[ Audio-to-Text I Text-to-Audio [1 AudioCaps ClothoVv2

61.36
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Russian Chinese Turkish Arabic Swahili
Language

Figure 5.3: Multilingual audio-text retrieval performance of
CACARA on AudioCaps and ClothoV2. Results are re-
ported as Recall@Avg across 12 languages for both
audio-to-text and text-to-audio retrieval. Colors in-
dicate the retrieval direction, while hatching distin-
guishes the evaluated datasets.

For the classification task, Table 5.9 shows results for two models,
CACARAwc/ac/c/f 01 and CACARA,sc/aa/we/ac/c/f 0.2, evaluated on ESC-50 and
UrbanSounds8K. As expected, languages with more resources showed strong classifica-
tion performance, similar to retrieval results. In addition, Mandarin showed good results
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compared to the previous task, while Portuguese showed a drop in results. However, the
overall classification average of the different languages is 66.5% for CACARAyc/ac/c
using ESC-50.

CACARAwc/ac/c/r 0.1 CACARA ssc/aa/wejac/c/f 0.2

Language ESC-50 | UrbanSounds8K | ESC-50 UrbanSounds8K
English 94.37 +0.49 79.51 = 1.06 91.35 +0.69 74.99 - 0.55
Portuguese  79.63 0.1 66.49 +0.79 80.92 +0.98 71.38 £1.35
Spanish 86.25 +0.40 72.02 +1.78 85.60 +0.78 71.02 z0.67
French 83.60 = 0.69 69.56 +0.65 82.45 +0.49 67.72 +1.12
Russian 81.15 033 71.77 +1.00 78.30 +1.08 67.16 132
Arabic 65.28 +0.95 63.13 z0.64 63.65 +1.09 63.77 +0.60
Hindi 64.30 x0.97 58.19 +0.84 60.12 +0.83 58.11 +1.15
German 82.12 +0.387 74.99 +o0.12 75.92 +1.08 72.38 +0.10
Chinese(zh) 83.47 +1.68 70.14 +0.12 81.23 +1.07 67.22 + 115
Swabhili 20.55 041 42.99 +1.08 20.48 +2.17 38.35 £1.97
Japanese 84.08 +1.63 68.79 +0.02 81.78 +0.75 73.03 +0.74
Turkish 74.12 2183 64.94 +0.68 69.85 +1.97 63.91 z032
Table 5.9: Classification retults on two different
CACARA  models  (CACARAwc/ac/c/fo1  and

CACARA ssc/an/wejac/c/f0.2) in the datasets ESC-50
and UrbanSounds8K across the twelve evaluated lan-
guages. Bolded results indicate the best performance
among language models, while underlined results
represent the second-best values for the same dataset.

Cross-Lingual Gap

The multilingual results indicate that CACARA can transfer audio-text align-
ment from English to other languages, even though the audio encoder is aligned only with
English audio-text pairs. However, this transfer does not occur with the same strength
for all languages. To investigate this behavior, we examine whether retrieval performance
correlates with the geometric position of each language in the frozen multilingual text
embedding space.

This analysis is motivated by English’s role as the primary alignment anchor in
CACARA. During training, the audio encoder is directly aligned with English captions,
while multilingual generalization is inherited from the frozen text encoder. Therefore,
we hypothesize that transfer to a target language depends, at least in part, on how close
that language is to English in the text representation space. If semantically equivalent
captions in another language are mapped near their English counterparts, the audio-text
alignment learned from English data is expected to transfer more effectively. In contrast,
if the target language occupies a more distant region of the embedding space, the transfer

may become weaker.
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This behavior could be interpreted as a cross-lingual gap in the representation
space. The idea is analogous to the modality gap observed in multimodal models, where
embeddings from different modalities may remain partially separated even after being
projected into a shared space. In this case, however, the separation occurs between
languages rather than between modalities. Thus, the multilingual text encoder may
provide a shared representation space, but this space may still contain language-dependent
structure that affects downstream cross-lingual transfer.

Therefore, we used the test set of the AudioCaps dataset, and extracted the
latent language representations from the original English and translated captions with
the pretrained CACARA5c/a4/wc/ac/c/f 0.2 model and mesured the euclidian distance
between the centroids of each language, to explore further this hypothesis.

To investigate this hypothesis, we used the complete AudioCaps test set, com-
prising 975 samples, along with its translated versions. For each language, we extracted
text embeddings from the captions using the pretrained CACARAsc/a4/wc/ac/c/f 0.2
model. The embeddings were then averaged to compute one centroid per language. Fi-
nally, we measured the cosine distance between each language centroid and the English
centroid and compared it with the corresponding multilingual audio-to-text retrieval per-
formance. This analysis allows us to examine whether languages that are farther from
English in the frozen text embedding space also tend to exhibit lower retrieval perfor-
mance.

Figure 5.4 supports this interpretation. Languages such as Spanish, German,
French, Portuguese, and Japanese are located relatively close to English in the frozen
text embedding space and maintain stronger retrieval performance. In contrast, Swahili
is the farthest language from the English centroid and obtains the lowest retrieval score.
This pattern suggests that the cross-lingual position of each language relative to English
is related to the effectiveness of multilingual audio-text transfer.

The correlation analysis also supports this relationship. We report both Pearson
and Spearman correlations because they capture complementary aspects of the associa-
tion between distance and performance. Pearson correlation measures the strength and
direction of a linear relationship between two continuous variables. In this case, it evalu-
ates whether increases in cosine distance to English are linearly associated with decreases
in Recall@Avg. Spearman correlation, in turn, measures the strength and direction of a
monotonic relationship based on ranks. Therefore, it evaluates whether languages that are
farther from English also tend to rank lower in retrieval performance, even if the relation-
ship is not perfectly linear.

The cosine distance to English shows a strong negative Pearson correlation with
Recall@Avg (r = —0.962, p = 2.347 x 107°), indicating a strong linear association

between greater distance from English and lower retrieval performance. The Spearman



5.2 CACARA

116

| Language
30 Cﬁﬁe t @© Spanish (Sp)
@i Jp RU © German (Ge)
S, O zn @ French (Fr)
AN @ @ Brazilian Portuguese (Pt)
40 ‘Ql'u Japanese (Jp)
rse © Hindi (Hi)
< 8—n . © Arabic (An)
> ‘\\ @ Russian (Ru)
g\ 304 \\\ (@) Tur'kish (Tu)
I @ Chinese (Zh)
N ™"
® N Swahili (Sw)
— N == Trend
e ~
g 20 Mg
[odd N
\\\
Y
N
Y
\\
104 N
\\
Y
N, Sw
0.05 0.10 0.15 0.20 0.25

Cosine Distance

Figure 5.4: Relationship between distance to the English text-
embedding centroid and multilingual audio-to-text re-
trieval performance on AudioCaps. Each point repre-
sents one target language. The x-axis shows the cosine
distance between the language centroid and the En-
glish centroid in the frozen multilingual text embedding
space, while the y-axis shows Recall@Avg obtained
with CACARAASC/AA/WC/AC/C/f 0.2. English is used as
the reference centroid and is therefore not shown. The
dashed line indicates the fitted linear trend.

correlation is also strongly negative (p = —0.836, p = 1.333 x 1073), showing that the
same tendency is preserved at the rank level. Both p-values are below the conventional
significance threshold of 0.05, which means that the negative relationship observed
between distance to English and retrieval performance is unlikely to be due to chance.
However, these results should still be interpreted as evidence of association rather than
proof of causation, since factors such as translation quality, pretraining data distribution,
and language-specific representation quality may also influence performance.

Overall, these results indicate that CACARA inherits not only the multilingual
capacity of the frozen text encoder, but also its internal cross-lingual geometry. Multi-
lingual generalization in CACARA can therefore be understood as an emergent transfer
process mediated by the text encoder. The audio modality learns to align with English,
and the extent to which this alignment transfers to other languages depends on how well
those languages are already connected to English in the frozen representation space. In
this sense, the cross-lingual gap helps explain why multilingual alignment emerges across
languages, albeit with varying degrees of effectiveness.
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5.2.6 Efficiency and Scaling

To quantify the computational savings achieved by our approach, we conducted
a comparative analysis between the proposed CACARA method and a fully trained tri-
modal baseline using a Sk-sample subset from the VAST [23] dataset. The baseline
involved concurrently training text, vision, and audio encoders, whereas CACARA froze
the text and vision encoders, tuning only the audio encoder. Both methods were trained
for 100 epochs across three independent runs to account for variance.

We measured key metrics, including floating point operations (GFLOPs), mul-
tiply—accumulate operations (GMACs), parameter count, total training time, energy con-
sumption (kWh), and estimated carbon emissions (kgCOseq), presented in Table 5.10 and
Figure 5.5.

Model GFLOPs GMACS Parameters Time (hh:mm) Energy (kWh)  Emission
CACARA 185,00 92,42 369,40 04:47 + 00:05 1,91 £ 0,03 0,15+0
Fully Tri-Modal 246,12 122,95 457,25 25:12 £2:11 6,66 +0,43 0,51 +£0,03
Reduction (%) 24 24 19 81 71 70

Table 5.10: Computational efficiency and environmental impact
comparison between the proposed CACARA model,
which tunes only the audio encoder, and a fully tri-
modal baseline. Results are averaged over three runs
on a Sk-sample VAST dataset subset.

[ CACARA Wl Fully Tri-Modal ~ I Reduction

100
10?

10!

Values (log scale)
Reduction (%)

10°

107! 0
GFLOPs GMAXS Time Energy Emission GFLOPs  GMAXS Time Energy Emission
(h) (kWh) (CO2) (h) (kwh) (CO2)

Figure 5.5: Computational efficiency and environmental impact
comparison between the proposed CACARA model,
which tunes only the audio encoder, and a fully tri-
modal baseline. Results are averaged over three runs
on a Sk-sample VAST dataset subset.

As shown, CACARA reduces computational requirements (GFLOPs and
GMACs) by 24% and the parameter count by 19%. This results in a substantial 81%
reduction in total training time, accompanied by a 71% decrease in energy consumption
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and 70% in carbon emissions. These findings underscore the significant efficiency gains

and environmental benefits afforded by our approach.

5.2.7 Expanded Resources

To achieve a single robust model applicable across tasks, we trained an
expanded-resource version of CACARA: CACARAssc/aa/wc/ac/c/f 0.2- Unlike previ-
ous models trained with 3 epochs, a batch size of 64, and different datasets, this version
was trained with 10 epochs, a batch size of 110, and all datasets together (SC + AA +
WC + AC + C), with data filtered using a threshold of 0.2. In this phase, training was
performed on a single A100 GPU with 80GB of VRAM.

Table 5.11 shows the retrieval performance of the model with expanded re-
sources. A direct comparison of this expanded model against the best-performing opti-
mized models can be seen in Figure 5.6 and Figure 5.7, with a complete comparison in
Table D.1. Evaluation is done for audio-to-text and text-to-audio retrieval across 12 lan-
guages. This task in the AudioCaps dataset did not improve with more resources and
training time, and continues to yield values lower than those obtained with the optimized
model. This might be due to the trained sets being close to the test set’s distribution. How-
ever, it still improved over the same model with fewer resources. For the same task in the
ClothoV2 dataset, there is a general improvement in audio-to-text retrieval, but text-to-
audio retrieval remains below the optimized model’s results.

For the classification task, comparing the two datasets in Table 5.12, results
are generally improved when using more resources and more varied data. This shows
that this task benefits from more robust training. Despite benefiting from a more robust
structure, the presented model continues to demonstrate excellent results with a modest
computational cost, but can achieve better results with training on greater computational
power and data availability. In this structure, we continued to train the model only in

English; the other languages also improved.
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Figure 5.6: Multilingual audio-text retrieval performance of
CACARA on AudioCaps. Results are reported as Re-
call@Avg across 12 languages for both audio-to-text
and text-to-audio retrieval. Colors indicate the re-
trieval direction, while hatching distinguishes the eval-
uated model configuration.
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Figure 5.7: Multilingual audio-text retrieval performance of
CACARA on ClothoV2. Results are reported as Re-
call@Avg across 12 languages for both audio-to-text
and text-to-audio retrieval. Colors indicate the re-
trieval direction, while hatching distinguishes the eval-
uated model configuration.
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AudioCaps
Audio-to-Text | Text-to-Audio
Language R@Il R@5 R@10  R@Avg | R@I R@5 R@I0  R@Avg

English 3145 :014 66.09 z031 79.61 045 59.05:028 | 7.64 009 28.78 r021 42.95:014 26.46 0.12
Portuguese  18.54 098 46.57 075 60.96 053 42.02 074 | 599 2010 22.07 2043 33.75:006 20.60 z0.19
Spanish 21.03 z038 50.85:026 65.32:080 45.73+045 | 6.04 2010 22.46:021 34.62:005 21.04 =006

French 20.33 042 48.61 +036 62.67 +038 43.87 £027 | 6.25 +008 23.44:+022 35.66:+023 21.78 £0.06
Russian 17.58 xt035 44.19x145 58.16:080 39.97 089 | 5.50+032 19.88 2034 31.28 042 18.89 030
Arabic 11.18 x047 31.96 x086 45.17 051 29.44 +058 | 4.71 z017 18.37 x019 28.10x018 17.06 0.07
Hindi 11.70 z030 33.33:071 46.76 2076 30.60 038 | 3.83 z0.11  15.10 x044 23.28 +023 14.07 x0.24

German 21.33:013 5033090 64.41:090 45.36=:062 | 5.85+008 23.06=z038 35.64:046 21.52:030
Chinese(zh) 15.27 074 41.17 137 5636 043 37.60=z080 | 5.57 z031 20.79 z0.16 32.16 x052 19.51 z0.05

Swahili 0.61 018  2.89x032  5.10z018 2.87:021 | 0.59+003 2.21x006 3.49zx010 2.10x006
Japanese 18.35 x052 4576 096 59.78 x080 41.30:x068 | 5.76 x0.18 22.74 x030 34.45:x005 20.98 x0.10
Turkish 12.76 x015  35.07 x038 47.96 051 31.93:034 | 452016 17.64 2022 27.81 029 16.66 +0.06
ClothoV2
Audio-to-Text ‘ Text-to-Audio
Language R@l1 R@5 R@10 R@Avg ‘ R@l1 R@5 R@10 R@Avg
English 15.67 r050 38.46 :044 51.25:006 35.13:031 | 3.28 x017 13.57 x014 21.51:005 12.79 z0.08

Portuguese  11.17 x020 30.45:028 41.94x072 27.85:040 | 2.64 x010 10.92:006 17.91=x010 10.49 x0.06
Spanish 11.67 +040 31.33 025 42.58 030 28.53:023 | 2.63x018 10.87x018 17.66x046 10.39 x0.15

French 10.45 074 28.07 +120 39.78 x082 26.10x080 | 2.56 021 10.68 x032 17.36+0.12 10.20 0.19
Russian 10.09 052 27.71 2076 39.13 2077 25.64 £066 | 2.54 2000 9.79+031 15.85+029 9.40=x0.20
Arabic 7.99 x010 23.64 :012 34.04x028 21.892003 | 2.04 2002 8.22:014 1347021 791 z012
Hindi 6.81 066 19.51 089 28.32+085 18.22:079 | 1.85+000 6.98:032 11.462007 6.76=x0.11

German 11.22 039 30.31 2074 4144 +140 27.66+081 | 2.72+007 11.12+031 18.30+048 10.72 +0.27
Chinese(zh) 9.98 +015  27.28 +0.14 38.59 x080 25.28 2036 | 2.48 rt010 9.71+017 1553 021 9.24 0.4

Swabhili 0.75z010 298 :007 5.20:038 298 zx010 | 0.55+001 1.65=x012 2.54:023 1.58 012
Japanese 10.48 z023 28.87 x026 40.19 044 26.51 2031 | 2352020 9.80:022 16.03:016 9.39:017
Turkish 8.45+006 24.02:050 34.61=x075 22.36:041 | 2.14 2007 8.06:024 13.56x019 7.92zx0.13

Table 5.11: Recall values for the Audio-to-Text and Text-to-Audio
retrieval tasks using the expanded resources model
across AudioCaps and ClothoV?2 for the twelve evalu-
ated languages. Bolded results indicate the best per-
formance for each metric within each dataset and
retrieval task, while underlined results represent the
second-best values.

5.2.8 Qualitative Analysis

To qualitatively evaluate our model’s cross-modal retrieval capabilities, we con-
ducted experiments on the AudioCaps test set. We present representative examples of suc-
cessful and unsuccessful retrieval outcomes for both text-to-audio and audio-to-text tasks
in Figures 5.8 and 5.9. Furthermore, we investigate the emergent capabilities of our model
in audio-to-image and image-to-audio retrieval tasks, demonstrating its ability to implic-
itly align the audio and image modalities that were not explicitly aligned during training.
Specifically, we leveraged the test subset of the VGG-Sound dataset, extracting audio and
the central video frame following the methodology outlined in Guzhov et al. [76].

Figure 5.8 presents qualitative examples for audio-text retrieval on AudioCaps.
The top part shows text-to-audio retrieval, where a textual query is used to retrieve the
most similar audio clips. Since audio clips are not directly visible, each retrieved result is
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Figure 5.8: Examples of successful (left) and unsuccessful (right)
text-to-audio retrieval, shown at the top of the im-
age. The green-highlighted image and text indicate the
ground-truth audio clip retrieved within the top 3 re-
sults for the given text query. For unsuccessful text
queries, we present all returned audio clips as im-
ages. At the bottom, successful (left) and unsuccessful
(right) audio-to-text retrievals are shown. The green-
highlighted text indicates the ground-truth text descrip-
tion retrieved for the given audio query. For unsuccess-
ful audio queries, all the returned text results are pre-

sented.
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OB Model ER Model OB Model ER Model
ESC-50 ‘ UrbanSounds8K

Language Accuracy

English 91352060 93.50 =018 | 74.99 x055 78.33 +275
Portuguese  80.92 z098 81.70 x088 | 71.38 +135 68.15 +1.63
Spanish 85.60 x078 87.65 043 | 71.02 x067 T2.72 150

French 82.45 049 83.85:017 | 67.72 2112 7047 £1.32
Russian 7830 £1.08 80.62 +136 | 67.16 132 69.32 +022
Arabic 63.65 +1.00 63.67 077 | 63.77 060 62.40 148
Hindi 60.12 +083 62.57 03838 | 58.11 +1.15 56.55 +0.78

German 7592 +108 78.37 x064 | 72.38 x0.10 T74.44 124
Chinese(zh) 81.23 107 82.80x093 | 67.22 +1.15 68.50 059

Swahili 2048 +217  21.80 :022 | 3835197 36.28 +361
Japanese 81.78 xt0.75 85.83 146 | 73.03 rt074 72.18 +1.88
Turkish 69.85+197 72921081 | 63.91 r082 64.52 082

Table 5.12: Classification task results on the ESC-50 and Urban-
Sound8K datasets across the twelve evaluated lan-
guages. Bold values indicate the best mean accuracy
for each language across model configurations. OB de-
notes the Optimized Basic Model, while ER denotes
the Expanded Resources Model. Values highlighted in
blue indicate the best overall mean accuracy for each
dataset across languages.

represented by a frame extracted from the corresponding video segment, together with its
associated caption. The bottom part shows audio-to-text retrieval, where an audio query
is used to retrieve textual descriptions. In both directions, successful examples are shown
on the left and unsuccessful examples on the right. Green-highlighted results indicate the
ground-truth item retrieved within the top-ranked candidates.

Figure 5.9 illustrates examples of emergent audio-image retrieval on VGG-
Sound. The left side shows image-to-audio retrieval, where an image query is used to
retrieve the corresponding audio clip, represented visually by frames from the retrieved
video segments. The right side shows audio-to-image retrieval, where an audio query is
used to retrieve the corresponding image frame. The green-highlighted item indicates the
ground-truth match among the retrieved candidates.

5.2.9 Final Remarks

The results presented in this section show that CACARA provides a viable
strategy for expanding a frozen multilingual multimodal representation space with a new
audio modality. By aligning the audio encoder with a frozen textual anchor, the model
was able to establish connections not only between audio and text, but also between audio

and image, even without explicit audio-image training pairs.
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Image-to-Audio Audio-to-Image

Figure 5.9: Examples of successful audio-to-image retrieval (left)
and image-to-audio retrieval (right). The green-
highlighted image shows the ground-truth image re-
trieved for the given audio query.

Experiments also show that this mechanism can transfer multilingual structure to
the newly added audio modality. However, this transfer is not uniform across languages.
The multilingual analysis revealed that the quality of audio-text alignment in non-English
languages depends on how these languages are organized in the frozen multilingual text
space before the addition of audio. This behavior motivated the concept of the cross-
lingual gap, which helps explain why some languages remain closer to English in the
shared space, while others exhibit greater alignment degradation. Therefore, CACARA
demonstrates that multilinguality can emerge from English-only audio-text supervision,
but also shows that the geometry and linguistic coverage of the original multilingual
encoder constrain this emergence.

Finally, the efficiency analysis reinforces CACARA’s practical relevance. Instead
of requiring full tri-modal retraining, the proposed framework reuses frozen pretrained
components and concentrates training on the newly introduced audio branch. This makes
multimodal expansion more accessible under limited computational resources, while still
producing competitive retrieval and classification results. Overall, CACARA shows that
sequential alignment is a promising path for expanding multilingual multimodal systems,
although its effectiveness depends on the quality of the frozen representation space and
on the degree of cross-lingual structure already present in it.
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5.3 PALMA

This section presents the empirical results obtained with PALMA. The analysis
evaluates how different architectural, optimization, and training choices affect bimodal
audio-language representation learning. Unlike CACARA, which investigates the inte-
gration of audio into a frozen multilingual vision-language space, PALMA examines the
audio-text setting directly to understand how audio encoders, multilingual text encoders,
training strategies, layer aggregation mechanisms, data composition, batch size, and mul-

tilingual supervision influence cross-modal retrieval and zero-shot audio classification.

5.3.1 Experiments and Results

The experimental analysis of PALMA is organized as a multi-phase optimization
pipeline. Each phase isolates a single key factor in audio-language alignment, enabling
the final configuration to be selected progressively. First, Section 5.3.2 investigates the
effect of learning rate and weight decay across different audio encoders. This phase
establishes a stable optimization setting for PALMA and provides the basis for the
following experiments. Then, Section 5.3.3 analyzes the impact of the multilingual text
encoder by pairing different text backbones with the selected audio encoders to identify
which audio-text combinations produce the strongest shared embedding space.

The next stages focus on training efficiency and architectural design. Sec-
tion 5.3.4 evaluates LiT and Sigmoid loss, examining whether strategies adapted from
the vision-language literature can improve the trade-off between performance and com-
putational cost in the audio-language domain. Section 5.3.5 then introduces and evaluates
the proposed Mixture-of-Layers mechanism, including its main retrieval and classifica-
tion results, an analysis of learned layer-weight distributions, additional dual-encoder and
projection-only ablations, and an exploratory study of data augmentation.

After selecting the main PALMA configuration, the analysis turns to data and
scaling factors. Section 5.3.6 studies how different training-data combinations affect re-
trieval and zero-shot classification, highlighting the role of dataset compatibility, caption
quality, and domain coverage. Section 5.3.7 investigates the effect of batch size, since
contrastive learning depends strongly on the number of negative examples available dur-
ing training. Finally, Section 5.3.8 examines multilingual supervision. This final phase
evaluates whether PALMA can preserve and improve multilingual audio-text alignment
through translated captions, compares different multilingual training strategies, and con-
trasts the strongest PALMA configurations with multilingual audio-language baselines.
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5.3.2 Hyperparameter Tuning

The first stage of the PALMA optimization pipeline focused on hyperparameter
tuning. In this phase, we analyzed two training hyperparameters: learning rate (LR) and
weight decay (WD). These parameters were selected because of their strong influence
on optimization stability, convergence behavior, and final model performance. Three
pretrained audio encoders were evaluated under different LR and WD configurations:
HTS-AT, BEATSs, and CED. These encoders were chosen because they represent different
trade-offs between performance, computational cost, and prior effectiveness in audio
representation learning. HTS-AT was included due to its favorable balance between
performance and efficiency, as discussed in Section 5.2.2. BEATs was also considered
due to its strong performance in previous experiments with CACARA, while CED was
included as a more recent SOTA acoustic encoder [39].

Following the learning-rate scale adopted in Section 5.2.2, we evaluated the set
{5x107*,5x 107>,5 x 1070}, varying the LR by one order of magnitude. For weight
decay, we evaluated the set {107%,107* 1072}, varying the values by two orders of
magnitude. This wider spacing was adopted to cover substantially different regularization
regimes while avoiding an excessively large combinatorial number of experiments.

The experiments in this phase were done with a fixed batch size of 48 for all mod-
els and configurations. This design choice differs from the strategy used in CACARA,
which prioritized the maximum feasible batch size. In PALMA, the main goal of this
phase is to keep the optimization setting controlled, allowing the effects of the encoder
architecture, learning rate, and weight decay to be analyzed directly, to select hyperpa-
rameter values that are consistently effective across different audio encoders, providing
a reliable basis for the following experimental phases. Each model was trained for three
epochs, corresponding to approximately 111k optimization steps, using a combined train-
ing set composed of AudioSetCaps, AudioCaps, and ClothoV2. In this phase, we also
adopted XLM-RoBERTa [31] as the text encoder, which was fine-tuned jointly with the
audio encoders. This choice was motivated by its previous use in OpenCLIP [91], making
it a reliable multilingual textual backbone for multimodal alignment.

Tables 5.13 and 5.14 summarize the results of the first PALMA optimization
phase on audio-text retrieval using AudioCaps and ClothoV2, considering both retrieval
directions: audio-to-text and text-to-audio, and in zero-shot classification on ESC-50 and
UrbanSounds8K.

The results show that, as expected, the learning rate had a strong impact on both
retrieval and classification performance. The largest learning rate, 5 x 10~*, generally
produced weak results across experiments. For instance, with CED, the AudioCaps audio-
to-text R@Avg reached only 23.66%, 26.66%, and 15.07% for weight decay values
of 107°, 104, and 1072, respectively. These values are substantially lower than the
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AudioCaps | ClothoV2
Audio-to-Text ‘ Text-to-Audio ‘ Audio-to-Text ‘ Text-to-Audio
Encoder MaxLR WD R@1 R@5 R@10 R@Avg | R@l R@5 R@10 R@Avg| R@l R@5 R@10 R@Avg| R@l R@5 R@I0 R@Avg

CED 5x107% 107®  7.65 25.53 37.80 23.66 | 6.79 2256 3523 2153 | 325 947 1426 9.00 | 222 8.69 1424 8.38
CED 5x107% 107% 922 2880 41.96 26.66 | 6.97 2531 3890 2373 | 325 1033 1646 10.02 | 258 926 1537 9.07
CED 5x107% 1072 506 1620 23.96 15.07 | 434 13.84 2220 1346 | 1.72 679 11.77 6.76 | 142 656 10.53 6.17
CED 5x107° 107 43.76 77.05 87.63 69.48 | 35.64 71.72 84.75 64.03 | 16.94 36.65 48.33 33.97 1198 29.67 41.34 27.66
CED 5x107% 107 3532 6749 79.87 60.89 | 28.26 61.35 76.60 5540 | 11.00 28.52 38.47 26.00 | 7.71 2243 3290 21.01
CED 5x107° 1072 596 15.64 24.52 1537 | 423 14.65 23.69 1419 | 182 584 995 587 | L11 519 9.03 5.11
CED 5x107% 107 40.72 71.20 84.70 65.54 | 33.25 69.09 83.06 61.80 | 14.45 33.01 43.64 30.37 | 11.83 30.74 43.18 28.58
CED 5x107% 107 37.12 68.39 8178 6243 | 3026 6425 79.98 58.16 | 1598 31.67 4249 30.05 | 11.37 2993 4144 27.58
CED 5x107% 1072 1046 2722 38.13 2527 | 7.94 2445 3678 23.06 | 3.83 1033 16.46 1021 | 2.64 972 1531 9.22

HTS-AT 5x107% 10°° 0.11 045 1.24 0.60 | 0.07 054 1.08 056 | 0.10 0.29 0.77 038 | 0.10 034 077 0.40
HTS-AT 5x107% 107* 0.1 0.56 1.01 056 | 0.09 054 094 052 0.10 048 0.96 051 0.13 046 0.90 0.50
HTS-AT 5x107* 1072 270 10.12 16.76 9.86 | 2.63 956 15.59 926 | 124 4.02 7.08 4.11| 094 371 7.12 3.92
HTS-AT 5x107 107° 23.73 54.11 69.52 49.12 | 20.09 49.65 65.51 4508 | 8.80 23.06 34.93 22.26 | 6.68 20.06 30.33 19.02
HTS-AT 5x 107> 107 20.36 50.06 65.35 45.26 | 18.31 47.72 62.59 42.87 | 6.70 19.33 27.56 17.86 | 5.51 1843 27.29 17.08
HTS-AT 5x 107 1072 450 16.09 23.96 1485 | 488 17.82 27.29 16.66 | 144 536 9.86 555| 1.80 653 1152 6.62
HTS-AT 5x107° 107° 10.62 31.65 45.49 2925 | 2.61 10.69 1822 10.51 | 574 1464 2191 14.10 | 394 1290 19.64 12.16
HTS-AT 5x107° 107* 11.25 3244 45.65 29.78 | 256 11.11 18.83 10.83 | 4.59 1215 20.00 1225 | 346 12.80 20.00 12.09
HTS-AT 5x10°° 102 1282 31.83 47.02 30.56 | 10.62 31.65 45.49 2925 | 077 2.87 5.74 313 | 078 333 6.07 3.39

BEATs 5x107* 107° 641 20.13 29.92 18.82 | 472 1831 29.76 17.60 | 297 890 13.97 8.61 | 176 7.10 12.92 7.26
BEATs 5x107% 107* 0.1 045 1.35 0.64 | 0.04 029 0.65 033] 0.19 048 0.96 0.54| 0.04 042 0.75 0.40
BEATs 5x107% 1072 427 1327 2227 1327 | 396 12.04 1948 11.83 | 153 6.03 1033 596 | 132 534 9.70 545
BEATs 5x107° 100 4342 7649 86.50 68.80 36.56 71.41 84.03 64.00 | 1531 34.16 47.56 32.34| 953 2565 36.31 23.83
BEATs 5x 107> 107 3420 65.69 79.98 59.96 | 28.03 60.52 76.22 5492 1 10.72 28.61 39.62 2632 | 7.56 2224 3254 20.78
BEATs 5x 107 1072 450 1215 21.82 1282 | 4.16 1370 2232 1339 | 134 517 9.00 517 | 197 6.05 9.82 5.95
BEATs 5x107°° 107 40.16 73.00 83.91 65.69 | 34.08 68.59 82.59 61.75 | 1598 32.92 43.83 3091 | 11.94 29.84 42.56 28.11
BEATs 5x107° 107* 37.57 70.53 82.90 63.67 | 33.41 68.14 81.64 61.06 | 13.59 3330 44.50 30.46 | 11.48 29.67 4145 27.53
BEATs 5x107° 1072 1.69 5.06 7.65 480 | 2.09 695 1249 718 | 077 392 5.17 329 | 088 419 7.66 4.24

Table 5.13: Retrieval task results for the first PALMA ablation
stage, evaluated on AudioCaps and ClothoV2 across
Audio-to-Text and Text-to-Audio retrieval. LR denotes
learning rate, and WD denotes weight decay. Bold
values indicate the best configuration for each en-
coder and metric, while underlined values indicate the
second-best configuration for the same encoder and
metric. Values highlighted in blue indicate the best
overall result for each metric.

69.48% obtained with learning rate 5 x 10~ and weight decay 1079, corresponding to
drops of 45.82, 42.82, and 54.41 pp, respectively. A similar pattern appears for BEATS,
where the same high learning rate produced AudioCaps audio-to-text R@Avg of 18.82%,
0.64%, and 13.27%, while the intermediate learning rate with weight decay 10~ reached
68.80 pp.

This behavior was even more evident for HTS-AT. With a learning rate of
5 x 10™* on the AudioCaps dataset for audio-to-text retrieval, the configuration achieved
R@Avg scores of 0.60% and 0.56%. Even the best configuration at this learning rate,
with weight decay of 1072, achieved only 9.86% R@Avg. In contrast, reducing the
learning rate to 5 x 107 increased the same metric to 49.12% with weight decay 107°,
an improvement of 48.52 pp over the corresponding 5 x 10~% and 1076 configuration.
The same tendency appears in classification, where HTS-AT reached 1.55%, 2.00%, and
11.30% accuracy on ESC-50, and 10.35,4.83 and 21.41 pp on UrbanSounds with learning
rate 5 x 1074, while configurations with 5 x 10~° reached 42.90% and 43.95%.

A possible explanation for this behavior is the difference in how the text encoder

is handled across frameworks. In CACARA, the text encoder is frozen and serves as a
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Encoder LR WD Classification
ESC-50 UrbanSound8K
5%x107% 107% 2725 41.19
5%107% 10°%  26.65 38.36
5%x107% 1072 15.95 21.98
) 5%107° 10°°  73.70 67.16
5 51075 1074 60.70 65.09
51075 1072 15.40 18.61
5%107% 1076  73.65 68.94
5%107% 107*  66.25 67.27
5%107% 1072 1755 26.17
5%x107% 107 1.55 10.35
51074 107%  2.00 4.83
51074 1072 11.30 21.47
H
< 5%107° 107%  42.90 59.98
2 5%x1075 1074 43.95 58.73
T 5%1075 1072 18.20 31.96
5%107% 1076 3345 52.54
5%107° 107 36.20 54.41
5107 1072 10.40 24.12
5%107% 10°° 20.10 42.10
5%107% 107*  2.55 10.81
5%x107% 1072  15.15 28.47
5 5%x107% 107¢ 7175 68.34
o 5%107° 107*  61.35 68.72
51075 1072 11.85 27.25
5107 107  69.15 67.63
5%107% 107*  69.00 62.61
5%107% 1072  66.35 64.03

Table 5.14: Classification task results for the first PALMA ablation
stage, evaluated on the ESC-50 and UrbanSound8K
datasets. LR denotes the maximum learning rate, and
WD denotes weight decay. Bold values indicate the
best configuration for each encoder and dataset, while
underlined values indicate the second-best configura-
tion for the same encoder and dataset. Values high-
lighted in blue indicate the best overall mean accu-
racy for each dataset.

fixed multilingual anchor, so optimization focuses on adapting the audio encoder to an
already stable representation space. In the PALMA experiments of this phase, however,
the text encoder is updated together with the audio encoder. Therefore, even if an audio
encoder such as HTS-AT can benefit from higher learning rates in isolation, the joint
optimization of the audio and text encoders may be less stable at high learning rates.
Furthermore, the intermediate learning rate, 5 x 1075, was the most reliable
across the three audio encoders. For CED, this setting with weight decay 10~° achieved
the best AudioCaps audio-to-text R@Avg of 69.48%, the best ClothoV2 audio-to-text
R@Avg of 33.97%, and the best ESC-50 accuracy of 73.70%. For BEATSs, the same
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learning rate and weight decay also produced strong results, with AudioCaps in the
audio-to-text and text-to-audio scenarios. For HTS-AT, this learning rate produced its best
overall retrieval behavior, reaching 49.12% AudioCaps audio-to-text R@ Avg and 45.08%
text-to-audio R @ Avg with weight decay 107°.

The smallest learning rate, 5 x 107, also produced competitive results in several
cases, but its dominance was less consistent. In some scenarios, such as ClothoV2 text-to-
audio results and UrbanSound8K classification, the smaller learning rate was competitive.
Suggesting that the LR of 5 x 10~ might also be a stable option.

Weight decay also had a clear effect on performance. The smallest value, 107°,
was the most consistently effective across learning rates, encoders, and tasks. In most
cases, the best results were obtained when 107® was combined with the intermediate
learning rate 5 x 107>, For example, this combination produced the best or near-best
retrieval results for CED, BEATSs, and HTS-AT on AudioCaps, and also strong results
on ClothoV2 and ESC-50. The intermediate weight decay value, 10~4, was sometimes
competitive but less consistent, while the largest weight decay value, 1072, substantially
degraded performance in most configurations.

The results indicate that the bimodal audio-language setting required a more
moderate learning rate for stable alignment. For this reason, the configuration 5 x 107>

learning rate and 10~ weight decay was adopted for the following experiments.

5.3.3 Text Encoder Selection

The second phase investigated the impact of the multilingual text encoder on
PALMA. While Phase 1 focused on optimizing the audio side of the model, Phase 2
evaluates whether different text encoders produce better alignment when paired with each
audio encoder.

The evaluated text encoders were XLM-RoBERTa, XLLM-RoBERTa from Open-
CLIP, ES Multilingual-Base, LaBSE, and mGTE. These encoders were selected for their
multilingual representation quality, relevance to prior multilingual and multimodal litera-
ture, and performance on text embedding benchmarks such as MTEB [135]. A summary
of these text encoders is presented in Appendix A.4. To maintain computational feasi-
bility and comparability with previous contrastive audio-language models, the selection
prioritized models that were encoder-only, had fewer than one billion parameters, and did
not depend on prompting strategies during inference.

Tables 5.15 and 5.16 present the results obtained by combining each audio
encoder with each text encoder. The retrieval results show that the choice of text encoder
indeed affects cross-modal alignment. For HTS-AT, mGTE produced the best results
across all retrieval directions and datasets, increasing AudioCaps audio-to-text R@ Avg
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Audio-to-Text ‘ Text-to-Audio
AudioCaps
Text Encoder R@l R@5 R@10 R@Avg ‘ R@l R@5 R@10 R@Avg
XLM-RoBERTa 2373 5411 69.52  49.12 | 20.09 49.65 6551 45.08
z XLM-RoBERTa (OpenCLIP) 25.76 58.83 71.65 52.08 |22.16 53.27 67.65 47.69
v» E5 Multilingual-Base 23.96 5433 6997 4942 | 2099 5195 6695 46.63
E LaBSE 25.65 56.69 7199 5144 | 19.96 50.51 6578 4541
mGTE 30.26 58.94 74.58 5459 |23.10 5327 6736 4791
XLM-RoBERTa 4342 7649 86.50 68.80 |36.56 7141 84.03 64.00
& XLM-RoBERTa (OpenCLIP) 47.58 78.40 8796 7132 |37.86 7348 85.69  65.68
ﬁ E5 Multilingual-Base 47.13 78.07 88.64 71.28 |36.99 72.17 84.72 64.63
m LaBSE 43.19 75770 88.08 6899 |3595 71.72 8522 64.30
mGTE 46.79 78.18 88.98  71.32 | 38.27 73.03 8594 65.74
XLM-RoBERTa 4376 77.05 87.63 6948 |3564 71.72 8475 64.03
A XLM-RoBERTa (OpenCLIP) 44.88 77.28 87.74 6997 | 36.33 7298 85.15 64.82
m  E5 Multilingual-Base 47.69 78.07 89.88 71.88 | 36.63 7273 8540 64.92
“ LaBSE 44.54 79.87 89.20 71.20 | 37.57 73.25 84.50 65.11
mGTE 4691 78.40 89.09 7147 |38.76 73.77 8578  66.10
ClothoV2
Text Encoder R@l R@5 R@10 R@Avg | R@l R@5 R@10 R@Avg
XLM-RoBERTa 8.80 23.06 3493 2226 | 6.68 20.06 30.33 19.02
2 XLM-RoBERTa (OpenCLIP) 10.33 24.88 36.08 23.76 | 7.27 22.07 32.88 20.74
v» E5 Multilingual-Base 947 2498 36.84 2376 | 6.72 21.86 32.11 20.23
E LaBSE 928 2469 36.17 2338 | 6.85 20.21 3083 19.30
mGTE 10.62 28.52 38.47 25.87 | 7.94 23.18 3319 21.44
XLM-RoBERTa 1531 34.16 4756 3234 | 9.53 2565 3631 23.83
& XLM-RoBERTa (OpenCLIP) 1598 3493 4890 33.27 | 9.86 26.03 36.75 24.21
é E5 Multilingual-Base 1598 3493 4890 3327 | 9.86 26.03 36.75 2421
m LaBSE 18.28 37.51 48.23  34.67 | 1043 27.18 37.78 25.13
mGTE 17.61 38.56 51.39 35.85 | 10.74 2833 39.62 26.23
XLM-RoBERTa 16.94 36.65 4833 3397 | 1198 29.67 4134 27.66
A XLM-RoBERTa (OpenCLIP) 1598 37.51 5091 3480 | 11.08 28.50 39.64 2641
m  E5 Multilingual-Base 1636 38.76 50.53 3522 | 1047 27.81 39.06 25.78
© LaBSE 17.51 37.22 50.33  35.02 | 11.85 29.05 40.69 27.20
mGTE 16.84 3943 51.67 3598 | 11.67 29.84 4191 27.81

Table 5.15: Recall@k results for Audio-to-Text and Text-to-Audio
retrieval on AudioCaps and ClothoV2 across all au-
dio and text encoder combinations. Bold values indi-
cate the best configuration within each audio encoder
for each metric, while underlined values indicate the
second-best configuration within the same audio en-
coder. Values highlighted in blue indicate the best
overall result for each metric across all configurations.

from 49.12% with XLM-RoBERTa to 54.59%, and ClothoV2 audio-to-text R@ Avg from

22.26% to 25.87%. Suggesting that even when the audio encoder is less competitive, a

stronger multilingual text encoder can improve the quality of the shared embedding space.
For BEATS, the strongest retrieval results were obtained with XLM-RoBERTa
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Accuracy (%)

Text Encoder ESC-50 UrbanSoundSK

XLM-RoBERTa 42.90 59.98
z XLM-RoBERTa (OpenCLIP)  49.35 61.69
v» ES5 Multilingual-Base 48.85 62.57
= LaBSE 43.20 61.14
mGTE 44.80 61.76
XLM-RoBERTa 71.75 68.34
& XLM-RoBERTa (OpenCLIP)  78.85 72.56
é E5 Multilingual-Base 76.75 71.22
m LaBSE 73.20 62.07
mGTE 76.00 64.04
XLM-RoBERTa 73.70 67.16
A XLM-RoBERTa (OpenCLIP)  72.40 69.57
m ES5 Multilingual-Base 68.60 68.58
“ LaBSE 78.65 64.22
mGTE 67.15 64.61

Table 5.16: Classification accuracy for different audio—text en-
coder pairings on ESC-50 and UrbanSoundSK. Bold
values indicate the best configuration within each au-
dio encoder for each dataset, while underlined values
indicate the second-best configuration within the same
audio encoder. Values highlighted in blue indicate the
best overall result for each dataset across all configu-
rations.

from OpenCLIP, E5 Multilingual-Base, and mGTE. On AudioCaps audio-to-text re-
trieval, BEATs with XLM-RoBERTa from OpenCLIP and BEATs with mGTE both
reached R@Avg of 71.32%, while ES Multilingual-Base obtained a very close R@Avg
of 71.28%. In text-to-audio retrieval, BEATs with mGTE achieved the best result, with
R@Avg of 65.74%. On ClothoV2, mGTE was also the strongest pairing for BEATS,
reaching R@ Avg of 35.85% for audio-to-text and 26.23% for text-to-audio retrieval.

For CED, the results show that the best text encoder depends slightly on the
dataset and retrieval direction, but mGTE and E5 Multilingual-Base are the most con-
sistent choices. On AudioCaps audio-to-text retrieval, CED with ES Multilingual-Base
obtained the best overall R@Avg of 71.88%, while CED with mGTE achieved a close
R@Avg of 71.47%. However, in AudioCaps text-to-audio retrieval, CED with mGTE
achieved the best overall performance, with R@Avg of 66.10%. On ClothoV2, CED with
mGTE obtained the best overall R@ Avg in both retrieval directions, reaching 35.98% for
audio-to-text and 27.81% for text-to-audio.

These results suggest that CED and mGTE form the most balanced configura-
tion for retrieval. Although CED with E5 Multilingual-Base achieved the highest Audio-



5.3 PALMA 131

Caps audio-to-text R@Avg, CED with mGTE was more consistent across datasets and
retrieval directions.

The classification results reveal a different pattern. In zero-shot classification,
the best overall results were obtained by BEATs with XLLM-RoBERTa from OpenCLIP,
which achieved 78.85% accuracy on ESC-50 and 72.56% on UrbanSound8K. CED
also obtained strong classification results, especially with LaBSE on ESC-50, reaching
78.65%. However, the CED + mGTE configuration, which was the most consistent in
retrieval, did not obtain the highest classification accuracy. This difference suggests that
encoder compatibility may depend on the target task, with some audio-text pairings being
more effective for fine-grained retrieval, while others may be better suited for zero-
shot classification.

Therefore, considering retrieval performance consistency and multilingual align-
ment rather than isolated classification accuracy, CED with mGTE was selected as the

main configuration for the following experiments.

5.3.4 Locked Audio Pretraining and Sigmoid Loss

The third stage investigates whether training strategies adapted from the vision-
language literature could improve PALMA’s performance-efficiency trade-off. In partic-
ular, we evaluated two strategies: Locked Audio Pretraining (LaT) and the Sigmoid loss
used in SigLIP. LaT is inspired by Locked-image Tuning (LiT) [217], but adapted to
the audio-language setting by freezing the pretrained audio encoder and training the text
encoder and projection layers. In this setting, the audio encoder works like a fixed pre-
trained acoustic backbone, while the text side learns to align with its representation space.
SigLIP [216], in turn, replaces the standard softmax-based contrastive loss with a pairwise
sigmoid objective.

The motivation for this phase was twofold. First, since one of PALMA’s central
goals is efficiency, freezing the audio encoder could reduce the number of trainable pa-
rameters while preserving the structure of the pretrained acoustic representation. Second,
since sigmoid-based contrastive learning has shown promising results in vision-language
pretraining [17, 187,193,216], we investigated whether this objective could also transfer
to audio-language alignment. For this reason, we evaluated four configurations for BEAT's
and CED using mGTE as the text encoder: the standard mGTE configuration, mGTE +
LaT, mGTE + SigLIP, and mGTE + LaT + SigLIP. Each configuration was trained across
three independent runs to account for variance. Tables 5.17 and 5.18 report the mean and
standard deviation (std) across runs.

Table 5.17 shows that the standard fully fine-tuned configuration (mGTE) re-

mains the strongest option for retrieval in different settings. For CED, the standard mGTE
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Audio-to-Text ‘ Text-to-Audio
AudioCaps
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
" mGTE 47.58 +085 78.93 +066 89.28 052 71.93 +053 | 38.41 +015 73.39 4083 85.92 +035 65.90 +037
é‘ mGTE + LaT 45.18 +108  77.50 +063 88.64 059 70.44 +067 | 33.85 +028 68.98 +097 82.52 +022 61.78 +035
E mGTE + SigLiP 48.07 026 78.59 +o081 88.79 +083 71.82 +044 | 38.83 t0s0 73.96 +034 85.71 x024 66.17 =031
mGTE + LaT + SigLiP  46.08 072 7822 +102 88.86 012 71.05 055 | 34.03 037 68.99 021 82.89 038 61.97 0.8
mGTE 47.47 +056  79.49 +095 89.77 +063 7224 +067 38.88 1044 7413 1040 86.17 +034 66.39 +0.26
A mGTE + LaT 46.42 +0s2 78.37 028 89.91 +037 71.57 +041 | 36.41 +074 7299 +075 85.62 +061 65.01 063
8 mGTE + SigLiP 46.08 113 78.93 096 89.87 1089 71.63 +046 | 38.06 027 74.07 +013 85.53 039 65.89 +o0.8
mGTE + LaT + SigLiP  47.47 £107 78.78 +101 89.46 032 71.91 +041 | 36.96 +037 72.61 039 85.58 027 65.05 xo0.11
ClothoV2
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
" mGTE 18.18 +058 38.72 +130 51.74 +o045 36.22 1052 | 11.22 +058 28.40 +0.10 40.15 +057 26.59 032
é‘ mGTE + LaT 16.17 +069 3691 121 49.57 +163 34.22 +1.13 | 10.27 016  26.90 027 37.98 +062 25.05 +0.32
E mGTE + SigLiP 17.99 073 3891 +136 51.74 105 36.22 +063 | 11.60 +0.3 30.28 027 42.60 =076 28.16 =027
mGTE + LaT + SigLiP  16.27 o016 35.57 x065 48.87 093 33.57 +042 | 10.55 056 27.20 065 38.31 =103 25.36 074
mGTE 17.26 +080 39.65 +047 52.60 +101 36.50 +o074 | 12.17 1045 30.02 +0.18 42.22 +027 28.14 +029
A mGTE + LaT 16.55 +035 37.73 083 50.27 +0s0 34.85 +053 | 10.90 +067 28.41 059 40.33 +086 26.55 +0.60
8 mGTE + SigLiP 17.67 036 38.82 1102 51.32 £144 3594 1093 12.50 027 31.50 +106 44.05 2094 29.35 +074
mGTE + LaT + SigLiP  17.42 +o0s59 38.85 +067 52.44 134 36.24 +047 ‘ 11.52 049 30.41 +091 42.43 074 28.12 +0.69

Table 5.17: Recall@k results for Audio-to-Text and Text-to-Audio

retrieval on AudioCaps and ClothoV2 across PALMA
configurations. Values are reported as mean =+ stan-
dard deviation. Bold values indicate the best configu-
ration within each audio encoder for each metric and
dataset, while underlined values indicate the second-
best configuration within the same audio encoder. Val-
ues highlighted in blue indicate the best overall result
for each metric and dataset.

Accuracy (%)

Configuration
ESC-50  UrbanSound8K
mGTE 70.35 +6.73 66.52 +3.79
& mGTE + LaT 7198 146 64.85 -+ 105
Eal mGTE + SigLiP 77.92 + 263 68.28 +3.11
mGTE + LaT + SigLiP  72.47 + 153 65.88 +1.79
mGTE 71.02 +3.42 67.45 +253
A mGTE + LaT 80.17 +0.58 70.80 + 434
& mGTE + SigLiP 7530 15 65.71 +493
mGTE + LaT + SigliP  80.95 +0.57 68.26 +1.23

Table 5.18: Classification accuracy on ESC-50 and Urban-

SoundS8K across PALMA configurations. Values are re-
ported as mean + standard deviation. Bold values in-
dicate the best configuration within each audio en-
coder for each dataset, while underlined values indi-
cate the second-best configuration within the same au-
dio encoder. Values highlighted in blue indicate the
best overall result for each dataset.
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configuration achieved the best AudioCaps retrieval results, reaching R@ Avg of 72.24%
for audio-to-text and 66.39% for text-to-audio. When LaT was applied, these values de-
creased to 71.57% and 65.01%, corresponding to reductions of only 0.67 pp and 1.38
pp, respectively. On ClothoV2, the effect of LaT was more visible. For CED, audio-to-
text R@Avg decreased from 36.50% to 34.85%, while text-to-audio R@ Avg decreased
from 28.14% to 26.55%. This indicates that freezing the audio encoder might introduce
a small degradation, but does not strongly damage the cross-modal alignment learned by
the model.

The results obtained with SigLIP were competitive in some cases, but less
consistent across tasks. For example, with CED, SigLIP achieved the best ClothoV2 text-
to-audio R@Avg, reaching 29.35%, which is 1.21 pp higher than the standard mGTE
configuration. However, this advantage did not generalize to AudioCaps, where SigLIP
remained below the standard configuration in both retrieval directions. A similar pattern
appears for BEATSs: SigLLIP improved some text-to-audio results, especially on ClothoV2,
but did not consistently improve all datasets and directions. Therefore, although Sigmoid-
based alignment appears useful in specific retrieval settings, it did not provide the most
stable overall trade-off.

The combination of LaT and SigLIP also did not produce consistent retrieval
gains. In most cases, adding SigLIP to LaT did not recover the small performance lost
by freezing the audio encoder. This behavior suggests that, under the current PALMA
setup, the Sigmoid loss and LaT mechanisms do not act as complementary improvements
for retrieval. Instead, the combined configuration often performed worse than either the
standard fully fine-tuned model or the SigL.IP-only configuration.

The classification results in Table 5.18, however, show a different tendency.
For CED, LaT substantially improved zero-shot classification. On ESC-50, CED +
mGTE increased from 71.02% to 80.17% with LaT, an improvement of 9.15 pp. On
UrbanSound8K, the same configuration improved from 67.45% to 70.80%, corresponding
to a gain of 3.35 pp. This result suggests that freezing the audio encoder helps preserve
class-discriminative acoustic information learned during pretraining, which is particularly
useful for zero-shot classification.

SigLIP also improved some classification results, especially for BEATs. How-
ever, for the selected CED + mGTE configuration, SigL.IP did not outperform LaT. CED
+ mGTE + SigLIP reached 75.30% on ESC-50 and 65.71% on UrbanSound8K, both be-
low the LaT configuration. The combination of LaT and SigLIP achieved the best ESC-50
result, with 80.95%, but it did not improve UrbanSound8K over LaT alone and did not
improve retrieval consistently.

One possible explanation for the lack of consistent gains from the sigmoid

loss is that the PALMA experimental setting differs substantially from the large-scale
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vision-language scenarios in which SigLIP has shown stronger benefits [187, 216]. In
the original vision-language setting, sigmoid-based contrastive learning is evaluated with
very large training corpora, often involving billions of image-text pairs, and batch sizes
reaching tens of thousands of samples. In contrast, PALMA is trained under a more
constrained audio-language setup, with fewer paired examples and substantially smaller
batch sizes. Therefore, we hypothesize that this experimental regime may not fully exploit
the scalability advantages of the sigmoid objective, limiting its impact when compared
with the gains reported in large-scale vision-language pretraining.

Additionally, LaT may not fully exploit the fine-grained acoustic information
required for successful audio-language retrieval [169]. By freezing the audio encoder, the
model preserves the broad acoustic and class-discriminative knowledge already encoded
during pretraining, which can explain its strong performance in zero-shot classification.
However, this same constraint may limit the model’s ability to adapt to more detailed
audio-language correspondences, such as temporal events, subtle sound attributes, or
more complex acoustic scenes. This could help explain why LaT improves classification
but does not consistently improve retrieval, and why its benefits are less pronounced than
those reported for its vision-language counterpart.

Overall, full fine-tuning remains stronger for retrieval, especially on ClothoV2,
where the audio encoder model benefits from having a more fine-grained representation.
However, LaT provides a more favorable performance-efficiency trade-off. It introduces
only a small degradation in retrieval performance, substantially improves zero-shot clas-
sification, and reduces training cost by freezing the pretrained audio encoder. Since effi-
ciency is one of PALMA’s main goals, CED + mGTE + LaT was selected as the basis for
the following experiments.

5.3.5 Mixture-of-Layers (MoL)

The fourth phase evaluated the proposed Mixture-of-Layers (MoL) strategy,
as shown in Figure 5.10. The motivation for this stage was to investigate whether
relying only on the final encoder layer is sufficient to obtain a strong representation for
audio-language alignment, or whether intermediate layers can provide complementary
information that is discarded when only the last layer is used. This question is motivated
by a growing body of evidence in different domains showing that the most useful
representations are not always located at the end of the network. Details about the
implementation of the different variations of MoL is presented in Appendix F.

In speech representation learning, layer-wise analyses of SSL speech models
have shown that different encoder layers encode distinct types of information, including
acoustic, phonetic, and semantic cues [145, 146, 170]. These results suggest that the
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Figure 5.10: Representation of the flow of Mixture of Layers
(MoL).

final layer alone may not provide a universally optimal representation for all speech-
related tasks.

A similar trend has been reported in NLP and vision. In language models, layer-
wise studies of BERT [37] and other Transformer-based models indicate that different
layers encode different linguistic and task-specific properties [188]. More recent analyses
further challenge the common assumption that final-layer embeddings are the best option,
showing that intermediate layers can outperform final layers across a range of downstream
embedding tasks [175]. In computer vision, recent work has also shown that the best
visual embeddings may be found inside the network rather than at its output, with
intermediate representations supporting different downstream tasks such as recognition,
visual question answering, and spatial prediction [16].

In the audio-language domain, recent ALMs have also recently started to explore
multi-layer aggregation. For instance, GAMA [63] integrates features from multiple lay-
ers and uses a multi-layer aggregator over AST (Audio Spectrogram Transformers) [69]
model representations to improve audio understanding and reasoning [63]. However, this
line of work focuses on LLM-based audio reasoning and instruction-following models,
rather than contrastive dual-encoder models for audio-text retrieval and zero-shot classi-
fication. Therefore, to the best of our knowledge, the systematic use of a learnable layer
aggregation mechanism for contrastive audio-language alignment remains underexplored.

Based on this motivation, PALMA introduces MoL as a mechanism to aggregate
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representations from multiple encoder layers before projecting them into the shared audio-
text embedding space. Instead of treating the final layer as the only source of information,
MoL allows the model to learn how much each layer should contribute to the final
representation. We hypothesize that by combining information across layers, MoL might
produce a richer and more flexible acoustic representation for multimodal alignment.
The MoL mechanism operates over the hidden states produced by multiple
encoder layers. Given a set of hidden states from different layers of an encoder, MoL
aggregates information across the layer dimension before projecting it into the shared
audio-language space. We evaluated simple aggregation strategies, such as Mean and
Weighted-Sum, as well as gated MoL variants. In the gated variants, a routing network
estimates layer weights conditioned on each input sample. We also evaluated variants that
first refine layer representations using self-attention across layers, followed by either mean
pooling or attentive pooling, denoted as Self-Att + Mean and Self-Att + Att, respectively.
More details on the implementation of each of their variants can be found in Section F.
Results from experiments with MoL configurations are presented in Ta-
bles 5.19, 5.20, 5.21, and 5.22. All models were trained across three runs. We report the
mean and standard deviation across runs. Additional ablations are reported in Tables 5.23

and 5.24. Finally, Tables 5.25 and 5.26 report exploratory augmentation experiments.

Main Mixture-of-Layers Results

Tables 5.19 and 5.20 report the retrieval results for MoL using CED and BEAT's
as audio encoders. The baseline configurations, mGTE and mGTE + LaT, correspond to
models without MoL. The mGTE + MoL configuration applies MoL to the audio encoder
while keeping the audio encoder trainable during contrastive learning. In contrast, mGTE
+ LaT + MoL applies MoL to the audio encoder under the LaT setting, where the audio
backbone is frozen. The mGTE + LaT + Text MoL configuration freezes the audio encoder
and applies MoL to the trainable text encoder, while mGTE + Text MoL applies MoL to
the text encoder when all modules remain trainable.

For CED, MoL produced its most relevant gains when applied selectively. In
the fully fine-tuned branch, mGTE + MoL achieved the best AudioCaps audio-to-text
R@Avg, increasing the mGTE baseline from 72.24% to 72.82%. Although this gain
is modest and remains within the standard deviation range, it suggests that aggregating
multiple audio layers can preserve and exploit useful internal information from the audio
encoder even when the encoder is trainable. On ClothoV2, the same tendency was
slightly more visible, with audio-to-text R@Avg increasing from 36.50% to 37.16%,
corresponding to a gain of 0.66 pp. The best text-to-audio configuration also improved
from 28.14% to 28.69%.
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Audio-to-Text ‘ Text-to-Audio
AudioCaps
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
Baseline
mGTE 4747 +£0.56  7949+095 89.77+0.63 7224+0.67 | 38.88+044 74.13+040 86.17 £0.34 66.39 £+ 0.26
mGTE + LaT 4642 +0.82 7837+0.28 8991 +0.37 71.57+041 | 3641+£0.74 7299+0.75 85.62+0.61 6501 £0.63
mGTE + LaT + MoL
Mean 4597 +0.94 7758 +1.09 8792+ 1.13 7049 +0.55 | 3452+0.38 71.08+0.21 84714048 63.44+0.25
Weighted-Sum 4649 +£0.80 7863+ 125 8894+028 71.35+031 | 36.00+0.69 72.01+0.39 8541+033 6447 +0.46
Self-Att + Mean 4743 +0.86 79.91+0.96 89.91+0.94 72.42+0.87 | 36.51+0.31 72.67+0.51 8516+0.09 64.78 +£0.26
Self-Att + Att 46.12+0.74 7942+ 124 89.57+023 7170+ 0.67 | 36.36+0.50 72.59+0.38 85.85+0.41 64.93 £ 0.09
mGTE + MoL
a Mean 46.61 £0.90 79.61+0.75 90.10+0.41 7211 +0.59 | 37.77+ 040 7351+0.59 8589+0.12 6573 +0.19
8 Weighted-Sum 47.09 +1.89 80.91+1.02 89.88+1.10 72.63+131 | 37.65+0.54 7344+0.73 8572+£0.07 65.60 £ 0.40
Self-Att + Mean 46.30+0.90 7855+0.96 90.14+0.72 71.67+0.74 | 38.08+0.63 73.54+0.78 86.02+ 025 6588 +0.54
Self-Att + Att 46.79 +2.44 80.61 +1.25 91.04+0.80 72.82-+0.86 | 38.22+0.27 73.77+0.06 86.14+0.55 66.04 + 0.24
mGTE + LaT + Text MoL
Mean 46.60 £ 046  79.83+£0.69 89.50+0.28 7198 £0.42 | 36.67+0.58 72.07+0.03 8547+039 64.73+£0.16
Weighted-Sum 4638 +£1.29 7886+ 1.07 89.61+125 71.61+£0.79 | 36.73+0.29 7240+0.76 8529+043 64.81 £0.46
Self-Att + Mean 48.48 +143 79.53+0.39 89.80+0.85 72.60+0.24 | 37.33+0.51 7250+0.09 8524+045 65.02+0.26
Self-Att + Att 48.03 +1.87  79.19+0.56  90.33+0.68 72.52+0.90 | 37.65+1.05 72.65+0.21 8548-+0.38 6526 + 0.52
mGTE + Text MoL
Mean 4672 +1.89  80.02+0.97 90.33+0.00 72354095 | 38.12+045 73.53+0.38 8576+0.06 6580+ 0.07
Weighted-Sum 4672 +£1.79 7979 +£0.23  89.84+0.13  72.12+0.57 | 37.94+0.28 73.80+0.32 8582+0.13 65.85 £ 0.06
Self-Att + Mean 47.92+0.59 79.53+£0.79  90.36 +£0.52  72.61 +0.55 | 39.00+0.71 74.23+0.42 86.10-0.19 66.44 £ 0.43
Self-Att + Att 4646 £3.10 7927+0.77 8976 £122 7183 +156 | 38.65+0.15 74.01+0.34 8586+036 66.17 +0.26
ClothoV2
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
Baseline
mGTE 1726 £0.80  39.65+0.47 52.60+1.01 3650074 | 1217+ 045 30.02+0.18 4222+027 28.14 £0.29
mGTE + LaT 16.55+0.35 37.73+£0.83 5027 £0.80 34.85+0.53 | 10.90+£0.67 28.41+059 4033+0.86 26.55+ 0.60
mGTE + LaT + MoL
Mean 1640 £0.34 3627+ 1.26 48874048 33.84+£047 | 11.06+048 29304031 4171 +£031 27.35+0.36
Weighted-Sum 1675+ 0.63  37.99+2.23 50.72+125 3515+133 | 11.88+0.76 29.92+1.10 41.93+1.15 27.91+0.99
Self-Att + Mean 17.58 £1.17 37.10£0.80 50.53+0.86 3507+0.73 | 11.20£0.40 29.75+0.88 41.53+0.30 2749 +0.51
Self-Att + Att 18.08 £ 0.53 37.51+1.69 50.59 +2.03 3540+1.29 | 11.51+035 30.02+1.03 41.93+1.22 27.82+0.82
mGTE + MoL
a Mean 1828 £ 1.06 40.45+0.87 52.76 + 045 37.16+0.62 | 11.62+0.76 30.25+ 1.56 42.53+1.92 28.13 + 1.40
("‘j Weighted-Sum 17.67+0.39 3927 +082 51.77+1.26 3623+0.36 | 11.45+1.04 30.05+1.44 4238+1.06 27.96+1.16
Self-Att + Mean 1758 £ 091 3888 +0.53 51.61 £1.63 36.02+£0.96 | 12.07+0.48 30.69 +0.72 43.29 +0.55 28.69 £ 0.52
Self-Att + Att 17.73 +0.64 3898 +£0.31 51.90+0.81 3620+045 | 11.50+0.43 2945+0.89 41.37+0.83 2744+ 0.61
mGTE + LaT + Text MoL
Mean 1697 £0.97 38.08+1.35 5098+0.77 3534+036 | 11.53+0.46 29.87+0.72 41.76 +0.90 27.72 + 0.64
Weighted-Sum 1694 £0.58 3796+123 5148+1.16 3546098 | 11.07+0.28 29.13+0.39 41.05+035 27.09 £ 0.32
Self-Att + Mean 18.25+0.36  37.93+047 50.94+0.87 35714+0.20 | 11.07+£0.16 28.84+0.78 40.59+0.08 26.83 +0.28
Self-Att + Att 1678 £0.90  38.05+0.78 51.61 +0.15 3548+043 | 11.52+0.29 2940+0.35 41.26+0.72 27.39 +0.37
mGTE + Text MoL
Mean 1748 £0.20 3876+ 1.16 52.03+0.46 36.09-+034 | 11.85+1.11 3032+ 1.33 4242+190 2820+ 1.44
Weighted-Sum 17.45+034 3895+1.76 51.87+1.17 36.09+0.86 | 11.65+£0.70 30.74 £0.74 43.26 +£ 0.91 28.55 + 0.78
Self-Att + Mean 18.12+£0.43 3879+ 1.52 52.47+0.64 3646+0.54 | 11.46+0.35 29.50+0.61 41.79+0.94 27.58 +0.61
Self-Att + Att 1792 +1.58 3828 +1.24 51.87+1.80 36.02+151 | 11.87+0.24 30.67+0.53  42.67 +0.58  28.40 + 0.39

Table 5.19: Recall@k results for Audio-to-Text and Text-to-Audio
retrieval on AudioCaps and ClothoV2 for PALMA con-
figurations using the CED audio encoder. Values are
grouped according to the main configuration family
and reported as mean + standard deviation. Bold val-
ues indicate the best result within each configuration
family, while underlined values indicate the second-
best result within the same family. Values highlighted
in blue indicate the best overall result for each metric
and dataset among the reported CED configurations.

The BEATS results show a similar, but less favorable, pattern for the locked-
audio setting. With BEATSs, the mGTE baseline reached 71.93% audio-to-text R@ Avg
on AudioCaps, while mGTE + LaT decreased this value to 70.44%. Adding MoL to
the locked-audio branch partially recovered performance, with the best mGTE + LaT +
MoL configuration reaching 70.97%. However, the fully fine-tuned mGTE + MoL branch
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Audio-to-Text ‘ Text-to-Audio
AudioCaps
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
Baseline
mGTE 4758 +£0.85 7893+0.66 8928 +0.52 71.93+0.53 | 3841+0.15 7339+0.83 85924035 6590+0.37
mGTE + LaT 45.18 £1.08  77.50 £0.63 88.64 £0.59 70.44 +£0.67 | 33.85+0.28 6898 +0.97 8252+022 61.78£0.35
mGTE + LaT + MoL
Mean 4271 +1.63 7750+0.85 8827 +023 69.49+0.82 | 31.97+0.60 67.05+0.43 81.69+043 6024 +0.48
Weighted-Sum 4451 +145 7750+0.12 88.49+0.75 70.17+0.46 | 32.83+0.31 68.68+043 8248+0.50 61.33+0.22
Self-Att + Mean 4593 +1.19 78.03+0.75 88.12+0.45 70.69 +0.56 | 33.59+0.38 68.76+0.53 82.65+0.13 61.66 + 0.26
Self-Att + Att 46.76 +0.72  78.10 £0.77 88.04+126 70.97+0.83 | 33.40+0.56 68.80+0.12 82.90+0.10 61.70 £ 0.17
mGTE + MoL
& Mean 48.52+0.96 80.35+0.72 89.47+0.90 7278+ 0.41 | 3848+0.20 73.60+0.51 85624022 6590+ 031
E Weighted-Sum 47.88 £ 1.04 79.64+0.30 8932+1.07 72284038 | 3840+045 73.78+0.68 85.68+0.92 6595+ 029
A Self-Att + Mean 47.92+1.68 7923+0.36 89.99+1.19 72384095 | 39.01+0.12 73.98+0.38 86.16+0.38 66.38 + 0.22
Self-Att + Att 4691 +1.62  79.01+1.23 88.64+097 71.52+046 | 3827+0.21 74.05+0.26 8579-+036 66.03 +0.20
mGTE + LaT + Text MoL
Mean 4462+ 1.65 7810+1.02 88.60+0.45 70.44+0.55 | 33.83+£0.29 69.09+0.25 8245+041 61.79+£0.19
Weighted-Sum 4454 +1.76 7807 +195 88304045 7031+124 | 33.74+0.33 6883+046 8229+024 61.62+024
Self-Att + Mean 4496 +£1.02  7747+1.24 8721+047 69.88+0.64 | 33.75+0.28 69.10+0.43 8276+ 041 61.87 +£0.33
Self-Att + Att 4544 +£0.79 7690+ 137 8826+0.91 7020+£0.97 | 33.79+0.80 69.28+0.50 82.88+0.22 61.98 + 0.45
mGTE + Text MoL
Mean 4732+ 1.17  79.83+0.62 90.25+0.80 7247 +0.62 | 38.75+0.80 74.12+0.35 8590+023 66.25 + 0.45
Weighted-Sum 46.31 £ 1.83 7829+1.07 8849+0.07 71.03+047 | 3822+0.18 7336+0.22 8550+0.16 65.69 £ 0.05
Self-Att + Mean 4740 £040 79.04 £0.64 8931 +0.68 71914045 | 38.80+0.20 73.64+0.21 8599+0.09 66.14 + 0.09
Self-Att + Att 47.81 +£1.76 79.15+1.32 8946+0.34 72.14+0.54 | 3841+043 74.01+041 8633+0.52 66.25+ 0.43
ClothoV2
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
Baseline
mGTE 18.18 £ 0.58 3872+ 130 51.74+045 3622+£052 | 11.224+0.58 2840+0.10 40.15+0.57 2659 £0.32
mGTE + LaT 16.17 £0.69 3691 £1.21 4957 £1.63 3422+ 1.13 | 1027+£0.16 2690+027 3798+0.62 25.05+0.32
mGTE + LaT + MoL
Mean 1588 £ 042 37.45+0.95 5021+0.92 3451 +£0.65 | 1047 +0.30 27444022 39.12+0.32 25.68 +0.08
Weighted-Sum 16.36 £0.75 3646+ 044 49.06+0.69 33.96+0.14 | 1024+0.51 2658 +0.33 37.92+028 2491 +£0.32
Self-Att + Mean 1630+ 045 37.10£0.62 49.92+0.63 3444+0.55 | 10.83+0.23 27.60 +£0.62 38.82+0.36 25.75+ 0.36
Self-Att + Att 16.49 £ 045 36.53+0.56 4896+0.77 33.99+0.24 | 1025+023 26.84+0.82 37.93+0.75 25.01+0.58
mGTE + MoL
= Mean 18.41 £0.68 37.22+0.35 51.74+0.68 35794040 | 11.02+0.35 28.84+0.63 4096+ 0.27 2694 + 0.41
E Weighted-Sum 16.65+091 3758 £0.53 52.34+048 3552+0.29 | 10.70£0.18 29.02+0.08 41.07 +0.76 26.93 + 0.33
m Self-Att + Mean 1767 £0.98 38.88+0.52 52.03+0.56 36.19-+:0.49 | 11.16+0.84 29.06 +0.95 40.73+0.95 26.98 + 0.91
Self-Att + Att 17.70 +0.17 3774 +0.58 51.26 + 1.34 3557 +0.58 | 1099+ 1.15 2842+ 142 40.04 +1.36 2648 +1.24
mGTE + LaT + Text MoL
Mean 1528 £0.44 3636048 49.79 +£0.52 33.81+0.39 | 10.12+£027 2699 +0.63 3825+ 0.57 2512+ 0.49
Weighted-Sum 1563 £0.11  36.114+0.89 4890+0.10 33.55+029 | 1042+ 0.37 26.64+045 3791+0.62 24.99+0.38
Self-Att + Mean 16.08 £ 0.53 3592+0.72 48.07+0.15 33354+024 | 1035+0.10 26.65+043 37.68+0.70 2490+ 0.38
Self-Att + Att 1563 £0.38 3573+£139 4797 +1.08 33.11+0.77 | 9.94+024 2633+040 37424071 2456+ 044
mGTE + Text MoL
Mean 17.61 £0.19 3844+ 1.11 5056+0.39 3554+£053 | 11.374+0.15 2881 +0.62 4032+0.83 26.83 +0.41
Weighted-Sum 18.76 £ 0.10 3879 £ 0.47 51.74+1.29 3643+045 | 11.78 £ 0.41 29.19+ 1.23 41.07 +0.87 27.35+0.83
Self-Att + Mean 1691 +£1.13  38.59+£0.06 51.00+0.79 3550+0.58 | 11.23+£0.19 28.92+0.35 40.78+0.61 26.98 +0.38
Self-Att + Att 1758 £ 1.39  38.69+1.70 52224261 36.16+1.87 | 11.60+0.18 2925+ 1.22 40.82+0.93 27.23 +£0.77

Table 5.20: Recall@k results for Audio-to-Text and Text-to-Audio
retrieval on AudioCaps and ClothoV2 for PALMA con-
figurations using the BEATs audio encoder. Values are
grouped according to the main configuration family
and reported as mean + standard deviation. Bold val-
ues indicate the best result within each configuration
family, while underlined values indicate the second-
best result within the same family. Values highlighted
in blue indicate the best overall result for each metric
and dataset among the reported BEATs configurations.

remained stronger, reaching 72.78% on AudioCaps. On ClothoV2, BEATS also benefited
more from fully fine-tuned MoL or Text MoL than from locked-audio MoL. This indicates
that, although MoL is useful for both audio encoders, the interaction between LaT and
audio-side aggregation is more favorable for CED than for BEATS.

A complementary pattern appears in the LaT branch for CED. On AudioCaps,
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Classification
Configuration ESC-50  UrbanSound8K

Baseline

mGTE 71.02 +342 67.45 +253

mGTE + LaT 80.17 +0.58 70.80 =434
mGTE + LaT + MoL

Mean 69.25 +9.05 62.15 511

Weighted-Sum 77.02 £130 65.63 =561

Self-Att + Mean 80.37 +1.99 70.29 1711

Self-Att + Att 78.68 +3.76 69.47 188
mGTE + MoL

Mean 71.77 118 67.53 =378

8  Weighted-Sum 6848 187 66.40 =670
© Self-Att + Mean 73321064 69.05 =134

Self-Att + Att 68.50 = 1.90 68.05 =287
mGTE + LaT + Text MoL

Mean 82.22 +237 73.16 = 2.04

Weighted-Sum 82.82 +2.24 70.14 =140

Self-Att + Mean 81.43 +232 69.11 £ 255

Self-Att + Att 80.33 +046 71.57 +1.17
mGTE + Text MoL

Mean 75.85 +1.91 69.17 =295

Weighted-Sum 77.37 + 092 68.72 - 244

Self-Att + Mean 74.60 +1.28 67.15 < 1.04

Self-Att + Att 75.28 +3.66 68.54 +223

Table 5.21: Classification accuracy on ESC-50 and Urban-
Sound8K for PALMA configurations using the CED
audio encoder. The table is filtered to the same con-
figuration families reported in the retrieval analysis.
Values are reported as mean + standard deviation.
Bold values indicate the best result within each con-
figuration family, while underlined values indicate the
second-best result within the same family. Values high-
lighted in blue indicate the best overall result for each
dataset among the reported CED configurations.

CED + mGTE + LaT obtained an audio-to-text R@ Avg of 71.57%, while CED + mGTE
+ LaT + MoL with Self-Att + Mean reached 72.42%. This represents an improvement
of 0.85 pp over LaT alone, recovering part of the retrieval performance lost by locking
the audio encoder. On ClothoV2, the same configuration improved audio-to-text R@ Avg
from 34.85% to 35.07% and text-to-audio R@Avg from 26.55% to 27.49%. These gains
are modest, but they are consistent across MoL variations.

The classification results in Tables 5.21 and 5.22 show that the strongest classifi-
cation configurations are not necessarily the strongest retrieval configurations. For CED,
the best classification results were obtained with LaT + Text MoL, reaching 82.82% on
ESC-50 and 73.16% on UrbanSound8K, compared to simpler aggregation mechanisms
like Mean pooling and Weighted-Sum. For BEATS, the best ESC-50 result was obtained
with mGTE + Text MoL, reaching 77.88%, while the best UrbanSound8K result was ob-
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Classification
Configuration ESC-50  UrbanSound8K
Baseline
mGTE 70.35 +6.73 66.52 +3.79
mGTE + LaT 71.98 +1.46 64.85 +1.05
mGTE + LaT + MoL
Mean 70.75 £ 082 59.99 + 490
Weighted-Sum 66.30 <208 66.69 - 162
Self-Att + Mean 70.07 +030 65.41 413
Self-Att + Att 71.32 1251 66.04 +371
mGTE + MoL
@ Mean 68.53 £ 1.64 70.14 + 396
% Weighted-Sum 70.68 1295 70.68 + 224
B Self-Att+ Mean 7202 4372 65.44 1208
Self-Att + Att 72.33 +4.08 67.70 344
mGTE + LaT + Text MoL
Mean 73.90 +2.70 72.37 322
Weighted-Sum 71.17 +1.73 66.98 =542
Self-Att + Mean 72.70 £0.13 71.05 + 244
Self-Att + Att 73.83 £ 094 67.91 <232
mGTE + Text MoL
Mean 76.90 +1.77 70.64 =046
Weighted-Sum 76.68 -+ o091 68.16 - 448
Self-Att + Mean 77.88 +3.13 70.45 093
Self-Att + Att 75.75 +3.18 72.07 221

Table 5.22: Classification

accuracy on ESC-50

and Urban-

SoundS8K for PALMA configurations using the BEATs
audio encoder. The table is filtered to the same con-
figuration families reported in the retrieval analysis.
Values are reported as mean + standard deviation.
Bold values indicate the best result within each con-
figuration family, while underlined values indicate the
second-best result within the same family. Values high-
lighted in blue indicate the best overall result for each
dataset among the reported BEATs configurations.

tained with mGTE + LaT + Text MoL, reaching 72.37%. These results suggest that text-

side MoL can be effective for zero-shot classification, especially when the task depends

on matching audio embeddings to short class-level prompts.

Layer-Weight Importance Exploration

To better understand the behavior of MoL and provide further insight into

its performance across different scenarios, we analyzed the layer weights learned by

the Weighted-Sum configuration. This configuration was chosen specifically because it

offers a direct interpretability mechanism in which the learned softmax weights represent

the relative contribution of each encoder layer to the aggregated representation before

projection into the shared audio-text space. Therefore, this analysis allows us to examine
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which layers are emphasized during audio-language alignment and how this emphasis
changes depending on whether the encoder is frozen or fine-tuned during training.

30
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Figure 5.11: Layer-weight distributions learned by the Weighted-
Sum MoL configuration for the CED audio encoder.
The top plot (a) shows the LaT setting, in which the
audio encoder is frozen, while the bottom plot (b)
shows the full fine-tuning setting, in which the audio
encoder is updated during training.

Figures 5.11 and 5.12 show that deeper layers receive the largest weights in
most audio-side configurations. For CED under LaT, shown in Figure 5.11 (a), the
distribution becomes concentrated in the final layers, with layers 12 and 13 receiving
the largest weights. BEATs under LaT presents an even stronger concentration, as shown
in Figure 5.12 (a), where the final layer receives the dominant weight.

An interesting difference between the two audio encoders is observed in the
contribution of the first layer. In CED, the first layer receives a higher weight than
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Figure 5.12: Layer-weight distributions learned by the Weighted-
Sum MoL configuration for the BEATs audio encoder.
The top plot (a) shows the LaT setting, in which the
audio encoder is frozen, while the bottom plot (b)
shows the full fine-tuning setting, in which the audio
encoder is updated during training.

several intermediate layers, suggesting that early representations still contain information
useful for audio-language alignment. This pattern is not observed in BEATs, where the
weights are more strongly biased toward the final layers, especially in the LaT setting.
This suggests that, for BEATSs, the final representations may already contain most of the
information needed for the alignment task, reducing the potential benefit of aggregating
earlier layers.

This difference may help explain why applying MoL to BEATs under LaT
did not improve performance as consistently as it did for CED. Since BEATSs assigns
most of the importance to the last layers, especially the final layer, MoL has fewer
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Figure 5.13: Layer-weight distribution learned by the Weighted-
Sum MoL configuration for the mGTE text encoder.
The weights indicate the relative contribution of each
text-encoder layer to the final representation used for
audio-language alignment.

complementary representations to exploit across depth. In contrast, CED assigns non-
negligible importance to both early and deeper layers, indicating that useful information
for audio-language alignment is available at different levels of the encoder. Therefore,
CED appears to benefit more from MoL because the aggregation mechanism can combine
early-layer information with the more task-relevant semantic representations found in the
final layers.

This observation might also help to explain why MoL produced only moderate
gains overall. The learned weights are not uniformly distributed across layers. Instead,
they remain strongly biased toward the final layers, particularly in the LaT setting.
This suggests that, for these audio encoders, the internal hierarchy may be less evenly
exploitable for audio-language alignment than what has been observed in other domains,
such as speech processing, natural language processing, and computer vision, where
different layers often encode more clearly differentiated levels of information [16, 146,
175]. As a result, MoL might still provide useful flexibility, but its potential may be
limited when most of the alignment-relevant information is already heavily concentrated
in a few layers.

In contrast, when the audio encoder is fully fine-tuned, the weights are more
evenly distributed across layers, as can be seen in Figures 5.11 and 5.12 (b). This
suggests that, when the audio encoder is frozen, the aggregation module learns to rely
more strongly on a small set of high-level layers that are already useful for the target
alignment task. When the encoder is trainable, however, the model can reshape the internal
representations during training, leading to a more distributed use of layers. This may
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explain why the learned weights become more concentrated in the locked-audio setting.

Figure 5.13 shows that the mGTE text encoder presents a more balanced layer-
weight distribution than its audio counterparts. Suggesting that language information
useful for audio-language alignment is not concentrated in a few layers at the end of the
network, but is more evenly distributed across the depth of the text encoder. This behavior
may help explain the more pronounced improvements observed in the classification task
when Text MoL is applied. Since relevant textual information is available across multiple
intermediate and deeper layers, the MoL mechanism can more effectively aggregate
complementary representations from different levels of abstraction. As a result, text-side
MoL appears to provide a stronger benefit for class-level transfer.

These analyses and results help support the main motivation behind MoL. The
final layer is important, but it is not the only useful source of information. Earlier and
intermediate layers still retain non-negligible information, suggesting that the model
might benefit from combining multiple abstraction levels. In the audio encoder, these
layers may preserve acoustic and event-level information that complements the more
semantic information encoded in deeper layers. Therefore, MoL provides a mechanism
to exploit the internal hierarchy of pretrained encoders rather than assuming that the final

layer alone is sufficient.

Dual-Encoder MoL and Projection-Only Ablations

Tables 5.23 and 5.24 provide additional ablations with simultaneous audio and
text MoL application and with projection-only training. In the projection-only setting,
both encoders are frozen, and only the projection layers are tuned. This setup obtained
much lower retrieval performance than the main configurations. On AudioCaps, mGTE
+ Proj. only reached 61.98% audio-to-text R@Avg, compared with 72.24% for the fully
fine-tuned mGTE baseline and 72.42% for CED + mGTE + LaT + MoL with Self-Att +
Mean. Showing that projection learning alone, using frozen features from both modalities,
is insufficient to produce a strong audio-language alignment latent space.

Adding MoL to both encoders under projection-only training also did not re-
cover the lost retrieval performance. The dual-encoder MoL projection-only configuration
reached 61.10% audio-to-text R@Avg on AudioCaps and 27.59% on ClothoV2, remain-
ing below the projection-only baseline in these directions. This indicates that MoL is not
simply a plug-in replacement for encoder adaptation. Instead, it is most useful when the
model can learn meaningful aggregation behavior together with either a trainable branch
or a carefully designed locked-audio strategy.

The results also indicate that applying MoL to both audio and text simultaneously

did not provide the best retrieval performance. The Audio MoL + Text MoL configura-



Audio-to-Text ‘ Text-to-Audio
AudioCaps
Configuration R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
a mGTE + A-MoL (SA+Att) + T-MoL (SA+Att) 4649 £ 131 7897 +085 8942+049 71.63+0.86 | 37.01+0.36 72.76=+0.73 8576+ 0.62 65.18 + 0.55
@ mGTE + Proj. only 36.00+0.60 68.54+0.68 8140091 61.98+0.68 | 29.53+031 6527 +043 79.71+0.10 58.17+0.19
© mGTE + A-MoL (SA+At) + T-MoL. (SA+At) + Proj.only  34.57+£075 67.60+£0.78 81.14=1.07 61.104£048 | 29.274+0.19 6577 =008 80.26 £0.12  58.44 +0.12
ClothoV2
Configuration R@1 R@s5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
a mGTE + A-MoL (SA+Att) + T-MoL (SA+Att) 17.48 £0.77 37.64+0.78 51.20 £0.58 3544 +£0.53 | 11.57£026 29.65+£0.30 41.33+0.36 27.52+0.14
@  mGTE + Proj. only 1244 £ 029  30.50+1.13  42.62+0.72  28.51 4+ 0.58 10.87 4031 29.00 4+ 035  41.05+0.10  26.97 +0.21
© mGTE + A-MoL (SA+ALtt) + T-MoL (SA+Att) + Proj. only  12.63 £0.26 29.44+098 40.70 £0.83 27.59 £0.51 10.654+042 2778 £0.17 39.39+£039 2594 +0.30

Table 5.23: Retrieval ablation for PALMA using the CED audio
encoder and mGTE text encoder, comparing simulta-
neous MoL aggregation in both encoders, projection-
only training, and projection-only training with dual-
encoder MoL. Values are reported as mean =+ standard
deviation. Values highlighted in blue indicate the best
result for each metric within each dataset. A-MoL de-
notes Audio MoL, T-MoL denotes Text MoL, SA de-
notes self-attention, Att denotes attentive pooling, and
Proj. only denotes training only the projection layers.

Configuration ESC-50 UrbanSound8K
A mGTE + A-MoL (SA+Att) + T-MoL (SA+ALtt) 79.70 + 0.23 69.43 +3.60
m  mGTE + Proj. only 6942 £1.11 69.54 £0.77
©  mGTE + A-MoL (SA+ALtt) + T-MoL (SA+ALtt) + Proj. only ~ 71.23 £ 1.22 70.83 + 0.76

Table 5.24: Classification ablation for PALMA using the CED au-
dio encoder and mGTE text encoder, comparing simul-
taneous MoL aggregation in both encoders, projection-
only training, and projection-only training with dual-
encoder MoL. Values are reported as mean =+ standard
deviation. Values highlighted in blue indicate the best
result for each dataset.

tion remained below the strongest single-side aggregation settings on both AudioCaps
and ClothoV2.

Exploratory Data Augmentation Analysis

Finally, Tables 5.25 and 5.26 report the exploratory augmentation analysis. We
conducted a low-cost exploratory analysis of data augmentation in PALMA. To avoid
substantially increasing the computational cost of the ablation study, each augmentation
configuration was trained with a single run. Therefore, these results are not intended to
provide a definitive comparison, but rather to estimate whether the tested augmentation
strategies provide consistent evidence of being beneficial for PALMA. The analysis
is done for the selected CED + mGTE + LaT + MoL configuration with Self-Att +
Mean Pooling. The evaluated strategies include SpecAug, Random truncation (RT),
their combination, and text masking as used in AudioSetCaps [10]. In the text-masking
experiments, [MASK] refers to replacing selected words with the literal string [MASK],
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while <mask> refers to replacing selected words with the actual mask token used by the
tokenizer.

The retrieval results show that no individual augmentation strategy, nor any
combination of strategies, consistently outperformed the non-augmented configuration
across datasets, retrieval directions, and metrics. On AudioCaps, the original configura-
tion without augmentation achieved the best audio-to-text R@Avg, while SpecAug ob-
tained the best text-to-audio R@Avg. On ClothoV2, SpecAug achieved the best audio-to-
text R@ Avg, whereas text masking with [MASK] produced the best text-to-audio R@ Avg.
However, these improvements are small and metric-dependent, suggesting that augmen-
tation can benefit specific retrieval directions but does not provide a uniformly stronger

training strategy.

Audio-to-Text | Text-to-Audio
AudioCaps
Augmentation R@1 R@5 R@10 R®@Avg | R@]1 R@5 R@10 R®@Avg
CED + mGTE + LaT + A-MoL (SA+Mean)
None 47.43 7991 8991 72.42 36.51 72.67 85.16 64.78
SpecAug 46.79  80.09 89.76 72.22 36.69 7332 8551 65.17
RT 46.23  79.30  90.10 71.88 36.51 72.85 85.29 64.88
SpecAug + RT 4781 7897  89.76 72.18 36.29 72.78  85.78 64.95
Text Masking [MASK] 4736 7852  88.64 71.50 36.24  72.67  85.08 64.66
Text Masking <mask> 46.68 78.85  88.86 71.47 36.36  72.08  84.97 64.47
SpecAug + RT + Text Masking <mask> 45.56  79.53  89.65 71.58 36.15 72.80 85.69 64.88
ClothoV2
Augmentation R@l R@5 R@I0 R@Avg | R@l R@5 R@I0 R@Avg
CED + mGTE + LaT + A-MoL (SA+Mean)
None 17.58  37.10  50.53 35.07 11.20  29.75 41.53 27.49
SpecAug 18.18 37.80 51.00 35.66 1141 29.76 41.26 27.48
RT 16.27 36.75 50.24 34.42 11.02  28.52  40.21 26.58
SpecAug + RT 17.32  38.09 50091 35.44 11.00 2947 42.01 27.50
Text Masking [MASK] 1636 37.22  50.14 34.58 11.71  29.67 4197 27.78
Text Masking <mask> 17.61 37.42 51.20 3541 11.08 29.00 40.50 26.86

SpecAug + RT + Text Masking <mask> 16.84  34.83  47.75 33.14 1026 2693  37.80 25.00

Table 5.25: Full retrieval analysis of data augmentation strate-
gies for PALMA using the CED audio encoder, mGTE
text encoder, LaT, and Audio MoL with Self-Att+Mean
aggregation. SigLIP-based configurations are omitted
from this table. Values are reported without standard
deviation. Values highlighted in blue indicate the best
result for each metric and dataset, while underlined
values indicate the second-best result. A-MoL denotes
Audio MoL, SA denotes self-attention, SpecAug de-
notes spectrogram augmentation, RT denotes random
truncation, and Text Masking denotes token masking
applied to the textual input.

The classification results show an even clearer limitation. The non-augmented
configuration obtained the best results on both ESC-50 and UrbanSound8K, indicating
that the tested augmentations did not improve zero-shot classification transfer. In partic-
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Classification

Augmentation ESC-50  UrbanSound8K

CED + mGTE + LaT + A-MoL (SA+Mean)
None 80.37 70.29
SpecAug 76.45 66.18
RT 79.05 56.86
SpecAug + RT 79.70 58.88
Text Masking [MASK] 79.50 66.20
Text Masking <mask> 7175 65.65

Table 5.26: Classification analysis of data augmentation strate-
gies for PALMA using the CED audio encoder, mGTE
text encoder, LaT, and Audio MoL with Self-Att+Mean
aggregation. SigLIP-based configurations are omitted
from this table. Values are reported without standard
deviation. Values highlighted in blue indicate the best
result for each dataset, while underlined values indi-
cate the second-best result.

ular, RT and SpecAug + RT reduced UrbanSound8K performance noticeably, suggesting
that augmentations that modify the temporal structure of the audio may harm class-level
transfer in this setting. Therefore, although augmentation remains a promising direction
for future exploration in the PALMA framework, the current results do not justify replac-
ing the non-augmented configuration as the main configuration.

This behavior contrasts with the results observed for CACARA, where data
augmentation provided clearer benefits. One possible explanation is that PALMA already
includes an additional regularizing mechanism through MoL. Since the MoL module must
learn how to combine representations from different encoder depths, especially in variants
that use self-attention and sample-dependent aggregation, it may already encourage the
model to use more robust internal representations. Under this interpretation, external
augmentation provides less additional benefit for PALMA than it did for CACARA.

Overall, this phase shows that MoL can modestly improve PALMA when applied
selectively. Although Text MoL achieved the strongest classification results, CED +
mGTE + LaT + MoL with Self-Att + Mean was selected for the following phase because
it offers the best balance between efficiency, retrieval performance, and classification
transfer. This configuration keeps the audio encoder frozen, preserving the advantages
of LaT, while using MoL to recover part of the retrieval performance lost by locking the
acoustic backbone. The layer-weight analysis further supports this choice, showing that
MoL learns to emphasize the most relevant pretrained audio layers under LaT, especially

deeper layers, while still preserving contributions from other depths.

5.3.6 Training Data Combination

This phase investigates the effect of training-data composition on PALMA.
After selecting the configuration CED + mGTE + LaT + MoL with Self-Att + Mean
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in the previous phase, we analyze how different dataset combinations affect retrieval and
zero-shot classification performance. The goal is to identify whether adding more data
consistently improves performance or whether the final training mixture depends more
strongly on dataset compatibility, caption quality, and domain coverage.

All configurations in this phase include AudioCaps (AC) and ClothoV2 (C),
since these datasets contain high-quality human-written captions and are directly related
to the retrieval evaluation setting. Starting from this shared base, we evaluate different
combinations with Auto-ACD (AA), WavCaps (WC), and AudioSetCaps (ASC), allowing
us to measure the contribution of each additional data source to the final training subset.

Each configuration was trained three times, and Tables 5.27 and 5.28 report the

mean and standard deviation across runs.

Audio-to-Text ‘ Text-to-Audio
AudioCaps
Training Data R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
AA+AC+C 4593 +051  79.68 £ 140 89.95+094 71.85+0.57 | 3518 +£0.51 71.77 £039 85421023 64.121+0.34
WC+AC+C 4499 +£039 7833 £026 89.80 046 71.04 £0.19 | 3498 £ 044 70.17 £033 83.76 £0.63 62.97 - 0.46
AA+WC+AC+C 48.97+0.72 8196 £0.40 90.82 +0.51 73.92+042 | 37.14+0.69 73.16 £0.73 86.27 £0.04 65.52 +0.46
ASC+WC+AC+C 50.24 =1.07 81.02+0.68 90.92+0.32 74.06 +0.63 | 3848 +0.13 7378 £0.38 86.72+0.36 66.32 & 0.25
ASC+AA+AC+C 3933091 70.15+1.24 8294+1.01 64.14+£095 | 30.69+0.60 6506=028 79.92+040 58.56 £ 0.39
ASC+AA+WC+AC+C 39.22+0.73  72.144+0.71 83.84+£036 6507 +£0.12 | 31.05+0.64 6588075 80.16£0.15 59.03 £0.39
ClothoV2
Training Data R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
AA+AC+C 16.30£0.69 36.14+ 136 49.06 =137 3383+0.90 | 10.60+0.64 28.12+080 39.96+121 2623 +0.84
WC+AC+C 21.02+0.56 47.11 +0.24 60.86 =0.97 43.00 +0.56 | 16.40 +0.32 41.16 =041 54.47 +046 37.35+0.18
AA+WC+AC+C 20.19+0.50 43.19+£029 5723+£051 4020+0.35 | 1527+0.04 3753038 5091 +£030 34.57£0.23
ASC+WC+AC+C 20.80+0.87 45294+ 121 5825+134 4145+1.05 | 16.11+048 38.56+0.67 52.05+0.89 35.57 +0.67
ASC+AA+AC+C 1445042 31.96+0.75 43.73+0.67 30.05+031 | 11.43+0.08 29.47+0.20 40.41+0.19 27.11£0.08
ASC+AA+WC+AC+C 14.64 £0.85 31524+ 1.18 4294+121 2970+1.01 | 11.66+052 2988 +0.17 41.51 £045 27.69 £0.32

Table 5.27: Recall@k results for Audio-to-Text and Text-to-Audio
retrieval on AudioCaps and ClothoV2 for CED +
mGTE + MoL (Self-Att + Mean) under different
training-data combinations. Dataset abbreviations are
as follows: AudioSetCaps (ASC), Auto-ACD (AA),
WavCaps (WC), AudioCaps (AC), and ClothoV2 (C).
Values are reported as mean + standard deviation. Val-
ues highlighted in blue indicate the best result for
each metric and dataset, while underlined values in-
dicate the second-best result.

Table 5.27 shows that the best combination is strongly dependent on the target
evaluation dataset. On AudioCaps, the strongest results were obtained with ASC + WC +
AC + C, which reached an audio-to-text R@ Avg of 74.06% and a text-to-audio R@ Avg of
66.32%. This configuration outperformed AA + WC + AC + C by only 0.14 pp in audio-
to-text R@Avg and 0.80 pp in text-to-audio R@ Avg, showing that both combinations are
highly competitive on AudioCaps. These results suggest that AudioSetCaps, Auto-ACD
and WavCaps provide useful supervision for AudioCaps retrieval performance, likely
because they increase the diversity and scale of the training audio-caption pairs while

remaining compatible with the AudioCaps domain.
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Classification

Training Data ESC-50  UrbanSound8K
AA+AC+C 80.40 +2.43 78.05 +4.21
WC+AC+C 91.33 + 0385 79.04 + 148
AA+WC+AC+C 88.98 +0.72 81.74 + 154
ASC+WC+AC+C 86.72 +1.22 75.98 + 181
ASC+AA+AC+C 78.70 +1.53 72.77 +1.30
ASC+AA+WC+AC+C 78.88 +1.89 69.33 +230

Table 5.28: Classification accuracy on ESC-50 and Urban-
Sound8K for CED + mGTE + MoL (Self-Att + Mean)
under different training-data combinations. Dataset
abbreviations are as follows: AudioSetCaps (ASC),
Auto-ACD (AA), WavCaps (WC), AudioCaps (AC), and
ClothoV2 (C). Values are reported as mean + standard
deviation. Values highlighted in blue indicate the best
result for each dataset, while underlined values indi-
cate the second-best result.

However, the same tendency does not hold for ClothoV2. On ClothoV?2, the best
results were obtained with WC + AC + C, reaching 43.00% audio-to-text R@Avg and
37.35% text-to-audio R@Avg. Adding Auto-ACD to this combination reduced perfor-
mance to 40.20% and 34.57%, while adding AudioSetCaps reduced it to 41.45% and
35.57%. This indicates that WavCaps is particularly important for improving generaliza-
tion on ClothoV2, but that adding additional synthetic or AudioSet-derived data does not
necessarily help.

A relevant factor in these results is the origin of the training datasets. AudioCaps
is derived from the AudioSet [99] dataset, and both AudioSetCaps and Auto-ACD are
derived from AudioSet, although they generate captions through different automatic
pipelines [10, 183]. This may help explain why configurations containing AudioSetCaps
or Auto-ACD perform competitively on AudioCaps. The training data and the evaluation
data share a similar source distribution. However, combining AudioSetCaps and Auto-
ACD does not show a complementary effect. Although they provide different captions for
AudioSet-related audio, their shared origin may introduce redundancy, while differences
in caption-generation pipelines may also introduce heterogeneous annotation styles.

This lack of synergy is most visible when all available datasets are combined.
The largest training mixture, ASC + AA + WC + AC + C, performed below the strongest
configurations on both AudioCaps and ClothoV2. This suggests that simply increasing the
amount of training data is not sufficient. When multiple automatically generated or weakly
aligned datasets are combined, the model may receive more training examples, but also
more noise, repeated source bias, and inconsistent caption styles. Therefore, the quality
and compatibility of the data mixture appear to be more important than its absolute size.

The ClothoV?2 results further support this interpretation. ClothoV?2 is built from
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Freesound audio [45], and WavCaps also includes Freesound among its sources [127].
This source-level overlap may help explain why WC + AC + C was the strongest
configuration on ClothoV2. In this case, WavCaps appears to provide useful additional
coverage while remaining closer to the ClothoV2 distribution than AudioSet-derived
datasets. Therefore, the results indicate that PALMA benefits most from training mixtures
that combine scale with domain compatibility, rather than from adding all available
datasets indiscriminately.

A similar pattern appears in the classification results shown in Table 5.28. The
best ESC-50 accuracy was obtained with WC + AC + C, while the best UrbanSound8K
accuracy was obtained with AA + WC + AC + C. This shows that Auto-ACD can
still be beneficial when combined with WavCaps, AudioCaps, and ClothoV2, especially
for UrbanSound8K. However, when Auto-ACD is combined with AudioSetCaps, the
results decrease substantially. Overall, these results suggest that WavCaps is the most
consistently useful complementary dataset, while AudioSet-derived automatic datasets
must be combined more carefully to avoid redundancy and domain imbalance.

Based on these results, the selected training combination for the following
experiments was ASC + WC + AC + C. This choice prioritizes the strongest AudioCaps
performance while preserving competitive results on the remaining evaluation settings.
AudioSetCaps was preferred over Auto-ACD because it provides a larger caption set,
with approximately 1.9M sample pairs compared with 1.5M in Auto-ACD, and because
its annotation pipeline is more directly grounded in audio-language modeling rather than
in visual information [10, 183]. Visual cues may be useful for generating rich descriptions,
but it may also introduce biases toward visually salient scene attributes that are not
necessarily present or dominant in audio signals. Therefore, the combination ASC + WC

+ AC + C was selected for the following experiments.

5.3.7 Batch Size Exploration

The main goal of this phase is to explore the impact of batch size while keeping
the training-data composition and model architecture fixed. All experiments use ASC +
WC + AC + C as the training mixture and CED + mGTE + MoL with Self-Att+Mean
as the base architecture. Since contrastive learning depends strongly on the number of
negative examples available in each optimization step, this analysis investigates whether
increasing the batch size improves audio-language alignment in the PALMA framework.

Table 5.29 and Figure 5.14 show that increasing the batch size substantially
improves AudioCaps retrieval when moving from very small batches to intermediate
batch sizes. Audio-to-text R@Avg increased from 70.84% with batch size 24 to 76.18%

with batch size 128. Text-to-audio retrieval followed a similar trend, increasing from



5.3 PALMA 151

Audio-to-Text Text-to-Audio

Batch size ‘ R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
AudioCaps
24 46.12+1.09 7822+0.29 88.19+1.00 70.84+045 | 35.17+0.21 7096+ 020 8421+049 63.45+0.19
48 5024 £1.07 81.02+0.68 90.92+032 74.06+0.63 | 3848 +0.13 7378 £0.38 86.72+0.36 66.32+0.25
64 5126 £2.18 82.64+036 91.52+045 7514+£095 | 39.11 032 7445+0.13 87.21+048 66.92+0.31
96 5201 £143 81.74+053 91.23+045 7499+0.78 | 39.07+0.19 7502+£032 8759+0.25 67.23+0.14
128 52.46 £0.72 83.57 +£1.67 92.50+0.32 76.18+0.56 | 40.17 +=0.30 75064029 8730+048 67.51 £0.14
192 52.04 £1.16 8294+1.11 91.68+098 75554049 | 40.04+0.52 7556+ 0.60 87.76 =022 67.78 + 0.44
256 51.89£096 84.14+0.51 91.86+0.26 75974025 | 40.01 £0.30 75404031 87.77+£019 67.73+0.10
384 50.55+ 130 8238097 91.60+0.52 74.84+085 | 39.64+0.60 7493+0.75 87.00L£0.59 67.19+0.58
512 5092 +£023 81.77+£0.70 90.70 £0.80 7447+ 047 | 39.61 £0.37 7473+021 8637=+£0.14 66.90+0.17
ClothoV2
24 18.50 £091 41.40+0.89 5391+0.80 37944062 | 14.87+0.17 3586+045 4933+£0.72 33.36+0.36
48 20.80 £0.87 4529+121 5825+134 4145+1.05 | 16.11 £048 3856+0.67 52.05+0.89 3557+ 0.67
64 2134 £ 141 4498+122 59.71+£033 42.01+£080 | 16454057 39.53+£026 5293+047 36.30+0.27
96 21.82+042 4545+0.69 59.65+040 4231+032 | 16.73+0.36 40.10+027 5323 +0.04 36.69 +0.13
128 22.07 £040 46.15+1.62 60.03+1.39 4275+ 1.05 | 16.80+0.27 40.00+0.58 53.55+0.36 36.79 £ 0.37
192 22.07 £040 46.15+1.62 60.03+1.39 4275+ 1.05 | 16.80+0.27 40.00+ 0.58 53.55+0.36 36.79 £ 0.37
256 2192 £ 154 4590+£130 60.03+1.12 42624110 | 16.39+0.35 4042+ 0.56 53.92+0.66 3691 +0.46
384 21.85+£0.67 4545+0.75 59.55+123 42294085 | 16.81+0.18 40.33+0.57 53.77+052 36.97 + 0.30
512 22.17 £0.38  46.51 £0.67 60.41 =0.80 43.03+0.24 | 16.92+0.27 4039+038 53.17+£021 36.83+0.18

Table 5.29: Recall@k results for Audio-to-Text and Text-to-Audio
retrieval on AudioCaps and ClothoV2 across different
batch sizes. All configurations use CED+mGTE+MoL
with Self-Att+Mean trained on AudioSetCaps, Wav-
Caps, AudioCaps, and ClothoV2. Values are reported
as mean + standard deviation. Values highlighted in

blue indicate the best result for each metric and
dataset, while underlined values indicate the second-
best result.

Batchsize  ESC-50  UrbanSound8K
24 83.90 +0.97 77.40 +1.02
48 86.72 £ 1.2 75.98 + 131
64 88.90 + 1.05 79.17 £1.17
96 90.08 +0.77 77.05 +4.02
128 91.42 +0.52 T7.27 +1.66
192 90.00 +0.95 76.33 +1.77
256 90.22 + 038 79.48 +1.16
384 89.62 + 148 79.21 +228
512 90.13 + o045 79.60 +0.53

Table 5.30: Zero-shot classification accuracy on ESC-50 and Ur-
banSound8K across different batch sizes. All config-
urations use CED+mGTE+MoL with Self-Att+Mean
trained on AudioSetCaps, WavCaps, AudioCaps, and
ClothoV2. Values are reported as mean + standard de-
viation. Values highlighted in blue indicate the best
result for each dataset, while underlined values indi-
cate the second-best result.

63.45% to 67.51% in the same interval. This confirms the importance of using sufficiently

large batches for contrastive audio-language learning, since larger batches provide more
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Figure 5.15: Effect of batch size on retrieval performance on
ClothoV2. The plot shows Recall@Avg for Audio-to-
Text and Text-to-Audio retrieval across different batch
sizes. The shaded regions indicate the standard devi-
ation across runs.

negative examples and a stronger alignment signal during training.

The AudioCaps curve also shows that the main gains occur before batch size
128. After this point, performance no longer improves consistently. The best audio-to-
text R@Avg was obtained with batch size 128, while the best text-to-audio R@Avg was
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Figure 5.16: Effect of batch size on zero-shot classification per-
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ESC-50 and UrbanSound8K across different batch
sizes. The shaded regions indicate the standard de-
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obtained with batch size 192. Larger batch sizes, such as 384 and 512, slightly reduced
Recall@Avg in both retrieval directions. This suggests that larger batches are useful up to
a certain point, but overly large batches do not necessarily improve optimization.

A similar trend is observed on ClothoV2, as shown in Figure 5.15. Audio-to-
text R@Avg increased from 37.94% with batch size 24 to 42.75% with batch size 128,
while text-to-audio R@ Avg increased from 33.36% to 36.79%. In contrast to AudioCaps,
ClothoV2 continued to show small improvements at larger batch sizes. The best audio-
to-text R@ Avg was obtained with batch size 512, and the best text-to-audio R@ Avg was
obtained with batch size 384. However, the gains after batch size 128 are small, indicating
that ClothoV2 also reaches a plateau once the batch is sufficiently large.

Table 5.30 and Figure 5.16 show that classification performance follows a related
but not identical pattern. ESC-50 accuracy improved markedly from batch size 24 to
128, reaching a best of 91.42% at 128. UrbanSound8K was more variable, with the best
accuracy achieved at a batch size of 512. Nevertheless, batch sizes of 64, 256, 384, and
512 yielded relatively close UrbanSound8K results, whereas very small batches were less
competitive. This indicates that the optimal batch size can vary with the downstream task,
but very small batches are consistently suboptimal.

Overall, this phase shows that batch size is an important factor for PALMA, es-
pecially in the contrastive retrieval setting. Very small batches provide weaker alignment,
while intermediate and large batches substantially improve both retrieval and classifica-

tion. However, the gains tend to saturate after batch size 128, and larger batches do not
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consistently improve all metrics. Therefore, batch size 128 was selected as the most bal-
anced configuration: it achieves the best AudioCaps audio-to-text retrieval, the best ESC-
50 classification accuracy, competitive ClothoV2 performance, and avoids the additional

computational cost of larger batches.

5.3.8 Multilingual Supervision

Finally, this phase investigates how much PALMA benefits from multilingual
textual supervision. Previously, PALMA was only trained using English captions. Since
the text encoder is multilingual, an important question is whether the model can retain
or recover multilingual capabilities after explicit audio-language alignment. To analyze
this, we evaluate the model using English captions and machine-translated captions
in eleven additional languages: Portuguese, Spanish, French, Russian, Arabic, Hindi,
German, Chinese, Swahili, Japanese, and Turkish. The complete per-language retrieval

and classification results are reported in Appendix E.

Multilingual Training Strategies

We compare three types of multilingual supervision. The first is the English-
only configuration, trained only with English captions for 10 epochs. This setting is
used to test whether multilingual capabilities remain available after tuning the model
exclusively on English audio-text pairs, and to have a strong English baseline. The second
strategy is Random Sampling, in which the caption language is randomly selected from
the twelve available languages during training. This exposes the model to all languages
throughout training while keeping one positive text per audio at each step. The third
strategy is LE-Mixture, inspired by the language-enhancement mixture strategy used in
ML-CLAP [207] and GLAP [40]. In this setting, translated captions are mixed with the
original English captions at different ratios, allowing us to analyze how the amount of

multilingual supervision affects retrieval and classification performance.

Effect on Multilingual Retrieval

Table 5.31 summarizes the retrieval results under the different multilingual train-
ing strategies. The English-only configuration performs competitively when evaluated
in English, reaching 73.84% and 65.99% R@Avg on AudioCaps for audio-to-text and
text-to-audio retrieval, respectively. However, its performance collapses under multilin-
gual evaluation, reaching only 3.87% and 2.56% on AudioCaps ML Avg. and 2.27% and
1.51% on ClothoV2 ML Avg, indicating that training only on English captions severely
weakens the multilingual alignment of the shared audio-text latent space, even though the

text encoder itself is originally multilingual.
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AudioCaps ClothoV2

Model

| |
\ EN \ ML Avg. \ EN \ ML Avg.
\ \

A2T T2A \ A2T T2A A2T T2A \ A2T T2A

English-only 7384 +£1.03 6599 £0.44 3.87£0.23 2.56 £0.17 | 40.33 £0.60 33.53 £0.19 2.27 £0.09 1.51 +£0.08
Random Sampling | 76.89 £0.43  67.36 £0.45 | 7492+0.12 64.95+026 | 40.76 =092 36.08 =0.17 | 38.98+0.45 34.79+0.14
LE-Mixture 10% 7531 4+0.34 6635 +£0.37 | 69.13 035 5828 +£0.25 | 38.13+£040 33411050 | 31.93+044 2727 £0.11
LE-Mixture 20% 76.02+1.12  66.94 +0.37 | 71.98£029 61.34+0.56 | 38.63£0.66 33.64 £045 | 34.754+0.07 29.92+0.25
LE-Mixture 30% 7592 +0.67 6697 +0.39 | 7321 £023 6296+ 0.10 | 39.54 £0.67 3420034 | 3641 +0.59 31.60+0.18
LE-Mixture 40% 76.77+0.78  66.64 £0.69 | 73.89 +0.33 6331 £0.22 | 39.25+0.87 34.61 +0.03 | 36.74+ 043 3233 +0.12
LE-Mixture 50% 7596 £0.38  66.75 £0.38 | 73.54 £0.62 63.36 £0.19 | 40.21 £0.52 3525 +0.37 | 3724+ 041 32.60 +0.17
LE-Mixture 100% | 77.27 £0.88 67.44 £0.08 | 74.61 =039 6437 £0.05 | 40.14+0.24 3517 +022 | 37.58 =0.23  33.10+0.29

Table 5.31: Retrieval performance under different multilingual
training strategies. EN denotes evaluation on En-
glish captions, while ML (Multilingual) Avg. denotes
the average across the non-English evaluation lan-
guages. A2T and T2A correspond to Audio-to-Text and
Text-to-Audio retrieval, respectively. All values are re-
ported using Recall@Avg as mean =+ standard devia-
tion across three runs. The best result for each metric
is highlighted in blue and shown in bold, while the
second-best result is underlined.

In contrast, multilingual supervision substantially improves cross-lingual re-
trieval. Random Sampling achieves the best multilingual retrieval performance across all
ML Avg. metrics, reaching 74.92% and 64.95% on AudioCaps, and 38.98% and 34.79%
on ClothoV2. These results show that exposing the model to different languages during
training is essential for maintaining multilingual retrieval capability. Importantly, Ran-
dom Sampling also obtains the best English performance on ClothoV2 and remains highly
competitive on AudioCaps, suggesting that multilingual training does not harm English
retrieval when the language exposure is balanced.

The LE-Mixture configurations also improve multilingual performance com-
pared with the English-only model, although their behavior depends on the mixture ratio.
On AudioCaps, increasing the LE-Mixture ratio generally improves multilingual retrieval,
with LE-Mixture 100% obtaining the second-best ML Avg. results in both retrieval direc-
tions. This suggests that increasing the proportion of translated captions can strengthen
the alignment between non-English text and audio representations. This behavior differs
from ML-CLAP [207], where LE-Mixture was originally proposed and where smaller
mixture ratios, between 10% and 30%, were reported as optimal. In that work, the authors
argue that larger ratios may make contrastive learning more difficult because the same
audio sample is associated with multiple multilingual captions. In PALMA, however, the
gains from increasing the LE-Mixture ratio are more noticeable, with the best LE-Mixture
results obtained at 100%. In this configuration, the amount of training text is effectively
doubled, with one half corresponding to the original English captions and the other half
corresponding to translated captions. One possible explanation for this difference is trans-
lation quality. ML-CLAP uses SONAR [47] to generate multilingual captions, whereas
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our experiments use Google Translate. Therefore, even though the model observes multi-
ple textual views of the same audio, higher-quality translations may provide semantically
consistent multilingual supervision and mitigate the negative effect of caption duplication.

Nevertheless, LE-Mixture does not surpass Random Sampling in multilingual
evaluation. This is a relevant result because previous contrastive ALMs, ML-CLAP [207]
and GLAP [40], that explore multilingual supervision, rely on LE-Mixture-style training
to incorporate multilingual data. In contrast, PALMA shows that a simpler strategy, in
which one caption is randomly sampled from the twelve available languages for each
audio sample, is sufficient to match or surpass the performance of the more complex
LE-Mixture strategy. A possible explanation is that LE-Mixture increases the number of
textual views associated with the same audio, which can make the contrastive objective
more ambiguous. Random Sampling, on the other hand, preserves a simpler one-audio-
and-one-text structure at each optimization step while still exposing the model to all
languages throughout training. This may provide a more stable multilingual alignment
signal, which helps explain why Random Sampling achieves stronger overall multilingual
performance.

Figure 5.17 provides a view of the AudioCaps retrieval results with emphasis
on the evaluated languages. The plot shows that Random Sampling is consistently strong
across languages and retrieval directions, whereas lower LE-Mixture ratios lead to larger
performance drops in some languages. This behavior is especially evident in the Text-
to-Audio direction, where LE-Mixture 10% exhibits clearer degradation across several
languages. As the LE-Mixture ratio increases, the curves become more competitive, but
Random Sampling remains the most stable strategy overall.

Another relevant pattern in the multilingual supervision experiments is the
improvement observed for English itself. All multilingual configurations outperform
the English-only baseline in the English evaluation setting, indicating that multilingual
training not only improves cross-lingual transfer but also benefits performance in the
datasets’ original languages. This suggests that exposing the model to semantically
equivalent captions in multiple languages may provide an additional regularization effect,
encouraging the model to learn more language-agnostic audio-text representations rather
than overfitting to English-specific lexical patterns, a pattern also observed in previous
works [40,207].

Effect on Zero-Shot Classification

A similar pattern is observed in zero-shot classification, as shown in Table 5.32.
The English-only configuration achieves reasonable English performance, but its multi-
lingual average is very low, especially on ESC-50. Random Sampling achieves the best

results across all classification metrics, reaching 90.12% on ESC-50 and 74.92% on Ur-
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Figure 5.17: AudioCaps multilingual retrieval performance un-
der different multilingual training strategies. The top
plot shows Audio-to-Text retrieval and the bottom
plot shows Text-to-Audio retrieval, both using Re-
call@Avg across the twelve evaluation languages.
Shaded regions indicate the standard deviation across
runs.

banSound8K in English, and 86.37% and 73.70% in ML Avg., respectively. This indicates
that multilingual supervision not only improves retrieval but also transfers to prompt-
based zero-shot classification. Among the LE-Mixture configurations, higher ratios gen-
erally improve the average multilingual classification, with LE-Mixture 50% achieving
the second-best ML Avg. results on both ESC-50 and UrbanSound8K. However, these

configurations remain below Random Sampling.

Comparison with Multilingual Baselines

Tables 5.33 and 5.34 compare the strongest PALMA multilingual configurations
with ML-CLAP [207] and GLAP [40]. In this comparison, PALMA is represented by
Random Sampling, the strongest multilingual configuration overall, and by LE-Mixture
100%, which achieved the strongest English retrieval results among the LE-Mixture

variants. The goal of this analysis is not only to compare aggregate performance but also
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Model ESC-50 | UrbanSound8K
EN ML Avg. | EN ML Avg.

English-only 83.50£2.85 658+0.76 | 7144 £5.10 1627 £ 1.11
Random Sampling | 90.12 + 1.35 86.37 £ 0.60 | 74.92 £4.60 73.70 £ 3.15
LE-Mixture 10% 8143 £239 6892+ 1.19 | 7390 £4.09 6649 +2.52
LE-Mixture 20% 86.53 239 7720+ 1.00 | 7329 +190 70.21 £0.12
LE-Mixture 30% 86.27 £3.34 8099+ 1.09 | 74.12 £2.36 71.19 £3.75
LE-Mixture 40% 84.57 +£1.83 81.26+0.99 | 7230 £2.22 69.16 + 1.47
LE-Mixture 50% 84.05 £ 1.01 82.294+0.55 | 70.69 £1.53 71.60 4+ 0.70
LE-Mixture 100% | 82.53 £2.36 80.90+0.64 | 72.68 £5.53  70.04 £+ 0.85

Table 5.32: Zero-shot classification performance under different
multilingual training strategies. EN denotes evaluation
using English class prompts, while ML (Multilingual)
Avg. denotes the average across the non-English eval-
uation languages. All values are reported as mean +
standard deviation across three runs. The best result
for each metric is highlighted in blue and shown in
bold, while the second-best result is underlined.

to assess whether PALMA strikes a competitive balance among English performance,

multilingual robustness, retrieval, and zero-shot classification.

\ AudioCaps ClothoV2
\ EN \
| T2A |

Model
ML Avg.

|
ML Avg. \ EN \
A2T A2T T2A | AT A2T T2A

T2A |

67.36 £ 0.45
67.44 +0.08
67.90
54.93

74.92 +0.12
74.61 £0.39
67.35 +£3.71
54.82 +7.79

PALMA Random Sampling
PALMA LE-Mixture 100%
ML-CLAP

GLAP

76.89 + 0.43
77.27 +0.88
76.98
71.24

64.95 +0.26
64.37 £0.05
56.81 £ 4.18
40.19 £ 8.47

40.76 £ 0.92
40.14 £0.24
50.49
27.88

36.08 £0.17
35.17 £0.22
46.51
26.04

38.98 + 0.45
37.58 +0.23
45.07 £ 1.40
21.36 +4.31

34.79 +0.14
33.10 +0.29
39.59 & 1.58
18.23 +5.81

Table 5.33: Retrieval performance comparison between PALMA
multilingual training strategies and multilingual
audio-language baselines. EN denotes evaluation on
English captions, while ML Avg. denotes the aver-
age across non-English evaluation languages. A2T and
T2A correspond to Audio-to-Text and Text-to-Audio re-
trieval, respectively. All values are reported using Re-
call@Avg. PALMA values are reported as mean =+
standard deviation across three runs. ML-CLAP and
GLAP contain one run per language; therefore, their
EN values are reported without standard deviation,
while ML Avg. values are reported as mean =+ standard
deviation across non-English languages. The best re-
sult for each metric is highlighted in blue and shown
in bold, while the second-best result is underlined.

For retrieval, the results show a clear dataset-dependent behavior. On AudioCaps,
PALMA is the strongest model under multilingual evaluation. PALMA Random Sampling
obtains the best ML Avg. performance in both retrieval directions, reaching 74.92% for
Audio-to-Text and 64.95% for Text-to-Audio. These results are substantially higher than
ML-CLAP, which reaches 67.35% and 56.81%, and GLAP, which reaches 54.82% and
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Model | ESC-50 | UrbanSound8K

| EN ML Avg. | EN ML Avg.

PALMA Random Sampling
PALMA LE-Mixture 100%
ML-CLAP

GLAP

90.12+ 135  86.37 + 0.60
82.53+£2.36  80.90 + 0.64
9570 = 0.66  85.17 + 5.79
81.10 £ 1.91  60.97 £ 13.68

74.92 +4.60  73.70 + 3.15
72.68 +5.53  70.04 +0.85
83.84 £ 3.80 77.24 £ 545
5140+ 1.39  56.22 £ 9.60

Table 5.34: Zero-shot classification comparison between PALMA
multilingual training strategies and multilingual
audio-language baselines. EN denotes evaluation us-
ing English class prompts, while ML Avg. denotes
the average across non-English evaluation languages.
PALMA values are reported as mean + standard de-
viation across three runs. ML-CLAP and GLAP val-
ues are reported as mean + standard deviation across
folds for EN, while their ML Avg. values are computed
across non-English language averages. The best result
for each metric is highlighted in blue and shown in
bold, while the second-best result is underlined.

40.19%. This indicates that the multilingual supervision strategy used in PALMA is
particularly effective for preserving cross-lingual retrieval performance on AudioCaps.
In English, PALMA LE-Mixture 100% obtains the best Audio-to-Text result, while
ML-CLAP obtains the best Text-to-Audio result. Therefore, on AudioCaps, PALMA
is especially competitive, achieving the strongest multilingual average while remaining
close to, or better than, the baselines.

The behavior is different on ClothoV2. ML-CLAP obtains the best results in
all English and multilingual retrieval metrics, reaching 50.49% and 46.51% in English,
and 45.07% and 39.59% in ML Avg. for Audio-to-Text and Text-to-Audio, respectively.
PALMA Random Sampling is the second-best model across all ClothoV?2 retrieval met-
rics, with 40.76% and 36.08% in English, and 38.98% and 34.79% in ML Avg. This
suggests that ML-CLAP transfers particularly well to ClothoV2, while PALMA remains
competitive but does not close the gap on this dataset. One possible explanation is that
ML-CLAP is explicitly designed for multilingual audio-text retrieval and may benefit
from a training configuration that is especially well-matched to the AudioCaps—Clotho
evaluation setting. In contrast, GLAP performs substantially below the other models on
both retrieval datasets, especially under multilingual evaluation, suggesting weaker cross-
lingual audio-text alignment in this benchmark setting.

The complete per-language retrieval Tables E.2, 5.36 and 5.37 provide additional
insight into these aggregate results. For PALMA Random Sampling, the AudioCaps
performance remains relatively stable across languages, with only a small gap between
English and most non-English languages. This indicates that Random Sampling not only
improves the average result but also produces a consistently multilingual retrieval space.

ML-CLAP also shows strong multilingual retrieval for the languages available in its
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evaluation set, especially on ClothoV2. GLAP, however, shows larger drops across several
languages. These complete results suggest that PALMA Random Sampling is particularly

effective at reducing the gap between English and non-English retrieval on AudioCaps.

Random Sampling
AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 53.81 £+ 0.81 83.62+0.51 9325+1.08 76.89+043 | 39.59+0.75 75.33+080 87.16+024 67.36 +0.45
Portuguese 5339+0.06 83.24+0.70 91.72+0.06 76.12+0.23 | 37.80+0.40 73.01 £0.26 85.07 +0.21 65.29 +0.29
Spanish 5062+ 1.19 8140 £0.66 91.45+0.60 74.491+028 | 37.32 £1.08 7255058 8497 +£0.29 64.94+0.58
French 5238 +0.28 82.04+1.24 91.07+1.62 7516+1.00 | 37.66 £0.50 7293 =0.26 8544 +£0.27 6534 +0.14
Russian 50.84 +£0.88 81.66 £147 9194 +040 7482+0.71 | 37.574+020 72.30+036 84.75+055 64.87+0.21
Arabic 51.52+0.70 81.92+0.88 92.05+0.28 7517 +0.55 | 37.234+0.63 72.68 =041 84.94+025 64.95+0.39
Hindi 5178 +£1.77 81.07 £1.50 9093 £0.94 7459 +1.20 | 37.35+0.52 72.82=0.27 8550+0.30 6522+0.23
German 52.16 +£0.17 8230+ 1.01 9220+ 1.05 75.55+0.71 | 38.20+0.70 73.51 +0.43 86.25+0.17 65.98 + 0.29
Chinese(zh)  50.88 +-1.24 8148 +0.45 9141 +026 74594049 | 36.84 £0.35 7221 +£0.07 8528 +0.43 64.78 +0.28
Swabhili 49.12 £ 1.54 80.61 £1.80 91.34+049 73.69+£0.75 | 35.69 029 70.32 032 83.19£0.19 63.06 +£0.25
Japanese 5126+0.28 8196 +£1.04 91.15+0.72 7479 +0.67 | 36.81 £0.77 72.05=0.19 8536+0.49 64.74 +0.34
Turkish 51.74 +1.14  82.04 £0.13 91.60 £0.69 7513 +0.53 | 37.394+0.52 72424028 8583 +037 6521+0.35
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 21.05 +1.23 43.67 +048 5757 +1.07 40.76 +0.92 | 16.31 +0.20 39.39 +0.35 52.56 +0.25 36.08 + 0.17
Portuguese 20.38 +0.72 43.64 +1.34 5646 +042 40.16 +0.77 | 15.83 £0.28 3898 =0.44 52.15+0.44 35.65+0.26
Spanish 20294+ 0.82 4287 +£0.78 55954+0.38 3970 £ 040 | 15.87 £0.45 39.02 +0.18 52.10+£0.80 35.67 4+ 0.29
French 19.07+0.72 4198 £0.20 5550 +1.11 3885+045 | 15334+0.57 38.02+047 51.53+0.06 34.96+0.29
Russian 1946 +£1.25 41.57+0.87 5509 +121 3871+1.10 | 1503 £0.56 37.69=0.35 50.65+0.16 34.46+0.20
Arabic 19.17+0.80 41.63 +£1.08 5522+0.77 38.67+0.80 | 14.81 £0.30 37.10=0.47 5042 +0.17 34.11+0.12
Hindi 1997 £0.69 4271 £1.55 5566+ 1.14 3945+1.04 | 15974+033 38.15+0.76 51.13+0.44 35.09 + 0.46
German 1920 +0.40 4255+145 5585+1.36 3920+1.03 | 1596+038 3876 +044 51.62+052 3545+0.20
Chinese(zh) 1930 £1.30 41.88£0.81 5426 £1.63 3848094 | 15134+042 38.06=0.18 51.18+0.22 34.79 £ 0.06
Swahili 1841 +1.38 41.69 +045 5445+ 141 38.18+1.02 | 14.17+0.41 3638 =0.21 4892 +0.07 33.16+0.19
Japanese 19.11 +£0.14 4217 +£0.82 5480 +£0.58 38.69 +£0.33 | 15.194+0.18 3848 +£0.52 51.55+029 35.07 +0.22
Turkish 1955+ 1.15  41.79 £ 048 5471+ 136 38.68 032 | 1525+0.18 3747 +:0.26 50.01 £0.37 3424 1+0.18

Table 5.35: Language-wise retrieval performance for the Ran-
dom Sampling strategy. AudioCaps and ClothoV?2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Val-
ues are reported as Recall @k mean + standard devia-
tion across three runs. The best value for each metric
within each dataset block is shown in bold, while the
second-best value is underlined.

For zero-shot classification, represented in Table 5.34 and in more details in Ta-
ble 5.38, the comparison shows a different trade-off. ML-CLAP obtains the best English
performance on both ESC-50 and UrbanSound8K, reaching 95.70% and 83.84%, respec-
tively. It also obtains the best UrbanSound8K ML Avg. result, with 77.24%. PALMA
Random Sampling, however, obtains the best ESC-50 ML Avg. result, reaching 86.37%,
slightly above ML-CLAP’s 85.17%. This result also shows that PALMA’s multilingual su-
pervision transfers not only to retrieval, but also to prompt-based classification. Although
ML-CLAP remains stronger in English classification and on UrbanSound8K, PALMA
Random Sampling provides the strongest multilingual ESC-50 result and remains the

second-best model on the remaining classification metrics.
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Audio-to-Text | Text-to-Audio

AudioCaps

Language R@l R@5 R@10 R@Avg | R@l R@5 R@10 R@Avg

English 56.13 83.13  91.68 76.98 40.70 7577 87.22 67.90
% Spanish 46.68 76.04  86.84 69.85 3447 67.31 81.03 60.94
—  French 4781 7548  86.16 69.82 33.68 6574  78.67 59.36
3 German 4713 7717  87.06 70.45 32.64 65.71  78.58 58.98
=  Chinese(zh) 39.82 68.73  80.09 62.88 26.82 5690  70.10 51.27
Japanese 3993  69.07 82.23 63.74 2848 59.26  72.82 53.52
ClothoV?2
Language R@l R@5 R@10 R@Avg | R@l R@5 R@10 R@Avg
English 29.38 54.55 67.56 50.49 23.67 5110 64.75 46.51
% Spanish 2335 50.72  65.07 46.38 19.83 45.19  58.93 41.31
—  French 25.07 50.72  63.16 46.32 19.29 4522  58.24 40.92
3 German 24.02 48.13  62.87 45.01 18.24 4375  56.34 39.44
=  Chinese(zh) 22.20 46.12  60.57 42.97 16.78  41.19  54.28 37.42

Japanese 2411 48.71  61.15 44.66 1797 4279  55.77 38.85

Table 5.36: Complete ML-CLAP retrieval results across evalua-
tion languages on AudioCaps and ClothoV2. A2T and
T2A correspond to Audio-to-Text and Text-to-Audio re-
trieval, respectively. Bold values indicate the best lan-
guage for each metric and dataset, while underlined
values indicate the second-best language.

GLAP shows lower classification performance than PALMA and ML-CLAP. Its
English ESC-50 result is 81.10%, and its ML Avg. drops to 60.97%, with a high standard
deviation across languages. On UrbanSound8K, GLAP obtains 51.40% in English and
56.22% in ML Avg. The complete classification table shows that GLAP is highly variable
across languages, with strong results for some language-dataset combinations but much
weaker results for others. This suggests that, although GLAP has multilingual capabilities,

its multilingual transfer is less stable in the evaluated zero-shot classification setting.

English Performance Gains from Multilingual Supervision

Although the main goal of this phase is to improve multilingual audio-language
alignment, an important secondary effect is observed in the English evaluation setting.
As shown in Tables 5.39 and 5.40, the multilingual supervision, like the Random Sam-
pling configuration consistently improves over the PALMA English-only baseline across
retrieval and zero-shot classification.

For retrieval, PALMA Random ML improves over PALMA English-only on both
AudioCaps and ClothoV2. On AudioCaps, the Audio-to-Text R@Avg increases from
73.84% to 76.89%, while Text-to-Audio R@Avg increases from 65.99% to 67.36%.

On ClothoV?2, the gains are smaller in Audio-to-Text retrieval, increasing from 40.33%
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Audio-to-Text | Text-to-Audio

AudioCaps

Language R@1 R@5 R@I0 R@Avg | R@1 R@5 R@I0 R®@Avg

English 4634 78.85 88.53 71.24 26.86 61.12 76.81 54.93
Portuguese 36.00 70.19 81.89 62.69 1996 4893 63.24 44.04
Spanish 3577 6592 7897 60.22 2324 54.60 68.98 48.94
French 36.56 70.53 84.25 63.78 22.81 53.72  68.68 48.41
Russian 20.92 4274 5433 39.33 8.21 21.93 30.73 20.29
% Arabic 3195 61.75 74.35 56.02 1791 4439  58.83 40.37
é Hindi 3048 57.37  71.77 53.21 18.63 46.16  61.60 42.13
German 35.88 67.83 80.76 61.49 2252 52776 6891 48.06
Chinese(zh) 29.58 61.19 7492 55.23 16.15 42.05 55.97 38.06
Swahili 21.37 48.03 62.65 44.02 14.04 36.29  49.65 33.33
Japanese 33.52  62.09 7593 57.18 20.81 4830 62.50 43.87
Turkish 2778 5399 67.83 49.87 1426 3793 51.68 34.62
ClothoV?2
Language R@1 R@5 R@I10 R®@Avg | R@1 R@5 R@10 R®@Avg
English 11.29 2986 42.49 27.88 10.09 27.89 40.13 26.04
Portuguese 9.57 23.64  34.55 22.58 8.04 23.18 33.19 21.47
Spanish 9.38 2632  37.22 24.31 8.73 24.88 36.44 23.35
French 11.10  25.93 37.22 24.75 8.71 2542  36.63 23.59
Russian 5.36 14.55 23.06 14.32 3.06 9.97 15.22 9.42
% Arabic 9.86 25.65 36.17 23.89 6.89 20.21 30.41 19.17
8 Hindi 7.94 23.44 3493 22.11 7.48 21.36 31.39 20.08
German 10.43  28.52  38.18 25.71 8.59 24.48 36.15 23.07
Chinese(zh) 5.36 13.40 19.52 12.76 2.03 5.86 9.47 5.79
Swahili 7.75 20.77 32.15 20.22 591 1642  25.72 16.02
Japanese 1244 26.03 35.41 24.63 7.85 2230 3248 20.87
Turkish 8.04 20.48 30.62 19.71 591 18.76  28.31 17.66

Table 5.37: Complete GLAP retrieval results across evaluation
languages on AudioCaps and ClothoV2. A2T and
T2A correspond to Audio-to-Text and Text-to-Audio re-
trieval, respectively. Bold values indicate the best lan-
guage for each metric and dataset, while underlined
values indicate the second-best language.

to 40.76%, but more noticeable in Text-to-Audio retrieval, increasing from 33.53% to
36.08%. These results indicate that multilingual supervision does not simply recover
non-English capabilities, but can also improve the quality of the English audio-text
embedding space.

A similar trend is observed in zero-shot classification. PALMA Random ML
improves the English ESC-50 accuracy from 83.50% to 90.12%, and the UrbanSound8K
accuracy from 71.44% to 74.92%. This shows that the benefits of multilingual supervision
transfer beyond retrieval and also improve the alignment between audio representations

and English class prompts. Therefore, the multilingual training signal appears to act as
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Model Language ESC-50 UrbanSound8K
English 90.12 + 1.35 74.92 + 4.60
20 Portuguese ~ 89.85 4+ 0.94 71.87 £5.95
=, Spanish 89.15 £ 1.51 74.61 +6.29
= French 86.70 + 1.11 76.01 + 6.05
v Russian 80.88 + 2.53 79.30 + 1.45
g Arabic 85.28 +£ 1.80 72.16 + 3.35
= Hindi 83.03 £ 0.55 69.38 +3.33
~ German 88.23 £ 1.19 79.23 +2.27
<§: Chinese(zh)  86.65 + 1.53 67.98 +2.58
= Swahili 85.17 +1.98 75.37 £4.13
= Japanese 8822 +052 78344521
Turkish 86.87 £+ 1.55 66.45 + 2.45
English 95.70 + 0.66 83.84 +3.80
% Spanish 89.20 £ 043 81.68 £+ 3.98
= French 87.00 £ 0.81 79.04 +3.10
< German 9120+ 075 8225+ 3.90
= Chinese(zh)  81.15 + 1.30 69.71 + 3.49
Japanese 77.30 £ 0.90 73.52 £ 3.17
English 81.10 + 1.91 51.40 + 1.39
Portuguese 69.65 +0.73 4593 £3.24
Spanish 80.25 + 0.96 59.71 £3.35
French 75.70 £ 0.48 60.38 +5.13
Russian 30.40 £ 1.03 41.33 £ 294
% Arabic 56.00 + 0.94 66.33 + 3.56
6] Hindi 63.10 £ 1.15 55.96 + 6.32
German 69.90 £+ 1.40 63.75 £ 3.30
Chinese(zh)  58.50 £ 0.61 62.33 £ 1.72
Swahili 52.75 £ 1.47 39.81 £ 2.51
Japanese 62.85 £ 1.85 66.17 +2.21
Turkish 51.60 £ 1.07 56.77 + 3.57

model.

Table 5.38: Complete zero-shot classification performance for
PALMA Random Sampling, ML-CLAP, and GLAP
across evaluation languages on ESC-50 and Urban-
Sound8K. Values are reported as mean + standard
deviation. PALMA values are computed across three
runs, while ML-CLAP and GLAP values are computed
across folds. Bold values indicate the best language
for each dataset within each model, while underlined
values indicate the second-best language within each

a form of semantic regularization, encouraging the model to learn more robust audio-

language correspondences instead of overfitting to the lexical structure of the original

English captions.

When compared with external English-only baselines, PALMA Random ML

is not always the strongest model in absolute terms. For example, ML-CLAP achieves
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the best English zero-shot classification results, and some retrieval baselines remain
stronger on specific datasets. However, the key observation is that the selected multi-
lingual PALMA configuration outperforms its English-only counterpart while remaining
competitive with several stronger, more costly baselines. This is relevant because PALMA

achieves these gains by fine-tuning only the text encoder while keeping the audio encoder

frozen.
English Retrieval Evaluation
Audio-to-Text ‘ Text-to-Audio
Model R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
AudioCaps
MS-CLAP V2 (HTS-AT + GPT2) [50] 30.03 64.34 78.18 57.52 14.08 44.77 60.83 39.90
LAION-CLAP (HTS-AT + RoBERTa) [201] 46.68 79.75 90.55 72.33 34.58 70.80 83.69 63.02
LAION-CLAP (HTS-AT + RoBERTa + Fusion) [201] 44.66 78.52 90.44 71.20 34.60 71.32 84.39 63.43
‘WavCaps (HTS-AT + BERT) [127] 52.87 82.23 89.76 74.95 52.87 82.23 89.76 74.95
Auto-ACD (HTS-AT + RoBERTa) [183] 53.77 83.24 92.24 76.42 40.54 75.16 85.85 67.18
BLAT (CNN14 + BERT) [204] 43.64 74.58 85.49 67.90 33.72 68.84 83.06 61.87
Cacophony (AudioMAE + RoBERTa) [225] 48.26 79.64 90.44 72,78 37.30 7145 84.27 64.34
AudioSetCaps (HTS-AT + RoBERTa) [11] 59.28 86.61 93.48 79.79 46.59 80.31 90.30 72.40
ML-CLAP (CED + SONAR-TE) [207] 56.13 83.13 91.68 76.98 40.70 75.77 87.22 67.90
GLAP (Dasheng [41] + SONAR-TE) [40] 46.34 78.85 88.53 71.24 26.86 61.12 76.81 54.93
PALMA English-only (CED + mGTE) 4931 £1.58 81.14+1.50 91.08 +1.11 73.84+1.03 | 3858023 7385+0.77 8554+039 6599 +0.44
PALMA Random ML (CED + mGTE) 53.81 +0.81 83.61 + 0.51 93.25 +1.08 76.89 +043 | 3959 +0.75 7533+0.75 87.16+0.24 67.36 +0.45
ClothoV2
Audio-to-Text ‘ Text-to-Audio
Model R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
MS-CLAP V2 (HTS-AT + GPT2) [50] 24.78 48.13 61.44 44.78 15.67 38.78 51.44 35.30
LAION-CLAP (HTS-AT + RoBERTa) [201] 21.34 47.66 61.53 4351 16.50 39.44 51.75 35.90
LAION-CLAP (HTS-AT + RoBERTa + Fusion) [201] 21.82 48.23 62.30 44.11 16.44 39.79 52.46 36.23
WavCaps (HTS-AT + BERT) [127] 2191 49.47 63.35 4491 18.78 45.15 57.72 40.55
Auto-ACD (HTS-AT + RoBERTa) [183] 17.61 39.23 51.29 36.04 15.62 38.30 51.92 35.28
BLAT (CNN14 + BERT) [204] 17.61 40.00 5273 36.78 12.73 34.81 48.19 31.91
Cacophony (AudioMAE + RoBERTa) [225] 24.02 51.87 64.69 46.86 19.50 4532 57.86 40.89
AudioSetCaps (HTS-AT + RoBERTa) [11] 17.99 35.98 49.19 34.39 15.08 37.09 50.12 34.10
ML-CLAP (CED + SONAR-TE) [207] 29.38 54.55 67.56 50.49 23.67 51.10 64.75 46.51
GLAP (Dasheng+ SONAR-TE) [40] 11.29 29.86 42.49 27.88 10.09 27.89 40.13 26.04
PALMA English-only (CED + mGTE) 19.68 +0.80 43.92+0.51 57.38 +0.64  40.33 + 0.60 14.76 +0.21 3642 +0.36 4942+025 33.53+0.19
PALMA Random ML (CED + mGTE) 21.05+1.23 43.68 048 57.57+1.07 40.76 £ 0.92 1631 £020 3939+035 53.56+025 36.08+0.17
Table 5.39: English retrieval performance on AudioCaps and

ClothoV2. A2T and T2A denote Audio-to-Text and

Text-to-Audio retrieval, respectively. Values are re-

ported as Recall@1, Recall@5, Recall@]0, and Re-

call@Avg. PALMA values are reported as mean =+

standard deviation across three runs. The best value

for each metric within each dataset is shown in bold,

while the second-best value is underlined. PALMA

Random ML results are also shown in bold to high-

light the selected multilingual PALMA configuration.

Summary

Overall, the baseline comparison shows that PALMA provides a strong multilin-
gual trade-off. ML-CLAP remains the strongest model on ClothoV?2 retrieval and English
classification, while PALMA with Random Sampling achieves the best multilingual re-
trieval performance on AudioCaps and the best multilingual classification performance
on ESC-50. Compared with GLAP, PALMA also shows substantially stronger retrieval

and classification performance across the evaluated multilingual settings.
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Model ESC-50 UrbanSound8K
MS-CLAP V2 (HTS-AT + GPT2) [50] 94.35 82.38
LAION-CLAP (HTS-AT + RoBERTa) [201] 83.10 80.99
LAION-CLAP (HTS-AT + RoBERTa + Fusion) [201] 79.05 71.24
WavCaps (HTS-AT + BERT) [127] 94.25 82.28
Auto-ACD (HTS-AT + RoBERTa) [183] 82.35 75.46
BLAT (CNN14 + BERT) [204] 77.45 73.91
Cacophony (AudioMAE + RoBERTa) [225] 92.75 80.72
AudioSetCaps (HTS-AT + RoBERTa) [11] 52.00 51.65
ML-CLAP (CED + SONAR-TE) [207] 95.70 83.84
GLAP (Dasheng + SONAR-TE) [40] 81.10 51.40
PALMA English-only (CED + mGTE) 83.50 +2.85 7144 +5.10
PALMA Random ML (CED + mGTE) 90.12 + 1.35 74.92 + 4.60

Table 5.40: English zero-shot classification performance on ESC-
50 and UrbanSound8K. Values are reported as mean
accuracy. PALMA values are reported as mean =+ stan-
dard deviation across three runs. The best value for
each dataset is shown in bold, while the second-best
value is underlined. PALMA Random ML results are
also shown in bold to highlight the selected multilin-
gual PALMA configuration.

An important difference between PALMA and the multilingual baselines is the
training cost. Both ML-CLAP and GLAP fine-tune their audio and text encoders jointly
and are trained for 20 epochs, whereas the PALMA configurations are trained for only 10
epochs. In addition, PALMA follows a more parameter-efficient adaptation strategy, since
it fine-tunes only the text encoder while keeping the audio encoder frozen. Despite this
more constrained and computationally cheaper setup, PALMA achieves competitive, and
in some cases superior, performance compared with more costly multilingual baselines.

These results reinforce one of the main hypotheses of this dissertation: carefully
designed architectural choices, combined with simple and efficient training strategies, can
produce strong multimodal alignment without requiring full model fine-tuning or substan-
tially larger training budgets. In this sense, PALMA demonstrates that multilingual audio-
language alignment can be improved through a lightweight adaptation strategy, while still

remaining competitive with more expensive multilingual audio-language models.

5.3.9 Final Remarks

The results presented in this section show that PALMA provides a systematic
view of the main factors that influence multilingual audio-language alignment. Across the
different experimental phases, the analysis showed that performance depends not only on
the isolated strength of the audio and text encoders, but also on the compatibility between
their representation spaces. In this sense, PALMA highlights the importance of encoder
synergy: stronger multilingual text encoders can enrich the shared embedding space and
improve retrieval performance when paired with suitable acoustic encoders. The exper-
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iments also showed that efficient training strategies, such as Locked Audio Pretraining,
can preserve useful acoustic prior knowledge while reducing the cost of adaptation.

A central finding of PALMA is that pretrained acoustic encoders organize
information hierarchically across their layers. The Mixture-of-Layers analysis showed
that final layers remain highly important for audio-language alignment, but intermediate
layers still contain relevant information that can contribute to the shared representation
space. Therefore, the main relevance of MoL is not only the moderate performance
gains observed in some configurations, but also the evidence that audio-language models
can benefit from mechanisms that exploit the internal structure of pretrained encoders.
This suggests that future progress in this domain may come from methods that use
intermediate acoustic representations more effectively, instead of relying exclusively on
the final encoder layer.

Finally, the multilingual supervision experiments showed that translated cap-
tions are an effective strategy for extending audio-language alignment beyond English.
English-only training produced strong English results, but it led to substantial degrada-
tion under multilingual evaluation, indicating that a multilingual text encoder alone is
not sufficient after audio-text fine-tuning. In contrast, explicit multilingual supervision
substantially improved retrieval and zero-shot classification across languages. Random
Sampling emerged as the strongest overall strategy, showing that a simple multilingual
supervision method can match or surpass more complex and computationally costly al-
ternatives. Overall, PALMA reinforces the idea that scalable multilingual audio-language
learning depends on careful encoder selection, efficient adaptation, effective use of pre-

trained representations, and simple but well-designed multilingual training strategies.



CHAPTER 6

Conclusion

In this research, we investigated how multilingual multimodal representations
of audio and text can be learned under data and computational constraints. The central
motivation of this work was the strong dependence of audio-language models on English-
centric resources and the high computational cost of large-scale training pipelines. To-
gether, these factors limit the accessibility of audio-language models and reduce their ap-
plicability in multilingual real-world scenarios. To address these problems, we explored
two complementary directions: CACARA, which investigates the efficient integration of
audio into an existing multilingual image-text representation space, and PALMA, which
studies the systematic design of bimodal multilingual audio-language models.

The results obtained with CACARA show that audio can be efficiently added to
an existing frozen multilingual multimodal representation space. By aligning the audio
encoder with a frozen textual anchor, CACARA enabled emergent multimodal alignment
between audio and vision without requiring explicit audio-image training pairs or full
tri-modal retraining. Moreover, the same mechanism also supported the emergence of
multilingual audio-text alignment, showing that the newly added audio modality can
inherit part of the multilingual structure already encoded in the pretrained representation
space. These results support the hypothesis that a new modality can benefit from both
the multimodal and multilingual organization of a pretrained multimodal model. At the
same time, we showed that this emergent transfer is not uniform across languages. To
describe this behavior, we introduced the concept of the cross-lingual gap, which captures
the differences in alignment quality between English and non-English languages after
the addition of the new modality. This finding indicates that the semantic organization of
languages before the modality expansion is an important factor in determining how well
the newly added modality aligns with non-English language representations.

The results obtained with PALMA complement this analysis by showing that
audio-language alignment depends strongly on the choice of encoder, training strategy,
data composition, batch size, and multilingual supervision. Among the evaluated configu-
rations, the results show a clear synergy between acoustic and textual representations: the
quality of audio-language alignment depends not only on the strength of each encoder in
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isolation, but also on how compatible their representation spaces are. In particular, more
recent and powerful multilingual text encoders have enriched the shared embedding space
and improved alignment performance when paired with suitable acoustic encoders. At the
same time, Locked Audio Pretraining (LaT) provided an effective performance-efficiency
trade-off by freezing the audio encoder while preserving strong zero-shot classification
performance. These results reinforce the view that the design of audio-language models
should be understood not only as a matter of scaling data or model size, but also as a prob-
lem of selecting compatible pretrained components and choosing training strategies that
preserve useful prior knowledge while still allowing effective cross-modal adaptation.

The proposed Mixture-of-Layers (MoL) mechanism further showed that pre-
trained acoustic encoders organize their representations hierarchically, with different en-
coder depths contributing differently to audio-language alignment. Although the final lay-
ers remained highly important, the learned layer weights indicated that intermediate rep-
resentations still contain relevant information for the alignment process. Therefore, one
of the main insights from MoL is not only its modest performance gain but also the ev-
idence that audio-language models can benefit from mechanisms that make better use of
the internal structure of pretrained acoustic encoders, suggesting a promising path forward
for the development of more efficient methods that exploit intermediate representations
instead of relying exclusively on the final encoder layer.

Finally, the multilingual supervision experiments showed that translated captions
are an effective strategy for extending audio-language alignment beyond English. While
English-only training produced strong English results, it led to severe degradation on
multilingual evaluation, demonstrating that a multilingual text encoder alone is insuffi-
cient after audio-text fine-tuning. In contrast, explicit multilingual supervision substan-
tially improved retrieval and zero-shot classification across languages. Random Sampling
emerged as the strongest overall strategy, demonstrating that a simpler multilingual super-
vision method can match or surpass more complex, computationally costly multilingual
mixture strategies, highlighting the importance of simple yet effective design choices for
scalable multilingual audio-language learning.

Taken together, the findings of this work support the initial hypothesis that mul-
tilingual multimodal alignment can be achieved through efficient and modular design.
CACARA and PALMA show that competitive multilingual audio-language systems do
not necessarily require full end-to-end retraining of all modalities or prohibitively expen-
sive large-scale training pipelines. Instead, strong alignment can be obtained by reusing
pretrained encoders, preserving useful multilingual and acoustic prior knowledge, ap-
plying efficient adaptation strategies, and carefully designing the representation-learning
process. In this sense, this research reinforces the idea that accessibility and scalability in

multilingual multimodal learning depend not only on increasing model and dataset size,
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but also on developing methods that make better use of the representation spaces already

learned by existing models.

6.1 Answering Research Questions

This section revisits the research questions introduced in Section 1.3 and sum-
marizes how they were addressed throughout this dissertation. The methodological an-
swers are mainly developed in Chapter 4, while the empirical evidence is presented in
Chapter 5. Overall, the results support the central hypothesis of this work: multilingual
audio-text and multimodal alignment can be learned under data and computational con-
straints by reusing pretrained models, carefully selecting encoders, employing efficient
training strategies, and using representation-level aggregation mechanisms. At the same
time, the experiments also reveal important limitations, especially regarding the consis-

tency of multilingual transfer across languages, datasets, and downstream tasks.

6.1.1 RQI1: How can multilingual audio-text alignment be achieved

under English-centric data constraints?

The results show that multilingual audio-text alignment under English-centric
data constraints can be achieved through two complementary mechanisms: emergent
transfer from a frozen multilingual representation space and explicit multilingual super-
vision using translated captions.

CACARA demonstrates the first mechanism by aligning an audio encoder with
English text representations produced by a frozen pretrained multilingual text encoder,
as described in Sections 4.1.2 and 5.2.4. Although only English audio-text pairs are
used during explicit alignment training, the audio encoder is connected to a textual
representation space that already organizes multiple languages according to their semantic
relationships. Consequently, part of this cross-lingual structure is transferred to the
newly aligned audio modality. The multilingual evaluation presented in Section 5.2.5
confirms that this process enables audio-text retrieval and zero-shot audio classification
in languages that were not observed during training.

This transfer, however, is not equally effective across all evaluation conditions.
As shown by the cross-lingual gap analysis in Section 5.2.5, performance varies across
languages, datasets, retrieval directions, and downstream tasks. These differences indicate
that the multilingual structure inherited from the frozen text encoder provides a viable ba-
sis for cross-lingual audio-text interaction, but does not ensure the same degree of align-

ment for every language. The effectiveness of emergent multilingual transfer depends on



6.1 Answering Research Questions 170

the linguistic structure already encoded by the language anchor and on how successfully
that structure can be propagated to the audio modality.

PALMA complements this emergent strategy by investigating explicit multilin-
gual supervision based on translated captions. The experiments presented in Section 5.3.8
show that machine-translated captions provide a practical means of extending audio-text
supervision beyond English when large native multilingual audio-text datasets are un-
available. The retrieval results in Section 5.3.8 and the zero-shot classification results
in Section 5.3.8 demonstrate that translated multilingual supervision strengthens cross-
lingual alignment and improves generalization across languages.

Therefore, RQ1 is answered by showing that multilingual audio-text alignment
can be achieved through two complementary strategies: emergent alignment with a frozen
multilingual textual anchor and explicit multilingual supervision using translated cap-
tions. As demonstrated by CACARA, emergent alignment provides a low-cost mecha-
nism for extending audio-text capabilities to languages not observed during training. As
demonstrated by PALMA, translated multilingual supervision offers a more direct and

generally more robust means of strengthening cross-lingual alignment.

6.1.2 RQ2: Can a new modality be efficiently integrated into an

existing multilingual multimodal representation space?

The results demonstrate that a new modality can be efficiently integrated into
an existing multilingual multimodal representation space without jointly retraining all
participating modality encoders. CACARA achieves this integration by preserving the
pretrained image and text encoders and optimizing only the newly introduced audio
encoder, as described in Section 4.1.2. The frozen multilingual text encoder serves as
the alignment anchor through which the audio representations are mapped into the pre-
established image-text semantic space.

Because the image and text encoders are already aligned, bringing audio rep-
resentations closer to the textual representations also establishes an indirect relationship
between audio and images. This relationship emerges even though paired audio-image ex-
amples are not used during training. The results discussed in Section 5.2.4 show that the
aligned audio encoder can interact with both textual and visual representations, support-
ing the central premise that previously learned cross-modal relationships can be reused
when incorporating a new modality.

The same alignment process also transfers part of the multilingual structure of
the frozen text encoder to the audio modality. The multilingual results in Section 5.2.5
demonstrate that modality integration does not produce only an English audio-text con-

nection. Instead, the newly aligned audio encoder inherits cross-lingual relationships that
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were already represented in the pretrained image-text space. CACARA therefore supports
both forms of emergence investigated in this dissertation: multilingual transfer from text
to audio and cross-modal transfer between audio and images.

The efficiency analysis presented in Section 5.2.6 further shows that this sequen-
tial strategy reduces the computational requirements of multimodal expansion. Rather
than jointly realigning the complete architecture, CACARA reuses the existing multilin-
gual image-text space and concentrates optimization on the new audio encoder tower.
This lowers memory and computational requirements, preserves the previously learned
image-text relationships, and makes the integration of new modalities more modular.

These efficiency gains are accompanied by performance trade-offs. Emergent
alignment does not ensure that every cross-modal or cross-lingual relationship will be
transferred with the same strength. The results presented in Sections 5.2.4 and 5.2.5
show that performance remains dependent on the target language, modality combination,
dataset, and downstream task.

Therefore, RQ2 is answered positively. A new audio modality can be efficiently
integrated into an existing multilingual multimodal representation space through frozen
pretrained encoders and text-anchored sequential alignment. CACARA demonstrates that
the audio encoder can inherit both multilingual and multimodal relationships from the
pre-established semantic space without retraining the original image and text towers.
This provides a more modular, computationally accessible, and environmentally favorable
alternative to full multimodal retraining, while retaining the limitation that indirectly
transferred relationships may remain weaker or less consistent than relationships learned

through direct supervision.

6.1.3 RQ3: How do encoder choice and training strategy affect the
performance and efficiency of multilingual audio-language rep-

resentation learning?

The PALMA experiments show that encoder choice and training strategy jointly
determine the performance and efficiency of multilingual audio-language representation
learning. The strongest configuration cannot be identified solely by selecting the audio
encoder or text encoder with the best isolated unimodal performance. Instead, successful
audio-text alignment depends on the compatibility between the representation spaces
produced by both encoders and on how these spaces respond to the adopted training and
optimization strategy.

The audio-encoder consolidation experiments presented in Section 5.3.2 demon-
strate that pretrained audio backbones differ substantially in their ability to support audio-

text retrieval and zero-shot classification. These differences reflect not only model size
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or unimodal performance, but also the type of information acquired during pretraining
and its suitability for semantic alignment with text. Similarly, the text-encoder analysis
in Section 5.3.3 shows that multilingual text encoders produce representation spaces with
different degrees of compatibility with the evaluated audio encoders.

These findings establish representational synergy as an important factor in audio-
language model design. The performance of an encoder pair emerges from the interaction
between both towers rather than from a simple combination of their individual capabil-
ities. Consequently, an encoder that performs strongly in isolation does not necessarily
produce the strongest multimodal model when paired with another modality. Audio and
text encoders must therefore be evaluated jointly under the intended cross-modal objec-
tive.

Training strategy further influences this interaction. The experiments on locked-
encoder training and alternative contrastive learning objectives in Section 5.3.4 show that
full fine-tuning, freezing, and efficient adaptation produce different balances between re-
trieval performance, zero-shot transfer, and computational cost. Full fine-tuning provides
greater flexibility for adapting both representation spaces to the audio-text objective, but
it requires more memory and computation and may modify useful pretrained structures.
Locked-encoder strategies reduce the number of trainable parameters and preserve the
representation space of the frozen tower, although this restriction can limit the degree of
cross-modal adaptation. The experiments also show that alternative contrastive objectives
yield configuration-dependent benefits rather than consistent improvements across all en-
coders and tasks. This variability may arise from differences in supervision scale and data
characteristics between the domains in which these objectives were originally proposed
and the settings considered in this work.

The broader PALMA optimization pipeline demonstrates that encoder and
training-strategy selection cannot be separated from the remaining experimental config-
uration. The analyses presented in Sections 5.3.2, 5.3.6, and 5.3.7 show that learning
rate, regularization, training-data composition, and batch size substantially affect the final
model. Larger datasets, batches, or model configurations do not automatically produce
better performance when they introduce noisy pairs, alter the distribution of contrastive
negatives, or are not accompanied by appropriate optimization settings. Conversely, care-
fully selected configurations can achieve strong results without relying on the most com-
putationally expensive alternative.

Explicit multilingual supervision introduces an additional design dimension.
The results in Section 5.3.8 show that incorporating translated captions modifies the
cross-lingual structure learned by the model and improves performance beyond English.
However, the resulting gains depend on how languages are sampled and combined during

training. Multilingual supervision must therefore be treated as part of the model-design
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and optimization process rather than as a simple increase in the quantity of data.
Therefore, RQ3 is answered by showing that multilingual audio-language repre-
sentation learning depends on the joint design of the audio encoder, text encoder, training
objective, adaptation strategy, optimization settings, data composition, batch size, and
multilingual supervision procedure. Encoder compatibility is more informative than iso-
lated encoder quality, and efficient training strategies involve trade-offs among adapt-
ability, preservation of pretrained knowledge, predictive performance, and computational
cost. PALMA therefore demonstrates that robust and efficient audio-language models are
best achieved through the systematic co-design of their encoders, training strategies, op-

timization settings, and data composition.

6.1.4 RQ4: What is the impact of cross-layer aggregation on multi-

lingual audio-text representations?

The results show that cross-layer aggregation can improve multilingual audio-
text representations by exploiting complementary information distributed across the hi-
erarchy of pretrained audio encoders. Although the final encoder layer provides a strong
semantic representation, it does not necessarily retain all relevant information that may
remain useful for cross-modal alignment.

The Mixture-of-Layers (MoL) mechanism introduced in PALMA and evaluated
in Section 5.3.5 addresses this limitation by learning to combine representations from
multiple encoder layers. Rather than assuming that the final layer is universally optimal,
MoL allows information from different layers to contribute to the audio representation
used in the shared audio-text space. The main results presented in Section 5.3.5 show that
cross-layer aggregation can yield modest improvements across downstream tasks relative
to representations derived exclusively from the final layer.

The layer-weight importance analysis presented in Section 5.3.5 provides further
evidence supporting the use of this approach. More importantly than isolated performance
gains, the learned layer contributions reveal that intermediate representations remain rele-
vant to audio-language alignment even when deeper layers receive substantial importance.
This finding indicates that useful information is distributed across different levels of the
encoder hierarchy and that early layers can retain residual relevant information that can
complement the more abstract semantic information encoded in the final layers.

The dual-encoder and projection-only ablations presented in Section 5.3.5 fur-
ther demonstrate that the effectiveness of cross-layer aggregation depends on where and
how the aggregated information is incorporated into the model. Increasing architectural
complexity alone is not sufficient; the aggregation mechanism must enable intermediate

features to contribute meaningfully to the final aligned representation. These analyses also
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suggest that some of the observed limitations may arise from the design of the aggregation
and projection mechanisms, rather than from an absence of useful information within the
pretrained encoder itself.

Therefore, RQ4 is answered by showing that cross-layer aggregation is a promis-
ing and empirically supported strategy for improving multilingual audio-text representa-
tion learning. The MoL mechanism demonstrates that early to intermediate layers can
retain complementary information relevant to retrieval and zero-shot classification and
that relying exclusively on the final layer may overlook useful aspects of the pretrained
representation hierarchy. Nevertheless, its benefits remain configuration-dependent, and
cross-layer aggregation should be interpreted as a representation-aware design strategy
rather than as a universally performance-improving solution. More importantly, the find-
ings establish a foundation for future research on aggregation mechanisms that can better

exploit the complementary information distributed across encoder layers.

6.1.5 Summary

Taken together, the answers to the four research questions show that efficient
multilingual multimodal learning can be achieved through the reuse and careful adapta-
tion of pretrained representation spaces. CACARA demonstrates that aligning a new audio
encoder with a frozen multilingual textual anchor enables multilingual audio-text capa-
bilities and emergent audio-image interactions without requiring full multimodal retrain-
ing. PALMA demonstrates that the quality and efficiency of audio-language alignment
depend on representational synergy between encoders, appropriate training and optimiza-
tion strategies, carefully composed multilingual supervision, and the effective use of the
internal hierarchy of pretrained audio representations.

The findings also establish important boundaries for these conclusions. Emergent
multilingual and multimodal transfer remains uneven across languages, modality combi-
nations, datasets, and tasks. Translated captions provide an effective and practical source
of multilingual supervision, but do not completely replace native multilingual resources.
Efficient adaptation strategies reduce computational requirements, but may introduce per-
formance trade-offs relative to full fine-tuning. Finally, intermediate encoder layers pre-
serve complementary information that remains valuable for audio-language alignment.
However, the effectiveness of cross-layer aggregation varies across model configurations.

Overall, the combined evidence from CACARA and PALMA supports the cen-
tral premise of this dissertation: multilingual audio-text and multimodal representation
learning do not depend exclusively on large native multilingual datasets or computation-
ally expensive joint retraining. Instead, competitive and more accessible models can be

developed by reusing pretrained semantic spaces, selecting compatible encoder combi-
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nations, balancing predictive performance and efficiency during training, and exploiting
complementary information distributed throughout pretrained representation hierarchies.
The remaining limitations and the research opportunities derived from these findings are

discussed in Sections 6.2 and 6.3.

6.2 Limitations

Despite the positive results obtained, this research has limitations that must be
acknowledged. The limitations presented below do not invalidate the main findings of the
work. Instead, they define the scope within which the results should be interpreted and

establish important boundaries on the conclusions that can be drawn.

Dependence on Translated Text. Although translated captions proved effective
for multilingual supervision in PALMA and enabled multilingual evaluation in both
CACARA and PALMA, they are not equivalent to native multilingual audio descriptions.
Machine translation may introduce linguistic artifacts, reduce cultural specificity, and
generate captions that preserve the meaning of the English source while failing to reflect
how speakers of different languages would naturally describe the same acoustic event.
This can, in turn, introduce language-specific biases into both training and evaluation.
Consequently, the multilingual evaluation conducted in this work should be understood
as an assessment of cross-lingual transfer under translated-text conditions, rather than as

a full substitute for evaluation on native multilingual audio-text datasets.

Language Coverage.  This work evaluates twelve languages, including English and
eleven translated languages, which provides a broader perspective than studies restricted
to English-only evaluation. However, this set still captures only a limited portion of the
world’s linguistic diversity. Moreover, the evaluated languages are not equally represented
in the pretraining data of the multilingual text encoders adopted in this dissertation. As
a result, the observed performance differences may reflect not only the quality of the
proposed alignment methods, but also disparities in the underlying multilingual capacity

of the pretrained text encoders, as well as variation in the quality of the translated captions.

Computational Scale. One of the goals of this work was to investigate efficient
alternatives under realistic resource constraints. Consequently, some experiments were
intentionally limited in scale. Not all combinations of encoders, datasets, batch sizes, loss
functions, and aggregation strategies could be explored exhaustively. Broader large-scale
experiments may reveal different behaviors, particularly for objectives such as SigLIP,

which may benefit from larger datasets, larger batch sizes, and longer training schedules.
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Insights from Mixture-of-Layers.  The analysis based on Mixture-of-Layers provides
useful insight into how different encoder layers contribute to alignment, but it does not
fully explain the internal mechanisms of the learned representation space. The learned
weights indicate which layers the model emphasizes, but they do not reveal which
acoustic or semantic properties are encoded at each layer. A deeper understanding of
these mechanisms would require more targeted probing experiments, controlled synthetic

data, or layer-wise evaluations across additional tasks.

6.3 Future Work

Future studies should evaluate CACARA and PALMA on native multilingual
audio-text datasets, as such resources become available, and also contribute to the con-
struction of new benchmarks with human-written captions in multiple languages. This
would enable a more realistic assessment of multilingual audio-language alignment be-
yond translated-text conditions and would help determine how well the proposed methods
generalize to naturally occurring cross-lingual variation.

Next, future work should investigate multilingual supervision strategies beyond
Random Sampling and LE-Mixture. Possible directions include curriculum-based lan-
guage scheduling, language-balanced batching, quality-aware filtering of translated cap-
tions, and adaptive sampling strategies guided by language difficulty or performance dis-
parities. These alternatives may improve multilingual alignment further, particularly for
languages that are less represented in the underlying pretrained text encoders.

Also, the evaluation should be extended to additional downstream tasks, such
as audio captioning, audio question answering, sound event localization, and long-form
audio retrieval. Exploring these tasks would provide a broader understanding of whether
the learned representations support not only retrieval and zero-shot classification, but also
more complex forms of audio-language interaction and reasoning.

The MoL mechanism can be extended through more expressive aggregation
strategies. Future developments may combine layer aggregation with token-level or
temporal aggregation, allowing the model to determine not only which encoder layers
are most informative, but also which temporal regions of the audio are most relevant to a
given textual query. Such extensions may improve fine-grained retrieval and help address
cases in which multiple sound events occur at different times within the same recording.

Future work should continue exploring efficient multimodal expansion. The
results obtained with CACARA suggest that new modalities can be integrated into
frozen multilingual multimodal spaces through sequential alignment strategies. This idea
could be extended beyond audio to modalities such as video, motion, sensor data, or

symbolic music representations. Investigating these directions would help assess the
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generality of emergent alignment as a scalable strategy for building broader multilingual

multimodal systems.

6.4 Generative AI Use Disclosure

The author used generative artificial intelligence tools, specifically Large Lan-
guage Models, only to polish the presentation of portions of this dissertation. The author

assumes full responsibility for the integrity of this dissertation.
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APPENDIX A

Resources Description

This chapter describes the main resources used in the experimental pipeline, in-
cluding the data augmentation strategies and the datasets adopted for training, validation,

and evaluation.

A.1 Data Augmentation

Two augmentation strategies were considered in this work: Random Truncation
(RT) and SpecAugment. These techniques were evaluated in a preliminary stage in order
to assess their impact on retrieval and classification performance.

Random Truncation (RT) standardizes the temporal length of the audio input
by either truncating or padding each clip to a fixed duration. In this work, the target dura-
tion was set to 10 seconds. For audio clips shorter than the target length, silence padding
is applied to reach the required duration. For clips longer than the target duration, a ran-
dom segment of the appropriate length is extracted. This procedure exposes the model to
different temporal regions of the same audio signal during training, introducing temporal
variability and reducing overfitting while maintaining consistent input dimensions across
the dataset.

SpecAugment (SpecAug) [143] is a data augmentation method applied directly
to the time-frequency representation of the audio signal. Given a log-mel spectrogram
X € RY*T, where v is the number of mel-frequency channels and 7 is the number of time
steps, the spectrogram is treated analogously to an image whose vertical axis corresponds
to frequency and whose horizontal axis corresponds to time. The original SpecAugment
policy is composed of three transformations: time warping, frequency masking, and time
masking. Time warping slightly deforms the spectrogram along the temporal axis by
selecting a random point on the time axis and moving it to the left or right by a randomly
sampled displacement. This operation encourages the model to become less sensitive to
small temporal distortions in the input. Frequency masking removes a contiguous block of
mel-frequency channels from the spectrogram. More formally, a mask width f is sampled

from a uniform distribution between 0 and a maximum frequency-mask parameter F,
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and a starting frequency index fj is sampled such that the interval [fp, fo + f) lies within
the v mel channels. The selected frequency band is then masked for all time steps. This
operation simulates the partial loss or corruption of spectral information and encourages
the model to avoid relying excessively on narrow frequency regions. Time masking
follows the same principle along the temporal axis: a mask width ¢ is sampled from a
uniform distribution between 0 and a maximum time-mask parameter 7', and a starting
time index fy is sampled such that the interval [fo,7o +¢) lies within the T time steps.
The selected temporal segment is then masked across all frequency channels, forcing the
model to infer the relevant semantics from the remaining acoustic evidence. Multiple
frequency and time masks can be applied to the same spectrogram, and these masks are
allowed to overlap. Since the log-mel spectrograms are normalized to have zero mean,
the masked regions are set to zero, which is equivalent to replacing them with the mean
value of the normalized input. In this work, SpecAugment was applied using a maximum
frequency-mask width of F' =48 and a maximum time-mask width of 7" = 96, controlling

the largest possible masked regions along the frequency and temporal axes, respectively.

A.2 Datasets

AudioCaps [99] is a human-annotated audio-caption dataset built on top of
AudioSet [62]. It contains audio clips from YouTube videos and natural language captions
collected through crowdsourcing. The dataset was designed to describe audio content in
the wild, emphasizing auditory information rather than visual scene descriptions. In its
commonly used splits, the training set contains audio clips with a single caption, while
the validation and test sets contain multiple captions per clip, enabling more reliable
evaluation. AudioCaps is used in this work both as a high-quality audio-text training
resource and as a standard benchmark for audio-text retrieval evaluation. Its human-
written captions provide semantically precise descriptions that are useful for aligning
audio and language representations.

Clotho [45] is a human-annotated audio-caption dataset designed specifically for
general audio captioning. The original release contains 4,981 audio samples and 24,905
captions, with each audio sample associated with five captions. The clips are between 15
and 30 seconds long and were collected from the Freesound platform. In this work, Clotho
is used as a high-quality retrieval benchmark and as a complementary training resource to
AudioCaps.

MACS [132] or Multi-Annotator Captioned Soundscapes, is a captioned sound-
scape dataset containing approximately 4,000 audio samples with multiple human anno-
tations per clip. Each clip is limited to approximately 10 seconds, and the annotations are

focused on the auditory content of the recordings. Since MACS provides multiple descrip-
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tions for the same audio sample, it captures some of the natural variability in how humans
describe sound events and acoustic scenes. In this work, MACS is useful as a validation
resource because it provides carefully annotated captions that can help assess the quality
of audio-text alignment.

WavCaps [127] is a weakly labelled audio-caption dataset containing approx-
imately 400K audio-caption pairs. It was constructed from multiple sources, including
FreeSound, BBC Sound Effects, SoundBible, and AudioSet. Since raw descriptions col-
lected from web sources are often noisy, incomplete, or not directly suitable as cap-
tions, WavCaps applies a structured three-stage processing pipeline to filter noisy samples
and transform raw descriptions into more caption-like sentences. Although WavCaps is
weakly labelled because its captions are automatically refined rather than manually writ-
ten from scratch, it has been shown to be effective for audio-language pretraining. In this
work, WavCaps is used as a large-scale audio-text resource that complements human-
annotated datasets by increasing the diversity and volume of training data.

Auto-ACD [183] is a large-scale audio-language dataset containing approxi-
mately 1.5 million audio-text pairs. The dataset was created through an automatic pipeline
that uses multimodal cues, including audio, visual, and textual information, to generate
rich descriptions of audio content. A key characteristic of Auto-ACD is the inclusion
of detailed environmental and contextual information in the generated captions. Its cap-
tions are generally longer and more descriptive than those found in many previous audio-
caption datasets, with an average length of approximately 18 words and a vocabulary of
around 20K-23K words. In the context of this work, Auto-ACD is used as a large-scale
training resource because its detailed captions can help the model learn richer correspon-
dences between acoustic events and natural language descriptions.

AudioSetCaps [10] is a large-scale audio-caption dataset derived from AudioSet
recordings and constructed through an automated generation pipeline. The dataset con-
tains approximately 1.9 million audio-caption pairs and was designed to provide enriched
audio-language supervision at a scale larger than previous audio-caption resources. Its
pipeline integrates large audio-language models for fine-grained content extraction, large
language models for caption generation, and CLAP-based refinement to filter low-quality
captions and reduce hallucinated content. Unlike datasets that rely only on raw meta-
data or simple tag-to-caption conversion, AudioSetCaps aims to include more detailed
acoustic information, such as speech characteristics, music genre, musical instruments,
and environmental context. In this work, AudioSetCaps is used as a large-scale resource
for audio-language training because it provides broad acoustic coverage and caption-level
supervision suitable for contrastive representation learning.

ESC-50 [151] is an environmental sound classification dataset containing 2,000

labelled audio clips distributed across 50 balanced classes. Each class contains 40 clips,
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and each clip has a duration of 5 seconds. The 50 classes are organized into five
broader groups: animal sounds, natural soundscapes and water sounds, human non-speech
sounds, domestic sounds, and exterior or urban noises. ESC-50 provides predefined
5-fold cross-validation splits, making it a widely used benchmark for environmental
sound classification. In this work, ESC-50 is used to evaluate the zero-shot classification
capability of the learned audio-language representation space.

UrbanSound8K [164] is an urban sound classification dataset containing 8,732
labelled audio excerpts from 10 urban sound classes. The classes include air conditioner,
car horn, children playing, dog bark, drilling, engine idling, gun shot, jackhammer,
siren, and street music. The clips are at most 4 seconds long and are organized into 10
predefined folds for cross-validation. UrbanSound8K is particularly useful for evaluating
the recognition of sound events in real-world urban environments, where background
noise and acoustic variability are common. In this work, it is used as a zero-shot
classification benchmark to assess whether the learned representations generalize to short
urban sound events.

VGGSound [20] is a large-scale audio-visual dataset containing approximately
200K 10-second video clips distributed across 309 sound classes. The dataset was
collected from YouTube and curated to ensure audio-visual correspondence, meaning
that the object or event producing the sound is expected to be visible in the video. Its
classes cover a broad range of categories, including human sounds, animal vocalizations,
music, environmental sounds, and mechanical noises. Although VGGSound is audio-
visual by construction, it is also widely used for audio recognition and audio classification
experiments. In this work, VGGSound is used to help evaluate the audio-image aligment
of CACARA.

VYGG-Sound Source (VGG-SS) [19] is an audio-visual sound-source localiza-
tion benchmark derived from the VGG-Sound test set. While VGG-Sound provides video-
level sound-category labels, VGG-SS extends it with spatial annotations indicating where
the visible sound-producing objects are located in the image. The dataset contains 5,158
video clips spanning 220 sound categories, making it substantially larger and more diverse
than earlier sound-source localization benchmarks such as Flickr SoundNet. Its construc-
tion followed a multi-stage annotation process. First, the authors considered the VGG-
Sound test set, composed of 15K 10-second clips from 309 classes, and extracted the cen-
ter frame of each video. Candidate bounding boxes were generated automatically using
a Faster R-CNN object detector pretrained on Openlmages, and semantic matching be-
tween visual and audio categories was performed using word2vec. The remaining samples
were manually annotated, while classes that were difficult or impossible to localize spa-
tially, such as diffuse environmental sounds, were removed. Finally, the annotations were
manually verified by watching a 5-second video segment around each annotated frame
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to ensure that the annotated object actually corresponded to the audible sound source.
The final dataset provides bounding-box annotations for visible sounding objects and in-
cludes cases with one or multiple sound sources in the same frame. Therefore, VGG-SS
is particularly useful for evaluating whether audio-visual models can localize the object
or region responsible for a sound, rather than only recognizing the sound category. In this

work, VGG-SS is used as a source to measure the alignment between audio and image

modalities.
Dataset Main use Audio samples Captions Avg. Audios
Duration

AudioSetCaps [10] Training 1.9M audio-caption pairs 1.9M captions 10s

Auto-ACD [183] Training 1.5M audio-text pairs 1.5M captions Variable

WavCaps [127] Training ~400K audio-caption ~400K captions Variable

pairs

AudioCaps [99] Training / ~46K audio clips ~57K captions 10s
Evaluation

Clotho v2 [45] Training / 4,981 samples in the 24,905 captions in the 15-30s
Evaluation original release original release

MACS [132] Validation ~4K audio samples Multiple captions per clip 10s

Table A.1: Summary of the audio-text datasets used for retrieval-

oriented training and evaluation.

Dataset Task Main use # Samples # Classes Duration

ESC-50 [151] Environmental sound Evaluation 2,000 50 5s
classification

UrbanSound8K [164] Urban sound Evaluation 8,732 10 <4s
classification

VGGSound [20] Audio classification Evaluation / ~200K 309 10s

Validation

VGG-SS [19] Audio-visual Evaluation 5,158 220 10s
sound-source
localization

Table A.2: Summary of datasets used for validation and evalua-
tion.

A.3 Audio Encoders

This section describes the pretrained audio encoders evaluated in the CACARA
and PALMA optimization pipelines. All encoders operate over time-frequency audio
representations, such as log-mel spectrograms or filterbank features, but differ in their
architectural design, pretraining objective, and supervision strategy. The evaluated models
include supervised audio-tagging encoders, self-supervised masked-modeling encoders,
and distillation-based encoders.
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HTS-AT (The Hierarchical Token-Semantic Audio Transformer [21] is a
Transformer-based audio encoder designed for efficient sound classification and sound
event detection. Unlike standard audio transformers that process the spectrogram as a
long sequence of fixed-length tokens, HTS-AT adopts a hierarchical structure inspired by
the Swin Transformer [118]. The input mel-spectrogram is first divided into local time-
frequency patches, which are embedded into token representations. These tokens are then
processed through groups of transformer blocks using local window attention, reducing
the computational cost associated with global self-attention. Between transformer groups,
patch merging progressively reduces the temporal and frequency resolution while increas-
ing the channel dimension, allowing the model to build higher-level audio representations
in a hierarchical manner. HTS-AT also introduces a token-semantic module that maps
latent tokens into class-specific activation maps, enabling weakly supervised temporal
localization of sound events in addition to clip-level classification.

AudioMAE [89] extends the masked autoencoder framework [79] from com-
puter vision to audio representation learning. The model follows an encoder-decoder ar-
chitecture based on Vision Transformers [42]. First, an audio signal is converted into a
spectrogram and divided into non-overlapping patches. During self-supervised pretrain-
ing, a large proportion of these patches is masked, and only the visible patches are passed
through the Transformer encoder. The decoder then receives the encoded visible patches
together with learnable mask tokens and attempts to reconstruct the original spectrogram.
The reconstruction objective is typically defined as a mean squared error over the masked
regions. A central motivation of AudioMAE is that spectrograms contain substantial lo-
cal redundancy in both time and frequency, making it possible to learn useful contextual
representations from a small subset of visible patches. The authors also explore local
attention mechanisms in the decoder to better model the local structure of audio spectro-
grams. After pretraining, the decoder is discarded, and the encoder is fine-tuned or reused
as a general-purpose audio representation model.

BEATs (Bidirectional Encoder representation from Audio Transform-
ers) [22] is a self-supervised audio pretraining framework based on masked acoustic-
token prediction. Unlike reconstruction-based methods such as AudioMAE, which re-
quire the model to reconstruct continuous spectrogram values, BEATS trains the model
to predict discrete acoustic labels for masked regions. These labels are produced by an
acoustic tokenizer. In the first training iteration, the tokenizer is initialized using random
projection to provide a cold-start set of discrete targets. In later iterations, the tokenizer is
improved by distilling semantic knowledge from a pretrained or fine-tuned audio model.
This iterative process allows the tokenizer and the audio encoder to improve each other,
in which the tokenizer produces more semantically meaningful targets, while the encoder

learns higher-level audio representations from masked-token prediction. BEATSs uses a
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ViT-based [42] backbone and was designed to encourage the model to focus on seman-
tic acoustic patterns rather than low-level reconstruction details, making it particularly
effective for downstream audio classification tasks. We use BEATS in its third training
iteration.

CED (Consistent Ensemble Distillation) [39] is a distillation-based framework
for audio tagging that trains compact Transformer-based student models from strong
teacher ensembles. The core idea is to combine knowledge distillation with consistent
data augmentation. Instead of only storing teacher predictions for the original input
samples, CED stores both the teacher logits and the random seeds used to generate the
augmentations. This makes it possible to reproduce the same augmented input for the
student while using the corresponding teacher prediction, enabling consistent teaching
without storing large augmented datasets. The method is also label-free during student
optimization, since the student is trained directly from the stored teacher logits. CED

includes multiple ViT-based [42] model sizes. We use CED in its Base version in

this work.
Encoder Architecture Pretraining method Training strategy Parameters
HTS-AT [21] Transformer (Swin-based [118]) Supervised pretraining Audio tagging ~30M
AudioMAE [89] Transformer (ViT-based [42]) Self-supervised pretraining Mask reconstruction ~86M
BEATS [22] Transformer (ViT-based [42]) Self-supervised pretraining Masked acoustic-token prediction ~90M
CED [39] Transformer (ViT-based [42]) MAE + knowledge distillation ~ Consistent ensemble distillation ~86M

Table A.3: Comparison of the pretrained audio encoders evaluated
in the CACARA optimization pipeline. The table reports
the architecture family, pretraining method, training
signal, and approximate number of parameters for each
encoder. Parameter counts may vary depending on the
specific checkpoint or implementation variant used.

A4 Text Encoders

This section describes the pretrained text encoders considered in the Text En-
coder Consolidation phase of PALMA. Since the proposed framework aims to align audio
with natural language descriptions across multiple languages, the choice of text encoder
is central to the quality and transferability of the shared latent space. The evaluated mod-
els differ in their pretraining objectives, multilingual coverage, sentence-level alignment
strategies, and suitability for retrieval-oriented representation learning.

XLM-RoBERTa (XLM-R) [31] is a multilingual Transformer encoder-only
model pretrained with a masked language modeling objective [37] over large-scale
CommonCrawl Corpus (CC)' data covering 100 languages. It follows the RoOBERTa-

'https://commoncrawl.org
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style [117] training recipe, removing the next-sentence prediction objective and relying
on large-scale unsupervised pretraining to learn contextualized multilingual representa-
tions. XLM-R is primarily designed as a general-purpose multilingual language encoder
for cross-lingual transfer tasks such as question answering, sequence labeling, and classi-
fication. Nevertheless, its broad language coverage and strong contextual representations
make it a useful text encoder for multilingual audio-language experiments.

LaBSE (Language-agnostic BERT Sentence Embedding) [56] is a multilin-
gual sentence embedding model designed explicitly for cross-lingual semantic align-
ment. LaBSE is optimized to produce language-agnostic sentence-level representations
in which translations are close in the embedding space. Its training combines multilingual
language-model pretraining objectives, such as masked language modeling and transla-
tion language modeling, with a dual-encoder translation-ranking objective. In the dual-
encoder setup, source and target sentences are encoded independently, and the model
is trained to assign higher similarity to true translation pairs than to in-batch negative
examples. LaBSE also incorporates additive margin softmax [208], which encourages
stronger separation between true translations and semantically close non-translations,
making LaBSE suitable for multilingual retrieval settings, since its embeddings are al-
ready structured around cross-lingual sentence similarity.

Multilingual ES (mES) [195] is a family of multilingual text embedding models
designed for retrieval, semantic similarity, clustering, and related embedding-based appli-
cations. The training procedure follows a two-stage recipe. First, the models are trained
with weakly supervised contrastive pretraining on approximately one billion multilingual
text pairs collected from diverse sources, including Wikipedia?, mC4 [205], multilingual
news, NLLB [33], Reddit?, StackExchange4, and other sentence-pair resources. Second,
the models are fine-tuned on a smaller set of high-quality labeled datasets, including
retrieval, question answering, natural language inference, and multilingual supervision.
During fine-tuning, the model uses contrastive learning with in-batch negatives, mined
hard negatives, and knowledge distillation from a stronger cross-encoder.

mGTE (The multilingual General Text Embedding model) [219] is a long-
context multilingual text encoder and retrieval model designed for multilingual text rep-
resentation and reranking. mGTE is pretrained with a native long-context curriculum,
reaching up to 8,192 tokens. Architecturally, it builds on a BERT-like encoder but intro-
duces several efficiency and modeling modifications, including rotary position embed-
dings [181], gated linear units, and an unpadding strategy to reduce redundant computa-

tion over padding tokens. The model is first pretrained with masked language modeling

Zhttps://www.wikipedia.org/
3https://www.reddit.com
“https://stackexchange.com
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over multilingual data and then adapted for retrieval through contrastive pretraining and
fine-tuning. In the retrieval setting, mGTE can produce dense representations and, in some
variants, sparse token-level representations, making it useful for both semantic retrieval
and long-document matching.

Encoder Architecture Pretraining / Training Method Main Objective Parameters
XLM-R - Base [31]  Transformer Multilingual MLM Token-level language modeling ~270M
LaBSE [56] Transformer MLM + TLM + translation ranking Sentence-level cross-lingual alignment ~470M
mES5 - Base [195] Transformer ~ Contrastive pretraining + supervised fine-tuning Text-pair retrieval alignment ~278M
mGTE - Base [219]  Transformer MLM + contrastive retrieval training Long-context multilingual retrieval ~305M

Table A.4: Comparison of the multilingual text encoders. The table
summarizes the architecture family, training strategy,
main learning objective, and approximate number of
parameters of each encoder.
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Evaluation Protocol

This chapter details the multilingual evaluation protocol used for PALMA and
CACARA, complementing the metric definitions of Section 4.3. It first presents the
language-specific prompt templates used for zero-shot classification, and then details the
retrieval evaluation algorithm used to compute Recall@1, Recall@5, Recall@10, and
Recall@Avg.

B.1 Multilingual Zero-Shot Classification Templates

For zero-shot classification, each class name is converted into a text prompt
before being encoded by the text encoder, and the predicted class is the one whose prompt
embedding maximizes the cosine similarity with the audio embedding. Given a class
label y, the prompt is constructed by concatenating a language-specific template with

the translated class label. For a language /, the final prompt is defined as:

pe(y) = Template, || y, (B-1)

where || denotes string concatenation and Template, is the language-specific template.
Table B.1 shows the templates used in the multilingual zero-shot classification
experiments. They cover English and the eleven additional languages used in the multi-

lingual evaluation (see Section 4.3).

B.2 Retrieval Evaluation Protocol

For retrieval, the evaluation follows a grouped multi-caption protocol that gen-
eralizes the single-caption definition of Recall@K given in Section 4.3. Each audio item
has one audio embedding, while the text side may contain several captions associated
with the same audio, as in AudioCaps [99] and ClothoV2 [45]. Let N be the number of
unique audio samples and M the number of captions. The audio encoder produces normal-

ized embeddings A € RV*4 with rows A; = z{, and the text encoder produces normalized
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Table B.1: Language-specific prompt templates used for multilin-
gual zero-shot classification. Each class label is ap-
pended to the corresponding template prefix before be-
ing encoded by the text encoder.

embeddings T € RM*¢ with rows T = ztj. The similarity matrix is
S=AT', (B-2)

so that S; ; = sim(z?,z?) = s;; 1s the cosine similarity between audio i and caption j,
matching the score s;; of Section 4.3.

In audio-to-text retrieval (a —t), an audio query is correct at rank K if at least
one of its paired captions appears among the top-K retrieved captions. In text-to-audio
retrieval (t — a), each caption is a query and is correct at rank K if its paired audio
appears among the top-K retrieved audios. When every audio has exactly one caption
(M =N, G ={i}, a(i) =), the protocol reduces to the rank,_,,(i) < K and rank,_,,(i) < K
conditions of the main text. Recall@Avg is the arithmetic mean of Recall@1, Recall @5,

and Recall@10, computed separately for each direction.
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Symbol Meaning

N Number of unique audio samples

M Number of captions

d Embedding dimension

A € RV*4  Normalized audio embeddings, A; = z{
T e RM*?  Normalized text embeddings, T; =

S e RVM  Similarity matrix, ; ; = s;; = sim(z{, )
G Set of caption indices paired with audio i
a(j) Audio index paired with caption j
TopK(v,K) Indices of the K largest entries of vector v
I[] Indicator function
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Algorithm 1 Grouped Audio—Text Retrieval Evaluation
Input: audio embeddings A € RV*? text embeddings T € RM*d
Input: caption groups {C;},, caption-to-audio map a(-), ranks K = {1,5,10}
Output: RQK,o; and RQKj9, for all K € K
Output: RQAvg,,. and RQAvg,,,
// 1. normalize embeddings
1: Ai<—Ai/||Ai||2, Vi€{17...,N}
o Ty T,/ | Tl Vi€ (L., M)
// 2. cosine similarity matriz
3 S+ AT' > S € RVxM
// 8. audio-to-text retrieval
4 for K € K do
5 h<0
6: for i <+~ 1to N do
7: R < TopK(S;,, K) > top-K captions
8 h+ h+1RNC; # 0]
9 end for

10: RQK 9t < 100 - h/N
11: end for

// 4. text-to-audio retrieval
12: for K € K do

13: h<+ 0

14: for j < 1to M do

15: R < TopK(S. ;, K)
16: h < h+1a(j) € R]
17: end for

18: RQKi2, + 100 - h/M
19: end for
// 5. average recall across ranks

R@laZt + R@E)agt + R@loagt

20 RQAvg,,, +

3
1 a a 1 a
2. ROAvg,y, « RQ@1;9, + RQ@5;9,4 + RQ105

3
22: return {R@KaQt}Kelc, {R@KtQa}KeIO R@Avgazt, R@Avgwa

> top-K audios
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Hyperparameters and Computing Resources

This chapter summarizes the hyperparameters and computational resources used
in the CACARA and PALMA optimization pipelines. Since both frameworks involve
multiple optimization stages, the configurations are organized into shared hyperparam-
eters and phase-specific settings. The shared hyperparameter tables report the prepro-
cessing and optimization values that remain fixed across most experiments, while the
phase-specific tables describe the batch sizes, training lengths, hardware, evaluated con-

figurations, and consolidated settings used in each phase.

C.1 CACARA

The CACARA optimization pipeline was organized around audio encoder con-
solidation, augmentation consolidation, basic training, and expanded-resource training.
Table C.1 reports the shared hyperparameters used across the main CACARA training
phases, while Table C.2 summarizes the phase-specific batch sizes, training lengths, and

hardware configurations.

C.2 PALMA

The PALMA optimization pipeline follows a staged consolidation strategy in
which each major modeling component is evaluated before moving to the next phase. This
procedure includes audio encoder consolidation, hyperparameter tuning, text encoder
consolidation, efficiency method exploration, layer aggregation, dataset consolidation,
batch size consolidation, and multilingual supervision. Table C.3 reports the shared
PALMA hyperparameters, while Table C.4 summarizes the phase-specific configurations

evaluated during the optimization pipeline.
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Hyperparameter Value

Maximum text token length 77

Maximum audio length 10 seconds

Optimizer Adam

Adam (0.9,0.98)

Adam € 1x1078

Weight decay 1x1076

Learning rate schedule CosineWarmupLR / cosine decay with
warmup

Warmup steps 500

Maximum learning rate

Minimum learning rate
Learning-rate grid for encoder tuning
Final augmentation strategy

5 x 107 for the selected configurations
1 x 107
{5x107*,5x107°,5x 107%}

SpecAugment + Random Truncation

Table C.1: Shared hyperparameters used across the main
CACARA training phases.

Phase Batch size Training length Hardware
Phase 1 HTS-AT: 256 100k steps RTX 8000, 48GB

AudioMAE: 96

BEATSs: 64
Phase 2 64 100k steps RTX 8000, 48GB
Phase 3 64 3 epochs RTX 8000, 48GB
Phase 4 110 10 epochs A100, 80GB

Table C.2: Phase-specific batch sizes, training lengths, and hard-
ware used in the CACARA optimization pipeline. Phase
1 corresponds to audio encoder consolidation and
learning-rate tuning; Phase 2 corresponds to aug-
mentation consolidation; Phase 3 corresponds to ba-
sic CACARA training; and Phase 4 corresponds to
expanded-resource CACARA training.
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Hyperparameter PALMA Configuration

Maximum text token length 77

Maximum audio length 10 seconds

Optimizer Adam

Adam B (0.9,0.98)

Adam ¢ 1x1078

Learning rate schedule CosineWarmupLR / cosine decay with
warmup

Warmup steps 500

Batch size before batch-size consolidation 48

Learning rate candidates {1074,107°,10°%}

Weight decay candidates {1076,107*,1072}

Batch size candidates {24,48,64,96,128,192,256,384,512}

Table C.3: Shared hyperparameters used across the PALMA opti-
mization pipeline. The learning rate and weight decay
are selected from predefined candidate sets during the
hyperparameter tuning phase, while the final batch size
is selected during the batch size consolidation phase.

Phase Batch size Training length Hardware

Phase 1 48 3 epochs RTX A5000, 24GB
Phase 2 48 3 epochs RTX A5000, 24GB
Phase 3 48 3 epochs RTX A5000, 24GB
Phase 4 48 3 epochs RTX A5000, 24GB
Phase 5 48 3 epochs RTX A5000, 24GB
Phase 6 48 3 epochs RTX A5000, 24GB
Phase 7 {24,48,64,96,128,192,256,384,512}; 3 epochs A100, 80GB

final: 128
Phase 8 128 10 epochs A100, 80GB

Table C.4: Phase-specific batch sizes, training lengths, and hard-
ware used in the PALMA optimization pipeline. Phase
1 corresponds to audio encoder consolidation, Phase 2
to hyperparameter tuning; Phase 3 to text encoder con-
solidation; Phase 4 to efficiency methods exploration;
Phase 5 to layer aggregation; Phase 6 to dataset con-
solidation; Phase 7 to batch size consolidation; and
Phase 8 to multilingual supervision. Before batch size
consolidation, the batch size was fixed at 48. The final
batch size selected during Phase 7 was 128, which was
also used during the multilingual supervision experi-
ments. All phases were trained for 3 epochs, except the
multilingual supervision phase, which was trained for
10 epochs.



APPENDIX D
CACARA - Expanded Resources Result

This chapter presents the complete comparison between the expanded resources
(ER) CACARA model configuration with the Optimized Basic Model (OBM).
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APPENDIX E

PALMA - Multilingual Results

This chapter presents complete and language-wise results of different config-
urations of PALMA considering audio-language retrieval considering audio-to-text and
text-to-audio directions and zero-shot classification. Twelve languages are evaluated: En-
glish, Portuguese, Spanish, French, Russian, Arabic, Hindi, German, Chinese (Simpli-
fied), Swahili, Japanese and Turkish. The results are an average across three runs, reported

alongside its standard deviation.

E.1 Retrieval

English-only

AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg | R@1 R@5 R@10 R@Avg
English 4931+1.58 8L14+£150 9108+ 1.11 73.84+103 | 3858+023 73.85+£0.77 8554+039 6599=+044
Portuguese 1.99 +0.34 6.97+0.34 11.66 £0.36  6.87+0.25 1.18 £0.15 4.53+0.36 7.74 £ 0.59 448 +0.32
Spanish 1.87 +0.13 7.01 =114 1061 £1.55 6.50+0.88 1.30 £ 0.11 4.39 +0.68 7.31 +0.99 4.33+£0.59
French 3524047 1046 +059 1676 + 1.37  10.25 +0.62 | 2.02 4+ 0.08 778 £0.53  12.64 +£0.99  7.48 4 0.47
Russian 0.07 £0.13 0.75 £0.32 1.24 £0.39 0.69 £0.21 0.08 £ 0.02 0.59 +£0.09 1.18 £0.14 0.62 £ 0.07
Arabic 0.11 £0.11 0.45 £0.11 112 £0.34 0.56 £ 0.10 0.10 £ 0.02 0.57 £0.16 1.28 £0.18 0.65 +£0.12
Hindi 0.11 £0.11 041 £0.17 1.16 £0.23 0.56 £ 0.17 0.09 £ 0.02 0.58 £0.10 1.15 £ 0.06 0.60 =+ 0.05
German 1.99 +£0.28 7.08 098  11.10£0.68  6.72+0.58 1.17 £0.14 4.73 £0.52 8.18 £ 0.64 4.69 £ 0.40
Chinese(zh) ~ 0.22 4 0.12 0.67 £ 0.40 1.39 £0.53 0.76 £ 0.34 0.16 £0.12 0.62 £0.12 1.18 £0.31 0.65+£0.18
Swabhili 2.89 +£0.28 6.33 £0.23 9.15 £ 047 6.12+£0.17 0.55 £ 0.05 241 £0.26 373+£033 223+£0.21
Japanese 0.15 £ 0.06 0.38 = 0.06 1.39 £0.29 0.64 +£0.14 0.12 £0.01 0.65 £0.13 1.15 £ 0.20 0.64 £0.11
Turkish 0.94 +0.40 2.92 £0.34 4.87 £0.62 291 +£0.34 0.32 £0.02 1.61 £0.26 3.26 £0.63 1.73 £ 0.30
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg | R@1 R@5 R@10 R@Avg
English 19.68 £ 0.80 4392+ 051 57.381:0.64 40.33+£0.60 | 1476+ 021 36.42+0.36 49.42+025 33.53+£0.19
Portuguese 0.99 +£0.24 3.41+£083 5.84 £ 1.04 3.41+£0.56 0.72 £ 0.05 224 +£0.28 3.66 + 0.46 2214023
Spanish 1.56 +0.30 4752043 7.98 £0.55 4.76 = 0.41 0.70 £0.18 295 £0.51 4.84 £0.59 2.83+£0.42
French 2.07 £0.39 6.73+0.69 1059125 6.4640.74 116 £0.21 4.30 £0.27 722 +0.34 423+0.22
Russian 0.13£0.11 0.32£0.20 0.89 = 0.24 045 £0.18 0.11 £0.04 0.51 +£0.06 0.87 = 0.02 0.50 £ 0.02
Arabic 0.16 £ 0.05 0.54 £0.20 0.96 +0.33 0.55 £ 0.19 0.09 +0.02 0.47 £0.03 0.96 = 0.08 0.51 £ 0.03
Hindi 0.13 £0.05 0.45 £0.20 0.93 = 0.06 0.50 £ 0.05 0.13 £0.04 0.49 = 0.06 0.98 £0.15 0.53 £0.07
German 111 +£0.22 322+034 5.20 = 0.44 3.18+£0.27 0.56 £0.12 2.35+0.15 3.90 £0.17 227 +0.14
Chinese(zh) ~ 0.13 +0.05 0.51 =0.11 0.86 = 0.10 0.50 £ 0.03 0.12 £ 0.04 0.56 = 0.08 1.04 £0.13 0.57 £ 0.06
Swahili 1.25+0.33 3.03 £0.98 4.37£097 2.88 +£0.76 0.34 £ 0.06 131 =024 221049 1.29 £ 0.24
Japanese 0.10 + 0.00 0.41+0.27 0.67 + 0.38 0.39 +0.21 0.09 +0.02 0.47 +0.09 0.87 = 0.07 0.47 + 0.05
Turkish 0.48 +0.10 1.88 £0.15 329 +0.39 1.88 +0.19 0.28 + 0.06 1.27 +0.09 2.15+0.04 1.23 + 0.06

Table E.1: Language-wise retrieval performance for the English-
only strategy. AudioCaps and ClothoV2 are shown in
separate blocks. A2T and T2A denote Audio-to-Text
and Text-to-Audio retrieval, respectively. Values are re-
ported as Recall @k mean + standard deviation across
three runs. The best value for each metric within each
dataset block is shown in bold, while the second-best
value is underlined.
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Random Sampling
AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 53.81 £0.81 83.62+0.51 9325+1.08 76.89+043 | 39.59+0.75 75.33+080 87.16+0.24 67.36 + 0.45
Portuguese 5339+0.06 83.24+0.70 91.72+0.06 76.12+0.23 | 37.80+0.40 73.01 £0.26 85.07 +021 65.29 +0.29
Spanish 50.62+1.19 8140 +£0.66 91.45+0.60 74.49+028 | 37.32£1.08 72.55=0.58 8497 +£0.29 64.94+0.58
French 5238 +0.28 82.04+1.24 91.07+1.62 7516+ 1.00 | 37.66 +0.50 7293 +=0.26 8544 +0.27 6534 +0.14
Russian 50.84 +£0.88 81.66 £147 9194 +040 7482+0.71 | 37.574+020 72.30+036 84.75+055 64.87+0.21
Arabic 51.524+0.70 81.92£0.88 92.05+0.28 7517 +£0.55 | 37.234+0.63 72.68 2041 84941025 64.95+0.39
Hindi 5178 +£1.77 81.07 £1.50 9093 £0.94 7459 +1.20 | 37.35+£0.52 72.82=0.27 8550+0.30 6522+0.23
German 5216 £0.17 8230+1.01 9220+1.05 7555+0.71 | 38204+0.70 73.51+043 86.25+0.17 65.98 + 0.29
Chinese(zh)  50.88 +-1.24 8148 +0.45 9141 +026 74594049 | 36.84 £0.35 7221 +0.07 8528 +0.43 64.78 +0.28
Swabhili 49.12 £ 1.54 80.61 £1.80 91.34+049 73.69+0.75 | 35.69£0.29 7032032 83.19£0.19 63.06 £0.25
Japanese 5126+0.28 8196 +1.04 91.15+0.72 7479 +0.67 | 36.81 £0.77 72.05+0.19 8536+0.49 64.74 + 0.34
Turkish 51.74 +£1.14  82.04 £0.13 91.60 £0.69 7513 +0.53 | 37.394+0.52 72.42+028 8583 +037 6521 +0.35
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 21.05 £ 1.23 43.67 £ 048 57.57 £1.07 40.76 £0.92 | 16.31 -0.20 39.39 £0.35 52.56 £0.25 36.08 £ 0.17
Portuguese 20.38 +0.72 43.64 +1.34 5646 +042 40.16 +0.77 | 15.83 £0.28 3898 =0.44 52.15+0.44 35.65+0.26
Spanish 2029 +£0.82 4287 +£0.78 5595+0.38 39.70 £0.40 | 15.874+045 39.02+0.18 52.10+0.80 35.67 +0.29
French 19.07+0.72 4198 £0.20 5550 +1.11 3885+045 | 15334+0.57 38.02+047 51.53+0.06 34.96+0.29
Russian 1946 +£1.25 41.57+0.87 5509 +121 3871+1.10 | 1503 £0.56 37.69=0.35 50.65+0.16 34.46+0.20
Arabic 19.17+0.80 41.63 +1.08 5522+0.77 38.67+0.80 | 14.81 £0.30 37.10+0.47 5042 +0.17 34.11+0.12
Hindi 1997 +£0.69 4271 £1.55 5566+ 1.14 3945+1.04 | 15974+033 38.15+0.76 51.13+0.44 35.09 + 0.46
German 1920+ 040 4255+145 5585+1.36 3920+1.03 | 1596 +£0.38 38.76 -0.44 51.62+£0.52 35.45+0.20
Chinese(zh) 1930 £1.30 41.88+0.81 5426 £1.63 3848 +094 | 15134+042 38.06=0.18 51.18+0.22 34.79 £ 0.06
Swahili 1841 +1.38 41.69 +£045 5445+141 3818+1.02 | 14.17+041 3638 +021 48924007 33.16+0.19
Japanese 19.11+£0.14 4217 +£0.82 5480 +£0.58 38.69 +£0.33 | 15.194+0.18 3848 +£0.52 51.55+029 35.07 +0.22
Turkish 1955+ 1.15 41.79+048 5471 +136 38.68+0.32 | 1525+0.18 3747 =0.26 50.01 £0.37 3424 +0.18

Table E.2: Language-wise retrieval performance for the Random
Sampling strategy. AudioCaps and ClothoV2 are shown
in separate blocks. A2T and T2A denote Audio-to-Text
and Text-to-Audio retrieval, respectively. Values are re-
ported as Recall@k mean + standard deviation across
three runs. The best value for each metric within each
dataset block is shown in bold, while the second-best
value is underlined.
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LE-Mixture 10%
AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 51.03 +1.23 8271 +0.23 9220 +0.26 7531 +0.34 | 39.01 +0.59 73.77 =0.51 86.29 +0.19 66.35 + 0.37
Portuguese 4563 £1.41 7747+£0.75 88.71+£0.13 70.61 £0.55 | 31.76 £0.10 65.76 =0.14 7941 £0.05 58.98 £ 0.05
Spanish 44.17£094 76.08 £0.72 8737 £0.55 69.21 £0.60 | 30.98 =044 64.51 2029 78.89 £0.27 58.13 £0.33
French 4590 +1.49 7795+£040 88.64 £0.58 70.83 +£0.51 | 32.59 £0.58 67.55+0.28 80.83 £0.36  60.32 +0.34
Russian 40.01 £0.45 73.00£0.89 8526+ 1.17 66.09+£0.55 | 27.34 £0.20 60.00 =0.45 74.11 £0.34 53.82 £0.28
Arabic 4275 +£2.08 7462+124 8568 +0.66 67.68+1.08 | 29.87£0.18 62.85+085 77.18 £0.75 56.63 £ 0.58
Hindi 4556 £0.34 76.87 £0.74 87.85+£0.70 70.09£0.35 | 31.59 £090 67.38 £0.53 8122 £0.70 60.06 £ 0.61
German 4492+ 1.15 7840+0.68 89.02+0.51 70.78£0.69 | 3248 £0.72 66.31 =0.56 8048 £0.68 59.76 £ 0.52
Chinese(zh)  42.67 £0.36  76.19 £1.02  87.66 £0.37 68.84 £0.55 | 30.89 +1.04 64.69 =0.16 7937 +0.71 5831 +0.38
Swabhili 4143 +0.79 7420 +0.81 86.69 +£0.53 67.44 +0.27 | 29.87 £0.29 63.01 =048 7698 £0.75 56.62 + 0.43
Japanese 42.89+£0.26 7507 £0.79 87.10+1.24 68.35+0.37 | 31.16£0.53 6644 =0.18 80.52£0.30 59.37 £0.33
Turkish 4552 +132 7736+£1.01 88.60+135 7049+ 1.18 | 31.39£0.13 66.122094 79.72 £0.45 59.08 £ 0.41
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg | Rel R@5 R@10 R@Avg
English 18.02 £ 0.56 41.40 +0.15 54.96 +0.59 38.13+0.40 | 1472 +047 36.34 =0.62 49.18 +0.54 33.41 +0.50
Portuguese 15776 £0.82 3541 +1.01 4791+0.87 33.03+0.76 | 12.11 £0.13  31.32=0.68 42.68 £0.68 28.70 &+ 0.47
Spanish 1554 +0.97 36.08 +1.17 4794 +0.53 33.19+0.67 | 1233 +0.30 31.50+=0.58 43.18 +0.51  29.00 + 0.38
French 1601 +1.01  36.30+0.48 48.16 £0.06 33.49+043 | 1270+ 046 31.84+0.03 43.92+0.31 29.49 +0.24
Russian 13.14+£0.72 3129+ 1.18 4179 £0.81 28.74 £ 0.75 9.81 £ 0.06 26.06 £0.39 36.72+0.57 24.20+0.24
Arabic 1381 140 33.04 £0.39 4577+0.20 3087052 | 10.76 £0.19 28.10=0.38 3920 £0.40 26.02 + 0.20
Hindi 15374039  36.11+1.94 4884 +0.99 3344 +1.07 | 11.64 £0.54 30.11 =020 41.82+0.63 27.86+ 0.33
German 15574+0.78 3538 +0.72 47.124+0.77 32.69 +0.21 11.63 £0.23  29.59 +0.27 40.65 +0.30  27.29 £ 0.05
Chinese(zh)  13.01 £0.42 3158 £1.26 4485174 29.81+£0.99 | 10.69+0.27 2820=020 3990+033 26.26=+0.17
Swabhili 14.67 +0.14  34.00 +0.74 46.16 +1.25 31.61+0.59 | 11.03 +0.42 28.84 +0.49 3940+ 0.32 26.43 + 0.36
Japanese 14.67 +1.06 33.62+2.19 47.18+2.01 31.82+1.75 | 11.60£0.29 3034 +=0.12 4183 +0.37 27.92+0.20
Turkish 1451 4+£0.77 3518 +£0.81 4788 +044 32524+040 | 11.32+£0.28 2893 +=0.18 40.08 £0.19 26.78 + 0.04
Table E.3: Language-wise retrieval performance for the LE-

Mixture 10% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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LE-Mixture 20%

AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 5212 +1.82 8343 +143 9250 +0.66 76.02+1.12 | 39.54 +0.39 7449 +-0.34 86.78 +0.41  66.94 + 0.37
Portuguese 4856 £1.13  80.69 +£1.57 90.51 £0.51 73254092 | 3450+090 69.22+1.12 8220+0.72 61.98+0.77
Spanish 47.13 £0.81 7837 +0.37 89.01 094 71.50+0.13 | 33.83 £ 041 6836 +0.78 82.04£0.26 61.41 £042
French 50.09 +1.89 80.80+1.42 91.08+097 73.99 +£1.34 | 35.114+0.88 70.06 +0.96 83.34 £0.65 62.83 +0.77
Russian 4424 £1.50 7601 £0.55 87.81+1.40 6935+0.15 | 31.15+0.06 6519 +124 79.19 +£0.63 5851 +0.62
Arabic 4785+ 1.15 7878 £0.26 89.17+ 131 71.93+0.15 | 33.08+£0.86 67.52+1.27 81.16+£0.60 60.59 + 0.89
Hindi 4743 £1.02 78.82+1.14 9033 +£1.07 72.19+043 | 3446+£0.70 69.94 =055 8292+£0.56 62.44 +0.58
German 48.59 £0.30  80.95 £0.94 90.89 £0.56 7348 £0.28 | 3440 £1.07 69.58=0.62 83.19£0.55 62.39+£0.70
Chinese(zh) 4623 +1.14 7923 +1.07 88.68 +1.05 7138+ 1.05 | 33.39 £0.78 68.42+0.61 8256+ 0.58 61.46 £ 0.65
Swahili 4653 +£0.99 78.18 £0.20 88.41+0.20 71.04+0.22 | 3254 +0.52 6580+091 7993 +0.51 59.42 +0.59
Japanese 4571 +£1.25 7833 +£0.75 8894+£1.10 70.99+0.75 | 3438 +£039 6899086 82.88£0.57 62.08+0.53
Turkish 4822 +£0.62 7926 +£1.01 90.66 +£0.52 7272 +0.54 | 34.05+0.09 6859 +043 8229 +0.56 61.64 +0.32
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 17.864+0.39 4274 +1.52 55.28+0.34 38.63 +0.66 | 15.02+0.20 36.42+=0.85 49.46+0.35 33.64 +0.45
Portuguese 1687 +1.82 3888 +1.25 5272 +1.01 36.16+1.36 | 13.36 £0.37 33.78 =0.37 46.12+0.39 31.09 +0.16
Spanish 17.07 +0.97 3834 +0.53 5094 +1.39 3545+0.73 | 13.57 +£0.58 34.12+0.24 47.07 +0.30 31.59 +0.22
French 1726 £0.49 3799 £0.96 5199 +£0.52 3575+0.35 | 13.344+037 3345+025 4643+043 31.07+0.26
Russian 1541 £0.63 34.64 £0.19 47.08+£0.50 3238+0.33 | 11.624+0.27 29584032 41.224+0.13 27.48+0.20
Arabic 15924+0.82 37.45+0.53 5037 +1.60 3458+0.78 | 1226 £0.11 31.74=0.19 4355+0.44 29.19+0.17
Hindi 18.05+1.01 3876 +0.83 5142+1.07 36.08+0.54 | 13.63 £0.28 3336 £0.86 4558 +£0.38 30.85+0.48
German 1640 £0.80 3799 £0.50 5049 +£0.15 3496 +0.37 | 13.294+0.11 32.77+0.83 4433 +044 30.13 +0.45
Chinese(zh) 1522 £0.29 3573 £0.78 4848 £0.34 33.14 £0.30 | 12.69+£0.11 31.42=045 4338+0.54 29.17+0.34
Swabhili 1576 + 1.11 3694 +0.63  49.66 +0.42 3412+ 037 | 11.99 +0.55 3095 +0.28 4231 +0.34 28.42 + 0.37
Japanese 16.84 +£0.19 3825+1.21 50.62+245 3524+124 | 13334053 33.35+0.10 4527+035 30.65+0.24
Turkish 1649 +£0.71 37.03£1.09 49.64+£0.80 3438+0.11 | 12.624+0.17 32.23+0.66 43.77+0.17 29.54 +0.22

Table E.4: Language-wise retrieval performance for the LE-
Mixture 20% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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LE-Mixture 30 %

AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 51.29 +1.37  83.69 +0.41 9277 +0.55 7592+ 0.67 | 39.17 +0.24 7472 +0.67 87.03 +0.42  66.97 + 0.39
Portuguese 5036 £1.06  80.99 £1.09 91.08+£0.57 74.14+0.72 | 3548 +£0.21 71.19+021 84.08+051 63.58+0.31
Spanish 4781 £1.19 8058 091 9033 +0.41 72904036 | 3494 +0.57 70.25+£0.09 8331 +£021 62.83+£0.16
French 4931 +£1.25 80.99+£0.88 9040091 7357091 | 3558 £0.51 71.05=0.18 84.00£0.39 63.54 £0.18
Russian 47.09£043 7938 +£1.69 89354145 71944097 | 34.07+044 68.17+0.51 81.89+0.32 61.37+0.16
Arabic 49.68 £1.34 8024 +092 9033+0.68 73.41+0.68 | 3496 +0.33 70.20 =046 83.18+0.17 62.78 +0.08
Hindi 48.63 £0.83  80.24 £0.68 90.55+0.30 73.14 £0.21 | 35.64 £0.87 71.09 =042 8441 £0.33 63.71 £0.35
German 51.144+1.01 8144 +1.19 91.90+081 74.83+028 | 35.94+0.58 71.56+0.49 84.72+0.06 64.08 +0.34
Chinese(zh)  48.63 +1.81 80.54 +1.36 9044 +0.49 7321 +1.00 | 3482 +0.35 70.85+041 83.79+0.36 63.15+0.18
Swahili 4691 +0.85 78.18 £0.74 89.17+0.23 7142 +0.38 | 33.00+0.13 67.69 +0.87 81.82+0.26 60.83 + 0.42
Japanese 4698 £1.39 8028 £1.02 90.52+098 7259 +1.05 | 3552+£030 70.54=0.61 84.06£0.26 63.37 £0.22
Turkish 4976 £1.02  81.85+ 136 9097 +£0.96 74.19+0.88 | 3544 +035 70.66+0.75 8397 £0.36 63.35+0.29
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 19.17 £ 034 4322+0.77 5624 +1.13  39.54+0.67 | 1537 £0.68 37.43 £0.61 49.78 +£0.52 34.20 +0.34
Portuguese 1799 £ 1.15  40.09 £0.51 53.14 £0.54 37.08 £0.40 | 1423 £0.23 3564 =040 4840+0.31 32.75+0.27
Spanish 18.76 +1.23 4029 +2.32 5372+ 1.72 37.59+1.74 | 1433 +0.46 36.08 +0.35 48.66 +0.15 33.02 +0.28
French 1847 +1.10 40.00 £0.35 5218 £1.04 36.88+0.27 | 13.994+0.40 3532+029 48.13+052 3248 +0.35
Russian 1633 £0.67 3624 £1.52 4995+£1.92 3417 +£1.02 | 12.61+£0.06 32474040 4451 +038 29.87 £0.19
Arabic 17.16 £0.72  39.14 +£1.22 51.32+1.27 3588+0.82 | 13.11 £0.46 3397=049 46.11 £0.22 31.07+0.38
Hindi 18.854+0.50 4044 +2.02 52.60 +1.69 3730+ 1.30 | 1428 £0.32 3494 £0.61 4755+0.75 32.25+0.52
German 1748 +£039 3942 +1.10 52.54+0.78 3648 +0.65 | 13.85+0.17 34.88+0.19 47.01 £031 3191 +0.08
Chinese(zh)  17.32 £0.58 37.51 £0.92 5037 £1.82 35.07+£094 | 13.55+034 3324025 46.02+026 30.94=+0.26
Swabhili 17.86 +0.39  40.00 +0.26 5148 +0.88 36.45+0.18 | 12.86 +0.11 3248 +=0.56 4441 +0.35 29.91 +0.32
Japanese 1876 £0.29  39.55+1.20 52.86+0.87 37.05+0.63 | 14.374+0.17 3498 +0.61 47.26+055 32.20+0.41
Turkish 18.44+1.05 40.13+£0.87 5129+0.19 36.62+0.10 | 13.774+0.28 34.07 056 4583 +0.71 31.22+0.40

Table E.5: Language-wise retrieval performance for the LE-
Mixture 30% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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LE-Mixture 40 %

AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 5283 +2.02 84514075 9295+057 7677 +0.78 | 38.99 + 128 74.32+0.52 86.60 026 66.64 + 0.69
Portuguese 51.85+098 8238+091 9194+0.72 7539+0.76 | 3628 +0.37 71.87+0.18 83.78+0.17 63.98 +0.15
Spanish 50.84 £2.17 80.80£1.59 90.78 £0.23 74.14+£0.25 | 36.024+0.89 70.63 048 83.73+£025 63.46+0.45
French 53.13+0.23  82.64+1.24 91.60+1.13 7579+0.73 | 36.75+0.46 7126040 84.04 £0.09 64.01 +£0.23
Russian 48.11 £0.62 79.64 £1.01 90.06 +1.47 7260+ 1.03 | 34.11 £0.69 69.22 +0.48 8236 +0.37 61.90 + 0.40
Arabic 51.03+028 81.55+0.70 91.04+136 7454+0.57 | 34.844+023 70.24+0.16 83.19+ 057 62.76 +0.31
Hindi 48.63 £0.68 80.50 £0.17 90.66 £0.85 7327 £0.20 | 35.62+£0.21 7146 =024 84.87 £0.13 63.98 £0.08
German 49.68 £0.45 8099 £0.70 9153 +0.34 74.07+0.19 | 36.54£1.06 72.11 £0.18 8477 £0.36 64.47 £0.41
Chinese(zh)  49.68 & 1.50  80.47 +0.75 89.65+ 023 73.26+0.75 | 3443 £0.20 7099 =042 8376 +0.21 63.06 +0.15
Swahili 46.64 £1.72  78.67+0.36 90.06 +1.14 71.79+1.00 | 33.76 £ 029 6893 +0.72 81.86 +0.43 61.52+0.48
Japanese 49.83 £2.14 8046 £0.28 89.58 £0.40 73.29+0.69 | 3498 £0.50 71.16 £0.62 8445 +£0.23 63.53 £0.37
Turkish 50.99 £0.86 81.55+0.34 9134 +041 7463 +0.50 | 35524065 71.33+0.15 84.29+027 63.71+0.21
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 1940 £ 0.62 4239 +1.07 5595+ 146 39.25+087 | 1551 +0.29 37.86 =0.27 50.46+0.16 34.61 +0.03
Portuguese 18.60 048 3994 +0.87 53.56+0.78 37.36+043 | 1472 +£0.43 3635=0.08 49.10+0.22 33.39 +0.22
Spanish 18.85+0.54 4038 +1.27 5346+1.34 37.56+1.00 | 14.84 +0.41 3642 +030 49.26+035 33.51+0.14
French 18.47+0.34 39.42+0.83 51.96+0.38 36.62+042 | 14554+0.02 36.06+0.87 4880+ 057 33.13+0.46
Russian 1637 £0.33 38.02+£0.38 51.64+£1.65 3534+£0.61 | 13.00+0.26 33434+045 4556+080 30.67 +0.46
Arabic 17.77+£0.48 3993 +£1.96 5321 +0.58 3697 +0.69 | 13.61 £0.34 3472=0.17 47.04+£0.34 31.79+0.28
Hindi 1780 £ 1.16 4051 +£1.18 53.87 +0.88 37.40+0.57 | 1451 +£035 3558 +0.15 48.62+0.72 3291 +0.27
German 18.12+0.24 40.73 +£0.92 5267 +1.16 37.17+044 | 1470+ 0.55 35.65+042 48.08 +0.40 32.81 +0.42
Chinese(zh) 1697 £0.65 39.20 £0.86 51.74 £0.36 3597 £0.46 | 13.99 +£0.25 35.04=0.06 47.34+0.08 32.12+0.09
Swabhili 1722+042 3917 +0.56 5212 +246 3617 +1.01 | 13.15+0.27 3358 +=0.44 4554 +0.34 30.76 +0.18
Japanese 19.234+0.35 40.10+1.08 5218 +1.75 37.17+096 | 1425+0.18 3545+040 48.19+0.22 32.63+0.16
Turkish 1853 £1.46 39.55+043 5120+£0.39 3643+042 | 14.144+027 3477+031 46.77+029 31.89+0.10

Table E.6: Language-wise retrieval performance for the LE-
Mixture 40% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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LE-Mixture 50%
AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@I R@5 R@10 R@Avg | Rel R@5 R@10 R@Avg
English 52.68 +0.85 8290 +0.69 9227 +0.23 7596 +0.38 | 38.88+0.67 74.52+0.34 86.84 +028  66.75 + 0.38
Portuguese 50.25+0.88 81.82+1.69 91.45+0.70 74.50+1.02 | 36.144+0.28 71.40+0.09 8431+025 63.95+0.12
Spanish 4979 £0.75 7942+ 1.18 9047 £0.55 73234+0.47 | 3572+£0.18 70.80+£0.32 83.82+£0.35 63.44+£0.21
French 50.17 £1.18 8121 £0.79 9134 £045 7424 +£0.66 | 36.39+0.62 71.13+026 8457 +0.18 64.03 +0.34
Russian 4739+£2.82 79.60+0.85 9032+ 127 72444152 | 3396 +042 69.57 046 83.10+0.29 62.20 +0.29
Arabic 50.47 +1.34 80.61 £1.24 9037 +0.81 7382+1.13 | 35334+036 70.34+032 83.68+0.19 63.11 +0.16
Hindi 49.04 £1.14 8046 +£1.26 90.02+1.08 73.18+0.40 | 3558 £0.48 7151 £0.32 8481 +£0.26 63.96+0.29
German 50.10 £1.61 8121 £0.81 9149 +0.26 7427 +£0.56 | 3628 £0.61 72.08+021 85.37+0.53 64.58 +0.38
Chinese(zh)  50.21 +0.35 80.28 £ 0.86 90.25+0.51 73.58 £ 0.32 | 34.41 £0.40 70.61 =094 8396+ 0.24 62.99 £+ 0.37
Swahili 4848 £2.03 7938 +0.81 89.16+0.77 72.34+1.09 | 33.71 +0.18 68.61 +0.38 82.66 +0.20 61.66 +0.11
Japanese 4897 £1.24 79.75+098 90.03 £0.56 72.92+0.75 | 3507 £0.67 70.74=0.11 8430=+0.34 63.37 £0.20
Turkish 50.65 +0.96 81.44 £0.81 91.07+0.06 7439+0.17 | 3507 +0.69 71.154+0.07 84.72+029 63.64 +0.34
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 19.30 £ 0.64 44.40 +1.04 56.94+025 40.21 +052 | 16.33 £0.51 38.68 =0.72 50.74 +0.38  35.25 + 0.37
Portuguese 1892 +1.01 4137+0.59 5490+1.20 3839+093 | 14724+0.18 3643 +£0.60 4933 +042 33.49+0.31
Spanish 19.07 +0.65 40.83 +0.86 54.96+1.21 3829+0.52 | 14.87+042 36.63+0.16 4949 +023 33.66 +0.22
French 1828 £1.16  39.78 £1.26 5273 £0.48 3693 +£0.51 | 14.344+022 3648 +051 4897+036 33.26+0.14
Russian 16.84 £ 042 3879 £0.36 5129 £0.66 3564 +£0.15 | 13.044+0.20 33.804+0.64 46.321+040 31.07 +£0.40
Arabic 17.42+£1.92 3971 £0.92 52,66 £1.14 36.60+1.33 | 13.924+0.57 35.02+090 47.74+055 32.23 +0.65
Hindi 19.04 £0.66  42.07 +£0.73 5438 £0.24 38.50+0.32 | 14.924+0.32 3638 +0.34 4857+042 33.29+0.35
German 18.05+0.29 40.73 £0.65 5330+0.82 3736+0.30 | 14414+042 3591+046 4843 +041 3291+0.15
Chinese(zh) 17.424+097 38.85+127 51.67+134 3598+088 | 13.99 £0.57 34.80=0.06 4728 +0.06 32.02+0.18
Swahili 1659 +0.49 4093 +196 5356+1.52 37.02+1.31 | 13.154+0.17 33.85+021 46.09+041 31.03+0.18
Japanese 1856 £ 1.16 4032 +0.71 5289 +£0.53 3726 £0.61 | 14494+033 3590+0.17 48.64+029 33.01 +£0.21
Turkish 1898 £0.55 41.24+£0.94 5276 +0.72 37.66+0.29 | 1446+036 3560+ 046 47.62+0.07 32.56+0.26

Table E.7: Language-wise

retrieval performance for the LE-
Mixture 50% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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LE-Mixture 100 %

AudioCaps
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 54.63 +1.42 84.03 +0.63 93.14+0.69 77.27+0.88 | 39.96 +0.24 7518 =0.05 87.17 +0.21 67.44 + 0.08
Portuguese 51.07+2.14 8245+1.07 9190+041 7514+0.58 | 36.74+0.14 72.54+0.19 8526+024 64.85+0.16
Spanish 50.54 £1.08 8238 £0.77 92.13+£0.23 7502+£0.05 | 36.854+0.37 72.024+024 84.56+020 64.48+0.10
French 50.32+1.07 8282+1.08 9235+1.22 7517+059 | 36.77 £0.31 72.63 =0.38 8499 +0.32 64.80 + 0.32
Russian 50.02+1.90 81.66 +£0.79 91.41 +£043 7437+0.75 | 3568 +039 71.18 £0.08 83.92+039 63.59+0.15
Arabic 50.77 £ 143 8271 +£142 9198 +0.62 7515+1.04 | 36.60+0.50 72.00+0.33 84.42+0.13 64.34+0.27
Hindi 5047 +£1.31 8121 +0.20 91.53+0.17 74.41+0.38 | 3627 £0.47 7230=0.41 8508 £0.31 64.55+0.35
German 5028 +=1.11  83.01 +1.17 9258 +£0.81 7529+0.55 | 37.29+£0.10 72.82+0.56 8578 £0.15 65.29 +0.15
Chinese(zh) 49.344+1.24 81.10+1.07 90.70+091 73.72+0.43 | 36.06 =0.58 71.72+0.35 84.67+0.19 64.15+0.26
Swahili 4822 +0.64 8031 +0.00 90.81+0.46 73.12+0.23 | 3495+0.34 69.89+0.30 83.04+0.31 62.62+0.32
Japanese 4897 +£2.04 8144+£0.70 91.08+£0.69 73.83+£0.75 | 36.21 £0.32 71.96 =0.26 8492 £0.27 64.36+£0.14
Turkish 52.01 +2.04 8260+ 1.61 91.79+058 7547 +1.01 | 37.21 £0.44 7247 £0.63 8526+0.28 6498 +0.43
ClothoV2
Language Audio-to-Text ‘ Text-to-Audio
R@1 R@5 R@10 R@Avg ‘ R@1 R@5 R@10 R@Avg
English 20.09 +£0.53 43.67 £ 043 56.65 +0.69 40.14 +£0.24 | 16.21 +0.29 3842 +0.17 50.88+0.57 35.17 +0.22
Portuguese 18.88 £0.14 4128 £0.77 5432+1.53 38.16+0.73 | 1493 +£0.76 36.65+0.35 49.77 £0.41 33.79+0.35
Spanish 1850+ 0.71 41.56 +1.25 54.51 +0.81 3819+ 024 | 1472 +0.34 3690+ 0.63 49.81 +0.41 33.81 +0.35
French 17.67+0.77 4054 £146 5416 +1.18 3746+ 1.14 | 1477+045 36.60 =054 49.84 +0.46 33.74 + 0.40
Russian 1828 £1.10 3939 +£1.78 5251 £1.86 36.72+145 | 14154038 35.18 :-0.83 48.17+£0.54 32.50 £ 0.55
Arabic 18.44 £ 0.54 4045 +0.30 53.68 £0.63 37.52+0.37 | 1435+£0.27 3547 =0.57 48.19+0.71 32.66 + 0.49
Hindi 19.04 £1.25 41.02+0.28 5445+0.10 3817 +049 | 14.854+037 36.09+0.12 48564054 33.17+0.25
German 1799 £ 091 4239 +0.29 5423 +0.20 38.20+0.32 | 14744+030 36.81 £0.60 49.28 +0.82 33.61 +0.37
Chinese(zh)  18.34 £0.64 39.81 £0.16 5244 £0.42 36.86 £0.37 | 1435+0.05 3595=0.54 4827 +041 32.86=+0.30
Swabhili 17.324+0.76 3927 +0.68 5244 +1.52 3634 +096 | 13.85+0.38 3433 +0.26 47.14+0.26 31.78 +0.12
Japanese 19.754+0.40 40.64 +1.21 5333+1.00 37904085 | 1468 £0.53 36.07 =035 4899 +0.33 33.25+0.19
Turkish 18.69 £ 0.83 40.57 £042 5439+0.78 37.88+0.32 | 14824038 3573+0.70 48204057 32924043

Table E.8: Language-wise retrieval performance for the LE-
Mixture 100% strategy. AudioCaps and ClothoV2 are
shown in separate blocks. A2T and T2A denote Audio-
to-Text and Text-to-Audio retrieval, respectively. Values
are reported as Recall@k mean + standard deviation
across three runs. The best value for each metric within
each dataset block is shown in bold, while the second-
best value is underlined.
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E.2 Classification

Language ESC-50  UrbanSound8K
English 83.50 + 2385 71.44 +5.10
Portuguese  12.47 +1.62 19.59 + 331
Spanish 9.65 +1.77 26.37 +337
French 16.18 +2.29 22.69 1541
Russian 2.02 +1.13 9.03 +431
Arabic 1.53 + 058 6.44 13561
Hindi 1.33 +1.00 5.56 +222
German 11.12 +1.23 21.08 +8.94
Chinese(zh) 1.08 +1.29 13.07 +7.68
Swahili 842 +1.79 24.41 + 545
Japanese 1.23 +0.75 11.49 +0.44
Turkish 7.35 £083 19.20 +4.36

Table E.9: Zero-shot classification performance for English-only
across evaluation languages. Values are reported as
mean + standard deviation across three runs. Bold val-
ues indicate the best language for each dataset, while
underlined values indicate the second-best language.

Language ESC-50  UrbanSound8K
English 90.12 + 135 74.92 + 4.60
Portuguese  89.85 +0.94 71.87 +5.95
Spanish 89.15 + 151 74.61 +6.29
French 86.70 + 1.11 76.01 +6.05
Russian 80.88 +2.53 79.30 + 145
Arabic 85.28 +1.80 72.16 +335
Hindi 83.03 + 055 69.38 +3.33
German 88.23 +1.19 79.23 +227
Chinese(zh) 86.65 +1.53 67.98 +2.58
Swahili 85.17 +1.98 75.37 +4.13
Japanese 88.22 +0.52 78.34 +521
Turkish 86.87 +1.55 66.45 +2.45

best language.

Table E.10: Zero-shot classification performance for Random
Sampling across evaluation languages. Values are re-
ported as mean *+ standard deviation across three
runs. Bold values indicate the best language for each
dataset, while underlined values indicate the second-
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Language ESC-50  UrbanSound8K
English 81.43 +239 73.90 +4.09
Portuguese  77.97 +o0.65 66.82 +1.38
Spanish 69.45 +0.74 63.01 +6.68
French 74.02 +247 71.94 + 447
Russian 57.58 +4.65 60.09 +6.75
Arabic 62.70 +0.33 68.09 +2.02
Hindi 65.00 +4.31 61.52 +4.68
German 71.30 +0.87 74.33 +632
Chinese(zh) 68.68 +1.24 62.37 +6.41
Swahili 75.43 +1.06 77.00 +3.27
Japanese 72.40 +0.82 68.64 +0.52
Turkish 63.60 +3.36 57.60 +4.41

Table E.11: Zero-shot classification performance for LE-Mixture
10% across evaluation languages. Values are reported
as mean * standard deviation across three runs. Bold
values indicate the best language for each dataset,
while underlined values indicate the second-best lan-

guage.
Language ESC-50  UrbanSound8K
English 86.53 +239 73.29 +1.90
Portuguese  83.37 +297 69.94 +273
Spanish 80.87 +5.25 73.25 +2.16
French 80.08 + 1.01 71.37 +4.02
Russian 68.67 +1.59 68.92 +4.08
Arabic 73.35 +3.04 69.03 1293
Hindi 71.32 £2.14 66.75 + 2384
German 79.37 +3.96 77.07 +4.49
Chinese(zh) 77.83 +0.98 65.51 +3.15
Swabhili 82.00 +0.68 77.90 +0.46
Japanese 79.78 +2.15 69.45 +272
Turkish 72.58 +531 63.08 +4.08

guage.

Table E.12: Zero-shot classification performance for LE-Mixture
20% across evaluation languages. Values are reported
as mean * standard deviation across three runs. Bold
values indicate the best language for each dataset,
while underlined values indicate the second-best lan-
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Language ESC-50  UrbanSound8K
English 86.27 + 334 74.12 + 236
Portuguese  86.15 +1.17 69.36 1544
Spanish 83.93 +284 68.78 +3.15
French 83.67 +230 75.54 +436
Russian 72.03 +2.86 71.92 +267
Arabic 76.85 +1.53 71.18 +535
Hindi 78.27 +2.20 68.17 + 435
German 84.37 +2.40 77.19 +2.60
Chinese(zh) 81.47 +0.29 65.17 +3.40
Swabhili 81.37 +048 77.53 +3.89
Japanese 83.73 +0.95 74.40 + 6.08
Turkish 79.10 +2.03 63.89 +3.78

Table E.13: Zero-shot classification performance for LE-Mixture
30% across evaluation languages. Values are reported
as mean * standard deviation across three runs. Bold
values indicate the best language for each dataset,
while underlined values indicate the second-best lan-

guage.
Language ESC-50  UrbanSound8K
English 84.57 + 183 72.30 +222
Portuguese  86.20 +1.89 64.00 +8.25
Spanish 84.00 +2.56 71.89 +1.56
French 84.50 +0.46 74.47 + 258
Russian 73.73 +236 74.06 +2.02
Arabic 77.12 +2.15 70.37 +5.02
Hindi 76.88 +1.49 64.00 +2.83
German 86.12 +1.59 76.68 + 262
Chinese(zh) 82.68 +o0.60 61.46 +3.88
Swahili 81.33 £331 75.46 +4.49
Japanese 83.67 +1.74 73.37 +0.65
Turkish 77.63 +0.94 55.00 +8.94

guage.

Table E.14: Zero-shot classification performance for LE-Mixture
40% across evaluation languages. Values are reported
as mean * standard deviation across three runs. Bold
values indicate the best language for each dataset,
while underlined values indicate the second-best lan-
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Language ESC-50  UrbanSound8K
English 84.05 + 1.01 70.69 + 153
Portuguese  86.72 + 1.09 71.60 +3.89
Spanish 84.45 +1.70 76.34 +1.45
French 84.23 + 153 78.02 +2.388
Russian 77.57 +1.76 73.85 +3.11
Arabic 77.02 +1.21 68.82 +3.09
Hindi 79.62 +1.01 66.09 +2.63
German 84.98 + 155 77.60 +2.73
Chinese(zh) 84.08 +1.35 62.05 +2.70
Swahili 81.53 £ 1.69 78.11 + 130
Japanese 85.17 +222 72.33 +443
Turkish 79.85 +£3.59 62.79 +3.42

Table E.15: Zero-shot classification performance for LE-Mixture
50% across evaluation languages. Values are reported
as mean * standard deviation across three runs. Bold
values indicate the best language for each dataset,
while underlined values indicate the second-best lan-

guage.
Language ESC-50  UrbanSound8K
English 82.53 +236 72.68 +553
Portuguese  86.27 +2.10 71.16 +3.74
Spanish 84.38 +2.45 66.26 +2.97
French 81.42 +0.63 75.81 +255
Russian 77.47 +0.78 76.71 +235
Arabic 76.43 +1.13 70.29 +0.50
Hindi 75.22 +1.66 64.67 +3.11
German 85.93 +03s5 72.53 +220
Chinese(zh) 81.45 £3.03 61.78 +0.72
Swabhili 79.47 +0.98 74.88 +033
Japanese 84.42 + 1.65 74.34 + 489
Turkish 77.40 +5.08 62.01 +1.48

best language.

Table E.16: Zero-shot classification performance for LE-Mixture
100% across evaluation languages. Values are re-
ported as mean *+ standard deviation across three
runs. Bold values indicate the best language for each
dataset, while underlined values indicate the second-
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Mixture-of-Layers Implementation Details

This chapter gives implementation details about the different variations of
Mixture-of-Layers (MoL). Considering a transformer backbone that exposes L stacked
hidden states (the embedding output plus every encoder block), giving H € REXLXTxF,
A layer—aggregation module collapses the layer axis into a single representation Z €
REXTXF “which is then masked—mean pooled over tokens and projected. The four strate-
gies differ only in how the per—layer mixing weights are produced: fixed and uni-
form (MEAN), learned but input—independent (WEIGHTED—SUM), or input—conditioned

through a gating network (MOL, with two refiner/pooling choices).

Symbol Meaning

B,L,T,F Batch Size, Stacked Layers, Sequence Length, Feature Dim
H c REXIXTXF Stacked per-Layer hidden states
H) = H . .c REXT*F " Hijdden States of Layer !

Z c RBXTXF Aggregated Representation

softmax;, meany, mean; Softmax / Mean over the Layer or Token axis

® Element-wise Product

Algorithm 2 MEAN Aggregation

Input: H ¢ REXIXTXF
Output: Z € REXTxF

1
1. 1+ Z Zlel H(l) > uniform, parameter—free
2: return Z
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Algorithm 3 WEIGHTED-SUM

Input: H ¢ RBXEXTxF
Learnable: layer logits w = (wy,...,wz) € RE, init. 0
Output: Z € REXT*F

Ol <4— softmaxl(w) > o € RE; init. 0 = uniform mean
2. 1+ Zf:l oy H) > weights shared across batch & tokens
3 return Z

Algorithm 4 MOL Gating: Self-Attention Refiner + Mean Pooling

Input: H ¢ RBXEXTxF
Modules: MHSA over layers, gate MLP GateMLP : R — RE
Output: Z € REXT*F

// 1. token pooling: one descriptor per layer

1. P < meany(H) > P e REXLXF
// 2. layer refinement: attention across the L layers

2. R+ MHSA(P,P,P) > self-attn = RE*LxF
// 3. layer pooling (mean) — gate input

3: g < meany(R) > g € REXF
// 4. per—sample gating distribution over layers

4 s < GateMLP(g) > s € REXL Jogits

5. T < softmax;(s) > 1 € REXE
// 5. input—conditioned weighted combination

6: 1.+ Z{‘Zl T HO > 7. ; broadcast over T, F

7. return Z
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Algorithm 5 MoOL Gating: Self-Attention refiner 4+ Attentive Pooling

Input: H € REXLXT*F
Modules: MHSA; W,, W, € RF*Pe w, € RP«, gate MLP GateMLP : R — RE
Output: Z ¢ REXTXF

AN L

10:

// 1. token pooling: one descriptor per layer
P < meanr(H)

// 2. layer refinement: attention across the L layers
R < MHSA(P,P,P)

// 3. attentive pooling over layers — gate input
Q « tanh(RW,), K < tanh(RWy)
u <+ (QOK)w;
B < softmax;(u)
g < Z%:l B:,l R(l)

// 4. per—sample gating distribution over layers
s < GateMLP(g)
T < softmax;(s)

// 5. input—conditioned weighted combination
Z+ YL n,HD
return Z

>Pc RBXLXF
> self—attn = RB*LXF

> e RBXLXD(,

> per—layer score u € RE*L
> B c RBXL

> g e RBXF

> s € RE*L Jogits
> T € REXL




