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Resumo

Camargo, F.H.F.. Future-Shot: Few-Shot Learning to tackle new labels
on high-dimensional classification problems. Goiânia, 2024. 74p. Tese de
Doutorado Relatório de Graduação. Programa de Pós Graduação em Ciência da
Computação, Instituto de Informática, Universidade Federal de Goiás (UFG).

Esta tese introduz uma nova abordagem para enfrentar desafios de classificação multi-
classe de alta dimensão, particularmente em ambientes dinâmicos onde surgem novas
classes. Chamado de Future-Shot, o método emprega metric learning, especificamente
triplet learning, para treinar um modelo capaz de gerar embeddings para pontos de dados
e classes dentro de um espaço vetorial compartilhado. Isso facilita comparações eficientes
de similaridade usando técnicas como k-nearest neighbors (KNN), permitindo integração
de novas classes sem extenso treinamento. Testado em tarefas de previsão de laboratório
de origem usando o conjunto de dados Addgene, o Future-Shot atinge a acurácia de top-
10 de 90,39%, superando os métodos existentes. Notavelmente, em cenários de few-shot
learning, ele atinge uma acuråcia de top-10 média de 81,2% com apenas 30% dos dados
para novas classes, demonstrando robustez e eficiência na adaptação às estruturas em que
novas classes são inseridas com o passar do tempo.

Palavras–chave

few-shot learning, deep learning, metric learning, triplet learning, classificação
em alta dimensão, predição de laboratório de origem



Abstract

Camargo, F.H.F.. Future-Shot: Few-Shot Learning to tackle new labels on
high-dimensional classification problems. Goiânia, 2024. 74p. PhD. The-
sis.Programa de Pós Graduação em Ciência da Computação, Instituto de Infor-
mática, Universidade Federal de Goiás (UFG).

This thesis introduces a novel approach to address high-dimensional multiclass classi-
fication challenges, particularly in dynamic environments where new classes emerge.
Named Future-Shot, the method employs metric learning, specifically triplet learning,
to train a model capable of generating embeddings for both data points and classes within
a shared vector space. This facilitates efficient similarity comparisons using techniques
like k-nearest neighbors (KNN), enabling seamless integration of new classes without
extensive retraining. Tested on lab-of-origin prediction tasks using the Addgene dataset,
Future-Shot achieves top-10 accuracy of 90.39%, surpassing existing methods. Notably,
in few-shot learning scenarios, it achieves an average top-10 accuracy of 81.2% with just
30% of the data for new classes, demonstrating robustness and efficiency in adapting to
evolving class structures.

Keywords

few-shot learning, deep learning, metric learning, triplet learning, high-
dimensional classification, lab-of-origin prediction
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CHAPTER 1
Introduction

Machine learning has recently been an essential tool to automate tasks that have
been mostly carried out by humans before. It is being used in an ever-growing number of
applications using structured and unstructured data like images, audio, and text. However,
there is one recurring problem always faced: training data size. There has been much
research trying to identify the effects of training data size for different applications [133,
41, 8, 16, 32, 113]. Nevertheless, one thing is sure: machine learning models, especially
deep learning ones, need a significant sample size to be accurate.

Since acquiring and curating data can be expensive, especially when specialized
annotators are essential (like in the medical area), many researchers have been working
on reducing the number of necessary data points. Data augmentation, for example, has
been used a lot when dealing with images [99] and text [100] to virtually increase the
size of the training dataset. Another crucial technique employed is tuning pre-trained
models instead of starting from scratch. The oldest relevant example is using models pre-
trained on ImageNet [18], which is a large image dataset. This trend also got into Natural
Language Processing (NLP), with the most notable example being BERT [21], which is
pre-trained in an unsupervised manner with a large corpus of text.

A more recent technique is becoming more common to deal with more extreme
cases of data scarcity: Few-Shot Learning (FSL). The idea is to use prior knowledge to
generalize to new tasks from a few samples [125]. It is being applied predominately in
areas where many related data are available, like NLP. The most prominent example is
the successful application of GPT-3 to tackle many NLP tasks using FSL [9].

Another common problem, especially with multiclass classification problems, is
the high dimensionality of the number of classes [112]. The more classes one needs to
deal with, the more complex the models are, and the more data is required to train them.
After all, the model needs a reasonable sample size for each class, and if it is dealing
with thousands or millions of classes, the data requirement can snowball. This is a known
problem with multiple studies published [15] [85]. There is also an entire field of study
dedicated to enhancing the efficiency of data collection, which can potentially alleviate
the need for extensive data requirements [52] [37].
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Moreover, some applications have an ever-growing number of classes (for exam-
ple, identifying companies as new ones are being created). With traditional approaches,
as new classes are added, acquiring more data and retraining the model to tackle it is
necessary. A known problem with this approach is that multiclass models always classify
examples into one of the known classes, sometimes even being very confident about their
prediction. This can be solved with multiclass classification with rejection [74], but still
requires retraining to deal with new classes.

Another different approach is stepping back from directly classifying those
classes and instead training a model with an indirect objective. Such a model can be
trained to learn to extract representations of each data point. Representation learning is a
broad concept that involves learning a useful representation or encoding of the input data.
The objective is to transform raw data into a feature space where relevant information
is well-captured and can be easily utilized for downstream tasks. Once the raw data is
transformed into a representation, it can be compared to other data points using clustering
techniques.

This representation learning approach can be achieved by using metric learning.
Metric learning focuses on learning a distance metric or a similarity measure between
pairs of data points. The goal is often to optimize the embedding of data points in such a
way that similar instances are brought closer together in the learned metric space, while
dissimilar instances are pushed farther apart. This way, data points are represented by
embeddings and can be compared for similarity. For classification purposes, instances of
the same class can be clustered together in the vector space. When new data points need
to be classified, they can be clustered with the training set, and the majority’s class can
be picked from the cluster. Alternatively, the model can learn embeddings for each class
during training, which avoids the need to keep all the embeddings of the training set. Each
data point embedding can be compared with each class embedding, picking the closer one
in the vector space. In both cases, new classes can be added by extracting embeddings of
a few data points of such classes. Such embeddings can either be stored for the clustering
techniques or an average of them can be used as the new class embedding. After that,
instances of previously unknown classes can be successfully classified.

Similar strategies have been adopted for recommender systems before, where
the embeddings of users are compared to the embeddings of items. Anwaar et al. [5]
extracted embeddings from the textual descriptions of movies and used them together
with user ratings of such movies to generate user embeddings. The movies were then
ranked according to the similarity between user embeddings and item embeddings. Lee
et al. [57] took it one step further and proposed a deep content-user embedding model
that combines the user-item interaction and music audio content. Their model uses a
Convolutional Neural Network (CNN) to extract embeddings from audio while learning
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an embedding layer for the users using interaction data. Both papers and several others
in the area aim to deal with the cold-start problem, where new items that have no past
interaction data need to be recommended, which is very similar to classification problems
with an ever-growing number of classes.

There is also the application of FSL using embeddings. Liu et al. [63] use
contrastive learning to train a few-shot embedding model to classify images. They train
the model on a given set of categories and evaluate it using a different one. After that,
they use a dataset with the target categories as support. New data points are matched with
known ones by similarity and the label is picked. The main difference between this work
and others similar to the problem at hand is that they focus on applying the model to a
new task with a different set of labels, instead of adding new labels to the same task.

1.1 Motivation

While various techniques exist, the literature currently lacks a clear-cut frame-
work for addressing high-dimensional multiclass classification with a growing number of
classes. It is important to tackle this problem because the currently available approaches
are not resource-efficient, usually requiring the retraining of the model, which usually
requires specialized hardware and takes a long time. This research centers around ad-
dressing this gap. The question being answered is whether this problem can be solved
effectively using a combination of embedding models and FSL. The utilization of FSL
is particularly emphasized to handle novel classes within the same task effectively. The
goal is to demonstrate that such a framework can be developed, showcasing its results in
a study case and an extra benchmark.

1.2 Proposal

This thesis proposes a method to deal with high-dimensional multiclass clas-
sification problems where the number of classes can keep growing. Instead of training
a traditional classification model that outputs probabilities for each class (typically us-
ing a softmax layer), the method works by training a model to learn representations of
data points and classes in a shared vector space through metric learning techniques (more
specifically triplet learning). This is similar to how a hybrid recommender system works:
learning embeddings from the users while learning to extract embeddings from the con-
tent of the items. In this work’s case, the model learns embeddings for each class while
learning to extract embeddings from input data. Once this model is trained, the embed-
ding of input data is compared to the class embeddings with a dot product, allowing the
classes to be ranked from most to least similar. Such a technique is commonly known
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as K-Nearest Neighbors (KNN) [17]. A new class can then be added by using the model
to extract the embeddings of a few samples and taking the average of them to represent
the new class. After that, the model can tackle this new class without further retraining.
Since a similar strategy for adding classes has been seen on FSL literature [102], with the
difference that they used it to tackle only new classes, the method proposed here has been
named Future-Shot.

1.3 Organization

This work is divided into six chapters. Chapters 2 and 3 lay the foundation
necessary to understand the proposed method. Chapter 4 presents the procedures, the
proposed algorithm, and the main study case. Chapter 5 shows the results of applying the
method to the main study case and benchmark dataset. For last, Chapter 6 presents the
conclusions and future work.



CHAPTER 2
Background

This Chapter lays the fundamentals that are later referenced during this thesis. It
presents deep learning in Section 2.1, convolutional neural networks in Section 2.2, using
deep learning for classification problems in Section 2.3 and metric learning in Section
2.4. Few-Shot Learning (FSL) is later presented with its literature review in Chapter 3.

2.1 Deep learning

Despite the first idea of creating machine learning models that imitate how our
brain works appearing in 1957, it took decades for it to evolve and become what is known
as deep learning nowadays. The first iteration, known as Perceptron [88], consisted of a
single layer of neurons that multiplies each input by a learned weight, sums the result, and
then applies an activation function. Multiple methods were developed to train a Perceptron
[127]. However, it could not solve problems as simple as an XOR [73], reducing the
researchers’ interest in neural networks. That might explain why it took 20 years for
the current method used nowadays to be proposed: Backpropagation [89]. This method
also allowed us to train Multi-Layer Perceptron (MLP), which could deal with non-linear
problems [35].

MLP was a popular machine learning method but had its limitations. It was not
possible to have many layers because of the vanishing gradient problem [6]. Furthermore,
even though multiple variants of neural networks were invented, like Recurrent Neural
Network (RNN) [40] and Convolutional Neural Network (CNN) [56], they all suffered
from this problem. Training neural networks were also too demanding for the existing
hardware, requiring very long periods of training.

It was in 2012 that Deep Learning became extremely relevant thanks to
Krizhevsky [54] and his winning solution used in ImageNet Large Scale Visual Recog-
nition Challenge (ILSVRC) 2012 [90]. This competition features a massive dataset of
images intending to classify them into 1,000 classes. Most participants used traditional
computer vision techniques to extract features from the images and feed them into tradi-
tional Machine Learning models. Instead, Krizhevsky used a CNN that he trained using
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a Graphical Processing Unit (GPU). Since then, there has been a surge in the usage of
Neural Networks, and many players have invested money and research to develop the
necessary resources to make it easier to train them. Nvidia invested a lot in their GPUs,
creating even server-grade ones to be used for Deep Learning, and invested a lot into the
CUDA development (toolkit used to interact with their GPUs). There was also a surge
in the development of frameworks like Tensorflow [67], and PyTorch [80]. This whole
progress was possible because of techniques used to deal with the vanishing gradient
problem and the realization that GPUs can train Neural Networks much more efficiently
than a Central Processing Units (CPU).

2.2 Convolutional neural networks

Convolutional Neural Network (CNN) is a special class of neural networks
commonly used to tackle computer vision problems. Unlike a MLP, which has all the
neurons from one layer connected to all the neurons of the next layer (having to learn
one weight for each connection), a CNN employs a technique for parameter sharing,
severely reducing the number of weights. The main idea is that each layer contains
multiple learned filters/kernels. Each kernel will go through the whole input (or previous
layer output) and compute an output for each position, which is a mathematical operation
known as convolution. Equation 2-1 presents the convolution operation over a two-
dimensional space (typically representing images or signals). f [x ,y ] and g[x ,y ] are two
functions defined over a two-dimensional space, n1 and n2 represent discrete coordinates
that are used to shift the function g. The convolution operation computes the integral of
the product of two functions, where one function is reflected and shifted over the other
function across all possible shifts. The output of this operation is known as the activation
map. Figure 2.1 shows this operation with a 2D input (which is very common for images).

f [x ,y ]∗g[x ,y ] =
∞

∑
n1=−∞

∞

∑
n2=−∞

f [n1,n2] ·g [x−n1,y−n2] (2-1)

When building a CNN architecture, each layer is defined by specifying the
number of kernels, size of the kernels, stride (that controls if there will be any compression
of the output), and if it will use padding (that helps guarantee the dimensions of the output
will be the same as the input). Besides the convolutional layers, it is common to apply
pooling operations to compress the activation maps and, last, an operation to turn the final
activation maps into a vector to be fed into an MLP. With such an architecture, the Neural
Network will learn kernels responsible for extracting features from the input. Lastly, the
MLP will process the extracted features in a vector form to do the final task (classification,
for example). Figure 2.2 shows a very simple CNN architecture without the MLP.
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Figure 2.1: Convolution between a 2D input and a 2D kernel. The figure shows how
the kernel (second matrix) shifts over the input (first matrix). The current position is
highlighted in blue and the result of the first shift is shown in the third matrix. This exact
computation is done for each position, filling in the remaining values.

Conv (8@3x3) Conv (16@3x3) Max-Pool (2x2)

3@64x64
8@64x64

16@64x64
16@32x32

1x16

Figure 2.2: Simple CNN composed of an input (8 channels of size 128x128) that goes
through one convolutional layer (8 filters of size 3x3 and padding), another convolutional
layer (16 filters of size 3x3 and padding), one max pooling operation (size 2x2), and a
max global pooling operation that reduces it into a vector of 16 dimensions, which can
then be fed an MLP.
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It is worth noting that both figures 2.1 and 2.2 deal with 2D inputs because CNNs
are more commonly applied to images. Nevertheless, they can work with any dimension,
including 1D (the case when dealing with textual data). One can also have parallel layers
with different kernel sizes, allowing a significant variation of possible architectures.

2.3 Deep learning for classification problems

When using a Neural Network for a classification problem, one needs to pay
attention to the final layer, its activation, and loss functions. If it is a binary classification,
one expects the final layer to have a single neuron with a sigmoid activation function
(defined in Equation 2-2, having z as the output of the neuron) to limit the output between
0.0 and 1.0, which is interpreted as a probability of the input being of this class. A binary
cross-entropy loss function (defined in Equation 2-3) is used in this case. Binary cross-
entropy measures the dissimilarity between the true binary labels y and the predicted
probabilities p by computing the negative sum of the true label times the logarithm of
the predicted probability plus the complement of the true label times the logarithm of
the complement of the predicted probability. The final goal of this loss function is that the
predicted probability p will be closer to 1.0 if the label applies and closer to 0.0 otherwise.

σ(z) =
1

1 + e−z (2-2)

binary_cross_entropy =−(y log(p) + (1− y ) log(1−p)) (2-3)

When dealing with a multiclass problem, the output is a vector of probabilities
that sum to 1.0. In that case, the last layer has as many neurons as the number of classes
and a softmax activation function (defined in Equation 2-4, having zi as the output of
each neuron) is applied after it. This activation function guarantees that all the outputs
will be between 0.0 and 1.0, and the sum will be 1.0. To train the model, a multiclass
cross-entropy loss function (defined in Equation 2-5) is used. Multiclass cross-entropy
calculates the dissimilarity between the true multiclass labels yo,c and the predicted
probabilities po,c by summing over all classes c the negative product of the true label and
the logarithm of the predicted probability for each class. The goal of this loss function
and to make the predicted probability po,c of the true label closer to 1.0 and the remaining
probabilities of the other labels closer to 0.0.

σ(zi ) =
ezi

∑
K
j=1 ezj

for i = 1,2, . . . ,K (2-4)
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multiclass_cross_entropy =−
M

∑
c=1

yo,c log(po,c) (2-5)

2.4 Introduction to deep metric learning

Metric learning aims to automate learning task-specific distance functions in a
(weakly) supervised manner [55]. The goal is to learn a distance metric to compare two
data points for their similarity or distance. One can use these learned distance functions
to perform various tasks, including clustering, information retrieval, identification, and
others. One of the most well-known applications is Face Recognition [64] [20] [119]
[120] [118], in which a face is compared to a reference picture and they are matched if
they are similar enough.

Most metric learning research deals with a single entity type. One exception is
Collaborative Filtering (CF) [93], which learns the similarity between users and items.
Even though people do not commonly recognize it as part of metric learning, they do
arguably the same, the difference being that CF deals with two different entity types.
There is even research applying triplet network (a well-known deep metric learning
technique) [39] to CF [114] [60].

The last layer must have the desired embedding dimension when training a neural
network for deep metric learning. Also, an activation function is not commonly used on
this last layer. The rest of the model depends on the modality being tackled (e.g., CNN for
images). One trains the model so that similar objects produce embeddings that are close
in the vector space and the opposite for dissimilar objects. To do that, there are many
different techniques, like contrastive representation learning [14], triplet learning [96],
lifted structured loss [106], multi-class n-pair loss [105], and many others. This work
uses triplet learning, which is explained in the context in Section 4.1.1.



CHAPTER 3
Literature review

3.1 Few-shot learning with deep metric learning

Machine learning algorithms typically require large quantities of training data.
Sparse training data for each class can result in poor-quality predictions. The act of
training machine learning algorithms to perform well in this task is known as Few-Shot
Learning (FSL) [124, 25, 26]. Based on knowledge already acquired by a model trained
in a similar task (with a prior set of classes), the FSL method aims to classify samples
into a target set of classes. The model is provided with a support set composed of a few
samples per class and it must be able to classify new examples (query set) into the new
classes.

Many techniques have been explored in FSL literature. One that has been
very prominent recently is using a Large Language Model (LLM) trained for question
answering for FSL [9, 108, 95, 94, 29]. They aim to provide instructions and potentially a
few examples to the LLM and ask it to classify a new data point. Instead of training a new
model, a researcher would work on prompt engineering, which is the process of tuning
the instructions passed to an LLM to improve the final results. This ended up creating a
whole new research area about prompt engineering [98, 87, 58, 83, 33, 126], especially
with the rise of GPT-3.5 and GPT-4. The main advantage of such an approach is how fast
one can start prototyping and have a text classification ready. For some problems, it can
give very accurate results but sometimes might serve just as a baseline for other fine-tuned
models. It is also limited to text classification, not dealing with other forms of inputs, and
could have a hard time dealing with high-dimensional classification problems because of
the token size limit (number of words an LLM can process). Netherless, that is not the
focus of this work.

The remaining studies are split between optimization-based and metric learning
approaches. The first works by using meta-learning to train a model in a variety of tasks
in such a way that it can later solve new learning tasks with a small number of samples.
The model is retrained for this new task with a small number of gradient steps. Examples
of this category include MAML [27], Reptile [75], and LEO [91]. Such techniques can
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deal with the problem of FSL, but still require retraining the model, even if for just a small
number of steps.

The metric learning approach attempts to train a model to learn an embedding
and appropriate comparison metric. Some examples of metric learning approaches include
Prototypical Networks [102], RelationNet [110], TADAM [79], MatchingNet [78], and
infoPatch [63]. The model is then adapted to another task by extracting embeddings from
a small number of examples and using clustering techniques for classification. With the
more widespread availability of self-supervised foundation models pre-trained on large-
scale external data, simpler approaches like Prototypical Networks have found new highs,
achieving state-of-the-art in some benchmarks [43].

This work uses a technique that is closer to Prototypical Networks [102]. They
opted for a simpler design in which their model learns a metric space in which classifica-
tion can be performed by computing distances to prototype representations of each class.
These prototype representations are computed by taking the average of the embeddings
of the support set for each class. Classification is then performed for an embedded query
point by finding the nearest class prototype. Figure 3.1 shows how it would look like in a
2-dimensional space, with each ck being in the middle of each class cluster and x (an em-
bedded query point) being classified into c2 because of the smaller distance. This work use
the same technique with the difference being that Prototypical Networks only deal with
a new set of classes (from a new task), while this work merges the existing classes with
the new ones, staying in the same task. New classes have their prototype representations
computed and the existing ones have theirs learned during training.

Figure 3.1: Prototypical networks in the few-shot scenario. Few-shot prototypes ck are
computed as the mean of embedded support examples for each class. A new input x is
then embedded and then classified by computing the similarity between its embedding
and all the prototypes ck , picking the most similar class. Figure extracted from [102].
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3.2 Genetic engineering attribution

3.2.1 Background

Plasmid sequences constitute fundamental components in the realm of genetic
engineering and synthetic biology. These small, circular DNA molecules exist indepen-
dently of the chromosomal DNA within a cell and often carry genes that confer specific
advantageous traits to the host organism. Understanding the basics of plasmid sequences
is pivotal for comprehending the intricacies of genetic engineering.

They are typically composed of double-stranded DNA, and their circular struc-
ture distinguishes them from the linear chromosomal DNA. Their size can vary signif-
icantly, ranging from a few thousand to several hundred thousand base pairs. Plasmids
may contain essential genetic elements, such as an origin of replication, which enables
them to replicate independently of the host chromosome.

Plasmids play a crucial role in genetic engineering as carriers of additional
genetic material. Genetic engineers can introduce desired genes into plasmids, creating
recombinant DNA molecules. These foreign genes may encode proteins with specific
functions, such as resistance to antibiotics, the production of therapeutic proteins, or the
enhancement of metabolic pathways in the host organism.

Computationally, a plasmid is represented as a string of characters, typically
composed of the nucleotide bases adenine (A), thymine (T), guanine (G), and cytosine
(C), denoted by the letters A, T, G, and C, respectively. This string of genetic information
serves as a digital representation of the plasmid’s DNA sequence. Each position in the
string corresponds to a specific location along the plasmid’s circular DNA structure. For
example, a segment of the plasmid might be represented as "ATCGGTA," indicating the
sequence of nucleotide bases at that particular region. This computational representation
is fundamental for various bioinformatics applications, enabling researchers to analyze,
compare, and manipulate plasmid sequences efficiently. Additionally, it forms the basis
for advanced computational techniques, such as those employed in genetic engineering
attribution, where distinct design signatures within these sequences can be identified to
trace the origin of genetically engineered organisms.

Genetic engineering is conducted within specialized laboratories, often referred
to as genetic engineering or biotechnology labs, equipped with advanced tools and exper-
tise in molecular biology. These labs play a central role in the development and implemen-
tation of genetic modifications in organisms. As genetic engineers design and manipulate
plasmid sequences within these labs, they inadvertently leave behind unique signatures in
the form of specific nucleotide arrangements. These design signatures can be thought of
as distinct patterns or markers that are introduced during the genetic engineering process.
The inadvertent inclusion of these signatures provides a computational trail that can be
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used for genetic engineering attribution, enabling the identification of the lab-of-origin for
a given genetically modified organism. By analyzing the plasmid sequences, researchers
can effectively trace the origin of the engineered organisms back to the specific labora-
tory where the genetic modifications took place. This attribution process not only aids in
preventing plagiarism and ensuring responsible development but also establishes account-
ability within the genetic engineering landscape.

3.2.2 Lab-of-origin prediction of engineered DNA

Genetic engineering and synthetic biology represent rapidly advancing fields
within biotechnology [23], where scientists possess the ability to modify organisms
with unprecedented efficiency and sophistication. As these technologies become more
prevalent, it becomes crucial to trace the origin of genetically engineered organisms back
to their creators or the laboratories where they were developed. This process, known as
Genetic Engineering Attribution (GEA), serves multiple purposes, including preventing
plagiarism, promoting responsible development, ensuring proper credit for designers, and
establishing accountability for genetic engineers.

The concept of GEA has gained significant traction in recent years, supported
by advancements in attribution tools [2, 76, 122]. Essentially, when designing nucleic-
acid sequences, engineers leave a unique "design signature" that can be detected using
GEA methods. These methods have the potential to not only identify the lab of origin
but also pinpoint the actual designer of a biological sequence. This capability enhances
accountability within the genetic engineering landscape.

Various approaches to GEA have been proposed, with some focusing on predict-
ing the lab of origin of plasmid sequences sourced from the Addgene data repository [45].
Notably, the performance of these approaches has seen significant progress, with top-10
accuracy improving from 70% to 85% in recent years [76, 1, 122]. Different methods,
such as CNNs, RNNs, and pan-genome approaches, have been employed, indicating the
versatility of GEA techniques.

Nielsen and Voigt [76] developed a deep learning model by applying CNNs. The
network was trained on the Addgene plasmid dataset and independently verified in Alley
et al. [1]. In brief, one can summarize their approach as follows. First, plasmid sequences
were one-hot encoded, then used as input to the network composed of one convolutional
layer of 128 filters, max-pooling operation, and two dense layers. While they showed it
possible to use machine learning for this task, this seminal approach was hopeful and
obtained an accuracy of only 48% and a top-10 accuracy of 70% in predicting the lab’s
origin.

More recently, Alley et al. [1] proposed deteRNNt, a recurrent neural network-
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based model. The main insight of this approach was to treat the DNA sequence as a text
problem, using techniques from the natural language processing field to extract features
from the sequence. They tokenized the sequence using BPE, generating larger tokens and
decreasing the sequence size. These tokens then served as input to a word embedding
layer [69] followed by a RNN [62] [97]. The authors showed that their approach achieves
84.7% top-10 accuracy.

To serve as another baseline, BLAST [3] was applied to the test set of 18,817
samples. Despite being a relatively simple tool that employs no modern machine learning
and finds similar local regions between sequences, it was able to predict source labs by
achieving 76.9% top-10 accuracy in the conducted tests: outperforming the approach of
Nielsen and Voigt [76].

PlasmidHawk [122], a recently launched tool, uses Plaster [121], a state-of-the-
art pan-genome algorithm, to construct a synthetic plasmid resulting in a set of sequence
fragments. It then aligns the original plasmid to the synthetic one and makes comparisons
to match fragments with the plasmid. This method has so far outperformed other machine
learning-based methods by obtaining 75.8% of accuracy and 85% of top-10 accuracy
while employing no machine learning.

While these advancements are promising, there is room for further improvement.
Existing approaches may face challenges in downstream tasks and require continuous
retraining to adapt to new laboratories entering the scene. The ongoing refinement of GEA
methods is crucial for ensuring the reliability and effectiveness of genetic engineering
attribution in diverse and evolving biotechnological landscapes.



CHAPTER 4
Methodology

This research was conducted following several steps. First, the dataset of lab-
of-origin prediction [45] (main study case) was obtained. Then, a regular classification
model and the proposed model were trained, both using a similar model architecture to
make them more comparable. They were evaluated for classification metrics (accuracy)
and clustering, comparing their capabilities. Then, the proposed model is evaluated
with few-shot learning experiments, showcasing how it can tackle new classes without
retraining. Some interpretability techniques are also shown for both models. To further
allow reproducibility and application of the method to other problems, a library was
created and the method was applied to a benchmark dataset.

4.1 Proposed method

The proposed method uses deep metric learning [55], which is where one learns a
distance function between objects. In this case, it is learning a similarity function between
inputs and their classes. The result is a vector space in which an input embedding is
close to its correct class embedding. This way, K-Nearest Neighbors (KNN) is applied
to the input embedding and all the known class embeddings to find the closest classes,
classifying this input. Whenever a new class becomes available, one can do few-shot
learning by using a sample of inputs from this class, extracting the embeddings of this
sample, and then taking the average to represent this new class. The model will then be
able to classify this new class without further retraining. Because of the nature of the
method, it was decided to name it future-shot.

To demonstrate that using deep metric learning indeed provides an advantage, a
regular classifier with a similar architecture is developed to compare with the proposed
approach. Both models share the backbone of the architecture to make the comparison
fair. One can see the critical difference between them by looking at the final layers.
The regular classification model’s final layer is a dense layer with a softmax activation
function, which returns a probability for each class. Instead, the future-shot approach has
a dense layer that generates an input embedding. In parallel, there is an embedding layer
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that learns the class embeddings. The main advantage of the future-shot approach is that it
can extract embeddings of any input once it is trained. It allows one to cluster new inputs
based on similar characteristics, rank or classify known classes, apply few-shot learning
to deal with cold-starting, and even use the embeddings for other models.

The following Section presents the strategy to train the proposed model in detail.

4.1.1 Triplet learning with hard negative mining

To train the future-shot method, triplet networks [39] are used. This technique
involves creating triplets (anchors, positives, negatives) as part of the model training
process. The proposed model is anchored around the input; hence, they are the anchors
in this approach. The positive object in this scenario is the correct class, while the
negative object is another class. To be concrete suppose s1 is a plasmid sequence made
by the Church lab, then a possible triplet would be (s1,Church lab,Voigt lab). Hence, this
approach aims to generate embeddings in which the input is near its class and other inputs
of the same class and far from other classes and their inputs. Figure 4.1 better illustrates
this process while already considering the main study case (DNA as inputs and labs as
classes).

ANCHOR 

ANCHOR 

NEGATIVE

POSITIVE

POSITIVE

LEARNING

LAB 1 DNA

DNA

DNA

DNA

DNA

DNA

LAB 2
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LEGEND
Distance
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2
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Figure 4.1: Triplet method illustration. The triplet is composed of an anchor (DNA), a
positive (the lab-of-origin), and a negative example (another lab). a In the beginning, the
anchor might be closer to the negative than it is to the positive. During training, the anchor
and the positive are pulled towards each other while the negative is pushed away. b In the
end, labs, and their DNA sequences will be nearer to each other, forming groups. Each
group is represented by a different color. One can also expect labs and DNA sequences to
be closer to other similar ones.

Normally, when training models using triplet learning, one has a single neural
network that extracts embeddings from the input. Such neural network is run three times
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to extract the embeddings from the anchor, positive and negative example, and then
the triplet loss is computed using these three embeddings as shown in Equation 4-1. In
essence, the loss is zero when the distance between the anchor and the positive example
is smaller than the distance between the anchor and the negative example by at least the
margin α. Otherwise, it penalizes the model based on how much the margin is violated.

L(a,p,n) = max{d(ai ,pi )−d(ai ,ni ) +α,0}

where

d(xi ,yi ) = ∥xi −yi∥p

(4-1)

However, as shown in Figure 4.2, Future-Shot is different than regular triplet
learning in terms of architecture. Instead of running the neural network backbone three
times, it is run only once for the input. The embeddings of the positive and negative
examples instead come from an embedding layer, which is a matrix embeddings that allow
gradient descent to flow and adjust the embeddings according to the loss function. This
embedding layer contains one entry per known class and can later be updated to include
more classes. Once this architecture is trained, the model operates by computing a dot
product between the extracted embedding and the class embeddings matrix and taking the
class with a higher similarity score.

Figure 4.2: Architecture of Future-Shot. The input goes through a neural network back-
bone having a last linear layer of dimension E . In parallel, there is an embedding layer
with dimensions (C,E), C being the number of classes and E being the embedding di-
mension. The positive and negative class indices come from the triplet generated from the
dataset. The extracted embedding (anchor), the positive class embedding, and the negative
class embedding are passed to triplet margin loss.
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The labeled dataset is used to generate the triplets, providing anchors and
positives. For the negatives, a technique known as hard negative mining [36] is used.
It means that rather than choosing a random class as a negative example, the most
challenging one given the current state of the embeddings (it can be different between
different batches) is selected. Thus, in this case, it would be the nearest class to the input
in the latent space.

One of the most challenging parts of this work was the implementation of the
algorithm to mine the negative examples during training efficiently. A library called
PyTorch Metric Learning [72] was first considered. They have hard negative mining
implemented per batch (it does not take the whole dataset into account while finding
the negative) and Cross-Batch Memory for Embedding Learning [123]. However, this
library only supports a single entity type. Furthermore, the usage of an embedding layer
gives easy access to the whole class embeddings. So, the approach was to re-implement
this algorithm for the specific needs of this work (Algorithm 4.1). It is worth noting that
it was implemented using tensors to make it as efficient as possible. The source code
provides a PyTorch [80] implementation, and it should be straightforward to implement
in Tensorflow [67] and other frameworks.

Algorithm 4.1: Algorithm for Hard Negative Mining using tensors. The shape
of each tensor is added after each line as a comment, having B as batch size, E
as embedding dimension, and C as the number of classes. It is worth noting that
all the embeddings are L2 normalized.

Input:
class_indices (B,)
anchor_embeddings (B, C)
posit ive_embeddings (B, E)
Output: negative_embeddings (B, E)

all_class_indices← indices of all classes repeated by B
// (B, C)
negative_classes_mask ← matrix of True values for every class
// (B, C)
negative_classes_mask [:,class_indices]← False
// (B, C)
negative_class_indices← all_class_indices[negative_classes_mask ] reshaped
// (B, C-1)
negative_classes_embeddings← l2(class_embeddings[negative_class_indices])
// (B, C-1, E)
anchor_similar it ies← dot(anchor_embeddings,negative_classes_embeddings)
// (B, C-1)
hardest_negative_class_indices← argmax(anchor_similar it ies)
// (B,)
return negative_classes_embeddings[:,hardest_negative_class_indices]
// (B, E)



4.2 Case study 35

4.1.2 Few-shot learning

The proposed method can straightforwardly be adapted to do FSL. Since the
model learns to extract embeddings from inputs, one could add a new class by simply
extracting the embeddings of a small sample and taking the average to generate the new
class embedding. The new class can be added to the embedding layer without retraining
the model; from then on, the model can start classifying this new class. Section 5.1.2
shows the results of this approach.

4.2 Case study

The goal of this work is to handle high-dimensional classification problems,
especially the ones that one expects to have new classes appearing and need to deal with
cold-start. Retraining the whole model again whenever new classes become available can
be a huge burden, especially with models that might require special hardware and hours
or even days to be trained. For that reason, the author aims to do few-shot learning [51,
26, 25, 124], tackling new classes without retraining the model. For those reasons, the
main case study is lab-of-origin prediction (also known as GEA, as presented in Chapted
3.2), which has all those characteristics. This case study, the dataset used, and the models
are presented in the following Sections.

4.2.1 Dataset

This work’s approach is evaluated on a dataset from the Addgene repository [45],
comprised of all plasmids deposited in the Addgene repository up to July 27th, 2018 –
a total of 81,834 entries. The dataset includes a DNA sequence for each plasmid, along
with metadata on growth strain, growth temperature, copy number, host species, bacterial
resistance markers, and other selectable markers. Each of these categorical metadata fields
is encoded as a series of one-hot feature groups as of Table 4.1.

In addition to the sequence and the above metadata fields, the raw dataset also
contained unique sequence IDs and separate IDs designating the origin lab. Both sequence
and lab IDs were obfuscated through 1:1 replacement with random alphanumeric strings.
The number of plasmids deposited in the dataset by each lab was unbalanced, with many
labs depositing one or a few sequences. To deal with this problem, Alley et al. [2] grouped
labs with fewer than 10 data points into a single auxiliary category labeled "unknown
engineered". It reduced the number of categories from 3751 (the number of labs) to 1314
(1313 unique labs + unknown engineered). In addition to issues with labs with small
number of deposited plasmids, the dataset also contains "lineages" of plasmids (sequences
derived by modifying other sequences in the dataset). If unmitigated, this introduces
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Table 4.1: categorical metadata fields

Group Features
Growth strain growth_strain_ccdb_survival

growth_strain_dh10b
growth_strain_dh5alpha
growth_strain_neb_stable
growth_strain_other
growth_strain_stbl3
growth_strain_top10
growth_strain_xl1_blue

Growth temperature growth_temp_30
growth_temp_37
growth_temp_other

Copy number copy_number_high_copy
copy_number_low_copy
copy_number_unknown

Host species species_budding_yeast
species_fly
species_human
species_mouse
species_mustard_weed
species_nematode
species_other
species_rat
species_synthetic
species_zebrafish

Bacterial resistance bacterial_resistance_ampicillin
bacterial_resistance_chloramphenicol
bacterial_resistance_kanamycin
bacterial_resistance_other
bacterial_resistance_spectinomycin

Other selectable markers selectable_markers_blasticidin
selectable_markers_his3
selectable_markers_hygromycin
selectable_markers_leu2
selectable_markers_neomycin
selectable_markers_other
selectable_markers_puromycin
selectable_markers_trp1
selectable_markers_ura3
selectable_markers_zeocin
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unintended correlations between the test and validation set. To overcome this, Alley et al.
[2] inferred lineage networks among plasmids in the dataset based on information in the
complete Addgene database acknowledging sequence contributions from other entries.
Lineages were identified by searching for connected components within the network of
entry-to-entry acknowledgments in the Addgene database. Refer to Alley et al. [2] for
more details.

The data were partitioned into train, validation, and test sets following constraints
that (i) every lab-of-origin has at least three data points in the test set, and (ii) all plasmids
in a given lineage be assigned to a single dataset. Following the split, the training set
contained 63,017 entries (77.0%); the validation set contained 7,466 entries (9.1%); and
the test set contained 11,351 entries (13.9%). In order to evaluate the model’s performance
in this dataset, the test set was held out and the results were computed only once. This
methodology is standard in machine learning tasks to avoid biasing researchers during
the experiment. Therefore, the reported results refer to this hold-out set. The other tests
performed during the construction of this work were evaluated using the validation set.

While training all models, a 4-fold cross-validation strategy [34] is performed
for each experiment within the training set (63,017 entries). To be precise, for each
hyperparameter setting, the data is split into k parts (being k = 4), using one of them to
validate and the remaining to train, repeating this process k times. After that, each model
is evaluated by taking the mean metrics for that experiment. This approach helps to avoid
overfitting and improve generalization. It also enables one to ensemble the k models to
improve generalization.

4.2.1.1 Grouping sequences by their Levenshtein distance

Genetic sequences from the same lab display large degrees of similarity. These
sequences can make it easier to identify similar sequences in the training and validation
sets. However, when training a machine learning algorithm, this may be perceived as data
leakage between these sets [47], as the model does not need to learn to extract different
features to identify such sequences. To ameliorate this issue, a more robust model was
developed by grouping sequences from each lab based on their Levenshtein distance [7].
The Levenshtein formula used can be seen in equation 4-2.

leva,b(i , j) =



max(i , j) if min(i , j) = 0,

min


leva,b(i−1, j) + 1

leva,b(i , j−1) + 1

leva,b(i−1, j−1) + 1(ai ̸=bj )

otherwise.
(4-2)
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After grouping, each laboratory has N groups of sequences. The dataset is
then split, ensuring that there will be sequences from the same group only in train-
ing or validation, which means they will never be present in both sets simultane-
ously. This process is performed using Python and the python-Levenshtein library
(https://github.com/ztane/python-Levenshtein). This approach complements the lineage-
based strategy, which also avoids data leakage.

4.2.2 Models

Genetic sequences and phenotype information are inputs for the models. All
sequences are processed to demonstrate each plasmid’s characteristics better and improve
the model’s ability to identify patterns (Figure 4.3a). CNNs are used as the base model
for the two approaches (future-shot and regular classifier). In this model, convolutional
operations extract information in the sequence based on fixed kernel size. The models use
convolutional structures with different kernel sizes in parallel, simulating the observation
of sequences by pieces of different sizes. The information extracted by each structure
is aggregated and added to the phenotype information and then assigned to one of the
laboratories (Figure 4.3b).

The difference between the two approaches (regular classifier vs future-shot) is
the training and output of the model. The standard approach treats the genetic attribution
problem as a classification problem. A softmax layer is applied to determine the prob-
ability that the sequence belongs to each laboratory. On the other hand, the future-shot
approach determines how far the features’ representation of a new sequence is from the
sequences cluster of a laboratory in the base. Smaller distances indicate more significant
similarities between the features of a sequence and a lab-of-origin (Figure 4.3c).

Before training, all sequences from a given laboratory are grouped according to
their Levenshtein distances. Sequences from the same group are not used in training and
validation simultaneously, ensuring that sequences too similar do not cause leakage in
training and overfit the model (Figure 4.3d). DNA sequences are compressed by the Byte
Pair Encoding (BPE) algorithm [28] (more details in Section 4.2.2.1). It works by look-
ing for common patterns in the sequence and unifying them into tokens, increasing the
vocabulary while reducing the sequences’ size (Figure 4.3e). Since plasmids are circular
sequences, one can randomly shift the starting point of the sequence, increasing the num-
ber of training data (more details in Section 4.2.2.2). This method is performed "online"
during sequence loading and network entry preparation. After all these processing steps,
the sequence size is limited to 1000 characters to optimize the algorithm’s training time
and convergence capability (Figure 4.3f).
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Figure 4.3: (a) Processing of the input. (b) CNN architecture used for both future-
shot and regular classifier models. (c) The last layer of the regular classifier model has
a softmax activation function, while the future-shot model learns the embeddings. (d)
Process applied to group together similar sequences to avoid data leakage. (e) Byte Pair
Encoding is used to reduce the sequence length and increase the vocabulary. (f) Circular
Shift Augmentation is used to make the model shift invariant. (g) Results on the test set.
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4.2.2.1 Byte pair encoding (BPE)

A commonly used method for encoding DNA sequences is the one-hot encoding
scheme [65, 13]. However, following recent advances in engineered plasmid attribution,
it is not worth to use the one-hot method to encode the sequence as it only encodes at the
character level (nucleotides) and does not provide combination information. To confirm
this hypothesis, experiments were performed changing the encoding technique between
BPE and a one-hot encoding scheme with the same model, limiting the encoded sequence
length. For the one-hot encoding scheme, 4000 characters were used as a limit, as this
method does not tokenize characters and has worse results with lower limits. Section
5.1.1 shows the difference in results when using BPE and one-hot encoding. Using BPE
is essential for better accuracy and enables a faster training time.

Further, to decrease the model’s complexity, the sequence was limited to to
1000 tokens. As plasmids are usually extensive sequences, they can cause difficulties
in model convergence and considerably increase training and inference time. To avoid
these problems and find a good trade-off between limiting the sequence and not losing
so much information, experiments were performed limiting the sequence to different
lengths. It was found that limiting the sequence to 1000 tokens after applying BPE reduces
the computational cost and improves results. The tests are shown in Section 5.1.1. The
disadvantage is evident in the result and performance of the one-hot encoding scheme.
This method does not allow one to limit the sequence, considerably increasing the training
time, causing complexity in pattern recognition, and leading to lower accuracy. Although
all experiments were performed with the triplet learning model, one can expect similar
results for softmax since the issue is in the sequence’s pre-processing.

4.2.2.2 Circular data augmentation

Machine learning models, especially deep learning models, are highly dependent
on large amounts of data. One of the fundamental methods for adding variance to those
models, increasing generalizability and reducing overfitting [12] is data augmentation
[68]. Generally, data augmentation performs transformations on the sample, changing
some characteristics. In this work, performing such transformations can be dangerous as
it may modify some essential parts to assign the sequence to a lab-of-origin. However,
it is possible to take advantage of the fact that plasmids are circular and create a circular
shift data augmentation process. It contrasts with a reverse complement augmentation one
might use. During training, one can show different versions of the same DNA sequence by
shifting it circularly, as shown in Figure 4.3f. This approach helps the model understand
that the same pattern can happen at different positions within the sequence, increasing the
generalizability of the training.
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Test time augmentation [70] was also performed to help improving the model’s
prediction capability. To perform this analysis, the model runs multiple times during
inference. In tests performed, the model ran 10 times with different shifts. Each time the
model sees a shifted version of the sequence and makes a prediction of the same example
seen from different angles. The average of the output is taken as the final output (class
probabilities for the classifier and embeddings for the proposed method).

4.2.2.3 CNN base architecture and training details

Both models are composed of a shallow convolutional neural network (CNN)
with multiple kernels of different sizes, as proposed by Kim [48]. Figure 4.4 shows an
example extracted from their paper for natural language. The idea of this architecture is
that the model will learn multiple filters to extract features in an n-gram fashion. The
conducted experiments used kernels with sizes from 2 to 12 to cover multiple lengths
of sub-sequences that the model can recognize. It is worth noting that it is applied to
the tokenized sequences, which already have multiple sub-sequences grouped into tokens
by BPE. Compared to a deep CNN, this architecture cannot recombine the features in
further layers but has fewer parameters to learn and a lower complexity, which helps to
avoid overfitting. Compared to recurrent neural networks (RNN), this architecture can
more easily deal with large sequences without worrying about vanishing gradients while
having a much better computational performance. Transformers would also be an option,
but they perform the best when pre-trained with a massive amount of data in a given
domain.

Figure 4.4: Text CNN model architecture with two channels for an example sentence.
Figure extracted from [48].

This CNN extracts features from the sequence and concatenates them with
the binary features provided in the dataset. The difference between the classification
and triplet network models is in the final layers. The final base structure comprises an
embedding layer, several convolutional layers in parallel with different kernel sizes, and a
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custom dropout layer for regularization. The embedding layer has the shape of 1001x200,
where 1001 is the vocabulary size, and 200 is the vector embedding dimension found
empirically through hyperparameter optimization. Its purpose is to map each token into
a 200-dimensional vector containing the features representation of that token [134]. For
the convolutional layers, there is a total of 12 layers in parallel, where the first layer has
kernel size 1, the second has kernel size 2 and it goes like this until the last layer has kernel
size 12. A SeLU activation function [50] is applied to all convolutional layers followed
by a max pooling operation. The features extracted by each of them are concatenated,
obtaining the final representation with different windowing of the sequence. A custom
Dropout Layer was also implemented. A standard Dropout Layer [107] randomly masks
out parts of a tensor to regularize the neural network. However, the output would be
too unstable if one did that on the embeddings before applying a similarity function.
So, a layer that randomly masks out the same parts of all the embeddings involved
before applying the similarity function was created. This approach was instrumental in
regularizing the model.

The entire architecture and training of the models were developed using Python
and Pytorch [80]. Although the training methodology differs between the two approaches,
all the training details, such as optimizer, learning rate scheduler, and regularization tech-
niques, remain the same. Adam [49] optimizer together with the One Cycle learning rate
scheduler [101] were used. This scheduler was essential to achieve a better convergence
in training, and its settings were a maximum learning rate of 1e−3 and cycle execution in
200 epochs. To regularize the model and prevent overfitting, a weight decay of 1e−5 was
the best during training while the dropout rate was 20% with the custom dropout layer.
Both models were trained using early stopping [31]. Early stopping is a technique used
in machine learning to halt the training process of a model when its performance on a
validation set starts to degrade, preventing overfitting. To find the best hyperparameters,
multiple experiments were run using Bayesian optimization [103]. Bayesian optimization
is a sequential model-based optimization technique that efficiently selects hyperparam-
eters for machine learning algorithms by building a probabilistic model of the objective
function and iteratively choosing parameter settings to maximize its expected improve-
ment.

4.2.2.4 Cosine similarity

Cosine similarity was used as the metric to measure how similar the vectors
were in the embeddings. Mathematically, it measures the cosine of the angle between two
vectors projected in a multi-dimensional space, resulting in a value inside the range of
-1 and 1, where -1 indicates opposite vectors and 1 indicates equal vectors. Given two
non-zeros vectors of embeddings, A and B, with n dimensions the cosine similarity is:
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similarity = cos(θ) =
A ·B
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(4-3)

Given the embedding extracted from a DNA sequence and the embedding of
each lab, one can use cosine similarity to rank them from most similar to most dissimilar,
picking the most similar to classify the sequence.

4.2.2.5 Interpreting the model

To visualize the mapped features of both models, two different approaches were
taken since they are different models. First, all sequences from the validation set were
inferred with the triplet network model, obtaining their embeddings. These embeddings
were 200-dimensional, and they were reduced to 2 dimensions using t-SNE in scikit-
learn project [81] with default parameters. For the classification model, the activations
of the last hidden layer that maps features from all convolutional layers were extracted,
before concatenating those features with the extra inputs (sequence metadata) and passing
through the last layer which outputs logits. These hidden features were 3072-dimensional,
reduced to 2 dimensions in the same way as embeddings. The visualization was prepared
using matplotlib [44] and colored each point by the corresponding lab.

To analyze the influence of perturbations on model prediction, a specific plasmid
was taken from the validation set and its sequence was randomly perturbated. As the
process is random, ten experiments were performed for each number of mutations,
ranging from 0 to 1000. To make these mutations, a random integer function was used to
select the specific position to be changed and a random choice operation was performed
to choose one of the five possible bases in the sequence (N, G, C, T, A). For each of the
10,100 runs, the position of the correct laboratory was taken in the model’s prediction
ranking. The results are shown in Section 5.1.4.

To determine which tokens are the most important within a sequence, a method-
ology similar to integrated gradients [109] was used. The integrated gradient is an inter-
pretability technique for deep neural networks that finds the input features that contribute
the most to the model prediction. First, gradients between model predictions with respect
to the sequence embedding layer are computed, getting a matrix of gradients in the shape
of 1001x200 (number of tokens x embedding dimension). Each gradient measures the
relationship between the embedding weight and the output. For last, the absolute value
element-wise is calculated and summed up in the second axis, generating a final vector of
1001 positions containing the summed importance of each token.
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token_importancei (x) =
200

∑
k=1
∥∂F (x)
∂xik

∥× 1
200

(4-4)

where:
F () = model’s prediction function
∂F
∂xik

= gradient of model F’s prediction function relative to each embedding
feature xik

i = number of token
k = embedidng dimension position
After generating the token importance of each sequence in the validation set, the

token importance of each laboratory was taken by averaging the token importance of all
sequences from that laboratory. The visualization was prepared using matplotlib, and to
better present the figure, the token importance values were normalized between 0 and 1,
generating the Normalized Token Importance (NTI). To compare the NTI of a specific
lab with a lab far from it, one can compute the cosine similarity between the analyzed lab
embedding and all other lab embeddings by performing a dot product. The lowest value
indicates the least similar laboratory.

4.3 Library and extra benchmark

To further highlight that the method developed in this thesis can be applied to
other problems, an easy-to-use library was created. Such a library allows other researchers
to apply the method to any classification problem and evaluate the results with the
minimum code required. The library was then applied to an extra benchmark with a well-
known dataset. Something similar to what was done in the case study was applied: training
a regular classifier and future-shot model mainly using the same architecture, fine-tuning
them, and comparing the results. However, the analysis was not as deep as the case study,
as the idea was just to prove that the future-shot model can reach similar accuracy while
allowing to tackle new classes with FSL.

4.3.1 Library

The library developed in this thesis is available at https://github.com/fernandocamargoai/future-
shot. It is a Python library, designed around PyTorch [80] for the Deep Learning models,
HuggingFace Datasets [59] to manage the loading and preprocessing of datasets, and
PyTorch Lightning [24] to manage the training logic.

It is designed in a way that the user only needs to make a HuggingFace Dataset
available (most well-known datasets are available through the HuggingFace Hub), possi-
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bly implement a preprocessing function (following the API), implement a PyTorch model
that outputs an embedding, and write a configuration file in YAML format [82] to put it
all together. The whole training and evaluation of the regular classifier and the future-shot
model are already implemented and readily available through command line commands.
For further usage information, refer to the library documentation.

4.3.2 Dataset

Banking77 dataset [10] was chosen for the extra benchmark. It comprises 13,083
customer service queries labeled with 77 intents. It doesn’t have as many labels as the case
study, but it should be enough to demonstrate how the method can deal with new labels.

The dataset is already split between 10,003 examples for training and 3,080
examples for testing. The training set was further split into 8,002 examples for training
and 2,001 for validation. The models are fine-tuned with the accuracy of the validation
set and only the best model is evaluated with the test set to avoid data leakage in the
fine-tuning.

4.3.3 Model

For the models, a pre-trained Sentence-BERT [86] (paraphrase-mpnet-base-v2)
is used to extract embeddings (768 dimensions) from each document. It then goes through
a Softmax layer in the regular classifier model while it’s used directly in the future-shot
model. This model was pre-trained to extract embeddings from sentences, which makes it
perfect for tackling this problem. After training, the model is able to extract embeddings
from customer service queries in a way that they can be grouped together according to
their labels. The model also learns embeddings for each label and allows us to do few-shot
learning.



CHAPTER 5
Results

5.1 Case study results

5.1.1 Classification

Future-shot model alongside the proposed training methodology improves the
current state-of-the-art for attributing the lab-of-origin of an engineered DNA sequence,
achieving 75.8% accuracy and 90.39% top-10 accuracy in a test set of 18,817 entries.
For the classic approach of a classification model that predicts the input sequence’s
probability from any of the possible labs seen during training, this methodology surpasses
all previous methods reaching 76.33% accuracy and 89.36% top-10 accuracy. These
methods represent a 4− 5 absolute percentage improvement in performance over the
current state-of-the-art in terms of top-10 accuracy1. At the same time, the future-shot
approach improves over a simple softmax-based method using similar CNN architecture
by 1 percentage point. Table 5.1 displays all the metrics.

Table 5.1: Accuracy and top-10 accuracy for previous works (different test sets) and both
models. The hold-out set results were only computed after finding the best model using
the validation set to avoid bias. This table also shows the results when not using the
"unknown engineered" (UNK) category.

Model Val Top-1 acc Val Top-10 acc Hold-out Top-1 acc Hold-out Top-10 acc All Top-1 acc All-Top-10 acc

Nielsen and Voigt [76] - - 48.0 70.0 - -
deteRNNt [1] - - - 84.7 - -
BLAST [3] - - - 76.9 - -

PlasmidHawk [122] - - 75.8 85.0 - -
Future-Shot 78.15 91.88 74.23 90.39 75.78 91.21

Softmax 78.60 91.06 74.84 89.41 76.33 90.1
Future-Shot (no UNK) 82.36 92.04 78.24 90.44 79.82 91.05

Softmax (no UNK) 80.37 88.25 75.76 87.44 77.52 88.25

To further expand the results and understand the effects of different hyperparam-
eters, Table 5.2 shows the difference in results when using BPE and ohe. In contrast, Table

1Worth noting that past studies might have different test sets, as the exact snapshot and split of the
dataset is not available for previous studies.
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5.3 shows the effects of the different sequence limits that were tried.

Table 5.2: Comparison between BPE and OHE. Accuracy and top-10 accuracy on the
validation set, hold-out set, and the whole test set for the future-shot model using BPE
and OHE.

Model Val Top-1 acc Val Top-10 acc Hold-out Top-1 acc Hold-out Top-10 acc All Top-1 acc All Top-10 acc

Future-Shot w/ BPE 78.15 91.88 74.23 90.39 75.78 91.21
Future-Shot w/ OHE 57.13 80.53 51.90 77.62 53.98 78.77

Table 5.3: Effect of limiting sequence size in both encoding methods. Results on the hold-
out set, training time, and inference time for different encoding schemes and sequence
size.

Encoding Seq Limit Size Hold-out Top 1 acc Hold-out Top 10 acc Training time Iterations per second

BPE 500 70.39 88.97 11h45min27s 20.16
BPE 1000 74.23 90.39 15h14min35s 13.28
BPE 2000 69.00 86.76 18h22min35s 8.65
BPE 3000 69.20 86.82 21h18min51s 6.68
BPE 4000 68.56 86.70 1D0h16min58s 6.06

One-hot 1000 35.57 64.05 1D14h24min28s 4.73
One-hot 4000 51.90 77.62 3D03h31min40s 2.19

The differences in training and inference time between the softmax and future-
shot models were also compared (Table 5.4). As one might expect, the softmax model has
more iterations per second due to the lower complexity of calculating the loss function.
The big difference appears in the total training time, showing that this model converges
faster and therefore requires fewer training epochs when compared to the future-shot
model. As GEA is generally an investigation process, the difference in inference time
between the two models is not substantial. In conclusion, the future-shot model is more
expensive to train and slower in production, but it is worth mentioning that it does not
need any retraining to deal with new classes as the softmax counterpart.

Table 5.4: Training and inference time for future-shot model and softmax model.

Model Training time Iterations per second Sequences per second (inference)

Softmax 5h10min55s 14.94 25.39
Future-Shot 15h14min35s 13.28 11.48

5.1.2 Few-shot learning

To test the proposed approach’s ability to perform FSL, the following experiment
was undertaken. The proposed method was trained 100 times, each time with 50 different
labs being left out (all of their plasmids removed from the training set). For each lab that
was left out, a random sample of N plasmids was picked to generate the embeddings
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representing that lab. All remaining plasmids were used to evaluate the model. In the
extreme case (also known as one-shot learning), a single plasmid was used to represent
each lab and test with all the others. It is worth noting that the number of plasmids per lab
varies a lot. There are labs in which 10% will be one or two, while in others, there will be
hundreds of examples. For reference, the mean and standard deviation of each percentage
are as follows: 10% (5 +- 18), 20% (9 +- 35), 30% (13 +- 53), 40% (17 +- 71), 50% (22 +-
88), 60% (26 +- 106), 70% (31 +- 124), 80% (35 +- 142), 90% (39 +- 159). Figure 5.1(a)
shows the metrics’ mean and standard deviation of the model’s capability with different
sample sizes used to represent each lab. As expected, the larger the sample, the greater
the top-10 accuracy. However, there are diminishing returns as one increases the sample
size. It shows that, in general, only a few representative examples are needed for high-
accuracy predictions. This approach obtains better top-10 accuracy than the previously
published CNN approach of Nielsen and Voigt [76] while only using 10% of the training
data without requiring the retraining of the model.

Figure 5.1(b) and Table 5.5 show the rank of the lab-of-origin when taking a
single plasmid to represent each lab. As can be seen, in most cases (79%), a single plasmid
is enough to rank it at least in the top 100 (given the labs in the dataset). It is worth noting
that the median (50% of the cases) ranked position was fifth. The variance can be high
because their chosen plasmid may not represent the lab well. One can also observe that
to make sure the actual lab is within the selected sample with a probability of 0.9, it
is necessary to include around 685 labs. In other words, an analyst can rule out around
50% of the labs as the origin with the confidence of 90% when only a single plasmid is
available for that lab. Furthermore, it demonstrates that if an analyst can pick a single
representative plasmid of a lab using domain knowledge, this approach has an excellent
chance to attribute an unknown plasmid to that lab without needing to retrain the model.

Table 5.5: Position of the correct lab-of-origin using one-shot learning. Considering the
experiments in which a single plasmid was picked to represent each lab, this Table shows
the ranked position of the lab for each percentage of the cases. For example, 50% of the
time, the lab-of-origin was ranked 7th or lower. It is worth noting that a random plasmid
for each lab was picked, and this experiment is run multiple times. If an analyst could
select a plasmid that they believe represents the lab well, one could expect an even better
performance.

Quantile Ranked Position
50% 7 (top 0.4%)
60% 17 (top 1.2%)
70% 37 (top 2.7%)
80% 180 (top 13.6%)
90% 685 (top 52%)

So far, all the work on GEA ignores labs with few samples, grouping them into a
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Figure 5.1: FSL results. (a) Each bar shows the mean and standard deviation of Top 10
Accuracy across all the FSL experiments (1,000 runs). The first bar (Single) is the extreme
case where a single plasmid is picked to represent the lab. The rest of them refer to picking
a percentage of the plasmids to represent the lab and using the rest to evaluate. Lastly, the
dashed line refers to the Top 10 Accuracy when retraining the model. (b) The histogram
presents the ranked position of the lab-of-origin when using a single plasmid to represent
it.

single class called "unknown engineered". It was thus decided to examine this meta-class
using the FSL approach. Figure 5.2 shows the extreme case of applying FSL to those
rarest labs. Those labs (2-10 plasmids) were removed from the training data and then had
the model evaluated on them with FSL. One can observe a marked drop in performance
when examining these classes. However, it was expected given the small amount of data
used for prediction in FSL (1 to 9 plasmids) and the vast number of available classes that
can predicted.

5.1.3 Clustering

Clustering is one common application that can provide insights into the relation-
ship of different plasmids and labs[46, 129, 77]. Many labs will share information about
design techniques, have been mentored or trained in another lab, or directly collaborate.
However, those relationships and similarities are not always known to us. Even though
these similarities are not directly apparent through labs’ embeddings, one can also exam-
ine which plasmid sequences of a particular lab are more similar to those of other labs if
necessary. Once embeddings are obtained, one can apply any of the well-known clustering
techniques. Figures 5.3, 5.4, 5.5, and 5.6 showcase common clustering techniques that an
analyst could apply to the labs. It is possible due to the future-shot approach, which was
not part of any previous work. Figure 5.3 shows the application of the well-known Elbow
Method [111] to find a good number of clusters while avoiding overfitting. It works by
plotting the explained variation by the number of clusters and picking the elbow of the
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Figure 5.2: FSL Top-10 Accuracy for unknown labs (between 2 and 10 plasmids). Same
structure of Figure 5.1 but applied only to the labs that were initially grouped for having
too few plasmids (between 2 and 10). 1,000 runs were done to compute the mean and
standard deviation.

curve. As can be seen, one could group the labs within various numbers of clusters, but
17 seems to be the optimal number (with a slight margin), which is why this number is
used in both Figures 5.5 and 5.6. Figure 5.6 demonstrates a vector relationship between
the laboratories, making it possible to group them to create a hierarchy using Agglom-
erative Clustering [132] (Figure 5.4) and reduce the search space. It is worth noting that
an analyst would apply these techniques with a specific goal in mind, like studying the
relationship of a target lab with others. For example, these clusters may link researchers
geographically or collaboratively, which may help genetic forensics identify groups of
labs even if a single lab is not identifiable.
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Figure 5.3: Distortion Score Elbow for KMeans Clustering.

5.1.4 Interpretability and robustness

Interpreting deep learning models gives one valuable information, such as un-
derstanding how the model works and the relative importance of features within the data.
It can also reveal why some approaches work better than others, and this can be used to
improve the model further. However, interpretation techniques for deep learning are still
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Figure 5.4: Hierarchical Clustering Dendrogram (4 levels).
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Figure 5.5: Labs by cluster (17 clusters). Using the optimal number of 17 clusters (given
by the Elbow Method), the number of labs per cluster is obtained. The clusters are
generally very similar in size, but some substantially differ from the average.
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Figure 5.6: Embeddings analysis. Shows the labs (using the same number given by Elbow
Method) in a 2D space (x and y coordinates) after compressing information using t-SNE
[38]. The colors represent their clusters.
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naive and are an area of active research [11, 22]. In this work, the focus was on under-
standing the differences between the future-shot and a conventional classification model,
how robust the proposed model is when performing point mutation, and, most importantly,
which tokens (parts of the sequence) are critical for identifying a lab.

One can start by visualizing the differences between the space of features
mapped between the two models. For the future-shot model, this space is the sequence
embeddings. While for the softmax model, the output of the 3072-dimensional last
hidden layer is taken. This layer is the concatenation between all convolutional layers
and contains all the features used by the model. The two multi-dimensional vectors are
reduced to 2D space using T-distributed Stochastic Neighbor Embedding (t-SNE) [66]. As
mentioned in Alley et al. [1], the model is more accurate when the plasmid features are
more separable in the latent (unobserved) space. Figure 5.7(a) shows that the future-shot
model has better-defined clusters. It is noticeable that the DNA sequences group together
very well with their lab-of-origin. Some labs display very similar DNA sequences, while
others are dispersed. It showcases the differences between large and small labs. Figure
5.7(b) shows the clustering with the softmax model. Although clusters can be seen in this
feature map, they are not as well defined as in the future-shot model.

(a) t-SNE 2D visualization for Future-Shot (b) t-SNE 2D visualization for Softmax

Figure 5.7: Clustering and effect of point mutations. (a) Each circle represents a DNA
sequence, with its color highlighting its lab-of-origin. Each plus sign represents a lab.
They are projected from 200D to 2D using t-SNE for presentation purposes. (b) t-SNE
visualization of the 3072D last hidden layer of the softmax model.

Then a deeper analysis of both models’ predictions was performed, where it was
possible to see similarities and differences between the results presented. In general, the
future-shot model and the softmax model present an intersection of 94% in the results,
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in which 16,481 plasmids of 18,816 have the lab-of-origin correctly positioned in the
top-10. On the other hand, the two models mispredicted 1,222 plasmids. The future-shot
model correctly ranks 637 plasmids that the softmax model could not, and the opposite
happens for 476 samples. Figure 5.8 presents the t-SNE of the test set plasmids labeled
when they were correctly or wrongly predicted by both models. It is easy to see that most
mispredicted plasmids are placed in the center of the figure, where it does not have well-
defined clusters. It is also in that region where more samples are correctly predicted by
future-shot only, indicating that this method works better for plasmids with no prominent
features.

Figure 5.8: t-SNE 2D visualization of predictions. Each point (plasmid) is labeled as one
of the following: correctly predicted by both models, wrongly predicted by both models,
correctly predicted by the future-shot model, or correctly predicted by the softmax model.
The future-shot model’s embeddings are used for visualization as they create better-
defined clusters.

It is also essential to understand the robustness of the model, as small changes in
plasmids can frequently occur. For that reason, random point mutations were performed
in the sequence from a lab and the ranking of the correct lab generated by the model was
reported. Figure 5.9 shows the mean and median of correct positions after ten runs for
each number of point mutations (from 0 to 1000 points). It was found that virtually all
runs with up to 1000 mutations predicted the correct lab within the top 10 guesses. By
increasing the number of mutations, the average runs become unstable, with the average
position being higher for all cases above 400 mutations. However, if one examines the
median, even with 800 mutations, the median rank for the correct lab remains within
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the top 10. It indicates that the proposed model is robust to most sequence perturbations,
excluding cases where these mutations affect essential features for the model’s prediction.

0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900 950 1000
Number of Mutations

0
10
20
30
40
50
60
70
80
90

100
110
120
130
140
150
160
170
180
190
200
210
220

Ra
nk

ed
 P

os
iti

on

Median
Mean

Figure 5.9: Mean and median of 100 runs of the position of the correct lab in the model
prediction ranking is shown, with the number of mutations ranging from 1 to 1000.

All sequences were analyzed to discover the importance of each plasmid feature
to the model output. Unlike perturbation analysis in each sequence, it was used more
recent methods that generated better insights into the interpretation of the model. The
method is based on integrated gradients [109]. The idea is to compute the gradient of the
model’s output relative to the embedding token layer. It makes it possible to visualize
the importance of each token for the model’s prediction. After calculating the integrated
gradient for all sequences, one obtains the token importance of each lab by averaging all
sequences in that lab. The same process can be performed with all sequences to get the
most seen tokens in the dataset.

As can seen from Figure 5.10, some tokens appear to be shared by all labs. When
generating the token importance of a lab, one can subtract it from the most seen tokens
in the dataset to obtain relative importance. It allows one to examine those tokens and
those not to be expected for a particular lab. Furthermore, the token importance of one lab
can be compared with the most distant lab in the embedded space. The graphs of token
importance from the two labs are essentially mirrored, indicating that tokens are pretty
different in each case. Figures 5.10, 5.11, 5.12, and 5.13 shows these analyses, where
Normalized Token Importance (NTI) is plotted as a function of the token in the left-hand
column. The sequences with the most significant token importance are highlighted in the
right-hand column.

This work further explored this model by looking at the token importance for
David Root’s lab (Figure 5.11). This analysis shows a typical cluster of sequences from
this lab, allowing us to identify the potential design signatures. Furthermore, this lab is the
furthest lab from the "unknown engineered" category. This class is a mixture of possible
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labs and has poorly defined features. The fact that David Root’s lab is the most different
from this class suggests it has well-defined and perhaps highly unique design choices.
Figure 5.12 shows the difference between this lab and all labs. It can be noted that for
the "unknown engineered" class the scale for the normalized token importance is shallow,
and the color gradient is mostly red (see Figure 5.13). It demonstrates that there is not a
clear design choice or discriminating feature of this category, which is to be expected as
it is a mixture of many possible labs (see methods). This analysis could be repeated for
any of the labs in the dataset to identify key signatures or potential collaborations based
on token proximity.

Figure 5.10: NTI for all labs obtained by averaging the token importance of all sequences
and normalizing them between 0 and 1. Under the graph, a bar with a color map goes
from black to white. The lighter the bar, the higher the NTI value at that point. On the
right are the top 30 tokens for all data.

Figure 5.11: The normalized token importance for David Root’s lab shows that it has
similar tokens to all labs in the TOKEN ID range between 600 and 700, but in some other
regions it differs a lot.

The use of integrated gradients for a single sequence is examined next. One of
the primary goals of GEA approaches is to examine plasmids with unknown origins
and be able to extract valuable sequence information, leading to correct assignment
or further importation avenues to explore. Figure 5.14 shows that one can obtain the
importance of each token within an unknown sequence with the proposed approach. When
comparing the sequence token importance with the lab predicted by the model, it is visible
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Figure 5.12: Difference between the token importance of David Root’s lab and all labs.
This graph highlights which tokens make a difference for this particular lab, considering
the presence or absence of a token compared to other labs. On the right are the tokens that
should be observed when analyzing this lab.

Figure 5.13: The token importance of the furthest lab to David Root’s lab in the embed-
ding space. The NTI values of the two laboratories are practically mirrored, indicating
that these two laboratories have opposite characteristics.

a concordant behavior in the plots, demonstrating similarity in the highlighted features.
It allows one to examine the sequence features the model uses for prediction and hence
allows secondary expert evaluation of the veracity of the prediction.

Lastly, the NTI for the custom sequence designed by Alley et al was gen-
erated. [1]. This sequence combines a plasmid designed in the Omar Akbari lab
(AAEL010097-Cas9, Addgene #100707 (https://www.addgene.org/100707/)) and
another plasmid from Edward Boyden’s Lab (pAAV-Syn-SomArchon, Addgene
#126941(https://www.addgene.org/126941/)). In the analysis by Alley et al. [1], their
model was uncertain how to classify this plasmid and assigned it to the category "un-
known engineered". They then applied the scanning K-mer analysis to find part of the
sequences that increase the probability of predicting that sequence as designed by one of
the laboratories, obtaining probability peaks in parts associated with the plasmids used
from each laboratory. However, their method showed a low probability of prediction for
Omar Akbari lab (3%) and Boyden lab (0.3%), with superior analysis only possible when
the ground-truth label is available.
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Figure 5.14: Plasmid features’ importance of unknown sequences. (a) NTI for an un-
known sequence. (b) The NTI for Bernard Moss’s lab, which was assigned the sequence
author by the future-shot model. (c) Comparison between tokens highlighted for the se-
quence and important tokens from the predicted lab. The red line represents the sequence.
The first bar under the graph represents the laboratory, while the second represents the se-
quence. (d) The difference between the NTI of the sequence and the NTI of the predicted
laboratory.

That same sequence was predicted using the future-shot model, which returned
Akbari Lab (top1) as the closest to the sequence followed by Boyden Lab(top2), showing
that this model successfully recognized the characteristics of both labs. The NTI analysis
(Figure 5.15) shows that this sequence has similar token importance to the two analyzed
labs. It was found that the sequence with the greatest NTI is derived from the end of
the plasmid sequence located in the Ori region of the plasmid; this portion was from the
Akbari lab. However, the approach of Alley et al. [1] gives a greater predicted probability
of this region to the Boyden lab suggesting this helped the future-shot approach better
discriminate this plasmid’s lab-of-origin.

It is important to note that using the NTI interpretation method does not depend
on having the ground-truth label of the sequence, being the importance defined through
the weights of the already trained neural network. However, the proposed method is
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Figure 5.15: NTI for custom sequence designed by [1] and its closest two labs. (a) NTI for
the custom sequence. (b) Top 30 most important tokens. (c) Comparison between tokens
highlighted for the sequence and important tokens from the predicted Omar Akbari lab.
(d) Comparison between tokens highlighted for the sequence and important tokens from
the top2 predicted Edward Boyden lab.

directly linked to the tokens generated by the BPE since it gives importance to each
grouping of characters. This grouping is optimized for natural language processing tasks
but does not necessarily have a biological meaning.

5.2 Extra benchmark results

Unlike the case study, which was evaluated using top-10 accuracy, the metric for
this benchmark was top-1 accuracy instead. This makes it more challenging for the model,
as the correct label needs to be top-1 in terms of ranking by distance in the embedding
space. Another difference is that the evaluation of this model was not as thorough as the
case study. Instead, only the accuracy of both models is evaluated and then the few-shot
learning evaluation is done for the future-shot model. The same process as presented in
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Section 5.1.2 is followed here.
Table 5.6 shows the results of both models on the validation set and hold-out

set. The hold-out set results were only computed after finding the best model using the
validation set to avoid bias. As can be seen, the softmax model is slightly more accurate
than the future-shot one (less than 3% better on the hold-out). Since better accuracy is not
the goal of the proposed model, but instead to unlock the extra capabilities (eg. few-shot
learning, clustering, and so on) instead, this small difference is not important.

Table 5.6: Accuracy on the validation set and hold-out set for both models.

Model Val acc Hold-out acc
Future-Shot 93.4 93.21

Softmax 93.45 93.47

Figure 5.16 shows the results of the few-shot learning experiments. Similar to
what was found in the case study, it is noticeable how the accuracy improves as more data
points are used to generate the embeddings. Unlike the case study, though, we see better
results with less data while there are more diminishing returns as more data is used. An
accuracy of 87.15% is reached using a single data point, which is a great result. Using
10% of the data points delivers 88.8% of accuracy and increasing it to 90% delivers
89.17. Those values are naturally lower than fully retraining the model (93.21%) but
are sufficiently strong results to justify deploying such a model. Whenever a new class
would be created, the model could start classifying it with a single example. A complete
retraining of the model could later be done as more data points become available.
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Figure 5.16: FSL Accuracy on Banking77 dataset.

Those results showcase that future-shot can be applied to other datasets in which
one expects a growing number of classes. Since the method has been easily packaged into
a Python library, one can easily apply it and check the results.
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5.3 Final considerations

Metric learning is quite common in other areas, such as recommendation systems
[42, 130], but has not been applied to genetic engineering attribution before. This
methodology improved the accuracy compared to a softmax model, reaching 90.4% top-
10 accuracy, a 5.4% improvement compared to the former state-of-the-art. Furthermore,
it has several advantages, such as creating vector representations of labs, comparing and
clustering DNA sequences and labs-of-origin, and examining design style and robustness
to unseen labs.

Another advantage is dealing with a sequence from an unknown lab. A regular
classifier model does not usually know how to handle such uncertainty. Typically, it
spreads probabilities for each lab, always summing up to 1.0. Hence, it always assigns
any plasmid sequence to one of the known labs. Meanwhile, one can check the distance
from this sequence to the known labs’ embeddings and decide if it is from an unknown
one if it surpasses a threshold.

This work’s successful use of the metric learning approach can also support
future applications in other DNA data-based computational problems. Furthermore, the
few-shot learning results allow the possibility of identifying new laboratories with few
samples and even just a single genetic sequence. There is a trade-off between sample
quantity and model accuracy, but the author believes such a methodology could be helpful
in extreme cases. Finally, these embeddings are feature-rich, which means one can use
them as input for other machine learning models, tackling other problems. For example,
one can extract the defining signatures for labs and compare them to others using this
approach.

Although it was presented a state-of-the-art classifier and a training method-
ology with interpretability, the approach has shortcomings. Accuracy has room for im-
provement, and the author believes future work should delve into more modern NLP ap-
proaches. It could include using more advanced machine learning architectures, other
pre-processing methods, and data augmentation techniques leading to better convergence
and algorithm training. One future work direction would be to adapt the model for diploid
features [30]. The author also believes that techniques like Transformers [116] and Graph
Convolutional Networks [92] would be good candidates for this task since patterns inside
the sequence can be considered contextualized, for which Transformers generally show
good performance [116].

Deep learning approaches rely on large amounts of high-quality data. The FSL
approach was designed to handle laboratories with few samples, generally classified as
"unknown engineered". However, neither the data nor the evaluation methods for GEA
are concise between different works. To better track advances in the area, future work
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from the biotechnology community should focus on creating more robust datasets with
a specific test set for evaluation, similar to what can be seen in computer vision [61,
19, 4, 53] and natural language processing [84, 117, 128, 131] tasks. It will increase the
reliability of the results and prevent accidental misreporting.

The interpretation method using integrated gradients highlights essential tokens
within the sequence in the model view. It was shown that the method presented does
not depend on the ground-truth label, needs only one execution for the entire sequence,
and can help specialists in further investigations. However, the tokens generated by
BPE are purely analyzed from the perspective of pattern recognition in natural language
processing, and they may not have biological representation. The author believes that a
significant improvement would be to map subsequences with biological characteristics
into tokens, similar to the process performed by BPE but done by a genetic engineering
specialist. Future work focusing on this will help improve interpretation techniques and
the understanding of essential patterns by computer scientists who are not experts in
genetic engineering. The author hopes that the methodology and results presented here
stimulate new directions for future research.

Lastly, the methodology developed here was also applied to another benchmark
dataset (Banking77) and also showed promising results, proving that this method can be
applied to other use cases successfully. To make it easier to do, this work also includes an
easy-to-use library that can be used by other researchers to tackle similar problems.



CHAPTER 6
Conclusion and future work

This thesis has introduced Future-Shot, a pioneering approach for high-
dimensional multiclass classification in dynamic environments. By leveraging metric
learning techniques, Future-Shot achieves remarkable accuracy in lab-of-origin predic-
tion tasks, outperforming existing methods while not requiring retraining to accommo-
date new classes. Beyond its success in the lab-of-origin prediction domain, Future-Shot
can be applied to other classification tasks, as demonstrated by the extra benchmark con-
ducted. For that matter, an open-source library has been developed and made available to
allow further research in other areas. This thesis shows all the utility that the approach
brings to the table, like allowing the use of FSL to deal with new classes, being able to do
clustering, and even allowing for the reuse of the learned embeddings for other models.

Future research avenues abound. Extending this work involves exploring the
method’s scalability and limits, such as the threshold for adding new classes without
retraining and the overall class capacity. Furthermore, applying Future-Shot to various
domains and modalities will validate its broad applicability. Investigating advanced met-
ric learning techniques like Multi-Class N-pair Loss [105] offers avenues for enhancing
convergence and speed. Additionally, refining the lab-of-origin prediction task through the
exploration of more sophisticated models (like transformers) promises further advance-
ments.
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