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Transformers: Efficient one-to-many sequence generation

An Encoder Sphere Projection Strategy

Oscar Almstrom

Anton Softing

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

Transformers have revolutionized sequence-to-sequence data processing in a wide
range of industries. Their ability to handle long-range dependencies and capture
contextual information has led to remarkable advancements in speech recognition,
image generation, and machine translation. However, current applications primarily
focus on one-to-one sequence generation, where a single source sequence is used to
produce a single target sequence. In this thesis, we address the challenge of one-
to-many sequence generation, where a single source sequence is used to generate
multiple target sequences at an architectural level.

To expand the capabilities of the transformer model, we introduce an encoder sphere
projection strategy, allowing for scalable and efficient architecture-level variation
during sequence generation.

By generating independent vectors with uniform norms and distance from each other,
the single source embedding is replicated with an added controlled variation. This
expansion enables the shift from a single encoder-decoder relation to a one-to-many
batched decoder supporting a set of targets to be processed with the teacher forcing
framework.

For the now set-based training, we incorporate a Sinkhorn loss function which encour-
ages variation among generated output sequences while maintaining similarity to the
expected targets. The loss calculation involves a pair-wise negative log-likelihood
between each predicted output sequence and the ground truth targets associated
with the source.

This new architecture supports inherent auto-regressive inference for varied sequence
generation, with up to 256 predictions per given source (limited by the model di-
mension). Compared with the sampling options multinomial and beam search for
the base model, the expanded model achieved competitive accuracy and sped up
the inference and training time.

We observed a 31% reduced time to train the new model on a single K80 12GB,
while a V100 32GB card saw a 27% reduction. The advantages diminished when
the overhead of using multiple GPUs was introduced. The inference also showed
benefits, reducing the execution time by 9% and 33% compared to multinomial and
beam search sampling respectively.

Keywords: computer science, transformer, machine learning, sequence generation,
NLP, positional encoding, spherical projection, sinkhorn algorithm, drug discovery,

HPC.
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1

Introduction

Transformers[1] have revolutionized the way we process sequence-to-sequence (seq2seq)
data in a wide range of industries [2]-[8]. The versatility and power of the trans-
former is evident in several successful applications since its introduction by Vaswani
et al.[1]. For instance, in speech recognition, transformers have achieved state-of-the-
art performance by leveraging their ability to handle long-range dependencies and
capture contextual information[1] while only requiring a fraction of the training cost
compared to recurrent models [9]. In image generation, transformers have shown
remarkable results in tasks such as generating realistic images from textual descrip-
tions [10]. In machine translation, transformers have outperformed traditional state-
of-the-art recurrent neural network approaches and have even been used to create
real-time translation tools [11]. These examples demonstrate the incredible poten-
tial of transformer models in a variety of contexts, with the global phenomenon
ChatGPT|[12] stemming from research on generative pre-training language trans-
formers[13] currently spearheading its way to the forefront of Al discussion.

The key features of the transformer that enabled its breakthrough include the ability
to effectively capture long-term dependencies within a sequence. Transformers con-
sider the entire input sequence as a whole, allowing them to capture relationships
between different elements, such as the subject and object, across sentences.

Another compelling feature is support for flexible sequence lengths, achieved by
employing padding techniques to handle variable lengths, while positional encod-
ing enables effective translation across languages with varied sentence structures.
Furthermore, transformers are more efficient than traditional recurrent neural net-
works due to their attention mechanism, which can process inputs by handling word
similarity and context in parallel. This efficiency also enables large-scale models
to better utilize the computational power present in high-performance computing
platforms commonly facilitated for machine learning.

In this thesis, we build on the groundbreaking work of the base transformer model in
natural language processing and explore ways to expand its capabilities. There are
still challenges to be addressed with the transformer to fully leverage the power of
these models. In particular, we focus on the problem of one-to-many sequence gen-
eration, where a single source sequence is used to generate multiple target sequences.
Current applications are designed to favor one-to-one sequence generation, such as
in language text translation where the model returns the most probable and best
match at all times. A deterministic translation could be seen as the optimal model
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in this scenario, however, there are cases where many predictions are a better suit
and diversity is beneficial [14]-[16]. This is an important and challenging problem
that has broad applications in machine learning and natural language processing.

This thesis contributes to transformer research by exploring the expansion of the
transformer architecture to generate many sequences from a single source. More
precisely, this is pursued by modifying the standard encoding-decoding process of
the transformer through the introduction of an encoder sphere projection strategy.
We aim that such a strategy enables architecture level variation and thus diverse
generative sampling while opening up avenues for batched parallel and thus efficient
decoder computation.

1.1 Thesis Outlook

This thesis will first introduce the relevant background knowledge to understand
the transformer architecture and problem at hand. Next, we cover the dataset
used and the necessary preprocessing steps. After that, the method chapter will
describe our proposed one-to-many transformer architecture with the decisions that
were made and how we developed and evaluate the model. This is followed by the
results that present a comprehensive evaluation of our model, analyzing metrics and
providing insights into its performance compared to the base model. Finally, the
discussion and conclusion chapter interprets the results, discusses challenges during
the development, concludes the research as a whole, and proposes future research
directions.
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Background

In this chapter, the necessary background knowledge required to understand the
problem and solution is presented. Section 2.1: Artificial Neural Networks, intro-
duces the topics Neural networks and how this ties into High-performance computer
systems and Natural language processing (NLP). Section 2.2: Transformers, de-
scribes a transformer with the components that build a transformer. Section 2.3:
Sinkhorn Distance, explains the algorithm and how it is used to regulate the at-
tention weights. Lastly, Section 2.4: Inference and Sampling, describes how the
inference and sampling works for the transformer.

2.1 Artificial Neural Networks

The topic of Al and ML often refers to advanced techniques based on artificial
neural networks (ANNs) due to their ability to learn and adapt to different patterns
and data types. Performing complex computations that previously were impossible
for traditional algorithms can be attributed to how ANNs are modeled after the
structure and function of the human brain, mimicking the synapses between neurons.

At the core of an ANN is a network of interconnected nodes or neurons that process
and transmit information through weighted connections. Each neuron receives input
from other neurons, applies an activation function to the input, and then transmits
the output forward to other connected neurons further ahead in the network (feed-
forward network). Typically a nonlinear activation function is used to introduce
nonlinearity to the network which enables it to learn more complex patterns [17].

Training a neural network involves adjusting the weights, being the parameters of
the ANN, between its nodes to minimize a loss function that measures the difference
between the predicted output of the network and the actual output. This process
of adjusting the weights is known as backpropagation and refers to the calculation
of the gradient of the loss function with respect to the set of its weights. The cal-
culation can be computationally expensive for large networks due to the abundance
of matrix multiplications involved, often resulting in long training time even for
dedicated hardware. The model is typically trained until it reaches a point where
the loss function no longer decreases without over-fitting to the training data. Over-
fitting occurs when the model becomes too specialized in its predictions for the given
training data and fails to generalize to new, unseen data. At this point, the model
may start to memorize the training data instead of learning the underlying patterns.
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Once the model has been trained to a satisfactory level, it can then be used to make
accurate predictions on new input data of the same type.

Deep neural networks (DNNs) are expansions on ANNs and a cornerstone in modern
ML. They consist of multiple layers of interconnected nodes (referred to as hidden
layers), where each layer processes the output of the previous layer. Input data
is fed to the first layer, and processed through the many connected hidden layers
before an output layer produces the final output. The hidden layers are where the
connections and activation functions can differ heavily between models and enable
task-specific variation. Different patterns of intra-layered connections can allow
the DNN to perform different tasks, such as computer vision[18], natural language
processing[19], and classification[20]. For example, a convolutional neural network
(CNN) is designed for image recognition tasks, while a recurrent neural network is
designed for sequential data such as speech or text. There exist two main variations
of DNNs, either feed forward meaning the information only travels from the input
node towards the output and recurrent with feedback loops that reuse previous
partially or completed outputs.

Regardless of model shape, a common denominator for all ML models is the cum-
bersome task of training them. The success of deep learning (DL) is contributed to
the ability to scale by adding more hidden neurons. The additional neurons increase
the number of parameters and thus the model complexity, which from a statistical
machine learning standpoint has the potential of lowering the bias and variance [21].
Furthermore, the model requires more neurons to discriminate varied patterns in
the data, but a balance need to be struck. Too few neurons hinder the capturing of
all relevant information in the input data, while too many are prone to resulting in
overfitting [22]. Complex models require careful selection of many hyper-parameters
such as weight decay, learning rate, momentum and learning decay, not to mention
the activation functions and layer structure. Achieving acceptable results for bigger
models require larger datasets and longer training, meaning the host system con-
taining the model is put under more strain [23]. It is customary to employ HPC
platforms to manage the ML training (and in some cases inference too) as it is of-
ten the only feasible way to complete the task within a reasonable time-frame with
regards to computational and memory demands [24].

HPC systems in the realm of ML usually consist of clusters of Graphics Processing
Units (GPUs) that are optimized for accelerating the matrix multiplication present
during training. The ability of GPUs to perform parallel computations has made
them an attractive option for training large neural networks. By using multiple
GPUs in a cluster, the computation time can be significantly reduced. In addi-
tion, the high memory bandwidth of GPUs enables efficient computation of vector-
matrix or matrix-matrix multiplication, which is a key operation in deep learning
[21]. The throughput-oriented architecture of a GPU with high memory bandwidth
is a field studied thoroughly as the optimal algorithm differs depending on mem-
ory constraints[25], matrix-sparseness[26], precision[27] and level of distribution [28].
With the introduction of software frameworks such as Compute Unified Device Ar-
chitecture (CUDA) one can at a simple C++ language-level program efficient code
for GPU offloading that combines both multi-core central processing unit (CPU)

4
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and accelerators for ANN computation of all shapes [29]. There now exists highly
accessible Python packages that leverage GPU offloading through CUDA such as Py-
Torch [30], allowing users to focus on the architecture and layout of the ML models
rather than computation.

2.1.1 Natural Language Processing & Recurrent Neural Net-
works

Natural Language Processing (NLP) is a subfield of computer science, artificial
intelligence, and computational linguistics concerned with the interactions between
computers and language. The goal of NLP is to enable computers to understand,
interpret, and generate language. NLP involves a wide range of tasks, including
but not limited to language understanding, sentiment analysis, machine translation,
and text generation. Moreover, NLP often involves preprocessing steps such as
tokenization, stemming, and lemmatization to transform the raw text into a format
that can be easily processed by machine learning algorithms.

Recurrent Neural Networks (RNNs) are a type of neural network that is particularly
useful for processing sequences of data and in this case, text. Unlike feedforward
neural networks, which process each input independently, RNNs have a "memory"
that allows them to take into account the previous inputs in a sequence. The basic
architecture of an RNN consists of a recurrent layer, which passes information from
one time step to the next, and a set of weights that determine how information is
combined across time steps. One of the main advantages of RNNs is their ability to
handle variable-length sequences, as the same weights can be applied to inputs of
different lengths [31].

RNNSs have been applied to a wide range of NLP tasks, including language modeling,
machine translation[1], sentiment analysis[32], and speech recognition[33]. They are
particularly well-suited for modeling sequential data due to their ability to maintain
a memory of previous inputs. RNNs are trained using backpropagation through time
which involves unfolding the network and applying the standard backpropagation
algorithm to update the weights.

Furthermore, more complex variants of RNNs have been developed, such as Long
Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs), which
have been shown to be particularly effective at modeling long-term dependencies in
sequences. LSTM networks use gating mechanisms to selectively remember or forget
information from previous time steps, while GRUs use gating mechanisms to control
the flow of information and prevent the vanishing or exploding gradient problem.
These advanced RNN architectures have been successfully applied to various NLP
tasks and have significantly improved performance compared to traditional RNNs.
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2.1.2 Long Short-Term Memory

Long Short-Term Memory (LSTM) networks are a type of RNN that can learn long-
term dependencies in sequential data. LSTMs are designed to remember information
over a period of time, which makes them well-suited for tasks with patterns in data
sequences such as language modeling, speech recognition, and machine translation
[34]. In an LSTM, each unit contains a memory cell, an input gate, an output gate,
and a forget gate. These gates control the flow of information into and out of the
memory cell, allowing the LSTM to selectively remember or forget information [35].
The memory cell stores the previous state, which can be modified by the input gate
and the forget gate. The input gate determines which information is relevant and
should be stored in the memory cell, while the forget gate decides which information
should be removed from the memory cell. The output gate then controls the flow of
information out of the memory cell, which is the output of the LSTM unit.

In an LSTM, each time step in the sequence is processed sequentially, with the output
from one time step being used as input to the next time step. This sequential nature
makes it difficult but not impossible to parallelize the computation across multiple
processors or GPUs [36]. They can however be stacked on top of each other to form
a deep LSTM network, which has been shown to be effective in modeling complex
sequential data.

2.2 Transformers

Transformers is a revolutionary feed-forward neural network architecture that has
garnered widespread attention and adoption in NLP. The original concept was in-
troduced by A. Vaswani, et al. in the seminar paper "Attention is all you need,"
[1] and offers several architectural advantages over traditional NLP models such as
RNN. The transformer architecture is the first transduction model relying entirely
on self-attention without using sequence-aligned RNNs or convolutions to compute
representations of its input and output.

The transformer architecture has an encoder-decoder structure as most competitive
neural sequence transduction models[37], [38], each composed of multiple layers of
self-attention and feed-forward neural networks as seen in Figure 2.1. The encoder
takes a sequence of input tokens and generates a sequence of encoded representations,
while the decoder takes these representations and generates a sequence of output
tokens [39].

The output from the decoder is then passed through a fully connected layer that
is used to transform the encoded input sequence into a sequence of hidden states.
These hidden states are then used as input to the subsequent layers of the decoder.
This is followed by a softmax layer that takes a vector of inputs and normalizes them
such that the sum of the outputs is equal to one. Each output of the softmax layer
represents the probability of the input belonging to a particular class. In short, the
softmax layer produces a probability distribution over the vocabulary of possible
words for each time step in the decoder.

6
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Attention is a key component of the transformer architecture and is used to compute
representations of the input sequence. In the context of transformers, an attention
function can be described as mapping a query vector and a set of key-value pairs,
resulting in an output vector. In this function, the query, keys, values, and output
are represented as vectors. The output vector is obtained by computing a weighted
sum of the values, where each weight is determined by a compatibility function that
evaluates the similarity between the query and the corresponding key [1].

The self-attention mechanism is the core of the transformer architecture. It allows
the model to attend to different parts of the input sequence during computation,
enabling it to capture long-range dependencies and handle variable-length input se-
quences. In addition to self-attention, the transformer architecture employs residual
connections and layer normalization to improve training stability and performance.
The architecture is also highly parallelizable, allowing for efficient training on large-
scale datasets.
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Figure 2.1: An overview of the transformer architecture, from "Attention is all you
need" by A. Vaswani, et al.[1]
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2.2.1 Attention

Attention mechanisms are powerful components in machine learning that enable
models to assign varying degrees of importance to different parts of the input se-
quence during the prediction process. By leveraging attention, models can focus on
relevant information and capture dependencies between different parts of the input,
leading to improved performance.

One specific type of attention is self-attention, also known as intra-attention, which
targets the same input sequence. Self-attention has proven to be particularly ef-
fective for tasks involving long sequences, such as machine translation[1] and sum-
marization[40]. By allowing the model to capture and evaluate the relationships
between different parts of the same input, self-attention enhances the model’s abil-
ity to make accurate predictions.

The fundamental idea behind self-attention is to compute a weighted sum of the same
input sequence, where the weights are learned dynamically based on the content of
the input. For each position in the input sequence, the self-attention mechanism
computes a vector of weights that reflects the importance of the other positions
with respect to the current position for the current task. An example of this is seen
in Figure 2.2 where the translation in red shows the direct translation and the one
in green shows the result after implementing weights and how the order of the words
are changed with said weights.

Can you me help this sentence to translate

L R O

Kannst du mir helfen diesen Satz  zu uebersetzen ?

Can you help me to translate this sentence

| X

Kannqt du mir helfen diesen Satz  zu uebersetzen ?

Figure 2.2: The self-attention mechanism for translation from German to English
[41].

Two commonly used attention functions in neural networks for natural language pro-
cessing tasks are additive attention and dot-product attention. Additive attention
is a method that learns a weighted combination of the input features using a neural
network with a single hidden layer. In contrast, dot-product attention computes
the attention weights as the dot product between a query vector and a set of key
vectors. While both methods are effective in capturing the relevant information in
the input sequence, dot-product attention is much more space-efficient and has the
ability to capture complex relationships between query and key vectors [1].

Notably, self-attention has proven to be particularly effective when used in conjunc-
tion with the transformer architecture. The transformer model consists of a series
of stacked self-attention layers, each of which is followed by a feed-forward neural
network. The self-attention layers allow the model to selectively attend to different

8
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parts of the input sequence, while the feed-forward layers provide a mechanism for
non-linear transformations of the representations.

Self-attention has emerged as a powerful tool for NLP tasks, allowing models to
capture complex relationships within input sequences and achieve state-of-the-art
performance in a variety of domains such as vision and speech [42].

2.2.2 Multi-Head Attention

Multi-head attention is a mechanism in deep learning that allows a model to attend
to different parts of the input sequence or representation in parallel using multiple
attention heads, allowing it to capture more complex relationships and patterns
compared to using a single head. In multi-head attention, it computes multiple
attention scores for each token using different linear projections of the input embed-
dings. These attention scores are then concatenated and passed through another
linear projection to produce the final values, as depicted in Figure 2.3 [1].

The idea behind multi-head attention is to allow the model to attend to different
aspects of the same input sequence simultaneously by using many attention layers
in parallel. For example, one attention head may focus on syntactic relationships
between words, while another attention head may focus on semantic relationships.
By computing multiple attention scores in parallel, the model can capture a more
comprehensive representation of the input sequence and enhance its performance on
a wide range of natural language processing tasks.

Multi-Head Attention

Linear

L
Scaled Dot-Product J& h

Attention N
t! | |
[ Linear]_}[ Linear]J[ Linear]J
¥ 7 7
v K Q

Figure 2.3: Model of multi-head attention architecture, from "Attention is all you
need" by A. Vaswani, et al.[1]
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2.2.3 Encoder and Decoder

The encoder component in the transformer architecture is comprised of a stack of
multiple layers that are structurally identical, as seen in Figure 2.4 where two layers
are in place. Each layer contains two sub-layers: a multi-head self-attention mech-
anism and a position-wise fully connected feed-forward network. To facilitate the
residual connections necessary for efficient training, each sub-layer output is nor-
malized and added to the input via a residual connection, which is then followed
by layer normalization [1]. These residuals address the vanishing gradient issue by
allowing earlier input to also bypass sublayers, thus increasing the flow of gradient
information during training. As mentioned, the encoder takes a sequence of input
tokens and processes them to generate a sequence of encoded representations. Each
input token is embedded, and positional encodings are added to incorporate posi-
tional information. The encoded representations capture the contextual information
of the input sequence

v
(---bAdd&Norm

Feed
Forward

Encoder #2

,===-% Add & Norm
H R

 Multi-Head |
Attention

1
—
-=--» Add & Norm

Feed
Forward

,===-% Add & Norm

Encoder #1

PR E—
Multi-Head
Attention

=

Positional
Encoding

Input
Embedding

o

Inputs

Figure 2.4: Overview model of the encoder architecture, from "Attention is all you
need" by A. Vaswani, et al.[1]

The decoder component is also comprised of a stack of multiple identical layers. Each
layer consists of three sub-layers, including the multi-head self-attention mechanism
and position-wise fully connected feed-forward network present in the encoder layers,
as well as an additional sub-layer that performs multi-head attention over the output
of the encoder as seen in Figure 2.5. As in the encoder, residual connections are
employed around each of the sub-layers, followed by layer normalization.
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2. Background

To prevent positions in the self-attention sub-layer of the decoder pipeline from at-
tending to subsequent positions, subsequent masking is applied. Additionally, the
output embeddings are offset by one position, ensuring that the predictions for posi-
tion i rely solely on the known outputs at positions less than i. These modifications
to the self-attention sub-layer and output embeddings enable the decoder to gener-
ate accurate and coherent output sequences based on the encoded representations
generated by the encoder [1].
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Figure 2.5: Overview model of the decoder architecture, from "Attention is all you
need" by A. Vaswani, et al.[1]

An important aspect to note, as seen from the dotted arrows coming from the left in
Figure 2.5, is that the encoded embedding is added in parallel at a later stage of the
decoder. The feature embedding tied to the source is not required for the decoder to
function and instead acts as additional input, referred to as feature forcing [43]. The
output embedding depicted at the bottom of the same figure is the feature vector of
the ground truth target in question, which is known during training. The training is
not autoregressive in the sequence generation, instead, a teacher forcing framework
is applied to ensure the correct starting sub-sequences are always used [44]. As such,
all possible sub-sequences for the model to learn are available from the start which
combined with the encoder embedding allows the model to in parallel process all
output probabilities over the entire sub-sequence space. The generative nature aims
to capture the next token in the sequence given all previous tokens available, as
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2. Background

depicted in a short example in Equation 2.1 (with SMILES rather than the actual
feature representations of the target embeddings).

Target :[1,C,H,C,C,C,0,C,Br,0,H,C,2]

SubSeq; : [1] = [C]

SubSeq, : [1,C] — [H]

SubSeqs : [1,C, H] — [C] (1)

SubSeq,, : [1,C, H,C,C,C,0,C, Br,0,H,C] — [2]

Here, the target is subsequently masked to isolate the part of the sequence relation to
learn to predict in the current forward pass of the decoder. With contribution from
the source embedding the model can compute the output probabilities in parallel
and eventually learn what the most probable next token is given only a source and
the previous tokens predicted.

2.2.4 Positional Encoding

Positional Encoding (PE) is a technique used in transformer architectures to in-
corporate positional information into input embeddings of a sequence. Unlike re-
current neural networks, transformers process the entire sequence at once using
self-attention, meaning the notion of element order is lost [1]. Each word is fed in
parallel to the encoder as the sequence is processed in an independent and isolated
environment, all with the same underlying model weights however. The ordering is
crucial for sentence cohesion and relations between words based on relative position
which means this information needs to be explicitly added to the input sequence.
A naive approach is to assign each word a number linearly, meaning the first word
is labeled "1", "2", "3" and so on. Complications with this however is scaling with
longer sentences, especially when the model is introduced to sentences longer than
trained on [45]. It also introduces a higher intensity to the appended encoding as
the index number increases which risks skewed generation.

The desired attributes of the positional encoding are to assign unique, uniform
and independent values to each token in a deterministic and scalable way. The
proposed solution by Vaswani et al.[1] was to provide this information by adding a
fixed sinusoidal function of the token position to the input embedding vector. This
injects the order of words into the model’s input through simple vector addition
rather than index association. Let the positional encoding function be f : N — R?
with d representing the dimensions of the encoding.

sin(wg - t), if i = 2k

)= {cos(wk -t),ifi=2k+1 (22)

where wy, = 10000~2*/¢ and ¢ is the input sequence position with k the interpretation
of each dimension of the positional encoding i. In Figure 2.6 the PE matrix is
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visualized showing how varied intensity is assigned to each index in the sequence
across the model dimension.

Positional Encoding for Arbitrary Sequence 1.00
0 50 100 150 200 250
0 |||||III|||||""I|"||||| 0.75
20 0.50
0
s 0.25
£ 40 z
g 0.00 &
S 60 2
g -0.25
N
80 ‘ —0.50
|I -0.75

Model Dimension

Figure 2.6: Visualization of the Positional Encoding matrix for x-axis d = 256 and
the y-axis sequence length £ = 100.

The result is a geometric progression from 27 to 10000-27 with the desired attributes
in the form of a vector of the same dimensions as the model for easy addition. This
enables parallel encoding and decoding of each token or word in a sequence without
losing the information tied to their relative position.

2.3 Sinkhorn Distance and Sinkhorn-Knopp Algo-
rithm

The Sinkhorn distance is a popular distance metric in machine learning and optimiza-
tion that has gained significant attention in recent years due to its ability to measure
the similarity between two probability distributions. The distance is derived from
the optimal transport problem which seeks to determine the most efficient way to
transport mass from one distribution to another, subject to certain constraints and
a cost/distance matrix [46]. A simple example can be seen in Figure 2.7 where the
two producers deliver their goods to two consumers.
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Goods
Producer Consumer

Figure 2.7: Tlustration of an Optimal Transport Problem with two producers (left)
and two consumers (right).

The non-negative distance matrix would represent the static cost of transporting
one unit of the goods from either producer A or B to consumer X or Y, written as
D(i,5) = |i — j| with i € P ={A,B} and j € C = {X,Y}. The amount of goods
being transported is depicted in T'(i, j) > 0 which allows for the minimization of the
optimal transport problem as:

S 7(.) - Dii.j) (23)

As the amount of produced and consumed goods are equal one can normalize both
and treat them as probability distributions p(7) for the producers and c¢(j) for the
consumers. With these two distributions and the distance matrix D, the total
cost of transportation can be seen as a measure of the distance between the two
distributions, with respect to the cost relation.

An efficient iterative numerical method of computing the Sinkhorn distance is the
Sinkhorn-Knopp algorithm which approximates the optimal solution. Given its iter-
ative property, one can tweak the number of iterations to achieve the desired level
of accuracy. In essence, the algorithm starts with two non-negative matrices, P and
(2, which represent the two probability distributions that need to be matched. The
goal is to find a matrix M that minimizes the cost of matching the two distributions,
given a distance cost function D.

The algorithm proceeds iteratively, updating the rows and columns of M to satisfy
the following conditions:

° Zi Mi,j = P]
® Zj Mi,j = Qz

. Td = mln(ZZMm . Di,j)
i J
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To satisfy the first condition, the algorithm normalizes the rows of M by dividing
each element by the sum of the row. Similarly, the second condition requires one to
normalize the columns of M by dividing by the respective sum of the columns. These
normalization steps ensure that the row and column sums of M match the target
distributions P and @), respectively. Furthermore, scaling significantly reduces the
computational complexity at each step keeping it low throughout the entirety of the
approximation.

To satisfy the third condition, minimizing the total distance Ty, the algorithm iter-
atively updates the elements of M through the following formula:

M; ;= P;-Qj/(Ki+ Lj — D) (2.4)

where K and L represent vectors for the row and column sums of the current iteration
matrix M, respectively. The algorithm repeats the row and column normalization
steps and updates M using the formula above until it converges to a stable solution.
Given the abundance of matrix multiplications in this algorithm it can be vectorized
and achieve a computational complexity of O(N?)[46] compared to that of EMD
at O(N® - logN)[47] with N transport elements to consider. Provided that the
matrix has total support [48], the algorithm will inevitably converge to the optimal
stable solution within a finite time. This property renders the algorithm effective
for repetitive training procedures [49].

2.4 Inference and Sampling

Generating output is what the transformer is built and trained for, with the pur-
pose of predicting sequences based on new unseen data at inference time. In the
example of language translation, each word in the input is translated in order (with
the attention mechanism ensuring context and continuity) meaning there are hypo-
thetically millions of possible output sequence combinations. Sampling out the few
valid sequences is ultimately a matter of picking the most probable word or token
at each iteration step from the output probabilities, seen at the top of Figure 2.5.

There exists plenty of methods to make the selection based on the probabilities de-
pending on what end result one is pursuing and the available resources. A greedy
approach is to always pick the most probable token at all times, which often re-
sults in a single decent quality output without introducing close to any additional
computation. If one desires more variation, multinomial sampling instead makes the
selection based on the probabilities thus leveraging the uncertainty of the model pre-
diction. A short pseudocode example can be seen in Algorithm 1, displaying model
inference and generation of a sequence with either greedy or multinomial sampling.
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Algorithm 1 Auto-regressive Inference Pseudocode

Require: src, model, N > 0
memory <— model.encode(src)
ys < start_token - N
while ys[—1] # end_token do > Abort when all N sequences end
out <— model.decode(memory, ys)
token_ prob <— model.generator(out)
if Greedy then
next_ token <— max(token_ prob)
else if Multinomial then
next_ token < random(token_ prob)
end if
ys.append(next__token)
end while
return ys > Matrix with IV generated sequences

Each generation with the same source might now produce a variety of different
outputs depending on how confident the model is. In the context of seeking varied
output, when the same output is repeatedly sampled (as it is generally the most
probable), it is referred to as mode collapsing around that output. However, there
is no guarantee that this highly probable output is the best one, as it could represent
a local maximum rather than the global maximum.

One established sampling algorithm which tries to circumvent the issue of local
min/max while also producing many high quality outputs is beam search [50]. The
search space is limited by keeping track of a fixed £ number of potential candidate
sequences at each step and predicting the next output for only that limited selection.
The number of candidates k to account for is decided by the beam size and as the
sequences are built these candidates are dropped and pursued depending on the
probability of the next token. In Figure 2.8 one can see how a beam search algorithm
could generate a short sentence based on probabilities. The numbers indicate which
step the next token (a word in this example) is considered with the filled-out boxes
indicating current candidates. The dashed boxes represent tokens that were not
pursued.
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_____

<S>

______

Ao
rapricot} | fruit;

_____________

Figure 2.8: Example of beam search from [50], with a start token to the left and
beam size k = 2.

Noteworthy is how at timestep 2, the two candidate sequences "an apple" and "there
is" have three potential continuations. Of those, "a" and "an" were the most proba-
ble thus the candidate "an apple" was discarded and the other two sequences were
continued.

Beam search has its drawbacks however, most notably in the added computational
complexity it introduces with producing the output probabilities for all k£ beams at
each time-step. Furthermore, there is no guarantee that the best global solution will
be found among the top-k candidates at each step as the risk of pruning it at an
early stage is present. The trade-off to minimize this risk is to increase the beam
size, subsequently amplifying the existing issue with computational and memory
requirements to account for all candidates. The overall quality of the output is
substantially higher than that of multinomial sampling but at the cost of extra
computation and deterministic results.
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3

Dataset

This chapter introduces the dataset used for training, validating and testing the
model. The architecture is built for sequence generation and parameters such as the
number of layers, types of layers, sampler and optimizer, to name a few, all help
shape the model for the intended task.

3.1 ChEMBL

ChEMBL is a public open-source manually curated database of bioactive molecules,
predominantly those with drug-inducing properties, maintained by the European
Bioinformatics Institute [51]. The used dataset consists of Simplified molecule-input
line-entry system:s (SMILES, both plural and singular), which is an encoding of
the molecular structures of drug-like compounds consisting mostly of carbon and
hydrogen. There exists an open-source software toolkit for computational chem-
istry called RDKit[52] that allows for seamless evaluation and tokenization of both
SMILES and other chemical encodings. The subset of SMILES used consists of 500k
molecule pairs with RDKit Tanimoto similarity[53] > 0.5.
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3.2 Preprocessing

The SMILES might refer to the same underlying molecule twisted or rotated in 3D
space, and as such it’s important to canonicalize them to avoid duplicates. This is
also done with RDKit as an early filtration step before prepearing the SMILES for
the transformer. See Figure 3.1 for an example molecule and its canonical SMILE.

Molecule Molecule Canonical
Structure Formula SMILE
.
/U\/N H C4H9N302 CN(CC(=0)0O)C(=N)N
HO
NH

2

Figure 3.1: Example molecule from the ChEMBL database.

Preprocessing the data for the transformer entails tokenizing the SMILES and group-
ing all pairs with the same source which allows us to batch pairs of single sources
associated with many targets for the new architecture need. If there are cases where
more than the desired number of targets exist for a single source, a random non-
repeated sample is drawn. If the opposite occurs, targets are drawn with repetition.
To avoid outliers, only sources with 10 to 60 targets associated with them are used
to avoid excessive repetition of lower cases or major randomness being a factor.

The distribution of targets per source has become interesting with the introduction
of k which determines the number of values to sample for each source in one-to-many
mapping. To determine a suitable value for k, we analyze the distribution of how
many targets map to the same source in the training set. An upper and lower bound
is introduced for the number of targets per source that we want to include in the
training set. Maintaining a correlation between k£ and the lower bound is crucial
to avoid mode-collapse, as demonstrated by Equation 3.1 where a low lower bound
and high k resulted in undesired outcomes.

k=10

lower bound = 3
(3.1)
Source = [a, b, ¢]

Sourcemodified = [CL, b,c,a,a,c,b,a,b, C]

As seen in Equation 3.1 the missing 7 targets for Source,ogifiea are randomly sam-
pled from the existing targets for Source until it has k£ number of targets.
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The lower bound is inclusive and the decision to choose 10 as a lower bound was
found by plotting the distribution of targets per source and picking a value where
the majority of sources would be included as seen in Figure 3.2.
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Figure 3.2: Distribution of the number of targets per source

The input is now ready to be fed to the transformer and it is clear what adjustments
have to be made, both to accommodate the set of targets but also deliver on the
envisioned introduction of variation. While the overall function of the encoder and
decoder remains the same in the one-to-many transformer, the decoder now uniquely
tracks which associated input sequences it is trying to predict (further explained in
Section 4.1). This information is crucial for mapping the correct targets during
evaluation and comparing how well the predicted sequences turned out.
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Methods

This chapter discloses the methods used throughout the project and the motivations
for the decisions made.

The base model is a transformer heavily inspired by the work of Vaswani et al.[1] and
employs one-to-one (source, target) sequences . This model is the base for our thesis
as we are expanding the transformer architecture to support sets in a one-to-many
(source, target[]) sequences.

We will introduce the encoder sphere projections strategy in Section 4.1, how it was
formed and implemented. Followed is the connected Sinkhorn loss in Subsection
4.1.3 to support the new set focused architecture. How the model is validated in
Section 4.2 and later evaluated in Section 4.3 before presenting the hardware used
in Section 4.4.

4.1 Encoder Sphere Projections

The premise of this thesis is to expand on the transformer architecture and introduce
scalable and efficient architecture-level variation for sequence generation. However,
it’s simply not a matter of replicating the encoding embedding as they all share the
same weights and produce their output deterministically. The inner works of the
encoder and decoder is in no need of change, instead the new intensity variation
required is added between the two. This transformation projection will be applied
to the encoding embedding which then allows for unique sequence generation by
batching the variations for the decoder, allowing it to process many sequences inde-
pendently in parallel.
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4.1.1 Constraints

To introduce controlled variations we must first acknowledge some constraints for
the transformation of the encoding embedding. This is in no way an exhaustive
list of all desired attributes or motivations behind them, but rather a high-level
explanation of desired characteristics.

The transformation should therefore:

e be deterministic with respect to the source and how many varied sequences to
generate;

e be scalable and efficient when generating more sequences;
e introduce even variation across all sequences;
o ensure independence among the transformations to limit mode collapse.

The first constraint puts the source embedding in focus as the relation connecting
it to the target in question should remain true. Expanding the transformation to
allow for more generated sequences should not require alteration to the variation
already in place for fewer number of generated sequences.

Continuing on accommodation of more sequences gives constraint two, that the
overhead introduced should be kept to a minimum by avoiding complicated solutions.
Transforming the source embedding aims to result in a linear increase in computation
and memory requirement for the actual decoding.

Constraint three focuses on how the transformation should strive to minimize any
negative impact on the final output quality. The original model proved to produce
satisfying SMILES and this architectural expansion aims to retain that characteristic
and thus be applicable to any generic transformer.

Lastly, the evenly spread variation should also be independent of the other trans-
formations. If the source embeddings are assigned similar weighted variations it
increases the risk of mode collapse when processed by the decoder. If the transfor-
mation is seen as a point in the model dimension space, all transformations should
strive to have an equal distance from each other.
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4.1.2 Re-usage and Expansion of Positional Encoding

The employed solution presented is a small expansion on the already present posi-
tional encoding used in the encoder. Its purpose was to add positional information
to the input embedding through a sinusoidal function of the same dimension as
the model feature vectors, thus enabling a simple addition of the encoding and the
embedding. The function is scalable and efficient with respect to the length of the
sequence while introducing controlled variation without any random element. It
is therefore deterministic and does not alter the expected transformations when in-
creasing the cardinality. In short, the first two constraints mentioned in the previous
section are covered, while aspects related to similar intensity and independence need
to be addressed for this expansion to fit the proclaimed needs.

The solution implemented uses the inherent property of orthogonality between the
unit vectors in the model dimension space. By computing the Singular Value De-
composition[54] (SVD) of the positional encoding matrix we retrieve a set of inde-
pendent vectors, all with the same norm and distance from each other. This stems
from the definition of SVD as a matrix factorization method that decomposes the
given matrix into three matrices.

A=UXVT  where A € R™" U e R™™ V ¢ R™" (4.1)

such that

Y =UTAV = diag(oy, ...,0,) €ER™™  p=min{m,n} (4.2)

with diagonal singular values of ¥ following the relation oy > 09 > ... > g, > 0 [54].

U and V are unitary matrices, where if A is a real matrix they are guaranteed to be
orthogonal matrices. If m < n, the last n columns of V' can be ignored as a reduced
SVD is instead calculated. These properties are key as the rows of V7 can thus be
used as independent positional encoding. They all have uniform norm, retain the
same dimensions as the model and share cardinality with the number of sequences
we want to generate.

The outcome is a transformation that aims to satisfy the constraints presented in
Section 4.1.1 in order to enable the architectural change from a single encoder-
decoder relation to a one-to-many spherical projection, illustrated in Figure 4.1.
The varied and unique source embeddings are batched and sent to the encoder for
continued parallel processing. Instead of the previous pairwise relation, the output
embedding now stems from different target sequence embeddings with a shared
source sequence.
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Figure 4.1: Illustration of the high-level architecture with sphere projection on the
source embedding.

4.1.3 Sinkhorn Loss

Once the decoder has predicted output sequences for all transformed source em-
bedding the set of outputs is compared with the known targets associated with the
source. To encourage variation among the generated output sequences, while striving
towards high similarity with the source, we employ pair-wise negative log-likelihood
between all predictions and targets. This calculation takes the sum of the negative
logarithmic probability for each predicted token in all sequences to generate each
of the one-hot-encoded target tokens for their respective sequence, demonstrated in
Figure 4.2.

The resulting matrix is summed over each sequence of tokens to result in a cost
matrix as described in Section 2.3 that describes the negative log-likelihood of each
decoder’s predicted output to each of the targets in question. Here we want the
model to generate unique targets and as such minimize the total loss of the pair-
wise negative log-likelihoods such that each sequence prediction is associated with
one unique target. The technique employed is to compute the Sinkhorn distance, as
described in Section 2.3, for the cost matrix and thus derive the optimal association
of predictions and targets for a minimal loss. The Sinkhorn-Knopp Algorithm em-
ployed takes inspiration from [55] with refinement ¢ = 0.001 and 500 iterations of
approximation.
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Vocabulary: [A, B, C]

L [0.2, 0.3, 0.5]
Token Prediction: [0.2, 0.3,0.5]  Sequence Prediction: |[07,01,0.2]

l l [0.3, 0.4, 0.3]
(A]

. . 1 |[AAC]
Negative Pair-Wise Loss
Target Sequences: 2 |[C,B,C]
3 |[B,C,C]
[0.2,0.3, 0.5] Target 1 Target2 Target3
1 [0.7, 0.1, 0.2]
[0.3, 0.4, 0.3] Prediction1
. J rredienon -1.38 -1.82 -1.74
] [0.8, 0.1, 0.1]
Predicted Token 2 [0.6, 0.2, 0.2] Prediction 2 -0.54 -2.22 -1.92
Probabilites: [0.0, 0.4, 0.6]
- S o -1.68 -2.22 -2.70
[0.3, 0.1, 0.6] Prediction 3 |__
3 [0.7, 0.1, 0.2]
[0.1,08,01] = -C (cost matrix)

Figure 4.2: Tllustration of the cost matrix calculation on three predictions and
ground truth targets.

4.2 Validation

Validation asserts that the model trained is continuously improving and thus indi-
cates when it is over-fitting the data or stagnating in advances. When the model is
training, the loss derived steers the progress to ensure updates to the model weights
result in improved predictions. However, there are two additional important aspects
to consider too. The proportion of invalid molecules and the level of mode collapse
are valuable metrics to consider as we want the model to generate valid and unique
sequences. To give a metric, and thus tangible, notion of the training we introduced
Validation Loss (VL):

(IM+ MC + (1 - PQ))
3
where IM is the % invalid molecules, M C is the % of mode collapse and PG is the

conversion of the loss to represent the probability for the model generating exactly
one of the intended targets.

VL= (4.3)

The PG which is derived from the loss comes straight from the loss evaluation after a
full forward pass with a known (source, targets) relation. In contrast, both M and
MC' are calculated during greedy inference on the very same source. If the model
in question is trained one-to-10, then the inference sampling is also ten sequences
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per source. The inference is auto-regressive, meaning it generates the next predicted
token in the sequence in a greedy fashion from the derived probabilities based on
the previous sequence timestep.

4.2.1 Multinomial Validation

This naive V' L formula showed promising results and managed to capture the im-
provement of the teacher forced trained model as it narrowed in on consistently
sampling the targets in question. However, in the realm of drug design a favorable
generative model must support a much wider exploration of the chemical space. We
desire that our model can reach such a requirement and manage to generate different
compounds while retaining a high degree of valid molecules of high similarity to the
source given. As to better capture these constraints we propose the switch from
greedy inference to a multinomial one, further supported in Section 5.1. This intro-
duces a minor change to the established VL as the model loss no longer is applicable
with the move from greedy to multinomial probability selection for the predicted
tokens.

(IM+ MC)

2
where I M and MC' remain the same as in Equation 4.3 but sampled through multi-
nomial selection.

V Lyt = (4.4)

4.3 Inference and Evaluation

Both the base model as well as ours offer the flexibility of supporting beam search and
greedy or multinomial sampling at inference. However, considering our objective of
achieving a balance between speed and accuracy we are only considering greedy and
multinomial sampling since beam search is computationally heavy. This also puts
focus on what the architectural changes propagate result wise as the beam search is
already a well refined and external method of introducing guaranteed variation. We
aim for our model to achieve results that fall between the speed and accuracy trade-
offs of multinomial sampling and beam search so as to present it as a reasonable
competitor.

4.3.1 Auto-regressive Sequence Generation

While during training the teacher forcing framework is applied to train the model,
at inference the model is auto-regressive as no correct target is shared with the
model. The source embedding is the main input as the sequence generation initiates
and each step after that continues the predicted sequences until an end token is
predicted or the max length is reached. This is true for all models evaluated, with
the difference being the model architecture and sampling technique used. While
beam search follows a procedure explained in Section 2.4, the choice between greedy
and multinomial dictates how to decide on the predicted token at each step given
the probability output of the model.
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4.3.2 Evaluation Metrics

Once an output sequence is generated there are four main points of interest to
evaluate it:

» Mode collapse - Repeated output given the same source, only applicable when
generating more than one target per source.

o Invalid - The generated sequence is not a valid molecule, i.e it does not corre-
spond to a molecule. To validate that we use the RDKit[52] package.

o Non-Novel - If the output sequence was present in the training or validation
set.

o Similarity - How high the similarity to the source SMILE is, calculated with the
RDKit[52] package. Converts the SMILE to an encoded molecule, calculates
the Morgan Fingerprint[53] and then the Tanimoto Similarity between the
source and output. As the train set consists of molecule pairs with similarity
> 0.5, such output is referred to as high quality.

The evaluation pipeline is in the same order as above, meaning the degree of mode
collapse is the first metric counted. Following is excluding invalid molecules, com-
paring for novelty and lastly calculating the similarity.

4.4 Hardware and Performance Evaluation

The model supports multiple NVIDIA GPUs for training as it is developed with
PyTorch version(1.12.1)[30] and the now standalone package extension Lightning
version(1.9.3)[56] to ease the transition to distributed computation.

The hardware used can be seen in Table 4.1. The transformer computation is highly
GPU-focused, therefore the remaining system specifications are omitted since the
CPU and memory selection did not instigate any bottleneck.

Table 4.1: Available GPUs

Name Architecture | Memory (GB) | TFLOPs (SP)
K80[57] Tesla 12 8.73
V100(PCle/SXM2)[58] | Volta 16/32 14/15.7

A100 SXM][59] Ampere 10 19.5

In general, the K80s were used for small-scale training, validation and inference,
the V100s for training and large inference and lastly the A100s were only used for
training. All benchmarking is performed on 32GB V100s if not otherwise specified.

These systems were hosted and maintained in a shared high performance cluster,
meaning fully isolated instances for benchmarking were not possible. Allocation of
GPUs, CPU cores/threads and memory was possible, but the overall load of the
system and disk usage were uncontrolled variables. To mitigate this limitation, we
repeat all testing during a similar cluster load and averaged the metrics of interest.
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4. Methods

4.4.1 Performance Metrics

The key metric of interest is the execution time of the computation at hand, meaning
all preprocessing, model setup and cleanup which are predominantly CPU or disk
tasks were excluded. High resource utilization would indicate efficient offloading
to, and computation on, the GPU which translates to the end goal of increasing
throughput and speedup of execution.

4.4.2 Training

As the model training supports parallel utilization of GPUs the metrics of interest are
the degree of speedup, scaling with memory and execution time. PyTorch provides
built-in functions to track and log the allocated memory on the CUDA devices used
as our goal is to reach a state of computational limitation rather than memory.

Training entails feeding the entire dataset of sources and the desired number of asso-
ciated targets which defines one epoch. Training a model one-to-one (e.g. the base
model) means only one-tenth of the number of targets per epoch is used compared
to training a one-to-10 model. This is also an area of interest as it looks at how the
new architecture impacts the overall execution time and memory requirements.

4.4.3 Inference

The auto-regressive nature of the inference steered us to only implement single GPU
support for sampling. It is however no limitation to simply splitting up the sources
over multiple isolated GPUs but as such the parallel speedup will not be compared
here. Instead, we focus only on execution time at the optimal batch size given the
sampling method at hand and how generating more outputs per source scales with
memory and time.
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Results

In this chapter, the findings and outcomes of the conducted research are presented.
The explanation for a few evaluative terms that are used can be found in Section
4.3.2. Throughout the remainder of this thesis, we will continuously refer to our
model employing multinomial sampling as one-to-{10, 16, 30} based on the training
strategy employed, e.g. the number of targets associated per source. If another
sampling method is used it will be explicitly specified.

5.1 Greedy vs Multinomial

As a first step, we have to determine the sampling method to be used in our model.
As mentioned in the method we are only considering greedy or multinomial sampling,
beam search is excluded from the options due to its high computational demand.
Figure 5.1 shows the one-to-10 model for both greedy and multinomial sampling
separately denoted as one-to-10 (G) and one-to-10 (M), respectively.

Greedy vs Multinomial Sampling
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Figure 5.1: Comparison of the one-to-10 model with greedy search (left) and multi-
nomial sampling (right)
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Both sampling strategies in Figure 5.1 involved the sampling of 10 targets for 10k
sources each. The graph demonstrates that multinomial sampling yields a more
diverse output as indicated by the significantly lower mode collapse. Moreover, a
higher number of molecules with a similarity score of > 0.5 were identified. Since
we want to explore the chemical space, we place value on the diversity that multino-
mial sampling offers while simultaneously minimizing mode collapse. The one-to-10
model used in Figure 5.1 is trained for 50 Epochs.

5.2 Different one-to-many models

Multiple training strategies were employed that resulted in models trained with
varying numbers of targets per source. Specifically, the models trained were the one-
to-10, one-to-16 and one-to-30, which correspond to training with 10, 16, and 30
targets per source, respectively. This refers to how many spherical projections were
made for each source during training and thus the number of targets to batch accord-
ingly. We then sampled 4 and 16 targets per source for 10k sources as illustrated in
Figures 5.2 and 5.3

Sampling 4 targets per source
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Figure 5.2: Differently trained one-to-many models with the number of targets sam-
pled per source in plot title
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Sampling 16 targets per source
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Figure 5.3: Differently trained one-to-many models with the number of targets sam-
pled per source in plot title

Figures 5.2 and 5.3 demonstrate that the performance difference between the models
trained for 50 epochs is negligible regardless of the number of targets that are batched
together. Notably, the one-to-30 model has been exposed to three times more targets
than the one-to-10, however, the impact of this will be shown in Section 5.2.1

5.2.1 Equal Effective Training

When training models with different target batching strategies, the main impact lies
in the number of target sequences observed per epoch rather than the architecture
itself. Therefore, comparing a one-to-10 model trained for 45 epochs with a one-to-30
model trained for 15 epochs should yield similar results in terms of quality.
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Models Trained with 10 & 30 Targets per Source
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Figure 5.4: The distribution of SMILES with similarity> 0.5 at different numbers
of targets per source for the one-to-10 and one-to-30 models.

The one-to-30 model holds a slight edge over the one-to-10 model across most sam-
pling sizes as seen in Figure 5.4, especially in the latter half when sampling 10 or
more molecules per source. One should however take into consideration the time

differences associated with training the two strategies, demonstrated in Subsection
5.6.1.
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5.2.2 Output Quality at Higher Inference Size

Leaving the comparison of differently trained models we instead look at how the
output quality varies when a model is used to generate more molecules. Training is
capped at an upper bound of 60, which means that the model has not been exposed
to sources with more than 60 targets. Even so, it is possible to generate more than
60 sequences per source and Figure 5.5 reveals that there is no major drop-off in
quality doing so.

The reason for this is that we are after 60 targets adding duplicates in the target
batch, as mentioned in Preprocessing 3.2.

Evaluation at Different Inference Sizes
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Figure 5.5: Distribution of outputs for a trained one-to-10 model sampling 10k
sources at different inference sizes.

At 10 sequences per source we observe 12% mode collapse and 37% high similarity
molecules while generating 100 sequences instead demonstrate 36% mode collapse
while retaining 28% high similarity molecules. The fraction of sought after molecules
does not diminish at the same rate the mode collapse increase.
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Evaluation at Different Inference Sizes
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Figure 5.6: Trained one-to-10 model sampling 10k sources at different inference
sizes.

One important factor to keep in mind as we sample more sequences per source is the
total number of molecules generated. As demonstrated in Figure 5.6, the proportion
of mode collapse increases but at the same time we observe a larger number of high
similarity molecules sampled compared to when we sample 10 targets per source.
This becomes particularly valuable when seeking numerous novel variations of the
same source.
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5.3 One-to-One vs One-to-Many

We now want to compare the new model architecture to the base one-to-one model
to see how they both perform at inference. The one-to-10 model and the base model
were both trained for 50 epochs with Figure 5.7 showing the respective output given
10k sources.
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Figure 5.7: Comparing the base model at inference with multinomial sampling and
beam search with the new one-to-10 model with multinomial selection.

As Figure 5.7 demonstrates, the new model performs competitively in terms of
generating valid molecules but shows a tendency towards mode collapse. While
this observation aligns with the expected results of multinomial sampling, continued
work on further possible improvements to the new model is explored in the following
section.
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5.4 Optimal Multinomial Validated Model

As mentioned in Section 4.2.1, it was presumed that a refined metric of the vali-
dation, V Ly, could better capture the desired generative attributes sought after
at inference. In Figure 5.8, a one-to-10 model trained for an increasing number of
epochs is validated through multinomial inference with 10k sources from the valida-
tion set.
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Figure 5.8: Multinomial validation of the one-to-10 model

With the exclusion of the training loss in Figure 5.8, the V Ly, is shown to quite
quickly increase after only five epochs of training as the surge of mode collapse
outweighs the reduction of invalid samples. The best model in terms of V Ly is the
one trained for three epochs and is henceforth referred to as the Optimal Multinomial
Validated Model, or simply our optimal model. In Figure 5.9 one can observe this
optimal model at inference compared to the original model with beamsearch and
multinomial inference and the previously presumed best model, both trained for 50
epochs. Note that the inference is performed on the test set again, not the validation
one used to determine the optimal validated model.
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Inference Quality for Different Models
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Figure 5.9: Inference at Optimal Validation

The optimal model now outperforms the original one with multinomial sampling in
terms of high similarity molecules and thus edges closer to the beamsearch alterna-
tive. Looking only at the two new architecture models to the right indicates that
the refined validation better captures the desired attribute of generating more valid
and high quality samples.
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5.4.1 Optimal Validation for other Models and Inference
Size

To further investigate the notion of optimal validation a One-to-2 model was trained
for 50 epochs with all intermediate steps being validated. Here however, we tried
sampling both 2 and 10 targets to see if the validation mostly correlated well with
the training strategy applied or at other inferences too.
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Figure 5.10: The degree of invalid and mode collapse for the trained One-to-2 model.

In Figure 5.10, two samples are generated from each source in the 10k large validation
subset. When comparing back to Figure 5.8 and the One-to-10 model, one has to
account for the different number of targets observed during training, as the difference
between these two models is a factor of 5. While both models improve in V Lygu;
the first 5 and 25 respective epochs the One-to-10 model shows drastic signs of mode
collapse while the One-to-2 model stagnates from epoch 10.
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Validation of One-to-2 Model (Multinomial Inference 1-to-10)
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Figure 5.11: Inference at Optimal Validation

Testing at the same inference of 10 samples per source shows in Figure 5.11 that the
One-to-2 model has a consistent trend even at the higher inference. The jump in
mode collapse is expected but the model is slowly reducing it over time and in this
scenario might require more training to mature.

Next, we compared three One-to-2 model epochs of interest, looking at the inference
output quality with sampling size 10. The epochs were:

e Epoch 15 - Equates to the best performing One-to-10 model in epoch 3 with
regard to the number of targets trained on

e Epoch 25 - Low V Ly at inference size 2
e Epoch 20 - Low V Ly at inference size 10
To ease the comparison with the One-to-10 model, epochs dividable with 5 were

preferred, albeit the difference was negligible. See Figure 5.12 for the result.
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Inference Quality at Selected Epochs
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Figure 5.12: Inference at selected training epochs for two models, one-to-2 and one-
to-10

The three one-to-2 models (Model-2 in Figure 5.12) all seem to perform within a
slim margin. all in between the somewhat better Model-10-ep3 and the equally but
worse Model-10-ep50. There is an increase in the mode collapse for both strategies
when training for a longer time while the fraction of invalid molecules diminishes.

5.5 Impact of Sinkhorn Approximation Level

With the introduction of pair-wise set comparisons in the loss calculation, it is
of interest to explore the extent to which the presumed accuracy correlates with
the final inference quality. Our implementation of the Sinkhorn algorithm can be
tweaked with two distinct parameters, € for the rate of change and k for the number
of iterations. The relation used to ensure adequate total change is € - k = 0.5, with
three different configurations tested, see Table 5.1.

Table 5.1: Sinkhorn Algorithm Configurations

Configuration Name | € k
Base 0.001 | 500
High 0.0001 | 5000
Low 0.01 50
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As such, three one-to-10 models were trained for 10 epochs each, referred to as
Model-High, Model-Low and Model-Base in this subsection. To evaluate them, we
compare the multinomial inference quality given the same 10k sources and sampling
10 targets for each source. See Figure 5.13 for the results.
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Figure 5.13: Level of Sinkhorn approximation and its impact on the sequences
generated.

There is a striking similarity between the output of Model-High and Model-Base
while Model-Low is somewhat more prone to generating invalid samples. Noteworthy
however is that the training time for these three models are now the same. Compared
to Model-Base, Model-High took 4.5x the time to train while Model-Low was faster
at 0.65x.

With the output quality known, it is also valuable to see how accurate the approxima-
tions really are compared to the ground truth earth mover distance. In Figure 5.14,
some configurations of € and iterations k were evaluated with respect to accuracy
and time to compute. The tests were done on a single K80 GPU, with the number
in each cell representing the average time in seconds to compute the approximation.

43



5. Results

Accuracy and Computation Time at Cardinality 10
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Figure 5.14: Sinkhorn Algorithm, average over 600 batches of points in 3D space.
The number in the cells is the execution time in seconds.

The three configurations mentioned in Table 5.1 are marked out in Figure 5.14. It is
clear that increasing the number of iterations while keeping the € low produces the
most accurate approximations, but the trend seems more tied to the e until it reaches
the lowest tested values. The exact accuracy of the tested configurations were 92.3%,
99.7%, and 99.9% for the Low, Base, and High models respectively. The trend in
accuracy and execution time stayed consistent when increasing the cardinality to 16
and 32 (see Appendix A.1) which simulates the Sinkhorn approximations performed
for the other One-to-16 and One-to-30 models trained.

5.6 Execution Time

An aspect omitted thus far is how changing the transformer architecture impacts
the time and resources required to train the model and run it at inference. This
section presents the benchmarking data acquired from testing on different hardware
setups introduced in Section 4.4.

5.6.1 Model Training

When comparing the training time for differently configured models the other pa-
rameter to take into account is the batch size. The data set used for all training
benchmarking contained 309k sources, with a separate 18k for validation, which is
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split up into batches and computed in large matrix formation for efficient computa-
tion on the GPU. With more encoder projections, meaning more targets associated
with the same source, the batch size had to be reduced in a proportional manner
to accommodate the new architecture’s memory demands. The largest supported
batch size was used to strive towards full GPU computational utilization, but by
nature the training was memory bound.

In the following figures, the Extrapolated Baseline is introduced to help compare the
training of the original model and any new One-to-N model. As the new architecture
strategy is comparable to observing more training targets per epoch than the original
pair-wise model. We argue that running the One-to-1 model for N epochs results
in the same amount of training data observe as one epoch for a One-to-N model.
There are other variables at hand related to the preprocessing and sampling of the
data, however, those have no implication on the execution time during training.
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Figure 5.15: Average training time on NVIDIA K80 12GB GPU for varied number
of batched targets.

In Figure 5.15 up to 8 K80 GPUs were used to train the baseline model and the new
architecture at different batched target set cardinality. Each line type represents
a different number of GPUs while the color is for the model used. Looking at the
pair-wise relation for any given number of GPUs the new architecture is reliably
quicker to train and more noticeable so at a higher target set cardinality. The
difference is less noticeable as more GPUs are utilized in parallel however. Both
models show a strong linear time increase at all configurations, which is expected
for the extrapolated baseline.
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Time to Train one Epoch on V100 16GB GPUs
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Figure 5.16: Average training time on NVIDIA V100 16GB GPU for a varied number
of batched targets.

The next hardware setup tested was the V100 16GB GPUs which Figure 5.16 depicts.
The difference is close to negligible and both models scale in a linear manner for the
number of predicted sequences per source. The speedup when moving from one to
two GPUs is sublinear at an average of 1.72x speedup across all number of batched
targets while the baseline achieved 1.75x speedup.
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Figure 5.17: Average training time on NVIDIA V100 32GB GPU for varied number
of batched targets.
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Doubling the available GPU memory to 32GB with the V100 32GB, the new model
now outperforms the extrapolated baseline as seen in Figure 5.17. The close-to-
linear increase persists for all setups when more predictions per source are made.
In the following Figure 5.18, the linear coefficient has been derived through linear
regression to further compare the two models on different hardware setups. This
looks at the average time it takes to train the new model divided by the number of
batched targets used to make it comparable to the original models single one-to-one
epochs.
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Figure 5.18: Model Training Time Coefficient

Figure 5.18 demonstrate the average increase in time for each hardware configuration
tested as more encoder sphere projections are added (with the base model being the
average single epoch time). This also depicts the expected speedup when leveraging
more GPUs or upgrading to more powerful hardware. For instance, compared with
a single K80 the speedup achieved with 2, 4 and 8 GPUs were 1.85, 3.17 and 5.4
for the new architecture. The new architecture shows to scale at least equal to and
often better than the original model with the tested hardware.
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Time Coefficient to Train one Epoch
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Figure 5.19: Model Training Time Coefficient on V100

Focusing on the V100 GPU in Figure 5.19 gives the unique perspective of increasing
the memory of the GPU. The speedup for the new architecture measured 1.54x,
comparable to the speedup of instead doubling to two 16Gb V100 at 1.72x. The
base model instead saw the memory increase result in a 1.17x speedup while running
two 16GB V100 gave a 1.75x boost.

5.6.2 Inference Sampling

In contrast to training, the inference is auto-regressive and was not developed explic-
itly for multiple GPUs. The performance evaluation was still done on the hardware
introduced in Section 4.4, excluding the A100 GPU. Three methods of inference
were tested, two in beam search and multinomial sampling on the original model
trained for 50 epochs, and one in multinomial sampling on a new one-to-10 trained
model for equal many epochs. The inference time is dependent on the length of the
generated sequence and thus the quality of the model. The generation ends early
when an end token has been detected for a sequence, meaning an untrained model
might cut off the sequence too early or reach the length cap unnecessarily. However,
no indication of this was seen as both models tested generated output sequences of
expected lengths within a few tokens of the given source cardinality.

With the weakest of the GPUs available, the K80, all three models demonstrate a
clear linear trend in Figure 5.20. The orange line representing beam search sampling
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is noticeably slower at higher inference sizes while both multinomial methods for the
two models are jointly quicker.

Inference Time for 10k Sources on a K80 12GB
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Figure 5.20: Inference time on a K80 GPU at a different number of sequences

generated.

Moving to the V100 16GB GPU shows a strikingly similar trend, albeit vastly lower
inference times for all tested inferences as seen in Figure 5.21. The one-to-10 model
consistently edges out the multinomial base model, averaging a speedup of 1.08.
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Figure 5.21: Inference time on a V100 16GB GPU at a different number of sequences
generated.
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Increasing the available memory showed to increase the inference time for all test-
ing. However, the trend and relation between the inference methods remained as
demonstrated by Figure 5.22.
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Figure 5.22: Inference time on a V100 32GB GPU at a different number of sequences
generated.

Deriving the time coefficient similarly as in Subsection 5.6.1 demonstrates in Figure
5.23 how the new architecture allows for quicker inference than beam search and on
par with the multinomial base model.
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Figure 5.23: Average inference time for the inference methods on different hardware

50



5. Results

When comparing the relative speedup, one can expect 40-50% longer runtime for
beam search compared to the one-to-10 model regardless of the hardware used. For

the base model’s multinomial sampling, the same number is closer to 10% across all
inference sizes.
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Discussion and Conclusion

This chapter will present discussions and thoughts concerning the project and draw
conclusions based on the results.

The idea of expanding the transformer to handle sets instead of tuples was suc-
cessful. We had envisioned that our new one-to-many model would surpass the
base model employing multinomial sampling in regards to quality but not as good
as beam search. Our model achieved comparable performance to the base model
running multinomial sampling when trained for the same number of epochs. How-
ever, it outperformed it when trained for only 3 epochs, indicating that our model
architecture can be further improved.

6.1 Model Evaluation and Training Dataset

The generated results show that the proposed architecture works but it is not perfect.
Figure 5.9 shows that the one-to-10 model trained for 3 epochs generates more high
similarity molecules while being on par in regards to execution time at inference as
Figure 5.21 illustrates.

The model might benefit from a more diverse and extensive training dataset. Increas-
ing the size of the dataset and incorporating various data augmentation techniques
can expose the model to a wider range of sequences and enhance its ability to general-
ize to different inputs. In the used dataset for training, all molecules had similarities
> 0.5, it would be interesting to see if the similarities were > 0.7 if that would lead
to even more mode collapse. If the goal is to generate more diverse sequences it is
worth exploring if our model benefits by adjusting the similarities.
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6.2 Impact of Different Model Strategies

During the training the one-to-30 model is more probable to observe all possible
targets for a source compared to the one-to-10 model. Specifically when the available
targets for the source are 30 or fewer. In contrast, for the sources with 10+ targets,
the one-to-10 model has to randomly select between the available targets for that
particular source. This random selection introduces an element of chance into the
predictions made by the one-to-10 model. To mitigate the impact of this random
target selection, the one-to-10 model requires more training epochs. Although the
model has been provided with additional epochs, there remains a level of uncertainty
that could be contributed to the target selection due to the inherent randomness of
the process as illustrated in Figure 5.4.

6.2.1 Architecture’s Affect on Execution Time

By expanding the transformer architecture with an encoder sphere projection strat-
egy there are a few key aspects that change how the data is delivered and thus how
computation is done. First off, aggregating multiple targets associated with the
same source and computing the teacher forcing pattern on all of them in parallel
equates to running the original pair-wise training the same number of times in serial
instead. The aggregation allows us to skip encoding the same source repeated times
which scales as we batch more targets per source, thus increasing the encoding re-
usage. This however requires new overhead in the Sinkhorn algorithm as a more
complicated and excessive loss computation is required, but our results demonstrate
that the benefit out-weights it even at low target batch cardinality. Enabling more
parallel encoders also indicates an increased leverage of the memory available which
is visible when comparing the V100 16GB and 32GB setups. Their respective time
coefficient speedups were 1.54 for the new architecture and only 1.17 for the baseline
when doubling the memory available.

This all propagates into the demonstrated improvements both during training seen in
Figure 5.18 and at inference in Figure 5.23 with regards to the quality of the output.
The benefit at inference was seen mostly at higher sampling sizes, leveraging the
batched encoder embedding more. In contrast, increasing the GPU memory proved
to penalize inference, indicating a computationally bound auto-regression. Given
that a very similar output quality was observed, one can argue the benefit of this
new strategy is proven.
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6.3 Future Work

While the concept of an encoder sphere projection strategy has been proven possible,
this section provides a few immediate angles for improvement or further research.

6.3.1 Decoder Strategy

A current limitation is the maximum number of spherical decoder projections sup-
ported, being the model dimension. The dimension is derived and selected based on
the complexity of the data in relation to what underlying patterns to learn. Forcing
more parameters to the model than potentially needed can result in quality issues
while also increasing all computation required. Instead, expanding or exchanging
the PE function associated with the encoder to enable more embedding transforma-
tions is a topic worth exploring. This could allow for more parallel training and
inference while also enabling a higher supported inference size.

6.3.2 Beam search and Encoder Variation

The possibility of combining a beam search sampling methodology and the new
spherical projection strategy might provide interesting results. Albeit beam search
is applied only at inference and as an external sampler, it by nature avoids mode
collapse and might unlock more potential from the probability output of the new
architecture with the drawback of a longer execution time. Since each varied source
embedding produces its own sequence probability, additional work on avoiding mode
collapse between the parallel beam searches is expected.

6.3.3 Training

An interesting approach would be to change the training to instead of solely re-
warding the model for predicting the correct token we incorporate a diversity-based
reward function. Such an approach aims to encourage the model to explore a wider
range of valid tokens for a given position, promoting diversity in its generated se-
quences. This needs to be in relation to the accuracy metric however, as the simi-
larity still needs to be high for the model to continue to generate valid output.
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Appendix 1

A.1 Additional Evaluation of Sinkhorn Algorithm
at other Cardinalities

Additional figures to demonstrate the correlation of cardinality, number of itera-
tions and the tuning rate € has with the accuracy and computation time of the

implemented Sinkhorn Algorithm, as introduced in Section 5.5. The number in
each cell represents execution time in seconds.

Accuracy and Computation Time at Cardinality 16
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Figure A.1: Evaluation of the Sinkhorn Algorithm averaged over 600 batches of
points in 3D space with cardinality 16.

A very similar pattern can be deduced from Figure A.1 as seen in Figure 5.14, albeit
the contrast at ¢ = 0.1 is more profound.
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Accuracy and Computation Time at Cardinality 32
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Figure A.2: Evaluation of the Sinkhorn Algorithm averaged over 600 batches of
points in 3D space with cardinality 32.

At the higher cardinality of 32, the penalty on the accuracy is magnified when
iterating with ¢ < 0.001 regardless of the number of iterations. The computational
time is mostly tied to the number of iterations, scaling with a factor of 10. It does
not however seem to correlate strongly with the cardinality when comparing with
the two previous Figures 5.14 and A.1.

IT



	List of Figures
	List of Tables
	Introduction
	Thesis Outlook

	Background
	Artificial Neural Networks
	Natural Language Processing & Recurrent Neural Networks
	Long Short-Term Memory

	Transformers
	Attention
	Multi-Head Attention
	Encoder and Decoder
	Positional Encoding

	Sinkhorn Distance and Sinkhorn-Knopp Algorithm
	Inference and Sampling

	Dataset
	ChEMBL
	Preprocessing

	Methods
	Encoder Sphere Projections
	Constraints
	Re-usage and Expansion of Positional Encoding
	Sinkhorn Loss

	Validation
	Multinomial Validation

	Inference and Evaluation
	Auto-regressive Sequence Generation
	Evaluation Metrics

	Hardware and Performance Evaluation
	Performance Metrics
	Training
	Inference


	Results
	Greedy vs Multinomial
	Different one-to-many models
	Equal Effective Training
	Output Quality at Higher Inference Size

	One-to-One vs One-to-Many
	Optimal Multinomial Validated Model
	Optimal Validation for other Models and Inference Size

	Impact of Sinkhorn Approximation Level
	Execution Time
	Model Training
	Inference Sampling


	Discussion and Conclusion
	Model Evaluation and Training Dataset
	Impact of Different Model Strategies
	Architecture's Affect on Execution Time

	Future Work
	Decoder Strategy
	Beam search and Encoder Variation
	Training


	Bibliography
	Appendix 1
	Additional Evaluation of Sinkhorn Algorithm at other Cardinalities


