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Abstract

One of the most common applications of deep learning for cheminformatics is ret-
rosynthesis, which is a task of predicting reactants given a chemical product. After
transformer was invented, it has been widely used for retrosynthesis. Chemformer
is a transformer-based model, which was pre-trained using SMILES of chemical
molecules first and can be fine-tuned for retrosynthesis. The model achieves state-
of-the-art performance on this task. Retrosynthesis task expects multiple predictions
of reactants. Chemformer uses beam search or multinomial search to get multiple
predictions, which results in a lack of diversity, accuracy and efficiency of the model.
In this project, the sphere projection strategy, which is a one-to-many generation
strategy, was applied to Chemformer to enable it to generate multiple predictions.
The sphere projection achieves one-to-many generation by introducing variations of
source embedding of encoder and combining those variations with a single-prediction
sampler, such as greedy search and multinomial search (multinomial size = 1). By
comparing the modified Chemformer with sphere projection strategy to the baseline
Chemformer, it was shown that the strategy can improve diversity, accuracy and
efficiency by 197%, 7% and 4% respectively for beam search, and 101%, 2% and
17% respectively for multinomial search.

Keywords: Retrosynthesis, LLM, large-language model, one-to-many generation,
machine learning, deep learning, transformer, diversity, accuracy, efficiency.
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1

Introduction

In recent years, the application of deep learning technologies has extended to var-
ious domains, including cheminformatics. Within cheminformatics, deep learning
has been successfully applied to retrosynthesis, a task that takes target molecules
and break them into smaller fragments called reactants. One category of deep learn-
ing methods employed for retrosynthesis are sequence-based methods that learns
the chemical language encoded in the SMILES notation [1], which is a string repre-
sentation (text) of a molecule. Language models such as transformers [2] are usu-
ally applied as generative methods to generate reactants based on target molecules.
More recently, the emergence of large language models (LLMs) based on transformer
has also seen their adoption in sequence-based retrosynthesis, exemplified by Chem-
former [3] among others [4]. Chemformer was pre-trained to reproduce SMILES
based on masked inputs prior to being fine-tuned on the retrosynthesis task. This
self-supervised pre-training model can significantly improve performance and speed
up convergence on downstream tasks. It achieves state-of-the-art results for top-1
accuracy on retrosynthesis after fine-tuning. And it is also proved that Chemformer
performs well on multi-step retrosynthesis [5].

In retrosynthesis, it is expected that the model can generate multiple predictions
for one target molecule, which are reactant sets that can be used to synthesize the
target molecule in alternative ways. Like most of sequence-based methods with trans-
former, Chemformer generates multiple predictions by applying sampling algorithms
like beam search [6] or multinomial search [7] on output of transformer decoder. The
problem of using the original Chemformer for retrosynthesis is that predictions of
Chemformer lack diversity. The fraction of unique and accurate predictions among
all the predictions generated by the original Chemformer is low. For instance, in
50 predictions, the fraction is 2.7% using beam search and 13.7% using multino-
mial search. This means that most of accurate predicted molecules are repeated.
Besides, although the model achieves state-of-the-art results for top-1 accuracy on
retrosynthesis, its top-5 and top-10 accuracy is lower than Aug transformer [4] and
a few other models, according to the paper of Chemformer [3]. Therefore, there is
still room for improvement in the accuracy of Chemformer. Moreover, using these
two sampling algorithms to sample multiple predictions is computationally ineffi-
cient, which means the algorithm usually takes a long time to generate multiple
predictions. This is because of the high time complexity of the algorithms that is
explained in Section 2.4. This problem poses challenges for practical deployment of
the Chemformer model.
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This thesis addresses problems of Chemformer mentioned above by applying sphere
projection strategy to enable it to generate more diverse and accurate predictions
efficiently. The method was applied to Chemformer and evaluated in terms of met-
rics, including fraction of unique and accurate predicted SMILES, round-trip top-k
accuracy, and efficiency. The results show that it can significantly improve diver-
sity, accuracy and efficiency of Chemformer by 197%, 7% and 4% respectively for
beam search, and 101%, 2% and 17% respectively for multinomial search. Although
we focus on retrosynthesis prediction, the method proposed in this project can be
transferred to other domains for e.g. text, music and video.

1.1 Thesis outlook

Chapter 2 prepares enough background knowledge for readers to be able to under-
stand content of this thesis. It explains most of technologies used in this project,
containing SMILES, retrosynthesis, transformer, sampling methods, Chemformer
and evaluation metrics. Then, Chapter 3 states the theory of sphere projection
strategy, how it is applied to Chemformer, dataset used for fine-tuning, the ways of
inference with the modified model, and how the modified Chemformer was evaluated
according to different metrics. Next, Chapter 4 shows results of evaluations based
on each metric. Last, discussions and conclusions about the results are shown in
Chapter 5.
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Theory

2.1 SMILES

A SMILES is a sequence of characters used to represent a chemical molecule, which
denotes "Simplified Molecular Input Line Entry System"'. Commonly, a molecule
structure is represented as a graph, but it is hard to store a large dataset of graph-
based molecules. SMILES is designed to be storage-friendly. Atoms are represented
by their atomic symbols in a SMILES. For example, carbon is denoted as ’C’ and
oxygen is denoted as ’O’. Except atoms, structures in a molecule also need to be
represented in a SMILES. Single, double, triple, and aromatic bonds are represented
by the symbols "-", "=" "#" and ":". And "." represents "no bond", ie. separating
two molecules. Branches are specified by enclosures in parentheses. And the way
to represent cyclic structures is to enclose the atoms in the ring within a pair of
numbers. Figure 2.1 shows an example of SMILES of quinone that contains atoms,
bonds, branches and rings. Double bonds between carbon and oxygen in the left and
right of the molecule are denoted as =" The right oxygen is treated as a branch, so
it is enclosed in parentheses. The structure in the middle of the molecule is a ring
and it is labeled with a pair of digit '1’s in the SMILES. SMILES can be also used
to represent more complex structure of molecules like disconnected structures and
aromaticity, as shown in the paper of SMILES [1].

B

0=C oy
eH=cH”

0=C1CCC(=0)CCl

CH=CH
/
(0]

Figure 2.1: An example of SMILES: quinone.

2.2 Retrosynthesis

Retrosynthesis is a powerful technique used in chemistry to find a way to synthesize
complex molecules. It is essentially a backward approach, starting from the target
molecule that the chemist wants to produce and working backward to identify the
starting reactants required for the synthesis. In drug discovery, retrosynthesis al-
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lows chemists to plan the best route for synthesizing a target molecule, reducing
costs and increasing efficiency. By understanding synthetic pathways, chemists can
modify drug molecules to improve their efficacy, reduce side effects, and enhance
pharmacokinetic properties, ultimately improving healthcare and quality of life. Re-
cently, deep learning is applied to retrosynthesis to automate and accelerate the
process, utilizing neural networks to predict the most efficient synthetic routes. It
aims to save time and resources, offering quicker and more efficient ways to design
complex molecules.

2.2.1 Deep learning in retrosynthesis

There are single-step retrosynthesis prediction and multi-step retrosynthesis search.
Single-step retrosynthesis prediction is a kind of algorithms that can predict reac-
tants given a target molecule in one step. While, multi-step retrosynthesis [8] [9] [10]
is usually based on single-step retrosynthesis and builds a search tree or a directed
acyclic graph to do retrosynthesis in multiple steps to convert target molecule to
commercially available building blocks. Multi-step retrosynthesis predictions are of
utmost importance because synthesis of a target molecule is usually done in multi-
ple steps in the industrial pharmaceutical domain. However, multi-step predictions
require an accurate and efficient single-step model. This project is related to single-
step retrosynthesis.

2.2.2 Single-step retrosynthesis

Template-based and template-free methods are two common types of single-step ret-
rosynthesis methods. Template-based methods do not directly generate reactants
and they select (predict) appropriate reaction templates which are applied to the
product to obtain the reactants, exemplified by [11]. Reaction templates represent lo-
cal changes around the reaction center, and are therefore more general than reaction
SMILES. Template-free methods do not rely on any reaction rules or templates and
generate reactants directly. They can either be sequence-based methods, or graph-
based methods. The difference between them is how they represent a molecule.
Sequence-based methods represent molecules as sequences (SMILES), which will be
introduced in next section, while graph-based methods represent molecules as graph
and GNNs for retrosynthesis [12] [13] [14] are used to do generation. This project
focuses on sequence-based methods, which are SMILES-based methods.

2.2.3 SMILES-based methods

SMILES-based methods formulate retrosynthesis as a sequence-to-sequence transla-
tion problem. Input and output molecules are commonly represented as sequences of
SMILES tokens. Liu et al. were the first to propose a SMILES-based method for ret-
rosynthesis [15], and the model they use is LSTM [16]. Later, Karpov et al. replaced
LSTM with transformer and achieved a better result [17]. Since Karpov’s method
based on transformer was proposed, most of SMILES-based methods for retrosynthe-
sis have been based on transformer and they were proposed to improve performance
on retrosynthesis. For example, Zheng et al. proposed a self-corrected retrosynthesis

4
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predictor(SCROP) to solve invalid output molecules generated by transformer [18],
and this approach largely reduced the invalid rate of predictions. Some research
performed data augmentation on SMILES representations to improve the perfor-
mance of SMILES-based methods like [4], and their experiments illustrated that as
they applied more intricate data augmentation strategies, the model’s generalization
ability improved. Moreover, some research tried to also use graph characteristics of
molecules by adding a graph encoder [19], and the empirical results indicate a signif-
icant improvement in test accuracy for their model compared to the baseline vanilla
Transformer model. These methods aim to achieve better accuracy on retrosynthesis
in different ways. Another way to improve accuracy of retrosynthesis is to pre-train
a large language model like Chemformer used in this project or others [4].

2.3 Transformer

Transformer [2] is a deep learning model architecture that can be applied to many
areas like computer vision and natural language processing. And as said above,
transformer has been widely used in retrosynthesis. The Chemformer model used
in this thesis is based on the transformer architecture. Common transformers have
an encoder and a decoder. Both of them consist of embedding layer, attention layer,
feed-forward layer and normalization layer. First, the layers are explained, then how
the layers form encoder and decoder is shown.

2.3.1 Embedding layer

Usually, texts are input of encoder and decoder of transformer, like SMILES in this
project. Texts need to be vectorized before being input to transformer and this is
done by embedding layer. Texts need to be tokenized first, which means to convert a
character (or one word) into a token that is a number. In this project, a vocabulary
for SMILES is used to map characters in SMILES to digits and all single characters
are treated as tokens unless specified otherwise. After tokenizing, a sequence of texts
is converted to a sequence of tokens. The embedding layer converts each token to
a vector according to Equation 2.1. In the equation, W, and W, are two learnable
matrices in the embedding layer, whose shape is (d, v). d is the number of dimensions
of the model and v is the size of vocabulary. z; is the one-hot vector of the i-th
token in the sequence. t; is the one-hot vector of position of the i-th token in the
sequence. The length of the two vectors is v. h; is the converted vector of the token,
whose length is d. W, and W, are shared among all the tokens and positions.

2.3.2 Attention layers

Three kinds of attention layers are used in transformers. Multi-head self-attention
layer is used in encoder. Masked multi-head self-attention layer and encoder-decoder
layer are used in decoder. They are explained below.
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2.3.2.1 Self-attention layer

Multi-head self-attention layer is based on self-attention layer, which is used to
capture the correlation between the elements within the sequence. When computing
output for one vector in the sequence, all vectors in the sequence are used with
different weights. Two related vectors in the sequence should have higher weight.
The mathematic representation of self-attention is shown in Equation 2.2, 2.3, 2.4.
X is the input to the self-attention layer. Wj, W, and W, are three learnable
matrices in this layer. They are multiplied with X to get K, () and V', which mean
"key", query", "value". K and () are used to calculate weights among the vectors
and they are stored in matrix W. d is the length of vectors and it is used to ignore
the length while calculating the weights. The output of the layer is achieved by
multiplying W and V.

K=WX, Q=W,X, V=W,X (2.2)
W = softmaz(K"Q/Vd) (2.3)
Y = VW (2.4)

2.3.2.2 Multi-head self-attention layer

The idea of multi-head self-attention layer is that the matrix with shape (L,d),
which is the matrix representation of the sequence input to the self-attention layer,
is divided into n sub-matrices with shape (L,d/n). n is the number of heads in
the multi-head self-attention layer. The sub-matrices are processed in the same way
of self-attention layer by each head. The results from different heads are concate-
nated back to shape (L, d) after processing. The idea to process the sequence with
multi-heads enables the model to extract diverse features and benefits from parallel
processing.

2.3.2.3 Masked multi-head self-attention layer

Different from attention layer used in encoder, the multi-head self-attention layer
used in decoder is masked. It introduces an attention mask to multi-head self-
attention layer. Attention mask is used because decoder is expected to predict next
token only based on previous tokens. It is a mask applied to weight matrix W shown
in Equation 2.4, so that while computing output of a vector in the input sequence,
only vectors before the vector are used. Weights among this vector and vectors after
it are masked to zero.

2.3.2.4 Encoder-decoder layer

Decoder not only needs to process the input to decoder, but also needs to utilize
information extracted by encoder. The layer that is responsible for this is encoder-
decoder attention layer, since the layer uses both input of this layer and source
embedding from encoder to compute the output. The computation is shown in
Equations 2.6, 2.6, 2.7. The difference from self-attention is the way to compute K,

6
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@ and V matrix in Equation 2.5. K and V are computed with source embedding
that is output of encoder. ) is computed with input of this decoder layer. Following
computations are the same with self-attention.

K=WiX,, Q=W,Xy, V =W,X. (2.5)
W = softmaz(K"Q/Vd) (2.6)
Y = VIV (2.7)

2.3.3 Feed-forward layer

Feed-forward layer is the most fundamental component in deep neural network. It
has two learnable parameter matrices W and b. By optimizing parameters in these
two matrices, feed-forward layer can learn the mapping between input and output.
The formula of feed-forward layer is shown in Equation 2.8. X and Y are the input

and output. o is an activation function used to add nonlinearity to the layer, which
is usually ReLU [20].

Y =0(WX +0b) (2.8)

2.3.4 Layer normalization

Layer normalization [21] is used in normalization layer of transformer. The input to
this layer is a sequence of vectors. The shape of matrix of one sequence is (L, d). L is
the sequence length and d is the number of dimensions of the model. Normalization
is applied to all the values in the matrix of the sequence according to Equation 2.9,
2.10, 2.11 and 2.12. p is the mean of all values in the matrix and o2 is the variance
of the matrix. Normalization is done with Equation 2.11. Each value in the matrix
is modified with mean and variance. € is a hyperparameter, but it usually set to a
small value and never optimized. Equation 2.12 is used to improve flexibility of the
layer by introducing two learnable parameters. Layer normalization helps address
internal covariate shift, make training faster and improve performance of models.

L d

=>> X (2.9)

i=1j=1

=

=33 (X - 210

N X —pn

X="-—C 2.11
g (2.11)

Y =7X + 8 (2.12)
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2.3.5 Encoder

The architecture of encoder is shown in Figure 2.2. Except embedding layer in the
bottom and feed-forward layer in the top, the block in the middle is an encoder
block, which consists of a multi-head self-attention layer, a feed-forward layer and
two normalization layers. The input to a multi-head self-attention layer (or a feed-
forward layer) is added to the output of the layer before normalization. This forms a
residual architecture [22] that makes training easier. Encoder can contain multiple
encoder blocks. The function of encoder is to extract features from the input of
transformer.

Output

| Feed-forward I

Add &
Normalization

Feed-Forward

Add &
Normalization

)
Multi-head
Self-attention

g s e P

4 )

N X Encoder
blocks

)
Embedding
layer

S

Input

Figure 2.2: Architecture of encoder in a transformer.

2.3.6 Decoder

The architecture of decoder is similar to encoder and it is shown in Figure 2.3.
Similar to encoder, decoder blocks also uses residual architecture and a decoder can
have multiple decoder blocks. But attention layers used in decoder are different.
They are designed for the function of decoder that is to generate sequences auto-
regressively based on output of encoder.

8
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Qutput

Add &
Normalization

‘

Add &
Normalization

Source
embedding

N X Encoder]
blocks

Figure 2.3: Architecture of decoder in a transformer.

2.4 Sampling

Transformers need to be trained first, and then, they can be used to predict results
for different tasks. The process of predicting results is called inference. Sampling
technologies are used during inference of transformer. During inference, decoder of
transformer is responsible for generating a result sequence of tokens auto-regressively,
which means to generate one token in one iteration given the source embedding and
the previously decoded sequence of tokens. In each iteration, which token to select
to be the next token in the sequence is determined by sampling method based on
probability distribution of tokens in the vocabulary generated by decoder. Three
sampling methods were used for this thesis, greedy search, multinomial search and
beam search, as explained below. Multinomial search and beam search can be
used by Chemformer to generate multiple predictions for one product. Because
the multiple predictions are generated based on the same source embedding of the
product as shown in Figure 2.7, the multiple predictions lack diversity. Less diverse
predictions reduce the possibility to predict the right reactants to synthesize the
product, which limits accuracy of a model. Moreover, multinomial search and beam
search are not efficient, which is explained below.

2.4.1 Greedy search

Greedy search is a simple sampling method. In each auto-regressive inference step,
the decoder generates probability distribution of tokens. Greedy search selects the
token in vocabulary with highest probability as the next generated token. Hence,
only one sequence can be generated using greedy search. The time complexity of
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greedy search is O(T x V'), where T is the length of generated sequences and V is
the size of vocabulary.

2.4.2 Multinomial search

Similar to greedy search, multinomial search is also used to select the next token for
the generated sequence based on the probability distribution of tokens in vocabulary.
The way to sample one token is shown in Listing 1. The sum of probabilities of tokens
in the vocabulary to be the next token is 1. A random number between 0 and 1 is
generated. A cumulative probability is summed from the first probability to the last
one. In this process, if the cumulative probability is larger than the random number
after adding probability of a token, this token is selected as the next token. In this
way, the token with higher probability has more chance to be selected. The time
complexity of this algorithm is the same with greedy search, which is O(T'x V'), where
T is the length of generated sequences and V' is the size of vocabulary. Multinomial
search can be repeated several times to select multiple tokens. The common way of
using multinomial search to generate multiple sequences is to sample multiple tokens
as started tokens of multiple sequence in the first step of the sequences’ generation
process. And, in later steps, one next token is sampled for each sequence. Time
complexity of the first step of multinomial search for generating N sequences is
O(N x V). The time complexity of the first step is not very high. However, the
sampling is based on one probability distribution, so the N sampling processes can
not be parallelized. If the sampling is based on N probability distributions and one
token is sampled from each of them, the process will be parallelized and faster. That
is why using multinomial search to sample multiple sequences is not efficient though
its time complexity is not high.

# P is probabilities of tokens in vocabulary.
# Vocabulary size is pv.

# The sum of probabilities is 1.

P = [p1, p2, ... , pvl

# Generate a random number between O and 1.
random_p = random(O, 1)
sum_p = O
i=1
while i <= v and sum_p < random_p:
sum_p += P[i]

return i-1

Listing 1: Pseudo code of multinomial search.
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2.4.3 Beam search

Beam search algorithm is another sampling method, which can be used to generate
multiple sequences by setting beam size greater than 1. If beam size is set as 1,
beam search is equal to greedy search. Figure 2.4 shows how the decoder and beam
search algorithm work to generate multiple predictions. Beam search is an iterative
process and it depends on a parameter called beam size, B. The larger the beam
size is, the better the results are, but this comes at a computational cost. At a time
step t, beam search stores the B most probable subsequences (which are just the
tokens at t). Then, the decoder predicts probabilities of possible tokens to be the
next token for each subsequence. Next, beam search combined the B subsequences
with all the new predicted possible tokens and computes probabilities of the B x
V new subsequences, where V is the number of possible tokens (usually is number
of tokens in vocabulary). Beam search keeps the B most probable ones for next
time step t+1. The process ends when t=T (the max sequence length) or when
all the subsequences have an EOS token, i.e. a special token that denotes the end
of the string. The time complexity of selecting B most probable ones from B x V
subsequences is O(B x V x log(B)), which leads time complexity of beam search to
be O(T x B x V x log(B)). The action of selecting top B subsequences in beam
search causes its inefficiency. If decoder can generate k predictions by processing
k sequences in parallel without beam search, the inference process could be much
more efficient.

™ P1
Select top B from Prediction1 4 --
B * v probabilities L bV
Prediction 1 ~ 1
Prediction 2
Decoder Prediction 2 —
Prediction B L PV
P1
Prediction B
pv

Figure 2.4: Beam search.

2.5 Chemformer

Chemformer [3] is a large language model used for chemical informatics. Its original
base model is BART [23] model, i.e. Bidirectional and Auto-Regressive Transformers.
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BART is a transformer-based model and has both encoder and decoder explained
above. The model was first pre-trained with 100M SMILES, which were randomly
selected from roughly 1.5 billion molecules in ZINC-15 dataset [24]. The pre-training
process is shown in Figure 2.5. The SMILES is masked before input to the encoder
and the decoder is trained to predict the same SMILES given the original SMILES.

Cnlc(=0)c2c(ncn2C)n(C)cl=0<e>

\

Bidirectional Autoregressive
Encoder — Decoder
Cn1<MASK>2c(ncn2C)<MASK>0 <s>Cnlc(=o0)c2c(necn2C)n(C)c1=0

~.

Cnlc(=0)c2c(ncn2C)n(C)c1=0

Figure 2.5: Pre-training process of Chemformer.

After pre-training, Chemformer can be fine-tuned to do different tasks, including
retrosynthesis, reaction prediction, molecular optimization and property prediction.
The way to fine-tune Chemformer’s pre-trained model for retrosynthesis is shown
in Figure 2.6. Products are the input to encoder, and decoder is trained to predict
next token of reactants based on output of encoder.

=5 - =8

products

Figure 2.6: Fine-tuning of Chemformer for retrosynthesis.

How Chemformer is used for retrosynthesis during inference is shown in Figure 2.7.
The encoder converts SMILES notation of target molecule to source embedding.
The decoder works with multinomial search or beam search to generate different
predictions. Each prediction is a SMILES, which contains a set of reactants sepa-
rated by ".". Chemformer can use two sizes of BART models. The smaller model
has 45M parameters and the bigger one has 230M parameters. For easier evaluation,
the smaller BART model was used in this project. The setting of the small BART
model is shown in Table 2.1.
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Prediction 1
Prediction 2

Prediction n

Source
embedding

=

One-to-many sampling
method like multinomial
search or beam search

Prediction 1 ===
Prediction 2

] Prediction n

Figure 2.7: Chemformer for retrosynthesis.

Table 2.1: BART model settings.

Chemformer
Model dimension 512
Feed-forward 2048
Layers 6
Attention heads 8
Parameters 45M

2.6 Evaluation metrics

The models in this project were evaluated in terms of diversity, accuracy and effi-
ciency. Diversity was measured by using fraction of unique and accurate sampled
SMILES. Accuracy was measured by round-trip top-k accuracy. And, efficiency was
measured by batch-inference-time. Explanation of each metric is shown below.

2.6.1 Diversity

The way to measure diversity used in this project is the fraction of unique and accu-
rate predictions. "Accurate’ means the prediction of reactants can be synthesized to
the target product, and 'unique’ means a prediction of reactants is not overlap with
other predictions. The metric is the fraction of this kind of predictions that meet
the two conditions in all predictions. To measure this metric, round-trip evaluation
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is used as shown in Figure 2.8. Chemformer generates k predictions of reactants.
Then, the predictions of reactants are synthesized back to products. This is done by
using a forward synthesis model [5], which is Chemformer fine-tuned for synthesis
prediction. Number of accurate predictions is achieved by comparing the synthe-
sized products with the target product, which means that a prediction of reactants
is accurate if the corresponding synthesized product’s SMILES is the same with the
one of the target product. While comparing, two SMILES are canonicalized using
RDKit [25] first to avoid the situation that two different SMILES refer to the same
molecule. From accurate predictions, the number of unique predictions is counted
as n. The fraction of unique and accurate predictions is n/k.

Prediction 1 Product 1
5 > Prediction 2 — p Product? & %

Compare

Prediction k Product k

Figure 2.8: Round-trip metric.

2.6.2 Accuracy

A common way to evaluate accuracy of retrosynthesis is using top-k accuracy metric.
The idea of top-k accuracy is to check if the target is in the first k& predictions. In
this project, k is set as the number of predictions of the model, so it is to check if the
target is in the predictions. For this thesis, round-trip top-k accuracy was used. So,
the way to measure this metric is also shown in Figure 2.8, and the idea is to check
if the target product is in the synthesized products. Round-trip top-k accuracy is
calculated based on a batch of data. If the number of instances in the batch that
the target product is in the synthesized products during evaluation is counted as n,
round-trip top-k accuracy is calculated by n / batch_ size.

2.6.3 Efficiency

Efficiency was measured during inference of models. Models process a batch of
input sequences and make predictions together. The time for a model to generate
predictions for a batch of input sequences is batch inference time. Batch inference
time was used as the metric of efficiency in this project.
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Methods

As mentioned in Chapter 1, the problem that this project aims to solve is that
original Chemformer, which is BART model with a one-to-many sampling method
like beam search or multinomial search, lacks diversity, accuracy and efficiency. It
is explained in Section 2.4 that the reason of this problem is the use of one-to-many
sampling methods. The idea to solve this problem is to give the model the ability of
one-to-many generation so that the model can generate multiple predictions for one
product without one-to-many sampling methods. The model still needs sampling
methods for auto-regressive decoding, but only a one-to-one sampling method is
needed like greedy search or multinomial search (multinomial size = 1). The method
used in this project for one-to-many generation is sphere projection strategy. It is a
strategy proposed by my adviser, Alessandro Tibo, and it was proved to be effective
on improving diversity and efficiency of molecule optimization with the original
Transformer model in master thesis of Oscar Almstrém and Anton Softing last year.
The method is explained in detail first in this chapter. The strategy was applied to
BART model of Chemformer and a sphere projection model was achieved. How the
sphere projection model was trained and how to use it for inference are also shown
in this chapter.

3.1 Sphere projection Strategy

The original Chemformer generates predictions based on only products. The idea
of sphere projection strategy is to train a sphere projection model that generates a
prediction based on both a product and a unit vector. The hypothesis is that the
model will generate diverse predictions if diverse unit vectors are used. The diverse
vectors are created with singular value decomposition. More details on this strategy
are shown below.

3.1.1 Singular value decomposition

Sphere projection strategy is based on orthogonal vectors. The mathematical way
to generate orthogonal vectors is singular value decomposition (SVD) [26], which
allows to decompose a matrix into a product of three structured matrix as shown
in Equation 3.1. ¥ is diagonal matrix. If A is a real matrix, U and V will be
unitary matrices, which means that columns (or rows) of them have lengths of 1
and they are orthogonal to one another. In this project, a random real matrix
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sampled from a normal distribution is used as A. After SVD, the unitary matrix
V is used in sphere projection strategy. The columns of V are called orthogonal
vectors or sphere projection vectors.

A=UXVT, where AeR™", UecR™™ VeR™" (3.1)

3.1.2 Omne-to-one generation model

The original Chemformer uses BART model that is a one-to-one generation model.
The function of the model is shown in Equation 3.2, where x is the input product,
© is parameters in the model, and y is a possible SMILES that represents reac-
tants. Given a product, BART can compute probabilities of all possible SMILES of
reactants that they can be synthesized to the target product. Based on the probabil-
ities, the SMILES with the highest probability is chosen as the generated reactants.
Therefore, the model needs to be trained to predict the correct reactants with high-
est probability. Assume Z and g are a pair of product and corresponding reactants
in training data. Parameters in the model, ©, should be optimized to maximize the
probability that ¢ is predicted, as shown in Equation 3.3. Since there are always
many samples in training dataset, the average of all probabilities for all samples
should be maximized, as shown in Equation 3.4, where 2 and §¥ are product
and reactants of one sample in the dataset, and m is the number of samples in the
dataset.

P(y|z; ©) (3.2)
argmazP(y = §|%; ©) (3.3)
1 ) )
argmazr— Y P(y = §"|21); 0) (3.4)
m

=1

3.1.3 Sphere projection model

Unlike one-to-one generation model, sphere projection model receives an additional
input z, except the input product x, as shown in Equation 3.5. z is one of sphere
projection vectors created by singular value decomposition. Based on diverse sphere
projection vectors that are orthogonal to one another, it is expected that the model
can generate diverse probability distributions of y, and so different reactants can be
predicted.

P(ylz, 2 0) (3.5)

Sphere projection model is a one-to-many generation model, so one-to-many dataset
should be used to train the model. A product should have multiple sets of reactants
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in the dataset. The dataset used in this project is shown in Section 3.3. The model
is trained to predict multiple sets of reactants based on sphere projection vectors.

Given a sphere projection vector z;, the model is expected to predict one of correct

sets of reactants, @j(l) Parameters in the model should be optimized to maximize the
sum of probabilities that the reactants are predicted by the model, which is shown

in Equation 3.6, where p is the expected number of predictions.

1 m P NOT?
argmazr— > Y Py = yj( )]a:( ), 23 0) (3.6)

i=1j=1

3.1.4 Implementation

Sphere projection strategy does not change architectures of encoder and decoder.
Figure 3.1 shows how to use sphere projection strategy while fine-tuning, while
Figure 3.2 shows the process of one-to-many generation with this strategy during
inference. However, sphere projection strategy works in the same way. It converts
source embedding generated by encoder to multiple source embeddings, so different
predictions can be generated by decoder based on different source embeddings. A
target molecule is input to encoder of Chemformer and a source embedding with a
shape of (L, d) is output by the encoder. L is the length of the source embedding and
d is the dimension of the model. In the SVD step, the shape of A is (p, d), where p is
number of predictions that is expected. So, according to Equation 3.1, the shape of V
is (d, d). The first p columns of V" are selected as sphere projection vectors. Therefore,
there are p sphere projection vectors and each of them has shape (d). After adding
each sphere projection vector to the source embedding, p source embeddings with
shape (L, d) are obtained. During fine-tuning, p reactants are input to decoder and
the decoder learns to predict next token of the reactants based on corresponding
source embeddings. Parameters in encoder and decoder are optimized to adapt to
one-to-many generation based on sphere projection vectors in this process. During
inference, different predictions are generated by decoder based on different source
embeddings with greedy search or multinomial search (multinomial size = 1). Each
prediction is a set of reactants that may be able to be used to synthesize the target
molecule.
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Figure 3.1: Sphere projection strategy while fine-tuning.
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Figure 3.2: Sphere projection strategy while inference.

3.2 Advantages

Previously, one-to-many generation was achieved by using beam search or multino-
mial sampling by setting beam size or multinomial size greater than 1. Although
multiple predictions can be generated given one input, the predictions are gener-
ated based on the same source embedding and this results in them being similar
to one another. With sphere projection strategy, this does not make sense. Since
the sphere projection forms an orthogonal basis (independent vectors), then source
embeddings are different from one another. The hypothesis is that this leads to
improved diversity and top-k accuracy of predictions.

As explained in Section 2.4, using beam search and multinomial search to sample
multiple sequences is inefficient. By applying sphere projection strategy, sampling
methods are not responsible for one-to-many generation. Therefore, sizes of beam
search and multinomial search are set as 1. In this case, beam search is equal to
greedy search. Since greedy search is used for sampling, time complexity of sphere
projection strategy is smaller than beam search. As shown in Chapter 2, time
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complexity of beam search in one step is O(B xV xlog(B)) and it is used to generate
B predictions. In order to generate B predictions with sphere projection strategy,
p needs to be set as B. So, the input to decoder is B sequences. For each sequence,
V next tokens are predicted. According to greedy search, the most probable token
is selected and the time complexity of this action for B sequence is O(B x V).
Therefore, the time complexity is reduced by a factor of O(log(B)). In the case of
multinomial search, the hypothesis is that the first step of multinomial search for
one-to-many generation, which is to sample multiple first tokens of sequences, can
not be parallelized, because it works on the same probability distribution generated
by decoder based on the only source embedding. With sphere projection strategy,
multiple probability distributions are generated and one token is sampled from each
distribution with multinomial search in parallel. So, sphere projection strategy can
also improve efficiency of the model using multinomial search.

3.3 Dataset

The dataset used to fine-tune Chemformer for retrosynthesis is USPTO-50K [27].
This dataset contains approximately 50k reactions. One reaction is a pair of product
and reactants, which can be synthesized to the product. After fine-tuning, Chem-
former can predict one set of reactants given a product. With sphere projection
strategy, the modified Chemformer generates multiple predictions of reactants. So,
this dataset can not be used to fine-tune the one-to-many generation model. To solve
this problem, a set-based dataset based on USPTO-50K was created to train the
modified Chemformer model. In the new dataset, a product usually has multiple cor-
responding sets of reactants. These different sets of reactants were created using the
reaction templates of the AiZynthFinder template-based model [28]. AiZynthFinder
included 179k templates, but not all of them can be used to retrosynthesize a prod-
uct, so different products get different number of sets of reactants. The sets of
reactants for one product were ranked based on log-likelihoods between the product
and the sets of reactants computed by using the Chemformer model for retrosynthe-
sis. The product SMILES was input to encoder of Chemformer and the reactants
SMILES was input to decoder of the model. The log-likelihood between the prod-
uct and the reactants is the sum of log-probabilities of each token in the reactants
SMILES output by decoder. The value of log-likelihood shows the probability that
the reactants can be synthesized to the product, evaluated by Chemformer for ret-
rosynthesis. After ranking, the top 100 sets of reactants were saved in the set-based
dataset. There are some products that have less than 100 sets of reactants and they
should be removed during fine-tuning if the number of sets of reactants is less than

number of predictions. The new dataset is called SET-BASED-USPTO-50K.
3.4 Fine-tuning
Chemformer is based on BART model, which is the original model of Chemformer.

Sphere projection strategy was used to modify Chemformer’s BART model. The
modified model is a sphere projection model, but it has the same encoder and decoder
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as the original BART model. Therefore, the sphere projection model can be fine-
tuned based on pre-trained parameters of Chemformer. Pre-trained parameters of
Chemformer are loaded to sphere projection model’s encoder and decoder, and it
was fine-tuned with SET-BASED-USPTO-50K dataset. The fine-tuning process is
descripted in Section 3.1.4. The loss function used to calculate the loss between
output of decoder and ground-truth reactants is cross-entropy. Because multiple
sequences are generated, the final loss is the sum of loss of each sequence. Based on
the loss, parameters in both encoder and decoder are optimized. Hyper-parameters
used to fine-tune the modified model are shown in Table 3.1.

Table 3.1: Fine-tuning hyper-parameters.

Learn rate 0.001
Activation GeLU
Max sequence length 512
Warm up steps 8000
Dropout 0.1
Batch size 16
Epochs 20

Except these hyper-parameters, sphere projection model has one more hyper-parameter
called number-predictions corresponding to how many predictions are expected for
one product in sphere projection strategy. In this project, five sphere projection
models were fine-tuned by setting number-predictions to be 10, 20, 30, 40 and 50.
Before fine-tuning, the corresponding number of sphere projection vectors are gen-
erated with SVD. The same vectors are used for all training samples, and after
fine-tuning, these sphere projection vectors are saved in checkpoints.

3.5 Inference

The reasonable way to do inference is to use the same sphere projection vectors used
for fine-tuning, because parameters in the model are optimized for these vectors. It
is not certain that the model can work well with new randomly generated sphere
projection vectors. In this way, during inference, the specific checkpoint is used
for different number of predictions. For example, if 10 predictions are expected,
the checkpoint of the model fine-tuned for 10 predictions should be used. In the
checkpoint, there are 10 sphere projection vectors that enable one-to-ten generation.

The drawback of the above way for inference is that the model requires special
fine-tuning for different number of predictions. Moreover, when the number of pre-
dictions is large, there will be a lot of source embeddings for one input and it needs
much GPU memory to do the computation of decoder based on the source em-
beddings. Therefore, batch size has to be reduced and this leads to much longer
fine-tuning time. A solution to this problem is to use newly generated sphere pro-
jection vectors instead of ones in the checkpoint during inference. For instance, the
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sphere projection model fine-tuned for 10 predictions is used for inference, but sphere
projection vectors are newly generated randomly. In this way, the number of gener-
ated sequences depends on the number of newly generated sphere projection vectors
instead of number of sphere projection vectors in the checkpoint. Because of unfixed
sphere projection vectors, the performance of the model needs to be evaluated.

Another way is to let the model with sphere projection strategy work with one-
to-many generation sampling methods (like beam search or multinomial search)
together. In this way, the model can be fine-tuned once and be used to generate
different number of predictions. Sphere projection model generates multiple source
embeddings in order to generate multiple prediction. In the above two inference
ways, one-to-one sampling methods are used to sample just one prediction for one
source embedding. If one-to-many sampling methods are used, multiple predictions
can be sampled from one source embedding. Therefore, after fine-tuning, with fixed
sphere projection vectors, although fixed number of source embeddings are generated,
different numbers of predictions can be achieve by setting beam size or multinomial
size. For example, the model is fine-tuned for 10 predictions. So, with the sphere
projection vectors in the checkpoint, the model can generate ten source embeddings.
If the model works with beam search with beam size (1, 2, 3, 4 and 5), (10, 20, 30,
40 and 50) predictions can be achieved.

Above are the three ways to do inference for the model with sphere projection
strategy. The original model used by Chemformer is BART. In order to refer to the
three sphere projection models with different inference ways easily, they were given
abbreviations as shown below.

o« BART: The BART model used by original Chemformer.

o BART-SP: The BART model modified by sphere projection strategy. Fixed
sphere projection vectors are used by fine-tuning and inference.

o BART-SP-unfix: The BART model modified by sphere projection strategy and
it was fine-tuned for 10 predictions. During inference, new sphere projection
vectors generated randomly are used.

o BART-SP-10: The BART model modified by sphere projection strategy and it
was fine-tuned for 10 predictions. During inference, the same sphere projection
vectors are used and it works with a one-to-many sampler to generate different
number of predictions.

3.6 Experiments

The idea of experiments of this project is to compare the four models listed above:
BART, BART-SP, BART-SP-unfix and BART-SP-10. From comparisons of them,
the effectiveness of sphere projection strategy can be verified and the advantages and
disadvantages of various inference methods can be drawn. For a comparison, models
used the same sampling method, which can be either beam search or multinomial
search. Because the models were tested for multiple predictions (10, 20, 30, 40
and 50), BART and BART-SP-10 do this by setting corresponding beam size and
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multinomial size, while BART-SP and BART-SP-unfix use single-prediction sampler
by setting beam size and multinomial size as 1. In this case, beam search will be
greedy search. Metrics used for comparisons are shown in Section 2.6.

The figures used to show comparison are box and whisker plots (also called box
plots), which are used to show distributions of a set of data. In this project, models
were evaluated by using test dataset of UPSTO-50K. By setting batch size as 128,
there are 39 batches for the test. A value of the metric is computed for each batch.
Therefore, there are 39 values of the metric for one specific number of predictions.
A box plot was plotted to show the distribution of the 39 values.

Figure 3.3 is an example of box plot, which shows round-trip top-k accuracy of
BART model with beam search. A box plot is based on three numbers, which are
explained below:

 First Quartile (Q1): The median of the lower half of the dataset, representing
the 25th percentile.

o Median (Q2): The middle value of the dataset, representing the 50th per-
centile.

o Third Quartile (Q3): The median of the upper half of the dataset, representing
the 75th percentile.

The box is plotted between Q1 and Q3. Q2 is also plotted as a line in the box. The
mean of the data is plotted as a triangle in the figures. Interquartile range (IQR)
equals to Q3 minus Q1. The lower whisker extends from Q1 to the minimum value
within IQR of Q1, and the upper whisker extends from Q3 to the maximum value
within IQR of Q3. Other data points that are not within the range of whisker are
plotted as outliers. The distribution shown by a box plot can be used to compare a
metric between two models. If Q1 of a model is higher than Q3 of another model, it
can be said the performance of the first model is significantly better than the second
model. If Q1 of a model is higher than Q2 of another model, it can be still said
the performance of the first model is better than the second model. Otherwise, the
performance of two models is similar.

Accuracy

1.00 4 models
N BART beam

e

+

e e e
© ) w0
v o w

Round-trip top-k accuracy

e
©
o
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Figure 3.3: Example of box and whisker plot: Round-trip top-k accuracy of BART
model with beam search.
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Results

As explained in Chapter 3, the new BART model modified by sphere projection strat-
egy was fine-tuned for different number of predictions. The result of fine-tuning is
shown in this chapter. Results of comparing models are shown in three sections. Sec-
tion 4.2 is the comparison between BART and BART-SP, which shows that sphere
projection strategy performs very well with fixed sphere projection vectors. Section
4.3 is comparison between BART and BART-SP-unfix, which shows the problem
of sphere projection strategy with unfixed sphere projection vectors. Section 4.4
is comparison between BART-SP and BART-SP-10, which shows sphere projection
strategy works very well cooperating with beam search, but it has problem when
it cooperates with multinomial search. According to the comparisons, BART-SP
is the best sphere projection model for multinomial search and BART-SP-10 is the
best one for beam search. They were compared with BART to get performance
improvement achieved by sphere projection strategy and the results are shown in
the Section 4.5 of this chapter.

4.1 Fine-tuning

The sphere projection model was fine-tuned by setting number-predictions as 10,
20, 30, 40 and 50. The training loss and validation loss during fine-tuning process
of 10 predictions are shown in Figure 4.1. Fine-tuning processes of other numbers
of predictions are similar. Training loss continues to decrease in these 20 epochs.
Validation loss starts to increase around 10th epoch and this shows that overfitting
starts to appear at that time. The best model of each number of predictions is
selected based on validation loss.
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Figure 4.1: Fine-tuning of sphere projection model.

4.2 Comparison of BART and BART-SP

These two models were tested to generate multiple predictions: 10, 20, 30, 40 and
50. BART is a one-to-one generation model, so it needs to use beam search or
multinomial search to generate multiple predictions by setting corresponding beam
size and multinomial size. BART-SP is a one-to-many generation model applying
sphere projection strategy, so it can use single prediction sampler like greedy search,
which is beam search (beam size = 1), and multinomial search (multinomial size
= 1). For fair comparison, the two models were compared with the same sampling
method, and their diversity, accuracy and efficiency were evaluated with fraction
of unique and accurate predictions, round-trip top-k accuracy and batch inference
time.
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Figures 4.2 and 4.3 show the results of diversity. Figures 4.4 and 4.5 show the results
of accuracy. Figures 4.2 and 4.3 show the results of efficiency. For all the figures,
the left ones are results of beam search and right ones are results of multinomial
search. According to the results of diversity, it can be seen that not only Q1 of
BART-SP is much higher than Q3 of BART model, even lower whisker of BART-
SP is much higher than higher whisker of BART model. This proves that sphere
projection strategy can improve diversity significantly, no matter which sampling
method is used. The improvement on accuracy of sphere projection strategy is
also significant, according to results of round-trip top-k accuracy. Although the
improvement is not as large as the improvement on diversity, most of Q1 values
of BART-SP are higher than Q3 values of BART model except 10 prediction of
beam search and 50 predictions of multinomial search. However, for these two
cases, Q1 values of BART-SP are still higher than Q2 values of BART model. The
improvement of sphere projection strategy on efficiency is not very significant, but
most of Q3 values of BART-SP are lower than Q2 values of BART. This shows
the effectiveness of sphere projections strategy on improving efficiency. And, the
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improvement is not bad, because it is hard to reduce inference time of deep learning
models dramatically. Besides, the improvement of sphere projection strategy on
efficiency is better for multinomial search than beam search. What is especially
good is that even though the efficiency is improved, the accuracy is not affected
negatively, rather the opposite when using sphere projection.

4.3 Comparison of BART and BART-SP-unfix

BART-SP performs very well according to results in Section 4.2, but it has a problem.
BART-SP has to be fine-tuned for different numbers of predictions, because it needs
to use the same sphere projection vectors used by fine-tuning during inference. In
this case, for more predictions, it needs more computing resource to fine-tune. One
way to solve this problem is to fine-tune the sphere projection model once with
a number of predictions and use corresponding numbers of newly generated sphere
projection vectors to generate different numbers of predictions during inference. The
model using sphere projection strategy in this way is called BART-SP-unfix. In this
project, BART-SP-unfix model was fine-tuned for 10 predictions and it was tested
to generate 10, 20, 30, 40, and 50 predictions with new sphere projection vectors. Its
performance was compared with BART model to check if it works. Unfortunately,
it reduces diversity and accuracy in some cases.
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Figure 4.8:  Fraction of unique Figure 4.9: Fraction of unique and
and accurate predictions between accurate predictions between BART
BART and BART-SP-unfix with and BART-SP-unfix with multino-
beam search. mial search.
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Figures 4.8 and 4.10 show the comparison of diversity and accuracy between BART
and BART-SP-unfix using beam search. It can be seen that sphere projection
strategy using new sphere projection vectors can still achieve good diversity, but
it reduces accuracy a lot. The comparison between two models using multinomial
search is shown in Figures 4.9 and 4.11. It performs better with multinomial search.
BART-SP-unfix can achieve similar accuracy with BART, but its diversity starts
to be lower than BART model when number of predictions is larger than 20. In
a word, BART-SP-unfix performs differently with beam search and multinomial
search. However, with both sampling methods, the performance of BART-SP-unfix
is not very good. It can not beat the original BART model, so it is absolutely much
worse than BART-SP, too.

4.4 Comparison of BART-SP and BART-SP-10

Another way to solve the problem of BART-SP mentioned in Section 4.3 is to com-
bine sphere projection model with one-to-many generation sampling methods. In
this project, BART-SP-10 was tested, which is a model that can generate 10 pre-
dictions with sphere projection strategy. It was combined with beam search and
multinomial search to generate 10, 20, 30, 40 and 50 predictions by setting ap-
propriate beam size and multinomial size. The results show that the model can
achieve better performance than BART-SP when beam search is used, but worse
performance when multinomial search is used.
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Figures 4.12, 4.13, 4.14, 4.15, 4.15, 4.16 and 4.17 show the results of comparison
between these two models, where orange boxes represent BART-SP and green boxes
represent BART-SP-10. Three figures in the left show the comparison of models with
beam search, while three figures in the right show the comparison of models with
multinomial search. The figures indicate that BART-SP-10 is better than BART-
SP when beam search is used. Its diversity and accuracy are much higher than
BART-SP. On the contrary, BART-SP is much better on diversity and accuracy than
BART-SP-10 when multinomial search is used. However, in this case, BART-SP-10
is still better than BART model, which is represented by blue boxes. Efficiency of
the two models is similar. Although efficiency boxes of the two models have different
height, Q2 of each model is not higher than Q3 or lower than Q1 of another model.
And, their efficiencies are both better than BART model.

4.5 Performance improvement

The above results show sphere projection strategy can improve diversity, accuracy
and efficiency substantially. The models, BART-SP and BART-SP-10, that use
sphere projection strategy in two ways, are both better than original BART model.
The difference between the two models is that BART-SP works better with multino-
mial search (multinomial size = 1), while BART-SP-10 is better with beam search.
To evaluate the performance improvement achieved by sphere projection strategy,
the best sphere projection model for each sampling method is compared with BART
model, which means to compare BART and BART-SP-10 for beam search and com-
pare BART and BART-SP for multinomial search. Instead of showing the compar-
isons with box plots like above sections, comparisons of mean values of each metric
are shown in this section.

During evaluation, a model was tested for different number of predictions. Metrics
were calculated based on each batch. So, for a specific number of predictions and a
specific metric, many results of different batches (39 in this project) for this metric
were computed. In order to compute the rate of improvement on a model achieved
by sphere projection model, mean value of the results of different batches were
calculated. And, the rate of improvement is calculated according to Equation 4.1.
In the equation, model _metric is the metric value of the original BART model and
model__sp__metric is the metric value of the new sphere projection model.

|model __sp__metric — model__metric|

Improvement__rate = (4.1)

model metric

4.5.1 Improvement of BART-SP-10 compared with BART
(beam search)
This sub-section shows the improvement of models with beam search achieved by

sphere projection strategy. The average results of the two models of diversity for

different numbers of predictions are shown in Table 4.1. Diversity of the sphere pro-
jection model, which is BART-SP-10, is much higher than BART model. Although
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for both models, the diversity becomes lower as number of predictions increases,
diversity of BART decreases faster, which leads to higher improvement of diversity
when the number of predictions is larger. The improvement on diversity is striking.
When number of predictions is 50, the fraction of unique and accurate predictions
can be improved by 296%.

Table 4.2 shows improvement of accuracy achieved by sphere projection strategy.
From 10 predictions to 30 predictions, the improvement increases, but it becomes
stable after 30 predictions. The improvement of accuracy is from 3% to 8%, which
is also great results for round-trip top-k accuracy. Table 4.3 shows the improvement
of efficiency. The results of improvement on efficiency do not show a pattern. It
does improve the efficiency of the original model, although the improvement is not
very big, which is about 4% on average.

Fraction of unique and accurate predictions
predictions BART (beam) BART-SP-10 (beam) Improvement

10 0.116927083 0.199519231 1%

20 0.061698718 0.155298478 152%
30 0.042654915 0.132071314 210%
40 0.032967748 0.117022236 255%
50 0.027015224 0.106899038 296%

Table 4.1: Improvement of diversity on beam search achieved by sphere projection
strategy.

Round-trip top-k accuracy
predictions BART (beam) BART-SP-10 (beam) Improvement

10 0.876802885 0.904246795 3%
20 0.884014423 0.946113782 7%
30 0.888621795 0.958533654 8%
40 0.892027244 0.963141026 8%
50 0.895032051 0.966947115 8%

Table 4.2: Improvement of accuracy on beam search achieved by sphere projection
strategy.

Batch inference time (seconds)
predictions BART (beam) BART-SP-10 (beam) Improvement

10 56.94988172 04.37116109 5%
20 123.7305162 113.649431 8%
30 187.9783645 184.4848653 2%
40 250.1690653 244.3542343 2%
20 314.1912636 299.2281778 5%

Table 4.3: Improvement of efficiency on beam search achieved by sphere projection

strategy.
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4.5.2 Improvement of BART-SP compared with BART (multi-
nomial search)

This sub-section shows the improvement of models with multinomial search achieved
by sphere projection strategy. Table 4.4 shows the result of diversity. From 20
predictions to 50 predictions, it also shows the same pattern with the result of
beam search, which is that improvement on diversity achieved by sphere projection
strategy increases as number of predictions increases. The improvement on diversity
is also amazing for multinomial search, which is 159% for 10 predictions and 101%
for 50 predictions.

Table 4.5 shows the result of improvement on accuracy. The improvement is not very
high, although the BART-SP can achieve quite high accuracy. This may be because
BART model with multinomial search can already achieve high accuracy. But sphere
projection strategy can still improve the accuracy by 2% on average. Table 4.6 shows
the efficiency improvement, which is great. Sphere projection strategy can reduce
more inference time when the number of predictions is larger, and the improvement
on efficiency reaches 22% for 50 predictions.

Fraction of unique and accurate predictions
predictions BART (multinomial) BART-SP (multinomial) Improvement

10 0.131650641 0.341366186 159%
20 0.191005609 0.310346554 62%
30 0.162807158 0.296254006 82%
40 0.145352564 0.288095954 98%
20 0.136670673 0.274719551 101%

Table 4.4: Improvement of diversity on multinomial search achieved by sphere pro-
jection strategy.

Round-trip top-k accuracy
predictions BART (multinomial) BART-SP (multinomial) Improvement

10 0.914463141 0.948317308 4%
20 0.945913462 0.974959936 3%
30 0.958733974 0.979366987 2%
40 0.961738782 0.981169872 2%
20 0.969951923 0.984174679 1%

Table 4.5: Improvement of accuracy on multinomial search achieved by sphere pro-
jection strategy.
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Batch inference time (Seconds)
predictions BART (multinomial) BART-SP (multinomial) Improvement

10 58.48170372 58.46212319 0%

20 166.4940955 123.8274617 26%
30 255.161085 208.0740086 18%
40 339.4160405 276.4899812 19%
20 439.6269857 345.0413615 22%

Table 4.6: Improvement of efficiency on multinomial search achieved by sphere pro-
jection strategy.

4.5.3 Average improvement of different numbers of predic-
tions

The average improvements of diversity, accuracy and efficiency are shown in Table
4.7, which are averages of improvements for 10, 20, 30, 40 and 50 predictions. It
can not be concluded that improvements by sphere projection strategy on these
three metrics are the percentages shown in the table, because the improvement
from sphere projection strategy depends on number of predictions. However, the
percentages in the table can give readers a more intuitive feeling about the effect of
sphere projection strategy.

Beam Multinomial
Fraction of unique and accurate predictions 197% 101%
Round-trip top-k accuracy ™% 2%
Batch inference time 4% 17%

Table 4.7: Average improvement by sphere projection strategy on beam search and
multinomial search.
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Conclusion

Chemformer is a BART-based model that can be used to do retrosynthesis. In this
project, sphere projection strategy was applied to modify Chemformer for one-to-
many generation. The original model of Chemformer is BART, while the model of
modifed Chemformer is a sphere projection model. There are three ways for the
sphere projection model to carry out inference, which form three models: BART-SP,
BART-SP-unfix and BART-SP-10, as explained in Chapter 3. BART-SP-unfix and
BART-SP-10 were proposed to solve the problem that BART-SP has to fine-tuned
for different numbers of predictions.

Experiments of this project revolved around these four models: BART, BART-SP,
BART-SP-unfix and BART-SP-10. By comparing BART and BART-SP, it was
shown that sphere projection strategy with fixed sphere projection vectors can im-
prove diversity, accuracy and efficiency of the base model significantly. This experi-
ment proves the effectiveness of this method very well, but the problem with fixed
sphere projection vectors needs to be solved.

The experiment on BART-SP-unfix indicates that, compared with BART, it reduces
both diversity and accuracy when beam search is used and it reduces diversity when
multinomial search is used and number of predictions is big. Therefore, sphere pro-
jection strategy with unfixed sphere projection vectors is not a good idea, although
it can solve the problem of BART-SP. Based on results of BART-SP-10, this model
can achieve better performance than BART-SP when beam search is used, but its
results with multinomial search are not good enough. BART-SP-10 not only solves
the problem of BART-SP when beam search is used, but also improves the model
performance further. However, the problem of BART-SP for multinomial search is
still not solved.

According to results of the experiments, BART-SP-10 is the best sphere projection
model for beam search, while BART-SP is the best sphere projection model for
multinomial search. They were compared with BART to compute rate of improve-
ment on diversity, accuracy and efficiency achieved by sphere projection strategy.
The average improvements of the three metrics for beam search are 197%, 7% and
4% respectively, and the ones for multinomial search are 101%, 2% and 17% respec-
tively. The results indicate that sphere projection strategy can improve diversity
of predictions generated by the model substantially. Although the original Chem-
former achieves state-of-the-art accuracy on retrosynthesis, its accuracy can still be
further improved by using sphere projection strategy. And, the improvements are
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also very significant, because they are achieved when accuracies of original Chem-
former are already very high, which are around 88% with beam search and around
95% with multinomial search. And, the strategy does reduce inference time of the
model. Its effect on efficiency of beam search is not big, but it can improve efficiency
of multinomial search a lot.

5.1 Future work

As said above, for multinomial search, the sphere projection model needs to be
fine-tuned for different numbers of prediction, because the problem of fixed sphere
projection vectors is not solved for this sampling method. A modification on sphere
projection strategy needs to be made to solve the problem. The dataset used in this
project is based on USPTO-50k, which is a small dataset. Models in this project
need to be trained using a bigger dataset to see if its performance can be improved
further. The thesis proves that sphere projection strategy is a very effective method
by comparing modified model with the strategy with original base model. To prove
sphere projection strategy is a state-of-the-art method, it needs to be compared with
other one-to-many generation methods like [29] and [30] , or other methods that can
be used to enhance diversity of retrosynthesis, such as [31] and [32]. The sphere
projection strategy is not limited to retrosynthesis prediction, but can be applied to
other domains, including text, music and video.
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