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Abstract

Autoregressive models have gained popularity in the field of drug design due to their capability to
sample novel molecules from a vast chemical space efficiently. Sampling novel and diverse
molecules in an efficient manner is a crucial aspect, as it is important for downstream tasks such as
reinforcement learning to identify novel molecules with pre-defined desired properties. Existing
sampling strategies like multinomial sampling and beam search often struggle with mode collapses
or are computational inefficient, respectively. To address these limitations, we introduce WEISS
(Wasserstein efficient sampling strategy), a framework that seamlessly enables autoregressive
models to efficiently sample diverse molecules. Our approach, which draws inspiration from the
Wasserstein autoencoder, is compatible with any encoder—decoder-based autoregressive model. We
show that WEISS effectively mitigates mode collapsing while maintaining token sampling speed 25
times faster than beam search. Secondly, we showcase the efficacy of the proposed method for
various drug design tasks such as molecular property optimization and single-step retrosynthesis
prediction.

1. Introduction

Small molecules represent the primary source of pharmaceutical drugs. Designing optimal molecules is a
major challenge in drug discovery. De novo drug design aims to discover novel molecules with optimized
physical and chemical properties, such as high efficacy and low toxicity. Furthermore, discovering new
potential drugs is not sufficient on its own; synthesis planning (how to make them) is another important task
in drug design. Advancements in deep learning [1] and natural language processing (NLP) [2] have had
significant impact in the field of de novo drug design. These include lead discovery [3], lead optimization [4]
and single-step [5] and multi-step [6] retrosynthesis prediction, target-specific drug design [7], and
multi-objective drug optimization [8].

There are two main approaches to address drug design problems: (1) training generative models that
suggest novel molecules with the desired properties [4], and (2) pre-training unconditional models on large
datasets and then steering them towards chemical regions of interest using reinforcement learning (RL) [9].
RL operates by sampling a large number of molecules from the pre-trained model and then adjusting its
weights based on a scoring function which rewards the generated compounds that exhibit desirable
properties. This second approach offers the advantage of greater flexibility in property optimization while
adapting to the diverse needs of different projects. Desired properties may, for example, vary based on the
target localization, as central nervous system drugs often require stricter constraints on lipophilicity and
molecular weight [10], or based on the route of administration, with oral drugs typically having a lower
molecular weight and fewer hydrogen bonds compared to intravenously administered drugs [11]. To ensure
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the effectiveness of the RL approach, however, it is essential that the pre-trained model generates samples
efficiently.

In this context, common choices for generative pre-trained models are autoregressive encoder—decoder
based models such as seq2seq long short term memory (LSTM) [12] or large language models trained on
SMILES [13], a string representation for encoding molecules. While some might argue that representing
molecules as graphs would be a more natural choice, studies have demonstrated that models trained using
SMILES representations have similar performance [14] in terms of validity, uniqueness and novelty [15]. In
addition, SMILES representations are cheaper and simpler to use and handle than molecular graphs when
considering data processing and inference.

SMILES-based models can use multinomial sampling and its variants (such as top-k and top-p sampling)
or beam search to generate multiple molecules. However, multinomial sampling in the context of drug
design suffers from mode collapse (sampling the same output sequence multiple times). Tuning the
temperature parameter can mitigate this phenomenon [16], but multinomial sampling may still suffer from
poor diversity. In contrast, beam search avoids the duplicates issue by design. However, it is computationally
expensive because it simultaneously maintains and re-evaluates the probability of multiple candidate
sequences (so-called beams) several times. This process to sample the optimal sequences (the most likely)
requires scoring and ranking an exponentially growing number of sequence continuations, leading to
significant computational overhead as the search space expands. Though beam search expands always a
subset of those to deal with this exponentially growing number of sequence continuation not guaranteeing its
search optimality. Even though Beam Search is a heuristic, its characteristics make it effective in, for instance,
RL or single-step retrosynthesis settings. However, the computational cost to sample multiple sequences
makes it impractical in applications where a large beam size is needed, and the model is called iteratively.

To overcome the limitations of existing solutions, in this paper, we introduce WEISS (Wasserstein
efficient sampling strategy), a new approach for molecule generation based on Wasserstein autoencoders
(WAEs) [17]. WEISS is designed to sample from autoregressive encoder—decoder models, like
transformers [1], effectively exploiting the efficiency of multinomial sampling with a solution to the issue of
mode collapse. We demonstrate the advantages of WEISS in multiple areas. Firstly, in a molecular
optimization task, where we train a transformer model using our framework and then employ RL to
optimize specific physical and chemical properties. Secondly, in a retrosynthesis task, where we train a
transformer to predict feasible and diverse reactions for making a target molecule. Despite WEISS’s initial
development for molecular research, its applicability extends beyond this field. To highlight this versatility,
we also present results for NLP tasks.

We summarize the key contributions as follows:

e We introduce WEISS, a novel efficient and versatile framework for encoder—decoder autoregressive models;

e We demonstrate the model’s capabilities in unconditional and conditional molecular generation, demon-
strating high validity, diversity, and novelty compared to multinomial sampling with state-of-the-art frame-
works;

e Weassess the method’s applicability for single-step retrosynthesis prediction using a fine-tuned transformer,
showing significant diversity improvements;

e We demonstrate the generality of WEISS by showing promising results on NLP question answering tasks as
part of the supplementary material.

The code is available at https://github.com/r1cc4r2o/weiss [18].

2. Methods

We aim to design a model that maps sequences into other sequences. Let S be a sequence space, where
X =x0.7—1 = (x0,...,%7—1), x € S, is a sequence of length T. Each element or token x; of x is represented by
an integer taken from a vocabulary V= {0,...,|V| — 1}. Finally, we consider a dataset
D ={(x,y) | x,y € S x 8}, where x and y belong to the same space S.

Our goal is to create a model for the conditional probability distribution p(y|x) that enables conditional
sampling of sequences by incremental token sampling, that is

U—-1

P(}’|x):P(J’o\x)np()’t|)’t—1,---a}’07x) (1)
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where U is the length of y. We consider a learnable autoregressive model fy : S x S — [0,1]!V! parametrized

by 6 as a proxy for the probability distribution in equation (1). fy can be, e.g. an LSTM [19] or a
transformer-based model as [1] and [20].

The autoregressive model fy consists of two components: an encoder g : S — and a decoder
®p: S x R™N — [0,1]IV]. The encoder takes an input sequence x € S and converts it into a
higher-dimensional representation ®r(x) € RT™*N, Given a pair (x,y) € D, at training time, the decoder
takes as input yp.; and ®g(x), and produces the probabilities of the next token j; ;.

Finally, fy is trained by minimizing the negative log-likelihood (NLL)

]RTXN

Lt (x,y) = Zlogfe X, Y0:—1) il (2)

over the training set D. During inference, the decoder predicts one token at a time. We start with an initial
token and then feed the model with the previously generated tokens along with the input sequence x, that is
Jrr1 ~ ©p(Jo.r, Pe(x)).

Multiple strategies exist for sampling from f, including but not limited to multinomial sampling, top-p,
top-k, and beam search. However, when standard autoregressive models use highly efficient techniques like
multinomial sampling, top-p, and top-k, they often collapse into generating the same output [16].
Conversely, strategies such as beam search and its variants effectively mitigate the mode collapsing [21], by
systematically sampling diverse combinations of tokens. However, they involve substantial memory and
computational costs due to the need of enumerating the top-B best sequences, where B represents the beam
size.

In the following sections, we will introduce our proposed strategy that preserves the efficiency of
multinomial sampling, top-p, top-k, while mitigating the mode collapse effect. Our strategy encourages
output variation without incurring a high computational overhead typical of beam search, thereby achieving
a favorable balance between diversity and efficiency.

2.1. Sampling through latent variables

Our goal is to capture and represent the correlation between x and y through a latent variable z. By sampling
different values of z, we allow the model to produce multiple outputs given a single sequence as input.
Variational autoencoder (VAE) [22] and WAE [17] are two well-known approaches to enforce z to follow a
distribution. Since WAE has been shown to produce higher-quality samples and providing more robust
representations [17], we selected this approach over VAE.

2.1.1. Learning the latent variable

We now introduce a framework that expands the expressiveness of f¢ by including a continuous latent
variable z € R? into equation (1), so that y depends on x and z, that is p(y|x, z). By applying the Bayesian rule
we obtain

p(ylx,z)p(x,2)
LoGlx,2)p(x,2)dz’

p(zxy) = (3)

which is intractable as the integral at the denominator does not have a closed-from solution in general.
However, similarly to WAE, we regularize p(z|x,y) so that p(z) = [ p(z|x,y)dxdy matches a Gaussian
distribution q(z) = N(0,1), where 0 € R is a vector contammg all zero entries, and I is the identity matrix.
To enforce the match between p and g we used the maximum mean discrepancy (MMD), defined as

MMD (p,q) = n(n Zk zi,2) +k (2,%) — ZZk zi,3) (4)
1751
where zg,...,2,_1 ~ p(z|x ¥)s 205+ -5 2u—1 ~ q(2), and k a positive-definite reproducing kernel.

We model p(z]x,y) by first obtammg the feature representations g, = ®¢(x) and g, = ®g(y). Note that d¢
is used for both x and y at training time. These representations are then aggregated using a function
Z: RISIXN _ RN, = (the mean in our experiments) converts a sequence of feature vectors into a single
vector, thereby summarizing the entire sequence as h, = =(g,) and h, = Z(g, ). Finally, an MLP
U RN x RN — RY, with d << n, maps the summaries of x and y into the latent variable z, that is
z=Wg(hy,hy). z needs to have a small dimension in order to prevent the curse of dimensionality with the
MMD. On the other hand, we also need a representation of z that is aligned with the dimension of the
decoder input. We achleve this via another MLP ¥p, : R? — RY, that we use to model samples from

(1 N T AR 2 S B2 P D R T B L e & 7 N Y
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below, it needs to be regularized differently. Note that the subsequent analysis remains valid even if one
chooses to use for e.g. p(hi|z) and p(h,|z) instead of p(h, + hy|z).
The full architecture can be synthesized, at training time, as follows

G=0p(x), g=®r(y), h=E(g). h=E(g)
zZ= \I/E (hx,hy)

p Gielyo:—1,%,2) = p (Yo.1-1,8 + ¥p (2)) . (5)
Here Up(z) represents a coarse-grained representation of the input—output pair, while g, contains a

fine-grained representation of the input. We combine the two to obtain a fine-grained representation of the
input—output pair to be fed to the decoder.

2.1.2. Bias correction

Modelling z as described in the previous section introduces a bias. This bias is introduced in equation (5)
where the term g, + ¥p(z) yields a double contribution from the input sequence x. Since ¥ (z) models
p(hy + hy|2), its expected value is

E b+ Iylz] ~E[hJd + E [hyJ].

As such, we are adding the redundant contribution of E[h,|z] to g;. In the following, we show how to
compensate for this bias by including an additional term in the loss function which allows us to subtract the
bias directly from g, + ¥p. Let zo ~ N (0, oI) be sample close to 0, with small variance o, and let us consider

E [hy|20) = thh|z0 = "hep(h,hyl20)
X,y
= hep (2ol ) p (hy 1) p () /2 (20) - (6)
X,y

Assuming p(h,|h) = 0 if and only if h, # h,, equation (6) becomes
E [hy|zo) = Zh p (2ol ) p (hy) /9 (20) - (7)

Finally, we ensure that p(z|h,, h,) is concentrated around z, by regularizing the training loss to impose
E[z|hy, hy] = zp. Consequently, p(zo|hy, hy) = 1, allowing equation (7) to be approximated as follows:

E [fe|20] ~ th ) /p(20) = E[h] /p (20) - (8)

The same results can be obtained for E[h,|z,]. Treating g = E[h,]/T and allowing A to absorb the
normalization terms, we can regularize the model architecture as follows

& = Pr(x), gy:(I)E(y): he =Z(g), hy:E(g)’)
z=Vg (hx’hJ’) s 20= Vg (hy, hy)

P Delyoi—1,%,2) = @p (Yo:—1,8 + ¥p (2) — ¥p (29)) - )

The subtraction of ¥p(z) in equation (9) prevents an over-representation of x as ¥p(z) contains a
coarse representation (aggregate form) of both sequences x and y. By modeling p(z|x, y) our intent during
training is to leverage coarse-grained Up(z) and fine-grained g, features representations, to capture the
similarity between x and y.

2.1.3. Training and inference
We trained the model represented by equation (9), by minimizing the following loss function

Lyrss (x,7) = Lawe (%,) + A ( MMD (p,q) + ||z0]|* ) , (10)

where Lxyp(x, ) is the same NLL term as in equation (2), p = p(z|x,¥), g = q(z), MMD(p, q) is the term
enforcing z to be a Gaussian distribution, ||z ||* enforces Ez|hy, hy] = zo = Ug(hy, hy), and N is a

DR S
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Figure 1. To the left, the training process of WEISS. Source and target, x,y € S, are fed into the same ® (result in g¢ and g,), and
the = performs an average over the sequence dimension, producing h, h, € RY, associated to x and y, respectively. h, and h, are
fed into W, obtaining z and zo, that are decoded to their original dimensionality N through ¥p. The vector ¥p(z) — ¥p(zo) is
added to g, before applying the conditioning to ®p. The right figure illustrates that at inference time we sample z from N (0,1)
and imposing zo = 0. At inference, the decoding step is repeated L times to generate a sequence.

At inference time z sampled from N (0,1) and zy = 0 are firstly decoded by ¥, and then combined to the
®p(x), thatis g, + ¥p(z) — Up(zo), where x is the input sequence. Finally, this combined representation is
passed to ®p along with the previous t — 1 output tokens to generate the t token of the output sequence.
Note that W is discarded during inference. Figure 1 shows training (a) and inference (b) flows for WEISS.

3. Related works

In this work, we position WEISS within the context of efficient sampling strategies for autoregressive models.
We categorize existing research into two primary approaches: (1) modeling latent variables within the
encoder—decoder architecture and (2) enhancing decoding strategies.

3.1. Modeling latent variables

A significant number of studies investigated the potential of VAE based methods in conjunction with RNN
(recurrent neural network) and LSTM to increase diversity by using the final hidden state of the encoder [23]
or pooling it [24].

Cao et al [25] further enhanced the generation diversity of RNNs by employing both source and target
encodings during training to model a latent variable, which are combined with the RNN state of the source
to generate output sequences. A key difference to our approach is that the bias contribution introduced by
the latent variable is not taken into account. We show in our experiments that this leads to deteriorate the
correlation between inputs and outputs. Park et al [26] used a similar VAE-based strategy as [25], but applied
to transformer models. In this method, the source sequence is pooled into a single vector representing the
latent variable and used to condition the decoder. Unlike in WEISS, the target sequence was not considered
in the construction of the latent variable, again leading to the loss of input—output correlation. Zhang
et al [27] proposed a Wasserstein regularization for autoregressive models for time-series forecast. Here, the
Wasserstein regularization is applied to one-dimensional spaces, allowing for an analytical solution. WEISS
also applies a Wasserstein regularization but to higher dimensional spaces for improving the correlations
between pairs of inputs, such as molecules, rather than individual inputs.

Relatively few studies have modeled latent variables to address the generation of novel molecules in de
novo drug design. Zhou et al [28] proposed a variant that reduces the variance of the latent variable via
multi-stage VAE to improve the properties of the generated molecules. Another approach proposed in [29]
utilizes tied two-way transformers for both retrosynthesis and reaction prediction. In this method, a discrete
latent variable is concatenated to the original sequences, to enhance the validity, diversity and reaction
feasibility accuracy. However, the method proposed by [29] requires explicit marginalization on the latent
variable, which becomes computationally expensive when the number of categories representing the latent
variable increases. In contrast, WEISS samples the latent variable from a continuous distribution, thus
avoiding explicit marginalization.

3.2. Enhancing decoding strategies

Many efficient decoding strategies have been proposed to enhance token diversity and address the issue of
repetitive text from greedy search [30]: multinomial, top-k [31], top-p [16], unique randomizer [32],
arithmetic sampling [33], and mask-predict [34], use the temperature parameter to control the level of

I L T LR T DY A T & G T Y & D T S B B T .
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less likely tokens a higher chance of being selected. This reduces the dominance of the most likely tokens,
leading to more diverse and varied output. Advanced tree-based strategies like priority sampling [35] yield
high-quality, diverse samples but require higher computational costs due to tree branching at each step.
Recent research shows larger models outpe



