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Abstract. Conditional molecular design using transformer-based models can
accelerate drug discovery, but their black-box nature limits interpretability.
We propose a method to explain these models by quantifying the influence of
property conditions on the generative process. Our approach uses the Kull-
back—Leibler Divergence to measure the difference between conditional and
unconditional output distributions at each generation step. This allows us to
identify the token-level importance of a sequence for specific desired conditions.

1. Introduction

Conditional molecular design is a key approach in computer-aided drug discovery
(CADD) for generating new molecules with specific properties [Mak et al. 2023]. By
conditioning the generation process on characteristics like binding affinity or desired phy-
sicochemical properties (e.g. solubility, stability, lipophilicity, etc.), these models can
accelerate the identification of viable drug candidates [Wang et al. 2023]. Many deep le-
arning architectures have been applied to this task, with transformer-based models being
effective due to their ability to handle long-range dependencies in molecular sequences
[Zhang et al. 2024].

In parallel, explainable artificial intelligence (XAI) is being applied to drug disco-
very as a means to interpret the predictions of complex models and provide chemists with
useful insights [Alizadehsani et al. 2024]. While prior work has explored conditional ge-
neration architectures and applied explainability techniques to CADD, the integration of
explainability into conditional molecular design remains unexplored. In particular, no
methods currently leverage conditional molecular design architectures to produce explai-
nable outputs that reveal the relative importance of each generated token with respect to
the conditioning objective. Such token-level importance can highlight chemically mea-
ningful substructures and molecular scaffolds, thereby providing a deeper understanding
of the design process.

To address this, we propose a method to interpret the generative process of a con-
ditional transformer model. Our approach uses the Kullback—Leibler (KL) Divergence to
compute the difference between the unconditional and conditional probability distributi-
ons [Kullback and Leibler 1951]. This divergence serves as a proxy for how much the
target property influences the generation of each token. By applying this at each step, we
can quantify the impact of the condition on the resulting molecular structure, providing a
necessary layer of transparency into the model’s decision-making process.



2. Methods

While the proposed method is architecture-agnostic, we apply it to CoMPO-GPT, a
transformer-based decoder conditioned on an aggregated latent representation of desired
properties [Cerveira et al. 2025]. The model’s ability to optimize for multiple proper-
ties simultaneously makes it an practical test case for exploring explainability in multi-
objective drug discovery. For input, molecules are represented as simplified molecular-
input line-entry system (SMILES) strings and the conditions are represented as a set of
tokens {p1, p2, ..., P, } in a vocabulary.

The conditioning process begins with an embedding layer, where each desired
property p; (e.g., high binding affinity, low toxicity) is mapped to a learned representa-
tion e,,. For multi-objective optimization, a pooling layer aggregates the embeddings for
multiple properties into a single, unified representation, €/, ..
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where pool() can be a function such as mean, sum, or max pooling. This aggregated
representation is then passed through a projection layer to match the dimensionality of
the decoder’s hidden states, resulting in the final multi-objective representation, e:

Emulti = proj(dnulti) (2)

This representation conditions the decoder via a cross-attention mechanism. The deco-
der’s hidden states serve as the query (()), while the multi-objective representation €,
provides the keys (K) and values (V):

Q = Hdec : Wq (3)
K = Cmulti Wk (4)
V = Emulti * Wv (5)

where Hg.. denotes the decoder hidden states, and W,, W}, and W, are learnable weight
matrices. Additionally, the e, embedding is summed with the input embeddings of
the molecule tokens, ensuring the conditioning signal propagates through all layers of the
decoder.

To determine the importance of the set of conditions, we measure the change in
the model’s output distribution using the KL Divergence. We compare the conditional
probability distribution over the next token y;, P.(y;) = P(Yt|y<t, €muni), With the un-
conditional distribution, P,(y;) = P(y:|y<:, D), where a default unconditional token @ is
applied instead. The KL divergence is computed as:

Pc (yt) (6)

Dir(P||P.) = Z Pe(yt)log Pu(ve)

Y€V

where V' is the vocabulary of all possible tokens. A large KL divergence value indicates
that the specified properties in e,y significantly alters the probability of the next token,
suggesting that the next generated token is highly relevant for guiding the generation
process toward the desired properties {p1, ps, ..., Pn }-



This process is repeated for each generated token until an end-of-sequence
([EOS)) token is produced, providing a step-by-step analysis of the conditional influence,
as illustrated in Figure 1. A key advantage of this method is its ability to directly leverage
CoMPO-GPT multi-objective mechanism, allowing for the simultaneous identification of
token importance across multiple properties, a task that is not as straightforward in other
explainability approaches that often focus on single-condition explanations.
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Figure. 1. An overview of the proposed explainability method. Token importance
is calculated via the KL Divergence between conditional and unconditio-
nal generation steps. The example shows the identification of key tokens
when designing a molecule active for the Dopamine D2 Receptor.

3. Experiments and Expected Results

The described process for obtaining token importance for a single or multiple properties
has been implemented. An illustrative example of this analysis is presented in Figure 2,
which shows the token-level importance scores during a conditional generation task. For
future work, we intend to conduct experiments to further validate and explore this method.
First, we will analyze how perturbations on the most important tokens (identified by high
KL divergence) affect the predicted property values of the generated molecules. This will



help confirm that the identified tokens are indeed critical for achieving the desired con-
ditions. Second, we plan to compare the results of our explainability method with other
approaches in the literature to benchmark its performance and highlight its advantages.
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Figure. 2. Token importance for a molecule optimized for binding affinity.

4. Conclusions

We introduced a novel method for interpreting conditional molecular design models using
KL divergence to quantify the influence of property conditions. This approach provides a
direct way to understand how the model prioritizes different objectives during generation.
Future work will focus on validating these explanations through perturbation studies and
benchmarking against other methods. We also intend to assess how this method generali-
zes to other textual- and graph-based molecular representations.
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