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Abstract

Effective lead molecule optimization is pivotal in drug discovery,
requiring property enhancement while preserving structural simi-
larity. While Large Language Models (LLMs) show promise, their
application is often hindered by inefficiencies and substantial data
requirements for specialized tasks. We introduce ReMol, an LLM-
guided framework for efficient molecular optimization using Rein-
forcement Learning (RL). ReMol employs a two-stage post-training
strategy: initial supervised fine-tuning on limited high-similarity
molecule pairs equips the LLM for valid, local edits, followed by an
RL phase that refines its ability to generate optimized molecules
iteratively. This approach enables ReMol to achieve strong per-
formance with significantly reduced training data. Notably, our
RL stage is designed for efficiency, allowing the model to learn
effective optimization policies with remarkably few oracle property
evaluations during training. Our preliminary experiments show
that ReMol can maintain high success rates even under scarce eval-
uation budgets, highlighting its practical efficiency and adaptability
for real-world lead optimization.

CCS Concepts

• Computing methodologies→ Reinforcement learning; Neu-
ral networks; • Applied computing → Computational biology;
Chemical informatics.

Keywords

molecular optimization, reinforcement learning, large language
models, drug discovery, computational chemistry
ACM Reference Format:

Ziqing Wang and Kaize Ding. 2018. ReMol: LLM-guided Molecular Op-
timization with Reinforcement Learning. In Proceedings of Make sure to
enter the correct conference title from your rights confirmation email (Con-
ference acronym ’XX). ACM, New York, NY, USA, 3 pages. https://doi.org/
XXXXXXX.XXXXXXX

1 Introduction

The discovery and design of novel molecules are critical drivers
of progress in fields ranging from pharmaceuticals to materials
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science [23]. However, identifying molecules with specific desired
properties from the vast chemical space (up to 1060 molecules [21])
is inherently complex. Traditional methods, relying on iterative syn-
thesis and experimentation [22], are notoriously slow and resource-
intensive, particularly in drug discovery, where costs can exceed
$1 billion per approved drug [28].

To accelerate this process, various computational techniques
have been developed, including Bayesian Optimization [24], Rein-
forcement Learning (RL) [19], and other machine learning mod-
els [5, 7, 14]. While these methods show promise, a significant chal-
lenge, especially in lead optimization, is performing fine-grained
modifications that simultaneously improve multiple properties
while strictly adhering to structural similarity constraints. Many
approaches struggle with controlled, local editing, often relying
on generic rules or random chance [25], which limits their practi-
cal application and can lead to computational inefficiencies when
navigating the extensive chemical search space [3].

Recent research has increasingly shifted towards deep generative
models, such as Variational Autoencoders, Autoregressive models,
and Diffusion models [6, 12], trained via supervised learning, RL, or
contrastive learning strategies [17, 20, 30]. More recently, Large Lan-
guage Models (LLMs) have emerged as powerful tools, possessing
general chemical knowledge gleaned from vast text corpora [4, 27].
This has spurred their application in various chemistry tasks, in-
cluding molecular property prediction and generation [9, 10, 16].

Despite their potential, directly applying general-purpose LLMs
to the nuanced task of lead optimization presents significant hur-
dles. Standard LLMs are not inherently trained for the controlled,
similarity-preserving edits crucial for lead refinement. Current
LLM-based methods often depend on extensive prompt engineer-
ing [10, 18], struggle with precise numerical targets [1, 16], and can
be inefficient when faced with expensive property evaluations. Our
preliminary findings also indicate that standard RL techniques can
suffer from reward hacking or become computationally prohibitive
under realistic oracle budget constraints.

To address these limitations, we introduce ReMol, an LLM-
guided framework for efficient molecular optimization using Rein-
forcement Learning. Our primary contributions are:
• Data-Efficient Supervised Fine-Tuning (SFT): We implement
SFT as the first stage, leveraging a limited set of high-similarity
molecule pairs. This grounds the LLM in domain-specific, structure-
preserving local editing principles with high data efficiency.

• Oracle-Efficient Reinforcement Learning (RL): We design a
multi-turn RL strategy for the second stage, where the LLM itera-
tively edits molecules. This allows learning of effective optimiza-
tion policies with remarkably few oracle property evaluations
during training.
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• Robust Performance: We demonstrate that ReMol achieves
state-of-the-art performance. It maintains high success rates un-
der scarce evaluation budgets at inference.

2 Proposed Approach – ReMol

2.1 Problem Formulation

Lead optimization aims to refine an initial lead molecule𝑚 ∈ M
into an improved molecule𝑚′ ∈ M, where M is the set of valid
molecules. A critical constraint is maintaining structural similarity,
quantified by sim(𝑚,𝑚′) ≥ 𝛾 , where sim(·, ·) is a similarity function
and 𝛾 a predefined threshold. Concurrently, we seek to improve 𝑛
target properties, evaluated by functions {𝐹𝑖 (·) : M → R}𝑛

𝑖=1. We
consider two optimization objectives:
(1) Constrained Optimization:𝑚′ must satisfy 𝐹𝑖 (𝑚′) ≥ 𝛿𝑖 for

all target properties 𝑖 , where 𝛿𝑖 are predefined thresholds.
(2) UnconstrainedOptimization:𝑚′ aims tomaximize aweighted

sum of properties, i.e.,𝑚′ = argmax𝑚
∑𝑛
𝑖=1𝑤𝑖𝐹𝑖 (𝑚), with 𝑤𝑖

as weighting coefficients.
Property evaluation functions 𝐹𝑖 are treated as expensive black-
box oracles lacking gradient information. Thus, optimization must
adhere to a total oracle evaluation budget 𝐵 ∈ N.

2.2 Similarity-Based Supervised Fine-Tuning

Standard LLMs often fail to generate molecules with high structural
similarity to a lead, yielding modifications comparable to random
sampling [25]. For instance, edits by models like BioT5 can result
in Tanimoto similarities as low as 0.173, while even GPT-4 shows
wide variance (0.165 - 0.433), underscoring the need for specialized
training.

To address this, the first stage of ReMol is SFT. We fine-tune a
base chemistry-aware LLM on a curated dataset of high-similarity
molecule pairs (e.g., Tanimoto similarity > 0.7 from PubChem [15]).
This SFT phase explicitly trains the LLM on patterns of valid, local
chemical modifications, equipping it with the foundational capa-
bility to propose edits that maintain structural fidelity. This stage
grounds the LLM in domain-specific editing principles crucial for
effective lead optimization.

2.3 Multi-Turn Reinforcement Learning

Building upon the SFT-initialized LLM, the second stage employs
RL to further hone its optimization capabilities. Lead optimization
is an iterative process, naturally framed as a finite-horizon Markov
Decision Process (MDP):M = ⟨S, A, 𝑃, 𝑅, 𝛾disc⟩.

Observation space (S): Each state 𝑠𝑡 is an intermediate, chemi-
cally valid SMILES string. An episode starts from the lead molecule
𝑚0 and ends upon generating an [EOS] token or reaching 𝑇 edits.

Action space (A): At step 𝑡 , the LLM agent selects a token 𝑎𝑡
from the SMILES vocabularyV such that 𝑠𝑡+𝑎𝑡 remains a syntacti-
cally valid SMILES prefix.

Transition dynamics (𝑃): Appending a valid character deter-
ministically extends the prefix: 𝑃 (𝑠𝑡+1 | 𝑠𝑡 , 𝑎𝑡 ) = 1

[
𝑠𝑡+1 = 𝑠𝑡+𝑎𝑡

]
.

Reward function (𝑅): Intermediate states receive zero reward.
At termination (after𝑇 edits or [EOS]), the generated molecule𝑚𝑇

is scored:𝑅(𝑠𝑇 , 𝑎𝑇 ) =
∑𝑛
𝑖=1𝑤𝑖 𝐹𝑖 (𝑚𝑇 )−𝜆 max

{
0, 𝛾sim−sim(𝑚0,𝑚𝑇 )

}
,

where 𝐹𝑖 are property predictors, 𝑤𝑖 are weights, sim(𝑚0,𝑚𝑇 ) is

Table 1: Success rate (%) for QED ∈ [0.9, 1.0] with similarity

sim ≥ 0.4 under evaluation budgets 𝐵 ∈ {500, 1000}.

Method Success Rate (%)

𝐵 = 500 𝐵 = 1000

Reinvent [8] 0.25 0.63
Graph-GA [29] 1.38 3.25
QMO [11] 15.88 19.62
RetMol [25] 42.38 63.25

ReMol-1.5B (Ours) 53.13 62.50
ReMol-3B (Ours) 56.25 68.75

similarity to the lead, 𝛾sim is the similarity threshold, and 𝜆 is a
penalty coefficient. We use a discount factor 𝛾disc = 1.

The goal is to learn a policy 𝜋 (𝑎 |𝑠) that maximizes the expected
terminal reward within the oracle evaluation budget 𝐵. Unlike
single-turn RL, lead optimization benefits from trajectory-level rea-
soning. Our RL approach evaluates the full molecule after edit se-
quences and assigns rewards considering both local edit quality
and overall trajectory success in achieving the optimization goals.
This allows the LLM to plan multi-step edit sequences effectively,
manage the evaluation budget, and adhere to similarity constraints.
We employ a policy gradient method (e.g., PPO-style updates) to
optimize the LLM.

3 Experiments

We evaluated ReMol on single-objective molecular optimization,
focusing on Quantitative Estimate of Drug-likeness (QED) [2]. The
objective was to improve QED scores while maintaining high struc-
tural similarity.
Experimental Setup: We used 800 molecules with QED scores
in [0.7, 0.8] from ZINC250k [13] as leads. Following [26], for each
lead𝑚, we aimed to generate𝑚′ such that: (1) 𝐹QED (𝑚′) ≥ 0.9, and
(2) Tanimoto similarity sim(𝑚′,𝑚) ≥ 0.4. Evaluations were run
with budgets 𝐵 ∈ {500, 1000} oracle queries. We compared against
QMO [11].
Evaluation Metric and Results:We used Success Rate: the per-
centage of leads for which a valid molecule satisfying both QED and
similarity constraints was foundwithin budget. As shown in Table 1,
ReMol significantly outperformed QMO. With 𝐵 = 500, ReMol
achieved a 53.13% success rate, increasing to 62.50% with 𝐵 = 1000.
This is a 42.88 percentage point improvement over QMO’s 19.62%
at 𝐵 = 1000. These results highlight ReMol’s ability to efficiently
optimize molecules under strict constraints.

4 Conclusion

We introduced ReMol, a two-stage post-training framework (SFT
+ RL) that equips LLMs for effective lead molecule optimization.
By first grounding the LLM in similarity-preserving local edits via
SFT, and then refining its ability to perform iterative, goal-directed
optimization via multi-turn RL, ReMol addresses key limitations of
applying general LLMs to this domain. Our experiments show that
ReMol significantly improves success rates in optimizing molecular
properties while adhering to structural similarity and evaluation
budget constraints. This approach offers a promising direction for
leveraging LLMs in complex, constrained molecular design tasks.
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