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Abstract

In drug discovery, molecular optimization aims
to iteratively refine a lead compound to im-
prove molecular properties while preserving
structural similarity to the original molecule.
However, each oracle evaluation is expensive,
making sample efficiency a key challenge for
existing methods under a limited oracle bud-
get. Trial-and-error approaches require many
oracle calls, while methods that leverage ex-
ternal knowledge tend to reuse familiar tem-
plates and struggle on challenging objectives.
A key missing piece is long-term memory that
can ground decisions and provide reusable in-
sights for future optimizations. To address this,
we present MolMem (Molecular optimization
with Memory), a multi-turn agentic reinforce-
ment learning (RL) framework with a dual-
memory system. Specifically, MolMem uses
Static Exemplar Memory to retrieve relevant
exemplars for cold-start grounding, and Evolv-
ing Skill Memory to distill successful trajec-
tories into reusable strategies. Built on this
memory-augmented formulation, we train the
policy with dense step-wise rewards, turning
costly rollouts into long-term knowledge that
improves future optimization. Extensive exper-
iments show that Mo1lMem achieves 90% suc-
cess on single-property tasks (1.5x over the
best baseline) and 52% on multi-property tasks
using only 500 oracle calls. Our code is avail-
able at https://github.com/REAL-Lab-NU/
MolMem.

1 Introduction

Molecular optimization is a key step in drug discov-
ery that iteratively refines a lead compound to im-
prove molecular properties while preserving struc-
tural similarity to the original molecule (Plowright
et al., 2012; Wesolowski and Brown, 2016; Wang
et al., 2025d,c). Since each refinement relies
on expensive oracle evaluations (e.g., wet-lab as-
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Figure 1: The Evolution of Molecular Optimization
Paradigms. (1) Novice: trial-and-error exploration with
low sample efficiency; (2) Apprentice: template imitation
of external knowledge; (3) Expert (Ours): self-evolution via
grounded knowledge and consolidated skills.

says, high-fidelity simulators, or property predic-
tors), sample efficiency becomes the core chal-
lenge (Gao et al., 2022; Guo and Schwaller, 2024):
how to achieve strong optimization performance

under a limited oracle budget?
However, most existing methods still struggle

with this sample-efficiency challenge. To under-
stand why, we highlight two common paradigms
in Fig. 1 and contrast them with how human ex-
perts work. @ Novice methods rely on trial-and-
error search driven by oracle feedback, such as
genetic algorithms and single-step reinforcement
learning (Jensen, 2019; Olivecrona et al., 2017; Lo-
effler et al., 2024). Without prior knowledge, they
typically require many oracle calls to reach good
performance. ® Apprentice methods leverage ex-
ternal knowledge such as large offline datasets, pre-
trained models, or retrieved exemplars (Guo et al.,
2023; Liu et al., 2024; Ye et al., 2025). They of-
ten start faster by imitating familiar transformation
templates, but struggle when the task demands edits
beyond those templates. ® Human experts, in con-
trast, ground decisions in relevant references and
turn successful trials into reusable strategies. This
ability to learn from experience is key to sample-
efficient optimization.

Agentic reinforcement learning (RL) provides

a natural framework for capturing this ability: an
agent interacts with an environment over multiple
turns and learns from feedback (Wang et al., 2025a;
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Zhang et al., 2025). Using large language models
(LLMs) as the agent backbone makes this frame-
work practical in this domain, since they can follow
instructions and incorporate rich textual context to
guide molecular edits (Wang et al., 2025d). How-
ever, this multi-turn agentic framework remains
under-explored in molecular optimization. More
importantly, most existing methods provide limited
support for long-term memory: once a rollout ends,
useful discoveries are lost and cannot be reused in
future optimizations. Such memory is crucial for
sample efficiency, since discoveries from one run
can reduce oracle calls in the next. This leads to a
key question:

\ Can we distill multi-turn rollouts into long-term,
" | retrievable skills for sample-efficient optimization?
|

We answer this question with MolMem
(Molecular optimization with Memory), a
multi-turn agentic RL framework with a dual-
memory system (Fig. 2). Within each rollout, the
agent uses the trajectory history as short-term
context. To complement this, Mo1Mem maintains
two long-term memory components: @ Static
Exemplar Memory retrieves relevant exemplars
(e.g., structurally similar high-scoring molecules)
to provide cold-start grounding when the agent
lacks its own experience; @ Evolving Skill
Memory distills successful trajectories into
reusable strategies stored in a skill bank, enabling
the agent to improve beyond directly copying
exemplars. Long-term memory is queried only
when optimization plateaus, encouraging the
agent to explore independently before consulting
retrieved guidance. To train the multi-turn policy
effectively, we use dense step-wise rewards
derived from oracle signals, enabling precise credit
assignment across the trajectory. To summarize,
our main contributions are as follows:

* Framework. We propose MolMem, a memory-
augmented multi-turn agentic RL framework for
sample-efficient molecular optimization.

* Memory System. We design a dual-memory
system with distinct roles: Static Exemplar Mem-
ory for cold-start grounding, and Evolving Skill
Memory for distilling successful trajectories into
reusable strategies.

» Effectiveness. Experiments show that Mo1Mem
achieves 90% success on single-property tasks
(1.5x over best baseline) and 52% on multi-

property tasks using only 500 oracle calls.

2 Related Work

Molecular Optimization. To reduce the cost of
wet-lab assays, researchers have proposed various
computational methods for molecular optimiza-
tion (Gao et al., 2022). Approaches include ge-
netic algorithms (Jensen, 2019), Bayesian optimiza-
tion (Korovina et al., 2020), and reinforcement
learning for goal-directed generation (Popova et al.,
2018; Olivecrona et al., 2017; Loeffler et al., 2024).
However, the PMO benchmark shows that many of
these methods struggle under realistic oracle bud-
gets and often have difficulty balancing property
improvement with structural similarity to the origi-
nal lead (Gao et al., 2022). More recently, LLMs
have been explored as flexible editors for interac-
tive molecular design (Ye et al., 2025; Liu et al.,
2024; Wang et al., 2024a; Rivera et al., 2026). De-
spite their flexibility, these methods are typically
used in a single-step manner and do not system-
atically learn from full optimization trajectories,
which limits cross-trajectory improvement under
tight budgets. This motivates multi-turn formula-
tions that optimize over trajectories with step-wise
feedback.

Multi-Turn Agentic Reinforcement Learning.
Multi-turn reinforcement learning provides a natu-
ral way to model sequential decision making with
LLM agents (Du et al., 2023; Wang et al., 2024b;
Ma et al., 2026; Hao et al., 2025; Zhang et al.,
2026). It also aligns well with molecular opti-
mization, where an optimizer proposes a sequence
of edits under step-wise oracle feedback. Under
the broader umbrella of agentic RL, LLMs are
treated as policies that learn through interaction
with an environment rather than as one-shot gener-
ators (Zhang et al., 2025). Recent systems such as
RAGEN (Wang et al., 2025a) show that optimizing
over full trajectories can improve long-horizon be-
havior. While multi-turn RL has advanced rapidly
in language-based tasks, its use for sample-efficient
molecular optimization remains relatively under-
explored. Moreover, most multi-turn setups primar-
ily use the trajectory history as short-term context:
once an episode ends, useful intermediate insights
are difficult to carry over to future runs (Wang et al.,
2025c; Wang and Ding, 2018). This gap motivates
mechanisms that can store and retrieve experience
across trajectories.
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Figure 2: Overview of the Mo1Mem. The framework consists of two complementary memory modules: (Left) Static Exemplar
Memory retrieves structurally similar, high-scoring molecules from an external database as references for the current objective.
(Right) Evolving Skill Memory distills successful trajectories into reusable textual strategies. Retrieved exemplars or skills are
injected into the Working Memory (center) to augment the LLM agent’s context during Multi-turn Rollouts.

Memory-Augmented Agents. A growing line
of work equips LLM agents with memory to
reuse information and experience across steps and
episodes (Hu et al., 2025; Huang et al., 2026).
In molecular design, memory is often imple-
mented as static retrieval: systems such as Chat-
Drug (Liu et al., 2024) and DrugAssist (Ye et al.,
2025) retrieve similar molecules or references from
databases to guide editing, but this context is typi-
cally used as read-only guidance rather than be-
ing updated from optimization outcomes. Be-
yond molecular design, experience-centric mem-
ory has been explored across domains, includ-
ing retrieval-augmented reasoning in clinical set-
tings (Ou et al., 2025; Shen et al., 2026; Wang et al.,
2025b). Moreover, Voyager builds a library of exe-
cutable code skills from task feedback (Wang et al.,
2023), and ExpeL distills successful trajectories
into exemplars for future reuse (Zhao et al., 2024).
Chemistry-focused agents have also begun to build
self-updating libraries for general chemistry tasks
(e.g., ChemAgent) (Tang et al., 2025). However,
these ideas have not been tailored to molecular op-
timization, where an agent must improve properties
while preserving structural similarity under tight
oracle budgets. MolMem builds on this direction
by combining static exemplar retrieval for ground-
ing with trajectory-based skill distillation for reuse
across runs.

3 Preliminary

3.1 Problem Formulation

Molecular optimization aims to refine a lead com-
pound by proposing structural edits that improve
one or more molecular properties under a limited
oracle-call budget. Let My, denote the space
of valid molecules. Given a lead molecule m &

Mol, the goal is to find an optimized molecule
m' € Mo that solves:

: I

ey

where F; : Mpo — R are black-box property
oracles (e.g., binding affinity, solubility), w; are
their weights, sim(-, -) denotes Tanimoto similarity
with threshold -y to encourage structural similarity,
c; denotes the oracle call of evaluating F;, and B

is the total oracle-call budget.

3.2 Multi-Turn MDP Formulation

We model molecular optimization as a finite-
horizon Markov Decision Process (MDP) in which
an agent iteratively proposes candidate molecules
and receives oracle evaluations after each turn. For-
mally, the MDP is defined as (S, A, P, R) with
horizon T:

e State S. At turn ¢, the state s; contains the task
objective and the optimization context, includ-
ing the lead molecule mg, the previously pro-
posed molecules (my,...,m;), and their reward

(T‘(], . ,’I“tfl).

* Action A. The action a; ~ my(- | st) corre-
sponds to proposing the next candidate molecule
my41, represented as a SMILES string.

* Transition and reward P, R. After taking ac-
tion a;, the environment evaluates the proposed
molecule my4; with oracle(s) and returns a step
reward r; = R(s¢,a;) (Appendix E.2). The
next state sy is obtained by updating the his-
tory with (11, 7). The transition is written as
St41 P( | st,at).

This multi-turn formulation allows the agent to

learn from intermediate feedback over a trajectory,

rather than optimizing each edit in isolation.
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4 Method

We present Mo1Mem, a multi-turn agentic reinforce-
ment learning (RL) approach for sample-efficient
molecular optimization. Building on the MDP for-
mulation in Section 3.2, we first describe the dual-
memory system (Section 4.1) and then introduce
the policy optimization procedure. (Section 4.2).

4.1 Agentic Memory System

In the multi-turn MDP, the trajectory history pro-
vides short-term context within a rollout. However,
once a rollout ends, the agent has no mechanism
to retain and reuse effective edits discovered along
the way, so similar oracle calls may be repeated
across rollouts. To support reuse for better sam-
ple efficiency, Mo1lMem maintains a dual-memory
system M = (Mstatic’Mevolve)'

4.1.1 Static Exemplar Memory

The static component M@ provides cold-start
grounding by maintaining a large molecule bank
constructed from ChEMBL (Zdrazil et al., 2024)
(2.8M molecules) with precomputed physicochem-
ical properties (e.g., QED, LogP). Each molecule is
indexed by its Morgan fingerprint (ECFP4; radius
= 2, 2048-bit) using FAISS (Johnson et al., 2019)
for efficient similarity search.

To avoid over-reliance on external guidance,
we trigger exemplar retrieval only when progress
plateaus (e.g., no reward improvement for consec-
utive turns), rather than at every turn or from the
start. This encourages independent exploration in
early turns before incorporating exemplar-based
grounding. Given the current molecule m; at the
triggered turn and the lead molecule mg, retrieval
follows a two-stage procedure:

Candidate Retrieval. We first perform approxi-
mate nearest-neighbor retrieval in fingerprint space
to obtain a candidate set:

Cr = ANN(¢(my); M) | )

where ¢(-) denotes the ECFP4 fingerprint and
ANN is implemented with FAISS.

Constrained Reranking. We then enforce lead
similarity by filtering candidates with Tanimoto
similarity to mg, and return the top-K exemplars
ranked by target property score:

C;tatic = Top’Km’ECt: sim(m’/,mo)>"Yex FQ(m/)'
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Figure 3: Mechanism of the Evolving Skill Memory. (Top)
Memory Formation: High-reward pairs in multi-turn rollouts
are distilled into textual skills by extracting structural changes
and synthesizing insights via a summarizer agent. (Bottom)
Memory Retrieval: Relevant skills are retrieved from the
skill bank using a hybrid matching of fingerprint similarity
and functional group overlap to guide the policy agent.

where sim(-, -) is Tanimoto similarity, yex is a simi-
larity threshold, and Fio () is the task-specific score.
This design uses m; for broad retrieval while en-
forcing similarity to mg, ensuring retrieved exem-
plars both explore relevant chemical space and re-
main similar to the lead.

Crucially, exemplars serve as references rather
than targets to copy. We penalize exact copying
by assigning a negative reward if the generated
molecule is identical to any retrieved exemplar,
discouraging rote replication and encouraging the
agent to learn from structural patterns. Implemen-
tation details are provided in Appendix G.

4.1.2 Evolving Skill Memory

Unlike the static, external exemplar bank, the evolv-
ing component M®¥°!'¢ grows a library of reusable
strategies consolidated from the agent’s own high-
reward rollouts (Fig. 3). We implement this compo-
nent via memory formation and memory retrieval.

Memory Formation. After each training itera-
tion, we extract step-wise experiences from multi-
turn rollouts. For each transition (m;, m;41) with
high reward improvement Ar > ¢ (where 9 is
a threshold), we build a structured edit card k;
that summarizes the transformation, including: (i)
MCS-based edit decomposition (modification type
and removed/added fragments), (ii) scaffold anal-
ysis (before/after scaffold and scaffold type, e.g.,
scaffold hop), (iii) functional-group additions/re-
movals, and (iv) cheap descriptor deltas (e.g., MW,
PSA, HBD/HBA, ring count). A summarizer LLM
then converts this card into a single actionable
strategy sentence following a fixed Action—What—
Where—Effect template, e.g., “Replace methoxy (-
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OCHs3) with fluorine (-F) on the aromatic ring to
improve the target score.”

€ = LLMsummarizer(’{ta AT, Q) . (4)

Each skill e is stored in a task-specific bank
Megv"l"e and indexed by the molecule m;’s Mor-
gan fingerprint and a set of functional-group tags.

Memory Retrieval. Given the current molecule
m; and objective O, we query Me’QV"lve via two
parallel matching signals. Fingerprint match-
ing uses Tanimoto similarity over Morgan finger-
prints, and functional-group matching uses Jac-
card similarity over functional-group sets. Each
skill e is stored with its pre-edit source molecule
m(e) and functional-group tags G(e); we com-
pute simpp(my, e) = sim(¢p(my), ¢(m(e))) and
simpg(me,e) = J(G(my),G(e)). After thresh-
old filtering, we return top- Ky, and top- K, skills
respectively:

o = Top-Kpp{e € MM : simpp (my, e) > 1}
cif = Top-Kg{e € MY : simpg (my, €) > vy}

(&)
and set ¢j* = cﬁp U cig. Among candidates that
pass the threshold, we rank skills by their improve-
ment Ar, ensuring retrieved skills are not only
structurally relevant but also empirically effective.

Similar to exemplar retrieval, skill retrieval is
triggered only when optimization plateaus, encour-
aging the agent to first explore independently be-
fore consulting accumulated experience. Retrieved
skills are injected into the agent’s working mem-
ory as high-level guidance, enabling cross-rollout
reuse of successful edit principles without addi-
tional oracle evaluations. Implementation details
are in Appendix H.

4.1.3 Memory-Augmented Rollouts

As described above, exemplar and skill retrieval are
triggered only when optimization plateaus. If both
trigger conditions are satisfied simultaneously, we
stochastically select one memory source to keep the
LLM context budget and prevent over-reliance on a
single modality. The retrieved items are assembled
into the policy input (working memory), forming
the memory-augmented state:

St = (Q7 He @ Cinem), (6)

where Q is the task objective, H; =
(mg,m1,...,m;70,...,m—1) 1is the trajec-
tory history, & denotes context concatenation, and

cmem ¢ [ggtatic gevolve o1 denotes the injected
memory depending on trigger status. This design
combines within-rollout context with cross-rollout
knowledge via on-demand retrieval.

4.2 Memory-Augmented Policy Optimization

Given the memory-augmented state formulation
(Eq. 6), we train MolMem in two stages:

Stage I: Supervised Fine-Tuning. We initialize
the policy 7y via supervised fine-tuning (SFT) on
an offline dataset of molecular edit pairs that satisfy
the similarity constraint. This warm start teaches
the model to propose valid edits and provides a
stable prior before RL (details in Appendix D).

Stage II: Memory-Aware Policy Optimization.
Building on the SFT-initialized policy, we apply
Proximal Policy Optimization (PPO) (Schulman
et al., 2017) to further refine the agent’s multi-turn
decision making. Unlike single-turn methods that
treat each edit independently, our formulation opti-
mizes over entire trajectories while providing dense
step-wise feedback: the agent receives an imme-
diate reward r; after each modification, enabling
precise credit assignment rather than relying solely
on terminal outcomes. Given a rollout 7 collected
by the policy mg,,, we optimize:

T—1
Topo(0) = Brmy | > Li(0) |,
t=0
Li(#) = min (ptflt, clip(pg, 1—e, 1—{—6)1415),

(N

—molaelst) o the importance ratio and

oy q (atlst)
At is computed via GAE (Schulman et al., 2015)
from the dense reward sequence (r¢,7¢41,...),
which balances property improvement with simi-
larity preservation (details in Appendix E.2). Since
the state s; (Eq. 6) incorporates retrieved mem-
ory when triggered (Section 4.1), training naturally
teaches the policy to interpret and leverage memory
guidance for long-term improvement.

where p; =

S Experiments

5.1 Experimental Setup

Baselines. We compare MolMem with baselines
from two baseline paradigms (Fig. 1): (1) Novice:
Graph-GA (Jensen, 2019), QMO (Hoffman et al.,
2022), and Reinvent 4 (Loeffler et al., 2024); (2)
Apprentice: (i) Direct Retrieval, a retrieval-only
variant that retrieves molecules using the same
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Table 1: Single-Property Optimization Results. Methods are categorized by optimization paradigm: Novice, Apprentice, and
. SR (%) denotes the success rate, Sim denotes the Tanimoto similarity to the original molecule (we require Sim > 0.4),

and RI denotes relative improvement. For SR, gold = best, silver =second, and bronze = third.

Method Backbone QED plogP SA DRD2 JNK3
SR (%) Sim RI SR (%) Sim RI SR(%) Sim RI SR (%) Sim RI SR (%) Sim RI
® Novice

Graph-GA N/A 595 049 0.13 615 049 9.64 460 048 020 340 056 513 65 059 1.73
QMO GRU 165 053016 80 055 587 65 052015 95 051 391 05 0.56 1.20
Reinvent 4 Transformer 335 050 0.14 515 048 1037 185 047 021 345 050 871 280 051 191

® Apprentice

Retrieval-based
Direct Retrieval N/A 685 043 021 535 043 13.13 380 044 030 285 043 810 21.0 044 245

Prompting & SFT
Direct Prompr  Q¥en2:5-1.5B 530 0.66 0.18 380 0.65 1248 130 0.69 0.16 135 0.64 492 195 0.66 2.23
trect Frompt wen2.5-3B 67.5 063 020 525 0.63 1465 340 066 027 255 0.68 8.14 315 0.64 1.79
SFTonl Qwen2.5-1.5B  37.0 062 0.14 245 064 9.09 80 062 013 200 062 7.04 85 063 0.72
-only Qwen2.5-3B 480 061 0.17 235 063 9.67 105 062 0.16 230 064 670 105 0.64 0.81

Task-Specific LLM
MOLLEO BioT5 150 068 0.08 125 070 337 80 081 002 40 078 063 100 0.88 0.04
LlaSMol Mistral-7B 38.0 045 0.14 325 049 998 205 050 0.19 155 047 594 60 044 0.71
ChemLLM ChemLLM-7B  69.0 0.65 021 615 064 1986 355 0.69 027 460 064 11.71 440 0.65 2.48
GeLLM30 Llama3.1-8B 61.5 056 0.19 57.0 052 1280 145 057 0.16 49.0 056 11.16 85 055 1.19
PEIT-LLM Llama3.1-8B 82.5 047 023 815 049 1541 450 050 031 505 050 11.86 41.0 0.50 2.51
MolMem (Ours) Qwen2.5-1.5B  91.0 047 024 100.0 0.47 19.44 63.5 045 034 96.0 049 1696 985 0.47 8.87

static retriever as MolMem; (ii) Direct Prompt with
general-purpose LLMs using the same instruction
prompt as MolMem for fair comparison; (iii) SFT-
only, using the same supervised data and recipe as
Stage I but without RL; (iv) Task-Specific LLMs:
MOLLEO (Wang et al., 2024a), LlaSMol (Yu
etal., 2024), ChemLLLM (Zhang et al., 2024), PEIT-
LLM (Lin et al., 2024), and GeLLM3O (Dey et al.,
2025). Direct Retrieval and SFT-only also serve
as ablations of MolMem. Notably, Mo1Mem uses a
compact Qwen2.5-1.5B backbone, while most task-
specific LLM baselines use 7-8B parameters. De-
tails of these baselines are in Appendix B.

Tasks and Constraints. We evaluate
on five single-property tasks (QED, plogP,
SA, DRD2, JNK3) and five multi-property
tasks (QED+plogP, plogP+DRD2, QED+SA,
DRD2+SA, DRD2+QED+plogP) using 200 lead
molecules randomly sampled from ZINC-250k (Ir-
win and Shoichet, 2005). We enforce two practical
constraints: (1) a Tanimoto similarity threshold
of v = 0.4 to preserve similarity to the lead, and
(2) an oracle-call budget of B = 500 per lead
molecule.

Evaluation Metrics. Following prior work (Dey
et al., 2025), we report three complementary met-
rics: (1) Success Rate (SR): the percentage of
leads that meet the task-specific success criterion
while satisfying the similarity constraint; (2) Simi-
larity (Sim): the average Tanimoto similarity be-
tween the lead and the final optimized molecule; (3)
Relative Improvement (RI): the average relative

improvement from the lead to the final molecule
over the target property. Detailed definitions and
task-specific success criteria are provided in Ap-

pendix C. | .
Agent Engine. We use GPT-4o as the skill sum-

marizer in MolMem (Appendix H).

5.2 Single-Property Optimization

Table 1 reports five single-property tasks. MolMem
achieves the highest success rate across all tasks
while maintaining comparable similarity.

Largest gains emerge on bioactivity targets.
Compared with strong task-specific LLM baselines,
MolMem improves SR from 82.5% to 91.0% on
QED and from 81.5% to 100.0% on plogP. The gap
widens on bioactivity targets: 50.5% to 96.0% on
DRD2 and 44.0% to 98.5% on JNK3. These tasks
require precise navigation of structure-activity rela-
tionships, suggesting that Mo1Mem is more effective
on such complex landscapes.

Smaller backbone, larger gains. Despite using
a compact Qwen2.5-1.5B backbone, Mo1Mem out-
performs much larger baselines (ChemLLM 7B,
GeLLM?30 8B, PEIT-LLM 8B). The multi-turn
framework compensates for limited model capacity
by allowing iterative refinement, while the dual-
memory system supplies chemical knowledge to
retrievable exemplars and accumulated skills, re-
ducing the need to encode such knowledge purely
in model parameters.

Retrieval provides cold-start, learning enables
scaling. Direct Retrieval performs well on QED
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Table 2: Multi-Property Optimization Results. Methods are categorized by optimization paradigm: Novice, Apprentice, and
. SR (%) denotes the success rate, Sim denotes the Tanimoto similarity to the original molecule (we require Sim > 0.4),

and RI denotes relative improvement. For SR (Success Rate), gold = best, silver =second, bronze = third.

Method Backbone QED+plogP plogP+DRD2 QED+SA DRD2+SA DRD2+QED+plogP
SR(%) Sim RI SR (%) Sim RI SR (%) Sim RI SR(%) Sim RI SR (%) Sim RI
@ Novice
Graph-GA N/A 80 0.50 4.11 2.5 048 6.61 8.0 0.52 0.12 0.0 0.53 4.15 0.0 0.51 3.79
QMO GRU 30 052 640 20 051 420 1.5 0.53 0.11 1.0 0.50 2.49 0.0 0.52 1.14
Reinvent 4 Transformer 6.0 049 8.60 50.0 0.48 7.94 17.0 0.66 0.05 37.5 0.50 5.54 3.0 0.51 4.28
® Apprentice
Retrieval-based
Direct Retrieval N/A 240 043 4.51 21.5 044 752 31.0 043 025 235 043 2.64 8.0 043 3.72

Prompting & SFT

Qwen2.5-1.5B 10.0 0.58 3.49 8.0
Qwen2.5-3B 125 0.54 4385 7.0
Qwen2.5-1.5B 140 0.60 3.46

Direct Prompt

0.55 8.98 240 049 0.22 6.0 0.59 3.59 20 0.54 4.60
0.57 8.58 21.5 0.55 0.16 50 058 3.36 1.0 0.58 3.68
115 0.62 7.16 20.0 0.59 0.13 6.5 0.62 2.74 1.0 0.61 2.61

SFT-only Qwen2.5-3B 180 059 289 75 062 786 210 060 0.14 70 061 241 1.5 061 2.83
Task-Specific LLM

LiaSMol Mistral-7B 150 049 358 80 046 9.16 210 048 0.19 160 047 379 1.5 047 3.59

ChemLLM  ChemLLM-7B 115 051 636 80 053 806 205 051 021 220 055540 00 052 2.85

GeLLM?0  Llama3.1-8B 195 0.60 289 160 058 741 225 057 0.4 90 059 276 00 061 2.92

PEITLLM  Llama3.1-8B 125 044 595 250 047 1282 415 044 026 345 046 561 40 045 551

MolMem (Ours) Qwen2.5-1.5B 58.0 0.49 12.12 54.0

0.48 13.78 645 047 024 695 048 7.11 150 0.46 6.26
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Figure 4: Analysis of key hyperparameters. (a) Success rate improves with more turns and saturates around 7=5. (b)
Performance improves with more training leads, though even 64 leads yield competitive results. (c) Stricter similarity constraints

reduce the success rate.

(68.5% SR) but struggles on bioactivity targets
(28.5% on DRD2 and 21.0% on JNK3), where
relevant exemplars are scarce. MolMem sustains
improvement by learning from multi-turn RL and
distilling successful edits into reusable skills, mov-
ing beyond exemplar copying.

5.3 Multi-Property Optimization

Table 2 reports five multi-property tasks. Mo1Mem
achieves the highest success rate on all tasks, with
particularly large margins on combinations involv-
ing bioactivity targets. For example, on DRD2+SA,
MolMem reaches 69.5% SR compared to 37.5% for
a strong baseline (Reinvent 4). The three-property
task (DRD2+QED+plogP) proves challenging for
all methods, yet Mo1Menm still leads with 15.0% ver-
sus 8.0% (Direct Retrieval). These results suggest
that the benefits of memory-augmented multi-turn
optimization extend from single-property to multi-

property settings, especially when the objective
involves complex bioactivity constraints.

5.4 Analysis of Key Hyperparameters

Figure 4 analyzes the impact of critical hyperpa-
rameters on optimization performance. (1) Impor-
tance of multi-turn optimization. As shown in
Figure 4a, allowing the agent to optimize over mul-
tiple turns yields substantial improvements over
single-turn baselines. Performance gains saturate
around 7'=5, indicating that this range provides
an effective balance between optimization quality
and computational cost. (2) Data efficiency. Fig-
ure 4b shows that performance scales with training
data size, but even 64 leads yield competitive re-
sults across tasks. This efficiency stems from the
dual-memory system, which allows the agent to
accumulate and reuse successful strategies across
rollouts, amplifying the utility of limited training
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data. (3) Robustness to similarity constraints.
Figure 4c shows that stricter similarity thresholds
reduce success rates across all tasks, with harder
targets (SA, JINK3) showing larger drops. Never-
theless, Mo1Mem maintains reasonable performance,
demonstrating the robustness of Mo1Mem.

5.5 What the Skill Bank Learns

To interpret the strategies captured by the evolv-
ing skill memory, we analyze learned skills on the
QED task (Figure 5). The skill bank is dominated
by scaffold-level transformations: ring removal ac-
counts for 48.7% of edits, followed by scaffold
replacement (21.4%) and ring addition (15.6%)
(Figure 5a). This tendency toward simplification is
consistent with common drug-likeness guidelines
that favor avoiding overly large or complex struc-
tures (Lipinski, 2000; Bickerton et al., 2012). At
the functional-group level, the learned skills more
often remove amine-related motifs while slightly
favoring halogen additions, with amide changes re-
maining roughly balanced (Figure 5b). Such edits
reflect standard medicinal-chemistry levers used to
tune drug-like properties during optimization (Glee-
son, 2008). Consistent with these patterns, opti-
mization trajectories shift toward lower molecu-
lar weight and higher QED (Avg MW —31.7 Da;
Avg QED +0.158) (Figure 5¢). Overall, the skill
bank captures reusable structure-level heuristics
that move candidates toward more QED-favorable
regions of chemical space.

5.6 Ablation Study

We conduct an ablation study to quantify the con-
tribution of each component, as summarized in
Table 3. (1) Multi-turn optimization is founda-
tional. Restricting the agent to single-turn opti-
mization (7T'=1) substantially degrades success rate,
from 91.0% to 50.0% on QED and from 96.0%
to 54.0% on DRD2, highlighting the importance

Table 3: Ablation Study of Component Contributions.

QED DRD2
SR (%) Sim RI SR(%) Sim RI
MolMem (Full) 91.0 047 024 960 049 16.97

Model Configuration

— Ablation of Training Components —

w/o SFT Initialization 68.0 054 0.19 345 058 8.64
w/o Multi-turn (T=1) 500 055 0.19 540 058 11.39
w/o RL Training (SFT-only) 370 062 0.14 200 0.62 7.04

— Ablation of Memory Components —
w/o Static Exemplar Memory ~ 81.0  0.52 020 885 049 1556
w/o Evolving Skill Memory 83.0 052 021 855 049 1478
w/o Both Memories 80.0 051 020 81.0 050 14.12

of iterative refinement with intermediate feedback.
(2) RL training is essential beyond a supervised
prior. Removing RL and using SFT-only reduces
SR to 37.0% (QED) and 20.0% (DRD2), indicat-
ing that multi-turn optimization is necessary to re-
alize consistent gains under a fixed oracle budget.
(3) SFT initialization is particularly critical for
bioactivity. Without SFT warm-start, DRD2 SR
drops from 96.0% to 34.5%, suggesting that learn-
ing effective edits for challenging targets benefits
from a strong chemical prior. (4) Memory com-
ponents are complementary. Removing either
Static Exemplar Memory or Evolving Skill Mem-
ory reduces SR on both tasks, and removing both
causes the larger degradation, supporting that cold-
start grounding and consolidated strategies provide
additive benefits.

6 Conclusion

We presented Mo1Mem, a memory-augmented multi-
turn agentic RL framework for sample-efficient
molecular optimization. In our dual-memory sys-
tem, Static Exemplar Memory provides cold-start
grounding, while Evolving Skill Memory distills
successful trajectories into reusable optimization
strategies. Experiments demonstrate strong per-
formance on both single-property (90% SR) and
multi-property (52% SR) tasks using only 500 ora-
cle calls, substantially outperforming existing meth-
ods. An analysis of the learned skill bank further
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suggests that MolMem captures chemically mean-
ingful patterns (e.g., frequent ring removal and sys-
tematic amine reduction) that are consistent with
established medicinal chemistry heuristics. We be-
lieve this work takes a step toward more practical
molecular optimization agents.

7 Limitations

First, our evaluation relies on computational ora-
cles. These surrogates, while widely used in molec-
ular optimization benchmarks, may not fully re-
flect outcomes measured by wet-lab assays or other
higher-fidelity evaluations. Second, skill summa-
rization currently depends on an external LLM
(GPT-40) to convert structured edit cards into natu-
ral language strategies. While effective, this intro-
duces additional inference cost. Integrating sum-
marization directly into the RL training loop in an
end-to-end fashion is an important next step.
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A LLM Usage

We used Large Language Models (ChatGPT/-
Claude/Gemini) exclusively for grammatical cor-
rection in this manuscript. The LLMs played no
role in research ideation, methodology, or scientific
content generation. All technical contributions and
scientific insights are original work by the authors.

B Baselines and Implementation Details

B.1 Baseline Methods

We compare Mo1lMem with baselines that cover two
common optimization paradigms in Fig. 1: (i)
Novice trial-and-error search and (ii) Apprentice
methods that rely on external knowledge (retrieval,
pretrained LLLMs, or supervised fine-tuning).

Novice baselines.

* Graph-GA (Jensen, 2019) is a graph-based ge-
netic algorithm that iteratively mutates and re-
combines molecules with chemistry-aware oper-
ators, using oracle scores as selection signals.

* QMO (Hoffman et al., 2022) performs black-box
optimization in the latent space of a pretrained
molecular autoencoder, updating candidates via
zeroth-order gradient estimates from oracle eval-
uations.

* Reinvent 4 (Loeffler et al., 2024) is an on-policy
RL method that trains a SMILES generator (e.g.,
Transformer) to maximize a scoring function un-
der reward shaping.

Apprentice baselines.

* Direct Retrieval uses the same static retriever as
Mo1Men to retrieve structurally similar molecules
from the external database and selects the best
candidate under the task objective, subject to the
similarity constraint. This baseline isolates the
effect of retrieval without learning.

* Direct Prompt queries general-purpose
instruction-tuned LLMs using the same task
instruction as MolMem and treats each proposal
independently.

* SFT-only uses the same supervised data and
training recipe as Stage I of MolMem, but does
not apply RL. At test time, it generates candi-
dates by prompting the fine-tuned model without
memory or policy optimization.

* Task-specific LLMs include MOLLEO (Wang
et al., 2024a), LlaSMol (Yu et al., 2024), Chem-
LLM (Zhang et al., 2024), PEIT-LLM (Lin et al.,
2024), and GeLLM30 (Dey et al., 2025). These
models are designed or fine-tuned for chemistry
and/or molecular optimization settings. We fol-
low the evaluation protocols described in their
respective papers when applicable, while enforc-
ing the same oracle-call budget and similarity
constraint as in our setup.

B.2 Implementation Details

Budget and constraints. For each lead molecule,
all methods are evaluated under the same oracle-
call budget B=500 and the same similarity con-
straint (Tanimoto similarity > 0.4). An oracle call
is counted whenever a candidate molecule is evalu-
ated by the property oracle(s). We report the best
feasible molecule found within the budget. For
fair comparison, all methods are evaluated with the
same constraints and budget, and we apply iden-
tical success criteria and metrics across methods
(Appendix C).
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Table 4: Task-specific success criteria. For multi-
property tasks, AF = F(m’) — F(m) is measured
relative to the lead molecule m.

Property Single-property success Multi-property success

QED FQED(m/) Z 0.9 AFQED Z 0.1

plOgP FPIng(m’) >2.0 AFplogp > 1.0

JNK3 FJN](3(771,/) Z 0.1 AE[NK3 Z 0.1

DRD2 FDRD2(TTZ/) > 0.8 AFprp2 > 0.5

SA Fsa(m/) < 2.5 AFsp < —-0.5
Traditional methods. For Graph-GA, QMO, and

Reinvent 4, we use official implementations when
available and otherwise use widely adopted public
re-implementations. We keep their default hyper-
parameters, and we modify the optimization loop
to explicitly track oracle calls so that each method
respects the same budget.

LLM-based methods. For Direct Prompt and
task-specific LLM baselines, we use a shared
prompting template (Appendix D) and a common
parsing and validation pipeline. Each model pro-
duces candidate SMILES strings, which are canon-
icalized and checked for validity. Valid candidates
are then evaluated by the oracle and counted to-
ward the budget. We repeat the generation until
the budget is exhausted. We use the temperature
7=0.9 for sampling.

C Evaluation Metrics Details

C.1 Success Rate (SR)

Success Rate (SR) is the percentage of lead
molecules for which the method finds at least one
feasible optimized molecule m’ within the oracle
budget. A molecule is feasible if it satisfies the
similarity constraint sim(m,m’) > 0.4 and the
task-specific success criterion in Table 4. For multi-
property tasks, a run is counted as successful only
if all target properties meet their respective thresh-
olds.

C.2 Similarity (Sim)

We report the average Tanimoto similarity between
each lead molecule m; and the best molecule re-
turned by the method m/:

N
1
Sim = N ; sim(m;, m}), (8)

where N=200. If a method fails to return any valid
candidate that satisfies the constraints for lead m;,

we set m; = m; for that instance. This conven-
tion avoids dropping failures when aggregating re-
sults. As a consequence, Sim should be interpreted
jointly with SR, since a method that frequently fails
may obtain a high Sim by defaulting to the lead
molecule.

C.3 Relative Improvement (RI)

Relative Improvement (RI) measures the average
normalized improvement over the target properties.
For a task with n properties, we compute:

RI = %Z sgn(w;) - Fj(nﬁ;‘(:n];f(m), )
j=1 /

where sgn(w;)= + 1 for properties to maximize
(QED, plogP, JINK3, DRD2) and sgn(w;)= — 1 for
properties to minimize (SA). The absolute value
in the denominator handles properties that may
take negative values (e.g., plogP). If optimization
fails (i.e., no feasible molecule is found within the
budget), we set RI to O for that instance.

D Details of Supervised Fine-Tuning

This section describes the supervised fine-tuning
(SFT) stage used to initialize the policy in Mo1Mem.

D.1 Training Data Construction

We follow the task setup of GeLLM>O (Dey et al.,
2025) and build SFT pairs from the molecule-pair
dataset of Chen et al. (Chen et al., 2021). Each
example is a pair (M, M, ) that corresponds to a
local, single-fragment modification. We filter pairs
to encourage similarity-preserving edits by retain-
ing only those with Tanimoto similarity > 0.6. For
each retained pair, we compute task-relevant prop-
erties (QED, plogP, INK3, DRD2, SA) and keep
examples that show a meaningful improvement for
the specified objective. Each pair is then converted
into an instruction-response example by using M,
as the input molecule and M, as the target output.

D.2 Fine-Tuning Setup

We fine-tune Qwen2.5-1.5B-Instruct using
LoRA (Hu et al., 2022) for parameter-efficient
adaptation. Unless otherwise stated, we use
LoRA rank r=16 and a=32, and train for 10
epochs. The resulting model is used as the SFT
initialization for the policy 7y in Mo1Mem.
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D.3 Prompt Template

We use the unified prompt template below for SFT
data formatting and for LLM-based baselines to
ensure consistent task specification.

Unified Prompt Template

You are an expert medicinal chemist specializing in
molecular optimization. You understand how structural
modifications affect key molecular properties including
drug-likeness, lipophilicity, synthetic accessibility, and
target inhibition activities.

Your task is to modify the given molecule to adjust the
specified molecular properties while keeping structural
changes as minimal as possible. The modified molecule
should maintain a structural similarity of at least 0.6
with the original molecule.

Input molecule: <SMILES> {input_smiles} </SMILES>
Requested modifications: {property_description}

Please provide the optimized molecule in SMILES format,
wrapped in <SMILES> </SMILES> tags.
. J

The {property_description} field is instanti-

ated according to the task objective:

* QED: increase drug-likeness (QED)

* LogP: increase lipophilicity (LogP)

* JNK3/DRD2: increase inhibition probability

* SA: decrease synthetic accessibility score (lower
is better)

* Multi-property: combine the above objectives
with conjunctions

D.4 Why high-similarity pairs for SFT.

In Stage I, our goal is to teach the LLM the
SMILES syntax and to perform controlled, local
edits rather than large scaffold jumps. We there-
fore construct SFT examples from molecule pairs
with high structural overlap (Tanimoto similarity
> 0.6). This design encourages the model to learn
“small but valid” modifications that preserve the
core structure. As a consequence, the SFT-only
baseline tends to produce outputs with consistently
high similarity in evaluation: the model is trained
to stay close to the input molecule, which naturally
raises Sim even when property improvements are
limited.

E Environment and Reward Details

E.1 Environment Interface and Termination

We formulate molecular optimization as a multi-
turn interaction between an LLM agent and a
molecule-editing environment. At turn ¢, the agent
proposes a candidate molecule m; in SMILES
form; the environment parses and validates it, eval-
uates oracle properties, and returns a scalar reward
r¢ together with textual feedback for the next turn.

Algorithm 1 Step-wise reward computation.

Require: current molecule m;;  proposed
molecule (SMILES) . 1; similarity thresh-
old ~; target property oracle F' with direction
sgn(wr) € {+1, -1}

Ensure: reward r;

1: Parse myy1 into a molecule my, 1; if parsing
fails, return r; < —0.5

2: Canonicalize m; and my41; if mepy = my
(no-op), return 74 <— —0.3

3: Compute similarity sim <— sim(mq, m41); if
sim <, return 74 <— —2(y — sim)

4: Compute property change AF' <+ F'(my41) —
l?(77lt)

5: if sgn(wp) - AF > 0 then

6: ry  5|AF)| > property improves
7: else

8: re — —|AF > property degrades
9: end if

A rollout terminates when any of the follow-
ing conditions is met: (1) the maximum trajectory
length 7' is reached; (2) a molecule satisfying the
task-specific success criterion is found (under the
similarity constraint).

E.2 Reward Computation

The reward is designed to (i) discourage invalid or
trivial edits, (ii) enforce the similarity constraint,
and (iii) provide dense, step-wise learning signals
from oracle feedback. Algorithm 1 summarizes the
computation.

We use asymmetric scaling so that genuine im-
provements receive a stronger learning signal than
small degradations, which helps avoid overly con-
servative behavior under a strict similarity con-
straint.

E.3 Implementation Details.

Tanimoto similarity is computed using Morgan
fingerprints (radius = 2, 2048 bits). When the
task involves minimizing a property (e.g., SA), we
set sgn(wp) = —1 so that decreases count as im-
provements. All oracle evaluations are performed
only after passing validity and similarity checks.
We count one oracle call whenever a valid can-
didate molecule passes parsing/canonicalization
and is evaluated by the property oracle(s). Invalid
SMILES and similarity-violating candidates are re-
jected before oracle evaluation and therefore do not
consume the oracle-call budget.
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F Hyperparameter Settings

F.1 Training Configuration

We train MolMen in two stages. We first apply
supervised fine-tuning (SFT) to Qwen2.5-1.5B-
Instruct with LoRA (r=16, a=32) for 10 epochs
to teach valid, similarity-preserving SMILES ed-
its. Starting from the SFT checkpoint, we fur-
ther optimize the multi-turn policy using PPO for
100 update steps with learning rate 5x10~°, mini-
batch size 32, and standard clipping/GAE settings
(e=0.2, 71=0.99, A=0.95). Each PPO iteration
collects rollouts with horizon T'=5 from 128 train-
ing leads, with 16 rollouts per lead and a similar-
ity constraint y=0.4. All experiments are run on
2xH100 GPUs with maximum sequence length
4096.

F.2 Evaluation Configuration

At test time, each lead molecule is optimized under
a fixed oracle-call budget of B=500 and the same
similarity threshold v=0.4. We run a search pro-
cedure for G=20 iterations. In each iteration, the
agent samples /N=32 rollouts with horizon T'=5
to propose candidate molecules, and we keep the
best feasible molecule seen so far as the current
incumbent. To encourage diversity when improve-
ments slow down, we use a temperature schedule
across iterations: 7, = min (7o + gAT, Tmax) With
70=0.9, A7=0.1, and Typax=2.0.

G Static Exemplar Memory
Implementation

Database Construction. We build the static ex-
emplar bank from ChEMBL (Zdrazil et al., 2024)
(2.8M molecules). For each molecule, we pre-
compute and store (i) oracle-relevant properties
(QED, LogP, SA, and target activity scores such
as JNK3/DRD2), (ii) an ECFP4 fingerprint (radius
= 2, 2048-bit) normalized for FAISS L2 search,
and (iii) a binary fingerprint for fast Tanimoto com-
putation. We store the metadata in SQLite and
build a FAISS IVF index (nlist= 1689), with an
index size of ~22GB.

Retrieval Pipeline. At turn ¢, we retrieve exem-

plars based on the current molecule m;, while en-

forcing the similarity constraint with respect to the

original lead mg:

1. ANN recall. Query FAISS with the normalized
ECFP4 fingerprint of m; to obtain a candidate
pool.

2. Lead-based filtering. Compute Tanimoto simi-
larity between each candidate and the lead my
(using binary fingerprints) and keep only those
satisfying the lead similarity constraint.

3. Objective-aware ranking. Rank the remaining
candidates by the target objective and return the
top-K molecules as exemplars.

This setup uses m; to stay in a relevant neighbor-

hood, and uses mg to respect the lead-preserving

constraint.

When retrieval is triggered. We do not retrieve
at every turn. Instead, retrieval is triggered only
when the optimization stalls: if the agent fails to
improve the target objective for two consecutive
turns, we query the exemplar bank and provide a
small set of high-scoring, lead-similar references.

How exemplars are presented to the agent. Re-
trieved exemplars are appended to the observation
as a compact reference block:

Retrieved Template

=== SIMILAR HIGH-SCORING MOLECULES FOR REFERENCE ===
Here are K similar molecules with high target scores
(higher is better):

1. SMILES: CC1=CC=C(C=C1)NC(=0)C2=CC=CC=C2
target score: 0.892
Similarity to original lead: 0.654

2. SMILES:

Learn from structural patterns, but do not copy directly.
G J/

Efficiency Notes. In our optimized implementa-
tion, retrieving the nearest-neighbor candidate set
for a given query molecule takes about 4 ms (mea-
sured with the FAISS index resident on GPU). To
keep retrieval fast, we (i) load the FAISS index
on GPU, (ii) cache fingerprints to avoid recompu-
tation, (iii) compute Tanimoto similarity in batch
with precomputed binary fingerprints, and (iv) tune
IVF search parameters (e.g., nprobe) to balance
latency and recall.

H Evolving Skill Memory
Implementation

Skill Representation. We store each learned

strategy as a skill card. A card contains one short,

reusable instruction in natural language, together

with lightweight evidence so it can be retrieved and

trusted later. Concretely, each card records:

e SKkill text: one actionable sentence (Sec. 4.1),
written in the form [Action] [What] [Where (if
clear)] to [Effect].
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Table 5: Training hyperparameters for Mo1Mem.

Category Parameter Value
Base model Qwen2.5-1.5B-Instruct
SFT epochs 10
Backbone & SFT  LoRA rank r 16
LoRA « 32
Training steps 100
PPO learning rate 5x107°
PPO minibatch size 32
Clip ratio € 0.2
PPO Discount factor ~yy 0.99
GAE )\ 0.95
Micro batch size / GPU 2
Max sequence length 4096
Max turns per rollout T’ 5
Training leads per iteration 128
Rollouts & Env Rollouts per lead 16
Similarity threshold ~ 0.4
GPUs 2xH100

Table 6: Inference hyperparameters for Mo1Mem.

Category Parameter Value
Oracle-call budget per lead B 500
Budget & constraints ~ Similarity threshold v 0.4
Search iterations (generations) G 20
. . Rollouts per iteration N 32
Candidate generation Max turns per rollout 7° 5
Base temperature o 0.9
Decoding diversity Temperature increment A7 0.1
Max temperature Tmax 2.0

* Source edit: the SMILES pair (m;, m¢11) and
the observed improvement signal.

¢ Edit summary: an MCS-based decomposi-
tion of what changed (added/removed/replaced
fragments), plus scaffold and functional-group
changes detected by RDKit.

* Retrieval keys: an ECFP4 fingerprint and a
functional-group tag set for the source molecule.

Skill acquisition from rollouts. During training,
we harvest skills from multi-turn rollouts by keep-
ing only meaningful improving edits. For each step,
we compare the oracle score before and after the
edit and keep transitions that yield a clear improve-
ment. For bookkeeping, we also merge duplicates
(e.g., identical SMILES pairs or near-identical edit
patterns) and retain the best instance.

Turning edits into a reusable sentence. The
structured edit information above is useful for re-
trieval, but it is not convenient for an LLM agent to
apply directly. We therefore use an external sum-
marizer (GPT-40) to rewrite each retained edit into
one strategy sentence. The summarizer is given the

before/after molecules and the detected fragment /
functional-group changes, and is asked to produce
a concise, actionable rule. We use the following
prompt to convert each structured edit card into one
reusable strategy sentence.

Prompt Template of Summarizer Agent

SUMMARIZER_PROMPT = """Analyze this molecular
transformation for {task} optimization:

=== Molecules ===

Before: {before_smiles}

After: {after_smiles}

Score: {score_before:.3f} -> {score_after:.3f}
({score_delta:+.3f})

=== MCS Analysis ===
Modification: {modification_type}
- Removed: {removed_fragment}

- Added: {added_fragment}

=== Scaffold Analysis ===

Before Scaffold: {before_scaffold}
After Scaffold: {after_scaffold}
Scaffold Type: {scaffold_type}

=== Functional Group Changes ===
- Removed: {fg_removed}
- Added: {fg_added}

=== Property Changes ===

- MW: {mw_change:+.1f} Da | Rings: {ring_changes:+d}

- PSA: {psa_change:+.1f} A2 | HBD: {hbd_change:+d} | HBA:
{hba_change:+d}

- J

43709



Result: {result}

=== Task ===
Generate ONE actionable strategy sentence following this
format:

CONSTRAINTS:

1. Focus on the 1-2 MOST IMPORTANT functional group changes
2. Format: "[Action] [What] [Where (if clear)] to [Effect]”
3. If scaffold_type is "scaffold_hop"”, mention the core

change (e.g., "Replace benzene with pyridine”).
4. Use the Removed/Added Fragment from MCS for precise
description.

5. If location is clear from MCS, specify it (e.g., "on the
aromatic ring").

EXAMPLES:

- "Replace benzene core with pyridine to improve water
solubility and {task}.” (scaffold_hop)

- "Add fluorine (-F) to the aromatic ring to enhance
metabolic stability.” (addition)

- "Remove the sulfonamide group from aromatic ring to
reduce polar surface area."” (removal)

- "Replace methoxy (-OCH3) with fluorine (-F) to decrease
MW and improve {task}."” (replacement)

Focus on: WHAT changed, WHERE (if clear from MCS), and WHY
it improves {task}:"""

Example outputs look like:

* “Replace an aromatic methoxy with fluorine to
reduce MW and improve QED.”

* “Remove a tertiary amine side chain to reduce
polarity while keeping the core scaffold.”

SKkill Retrieval. At test time, we retrieve skills
that are relevant to the current molecule in two
complementary ways: (1) structure-based retrieval
using fingerprint similarity, and (2) feature-based
retrieval using overlap in functional-group tags. We
then take a small set of top matches and present
them as high-level hints.

When skills are used. Similar to exemplar re-
trieval, we do not inject skills at every turn. If the
agent makes no progress for two consecutive turns,
we retrieve a few relevant skills and add them to
the next observation.

How retrieved skills are presented. Retrieved
skills are appended as a compact hint block:

Retrieved Skills

=== Potential Useful Strategies for ged ===
1. Replace benzene core with pyridine to improve water
solubility and qed.

2. Add fluorine (-F) to the aromatic ring to enhance
metabolic stability.

3. Remove the sulfonamide group from aromatic ring to
reduce polar surface area.

Capacity Control. We cap the skill bank at 1,000
entries to keep it actively refreshed. When new
skills are added beyond this limit, we apply a sim-
ple survival-of-the-fittest rule: we rank candidate
skill cards by their improvement magnitude (score
delta A) and retain the top 1,000, discarding the

rest. This favors high-impact skills while continu-
ously removing weaker or redundant ones.

Summarizer Cost. Skill summarizer uses GPT-
40 and incurs additional inference overhead. In our
runs, summarizing skills for a single optimization
task costs on the order of $10 in API usage.

I Computational Cost Analysis

Table 7 summarizes the required GPU time of rep-
resentative baselines and Mo1lMem on 2xH100. A
main difference is what can be reused across dif-
ferent molecules. Offline instruction tuning is typ-
ically a one-time cost, while online RL methods
(like Reinvent 4) must be re-trained for each new
lead molecule.

For MolMem, training has two parts. We first
run a one-time SFT stage (10 hours) that teaches
similarity-preserving SMILES edits and is reused
across all tasks. We then run task-specific policy
optimization (4 hours) for each objective. Evalu-
ation on 200 test leads with an oracle-call budget
of 500 per lead takes about 3 hours per task with
batched rollouts.

Table 7: Computational cost comparison. GPU hours are
reported on 2xH100. *Online RL baseline.

Method Model One-time Per-task Per-task
Size Training Training  Inference
Reinvent 4* - - 14h (online) -
GeLLM?30 8B  48h (SFT) - 1h
MolMem 1.5B  10h (SFT) 4h 3h

Overall, Mo1Mem keeps per-task cost modest: af-
ter a reusable SFT checkpoint, task adaptation
requires a short policy-optimization phase and
batched multi-turn inference. Using a 1.5B back-
bone also lowers the hardware barrier compared to
7-8B LLM baselines.

J Case Studies

We present two types of case studies. First, Fig. 6
shows representative skill cards distilled from suc-
cessful transitions. These examples highlight that
the skill bank captures insightful, actionable edit
patterns rather than memorizing entire molecules.
Second, we include a full multi-turn rollout exam-
ple to illustrate how MolMem uses retrieved skills
and exemplars.
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Skill: Replace the imidazole tail with a propyl—
fluorophenyl group to reduce polarity and improve DRD2
affinity.

Before:
N#Cc1c(F)ccecINTCCN(CC2=CN=CNC2)CC1
After:
N#Cc1c(F)ccccINTCCN(CCCc2ccc(F)cc2)CCl

Score: 0.01 — 0.99
Note: Hydrophobic tailoring: A polar heterocycle is replaced by a more
hydrophobic fluorophenyl tail, which is consistent with improved fit to

hydrophobic regions in DRD2 ligands.

Skill: Replace the furan ring with a cyclopropane group to
reduce polar surface area and improve QED.

Before:

Cclccoc1C(=0)NCcinc(-c2ccccc2)n[nH]1

After:

CC1(C)CCIC(=0)NCc1nc(-c2cceccc2)n[nH]1

Score: 0.769 — 0.894

Note: Bioisosteric swap: Replacing a heteroaromatic furan with an sp3
cyclopropane reduces PSA (—13.14) while keeping the rest of the scaffold

unchanged.

Skill: Replace the small dimethylamine group with a
fluorophenethyl-piperazine tail to introduce a DRD2-

relevant pharmacophore.

Before:

CN(C)Cclccc(N=Nc2ccc3c(c2)CCCN3C)ccl

After:
Cclccc(N=Nc2cce3c(c2)CCCN3C)ccINTCCN(CCc2ccc(F
)cc2)CCl

Score: 0.03 — 1.00

Note: Pharmacophore grafting: Adding a fluorophenethyl-piperazine tail
introduces a stronger hydrophobic/basic motif, which is consistent with the

score jump observed for DRD2.

Skill: Replace the fluorobenzene (-C6H4F) group with an
isopropyl group (-CH(CH3)2) to reduce molecular weight.
Before:
CCn1c(=0)n(CC(=0)NCc2ccc(F)c(C)c2)c2cecccc2
After:

CCn1c(=0)n(CC(=0)NCC(C)C)c2cccec2l

Score: 0.775 — 0.901

Note: Side-chain simplification: Removing an aromatic side chain reduces
molecular weight (—66 Da), a change that often correlates with higher QED

and is reflected in the score increase here.

Figure 6: Case studies of learned skills. (Top) DRD2 examples highlighting tail substitution and motif augmentation. (Bottom)
QED examples highlighting bioisosteric replacement and side-chain simplification. Each card shows the distilled strategy, the
before/after edit, and the corresponding score change.
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Case A: Skill guidance after plateau (QED)
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Case B: Exemplar hint after plateau (QED)
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Figure 7: Memory-triggered case studies. (Top) A QED run where an early proposal violates the similarity constraint; after
the agent plateaus, retrieved guidance leads to a feasible edit that improves QED. (Bottom) A QED run where exemplar hints
provide a viable direction for subsequent edits. Each panel reports the lead molecule, representative intermediate proposals, and
the resulting QED and similarity to the lead.
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