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Abstract

Large Language Models (LLMs) have shown
great potential in molecular understanding by
aligning molecular representations with text.
However, existing approaches remain limited
to static motif recognition without comprehend-
ing the generative principles—the connection
rules governing how motifs assemble into valid
topological structures. To address this chal-
lenge, we introduce MotifAgent, a multi-agent
reinforcement learning framework inspired by
emergent collective intelligence. We formulate
molecular assembly as a collaborative problem
where each motif is represented by an agent
sharing a common LLM backbone, learning
connection rules through explicit inter-motif ne-
gotiation rather than implicit sequence memo-
rization. Key innovations include: (1) dynamic
inter-agent negotiation for modeling motif con-
nections; (2) Set-based Behavioral Cloning for
learning multiple topologically equivalent as-
sembly paths; (3) topology-aware reward shap-
ing with MAPPO to maintain chemical valid-
ity while optimizing target properties. Exten-
sive experiments demonstrate that MotifAgent
achieves state-of-the-art performance across
molecular property prediction, description gen-
eration, and reaction prediction tasks, with our
generalist model surpassing specialized expert
models.

1 Introduction

The computational representation and understand-
ing of molecules represent a core challenge in
modern drug discovery (Berdigaliyev and Aljo-
fan, 2020) and materials design (Wang et al.,
2019). With the remarkable success of large lan-
guage models (LLMs) (Radford et al., 2018; Ko-
roteev, 2021) in natural language processing, their
application to molecular understanding and gen-
eration tasks (Bagal et al., 2021; Mazuz et al.,
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2023) has emerged as a prominent research di-
rection. Current mainstream approaches represent
molecules through SMILES strings (Mswahili and
Jeong, 2024) and leverage Transformer architec-
tures (Vaswani et al., 2017) to learn cross-modal
alignment between molecular and textual repre-
sentations (Zhao et al., 2023b; Song et al., 2024).
These methods (Edwards et al., 2022; Zhang et al.,
2024) have achieved significant progress in molecu-
lar property prediction, drug-target interaction mod-
eling, and molecular description generation.

However, current LLM-based methods suffer
from a fundamental limitation: they cannot compre-
hend the generative principles underlying molec-
ular formation—specifically, the connection rules
governing how motifs assemble into valid topo-
logical structures, including which sites can form
bonds, what bond types are permissible, and how
connections satisfy chemical constraints (Zhang
et al., 2023; Geng et al., 2023). SMILES encodes
topology through paired brackets and nested in-
dices (Krenn et al., 2020), which cheminformat-
ics tools can parse via hard-coded syntactic rules.
However, this rule-based extractability does not
imply model-level understanding: LLMs process
SMILES as character sequences without access to
explicit parsing rules, and must instead implicitly
learn the complex mappings between linear nota-
tion and 2D molecular topology from data alone—a
task that conflates sequential pattern matching with
genuine structural comprehension (Wigh et al.,
2022; Bilodeau et al., 2022).

More critically, existing approaches remain lim-
ited to static motif recognition while overlooking
the dynamic connection rules that govern molec-
ular formation (Jin et al., 2020; Bettens and Lee,
2006; Collins and Bettens, 2015). These patterns
directly determine molecular properties (Zhang
et al., 2021)—hydroxyl groups at ortho, meta, or
para positions exhibit different biological activities,
while aromatic rings connected through different
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linkers affect molecular flexibility and target bind-
ing. Treating molecules as atomic sequences or
substructure collections (Zhang et al., 2024; Luo
et al., 2023a; Zhao et al., 2023a) prevents mod-
els from understanding motif interactions or gen-
erating molecules with desired properties. The
fundamental issue is that a single LLM processes
SMILES as character sequences, lacking the capac-
ity to simultaneously track multiple motifs’ con-
nection states, evaluate chemical compatibility in
parallel, and reason about global topological con-
straints—capabilities essential for understanding
molecular assembly as a dynamic process rather
than static pattern memorization.

To address these challenges, we draw inspiration
from multi-agent systems, where collective intelli-
gence emerges from distributed agents operating on
local knowledge while their interactions produce
coherent global behavior (Tran et al., 2025; Qian
et al., 2024). We propose MotifAgent, a Multi-
Agent Collaborative framework that learns molec-
ular assembly through multi-agent reinforcement
learning, enabling chemical language understand-
ing via dynamic topology reconstruction. Each
motif is represented by an agent sharing a com-
mon LLM backbone, proposing context-aware con-
nections by considering chemical principles, lo-
cal and global topological state. Through Cen-
tralized Training with Decentralized Execution
(CTDE) (Lowe et al., 2017a), valid molecular
topology emerges from negotiation, enabling the
shared LLM to internalize connection rules through
explicit inter-motif reasoning. We further intro-
duce Set-based Behavioral Cloning (Set-BC) to
learn multiple equivalent assembly pathways, while
multi-level rewards guide agents to satisfy chemi-
cal validity and optimize target properties.

Our contributions are summarized as follows:

• To the best of our knowledge, MotifAgent is
the first multi-agent framework that dynamically
models molecular generative principles, moving
beyond static pattern recognition to understand
connection rules through collaborative agent ne-
gotiation with emergent collective intelligence.

• MotifAgent achieves comprehensive leading per-
formance across molecular property prediction,
molecular description generation, and chem-
ical reaction prediction. Remarkably, using
general-purpose LLMs as backbone, MotifAgent
achieves or surpasses specialized expert models.

• MotifAgent provides new insights: (1) Multi-
agent collaboration captures the hierarchical as-
sembly nature of molecules while enabling con-
trollable generation through explicit connection
modeling. (2) Learned connection rules exhibit
strong generalization and chemical validity. (3)
Interpretable reasoning traces reveal how motif
combinations produce specific properties.

2 Related Works

Molecular Generation and Understanding: Tra-
ditional molecular generation and optimization
methods include VAE-based (Jin et al., 2018, 2020),
autoregressive (Shi et al., 2020; Maziarz et al.,
2021), and diffusion-based approaches (Xu et al.,
2022). To enable LLMs (Radford et al., 2018;
Raffel et al., 2023; Touvron et al., 2023) to pro-
cess molecules, prior works (Edwards et al., 2022;
Christofidellis et al., 2023; Liu et al., 2023b; Li
et al., 2024; Zhang et al., 2024) jointly train on
SMILES and text for bidirectional molecule-text
conversion, with molT5 (Edwards et al., 2022) pi-
oneering self-supervised SMILES-to-text transla-
tion. Other approaches (Su et al., 2022; Liu et al.,
2023a; Luo et al., 2023a; Liu et al., 2023c; Zhao
et al., 2023a) incorporate 2D graphs via multi-
modal contrastive learning. Recent multimodal
LLMs extend to molecular images: ChemVLM
(Li et al., 2025) combines vision transformers with
chemistry-specialized LLMs, while ChemMLLM
(Tan et al., 2025) enables bidirectional image-text
generation. Our method advances this line by
introducing multiple LLM agents to model mo-
tif connectivity, enabling molecular understanding
through substructure assembly.

Multi-Agent Reinforcement Learning: MARL
(Canese et al., 2021; Wen et al., 2022; Albrecht
et al., 2024) coordinates multiple autonomous
agents in shared environments, offering enhanced
scalability through role-specific agents (Gao et al.,
2025)—particularly valuable for molecular design
where specialized agents can focus on different mo-
tifs. The CTDE framework (Lowe et al., 2017b;
Sunehag et al., 2017; Rashid et al., 2020) addresses
policy non-stationarity and partial observability by
leveraging global information during training while
maintaining decentralized execution. Methods like
MAPPO (Yu et al., 2022) use shared policy net-
works with local observations. Our method em-
ploys CTDE with a shared LLM backbone, en-
abling motif agents to learn global topology during
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Figure 1: Overview of the proposed MotifAgent framework. MotifAgent consists of four integrated components:
(1) Input Processing Module decomposes molecules into motifs using BRICS segmentation and converts them to
structured text representations. (2) Multi-agent Interaction Module employs LLM-based actors (one per motif)
sharing a common backbone to propose connections, with a Centralized Arbitrator selecting valid actions and a
Critic evaluating assembly states through multi-modal fusion. (3) MAPPO Training Framework jointly optimizes
Actor and Critic networks with separate loss functions. (4) Inference Phase supports both reconstruction mode with
Set-BC guidance and generation mode for property optimization.

training while making decentralized connection de-
cisions during execution.

3 Method
We formulate fragment-based molecular assembly
as a centralized training with decentralized execu-
tion (CTDE) multi-agent reinforcement learning
problem. The core idea is to employ a shared large
language model (LLM) as the decentralized policy
backbone, enabling each motif agent to propose
connections under chemical constraints while dy-
namically reconstructing the molecule’s 2D topol-
ogy through global communication. A central-
ized critic receives global graph information dur-
ing training to evaluate state values and assembly
progress. We adopt Multi-Agent Proximal Policy
Optimization (MAPPO) for policy updates, com-
bined with Set-based Behavior Cloning (Set-BC)
to handle assembly order ambiguity and potential
shaping to accelerate target graph alignment.

3.1 Representation and Fragmentation

We decompose molecules into chemically mean-
ingful bricks and linkers using the BRICS (Degen
et al., 2008) algorithm with 16 bond-breaking rules,
preserving complete metadata including connec-
tion sites and allowed bond types. Each motif is se-
rialized into structured text containing its identifier,

SMILES string, connectable sites (with chemical
environment and allowed bond types), and property
summaries (aromaticity, ring structures, functional
groups). Connections follow a unified template:
CONNECTION: motif_i[site_x] –bond_type–>
motif_j[site_y], directly encoding inter-motif
adjacency relationships.

3.2 Environment Modeling

We model the assembly process as a Dec-POMDP
where the state space corresponds to the molecule’s
2D topological evolution. The global state at time
t comprises the current assembly graph Gt =
(V,Et)’s textual summary, unconnected motif list,
and available site topology, where V is the motif
node set and Et is the established connections. Ac-
tions are defined as at = (i, si, j, sj , b): connecting
site si of motif i to site sj of motif j with bond type
b, plus an explicit STOP action for termination.

Precise termination conditions: In reconstruc-
tion mode, necessary conditions for termination are
cc(Gt) = 1 and Et ⊇ E∗, where cc(·) denotes the
number of connected components and E∗ is the tar-
get molecule’s edge set. Sufficient conditions are
Et = E∗ or the policy selecting STOP, with timeout
protection (steps > 2|E∗|) to prevent infinite loops.
In generation mode, termination conditions include:
(1) chemical completeness—all required valences
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Figure 2: Hierarchical Sampling Process of MotifAgent.

saturated; (2) topological completeness—forming
a connected molecular graph; (3) property con-
vergence—improvement over k consecutive steps
< ε, where k is the window size and ε is the con-
vergence threshold; (4) active termination—policy
outputting STOP probability > 0.9.

3.3 Agents and Critic

Each motif corresponds to an agent, with all agents
sharing the same LLM as the policy backbone,
generating connection proposals conditioned on
their motif descriptions and the current global as-
sembly’s topological summary. Each agent not
only knows its local structure but also perceives the
molecule’s 2D topological state.

LLM policy network models connection de-
cisions: To reduce action branching, we employ
hierarchical action sampling. As shown in Figure 2,
during sampling, the LLM generates action distri-
butions through specific prompt templates. The
first layer evaluates each available motif’s connec-
tion potential within the current topology. The
second layer, conditioned on the selected motif,
evaluates each site’s chemical activity and topolog-
ical accessibility. The third layer evaluates target
compatibility based on the source’s chemical en-
vironment and global topology. The fourth layer
determines optimal bond type based on both ends’
chemical environments. The implementation uses
the LLM’s last hidden layer features to generate
logits through trainable action heads:

π(a|s) = Softmax(MLP(LLMhidden(prompt(s)))) (1)

where π is the policy function, a is the action, s
is the state, LLMhidden denotes the LLM’s hidden
representation, and prompt(s) contains the descrip-
tion of the current 2D topology.

Central arbitrator coordinates topological
construction: The arbitrator employs two-phase
coordination. Phase 1 performs validity screening:
collecting all motif agents’ proposals in parallel,
filtering out proposals violating valence rules or de-

stroying topological integrity through a rule engine.
Phase 2 conducts priority scoring and selection:

S(a) = w1 · ChemStability(a)
+ w2 · TopoProgress(a)
+ w3 · PropImprove(a)

(2)

where S(a) is action a’s score, w1, w2, w3 are
weight coefficients. Details of priority scoring are
provided in Appendix H. Note that the arbitrator
acts as a safety filter (i.e., action masking) rather
than the primary decision maker: the policy itself is
learned entirely inside each motif agent’s network,
and the arbitrator’s role is to prune chemically in-
feasible proposals early and to break ties among
valid ones. This design choice and its ablation are
analyzed in detail in Appendix L.1.

Fused representation perceives global topol-
ogy: The centralized critic Vϕ(xt) integrates topo-
logical information through multi-modal attention:

xt = MultiModalFusion([htext, hgraph, hmask, htopo]) (3)

where xt is the fused representation at time t,
htext is the LLM-encoded global state text represen-
tation, hgraph is the assembly graph structure, hmask
is the available action mask based on topological
constraints, and htopo encodes topological statistics.
We attach auxiliary regression heads to predict re-
maining target edges and connected components,
enhancing perception of assembly progress.

3.4 Rewards and Shaping
The reward design explicitly considers 2D topology
reconstruction and optimization, comprising two
complementary components: chemical base re-
wards Rchem that ensure molecular validity and de-
sired properties, and topological shaping rewards
Rtopo that guide correct 2D structure construction.
The combined single-step reward is:

R = Rchem +Rtopo (4)

Chemical base rewards evaluate the quality of
assembled molecules from multiple chemical per-
spectives, including validity verification against
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fundamental chemical constraints, successful for-
mation of target functional groups and so on.
These criteria collectively ensure that assembled
molecules are chemically meaningful and possess
desired characteristics.

Topological shaping rewards guide the assem-
bly process toward correct 2D topology by en-
couraging actions that reduce molecular fragmenta-
tion and penalizing deviation from the target graph
structure. We additionally apply potential-based
reward shaping to accelerate learning while pre-
serving optimal policy invariance. Details of all
reward components are provided in Appendix I.

3.5 Policy Optimization and Training
We employ MAPPO (Yu et al., 2022) for policy up-
dates, crucially enabling the policy to learn motif
connection rules rather than memorizing specific
sequences. During training, the Actor (policy net-
work) and Critic are optimized separately using
different loss functions.

The policy network is optimized through:
Lactor = − Lclip − βH(πθ) + αBCLBC

+ LKL −
∑

k

λkE[ck(s)] (5)

where Lclip is the PPO clipped objective optimiz-
ing policy to maximize expected reward, βH(πθ)
provides entropy regularization for exploration,
αBCLBC is the Set-BC supervision term learn-
ing correct assembly patterns, LKL constrains
policy change relative to reference policy, and∑

k λkE[ck(s)] represents constraint terms satis-
fying chemical and topological requirements.

The PPO clipped objective takes the form:

Lclip(θ) = Ei,t

[
min

(
rit(θ)Ât,

clip(rit(θ), 1− ϵ, 1 + ϵ)Ât

)] (6)

where rit(θ) is the importance sampling ratio, and
Ât is the advantage estimate computed using Gen-
eralized Advantage Estimation (GAE).

The critic network is optimized with:

Lcritic = Et[(Vϕ(xt)− R̂t)
2] + w1(Vedges(xt)

− |E∗ \ Et|)2 + w2(Vcc(xt)− cc(Gt))
2

(7)

The main value loss (Vϕ(xt)− R̂t)
2 uses Monte

Carlo return estimates, while auxiliary heads Vedges
and Vcc predict remaining target edges and con-
nected components respectively.

Set-BC learns topologically equivalent paths:
To address multiple assembly sequences reaching

the same topology, Set-BC avoids enforcing spe-
cific orders by maximizing policy probability over
the entire correct action set A∗

t :

LBC = −Et


log

∑

a∈A∗
t

πθ(a|st)


 (8)

where A∗
t contains all actions preserving topolog-

ical correctness at state st, πθ(a|st) is the policy
probability for action a, and t is the time steps.

Curriculum learning progressively masters
topological construction: As shown in Figure 3,
training proceeds through four phases, transition-
ing from simple topological constraints to complex
optimization. Phase 1 (first 25%) focuses on strict
topological reconstruction with hard masks and Set-
BC weight αBC = 1.0. Phase 2 (25%-50%) intro-
duces soft-constraint learning with αBC decaying to
0.1. Phase 3 (50%-75%) combines topology-aware
property optimization. Phase 4 (final 25%) enables
free exploration by removing hard constraints.

3.6 Inference and Downstream Applications
During inference, the policy assembles motifs
based on learned rules, with hierarchical masks
ensuring topological validity. Reconstruction tasks
succeed when the target topology is fully recovered
(E = E∗ and cc(G) = 1). Generation tasks opti-
mize properties within topological constraints after
forming a connected topology, exploring multiple
paths via beam search (beam width k = 5).

To improve efficiency, we employ: (1) topologi-
cal pruning—early elimination of infeasible paths
based on learned patterns; (2) topology-guided sam-
pling—prioritizing actions that quickly form stable
topologies; (3) topological checkpoints—saving
key states for backtracking and branching.

For downstream task adaptation, we adopt a two-
stage training paradigm: initial training establishes
molecular reconstruction capabilities, followed by
task-specific fine-tuning. Due to computational
constraints with large LLM backbones, we employ
parameter-efficient strategies. Specifically, molec-
ular property prediction freezes the multi-agent
modules and trains only topology-aware classifica-
tion heads. Molecular description generation and
chemical reaction prediction employ LoRA fine-
tuning combined with task-specific output heads,
where the multi-agent assembly process first re-
constructs molecular topology before generating
task outputs. All downstream tasks share the uni-
fied prompt template that preserves the multi-agent
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Figure 3: Curriculum Learning Training for MotifAgent.

interaction format while appending task-specific
sections. Detailed prompt templates and training
configurations are provided in Appendix J.

4 Experiments

4.1 Initial Training
Datasets and Training Details: We utilize the
same molecular SMILES-text pairs dataset as
MoleculeSTM (Liu et al., 2023a), collected from
the PubChem website. Following their preprocess-
ing pipeline, pairs with identical PubChem IDs
and descriptions shorter than 18 characters are
merged, with duplicates removed from downstream
task datasets to prevent data leakage. This yields
51,340 unique high-quality pairs for initial train-
ing. For each molecule, we apply our improved
BRICS fragmentation to generate motif sets, with
molecules containing 2-15 motifs selected for train-
ing. The model employs Qwen2.5-7B as the shared
policy backbone and MolT5-base as the central-
ized critic. All other training configurations and
hyperparameters are detailed in Appendix D. Eval-
uation metrics are detailed in Appendix E; beyond
topology-level metrics (Validity, GED, Morgan
FTS, Conn. Site, Bond Type), the scalability analy-
sis in Section 4.6 additionally reports QED (a 0–1
drug-likeness score) and FG-PR (functional-group
preservation rate via RDKit fragment-descriptor
recall).

4.2 Molecular Description Generation
To evaluate MotifAgent’s performance on molec-
ular description generation, we adopt the widely-
used ChEBI-20 benchmark dataset (Edwards et al.,
2021), which requires generating natural language
descriptions of molecular properties given struc-
tures. We employ metrics following standard pro-
tocols. Baselines include specialist models (MoT5
(Edwards et al., 2022), MoMu (Su et al., 2022),
MolFM (Luo et al., 2023a), MolXPT (Liu et al.,
2023b), GIT-Mol (Liu et al., 2024), MolCA (Liu
et al., 2023c), Text+Chem T5 (Christofidellis et al.,
2023), Atomas (Zhang et al., 2024)), retrieval-
based MolReGPT (Li et al., 2024), and LLM-based

Table 1: Performance comparison on molecular descrip-
tion generation task. The top 1st and 2nd results are
highlighted. All metrics: higher is better.

Method BLEU-2 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L METEOR
Specialist Models
MoT5-base 0.540 0.457 0.634 0.485 0.568 0.569
MoMu 0.549 0.462 - - - 0.576
MolFM 0.585 0.498 0.653 0.508 0.594 0.607
MolXPT 0.594 0.505 0.660 0.511 0.597 0.626
GIT-Mol 0.352 0.263 0.575 0.485 0.560 0.430
MolCA 0.620 0.531 0.681 0.537 0.618 -
Text+Chem T5 0.625 0.542 0.682 0.543 0.622 0.648
Atomas-base 0.632 0.549 0.685 0.545 0.626 -
Retrieval Based LLMs
MolReGPT 0.607 0.525 0.634 0.476 0.562 0.610
LLM Based Generalist Models
BioMedGPT-10B 0.234 0.141 0.386 0.206 0.332 0.308
InstructMol-GS 0.453 0.349 0.546 0.372 0.482 0.483
Mol-Instruction 0.249 0.171 0.331 0.203 0.289 0.271
HIGHT-GS 0.498 0.397 0.582 0.414 0.518 0.525
Qwen2.5-3b 0.516 0.392 0.591 0.405 0.521 0.540
Qwen2.5-7b 0.544 0.431 0.610 0.446 0.543 0.571
MotifAgent-small 0.571 0.474 0.635 0.481 0.570 0.602
MotifAgent 0.642 0.545 0.686 0.557 0.633 0.651

Table 2: Performance comparison on retrosynthesis pre-
diction tasks. All metrics are higher-is-better, except
Levenshtein, where lower is better.

Method Exact BLEU Levenshtein RDK FTS MACCS FTS Morgan FTS Validity

Alpaca 0.000 0.063 46.915 0.005 0.023 0.007 0.160
Baize 0.000 0.095 44.714 0.025 0.050 0.023 0.112
ChatGLM 0.000 0.117 48.365 0.056 0.075 0.043 0.046
LLaMA 0.000 0.036 46.844 0.018 0.029 0.017 0.010
Vicuna 0.000 0.057 46.877 0.025 0.030 0.021 0.017
Mol-Instruction 0.009 0.705 31.227 0.283 0.487 0.230 1.000
LLaMA-7b (LoRA) 0.000 0.283 53.510 0.136 0.294 0.106 1.000
InstructMol-GS 0.172 0.911 20.300 0.765 0.615 0.568 1.000
HIGHT-GS 0.202 0.914 20.194 0.772 0.623 0.577 0.999
MotifAgent 0.275 0.932 18.810 0.783 0.685 0.631 1.000

generalist models (BioMedGPT (Luo et al., 2023b),
InstructMol (Cao et al., 2023), Mol-Instruction
(Fang et al., 2023), HIGHT (Chen et al., 2025)).

Experimental results in Table 1 demonstrate that
MotifAgent achieves state-of-the-art performance
among LLM-based generalist models, substantially
outperforming existing general-purpose methods
across all metrics. Compared to HIGHT-GS, Mo-
tifAgent delivers an average performance improve-
ment of 22.5%. More notably, MotifAgent exhibits
strong competitiveness against specialist models
specifically designed for molecule-text tasks, sur-
passing all specialist baselines on the majority of
metrics. To isolate framework contributions from
backbone capacity, we compare MotifAgent vari-
ants against their backbones: MotifAgent yields
consistent improvements over Qwen2.5-7b across
all metrics, while MotifAgent-small (based on
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Table 3: Performance comparison on molecular classification tasks (ROC-AUC %). We repeat MotifAgent 3 times
and report the average with a 95% confidence interval. The top 1st and 2nd results are highlighted.

Method BBBP Tox21 ToxCast Sider ClinTox MUV HIV Bace Avg
Specialist Models
MoleculeSTM-SMILES (Liu et al., 2023a) 70.75±1.9 75.7±0.9 65.3±0.37 63.7±0.81 86.6±2.28 65.7±1.46 77.0±0.4 81.9±0.4 73.33
MolFM (Luo et al., 2023a) 72.9±0.1 77.2±0.7 64.4±0.2 64.2±0.9 79.7±1.6 76.0±0.8 78.8±1.1 83.9±1.1 74.62
MoMu (Su et al., 2022) 70.5±2.0 75.6±0.3 63.4±0.5 60.5±0.9 79.9±4.1 70.5±1.4 75.9±0.8 76.7±2.1 71.63
MolCA-SMILES (Liu et al., 2023c) 70.8±0.6 76.0±0.5 56.2±0.7 61.1±1.2 89.0±1.7 - - 79.3±0.8 72.1
Atomas (Zhang et al., 2024) 73.7±1.7 77.8±0.4 66.9±0.9 64.4±1.9 93.1±0.5 76.3±0.7 80.5±0.43 83.1±1.7 77.01
LLM Based Generalist Models
Qwen2.5-7b (Hui et al., 2024) 59.7±0.7 62.7±0.5 57.3±1.1 52.9±0.9 71.0±1.8 60.9±1.5 61.1±0.9 70.3±0.8 62.05
InstructMol (Cao et al., 2023) 55.4 - - - - - 57.5 63.2 58.70
HIGHT (Chen et al., 2025) 59.4 - - - - - 58.6 68.4 62.13
MotifAgent 73.4±0.8 78.5±0.4 67.6±0.8 65.1±1.3 90.9±0.7 77.4±0.6 80.6±0.4 84.0±1.2 77.19

Table 4: Progressive ablation across BRICS input, multi-
agent architecture, and RL training. MotifAgent-Lite
strips curriculum learning and the auxiliary critic, and
reduces priority scoring to w1 only; MotifAgent (Full)
is our default configuration.

Method BRICS
Multi-
Agent

RL
Validity

(%)
GED
↓

Morgan
FTS↑

Conn. Site
(%)

Bond Type
(%)

Qwen2.5-7b (vanilla) ✗ ✗ ✗ 67.6 11.21 0.584 — —
Qwen2.5-7b + BRICS ✓ ✗ ✗ 72.3 9.81 0.603 58.2 71.9
MotifAgent (w/o RL) ✓ ✓ ✗ 77.9 7.82 0.653 60.1 73.7
Single-Agent (w/ RL) ✓ ✗ ✓ 82.3 5.85 0.708 68.4 76.9
MotifAgent-Lite ✓ ✓ ✓ 86.8 5.04 0.727 76.0 81.9
MotifAgent (Full) ✓ ✓ ✓ 95.6 4.31 0.792 87.6 92.3

Table 5: Ablation study on curriculum learning strategy.

Method
Validity

(%)↑
Levenshtein

↓
Morgan
FTS↑

Conn. Site
(%)↑

Bond Type
(%)↑

MotifAgent (Full) 95.6 11.4 0.792 87.6 92.3
w/o Curriculum 89.2 13.5 0.751 81.3 85.0
2-Stage 92.8 12.3 0.769 84.1 88.4
Reverse Curriculum 90.1 13.4 0.748 81.5 84.7

Qwen2.5-3b) even outperforms the larger Qwen2.5-
7b. These results confirm that the performance
improvements stem from our multi-agent frame-
work, and demonstrate the consistent effectiveness
of MotifAgent across different model scales. Mo-
tifAgent also surpasses the “external graph encoder”
baselines present in Table 1 (MoMu, MolFM, GIT-
Mol, MolCA); a detailed comparison is given in
Appendix L.4.

4.3 Chemical Reaction Prediction

To evaluate MotifAgent’s capability in chemical re-
action prediction tasks, we conduct comprehensive
experiments on the Mol-Instructions dataset. We
present the most challenging retrosynthesis predic-
tion task here, with complete results for reagent pre-
diction and forward reaction prediction available
in Appendix F. Retrosynthesis prediction, which
requires models to infer suitable reactants given
target products, represents a fundamental challenge
in AI-assisted synthetic route planning. We employ
both linguistic distance metrics (BLEU, Leven-
shtein) and molecular fingerprint similarities (RDK,
MACCS, MORGAN FTS) for comprehensive eval-

Table 6: Ablation study on reward design.

Variant Rchem Rtopo
Validity

(%)↑
Levenshtein

↓
Morgan
FTS↑

Full ✓ ✓ 95.6 11.4 0.792
Chem-Only ✓ ✗ 92.9 12.2 0.771
Topo-Only ✗ ✓ 89.1 13.3 0.759
Minimal (rvalid only) partial ✗ 85.2 15.8 0.732

uation, along with chemical validity. We com-
pare against general-purpose LLMs including Al-
paca (Dubois et al., 2023), Baize (Xu et al., 2023),
ChatGLM (Zeng et al., 2022), LLaMA (Touvron
et al., 2023), and Vicuna (Chiang et al., 2023), as
well as molecule-specific methods including Mol-
Instruction (Fang et al., 2023), InstructMol (Cao
et al., 2023), and HIGHT (Chen et al., 2025).

Table 2 presents the retrosynthesis prediction re-
sults, where MotifAgent outperforms all baseline
methods across key metrics. It demonstrates supe-
rior exact match accuracy (+36.1% over HIGHT-
GS), sequence generation quality, and molecular
structure similarity. MotifAgent modeling molecu-
lar formation through effective multi-agent collab-
oration, identifying and tracking structural trans-
formations at the motif level, which is essential for
recognizing reaction centers. These results estab-
lish MotifAgent as a powerful tool for AI-driven
retrosynthetic analysis.

4.4 Molecular Property Prediction
We evaluate MotifAgent on 8 benchmark datasets
from MoleculeNet (Wu et al., 2018) for molecular
property classification. We adopt scaffold split fol-
lowing MoleculeSTM (Liu et al., 2023a) to ensure
rigorous evaluation. Molecules are decomposed
into motif sets via the BRICS algorithm with corre-
sponding textual descriptions constructed. We com-
pare against specialist models (Liu et al., 2023a;
Luo et al., 2023a; Su et al., 2022; Liu et al., 2023c;
Zhang et al., 2024), as well as LLM-based general-
ist models (Cao et al., 2023; Chen et al., 2025).
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Figure 4: Ablation study on Set-BC effectiveness.

Table 3 shows MotifAgent’s superior perfor-
mance, with an average ROC-AUC of 77.2%, sig-
nificantly outperforming existing LLM-based mod-
els. Comparing against its backbone Qwen2.5-7b,
MotifAgent achieves a 24.3% relative improve-
ment, validating the effectiveness of our multi-
agent framework in reconstructing molecular struc-
tures and learning motif connection rules. MotifA-
gent excels as a generalist framework, surpassing
specialist models on tasks like Tox21, ToxCast,
Sider, MUV, HIV, and Bace, bridging the gap be-
tween generalist and specialist approaches. This
demonstrates the potential of general LLM-based
molecular-text representation frameworks.

4.5 Ablation Studies
To validate the key design choices in MotifAgent,
we conduct comprehensive ablation studies on five
critical components: (1) multi-agent collaboration,
(2) Set-based Behavior Cloning, (3) curriculum
learning strategy, (4) reward design, and (5) critic
auxiliary tasks. Details of evaluation metrics are
provided in Appendix E.4.

Multi-Agent Collaboration and Progressive
Ablation. Table 4 disentangles BRICS input, the
multi-agent architecture, and MAPPO training un-
der identical backbones and hyperparameters. Each
component alone yields only moderate gains over
vanilla Qwen2.5-7B (67.6% Validity): +BRICS
adds 4.7 points, multi-agent without RL adds an-
other 5.6 (77.9%), and a single-agent baseline
trained with MAPPO reaches 82.3%. Their com-
bination is super-linear — MotifAgent-Lite (multi-
agent + RL, no curriculum / no auxiliary critic /
scoring restricted to w1) reaches 86.8%, and the
Full model 95.6%, with parallel gains in GED,
Morgan FTS, and connection-level accuracies. On
Morgan FTS, the +0.139 RL gain on top of the
multi-agent system far exceeds the +0.105 on the
single-agent baseline, confirming that the advan-
tage stems from the coupling of multi-agent col-
laboration and RL; the +8.8-point Lite→Full gap
quantifies the cumulative contribution of curricu-

Table 7: Ablation study on priority scoring S(a).

Method w1 w2 w3
Validity

(%)↑
Levenshtein

↓
Morgan
FTS↑

Default 1.0 1.0 1.0 95.6 11.4 0.792
w/o Chem 0.0 1.0 1.0 92.3 12.1 0.758
w/o Topo 1.0 0.0 1.0 92.7 11.8 0.764
w/o Prop 1.0 1.0 0.0 93.4 11.1 0.783

Table 8: Ablation study on critic auxiliary tasks.

Variant w1 w2
Conn. Site

(%)↑
Bond Type

(%)↑
Default 0.1 0.1 87.6 92.3
w/o Auxiliary 0.0 0.0 82.1 86.3
w/o Edge Pred 0.0 0.1 84.0 88.7
w/o CC Pred 0.1 0.0 84.6 89.1
Edge-Heavy 0.5 0.1 87.2 90.5

lum learning, auxiliary critic, and richer priority
scoring, which matter most in the complex regime
analyzed in Section 4.6.

Set-BC vs. Fixed-Order Supervision. Since
molecules can be correctly assembled through mul-
tiple equivalent paths, forcing models to learn sin-
gle arbitrary sequences may hinder learning effi-
ciency. We compare Set-BC against a fixed-order
baseline using traditional behavior cloning with
BFS-determined sequences. As shown in Fig-
ure 4, Set-BC achieves more efficient assembly
with fewer steps and higher path entropy, confirm-
ing successful learning of diverse assembly strate-
gies. Most significantly, Set-BC maintains superior
sample efficiency across all data scales.

Curriculum Learning Strategy. We examine
the importance of our four-stage curriculum by
comparing against: training without curriculum,
a simplified 2-stage variant, and reversed curricu-
lum order. Table 5 shows that the full curriculum
achieves the best performance. Removing curricu-
lum learning causes notable degradation across all
metrics, while the reversed curriculum performs
even worse than no curriculum, confirming that
progressive skill acquisition is essential.

Reward Design. We ablate the two reward cate-
gories introduced in Section 3.4. Table 6 shows that
both chemical and topological rewards contribute
substantially: removing topological rewards causes
the largest validity drop (to 89.1%), while remov-
ing chemical rewards degrades structural similarity
most significantly. The minimal baseline using
only validity reward performs worst, confirming
the necessity of comprehensive reward design.

Priority Scoring. We examine the arbitra-
tor’s scoring function by zeroing individual weight
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Table 9: Quality and computational cost of MotifAgent stratified by motif count. Time and peak memory are
measured on a single NVIDIA A100 (80 GB) under BFloat16 inference.

Motif Count
Validity

(%)↑
Morgan
FTS↑ QED↑ FG-PR

(%)↑
Conn. Site

(%)↑
Bond Type

(%)↑
Avg.

Tokens
Time

(s/mol)↓
Peak Memory

(GB)
2–4 (Simple) 96.3 0.798 0.560 93.1 88.5 92.8 1,601 3.0 24.2
5–7 (Moderate) 95.4 0.787 0.557 92.0 86.2 92.1 2,243 4.3 27.4
8–10 (Complex) 94.1 0.781 0.552 91.5 87.3 91.0 3,363 6.4 32.7
11–15 (Highly Complex) 92.7 0.778 0.546 90.8 84.9 90.1 5,380 10.3 42.1

Table 10: Training-phase efficiency: MotifAgent versus
the single-agent baseline under identical backbones and
hyperparameters.

Method
Time

(s/sample)
Tokens

(/sample)
Steps to

75% FTS
Total Time

to 75% FTS (h)
Final
FTS↑

Single-Agent 5.4 2625.8 N/A† N/A† 0.708
MotifAgent 4.1 2146.4 163K 52.7 0.792

†Single-Agent never reaches 75% Morgan FTS within 200K steps.

terms. Table 7 indicates that all three components
contribute positively, with chemical stability (w1)
showing the largest impact on validity and topolog-
ical progress (w2) most affecting structural metrics.

Critic Auxiliary Tasks. We ablate the auxil-
iary prediction heads in the critic network (Eq. 7).
Table 8 shows that removing both auxiliary tasks
significantly degrades connection accuracy. Edge
prediction (w1) and connected component predic-
tion (w2) provide complementary benefits, with
their combination yielding the best performance.

4.6 Scalability and Computational Cost
We now examine MotifAgent’s computational be-
havior along two complementary axes: training-
phase efficiency relative to a single-agent baseline
of the same capacity, and inference-phase scalabil-
ity as the target molecule’s motif count grows.

Training-phase efficiency. Counter-intuitively,
the multi-agent architecture is more efficient than a
single-agent baseline at the same backbone scale.
As shown in Table 10, MotifAgent processes each
sample 24% faster and consumes 18% fewer tokens.
The reason is that the single-agent must unfold
a complete reasoning chain within one context—
covering motif selection, site judgment, bond typ-
ing, and global consistency—leading to long gen-
erations and frequent backtracking, whereas Mo-
tifAgent distributes these sub-decisions across spe-
cialized agents that communicate through compact
structured messages rather than free-form reason-
ing. End-to-end, MotifAgent reaches 75% Morgan
FTS in 52.7 hours, while the single-agent never
crosses this threshold within 200K training steps,
confirming that the multi-agent decomposition de-
livers higher final quality and shorter time-to-target.

Inference-phase scalability. Table 9 stratifies
the PubChem test split by motif count and reports
both quality and per-molecule compute. Quality
degrades gracefully: from Simple (2–4) to Highly
Complex (11–15), Validity drops only 3.6 points,
Morgan FTS 0.020, QED 0.014, and FG-PR 2.3
points, with every metric remaining above 90%
at the hardest tier, evidence that the learned con-
nection rules transfer to larger assembly graphs
and that functional-group semantics (captured by
FG-PR but not by Morgan FTS) are preserved end-
to-end. Cost grows sub-linearly: over a 3.75× in-
crease in motif count, per-molecule inference time
rises by only 3.4× (3.0s→ 10.3s) and peak GPU
memory by 1.7× (24.2 GB→ 42.1 GB), both well
below the linear baseline and well inside a single
A100 (80 GB). Two factors explain the sub-linear
growth: hierarchical action sampling decomposes
the combinatorial connection choice into O(N)
per-layer decisions rather than an O(N2) joint enu-
meration, and the arbitrator’s legality filter prunes
infeasible proposals before they reach the policy up-
date. A residual failure-mode analysis is deferred
to the Limitations section.

5 Conclusion

We presented MotifAgent, a multi-agent reinforce-
ment learning framework that effectively addresses
LLMs’ limitations in understanding molecular gen-
eration principles. Our approach explicitly learns
motif connection rules governing molecular topol-
ogy, and leverages the CTDE framework combined
with Set-BC to learn from multiple equivalent as-
sembly paths. Experiments demonstrate that Mo-
tifAgent achieves state-of-the-art performance on
molecular property prediction, description genera-
tion, and chemical reaction prediction tasks, prov-
ing its generalization and scalability.
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Limitations

Our work has several limitations that should be
acknowledged.

Computational overhead. The multi-agent
framework requires separate inference through
the shared LLM backbone for each motif agent,
which may limit scalability for real-time applica-
tions. Section 4.6 shows that while per-molecule
inference cost grows sub-linearly with motif count
(3.4× time and 1.7× peak memory across a 3.75×
range in motif count), molecules beyond 15 mo-
tifs remain outside our verified regime. Future
directions include batched multi-agent inference
and a coarse-then-local hierarchical decomposition
scheme that keeps the effective motif count within
the validated range.

Scope of validation. The framework has
been primarily validated on drug-like small
molecules using ChEBI-20, MoleculeNet, and Mol-
Instructions. Generalization to natural products,
polymers, and organometallic compounds is un-
explored; doing so will likely require swapping
BRICS for RECAP/MMPA-style decompositions,
treating repeat units as motifs, and extending the
bond-breaking rule set with coordination bonds.

Stereochemistry. Our current action space
(i, si, j, sj , b) focuses on 2D topological connec-
tion rules and does not explicitly model stereochem-
istry. Motif-internal chirality is preserved through
SMILES @/@@ annotations, and fewer than 4% of
molecules in our training data contain a BRICS
cut point that coincides with a chiral center; to-
gether with the fact that ChEBI-20, MoleculeNet,
and Mol-Instructions all evaluate 2D structural and
property endpoints, the omission has a minor effect
on the metrics we report. A natural extension is
to expand the action tuple to (i, si, j, sj , b, stereo)
with stereo ∈ {none, R, S,E, Z} as a fifth layer
of our hierarchical sampling; this requires only an

additional action head, no architectural change, and
enables future applications to enantioselective re-
action prediction.

Failure modes. On the PubChem test split we
observe four recurring error categories: (1) Po-
sitional Isomer Confusion, where two candidate
sites share nearly identical local chemical environ-
ments — this is the most common category and is
illustrated by the vanillin→ isovanillin case (Mor-
gan FTS 0.72, GED 2, Conn. Site 1/3, Bond Type
3/3, chemically valid) in which the policy mar-
gin at the decisive step is only π(C3) = 0.47 vs.
π(C4) = 0.53; (2) Bond-Type Misassignment, pre-
dominantly in partially aromatic systems where
BRICS leaves an aromaticity hint but not a fully
constrained bond type; (3) Incomplete Assembly
caused by premature STOP under a too-aggressive
convergence threshold ε; and (4) Chemical Validity
Violations from rare BRICS fragmentation patterns
unseen in training. The shared root cause of (1) is
that the textual state cannot disambiguate locally
equivalent sites; a full taxonomy and walk-through
is given in Appendix L.2, and the mitigation direc-
tion is to augment the state with explicit positional
encodings or a graph-based site-disambiguation
head.
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Table 11: Hyperparameter details for MotifAgent.

Hyperparameter Value
Model Architecture

policy backbone Qwen2.5-7B
critic network MolT5-base
LoRA rank 16
action head hidden dim 512

Training Configuration
parallel environments 8
rollout length 32
batch size (transitions) 256
PPO epochs 10
max training steps 200K
max sequence length 512
precision BFloat16 Automatic

Mixed Precision
Optimization

actor learning rate 1e-5
critic learning rate 1e-4
gradient clip norm 0.5
optimizer AdamW
warmup steps 10000

PPO Parameters
clipping ϵ 0.2
GAE λ 0.95
discount γ 0.99
value loss coefficient 0.5

Regularization
entropy β (initial) 0.01
entropy β (final) 0.001
KL penalty βKL 0.1
Set-BC αBC (initial) 1.0
Set-BC αBC (final) 0.1
Set-BC decay steps 50% of training

Auxiliary Tasks
edge prediction weight w1 0.1
component prediction weight w2 0.1

A Potential Risks

While MotifAgent is designed for beneficial ap-
plications in drug discovery and molecular under-
standing, we acknowledge potential dual-use con-
cerns. The model’s capability to understand molec-
ular assembly rules could theoretically be misused
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to design harmful substances. However, the frame-
work focuses on learning general chemical con-
nection principles rather than optimizing for spe-
cific harmful properties, and all training data are
derived from publicly available databases. We rec-
ommend responsible deployment with appropriate
safeguards when applying this technology to real-
world molecular design scenarios.

B Data Privacy and Content Review

All data used in this work are derived from publicly
available chemical databases, including PubChem
and MoleculeNet benchmarks. These datasets con-
tain only molecular structures (SMILES strings),
chemical properties, and scientific descriptions,
without any personally identifiable information or
user-generated content. The molecular descriptions
are professionally curated scientific text describ-
ing chemical and biological characteristics. We
have verified that our datasets do not contain of-
fensive content, as they consist solely of standard-
ized chemical nomenclature and objective prop-
erty descriptions. No anonymization was required
since the data pertains exclusively to chemical com-
pounds rather than individuals.

C LLM Usage

Large language models (LLMs) were used for refin-
ing sentence structure, improving grammatical ac-
curacy, and enhancing the clarity of the manuscript
text. A supporting role was played by the LLMs in
the manuscript’s language polishing, but no scien-
tific content, data analysis, or experimental design
was generated by the LLMs.

D Initial Training Details

We provide comprehensive training configuration
and hyperparameter settings for MotifAgent in Ta-
ble 11. The model is trained with 8 NVIDIA Tesla
A100 GPUs (80GB RAM/GPU) with Qwen2.5-7B
as the shared policy backbone and MolT5-base as
the centralized critic. We employ 8 parallel envi-
ronments with a rollout length of 32 steps, resulting
in 256 transitions per update. The actor learning
rate is set to 5e-5 with LoRA (rank=16), while the
critic uses 3e-4. The training employs curriculum
learning with four phases, automatically transition-
ing based on performance metrics to progressively
master topological construction from strict recon-
struction to free exploration. For curriculum learn-
ing, Set-BC weight αBC decays from 1.0 to 0.1

over the first 50% of training (steps).
Curriculum Learning Details: The four-phase

curriculum is designed to progressively build the
model’s capabilities: Phase 1 (0-25%): Strict re-
construction with hard masks, focusing on learn-
ing valid chemical connections; Phase 2 (25-50%):
Soft constraints with Set-BC weight decay, allow-
ing exploration of equivalent paths; Phase 3 (50-
75%): Property-aware reconstruction, introducing
target property rewards; Phase 4 (75-100%): Free
exploration for generation, removing hard topolog-
ical constraints. The automatic phase transitions
ensure the model has sufficiently mastered each
level before progressing, preventing premature ex-
ploration that could lead to unstable training.

E Evaluation Metrics

In this section, we introduce the evaluation metrics
used in the experiments presented in the main text
and ablation studies.

E.1 Molecular Description Generation
BLEU-N: BLEU (Bilingual Evaluation Under-
study) (Papineni et al., 2002) measures the N-gram
overlap between the generated text ŷ and the refer-
ence text y. BLEU-1 focuses on unigram matching,
BLEU-2 considers bigrams, and BLEU-4 requires
longer phrase matching, meaning that not only vo-
cabulary but also expression patterns should be
similar. The BLEU-N score is computed as:

BLEU-N = BP · exp
(

N∑

n=1

wn log pn

)
, (9)

where pn is the modified N-gram precision, BP =
min(1, e1−|y|/|ŷ|) is the brevity penalty, and wn is
typically set to 1

N for uniform weighting.
ROUGE-N: ROUGE (Recall-Oriented Under-

study for Gisting Evaluation) (Lin, 2004) empha-
sizes recall by measuring how much of the refer-
ence text is captured in the generated text. ROUGE-
N (based on N-grams) is computed as:

ROUGE-N =

∑
g∈y min(Cŷ(g), Cy(g))∑

g∈y Cy(g)
, (10)

where g denotes an n-gram, and Cŷ(g), Cy(g) rep-
resent the count of g in the generated text ŷ and
reference text y, respectively.

ROUGE-L: ROUGE-L is based on the Longest
Common Subsequence (LCS) and is computed as:

ROUGE-L = Flcs =
(1 + β2) · Plcs ·Rlcs

Rlcs + β2 · Plcs
, (11)
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where Plcs = LCS(ŷ,y)
|ŷ| , Rlcs = LCS(ŷ,y)

|y| , LCS de-
notes the length of the longest common subse-
quence, and β is typically set to a large value to
favor recall.

METEOR: METEOR (Metric for Evaluation of
Translation with Explicit ORdering) (Banerjee and
Lavie, 2005) considers both precision and recall
while incorporating synonym matching and word
order penalty:

METEOR = Fmean · (1− Penalty), (12)

where Fmean = 10·P ·R
R+9·P , with P and R denoting

the unigram precision and recall, respectively. The
Penalty term reflects the degree of word order dis-
ruption through the number of contiguous chunks
of matched words.

E.2 Chemical Reaction Prediction
EXACT: Exact match accuracy measures whether
the generated reactant SMILES is identical to the
ground truth:

EXACT =
1

N

N∑

i=1

1[ŷi = yi], (13)

where 1[·] is the indicator function. This is the
strictest metric, requiring the generated result to be
exactly the same as the reference.

LEVENSHTEIN: Edit distance measures the
minimum number of single-character operations
(insertions, deletions, substitutions) required to
transform the generated sequence into the refer-
ence sequence.

Fingerprint-based Tanimoto Similarity (FTS):
We employ three molecular fingerprints to measure
structural similarity between generated and refer-
ence molecules via Tanimoto similarity:

Tanimoto(A,B) =
|A ∩B|
|A ∪B| , (14)

where A and B are the fingerprint bit vectors of two
molecules. The Tanimoto coefficient is computed
as the ratio of the intersection to the union of finger-
print bits, ranging from 0 (completely dissimilar)
to 1 (identical). Specifically, we report:

• RDK FTS: RDKit topological fingerprints
encode subgraph patterns by enumerating all
linear and branched substructures up to a spec-
ified path length (default 7 bonds). This finger-
print captures the presence of specific atomic
connectivity patterns, providing a comprehen-
sive representation of molecular topology.

• MACCS FTS: MACCS (Molecular ACCess
System) structural keys consist of 166 prede-
fined binary features representing the presence
or absence of specific structural fragments,
functional groups, and atom configurations.
This fingerprint is particularly effective for de-
tecting pharmacophore-relevant substructures.

• MORGAN FTS: Morgan circular finger-
prints (also known as Extended-Connectivity
Fingerprints, ECFP) encode circular atomic
neighborhoods with radius 2 and 2048 bits.
Each atom’s local chemical environment is
hashed into the fingerprint, capturing both
atom types and their connectivity within the
specified radius.

VALIDITY: Validity measures the proportion of
generated SMILES strings that can be parsed into
chemically valid molecular structures. For each
molecule, we verify valence rules for all atoms,
check for proper aromaticity preservation, ensure
no sterically impossible connections exist, and val-
idate that all formed rings are chemically reason-
able.

E.3 Molecular Property Prediction
BBBP (Blood-Brain Barrier Penetration): This
dataset contains binary labels for over 2,000 com-
pounds indicating whether they can penetrate the
blood-brain barrier, a membrane that blocks most
drugs from reaching the central nervous system.

Tox21 (Toxicology in the 21st Century): A pub-
lic toxicity dataset from the Tox21 Data Challenge,
containing qualitative toxicity measurements for
8,014 compounds across 12 biological targets, in-
cluding nuclear receptors and stress response path-
ways.

ToxCast: A large-scale toxicology dataset from
the same initiative as Tox21, providing in vitro
high-throughput screening data for thousands of
compounds across over 600 toxicity-related tasks.

SIDER (Side Effect Resource): A database of
marketed drugs and their recorded adverse drug
reactions (ADR), grouped into 27 system organ
classes.

ClinTox: This dataset compares FDA-approved
drugs with drugs that failed clinical trials due to
toxicity reasons, compiled from the SWEETLEAD
and AACT databases.

MUV (Maximum Unbiased Validation): A
benchmark dataset selected from PubChem BioAs-
say through refined nearest neighbor analysis, con-
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taining 17 challenging tasks specifically designed
for validating virtual screening techniques.

HIV: This dataset contains experimentally mea-
sured abilities of compounds to inhibit HIV repli-
cation.

BACE: This dataset provides binary classifica-
tion labels for inhibitors of human β-secretase 1
(BACE-1), a key target for Alzheimer’s disease
therapeutics.

E.4 Ablation Study Metrics
This subsection describes the evaluation metrics
used in our ablation studies for analyzing multi-
agent collaboration and Set-BC effectiveness.

E.4.1 Multi-Agent vs. Single-Agent
Architecture

Chemical Validity (%): This metric evaluates the
percentage of assembled molecules that satisfy fun-
damental chemical constraints, including valence
rules, aromaticity preservation, steric feasibility,
and ring validity. It is computed as:

Chem. Val. =
#chemically valid assemblies
#total assembly attempts

×100%. (15)

Graph Edit Distance (GED): GED quantifies
the structural difference between the assembled
molecule and the target molecule using the mini-
mum number of graph edit operations (node/edge
insertion and deletion) required for transforma-
tion. We use the Hungarian algorithm for optimal
node matching, considering both node labels (motif
types) and edge labels (bond types). Lower values
indicate better topological reconstruction.

Connection Site Accuracy (%): This metric
evaluates the model’s ability to identify correct
connection points on motifs. For each connection,
we verify whether the chosen sites on both mo-
tifs match the target molecule’s sites, regardless of
bond type.

Bond Type Accuracy (%): This metric mea-
sures the correctness of bond type selection (single,
double, triple, aromatic) given correctly identified
connection sites, isolating the model’s understand-
ing of chemical bonding rules.

E.4.2 Set-BC vs. Fixed-Order Supervision
Average Assembly Steps: This metric measures
the mean number of connection actions required to
successfully complete molecular assembly, exclud-
ing failed attempts. Lower values indicate more
efficient assembly strategies.

Path Entropy: Path entropy quantifies the di-
versity of assembly strategies learned by the model.

For each target molecule, we generate 100 indepen-
dent assembly trajectories and compute the Shan-
non entropy over the distribution of unique paths:

H = −
∑

i

pi log pi, (16)

where pi is the frequency of the i-th unique path.
Higher entropy indicates successful learning of
multiple valid assembly strategies.

Sample Efficiency: This metric evaluates model
robustness under data-scarce conditions by training
on randomly sampled subsets (10%, 25%, 50%,
100%) of the training data. We report the Overall
Success Rate, combining reconstruction accuracy
and chemical validity. Larger performance gaps
in low-data regimes indicate superior sample effi-
ciency.

F Chemical Reaction Prediction

We evaluated MotifAgent on three chemical re-
action prediction tasks from the Mol-Instructions
dataset (Fang et al., 2023): reagent prediction, for-
ward reaction prediction, and retrosynthesis. These
tasks are crucial for AI-assisted drug discovery. All
inputs and outputs adopt SELFIES representation.
Evaluation metrics include linguistic distance mea-
sures (BLEU, Levenshtein distance) and molecular
fingerprint similarities (RDK FTS, MACCS FTS,
MORGAN FTS) computed via RDKit.

Table 12 shows that MotifAgent achieves state-
of-the-art performance across all three tasks. For
reagent prediction, MotifAgent attains 8.5% exact
match rate (26.9% improvement over HIGHT-GS),
0.516 BLEU score, and 22.571 Levenshtein dis-
tance, outperforming all baselines including Mol-
Instruction which uses Llama-2 (Touvron et al.,
2023) backbone. In forward reaction prediction,
MotifAgent achieves 31.5% exact match rate and
0.937 BLEU score, with molecular fingerprint simi-
larities reaching 0.806 (RDK FTS), 0.669 (MACCS
FTS), and 0.582 (MORGAN FTS), all setting new
records. For the most challenging retrosynthesis
task, MotifAgent reaches 27.5% exact match rate
(36.1% relative improvement over HIGHT-GS),
with MORGAN FTS achieving 0.631, significantly
higher than other methods.

MotifAgent’s superior performance stems from
its multi-agent collaborative mechanism that
understands chemical reactions at the motif
level—modeling functional group transformations,
reaction center identification, and electron trans-
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fer paths. Each motif agent encodes local chem-
ical environments while perceiving global reac-
tion changes through communication. The Set-BC
mechanism enables learning multiple equivalent
reaction pathways, crucial for reactions with mul-
tiple mechanisms. All tasks achieve 100% chemi-
cal validity, demonstrating the effectiveness of our
chemical constraints and topological consistency
checks. These results establish MotifAgent as a
new benchmark for AI-assisted reaction prediction,
providing a novel technical pathway for computa-
tional chemistry applications.

G Algorithm

In this section, we present the detailed procedure
of MotifAgent. The complete workflow is summa-
rized in Algorithm 1.

H Priority Scoring Details

This section provides the detailed formulations of
the priority scoring function used by the central ar-
bitrator (Equation 2 in the main text). The scoring
function evaluates candidate actions across three di-
mensions: chemical stability, topological progress,
and property improvement.

H.1 Scoring Function Overview

We adopt equal weights (w1 = w2 = w3 = 1.0)
to treat all three dimensions as equally important,
allowing the model to learn the appropriate balance
through training rather than imposing manual pref-
erences. Each component score is normalized to
[0, 1], yielding a total score in [0, 3].

H.2 Chemical Stability Score

The chemical stability score ChemStability(a) ∈
[0, 1] evaluates whether the proposed connection
forms a chemically favorable configuration by ex-
amining four aspects.

Valence Satisfaction checks whether the con-
nection respects atomic valence constraints. A
score of 1.0 is assigned if both atoms have available
valence for the proposed bond type, 0.5 if the con-
nection requires implicit hydrogen removal, and
0.0 if valence would be violated.

Aromaticity Preservation ensures aromatic sys-
tems remain intact after the connection. Actions
that preserve or enhance aromaticity receive 1.0, ap-
propriate connections to aromatic systems receive
0.7, and actions that would disrupt aromaticity re-
ceive 0.0.

Strain Energy penalizes high-strain configura-
tions. We compute the estimated strain energy in-
crement Estrain(a) using force field calculations and
convert it to a score via exponential decay with tem-
perature parameter τ = 5.0 kcal/mol.

Chemical Environment Compatibility as-
sesses whether the connection matches typical
chemical environments observed in training data.
This is computed by an MLP that takes concate-
nated site embeddings (encoding hybridization,
neighboring atoms, functional group membership)
and bond type embedding as input.

The overall chemical stability score averages
these four components:

ChemStability(a) =
1

4

(
Svalence + Sarom

+ Sstrain + Senv

) (17)

H.3 Topological Progress Score
The topological progress score TopoProgress(a) ∈
[0, 1] measures how much the action advances to-
ward the target molecular topology by considering
four factors.

Target Edge Match rewards actions that create
edges present in the target topology. If the proposed
connection (i, j, b) exactly matches an edge in the
target edge set E∗ (including bond type), the score
is 1.0. If the motif pair (i, j) matches but with a
different bond type, the score is 0.2. Otherwise, the
score is 0.0.

Connectivity Improvement rewards actions
that reduce molecular fragmentation by merging
disconnected components. The score is computed
as the relative reduction in connected components:
if the action merges the last two components into
one, this term contributes maximally.

Ring Formation rewards completion of ring sys-
tems that match the target molecule. Completing
a target ring system scores 1.0, contributing to a
partial ring scores 0.5, and other actions score 0.0.

Bridge Contribution rewards key bridging con-
nections between major substructures. Connecting
two scaffold motifs scores 1.0, connecting a func-
tional group to a scaffold scores 0.5, and peripheral
connections score 0.0.

The overall topological progress score sums
these components and normalizes to [0, 1]:

TopoProgress(a) =
1

4

(
Pedge + Pconn

+ Pring + Pbridge

) (18)
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Algorithm 1 MotifAgent: Multi-Agent Molecular Assembly with Topological Learning

Require: Molecule dataset D, Target properties Y
Ensure: Trained policy πθ, Critic Vϕ

1: function FRAGMENTMOLECULE(M )
2: M, E∗ ← BRICS(M ); T ← TextSerialize(M)
3: returnM, T , E∗

4: end function
5: function MULTIAGENTPROPOSAL(A, Gt)
6: P ← ∅
7: for each agent ai ∈ A do
8: oi ← LocalObs(ai, Gt); htopo ← GlobalTopo(Gt)
9: P ← P ∪ {πθ(oi, htopo)} {Hierarchical sampling}

10: end for
11: return P
12: end function
13: function CENTRALARBITRATION(P, E∗, Gt, stage)
14: Pvalid ← ChemFilter(P)
15: if stage ≤ 2 then
16: Pvalid ← TargetMask(Pvalid, E

∗)
17: end if
18: return argmaxa∈Pvalid [w1 · Chem(a) + w2 · Topo(a) + w3 · Prop(a)]
19: end function
20: function OPTIMIZE(B, πθ, Vϕ, πref, E

∗)
21: // Compute advantages and returns
22: Â←∑∞

l=0(γλ)
lδt+l; R̂←MonteCarloReturn(B)

23: // Actor loss with Set-BC
24: A∗ ← {a: preserves target edges from E∗}
25: Lactor ← −LPPO − βH(πθ) + αBC log

∑
a∈A∗ πθ(a|s) + βKLKL(πθ||πref)

26: // Critic loss with auxiliary tasks
27: Lcritic ← (Vϕ − R̂)2 + w1(Vedges − |E∗ \ Et|)2 + w2(Vcc − cc(Gt))

2

28: Update θ ← θ − ηπ∇θLactor; Update ϕ← ϕ− ηV∇ϕLcritic
29: end function
30: // Main Training Loop
31: πθ ← SharedLLM(); Vϕ ← Critic(); πref ← πθ; stage← 1
32: for episode = 1 to N do
33: M ∼ D;M, T , E∗ ← FRAGMENTMOLECULE(M )
34: A ← [MotifAgent(m,πθ) for m ∈M]; Gt ← ∅
35: while ¬Terminal(Gt, E

∗) do
36: P ←MULTIAGENTPROPOSAL(A, Gt)
37: at ← CENTRALARBITRATION(P, E∗, Gt, stage)
38: Gt+1, rt ← Execute(Gt, at); rt ← rt + γΦ(Gt+1)− Φ(Gt)
39: B ← B ∪ {(Gt, at, rt, Gt+1)}; Gt ← Gt+1

40: end while
41: if |B| ≥ batch_size then
42: OPTIMIZE(B, πθ, Vϕ, πref, E

∗); B ← ∅
43: if performance meets criteria then stage← stage +1; Adjust(αBC , wi)
44: end if
45: end for
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H.4 Property Improvement Score

The property improvement score
PropImprove(a) ∈ [0, 1] estimates how the
action affects target molecular properties.

For each target property p in the property set P
(e.g., LogP, molecular weight, pKa), we compute
the reduction in deviation from the target value:
the absolute difference before the action minus the
absolute difference after. Positive values indicate
improvement toward the target. These improve-
ments are summed across all properties and passed
through a sigmoid function for normalization:

PropImprove(a) = σ
∑

p∈P

(
|ycurrent

p − ytarget
p |

− |yafter
p − ytarget

p |
) (19)

where σ is the sigmoid function, ytarget
p is the target

value for property p, and ycurrent
p , yafter

p are predicted
values before and after the action.

Property predictions use lightweight estimators:
LogP is estimated via incremental atom/fragment
contributions, molecular weight is calculated ex-
actly from added atoms, and functional group prop-
erties use a lookup table for known pharmacophore
contributions.

H.5 Scoring Example

We illustrate the scoring function using the aspirin
assembly case, comparing two candidate actions in
Round 1.

Candidate A: Benzene→Carboxyl. This con-
nection establishes the salicylic acid core. The
chemical stability score is high (0.95) because the
connection satisfies valence rules, preserves ben-
zene aromaticity, introduces minimal strain, and
matches common benzoic acid patterns. The topo-
logical progress score is 0.75: the edge matches the
target, it creates the first connected component, no
ring is formed, and it connects a functional group
to the scaffold. The property improvement score
is 0.65 as it moves LogP and acidity toward target
values. Total score: 0.95 + 0.75 + 0.65 = 2.35.

Candidate B: Benzene→Oxygen. This con-
nection would attach the oxygen linker directly.
The chemical stability score is 0.84: valence is sat-
isfied, but connecting to an aromatic system via
ether linkage scores lower on aromaticity preserva-
tion. The topological progress score is 0.70: edge
matches target, creates a connected component, but
no ring or scaffold-scaffold bridge. The property

improvement is modest (0.52) as it has less im-
pact on target properties at this stage. Total score:
0.84 + 0.70 + 0.52 = 2.06.

The arbitrator selects Candidate A
(Benzene→Carboxyl) with the higher score,
prioritizing establishment of the pharmacophore
core before adding the ester linkage.

H.6 Curriculum Learning Behavior

While the weights remain fixed at 1.0 throughout
training, the effective contribution of each score
component naturally shifts across curriculum learn-
ing phases. In Phase 1 (Strict Reconstruction),
TopoProgress dominates because hard masks re-
strict actions to target edges, and PropImprove has
limited signal. In Phase 2 (Soft Constraint), all
three components contribute meaningfully as the
model explores beyond exact target edges. In Phase
3 (Property-Aware), PropImprove gains importance
as property predictors become more reliable. In
Phase 4 (Free Generation), the model leverages all
three dimensions in full balance for novel molecule
generation. This design allows the model to learn
appropriate trade-offs through experience rather
than through manually tuned weight schedules.

I Reward Function Details

This section provides the complete mathematical
formulations of reward components introduced in
Section 3.4.

I.1 Chemical Base Rewards

The chemical base reward Rchem provides a
comprehensive assessment of molecular quality
through the following evaluation rules:

C1. Validity Rule: Assigns +1 for chemically
valid molecules satisfying valence and aro-
maticity constraints, −1 otherwise.

C2. Stability Rule: Penalizes high-strain configu-
rations by −Estrain, where Estrain is the strain
energy calculated using force field methods.

C3. Functional Group Rule: Rewards success-
ful formation of target functional groups via∑

g wgI{form g}, where wg weights func-
tional group g.

C4. Property Alignment Rule: Measures devia-
tion from target properties as−|ypred−ytarget|.

40718



C5. Synthetic Accessibility Rule: Incorporates
the SA score from RDKit, favoring easily syn-
thesizable structures.

C6. Novelty Rule: Encourages structural diversity
via 1−maxref Tanimoto(mol, ref).

I.2 Topological Shaping Rewards

The topological shaping reward Rtopo guides cor-
rect 2D topology construction through the follow-
ing shaping rules:

T1. Connectivity Rule: Rewards reduction in
molecular fragmentation by (cc(Gt) − 1) −
(cc(Gt+1)−1), where cc(·) counts connected
components.

T2. Edge Progression Rule: Rewards addition of
target-matching edges by |E∗∩Et+1|−|E∗∩
Et|, where E∗ is the target edge set.

T3. Topological Distance Rule: Pe-
nalizes structural deviation via
−GraphEditDistance(Gt+1, G

∗).

T4. Over-connection Rule: Prevents excessive
edges by −α · max(0, |Et+1| − |E∗|) with
penalty coefficient α.

I.3 Potential-Based Reward Shaping

To accelerate learning while preserving optimal pol-
icy invariance (Ng et al., 1999), we apply potential-
based shaping with potential function:

Φ(s) = −|E∗ \ E(s)| − β · cc(Gs) (20)

where β weights the connectivity term. The
shaped reward is computed as r′(st, at, st+1) =
r(st, at, st+1) + γΦ(st+1)− Φ(st).

J Prompt Templates and Downstream
Task Training

This appendix provides the unified prompt tem-
plates used in MotifAgent for both initial training
and downstream task fine-tuning, along with de-
tailed descriptions of the training procedures.

J.1 Initial Training Prompt Template

During the initial training phase, MotifAgent learns
molecular assembly through multi-agent collabora-
tion. The following template defines the structured
interaction format used throughout the training pro-
cess.

J.1.1 Initial Setup Section
The prompt begins with comprehensive molecular
information:

### Initial Setup

**Target Molecule**:
{molecule_name}

- SMILES: ‘{smiles_string}‘

- Target Properties:
{property_description}, LogP
≈ {logp_value}, MW =
{molecular_weight}

- PubChem CID: {cid} (if
available)

**Fragmentation Results** (via
BRICS):

- **Motif_1**:
{motif_description}
(‘{motif_smiles}‘, {n_atoms}
atoms)

- **Motif_2**:
{motif_description}
(‘{motif_smiles}‘, {n_atoms}
atoms)

...

- **Motif_n**:
{motif_description}
(‘{motif_smiles}‘, {n_atoms}
atoms)

J.1.2 Episode Start Section
The episode begins with the initial environment
state and global coordinator instruction:

### Episode Start: Multi-Agent
Dialogue

**Environment State (t=0)**:

Current Assembly: Empty graph

Connected Components: 0

Available Motifs: [Motif_1,
Motif_2, ..., Motif_n]

Target Edges: {n_edges}
({edge_descriptions})

Current Properties: None

**Global Coordinator**:
“Agents, we need to assemble
{molecule_name}. The target has

40719



{property_description} with LogP
around {logp_value}. Current
topology is empty. Please propose
your initial connections.”

J.1.3 Round Structure
Each assembly round follows a consistent structure
with a descriptive title:

### Round {N}: {Round_Title}

For subsequent rounds (t > 0), the environment
state is updated:

**Environment State
(t={step})**:

Current Assembly:
{current_graph_description}

Connected Components:
{num_components}

Remaining Motifs:
[{remaining_motif_list}]

Remaining Target Edges:
{num_remaining_edges}

Current Properties:
{current_property_estimates}

J.1.4 Multi-Agent Proposal Section
Each motif agent generates proposals. For the ini-
tial round (t=0), agents use the full proposal format:

**Agent_{i} ({motif_name})**:

My Structure:
{structural_description}

Available Sites: [{site_list}]

Chemical Context:
{chemical_environment_description}

Proposal: {connection_proposal}

Reasoning: {chemical_reasoning}

Priority: {HIGH/MEDIUM/LOW} -
{priority_explanation}

For subsequent rounds, agents may include sta-
tus updates and modified fields:

**Agent_{i} ({motif_name})**:

Status Update:
{occupied_sites_description}

Available Sites:
[{remaining_site_list}]

Proposal: {connection_proposal}

Reasoning: {chemical_reasoning}

Chemical Insight:
{additional_chemical_insight}

Alternatively, agents waiting for dependencies
use:

**Agent_{i} ({motif_name})**:

Waiting State:
{dependency_description}

Future Plan: {planned_action}

Property Prediction:
{expected_property_impact}

J.1.5 Central Arbitrator Section
The central arbitrator evaluates all proposals and
makes decisions:

**Central Arbitrator
Evaluation**:

Chemical Validity Check:

- {connection_1}: ✓ Valid,
{validity_reason}

- {connection_2}: ✓ Valid,
{validity_reason}

Topological Scoring:

S({connection_1}) = {v1}
(stability) + {v2} (progress) +
{v3} (property) = {total_1}

S({connection_2}) = {v1}
(stability) + {v2} (progress) +
{v3} (property) = {total_2}

Decision: Execute
{selected_connection} connection
first

J.1.6 Action Execution and Reward Section
Each executed action follows the format:

**Action Executed**:
‘Connect: Motif_{i}[{site_x}]
–{bond_type}–>
Motif_{j}[{site_y}]‘

**Reward Calculation**:

r_valid = {value} ({explanation})

r_stable = {value}
({explanation})

40720



r_func = {value} ({explanation})

r_conn = {value} ({explanation})

r_edge = {value} ({explanation})

Total: R = {total_reward}

For terminal states, additional rewards are in-
cluded:

r_prop = {value}
({property_match_explanation})

Terminal Bonus = {value}
(successful reconstruction)

Total: R = {total_reward}

J.1.7 Termination Section
Upon successful assembly:

### Round {N}: Termination
Decision

**Environment State
(t={final_step})**:

Current Assembly: Complete
{molecule_name} molecule

Connected Components: 1

Target Edges Matched: {n}/{n} ✓
Properties: LogP = {value}, MW =
{value}, {additional_properties}

**Global Coordinator**:
“Assembly complete. All target
edges matched. Properties within
specifications.”

**Agent_1 ({motif_name})**:
“{confirmation_statement}”

**Agent_2 ({motif_name})**:
“{confirmation_statement}”

...

**Policy Decision**: ‘Action:
STOP (probability = {prob})‘

J.1.8 Chemical Explanation Section
The episode concludes with a generated chemical
explanation:

**Chemical Explanation
Generated**:
“{detailed_chemical_rationale_
explaining_assembly_strategy_
and_property_relationships}”

J.2 Downstream Task Prompt Templates

For downstream tasks, we extend the base template
with task-specific components. All downstream
tasks share the same initial setup and multi-agent
interaction format, with task-specific output sec-
tions appended.

J.2.1 Molecular Property Prediction
For property prediction tasks, the prompt includes
property-specific analysis phases:

### Initial Setup

**Task**: Molecular Property
Prediction

**Property**: {property_name}
(e.g., Blood-Brain Barrier
Penetration)

**Target Molecule**:

- SMILES: ‘{smiles}‘

- PubChem CID: {cid} (if
available)

**Fragmentation Results** (via
BRICS):

[Same format as initial training]

——

### Episode Start: Multi-Agent
Analysis

[Standard environment state and
global coordinator instruction]

[Multi-agent interaction rounds
for topology reconstruction]

——

### Property Prediction Phase

**Environment State (Final)**:

Current Assembly: Complete
molecule

Connected Components: 1

Target Edges Matched: {n}/{n} ✓
Reconstructed Topology:
{topology_summary}

**Global Property Analyzer**:

Topology-Property Mapping:

- Identified pharmacophores:
{pharmacophore_list}
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- Key structural alerts:
{alert_list}

- Electronic effects:
{electronic_description}

- Steric factors:
{steric_description}

Property-Contributing Features:

1. {feature_1}:
{contribution_to_property}

2. {feature_2}:
{contribution_to_property}

**Prediction Output**:

Property: {property_name}

Prediction: {0/1 or value}

Confidence: {score}

Key Evidence:

- {evidence_1}

- {evidence_2}

J.2.2 Molecular Description Generation
For description generation, the output section cap-
tures the assembly trace:

### Initial Setup

**Task**: Molecular Description
Generation

**Target Molecule**:

- SMILES: ‘{smiles}‘

- Known Properties:
{known_properties}

- PubChem CID: {cid}

**Fragmentation Results** (via
BRICS):

[Same format as initial training]

——

### Episode Start: Multi-Agent
Assembly for Description

[Standard environment state]

**Global Coordinator**: “Agents,
reconstruct this molecule step
by step. Each connection
should reveal structural
insights for description
generation. Focus on functional
groups, pharmacophores,

and structure-activity
relationships.”

[Multi-agent interaction rounds]

——

### Description Generation Phase

**Trajectory Summary**:

Step 1: {action_description} →
{chemical_insight}

Step 2: {action_description} →
{chemical_insight}

...

**Generated Description**:
“{natural_language_description_
covering_chemical_structure_
functional_groups_physicochemical_
properties_and_biological_activities}”

J.2.3 Chemical Reaction Prediction
For reaction prediction tasks (forward reaction and
retrosynthesis):

### Initial Setup

**Task**: {Forward Reaction
Prediction / Retrosynthesis}

**Input** (Forward):

- Reactants: ‘{reactant_smiles}‘

- Reagents: {reagent_info}

**Input** (Retrosynthesis):

- Product: ‘{product_smiles}‘

**Fragmentation Results** (via
BRICS):

[Motif decomposition of
reactants/products]

——

### Multi-Agent Reaction Analysis

[Agents analyze reaction centers,
bond changes, electron flow]

[Each agent identifies its role
in the transformation]

——

### Reaction Prediction Phase

**Mechanism Analysis**:

- Reaction center:
{identified_centers}
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- Bond breaking: {bonds_broken}

- Bond forming: {bonds_formed}

- Electron transfer pathway:
{electron_flow_description}

**Predicted Output**:
‘{SELFIES_representation}‘

**Chemical Explanation**:
“{mechanistic_rationale}”

J.3 Downstream Task Training Procedures
We adopt a two-stage training paradigm: initial
training on molecular reconstruction followed by
task-specific fine-tuning. Due to computational
constraints with the Qwen2.5-7B backbone, we
employ parameter-efficient fine-tuning strategies
rather than full model fine-tuning.

J.3.1 Training Strategy Overview
For all downstream tasks, we load the pre-trained
MotifAgent checkpoint and apply task-specific
adaptations. The initial training phase uses LoRA
(rank=16) to train the shared LLM backbone, and
this approach is maintained during downstream
fine-tuning to preserve the learned chemical knowl-
edge while adapting to specific tasks.

Molecular Property Prediction. This task
employs supervised learning with frozen multi-
agent interaction modules. We add a topology-
aware classification head that pools LLM hidden
states weighted by motif importance. Only the
classification head parameters are trained, while
the LLM backbone with LoRA adapters remains
frozen. This preserves the pre-trained chemical un-
derstanding while learning task-specific decision
boundaries. The training uses cross-entropy loss
with auxiliary topology consistency regularization.

Molecular Description Generation. This task
requires generating natural language outputs, ne-
cessitating adaptation of the language generation
capabilities. We fine-tune the model using LoRA
adapters (rank=8) on the LLM backbone combined
with a task-specific generation head. The multi-
agent assembly process first reconstructs the molec-
ular topology, then the generation head produces
descriptions conditioned on the assembly trace.
Training uses teacher forcing with cross-entropy
loss on the description tokens.

Chemical Reaction Prediction. Both forward
reaction and retrosynthesis prediction require un-
derstanding molecular transformations at the mo-
tif level. We employ LoRA fine-tuning (rank=8)

combined with reaction-specific output heads. The
multi-agent framework identifies reaction centers
by analyzing motif-level changes between reac-
tants and products. For retrosynthesis, agents pro-
pose bond disconnections that reverse the assembly
process. Training combines supervised learning
on reaction outcomes with the MARL framework
for exploring chemically valid transformation path-
ways.

J.3.2 Fine-tuning Configuration
All downstream tasks share the following base con-
figuration with task-specific modifications:

• Backbone: Pre-trained MotifAgent
(Qwen2.5-7B with LoRA)

• LoRA Configuration: rank=8, alpha=16, tar-
get modules: [q_proj, v_proj]

• Optimizer: AdamW with weight decay 0.01

• Learning Rate: 2e-5 for task heads, 1e-5 for
LoRA parameters

• Warmup: 10% of total training steps

• Precision: BFloat16 mixed precision

For property prediction, we use batch size 32
and train for 50 epochs with early stopping (pa-
tience=10) based on validation ROC-AUC. For de-
scription generation and reaction prediction, we use
batch size 16 and train for 30 epochs, monitoring
BLEU scores and exact match rates respectively.

J.3.3 Inference Procedure
During inference, the model operates in reconstruc-
tion mode for understanding tasks (property predic-
tion, description generation) and generation mode
for synthesis tasks. In reconstruction mode, Set-
BC priors guide the assembly to recover the target
topology before applying the task-specific head.
In generation mode for reaction prediction, beam
search (k=5) explores multiple chemically valid
pathways, with the central arbitrator ensuring chem-
ical validity at each step.

The three-level explanation framework (topol-
ogy construction, connection mechanisms, and
topology-property relationships) is generated
alongside task outputs, providing interpretable rea-
soning traces that connect molecular assembly de-
cisions to final predictions.
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J.4 Dataset Descriptions

This section provides detailed descriptions of all
datasets used in our experiments, including statis-
tics and data splitting strategies.

J.4.1 Initial Training Dataset
For initial training, we utilize the molec-
ular SMILES-text pairs dataset from
MoleculeSTM (Liu et al., 2023a), which is
collected from the PubChem database. Following
the preprocessing pipeline of MoleculeSTM, pairs
with identical PubChem IDs are merged, descrip-
tions shorter than 18 characters are filtered out, and
duplicates from downstream task datasets are re-
moved to prevent data leakage. This yields 51,340
unique high-quality molecule-description pairs
for initial training.

For each molecule, we apply our improved
BRICS fragmentation algorithm with 16 chem-
ical environment-specific bond-breaking rules.
Molecules containing 2-15 motifs are selected
for training to ensure appropriate complexity for
the multi-agent assembly task. The dataset cov-
ers diverse chemical space including drug-like
molecules, natural products, and synthetic com-
pounds, providing comprehensive coverage of com-
mon motif connection patterns.

J.4.2 Molecular Property Prediction Datasets
We evaluate MotifAgent on 8 benchmark classifica-
tion datasets from MoleculeNet (Wu et al., 2018).
All datasets use scaffold splitting with an 80/10/10
train/validation/test ratio, which provides a more
rigorous test of model generalizability by ensur-
ing that molecules in different splits have distinct
molecular scaffolds. Table 13 summarizes the
dataset statistics.

BBBP (Blood-Brain Barrier Penetration): Con-
tains binary labels indicating whether compounds
can penetrate the blood-brain barrier, which is cru-
cial for central nervous system drug development.

Tox21: Created by the “Toxicology in the 21st
Century” initiative, this dataset contains qualita-
tive toxicity measurements across 12 different tar-
gets including nuclear receptors and stress response
pathways.

ToxCast: A larger toxicology dataset from the
same initiative as Tox21, providing toxicity data
across 617 high-throughput assays.

SIDER: Contains information about marketed
drugs and their recorded adverse drug reactions,
organized into 27 system organ classes.

ClinTox: Compares FDA-approved drugs with
drugs that failed clinical trials for toxicity reasons,
comprising two binary classification tasks.

MUV: Maximum Unbiased Validation dataset
designed for virtual screening benchmarking, fea-
turing challenging classification tasks with high
class imbalance.

HIV: Contains experimental results on the abil-
ity of compounds to inhibit HIV replication.

BACE: Provides quantitative binding results for
inhibitors of human β-secretase 1 (BACE-1), con-
verted to binary classification.

J.4.3 Molecular Description Generation
Dataset

For molecular description generation, we use the
ChEBI-20 benchmark dataset (Papadatos et al.,
2015), which is derived from the Chemical Entities
of Biological Interest (ChEBI) database combined
with PubChem annotations. Table 14 shows the
dataset statistics.

The ChEBI-20 dataset contains molecule-
description pairs where each description has
more than 20 words, providing detailed textual
annotations covering chemical structures, func-
tional groups, physicochemical properties, and
biological activities. We follow the standard
train/validation/test split provided by the original
dataset.

J.4.4 Chemical Reaction Prediction Datasets
For chemical reaction prediction tasks (for-
ward reaction prediction, retrosynthesis, and
reagent prediction), we use the Mol-Instructions
dataset (Fang et al., 2023). This dataset is part
of a large-scale biomolecular instruction dataset
designed for large language models, containing
molecule-oriented instructions across six tasks.

All reaction data are represented using SELFIES
(Self-Referencing Embedded Strings) format to en-
sure 100% validity of molecular representations.
The dataset follows the default train/validation/test
split provided by Mol-Instructions, with an approx-
imate 80/10/10 ratio.

Forward Reaction Prediction: Given reactants
and reagents, predict the products of the chemical
reaction.

Retrosynthesis: Given a target product
molecule, predict suitable reactants that could syn-
thesize the target. This is the inverse problem of
forward reaction prediction and represents a fun-
damental challenge in AI-assisted synthetic route
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planning.
Reagent Prediction: Given reactants and prod-

ucts, predict the reagents or conditions required to
facilitate the reaction.

J.4.5 Data Preprocessing for MotifAgent
For all datasets, molecules are processed through
our unified preprocessing pipeline:

1. BRICS Decomposition: Each molecule is de-
composed into chemically meaningful motifs
using our improved BRICS algorithm with
16 bond-breaking rules. Motifs containing at
least 2 non-hydrogen atoms are retained.

2. Structured Text Serialization: Each mo-
tif is serialized into structured text contain-
ing: unique identifier, SMILES string, atom
and bond information, connectable sites with
chemical environment annotations, and prop-
erty summaries (aromaticity, ring structures,
functional groups).

3. Connection Graph Construction: The
molecular graph’s connectivity information
is preserved through explicit connection tem-
plates encoding adjacency relationships be-
tween motifs.

4. Instruction Format Conversion: Data is con-
verted to task-specific instruction formats fol-
lowing the templates described in Appendix J.

Molecules that cannot be properly decomposed
(e.g., those resulting in fewer than 2 or more than
15 motifs) are excluded from the respective datasets
to ensure compatibility with the multi-agent frame-
work.

K Cases Studies

In this section, we demonstrate the conversational
and decision-making processes of MotifAgent
through four representative cases. We first present
a standard Algorithm Demonstration using the
aspirin molecule, followed by detailed assembly
workflows on three molecules of varying complex-
ity: a simple molecule (Paracetamol), a complex
molecule (Ibuprofen), and a complex heterocyclic
molecule (Omeprazole).

Given the input molecular SMILES, target prop-
erties, and fragmentation results, each motif estab-
lishes its individual profile and analyzes its current
state and relationships with other motifs. Through

chemical validity assessment and topological scor-
ing, agents evaluate the benefits of establishing
inter-motif connections, execute connection ac-
tions, and compute corresponding rewards. After
multiple rounds of negotiation, all motifs are suc-
cessfully connected, followed by a comprehensive
validation to ensure molecular validity and prop-
erty satisfaction. The process concludes with the
output of the final assembled molecule.

L Further Discussion

L.1 Central Arbitrator as a Safety Filter

A possible misreading of Section 3.4 (and the
priority-scoring function in Eq. 2) is that the central
arbitrator carries the bulk of MotifAgent’s decision-
making capacity. This appendix clarifies why the
arbitrator is more accurately characterized as a
safety filter that operates at the level of action mask-
ing, analogous to constraint-based masking widely
used in MARL systems, while the learned policy
lives entirely inside each motif agent’s network.

Policy learning is internal. The policy π(a | s)
(Eq. 1) is parameterized by the shared LLM back-
bone and trainable action heads, and it is updated
by MAPPO with the full gradient signal. The arbi-
trator does not itself hold any trainable parameters:
it (i) rejects proposals that violate valence or topol-
ogy constraints using a deterministic rule engine,
and (ii) applies the scoring function S(a) of Eq. 2
only to break ties among the remaining valid pro-
posals. Its effect on the gradient is therefore a shift
in the action distribution rather than a change in
the objective.

Fixed weights, adaptive effective contribution.
We keep the priority-scoring weights fixed at w1 =
w2 = w3 = 1.0 throughout training. Despite the
fixed weights, the effective contribution of each
component varies naturally along the curriculum.
In Phase 1, hard action masks constrain selections
to the target-edge set, making TopoProgress the
dominant signal. In Phase 3, the property predictor
becomes sufficiently reliable for PropImprove to
carry a larger effective weight. This is why we did
not find it necessary to schedule the weights by
hand.

Empirical decoupling. The per-component ab-
lation in Table 7 removes one scoring component
at a time and observes only a 2–3% drop in Valid-
ity. If the arbitrator carried the bulk of the learn-
ing signal, removing any single component would
be expected to produce much larger regressions.
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The observed insensitivity is consistent with our
characterization: the policy network internalizes
the connection rules, and the arbitrator’s role is to
keep the rollout trajectories chemically feasible so
that the MAPPO update is well-conditioned, not
to supply the chemistry itself. This also explains
why the progressive ablation in Table 4 shows the
Single-Agent-with-RL variant reaching only 82.3%
— without multi-agent decomposition, the arbitrator
has nothing to coordinate and the policy alone is
forced to balance all sub-decisions in one context.

L.2 Failure Mode Analysis

This appendix expands the failure taxonomy in-
troduced in Section 4.6. We examine the test-set
errors of the Full MotifAgent across the four cate-
gories, report their approximate frequencies, and
walk through a representative case for the most
common one.

(1) Positional Isomer Confusion. Two candi-
date sites that share nearly indistinguishable local
chemical environments (e.g., two symmetric posi-
tions on an aromatic ring relative to a distant func-
tional group) cause the policy to pick the wrong
one. The reward signal is weak because the result-
ing molecule is typically chemically valid and has
similar bulk properties. This is the most common
category in our error analysis.

(2) Bond-Type Misassignment. Site selection
is correct but the bond head assigns the wrong

bond order (e.g., single versus aromatic for a par-
tially aromatic ring closure). These errors fre-
quently occur in hetero-aromatic systems where
BRICS leaves an aromaticity hint but not a fully
constrained bond type.

(3) Incomplete Assembly / Premature Termi-
nation. The policy emits STOP before all required
connections are made. This typically happens when
the PropImprove score plateaus for k steps and the
convergence termination condition fires early; a
less aggressive ε mitigates the issue but slows train-
ing.

(4) Chemical Validity Violations. Residual va-
lence or aromaticity violations that slip past the ar-
bitrator’s rule engine, mostly caused by rare BRICS
fragmentation patterns unseen during training.

Representative case: vanillin. The
target molecule is vanillin (4-hydroxy-3-
methoxybenzaldehyde, O=Cc1ccc(O)c(OC)c1);
MotifAgent produces isovanillin (3-hydroxy-
4-methoxybenzaldehyde), which swaps the OH
and OMe groups. Inspecting the policy logits
at the decisive step shows π(C3) = 0.47 vs.
π(C4) = 0.53, a margin of only 0.06; the
priority-scoring function returns nearly identical
ChemStability, TopoProgress, and PropImprove
scores for the two candidate sites because the sole
discriminating context — the distal aldehyde at C1
— fails to break the local symmetry of the aromatic
ring. The error metrics are: Exact Match ✗;
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Morgan FTS 0.72; GED 2; Conn. Site Acc. 1/3;
Bond Type Acc. 3/3; chemical validity ✓. Because
isovanillin itself is a valid molecule with properties
close to the target (LogP ≈ 1.18 vs. target 1.21),
the RL signal can only weakly penalize this failure
mode.

Mitigation. The common thread across cate-
gory (1) cases is that the current textual state rep-
resentation cannot disambiguate positions that are
equivalent under local chemical environment. We
therefore identify two complementary extensions
as future work: (a) augment the state with explicit
positional encodings (e.g., ring-position indices rel-
ative to a global canonical ordering) and (b) use a
lightweight graph-based site disambiguation head
that scores candidate sites by their global structural
context rather than their local chemical environ-
ment.

L.3 Role of the LLM Backbone
This appendix elaborates on why using an LLM —
rather than a graph-native encoder — as the pol-
icy backbone yields MotifAgent’s observed advan-
tages. Our view is that the LLM contributes four
distinct affordances, corresponding to four empiri-
cally observable effects.

(1) Encoded chemical priors. The vanilla
Qwen2.5-7B baseline in Table 4 reaches 67.6%
Validity with no BRICS, no multi-agent structure,
and no RL, confirming that pre-training already
encodes non-trivial chemistry (amide formation,
ester hydrolysis, aromaticity maintenance). A
graph-native encoder has to learn these priors from
scratch, typically through task-specific supervision.

(2) Cross-task unification. A single LLM back-
bone serves property prediction, description gen-
eration, and reaction prediction under a shared in-
terface — arriving at each task only by swapping
the task head and the decoding template. Graph-
native approaches generally require per-task archi-
tectures (e.g., contrastive pre-training for retrieval,
autoregressive decoders for generation, classifica-
tion heads for property prediction), which frag-
ments the engineering surface.

(3) Interpretable reasoning chains. Because
each motif agent’s decision is conditioned on a tex-
tual prompt, the same LLM forward pass can emit
a human-readable chemical explanation of why a
given connection was proposed. Such explanations
are critical for medicinal chemists who need to
audit assembly decisions before acting on them;
GNN-based scoring functions, by contrast, do not

expose intermediate chemical reasoning.
(4) Activation of latent knowledge. Table 1

shows that MotifAgent-small (3B parameters) out-
performs vanilla Qwen2.5-7B. Since both share the
same chemical knowledge distribution in their pre-
training corpus, the difference cannot be attributed
to scale. We read this as evidence that MotifA-
gent’s multi-agent interaction surface and MAPPO
training do not merely teach new chemistry — they
recall and organize chemistry that is already la-
tent in the LLM but underutilized in a single-pass
decoder setting.

L.4 Comparison with Graph-Native Baselines
Our main experiments (Tables 1, 2, 3) include
strong representatives of the “external graph en-
coder” paradigm that injects explicit 2D graph rep-
resentations into a language model: MoMu (GNN
encoder + text encoder with contrastive alignment),
MolFM (joint 2D graph + knowledge graph + text),
GIT-Mol (graph + image + text multimodal LLM),
and MolCA (GNN encoder + Galactica LLM via
a Q-Former cross-modal projector). On descrip-
tion generation, property prediction, and reaction
prediction, MotifAgent outperforms all four across
essentially every reported metric.

We interpret this as evidence for a methodologi-
cal contrast rather than a parameter-count contrast.
An external graph encoder supplies the LLM with a
pre-computed topological summary, but the topol-
ogy is produced before the LLM reasons about it;
the LLM itself never acts on the graph. In Mo-
tifAgent, the topology is constructed by the LLM
through a sequence of motif-level decisions, and
the construction process is itself what the model is
trained to reason about. The resulting representa-
tions are therefore aligned with the generative prin-
ciples underlying molecules, not merely with their
final structures. Two additional observations sup-
port this reading. First, MotifAgent-small (3B) al-
ready surpasses vanilla Qwen2.5-7B on description
generation, so the improvement is not attributable
to backbone scale. Second, the progressive abla-
tion in Table 4 shows that neither BRICS input nor
multi-agent structure nor RL alone is sufficient —
the gain is produced by the coupling of all three,
which is precisely the coupling absent from the
external-encoder paradigm.
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Table 12: Performance comparison on reaction prediction tasks.

Method EXACT↑ BLEU↑ LEVENSHTEIN↓ RDK FTS↑ MACCS FTS↑ MORGAN FTS↑ VALIDITY↑
Reagent Prediction
Alpaca 0.000 0.026 29.037 0.029 0.016 0.001 0.186
Baize 0.000 0.051 30.628 0.022 0.018 0.004 0.099
ChatGLM 0.000 0.019 29.169 0.017 0.006 0.002 0.074
LLama 0.000 0.003 28.040 0.037 0.001 0.001 0.001
Vicuna 0.000 0.010 27.948 0.038 0.002 0.001 0.007
Mol-Instruction 0.044 0.224 23.167 0.237 0.364 0.213 1.000
Llama-7b (LoRA) 0.000 0.283 53.510 0.136 0.294 0.106 1.000
InstructMol-G 0.031 0.429 31.447 0.389 0.249 0.220 1.000
InstructMol-GS 0.057 0.439 29.757 0.437 0.314 0.271 0.999
HIGHT-G 0.050 0.462 28.970 0.441 0.314 0.275 1.000
HIGHT-GS 0.067 0.482 27.167 0.462 0.346 0.303 1.000
MotifAgent 0.085 0.516 22.571 0.502 0.376 0.379 1.000
Forward Reaction Prediction
Alpaca 0.000 0.065 41.989 0.004 0.024 0.008 0.138
Baize 0.000 0.044 41.500 0.004 0.025 0.009 0.097
ChatGLM 0.000 0.183 40.008 0.050 0.100 0.044 0.108
LLama 0.000 0.020 42.002 0.001 0.002 0.001 0.039
Vicuna 0.000 0.057 41.690 0.007 0.016 0.006 0.059
Mol-Instruction 0.045 0.654 27.262 0.313 0.509 0.262 1.000
Llama-7b (LoRA) 0.012 0.804 29.947 0.499 0.649 0.407 1.000
InstructMol-G 0.031 0.853 24.790 0.512 0.362 0.303 0.993
InstructMol-GS 0.252 0.926 17.773 0.755 0.599 0.543 1.000
HIGHT-G 0.037 0.869 23.759 0.590 0.394 0.340 0.993
HIGHT-GS 0.293 0.935 16.687 0.774 0.618 0.566 1.000
MotifAgent 0.315 0.937 15.127 0.806 0.669 0.582 1.000
Retrosynthesis
Alpaca 0.000 0.063 46.915 0.005 0.023 0.007 0.160
Baize 0.000 0.095 44.714 0.025 0.050 0.023 0.112
ChatGLM 0.000 0.117 48.365 0.056 0.075 0.043 0.046
LLama 0.000 0.036 46.844 0.018 0.029 0.017 0.010
Vicuna 0.000 0.057 46.877 0.025 0.030 0.021 0.017
Mol-Instruction 0.009 0.705 31.227 0.283 0.487 0.230 1.000
Llama-7b (LoRA) 0.000 0.283 53.510 0.136 0.294 0.106 1.000
InstructMol-G 0.001 0.835 31.359 0.447 0.277 0.241 0.996
InstructMol-GS 0.172 0.911 20.300 0.765 0.615 0.568 1.000
HIGHT-G 0.008 0.863 28.912 0.564 0.340 0.309 1.000
HIGHT-GS 0.202 0.914 20.194 0.772 0.623 0.577 0.999
MotifAgent 0.275 0.932 18.810 0.783 0.685 0.631 1.000
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Table 13: Statistics of MoleculeNet classification
datasets used for molecular property prediction.

Dataset #Molecules #Tasks Split Description

BBBP 2,039 1 Scaffold Blood-brain barrier penetration
Tox21 7,831 12 Scaffold Toxicity on 12 biological targets
ToxCast 8,576 617 Scaffold Toxicology data from ToxCast
SIDER 1,427 27 Scaffold Drug side effects (27 categories)
ClinTox 1,478 2 Scaffold Clinical trial toxicity outcomes
MUV 93,087 17 Scaffold PubChem bioactivity (virtual screening)
HIV 41,127 1 Scaffold HIV replication inhibition
BACE 1,513 1 Scaffold BACE-1 inhibitor activity

Table 14: Statistics of the ChEBI-20 dataset for molecu-
lar description generation.

Split #Samples Avg. Words/Description Avg. Sentences

Train 26,407 43.4 3.3
Validation 3,301 43.4 3.3
Test 3,300 43.4 3.3

Total 33,008 43.4 3.3

Table 15: Statistics of Mol-Instructions dataset for chem-
ical reaction prediction tasks.

Task Train Validation Test

Forward Reaction Prediction 83,488 10,436 10,436
Retrosynthesis 83,488 10,436 10,436
Reagent Prediction 83,488 10,436 10,436
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