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Abstract

Molecular property prediction is fundamental
to drug discovery and materials science, yet ex-
isting models suffer from limited interpretabil-
ity and poor cross-task generalization. With-
out explainable chemical rationales, accurate
predictions alone are insufficient for guiding
costly downstream experiments. We propose
MPPREASONER, a multimodal large language
model that incorporates verifiable chemical rea-
soning for molecular property prediction. Built
on Qwen2.5-VL-7B-Instruct, MPPREASONER
integrates 2D molecular images with SMILES
strings through a two-stage training strategy:
supervised fine-tuning (SFT) on 16,000 expert-
guided reasoning trajectories, followed by Re-
inforcement Learning from Principle-Guided
Rewards (RLPGR). RLPGR applies rule-based
rewards verified by RDK:it to evaluate chemical
principle usage, structural analysis, and logi-
cal consistency, providing objective feedback
without human preference labels. Experiments
across 8 benchmark datasets show that MP-
PREASONER outperforms the strongest base-
line by 2.95% and 5.49% on in-distribution
and out-of-distribution tasks, respectively. Be-
yond predictive accuracy, MPPREASONER gen-
erates chemically grounded reasoning traces,
with expert evaluation confirming high rea-
soning quality across three assessed dimen-
sions. Code is available at https://github.
com/Jesse-zjx/MPPReasoner.

1 Introduction

Molecular property prediction is a fundamental
task in drug discovery and materials science, where
accurate computational models can substantially
reduce the cost of experimental screening (Vamath-
evan et al., 2019; Schlander et al., 2021; Dara et al.,
2022; Sadybekov and Katritch, 2023). By estimat-
ing properties such as bioavailability, toxicity, and
therapeutic efficacy before wet-lab validation, these
models enable large-scale prioritization of candi-
date molecules from vast chemical space (Shen
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and Nicolaou, 2019). As molecular data become
increasingly available in both structural and textual
forms, there is a growing opportunity to develop
models that not only make accurate predictions, but
also provide interpretable evidence for decisions.

However, molecular property prediction remains
challenging because molecular properties are gov-
erned by complex interactions among functional
groups, substructures, physicochemical patterns,
and task-specific biological mechanisms. A model
may correctly classify a molecule as active or toxic,
but the prediction is difficult to trust if it cannot ex-
plain which structural motifs or chemical principles
support the conclusion. This issue is particularly
important in scientific discovery settings, where
predictions are often used to guide costly down-
stream experiments. In such scenarios, chemists
need explanations that are chemically meaning-
ful, logically coherent, and grounded in the actual
molecular structure, rather than generic natural lan-
guage rationales.

Recent advances in multimodal and language-
based models have opened new possibilities for
reasoning over molecular representations. Molecu-
lar images provide direct access to two-dimensional
structural patterns, while SMILES strings encode
atom connectivity and molecular topology in a com-
pact textual form. These complementary represen-
tations make it possible to combine visual percep-
tion with symbolic chemical information. Never-
theless, simply prompting a general-purpose model
to generate explanations does not guarantee reli-
able chemical reasoning. The model may overlook
important functional groups, rely on superficial cor-
relations, or produce explanations that are fluent
but chemically unverifiable. Therefore, improving
molecular reasoning requires not only stronger rep-
resentations, but also an explicit mechanism for
evaluating and optimizing the quality of reasoning.

To address this problem, we propose MPPREA -
SONER, a multimodal framework for molecular
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property prediction with verifiable chemical rea-
soning. MPPREASONER takes both 2D molecu-
lar images and SMILES strings as input, enabling
the model to capture complementary visual and
structural information. Built upon Qwen2.5-VL-
7B-Instruct (Bai et al., 2025), the framework is
designed to generate both property predictions and
structured chemical reasoning trajectories. Instead
of treating explanations as an auxiliary output, MP-

PREASONER explicitly models reasoning as an

intermediate process that connects molecular evi-

dence to the final prediction.

A key component of MPPREASONER is its two-
stage training strategy. In the first stage, super-
vised fine-tuning is performed on curated chemi-
cal reasoning trajectories, allowing the model to
learn how to analyze molecular structures, identify
relevant substructures, and organize its reasoning
in a chemically interpretable manner. In the sec-
ond stage, we introduce Reinforcement Learn-
ing from Principle-Guided Rewards (RLPGR),
which provides verifiable, rule-based feedback for
reasoning quality. The reward design evaluates
whether the generated reasoning is logically consis-
tent, grounded in molecular structure, and aligned
with established chemical principles. In this way,
the model is encouraged to produce explanations
that are not only fluent, but also chemically faithful
and useful for scientific interpretation.

Extensive experiments on 8 molecular property
prediction datasets demonstrate the effectiveness of
MPPREASONER. The proposed method achieves
average ROC-AUC scores (Hanley and McNeil,
1982; Fawcett, 2006) of 0.8190 on in-distribution
tasks and 0.7977 on out-of-distribution tasks, out-
performing the best existing baselines by 2.95%
and 5.49%, respectively. These results suggest that
domain-grounded, verifiable reasoning rewards can
contribute to both stronger predictions and im-
proved interpretability. Expert evaluation and case
studies further show that MPPREASONER gener-
ates chemically meaningful explanations, including
analyses of functional groups, structural alerts, and
property-related molecular patterns.

The main contributions of this work are summa-
rized as follows:

* We propose MPPREASONER, a multimodal
molecular property prediction framework that
integrates 2D molecular images and SMILES
strings to support both accurate prediction and
structured chemical reasoning.

* We introduce RLPGR, a principle-guided rein-

forcement learning framework that improves rea-
soning quality through verifiable rewards based
on logical consistency, chemical principle usage,
and molecular structure grounding.

¢ We construct a curated dataset of 16,000 chem-
ical reasoning trajectories to enable supervised
fine-tuning of the model’s chemical reasoning
capabilities.

* We conduct comprehensive experiments on 8
datasets, demonstrating strong in-distribution per-
formance, improved out-of-distribution general-
ization, and expert-validated reasoning quality.

2 Methodology

MPPREASONER trains multimodal LLMs to pro-
duce verified chemical reasoning through the
pipeline in Figure 1. We first construct expert-
level reasoning trajectories, use them for SFT, and
then refine the model with RL guided by Principle-
Guided Rewards.

2.1 Multimodal Molecular Prompt Design

We represent each molecule with both a 2D molec-
ular image and its SMILES string, allowing the
model to use sequential chemical tokens and visual
structural cues.

As shown in Appendix K, each prompt includes
a chemist role, a task description, dynamically re-
trieved top-5 few-shot molecules based on Morgan-
fingerprint Tanimoto similarity (Bajusz et al., 2015;
Cereto-Massagué et al., 2015), and the multimodal
molecule input. Few-shot examples are retrieved
only from the training split to avoid test leakage.

2.2 Two-Stage Training Framework

We first cold start reasoning with SFT and then
refine it with RL.

2.2.1 Stage 1: Reasoning Trajectory
Construction for Cold Start SFT

The first stage builds high-quality chemical rea-
soning trajectories through two complementary
sources:

Multi-Source Reasoning Data Construction.
We use strong general-domain reasoning models as
teachers:

e ChemCoT-Based One-Shot Generation: Chem-
CoT exemplars (Li et al., 2025a) provide
one-shot demonstrations of chemical chain-of-
thought reasoning.
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Figure 1: Overview of the MPPREASONER framework.

» Expert-Guided Task-Specific Generation: Five
domain experts draft and cross-validate property-
specific reasoning guides. GPT-40 (OpenAl et al.,
2024) then extracts dataset-relevant principles
(e.g., BACE and BBBP (Wu et al., 2018)) used
as generation prompts.

Quality Control and Data Curation. We use re-
jection sampling and keep only trajectories whose
teacher prediction is correct, yielding 16,000 rea-
soning trajectories for SFT.

We fine-tune Qwen2.5-VL-7B-Instruct with stan-
dard next-token prediction loss. GPT-40 (OpenAl
et al., 2024), DeepSeek-V3.1 (Guo et al., 2025),
and Qwen2.5-VL (Bai et al., 2025) generate candi-
date trajectories in parallel; when multiple teachers
are correct, one is sampled to preserve diversity.
This stage teaches the output format and instills
domain-specific reasoning patterns.

2.2.2 Stage 2: Advanced Reasoning
Refinement with RLPGR

While SFT teaches imitation, RLPGR im-
proves reasoning through verifiable, rule-based re-
wards (Wang et al., 2025b) derived from chemi-
cal principles and RDKit computations (Landrum,
2013), avoiding dependence on human preference
labels used in RLHF (Ouyang et al., 2022).

Our RLPGR framework organizes chemical rea-

soning feedback into three hierarchical reward lay-
ers. As illustrated in Figure 2, given a molecular
description x, reasoning trace z, and prediction ¥,
the total reward is computed as:

lez\](z~, Z, Z/) =\ (Tans + 7'l'ml) +A2 (Tcons + T‘comp) +A3 (Tprin + Tslrucl)

Rireasoning
ey
where \; are hyperparameters controlling the rela-
tive importance of each reward component.
Foundation Layer: This layer ensures basic
task requirements through two components:

e Answer reward r,,s provides binary feedback
based on prediction correctness.

» Format compliance reward 7y, verifies that out-
puts follow the required structure with reason-
ing enclosed in <think> tags and predictions in
<answer> tags.

Reasoning Layer: This layer evaluates general
reasoning quality through two key aspects:

* Logical consistency reward r.ops measures align-
ment between the reasoning conclusion and fi-
nal prediction through a two-step verification
process: (1) detecting conclusion keywords that
indicate explicit final judgment, and (2) verify-
ing sentiment consistency between reasoning and
prediction using predefined affirmative/negative
term sets for True/False predictions. Awards

Rioundation Rechemistry
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Figure 2: Ilustration of RLPGR in MPPREASONER.

reons = 1 if both conditions are satisfied, oth-
erwise rcons = 0.

» Comparative analysis reward 7comp €ncourages
analogical thinking by detecting explicit men-
tions of few-shot example SMILES strings within
the reasoning text. Awards r¢omp = 1 if at least
one example is referenced, otherwise r¢omp = 0.
Chemistry Layer: This layer targets domain-

specific expertise through computational verifica-

tion of chemical knowledge and structural analysis
accuracy. We leverage RDKit (Landrum, 2013) for
molecular property computation and substructure
detection to provide objective feedback on chem-
ical reasoning quality. The implementation uses

8 chemical-principle categories and 24 structural

feature types, detailed in Appendix D.

¢ Chemical principle application reward 7, evalu-
ates whether mentioned chemical concepts align
with computationally derived molecular proper-
ties. For instance, when the reasoning discusses
hydrophobicity, we verify this against the com-
puted LogP value. This reward ensures that chem-
ical principles are applied appropriately rather
than superficially mentioned.

* Molecular structure analysis reward gy mea-
sures the coverage of structural feature identifi-
cation as:

T'struct = |Sactual N Spred|/(|Sactual| + 6)

where S,cwal represents the set of distinct struc-
tural feature types identified via RDKit (func-
tional groups, ring systems, stereochemical fea-
tures), Spreq denotes the set of structural feature
types mentioned in the reasoning trace z, and
€ = 1075 ensures numerical stability.

Training Process. We employ GRPO (Shao
et al., 2024) to optimize the policy using groups
of GG reasoning trajectories sampled from the old
policy mg,,,. Our objective is

éz |711\ ‘i { min (puAl, clip(pis,1— €1+ E)A,‘)
— BDxlmo(- | 2,200 | o (- | 7, 20.0)] }] :
2
where pi; = mo(zir | @, zi<t)/To,,(Zit |
z, 2j <¢) is the token-level importance ratio, and
A; = (Ry—mean({R;}%)))/(std({R;} %) +2)
is the group-relative advantage computed from the
total rewards in Equation 1. The clipped surrogate
limits overly large policy updates, while the KL
term keeps the learned policy close to the frozen
SFT reference policy y.f; we use f = 1072,

3 Experiments

We evaluate MPPREASONER from four perspec-
tives: overall ID/OOD performance (RQ1), the
contribution of SFT and RLPGR rewards (RQ?2),
the value of multimodal molecular inputs (RQ3),
and the quality of generated chemical reasoning

(RQ4).
3.1 Experimental Setup

Datasets. We evaluate on 8 molecular prop-
erty prediction datasets. ID datasets are Molecu-
leNet (Wu et al., 2018) benchmarks used during
training: BACE (1,513), BBBP (2,039), SIDER
(1,427), and HIV (41,127). We follow Molecu-
leNet splits: BACE, BBBP, and HIV use scaf-
fold splits, while SIDER uses a random split.
OOD datasets are held-out Therapeutic Data Com-
mons (TDC) (Huang et al., 2021, 2022) tasks for
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Table 1: Performance comparison on ID and OOD benchmarks. Best is in bold; second best is underlined.

Model ID Performance \ OOD Performance | Average

oce BACE BBBP SIDER HIV |Bioavail. C2C9_V C2D6_V AMES| ID OOD
# Molecular-domain models

Graphormer-p 0.8575 0.7163 - 0.7788 - - - - 107842 -

Uni-Mol 0.8570 0.7290 0.6590 0.8080 - - - - 10.7633 -

GIMLET 0.6957 0.5939 - 0.6624 - - - - 10.6507 -

MolecularGPT 0.7331 0.6822 - 0.6382 - - - - 10.6845 -
Mol-LLM 0.8080 0.8430 0.7610 0.7650| 0.6502 0.4844 0.5762 0.5469|0.7943 0.5644

InstructMol-GS 0.8210 0.7240 -  0.6890 - - - - 10.7447 -
BioT5-Plus 0.8620 0.7650 0.5201 0.7630| 0.5243 0.4971 0.5321 0.4466|0.7275 0.5000
MolXPT 0.8840 0.8000 0.7170 0.7810| 0.4749 0.5904 0.5291 0.6073|0.7955 0.5504
3D-MoLM 0.7287 0.5141 0.5073 0.6603| 0.6066 0.7081 0.7029 0.7190|0.6026 0.6842
Mol-LLaMA 0.8349 0.6263 0.5576 0.7249| 0.6020 0.7556 0.7789 0.7928|0.6859 0.7323
TxGemma 0.6380 0.7102 0.5619 0.5235| 0.5813 0.8075 0.7595 0.7907|0.6084 0.7348

# LLM-based generalist models

03-mini 0.7891 0.5972 0.5626 0.6039| 0.6246 0.7729 0.7643 0.8361|0.6382 0.7495
DeepSeek-V3.1-Think 0.7017 0.6048 0.5637 0.5938| 0.6572 0.7633 0.7484 0.8218|0.6160 0.7477
GPT-4o 0.6070 0.6731 0.6347 0.5698| 0.5826 0.5508 0.5902 0.6141|0.6212 0.5844
Gemma-3-12b-it 0.8526 0.6802 0.5652 0.6886| 0.6194 0.7886 0.7780 0.8130|0.6967 0.7498
Qwen3-8B 0.7924 0.6961 0.6442 0.5706| 0.6181 0.7496 0.7165 0.8392|0.6758 0.7309
Qwen3-VL-8B-Instruct  0.8757 0.7096 0.5905 0.7143| 0.5919 0.8012 0.7784 0.8514|0.7225 0.7557
Qwen3-VL-8B-Thinking 0.8597 0.7055 0.5973 0.5890| 0.6073 0.7883 0.7572 0.8718|0.6879 0.7562
Qwen2.5-VL-72B-Instruct 0.7764 0.5791 0.5880 0.7325| 0.6388 0.7624 0.7222 0.8156|0.6690 0.7348
Qwen2.5-VL-7B-Instruct 0.6910 0.6175 0.5823 0.5125| 0.5232 0.7333 0.6999 0.7667|0.6008 0.6808
MPPREASONER (Ours) 0.9090 0.7436 0.8280 0.7932| 0.6728 0.8480 0.7950 0.87500.8190 0.7977

dataset-level cross-task generalization: Bioavail-
ability (128), CYP2C9_V (2,418), CYP2D6_V
(2,626), and AMES (1,456), covering absorption,
metabolism, and toxicity. The OOD tasks are ex-
cluded from SFT, RL, and few-shot retrieval. We
randomly sample 4,000 ID training instances with
balanced task coverage and follow standard test
protocols for fair comparison.

Baselines. We compare against molecular-
domain models: Graphormer-p (Ying et al., 2021),
Uni-Mol (Zhou et al., 2023), GIMLET (Zhao
et al., 2023), MolecularGPT (Liu et al., 2024a),
Mol-LLM (Lee et al., 2025), InstructMol-GS (Cao
et al., 2025), BioT5-Plus (Pei et al., 2024),
MolXPT (Liu et al., 2023a), 3D-MoLM (Li
et al., 2024), TxGemma (Wang et al., 2025a),
and Mol-LLaMA (Kim et al., 2025). We also
compare against LLM-based generalist models:
03-mini (OpenAl, 2025), DeepSeek-V3.1 (Guo
et al.,, 2025), GPT-40 (OpenAl et al., 2024),
Qwen2.5-VL-72B-Instruct (Bai et al.,, 2025),
Gemma-3-12b-it (Team et al., 2025), Qwen3-8B
and Qwen3-VL-8B-Instruct/Thinking (Yang et al.,
2025), and Qwen2.5-VL-7B-Instruct (Bai et al.,
2025). All LLM-based baselines use the few-shot
setting from Section 2.1. Implementation details
are in Appendix A.

Training and Inference Details. MPPREA-
SONER is initialized from Qwen2.5-VL-7B-
Instruct and trained in two stages. The SFT stage
uses 16,000 curated reasoning trajectories for 3
epochs with an effective batch size of 16, learn-
ing rate le—5, AdamW, and 3% warmup. The RL
stage runs GRPO for 500 optimization steps with
5 rollouts per input, learning rate 1e—6, KL coef-
ficient le—2, and reward weights (A1, A\a, \3) =
(1.0,0.25,0.25) for foundation, reasoning, and
chemistry layers. Training uses 8 NVIDIA A100
80GB GPUs and takes about 14 hours in total. Dur-
ing inference, we use temperature 1.0 and top-k
sampling with & = 5. To verify result stability, we
run three independent training seeds; the standard
deviations for ID and OOD average ROC-AUC
are 0.020 and 0.012, both well below the reported
performance gains.

3.2 Main Results (RQ1)

Table 1 shows that MPPREASONER achieves the
best average performance on both ID and OOD
tasks. On ID tasks, it obtains 0.8190 average
ROC-AUC, outperforming the strongest baseline
by 2.95%, with especially large gains on BACE and
SIDER. On OOD tasks, it reaches 0.7977 average
ROC-AUC, improving over the best baseline by
5.49%. These results indicate that domain-specific
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Table 2: Ablation study on training stages and RLPGR reward.

Setti ID Performance \ OOD Performance | Average

eting BACE BBBP SIDER HIV \Bioavail. C2C9_V C2D6_V AMES\ ID OOD
Base (Qwen2.5-VL-7b-Instruct) 0.6910 0.6175 0.5823 0.5125| 0.5232 0.7333  0.6999 0.7667|0.6008 0.6808
SFT Only 0.8558 0.6824 0.6752 0.7186] 0.6625 0.7799 0.7348 0.8415|0.7330 0.7547
RL Only (RLPGR) 0.8142 0.5733 0.7428 0.5552| 0.6632 0.7491 0.6732 0.7300|0.6714 0.7039
SFT + Rfoundation 0.8836 0.6794 0.8089 0.7556| 0.6358 0.8364 0.7862 0.8536(0.7819 0.7780
SFT + Rfoundation + Freasoning 0.8877 0.7104 0.7981 0.7560| 0.6771 0.8140 0.7795 0.8388(0.7881 0.7774
MPPREASONER (Ours) 0.9090 0.7436 0.8280 0.7932| 0.6728 0.8480 0.7950 0.8750(0.8190 0.7977

Table 3: Ablation study comparing text-only and multimodal MPPREASONER.

Method ID Performance \ OOD Performance | Average
etho
BACE BBBP SIDER HIV |Bioavail. C2C9_V C2D6_V AMES| ID OOD
Qwen2.5-7B-Instruct 0.6950 0.5391 0.5820 0.4957| 0.5094 0.7280 0.7132 0.7149|0.5780 0.6664
MPPREASONER (Text)  0.7616 0.6187 0.5599 0.5837 | 0.6173 0.6810 0.6771 0.7646 |0.6810 0.7100
19.6% 114.8% |3.8% 117.8%|121.2% [6.5% 15.1% 17.0% |117.8% 16.5%
Qwen2.5-VL-7B-Instruct 0.6910 0.6175 0.5823 0.5125] 0.5232 0.7333 0.6999 0.7667 | 0.6008 0.6808
MPPREASONER (MLLM) 0.9090 0.7436 0.8280 0.7932 | 0.6728 0.8480 0.7950 0.8750 | 0.8190 0.7977
131.5% 120.4% 142.2% 154.8%| 128.6% T15.6% 113.6% 114.1%|136.3% 117.2%

chemical reasoning training enables the model to
achieve competitive accuracy on ID tasks while
retaining strong generalization: specialist models
often excel only on familiar tasks, whereas general-
ist LLMs transfer more broadly but lack sufficient
chemical grounding. Compared with the Qwen2.5-
VL-7B base model, MPPREASONER improves by
36.3% on ID tasks and 17.2% on OOD tasks.

We further evaluate Tox21, whose toxicological
pathways and receptor-mediated endpoints broaden
the mechanism range beyond the original held-out
ADME and structural-alert tasks. MPPREASONER
reaches 0.687 ROC-AUC, compared with 0.597
for SFT-only and 0.523 for the base model. We
treat this as a supplementary stress test and do not
include it in the original 8-dataset averages. The
complete graded analysis and multi-seed OOD re-
sults are reported in Appendix C.

3.3 Training Strategy Ablation Studies (RQ2)

Table 2 confirms that both training stages are nec-
essary. SFT alone improves the base model by
22.01% on ID and 10.85% on OOD tasks, showing
that curated reasoning trajectories provide a strong
cold start. RLPGR alone also helps, but combining
SFT with RLPGR gives the largest gains (36.3% ID
and 17.2% OOD). Adding reward layers progres-
sively improves performance: foundation rewards
improve task completion, reasoning rewards im-
prove consistency and comparison, and the chem-
istry layer contributes the largest incremental gains

Table 4: Effects of RLPGR reward layers on reasoning
quality (0—10 scale).

Configuration Logical Accuracy & Insight Conciseness Average

SFT + Foundation 7.42 5.86 7.10 6.79
+ Reasoning 8.21 6.02 7.24 7.16
+ Chemistry 7.61 6.72 6.98 7.10
+ Reasoning + Chemistry  8.56 7.04 7.35 7.65

(#3.92% ID and +2.61% OOD), validating com-
putational verification of chemical principles. A
no-retrieval ablation in Appendix B further shows
that the gains are not mainly explained by retrieved
few-shot examples.

Table 4 further isolates how the reward layers
affect the generated reasoning. The reasoning layer
primarily improves Logical Soundness (+0.79),
whereas the chemistry layer primarily improves
Accuracy & Insight (+0.86); combining them gives
the strongest scores across all three quality dimen-
sions. Training dynamics provide complementary
evidence: the non-format reward components and
both ID/OOD ROC-AUC rise over optimization
and approach convergence near 500 steps (Ap-
pendix E, Table 11).

3.4 Multimodal Ablation Study (RQ3)

Table 3 compares text-only and multimodal vari-
ants trained with the same two-stage framework.
The text-only model already improves over its
base model, but the multimodal MPPREASONER
is substantially stronger, yielding +0.1380 ID and
+0.0877 OOD average ROC-AUC gains over the
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Figure 3: Reasoning quality evaluation results. (a) Automated and human assessments are consistent (p = 0.82). (b)
MPPREASONER obtains the highest reasoning quality score.

Table 5: Reasoning quality scores across three evaluation dimensions. All scores are on a 0—10 scale.

Model Logical Soundness Accuracy & Insight Conciseness Average
03-mini 7.182 5.470 6.053 6.235
DeepSeek-V3.1-Think 7.395 6.517 6.257 6.723
GPT-4o0 6.698 5.916 5.653 6.089
Qwen2.5-VL-72B-Instruct 7.641 6.241 5.492 6.458
Qwen2.5-VL-7B-Instruct 4.517 3.259 5.079 4.285
MPPREASONER (Ours) 8.556 7.039 7.352 7.65

text-only version. This suggests that 2D molecular
images complement SMILES by exposing spatial
and topological cues that are difficult to recover
from token sequences alone (Zeng et al., 2022;
Chen et al., 2022; Feng et al., 2022).

3.5 Reasoning Quality Evaluation (RQ4)

We evaluate reasoning with a GPT-40 LLM-as-
a-Judge protocol (Zheng et al., 2023; Fan et al.,
2025) over logical soundness, accuracy & insight,
and conciseness. To provide calibration evidence,
domain experts independently score 60 samples
from different datasets and models; their assess-
ments correlate reasonably with the automated
scores (Spearman p = 0.82, Figure 3), though this
sample constitutes partial rather than comprehen-
sive validation. MPPREASONER achieves the high-
est average reasoning score (7.65), outperforming
DeepSeek-V3.1-Think (6.723), 03-mini (6.235),
Qwen2.5-VL-72B (6.458), and GPT-40 (6.089).
Detailed dimensional scores are in Appendix F.
Table 5 shows that the gain is not confined to
one dimension. MPPREASONER improves logi-
cal soundness over the strongest baseline by 0.915
points, indicating more coherent step-by-step anal-
ysis. It also obtains the best accuracy & insight
score, suggesting that RLPGR helps the model use
chemical principles rather than only fluent generic

explanations. The conciseness score remains com-
petitive despite the model’s longer mechanistic rea-
soning, which is important for expert review.

The same ranking holds under DeepSeek-V4-
Pro and Qwen3-8B, and a five-expert study on
60 responses yields ICC(2,5) of 0.84-0.91. Ap-
pendix G reports the cross-judge, IAA, and format—
content results.

3.6 Confidence-trajectory Analysis

Judge scores cannot show whether a generated
chain of thought changes the model’s decision.
We therefore apply confidence-trajectory analy-
sis (Lewis-Lim et al., 2025), a judge-free probe
of the gold-label probability before reasoning and
after each prefix. Table 6 shows that MPPREA-
SONER most frequently corrects an initially wrong
prediction (51.7%), least frequently harms an ini-
tially correct one (5.6%), and yields the largest
confidence gain (0.676 — 0.783, +0.107). Rela-
tive to SFT-only, RLPGR raises the correction rate
from 37.9% to 51.7%, indicating that the reason-
ing becomes more useful for prediction rather than
only matching the SFT surface form. The protocol
is in Appendix G.
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Question:
Input Molecular Image:

WLSJL -

Is this molecule a substrate for CYP P450 2C9 enzyme?
Few—shot Examp'l.es

)%Falsex O % Truetd ﬁéoéalsex

Input Molecular SMILES C[C@H] (CO)NC(=0) [Ce@H]1C=C2c3cccc4[nH]cc(c34)CIC@HI2N(C)C1

GPT40:

<think>

To determine CYP2C9 substrate activity, I need to
analyze the molecular structure. The molecule has a
complex indole-like heterocyclic framework with an
amide linkage and primary alcohol group. The amide
group typically provides hydrogen bonding
opportunities with CYP2C9 residues, enhancing binding
affinity. X structural analysis error

The molecular framework includes multiple nitrogen
atoms in heterocyclic rings and as a tertiary amine.
Nitrogen-containing compounds generally show good
compatibility with cytochrome P450 enzymes due to
their electron-rich nature. X Overgeneralization

Most drug-like molecules with aromatic heterocycles
in this molecular weight range are efficiently
metabolized by CYP2C9. Based on this analysis, I
predict this molecule would be a substrate.
</think> Incorrect reasoning

Q

<answer>True</answer> X wrong prediction

MPPReasoner (Ours):
<think>
Step 1: Molecular Structure Analysis
The target molecule contains: (1) primary alcohol (-CH20H) attached to chiral
carbon, (2) secondary amide cOvergeneralizationonnecting to complex bicyclic
indole system, (3) tertiary amine (N-methylated) within the ring system. The
rigid indole framework creates significant steric bulk.

@ T'struct : Molecular structure analysis
Step 2: Chemical Principle Application
CYP2C9 preferentially metabolizes substrates with LogP 2-4 and specific binding
motifs for optimal active site fit. The calculated LogP = 1.8 falls below the
optimal range. The bulky indole system creates steric hindrance in the CYP2C9
active site, reducing binding efficiency compared to smaller, more flexible

substrates. @ Tprin : Chemical principle application

Step 3: Few-shot Comparative Analysis

The target molecule shares the indole-amide core with the "False" example,
indicating similar binding limitations. The "True" example has a simpler ester
linkage and more favorable geometry for enzyme accommodation, lacking the steric
constraints of the fused ring system. rcomp : Comparative analysis

Step 4: Analysis Summary
Combined evidence: suboptimal LogP + steric hindrance + structural similarity to
negative example - Not a CYP2(C9 substrate. 9 . m o

</think> @ Tcons : Logical consistency

<answer>False</answer>

Figure 4: Case study comparison between GPT-40 and MPPREASONER for CYP2C9 substrate prediction. MP-
PREASONER shows systematic chemical reasoning, while GPT-40 makes several reasoning errors.

Table 6: Confidence-trajectory analysis on the complete
test sets.

Model Correction T Harm | Gold Confidence py — px
Qwen2.5-VL-7B 23.8% 20.2%  0.587 — 0.639 (+0.052)
Qwen2.5-VL-72B 23.1% 13.7%  0.670 — 0.703 (+0.033)
SFT-only 37.9% 7.1%  0.669 — 0.755 (+0.086)
MPPREASONER 51.7% 5.6% 0.676 — 0.783 (+0.107)

4 Case Study

To illustrate the practical benefits of our chemical
reasoning approach, Figure 4 presents a represen-
tative case study comparing MPPREASONER with
GPT-40 on CYP2C9 substrate prediction.

The comparison reveals fundamental differences
in analytical quality: GPT-4o exhibits critical rea-
soning flaws including structural analysis errors
(incorrectly assuming amide groups enhance bind-
ing affinity), overgeneralization (broadly claiming
nitrogen-containing compounds show P450 com-
patibility), and incorrect reasoning patterns (un-
supported statistical generalizations). These errors
suggest that the generalist model relies on heuris-
tics rather than rigorous causal analysis, leading to
a wrong prediction.

In contrast, MPPREASONER follows system-
atic chemical reasoning: it identifies functional
groups, applies CYP2C9 LogP requirements and
steric effects from the bulky bicyclic indole scaf-
fold, compares relevant structures, and keeps the
final prediction consistent with the evidence. This
exemplifies how RLPGR’s hierarchical rewards

cultivate domain-specific reasoning capabilities,
enabling chemists to use the model’s mechanis-
tic insights when analyzing subtle activity cliffs.
RLPGR explicitly rewards structural evidence and
penalizes unsupported generalization, which is why
MPPREASONER maintains reliable predictions on
OOD molecules. Appendix H provides a comple-
mentary example using a bioavailability task.

5 Related Work

This section reviews prior research on machine
learning for molecular representations, multimodal
language models in chemistry, and reasoning ca-
pabilities in LLMs, which are foundational to our
proposed framework for training reasoning LLMs
tailored to molecular property prediction.

Machine Learning for Molecular Represen-
tation. GNNs have evolved as a dominant
paradigm for molecular graph representation, pro-
gressing from early convolutional (Kearnes et al.,
2016; Schiitt et al., 2018) and message-passing
(Gilmer et al., 2017) frameworks to sophisticated
3D-aware models (Gilmer et al., 2017; Li et al.,
2022; Liu et al., 2023c; Zhou et al., 2023), en-
abling robust applications in property prediction,
virtual screening, and drug discovery (Alves et al.,
2022). In parallel, specialized molecular language
models have reframed molecular structures as tex-
tual sequences such as SMILES strings(Weininger,
1988), with models like MolecularGPT (Liu et al.,
2024a) and BioT5-Plus (Pei et al., 2024) support-
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ing few-shot adaptation and multi-task learning for
diverse chemical and biological tasks (Li et al.,
2025c; Liu et al., 2024b, 2023b). Despite their
predictive strength, these models produce point
predictions without the chemical rationale needed
for expert decision-making.

Language Models for Chemistry. Multimodal
LLMs in chemistry integrate diverse data types
such as SMILES strings and molecular graphs to
address unimodal limitations, as seen in founda-
tional molecular-text models (Lee et al., 2025; Li
et al., 2025b; Liu et al., 2023b), instruction-tuned
assistants (Cao et al., 2025), and tool-augmented
systems (M. Bran et al., 2024). These approaches
enhance robustness in property prediction (Ed-
wards et al., 2022), molecular design (Lee et al.,
2025), and synthesis planning (Shi et al., 2023; Liu
et al., 2024b). Recent works (Li et al., 2024; Park
et al., 2024; Kim et al., 2025; Wang et al., 2025a;
Zheng et al., 2025) have enabled interpretable
molecular reasoning through chain-of-thought. To-
gether, these efforts span a broad design space in-
cluding graph-text alignment (Liu et al., 2023b;
Zhao et al., 2023; Cao et al., 2025), generalist
molecular LLMs (Lee et al., 2025), and large-scale
3D pretraining (Zhou et al., 2023). MPPREA-
SONER adopts SMILES strings with 2D molecular
images as one practical design point in this space,
and focuses on the verifiability and chemical fi-
delity of the generated reasoning.

Reasoning in Large Language Models. Rea-
soning capabilities have demonstrated remark-
able efficacy in commercial LLMs, particularly
through chain-of-thought (Wei et al., 2022; Jaech
et al., 2024; Team et al., 2023; Priyanshu et al.,
2024). Training these abilities leverages RL tech-
niques, like Proximal Policy Optimization (Schul-
man et al., 2017) in RL from Human Feedback
(RLHF) (Ouyang et al., 2022) for preference align-
ment, and efficient extensions like Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
with outcome-based rewards and Reinforcement
Learning with Verifiable Rewards (RLVR), improv-
ing generalization on complex tasks (Wang et al.,
2025b). These RL advancements motivate our
adaptation for chemical-specific reasoning. MP-
PREASONER therefore combines GRPO with rule-
based chemical rewards, rather than treating rea-
soning as an unconstrained preference-alignment
problem.

6 Conclusion

This paper presented MPPREASONER, a multi-
modal LLM that combines SFT with RLPGR for
molecular property prediction. Across eight bench-
marks, it obtains the strongest ID and OOD av-
erages, while the generated reasoning more often
corrects initially wrong predictions and remains
chemically checkable. These results suggest that
verifiable chemical rewards can improve both ac-
curacy and the usefulness of model explanations,
without relying on human preference labels.

Limitations

While MPPREASONER demonstrates significant
advances in chemical reasoning for molecular prop-
erty prediction, several areas present opportunities
for future enhancement. First, it relies on 1D/2D
molecular representations; incorporating 3D struc-
tural information (Hong et al., 2023) and conforma-
tional dynamics (Badar et al., 2022) could improve
accuracy for properties sensitive to spatial arrange-
ments. Second, the reward design and evaluation
are limited to binary classification tasks; extend-
ing to regression would require redesigning the
answer reward and consistency verification. Third,
the evaluation covers molecular property predic-
tion; applying the framework to reaction predic-
tion (Chen et al., 2025b), synthesis planning (Lin
et al., 2025), and molecular optimization (Kristiadi
et al., 2024) remains future work.

Ethical Considerations

MPPREASONER is intended as a research assistant
for molecular property prediction and should not
replace experimental validation or expert safety as-
sessment in drug discovery and materials design.
Incorrect predictions or plausible but flawed expla-
nations could mislead downstream decisions if used
without human review. We therefore recommend
using the model as a hypothesis-generation and in-
terpretation aid, with final decisions supported by
laboratory validation and domain experts.

Our experiments use established public molec-
ular property benchmarks and pretrained models
cited in the paper. The generated reasoning trajec-
tories are derived from molecular inputs and expert-
guided prompts rather than personal or sensitive
data. Appendix A reports the training hardware
and runtime to support reproducibility and cost as-
sessment.
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In the preparation of this manuscript, we utilized
ChatGPT as a writing assistant. The use of the
LLM was limited to proofreading for grammati-
cal errors, checking for typos, and improving the
clarity and readability of existing text. The LLM
was not used for any core intellectual contributions,
including but not limited to research ideation, for-
mulation of the methodology, analysis of results, or
drafting of the original manuscript. All scientific
claims, arguments, and the final text are the sole
work of the human authors, who take full responsi-
bility for all content.
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A Implementation Details

We implement MPPREASONER based on Qwen2.5-
VL-7B-Instruct (Bai et al., 2025), configured with
a maximum sequence length of 8,192 tokens to
accommodate detailed reasoning outputs. Our im-
plementation follows a two-stage training pipeline
with carefully tuned hyperparameters for optimal
performance.

SFT stage employs 16,000 curated reasoning
trajectories over 3 epochs. We use an effective
batch size of 16 with a learning rate of 1e-5 and the
AdamW optimizer. A linear learning rate sched-
uler with 3% warmup ratio ensures stable training
convergence.

RL stage utilizes the GRPO algorithm (Shao
et al., 2024) for 500 optimization steps with dy-
namic sampling (Yu et al., 2025a) to filter training
instances and focus on tractable reasoning exam-
ples. SFT and RL use the same molecular inputs:
SFT learns from fixed teacher-generated trajecto-
ries, while RL samples new reasoning traces for
those inputs and scores them with RLPGR. Dy-
namic sampling removes rollout groups that are
entirely correct or entirely incorrect, focusing up-
dates on informative cases. We employ a lower
learning rate of 1e-6 with weight decay of 1e-2 and
KL coefficient of 1e-2 to maintain stability during
policy optimization. The rollout configuration gen-
erates 5 samples per input with temperature 1.0,
using a global batch size of 128 and rollout batch
size of 512 for efficient training. The hierarchical
reward weights in RLPGR are set as (A1, A2, A3)
= (1.0, 0.25, 0.25) for foundation, reasoning, and
chemistry layers respectively.

All training is conducted on 8 NVIDIA A100
80GB GPUs with mixed precision (Micikevicius
et al., 2018) training for memory efficiency. The
SFT stage requires approximately 2 hours, while
the RL stage takes 12 hours, totaling 14 hours for
complete training. During inference, we use tem-
perature 1.0 with top-k sampling (k=5) to generate
diverse yet high-quality reasoning paths.

B Evaluation Protocol and Additional
Metrics

For ID evaluation, we follow MoleculeNet bench-
mark splits: BACE, BBBP, and HIV use scaffold
splits, while SIDER uses the standard random split.
For dataset-level OOD evaluation, Bioavailability,
CYP2C9_V, CYP2D6_V, and AMES are selected
because they cover absorption, metabolism, and
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Table 7: Hyperparameters Setting

Hyperparameter ‘ Value
# Supervised Fine-tuning (SFT)
GPU Number (A100) 8
Train Batch Size Per Device 2
Gradient Accumulation Steps 4
Learning Rate 1.0e-5
Number of Train Epochs 3
LR Scheduler Type Linear
Warmup Ratio 0.03
# Reinforcement Learning (RL)
GPU Number (A100) 8
Learning Rate 1.0e-6
Weight Decay 1.0e-2
KL Coefficient 1.0e-2
Rollout Number 5
Rollout Temperature 1.0
Global Batch Size 128
Rollout Batch Size 512
Micro Batch Size For Update Per Device 8
# Inference

Temperature 1.0
Top K 5
Max Tokens 8,192

toxicity while preserving the binary classification
format used by our training objective. All LLM-
based baselines use the same prompt template, top-
5 training-set retrieval by Morgan-fingerprint Tan-
imoto similarity, temperature 1.0, and maximum
generation length of 8,192 tokens.

Table 8: No-retrieval ablation. Few-shot examples are
removed from both training and inference; the compara-
tive reward is disabled accordingly.

Setting ID Avg. OOD Avg.
Qwen2.5-VL-7B-Instruct (Zero-shot)  0.5155 0.5157
Qwen2.5-VL-7B-Instruct (Few-shot)  0.6008 0.6808
MPPREASONER (Zero-shot) 0.7813 0.7794
MPPREASONER (Few-shot) 0.8190 0.7977

Table 8 shows that MPPREASONER remains
strong without retrieved examples, substantially
outperforming the few-shot base model. This indi-
cates that the gains are not mainly attributable to
nearest-neighbor prompting, although retrieval pro-
vides additional improvement on top of the trained
model.

C Additional OOD and Stability Analysis
C.1 Graded OOD Analysis

The four original OOD datasets are excluded from
SFT, RL, and few-shot retrieval, but they still share
varying amounts of physicochemical structure with
the training tasks. To make this scope explicit,
Table 9 organizes the held-out tasks by their domi-
nant mechanism and adds Tox21 as a more distant
toxicological-pathway stress test. These levels are
a qualitative organization of task mechanisms, not
a numerical measure of distributional distance.

Table 9: Supplementary OOD analysis organized
by dominant task mechanism. CYP2C9_V and
CYP2D6 _V results are listed in that order.

Level Dataset(s) Dominant mechanism

LI ADME 0673 0.663 0523
L2 CYP2CY_V,CYP2D6_V CYP450 enzyme binding 0.848,0.795  0.780,0.735 0.733,0.700
L3  AMES Reactivity and structural alerts 0875 0.842 0767
L4 Tox2l Toxicological pathways/receptors 0.687 0597 0523

MPPREASONER  SFT-only Base

MPPREASONER improves over both SFT-only
and the base model at every level. On Tox21, it
gains 0.090 over SFT-only and 0.164 over the base
model. This result supports transfer beyond near-
property ADME tasks, but does not establish gen-
eralization to arbitrary mechanisms or task formu-
lations.

C.2 Multi-Seed Stability

Table 10 reports three-seed statistics for the origi-
nal four OOD datasets. The main tables report the
designated run used throughout the paper (OOD av-
erage 0.7977), whereas this table reports the mean
and standard deviation across independent training
seeds. Bioavailability has only 128 examples, but
its across-seed standard deviation is 0.0101; the
OOD-average standard deviation is 0.0122.

Table 10: Three-seed OOD ROC-AUC statistics.

Statistic  Bioavail. C2C9_V C2D6_V AMES OOD Avg.
Mean 0.6724 0.8212 0.7887  0.8597 0.8024
Std. Dev.  0.0101 0.0247 0.0076  0.0159 0.0122

D RLPGR Rule Details

RLPGR applies correctness gating before any pro-
cess reward is accumulated. An output without a
parseable prediction receives —1.5, and an incor-
rect prediction receives —1.0 regardless of its rea-
soning text. Only a correct prediction is eligible for
the foundation, reasoning, and chemistry rewards
in Equation 1. Consequently, keyword insertion
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or recitation of RDKit-verifiable but prediction-

irrelevant facts cannot offset an incorrect answer.

Moreover, every component is bounded; in particu-

lar, rsguet < 1, so repeatedly mentioning structural

features cannot increase reward without limit.

The logical-consistency reward 7¢ops = 1 re-
quires both a weighing/conclusion cue and a con-
firmation term consistent with the predicted label.
The complete term sets used by the implementation
are:

* Weighing/conclusion: weighing, balancing,
overall, dominant, outweighs, on balance, con-
sidering, based on the above, therefore, in con-
clusion, ultimately, the net effect is, consequently,
taking all into account.

o Affirmative (True): affirmative, prevails,
stronger case, supports the property, likely true,
is predicted to be true, judged as true, conse-
quently is, therefore has.

* Negative (False): negative, counter-argument,
more compelling, lacks the property, likely false,
is predicted to be false, judged as false, conse-
quently is not, therefore lacks.

The chemistry layer is strictly rule-based and
uses RDKit-derived molecular properties or sub-
structure matching. The chemical principle re-
ward 7, covers 8 categories: Lipinski’s rule,
LogP/lipophilicity, hydrogen bonding, molecular
weight, aromaticity, polarity, steric hindrance, and
rotatable bonds. For example, hydrophobicity men-
tions are checked against computed LogP, Lipinski
claims are checked against molecular weight, LogP,
hydrogen-bond donors, and hydrogen-bond accep-
tors, and flexibility claims are checked against the
number of rotatable bonds.

The structure reward rgyet covers 24 structural
feature types: hydroxyl, carboxyl, amino, nitro, es-
ter, amide, ether, ketone, aldehyde, cyano, benzene,
pyridine, indole, quinoline, naphthalene, cyclohex-
ane, cyclopentane, heterocycle, fluorine, chlorine,
bromine, chiral centers, branched chains, and linear
chains. These features are verified through RDKit
fragment functions, SMARTS matching, atom in-
spection, ring inspection, or chiral-center detection.
No learned or neural verifier is used in the reward
computation.

E Optimization Dynamics

Table 11 tracks validation reward components
and downstream performance throughout the main
training run. The format reward is already near

saturation at initialization, whereas answer, consis-
tency, comparison, principle, and structure rewards
generally increase during RL. ID and OOD ROC-
AUC rise from 0.7330/0.7547 at the SFT initial-
ization to 0.8190/0.7977 at step 500, with smaller
gains near the end.

Table 11: Reward components and evaluation perfor-
mance over RLPGR optimization. Step O is the SFT
initialization.

Step 7Tfnt  Tans Tcoms Tcomp Tprin Tstruct 1D Avg. OOD Avg.

0 1.000 0.647 0.291 0.103 0.226 0.273 0.7330  0.7547
100 0.966 0.682 0.414 0.428 0.340 0.366 0.7622  0.7675
200 0.971 0.722 0.494 0.504 0.393 0.458 0.7799  0.7788
300 0.995 0.750 0.551 0.657 0.466 0.525 0.7956  0.7880
400 1.000 0.772 0.601 0.651 0.522 0.575 0.8127  0.7963
500 1.000 0.783 0.585 0.636 0.554 0.602 0.8190  0.7977

The reward and performance trajectories evolve
consistently, indicating that the optimization does
not merely saturate the formatting constraint. This
co-evolution is correlational; the controlled reward-
layer ablation in Table 4 provides the more direct
attribution evidence.

F Reasoning Quality Scores

Table 5 in the main text presents the detailed reason-
ing quality scores across three evaluation dimen-
sions (Fan et al., 2025) for all models in our study.
The detailed dimensional analysis reveals several
important insights into model capabilities and rea-
soning patterns (Ke et al., 2025; Liang et al., 2023;
Yu et al., 2025b; Chen et al., 2025a). MPPREA-
SONER achieves the highest scores across all three
evaluation dimensions, demonstrating comprehen-
sive reasoning excellence. In logical soundness,
MPPREASONER scores 8.556, significantly outper-
forming the best baseline DeepSeek-V3.1-Think
at 7.395, indicating superior coherence in step-
by-step reasoning flow. For accuracy & insight,
our model achieves 7.039, substantially exceed-
ing DeepSeek-V3.1-Think’s 6.517, which demon-
strates the effectiveness of chemical principle inte-
gration in generating factually correct and insight-
ful analyses.

Examining model category patterns, advanced
reasoning models like 03-mini and DeepSeek-V3.1-
Think show relatively strong logical soundness but
struggle with accuracy & insight, particularly o3-
mini at 5.470, suggesting that general reasoning
capabilities cannot substitute for domain-specific
knowledge. Large-scale models exhibit mixed per-
formance: Qwen2.5-VL-72B-Instruct achieves de-
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cent logical soundness (7.641) but suffers in con-
ciseness (5.492), while the smaller Qwen2.5-VL-
7B-Instruct shows consistently poor performance
across all dimensions, with particularly low accu-
racy & insight at 3.259. Notably, MPPREASONER
maintains balanced excellence across all dimen-
sions, avoiding the trade-offs observed in baseline
models. The model’s conciseness score of 7.352 is
particularly remarkable, as it demonstrates the abil-
ity to provide comprehensive chemical reasoning
without unnecessary verbosity, a crucial factor for
practical applications where chemists need clear
and actionable insights.

G Robustness of Reasoning Quality
Evaluation

G.1 Confidence-Trajectory Protocol

Following the behavioral analysis of Lewis-Lim
et al. (2025), we test whether a generated chain
of thought actively changes the model’s predic-
tion rather than only verbalizing a decision. For a
molecule x, gold label y, and generated reasoning
steps R = (r1,...,7K), we first probe the model
without reasoning,

po= Py | x), (3)

and then append each successive reasoning prefix
and obtain

pi=Ply|z,r,...

The probe asks for one of the two task labels and
computes its probability from the output logits.
Gold Confidence Gain is px — pg. Correction Rate
is the fraction of initially incorrect predictions that
become correct after the full reasoning trace, while
Harm Rate is the fraction of initially correct pre-
dictions that become incorrect. The analysis uses
the complete test sets rather than a sampled subset.
The corresponding results are reported in Table 6
in the main text.

G.2 Cross-Judge Robustness

We re-score the complete set of model traces us-
ing two additional evaluators from different model
families. Table 12 shows that MPPREASONER
ranks first under GPT-40, DeepSeek-V4-Pro, and
Qwen3-8B. GPT-4o also scores its own outputs be-
low MPPREASONER and Qwen2.5-VL-72B, which
provides evidence against a simple self-preference
explanation.

Table 12: Reasoning-quality scores under three evalua-
tor models.

Model GPT-40 DeepSeek-V4-Pro Qwen3-8B
MPPREASONER (7B)  7.650 6.294 8.259
Qwen2.5-VL-72B 6.458 4.922 6.812
GPT-40 6.089 4.212 6.008
Qwen2.5-VL-7B 4.285 2.861 6.092

G.3 Human Evaluation Reliability

Because evaluating multi-step chemical reasoning
requires substantial domain expertise, we conduct
a focused blinded evaluation. Five domain-expert
PhD annotators score model responses from dif-
ferent datasets on Logical Soundness, Accuracy &
Insight, and Conciseness using a 0-10 scale. An-
notators may skip instances outside their expertise;
the reported set contains 60 responses completed by
all five annotators. Table 13 reports inter-annotator
agreement (IAA) under three complementary statis-
tics.

Table 13: Inter-annotator agreement for the blinded
expert evaluation.

Metric Logical Accuracy & Insight Conciseness
ICC(2,5) 091 0.88 0.84
Krippendorff’s o 0.82 0.79 0.73
Kendall’s W 0.78 0.74 0.68

The consistently high values across dimensions
indicate that the focused human evaluation is reli-
able despite its limited scale.

G.4 Format-Content Decoupling

We test whether the evaluator rewards the fixed
step-by-step structure rather than chemical content.
DeepSeek-V4-Pro rewrites the responses while be-
ing instructed to preserve their chemistry: it im-
poses the MPPREASONER structure on Qwen?2.5-
VL-7B reasoning and removes that structure from
MPPREASONER reasoning. As shown in Table 14,
adding the template to weaker reasoning does not
improve its score, while removing it from stronger
reasoning causes only a small reduction. The origi-
nal content gap (3.36 points) is substantially larger
than either format effect.

Table 14: GPT-40 scores in the format—content control.

Source Original Rewritten A
Qwen2.5-VL-7B (template added) 4.29 4.19 —0.10
MPPREASONER (template removed) 7.65 7.37 —0.28
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H Comparison Study: Text-Only vs.
Multimodal

To illustrate how visual information contributes to
reasoning quality, we provide a comparative study
analyzing the same oral bioavailability prediction
task using both text-only and multimodal versions
of MPPREASONER. The input molecule, shown in
Figure 7, has ground truth label False.

Figure 7 shows that MPPREASONER (MLLM)
correctly predicts False, identifying the problem-
atic nitrophenyl group and its negative impact on
membrane permeability. In contrast, MPPREA-
SONER (Text-Only) incorrectly predicts True (Fig-
ure 8), despite following a seemingly logical rea-
soning process. The text-only model exhibits two
critical patterns:

* Functional Group Misidentification.

SMILES pattern [N+](=0)[0-] represents

a nitro group—a strongly polar, electron-

withdrawing substituent that reduces membrane

permeability. However, the text-only model mis-
interprets this as an “oxime-like” or “oxime-type”

N-O fragment, incorrectly attributing favorable

hydrogen-bonding properties. This reflects a fun-

damental weakness: SMILES-only models rely
on token co-occurrence patterns for functional
group recognition rather than structural chem-
istry rules. The visual representation immedi-
ately reveals the nitro group’s geometry and aro-
matic attachment, enabling correct identification.

* Semantic Prior Override. Rather than reason-
ing from structural features and few-shot patterns,
the text-only model anchors on semantic similar-
ity to known drugs. It categorizes the molecule
as “Dapoxetine-like oral agents” and invokes the
generalization that “such scaffolds are widely
reported... as orally bioavailable drugs.” Once
committed to this “drug-like scaffold” framing,
the model defaults to predicting good bioavail-
ability despite the nitrophenyl liability. The mul-
timodal model, by contrast, correctly identifies
the nitrophenyl group through visual inspection
and recognizes its structural similarity to negative
few-shot examples.

The

This case study demonstrates two key advan-
tages of 2D molecular images: (1) accurate func-
tional group recognition through direct visual per-
ception, and (2) structural-detail-first reasoning
that resists override by high-level semantic priors.
These capabilities are essential for molecular prop-
erty prediction requiring precise chemical analysis.

I SFT Data Construction and Availability

I.1 Purpose and Necessity

The 16,000 cold-start trajectories target a gap spe-
cific to molecular property prediction: they connect
observed molecular structure to property-relevant
chemical principles, compare the query against re-
trieved examples, and end with an explicit predic-
tion. This structure is intended to be readable by
domain experts and partially checkable by the rule-
based verifiers used in RLPGR. Candidate traces
are generated from ChemCoT demonstrations and
expert-guided, task-specific principles, and rejec-
tion sampling retains only teacher-correct predic-
tions. The training ablation supports the impor-
tance of this cold start: RLPGR without SFT ob-
tains 0.6714 ID average ROC-AUC, compared with
0.8190 for the complete two-stage model. This
comparison establishes the value of the SFT stage,
rather than claiming that 16,000 is the uniquely
optimal dataset size.

1.2 Complete Trajectory Example

The following is an unabridged BACE trajectory
from the released SFT data. The query molecule
is Oclccc(cc1CC)CCINH3+] and the gold label is
True.

<think> To determine if the molecule
Oclccc(cc1CC)CCINH3+] is effective in the
BACE1 binding assay, we need to analyze
the molecule’s ability to bind to the enzyme
through intermolecular forces such as hydrogen
bonding and hydrophobic interactions, as well as
steric/electronic complementarity.

Key components of molecular recognition for
BACEI] involve strong interactions with its cat-
alytic Asp residues, suggesting hydrogen bond
donors/acceptors play a critical role. Hydrogen
bond donors are crucial for interacting with the
negatively charged Asp residues. Based on the
calculated properties:

1. The molecule has 1 hydroxyl group (-OH), con-
tributing as a hydrogen bond donor.

2. There is 1 ammonium group ([NH3+]), provid-
ing additional hydrogen bond donor capabilities.
These hydrogen bond donors can interact effec-
tively with the active site residues.

3. The molecule has 1 aromatic ring, which
can engage in m— stacking interactions with hy-
drophobic regions or aromatic residues in the ac-
tive site cleft.

4. The LogP value is moderate (0.739), indicat-
ing a suitable balance between hydrophilic and
hydrophobic properties for enzyme binding.

5. The molecular length and weight are both rel-
atively low, suggesting the molecule can fit well
within the extended cleft of the enzyme without
steric hindrance.
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Given the presence of crucial hydrogen bond
donors, the aromatic ring for additional interac-
tions, and overall steric suitability for the active
site cleft, this molecule possesses features that
align with effective binding to BACE1. </think>

<answer>True</answer>

J SFT Data Quality Assessment

To validate the quality of our supervised fine-tuning
(SFT) data, we conducted a comprehensive qual-
ity assessment using the same LL.M-as-Judge eval-
uation framework described in Section 3.5. All
16,000 reasoning trajectories in our SFT dataset
were evaluated across three dimensions: Logical
Soundness, Accuracy & Insight, and Conciseness.
Table 15 presents the average scores for each task.

Table 15: Quality assessment of SFT reasoning trajec-
tories across 16,000 training samples. Scores are on a
0-10 scale evaluated by GPT-4o following the rubric in
Appendix K.

Tasks Logical Soundness Accuracy & Insight Conciseness Average
BACE (907) 8.17 6.69 7.14 7.33
BBBP (1169) 8.67 8.17 8.31 8.39
SIDER (5714) 791 7.00 7.04 731
HIV (8210) 8.46 7.30 7.38 7.71
Overall (16000) 8.26 7.22 7.31 7.59

The results demonstrate consistently high-
quality reasoning across all tasks, with an overall
average score of 7.59. Notably, Logical Sound-
ness achieves the highest score (8.26), indicating
that our multi-source generation strategy combined
with rejection sampling effectively produces logi-
cally coherent reasoning chains. The Accuracy &
Insight dimension scores 7.22, reflecting the inte-
gration of expert-curated chemical knowledge into
the reasoning process. Conciseness scores 7.31,
showing that our trajectories maintain focused and
relevant explanations without excessive verbosity.

Figure 5 presents the score distribution across
all three evaluation dimensions. The distribu-
tions show strong concentration in the 7-9 range,
with minimal low-quality samples (scores below
5), confirming that our quality control mecha-
nisms—including rejection sampling, expert guid-
ance, and multi-source generation—effectively fil-
ter out poorly reasoned trajectories.
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Figure 5: Score distribution of SFT reasoning trajecto-
ries across three evaluation dimensions.
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K Prompt Templates

Example 1: Prompt Example for BACE Task

[Rolel]
You are a top AI assistant specializing in molecular chemistry and drug
discovery, proficient in molecular property prediction.

[Task]

BACE1 is an aspartic-acid protease important in the pathogenesis of Alzheimer’s
disease, and in the formation of myelin sheaths...

output "True” or "False".

[Formatting]
Place the thought process within <think></think> and then conclude your answer
with <answer>True/False</answer>.

[Example]
<think>xxxx</think>
<answer>True/False</answer>

[Few-shot]
C1C1=CC(=CC(C1)=CINC(=0)C)CNC (=[NH2+1])NC(=0)CN2C3=CC(0C)=CC=C3C=C2 False
C1C1=CC(=CC(C1)=CINC(=0)C)CNC(=[NH2+1T)NC(=0)CN2C3=CC(CC)=CC=C3C=C2 True
€1C1=CC(=CC(C1)=CINC(=0)C)CNC (=[NH2+11)NC(=0)CN2C3=CC(F)=CC3C=C2 False
[Molecule]

€1C1=CC(=CC(C1)=CTNC(=0)C)CNC (=[NH2+11)NC (=0) CN2C3=C (C=CC=C3)C=C2

Example 2: Prompt for ChemCoT-Based One-Shot Generation

Example Prompt:
< PROMPT retrieved from OpenMol/ChemCoTDataset >

Example Response:
< RESPONSE retrieved from OpenMol/ChemCoTDataset >

Prompt:
< PROMPT similar to Example 1 >

Response:
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Example 3: Prompt for Expert-Guided Task-Specific Generation

< PROMPT similar to Example 1 >
[Expert]

< EXPERT KNOWLEDGE refined by GPT-40 >

Example 4: Prompt for Logical Soundness Scoring

You are a professional reasoning-evaluation expert. Your task is to assess the
logical soundness of a large language model’s chain-of-thought when answering a
question, and assign an integer score from @ to 10. Focus strictly on the logical
connections between reasoning steps, not on whether the final answer is correct.

Input:
- [Question]: The original question.
- [Model Response]: The model’s full response, including its chain of thought.

Scoring Dimension (Logical Soundness):

- Do reasoning steps build progressively and refer back to earlier points?
- Is each step a reasonable extension of the previous inference?

- Is the language coherent, with no contradictions or confusing wording?

Scoring Scale (0-10):

- 10: Perfect logical structure; steps are crystal-clear and fully justified.
- 8-9: Overall logic sound; only minor or negligible leaps/wording issues.

- 6-7: Main logic correct, but some jumps, insufficient explanation, or minor
conflicts.

- 4-5: Noticeable breaks or missing key inferences, yet some coherent logic
remains.

- 2-3: Most steps lack causality or contradict each other; only sporadic
correct parts.

- @-1: Virtually no discernible valid reasoning structure.

Your Task:

Adhering strictly to the rubric above, you must output only a single integer
score from @ to 10. Do not provide any additional explanations, text, or
justifications.

Question:
< QUESTION >

Model Response:
< RESPONSE >

Output Format: [integer scorel
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Example 5: Prompt for Accuracy & Insight Scoring

You are a professional reasoning-evaluation expert. Your task is to assess the
accuracy and insight value of a large language model’s chain-of-thought when
answering a question, and assign an integer score from @ to 10...

Scoring Dimension (Accuracy & Insight):

- Are the concepts, formulas, and facts used accurate and appropriate?

- Do the reasoning perspective, decomposition approach, or intermediate
conclusions provide substantive support or fresh insights for domain experts?

Scoring Scale (0-10):

- 10: All methods and facts are completely correct, offering deep and original
insights.

- 8-9: Core content is correct, with only minor detail errors or slightly
shallower insights.

- 6-7: Mostly correct, but with notable secondary errors or average insight
depth.

- 4-5: Mix of correct and incorrect information; limited insight value.

- 2-3: Most methods/facts are wrong or misused, providing almost no insight.

- 0-1: Completely incorrect or irrelevant.

Example 6: Prompt for Conciseness Scoring

You are a professional reasoning-evaluation expert. Your task is to assess
the conciseness of a large language model’s chain-of-thought when answering a
question, and assign an integer score from @ to 10...

Scoring Dimension (Conciseness):

- Does the response go straight to the point, avoiding irrelevant or repetitive
explanations?

- Does it convey the full reasoning with the minimum necessary steps?

Scoring Scale (0-10):

- 10: Extremely concise, with no redundant or repetitive statements.

- 8-9: Generally concise, with only a tiny amount of removable content.

- 6-7: Noticeable redundant paragraphs or repeated explanations.

- 4-5: Long-winded and repetitive; key information diluted by noise.

- 2-3: Large portions are irrelevant or repetitive; core points hard to discern.
- 0-1: Almost entirely made up of redundant content.
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L More Cases

Question: Can this molecule bind to the BACE1 protein?

N (

Input Molecule |—Fgw—sho1‘ E: |

<think>

Step 1: Molecular Structure Analysis

The target molecule is a complex heptapeptide containing multiple tryptophan residues (Cclc2c([nH]c1)ccec?2),
leucine/isoleucine branched side chains, glutamate carboxylates ([O-]), and both N-terminal amino and C-terminal
carboxyl functionalities. The peptide backbone provides extensive amide hydrogen bonding capability, while the
aromatic indole rings offer m-m stacking interactions. The molecule adopts an extended conformation due to steric
interactions between bulky side chains.

Step 2: Chemical Principle Application

BACE1 accommodates peptide substrates with specific P1-P4 binding subsites, particularly favoring hydrophobic
residues at P1 and P3 positions for optimal cleavage. The calculated molecular weight approximately 1200 Da exceeds
typical small molecule inhibitors but matches endogenous peptide substrates. The multiple tryptophan residues can
form favorable m-m interactions with Phel08 and Tyr71 in the BACE1 active site, while the peptide backbone enables
key hydrogen bonds with catalytic Asp32 and Asp228 residues. The extended structure spans the bilobal enzyme
cleft effectively.

Step 3: Few-shot Comparative Analysis

The "True" example shares critical peptide characteristics: multiple amide bonds, charged termini, and aromatic side
chains distributed throughout the sequence. Both "False" examples are shorter peptides with fewer aromatic
residues and limited conformational flexibility for optimal active site engagement. Our target molecule exhibits
superior structural complexity with dual tryptophan residues providing enhanced binding interactions compared to the
single phenylalanine in negative examples. The extended peptide length matches the "True" example's capacity for
multi-point enzyme contact.

Conclusion:

Optimal peptide length + favorable aromatic interactions + structural similarity to positive substrate + ar. ate
backbone flexibility for enzyme cleft binding indicates effective BACE1 recognition and binding.
<answer>True</answer>

Figure 6: Successful case on MPPREASONER for BACE] protein binding prediction (ID).

Question: Does this molecule have oral bioavailability?

Input Molecule

Few-shot E

<think>

Step 1: Molecular Structure Analysis

The target molecule is a dihydropyridine derivative containing a methyl ester at position 3, methyl groups at positions
2 and 6, and a chiral pyrrolidine ester substituent at position 5. The molecule features a meta-nitrophenyl group at
position 4 and includes a benzylated pyrrolidine ring system. The dihydropyridine core adopts a boat conformation due
to sp3 hybridization at position 4, while the pyrrolidine ring provides additional conformational constraint through its
five-membered ring structure.

Step 2: Chemical Principle Application

Oral bioavailability depends on Lipinski's Rule of Five parameters: molecular weight <500 Da, LogP <5, hydrogen bond
donors <5, and acceptors <10. The calculated molecular weight is approximately 455 Da, approaching the upper limit.
The nitro group significantly increases polarity while reducing membrane permeability, and the pyrrolidine nitrogen
provides basicity for potential salt formation but may limit passive diffusion.

Step 3: Few-shot Comparative Analysis

Both "False" examples contain nitrophenyl dihydropyridines with similar ester functionalities but simpler alkyl ester
chains instead of the complex pyrrolidine system. The "True" example represents a structurally distinct
tetrahydroisoquinoline with a basic amine and fewer polar substituents. Our target molecule combines the
problematic nitrophenyl group from the "False" examples with additional structural complexity through the
pyrrolidine substituent, suggesting even greater potential for bioavailability limitations compared to the simpler
"False" examples.

Conclusion:

Nitrophenyl polarity reducing membrane permeability + ester susceptibility to first-pass metabolism + structural
similarity fo negative examples + increased molecular complexity beyond simple dihydropyridines indicates poor gral
bioavailability. </think>

<answer>False</answer>

Figure 7: Successful case on MPPREASONER for oral bioavailability prediction (OOD).
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<think>

Step 1: Parse the SMILES and identify key fragments

The SMILES' COC(=0)C1=C(C)NC(C)=C(C(=0)O[C@HI2CCN(Cc3cccce3)C2)[C@HIlclccec(IN+](=0)[O-])cl

describes a dihydropyridine-like core with two ester groups and a substituted aromatic ring.On the aromatic ring I see a
strongly polar, oxime-like moiety *[N+](=O)[O-1". I interpret this pattern as an “oxime-type" N-O fragment that can
contribute additional polarity and hydrogen-bonding_capacity, similar to other oxime/heteroatom-rich groups. Together with
the carbonyl oxygens in the esters, this gives several potential hydrogen-bond acceptors, and the “oxime-like" unit may also
behave as a hydrogen-bond donor/acceptor motif in practice.The side chain * O[C@H]2CCN(Cc3cccce3)C2" forms a chiral,
constrained, tertiary amine-containing ring bearing a benzyl substituent. This kind of basic nitrogen can be protonated
under physiological conditions, enabling salt formation and improving solubility, while the benzyl group adds lipophilicity to
support membrane permeation. Overall, the molecule appears to be a medium-sized, heteroatom-rich small molecule with a
balance of polar and nonpolar regions typical of orally administered drugs.

Step 2: Qualitative assessment of “drug-likeness”

From a high-level medicinal chemistry perspective, the dihydropyridine core plus ester and aryl substituents is a well-known
scaffold in many orally used agents. The overall size seems to be in the usual small-molecule range (roughly a few hundred
Daltons), and the combination of:

- one protonatable amine in the side chain,

- multiple carbonyl and “oxime-like” N-O functionalities,

- and at least one aromatic ring,

suggests a reasonable compromise between aqueous solubility (thanks to the basic nitrogen and polar groups) and membrane
permeability (thanks to the aromatic and alkyl portions). This fits the typical profile of drug-like molecules that are
optimized for oral administration.

Step 3: Use few-shot examples and scaffold prior

Among the provided examples, the first molecule

* COC(=0)C1=C(C)NC(C)=C(C(=0)OCCN(C)Cc2ccccc)Clclcece([N+](=0)[O-])cl

shares the same dihydropyridine-aryl framework and an analogous “oxime-like" * [N+](=0)[O-]" aromatic substituent,
coupled to a benzylated tertiary amine side chain. It is labeled as <answer>True</answer>, indicating good oral bioavailability.
The main differences between that example and the target lie in the exact shape and rigidity of the side chain, but the
core pharmacophore and the “oxime-like" aromatic pattern are preserved.

The side chain in the target molecule (* O[C@H]2CCN(Cc3ccece3)C2' ) even introduces a chiral, cyclic constraint around the
amine, a design element often seen in modern oral drugs to improve receptor binding and ADME properties. Overall, the

ring with an “oxime-type" N-O substituent, a dihydropyridine core, and a benzylated amino side chain. Such scaffolds are
widely reported and optimized as orally bioavailable drugs.

Step 4: Conclusion

Based on its oxime-like aromatic substituent, drug-like dihydropyridine scaffold, and resemblance to known ive
Dapoxetine-like molecules, I predict that this compound will show oral bioavailability.</think>

<answer>True</answer>

Figure 8: Failed case on MPPREASONER (Text Only) for oral bioavailability prediction (OOD). Same input as

Figure 7.
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