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Abstract

While Multimodal Large Language Models
(MLLMs) demonstrate strong reasoning capa-
bilities, they lack domain-specific expertise to
effectively perform chemical tasks. For exam-
ple, existing MLLMs struggle with both the
lower-level task of molecular structure recog-
nition and the higher-level task of chemical
spectral data elucidation. When faced with
complex molecular structures and multimodal
chemical data (including spectral images and
texts), they often fail to provide reliable infer-
ence, resulting in poor performance. More-
over, there are no benchmark datasets for eval-
uating multi-step multimodal reasoning capac-
ities in the chemistry domain. To this end,
we establish CheMM-Bench, a comprehen-
sive benchmark dataset with 48,500 reasoning
steps across four chemical tasks (SmilesQA,
IupacQA, MwQA, SpectraQA) for evaluating
visual reasoning in both molecular structure
recognition and spectral analysis. On top of
this, we present CheMM-R1, a state-of-the-art
chemistry-specific MLLM trained with CheM-
MGRPO, a novel adaptation of Group Rela-
tive Policy Optimisation tailored for chemical
reasoning. CheMMGRPO employs domain-
specific reward functions to assess chemical
validity, structural accuracy, format compli-
ance, and factual correctness. CheMM-R1 sur-
passes leading proprietary models (GPT-o3,
Gemini-2.5-Pro, Claude-3.5-Sonnet, and Grok-
2) across all CheMM-Bench tasks. The evalua-
tion code and model are publicly available 1.

1 Introduction

Recent progressive multimodal large language
models (MLLMs) shows substantial advances in
reasoning tasks (Hurst et al., 2024), which process
and integrate information from multiple modalities
such as text, images, and structured data. These
methods often rely on supervised fine-tuning (SFT)

*Equal contribution
1https://github.com/liting980713/CheMM-R1

with large-scale, high-quality Chain-of-Thought
(CoT) data generated by advanced models such
as Gemini-2.5-Pro, enabling MLLMs to acquire
autonomous reasoning capabilities (Yao et al.,
2024). Furthermore, advanced reinforcement learn-
ing techniques, such as GRPO (Guo et al., 2025) en-
courages LLMs to generate high-reward reasoning
paths through reward functions to enable model’s
reasoning capabilities. With these approaches ap-
plied to MLLMs (Zhang et al., 2025) and their abil-
ity to handle diverse data types, MLLMs possess
high potential in scientific contexts and have found
broad application in specialised domains like chem-
istry (Li et al., 2025). Since chemical information
is represented across diverse formats that provide
complementary structural insights (Klein, 2013),
it inherently involves multimodal data such as vi-
sual molecular structures, textual nomenclature
(SMILES (Weininger, 1988), IUPAC names (Favre
and Powell, 2013)), and spectroscopic pattern plots
(Nuclear Magnetic Resonance (NMR), Infrared
(IR), mass spectra). Chemists typically spend sig-
nificant time converting manually drawn chemi-
cal structures into machine-readable formats and
interpreting spectral data for molecular structure
determination. Although chemists often possess
intuitive understanding of synthesised molecules,
verification requires integrating multiple spectro-
scopic techniques, as each provides distinct struc-
tural information. However, manual interpretation
of spectroscopic data is labor-intensive and highly
subjective, leading to potential inconsistencies.

Despite this clear need for automated multi-
modal chemical reasoning, current approaches face
significant limitations. Traditional Chemical OCR
models (Qian et al., 2023) and chemistry-specific
MLLMs (Li et al., 2025) have achieved notable suc-
cess in converting chemical images to SMILES, yet
their reasoning abilities remain constrained when
handling complex molecular structures. More crit-
ically, many existing models are limited by re-
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liance on textual modalities (Alberts et al., 2024b),
making them unable to process the visual spectral
graphs chemists use. Others support only single
spectral types (Alberts et al., 2024a; Huang et al.,
2021), restricting comprehensive molecular struc-
ture inference. While recent reasoning MLLMs
excel at general or mathematical tasks (Zhang
et al., 2025), they lack domain-specific chemi-
cal expertise, resulting in limited generalisation to
chemistry-specific problems requiring specialised
knowledge of bonding and spectroscopic interpre-
tation. Bridging this gap requires a chemistry-
specific MLLM with advanced reasoning capabil-
ities. By integrating textual and visual modalities
across molecular structures and spectroscopic data,
such a model can provide reliable reasoning and
problem-solving, enhancing analytical efficiency
while overcoming current limitations in generalisa-
tion within the chemical domain. However, achiev-
ing this goal faces two key challenges: first, the
absence of benchmarks for multimodal reasoning
tasks in chemistry; and second, the lack of mul-
timodal language models capable of integrating
chemical domain knowledge to support reasoning.

To address theses problems, we first introduce
CheMM-Bench, a benchmark specifically designed
to assess multi-step visual reasoning tasks in chem-
istry. The benchmark comprises 48,500 reasoning
steps across four datasets: SmilesQA, IupacQA,
MwQA, and SpectraQA. Each dataset targets a
specific aspect of model capability, enabling com-
prehensive evaluation. SmilesQA, IupacQA, and
MwQA focus on tasks related to molecular struc-
ture recognition. These tasks evaluate the ability to
derive SMILES notation from molecular images,
recognize IUPAC names, and identify molecular
masses, collectively assessing both OCR perfor-
mance and reasoning within the chemical domain.
SpectraQA extends evaluation to spectroscopic in-
terpretation, requiring integration of multiple spec-
tral data types for structure determination, mirror-
ing real-world workflows. Furthermore, to eval-
uate the effectiveness of CheMM-Benc and the
MMLMs capable of integrating chemical domain
knowledge to support reasoning., we introduce
CheMM-R1, a state-of-the-art (SOTA) Multimodal
Large Language Model specifically designed for
the chemical domain. Inspired by previous stud-
ies’ (Wei et al., 2025) approach of cold-start and
reinforcement learning, we develop multimodal
Chain-of-Thought (CoT) patterns for chemistry
knowledge injection and utilise Group Relative

Policy Optimization (GRPO) (Guo et al., 2025)
for reinforcement learning. Through this approach,
CheMM-R1 surpasses the performance of current
proprietary models, including GPT-O3, Gemini-
2.5-Pro, Claude-4-Sonnet, and Grok-4 for all tasks
in CheMM-Bench. Our key contributions are:

• CheMM-Bench. We create a stepwise vi-
sual reasoning benchmark for chemistry, con-
taining 48,500 ultra-long reasoning steps with
multiple images across four datasets assessing
distinct model capabilities.

• CheMMGRPO and CheMM-R1. We pro-
pose CheMMGRPO, a chemical knowledge-
integrated method that improves MLLM vi-
sual reasoning in chemistry. With the pro-
posed CheMMGRPO, we develop CheMM-
R1, a chemistry-focused MLLM with superior
reasoning capabilities and support for long
texts and multiple images.

• Experimental comparison. We evaluate
CheMM-R1 against existing MLLMs, show-
ing that current reasoning models including
GPT-O3 and Gemini-2.5-Pro struggle to accu-
rately understand chemical structures and pro-
vide reliable compound information. CheMM-
R1 achieves SOTA performance with signifi-
cant margins over all existing models.

2 Related Work

2.1 Reasoning MLLMs

Inspired by advances in CoT reasoning within
LLMs, MLLMs have experienced substantial im-
provements in reasoning tasks (Hurst et al., 2024;
Wu et al., 2024). Current MLLM reasoning meth-
ods typically rely on advanced models such as GPT-
4 to generate extensive high-quality CoT data, sub-
sequently employing SFT to enhance autonomous
reasoning capabilities (Yao et al., 2024). Tra-
ditional approaches, including Best-of-N, Beam
Search, and Monte Carlo Tree Search (Xie et al.,
2024), employ complex search mechanisms to gen-
erate extensive reasoning data and apply SFT to
enable MLLMs to explore CoT for complex prob-
lem solving (Huang et al., 2025). Driven by devel-
opments in reinforcement learning, recent works
attempt to enhance MLLM reasoning capabilities
through reinforcement learning (Zhang et al., 2025).
However, these works typically focus on general
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Benchmark Text Image Multi-Image Reasoning Steps Spectral Data

ChemOCR ✓ ✓ × × ×
MMCR-Bench ✓ ✓ × × ×
MMChemBench ✓ ✓ × × ×
ChemVLM ✓ ✓ × × ×
ChemDFM-X ✓ ✓ × × ✓(MS, IR only)
MolPuzzle ✓ × × × ×
CheMM-Bench (Ours) ✓ ✓ ✓ ✓(48,500 steps) ✓(5 types)

Table 1: Comparison of CheMM-Bench with existing multimodal chemistry benchmarks.

and mathematical data types, exhibiting limited
generalisation to specific domains like chemistry.

2.2 Chemistry MLLMs

MLLMs have demonstrated significant potential
in the chemical domain (Li et al., 2025). Previous
work has focused on extracting visual information
from chemical images for downstream chemical
tasks. Molecular structure recognition has been
explored in models such as ChemVLM (Li et al.,
2025) and ChemDFM-X (Zhao et al., 2024). While
these benchmarks have made important contribu-
tions, they primarily evaluate direct answer gen-
eration. Without explicit reasoning steps, models
learn pattern matching rather than systematic chem-
ical analysis. Furthermore These models are pri-
marily designed to convert chemical images into
SMILES representations. Only a few try to utilise
spectral data for molecular structure prediction.
ChemDFM-X (Zhao et al., 2024) attempt to predict
molecular structures using only mass spectrom-
etry and IR data. While MolPuzzle (Guo et al.,
2024) attempts molecular structure elucidation but
rely on text-based spectral descriptions rather than
visual spectral images, and evaluate sub-tasks in-
dependently rather than as an end-to-end integra-
tion. Similarly, single-spectrum approaches (e.g.,
IR-only models) are chemically insufficient for
full elucidation, as IR cannot determine complete
molecular connectivity or stereochemistry without
accompanying NMR and MS data. These models
typically depend on similarity searches that can
yield plausible outputs, but lack the ability to pro-
vide explanatory justification. Consequently, cur-
rent chemical MLLMs struggle to generate outputs
that align with chemical intuition and principles.
To address this limitation, our model employs logi-
cal aggregation of structural features, with a focus
on stepwise inference of molecular connectivity.
Specifically, the model employs stepwise reason-
ing: identifying functional groups, combining them
into substructures, and ultimately reconstructing

the entire molecule. Such an interpretable, step-
wise reasoning process strengthens the model’s
reliability and trustworthiness. To highlight our
contributions, Table 1 compares CheMM-Bench
against existing datasets. CheMM-Bench is the
first to require simultaneous visual integration of
five spectral types while demanding explicit, long-
context Chain-of-Thought (CoT) reasoning.

3 CheMM-Bench Dataset

CheMM-Bench is a benchmark dataset designed
to evaluate organic chemistry reasoning in multi-
modal large language models. As shown in Fig-
ure 2, we utilise the spectroscopic dataset from
Alberts (Alberts et al., 2024b), extracted from the
USPTO reaction database (Lowe, 2012), contain-
ing molecular structures as SMILES and simu-
lated IR, ¹H-NMR, ¹³C-NMR, positive-ion MS,
and negative-ion MS spectra for 794,403 realistic
molecules from US patents. We randomly extracted
48,500 unique molecules: 26,500 for molecular
structure recognition and 22,000 for structure eluci-
dation. CheMM-Bench comprises four tasks: Smi-
lesQA, IupacQA, and MwQA for structure recog-
nition, and SpectraQA for structure elucidation.

3.1 Structure Recognition Task
SmilesQA. SmilesQA is designed for question an-
swering, where the task is to derive the SMILES
representation of each molecule, which encodes
its unique chemical structure, from its 2D struc-
ture. IupacQA. IupacQA is formulated as a
question–answering task in which the question
refers to a molecule’s 2D structure and the an-
swer is its IUPAC name. The IUPAC naming sys-
tem provides a universally recognised standard,
whereby each name uniquely corresponds to a
specific chemical compound. We leverage Pub-
Chem (Kim et al., 2025) to match each molecule’s
unique IUPAC name from chemical structures as
answers. The derivation process involves gen-
erating the SMILES representation from the 2D
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Figure 1: Overview of CheMM-Bench data collection. Structure recognition includes single molecular image;
structure elucidation contains six spectral images. Chain-of-Thought reasoning is distilled from Gemini-2.5-Pro.

structure and subsequently translating it into the
IUPAC name. MwQA. In MwQA, a molecule’s
2D structure serves as the input and its molecular
weight as the answer. Molecular weights are com-
puted from chemical structures using RDKit (on-
line, 2024b). The inference process involves deriv-
ing the SMILES representation from the 2D struc-
ture, followed by calculating the molecular weight.
Data Collection. We merge three datasets on
multimodal molecular structures to enable extrac-
tion of chemical structure (SmilesQA), IUPAC
name (IupacQA), and molecular weight (MwQA).
The generation process: (1) extract 26,500 unique
molecules from Alberts’ spectroscopic dataset (Al-
berts et al., 2024b); (2) convert SMILES to 2D
structures using RdKit (online, 2024b); (3) gener-
ate QA pairs using four LLMs (DeepSeek-R1 (Guo
et al., 2025), ChatGPT-4o-mini (Hurst et al., 2024),
Gemini-2.5-Flash (Comanici et al., 2025), and
Claude-Sonnet-4 (Anthropic, 2025)), each produc-
ing five questions per dataset (20 total), randomly
matched with answers. For reasoning generation,
we use a semi-automated pipeline with Gemini-2.5-
Pro to produce stepwise reasoning in <think> tags,
SMILES in <smiles> tags, and final answers in
<answer> tags. Refer to Figures 5-7 in appendix
for specific prompts for guided reasoning.

3.2 Structure Elucidation Task

Nuclear Magnetic Resonance. Nuclear Magnetic
Resonance (NMR) spectroscopy detects transitions
between nuclear spin states in a magnetic field.
Since each isotope absorbs at a specific frequency,

NMR can distinguish different elements and typi-
cally detects one isotope at a time (e.g., ¹H-NMR,
¹³C-NMR, ³¹P-NMR). We utilise ¹H-NMR and ¹³C-
NMR to probe molecular structures. ¹H-NMR de-
tects hydrogen nuclei, revealing the number, type,
and chemical environment of hydrogen atoms to
identify functional groups and elucidate structures.
¹³C-NMR identifies carbon atoms through their dis-
tinct chemical environments, with each unique car-
bon producing a characteristic peak whose chem-
ical shift indicates its electronic environment and
nearby functional groups. Infrared. Similar to
NMR, infrared (IR) spectroscopy is among the
most widely applied spectroscopic techniques. By
recording the absorption of infrared radiation at
characteristic wavelengths, it provides insights into
functional groups and overall molecular structure.
In IR spectroscopy, molecular bonds absorb in-
frared light, leading to changes in bond length or
angle. These absorptions represent as peaks at char-
acteristic wavenumbers, each corresponding to a
particular vibrational mode. As different functional
groups absorb different frequencies of infrared ra-
diation (e.g., alcohols at 3200–3300 cm−1), the
resulting spectra enable chemists to determine the
presence of specific bonds or groups and to iden-
tify molecular structures. Mass Spectrometry. In
addition to NMR and IR, mass spectrometry (MS)
represents a key analytical technique, wherein the
mass-to-charge ratios of either positively charged
ions or negatively charged ions are measured to
provide insights into molecular mass, elemental
composition, and structural features. In mass spec-

26905



trometry, molecules are ionized, the ions are sep-
arated using electric and magnetic fields, and de-
tected to produce a mass spectrum, a plot of ion
intensity versus mass-to-charge ratio. Each peak
in the spectrum reflects the abundance of ions at
a particular mass-to-charge ratio. Interpretation
of these peaks provides insights into molecular
mass, fragmentation patterns, and the identifica-
tion of the compound. (Klein, 2013) SpectraQA.
The dataset is formulated as a question answer-
ing benchmark, in which the question is defined
by five types of molecule’s spectral data includ-
ing IR, ¹H-NMR, ¹³C-NMR, positive-ion MS, and
negative-ion MS spectra, and the answer is the
corresponding SMILES representation. The task
requires inferring the SMILES representation of a
molecule directly from its spectral features.
Data Collection. We leverage five different types
of spectral data, including IR, ¹H-NMR, ¹³C-NMR,
positive-ion MS, and negative-ion MS spectra, to
improve the model’s ability to predict molecular
structures. The data production process is as fol-
lows: (1) We randomly extracted 22,000 unique
molecules from Alberts’ spectroscopic dataset, in-
cluding SMILES, IR, ¹H-NMR, ¹³C-NMR, positive-
ion MS, and negative-ion MS spectra; (2) Different
types of spectral data are converted into graphs as
image inputs; (3) We utilise the same four LLMs
employed in the structure recognition stage to gen-
erate 20 questions. The questions are randomly
matched with corresponding answers to construct
QA pairs. The reasoning generation follows the
same method as structure recognition. We de-
velop specific prompts for structure elucidation
as shown in Appendix Figure 8.

3.3 Data Statistics and Analysis
Figure 2 (A) illustrates the distribution of SMILES
lengths, with structure recognition exhibiting a
broader distribution, while structure elucidation is
shifted toward shorter lengths. The distribution for
structure recognition is centred around a SMILES
length of 40–50, whereas the peak distribution
for structure elucidation occurs at approximately
25–35. Consequently, the structure recognition
task typically involves longer and more complex
molecules, whereas the structure elucidation task
focuses on shorter and simpler SMILES strings.
The distribution of heavy atom counts in molecules
for the structure recognition and structure elucida-
tion tasks is presented in Figure 2 (B). The peak for
structure elucidation occurs around 16–20 heavy

atoms, indicating that this task is biased toward
smaller to medium-sized molecules. Conversely,
the peak for structure recognition occurs at approx-
imately 25–30 heavy atoms, reflecting a tendency
toward more complex molecular structures. Fur-
thermore, the chemical similarity of all molecules
in the structure recognition and structure elucida-
tion tasks is assessed using the Tanimoto similarity
of their chemical fingerprints, as shown in Figure 2
(C). Both tasks display a similar distribution, with
a clear peak around 0.1. This indicates that most
molecular pairs in both tasks have relatively low
similarity, reflecting high structural diversity. Ad-
ditionally, Figure 2 (D) depicts the distribution of
top 20 functional groups present in molecules for
the structure recognition and structure elucidation
tasks. This figure indicates that Alkanes, Arenes,
and Ethers represent the most prevalent functional
groups across both tasks. See Appendix A for
an overview of the number of instances in the
dataset. Refer to Appendix B for a detailed func-
tional group analysis.

4 CheMM-R1 Method and Experiment

Equipping Multimodal Large Language Models
(MLLMs) with domain-specific knowledge and rea-
soning abilities typically requires both knowledge
injection (Mecklenburg et al., 2024) and reinforce-
ment learning (Wei et al., 2025). Therefore, we
propose CheMMGRPO, a novel reinforcement fine-
tuning framework designed for multimodal chem-
istry understanding that enables self-improvement
in reasoning. This framework consists of two
stages: a cold-start phase, where we incorporate
organic chemistry knowledge and construct Chain-
of-Thought (Wei et al., 2022) reasoning patterns
from collected data, followed by a reinforcement
learning phase using online policy optimisation to
further enhance the model’s reasoning capabilities.

4.1 CheMMGRPO with Cold Start

To prevent the early stable of RL training from
the base model without specific organic chemistry
knowledge, for CheMM-R1 we utilise the mul-
timodal data Ds = {qn, τn}Nn=1 from CheMM-
Bench with CoT reasoning, where each data in-
cludes a specific molecule or spectra question q
and the reasoning path τ . We fine-tune the base
model on the cold-start data and then apply a mul-
timodal reinforcement learning algorithm based on
GRPO (Guo et al., 2025), to facilitate model rea-
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Figure 2: Overall statistics of CheMM-Bench. (A) Distribution of SMILES length; (B) Distribution of heavy atom
count; (C) Distribution of molecular similarity; (D) Distribution of top 20 functional groups.

Figure 3: Overview of the proposed CheMMGRPO with chemistry-specific reward functions.

soning and persist chemistry knowledge during the
group generation of reasoning trajectories.

For each input question q, the optimisation
begins by sampling a group of G distinct out-
puts {o1, o2, . . . , oi} from the policy. Each out-
put is then evaluated by a customised domain-
specific reward functions. These include checks for
chemical validity (smiles_acc), structural accu-
racy (atom_acc, func_group_acc), format com-
pliance (output_format), and factual correctness
(answer_acc). Specifically, the answer_acc func-
tion is designed to handle the variance answer
from CheMM-Bench. For textual answers, such
as SMILES and IUPAC names, we calculate a
fuzzy similarity score based on the Levenshtein

distance, which measures the number of edits (in-
sertions, deletions, or substitutions) required to
match two strings. This approach allows the func-
tion to reward answers with minor, syntactically
trivial errors, such as a misplaced hyphen or a
single-character typo, rather than marking them
as entirely incorrect. For numerical values like
molecular weights, answers are rewarded if they
fall within a ±0.05 g/mol tolerance threshold. This
threshold represents a < 0.02% relative error for
typical organic molecules, which is consistent with
analytical chemistry precision standards. The final
advantage Ai is derived by first calculating a single,
comprehensive reward ri for each output through
a weighted sum of all reward function scores. The

26907



accumulated rewards for the group form a vector
r = {w1r1, w2r2, . . . , wiri}, which is then nor-
malised to calculate the final advantage:

Ai =
ri −mean({w1r1, w2r2, . . . , wiri})

std({w1r1, w2r2, . . . , wiri})
(1)

The policy is then optimised by maximising the
GRPO objective function, steering the model to-
wards generating responses that are chemically
sound, factually accurate, and correctly formatted.
See Appendix C for detailed and completed al-
gorithm and mathematic implementation.

4.2 Implementation Details

The proposed CheMMGRPO is generally appli-
cable to different MLLMs, to demonstrate the ef-
fectiveness of CheMMGRPO, we adopt an open-
source and non-reasoning MLLM, Qwen2.5-VL-
3B (Bai et al., 2025) and train it with MS-
SWIFT (Zhao et al., 2025) framework. For the
cold-start phase, we set the maximum model length
to L = 20, 480, the maximum image pixels to
i = 262, 144, and the training batch size to 64. Fol-
lowing the prior study from MS-SWIFT, we use the
Adam optimiser with a learning rate of lr = 1e−4,
β1 = 0.9, β2 = 0.95, and ϵ = 1e−8.

For the online policy optimisation phase, we
perform 4 rollouts per question with a sampling
temperature of 1.0 to encourage diverse reasoning
paths. The maximum model length and image pixel
count are kept consistent with the cold start phase,
while the maximum output sequence length is set
to 5,120 to capture the model’s complete reasoning
paths. Both the reference and policy models are
initialised from the cold-started model, with the
reference model remaining frozen during RL train-
ing. Key hyper-parameters for the policy model
includes a learning rate of 1e−4, a KL divergence
coefficient β of 0.001, and a batch size of 48. All
experiments are conducted on a cluster of 8 H200
(141GB) GPUs with a 12-hour training time.

The cold-start phase consumes the majority of
the CheMM-Bench dataset with 40,000 instances
to inject fundamental chemistry knowledge and
reasoning patterns into the base model. This 8:1
ratio of SFT data to RL data is aligned with es-
tablished reasoning model practices (Yao et al.,
2024; Guo et al., 2025) and balances comprehen-
sive domain coverage against the heavy computa-
tional constraints of multi-rollout GRPO. See Ap-
pendix D for the pipeline visualisation.

5 Results

We benchmark CheMM-R1 against a series of
advanced multimodal large language models,
which are categorised as either reasoning or non-
reasoning. The reasoning models include propri-
etary systems such as GPT-O3 (OpenAI, 2025),
Gemini-2.5-Pro (Comanici et al., 2025), Claude-4-
Sonnet (Anthropic, 2025), Grok-4 (xAI, 2025), and
Gemini-2.5-Flash (Comanici et al., 2025), along-
side open-source models like GLM-4.1V-Think-
9B (Team et al., 2025c) and Kimi-VL-A3B (Team
et al., 2025b). For the non-reasoning category,
we evaluate the closed-source model GPT-4o
and several open-source alternatives: InternVL3-
8B (Zhu et al., 2025), InternVL3-38B (Zhu et al.,
2025), Gemma3-4B (Team et al., 2025a), Gemma3-
27B (Team et al., 2025a), and Qwen2.5-VL-
3B (Bai et al., 2025). For a more targeted com-
parison, we also include ChemVLM-8B (Li et al.,
2025), a domain-specific model enhanced with vi-
sual molecular recognition. All proprietary models
are tested with their default parameters, whereas
open-source models are tested with a temperature
of 0.0 and a maximum output length of 4,096.

5.1 Main Experimental Results

As shown in Table 2, we evaluate CheMM-R1
against various state-of-the-art (SOTA) MLLMs
across all tasks in the CheMM-Bench benchmark,
reporting both accuracy and F1 score. To further
assess performance, we also conduct a similarity
comparison using BLEU and Levenshtein distance
for text-base results. As detailed in Table 3, these
metrics measure how closely a model’s generated
answer aligns with the ground truth.
Accuracy results. The average performance for
molecule and spectrum of the existing models is
all under 15%, and several models such as GLM-
4.1V-9B-Thinking, Kimi-VL-A3B, InternVL3-8B,
Gemma3-4B, and Qwen-2.5-VL-3B provide no
correct answers for the evaluation. Gemini-2.5-
Pro shows the best molecule performance across
all existing models with an average accuracy of
16.13%, while Grok-4 has the best spectrum per-
formance with an average accuracy of 4.05%. We
observe that models tend to guess the final weight
score without correctly understanding the molec-
ular structure. To investigate this and ensure a
genuine assessment of reasoning, we compare per-
formance using two metrics: one that accepts the
final answer only, and a stricter criterion where
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Model
SR SE Overall

AverageSmilesQA IupacQA MwQA Average SpectraQA

ACC F1 ACC F1 ACC
w/o S

ACC
w S

F1
w/o S

F1
w S ACC F1 ACC F1 ACC F1

Reasoning
GPT-o3 1.62 3.19 0.19 0.39 15.82 0.61 27.32 1.21 5.78 10.94 1.50 2.96 3.34 6.46
Gemini-2.5-Pro 8.37 15.44 3.09 6.00 37.53 5.27 54.57 10.02 16.13 27.78 1.80 3.54 7.95 14.72
Claude-Sonnet-4 1.42 2.80 2.32 4.53 2.23 0.20 4.37 0.40 1.99 3.91 1.60 3.15 1.77 3.48
Grok-4 1.01 2.01 0.77 1.53 6.69 0.41 12.55 0.81 2.79 5.43 4.05 7.78 3.51 6.78
Gemini-2.5-Flash 0.61 1.21 3.09 5.99 22.31 0.81 36.48 1.61 8.58 15.80 1.10 2.18 4.31 8.26
GLM-4.1V-9B-Thinking 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Kimi-VL-A3B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Non-Reasoning
GPT-4o 0.41 0.81 0.39 0.77 1.01 0.00 2.01 0.00 0.60 1.19 0.10 0.20 0.31 0.63
InternVL3-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL3-38B 0.00 0.00 0.00 0.00 0.41 0.00 0.81 0.00 0.13 0.27 0.05 0.11 0.09 0.18
Gemma3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemma3-27B 0.00 0.00 0.77 1.53 0.20 0.00 0.40 0.00 0.33 0.66 0.05 0.10 0.17 0.35
ChemVLM-8B 1.01 2.01 0.00 0.00 0.00 0.00 0.00 0.00 0.33 0.66 - - - -
Qwen-2.5-VL-3B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CheMM-R1 (Ours) 43.51 60.63 6.80 12.73 21.95 15.45 36.00 26.76 23.73 38.35 36.32 53.28 30.92 47.23

Table 2: Main experimental results. Experiments are conducted with CheMM-R1 (3B) on all tasks on CheMM-
Bench, and compare with various SOTA reasoning and non-reasoning MLLMs. "SR" is Structure Recognition and
"SE" is Structure Elucidation. In MwQA, "w/o S" means without SMILES and "w S" means with SMILES.

both the generated SMILES structure and the final
answer must be accurate. This stricter criterion re-
veals a dramatic drop in performance. For example,
the accuracy of Gemini-2.5-pro plummets from
37.53% to 5.27%, while that of Gemini-2.5-Flash
drops from 22.31% to just 0.81%. This indicates
that existing MLLMs lack the multimodal chem-
ical knowledge for providing accurate compound
information. Proprietary models generally perform
better than open-source models in both with and
without reasoning settings. Gemma3-27B is the
best-performing open-source model with an over-
all accuracy of 0.17%.

Our CheMM-R1 outperforms all existing mod-
els on both structure recognition and structure
elucidation tasks, achieving an average accuracy
of 30.92%. Comparing with Gemini-2.5-Pro,
CheMM-R1’s performance is only worse on the
MwQA task when the evaluation considers just the
final answer. However, when applying a stricter
criterion that requires both the molecular structure
and the final answer to be correct, CheMM-R1’s
accuracy of 15.45% significantly surpasses Gemini-
2.5-Pro’s 5.27%. We hypothesise that current rea-
soning and non-reasoning MLLMs lack the spe-
cialised chemistry knowledge to recognise chemi-
cal structures from 2D annotations or to elucidate
compounds from experimental spectra.

Similarity results. To further evaluate perfor-
mance on textual chemical questions, we conduct a
similarity analysis for the structure recognition and
elucidation tasks. We calculate both the BLEU (Pa-

Model
SR SE

SmilesQA IupacQA SpectraQA
BLEU-1 LD-0.9 BLEU-1 LD-0.9 BLEU-1 LD-0.9

Reasoning
GPT-o3 0.27 4.26 1.86 9.65 0.59 3.90
Gemini-2.5-Pro 8.37 23.67 13.39 15.47 1.80 5.20
Claude-Sonnet-4 0.20 5.48 9.09 10.42 0.04 6.35
Grok-4 0.25 4.87 7.87 5.60 0.09 7.50
Gemini-2.5-Flash 0.18 6.09 15.03 21.04 0.04 3.15
GLM-4.1V-9B-Thinking 0.00 0.00 0.14 0.00 0.00 0.00
Kimi-VL-A3B 0.00 0.00 0.06 0.00 0.00 0.00
Non-Reasoning
GPT-4o 0.10 1.83 8.37 1.54 0.02 0.15
InternVL3-8B 0.00 0.00 2.24 0.00 0.00 0.00
InternVL3-38B 0.00 0.00 3.16 0.00 0.00 0.11
Gemma3-4B 0.00 0.00 4.42 0.55 0.00 0.00
Gemma3-27B 0.00 1.42 10.62 3.67 0.05 0.25
ChemVLM-8B 1.01 1.83 0.00 0.00 - -
Qwen-2.5-VL-3B 0.00 0.61 6.47 0.00 0.00 0.00
CheMM-R1 (Ours) 43.06 68.87 28.37 23.30 36.14 63.23

Table 3: Similarity results. Similarity comparison is
conducted with CheMM-R1 (3B) and various SOTA
reasoning and non-reasoning MLLMs on all four tasks
on CheMM-Bench. "BLEU-1" is uni-gram BLEU score.
"LD-0.9" is Levenshtein distance with 90% threshold.

pineni et al., 2002) score with uni-gram and the
Levenshtein distance (Levenshtein, 1966) with 0.9
threshold (LD-0.9) between the model-generated
answers and the ground truth. As shown in Table 3,
the trends in similarity largely mirror the accuracy
results. Gemini-2.5-Pro outperforms other exist-
ing models on both the SmilesQA and SpectraQA
tasks by a notable margin. Among the open-source
models, Gemma3-27B ranks as the top performer.
However, an interesting exception occurs on the Iu-
pacQA task, where the answer similarity of Gemini-
2.5-Flash surpasses that of Gemini-2.5-Pro on both
metrics. This suggests that while Gemini-2.5-Flash
can generate answers that are textually close to the
correct output, it struggles to translate this into a
correct understanding of the underlying chemical
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Method ACC F1 BLEU LD-0.9
Cold Start 28.72 44.62 28.60 49.90
Cold Start + GRPO 39.18 56.30 39.15 64.29
GRPO 1.23 2.43 1.23 14.37
CheMMGRPO 0.00 0.00 0.00 3.05
Cold Start + CheMMGRPO (Ours) 43.51 60.63 43.06 68.87

Table 4: Ablation study results with SmilesQA. Differ-
ent settings of model training has been implemented
and compared with CheMM-R1.

bonding and structure.
In terms of similarity performance, our CheMM-

R1 outperforms all existing models by a notable
margin. The performance gap is particularly evi-
dent when compared to other leading models. For
instance, against Gemini-2.5-Flash, CheMM-R1
achieves scores of 28.37% on BLEU-1 and 23.30%
on Levenshtein distance, surpassing Gemini-2.5-
Flash’s scores of 15.03% and 21.04%, respectively.
Although CheMM-R1 achieves state-of-the-art per-
formance among existing MLLMs, its overall ac-
curacy remains far from perfect. This performance
gap highlights the challenge that persists in en-
abling models to fully comprehend chemistry.

Tanimoto similarity While SMILES matching
and its similarity are our primary criterion to
evaluate precise reasoning, it can penalise mod-
els that generate chemically valid results with se-
quence variations. To provide a unbiased view,
we also evaluate the models using Tanimoto sim-
ilarity at a 1.0 threshold. Under this metric, mod-
els demonstrate a stronger grasp of structural con-
cepts. As shown in Table 5, in the SmilesQA task,
Gemini-2.5-Pro achieves a 44.52% Tanimoto score,
and our CheMM-R1 achieves 60.00%. For Spec-
traQA, CheMM-R1 achieves a 56.57% Tanimoto
score (Feldmann and Bajorath, 2022). This con-
firms that while current models struggle with the ex-
act precision required for chemistry tasks, CheMM-
R1 successfully learns and generates highly mean-
ingful chemical structures.

5.2 Ablation Study

We conduct an ablation study of CheMMGRPO on
the SmilesQA dataset to examine the effectiveness
of our multimodal chemical reasoning rewards and
the role of the cold start phase. As shown in Ta-
ble 4, our complete method, combining cold start
with CheMMGRPO, achieves the best performance
across all metrics. The ablation results first un-
derscore the necessity of the cold start phase for
imparting foundational knowledge. Without this
initial knowledge injection, both standard GRPO

Model SmilesQA SpectraQA
Tanimoto@1.0 Tanimoto@1.0

Reasoning

GPT-o3 17.50 7.85
Gemini-2.5-Pro 44.52 11.46
Claude-Sonnet-4 9.42 3.60
Grok-4 2.18 18.28
Gemini-2.5-flash 27.07 5.53
GLM-4.1V-9B-Thinking 0.00 0.00
Kimi-VL-A3B 0.00 0.00

Non-Reasoning

GPT-4o 2.54 0.26
InternVL3-8B 0.00 0.00
InternVL3-38B 0.00 0.07
Gemma3-4B 0.00 0.00
Gemma3-27B 0.00 0.07
ChemVLM-8B 31.99 -
Qwen-2.5-VL-3B 0.00 0.00

CheMM-R1 (Ours) 60.00 56.57

Table 5: Tanimoto similarity comparison @1.0 thresh-
old, across reasoning and non-reasoning MLLMs.

and CheMMGRPO completely fail, achieving near-
zero accuracy and F1 scores, since they are unable
to comprehend complex chemical compounds or
produce valid SMILES. Furthermore, the results
highlight the value of our domain-specific rewards.
When initialise with a cold start, CheMMGRPO
outperforms a standard GRPO model by 4.33% in
accuracy and 15.92% in LD-0.9 score. Our com-
plete method (CheMM-R1) demonstrates a clear
synergistic effect, more than doubling the accuracy
and achieving a 18.97% relative improvement in
LD-0.9 score comparing with the cold start alone.
This demonstrates that CheMMGRPO’s approach
of reinforcing chemical validity, structural accu-
racy, format compliance, and factual correctness,
combined with cold start, effectively improves for
complex multimodal chemistry reasoning tasks.

6 Conclusion

We introduce CheMM-Bench, a multimodal rea-
soning benchmark for evaluating MLLMs on chem-
istry structure recognition and elucidation. Unlike
existing datasets limited to single molecular im-
ages, CheMM-Bench incorporates multiple spec-
tral images, enabling broader chemistry knowledge
assessment. We further introduce CheMMGRPO,
a domain-specific reinforcement learning method
that guides models toward chemically valid and ac-
curate responses and CheMM-R1, a MLLM trained
with CheMMGRPO, establishes new SOTA perfor-
mance on all CheMM-Bench tasks.
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Limitations

In this study, due to computational constraints,
CheMM-R1 is limited to 3 billion parameters,
which hindered its performance on complex reason-
ing tasks. Similarly, we are unable to adopt a Mix-
ture of Experts model, imposing an additional lim-
itation on the model’s reasoning capacity. We en-
courage future research to employ larger MLLMs
or incorporate Mixture of Experts architectures to
further strengthen reasoning capabilities.
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All experiments strictly adhere to the Code of
Ethics. The original data are public available from
previous research (Alberts et al., 2024b). We en-
sure that our data collection and analysis processes
align with ethical guidelines and data copyright
regulations.
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Task Text Instance Image
InstanceNumber Avg Length

SR
SmilesQA 6,000 3,739.49 6,000
IupacQA 10,250 5,095.34 10,250
MwQA 10,250 3,983.93 10,250

SE SpectraQA 22,000 13,441.04 110,000

Table 6: The number of text and image instances and
the average length of the text instances for each dataset.

A Overall Data Statistics

Table 6 provides an overview of the text and im-
age instance counts for the structure recognition
and structure elucidation tasks, along with the cor-
responding average length of text instances. The
SmilesQA dataset for structure recognition com-
prises 6,000 text instances, whereas the IupacQA
and MwQA datasets each consist of 10,250 text
instances. The average text length ranges from
approximately 3,700 to 5,100 tokens, with image
instances aligned in a one-to-one correspondence
with the text. In contrast, the structure elucidation
task comprises 22,000 text instances, each associ-
ated with five image instances, resulting in a total
of 110,000 images. The average text length in
structure elucidation is significantly longer, at ap-
proximately 13,400 tokens, highlighting both the
complexity of spectral data and the detailed infor-
mation required for elucidation.

B Functional Group Analysis

We employ RDKit’s (online, 2024b) SMARTS (on-
line, 2024a) pattern matching to analyse the num-
ber of functional groups within molecular struc-
tures, counting each specific group only once per
molecule. The same procedure is used when cal-
culating the functional group reward in CheM-
MGRPO, where functional groups is extracted
directly from the molecular structures. Table 7
lists the SMARTS patterns employed in this work,
which are derived from previous research (Jung
et al., 2023).

C CheMMGRPO Algorithm

We present a CheMMGRPO algorithm, as shown
in Algorithm 1, tailored for chemistry-related tasks,
particularly IUPAC naming, SMILES generation,
and molecular property prediction. The algorithm
operates by sampling multiple responses from the
current policy for each input query, creating a group
of candidate solutions with configurable group size

G. Each response is evaluated using five distinct
reward functions with specific scoring mechanisms.
The answer accuracy function, weighted at 4.0,
employs task-specific evaluation: for IUPAC and
SMILES tasks, exact matches receive a score of
1.0 while partial matches use fuzzy string matching
with Levenshtein Distance to assign scores between
0 and 1 based on string similarity; for molecular
weight predictions, answers within ±0.05 of the
ground truth receive 1.0 and others receive 0.0.
The SMILES validity function, weighted at 1.0,
validates the syntactic correctness of generated
SMILES strings using RDKit’s (online, 2024b)
molecular parser, assigning 1.0 for valid structures
with at least one atom and 0.0 otherwise. The atom
count matching function, weighted at 1.0, parses
both student and ground truth SMILES strings to
count specific atoms including carbon, oxygen, ni-
trogen, sulfur, phosphorus, silicon, boron, and halo-
gens, awarding 1.0 for exact count matching across
all atom types and 0.0 otherwise. The functional
group correctness function, weighted at 1.0, identi-
fies functional groups in both student and reference
SMILES using pattern matching, then computes
the percentage of correctly identified groups as
the ratio of intersection size to ground truth group
count. The format compliance function, weighted
at 3.0, validates that responses follow the required
structure with <think>, <smiles>, and <answer>
tags in the correct order, assigning 1.0 for proper
format and 0.0 otherwise. The weighted rewards
are combined and adjusted with a KL divergence
penalty term to prevent the policy from deviat-
ing too far from a reference model. Unlike tradi-
tional reinforcement learning methods that rely on
value networks, CheMMGRPO computes advan-
tages by comparing each response’s reward against
the group’s mean reward, normalised by the group’s
standard deviation. This group-relative advantage
estimation eliminates the need for a separate critic
network while providing stable gradient estimates.
The policy is then updated using policy gradient
methods, where responses with above-average re-
wards are reinforced and below-average responses
are penalised. This approach is particularly effec-
tive for chemistry tasks where multiple valid so-
lutions may exist and relative quality assessment
within a group provides more robust learning sig-
nals than absolute reward values.
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Functional Group SMARTS Pattern
Acid anhydride [CX3](=[OX1])[OX2][CX3](=[OX1])
Acyl halide [CX3](=[OX1])[F,Cl,Br,I]
Alcohol [#6][OX2H]
Aldehyde [CX3H1](=O)[#6,H]
Alkane [CX4;H3,H2]
Alkene [CX3]=[CX3]
Alkyne [CX2]#[CX2]
Amide [NX3][CX3](=[OX1])[#6]
Amine [NX3;H2,H1,H0;!$(NC=O)]
Arene [cX3]1[cX3][cX3][cX3][cX3][cX3]1
Azo compound [#6][NX2]=[NX2][#6]
Carbamate [NX3][CX3](=[OX1])[OX2H0]
Carboxylic acid [CX3](=O)[OX2H]
Enamine [NX3][CX3]=[CX3]
Enol [OX2H][#6X3]=[#6]
Ester [#6][CX3](=O)[OX2H0][#6]
Ether [OD2]([#6])[#6]
Haloalkane [#6][F,Cl,Br,I]
Hydrazine [NX3][NX3]
Hydrazone [NX3][NX2]=[#6]
Imide [CX3](=[OX1])[NX3][CX3](=[OX1])
Imine $(([CX3]([#6])[#6]),$([CX3H][#6]))]=[$(([NX2][#6]),$([NX2H]))]
Isocyanate [NX2]=[C]=[O]
Isothiocyanate [NX2]=[C]=[S]
Ketone [#6][CX3](=O)[#6]
Nitrile [NX1]#[CX2]
Phenol [OX2H][cX3]:[c]
Phosphine [PX3]
Sulfide [#16X2H0]
Sulfonamide [#16X4]([NX3])(=[OX1])(=[OX1])[#6]
Sulfonate [#16X4](=[OX1])(=[OX1])([#6])[OX2H0]
Sulfone [#16X4](=[OX1])(=[OX1])([#6])[#6]
Sulfonic acid [#16X4](=[OX1])(=[OX1])([#6])[OX2H]
Sulfoxide [#16X3]=[OX1]
Thial [CX3H1](=S)[#6,H]
Thioamide [NX3][CX3]=[SX1]
Thiol [#16X2H]

Table 7: SMARTS pattern for functional group analysis.
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Algorithm 1 CheMM GRPO (Group Relative Policy Optimisation)

Require: Policy model πθ, reference model πref, dataset D
Require: Reward weights: wacc = 4.0, wsmiles = 1.0, watom = 1.0, wfunc = 1.0, wfmt = 3.0
Require: Group size G, learning rate α, KL penalty coefficient β
Ensure: Optimized policy πθ

1: Initialize policy parameters θ from pre-trained model
2: for each training iteration do
3: for each query q ∈ D do
4: // Sample multiple responses per query
5: for i = 1 to G do
6: Sample response yi ∼ πθ(·|q)
7: Compute log probability log πθ(yi|q)
8: Compute reference log probability log πref(yi|q)
9: end for

10: // Calculate individual reward components
11: for i = 1 to G do
12: r

(i)
acc ← AnswerScore(yi, ground truth) ▷ Exact/fuzzy match

13: r
(i)
smiles ← SmilesScore(yi) ▷ SMILES validity

14: r
(i)
atom ← AtomCountScore(yi, ground truth) ▷ Atom count match

15: r
(i)
func ← FuncGroupScore(yi, ground truth) ▷ Functional groups

16: r
(i)
fmt ← FormatScore(yi) ▷ Format correctness

17: end for
18: // Compute weighted total rewards
19: for i = 1 to G do
20: r(i) ← wacc · r(i)acc + wsmiles · r(i)smiles + watom · r(i)atom

21: +wfunc · r(i)func + wfmt · r(i)fmt
22: KL(i) ← log πθ(yi|q)− log πref(yi|q) ▷ KL divergence
23: r

(i)
total ← r(i) − β · KL(i) ▷ KL-penalised reward

24: end for
25: // Calculate group statistics
26: r̄ ← 1

G

∑G
i=1 r

(i)
total ▷ Mean reward

27: σr ←
√

1
G

∑G
i=1(r

(i)
total − r̄)2 ▷ Std deviation

28: // Compute normalised advantages
29: for i = 1 to G do
30: A(i) ← r

(i)
total−r̄
σr+ϵ ▷ Normalised advantage

31: end for
32: // Compute policy gradient
33: ∇θJ ← 1

G

∑G
i=1A

(i) · ∇θ log πθ(yi|q)
34: // Update policy parameters
35: θ ← θ + α · ∇θJ
36: end for
37: end for
38: return Optimised policy πθ

26916



Figure 4: Pipeline overview of training CheMM-R1.

D CheMM-R1 Pipeline Overview

We present the training pipeline of CheMM-R1
in Figure 4. The pipeline begins with the col-
lection of CheMM-Bench, where we extract rea-
soning paths from Gemini-2.5-Pro using Chain-of-
Thought prompts with seed question-answer pairs.
The collected data is used for cold-start supervised
fine-tuning based on the Qwen-2.5-VL-3B model.
During cold start, the model learns fundamental
chemistry knowledge and critical thinking steps
leading to the final answer. After supervised fine-
tuning, the model is trained with CheMMGRPO,
which employs five reward functions to assess
chemical validity, structural accuracy, format com-
pliance, and factual correctness. CheMMGRPO
further improves CheMM-R1’s performance by op-
timizing the model toward generating chemically
sound and accurate responses.

E Prompts

We present example prompts for all tasks in
CheMM-Bench in Figures 5–8. Each example in-
stance contains three main sections. The first sec-
tion comprises the original question-image pairs,
including molecular structure images for structure
recognition tasks and spectral images for struc-
ture elucidation tasks. The second section contains
task-specific Chain-of-Thought prompts designed
to guide reasoning path generation. These prompts,
along with the question, image, and answer, are

sent to Gemini-2.5-Pro for reasoning path genera-
tion. The third section presents the generated rea-
soning steps and final answer from Gemini-2.5-Pro.
All generations are saved in a JSON file, with cor-
responding SMILES annotations formatted using
<think>, <smiles>, and <answer> tags.
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Figure 5: Chain-of-Though prompt and reasoning path of SmilesQA.
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Figure 6: Chain-of-Though prompt and reasoning path of IupacQA.
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Figure 7: Chain-of-Though prompt and reasoning path of MwQA.
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Figure 8: Chain-of-Though prompt and reasoning path of SpectraQA.
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