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Abstract

Large Language Models (LLMs) are trans-
forming chemical research by enabling spe-
cialized reasoning models and tool-augmented
agents. Yet existing benchmarks typically
evaluate reasoning or tool invocation in isola-
tion, overlooking the dynamic interaction be-
tween internal deliberation and external execu-
tion. We present ChemEval2, a multimodal
benchmark for tool-augmented chemical rea-
soning, containing 2,410 samples spanning
fundamental principles, spectroscopic analy-
sis, and complex reaction understanding. Built
from professional textbooks and experimental
data through automated generation and rigor-
ous human annotation, ChemEval2 introduces
a ftool-augmented Chain-of-Thought evalua-
tion framework that embeds tool-use check-
points at stages where unaided language rea-
soning becomes unreliable. This design evalu-
ates whether models can identify information
gaps, invoke appropriate tools, and integrate
tool outputs into reasoning trajectories. Across
diverse text and multimodal models, we ob-
serve a process—outcome inconsistency: mod-
els can satisfy intermediate reasoning steps or
execute useful tool calls yet still fail at final syn-
thesis. These results provide evidence that co-
ordinating computational tool use with down-
stream chemical reasoning remains a substan-
tial challenge. We open-source ChemEval2
and an MCP-based suite of specialized chem-
ical tools for reproducible’.

1 Introduction

Large Language Models (LLMs) are reshaping sci-
entific discovery by enabling both long-chain rea-
soning and tool-augmented problem solving (Hu
et al., 2025; Achiam et al., 2023; Zhang et al.,
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2025b; Boiko et al., 2023; Yang et al., 2025b). Re-
cent reasoning-centric models, such as OpenAl-
ol (Jaech et al., 2024) and DeepSeek-R1 (Guo
et al., 2025), have demonstrated the potential of re-
inforcement learning to internalize complex delib-
eration. In chemistry, models such as ChemDFM-
R (Zhao et al., 2025b) and RETRO-R1 (Liu et al.)
further improve chemical understanding by explic-
itly modeling reaction principles and mechanis-
tic logic (Narayanan et al., 2025; Zhang et al.,
2025a; Ferrag et al., 2025). Meanwhile, agentic
frameworks such as ChemCrow (M. Bran et al.,
2024), SciToolAgent (Ding et al., 2025), and
CheMatAgent (Wu et al., 2025) extend LLMs be-
yond static knowledge by integrating specialized
chemical tools for analytical calculation and multi-
step planning (Ramos et al., 2025; Kim et al., 2025;
Yu et al., 2025; Li et al., 2025¢). These advances
suggest that next-generation chemical Al will in-
creasingly depend on the coordinated interaction
between internal reasoning and external tool use.

To evaluate the specialized capabilities of chem-
ical LLMs, several benchmarks have recently been
proposed. ChemCoIBench (Li et al., 2025a),
oMeBench (Xu et al., 2025), and SuperChem
(Zhao et al., 2025a) focus on reasoning trajectories
and logical consistency, while SciToolBench (Ma
etal., 2024) and ChemToolBench (Wu et al., 2025)
evaluate tool orchestration through annotated tool
invocation chains. However, most existing bench-
marks still assess reasoning and tool use in iso-
lation. They therefore fail to capture the closed-
loop interaction required by future chemical agents,
where tool outputs provide feedback for refining
intermediate reasoning, and clearer reasoning en-
ables more precise tool selection and execution
(Weietal., 2026; Chai et al., 2025). As aresult, cur-
rent evaluations remain insufficient for measuring
whether models can reliably and adaptively switch
between internal deliberation and external execu-
tion in complex chemical problem solving.
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To address this gap, we introduce ChemEval2,
a diagnostic benchmark for tool-augmented chem-
ical reasoning. ChemEval2 contains 2,410 high-
quality instances across three dimensions: Knowl-
edge Reasoning, Reaction Reasoning, and Tool-
Integrated Reasoning. Its key design is a tool-
augmented Chain-of-Thought (CoT) checkpoint
mechanism, which evaluates not only final answers
but also critical intermediate reasoning steps and
tool-use decisions. By inserting tool checkpoints
at stages where heuristic language reasoning be-
comes unreliable, ChemEval2 examines whether
models can recognize their cognitive boundaries,
invoke chemical tools, and integrate tool outputs
back into the reasoning process. The benchmark
also incorporates multimodal scenarios involving
spectra and molecular structures, enabling fine-
grained diagnosis of agentic chemical intelligence.
These three dimensions form a progressive hierar-
chy: knowledge reasoning and reaction reasoning
evaluate the foundational capabilities required for
tool-integrated reasoning, while TIR serves as the
central diagnostic target of ChemEval2.

Empirically, our evaluation reveals a pro-
nounced reasoning—tool gap. Although current
models possess substantial chemical knowledge,
they often struggle to identify when tool assistance
is necessary and to maintain consistency between
tool outputs and long-chain reasoning. We further
observe a process—outcome inconsistency: mod-
els may satisfy intermediate checkpoints but fail
to reach correct final answers, especially in com-
plex multimodal settings. These results provide
evidence that coordinating computational tool use
with downstream chemical reasoning remains a
substantial challenge.

The main contributions of this work are:

* A diagnostic benchmark for tool-augmented
chemical reasoning. We introduce ChemEval2,
containing 2,410 high-quality instances across
knowledge reasoning, reaction reasoning, and
tool-integrated reasoning, advancing evaluation
beyond static chemical question answering.

* A checkpoint-based evaluation mechanism.
We propose tool-augmented CoTl checkpoints
to assess whether models can identify reason-
ing bottlenecks, strategically invoke specialized
tools, and integrate tool outputs into intermedi-
ate reasoning and final answers.

* Standardized tools and fine-grained failure

analysis. We release an MCP-based suite of
high-frequency chemical tools and provide a sys-
tematic diagnosis of current LLMs, revealing
key limitations in multi-step reaction reasoning
and tool-assisted reasoning.

2 Related Work

2.1 Large Language Models in Chemistry

Large language models (LLMs) have shown strong
potential in scientific research (Chang et al., 2024;
Zhang et al., 2026; Zhao et al., 2023). General-
purpose models such as GPT-4o0 (Hurst et al., 2024)
and Qwen (Yang et al., 2025a) demonstrate broad
scientific capabilities but still face challenges in
chemically constrained reasoning. To address this
issue, domain-specific models such as ChemDFM
(Zhao et al., 2024), LlaSMol (Yu et al., 2024),
and ChemLLM (Zhang et al., 2024b) incorpo-
rate chemical structures and molecular knowledge
to improve specialized understanding (Li et al.,
2025b; Zhang et al., 2024a; Taylor et al., 2022).
More recently, reasoning-oriented models such as
ChemDFM-R (Zhao et al., 2025b) and RETRO-R1
(Liu et al.) further improve reaction prediction and
synthesis planning through explicit long-chain rea-
soning (Narayanan et al., 2025; Zhang et al., 2025a;
Ferrag et al., 2025). However, parametric knowl-
edge alone remains insufficient for complex scien-
tific decision making, motivating the development
of tool-augmented chemical agents.

2.2 Chemical Agents and Tool Integration

Tool-augmented agents extend chemical LLMs by
coupling model reasoning with external tools and
computational environments (Ramos et al., 2025;
Kim et al., 2025; Yu et al., 2025). Representative
systems include ChemCrow (M. Bran et al., 2024),
SciToolAgent (Ding et al., 2025), RETRO-R1 (Liu
et al.), and CheMatAgent (Wu et al., 2025). These
studies show that tool integration can mitigate hal-
lucinations and expand the capability boundaries
of LLMs (Tang et al., 2025; Li et al., 2025¢). How-
ever, existing evaluations focus on final perfor-
mance or tool invocation accuracy, with limited di-
agnosis of how tools interact with reasoning.

2.3 Evaluation of LLMs in Chemistry

Evaluation benchmarks are essential for measur-
ing LLM progress. In chemistry, benchmarks such
as ChemLLMbench (Guo et al., 2023), ChemEval
(Huang et al., 2025), ChemBench (Mirza et al.,
2025), and MaCBench (Alampara et al., 2025)
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Table 1: Comparison between ChemEval2 and existing
chemical LLM benchmarks.

Benchmark TIR

ChemLLMbench v
ChemBench v
MaCBench v
ChemCoTBench v
oMeBench v
SuperChem v
v
v
v
v

QA Reasoning Tools

SciToolBench
ChemToolBench
ChemEval

ChemEval2 (Ours)

N X X X NSNS X X X
N X NN X X X X X X
N[ X X X X X X X X X

evaluate chemical knowledge and multimodal un-
derstanding, while ChemCoIBench (Li et al.,
2025a), oMeBench (Xu et al.,, 2025), and Su-
perChem (Zhao et al., 2025a) focus on reasoning
trajectories. Other benchmarks, including SciTool-
Bench (Ma et al., 2024) and ChemToolBench (Wu
et al., 2025), evaluate tool orchestration. Table 1
summarizes the capability coverage of ChemEval2
and representative existing chemical LLM bench-
marks. However, existing benchmarks largely as-
sess reasoning and tool use separately, leaving
tool-integrated chemical reasoning underexplored.
Building upon ChemEval, ChemEval2 addresses
this gap through a unified diagnostic framework
spanning knowledge reasoning, reaction reasoning,
and tool-integrated reasoning (TIR). An expanded
comparison with existing chemical reasoning and
tool-use benchmarks is provided in Appendix D.

3 ChemkEval2

ChemEval2 is designed to evaluate tool-
augmented chemical reasoning, where models
must coordinate internal reasoning with external
tool use. Different from conventional benchmarks
that focus on final-answer correctness or isolated
tool invocation, ChemEval2 examines whether
models can identify reasoning boundaries, invoke
appropriate chemical tools, and integrate tool
outputs into multi-step scientific reasoning.

As shown in Figure 1, ChemEval2 contains
2,410 high-quality samples reconstructed from
professional textbooks and authentic experimen-
tal records. The benchmark spans inorganic, or-
ganic, physical, analytical, and experimental chem-
istry, and covers three task dimensions: Knowl-
edge Reasoning, Reaction Reasoning, and Tool-
Integrated Reasoning. It also includes multi-
modal inputs such as spectra, molecular structures,

charts, and experimental diagrams, reflecting prac-
tical chemical problem-solving scenarios.

3.1 Task Design

Knowledge Reasoning evaluates models’ under-
standing of core fundamental chemical concepts
and their ability to perform quantitative scientific
inference from textual, symbolic, structural, and
visual information. The task includes multiple-
choice, fill-in-the-blank, computational, short-
answer, and chart-analysis questions.

Reaction Reasoning focuses on dynamic chem-
ical process understanding, including product pre-
diction, condition recommendation, mechanistic
analysis, and retrosynthetic feasibility assessment.
Models are required to reason over reactants, prod-
ucts, catalysts, solvents, conditions, and plausible
multi-step reaction pathways with transformations.

Tool-Integrated Reasoning evaluates whether
models can strategically use external tools when
internal reasoning becomes unreliable, such as
in molecular property calculation, formula analy-
sis, spectral interpretation, and reaction prediction.
This task measures not only answer correctness,
but also the ability to identify information gaps, ex-
ecute appropriate tool calls, and incorporate tool
outputs into coherent reasoning. Each ChemEval2
instance is represented by a structured schema con-
sisting of a question, optional visual context, fi-
nal answer, expert-annotated checkpoints, and tool
traces. The formal instance schema and annotation
protocol are provided in Appendix A.

3.2 Evaluation Methodology

ChemEval2 adopts a checkpoint-based evaluation
framework to assess intermediate reasoning and
final-answer correctness. For each problem, expert
annotators define a set of weighted checkpoints:

C: {01,02,...,0]\[},

where each checkpoint represents a key reason-
ing step or final conclusion. These checkpoints
capture the key chemical information required to
reach the correct conclusion rather than prescrib-
ing a unique or complete reasoning path. Simi-
larly, expert-annotated tool traces represent refer-
ence opportunities for tool use rather than manda-
tory solution trajectories. An LLM-based evalu-
ator compares model predictions with reference
checkpoint semantics, while model-generated tool
calls are independently matched against the refer-
ence tool nodes.
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Figure 1: Overview of ChemEval2. The benchmark integrates three progressive reasoning dimensions with
checkpoint-based evaluation for diagnosing chemical reasoning, multimodal understanding, and strategic tool use.

Overall Accuracy (OA) measures the weighted
proportion of checkpoints reached by the model:

> e Si Wi

OA =
ZCiEC w7’

For tool-integrated tasks, a checkpoint is satisfied
if the model either matches the required reasoning
semantics or correctly executes the corresponding
tool call. We define:

a; = Matchge,, (tia Tz)a by = MatChtool(mia Mz)a

Si:H(aizl\/bizl),

where ¢; and m; denote the model-generated rea-
soning and tool call, T; and M; denote the expert-
annotated reference semantics and tool instruction,
and a; and b; indicate semantic and tool-call match-
ing results, respectively. This path-agnostic design
allows semantically equivalent reasoning paths to
receive credit and does not penalize models that
correctly solve a tool-annotated problem through
valid internal reasoning without reproducing the
reference tool trace.

Final-Answer Accuracy (FA) evaluates
whether the final conclusion is consistent with the
ground truth. Let Cpy € C denote the subset of
final-answer checkpoints:

Zciecﬁna] Si Wi

FA=
ZCiecﬁnal Wi

For TIR tasks, OA and FA characterize task-
level reasoning progress and final success, includ-
ing whether tool-derived information is correctly

incorporated into downstream reasoning when ap-
plicable. Standalone foundational reasoning is pri-
marily assessed through the Knowledge Reasoning
and Reaction Reasoning dimensions, whereas TIR
focuses on reasoning in interaction with external
tools.

To further diagnose tool-use behavior, we re-
port two complementary metrics: Tool Call Pre-
cision (TCP) and Tool Call Recall (TCR). TCP
measures the proportion of model-generated tool
calls that align with expert-annotated reference
tool nodes, while TCR measures the weighted pro-
portion of reference tool opportunities covered by
the model. We define:

rj = 1[3e; € Cioo1-Match(m, ¢;)]
q; = [[Match(¢;)] .

ij € Mprea Zci E€Ci00 11V
5 .
| Mpred | Zci S Clonl wi

Here, Mpeq denotes the set of model-generated
tool calls, Cyo01 denotes the set of expert-annotated
tool-use checkpoints, 7; indicates whether a pre-
dicted tool call matches any required valid check-
point, and ¢; indicates whether a required check-
point is successfully covered. All evaluations are
conducted under a standardized prompt setting and
consistent review protocol. The full inference and
automated evaluation prompts are provided in Ap-
pendix G to support fair, transparent, reproducible,
and auditable evaluation.

3.3 Benchmark Construction Pipeline

The construction pipeline of ChemEval2 consists
of four stages, as shown in Figure 2. First, we
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Figure 2: Construction pipeline of ChemEval2. The process includes data collection and reconstruction, data
filtering, tool-integrated instance construction, and three-tier quality assurance.

collect raw QA pairs from multiple sources. In
addition to newly collected materials from ap-
proximately 600 chemistry textbooks and nearly
9,000 authentic experimental records from collab-
orative laboratories, we reuse a subset of tasks
from ChemEval, including objective and subjec-
tive question answering, retrosynthesis analysis,
reaction condition recommendation, and reaction
outcome prediction. These samples serve only as
raw QA pairs and are further reconstructed and
annotated under the reasoning-chain and tool-use
criteria of ChemEval2. To reduce data leakage,
expert annotators perform semantic rewriting and
structural reconstruction while preserving the un-
derlying scientific logic.

Second, reconstructed samples are filtered
through rigorous manual review and rule-based
screening. This step removes semantically redun-
dant items, ambiguous questions, samples without
scientifically unique answers under reasonable sci-
entific assumptions, and outdated content based on
obsolete theories or revised experimental facts.

Third, experts construct tool-integrated reason-
ing instances through a human-in-the-loop process.
Initial reasoning paths are generated and then re-
vised by chemistry experts into gold-standard rea-
soning chains with logical checkpoints and scoring
weights. For nodes where internal reasoning is in-
sufficient or unreliable, experts annotate standard-
ized tool-use instructions and verify them through
both automated and manual checks.

Finally, ChemEval2 adopts a three-tier quality
control protocol. Undergraduate annotators con-
duct initial checkpoint inspection, answer verifica-

tion, and format correction. Graduate-level review-
ers verify scientific consistency and solution cor-
rectness. Faculty experts perform final audits on
high-difficulty samples and overall dataset quality.

3.4 Data Statistics

ChemEval2 contains 2,410 samples, including 897
Knowledge Reasoning samples, 541 Reaction Rea-
soning samples, and 972 Tool-Integrated Reason-
ing samples. The dataset is designed with a clear
difficulty gradient, with samples categorized into
middle-school, high-school, and undergraduate or
research-level standards. To challenge current
models, undergraduate and research-level samples
constitute 54.2% of the dataset.

The benchmark also exhibits substantial multi-
modal and chemical diversity. Multimodal sam-
ples include charts, spectra, molecular structures,
and experimental diagrams, with some highly com-
plex cases containing up to 12 images. The
reaction-related samples cover a broad range of
structural transformations, from fundamental re-
actions to complex coupling and cyclization pro-
cesses. We further use the Synthetic Accessibil-
ity score to quantify molecular complexity, reveal-
ing a long-tail distribution with scores reaching
9.0. These statistics indicate that ChemEval2 cov-
ers both basic chemical reasoning and challenging
realistic scenarios involving complex molecules,
multimodal evidence, and tool-augmented reason-
ing. Details are provided in Appendix B.
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Table 2: Performance overview of text tasks on ChemEval2.

Model Knowledge Reaction Tool-Integrated Overall
OA FA OA FA OA FA TCP TCR OA FA
Closed-source Models
Claude Opus 4.5 81.59£0.42 77.984+0.55 74.52+0.61 64.16+£0.82 77.20£0.48 74.2240.73 15.96+0.68 8.14+0.47 77.78+0.39 72.601+0.51
Gemini 3 Pro 77.9440.35 77.32£0.41 74.47£0.38 67.05+0.59 80.65+0.32 79.19+£0.45 21.53+0.75 9.22+0.49 78.16+£0.28 75.32+0.36
GPT-5.2 74.7440.62 65.96+£0.75 73.69+0.58 56.65+0.91 69.56+0.66 67.59+0.82 54.71+1.46 526+0.35 72.23+£0.45 64.12+0.68
o4-mini 72.0940.58 65.30£0.81 62.75+£0.72 52.314+1.05 57.13£0.95 65.50£0.88 20.45+0.71 0.51£0.12 63.13£0.61 61.85+0.74

Open-source Models

Qwen3-235B-A22B  70.8940.51 71.88+0.63 70.52+0.55 58.6740.89

Qwen3-8B 64.74£0.75 66.584+0.82 51.18+1.12 51.45+£1.05
InternLM2.5-7b-chat 34.21+1.25 33.78+1.18 28.78+1.35 32.37+£1.42
InternLM2-chat-7b ~ 19.7940.95 16.80£0.88 20.58+1.02 23.70%1.15
LLaMA-3.1-8B 25.8640.85 23.25£0.92 27.96+1.10 32.95+1.25
LLaMA-3-8B 14.334+0.78 23.08+£0.85 13.31+0.95 18.794+1.05
DeepSeek-R1 79.184+0.38 78.38+£0.45 69.09+0.52 61.5610.78

DeepSeek-V3.2 84.331+0.31 83.42+0.39 75.03+0.42 69.651+0.55

69.591+0.71 66.3940.85
56.494+0.92 57.094+0.98 0.00£0.00
8.9610.85
4.8240.55
0.00£0.00
0.00£0.00
74.961+0.42 72.1040.65
70.91+0.48 69.714+0.58 12.76£0.61 17.08+0.74 76.0440.32 73.79+0.41

7.14+0.41 0.234+0.08 70.2310.48 65.93£0.62
0.00£0.00 57.51+0.68 58.3940.77
0.00£0.00  0.00+0.00 21.89+0.95 23.3240.88
28.31£1.04 3.51+£0.31 13.584+0.72 13.60+0.68
0.00£0.00  0.00+0.00 15.33+0.65 15.9240.71
0.00£0.00 0.00+0.00 7.904+0.55 12.0140.62
3.394+0.28 3.564+0.30 74.6240.35 71.10£0.48

10.31+0.91
4.97+0.61

0.00-£0.00
0.0010.00

Specialized Models

Intern-S1-mini

66.96+£0.65 67.374+0.72 55.324+0.85 53.76+£0.92 50.2440.78 53.0440.81 30.65+1.09 4.524+0.34 56.61+0.55 57.5140.68

ChemVLM 32.7741.15 29.89£1.22 29.80+1.05 32.374+1.35 8.34+0.62 11.05£0.75 36.69+1.28 9.284+0.52 21.48+0.85 22.48+0.92
ChemLLM 8.844+0.45 14.064+0.68 9.41+0.55 14.74+0.72 3.354£0.32 8.10+£0.51 0.00+0.00 0.004+0.00 6.64£0.38 11.69£0.55
ChemDFM-v1.5 8.434+0.42 10.3440.58 13.28+0.65 17.34+£0.85 5.99£0.45 11.794£0.62 0.00+0.00 0.004+0.00 8.70+£0.48 12.87+0.52

4 [Experiments

We use ChemEval2 to evaluate LLMs across chem-
ical reasoning and tool integration. We first intro-
duce the experimental setup, then analyze model
performance on knowledge, reaction, and tool-
integrated reasoning, followed by comparisons be-
tween specialized and general models.

4.1 Setup

We evaluate a diverse set of mainstream LLMs
covering different training paradigms, openness
levels, and modality -capabilities, including
GPT-5.2 (Singh et al., 2025), o4-mini (OpenAl,
2025), Gemini 3 Pro (Google, 2025), Claude
Opus 4.5 (Anthropic, 2025), LLaMA-3.1-
8B (Grattafiori et al.,, 2024), DeepSeek-V3.2
(Liu et al., 2025), DeepSeek-R1 (Guo et al.,
2025), Qwen3-235B-A22B (Yang et al., 2025a),
Qwen3-VL-235B-A22B, ChemLLM (Zhang
et al.,, 2024b), ChemVLM (Li et al., 2025b),
ChemDFM-v1.5 (Zhao et al.,, 2025c¢), and
Intern-S1-mini (Bai et al., 2025). For compar-
ison, we also evaluate the corresponding base
models: InternLM2-chat-7B (Cai et al., 2024),
InternLLM2.5-7b-chat, LLaMA-3-8B, and
Qwen3-8B. Detailed model descriptions, deploy-
ment settings, decoding parameters, and evaluator
configurations are provided in Appendix C.

4.2 Main Results

Tables 2 and 3 summarize model performance
on text-only and multimodal tasks in ChemEval2.

Overall, we observe a clear and consistent perfor-
mance stratification across model families. Fron-
tier proprietary models consistently outperform
open-source and chemistry-specialized models, es-
pecially on tasks requiring multi-step reasoning
and multimodal interpretation. =~ Among them,
Gemini 3 Pro, Claude Opus 4.5, and GPT-5.2
achieve the strongest overall robust performance.

A major finding is that reaction reasoning is sub-
stantially more challenging than knowledge reason-
ing. Nearly all models show a clear performance
drop on reaction tasks, and this gap becomes
more pronounced in multimodal settings involving
molecular structures, reaction schemes, spectra, or
experimental apparatus. This suggests that reac-
tion reasoning requires models to go beyond fac-
tual recall and reason over functional groups, reac-
tion centers, electronic effects, and bond transfor-
mations under specific chemical conditions.

We also observe a consistent gap between OA
and FA. In many cases, models correctly satisfy
several intermediate checkpoints but fail to in-
tegrate them into a correct final answer. This
process—outcome inconsistency indicates that cur-
rent LLMs can often recognize local reasoning
steps but remain weak at maintaining global log-
ical coherence and propagating constraints across
long reasoning chains. The phenomenon is espe-
cially evident in complex multimodal tasks, where
visual interpretation, chemical reasoning, and an-
swer synthesis must be jointly coordinated.

These results show that ChemEval2 does not
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Figure 3: Comparison of performance between chem-
istry models and their base models on text tasks.

merely test chemical knowledge memorization. In-
stead, it exposes the model’s ability to maintain co-
herent reasoning across intermediate checkpoints,
multimodal evidence, and tool-assisted steps.

4.3 Specialized Models vs. Base Models

To examine whether domain-adaptive training im-
proves chemical reasoning, we compare chemistry-
specialized models with their corresponding base
models. As shown in Figure 3, domain specializa-
tion generally improves knowledge-oriented per-
formance, especially on factual tasks, suggesting
that domain-specific training helps models better
recognize chemical terminology, molecular repre-
sentations, and basic concepts.

However, this advantage does not consistently
transfer to complex reasoning tasks. In reaction
reasoning, chemistry-specialized models often pro-
duce chemically plausible intermediate statements
and avoid basic errors such as invalid valence as-
signments or non-existent molecular formulas, but
their performance still lags behind frontier general-
purpose models. This suggests that reaction-level
reasoning depends not only on domain knowledge,
but also on general reasoning ability, instruction
following, and long-context integration.

The limitation is more evident in tool-integrated
reasoning. Chemistry-specialized models show no
consistent advantage over their base models and
may even degrade in some settings. Since tool use
requires identifying when assistance is needed, se-
lecting tools, generating valid parameters, and inte-
grating returned results, domain fine-tuning alone
is insufficient to solve the orchestration problem re-
quired for tool-augmented chemical reasoning.

4.4 Tool-Integrated Reasoning Analysis

Tool-integrated reasoning is the central diagnostic
dimension of ChemEval2. Figures 4 and 5 show

that effective tool use remains a major weakness
across current LLMs. Most models achieve low
tool-call scores, particularly in tasks requiring au-
tonomous planning, precise API parameter genera-
tion, and multi-step tool execution. This indicates
that current models still struggle to translate inter-
nal reasoning needs into executable tool actions.

Nevertheless, successful tool use can substan-
tially improve final-answer correctness. In cases
where models correctly invoke tools and obtain
valid outputs, FA is generally higher than in cases
without effective tool use. This demonstrates the
value of external tools for correcting uncertain
parametric knowledge, supporting precise compu-
tation, and improving reaction prediction. How-
ever, tool outputs do not automatically improve the
reasoning process. Some models obtain useful tool
results but fail to integrate them coherently, lead-
ing to correct intermediate operations but incorrect
final conclusions. This again reflects the process—
outcome inconsistency revealed by ChemEval2.

To further analyze tool behavior, we decompose
tool use into TCP and TCR. The results reveal
different failure modes: some models rarely in-
voke tools when required, whereas others attempt
tool calls but generate chemically invalid or irrele-
vant parameters. Thus, low tool-use performance
reflects not only optional tool skipping, but also
weaknesses in tool interaction and execution.

To better characterize tool-use failures beyond
aggregate TCP/TCR, we further decompose tool
orchestration into four stages: whether the model
invokes a tool, whether the selected tool matches
the expert reference tool opportunity, whether the
arguments are correct given a matched tool name,
and whether the returned tool result is used in sub-
sequent reasoning. Tables 6-7 report this fine-
grained analysis on text-only and multimodal tool-
integrated tasks. The results show that tool-use fail-
ures arise from multiple stages, including under-
calling, incorrect tool selection, argument mis-
match, and insufficient utilization of returned re-
sults. This suggests that tool orchestration is not
merely a formatting issue, but a substantial source
of failure in tool-integrated chemical reasoning.

We also analyze TCP/TCR across question
types, modalities, and difficulty levels, as shown
in Tables 8-9. The breakdown reveals that tool-
call precision and recall vary considerably across
different chemical task formats and difficulty set-
tings. In several cases, models achieve relatively
high TCP but low TCR, indicating that they can
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Table 3: Performance overview of Multimodal tasks on ChemEval2.

Model Knowledge Reaction Tool-Integrated Overall
OA FA OA FA OA FA TCP TCR OA FA
Closed-source Models
Claude Opus 4.5 79.85+045 75.65+0.52 48.02+0.95 21.134+0.88 64.32+0.65 53.49+0.72 0.004£0.00 0.0040.00 68.59+0.58 58.02+0.69
Gemini 3 Pro 85.434+0.35 84.92+0.38 55.91+0.55 38.66+0.62 77.65+0.41 68.45+0.48 1.2940.19 1.29+0.19 77.47+0.32 70.84+0.45
GPT-5.2 80.37+0.48 76.1840.55 43.694+0.85 19.33+0.75 58.5440.68 49.91+0.72 30.49+1.12 27.234+1.05 65.92+0.52 56.6240.65
o04-mini 76.22+0.52 75.1740.58 31.9240.92 15.46+0.85 50.3640.75 48.10+0.78 22.81+0.86 0.8440.15 58.96+0.62 54.8240.68

Open-source Models

Qwen3-VL-235B-A22B 50.904+0.85 11.87+0.65 40.404+0.95 5.154+0.35 59.01+0.72 49.91+0.78 0.0040.00 0.0040.00 52.1440.68 24.97+0.75
Chemistry Models
ChemVLM 24.39+0.88 21.7940.92 3.82+045 7.61+055 4.98+052 6.814+058 13.75+0.64 1.43+0.21 13.60+0.65 13.7540.68

Intern-S1-mini

69.07+0.62 66.88+0.68 31.84+0.85 16.24+0.72 34.88+0.82 33.96+0.85 2.824+0.27

0.59+0.12 49.90+0.65 45.89+0.72

sometimes generate accurate tool calls once a tool
is invoked, but still miss many annotated tool-use
opportunities. These results further support the
diagnostic role of ChemEval2 in analyzing stage-
specific tool-use behavior across diverse chemical
reasoning scenarios.

We also conduct a four-quadrant analysis by
crossing tool correctness with final-answer correct-
ness. The results reveal three representative pat-
terns. First, SOTA collaborative models, such
as GPT-5.2, Claude, DeepSeek-V3.2, and Gem-
ini 3 Pro, frequently benefit from tool interaction
in complex tasks, suggesting that tool use is im-
portant for reliably approaching the performance
ceiling. Second, reasoning-centric models such as
DeepSeek-R1 and o4-mini often solve some tasks
through internal reasoning without matching the
expected tool path, confirming that ChemEval2
does not enforce a single expected tool-dependent
solution. Third, smaller or weaker models per-
form poorly in both tool-supported and tool-free
pathways, indicating simultaneous deficiencies in
chemical reasoning and instruction following.

These findings show that ChemEval2 can distin-
guish between tool-dependent reasoning, internal-
knowledge reasoning, and general capability fail-
ure. Therefore, the benchmark does not reward
static tool matching; instead, it provides a diagnos-
tic view of how models select, execute, and inte-
grate tools during chemical problem solving. Ad-
ditional TCP/TCR evidence and four-quadrant dis-
tributions are reported in Appendix E.

5 Discussion

We first examine the reliability of ChemEval2 be-
fore discussing its broader implications, since its
conclusions depend on statistically robust model
comparisons and consistent checkpoint-based scor-

ing of reasoning and tool-use behavior.

5.1 Evaluation Reliability and Statistical
Robustness

We conduct two complementary analyses to vali-
date ChemEval2. First, paired Wilcoxon signed-
rank tests on representative model comparisons
show that the observed performance differences
are not artifacts of overlapping error bars. Se-
lected results are reported in Appendix E.4. Fron-
tier models significantly outperform smaller base
models, confirming the effect of model scale and
general reasoning capability, whereas chemistry-
specialized models do not consistently outper-
form their base models in tool-integrated reason-
ing. Model pairs with nearly identical scores show
non-significant differences, indicating that the test
serves as a robustness check rather than amplifying
small numerical gaps.

Second, we assess whether automated check-
point scoring aligns with expert judgment. On
a randomly sampled validation set covering text-
only and multimodal tasks, 240 instances and
1,424 atomic checkpoints are independently re-
viewed by chemistry experts. The automated evalu-
ator achieves 93.12% agreement with human judg-
ment, with Cohen’s Kappa of 0.8107 and Pearson
and Spearman correlations of 0.8108. These re-
sults suggest that the evaluator captures both check-
point decisions and expert scoring trends.

Together, these analyses support ChemEval2 as
a stable and reliable evaluation protocol. Impor-
tantly, the checkpoint design does not require mod-
els to reproduce a single rigid reasoning chain. It
focuses on essential reasoning nodes and allows
semantically correct internal reasoning to satisfy
a checkpoint even when the expected tool is not
called, thereby reducing bias against alternative
valid paths while preserving tool-use diagnosis.
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Tool-Integrated Reasoning = Reasoning

Figure 4: Impact of tool call on model reasoning perfor-
mance in text tasks.

5.2 Standardized Tool Suite

To provide a reproducible environment for evaluat-
ing tool-augmented chemical agents, ChemEval2
constructs and releases an MCP-based tool suite
covering high-frequency chemical operations, in-
cluding molecular perception, representation con-
version, property calculation, composition analy-
sis, functional group and stereochemistry recog-
nition, forward reaction prediction, and retrosyn-
thetic reasoning. The MCP interface standardizes
tool invocation, reducing implementation variabil-
ity and enabling fair comparison across models.
More importantly, it reflects a core requirement of
autonomous scientific agents: models must trans-
late reasoning needs into executable actions. Thus,
tool interaction and API alignment are treated as
essential capabilities rather than formatting details.
Our analysis further shows that correct tool ex-
ecution alone is insufficient. Some models can
call tools properly but fail to integrate the outputs
into chemical reasoning, highlighting the need for
stronger tool-result interpretation, reasoning-state
updating, and long-horizon planning.

6 Conclusion

In this work, we introduced ChemEval2, a frame-
work that improves the evaluation of chemical
artificial intelligence by focusing on the integra-
tion of reasoning and tool usage. While previ-
ous benchmarks focused on checking internal rea-
soning steps, ChemEval2 addresses a more diffi-
cult challenge: evaluating how well models can
use professional tools to improve their reasoning.
Our findings reveal a persistent reasoning—tool gap:
even strong models struggle to maintain consis-
tency between internal reasoning states and ex-

Tool-Integrated Reasoning ® Reasoning

0.8

0.6

0.4

Figure 5: Impact of tool call on model reasoning perfor-
mance in multimodal tasks.

ternal tool outputs, particularly in complex multi-
modal and reaction-centered tasks. By providing
the ChemEval2 benchmark and a standard set of
chemical tools based on the MCP, we provide a
solid foundation for building the next generation
of reliable tool-augmented chemical agents. These
tools will help models move beyond just knowing
chemical facts to actively performing reproducible,
autonomous chemical research with the accuracy
and reliability needed for real scientific discovery.
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Limitations

ChemEval2 has several limitations. First, although
the benchmark covers a broad range of chemi-
cal reasoning, reaction understanding, and tool-
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integrated tasks, the overall scale and the granu-
larity of certain specialized subfields remain con-
strained by the high cost of expert annotation and
the limited availability of high-quality experimen-
tal data. Second, the current MCP-based tool
suite focuses on ten representative high-frequency
tools and does not yet encompass the full spec-
trum of resources required for autonomous chem-
ical research, such as laboratory automation plat-
forms. Third, while the benchmark includes mul-
timodal inputs such as spectra, molecular struc-
tures, reaction schemes, and experimental dia-
grams, these representations capture only selected
aspects of real laboratory environments and can-
not fully reflect the complexity of experimental
workflows and instrument interactions. Finally, the
checkpoint-based evaluation framework relies on
expert-defined reasoning nodes and tool-use an-
notations, which may not exhaust all valid solu-
tion paths despite being designed to allow seman-
tically equivalent reasoning. Future work will ex-
pand dataset coverage, enrich the standardized tool
ecosystem, and develop more flexible evaluation
strategies for modeling diverse reasoning trajecto-
ries and long-horizon scientific decision making.
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agnostically structured five-tuple:

I= (Qa‘/aAvch)v

where the components are defined as follows:

* ( (Question): a task description formulated
in natural language, covering open-ended,
context-dependent chemical problems such as
reaction prediction, mechanism analysis, con-
dition recommendation, property prediction,
or quantitative reasoning.

e V (Visual Context): a set of task-relevant,
multi-source visual inputs related to the ques-
tion, such as molecular structures, spectra, re-
action schemes, charts, or experimental dia-
grams. This field is empty for text-only tasks.

* A (Final Answer): a structured, machine-
readable reference answer, typically repre-
sented in normalized forms such as SMILES
strings, catalyst combinations, numerical val-
ues, or concise textual conclusions.

* (' (Checkpoints): a set of expert-annotated
reasoning nodes. Each checkpoint contains
a semantic description and a score weight,
representing a critical intermediate reasoning
step or final conclusion.



* T (Tooltrace): annotated tool-call trajecto-
ries for tool-supported reasoning steps, in-
cluding the associated checkpoint IDs, tool
names, and standardized input parameters.

This schema makes the benchmark output more
than a simple question-answer pair: each instance
explicitly encodes both the reasoning structure
and the tool-interaction structure required for fine-
grained diagnostic evaluation.

A.2 Checkpoint Design and Valid Reasoning
Paths

ChemEval2 does not require a model to reproduce
a single complete reasoning chain. During anno-
tation, experts identify decisive logical nodes that
are shared by valid solution paths, rather than en-
forcing every intermediate statement in one refer-
ence derivation. As a result, a model can satisfy
a checkpoint through semantically equivalent rea-
soning even when its wording or local derivation
differs from the reference.

This design is important for chemistry, where
the same conclusion may be reached through mech-
anistic reasoning, retrosynthetic analysis, struc-
tural analogy, or direct application of internal
knowledge. To avoid unfairly penalizing reason-
able step-skipping, checkpoints are weighted ac-
cording to their importance. The evaluation there-
fore focuses on unavoidable key information and
core chemical constraints, while allowing alterna-
tive valid trajectories and logical shortcuts.

A.3 Tool-Integrated Annotation Protocol

In tool-integrated construction, “replacing a rea-
soning node” means that experts identify a chemi-
cal subtask for which internal language reasoning
is unreliable or insufficient and annotate it as a stan-
dardized executable tool-call node. Examples in-
clude molecular structure recognition, molecular
representation conversion, physicochemical prop-
erty calculation, database lookup, forward reaction
prediction, and retrosynthetic analysis.

Formally, for a checkpoint c; that corresponds
to a tool-supported subtask, the reasoning node is
associated with a tool-call specification:

reasoning

tool
i — Ci s

where c;""l specifies the tool name and structured
input parameters. This substitution makes the rea-
soning process verifiable and reproducible while

preserving the semantic role of the original check-
point during evaluation.

The standardized tool suite was constructed by
surveying high-frequency chemical operations and
selecting a non-redundant core set for diagnostic
evaluation. The suite includes domain-specific
tools for reaction and structure analysis as well as
widely used scientific resources such as PubChem-
based retrieval and RDKit-based molecular pro-
cessing. These resources are encapsulated into an
MCP-based interface to ensure consistent invoca-
tion, comparable evaluation, and reproducible tool-
augmented inference.

The suite is intended to cover representative
tool-use behaviors rather than the full infrastruc-
ture of autonomous laboratories. Thus, it supports
controlled evaluation of tool planning, parameter
generation, and result integration, while leaving
broader resources such as laboratory automation
platforms for future expansion.

A.4 Checkpoint and Tooltrace Statistics

Each instance contains approximately six struc-
tured checkpoints on average, indicating that the
benchmark emphasizes multi-step reasoning rather
than simple question answering. In tool-integrated
tasks, each instance is associated with more than
three tool calls on average, with a maximum of
eleven tool calls, enabling evaluation of sequential
multi-step tool interaction.

B Dataset Statistics and Coverage

ChemEval2 contains 2,410 high-quality samples
designed to evaluate chemical reasoning and tool-
integrated problem solving. The dataset covers
diverse task types, modality compositions, diffi-
culty levels, chemical reaction categories, molec-
ular complexity profiles, visual contexts, and tool-
call requirements. These design choices allow
ChemEval2 to approximate real chemical research
scenarios while addressing the limited coverage of
existing chemical benchmarks.

B.1 Task and Modality Composition

ChemEval2 is structured around three core task
categories comprising 897 samples for Knowledge
Reasoning, 541 samples for Reaction Reasoning,
and 972 samples for Tool-Integrated Reasoning.
Across these tasks, we adopt a hierarchical modal-
ity design as illustrated in Figure 6. Even for high-
level tasks such as reaction reasoning and tool-
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ChemEval?2 Instance with Tool-Trace Annotations

{

"instance_id": "reaction_TIR_042",

"images":

"checkpoints": [
{
Ilid" B llcp_lll,

"score": 2.5,
"tool_call": {

"arguments": {
"product_smiles":
}
}

}’
{

nigr. " cp_2ll s

"score": 1.5,

"tool_call": {
"tool_name": "image2smiles",
"arguments": {

}
}

})
{
"id": "cp_final",

bulky phosphine ligand.",
"score": 3.0,
"tool_call": null
}
]
}

"question": "You will recommend the catalyst you feel is suitable based on the reaction
information provided. The questions are as follows: For the buchwald coupling
reaction, the reactants are <ImageHere> and C1COCCN1, and the product is Cclncc(nciCl
)N2CCOCC2. Give recommendations for catalyst.",
["reaction_images/reactant_1.png"],
"reference_answer": "C(0[Pd]0C(C)=0) (C)=0 and P([C@]12C[C@E@H]3C[C@H] (C2)C[CEeGH] (C1)C3)
([ce]12C[CeeH] 3C[CeeH] (C2)C[CeeH] (C1)C3)ccect,

"content": "The transformation is a Buchwald--Hartwig cross-coupling reaction,

requiring retrosynthetic analysis to determine intermediate viability.",

"tool_name": "predict_retrosynthetic",

"Ccincc(nci1C1l)N2CCOCC2"

"content": "Because the electrophile is a heteroaryl chloride, we must parse the

structural features from the image to evaluate steric hindrance.",

"image_path": "reaction_images/reactant_1.png"

"content": "Recommended catalyst system: Pd(0OAc)2 as the palladium source and a

integrated reasoning, the dataset preserves substan-
tial multimodal depth. In particular, at the high
difficulty level, the number of multimodal sam-
ples reaches 519, which significantly exceeds the
counts at the low and middle difficulty levels.

To facilitate a granular diagnosis of model per-
formance, each primary task category is further
stratified into diverse sub-task types as delineated
in Figures 8, 9, 10. The Knowledge Reasoning
task encompasses fundamental formats including
multiple-choice questions, chart analysis tasks, fill-
in-the-blank questions, and computational prob-
lems. The Reaction Reasoning task focuses on
complex generative and discriminative challenges

including reaction prediction, condition recom-
mendation, and substrate recommendation. The
Tool-Integrated Reasoning task synthesizes these
formats to mirror the complexity of real-world
problem-solving. This extensive typological diver-
sity is engineered to rigorously evaluate the gen-
eralization of model reasoning capabilities across
authentic chemical research workflows, ensuring
that models are tested against specific cognitive de-
mands rather than mere rote memorization.

B.2 Difficulty Stratification and Domain
Coverage

To effectively differentiate the capability bound-
aries of diverse models, ChemEval2 explicitly
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ChemEval2 Instance Schema (Formal Definition)

{

llidll . Ilstringll s
"question": "string",
"yisual_context": {

"images": ["string (image_path)"]
} 3
"final _answer": "string",
"checkpoints": [

{

"id": "integer",

"score": "float"
}
]’
"tooltrace": [
{
"checkpoints_id": "integer",
"tool_name": "string",

}
]
}

"content": "string (natural language reasoning step)",

"input": "object (structured parameters)"

L

Figure 6: Distribution of task categories and modality
compositions in ChemEval2.

stratifies problem difficulty by educational stage
into a low difficulty level corresponding to middle
school curriculum, a middle difficulty level aligned
with high school standards, and a high difficulty
level representing undergraduate and research con-
texts, as illustrated in Figure 7. Statistical analysis
demonstrates that problems at the high difficulty
level dominate the dataset by accounting for ap-
proximately 54.2% of all samples. This emphasis
on advanced complexity is designed to surpass the
performance ceiling of existing benchmarks and to
rigorously stress-test models on expert-level tasks
such as advanced chemical principle analysis, syn-
thesis planning, and spectral interpretation.

Regarding domain coverage, the dataset main-
tains a broadly balanced distribution across ma-
jor subfields comprising organic chemistry, inor-

Figure 7: Distribution of difficulty levels and task cate-
gories in ChemEval2.

ganic chemistry, physical chemistry, spectroscopy-
oriented analytical chemistry, and experimental
chemistry. The substantial proportion of organic
and physical chemistry reflects the critical de-
mands of Al for Science applications, particularly
within high-impact, computationally driven con-
texts of molecular drug discovery, cross-domain
materials computation, and mechanistic analysis.

B.3 Chemical Reaction and Molecular
Complexity

The reliability of the evaluation depends critically
on the diversity of knowledge points. As illustrated
in Figure 11, ChemEval2 encompasses knowledge
points comprising 33.32% for general chemical
knowledge and 21.29% for redox reactions. Fur-
thermore, the benchmark emphasizes knowledge
points central to synthetic chemistry by including
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Figure 8: Distribution of task types and modality com-
positions in Knowledge Reasoning.

Figure 9: Distribution of task types and modality com-
positions in Reaction Reasoning.

substitution reactions at 10.91%, acid—base and co-
ordination reactions at 8.76%, coupling reactions
at 4.27%, and cyclization reactions at 3.15%.

Additionally, the “Other” category constitutes
15.31% of the dataset and encompasses complex
mechanisms including elimination, rearrangement,
hydrolysis, and protecting group chemistry. This
long-tail distribution ensures that evaluation ex-
tends beyond the mere memorization of common
reaction templates to test the capacity of models to
generalize across advanced mechanisms involving
electron transfer and skeletal rearrangements.

Beyond reaction diversity, molecular complex-
ity is another important dimension of chemical dif-
ficulty. To measure the molecular diversity and dif-
ficulty within ChemEval2, we extracted 200 chemi-
cal molecules from the dataset to analyze their Syn-
thetic Accessibility score (SAScore) as illustrated
in Figure 12. The distribution of scores follows an
approximately normal pattern peaking within the
range of 2.0 to 4.0 while exhibiting a pronounced
long tail extending into the high-difficulty interval
between 6.0 and 9.0.

This distribution confirms that ChemEval2 en-
compasses a diverse spectrum ranging from syn-
thetically accessible molecules to structurally com-
plex compounds such as natural products and chal-

Figure 10: Distribution of task types and modality com-
positions in Tool-Integrated Reasoning.

4.27% 3. 15/

8.76%
15.31%

Figure 11: Distribution of chemical knowledge points
in ChemEval2.

= General Chemistry

Oxidation-Reduction reactions

= Substitution reactions
Coordination

Coupling reactions

= Cyclization
21.29% - .
= Addition reactions

Other Reaction

lenging ligands. By spanning a realistic gradient
from simple to highly complex molecular architec-
tures, the dataset facilitates a systematic evaluation
of model adaptability under conditions of varying
practical synthesis difficulty.

B.4 Visual Context and Tool-Call Complexity

Regarding visual context in multimodal tasks,
while single-image inputs constitute the majority,
the dataset demonstrates a distinct long-tail distri-
bution in visual complexity. As illustrated in Fig-
ure 13, a subset of tasks at the high difficulty level,
particularly within reaction reasoning and tool-
integrated reasoning, necessitates multi-image in-
puts ranging from 2 to 12 images.

These multi-image context scenarios impose
stringent demands on the visual memory and in-
formation integration capabilities of models. For
instance, analyzing a complex total synthesis path-
way requires a model to jointly reason over start-
ing materials, intermediate spectral data, and ex-
perimental apparatus diagrams. This configuration
transcends conventional single-image question an-
swering to accurately mirror the rigorous demands
of real-world chemical reasoning.

The multimodal component of ChemEval2 is
designed to reflect the information extraction and
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Figure 12: Distribution of SAScore in ChemEval2.
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Figure 13: Distribution of image counts per sample in
ChemEval2.

decision-making processes used by experts when
solving chemical problems. Domain experts anno-
tate key visual evidence from molecular structures,
spectra, reaction schemes, charts, and experimen-
tal diagrams, and convert these focal points into
reasoning checkpoints. This design captures but
essential aspects of real laboratory interpretation,
even though it cannot reproduce all details of ex-
perimental workflows and instrument interactions.

In addition to visual complexity, we analyze
tool-call frequency to characterize the external-
execution demands of ChemEval2. Each instance
contains approximately six reasoning checkpoints
on average, while tool-integrated tasks involve
more than three tool calls per instance on average,
with a maximum of eleven calls. This design en-
ables ChemEval2 to evaluate multi-step tool inter-
action rather than isolated tool invocation. As illus-
trated in Figure 14, the data are categorized into
pure text tasks and multimodal tasks. Regarding
text-based tasks, the vast majority of samples re-
quire between 1 and 5 tool calls, with 2 calls be-
ing the most prevalent. This observation indicates
that text tasks generally exhibit a lower dependency
on external tools, suggesting that models can com-
plete most text-based reasoning with limited exter-
nal computation or knowledge retrieval.

160

148 text = mul

140

100

E 80 |77

61 63
60

40 4

1 2 3 4 5 6 7 8 9 10 1

Figure 14: Distribution of tool call frequencies across
text and multimodal tasks in ChemEval2.

Conversely, multimodal tasks demonstrate a sig-
nificantly higher demand for tool usage character-
ized by a broader and more evenly distributed pat-
tern. While the range of 2 to 4 tool calls remains
dominant, a notably larger proportion of samples
involve high-frequency tool calls compared to text
tasks. This disparity implies that for complex vi-
sually dense scenarios such as parsing intricate re-
action diagrams or integrating structured chemical
information across multiple images, models must
rely more extensively on external tools to support
reasoning and information integration.

C Experimental Setup

C.1 Details of Evaluated Models

In this section, we provide a comprehensive intro-
duction to the models evaluated in the ChemEval2
benchmark. To ensure representativeness, we cate-
gorized the models into three distinct groups based
on their accessibility and training objectives:

Frontier Proprietary Models. We select GPT-
5.2 (Singh et al., 2025), o4-mini (OpenAl, 2025),
Gemini 3 Pro (Google, 2025), and Claude Opus
4.5 (Anthropic, 2025) to serve as the upper-bound
benchmarks for closed-source performance. These
models demonstrate exceptional capabilities in
handling complex scientific contexts and adher-
ing to intricate instructions, providing a rigorous
baseline for establishing the performance ceiling
in chemical reasoning.

General-purpose Open-source Models. We
include models from leading open-source families
covering diverse architectures and scales. LLaMA-
3.1-8B (Grattafiori et al., 2024) serves as a stan-
dard foundation for text-based tasks. DeepSeek-
V3.2 (Liuetal., 2025) and the reasoning-optimized
DeepSeek-R1 (Guo et al., 2025) represent the
cutting edge of Mixture-of-Experts (MoE) and
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reinforcement-learning-driven architectures. Fur-
thermore, we utilize both the text-only Qwen3-
235B-A22B (Yang et al., 2025a) and its multi-
modal variant Qwen3-VL-235B-A22B to investi-
gate the scalability of vision-language integration.

Domain-specific Chemical Models. To eval-
uate the impact of specialized training, we as-
sess a suite of chemistry-centric models includ-
ing ChemLLM (Zhang et al., 2024b), ChemVLM
(Li et al., 2025b), ChemDFM-v1.5 (Zhao et al.,
2025c¢), and Intern-S1-mini (Bai et al., 2025). Cru-
cially, to isolate and quantify the capability gains
attributable to domain adaptation, we also include
their corresponding base models for direct com-
parison: InternLM?2-chat-7B (Cai et al., 2024),
Intern.M2.5-7B-chat, LLaMA-3-8B, and Qwen3-
8B. This paired experimental design enables a fine-
grained analysis of knowledge injection efficacy
across different fine-tuning paradigms.

C.2 Implementation Details

To ensure reproducibility and fair comparison,
we adopt a hybrid inference strategy based on
model accessibility and computational require-
ments. Frontier proprietary models and large-scale
open-source models are accessed via their respec-
tive official APIs to leverage optimal inference
infrastructure.  Conversely, smaller-scale open-
source foundation models and domain-specific
chemical models are deployed locally for evalu-
ation. All local experiments are conducted on
a high-performance workstation equipped with
an Intel(R) Xeon(R) Platinum 8352V CPU @
2.10GHz, 251 GB of RAM, and an NVIDIA A40
GPU. For inference configuration, we standardize
decoding parameters across all models. Specifi-
cally, we set the temperature to 0.7 and top_p to
0.8. The maximum output length is restricted to
8,192 tokens, a threshold selected to provide suf-
ficient capacity for Col reasoning. To ensure sta-
tistical reliability, we conducted three independent
runs for each experiment and reported the mean
and standard deviation. For the automated assess-
ment of model performance, we employ GPT-40-
2024-11-20 as the evaluator and adopt a greedy de-
coding strategy for the judge model.

D Comparison with Existing
Benchmarks

Existing benchmarks in chemistry and scientific
domains exhibit significant fragmentation in ca-

pability coverage. A line of prior work, such as
ChemLLMbench, ChemBench, MaCBench, and
ChemEval, predominantly focuses on chemical
knowledge question answering. While valuable,
this scope is insufficient for characterizing the
genuine multi-step reasoning abilities required for
complex tool-augmented scientific inquiry.

Subsequent reasoning-oriented benchmarks, in-
cluding ChemCoTBench, oMeBench, and Su-
perChem, have introduced multi-step reasoning re-
quirements. However, their reasoning processes re-
main largely confined to the linguistic space, fail-
ing to capture the reliance on external computa-
tion and specialized tools that define real-world
scientific practice. Conversely, tool-centric bench-
marks such as SciToolBench and ChemToolBench
effectively evaluate tool-call proficiency but often
lack deep integration with chemical reaction mech-
anisms and domain-specific logical structures.

As shown in Table 1, ChemEval2 distinguishes
itself from these prior efforts by being the first
benchmark to systematically unify the evaluation
of knowledge, reaction, and tool-integrated rea-
soning. By explicitly embedding tool check-
points within multi-step causal reasoning trajec-
tories, ChemEval2 assesses not merely whether
a model can execute tool calls, but when to in-
voke them, how to configure them, and how to ef-
fectively synthesize their outputs into downstream
logic. This holistic design enables a more faith-
ful characterization of LLMs’ capabilities and lim-
itations within chemistry-oriented agentic settings,
revealing core bottlenecks and delineating clearer
boundaries of current model competence.

E Additional Evaluation Analyses

This section provides detailed analyses that sup-
port the discussion of evaluation reliability and
tool-use behavior in the main paper. These results
are placed in the appendix to keep the main text
concise while preserving reproducibility and and
transparent, fine-grained diagnostic detail.

E.1 Statistical Significance Tests

To verify that the observed model differences are
not artifacts of overlapping error bars, we con-
duct paired Wilcoxon signed-rank tests on repre-
sentative model comparisons. Table 4 reports se-
lected comparisons. The results support the major
trends discussed in the main text: frontier models
significantly outperform smaller base models, do-
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Table 4: Pairwise Wilcoxon signed-rank test results for
selected model comparisons.

Model A Model B p-value Significance
ChemLLM InternLM2-7B 5.57 x 10~20 ok
ChemVLM InternLM2.5-7B 0.883 ns
ChemDFM-v1.5 LLaMA-3-8B 9.91 x 1073 ok
Intern-S1-mini Qwen3-8B 7.44 x 1073 wE
Gemini 3 Pro Intern-S1-mini 1.51 x 10718 ok
Gemini 3 Pro Qwen3-8B 3.33 x 1074 sk
DeepSeek-V3.2  LLaMA-3-8B 3.32 x 107102 ok

Table 5: Behavioral distribution and model classifica-
tion under the four-quadrant analysis.

Category Model (Mode) Q1 Q2 Q3 Q4

SOTA collaborative ~ GPT-5.2 (MM) 39.40% 3.30%  4.50% 52.80%
SOTA collaborative ~ Claude Opus 4.5 (Text) 53.70% 17.30% 14.80% 14.20%
SOTA collaborative  DeepSeek-V3.2 (Text)  34.80% 32.00% 17.20% 16.00%
SOTA collaborative ~ Gemini 3 Pro (Text) 34.00% 28.70% 18.20% 19.10%
DeepSeek-R1 (Text) 8.90% 58.00% 30.20%  2.90%
o4-mini (Text) 11.10% 50.00% 27.80% 11.10%

Internalization
Internalization

Internalization Qwen3-VL (Text) 3.20% 35.50% 51.60%  9.70%
Internalization Intern-S1-mini (Text) 6.80% 22.60% 50.00% 20.50%
Capability limited InternLM2-7B (Text) 0.00% 1.60%  72.70% 25.70%
Capability limited ~ ChemVLM (MM) 0.00%  4.50%  79.50% 16.10%
Capability limited ~ ChemDFM (Text) 0.00%  0.00%  80.00% 20.00%

Capability limited Intern-S1-mini (MM) 0.00% 15.20% 81.60%  3.10%

main specialization does not always improve tool-
integrated reasoning, and pairs with nearly identi-
cal performance show non-significant differences.

E.2 Tool-Answer Four-Quadrant Analysis

Since TCP and TCR are already defined in the
main text, we use them here as supporting evidence
for the behavioral analysis. The detailed tool-call
statistics show that low tool-use performance can
arise from different sources: some models rarely
invoke tools when required, whereas others initi-
ate tool calls but produce invalid or mismatched
tool names or arguments. Building on these statis-
tics, we further distinguish tool-dependent suc-
cess from internal-knowledge success by cross-
tabulating tool correctness with final-answer cor-
rectness. The four quadrants are defined as follows:
Q1 denotes correct tool use and correct final an-
swer; Q2 denotes incorrect or absent tool use but
correct final answer; Q3 denotes incorrect or ab-
sent tool use and incorrect final answer; and Q4
denotes correct tool use but incorrect final answer.

This analysis reveals three representative behav-
ior patterns. First, SOTA collaborative models
such as GPT-5.2, Claude Opus 4.5, DeepSeek-
V3.2, and Gemini 3 Pro often benefit from tool
interaction in complex tasks, suggesting that ef-
fective tool use helps approach the performance
ceiling. Second, reasoning-centric models such as
DeepSeek-R1 and 04-mini show a larger Q2 pro-
portion, indicating that they can solve some tool-
annotated tasks through internal reasoning. Third,

Table 6: Fine-Grained Tool Orchestration Performance
on Text Tasks. Tool Call Ratio Tool Name Match Rate
Conditional Argument Match Rate Tool Result Utiliza-
tion Rate

Model TCR TNMR CAMR TRUR
Claude Opus 4.5 51.02 66.39 58.02 9348
GPT-5.2 9.62 70.45 59.14 4545
DeepSeek-R1 61.15 69.05 55.17 81.25
InternLM2-chat-7B  12.39 66.67 56.82 8.70
ChemVLM 25.28 69.33 57.69 35.71

Table 7: Fine-Grained Tool Orchestration Performance
on Multimodal Tasks.

Model TCR TNMR CAMR TRUR
Gemini 3 Pro  55.49 66.67 50.00 50.00
GPT-5.2 69.28 66.52 58.11 59.52
04-mini 3.70 72.73 62.50 50.00
Intern-S1-mini  20.78 72.73 62.50  20.00
ChemVLM 10.40 69.23 55.56 0.00

capability-limited models perform poorly in both
QI and Q2, indicating weaknesses in chemical rea-
soning, instruction following, and tool interaction.

The Q4 quadrant is particularly informative: a
correct tool call paired with an incorrect final an-
swer indicates that API formatting alone does not
explain the benchmark difficulty. In these cases,
models can execute the expected tool interaction
but still fail to integrate the tool output into coher-
ent chemical reasoning. Therefore, ChemEval2 di-
agnoses not only whether tools are called, but also
whether tool results are causally incorporated into
the reasoning trajectory.

E.3 Fine-Grained Tool Orchestration
Analysis

To provide a more detailed diagnosis of tool-use
behavior, we further decompose tool orchestra-
tion into four stages: tool invocation, tool se-
lection, argument matching, and tool-result uti-
lization. Specifically, Tool Call Ratio measures
how often a model invokes tools in tool-integrated
tasks; Tool Name Match Rate measures whether
the invoked tool matches the expert reference tool
opportunity; Conditional Argument Match Rate
evaluates argument correctness given a matched
tool name; and Tool Result Utilization Rate mea-
sures whether the returned tool output is reflected
in subsequent reasoning or final-answer synthe-
sis. This stage-level analysis helps distinguish
under-calling, incorrect tool selection, parameter-

4044



Table 8: Fine-Grained TCP/TCR by Question Type. Each cell reports TCP / TCR.

Modality Model Multiple Choice  Fill-in-the-Blank ~ Short Answer Condition Recommendation Product Prediction ~Reactant Recommendation
Text Gemini 3 Pro 30.43/1.64 28.57/1.53 87.50/25.45 25.00/6.87 18.05/10.20 20.28 /18.20
Text InternLM2-chat-7B 32.81/491 27.27/4.58 28.57/3.64 15.79/1.29 21.88/2.86 40.00/3.99
Text Intern-S1-mini 13.79/0.93 33.33/2.29 7273/ 14.55 39.02/6.87 14.12/2.45 44.05/9.23
Multimodal ~ GPT-5.2 58.55/23.61 73.81/19.75 30.771736.36 23.53/29.73 19.24/26.51 30.64 /36.55

Table 9: Fine-Grained TCP/TCR by Difficulty Level.
Each cell reports TCP / TCR.

Modality Model Middle School ~ High School University
Text Gemini 3 Pro 41.03/9.45 40.70/6.23 14.44/11.46
Text DeepSeek-V3.2 17.73/17.52 17.77/1530  9.20/18.19
Multimodal  GPT-5.2 67.16/18.52 59.68/25.61 25.36/29.79
Multimodal ChemVLM 23.81/4.12 15.79/2.08 7.50/0.60

generation errors, and failures in tool-output inte-
gration.

E.4 TCP/TCR Breakdown by Question Type
and Difficulty

We further report TCP/TCR breakdowns across
question types, modalities, and difficulty levels to
examine how tool-use behavior varies under dif-
ferent chemical reasoning scenarios. Each cell re-
ports TCP/TCR, where TCP reflects the precision
of model-generated tool calls with respect to ex-
pert reference tool opportunities, and TCR reflects
the weighted coverage of those reference tool op-
portunities. This analysis shows whether tool-use
errors are concentrated in particular question for-
mats, chemical task types, or difficulty levels, and
complements the aggregate TCP/TCR results re-
ported in the main experiments.

F End-to-End Evaluation Example

To make the evaluation procedure transparent, we
provide an end-to-end example illustrating how
a model response is converted into checkpoint-
level judgments and final scores. The evaluator
separately matches the model’s reasoning against
expert-annotated reference checkpoints and its tool
calls against the reference tool trace, after which
OA, FA, TCP, and TCR are computed accord-
ing to the predefined scoring rules. This exam-
ple demonstrates that the evaluation does not rely
solely on final-answer correctness, but explicitly
records both successful and missing intermediate
reasoning steps as well as tool-call behavior. For
readability, the question, checkpoints, and model
response are abridged.

G Prompt Templates

In this section, we present the prompt templates
used in our experiments. To ensure reproducibility,
we provide the instructions for both the reasoning
generation and automated evaluation phases. The
prompts are categorized into two types:

Inference Prompts: These instructions guide
the model to perform step-by-step reasoning and
tool invocation. They emphasize meticulous visual
grounding and scientific first-principles reasoning.

Evaluation Prompts: These templates are de-
signed to strictly verify the correctness of reason-
ing logic against reference checkpoints and to val-
idate the accuracy of tool selection and calling.

All templates are displayed with Jinja2-style
placeholders (e.g., “{{ question }}”), which are
dynamically populated with problem-specific data
during runtime.
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### Question (abridged).
Predict the product of methyl phenyl sulfoxide treated with triflic anhydride (Tf_20) and TMSCN.

#i## Reference checkpoints (abridged).—

CP12: Tf_20 activates the sulfoxide and forms an electrophilic sulfonium—type intermediate.
CP3: TMSCN serves as the cyanide source.

CP4: Cyanide attacks the sulfur center.—

CP57: The reaction pathway and final product are correctly identified as thiocyanatobenzene.

### Tool trace.

name2smiles(name="methyl phenyl sulfoxide”) — CS(=0)clccceel

predict_reaction(reactants="CS(=0)clcccecl.CSi(C)C#N”, reagent="0=S(=0)(CF3)C(F)(F)F’) — predicted
product: CSi(C)C#N

### Model response (abridged).
Tf_20 activates methyl phenyl sulfoxide at oxygen to form an electrophilic sulfonium-type intermediate. TMSCN
then delivers cyanide to sulfur. The predicted product is methyl(phenyl)(thiocyanato)sulfane.

### Evaluator decision.

Matched: CP1, CP2, and CP4, because the response correctly describes sulfoxide activation and cyanide attack at
sulfur.

Not matched: CP3, because the role of TMSCN as the cyanide source was not stated sufficiently explicitly.

Not matched: CP5, CP6, CP7, because the predicted final structure does not match the reference product,
thiocyanatobenzene.

Tool matching: the name2smiles call matched the first reference tool checkpoint.

#i### Scores.

OA = weighted coverage of {CP1, CP2, CP4} =0.379
FA=0

TCP=1

TCR =0.5

Standard Reasoning Inference Prompt

You are an expert scientist with advanced capabilities in multimodal reasoning.
Please solve the following problem.

### Question
{{ question }}

##4# Instructions

{% if has_image %}

+ #xVisual Groundings: The problem includes image(s). First, carefully examine the visual details (e.g., chemical
structures, reaction conditions on arrows, graph trends, or physical setups). s:Incorporate these visual findings
s directly into your reasoning.

{% endif %}

+ #:%Step—by—Step Reasoning:x:
— Think through the problem logically.
— Apply relevant scientific principles and formulas.
— Perform calculations explicitly if needed.
— Ensure your reasoning is consistent with both the text and the visual evidence.

+ *kConclusionsx: Provide a clear and final answer.

Think step by step.
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Reasoning Checkpoints Evaluation Prompt

You are a strict and objective technical grader.
Your task is to evaluate the s:kcorrectness: and sxcompletenesss*: of the Student’s Answer based on the Reference
Checkpoints.

### Question
{{ question }}

### Reference Checkpoints (Grading Criteria)

{ % for point in checkpoints %}

— [ID {{ point.id }}] (Score: {{ point.score }}): {{ point.content }}
{% endfor %}

### Student Answer
{{ model_prediction }}

#i## Evaluation Protocol
Please verify each checkpoint strictly:

+ xxCorrectness & Consistency (Crucial )sk:
— A checkpoint is #xMATCHED:: only if the student’s reasoning leads to the #:same conclusion:: as the
checkpoint.
— %xREJECTsex: If the student mentions the concept but draws the s:kopposites: conclusion (e.g., Checkpoint says
“increase”, Student says “decrease”).
— %xREJECTsex: If the student’s numerical calculation is significantly incorrect.

{% if has_image %}
+ #xkVisual Accuracyssk:
— Since this problem contains image(s), verify if the student correctly identified visual details (e.g., molecular
structure, circuit connection, graph trends).
—#xREJECT:: If the student describes visual features that do not exist or contradicts the provided image.
{% endif %}

+ sxxExplicitnesss:
— The student must address the point clearly. Vague implications should be marked as missed.

### Output Requirements
Output #xONLY: a valid JSON object.

{

“reasoning”: Brief justification for each decision. Explicitly mention contradictions if any.”,
“matched_ids™: [list of checkpoint IDs that PASSs]
}
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Tool-Integrated Inference Prompt

You are an elite expert scientist and chemistry analysis assistant with advanced capabilities in multimodal reasoning
and domain-specific problem solving in chemistry and physics.

You can call multiple tools sequentially during your reasoning. If a task requires multiple steps (e.g., name2smiles —>
functional_groups), you must call the tools in the correct order. After each tool call, the tool’s result will be
provided as a new message, and you should continue reasoning and decide the next step. Do not repeatedly call
the same tool with the same parameters. If a tool call fails or returns no result (e.g., name2smiles or name2cas
cannot find a match), you should skip that step and proceed with alternative reasoning paths. Once all necessary
tool calls are complete, you must provide a final answer to the user’s question.

Before proposing any solution, you must build a comprehensive scientific profile of the system described in the user’s
input.

If images are provided, you must perform meticulous visual grounding.

Extract concrete visual information such as stereochemistry (R/S, E/Z), crystal or lattice features, reaction conditions
annotated on arrows, plotted trends, or structural annotations, and explicitly integrate visual evidence into your
reasoning.

For molecular or chemical systems, perform Molecular Anatomy & Reactivity Mapping:

1. SMILES / Structure Parsing: Parse any provided SMILES strings, molecular names, or structural diagrams.
Decompose molecules into core scaffolds, functional fragments, and substituents.

2. Fragment-wise Functional Analysis: Analyze every functional group individually and classify each as inert (
spectator), reactive (primary candidates), or risk factors (sites prone to side reactions).

3. Electronic & Steric Landscape Analysis: Identify nucleophilic, electrophilic, acidic, and basic sites; classify
substituents as electron—withdrawing or electron—donating; analyze resonance, conjugation, and steric effects
on reactivity and selectivity.

Your reasoning must follow a rigorous step—by—step scientific framework:

1. First—Principles Reasoning: Base all arguments on established scientific laws such as thermodynamics, kinetics,
conservation laws, and electronic structure theory. Avoid heuristic guessing.

2. Domain Precision: Use professional and discipline—accurate terminology with logical consistency.

3. Mechanistic or Quantitative Analysis: For reactions, write balanced equations and analyze mechanisms; for
calculations, show all steps with variables, assumptions, formulas, and units; for structures, derive key features
from physical and geometric constraints.

4. Cross—Validation: When appropriate, validate conclusions from multiple perspectives (e.g., thermodynamic vs
kinetic control, consistency with structural or spectral data).

Your final response must be derived directly from the reasoning and any tool outputs, clearly define key concepts
when needed, justify assumptions, and respect conservation of mass, charge, and energy. Provide a concise final
answer to the user’s question once all reasoning and tool calls are complete.

Think step by step.
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Tool-Integrated Evaluation Prompt

You are a strict and objective technical grader.
Your task is to evaluate the model’s TOOL-CALLING ABILITY
by comparing the reference tooltrace with the model_tooltrace.

### Inputs
— tooltrace: The reference sequence of required tool calls.
— model_tooltrace: The actual tool calls produced by the model.

### Evaluation Rules (STRICT)

1. Tool Name Matching (MANDATORY)
— The tool name must match EXACTLY.
— Any mismatch —> checkpoint FAIL.

2. Tool Argument Matching (STRICT)

— Required arguments must be present.

— Argument values must be EXACT MATCH (string—level match).
— Missing or incorrect arguments —> checkpoint FAIL.

3. Tool Coverage
— If a checkpoint tool call does not appear anywhere in model_tooltrace —> FAIL.
— Extra tool calls in model_tooltrace do NOT compensate for missing ones.

4. Tool Order (if multiple checkpoints exist)
— If checkpoints imply a sequence, the relative order MUST be preserved.
— Violating order —> FAIL the affected checkpoints.

5. Tool Result Irrelevance
— Tool execution results (success/data) MUST NOT be considered.
— ONLY evaluate tool name and arguments.

### Output Format
Output ONLY a valid JSON object:

{
tool_reasoning”: “’For each checkpoint, briefly state: (1) whether the tool name matches, (2) whether arguments
match, and (3) whether it appears in correct order.”,
tool_matched_ids™: [list of checkpoint IDs that PASS]

}
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