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Q: Please analyze how many different end products are formed 

from compound emodin          through various pathways in this 

reaction diagram?

A: There are 6 different end products formed from emodin through 

various pathways in this reaction network. Products (2), (3), (4), (5), 

(6), and (7) are all the end products.

Q: Why do you think they are the end products?

A: Products (2) and (7) are directly formed from emodin (1) 

through clear reaction pathways. Products (4), (5), and (6) are 

formed through transformations. (3) appears in the diagram as a 

distinct compound.Reaction Diagram

Q: Please analyze how many end products 

are formed from the first step         ? 

A: There is only 1 end product formed from 

the first step through the entire process: brewed 

coffee.

Q: Why do you think only 1 end product?

A: The process is linear, with 

each step building on the previous one to 

create a single result. 

General Diagram

Figure 1: Comparing General Diagram and Chemical Reaction Diagram on Element Localization Tasks.
GPT-4o performs well on general diagrams for identification tasks. However, for chemical reaction diagram, the
structural complexity of molecular diagrams and reaction pathways leads to errors.

Abstract

Multimodal Large Language Models (MLLMs)
excel at recognizing individual visual elements
and reasoning over simple linear diagrams.
However, when faced with complex topologi-
cal structures involving branching paths, con-
verging flows, and cyclic dependencies, their
reasoning capabilities degrade sharply, even on
tasks as basic as counting endpoints. Exist-
ing benchmarks fail to probe this gap, focusing
on semantic comprehension rather than struc-
tural reasoning. We introduce ReactBench,
a benchmark that reveals fundamental limita-
tions in structural reasoning through chemical
reaction diagrams. These real-world scientific
diagrams offer an ideal testbed because they
naturally span diverse structures from linear
chains to cyclic graphs, while requiring both
precise local recognition and coherent global
reasoning. Our benchmark comprises 1,618
expert-annotated QA pairs across four hierar-
chical task dimensions. Extensive evaluation
across 24 MLLMs reveals a significant perfor-
mance gap exceeding 30% between anchor-
based tasks and holistic structural reasoning
tasks. Controlled ablations confirm this bottle-
neck lies in reasoning, not perception. These
findings expose a fundamental deficit in struc-
tural understanding and establish directions for
advancing visual reasoning. Our dataset is pub-
licly available at: https://huggingface.co/
datasets/IDEA-AI4S/ReactBench.

* Equal contribution. † Corresponding author.

1 Introduction

Recent advances in MLLMs have demonstrated
remarkable capabilities in visual-linguistic reason-
ing across diverse domains (OpenAI, 2024; An-
thropic, 2024; Gemini Team et al., 2024; Bai et al.,
2025c). These models excel at recognizing indi-
vidual visual elements and reasoning over simple
linear diagrams. However, real-world diagrams
often encode information through complex topo-
logical structures involving branching paths, con-
verging flows, and cyclic dependencies. The ca-
pacity of MLLMs to reason about such structural
connections remains largely unexplored, as exist-
ing benchmarks (Mathew et al., 2021; Singh et al.,
2019; Masry et al., 2022; Lu et al., 2022) primar-
ily evaluate semantic comprehension rather than
structural reasoning capabilities.

We illustrate this gap through a controlled com-
parison in Fig. 1. Both tasks require the same topo-
logical operation of identifying terminal nodes in
a diagram. When presented with a simple linear
topology such as a sequential coffee brewing pro-
cess, GPT-4o correctly identifies the single end-
point. However, when the same task is posed on a
branching chemical network, the model fails sys-
tematically, misidentifying six endpoints instead
of the actual three. Notably, neither task requires
domain expertise. The failure is attributable to an
inability to reason about complex branching struc-
tures rather than a lack of chemical knowledge.
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Spatial Element Localization Topological Information Extraction

 How many end products are in the 
diagram? 

 How many reactants are  in the 
diagram?

 How many reaction steps in the 
diagram require reaction conditions? 

 How many types of reaction 
conditions are there in the reaction 
step from subscript 3 to subscript 4?

 What is the subscript of the final 
product in the diagram?

 What is the reaction temperature 
for the step from 9 to 17?

 What is the percentage yield of 
the step from 16b to 5b 
in the diagram?  

 What is the reaction time in 
hours of the step from 17 to 14b?

Pathway Connectivity Tracing Structural Topology Reasoning

 The current step involves compound 
with subscript 19. What is the 
subscript of the immediate previous 
compound that led to this step?

 Trace the full pathway leading to the 
product with subscript 7.  List all 
compound subscripts in order, from 
the starting material to the final 
product.

z

 Is there a circular reaction in 
the diagram, YES or NO?

 Which term classifies the 
structure of reaction pathway?  
A) Single line  
B) Multiple line  
C) Tree  
D) Graph

Figure 2: Overview of ReactBench. ReactBench systematically evaluates topological reasoning on chemical
reaction diagrams across four complexity-stratified dimensions.

These observations reveal a fundamental limita-
tion in current MLLMs. The ability to perceive
local elements does not guarantee global struc-
tural understanding. As topological complexity
increases, models systematically fail to integrate
visual elements into coherent global structures.

Diagnosing this limitation requires a testbed that
combines diverse topological structures with de-
mands for both local recognition and global reason-
ing. Chemical reaction diagrams provide such a
testbed: they span structures from linear chains to
cyclic graphs, while requiring accurate perception
of molecules, conditions, and reaction connectivity.

We introduce ReactBench, a benchmark de-
signed to diagnose structural reasoning limitations
in MLLMs through chemical reaction diagrams.
ReactBench comprises 1,618 question-answer pairs
carefully curated from real-world chemistry liter-
ature and patents, organized into four hierarchi-
cal task dimensions: spatial element localization,
topological information extraction, pathway con-
nectivity tracing, and structural topology reasoning.
This design enables precise identification of where
model capabilities degrade along the perception-to-
reasoning spectrum. Our main contributions are:

• We present ReactBench, the first benchmark
that systematically diagnoses structural rea-
soning limitations in MLLMs through hi-
erarchical task decomposition, comprising
1,618 expertly annotated question-answer
pairs across four skill dimensions.

• We identify a persistent gap between local

diagram understanding and global structural
reasoning in current MLLMs. Although mod-
els perform well on anchor-based perception
and local pathway tracing, they struggle to in-
tegrate local visual cues into coherent topolog-
ical representations, showing that structural
complexity remains a key challenge.

• Through controlled ablations across multiple
model families, we show that the main bottle-
neck lies in reasoning rather than perception,
and identify recurring structural failure modes
that inform future visual reasoning systems.

2 Related Work

2.1 Multimodal Large Language Models

Multimodal Large Language Models (MLLMs)
extend text-only LLMs by integrating visual
comprehension capabilities. Early works es-
tablished fundamental vision-language alignment
(e.g., CLIP (Radford et al., 2021)) and cross-modal
fusion (e.g., BLIP-2 (Li et al., 2023)). Through
large-scale pre-training and instruction tuning on
diverse multimodal datasets, the field has rapidly
advanced, achieving remarkable proficiency in gen-
eral visual reasoning and Optical Character Recog-
nition (OCR) understanding. Today, the land-
scape is driven by highly capable open-source mod-
els (e.g., Qwen3-VL (Bai et al., 2025b), Google
Gemma 4 (Google DeepMind, 2026b), and Kimi-
K2.6 (Moonshot AI, 2026)), alongside powerful
proprietary models (e.g., GPT-5.5 (OpenAI, 2026),
Claude-Sonnet-4.6 (Anthropic, 2026), and Gemini-
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Category Number

Question Dimensions
Spatial Element Localization 835
Topological Information Extraction 414
Pathway Connectivity Tracing 167
Structural Topology Reasoning 202

Question types
Numerical questions 1094
Multiple-choice questions 202
Free-form questions 322

Total 1618

Table 1: Key statistics of ChemReaction.

Reactant
11.25%

Product
11.12%

Reaction 
Steps

25.71%

Temperature
6.8%

Time
3.83%

Yield
5.19%

Subscript
9.77%

Topology 
classification

12.36%

Reaction Conditions 
(3.52%)

Forward Reasoning 
(4.26%)

Reverse Reasoning 
(4.82%)

Path Tracing  
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Cyclicity
 Detection (0.12%)

Localization
(51.61%)Information 

Extraction
(25.59%)

Tracing
(10.32%)

Topology

(12.48%
)

Figure 3: Composition of ChemReaction.

3.1-Pro (Google DeepMind, 2026a)). However,
while these state-of-the-art MLLMs excel at rec-
ognizing individual visual elements and extracting
localized information, their capacity to perform
holistic structural reasoning (Dalke, 2019; Xu et al.,
2025; Cao et al., 2026) over complex topological
diagrams remains largely unexplored.

2.2 Visual Question Answering Benchmarks

Visual Question Answering (VQA) benchmarks
have been instrumental in driving the development
and evaluation of Multimodal Large Language
Models. Existing datasets like DocVQA (Mathew
et al., 2021) and ChartQA (Masry et al., 2022)
primarily evaluate visual information extraction
capabilities across relatively simple, standard-
ized layouts (Li et al., 2025c, 2026b). On the
other hand, science-oriented benchmarks such as
ScienceQA (Lu et al., 2022) and AI2D (Kem-
bhavi et al., 2016) test domain-specific scien-
tific knowledge and basic diagrammatic under-
standing. Chemical-domain benchmarks such as
MoleculeQA (Lu et al., 2024) and ChemCoT-
Bench (Li et al., 2026a) further evaluate molecular
comprehension and chemical reasoning, respec-

tively. However, these benchmarks do not system-
atically evaluate structural reasoning over complex
topological diagrams. In these scenarios, visual
inputs typically act as static semantic references
rather than intricate relational networks (Bai et al.,
2025a). Consequently, while current VQA bench-
marks heavily focus on general semantic compre-
hension and basic grounding, they lack a system-
atic evaluation of complex topological reasoning.
Our work addresses this critical gap by specifically
isolating and evaluating multi-hop, graph-theoretic
reasoning within dense structural topologies.

2.3 Chemical Reaction Diagram
Understanding

Existing approaches to chemical reaction diagram
understanding employ multi-stage pipelines that
first perform Optical Chemical Structure Recog-
nition (OCSR) to detect individual molecular
structures, then convert detected elements into
text-based representations such as the Simplified
Molecular Input Line Entry System (SMILES) (Ra-
jan et al., 2020; Qian et al., 2023b,a; Clevert
et al., 2021). Representative methods include
RxnScribe (Qian et al., 2023a) and Reaction-
DataExtractor 2.0 (Wilary and Cole, 2023). Such
pipeline-based frameworks are fundamentally
incompatible with end-to-end MLLMs, which
directly process visual inputs without intermediate
symbolic conversion. Furthermore, text-based
representations discard spatial positioning and
pathway directionality, precluding differentia-
tion between recognition errors and reasoning
deficits (Filippov and Nicklaus, 2009; Oldenhof
et al., 2020; Rajan et al., 2023). In contrast, React-
Bench evaluates MLLMs’ topological reasoning
capabilities through visual question-answering
tasks, enabling direct assessment of structural un-
derstanding without pipeline-induced confounds.

3 The ReactBench Benchmark

We introduce ReactBench, a specialized bench-
mark designed to evaluate MLLMs’ ability to com-
prehend and reason about chemical reaction di-
agrams. ReactBench consists of a high-quality
dataset ChemReaction with 1,618 rigorously cu-
rated QA pairs derived from real-world chemical
reaction diagrams, and a comprehensive evaluation
framework assessing four key dimensions of reac-
tion diagram understanding: (1) spatial element
localization, (2) topological information extrac-
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(a)

(a)
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Chemical
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Figure 4: ReactBench pipeline. We collect and curate chemical reaction diagrams from literature and patents,
construct expert-validated QA pairs, and evaluate MLLMs across predefined topological reasoning tasks.

tion, (3) pathway connectivity tracing, (4) struc-
tural topology reasoning. Key statistics of Chem-
Reaction are summarized in Tab. 1, and its compo-
sition is illustrated in Fig. 3. The complete bench-
mark construction pipeline is depicted in Fig. 4.
Below, we detail the dataset collection and annota-
tion methodology for ChemReaction, and the eval-
uation scope of ReactBench.

3.1 Dataset Details
Data Collection and Curation. ReactBench is
constructed from over 1,300 unique real-world
chemical reaction diagrams curated from chem-
istry literature and patent databases, ensuring both
academic rigor and practical relevance. The aca-
demic sources comprise diagrams extracted from
articles published between 1996 and 2016 in major
Chemical Society journals, including The Journal
of Organic Chemistry, Journal of the American
Chemical Society, and Organic Letters. To ensure
diversity, each diagram is sourced from a distinct ar-
ticle, covering varied layouts, notation styles, and
information densities. We further filter out dia-
grams with incomplete mechanisms, ambiguous
visual structures, or duplicate content. The final
dataset contains 1,618 question-answer pairs.
Taxonomy of Reaction Topologies. To capture di-
verse visual complexity and reasoning challenges,
we stratify the curated diagrams into four topology
categories: (a) Single-line: linear pathways with
unidirectional flows; (b) Multiple-lines: parallel or
branched mechanisms with competing intermedi-

ates; (c) Tree: hierarchical branching with diver-
gent synthesis routes; (d) Graph: cyclic networks
requiring non-linear reasoning.

3.2 Question Design

To evaluate MLLMs’ chemical reaction diagram
understanding, we design questions across four
dimensions, as shown in Fig. 2.
Spatial Element Localization. This task evaluates
fine-grained spatial reasoning within structured di-
agrams. Models must identify node roles, such as
sources, sinks, and intermediates, based on topo-
logical position and visual context.
Topological Information Extraction. This dimen-
sion assesses structured information extraction un-
der topological context. Models must extract nu-
merical and textual attributes, such as reaction con-
ditions, yields, and subscripts, while preserving
their correspondence to graph elements.
Pathway Connectivity Tracing. This dimension
probes connectivity and path traversal in reaction
networks. Models must trace pathways, predict
sequential nodes, and reconstruct complete paths
from topological connections alone, testing graph-
theoretic reasoning rather than chemical prediction.
Structural Topology Reasoning. This dimension
evaluates holistic understanding of reaction topol-
ogy. Models must classify global structural pat-
terns, such as linear, branched, cyclic, tree-like,
or graph topologies, and detect properties such as
cycles or terminal nodes.
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Table 2: Detailed evaluation results on ReactBench across different models, showing the answer accuracy (Acc.) of
each model in each task. Average denotes the arithmetic mean of a model’s scores over all four tasks. The best and
second-best per model category is highlighted with bold and underlined respectively.

Models # Params
ReactBench

Average
Localization Extraction Tracing Reasoning

Proprietary Models
GPT-5.5 - 55.21 88.41 83.23 51.49 69.59
GPT-4o - 44.07 79.71 82.04 49.50 63.83

Claude-Sonnet-4.6 - 55.69 75.36 90.42 46.53 67.00
Claude-Sonnet-3.5 - 50.78 81.88 92.22 49.50 68.60

Gemini-3.1-Pro - 59.16 85.27 86.23 64.85 73.88
Gemini-1.5-Pro - 45.75 75.60 71.86 55.45 62.17
Qwen-VL-MAX - 49.22 90.10 88.62 32.18 65.03

Open Source Models
InternVL2.5-MPO 8B 38.20 66.43 59.28 37.62 50.38

InternVL2.5 8B 27.43 65.22 45.51 26.73 41.22
InternVL2.5 26B 33.89 66.18 65.87 19.80 46.44
InternVL2.5 78B 41.08 79.47 67.66 26.73 53.74

Qwen3-VL-Instruct 8B 52.34 85.02 82.04 32.67 63.02
Qwen3-VL-Instruct 32B 60.24 86.96 91.02 57.43 73.91

Qwen3-VL-Thinking 8B 49.22 85.99 76.65 29.11 60.24
Qwen3-VL-Thinking 32B 63.59 88.89 88.02 43.07 70.89

Qwen2.5-VL 3B 24.43 89.61 49.70 34.65 49.60
Qwen2.5-VL 7B 37.96 85.75 66.47 39.11 57.32
Qwen2.5-VL 72B 46.47 89.86 83.83 54.46 68.66

DeepSeek-VL2 3B 45.39 50.72 16.17 33.66 36.49
DeepSeek-VL2 16B 28.62 78.50 8.38 28.71 36.05

LLaVA-NeXT-Mistral 7B 18.44 30.43 26.95 21.78 24.40
LLaVA-NeXT-Vicuna 13B 13.77 39.13 1.80 28.22 20.73
Phi-3.5-vision-instruct 4.2B 21.80 69.75 29.34 38.12 39.75

MiniCPM-o 2.6 8B 35.09 75.12 51.50 39.60 50.33

3.3 Evaluation Method

To simplify the evaluation process, all questions
in ChemReaction are presented in either multiple-
choice or open-ended formats with concise, eas-
ily verifiable ground truth answers. We utilize
prompting and template matching to extract an-
swers. Prompts guide the model in generating
responses in both full and short-answer formats.
After generations, the short answer is extracted
to compare it with the ground truth. Detailed
prompts used in our experiments can be found in
Appendix D.2. This design eliminates the need for
using LLM-as-a-judge (Chen et al., 2024a) and
enables fully automated accuracy measurement
through exact string matching.

4 Experiment
4.1 Experimental Setups

We comprehensively evaluate various MLLMs
across multiple chemical reaction diagram un-
derstanding tasks. We test open-source mod-
els including Qwen3-VL-Instruct (8B, 32B) and
Qwen3-VL-Thinking (8B, 32B) (Bai et al., 2025b),
Qwen2.5-VL (3B, 7B, 72B) (Bai et al., 2025c),
InternVL2.5 (8B-MPO, 8B, 26B, 78B) (Chen
et al., 2024b), LLaVA-NeXT (Mistral-7B, Vicuna-
13B) (Liu et al., 2024), MiniCPM-o 2.6 (8B) (Yao
et al., 2024), DeepSeek-VL2 (3B, 16B) (Wu et al.,
2024) and Phi-3.5-vision-instruct (4.2B) (Abdin
et al., 2024). Furthermore, we evaluate propri-
etary models such as GPT-5.5 (OpenAI, 2026),
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GPT-4o (OpenAI, 2024), Claude-Sonnet-4.6 (An-
thropic, 2026), Claude-Sonnet-3.5 (Anthropic,
2024), Gemini-3.1-Pro (Google DeepMind, 2026a),
Gemini-1.5-Pro (Gemini Team et al., 2024), and
Qwen-VL-MAX (Qwen, 2024). Evaluation of
these MLLMs ensures fair comparison consider-
ing model architecture differences and parameter
scales.

4.2 Main Results
In this section, we evaluate both open-source and
proprietary MLLMs on ReactBench. Tab. 2 re-
ports model accuracy across four tasks. The results
reveal a clear pattern: recent frontier MLLMs sub-
stantially improve the overall performance ceiling,
yet a clear gap remains between anchor-based per-
ception and holistic topological reasoning.
Recent frontier models improve the perfor-
mance ceiling, but do not close the topology
gap. The strongest models in our evaluation sub-
stantially outperform earlier MLLMs on React-
Bench. Among all evaluated models, Qwen3-VL-
Instruct-32B achieves the highest average accuracy
of 73.91%, closely followed by Gemini-3.1-Pro
with 73.88%. Qwen3-VL-Thinking-32B and GPT-
5.5 also obtain strong average scores of 70.89%
and 69.59%, respectively. These results indicate
that recent MLLMs have made notable progress
in chemical reaction diagram understanding. How-
ever, their gains are uneven across task types. The
best scores on Extraction and Tracing reach 90.10%
and 92.22%, respectively, while the best scores
on Localization and Reasoning remain lower at
63.59% and 64.85%. This gap suggests that local
visual recognition and pathway following are more
mature than global topological abstraction.
Thinking does not consistently improve topolog-
ical reasoning. A notable finding is that thinking-
style models do not uniformly outperform their
non-thinking counterparts. For proprietary models,
GPT-5.5 improves over GPT-4o in average accu-
racy, increasing from 63.83% to 69.59%. Gemini-
3.1-Pro also substantially improves over Gemini-
1.5-Pro, increasing from 62.17% to 73.88%, and
achieves the best Reasoning accuracy among all
models at 64.85%. However, this trend is not uni-
versal. Claude-Sonnet-4.6 obtains a lower average
score than Claude-Sonnet-3.5, and also slightly un-
derperforms it on both Tracing and Reasoning.

The comparison between Qwen3-VL-Instruct
and Qwen3-VL-Thinking provides a more con-
trolled view of this effect. Although Qwen3-VL-

Thinking-32B achieves higher Localization and Ex-
traction scores than Qwen3-VL-Instruct-32B, it per-
forms substantially worse on Reasoning, dropping
from 57.43% to 43.07%. A similar pattern appears
at the 8B scale, where Qwen3-VL-Thinking-8B un-
derperforms Qwen3-VL-Instruct-8B in average ac-
curacy. These results suggest that explicit thinking-
style inference may improve localized inspection
or element-level grounding, but does not necessar-
ily lead to better global topology abstraction. In
some cases, the model may still rely on local visual
evidence without successfully integrating it into a
coherent global reaction structure.
Local pathway tracing does not imply global
structural reasoning. Another important pattern
is the large gap between Tracing and Reasoning
within the same model. For example, Claude-
Sonnet-4.6 achieves 90.42% on Tracing but only
46.53% on Reasoning. Qwen-VL-MAX reaches
88.62% on Tracing but drops to 32.18% on Reason-
ing. Similarly, Qwen3-VL-Thinking-32B obtains
88.02% on Tracing but only 43.07% on Reason-
ing. These results indicate that following local
connectivity between adjacent nodes and inferring
the global topology of the entire reaction network
require different capabilities. A model may cor-
rectly trace local reaction paths while still failing
to classify the overall reaction topology.
Open-source frontier models are competitive
with proprietary models. The updated evalua-
tion also shows that recent open-source models can
match or even surpass proprietary systems on Re-
actBench. Qwen3-VL-Instruct-32B achieves the
best overall average accuracy among all evaluated
models, slightly outperforming Gemini-3.1-Pro. It
also obtains 91.02% on Tracing and 57.43% on
Reasoning, outperforming most proprietary models
on these dimensions. This suggests that the perfor-
mance gap between open-source and proprietary
MLLMs has become much smaller for chemical re-
action diagram understanding, particularly on tasks
involving local pathway following and moderately
structured visual reasoning.
Extraction is approaching saturation, while
topology remains the main bottleneck. Topologi-
cal information extraction shows high performance
across many strong models. Qwen-VL-MAX
achieves 90.10%, Qwen2.5-VL-72B achieves
89.86%, Qwen2.5-VL-3B achieves 89.61%, and
Qwen3-VL-Thinking-32B achieves 88.89%. This
indicates that local anchor recognition, including
textual and numerical information extraction, is no
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Q: How many total reaction steps 
are there in the diagram?

Gemini1.5 pro LLaVA 1.6 13B GPT-4o Qwen-VL max Claude3.5 GT

3 15 3 3 3 1

GPT-4o Reasoning:
The reaction sequence in the diagram consists of three steps:
① Activation of the carboxylic acid (14) with CDI (Carbonyldiimidazole) in MeCN at 

40°C – This step likely forms an acyl imidazolide intermediate.
② Reaction with the hydrazine derivative (1) at ambient temperature – This step 

facilitates cyclization to form the fused pyrazolopyrimidine core.
③ Additional CDI treatment at ambient temperature – This likely completes the 

transformation into the final product (15).
Thus, the total number of reaction steps in the diagram is three.

Q: What is the subscript of the 
final product in the diagram? 

Gemini1.5 pro LLaVA 1.6 13B GPT-4o Qwen-VL max Claude3.5 GT

14 13 2 18 18 18

GPT-4o Reasoning:
To determine the subscript in the final product, we trace the reaction scheme:  
① Start with compound **11**: (a benzaldehyde with fluorine and chlorine).  
② React with DIPEA, adding a Boc-protected piperazine to form **12**.  
③ React with thioglycolic acid ethyl ester and K₂CO₃, yielding **13**.  
④ Hydrolyze with KOH and thioglycolic acid, converting the ester to a 

carboxylic acid in **14**.  
⑤ Treat with Cu₂O, forming a thieno[3,2-d]pyrimidin-4-one structure in 18.  
⑥ React with HCl**, producing the final hydrochloride salt **18•2HCl.  
Thus, the final product has a **subscript of 2**.

Gemini1.5 pro LLaVA 1.6 13B GPT-4o Qwen-VL max Claude3.5 GT

2 6 5 5 5 3

GPT-4o Reasoning:
We observe that 4 leads to the formation of compound 5, as indicated by the 
reaction arrow.
Compound 4 features an alkyne (-C≡C-) functional group and hydroxyl (-OH) groups.
The reaction conditions (Pd, H⁺) suggest a catalytic hydrogenation or coupling 
process.
In compound 5, the alkyne functional group remains, and a new structural unit (a 
bromo-aryl ether moiety) appears.
This transformation suggests 4 → 5 is a key synthetic step.

Q:The current step involves compound 
with subscript 4,  What is the subscript 
of the immediate next compound 
formed in this reaction?

Gemini1.5 pro LLaVA 1.6 13B GPT-4o Qwen-VL max Claude3.5 GT

C A B C C A

GPT-4o Reasoning:
The reaction pathway in the diagram is best classified as a multiple-line structure 
because:
① Sequential Transformations: The diagram shows a stepwise progression from 

compound (1) → (2) → (3), indicating a sequential reaction mechanism.
② Branching Pathways: After forming intermediate (3), the reaction further 

branches into multiple distinct final products (4) and (5). This signifies that the 
pathway is not a simple linear sequence but involves multiple outcomes.

Thus, the correct answer is: B) Multiple line

The diagram illustrates a reaction. 
Which term classifies the structure of 
the reaction pathway?  A) Single line  
B) Multiple line  C) Tree D) Graph 

(a)

(b)

(c)

(d)

Figure 5: Qualitative analysis of recurring failure patterns in ReactBench evaluation. Each case study exemplifies a
characteristic reasoning deficit observed across multiple model architectures.

longer the primary bottleneck for frontier MLLMs.
By contrast, holistic tasks such as endpoint local-
ization and structural topology reasoning remain

substantially more challenging. Therefore, the key
limitation of current MLLMs lies not merely in
recognizing individual diagram elements, but in
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Table 3: Performance comparison of Qwen2.5-VL us-
ing reaction-diagram images and linearized ground-truth
JSON. Loc.: localization; Ext.: extraction; Trac.: trac-
ing; Reas.: reasoning.

Model Input Loc. Ext. Trac. Reas.

Qwen2.5-VL-3B Image 24.43 89.61 49.70 34.65
Text-Only 34.37 34.54 19.17 9.90

Qwen2.5-VL-7B Image 37.96 85.75 66.47 39.11
Text-Only 39.88 41.06 10.78 8.91

integrating these elements into a coherent global
representation of the reaction topology.

5 Diagnosing the Reasoning Gap:
Analysis and Ablations

The preceding results show that strong models can
exceed 80% on extraction and tracing, yet still
struggle with endpoint localization and topology
reasoning. This gap raises a key question: Does the
bottleneck stem from visual perception or structural
reasoning? We investigate this through targeted di-
agnostic experiments.

5.1 Bottleneck: Perception or Reasoning

The preceding results reveal a clear performance
gap. We now investigate whether this deficit orig-
inates from the visual modality itself, a failure in
perception, or a limitation in reasoning.
Step 1: The Necessity of Visual Modality. We
first investigate whether complex topological rea-
soning can be bypassed by providing perfectly
structured text. We conduct an ablation study using
ground-truth structured JSON (see Appendix D.1),
linearized into a text-only prompt to completely
replace the image input. This JSON representa-
tion encompasses all essential chemical informa-
tion, including SMILES strings, molecular names,
textual tags (e.g., A, B, C), bounding box coor-
dinates (bbox), reaction roles, and reaction con-
ditions. As shown in Tab. 3, while Localization
scores slightly improve due to the explicit coor-
dinates in the JSON, performance on Extraction,
Tracing, and Reasoning tasks drops precipitously.
Notably, for Qwen2.5-VL-7B, the Tracing score
falls from 66.47% to a mere 10.78%. This contrast
demonstrates that topological reasoning inherently
requires the spatial and structural information en-
coded in visual diagrams, which is lost during the
linearization process. However, this necessity of
visual input does not imply the bottleneck lies in
perception, a point we investigate next.
Step 2a: Does Structured Perception Help?

Figure 6: Localization performance comparison of three
models with two enhancement techniques: Chain-of-
Thought (CoT) and External Knowledge (EK).

To test whether perception is the bottleneck, we
prompt models to first decompose the chemical dia-
gram into a structured JSON representation before
answering, following Chain-of-Thought method-
ologies (Wei et al., 2022; Sprague et al., 2024;
Wang et al., 2025; Deng et al., 2024). As illustrated
in Fig. 6, this structured perception step yields only
modest improvements for GPT-4o, Qwen2.5-VL-
3B, and Qwen2.5-VL-72B (gains of 2.16%, 8.38%,
and 10.30%, respectively). While enforcing sys-
tematic visual analysis provides some benefit, the
limited gains suggest the problem runs deeper than
disorganized perception.
Step 2b: What If Perception Were Perfect? To
eliminate the perception variable, we supply mod-
els with error-free structural information as Exter-
nal Knowledge (EK) alongside the image (see Ap-
pendix D.5). This bypasses the models’ visual pro-
cessing, testing reasoning capabilities in a best-case
scenario. Results in Fig. 6 are striking. While ac-
curacy reaches 57.49% for GPT-4o and 62.63% for
Qwen2.5-VL-72B, overall performance remains be-
low 65%. This confirms the primary bottleneck is
not visual perception, but a deep-seated limitation
in core reasoning over complex topologies.

5.2 How Reasoning Failures Manifest

Having established that the bottleneck lies in rea-
soning rather than perception, we now examine
how these failures manifest across the four task di-
mensions. The following cases highlight recurring
failure patterns shared by different model families.
Localization: Failure in Hierarchical Abstrac-
tion. As shown in Fig. 5(a), MLLMs correctly
identify local textual markers, such as 1), 2), and
3), but cannot perform the hierarchical abstraction
needed to understand these are conditions for a sin-
gle global transformation. This leads to systematic
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Table 4: Impact of molecular placeholder masking on
model performance.

Model Task Original
images

Masked
images ∆

Qwen2.5-VL
3B

Localization 24.43 19.76 -4.67
Extraction 89.61 78.50 -11.11

Tracing 49.70 42.51 -7.19
Reasoning 34.65 31.19 -3.46

Qwen2.5-VL
7B

Localization 37.96 35.81 -2.15
Extraction 85.75 77.78 -7.97

Tracing 66.47 56.89 -9.58
Reasoning 39.11 47.52 +8.41

Qwen2.5-VL
72B

Localization 46.47 45.15 -1.32
Extraction 89.86 80.68 -9.18

Tracing 83.83 68.26 -15.57
Reasoning 54.46 55.94 +1.48

over-segmentation when counting reaction steps,
revealing an inability to move from local feature
recognition to global process understanding.
Extraction: Loss of Structural Consistency.
Tracking entities across a diagram requires main-
taining focus throughout multiple visual elements.
In Fig. 5(b), GPT-4o correctly follows the main
molecular transformation but is derailed by a lo-
cal, irrelevant visual feature (2HCl) when identify-
ing the final product subscript. This demonstrates
a breakdown in structural consistency, where the
model fails to filter distractors during extraction.
Tracing: Failure in Topological Path Tracing.
MLLMs often disregard explicit topological rules
in favor of learned heuristics. In Fig. 5(c), models
ignore directed arrows (5 → 4 → 3), predicting the
next compound via superficial numerical sequences.
This reveals a critical deficit in graph-theoretic rea-
soning and the inability to process connective logic.
Reasoning: Inability to Classify Global Topol-
ogy. The ultimate test of structural reasoning
is classifying a diagram’s overall topology. In
Fig. 5(d), models correctly perceive local features
like a linear sequence and a branching point, but
fail to integrate these into the correct global clas-
sification of “single line” structure. This directly
confirms our central finding: local perception is
intact, but global structural reasoning fails.

5.3 The Role of Molecular Structures in
Topological Reasoning

Having shown that reasoning is the main bottle-
neck, we further examine whether molecular struc-
tures serve as useful visual anchors or distractors
for topology reasoning (Li et al., 2025b). Follow-
ing the masking procedure in Appendix D.6, we
replace molecular structures with black borders

while preserving the original topological connec-
tivity.

As shown in Tab. 4, masking molecular struc-
tures consistently reduces performance on Local-
ization, Extraction, and Tracing across all model
sizes. This suggests that models use molecular
structures as visual anchors for organizing reac-
tion connectivity and flow. In contrast, Reasoning
shows a different pattern: the 3B model slightly
declines (-3.46%), whereas the 7B and 72B models
improve by 8.41% and 1.48%. This suggests that
molecular details help local tasks but may distract
larger models from abstract topology reasoning.

Overall, molecular structures play a dual role:
they support local perception and pathway under-
standing, but can impede the hierarchical abstrac-
tion required for global structural reasoning.

6 Conclusion
We introduce ReactBench, a benchmark to system-
atically investigate MLLMs’ comprehension capa-
bilities in chemical reaction diagrams. We evaluate
MLLMs using 1,618 QA pairs based on real-world
reaction images, covering tasks from basic recog-
nition to advanced reasoning. Our findings reveal
persistent limitations in MLLMs’ ability to perform
topological reasoning over chemical reaction dia-
grams, particularly when tasks require integrating
local visual cues into a holistic understanding of
reaction structure. This highlights the need for im-
proved multimodal reasoning in scientific domains
and provides a critical evaluation framework.

Limitations

Our benchmark focuses on chemical reaction dia-
grams rather than abstract graphs or other diagram
types. This choice is deliberate. Chemical reaction
diagrams provide natural topological diversity from
linear chains to cyclic networks while demanding
both local perception and global reasoning. Ab-
stract synthetic graphs lack the visual complexity
that makes findings practically meaningful, and
other diagram types such as flowcharts typically
exhibit limited topological variety. Extending this
framework to other scientific domains remains valu-
able future work. Furthermore, although the scale
of 1,618 instances is modest compared to massive,
synthetically generated datasets, the exceptionally
high density of multi-hop reasoning steps and the
rigorous, multi-round expert annotation protocol
ensure a high signal-to-noise ratio, effectively pri-
oritizing analytical quality over sheer quantity.
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A Robustness of the Evaluation Protocol

To ensure our findings are not artifacts of an
overly strict evaluation metric, we compare exact-
match scoring against an LLM-as-a-judge ap-
proach. Strict exact-match risks penalizing seman-
tically correct answers due to surface-form varia-
tions (e.g., “2” vs. “two”).

We explicitly mitigate such variations in Re-
actBench through constrained task design, includ-
ing single-character multiple-choice questions and
strict prompts for numeric outputs. To quantify
potential underestimation, we relax these con-
straints and use Gemini-2.5-Flash (Comanici
et al., 2025) as an external semantic judge.

As shown in Tab. 5, semantic evaluation changes
the absolute scores substantially (e.g., Tracing im-
proves from 49.70% to 70.06% for Qwen2.5-VL-
3B). Despite some task-level variations, the overall
model ranking remains consistent, and the signif-
icant capability gaps persist. This indicates that
while the absolute scale shifts, the overall com-
parative assessment of model capabilities remains
stable.

We therefore retain exact-match as the primary
metric for ReactBench. It guarantees absolute re-
producibility, eliminates the computational over-
head and inherent biases of LLM judges (Li et al.,
2025a), and provides a rigorous lower-bound stan-
dard for future benchmarking.

B Question-Only Blind Baseline

A natural concern for any diagram-based bench-
mark is whether models can exploit linguistic pat-
terns or dataset priors to guess answers without
actually reading the diagram. To rule out this short-
cut, we conduct a question-only (blind) ablation in
which the chemical reaction diagram is removed
entirely and the model receives the textual question
alone. We evaluate the strongest open-source fam-
ily in our study, Qwen3-VL-Instruct (8B and 32B),
under identical prompts and answer extraction rules
as the main experiments.
Performance collapses without visual input. As
shown in Tab. 6, removing the diagram degrades
performance across all four dimensions. Extraction,
which depends on reading numerical attributes di-
rectly off the diagram, drops to below 7% for both
model scales, and Reasoning falls below 10%. No-
tably, these scores fall below the random-guessing
level of the corresponding answer spaces, indicat-
ing that blind models do not guess uniformly but

Table 5: Comparison of evaluation protocols for
Qwen2.5-VL. EM: Exact Match; Judge: LLM-as-a-
Judge; Loc.: Localization; Ext.: Extraction; Trac.:
Tracing; Reas.: Reasoning; Avg.: arithmetic mean over
the four tasks.

Size Protocol Loc. Ext. Trac. Reas. Avg.

3B EM 24.43 89.61 49.70 34.65 49.60
Judge 36.40 83.33 70.06 25.25 53.76

7B EM 37.96 85.75 66.47 39.11 57.32
Judge 54.01 87.44 87.42 42.57 67.86

instead commit to systematically incorrect default
answers (e.g., a canonical endpoint count). This
confirms that ReactBench contains no exploitable
language prior: the questions are not answerable
from templated phrasing or from the marginal dis-
tribution of ground-truth answers.
Visual topology is required, not optional. Ques-
tions such as “What is the subscript of the im-
mediate next compound?” cannot be resolved by
heuristics, since the answer depends on multi-hop
traversal over the specific topology of each diagram.
Because our 1,300+ diagrams span linear chains,
branched mechanisms, trees, and cyclic graphs, no
single structural prior generalizes across instances.
The residual accuracy observed on Tracing (32.93–
36.53%) reflects the fact that a subset of tracing
questions admits a small candidate set of adjacent
subscripts, rather than any genuine reasoning abil-
ity.

Corroboration from thinking-style models. We
repeat the same blind experiment on the reasoning-
focused variants (Qwen3-VL-Thinking 8B/32B).
Because these models perform explicit chain-of-
thought before answering, they consistently detect
that no diagram is available and decline to produce
an answer rather than hallucinating one. This be-
havior further indicates that ReactBench questions
are strictly grounded in the visual input and are not
solvable from the text alone.

C Empirical Validation of OCSR
Limitations

To illustrate the information loss inherent in cur-
rent OCSR tools, we analyze the output of Rxn-
Scribe (Qian et al., 2023a), a state-of-the-art
method. The following example displays a typi-
cal prediction for a reaction scheme:
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Model Input Loc. Ext. Trac. Reas.

Qwen3-VL-Instruct-8B Image + Question 52.34 85.02 82.04 32.67
Question Only 15.57 6.76 36.53 9.90

Qwen3-VL-Instruct-32B Image + Question 60.24 86.96 91.02 57.43
Question Only 10.30 5.56 32.93 8.91

Table 6: Question-only (blind) baseline on ReactBench. Removing the reaction diagram causes performance to
collapse across all four dimensions. Loc.: localization; Ext.: extraction; Trac.: tracing; Reas.: reasoning.

Example output from RxnScribe

1 [
2 {
3 "reactants": [
4 {
5 "category": "[Mol]",
6 "smiles": "Cc1ncc(C[n+]2csc(CCO)

c2C)c(N)n1.Cl"
7 }
8 ],
9 "conditions": [

10 { "category": "[Txt]", "text": "
28.5% aq" },

11 { "category": "[Mol]", "smiles": "O=
S(=O)([O][Na])SCC1CCCO1" },

12 { "category": "[Txt]", "text": "NaOH
" },

13 { "category": "[Txt]", "text": "rt,
10 min" }

14 ],
15 "products": [
16 {
17 "category": "[Mol]",
18 "smiles": "C/C(=C(\\CCO)SSCC1CCCO1

)N(C=O)Cc1cnc(C)nc1N"
19 }
20 ]
21 }
22 ]

While this representation correctly recovers in-
dividual molecules and textual labels, it fails to
encode the reaction topology targeted by our bench-
mark:

• Connectivity: It does not specify which arrow
connects which reactant to which product.

• Sequential Order: It does not indicate the
temporal order of individual steps in a multi-
step scheme.

• Global Structure: It does not represent
branching pathways or convergent steps
within the global network.

Consequently, a model relying solely on OCSR-
derived textual representations (SMILES or JSON)
lacks the necessary structural context to perform
complex topological reasoning.

D Detailed Experiment Setups

In this section, we provide more details about our
experiment designs.

D.1 Illustration of Ground-Truth Structured
JSON

In this section, we provide a concrete example of
the ground-truth structured JSON used in the text-
only ablation study discussed in the main paper.
Fig. 7 shows the original chemical reaction dia-
gram, while the subsequent JSON snippet demon-
strates how its constituent elements are computa-
tionally structured.

Example of Ground-Truth JSON

1 [
2 {
3 "reactants": [
4 {
5 "category": "[Mol]",
6 "smiles": "ClC(CC1=CC=CC=C1)=O"
7 }
8 ],
9 "conditions": [

10 { "category": "[Txt]", "text": "
triethylamine" },

11 { "category": "[Txt]", "text": "2-
ethyl-1-hexanol" },

12 { "category": "[Txt]", "text": "
methylene chloride" },

13 { "category": "[Txt]", "text": "50C"
}

14 ],
15 "products": [
16 {
17 "category": "[Mol]",
18 "smiles": "[O]C(CC1=CC=CC=C1)=O"
19 }
20 ]
21 }
22 ]

D.2 Prompt for Answer Extraction

In our main experiment, we directly pose ques-
tions to the model and employ prompt engineering
and template matching to extract answers. As il-
lustrated in Fig. 9, prompts guide the model in
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Figure 7: Example of a chemical reaction diagram used for the text-only ablation study. This visual representa-
tion is translated into the structured JSON format shown below, which preserves the chemical semantics (SMILES,
text).

generating responses in both full and short answer
formats, where the short answer format adheres to
the requirements specified in Tab. 7 for different
question types. After generation, the short answer
is extracted for comparison with the ground truth,
while the full answer is used to analyze the reason-
ing process of MLLMs.

Table 7: The prompt for different QA types in answer
generation.

Answer type Prompt

multiple choice Just provide the corresponding choice
option, such as ‘A’, ‘B’, ‘C’, or ‘D’.

number Provide ONLY the numerical answer
without any units, symbols, or addi-
tional text.

text Just give the subscript without any
other text.

D.3 Fine-Grained Subtype Statistics

Fig. 3 reports the proportional composition of the
fine-grained subtypes. Because rounded percent-
ages may obscure the actual sample sizes of rare
categories, we additionally report absolute counts
alongside exact percentages in Tab. 8.
Imbalance among fine-grained subtypes. These
statistics make the imbalance across subtypes ex-
plicit. Path Tracing contains 20 examples, while
Cyclicity Detection contains only 2. We note that
the Cyclicity Detection subset is too small to sup-
port a statistically reliable standalone evaluation or
any broad claim about models’ cycle-detection ca-
pabilities; these examples were included to provide
coverage of cyclic reaction structures rather than
to establish an independent quantitative category.
Path Tracing, although larger, is still substantially
smaller than Forward and Reverse Reasoning, so
we treat its results as exploratory and refrain from
using small subtype-level differences to support

Figure 8: Illustration of the visual context ablation.
Detailed molecule images are masked and replaced with
rectangle placeholders to isolate the topological struc-
ture.

model rankings or general conclusions.
All quantitative findings reported in this paper

are computed at the level of the four broader task
dimensions, which contain 835, 414, 167, and 202
examples respectively. The subtype-level statistics
are intended to clarify dataset composition and il-
lustrate the coverage of different operations, not to
imply that every subtype supports equally strong
statistical conclusions.

D.4 Prompt of Chain-of-Thought

The prompt of the CoT prompting strategy is il-
lustrated in Fig. 10, where the model is first in-
structed to convert the reaction diagram into a pre-
defined JSON format, followed by the question
being posed.

D.5 Prompt of External Knowledge

Here, we present the specific prompt and exter-
nal knowledge format used in the main text. The
prompt itself is shown in Fig. 11, and Fig. 12 gives
a concrete example of the accompanying JSON.
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Task Dimension Subtype Count %

Spatial Element Localization

Reactant 182 11.25
Product 180 11.12
Reaction Steps 416 25.71
Reaction Conditions 57 3.52

Total 835 51.61

Topological Information Extraction

Temperature 110 6.80
Time 62 3.83
Yield 84 5.19
Subscript 158 9.77

Total 414 25.59

Pathway Connectivity Tracing

Forward Reasoning 69 4.26
Reverse Reasoning 78 4.82
Path Tracing 20 1.24

Total 167 10.32

Structural Topology Reasoning
Topology Classification 200 12.36
Cyclicity Detection 2 0.12

Total 202 12.48

Overall 1,618 100.00

Table 8: Fine-grained subtype statistics of ChemReaction. Percentages are computed over all 1,618 QA pairs.

D.6 Illustration of Molecular Structure
Masking

To provide a clear visual example of the visual con-
text ablation described in the main paper, Fig. 8
illustrates how the chemical diagrams are specifi-
cally modified for this experiment. By replacing
detailed molecular structures with black rectangu-
lar placeholders, we force the models to rely solely
on the remaining topological elements (e.g., arrows
and text) without the aid of familiar chemical visual
cues.

E Dataset Details

E.1 Annotation Protocol and Annotator
Qualifications

We established a rigorous annotation pipeline
involving domain experts. All annotators are
graduate-level chemists with extensive experi-
ence in reading and interpreting organic reaction
schemes.

• Guidelines: Annotators followed detailed
guidelines designed to standardize the extrac-
tion of structured information. This included
specific instructions on (i) identifying and la-
beling reactants, products, reagents, and reac-
tion conditions; and (ii) formulating diverse
question-answer pairs that target recognition
(e.g., entity identification) as well as higher-
level reasoning (e.g., mechanistic relations,

condition analysis).

• Training Phase: Before large-scale annota-
tion, all annotators underwent a training phase
using pilot examples. Their initial annotations
were reviewed and corrected by a senior ex-
pert to ensure alignment with the guidelines.

• Data Format: Each reaction diagram is anno-
tated with structured ground truth in JSON
format, capturing the semantic roles of all
chemical entities within the diagram.

E.2 Quality Control and Inter-Annotator
Agreement

To ensure high data quality, we implemented a
multi-stage verification process. Each sample was
independently reviewed by three distinct annota-
tors. Disagreements regarding diagram interpreta-
tion or answer correctness were resolved through
group discussion, with a senior expert making the
final decision in ambiguous cases. Through this
rigorous review process, the empirical consistency
of the final annotations exceeded 95%.

F Examples in ReactBench

In this section, we present selected samples from
different tasks in our dataset, as illustrated in
Fig. 13, 14, 15, and 16. These examples high-
light the diversity of our designed questions, which
encompass a wide range of problem types.
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Direct Answer System Prompt

  Multimodal Chemical Reaction QA Task
    Inputs:
   1. Chemical reaction scheme image
    2. Question

   Answer the question by following these rules:
   1. Provide ONLY the numerical answer (e.g., \"80\") without any units, symbols, or additional text.
    2. Provide a detailed explanation of the step-by-step reasoning.\n"
    
    Final Output Format (as a JSON object):
    { 
   "    \"answer\": \"<numerical_value>\",
    "    \"explanation\": \"<step-by-step reasoning>\"   

}

Figure 9: The direct answer prompt in our ReactBench.

Chain of Thought System Prompt

Chemical Reaction QA Task:
    "Step 1 - Structural Parsing: Analyze the reaction image and convert it to this JSON format:"
    [{

\"reactants\": [ 
"{"  \"category\": \"[Mol]\","

                                  \"category_id\": 1,"
                                  \"bbox\": [x_min, y_min, x_max, y_max],"
                                  \"compound_id\": \"...\""}]
             //Additional reactants..."],

\"conditions\": [
                    "{" \"category\": \"[Txt]\","
                    \"category_id\": 2,"
                    \"bbox\": [x_min, y_min, x_max, y_max],"
                   \"text\": [\"reagent\", \"(equiv)\"]"}"
        / Additional conditions..."],

           \"products\": [
               // Product entries...]

 // "Additional reactions..."
]

    "Step 2 - Question Answering:"
Using the parsed structure from Step 1, answer the question by following these rules:"

1. Provide ONLY the numerical answer (e.g., \"80\") without any units, symbols, or additional text."
2. Provide a detailed explanation of the step-by-step reasoning."

    "Final Output Format (as a JSON object): "
 "{"
        \"answer\": \"<numerical_value>\","

        \"explanation\": \"<step-by-step reasoning>\""
"}"

Figure 10: The prompt of Chain-of-Thought in our ReactBench.
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External Knowledge System Prompt

Multimodal Chemical Reaction QA Task
    Inputs:
    1. Chemical reaction scheme image
    2. Supplemental JSON data

    Task Requirements:
    1. Cross-validate information between image and JSON data
    2. Answer format requirements:
      - Return ONLY numerical value (e.g. \"80\") 
      - No units, symbols or additional text"
    3. Explicitly explain how both modalities contribute to the answer

    Output Format (strict JSON):
    {
       \"answer\": \"<numerical_value>\","
        \"explanation\": \"<integration_steps>\""
    }

Figure 11: The prompt of external knowledge in our ReactBench.

  

 

                            

              

                                              

            

                      

                           

                          

                          

                          

                 

         

{

"bboxes": [

{ "id": 0, "bbox": [ 829.38, 21.2, 204.02, 163.45], "category_id": 1}, // molecules

{ "id": 1, "bbox": [ 1079.75, 26.38, 204.02, 132.37 ], "category_id": 1}, // molecules

{ "id": 2, "bbox": [ 466.77, 5.66, 284.32, 178.12 ], "category_id": 1 }, // molecules

{ "id": 3, "bbox": [ 7.14, 275.7, 1333.64, 150.9 ], "category_id": 4 },

{ "id": 4, "bbox": [1210.98,203.37,27.9,34.8],"category_id": 3 },

{ "id": 5, "bbox": [ 60.14, 12.57, 285.17, 146.18], "category_id": 1}, //molecules

{ "id": 6, "bbox": [ 229.35, 203.37, 22.72,35.67 ], "category_id": 3},

{ "id": 7, "bbox": [ 640.31, 200.78, 27.9, 35.67], "category_id": 3},

{ "id": 8, "bbox": [ 964.06, 210.27, 25.31, 34.81], "category_id": 3

} ],

"reactions": [ { "reactants": [5], "conditions": [], "products": [2,0,1]} ]

}

{"id": 5}

Figure 12: External Knowledge Example in our ReactBench. This JSON represents molecular structures
and reaction relationships extracted from the image. The bboxes section defines detected elements with their
respective IDs, bounding box coordinates, and the category_id, where 1 indicates molecules, 2 denotes text, 3
corresponds to compound identifiers (numerical labels without molecular structures), and 4 represents auxiliary
information. The reactions section associates reactants and products by referencing their IDs, illustrating the
transformations occurring between molecules. Overall, it systematically organizes visual and chemical data for
structured interpretation.

13760



Question: How many reactants are 
in the diagram?

Question: How many end products 
are in the diagram?

Question: How many generation 
paths are there for the compound with 
subscript 2 in the diagram?

Question: How many reaction steps in 
the diagram require reaction conditions?

Question: How many infeasible 
reaction steps are in the diagram?

Question: How many types of reaction 
conditions are there in the reaction step 
from subscript 3 to subscript 4?

Question: How many generation paths 
are there for the compound with subscript 
(S)-3 in the diagram?

Question: How many reversible 
reaction steps are in the diagram?

Question: "How many total  reaction 
steps are there in the diagram?"

Figure 13: Examples of Element Localization Task in our ReactBench.

Question: "Which term classifies the 
structure of the reaction pathway?  A) Single 
line  B) Multiple line  C) Tree  D) Graph"

Question: "Is there a circular reaction in the 
diagram, YES or NO?"

Question: "Which term classifies the structure of 
the reaction pathway?  A) Single line  B) Multiple 
line  C) Tree  D) Graph"

Figure 14: Examples of Topology Reasoning Task in our ReactBench.
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Question: " What is the highest 
reaction temperature of the step 
from 24 to 3b in degrees Celsius?"

Question: " What is the reaction 
temperature?"

Question: " What is the subscript of 
the final product in the diagram?"

Question: "What is the subscript 
of the reactant in the diagram?"

Question: " What is the longest 
reaction time in hours?" 

Question: "What is the shortest 
reaction time in hours for the step 
from 6b to 1b?"

Question: " What is the reaction time 
in minutes from subscript 1 to 2" 

Question: "What is the percentage 
yield of the step from subscript 4b to 
subscript 13d in the diagram? " 

Question: "What is the highest/lowest  
percentage yield of the step from 18 to 
19 in the diagram? " 

Question: "What is the lowest 
reaction temperature of the step 
from 4 to 5 in degrees Celsius?"

Figure 15: Examples of Information Extraction Task in our ReactBench.

% 10. Analyze the reaction mechanism diagram.  \nThe current step involves compound with 
subscript 14. **Focus only on compounds directly participating in the reaction pathway** (reactants 
and products).\n**Ignore substances in reaction conditions** (e.g., catalysts, solvents)  What is the 
subscript of the immediate next compound formed in this reaction? 

% 16. Analyze the reaction mechanism diagram.  \nThe current step involves compound with 
subscript 18.\n**Focus only on compounds directly participating in the reaction pathway** 
(reactants and products).\n**Ignore substances in reaction conditions** (e.g., catalysts, solvents)  
\nWhat is the subscript of the immediate previous compound that led to this step?

% 11. Based on the reaction mechanism diagram, list the subscripts of all compounds in the exact 
order they are formed

% Trace the full pathway leading to the product with subscript 10.

Question: " What is the subscript of the 
immediate next compound formed in 
this reaction? 

Question: "What is the subscript of the 
immediate previous compound that led to 
this step?"

Question: "Trace the full pathway leading 
to the product with subscript 7.  List all 
compound subscripts **in order**, from 
the starting material to the final product.

Figure 16: Examples of Connectivity Tracing Task in our ReactBench.

13762


