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Abstract001

Recent advances in Vision-Language Models002
(VLMs) have shown promising capabilities in003
interpreting visualized graph data, offering a004
new perspective for graph-structured reason-005
ing beyond traditional Graph Neural Networks006
(GNNs). However, existing studies focus pri-007
marily on single-graph reasoning, leaving the008
critical challenge of multi-graph joint reason-009
ing underexplored. In this work, we introduce010
the first comprehensive benchmark designed011
to evaluate and enhance the multi-graph rea-012
soning abilities of VLMs. Our benchmark013
covers four common graph types—knowledge014
graphs, flowcharts, mind maps, and route015
maps—and supports both homogeneous and016
heterogeneous graph groupings with tasks of in-017
creasing complexity. We evaluate several state-018
of-the-art VLMs under a multi-dimensional019
scoring framework that assesses graph pars-020
ing, reasoning consistency, and instruction-021
following accuracy. Additionally, we fine-tune022
multiple open-source models and observe con-023
sistent improvements, confirming the effective-024
ness of our dataset. This work provides a prin-025
cipled step toward advancing multi-graph un-026
derstanding and reveals new opportunities for027
cross-modal graph intelligence.028

1 Introduction029

Graphs are fundamental for modeling complex re-030

lationships and are widely used in domains such031

as knowledge representation, social networks, and032

recommendation systems (Wu et al., 2022). With033

the rise of deep learning, there is growing interest034

in reasoning over multiple graphs to support tasks035

like knowledge integration and complex decision-036

making.037

While Graph Neural Networks (GNNs) have038

shown strong performance in various graph-based039

tasks (Zhou et al., 2021), they face notable chal-040

lenges in multi-graph settings—particularly with041

heterogeneous graph structures—due to scalabil-042

ity limitations and poor generalization (Wu et al., 043

2023). 044

In parallel, Vision-Language Models (VLMs) 045

(Chen et al., 2020), which combine Transformer- 046

based encoders for text and images, have demon- 047

strated promising cross-modal reasoning abilities. 048

Recent work suggests that rendering graphs as im- 049

ages and feeding them into VLMs allows better 050

generalization across diverse structures (Zou et al., 051

2024).Building on this, DeepSeek-OCR(Wei et al., 052

2025)introduces an LLM-centric paradigm for Con- 053

texts Optical Compression. By compressing dense 054

optical information into a minimal set of visual 055

tokens, this approach significantly enhances the ef- 056

ficiency and accuracy of high-resolution document 057

understanding and complex layout interpretation. 058

However, most existing studies focus on single- 059

graph reasoning. The ability to jointly interpret and 060

reason across multiple graphs—critical for tasks 061

like multi-source alignment or integrative analy- 062

sis—remains underexplored. To address this, we 063

introduce the first benchmark designed specifically 064

for multi-graph reasoning with VLMs. It covers 065

four common graph types (flowcharts, knowledge 066

graphs, mind maps, and route maps) and includes 067

both homogeneous and heterogeneous groupings 068

with progressively difficult tasks. 069

We propose a multi-dimensional evaluation 070

framework assessing graph parsing, instruction- 071

following, and reasoning consistency. Using this 072

benchmark, we evaluate several state-of-the-art 073

VLMs and fine-tune open-source models, observ- 074

ing consistent improvements in reasoning capabil- 075

ities. Despite these contributions, our fine-tuning 076

is currently limited to lightweight models due to 077

the high computational cost of large-scale VLMs, 078

restricting scalability analysis and broader applica- 079

bility. Our main contributions are as follows: 080

1. We introduce the first comprehensive bench- 081

mark for evaluating and improving the multi- 082
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graph reasoning abilities of VLMs.083

2. We systematically evaluate several state-of-084

the-art VLMs on our benchmark using a dedi-085

cated multi-dimensional framework designed086

for multi-graph reasoning.087

3. We fine-tune multiple open-source VLMs on088

our benchmark and observe consistent im-089

provements in their multi-graph reasoning per-090

formance.091

2 Related Work092

Recent work has increasingly explored Vision-093

Language Models (VLMs) for graph reasoning,094

especially through visual modalities. Image-based095

benchmarks such as GRAPHTMI (Das et al., 2023),096

VisionGraph (Li et al., 2024), and VGBench (Zou097

et al., 2024) demonstrate that visual formats often098

outperform text for structured reasoning. Diagram-099

oriented datasets like NovaChart (Hu et al., 2024)100

and DiagramQG (Zhang et al., 2024)further extend101

this direction to broader reasoning tasks. Despite102

these advances, recent studies on charts—a struc-103

tured form of visual graphs—highlight that VLMs104

remain sensitive to visual perturbations and strug-105

gle with complex reasoning (Mukhopadhyay et al.,106

2024).107

To address such limitations, structured visual pri-108

ors have been incorporated. GITA (Wei et al., 2024)109

leverages layout-aware visual graphs, and LLaVA-110

SG (Wang et al., 2025) introduces scene graph inter-111

mediates with message passing for relation-aware112

parsing. In optimization domains, Bridging (Zhao113

et al., 2025) exploit graph-based visual cues for114

improved performance without parameter tuning.115

While progress in single-graph reasoning is116

significant, multi-graph joint reasoning remains117

largely unaddressed. Existing benchmarks lack118

mechanisms for evaluating cross-graph integration.119

Our work fills this gap by introducing a dedicated120

benchmark for multi-graph reasoning and evalu-121

ating modern VLMs under a multi-dimensional122

framework.123

3 Dataset124

3.1 Overview125

We introduce a benchmark specifically designed126

to evaluate the multi-graph joint reasoning capa-127

bilities of Vision-Language Models (VLMs). As128

illustrated in Figure 1 (a), the benchmark includes129

FlowchartKnowledge Graph Mind Map Route Map

Question："Which highway intersects with the G320 in both images?"

Answer： "G56"

a)

b)

Figure 1: (a) Examples of the four types of graphs
included in our benchmark: knowledge graphs, mind
maps, flowcharts, and route maps. (b) An example sam-
ple from our benchmark, consisting of a set of related
graphs, a corresponding instruction, and its reference
answer.

four types of graph images—flowcharts, knowl- 130

edge graphs, mind maps, and route maps—which 131

reflect common structures in real-world reasoning 132

tasks. Each data sample in our benchmark consists 133

of a set of interrelated graph images (e.g., graphs 134

with shared themes, overlapping nodes, or logically 135

connected content), a natural language instruction, 136

and a ground-truth response. An example of such 137

a sample is provided in Figure 1 (b). 138

To facilitate systematic evaluation, the im- 139

age sets are organized into two categories: (1) 140

Homogeneous-type groups, where all graphs be- 141

long to the same category, and (2) Heterogeneous- 142

type groups, where graphs span different categories. 143

Each instruction is crafted to require reasoning 144

across multiple graphs in the set, thereby assess- 145

ing a model’s ability to jointly interpret and inte- 146

grate graph-structured information. All instruction- 147

response pairs are initially generated by GPT-4o 148

(OpenAI, 2024b), followed by rigorous human ver- 149

ification, filtering, and refinement to ensure quality, 150

clarity, and consistency. 151

The remainder of this section is organized as 152

follows: Section 3.2 details the image collection 153

process, including the selection and preprocessing 154

of graph images across different types. Section 155

3.4 describes how these images are grouped into 156

semantically or structurally related sets to support 157

multi-graph reasoning. Section 3.5 presents our ap- 158

proach for generating instruction-response pairs us- 159

ing GPT-4o, tailored to promote cross-graph com- 160

prehension. Finally, Section 3.6 presents a com- 161

prehensive statistical analysis of the benchmark, 162

highlighting key characteristics and insights rele- 163
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Prompt

Benchmark 
Reference

AI-Assisted
Generation

Web
Crawling

Map
Screenshot

(1) Image Collection (2) Graph Grouping

ColBERT-Inspired Matching

Subgraph Splitting

Q&A (Easy)

Q&A (Difficult)

Q&A (Medium)

Auto QA Generation Human Refinement

Knowledge
Graph

Flowchart

Mind Map

Route Map

(3) Instruction-Response Construction

B
E

R
T

B
E

R
T

Graph Group GPT-4o

Figure 2: Overview of the benchmark construction
pipeline. The process includes: (1) collecting diverse
graph images across four types; (2) grouping them
into semantically or structurally coherent sets using
ColBERT-inspired matching or subgraph splitting; and
(3) generating instruction-response pairs via GPT-4o,
followed by manual review and refinement to ensure
clarity and reasoning quality.

vant to model evaluation. The full data construction164

pipeline is illustrated in Figure 2.165

3.2 Graph Image Collection Strategies166

We collected four types of graph images: knowl-167

edge graphs, flowcharts, mind maps, and route168

maps. To ensure both diversity and quality, we169

employed a combination of data collection strate-170

gies, detailed as follows:171

Benchmark Referencing and Web Crawling.172

We first obtained a large number of graph im-173

ages by referencing the multimodal instruction-174

following benchmark (Ai et al., 2024), and fur-175

ther expanded the dataset by crawling web images176

using the benchmark’s associated keywords. The177

keywords were generated by GPT-4o through ex-178

tracting all nodes and edges from the benchmark179

graphs and summarizing them. Benchmark refer-180

encing ensures high-quality and domain-relevant181

data, while web crawling enhances diversity by in-182

troducing a broader set of publicly available visual183

formats. These two methods are applicable to the184

first three graph types.185

AI-Assisted Graph Generation. To further en-186

rich knowledge graphs, flowcharts, and mind maps,187

we adopted an AI-assisted generation approach.188

The full procedure, including prompt construction,189

keyword selection, and diagram generation, is de-190

tailed in below.191

3.3 AI-Assisted Graph Generation 192

Specifically, we prompted GPT-4o to generate 200 193

diverse keywords spanning a wide range of do- 194

mains. The resulting set of domain-specific key- 195

words is illustrated in Figure 3. For each keyword,

Street Art (街头艺术)
Supernova (超新星)
Supply and Demand (供需关系)
Supply Chain (供应链)
Sustainable Agriculture (可持续农业)
Sustainable Development Goals (可持续发展目标)
Taxation (税收)
Teamwork (团队合作)
Telemedicine (远程医疗)
Trade Wars (贸易战)
United Nations (联合国)
Universalism (普遍主义)
Urban Planning (城市规划)
Urban Sociology (城市社会学)
Urbanization (城市化)
Vaccine Development (疫苗开发)
Venture Capital (风险资本)
Virtual Art Gallery (虚拟艺术馆)
Virtual Reality (虚拟现实)
Virtue (美德)
Visual Arts (视觉艺术)
Water Scarcity (水资源短缺)
Wildlife Protection (野生动物保护)
Wind Energy (风能)
World Peace (世界和平)
Anthropology (人类学)
Art Criticism (艺术评论)
Artificial Ecosystems (人工生态系统)
Artificial General Intelligence (通用人工智能)
Artificial Intelligence (人工智能)
Artificial Neural Networks (人工神经网络)
Astrophysics (天体物理学)
Augmented Reality (增强现实)
Autonomous Vehicles (自动驾驶汽车)
Behavioral Economics (行为经济学)
Behavioral Finance (行为金融学)
Big Bang Theory (大爆炸理论)
Big Data (大数据)
Biodegradable Materials (可降解材料)
Biodiversity (生物多样性)
Biofuels (生物燃料)
Biology (生物学)
Biotechnology (生物技术)
Black Holes (黑洞)
Blockchain (区块链)
Blockchain Technology (区块链技术)
Brand Identity (品牌认同)
Business Cycles (商业周期)
Business Development (业务发展)
Business Strategy (商业战略)
Cancer Research (癌症研究)
Capitalism (资本主义)
Carbon Capture (碳捕获)
Carbon Footprint (碳足迹)
Carbon Neutrality (碳中和)
Carbon Trading (碳交易)
Circular Economy (循环经济)
Civil Rights (民权)
Classical Music (古典音乐)
Climate Change (气候变化)
Climate Policy (气候政策)
Cloud Computing (云计算)
Cognitive Bias (认知偏差)
Collective Bargaining (集体谈判)
Conceptual Art (观念艺术)
Conflict Management (冲突管理)
Conflict Resolution (冲突解决)
Consumer Behavior (消费者行为)
Corporate Governance (公司治理)
Cosmic Microwave Background (宇宙微波背景)
CRISPR (基因剪辑)

Critical Thinking (批判性思维)
Cryptocurrency (加密货币)
Cryptocurrency Exchanges (加密货币交易所)
Cryptocurrency Mining (加密货币挖矿)
Cultural Assimilation (文化同化)
Cultural Studies (文化研究)
Customer Satisfaction (顾客满意度)
Cybersecurity (网络安全)
Dark Energy (暗能量)
Dark Matter (暗物质)
Data Encryption (数据加密)
Data Science (数据科学)
Debate (辩论)
Decision Making (决策)
Democracy (民主)
Democracy Index (民主指数)
Digital Art (数字艺术)
Digital Currency (数字货币)
Digital Transformation (数字化转型)
Diplomatic Relations (外交关系)
E-commerce (电子商务)
Econometrics (计量经济学)
Economic Growth (经济增长)
Economic Inequality (经济不平等)
Ecotourism (生态旅游)
Education (教育)
Electric Vehicles (电动汽车)
Employment Rights (就业权利)
Energy Storage (能源存储)
Entrepreneurship (企业家精神)
Environmental Activism (环境主义)
Environmental Justice (环境公正)
Environmental Protection (环境保护)
Epidemic (流行病)
Epigenetics (表观遗传学)
Exchange Rate (汇率)
Exoplanets (系外行星)
Fine Art (美术)
Fiscal Policy (财政政策)
Folk Music (民间音乐)
Food Security (食品安全)
Forest Management (森林管理)
Fossil Fuels (化石燃料)
Free Market (自由市场)
Free Will (自由意志)
Galaxies (星系)
GDP (国内生产总值)
Genetic Engineering (基因工程)
Global Trade (全球贸易)
Global Warming (全球变暖)
Globalization (全球化)
Gravitational Waves (引力波)
Happiness (幸福)
Healthcare (医疗保健)
Hedge Funds (对冲基金)
History (历史)
Human Genome (人类基因组)
Human Nature (人性)
Human Resources (人力资源)
Humanitarian Aid (人道援助)
Hydroelectric Power (水力发电)
Hydrogen Fuel Cells (氢燃料电池)
Immigration (移民)
Immunotherapy (免疫疗法)
Inflation (通货膨胀)
Intellectual Property (知识产权)
International Relations (国际关系)
International Trade (国际贸易)
Internet Governance (互联网治理)
Internet of Things (物联网)
Jazz (爵士乐)

Justice (正义)
Labor Market (劳动市场)
Labor Unions (工会)
Leadership (领导力)
Legal Systems (法律系统)
Machine Learning (机器学习)
Machine Vision (机器视觉)
Market Research (市场调研)
Marketing (市场营销)
Modern Art (现代艺术)
Monetary Policy (货币政策)
Moral Philosophy (道德哲学)
Morality (道德)
Multiculturalism (多元文化主义)
Music Composition (音乐创作)
Nationalism (民族主义)
NATO (北约)
Natural Language Processing (自然语言处理)
Nebula (星云)
Negotiation (谈判)
Neutron Stars (中子星)
Ocean Pollution (海洋污染)
Opera (歌剧)
Pathogen (病原体)
Photography (摄影)
Political Parties (政党)
Privacy (隐私)
Problem Solving (问题解决)
Professional Development (职业发展)
Public Health (公共卫生)
Public Policy (公共政策)
Quantum Physics (量子物理)
Rainforest Conservation (雨林保护)
Refugees (难民)
Regionalism (区域主义)
Renewable Energy (可再生能源)
Rhetoric (修辞学)
Rights (权利)
Risk Management (风险管理)
Robotics (机器人技术)
Rock Music (摇滚音乐)
Satellites (卫星)
Smart Cities (智慧城市)
Smart Grids (智能电网)
Social Contract (社会契约)
Social Media (社交媒体)
Solar Panels (太阳能电池板)
Solar System (太阳系)
Sound Engineering (声音工程)
Sovereignty (主权)
Space Exploration (太空探索)
Space Mining (太空采矿)
Space-Time (时空)
Space-Time Continuum (时空连续体)
Stem Cells (干细胞)
Stock Exchange (证券交易所)
Stock Market (股市)
Stock Portfolio (股票投资组合)

Figure 3: The 200 diverse domain-specific keywords
generated by GPT-4o, which can be combined with
the prompt in Figure 4 to effectively guide GPT-4o in
generating high-quality graph descriptions.

196
GPT-4o was guided to produce a detailed graph 197

description, including node names, edge labels, 198

and connectivity information. The prompt used 199

to guide this process is shown in Figure 4. These

You are an expert in generating graphs using GPT. Now, I will provide you with a domain or object keyword. Based on this 
keyword, you need to generate descriptions for three different types of graphs related to it: a knowledge graph, a mind map, 
and a flowchart. Each description should be clear and specific, explaining the nodes, edges, and the relationships between 
them. 
Keyword: [Please enter the keyword] 
Knowledge Graph Description: Describe a knowledge graph based on the keyword. The graph should include multiple 
entities (nodes) and the relationships (edges) between them. You need to explain the meaning of each node and describe 
how they are connected to other nodes by edges. Each relationship should be simple and clear, describing how the nodes 
are related (e.g., "belongs to", "contains", "is related to", etc.). 
Example: 
Node 1: [Node name] (description) 
Edge 1: [Relationship type] (explanation of the relationship) 
Node 2: [Node name] (description) 
Edge 2: [Relationship type] (explanation of the relationship) 
... 
Mind Map Description: Describe a mind map based on the keyword. The map should include a main theme and multiple 
related sub-themes. Each sub-theme should connect to the main theme and further break down into relevant details. You 
need to describe the hierarchical structure of the themes, how the central concept expands into more specific details. For 
example, it can include a central node (the keyword) and multiple branches that expand into related concepts. 
Example: 
Central node: [Keyword] 
Branch 1: [Sub-theme 1] (description) 
Sub-branch 1: [Specific content] (description) 
Sub-branch 2: [Specific content] (description) 
Branch 2: [Sub-theme 2] (description) 
Sub-branch 1: [Specific content] (description) 
... 
Flowchart Description: Describe a flowchart based on the keyword. The chart should include steps from start to finish, along 
with the logical relationships between each step. You need to describe the inputs and outputs for each step and explain how 
each step depends on the result of the previous one. Ensure that the relationships between the steps are clear and that the 
flow of the chart is easy to understand. 
Example: 
Step 1: [Step name] (description) 
Input: [Input description] 
Output: [Output description] 
Step 2: [Step name] (description) 
Input: [Input description] 
Output: [Output description] 
...

Figure 4: Prompt for guiding GPT-4o to separately gen-
erate descriptions of a knowledge graph, a mind map,
and a flowchart based on a given keyword.

200
descriptions were input into the yEd Live draw- 201

ing tool,1 which then generated the correspond- 202

1yEd Live is an online graph editor supporting automatic
layout for structured graphs. (https://www.yworks.com/y
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ing graph images automatically. For example, to203

generate a mind map on “Machine Learning”, we204

prompted GPT-4o to describe the graph, and used205

yEd Live’s “Create a diagram from text with Chat-206

GPT” to produce the final diagram (see Figure 5).207

Compared to directly selecting graphs from pub-

Machine Learning

Algorithms

Robotics

Natural Language Processing

Computer Vision

Key Components

Optimization Algorithms

Loss Functions

Datasets

Types of Machine Learning

Supervised Learning

Unsupervised Learning

Reinforcement Learning

Supervised Algorithms

Unsupervised Algorithms

Reinforcement Algorithms

Applications

Step 1

Select the Keyword:
“Machine Learning”

Step 2

Construct Prompt

Step 3

Get Graph Description

Step 4

Generate the Graph

User

You are an expert in generating graphs using GPT. 
Now, I will provide you with a domain or object keyword.
Keyword: Machine Learning
Based on this keyword, you need to generate descriptions for a 
mind map related to it: 
The description should be clear and specific, explaining the nodes, 
edges, and the relationships between them.

GPT-4o

Central Node: Machine Learning
•Branch 1: Types of Machine Learning

• Supervised Learning
• Unsupervised Learning
• Reinforcement Learning

•Branch 2: Algorithms
• Supervised Algorithms:

• Linear Regression
• Decision Trees

• Unsupervised Algorithms:
• K-Means Clustering
• Principal Component Analysis

• Reinforcement Learning Algorithms:
• Q-Learning

•Branch 3: Key Components
• Datasets
• Loss Functions
• Optimization Algorithms

•Branch 4: Applications
• Computer Vision
• Natural Language Processing
• Robotics

a)

b)

Figure 5: (a) The system pipeline for generating a mind
map using the keyword “Machine Learning.” The pro-
cess starts with keyword selection, followed by prompt
construction, graph description generation, and auto-
mated mind map rendering using the yEd Live “Create
a diagram from text with ChatGPT” tool. (b) An ex-
ample of the generated mind map corresponding to the
keyword.

208
licly available datasets, this method offers signifi-209

cant advantages: Public datasets are often limited210

in scale, domain diversity, or relationship complex-211

ity. In contrast, AI-generated graphs can flexibly212

cover a wider range of topics and structures. By213

leveraging carefully designed generation strategies,214

we achieved greater domain coverage, structural215

diversity, and complexity—enhancing the bench-216

mark’s generality and its effectiveness in evaluating217

models’ cross-domain reasoning capabilities.218

High-Confidence Route Maps via Google219

Maps. For route maps, we adopted a targeted220

strategy of capturing high-resolution screenshots221

from Google Maps. This ensured the geographic222

accuracy and visual clarity of the maps, support-223

ing more reliable downstream visual reasoning and224

inference.225

3.4 Grouping Graph Images by Semantic and226

Structural Relevance227

To construct semantically coherent image groups,228

we employed tailored grouping strategies based229

on graph type. Specifically, knowledge graphs,230

ed-live/)

flowcharts, and mind maps—due to their concep- 231

tual overlap and structural compatibility—were 232

grouped both within the same type and across dif- 233

ferent types. In contrast, route maps, which pri- 234

marily convey spatial and navigational information, 235

differ fundamentally from the other categories. As 236

such, they were grouped only within their own type 237

to preserve thematic consistency and interpretabil- 238

ity. 239

3.4.1 ColBERT-Inspired Graph Grouping 240

Strategy 241

For the first three types of graphs, we adopted a 242

ColBERT-Inspired Graph Grouping (CIGG) strat- 243

egy, which leverages fine-grained token-level simi- 244

larity to construct semantically meaningful image 245

groups: 246

1. Graph Element Extraction: We first de- 247

signed prompts to leverage GPT-4o for ex- 248

tracting all node and edge names from each 249

graph (see Appendix A.1 for prompt details). 250

2. Semantic Encoding: Each extracted node 251

and edge name was encoded into semantic 252

vectors using BERT, where the final-layer hid- 253

den states serve as the token-level representa- 254

tions. 255

3. ColBERT-Inspired Similarity Matching: 256

We adopt a bi-directional max-sim approach 257

inspired by ColBERT ((Khattab and Zaharia, 258

2020)) to compute graph similarity, enabling 259

the construction of semantically coherent 260

graph groups. See Appendix A.2 for details. 261

3.4.2 Subgraph-Splitting Strategy for Route 262

Maps 263

Due to the high structural and semantic homogene- 264

ity among route maps, distinguishing them in the 265

BERT semantic space is challenging. Thus, the 266

CIGG strategy is not suitable for this graph type. 267

To overcome this, we apply a subgraph-splitting 268

strategy, detailed in Appendix A.3. 269

3.4.3 Manual Refinement 270

Each constructed image group was manually re- 271

viewed, and those lacking meaningful semantic 272

connections among the graphs were directly dis- 273

carded. This step ensures that the remaining groups 274

consist of graphs that are conceptually related and 275

suitable for joint reasoning. 276
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3.5 Instruction-Response Construction277

3.5.1 VLM-based Instruction-Response278

Candidate Generation279

We carefully designed prompts to guide GPT-4o280

in generating effective instruction-response pairs281

for each group of graph images (see Appendix282

A.4 for prompt details). For every graph group,283

GPT-4o is prompted to produce three instruction-284

response pairs with increasing difficulty levels:285

easy, medium, and difficult. Each pair is required286

to involve reasoning across as many graphs in the287

group as possible, ensuring that the task truly re-288

flects the challenge of multi-graph joint understand-289

ing.290

3.5.2 Manual Review and Refinement of291

Instruction-Response Pairs292

As a benchmark, the quality of samples is critical.293

After initial generation, we conducted a rigorous294

manual review process to ensure each instruction-295

response pair met quality standards. The full set of296

review criteria and editing actions are provided in297

Appendix B.298

3.6 Data Statistics and Analysis299

To assess the quality of our data, we randomly300

selected 10% of the samples and invited indepen-301

dent annotators who were not involved in bench-302

mark construction to evaluate the validity of the303

instruction-response pairs. All reviewed samples304

were deemed valid, further confirming the overall305

reliability of our benchmark. In addition, we par-306

titioned the dataset into training, validation, and307

test splits. Importantly, the test set was carefully308

curated to ensure comprehensive coverage of dif-309

ferent graph group types and difficulty levels, en-310

abling robust and balanced evaluation of model311

performance. An overview of the dataset composi-312

tion is provided in Table 1. Additional benchmark313

statistics are provided in Appendix C.314

4 Evaluation of Large Vision-Language315

Models on Multi-Graph Joint316

Reasoning317

In this section, we present a comprehensive and sys-318

tematic evaluation of several state-of-the-art VLMs319

on the proposed benchmark.320

The evaluated models span both proprietary and321

open-source systems, including GPT-4o-mini (Ope-322

nAI, 2024a)(OpenAI), Gemini-1.5-pro (DeepMind,323

2024) (Google DeepMind), QVQ-72B-Preview2 324

(Team, 2024), Qwen2.5-VL-32B-Instruct3, and 325

Qwen2.5-VL-72B-Instruct4 (Bai et al., 2025). 326

4.1 What Abilities Do We Focus On? 327

Unlike conventional VQA, multi-graph joint rea- 328

soning demands a richer evaluation protocol. We 329

propose three dimensions to reflect its structural, 330

semantic, and procedural complexity. 331

Graph Parsing Accuracy (GPA). This dimen- 332

sion evaluates the model’s ability to comprehend 333

and interpret the structural features of graphs and 334

effectively apply this understanding within the con- 335

text of the question. Accurate graph parsing is 336

critical for successful multi-graph reasoning. 337

Reasoning Consistency and Completeness 338

(RCC). This dimension measures the logical con- 339

sistency and completeness of the model’s reasoning 340

process. It reflects whether the model’s response 341

demonstrates a coherent, well-structured, and in- 342

ternally consistent reasoning chain. 343

Instructional Reasoning Accuracy (IRA). This 344

dimension assesses whether the model can accu- 345

rately follow the given instructions to generate 346

correct or plausible answers. It directly reflects 347

the model’s fundamental capacity for instruction- 348

driven reasoning. 349

4.2 Evaluation Strategy 350

In this section, we outline the evaluation strategy 351

employed to assess model performance on the test 352

set derived from our benchmark, as described in 353

Section 3.6. The test set consists of 300 samples, 354

which encompass a diverse range of graph group 355

types and reasoning difficulty levels. 356

We adopt a two-stage, GPT-assisted evaluation 357

strategy. In the first stage, GPT-4o is tasked with 358

evaluating model responses across the three dimen- 359

sions defined in Section 4.1. A dedicated prompt 360

is designed for GPT-4o to assess each dimension 361

on a 5-point scale (1-5), where higher scores in- 362

dicate better performance and stronger capability 363

in the respective criterion. The detailed evaluation 364

prompt used for the assessment process is provided 365

. 366

The evaluation prompt used to guide GPT-4o in 367

assessing model responses across three reasoning 368

2https://huggingface.co/Qwen/QVQ-72B-Preview
3https://huggingface.co/Qwen/Qwen2.5-VL-32B-I

nstruct
4https://huggingface.co/Qwen/Qwen2.5-VL-72B-I

nstruct
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Table 1: An overview of our multi-graph joint reasoning benchmark.

# Train # Valid # Test # Overall
Knowledge Graph-type 466 72 35 573

Flowchart-type 465 64 57 586
Route Map-type 444 58 62 564
Mind Map-type 475 82 42 599

Heterogeneous-type 919 114 104 1137
Overall 2769 390 300 3459

You are an expert evaluator assessing the performance of a multimodal AI model on a multi-graph 
reasoning benchmark.
Given the following question, the model's answer, and the human-written reference answer, please 
rate the model's response along the following three evaluation dimensions. Each score must be an 
integer from 1 to 5, where 1 indicates very poor performance and 5 indicates excellent performance.
-----------------------
Question: {question}  
Model's answer: {model_ans}  
Reference answer: {standard_ans}
-----------------------
Evaluation Criteria:
1. Graph Parsing Accuracy (GPA)  
   Evaluate whether the model accurately identifies and interprets key structural features of the 
involved graphs (such as node relationships, edge directions, clusters, paths, etc.) and appropriately 
integrates this structural information into its answer.  
   - Score higher if the model demonstrates awareness of graph-specific elements.
   - Score lower if it ignores, misreads, or misrepresents structural relationships.
2. Instructional Reasoning Accuracy (IRA)
   Evaluate whether the model correctly follows the instruction or task implied in the question.  
   - Score higher if the model precisely follows the instruction and directly addresses the task.
   - Score lower if the model responds vaguely, omits critical instruction elements, or answers a 
different question.
3. Reasoning Consistency and Completeness (RCC)
   Assess the quality of the model’s reasoning process.  
   - Score higher if the explanation is coherent, logically ordered, and supports the final answer.
   - Score lower if the reasoning is fragmented, contains contradictions, or lacks key inference steps.

Output format:  
Output only three integers separated by a single space (e.g., `4 3 5`). Do not include any explanation, 
commentary, or punctuation.

Output example:  
3 2 4

Figure 6: Prompt used to instruct GPT-4o to evaluate
model-generated answers based on three core reasoning
criteria: Graph Parsing Accuracy (GPA), Instructional
Reasoning Accuracy (IRA), and Reasoning Consistency
and Completeness (RCC). The prompt defines each cri-
terion with specific expectations and provides scoring
guidance to ensure consistent and fine-grained evalua-
tion.

dimensions is shown in Figure 15.369

In the second stage, we randomly select a subset370

of evaluation samples for human annotation. The371

human annotators are blinded to the automatic eval-372

uation scores to eliminate bias. Importantly, the373

same evaluation dimensions and scoring criteria374

used in the automated evaluation are applied in the375

human assessment. Once the human evaluation376

is complete, we compute the correlation between377

the automatic evaluation scores and human judg-378

ments to assess the reliability and validity of the379

automated evaluation process.380

4.3 Evaluation Results and Analysis381

In this section, we present a comprehensive analy-382

sis of model performance from multiple perspec-383

tives.384

Overview of Key Results. We summarize overall385

model performance in Section 4.3.1 and include386

human-machine consistency analysis in Section 387

4.3.2. For more detailed analyses across graph 388

group types and difficulty levels, please refer to 389

Appendix D.3.1 and Appendix D.3.2. 390

4.3.1 Analysis of Overall Model Performance 391

via Automatic Evaluation 392

Table 2: Average scores assigned by GPT-4o to each
model across the three evaluation dimensions: graph
parsing accuracy (GPA), reasoning consistency and com-
pleteness (RCC), and instructional reasoning accuracy
(IRA).

IRA GPA RCC
GPT-4o-mini 3.88 3.73 4.25
Gemini-1.5-pro 3.81 3.78 4.29
QVQ-72B-Preview 3.62 3.78 4.22
Qwen2.5-VL-32B-Instruct 3.90 4.02 4.58
Qwen2.5-VL-72B-Instruct 3.76 3.78 4.21
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Figure 7: Score distribution histograms across three
evaluation dimensions (GPA, RCC and IRA) for each
of the five models. Each subplot shows the frequency
of scores ranging from 1 to 5, where bars are colored by
evaluation dimension.

Table 2 reports the average scores of each model 393

across the three evaluation dimensions, while Fig- 394

ure 7 shows the score distributions per dimension 395

for each model. 396
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We observe that Qwen2.5-VL-32B-Instruct ex-397

cels in the RCC dimension, suggesting strong se-398

mantic organization and abstract reasoning capabil-399

ities, which highlights its proficiency in handling400

cross-node, multi-hop reasoning tasks. Gemini-401

1.5-pro does not stand out in any single dimension402

but demonstrates stable and well-balanced perfor-403

mance overall. In contrast, QVQ-72B-Preview ex-404

hibits lower average scores and greater variance405

across dimensions, indicating less consistent per-406

formance. Overall, RCC emerges as the highest-407

scoring and most stable dimension across all mod-408

els.409

4.3.2 Human Evaluation and Consistency410

Analysis with Automatic Evaluation411

Scores412

To evaluate the consistency between automatic eval-413

uation scores and human judgments, we randomly414

sampled 10% of the evaluation dataset for manual415

annotation. The results of the human evaluation are416

summarized in Table 3, and a visualization of score417

consistency is provided in Figure 8. We calculated

1

2

3

4

5

1 2 3 4 5
Human Rating

G
P

T
 R

at
in

g

Frequency
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150

r = 0.64, rho = 0.57, MAE = 0.55, Bias = −0.09

Figure 8: Scatter plot illustrating the consistency be-
tween automatic evaluation scores and human ratings
across a 10% randomly sampled subset of the evalua-
tion dataset. Each point represents the frequency of a
specific score pair (Human, GPT), with color intensity
indicating occurrence frequency. The diagonal dotted
line denotes perfect agreement, while the red dashed
line shows the linear regression trend, representing the
alignment between automatic evaluation scores and hu-
man scores—closer proximity to the diagonal indicates
stronger consistency.

418
four commonly used consistency metrics: the Pear-419

son correlation coefficient (r), the Spearman rank420

correlation coefficient (ρ), the Mean Absolute Error421

(MAE), and Bias. The formal definitions and com-422

putation formulas for these metrics are provided in423

Appendix D.1. The results indicate a moderately 424

strong linear correlation (r = 0.64) and a moder- 425

ate rank correlation (ρ = 0.57) between automatic 426

evaluation and human scores, suggesting that the 427

model generally captures overall scoring trends, 428

though some discrepancies remain in the ranking 429

of individual samples. The MAE is 0.55, indicat- 430

ing that the average deviation between model and 431

human scores is less than one point, and the overall 432

error remains within an acceptable range. The bias 433

is -0.09, showing that the model tends to slightly 434

underestimate human scores. To better understand 435

subtle differences in scoring behaviors, especially 436

where discrepancies occurred between humans and 437

GPT-4o, we conducted a detailed dimension-wise 438

analysis, presented in Appendix D.2. 439

Despite certain imperfections, our dedicatedly 440

designed evaluation prompt enables the automatic 441

evaluation scores to align well with human judg- 442

ments in terms of overall trends. 443

5 Fine-Tuning Open-Source 444

Vision-Language Models 445

Baseline Models. We evaluate six representa- 446

tive lightweight multimodal models as our base- 447

lines: DeepSeek-VL-1.3B-Chat5 (Lu et al., 2024), 448

InternVL2-1B, InternVL2.5-1B, InternVL2.5-1B- 449

MPO6, Janus-1.3B7 (Wu et al., 2024), and mPLUG- 450

Owl3-1B-2410148 (Ye et al., 2024). 451

Experiment Details. We fine-tuned each model 452

using the training set described in Section 3.6 and 453

evaluated their performance on the same evaluation 454

dataset introduced in Section 4.2, enabling a direct 455

comparison before and after fine-tuning. The evalu- 456

ation followed the protocol outlined in Section 4.1, 457

assessing model outputs along three dimensions: 458

graph parsing accuracy (GPA), reasoning consis- 459

tency and completeness (RCC), and instructional 460

reasoning accuracy (IRA). Scores were assigned 461

using GPT-4o as an automatic evaluation. The fea- 462

sibility and reliability of this automatic evaluation 463

approach were thoroughly validated in the previous 464

section. 465

5.1 Results 466

The average scores of each model across the three 467

evaluation dimensions before and after fine-tuning 468

are presented in Table 4, with the corresponding 469

5https://github.com/deepseek-ai/DeepSeek-VL
6https://github.com/OpenGVLab/InternVL
7https://github.com/deepseek-ai/Janus
8https://github.com/X-PLUG/mPLUG-Owl
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Table 3: Average scores assigned by human evaluators to each model across the three evaluation dimensions.
The scores are based on manual assessment of 10% randomly sampled entries from the evaluation dataset (for
comparison, the scores in parentheses denote the automatic evaluation results).

IRA GPA RCC
GPT-4o-mini 4.22(3.88) 3.64(3.73) 4.39(4.25)

Gemini-1.5-pro 4.14(3.81) 3.89(3.78) 4.50(4.29)
QVQ-72B-Preview 4.06(3.62) 3.58(3.78) 4.22(4.22)

Qwen2.5-VL-32B-Instruct 4.25(3.90) 4.00(4.02) 4.67(4.58)
Qwen2.5-VL-72B-Instruct 4.03(3.76) 3.61(3.78) 4.47(4.21)

Table 4: Average scores of each model before and after fine-tuning across the three evaluation dimensions: GPA,
RCC and IRA. Fine-tuning generally improves performance across all dimensions.

IRA GPA RCC
Before After Before After Before After

DeepSeek-VL-1.3B-Chat 1.77 2.85 1.96 2.70 2.16 2.98
InternVL2-1B 2.38 2.73 2.43 2.64 2.77 2.90

InternVL2.5-1B 2.67 2.95 2.57 2.89 2.94 3.10
InternVL2.5-1B-MPO 2.69 2.95 2.72 2.75 3.05 3.06

Janus-1.3B 2.21 2.45 2.31 2.39 2.52 2.65
mPLUG-Owl3-1B-241014 2.13 2.43 2.21 2.46 2.57 2.74

DeepSeek Intern2 Intern2.5 Intern2.5−MPO Janus mPLUG
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Figure 9: Score distributions for each VLM across three
evaluation dimensions: GPA, RCC and IRA. Each row
corresponds to a specific evaluation dimension, and each
column to a different model. For each score level (1–5),
lighter bars indicate results before finetuning, while
darker bars represent results after finetuning.

score distributions shown in Figure 9. All mod-470

els show improvements across all dimensions after471

fine-tuning.472

Notably, DeepSeek-VL-1.3B-Chat achieves the473

most substantial performance gain, while other474

models exhibit more modest improvements. This475

aligns with the observed loss trajectory during476

fine-tuning: while DeepSeek-VL-1.3B-Chat re-477

quired nearly 500 iterations to reach its low-478

est validation loss, most other models began479

to overfit—evidenced by increasing validation480

loss—within 200 iterations. These findings suggest481

that, compared to its counterparts, DeepSeek-VL- 482

1.3B-Chat has stronger generalization capacity in 483

multi-graph joint reasoning tasks and can benefit 484

more from extended fine-tuning. 485

We also conducted a variance analysis of model 486

scores before and after fine-tuning; detailed results 487

are provided in Appendix D.4. 488

6 Conclusion 489

This work investigates multi-graph joint reasoning 490

with VLMs as an alternative to graph neural net- 491

works. We propose a benchmark that addresses 492

gaps in data and evaluation protocols. Experiments 493

show that while state-of-the-art VLMs demon- 494

strate strong potential, they also face challenges 495

in structural and semantic integration. Fine-tuning 496

lightweight open-source models on our benchmark 497

yields consistent gains, validating its effectiveness 498

and generalizability. 499

8



7 Limitations500

Due to the high computational cost of large VLMs,501

our fine-tuning is limited to smaller models, pre-502

venting scalability analysis. Moreover, the bench-503

mark does not yet support non-visual formats like504

tables, limiting its use in multimodal scenarios in-505

volving graph–table combinations. Experiments506

reveal that while Qwen2.5-VL-32B-Instruct ex-507

cels in multi-hop reasoning (RCC) and Gemini-508

1.5-pro provides the most balanced performance, a509

gap remains in structural integration. Fine-tuning510

lightweight models like DeepSeek-VL-1.3B yields511

significant gains, proving the benchmark’s value512

for model alignment. However, we observed that513

fine-tuning can sometimes impair original struc-514

tural parsing in complex tasks, such as flowchart515

logic.516
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A Token Extraction and Similarity633

Computation for Graph Grouping634

A.1 GPT-4o Prompt for Graph Token635

Extraction636

You are a graph parser.
I will provide you with an image that contains a graph.
Please carefully examine the image and extract all the nodes and edges present in the graph.
For each node, identify a unique ID or label (as shown in the image).
For each edge, specify the source and target node IDs.
Ignore any non-graphical elements (such as decorative text, titles, or legends).
Only include nodes and edges that are part of the actual graph structure.
Return your result in the following JSON format:
{
  "nodes": [
    {"id": "A"},
    {"id": "B"},
    {"id": "C"}
  ],
  "edges": [
    {"source": "A", "target": "B"},
    {"source": "B", "target": "C"}
  ]
}

Figure 10: Prompt used to guide GPT-4o in parsing
graph images into structured node and edge represen-
tations. The prompt instructs the model to identify all
graphical nodes and edges from a given image while
ignoring non-structural elements such as decorative text,
titles, or legends.

The prompt used to instruct GPT-4o to extract637

node and edge tokens from individual graph images638

is shown in Figure 10.639

A.2 Bi-directional Max-Sim Similarity640

Computation641

Let GA and GB be two graphs. From each graph,642

we extract the set of node and edge tokens:643

TA = {tA1 , tA2 , . . . , tAnA
}, TB = {tB1 , tB2 , . . . , tBnB

}
(1)644

Each token ti is encoded into a dense vector ei ∈645

Rd using a pretrained BERT encoder. Denote the646

resulting embeddings as:647

EA = {eA1 , . . . , eAnA
}, EB = {eB1 , . . . , eBnB

}
(2)648

We define the max-sim score from A to B as:649

MaxSim(A → B) =
1

nA

nA∑
i=1

max
j

cos(eAi , e
B
j )

(3)650

Similarly, the reverse direction is computed as:651

MaxSim(B → A) =
1

nB

nB∑
j=1

max
i

cos(eBj , e
A
i )

(4)652

The final bi-directional similarity score is the653

average of both directions:654

BiMaxSim(A,B) =
1

2
[MaxSim(A → B)

+ MaxSim(B → A)]
(5)655

We use BiMaxSim(A,B) as the similarity met- 656

ric to identify and group semantically aligned graph 657

image sets. This approach captures asymmetric 658

alignment and encourages mutual relevance be- 659

tween token sets from two graphs. 660

A.3 Subgraph-Splitting Strategy for Route 661

Maps 662

Due to the high structural and semantic homogene- 663

ity among different route maps, we empirically 664

observed that distinguishing them within the BERT 665

semantic space is challenging. Consequently, the 666

CIGG strategy is not suitable for this graph type, 667

as it struggles to reliably identify route maps with 668

semantically related content. 669

To address this limitation, we adopt a subgraph- 670

splitting strategy with two distinct configurations: 671

• Splitting into Two Subgraphs: We adopt 672

three splitting methods—vertical, horizontal, 673

and diagonal—to divide a route map into two 674

subgraphs (see Figure 11 (a), (b), (c)). 675

• Splitting into Four Subgraphs: We apply a 676

corner-based splitting approach, segmenting 677

the route map into four quadrants to gener- 678

ate four interrelated subgraphs (see Figure 11 679

(d)). 680

These methods simulate different spatial parti- 681

tions while preserving local structural coherence. 682

a) Vertical Split b) Horizontal Split c) Diagonal Split d) Corner-based Split

Figure 11: This figure illustrates four distinct methods
for splitting route maps into subgraphs to generate im-
age groups. Vertical Split: The map is split vertically
into two subgraphs, marked by red and blue bounding
boxes. Horizontal Split: The map is split horizontally
into two subgraphs, indicated by red and blue boxes.
Diagonal Split: The map is split diagonally into two
overlapping subgraphs, shown in red and blue. Corner-
based Split: The map is split into four subgraphs, each
represented by yellow, green, blue, and red boxes. The
shaded overlapping regions in each method indicate ar-
eas where subgraphs share common information, with
the overlap controlled at 20%–30% of the original map’s
area.

A.4 Prompt for Instruction-Response Pair 683

Generation 684

The full prompt used to guide GPT-4o in generating 685

instruction-response pairs for multi-graph reason- 686
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First, accurately recognize the content in the given multiple related images to ensure a correct understanding of each 
image. Next, generate three questions based on these images, ensuring they meet the following requirements:  
1. Each question must involve content from at least two images. When referring to an image, avoid using sequential 
indicators such as "the first image" or "the second image." Instead, use descriptive references.  
2. The three questions should be labeled with difficulty levels: "easy," "medium," and "difficult."  
3. Each question should focus on joint reasoning based on the image content, rather than containing two or more 
independent subquestions.  
4. Provide a complete and logically sound standard answer for each question.  
5. The output must strictly follow the JSON format below, ensuring that both questions and answers are in string format:  

[
    {
        "difficulty": "easy",
        "question": "",
        "answer": ""
    },
    {
        "difficulty": "medium",
        "question": "",
        "answer": ""
    },
    {
        "difficulty": "difficult",
        "question": "",
        "answer": ""
    }
]

Make sure to follow all the above requirements and ensure the JSON format is correctly structured.

Figure 12: Prompt used to instruct GPT-4o in generating
instruction-response pairs from multiple semantically
related graph images.

ing tasks is shown in Figure 12.687

B Manual Review and Refinement688

Procedure689

To ensure the quality and consistency of instruction-690

response pairs, we performed a detailed manual691

review following the initial generation by GPT-4o.692

This review process aimed to filter out low-quality693

samples and correct flawed responses to ensure the694

benchmark faithfully assesses multi-graph reason-695

ing capabilities.696

We identified three main reasons for deeming a697

sample invalid:698

• The instruction only referenced a single graph,699

violating the benchmark’s goal of assessing700

joint reasoning across multiple graphs.701

• The instruction was irrelevant or unrelated to702

the graph content, resulting in semantically703

meaningless samples.704

• The response contained factual inaccuracies or705

logical inconsistencies despite the instruction706

being valid.707

Based on the above criteria, we applied the fol-708

lowing corrective actions:709

• Pairs with invalid instructions were entirely710

removed from the benchmark.711

• Pairs with valid instructions but flawed re-712

sponses were manually edited to correct errors713

while preserving the original reasoning intent.714

This annotation process contributed significantly715

to the reliability of the released benchmark.716
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Figure 13: The distribution of samples across five graph
group types, categorized by the number of graphs (graph
count) within each sample. Each bar represents the num-
ber of samples containing a specific number of graphs
within each graph group type. Different colors indicate
different graph counts.

C Additional Benchmark Statistics 717

Figure 13 shows the distribution of the number 718

of graph images per sample, where each sample 719

refers to a group of graph images along with its 720

corresponding instruction-response pair. The dis-
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Figure 14: Sample distribution across different graph
group types and difficulty levels in the test set. Each bar
represents the number of samples for a specific difficulty
level (easy, medium, difficult) within each graph group
type.The total number of samples for easy, medium, and
difficult difficulties are 98, 102, and 100, respectively.

721
tribution of test samples by graph group type and 722

difficulty is shown in Figure 14. 723

D Prompt for GPT-4o-Based Evaluation 724

The evaluation prompt used to guide GPT-4o in 725

assessing model responses across three reasoning 726

dimensions is shown in Figure 15. 727

D.1 Formal Definitions of Consistency Metrics 728

To quantify the consistency between automatic 729

model scoring and human annotations, we adopt 730

four commonly used statistical metrics: the Pear- 731

son correlation coefficient (r), the Spearman 732

rank correlation coefficient (ρ), the Mean Abso- 733

lute Error (MAE), and Bias. Their formal defini- 734

tions and computation formulas are provided below. 735

Throughout these definitions, we denote xi as the 736
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You are an expert evaluator assessing the performance of a multimodal AI model on a multi-graph 
reasoning benchmark.
Given the following question, the model's answer, and the human-written reference answer, please 
rate the model's response along the following three evaluation dimensions. Each score must be an 
integer from 1 to 5, where 1 indicates very poor performance and 5 indicates excellent performance.
-----------------------
Question: {question}  
Model's answer: {model_ans}  
Reference answer: {standard_ans}
-----------------------
Evaluation Criteria:
1. Graph Parsing Accuracy (GPA)  
   Evaluate whether the model accurately identifies and interprets key structural features of the 
involved graphs (such as node relationships, edge directions, clusters, paths, etc.) and appropriately 
integrates this structural information into its answer.  
   - Score higher if the model demonstrates awareness of graph-specific elements.
   - Score lower if it ignores, misreads, or misrepresents structural relationships.
2. Instructional Reasoning Accuracy (IRA)
   Evaluate whether the model correctly follows the instruction or task implied in the question.  
   - Score higher if the model precisely follows the instruction and directly addresses the task.
   - Score lower if the model responds vaguely, omits critical instruction elements, or answers a 
different question.
3. Reasoning Consistency and Completeness (RCC)
   Assess the quality of the model’s reasoning process.  
   - Score higher if the explanation is coherent, logically ordered, and supports the final answer.
   - Score lower if the reasoning is fragmented, contains contradictions, or lacks key inference steps.

Output format:  
Output only three integers separated by a single space (e.g., `4 3 5`). Do not include any explanation, 
commentary, or punctuation.

Output example:  
3 2 4

Figure 15: Prompt used to instruct GPT-4o to evaluate
model-generated answers based on three core reasoning
criteria: Graph Parsing Accuracy (GPA), Instructional
Reasoning Accuracy (IRA), and Reasoning Consistency
and Completeness (RCC). The prompt defines each cri-
terion with specific expectations and provides scoring
guidance to ensure consistent and fine-grained evalua-
tion.

human-assigned score and yi as the corresponding737

model-assigned score.738

D.1.1 Pearson Correlation Coefficient (r)739

The Pearson correlation measures the linear rela-740

tionship between human and model scores. Given741

paired scores {(xi, yi)}ni=1, it is defined as:742

r =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2 ·
√∑n

i=1(yi − ȳ)2
(6)743

where x̄ and ȳ denote the means of xi (human) and744

yi (model), respectively.745

D.1.2 Spearman Rank Correlation Coefficient746

(ρ)747

Spearman’s ρ measures the monotonic relationship748

between the rankings of human and model scores.749

It is computed as:750

ρ = r(rank(x), rank(y)) (7)751

where rank(xi) and rank(yi) denote the ranks of752

the human and model scores, respectively.753

D.1.3 Mean Absolute Error (MAE)754

MAE evaluates the average magnitude of the abso-755

lute differences between model and human scores:756

MAE =
1

n

n∑
i=1

|yi − xi| (8)757

D.1.4 Bias 758

Bias captures the average signed deviation of model 759

scores from human scores: 760

Bias =
1

n

n∑
i=1

(yi − xi) (9) 761

These metrics together provide a comprehensive 762

view of the alignment between automatic evalua- 763

tion and human judgment. 764

D.2 Dimension-Wise Bias Analysis between 765

Human and Automatic Evaluation 766

A further dimension-wise analysis reveals that au- 767

tomatic evaluation scores are generally higher than 768

human scores in the GPA dimension. In contrast, 769

human scores tend to exceed those of the model in 770

the IRA and RCC dimensions. This discrepancy 771

may stem from differing evaluation emphases. 772

In GPA, GPT-4o often assigns favorable scores 773

when responses include surface-level mentions of 774

nodes, edges, or substructures. Human annotators, 775

however, emphasize deeper structural comprehen- 776

sion—such as hierarchical relationships, edge se- 777

mantics, and the underlying logical organization 778

of the graph—leading to more conservative assess- 779

ments. 780

Conversely, in IRA and RCC, human evaluators 781

are generally more forgiving of minor language 782

inconsistencies, as long as the semantic content 783

is preserved. In contrast, GPT-4o tends to assign 784

lower scores in these cases, likely due to its stricter 785

adherence to pattern-based matching and surface 786

fluency. 787

This difference underscores the need to consider 788

complementary human and automatic assessments 789

in evaluating VLM performance. 790

D.3 Additional Evaluation Results 791

D.3.1 Evaluation Across Graph Group Types 792

We systematically analyzed the performance of 793

five models across three evaluation dimensions on 794

five graph group types defined in our benchmark: 795

flowchart, knowledge graph, mind map, route map, 796

and heterogeneous. The results are presented in 797

Figure 16. In terms of average scores, model per- 798

formance across different graph group types largely 799

aligns with the overall trends observed in Section 800

4.3.1. Notably, GPT-4o-mini exhibits stable per- 801

formance in the GPA dimension across diverse 802

graph group types, highlighting its strong general- 803

ization capability. In contrast, QVQ-72B-Preview 804
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shows significantly lower scores on structurally805

complex and abstract graphs, underscoring its limi-806

tations in interpreting and reasoning over intricate807

graph structures. Interestingly, we observe that cer-808

tain models exhibit stronger performance on the809

heterogeneous-graph type compared to some in-810

dividual single-type graph types. This suggests811

that the presence of diverse structural forms may812

provide complementary cues that facilitate more813

effective cross-graph reasoning and the extraction814

of task-relevant information.
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Figure 16: Average scores of different models across
three evaluation dimensions—GPA, RCC and IRA each
graph group type.

815

To further investigate fluctuations in model be-816

havior, we conducted a variance analysis of perfor-817

mance across graph group types. The box plots of818

all models across the three evaluation dimensions819

for each graph group type are shown in Figure 17.
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Figure 17: Box plots showing the distribution of model
scores across five graph group types (columns) and three
evaluation dimensions: GPA, IRA, and RCC (rows).
Each boxplot summarizes the model’s score distribution
on a 5-point scale. For each model under a given con-
dition, the top and bottom edges of the box represent
the upper (75th percentile) and lower (25th percentile)
quartiles of the score distribution, respectively. The hor-
izontal line inside the box indicates the median score.
The vertical lines extending from the box show the full
range of non-outlier values. Dots outside this range rep-
resent outlier scores that deviate significantly from the
main distribution.

820

We observed that all models exhibit notably 821

higher variance in IRA when processing route 822

maps. We attribute this to the unique characteristics 823

of route maps compared to more structured formats 824

like flowcharts or knowledge graphs. Specifically, 825

route maps often involve spatial localization and 826

path choices. Their nodes typically represent geo- 827

graphic locations or landmarks, while instructions 828

tend to rely on spatially contextual, such as “go 829

from A to B” or “turn left at the main road” (as illus- 830

trated in the example shown in Figure 18). Current

Question："What route number is visible near both Dziekanów Leśny and Kampinoski Park Narodowy?"

Answer："Route 7"

Figure 18: An example of a spatially grounded question
in the route map setting. The question requires identify-
ing a route number that appears near both “Dziekanów
Leśny” and “Kampinoski Park Narodowy”, demanding
spatial localization and visual proximity reasoning. To
answer correctly, the model must scan across multiple
map regions, locate both landmarks, and detect the over-
lapping route label (“Route 7”).

831
VLMs, however, are primarily optimized for logi- 832

cal reasoning and entity-based structures, lacking 833

mechanisms for fine-grained spatial planning and 834

directional awareness. This limitation introduces 835

substantial randomness in how models interpret 836

and execute route-based instructions, leading to 837

high sample-level performance variance. 838

In contrast, we found that mind maps—due to 839

their deep structural branching and high semantic 840

density—emerge as one of the most discriminative 841

graph types, revealing pronounced performance 842

gaps between models. This underscores their diag- 843

nostic value for multi-graph reasoning benchmarks. 844

To further assess whether certain graph types in- 845

duce “luck-driven” performance or contain outlier 846

cases, we conducted a skewness analysis, which 847

measures the asymmetry of a distribution; a value 848

close to zero indicates a symmetric distribution, 849

while positive or negative values indicate right- or 850

left-skewed distributions, respectively. The sample 851

skewness is computed as: 852

Skewness =
1

n

n∑
i=1

(
xi − x̄

s

)3

(10) 853

where x̄ is the sample mean, s is the standard de- 854
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viation, and n is the number of observations. The855

corresponding heatmap visualization is shown in856

Figure 19.
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Figure 19: Skewness heatmap of model performance
across five graph group types (columns) and three eval-
uation dimensions: GPA , IRA, and RCC. Each cell
shows the skewness of the score distribution for a given
model (rows) on a specific dimension. Warmer colors
indicate higher positive skewness, while darker colors
represent negative skewness.

857
Despite the high variance observed for route858

maps, the skewness of IRA scores across all models859

is consistently close to zero. This suggests that the860

observed variance is not driven by a few extreme861

samples but rather reflects a systemic bottleneck in862

spatial reasoning capabilities.863

Therefore, while route maps pose a high-864

variance challenge, their stable distributional char-865

acteristics also make them suitable for benchmark-866

ing robustness. They provide both discriminative867

power and reliability, making them a valuable com-868

ponent in the design of future multi-graph evalua-869

tion tasks.870

D.3.2 Evaluation Across Task Difficulty871

Levels872

To further examine the generalization capabilities873

of each model under varying levels of task complex-874

ity, we conducted a systematic statistical analysis875

of their performance across three difficulty levels876

(easy, medium, difficult) and three evaluation di-877

mensions, as shown in Figure 20.
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Figure 20: Average scores of different models
across three evaluation dimensions—GPA, RCC and
IRA—under each difficulty level.

878

We observe that certain models, such as 879

Qwen2.5-VL-32B-Instruct and GPT-4o-mini, ex- 880

hibit a performance decline as task difficulty in- 881

creases. This trend suggests that some models still 882

struggle with multi-graph joint reasoning tasks in- 883

volving complex structural information, extended 884

reasoning paths, or semantically ambiguous inputs. 885

In contrast, other models show relatively stable per- 886

formance across different difficulty levels, and even 887

achieve higher scores on more challenging tasks. 888

This may be attributed to their stronger generaliza- 889

tion ability, which allows them to better leverage 890

the clearer visual-textual alignments and structural 891

cues present in complex tasks, thereby enhancing 892

reasoning performance under higher difficulty. 893

To complement the main difficulty-based evalu- 894

ation, we further analyzed the robustness of each 895

model when facing increasing task complexity in 896

multi-graph joint reasoning. 897

We introduce a simple yet effective robustness 898

metric: the difference between the average score 899

on easy questions and that on difficult questions. 900

Formally, let Seasy and Sdifficult denote a model’s 901

average score on easy and difficult questions re- 902

spectively. The robustness score is defined as: 903

Robustness = Sdifficult − Seasy (11) 904

A value closer to zero indicates that the model 905

maintains relatively consistent performance under 906

increased task difficulty, suggesting stronger re- 907

silience to complex structural and semantic condi- 908

tions. Figure 21 summarizes the robustness scores
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Figure 21: Robustness scores of all evaluated models
across three reasoning dimensions. Each value rep-
resents the difference in average scores between easy
and difficult questions. Lower absolute values indicate
stronger robustness to increasing task difficulty.

909
of all evaluated models. 910

To further visualize model behavior across dif- 911

ficulty levels and graph types, we provide a cross- 912

dimensional heatmap in Figure 22. This view en- 913

ables a more fine-grained understanding of how 914

each model handles variation in structural complex- 915

ity and task formulation. 916
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Figure 22: Cross-dimensional heatmaps illustrating
model performance across varying difficulty levels and
graph types under three evaluation dimensions. Each
tile indicates the average score achieved by a model for
a given evaluation dimension, graph type, and difficulty
level. This visualization highlights model robustness
and sensitivity to structural complexity across different
reasoning competencies.

D.4 Variance Analysis of Model Scores Before917

and After Fine-Tuning918

It is worth noting that although DeepSeek-VL-919

1.3B-Chat demonstrates significant performance920

improvement after fine-tuning, its score variance921

also increases, indicating a certain degree of incon-922

sistency in its performance across samples. This923

fluctuation may stem from the model’s differenti-924

ated adaptability to various task structures during925

fine-tuning. Specifically, for tasks with clear struc-926

ture and well-defined goals—such as map-based lo-927

calization—the model is able to learn stable reason-928

ing patterns more effectively, resulting in notable929

performance gains. In contrast, for multi-graph930

tasks characterized by high information density931

and complex inter-graph logical relationships, the932

model may exhibit deviations in reasoning path933

selection or key information extraction, which in934

turn leads to declines in comprehension and an-935

swer quality. In the following section, we provide936

examples to illustrate this phenomenon in detail.937

As illustrated in Figure 23, Sample 1 presents a938

task that requires identifying the location directly939

north of “Mbemba” based on two interrelated maps.940

This sample is designed to evaluate the model’s941

ability in multi-graph spatial orientation reason-942

ing. Before fine-tuning, the model exhibited severe943

recognition errors and hallucinations: it generated944

a fabricated place name, “Kigoma,” and even intro-945

duced irrelevant reasoning about “river flow direc-946

tion,” which was not present in the images. These947

issues indicate major deficiencies in graph struc-948

ture understanding and reasoning path construc-949

tion, resulting in the lowest possible score (1 out 950

of 5) across all three evaluation dimensions. After 951

fine-tuning, however, the model accurately identi- 952

fied and returned the correct place name, “Ganda- 953

Sundi.” While the response was brief, it fully sat- 954

isfied the requirements of all evaluation dimen- 955

sions and matched the reference answer provided 956

by GPT-4o. Consequently, the model achieved 957

full marks (5 out of 5) in all dimensions. This 958

case demonstrates that fine-tuning significantly im- 959

proved the model’s graph understanding and struc- 960

tured reasoning capabilities, particularly enhancing 961

its generalization and robustness in spatial reason- 962

ing tasks involving geographic orientation. 963

In contrast, as shown in Figure 24, Sample 2 964

involves a question that asks the model to iden- 965

tify the immediate subsequent nodes following the 966

initial nodes in two separate flowcharts. Before 967

fine-tuning, although the model exhibited some de- 968

ficiencies in graph understanding—failing to recog- 969

nize the “providing the menu” node in the second 970

flowchart and instead misinterpreting it as a synony- 971

mous expression of the “receiving parts” node in 972

the first flowchart—it was still able to correctly in- 973

fer the next step in the first graph. After fine-tuning, 974

however, the model produced clearly misaligned 975

or irrelevant flowchart nodes as its answer. This 976

suggests that the fine-tuning process may have in- 977

advertently impaired the model’s original ability to 978

parse graph structures, or introduced a tendency to 979

follow incorrect reasoning paths. 980

Therefore, we speculate that fine-tuning en- 981

hances the model’s responsiveness to specific types 982

of multi-graph reasoning tasks, but at the same time 983

amplifies its performance disparities across differ- 984

ent task structures, leading to an increase in score 985

variance. 986

E Compute Resources 987

To support reproducibility and scalability analysis, 988

we provide details of the compute environment for 989

all experiments conducted in this work. 990

Compute Environment: 991

• GPU: NVIDIA A800 80GB × 1 992

• CPU: 14 vCPU Intel(R) Xeon(R) Gold 6348 993

@ 2.60GHz 994

• RAM: 100 GB 995

• CUDA: 12.4 996

• OS/Container: Ubuntu 22.04 997
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Question: 
Which place is directly north of Mbemba in both maps? 
Answer: 
Ganda-Sundi. 
Model Response (Before Finetune): 
The place directly north of Mbemba in both maps is 
Kigoma. This can be determined by looking at the 
map 
where Mbemba is located, and then following the river 
that flows northwards from Mbemba to Kigoma. The 
river 
is labeled as "Kigoma" on the map, and it is the only 
river 
that flows north from Mbemba. The other rivers 
labeled 
on the map are flowing southwards from Mbemba, as 
indicated by the labels "Mwembeshi" and "Mwembezi" 
on the map. 
Model Response (After Finetune): 
Ganda Sundi.

Figure 23: An example (Sample 1) illustrating improved spatial reasoning after fine-tuning. The model corrects
its hallucinated response and successfully identifies the correct location “Ganda-Sundi” based on the directional
relationship across two related maps.

• Python Version: 3.12998

• Frameworks: PyTorch 2.5.1, ms-swift999

All experiments were conducted using a single1000

A800 GPU. No distributed or multi-node training1001

was involved.1002

E.1 Broader Societal Impacts1003

This work introduces a benchmark for multi-graph1004

reasoning with vision-language models (VLMs),1005

constructed entirely from publicly available or syn-1006

thetic content to support reproducible academic1007

research.1008

The benchmark promotes advances in structured1009

visual reasoning and enables fair, systematic evalu-1010

ation across models, with potential applications in1011

education, science, and healthcare.1012

While released under the permissive MIT Li-1013

cense, we encourage responsible use. Misapplica-1014

tion in high-stakes settings without proper valida-1015

tion may lead to misleading conclusions or unin-1016

tended outcomes.1017

Users are advised to carefully assess real-world1018

applicability before deployment.1019

F Dataset Safeguards1020

To ensure the safety and ethical integrity of our1021

released dataset, we conducted a manual screening1022

process. While most of the data is synthetically1023

generated or manually created, a small portion was1024

collected from public web sources.1025

All web-crawled images were individually re- 1026

viewed by human annotators to ensure they do not 1027

contain personal, sensitive, or inappropriate con- 1028

tent. This manual screening process ensures the 1029

dataset is safe and suitable for academic use under 1030

the MIT License. 1031
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Question: 
In both the manufacturing process and the restaurant 
flowcharts, what follows immediately after the initial step 
of receiving parts or providing the menu? 
Answer: 
In the manufacturing process flowchart, after receiving 
parts, the next step is Inspection. In the restaurant 
flowchart, after providing the menu, the next step is 
determining if guests ask for suggestions. 
Model Response (Before Finetune): 
The immediate step after receiving parts or providing the 
menu in the manufacturing process is to inspect the 
parts. This is depicted in the flowchart where the 
"Inspection" step is directly connected to the "Receiving 
Parts" step. The visual clue supporting this statement is 
the arrow connecting the "Receiving Parts" step to the 
"Inspection" step in the flowchart, indicating the direct 
connection between these two actions. 
Model Response (After Finetune): 
In the manufacturing process flowchart, after receiving 
parts, the next step is to transfer to the store, followed by 
a move to the receiving department. In the restaurant 
flowchart, after receiving the food request, the next step 
is to enter the kitchen.

Figure 24: Sample 2 illustrates the performance shift of the model on a flowchart structure understanding task
before and after fine-tuning. While the pre-finetuned model exhibits partial comprehension errors, it still manages to
infer the correct subsequent node in one of the diagrams. In contrast, the post-finetuned model outputs misaligned
or irrelevant nodes, suggesting a degradation in structural parsing capability after fine-tuning.
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