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Abstract

Recent advances in Vision-Language Models
(VLMs) have shown promising capabilities in
interpreting visualized graph data, offering a
new perspective for graph-structured reason-
ing beyond traditional Graph Neural Networks
(GNNs). However, existing studies focus pri-
marily on single-graph reasoning, leaving the
critical challenge of multi-graph joint reason-
ing underexplored. In this work, we introduce
the first comprehensive benchmark designed
to evaluate and enhance the multi-graph rea-
soning abilities of VLMs. Our benchmark
covers four common graph types—knowledge
graphs, flowcharts, mind maps, and route
maps—and supports both homogeneous and
heterogeneous graph groupings with tasks of in-
creasing complexity. We evaluate several state-
of-the-art VLMs under a multi-dimensional
scoring framework that assesses graph pars-
ing, reasoning consistency, and instruction-
following accuracy. Additionally, we fine-tune
multiple open-source models and observe con-
sistent improvements, confirming the effective-
ness of our dataset. This work provides a prin-
cipled step toward advancing multi-graph un-
derstanding and reveals new opportunities for
cross-modal graph intelligence.

1 Introduction

Graphs are fundamental for modeling complex re-
lationships and are widely used in domains such
as knowledge representation, social networks, and
recommendation systems (Wu et al., 2022). With
the rise of deep learning, there is growing interest
in reasoning over multiple graphs to support tasks
like knowledge integration and complex decision-
making.

While Graph Neural Networks (GNNs) have
shown strong performance in various graph-based
tasks (Zhou et al., 2021), they face notable chal-
lenges in multi-graph settings—particularly with
heterogeneous graph structures—due to scalabil-

ity limitations and poor generalization (Wu et al.,
2023).

In parallel, Vision-Language Models (VLMs)
(Chen et al., 2020), which combine Transformer-
based encoders for text and images, have demon-
strated promising cross-modal reasoning abilities.
Recent work suggests that rendering graphs as im-
ages and feeding them into VLMs allows better
generalization across diverse structures (Zou et al.,
2024).Building on this, DeepSeek-OCR(Wei et al.,
2025)introduces an LLM-centric paradigm for Con-
texts Optical Compression. By compressing dense
optical information into a minimal set of visual
tokens, this approach significantly enhances the ef-
ficiency and accuracy of high-resolution document
understanding and complex layout interpretation.

However, most existing studies focus on single-
graph reasoning. The ability to jointly interpret and
reason across multiple graphs—critical for tasks
like multi-source alignment or integrative analy-
sis—remains underexplored. To address this, we
introduce the first benchmark designed specifically
for multi-graph reasoning with VLMs. It covers
four common graph types (flowcharts, knowledge
graphs, mind maps, and route maps) and includes
both homogeneous and heterogeneous groupings
with progressively difficult tasks.

We propose a multi-dimensional evaluation
framework assessing graph parsing, instruction-
following, and reasoning consistency. Using this
benchmark, we evaluate several state-of-the-art
VLMs and fine-tune open-source models, observ-
ing consistent improvements in reasoning capabil-
ities. Despite these contributions, our fine-tuning
is currently limited to lightweight models due to
the high computational cost of large-scale VLM,
restricting scalability analysis and broader applica-
bility. Our main contributions are as follows:

1. We introduce the first comprehensive bench-
mark for evaluating and improving the multi-



graph reasoning abilities of VLMs.

2. We systematically evaluate several state-of-
the-art VLMs on our benchmark using a dedi-
cated multi-dimensional framework designed
for multi-graph reasoning.

3. We fine-tune multiple open-source VLMs on
our benchmark and observe consistent im-
provements in their multi-graph reasoning per-
formance.

2 Related Work

Recent work has increasingly explored Vision-
Language Models (VLMs) for graph reasoning,
especially through visual modalities. Image-based
benchmarks such as GRAPHTMI (Das et al., 2023),
VisionGraph (Li et al., 2024), and VGBench (Zou
et al., 2024) demonstrate that visual formats often
outperform text for structured reasoning. Diagram-
oriented datasets like NovaChart (Hu et al., 2024)
and DiagramQG (Zhang et al., 2024)further extend
this direction to broader reasoning tasks. Despite
these advances, recent studies on charts—a struc-
tured form of visual graphs—highlight that VLMs
remain sensitive to visual perturbations and strug-
gle with complex reasoning (Mukhopadhyay et al.,
2024).

To address such limitations, structured visual pri-
ors have been incorporated. GITA (Wei et al., 2024)
leverages layout-aware visual graphs, and LLaVA-
SG (Wang et al., 2025) introduces scene graph inter-
mediates with message passing for relation-aware
parsing. In optimization domains, Bridging (Zhao
et al., 2025) exploit graph-based visual cues for
improved performance without parameter tuning.

While progress in single-graph reasoning is
significant, multi-graph joint reasoning remains
largely unaddressed. Existing benchmarks lack
mechanisms for evaluating cross-graph integration.
Our work fills this gap by introducing a dedicated
benchmark for multi-graph reasoning and evalu-
ating modern VLMs under a multi-dimensional
framework.

3 Dataset

3.1 Overview

We introduce a benchmark specifically designed
to evaluate the multi-graph joint reasoning capa-
bilities of Vision-Language Models (VLMs). As
illustrated in Figure 1 (a), the benchmark includes

Knowledge Graph Mind Map Flowchart Route Map
=

7
"nuialle -,

b) .

Question: "Which highway intersects with the G320 in both images?"
Answer: "G56"

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-
edge graphs, mind maps, and route maps—which
reflect common structures in real-world reasoning
tasks. Each data sample in our benchmark consists
of a set of interrelated graph images (e.g., graphs
with shared themes, overlapping nodes, or logically
connected content), a natural language instruction,
and a ground-truth response. An example of such
a sample is provided in Figure 1 (b).

To facilitate systematic evaluation, the im-
age sets are organized into two categories: (1)
Homogeneous-type groups, where all graphs be-
long to the same category, and (2) Heterogeneous-
type groups, where graphs span different categories.
Each instruction is crafted to require reasoning
across multiple graphs in the set, thereby assess-
ing a model’s ability to jointly interpret and inte-
grate graph-structured information. All instruction-
response pairs are initially generated by GPT-40
(OpenAl, 2024b), followed by rigorous human ver-
ification, filtering, and refinement to ensure quality,
clarity, and consistency.

The remainder of this section is organized as
follows: Section 3.2 details the image collection
process, including the selection and preprocessing
of graph images across different types. Section
3.4 describes how these images are grouped into
semantically or structurally related sets to support
multi-graph reasoning. Section 3.5 presents our ap-
proach for generating instruction-response pairs us-
ing GPT-4o, tailored to promote cross-graph com-
prehension. Finally, Section 3.6 presents a com-
prehensive statistical analysis of the benchmark,
highlighting key characteristics and insights rele-
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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 construction
pipeline is illustrated in Figure 2.

3.2 Graph Image Collection Strategies

We collected four types of graph images: knowl-
edge graphs, flowcharts, mind maps, and route
maps. To ensure both diversity and quality, we
employed a combination of data collection strate-
gies, detailed as follows:

Benchmark Referencing and Web Crawling.
We first obtained a large number of graph im-
ages by referencing the multimodal instruction-
following benchmark (Ai et al., 2024), and fur-
ther expanded the dataset by crawling web images
using the benchmark’s associated keywords. The
keywords were generated by GPT-40 through ex-
tracting all nodes and edges from the benchmark
graphs and summarizing them. Benchmark refer-
encing ensures high-quality and domain-relevant
data, while web crawling enhances diversity by in-
troducing a broader set of publicly available visual
formats. These two methods are applicable to the
first three graph types.

Al-Assisted Graph Generation. To further en-
rich knowledge graphs, flowcharts, and mind maps,
we adopted an Al-assisted generation approach.
The full procedure, including prompt construction,
keyword selection, and diagram generation, is de-
tailed in below.

3.3 Al-Assisted Graph Generation

Specifically, we prompted GPT-40 to generate 200
diverse keywords spanning a wide range of do-
mains. The resulting set of domain-specific key-
words is illustrated in Figure 3. For each keyword,

~

Figure 3: The 200 diverse domain-specific keywords
generated by GPT-40, which can be combined with
the prompt in Figure 4 to effectively guide GPT-40 in
generating high-quality graph descriptions.

GPT-40 was guided to produce a detailed graph
description, including node names, edge labels,
and connectivity information. The prompt used
to guide this process is shown in Figure 4. These

Yo ar i grratin e wing GPT. o, il iy i oo oot Kepword HN
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 Descripton: Describe  knowledge graph based on the keyword. The graph should include multple
eniities (nodes) and the relationships (edges) between thern. You need to explain the meaning of each node and describe
how they are connected o other nodes by edges. Each relationship should be simple and clear, describing how the nodes
are related (e.g.. "belongs to", “contains”, is related (0", elc.).

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  mind map based on the keyword. The map should include a main theme and multple
r is. You

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
Step 2: [Step name] (description)

Input: [Input description]
QDM [Output description] J
Figure 4: Prompt for guiding GPT-40 to separately gen-

Step 1: [Step name] (description)
Input: [Input description]

erate descriptions of a knowledge graph, a mind map,

and a flowchart based on a given keyword.

Output: [Output description]

descriptions were input into the yEd Live draw-
ing tool,! which then generated the correspond-

'yEd 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, to
generate a mind map on “Machine Learning”, we
prompted GPT-40 to describe the graph, and used
yEd Live’s “Create a diagram from text with Chat-
GPT” to produce the final diagram (see Figure 5).
Compared to directly selecting graphs from pub-

°
® cpT-40 step1 User
- r

a)

Select the Keyword:
" “Machine Learning”  ;

! '
\

\ sz § !
\

odes,
w
\ J
\|  constructPrompt |,
\ "
Ed live o
s | \stepa H 0 Y

Get Graph Description

,'Ast-p 4 ‘

’
yyyyyyy Generate the Graph

-

b) Supervised Algorithms

Unsupervised Algorithms Algorithms

Reinforcement Algorithms

Reinforcement Learning

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.

licly available datasets, this method offers signifi-
cant advantages: Public datasets are often limited
in scale, domain diversity, or relationship complex-
ity. In contrast, Al-generated graphs can flexibly
cover a wider range of topics and structures. By
leveraging carefully designed generation strategies,
we achieved greater domain coverage, structural
diversity, and complexity—enhancing the bench-
mark’s generality and its effectiveness in evaluating
models’ cross-domain reasoning capabilities.

High-Confidence Route Maps via Google
Maps. For route maps, we adopted a targeted
strategy of capturing high-resolution screenshots
from Google Maps. This ensured the geographic
accuracy and visual clarity of the maps, support-
ing more reliable downstream visual reasoning and
inference.

3.4 Grouping Graph Images by Semantic and
Structural Relevance

To construct semantically coherent image groups,
we employed tailored grouping strategies based
on graph type. Specifically, knowledge graphs,

ed-live/)

flowcharts, and mind maps—due to their concep-
tual overlap and structural compatibility—were
grouped both within the same type and across dif-
ferent types. In contrast, route maps, which pri-
marily convey spatial and navigational information,
differ fundamentally from the other categories. As
such, they were grouped only within their own type
to preserve thematic consistency and interpretabil-

ity.

3.4.1 ColBERT-Inspired Graph Grouping
Strategy

For the first three types of graphs, we adopted a
ColBERT-Inspired Graph Grouping (CIGG) strat-
egy, which leverages fine-grained token-level simi-
larity to construct semantically meaningful image
groups:

1. Graph Element Extraction: We first de-
signed prompts to leverage GPT-40 for ex-
tracting all node and edge names from each
graph (see Appendix A.1 for prompt details).

2. Semantic Encoding: Each extracted node
and edge name was encoded into semantic
vectors using BERT, where the final-layer hid-
den states serve as the token-level representa-
tions.

3. ColBERT-Inspired Similarity Matching:
We adopt a bi-directional max-sim approach
inspired by ColBERT ((Khattab and Zaharia,
2020)) to compute graph similarity, enabling
the construction of semantically coherent
graph groups. See Appendix A.2 for details.

3.4.2 Subgraph-Splitting Strategy for Route
Maps

Due to the high structural and semantic homogene-
ity among route maps, distinguishing them in the
BERT semantic space is challenging. Thus, the
CIGG strategy is not suitable for this graph type.
To overcome this, we apply a subgraph-splitting
strategy, detailed in Appendix A.3.

3.4.3 Manual Refinement

Each constructed image group was manually re-
viewed, and those lacking meaningful semantic
connections among the graphs were directly dis-
carded. This step ensures that the remaining groups
consist of graphs that are conceptually related and
suitable for joint reasoning.
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3.5 Instruction-Response Construction

3.5.1 VLM-based Instruction-Response
Candidate Generation

We carefully designed prompts to guide GPT-40
in generating effective instruction-response pairs
for each group of graph images (see Appendix
A.4 for prompt details). For every graph group,
GPT-40 is prompted to produce three instruction-
response pairs with increasing difficulty levels:
easy, medium, and difficult. Each pair is required
to involve reasoning across as many graphs in the
group as possible, ensuring that the task truly re-
flects the challenge of multi-graph joint understand-
ing.

3.5.2 Manual Review and Refinement of
Instruction-Response Pairs

As a benchmark, the quality of samples is critical.
After initial generation, we conducted a rigorous
manual review process to ensure each instruction-
response pair met quality standards. The full set of
review criteria and editing actions are provided in
Appendix B.

3.6 Data Statistics and Analysis

To assess the quality of our data, we randomly
selected 10% of the samples and invited indepen-
dent annotators who were not involved in bench-
mark construction to evaluate the validity of the
instruction-response pairs. All reviewed samples
were deemed valid, further confirming the overall
reliability of our benchmark. In addition, we par-
titioned the dataset into training, validation, and
test splits. Importantly, the test set was carefully
curated to ensure comprehensive coverage of dif-
ferent graph group types and difficulty levels, en-
abling robust and balanced evaluation of model
performance. An overview of the dataset composi-
tion is provided in Table 1. Additional benchmark
statistics are provided in Appendix C.

4 Evaluation of Large Vision-Language
Models on Multi-Graph Joint
Reasoning

In this section, we present a comprehensive and sys-
tematic evaluation of several state-of-the-art VLMs
on the proposed benchmark.

The evaluated models span both proprietary and
open-source systems, including GPT-4o0-mini (Ope-
nAl, 2024a)(OpenAl), Gemini-1.5-pro (DeepMind,

2024) (Google DeepMind), QVQ-72B-Preview?
(Team, 2024), Qwen2.5-VL-32B-Instruct’, and
Qwen2.5-VL-72B-Instruct* (Bai et al., 2025).

4.1 What Abilities Do We Focus On?

Unlike conventional VQA, multi-graph joint rea-
soning demands a richer evaluation protocol. We
propose three dimensions to reflect its structural,
semantic, and procedural complexity.

Graph Parsing Accuracy (GPA). This dimen-
sion evaluates the model’s ability to comprehend
and interpret the structural features of graphs and
effectively apply this understanding within the con-
text of the question. Accurate graph parsing is
critical for successful multi-graph reasoning.

Reasoning Consistency and Completeness
(RCCQ). This dimension measures the logical con-
sistency and completeness of the model’s reasoning
process. It reflects whether the model’s response
demonstrates a coherent, well-structured, and in-
ternally consistent reasoning chain.

Instructional Reasoning Accuracy (IRA). This
dimension assesses whether the model can accu-
rately follow the given instructions to generate
correct or plausible answers. It directly reflects
the model’s fundamental capacity for instruction-
driven reasoning.

4.2 Evaluation Strategy

In this section, we outline the evaluation strategy
employed to assess model performance on the test
set derived from our benchmark, as described in
Section 3.6. The test set consists of 300 samples,
which encompass a diverse range of graph group
types and reasoning difficulty levels.

We adopt a two-stage, GPT-assisted evaluation
strategy. In the first stage, GPT-4o0 is tasked with
evaluating model responses across the three dimen-
sions defined in Section 4.1. A dedicated prompt
is designed for GPT-40 to assess each dimension
on a 5-point scale (1-5), where higher scores in-
dicate better performance and stronger capability
in the respective criterion. The detailed evaluation
prompt used for the assessment process is provided

The evaluation prompt used to guide GPT-40 in
assessing model responses across three reasoning

2https://huggingface.co/Qwen/QVQ—7ZB—Preview

3https://huggingface.co/Qwen/QwenZ.S—VL—BzB—I
nstruct

4https://huggingface.co/Qwen/QwenZ.S—VL—7ZB—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 Al 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.

Figure 6: Prompt used to instruct GPT-4o0 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.

Output example:
324

dimensions is shown in Figure 15.

In the second stage, we randomly select a subset
of evaluation samples for human annotation. The
human annotators are blinded to the automatic eval-
uation scores to eliminate bias. Importantly, the
same evaluation dimensions and scoring criteria
used in the automated evaluation are applied in the
human assessment. Once the human evaluation
is complete, we compute the correlation between
the automatic evaluation scores and human judg-
ments to assess the reliability and validity of the
automated evaluation process.

4.3 Evaluation Results and Analysis

In this section, we present a comprehensive analy-
sis of model performance from multiple perspec-
tives.

Overview of Key Results. 'We summarize overall
model performance in Section 4.3.1 and include

human-machine consistency analysis in Section
4.3.2. For more detailed analyses across graph
group types and difficulty levels, please refer to
Appendix D.3.1 and Appendix D.3.2.

4.3.1 Analysis of Overall Model Performance
via Automatic Evaluation

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
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
across the three evaluation dimensions, while Fig-
ure 7 shows the score distributions per dimension
for each model.



We observe that Qwen2.5-VL-32B-Instruct ex-
cels in the RCC dimension, suggesting strong se-
mantic organization and abstract reasoning capabil-
ities, which highlights its proficiency in handling
cross-node, multi-hop reasoning tasks. Gemini-
1.5-pro does not stand out in any single dimension
but demonstrates stable and well-balanced perfor-
mance overall. In contrast, QVQ-72B-Preview ex-
hibits lower average scores and greater variance
across dimensions, indicating less consistent per-
formance. Overall, RCC emerges as the highest-
scoring and most stable dimension across all mod-
els.

4.3.2 Human Evaluation and Consistency
Analysis with Automatic Evaluation
Scores

To evaluate the consistency between automatic eval-
uation scores and human judgments, we randomly
sampled 10% of the evaluation dataset for manual
annotation. The results of the human evaluation are
summarized in Table 3, and a visualization of score
consistency is provided in Figure 8. We calculated

r=0.64, rho = 0.57, MAE = 0.55, Bias = -0.09
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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.

four commonly used consistency metrics: the Pear-
son correlation coefficient (7), the Spearman rank
correlation coefficient (p), the Mean Absolute Error
(MAE), and Bias. The formal definitions and com-
putation formulas for these metrics are provided in

Appendix D.1. The results indicate a moderately
strong linear correlation (r = 0.64) and a moder-
ate rank correlation (p = 0.57) between automatic
evaluation and human scores, suggesting that the
model generally captures overall scoring trends,
though some discrepancies remain in the ranking
of individual samples. The MAE is 0.55, indicat-
ing that the average deviation between model and
human scores is less than one point, and the overall
error remains within an acceptable range. The bias
is -0.09, showing that the model tends to slightly
underestimate human scores. To better understand
subtle differences in scoring behaviors, especially
where discrepancies occurred between humans and
GPT-40, we conducted a detailed dimension-wise
analysis, presented in Appendix D.2.

Despite certain imperfections, our dedicatedly
designed evaluation prompt enables the automatic
evaluation scores to align well with human judg-
ments in terms of overall trends.

5 Fine-Tuning Open-Source
Vision-Language Models

Baseline Models. We evaluate six representa-
tive lightweight multimodal models as our base-
lines: DeepSeek—VL—l.3B—Chat5 (Lu et al., 2024),
InternVL2-1B, InternVL2.5-1B, InternVL2.5-1B-
MPO®, Janus-1.3B7 (Wu et al., 2024), and mPLUG-
OwI3-1B-2410148% (Ye et al., 2024).

Experiment Details. We fine-tuned each model
using the training set described in Section 3.6 and
evaluated their performance on the same evaluation
dataset introduced in Section 4.2, enabling a direct
comparison before and after fine-tuning. The evalu-
ation followed the protocol outlined in Section 4.1,
assessing model outputs along three dimensions:
graph parsing accuracy (GPA), reasoning consis-
tency and completeness (RCC), and instructional
reasoning accuracy (IRA). Scores were assigned
using GPT-40 as an automatic evaluation. The fea-
sibility and reliability of this automatic evaluation
approach were thoroughly validated in the previous
section.

5.1 Results

The average scores of each model across the three
evaluation dimensions before and after fine-tuning
are presented in Table 4, with the corresponding

Shttps: //github.com/deepseek-ai/DeepSeek-VL
®https://github.com/OpenGVLab/InternvL
"https://github.com/deepseek-ai/Janus
8https://github.com/X-PLUG/mPLUG-0wl


https://github.com/deepseek-ai/DeepSeek-VL
https://github.com/OpenGVLab/InternVL
https://github.com/deepseek-ai/Janus
https://github.com/X-PLUG/mPLUG-Owl

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 422(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

[ 1RA.Before Finetune [[] GPA.Before Finetune [] RCC.Before Finetune

. IRA.After Finetune . GPA After Finetune . RCC.After Finetune

DeepSeek Intern2 Intern2.5 Intern2.5-MPO J 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-
els show improvements across all dimensions after
fine-tuning.

Notably, DeepSeek-VL-1.3B-Chat achieves the
most substantial performance gain, while other
models exhibit more modest improvements. This
aligns with the observed loss trajectory during
fine-tuning: while DeepSeek-VL-1.3B-Chat re-
quired nearly 500 iterations to reach its low-
est validation loss, most other models began
to overfit—evidenced by increasing validation
loss—within 200 iterations. These findings suggest

that, compared to its counterparts, DeepSeek-VL-
1.3B-Chat has stronger generalization capacity in
multi-graph joint reasoning tasks and can benefit
more from extended fine-tuning.

We also conducted a variance analysis of model
scores before and after fine-tuning; detailed results
are provided in Appendix D.4.

6 Conclusion

This work investigates multi-graph joint reasoning
with VLMs as an alternative to graph neural net-
works. We propose a benchmark that addresses
gaps in data and evaluation protocols. Experiments
show that while state-of-the-art VLMs demon-
strate strong potential, they also face challenges
in structural and semantic integration. Fine-tuning
lightweight open-source models on our benchmark
yields consistent gains, validating its effectiveness
and generalizability.



7 Limitations

Due to the high computational cost of large VLM,
our fine-tuning is limited to smaller models, pre-
venting scalability analysis. Moreover, the bench-
mark does not yet support non-visual formats like
tables, limiting its use in multimodal scenarios in-
volving graph—table combinations. Experiments
reveal that while Qwen2.5-VL-32B-Instruct ex-
cels in multi-hop reasoning (RCC) and Gemini-
1.5-pro provides the most balanced performance, a
gap remains in structural integration. Fine-tuning
lightweight models like DeepSeek-VL-1.3B yields
significant gains, proving the benchmark’s value
for model alignment. However, we observed that
fine-tuning can sometimes impair original struc-
tural parsing in complex tasks, such as flowchart
logic.
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A Token Extraction and Similarity
Computation for Graph Grouping

A.1 GPT-40 Prompt for Graph Token
Extraction

~

ies and edges present in the graph.
image)

e text, titles, or legends)
al graph structure.

/

Figure 10: Prompt used to guide GPT-40 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 extract
node and edge tokens from individual graph images
is shown in Figure 10.

A.2 Bi-directional Max-Sim Similarity
Computation

Let G4 and G be two graphs. From each graph,
we extract the set of node and edge tokens:

TA = {t 5. Ay, TB = (BB .

s ty

(1)
Each token ¢; is encoded into a dense vector e; €
R? using a pretrained BERT encoder. Denote the

resulting embeddings as:

A

7enA )

B

npg
(2)
We define the max-sim score from A to B as:

EA:{ef,... EB:{e{g,...,e

1 &
MaxSim(A — B) = — E max cos(e;, eD)
nA J
=1

7 7]
3)
Similarly, the reverse direction is computed as:

1 &
MaxSim(B — A) = — E maxcos(ef,ef‘)
np 7
7j=1

4)
The final bi-directional similarity score is the
average of both directions:

BiMaxSim(A, B) :%[MaXSim(A — B) 5)
+ MaxSim(B — A)]

sbnp

}
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We use BiMaxSim(A, B) as the similarity met-
ric to identify and group semantically aligned graph
image sets. This approach captures asymmetric
alignment and encourages mutual relevance be-
tween token sets from two graphs.

A.3 Subgraph-Splitting Strategy for Route
Maps

Due to the high structural and semantic homogene-
ity among different route maps, we empirically
observed that distinguishing them within the BERT
semantic space is challenging. Consequently, the
CIGG strategy is not suitable for this graph type,
as it struggles to reliably identify route maps with
semantically related content.

To address this limitation, we adopt a subgraph-
splitting strategy with two distinct configurations:

* Splitting into Two Subgraphs: We adopt
three splitting methods—vertical, horizontal,
and diagonal—to divide a route map into two
subgraphs (see Figure 11 (a), (b), (c)).

* Splitting into Four Subgraphs: We apply a
corner-based splitting approach, segmenting
the route map into four quadrants to gener-
ate four interrelated subgraphs (see Figure 11

(d)).

These methods simulate different spatial parti-
tions while preserving local structural coherence.

a) Vertical Spiit b) Horizontal Spiit ) Diagonal Split d) Comer-based Spiit

=~ AL

EEE
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.

e R

L=

A.4 Prompt for Instruction-Response Pair
Generation

The full prompt used to guide GPT-40 in generating
instruction-response pairs for multi-graph reason-



ﬂrst‘ 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 referfing 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 “difficut.

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™: "
"question’
ot o

easy’,

“difficulty”:
“question’
"answer": "

"medium’,

“difficulty":
"question’
"answer”; "

1 }

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

“difficult”,

J

Figure 12: Prompt used to instruct GPT-40 in generating
instruction-response pairs from multiple semantically
related graph images.

ing tasks is shown in Figure 12.

B Manual Review and Refinement
Procedure

To ensure the quality and consistency of instruction-
response pairs, we performed a detailed manual
review following the initial generation by GPT-4o.
This review process aimed to filter out low-quality
samples and correct flawed responses to ensure the
benchmark faithfully assesses multi-graph reason-
ing capabilities.

We identified three main reasons for deeming a
sample invalid:

* The instruction only referenced a single graph,
violating the benchmark’s goal of assessing
joint reasoning across multiple graphs.

* The instruction was irrelevant or unrelated to
the graph content, resulting in semantically
meaningless samples.

* The response contained factual inaccuracies or
logical inconsistencies despite the instruction
being valid.

Based on the above criteria, we applied the fol-
lowing corrective actions:

* Pairs with invalid instructions were entirely
removed from the benchmark.

* Pairs with valid instructions but flawed re-
sponses were manually edited to correct errors
while preserving the original reasoning intent.

This annotation process contributed significantly
to the reliability of the released benchmark.
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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

Figure 13 shows the distribution of the number
of graph images per sample, where each sample
refers to a group of graph images along with its
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.

tribution of test samples by graph group type and
difficulty is shown in Figure 14.

D Prompt for GPT-40-Based Evaluation

The evaluation prompt used to guide GPT-40 in
assessing model responses across three reasoning
dimensions is shown in Figure 15.

D.1 Formal Definitions of Consistency Metrics

To quantify the consistency between automatic
model scoring and human annotations, we adopt
four commonly used statistical metrics: the Pear-
son correlation coefficient (), the Spearman
rank correlation coefficient (p), the Mean Abso-
lute Error (MAE), and Bias. Their formal defini-
tions and computation formulas are provided below.
Throughout these definitions, we denote x; as the



You are an expert evaluator assessing the performance of a multimodal Al model on a multi-graph
reasoning benchmark.

Given the following question, the model's answer, and the human-witten 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.

Figure 15: Prompt used to instruct GPT-40 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.

Output example:
324

human-assigned score and y; as the corresponding
model-assigned score.

D.1.1 Pearson Correlation Coefficient (1)

The Pearson correlation measures the linear rela-
tionship between human and model scores. Given
paired scores {(z;, y;) }1-;, it is defined as:

_ > iy (i — 7)(yi — 9)
Vi (@i =) /30 (i — 9)?

where Z and ¥ denote the means of x; (human) and
y; (model), respectively.

(6)

r

D.1.2 Spearman Rank Correlation Coefficient
()

Spearman’s p measures the monotonic relationship
between the rankings of human and model scores.
It is computed as:

p = r(rank(x), rank(y)) 7
where rank(z;) and rank(y;) denote the ranks of
the human and model scores, respectively.

D.1.3 Mean Absolute Error (MAE)

MAE evaluates the average magnitude of the abso-
lute differences between model and human scores:

n

MAE — © (8)
n

\yi —fUi|
1

1=
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D.1.4 Bias

Bias captures the average signed deviation of model
scores from human scores:

1 n

- > (i — )

Bias = —
i=1

©)

These metrics together provide a comprehensive
view of the alignment between automatic evalua-
tion and human judgment.

D.2 Dimension-Wise Bias Analysis between
Human and Automatic Evaluation

A further dimension-wise analysis reveals that au-
tomatic evaluation scores are generally higher than
human scores in the GPA dimension. In contrast,
human scores tend to exceed those of the model in
the IRA and RCC dimensions. This discrepancy
may stem from differing evaluation emphases.

In GPA, GPT-40 often assigns favorable scores
when responses include surface-level mentions of
nodes, edges, or substructures. Human annotators,
however, emphasize deeper structural comprehen-
sion—such as hierarchical relationships, edge se-
mantics, and the underlying logical organization
of the graph—Ieading to more conservative assess-
ments.

Conversely, in IRA and RCC, human evaluators
are generally more forgiving of minor language
inconsistencies, as long as the semantic content
is preserved. In contrast, GPT-4o tends to assign
lower scores in these cases, likely due to its stricter
adherence to pattern-based matching and surface
fluency.

This difference underscores the need to consider
complementary human and automatic assessments
in evaluating VLM performance.

D.3 Additional Evaluation Results

D.3.1 Evaluation Across Graph Group Types

We systematically analyzed the performance of
five models across three evaluation dimensions on
five graph group types defined in our benchmark:
flowchart, knowledge graph, mind map, route map,
and heterogeneous. The results are presented in
Figure 16. In terms of average scores, model per-
formance across different graph group types largely
aligns with the overall trends observed in Section
4.3.1. Notably, GPT-40-mini exhibits stable per-
formance in the GPA dimension across diverse
graph group types, highlighting its strong general-
ization capability. In contrast, QVQ-72B-Preview



shows significantly lower scores on structurally
complex and abstract graphs, underscoring its limi-
tations in interpreting and reasoning over intricate
graph structures. Interestingly, we observe that cer-
tain models exhibit stronger performance on the
heterogeneous-graph type compared to some in-
dividual single-type graph types. This suggests
that the presence of diverse structural forms may
provide complementary cues that facilitate more
effective cross-graph reasoning and the extraction
of task-relevant information.

[ ove [ quens2s [] qwen72s [] cemini [ opPT

Flowchart-type Knowledge Graph-type

Mind Map-type Route Map-type.

Heterogeneous-type

vl

204

Model

12 3 04 50 1 2 3 45
Average Score

Figure 16: Average scores of different models across
three evaluation dimensions—GPA, RCC and IRA each

graph group type.

To further investigate fluctuations in model be-
havior, we conducted a variance analysis of perfor-
mance across graph group types. The box plots of
all models across the three evaluation dimensions
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.
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We observed that all models exhibit notably
higher variance in IRA when processing route
maps. We attribute this to the unique characteristics
of route maps compared to more structured formats
like flowcharts or knowledge graphs. Specifically,
route maps often involve spatial localization and
path choices. Their nodes typically represent geo-
graphic locations or landmarks, while instructions
tend to rely on spatially contextual, such as “go
from A to B” or “turn left at the main road” (as illus-
trated in the example shown in Figure 18). Current

Question: "What route number is visible near both Dziekanéw Lesny 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 “Dziekanéw
Le$ny” 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 77).

VLMs, however, are primarily optimized for logi-
cal reasoning and entity-based structures, lacking
mechanisms for fine-grained spatial planning and
directional awareness. This limitation introduces
substantial randomness in how models interpret
and execute route-based instructions, leading to
high sample-level performance variance.

In contrast, we found that mind maps—due to
their deep structural branching and high semantic
density—emerge as one of the most discriminative
graph types, revealing pronounced performance
gaps between models. This underscores their diag-
nostic value for multi-graph reasoning benchmarks.

To further assess whether certain graph types in-
duce “luck-driven” performance or contain outlier
cases, we conducted a skewness analysis, which
measures the asymmetry of a distribution; a value
close to zero indicates a symmetric distribution,
while positive or negative values indicate right- or
left-skewed distributions, respectively. The sample
skewness is computed as:

()

where ¥ is the sample mean, s is the standard de-

1 n
Skewness = — E
n
i=1

T; — T

(10)



viation, and n is the number of observations. The
corresponding heatmap visualization is shown in
Figure 19.

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.

Despite the high variance observed for route
maps, the skewness of IRA scores across all models
is consistently close to zero. This suggests that the
observed variance is not driven by a few extreme
samples but rather reflects a systemic bottleneck in
spatial reasoning capabilities.

Therefore, while route maps pose a high-
variance challenge, their stable distributional char-
acteristics also make them suitable for benchmark-
ing robustness. They provide both discriminative
power and reliability, making them a valuable com-
ponent in the design of future multi-graph evalua-
tion tasks.

D.3.2 Evaluation Across Task Difficulty
Levels

To further examine the generalization capabilities
of each model under varying levels of task complex-
ity, we conducted a systematic statistical analysis
of their performance across three difficulty levels
(easy, medium, difficult) and three evaluation di-
mensions, as shown in Figure 20.

[ ove [ owenszs [] qwen72s [ Gemini [] epT

Easy Medium Difficult
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Model
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0 1 2 3 4 50 1 2 3 4 50 1 2 3 4 5
Average Score

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

We observe that certain models, such as
Qwen2.5-VL-32B-Instruct and GPT-40-mini, ex-
hibit a performance decline as task difficulty in-
creases. This trend suggests that some models still
struggle with multi-graph joint reasoning tasks in-
volving complex structural information, extended
reasoning paths, or semantically ambiguous inputs.
In contrast, other models show relatively stable per-
formance across different difficulty levels, and even
achieve higher scores on more challenging tasks.
This may be attributed to their stronger generaliza-
tion ability, which allows them to better leverage
the clearer visual-textual alignments and structural
cues present in complex tasks, thereby enhancing
reasoning performance under higher difficulty.

To complement the main difficulty-based evalu-
ation, we further analyzed the robustness of each
model when facing increasing task complexity in
multi-graph joint reasoning.

We introduce a simple yet effective robustness
metric: the difference between the average score
on easy questions and that on difficult questions.
Formally, let Seasy and Sgifficure denote a model’s
average score on easy and difficult questions re-
spectively. The robustness score is defined as:

Robustness = Sgifficutt — Seasy (11D
A value closer to zero indicates that the model
maintains relatively consistent performance under
increased task difficulty, suggesting stronger re-
silience to complex structural and semantic condi-
tions. Figure 21 summarizes the robustness scores

Robustness
050

025
0.00

F LA

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.

of all evaluated models.

To further visualize model behavior across dif-
ficulty levels and graph types, we provide a cross-
dimensional heatmap in Figure 22. This view en-
ables a more fine-grained understanding of how
each model handles variation in structural complex-
ity and task formulation.



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 Before
and After Fine-Tuning

It is worth noting that although DeepSeek-VL-
1.3B-Chat demonstrates significant performance
improvement after fine-tuning, its score variance
also increases, indicating a certain degree of incon-
sistency in its performance across samples. This
fluctuation may stem from the model’s differenti-
ated adaptability to various task structures during
fine-tuning. Specifically, for tasks with clear struc-
ture and well-defined goals—such as map-based lo-
calization—the model is able to learn stable reason-
ing patterns more effectively, resulting in notable
performance gains. In contrast, for multi-graph
tasks characterized by high information density
and complex inter-graph logical relationships, the
model may exhibit deviations in reasoning path
selection or key information extraction, which in
turn leads to declines in comprehension and an-
swer quality. In the following section, we provide
examples to illustrate this phenomenon in detail.

As illustrated in Figure 23, Sample 1 presents a
task that requires identifying the location directly
north of “Mbemba” based on two interrelated maps.
This sample is designed to evaluate the model’s
ability in multi-graph spatial orientation reason-
ing. Before fine-tuning, the model exhibited severe
recognition errors and hallucinations: it generated
a fabricated place name, “Kigoma,” and even intro-
duced irrelevant reasoning about “river flow direc-
tion,” which was not present in the images. These
issues indicate major deficiencies in graph struc-
ture understanding and reasoning path construc-
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tion, resulting in the lowest possible score (1 out
of 5) across all three evaluation dimensions. After
fine-tuning, however, the model accurately identi-
fied and returned the correct place name, “Ganda-
Sundi.” While the response was brief, it fully sat-
isfied the requirements of all evaluation dimen-
sions and matched the reference answer provided
by GPT-40. Consequently, the model achieved
full marks (5 out of 5) in all dimensions. This
case demonstrates that fine-tuning significantly im-
proved the model’s graph understanding and struc-
tured reasoning capabilities, particularly enhancing
its generalization and robustness in spatial reason-
ing tasks involving geographic orientation.

In contrast, as shown in Figure 24, Sample 2
involves a question that asks the model to iden-
tify the immediate subsequent nodes following the
initial nodes in two separate flowcharts. Before
fine-tuning, although the model exhibited some de-
ficiencies in graph understanding—failing to recog-
nize the “providing the menu” node in the second
flowchart and instead misinterpreting it as a synony-
mous expression of the “receiving parts” node in
the first flowchart—it was still able to correctly in-
fer the next step in the first graph. After fine-tuning,
however, the model produced clearly misaligned
or irrelevant flowchart nodes as its answer. This
suggests that the fine-tuning process may have in-
advertently impaired the model’s original ability to
parse graph structures, or introduced a tendency to
follow incorrect reasoning paths.

Therefore, we speculate that fine-tuning en-
hances the model’s responsiveness to specific types
of multi-graph reasoning tasks, but at the same time
amplifies its performance disparities across differ-
ent task structures, leading to an increase in score
variance.

E Compute Resources

To support reproducibility and scalability analysis,
we provide details of the compute environment for
all experiments conducted in this work.

Compute Environment:

* GPU: NVIDIA A800 80GB x 1

CPU: 14 vCPU Intel(R) Xeon(R) Gold 6348
@ 2.60GHz

RAM: 100 GB

CUDA: 12.4

OS/Container: Ubuntu 22.04
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Question:
Which place is directly north of Mbemba in both maps?
Answer:

Model Response (Before Finetune):
The place directly north of Mbemba in both maps is

. 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):

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: 3.12
* Frameworks: PyTorch 2.5.1, ms-swift

All experiments were conducted using a single
A800 GPU. No distributed or multi-node training
was involved.

E.1 Broader Societal Impacts

This work introduces a benchmark for multi-graph
reasoning with vision-language models (VLMs),
constructed entirely from publicly available or syn-
thetic content to support reproducible academic
research.

The benchmark promotes advances in structured
visual reasoning and enables fair, systematic evalu-
ation across models, with potential applications in
education, science, and healthcare.

While released under the permissive MIT Li-
cense, we encourage responsible use. Misapplica-
tion in high-stakes settings without proper valida-
tion may lead to misleading conclusions or unin-
tended outcomes.

Users are advised to carefully assess real-world
applicability before deployment.

F Dataset Safeguards

To ensure the safety and ethical integrity of our
released dataset, we conducted a manual screening
process. While most of the data is synthetically
generated or manually created, a small portion was
collected from public web sources.

All web-crawled images were individually re-
viewed by human annotators to ensure they do not
contain personal, sensitive, or inappropriate con-
tent. This manual screening process ensures the
dataset is safe and suitable for academic use under
the MIT License.
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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 féceiving
Parts, the next step is [ISBEBHBA. In the restaurant
flowchart, after , the next step is
determining if .

Model Response (Before Finetune):

The immediate step after _ or _
in the manufacturing process is to _
-. This is depicted in the flowchart where the

Example of a Flow Chart

Simplified view of a manufacturing process.

i "Inspection” step is directly connected to the "Receiving
i T Parts" step. The visual clue supporting this statement is
o s e | the arrow connecting the "Receiving Parts" step to the
| "Inspection” step in the flowchart, indicating the direct
- ‘ e connection between these two actions.

Model Response (After Finetune):
- emerwes || the manufacturing process flowchart, after féceiving
| Parts, the next step is to [faNSICNIORNEIStore, followed by

GromgsGiren <+~ Faymen Mode a move to the receiving department. In the restaurant
flowehart, after FEEENINGHAETGGANERUES, the nex! ste

Coppight @tempist net IS

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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