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Abstract

Large Vision-Language Models (LVLMs) con-
sistently require new arenas to guide their
expanding boundaries, yet their capabilities
with hypergraphs remain unexplored. In the
real world, hypergraphs have significant prac-
tical applications in areas such as life sci-
ences and social communities. Recent ad-
vancements in LVLMs have shown promise in
understanding complex topologies, yet there
remains a lack of a benchmark to delineate
the capabilities of LVLMSs with hypergraphs,
leaving the boundaries of their abilities un-
clear. To fill this gap, in this paper, we intro-
duce HyperGVL, the first benchmark to evalu-
ate the proficiency of LVLMs in hypergraph
understanding and reasoning. HyperGVL pro-
vides a comprehensive assessment of 12 ad-
vanced LVLMs across 84,000 vision-language
question-answering (QA) samples spanning 12
tasks, ranging from basic component counting
to complex NP-hard problem reasoning. The
involved hypergraphs contain multiscale syn-
thetic structures and real-world citation and pro-
tein networks. Moreover, we examine the ef-
fects of 12 textual and visual hypergraph repre-
sentations and introduce a generalizable router
WiseHyGR that improves LVLMs in hypergraph
via learning adaptive representations. We be-
lieve that this work is a step forward in connect-
ing hypergraphs with LVLMs.

1 Introduction

Graphs serve as a fundamental data structure for
modeling the relationships between abstract con-
cepts or tangible objects in the real world. Among
the sub-categories of graphs, hypergraphs are sig-
nificant because their hyperedges can effectively
model high-order correlations among three or more
entities. The applications of hypergraphs are preva-
lent in the real world. For example, in social net-
works, hypergraphs can naturally represent com-
munity interactions, where a hyperedge can con-
nect an arbitrary number of vertices, reflecting the
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Figure 1: Overview of the HyperGVL benchmark.

complex, high-order relationships within commu-
nities (Contisciani et al., 2022). Similarly, in life
science, hypergraphs are adept at modeling interac-
tions such as catalytic triplets in protein structures
(Ravetz et al., 2019), where ordinary graphs that
only focus on pair-wise relations fall short. Re-
cent advances also shows the promising capability
of hypergraph in modeling complex relationships
among information in retrieved-augmented genera-
tion (Feng et al., 2025a) more accurately.

On the other hand, large vision-language models
(LVLMs) exhibit outstanding performance across
a wide range of downstream tasks with human-
like understanding and reasoning abilities (Li et al.,
2025b). This triggers a growing interest in em-
ploying LVLMs for graph learning problems, as
the vision modality offers a natural way for com-
prehending structural information and facilitating
graph-related reasoning, where GVLQA (Wei et al.,
2024), VisionGraph (Li et al., 2024), and VGCure
(Zhu et al., 2025b) are among the first batch of
such methods. However, they limit their scopes to
ordinary graphs, and do not explore the potential of
LVLMs on high-order relationships in hypergraphs.

To address this gap, we introduce HyperGVL (Fig.
1), the first comprehensive benchmark dataset de-
signed to evaluate the capabilities of LVLMs on
hypergraphs. HyperGVL consists of 84,000 vision-
language question-answering (QA) pairs, cover-



Benchmark Evaluation Capability Graph Source Structure Perception High-Order #Tasks #Samples
GVLQA Reasoning Synthetic Visual & Textual X 7 157,896
VisionGraph Understanding & Reasoning Synthetic Visual X 10 3,000
VGCure Understanding & Reasoning ~ Synthetic & Real-world Visual X 22 223,646
LLM4Hypergraph Mainly Understanding Synthetic & Real-world Textual 15 21,500
HyperGVL (Ours)  Understanding & Reasoning Synthetic & Real-world Visual & Textual 12 84,000

Table 1: Comparisons between HyperGVL and related graph analysis benchmarks for LVLMs/LLMs. #Tasks: number

of response types; #Samples: total number of test samples;

ing both multiscale synthetic hypergraphs and real-
world hypergraphs from citation and protein net-
works. The evaluation spans 12 tasks of varying dif-
ficulty levels, from fundamental hypergraph com-
ponent understanding to the challenging NP-hard
problems reasoning. Additionally, HyperGVL inte-
grates seven textual and five visual representations
of hypergraphs, offering insights into task prefer-
ences and model capability boundaries across these
diverse representations.

Based on the performances of LVLMs un-
der different hypergraph representations, we train
WiseHyGR, a generalizable router that can choose
proper hypergraph representations for given hy-
pergraph problems. Experimental results validate
that WiseHyGR generally enhances the hypergraph
understanding and reasoning abilities of LVLMs,
and the benefits can be generalized to downstream
out-of-domain tasks.

The contributions of this work are threefold.

¢ We construct the HyperGVL benchmark, a new
arena to assess LVLMs’ abilities on hyper-
graph understanding and reasoning.

* We extensively evaluate 12 leading LVLMs on
HyperGVL and expose their actual capabilities.
The dedicated evaluations from various per-
spectives contribute 14 valuable observations.

* Based on the model performance across hy-
pergraph representations, we train WiseHyGR,
a generalizable router to boost LVLMs on hy-
pergraph understanding and reasoning tasks.

2 The HyperGVL Benchmark

In this section, we introduce the HyperGVL Bench-
mark, which is designed to delineate the ability
boundaries of LVLMs in handling higher-order
structures of hypergraphs.

2.1 Benchmark Uniqueness

Table 1 underscores the distinct role of HyperGVL
within the landscape of existing benchmarks. Un-
like conventional graph-related LVLM benchmarks,

/X: support/not support high-order relationships.

HyperGVL delves into higher-order relationships in-
herent in hypergraphs, surpassing the limitations of
ordinary graphs. Additionally, in contrast to text-
only hypergraph benchmarks for large language
models (LLMs), HyperGVL integrates visual per-
ception effects unique to LVLMs, as well as en-
hances task diversity and complexity through the
inclusion of intricate reasoning challenges. More
related works are introduced in Appendix A.

2.2 Hypergraph Organization

The hypergraphs in HyperGVL involve meticu-
lous considerations to ensure a reasonable organi-
zation. First, the HyperGVL benchmark comprises
an equal proportion of synthetic and real-world hy-
pergraphs. Synthetic hypergraphs are generated
using both random and regular-structured meth-
ods, providing a controlled environment for test-
ing. In contrast, real-world hypergraphs are from
anonymized citation and protein networks, offering
practical insights into real-world applications.

To ensure balanced complexity for comprehen-
sive evaluation, we employed the scale partition
protocol from Feng et al. (2025b), and organized
hypergraphs by vertex count into three scale groups:
small, medium, and large, with a distribution ratio
of 1:2:1. This categorization facilitates the assess-
ment of model performance across varying levels of
complexity. Detailed descriptions of the processes
used to obtain these hypergraphs are provided in
Appendix B.

2.3 Benchmark Tasks

In this section, we introduce the tasks with design
considerations in HyperGVL.

2.3.1 Design Principle

The tasks in HyperGVL are designed around two
core dimensions: assessed capability and re-
sponse type.

For assessed capabilities, tasks are divided into
two main categories: understanding and reason-
ing. The understanding tasks evaluate three key
atomic abilities: (1) basic element capture, which



involves recognizing vertices and hyperedges; (2)
adjacency perception, which entails understanding
adjacency relationships among vertices; and (3)
heuristic computation, which includes computing
heuristics such as vertex degree and hyperedge or-
der (i.e., the number of vertices in a hyperedge).
On the other hand, reasoning tasks assess model
abilities in terms of (1) algorithms, which involve
solving problems with definitive algorithms, and
(2) planning, where problems are NP-hard and lack
definitive algorithms, requiring models to actively
plan and devise valid solutions.

Based on these assessed capabilities, all tasks
are categorized into a four-level difficulty hier-
archy: Level-1 (querying single atomic capabil-
ity), Level-2 (combining compound atomic capa-
bilities), Level-3 (polynomial-solvable algorithms),
and Level-4 (NP-hard planning). This stratification
aligns with task complexity (Bylander, 1994), and
we aim to verify whether it is consistent with the
actual capability spectrum of LVLMs.

For response types, tasks are categorized into
four types: (1) counting, (2) computing, (3) deci-
sion, and (4) descriptive tasks. This taxonomy en-
ables a comprehensive evaluation of LVLMsS across
diverse cognitive processes.

Unlike LLM4Hypergraph (Feng et al., 2025b),
which presents relatively simple tasks for recent
models (e.g., Gemini-3 Flash achieved over 90%
zero-shot accuracy in its 13 out of 15 tasks in our
testing), the proposed benchmark introduces more
challenging tasks that require reasoning beyond
structural understanding. This design aligns with
evolving model capabilities and leaves ample room
for their future improvement. Overall, the task dis-
tribution in HyperGVL encompasses a wider range
of difficulty and diversity, establishing a compre-
hensive evaluation framework for LVLMs.

2.3.2 Task Descriptions

All tasks in HyperGVL are introduced briefly in this
section. More details are in Appendix C.

Hypergraph understanding tasks are designed
to evaluate in terms of the composition, topology,
and fundamental heuristics of hypergraphs. Those
tasks are mainly categorized into six types as fol-
lows.

e Vertex Counting (VC): Counting the number
of vertices in a given hypergraph.

* Hyperedge Counting (HEC): Counting the
number of hyperedges in a given hypergraph.

* Neighbors (Ne): Identifying direct neighbors
of a specified vertex connected by hyperedges.

* Degree-specified Vertex Counting (DVC):
Counting vertices with a specific degree value
in the hypergraph.

* Order-specified Hyperedge Counting (OEC):
Counting hyperedges with a specific order in
the hypergraph.

* Order-filtered Neighbors (ONe): 1dentifying
neighbors of a vertex when only considering
hyperedges with their orders no smaller than
a specified threshold.

The associated assessed capabilities, difficulty lev-
els, and response types of those tasks are detailed
at the top of Tab. 2, along with examples.

Hypergraph reasoning tasks are designed to
tackle complex, multi-step inferential challenges
within hypergraphs. Beyond understanding hyper-
graph structures and computing heuristics, these
tasks require organizing the atom capabilities into
a sophisticated iterative process to tackle complex
hypergraph problems. Those tasks are mainly clas-
sified into six types as follows.

* Order-weighted Shortest Path (OSP). Com-
puting the shortest path length between two
vertices, where the hyperedge order serves as
the distances.

* Order-weighted Maximum Flow (OMF): Com-
puting the maximum flow between two ver-
tices, where the hyperedge order determines
the edge capacity.

* Isomorphism Recognition (ISM): Determining
whether two hypergraphs are isomorphic.

* Hypergraph 3-Coloring (3-CL): Providing a
valid 3-coloring, where each hyperedge con-
tains at least two distinct colors.

* Strict Hypercycle (SHC): Searching a strict
hypercycle in the hypergraph, where adjacent
hyperedges share exactly one vertex.

* Hypergraph Hamilton Path (HHM): Planning
a Hamiltonian path, which visits all the ver-
tices in the hypergraph exactly once, with a
given vertex as the starting point of the path
and another one as the ending point.

The associated assessed capabilities, difficulty lev-
els, and response types of those tasks are detailed
in the bottom of Tab. 2.



Task Capability Response Type  Difficulty Example #Sample
Understanding Tasks 42,000
- - - >
Ve Element Counting Level-1 2: Il-lsow many vertices are in the hypergraph G? 7,000
. a 1 Q9 1 > 2
HEC Element Counting Level-1 2: I;; W many vertices are in the hypergraph G? 7,000
Ne Adjacency Descriptive Level-1 2: l?\(’)hig ar\f:sthe direct neighbors of vertex v4 in hypergraph G? 7.000
DVC  Heuristic&Element Counting Level-2 2; 17{°W many vertices have degree 3 in hypergraph G? 7,000
- - 5
OEC  Heuristic&Element Counting Level-2 gj IS{OW many hyperedges have order 4 in hypergraph G? 7,000
Q: What are the neighbors of vertex v5 when only considering
ONe  Heuristic&Adjacency Descriptive Level-2 hyperedges with order >= 2 in hypergraph G? 7,000
A:vO0, v3.
Reasoning Tasks 42,000
- - o >
OSP Algorithm Computing Level-3 2: ;Vhat is the order-weighted shortest path length from v4 to v8? 7.000
- - — - 5
OMF Algorithm Computing Level-3 2: \lﬂéhat is the order-weighted maximum flow from v4 to v8? 7.000
. 1 H ‘7
ISM Algorithm Decision Level-3 2: ?:Z these two hypergraphs isomorphic? 7,000
Level-4 Q: Please provide a 3-coloring strategy such that each hyperedge
3-CL Planning Descriptive (NP-hard) contains nodes with at least 2 different colors. 7,000
A: Coloring:[v0:c0,v1:c1,v2:c2,v3:c0,v4:c1,v5:c2].
. . Level-4 Q: Please identify a strict hypercycle in the hypergraph G.
SHC Planning Descriptive (NP-hard)  A: Cycle:[e0,e3.2,e4.e1]. 7,000
Level-4 Q: Please provide a valid Hamiltonian path from v1 to v0.
HHM Planning Descriptive (NP-hard) (Hamiltonian path = path visiting all vertices exactly once). 7,000

A: Path:[e0,el,e2.,e3].

Table 2: Properties, statistics, and examples of all hypergraph understanding and reasoning tasks in HyperGVL.

2.4 Hypergraph Representations

Hypergraph representations are crucial for evaluat-
ing the capabilities of LVLMs within hypergraphs,
as distinct representations introduce unique percep-
tual biases (Wei et al., 2024; Feng et al., 2025b).
Unlike LLMs that rely solely on text, LVLMs
benefit from a synergistic perception of both vi-
sual and textual information. Therefore, testing
LVLMs on HyperGVL should not only consider tex-
tual or visual hypergraph representations individu-
ally, but also study their combinations. To compre-
hensively assess LVLMs across different represen-
tations, HyperGVL utilizes seven textual represen-
tations and five visual representations, resulting in
35 combinations of hypergraph representations (7
textual x 5 visual). To clarify, the 84,000 vision-
language QA samples in HyperGVL are related to
2,400 meta problems (each task 200), where each
meta problem p corresponds to 35 vision-language
QA samples with varying hypergraph representa-
tions.

In the following, we introduce these hypergraph
representations, and provide examples in Fig. 2.

Textual Hypergraph Representations. By fol-
lowing (Feng et al., 2025b), we use the following
7 textual hypergraph representations in HyperGVL.
Their prompts are demonstrated in Appendix E.1:

* Low-Order Incidence Description (LO-Inc):
Listing pairwise vertex connections, e.g.,

“Vertex vy is linked to vertices v and v3”.

Neighbor-Pair Description (N-Pair): Enumer-
ating pairs of vertices sharing a hyperedge,

ER]

c.g., “(Ul, UQ), (’Ul, 1)3) .

Raw Adjacency Matrix Description (Adj-Mat):
Employing a matrix where the binary entry
indicates the connection between vertex pairs.

High-Order Neighbor Description (HO-
Neigh): Detailing neighborhood information
in two parts, outlining vertex-to-hyperedge
and hyperedge-to-vertex connections.

High-Order Incidence Description (HO-Inc):
Incorporating higher-order relationships into
LO-Inc, e.g., “Vertex v; is connected to ver-
tices vy and v3 via hyperedge e;”.

Neighbor-Set Description (N-Set): Listing
complete vertex sets associated with each hy-

2

peredge, e.g., “(v1, v2,v3)”.

Raw Incidence Matrix Description (Inc-Mat):
Uses a matrix where the binary entry signifies
the inclusion of a vertex in a hyperedge.

Visual Hypergraph Representations. For the
vision branch, HyperGVL incorporates five visual
hypergraph representations as follows, with details
of their generations in Appendix D and examples
in Fig. 2.
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Figure 2: The 7 textual hypergraph representations and 5 visual hypergraph representations in HyperGVL.

* Enclosing Hyperedges (Enc-Hy): Visualizing
hyperedges as geometric enclosures, with ver-
tices inside enclosures indicating membership
in the corresponding hyperedge.

* Bipartite Incidence (Bi-Inc): Modeling hyper-
graphs as bipartite structures, with vertices
and hyperedges as two disjoint sets arranged
in separate layers. Straight lines between lay-
ers depict vertex-hyperedge membership.

e Shell Incidence (Sh-Inc): Similar to the Bipar-
tite Incidence representation, but arranging
vertices on an outer circle and places hyper-
edges internally, with radial connections de-
picting the membership.

e Star Incidence (St-Inc): Similar to Bipartite
Incidence, but treating each hyperedge as a
star center connected to its member vertices.

* Cligue Expansion (Cli-Exp): Transforming
hyperedges into vertex-vertex pairwise con-
nections, with hyperedge IDs labeled to pre-
serve hypergraph semantics.

Based on the above encoding approaches, those
textual and visual hypergraph representations are
categorized into three representation categories: (1)
Vertex-Vertex Pairwise (V-V) category, which
includes LO-Inc, N-Pair, Adj-Mat, and Cli-Exp,
focuses on vertex-vertex neighborships with hy-
peredge semantics implied through identifiers; (2)
Vertex-Hyperedge Pairwise (V-E) category, com-
prising HO-Neigh, HO-Inc, Inc-Mat, Bi-Inc, Sh-
Inc, and St-Inc, explicitly decomposes high-order
relationships into pairwise mappings from vertices
to their associated hyperedges; (3) Set-Based cat-
egory, featuring N-Set and Enc-Hy, treats hyper-

edges as holistic units, introducing their constituent
vertices together.

3 Benchmarking LVLMs on HyperGVL

3.1 Experimental Setup

We conduct evaluations on 12 leading LVLMs,
including open-source LVLMs: LLaVA1.5-7B
(Liu et al., 2023), LLaVA-Next-7B (Liu et al.,
2024), Molmo-7B-D-0924 (Deitke et al., 2025),
InternVL2.5-8B (Chen et al., 2024), InternVL3-
8B (Zhu et al., 2025a), GLM-4V-9B (GLM et al.,
2024), Qwen2.5-VL-7B (Bai et al., 2025b), Qwen3-
VL-8B (Bai et al., 2025a), Gemma3-12B (Team
et al., 2025), and Deepseek-VL2-27B (Wu et al.,
2024) as well as GPT-40 (OpenAl, 2024) and
Gemini-3 Flash (Google, 2025), which are strong
closed-source LVLMSs. For all LVLMs, the zero-
shot setting is adopted for the evaluation. The
LVLMs are required to provide answers in prede-
fined formats, but the factually accurate answers
with incorrect formats are also considered to be
correct after manual review. Prompts used in the
evaluation are detailed in Appendix E.2. More de-
tails of experimental settings are in Appendix F.

3.2 Main Results

Tab. 3 shows the performance of various LVLMs
on HyperGVL, with results averaged across all hy-
pergraph representation combinations. Key obser-
vations include:

Observation 1: Basic hypergraph components and
neighborhood understanding (Level-1 VC, HEC,
and Ne) could be challenging for open-source
LVLMs. Advanced open-source LVLMs like
Qwen3-VL and Gemma3 excel in vertex counting
(VC), but they are still unsatisfactory in capturing
hyperedges (HEC) and neighborhoods (Ne). In
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Models

VC HEC Ne DVC OEC ONe AvgU OSP OMF ISM 3-CL SHC HHM AvgR
LLaVA-1.5-7B 1410 863 264 10.74 16.57 1.6l 9.05 557 451 4453 10.04 844 057 12.28
LLaVA-Next-7B 1956 11.17 6.07 883 1459 839 1144 683 3.84 4227 1584 283 031 11.99
Molmo-7B-D-0924 42.24 1794 796 1324 1581 1440 18.60 1053 6.74 4590 6.63 680 040 12.83
InternVL2.5-8B 7334 2293 1073 1593 1826 22.00 27.20 1094 6.70 51.06 2276 594 0.69 1635
GLM-4V-9B 91.34 3937 1546 17.89 2333 1890 3438 1351 889 5554 2057 1419 0.67 18.90
InternVL3-8B 88.93 4793 39.17 2747 3571 3054 4496 1623 11.69 5054 38.04 524 141 2052
Qwen2.5-VL-7B 9541 4194 36.19 24.63 29.01 27.17 4239 1573 1453 59.23 2631 10.51 1.50  21.30
Qwen3-VL-8B 99.60 59.41 5520 5234 49.14 4313 59.80 32.10 25.09 4279 57.07 46.57 293 3443
Gemma3-12B 99.80 5791 7334 5192 4735 5087 63.53 2941 2271 5129 33.69 1339 267 2553
Deepseek-VL2-27B  48.59 17.73 279 9.81 1060 S5.11 1577 354 3.07 40.76 140 043 0.03 8.21
GPT-40 98.29 80.29 8343 56.57 5057 8286 6691 3943 2629 59.14 5686 25.14 3.13 35.00
Gemini-3 Flash 99.73 9831 8820 77.11 77.83 97.13 89.72 82.09 7629 6460 7934 6644 350 62.04
Average 72.58 4196 37.71 30.54 3240 3090 4031 22.16 17.53 50.64 30.71 17.16 148 23.28

Table 3: Model performance (Acc) on HyperGVL benchmark, where Avg.U and Avg.R represent the average accuracy

across understanding and reasoning tasks, respectively. Open- and closed-source LVLMs are colored in .

and .

backgrounds. The best and worst results are colored in red and blue, respectively.

contrast, closed-source LVLMs perform robustly
across these foundational capabilities.
Observation 2: Level-2 tasks (i.e., DVC, OEC,
ONe) introduce complexity beyond Level-1 tasks
by incorporating heuristic computations as con-
straints, leading to lower performance in DVC,
OEC, and ONe than VC, HEC, and Ne as expected.
Observation 3: Reasoning tasks pose significant
challenges for all LVLMs, with Avg.R across mod-
els (23.28%) notably lower than Avg.U (40.31%).
Even the most powerful LVLM, Gemini-3 Flash,
achieves only 62.04% in terms of Avg.R, while
most open-source LVLMs score below 25%.
Observation 4: The hypergraph reasoning perfor-
mance of LVLMs generally aligns with task com-
plexity. Overall, Level-4 NP-hard tasks (i.e., 3-CL,
SHC, HHM) are more challenging than Level-3
tasks, with HHM as the most intractable, that is, no
model exceeds 6% in terms of the accuracy on this
task. This demonstrates that planning constitutes
a complex capability that requires substantial im-
provement for current LVLMs. 3-CL is a bit easier
due to its abundance of valid solutions, which can
be derived via local constraints. In contrast, SHC
and HHM require global consistency, feature far
fewer valid solutions, and are highly susceptible
to intermediate inference errors, rendering them
significantly challenging for LVLMs.
Observation 5: All LVLMs perform well in ISM,
which may attributes to the visual representations
directly reveals similar patterns among isomorphic
hypergraphs (illustrated in Appendix D.3).
Observation 6: Closed-source LVLMs significantly
outperform open-source counterparts in both un-

derstanding and reasoning tasks, with the highest
Avg.U reaching 89.72% for closed-source LVLMs
(Gemini-3 Flash) compared to 63.53% for open-
source LVLMs (Gemma3). For reasoning tasks, the
disparity is 62.04% (Gemini-3 Flash) vs. 34.43%
(Qwen3-VL) in terms of Avg.R. This highlights
substantial room for improvement in the hyper-
graph understanding and reasoning capabilities of
open-source LVLMs.

Observation 7: Parameter scale does not com-
pletely determine the performance of LVLMs.
Smaller models are not always worse than larger
ones. For example, Qwen3-VL-8B performs bet-
ter at reasoning tasks than Gemma3-12B and
Deepseek-VL2-27B. Moreover, there are signifi-
cant differences even among models with compara-
ble sizes (e.g., LLaVA-1.5-7B vs. Qwen3-VL-8B),
suggesting that enhancing LVLM’s hypergraph ca-
pabilities requires specialized approaches rather
than merely increasing the model size.

3.3 Comparison of LVLMs and LLMs

We compare the performance of two representa-
tive LVLMs, GLM-4V and InternVL3, with their
corresponding LLMs, GLM-4 and InternLM3.

Observation 8: As illustrated in Fig. 3, both
LVLMs consistently outperform their LLMs on
all understanding and reasoning tasks. This demon-
strates the advantages of visual-textual synergy in
LVLMs over text-only processing in LLMs on hy-
pergraphs. These results further underscore the
imperative of integrating LVLMs into hypergraph
scenarios, a step that HyperGVL has initiated.
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Representations
VC HEC Ne DVC OEC ONe AvgU OSP OMF ISM 3-CL SHC HHM AvgR
LO-Inc 75.02 2345 40.53 17.19 1694 50.12 3651 13.86 11.71 5034 24.11 1096 0.79 18.64
N-Pair 75.00 1490 3292 18.52 17.27 33.64 3134 17.15 1343 5054 19.12 1526 0.80 19.40
; Adj-Mat 76.28 21.79 2581 18.87 1838 1894 2931 13.74 10.18 5053 24.80 10.11 0.78 18.37
Cli-Exp 7039 40.04 38.00 31.31 3229 31.02 39.81 2298 17.76 56.17 31.15 18.06 1.55 24.62
V-V Avg. 7417 25.05 3432 2147 21.22 3343 3424 1693 1327 5190 2480 13.60 098 20.26
HO-Neigh 7328 67.03 4420 48.65 53.19 3043 52.10 3045 23.84 51.72 3729 2148 203 2781
HO-Inc 73.82 6137 46.16 3853 40.36 40.06 4935 2744 21.68 51.05 3995 2259 251 2755
Inc-Mat 63.80 4042 2778 36.59 26.64 1005 33.51 19.80 17.15 50.05 30.29 16.65 158 22.60
;'J Bi-Inc 70.25 4095 38.08 30.21 32.56 31.02 39.81 21.67 17.49 4736 3043 1658 1.51 2252
Sh-Inc 7443 4157 3720 29.73 31.63 30.74 40.18 21.88 17.28 47.58 29.77 1630 139 2238
St-Inc 7472 42.00 3732 30.36 32.04 3045 4045 22.03 1737 4696 30.69 1643 141 2230
V-E Avg. 71.72 4889 3846 35.68 36.07 2879 4257 23.88 19.14 49.12 33.07 1834 1.74 24.19
-03 N-Set 70.89 64.74 46.55 3540 54.02 33.09 5008 3270 24.72 49.67 39.65 2192 1.85 2844
ﬁg Enc-Hy 73.11 4523 3792 31.07 3348 3129 4132 2226 1776 5572 3126 19.61 153 2470
g Set-Based Avg. 72.00 5499 4224 3324 43.75 32.19 4570 27.48 21.24 5270 3546 20.77 169 26.57

Table 4: Average performance (Acc) with different hypergraph representations. Textual and visual representations
are distinguished by . and . backgrounds. The best and worst performance are colored in red and blue.

InternVL3
InternLM3

GLM-4V vs. GLM-4

InternVL3 vs. InternLM3

Figure 3: Comparison between the capability bound-
aries of LVLMs (GLM-4V & InternVL3) and corre-
sponding LLMs (GLM-4 & InterLM3).

3.4 Results on Hypergraph Representations

Table 4 presents the average performance across
various hypergraph representations. The results
for each textual representation are averaged over
all LVLMs and visual representations, while the
results for each visual representation are averaged
over all LVLMs and textual representations. Key
observations include:

Observation 9: Among textual representations, ‘N-
Set’ demonstrates superior average performance in
both understanding and reasoning tasks. Similarly,
among visual representations, ‘Enc-Hy’ excels in
both areas. Both representations are set-based, un-
derscoring the overall importance of their holistic
hyperedge expression.

Observation 10: Representation-induced variabil-
ity differs substantially across modalities. Tex-
tual encodings yield a much wider performance
range (higher ceiling and lower floor), while vi-
sual encodings lead to comparatively more mod-
erate variations, indicating that LVLMs are more

Ve

~— Small

Medium

Large  SH

Real Synthetic

Figure 4: Performance for real-world/synthetic hyper-
graphs at different sizes.

representation-sensitive in the text branch and more
representation-robust in the visual branch.
Observation 11: The V-V pairwise encodings are
comparatively more suitable for vertex-level primi-
tives (e.g., VC and neighbor-related queries), but
they consistently lag behind when tasks require ex-
plicit hyperedge semantics (e.g., hyperedge cardi-
nality/order and planning with global constraints).
This suggests that LVLMs remain limited in re-
covering high-order hyperedge information from
purely vertex—vertex adjacency.

Observation 12: HO-Inc is the top-performing rep-
resentation on planning tasks (e.g., 3-CL, SHC,
HHM). We attribute this to its explicit vertex—
hyperedge—vertex modeling with hyperedge IDs
(e.g., “vy is connected to vo, v3 via hyperedge e;”),
which supports step-wise navigation and constraint
checking during multi-step solution construction.
Observation 13: Within textual representations,
matrix-style encodings (i.e., Adj-Mat and Inc-Mat)
are generally less competitive than list/set-style en-
codings within the same family, likely due to the
sparsity and indexing burdens of matrix representa-



tions hinder reliable extraction of vertex—hyperedge
memberships.

3.5 Impact of Hypergraph Scale

Fig. 4 shows the performance of real-world and
synthetic hypergraphs at different sizes. We have
the following observation:

Observation 14: As the hypergraph size increases,
the performance on synthetic hypergraphs always
deteriorates. This trend is more pronounced for
understanding tasks. For real-world hypergraphs,
OSP and OMF have better performance on the
larger hypergraphs, showing benefits from their
more regular connectivity structures.

4 WiseHyGR Router

Inspired by our findings on the critical impacts of
hypergraph representations, we develop WiseHyGR,
a generalizable router aimed at enhancing the
LVLM performance on hypergraph understanding
and reasoning tasks by intelligently selecting suit-
able hypergraph representations.

First, we construct a Problem-Representation
Mapping (PRM) dataset {(p, Rp,)}, where R, is
the representation combination with the highest
average accuracy for each vision-language QA set
related to the meta problem p in HyperGVL. When
multiple combinations yield the same accuracy, we
include multiple (p, R,) pairs.

Treating as a classification task, we use the PRM
dataset to train a DeBERTaV3-base (He et al.,
2021) router named WiseHyGR, with the training
and validating split in a ratio of 8:2. The hyper-
graph in meta problem p is converted to the HO-
Neigh representation, chosen for its superior perfor-
mance in understanding tasks according to Tab. 4.
This hypergraph HO-Neigh description, along with
the problem question, serves as input to WiseHyGR,
with the label being the optimal representation com-
bination.

We evaluate WiseHyGR based on an open-source
LVLM (i.e., Qwen3-VL-8B) and a closed-source
LVLM (i.e., GPT-40). Baselines include: (1) Rand,
which randomly samples one of the 35 representa-
tion combinations, simulating the unguided choice;
and (2) Top, which uses the most effective textual
and visual representations according to Tab. 4 (i.e.,
N-Set and Enc-Hy). The evaluation involves two
settings.

(1) In-domain hypergraph capabilities : We
generate 1,000 problems per task to assess improve-

Qwen3-VL-8B
Ve

Figure 5: In-domain hypergraph capabilities of LVLMs
with WiseHyGR.

Qwen3-VL-8B
Cora-cC

Figure 6: Out-of-domain hypergraph node classification
of LVLMs with WiseHyGR.

ments by WiseHyGR in hypergraph understanding
and reasoning. As shown in Fig. 5, representations
chosen by WiseHyGR consistently outperform the
baselines across all tasks on both LVLMs, demon-
strating its effectiveness in enhancing LVLM capa-
bilities in hypergraph tasks.

(2) Out-of-domain hypergraph applications
We further evaluate LVLMs on hypergraph node
classification, where WiseHyGR serves as a plug-
and-play enhancer. Details of the experimental
setting and datas are in Appendix G. As shown in
Fig. 6, despite being trained solely on HyperGVL
tasks and having no exposure to hypergraph node
classification tasks, WiseHyGR consistently im-
proves the zero-shot performance of both LVLMs.
This shows that WiseHyGR captures the hidden rep-
resentation preferences embedded in the semantic
requirements of tasks with generalizability.

5 Conclusion

We present Hyper-GVL, the pioneering benchmark
for integrating LVLMs into hypergraph scenar-
i0s. Hyper-GVL includes 84,000 vision-language
QA pairs on synthetic and real-world hypergraphs,
spanning 12 tasks that test various capabilities and
difficulty levels. Our comprehensive evaluation
of 12 leading LVLMs provides insightful findings.
Additionally, we investigate the impact of diverse
textual and visual hypergraph representations and
introduce WiseHyGR, a plug-and-play router that en-
hances LVLMs in hypergraph with generalizability.
This work pushes the boundary of LVLMs, mark-
ing their initial foray into hypergraph processing.



Limitations

While HyperGVL encompasses 12 representative hy-
pergraph tasks to establish robust capability bench-
marks, it naturally cannot cover all hypergraph re-
sponse types, specifically some domain-specific
customized tasks, due to our focus on a general
usable benchmark.

Additionally, resource limitations prevent us
from evaluating extremely large-scale models
such as Qwen3-VL-235B (Bai et al., 2025a) and
InternVL3-78B (Zhu et al., 2025a), despite their
potentially greater capabilities on hypergraph un-
derstanding and reasoning.
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A Related Works

Benchmarking LVLMs on Graphs. Vision-
Graph (Li et al., 2024) and GVLQA (Wei et al.,
2024) evaluate the problem-solving capabilities
of LVLMs in graph theory problems. Vision-
Graph assumes that visual graphs are naturally
equipped, while GVLQA generates visual graphs
from scratch. Both benchmarks include numerous
synthetic visual graphs and complex graph theory
problems. Ai et al. (2024) introduces a multimodal
instruction-following benchmark designed to as-
sess LVLMs’ understanding and reasoning capa-
bilities on real-world graph images across various
domains. VGCURE (Zhu et al., 2025b) establishes
fundamental understanding and reasoning bench-
marks tailored to explore how LVLMs understand
and reason on visual graphs.

However, these benchmarks are limited to ordi-
nary graphs, leaving LVLMs’ capabilities in han-
dling high-order relationships in hypergraphs un-
explored. Hypergraphs have substantial practical
value in domains such as retrieved-augmented gen-
eration (RAG) (Feng et al., 2025a), life sciences
(Ravetz et al., 2019), and community analysis (Rug-
geri et al., 2023). To address this gap, we propose
HyperGVL, the first dedicated benchmark for eval-
uating LVLMSs’ capabilities in hypergraph under-
standing and reasoning.

Large Models for Hypergraphs In the realm
of benchmarking, the sole existing benchmark
for evaluating large models’ hypergraph capabil-
ities is LLM4Hypergraph, which rigorously as-
sesses LLMs’ proficiency in understanding hyper-
graph structures. Our proposed HyperGVL diverges
from LLM4Hypergraph in two pivotal aspects: 1)
HyperGVL is tailored for LVLMs, where visual
components complement textual information, yield-
ing unique informational gains and expanding capa-
bility boundaries. 2) We have augmented task com-
plexity and diversity, demanding models to engage
in sophisticated reasoning based on hypergraph
comprehension. This approach not only meets the
evolving requisites of advanced models but also en-
sures comprehensive coverage of difficulty levels
and evaluation capabilities.

Beyond benchmark creation, recent studies have
delved into the role of large models in hypergraph-
related learning and reasoning. HEAL (Li et al.,
2025a) explores the use of LLM-based agents to
enhance representation learning on text-attributed
hypergraphs, positioning large language models as
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tools to improve data quality and structural signals
under limited supervision. LLaSA (Xu et al., 2025)
designs a hypergraph-aware LLM for knowledge
grounding, integrating unified hypergraph repre-
sentations into LLMs. LLMHG (Chu et al., 2024)
employs large language models to generate struc-
tured user interest angles, facilitating multi-view
hypergraph construction. These advancements col-
lectively underscore the transformative potential of
large models in hypergraph processing and their
growing importance in the field.

B Hypergraph Generation

In this section, we introduce the hypergraph gener-
ation in our HyperGVL with details.

B.1 Synthetic Hypergraph

Synthetic hypergraphs are generated using our
custom-developed scripts. For most tasks, we em-
ploy a randomized construction approach that cre-
ates connected hypergraphs by iteratively adding
hyperedges of varying sizes and ensuring connec-
tivity through breadth-first traversal. For NP-hard
reasoning tasks such as SHC, HHM, and 3-CL, we
utilize specialized constructors designed to ensure
the existence of valid solutions. SHC instances
are constructed with explicit hypercycle structures
where consecutive hyperedges share exactly one
vertex. HHM instances are formed using vertex
permutations as backbone paths. Meanwhile, 3-CL
instances are generated from pre-assigned color
classes with constraint-preserving hyperedge selec-
tion. These scripts will be released together with
our benchmark.

B.2 Real-world Hypergraph

Real-world hypergraphs are derived from the cita-
tion co-author network PubMed_CA (Yang et al.,
2016a) and protein structure resources M-CSA
(Ribeiro et al., 2018). In these hypergraphs, ver-
tices represent anonymized authors or residues,
while hyperedges correspond to paper-level co-
author relationships or catalytic-site residue sets,
respectively. To create scale-controlled instances
while preserving real structural patterns, we ex-
tract sub-hypergraphs from the full hypergraphs
by selecting a seed vertex and traversing incident
hyperedges using a random walk, retaining visited
vertices until reaching the target size. Finally, all
vertex and hyperedge identifiers are re-indexed to
canonical IDs. For tasks such as 3-CL, SHC, and



HHM, which require the hypergraph structure to en-
sure a valid solution exists, we repeat the sampling
until the sampled hypergraph meets the require-
ments.

B.3 Hypergraph Structure Control

We employ the scale partition protocol from Feng
et al. (2025b), categorizing hypergraphs by ver-
tex count into three groups: small (5—10 vertices),
medium (10-15 vertices), and large (15-20 ver-
tices). The dataset consists of synthetic and real-
world hypergraphs in a 1:1 ratio, with an inter-
nal distribution of small:medium:large set at 1:2:1.
This classification aids in evaluating performance
across increasingly complex scenarios.

For synthetic hypergraphs, hyperedge density is
regulated by ensuring the number of hyperedges
falls within the range of [0.2|V], 1.5|V|]. This con-
straint prevents the generation of structures that are
either trivially sparse or overly dense, enabling
more informative capability assessments. Con-
versely, real-world hypergraphs do not impose a
hyperedge-count constraint, allowing their hyper-
edge statistics to naturally reflect the connectivity
patterns inherent in the original data.

C Task Details

In this section, we detail the 12 tasks in HyperGVL,
categorized by their primary focus (understand-
ing vs. reasoning) and difficulty level. Each task
includes a formal problem definition, evaluation
methodology, and implementation details from our
codebase.

C.1 Understanding Tasks

Understanding tasks assess three core abilities of
hypergraph comprehension for LVLMs: (1) basic
element capture, recognizing vertices and hyper-
edges, (2) adjacency perception, understanding ver-
tex adjacency relationships, and (3) heuristic com-
putation, calculating heuristics like vertex degrees
and hyperedge orders.

Level-1 tasks focus on individual basic element
capture or adjacency perception, serving as foun-
dational components for other understanding and
reasoning tasks.

* Vertex Counting (VC). This task tests the
model’s ability to count vertices in a hyper-
graph. Given a hypergraph G = {V, E'}, the
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goal is to return |V/|, the vertex set’s cardinal-
ity. Evaluation is based on exact matches with
pre-computed ground truth.

* Hyperedge Counting (HEC). This task as-
sesses the model’s ability to count hyper-
edges in a hypergraph. Given a hypergraph
G = {V, E}, the goal is to return |E|, the
hyperedge set’s cardinality. Unlike ordinary
graph edge counting, this requires distinguish-
ing each hyperedge from multiple connected
vertices. Evaluation is based on exact matches
with pre-computed ground truth.

* Neighbors (Ne). This task evaluates the
model’s ability to identify all direct neigh-
bors of a given vertex. Given G = {V, E'}
and a vertex u € V, the goal is to output
the subset V'(u) C V such that for each
v € N (u), there exists a hyperedge ¢ € FE
where u € e and v € e. Evaluation is per-
formed by set-based comparison, allowing any
ordering between the LVLMSs’ response and
the pre-computed ground truth set.

Level-2 tasks integrate heuristic computations,
such as vertex degrees and hyperedge orders, into
Level-1 tasks. This combination increases task
complexity by simultaneously requiring the accom-
plishment of compound atomic capabilities.

* Degree-specified Vertex Counting (DVC).
This task requires counting vertices that meet
a specific degree constraint. Given a hyper-
graph G = {V, E'} and a target degree d, the
goal is to return the number of vertices v € V
such that deg(v) = {e € E | v € e}| = d.
The target degree is randomly selected from
the hypergraph’s existing degree distribution,
ensuring task validity. Evaluation is based
on exact matches with pre-computed ground
truth.

* Order-specified Edge Counting (OEC).
This task evaluates the model’s understand-
ing of hyperedge order (cardinality). Given a
hypergraph G = {V, E'} and a target order k,
the goal is to count hyperedges e € E where
le] = k. The hyperedge order represents the
number of vertices it contains, a unique char-
acteristic of hypergraphs. The target order
is randomly sampled from the existing order
distribution in the hypergraph. Evaluation is



Table 5: Dataset Statistics for Zero-shot Hypergraph Node Classification.

DBLP-CA Pubmed-CC | Cora-CA Cora-CC Citeseer-CC
(co-authorship) | (co-citation) (co-authorship) | (co-citation) | (co-citation)
# nodes(vertices), [V] | 43413 19717 2708 2708 3312
# hyperedges, | E| 22535 7963 1072 1579 1079
avg.hyperedge order 4.7+6.1 4.3£5.7 42+4.1 3.0£1.1 3.2£20
# node classes 6 3 7 7 6

based on exact matches with pre-computed
ground truth.

¢ Order-filtered Neighbors (ONe). This task
extends basic neighbor identification by intro-
ducing order-based filtering. Given a hyper-
graph G = {V, E}, a vertex u, and a mini-
mum order threshold k, the goal is to identify
neighbors of u connected only through hyper-
edges with order > k. Formally, return {v €
V]idee E:uceAveeAle| > k}. Eval-
uation is performed by set-based comparison,
allowing any ordering between the LVLMs’
response and the pre-computed ground truth
set.

C.2 Reasoning Tasks

Reasoning tasks represent an advanced stage
beyond understanding tasks, requiring coherent,
multi-step reasoning to analyze and manipulate the
information acquired from structural understand-
ing.

Level-3 tasks involve reasoning on problems with
known polynomial-time or quasi-polynomial-time
algorithms. Due to the necessity of following strict
algorithmic steps, where each step examines indi-
vidual or compound comprehension abilities and
requires organization according to the algorithm’s
sequence, these tasks present a greater challenge.

¢ Order-weighted Shortest Path (OSP). This
task evaluates the model’s ability to com-
pute shortest paths in weighted hypergraphs.
Given a hypergraph G = {V, E'} and vertices
s,t € V, where each hyperedge e has weight
w(e) = |e]| (its order), the goal is to find the
minimum total weight W of a path from s
to t. A path is a sequence of hyperedges
where consecutive hyperedges share at least
one vertex. Implementation uses a Dijkstra-
like algorithm adapted for hypergraphs (Di-
jkstra, 1959). Evaluation is based on exact
matches with pre-computed ground truth.
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* Order-weighted Maximum Flow (OMF).
This task assesses the model’s capability to es-
timate maximum flow in hypergraph networks.
Given a hypergraph G = {V, E'} with source
s and sink ¢, where each hyperedge e has ca-
pacity c(e) = |e|, the goal is to compute the
maximum flow from s to ¢. The hypergraph
is converted to a flow network by construct-
ing its bipartite incidence graph (Berge, 1985):
we introduce a dedicated intermediate node
for each hyperedge, and connect each inter-
mediate node to all vertices contained in the
corresponding hyperedge. To adapt to maxi-
mum flow computation (Ahuja et al., 1994),
edges between intermediate nodes and their
associated vertices are assigned capacities
equal to the hyperedge’s capacity c(e) = |e|.
The Edmonds-Karp algorithm (Edmonds and
Karp, 1972) is then applied to this transformed
flow network. Evaluation is based on exact
matches with pre-computed ground truth.

* Isomorphism Recognition (ISM). This task
evaluates the model’s ability to recognize
structural equivalence between hypergraphs.
Given two hypergraphs G = {V,E} and
H = {V',FE'}, the goal is to determine
whether a bijective mapping f : V — V'
exists such that (vy,...,v,) € EF <
(f(v1),..., f(vk)) € E' for all hyperedges
(Babai, 2016). The benchmark generates both
positive (isomorphic via vertex relabeling)
and negative (structurally different) examples
with equal probability. Evaluation is based on
binary classification accuracy.

Level-4 Tasks require reasoning on NP-hard (NP-
complete) (Garey et al., 1990) problems, which
are considered classic and extremely challenging.
These tasks lack definitive polynomial-time algo-
rithms as guides, often necessitating demanding
models that proactively search and independently
plan for feasible solutions.

* Hypergraph 3-Coloring (3-CL). This task as-
sesses the model’s planning capability on the



NP-complete hypergraph coloring problem
(Voloshin, 2002), a generalization of the clas-
sic graph 3-coloring problem to high-order
hypergraph structures. Given a hypergraph
G = {V, E}, determine if there exists a color-
ing ¢ : V. — {cp, c1, ca} such that every hy-
peredge e € E satisfies [{c(v) | v € e}| > 2
(contains at least 2 different colors). Each case
includes at least one feasible coloring strategy.
Solutions are verified using automated scripts.

Strict Hypercycle (SHC). This task evalu-
ates cycle detection and validation in hyper-
graphs with strict intersection constraints. A
strict hypercycle is a sequence of hyperedges
e1,€2,...,¢e, (k> 2) where |6i N €i+1’ =1
fori =1,...,k—1and ey Nej| =1 (con-
secutive hyperedges share exactly one vertex,
forming a closed loop) (Bretto, 2013; Dacar,
1998). Given G = {V, E'}, determine if such
a cycle exists and provide it. Solutions are
verified using automated scripts.

Hypergraph Hamiltonian Path (HHM).
This task tests the model’s ability to solve
the NP-complete Hamiltonian path problem
on hypergraphs (Bermond, 1978), an exten-
sion of the classic graph Hamiltonian path
problem to hypergraphs. Given G = {V, E'}
and vertices s,t € V, determine if there ex-
ists a sequence of hyperedges ey, . . ., e,, that
forms a path from s to ¢ visiting every vertex
in V exactly once. The path is represented
as edge indices rather than vertex sequences.
Solutions are verified using automated scripts.

D Visual Representation Generation

Visual hypergraph representations in HyperGVL are
generated using custom visualization algorithms
implemented with NetworkX (Hagberg et al., 2008)
and Matplotlib (Tosi, 2009). Unlike traditional
graph visualization methods, hypergraph visual-
ization must explicitly represent hyperedges that
connect arbitrary numbers of vertices, requiring
specialized encoding strategies. We implement
five distinct visual representation families, each de-
signed to highlight different structural aspects of
hypergraphs. The examples of each type have been
provided in Fig. 2.
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D.1 Implementation Details

All visualizations transform hypergraph structures
into images with resolution 1400x 1100 pixels at
150 DPI. The implementation uses the following
core transformations:

Bipartite Transformation. For V-E pairwise rep-
resentations (Bi-Inc, Sh-Inc, St-Inc), hypergraphs
are first converted to bipartite graphs G = (V U
E, Ey;), where vertices and hyperedges form two
disjoint node sets, and edges Fj,; represent mem-
bership relations. Formally, for each hyperedge
e; € I and vertex v; € e;, we create an edge
(vj, ;) € Eyi. This bipartite structure is then visu-
alized using different layout algorithms:

* Bipartite Incidence (Bi-Inc): Employs a hor-
izontal two-layer layout where vertices are po-
sitioned in the top row and hyperedge nodes
in the bottom row, with straight lines depict-
ing membership. Vertex nodes are rendered
as black circles (o, radius=20pt) with white
labels, while hyperedge nodes are colored
squares (O, size=18pt) with distinct colors
assigned to each hyperedge.

¢ Shell Incidence (Sh-Inc): Uses NetworkX’s
shell_layout algorithm to arrange vertices
in an inner concentric circle and hyperedge
nodes in an outer circle. This radial arrange-
ment facilitates the identification of vertex-
hyperedge connectivity patterns through vi-
sual clustering.

 Star Incidence (St-Inc): Similar to Sh-Inc
but with vertices positioned on an outer circle
and hyperedge nodes placed at the center, with
radial connections emanating from hyperedge
centers to member vertices. This star-like pat-
tern emphasizes the grouping structure of each
hyperedge.

Clique Expansion. For Cli-Exp representation,
each hyperedge e = {v1,v9,..., v} is decom-
posed into a complete subgraph over its vertices,
generating (g) pairwise edges. Edge labels anno-
tate each pairwise connection with the hyperedge
IDs it belongs to (e.g., “e0,e2” indicates the edge
participates in both hyperedge 0 and 2). Layout is
computed using NetworkX’s spring_layout with
parameters k£ = 2.0, iterations=100, scale=3.0 to
minimize edge crossings while maintaining read-
ability.



Bipartite Incidence (Bi-Inc)

Clique Expansion
(Cli-Exp)

\.

Shell Incidence (Sh-Inc)

Star Incidence (St-Inc)

Enclosing Hyperedges
(Enc-Hy)

%

Figure 7: The visual hypergraph representations for the ISM task. The similar layouts between the two hypergraph
visualizations provide straightforward cues for distinguishing isomorphism.

Enclosing Regions. For Enc-Hy representation,
we implement a labeled convex hull visualization
using NetworkX’s kamada_kawai_layout for ver-
tex positioning, which minimizes graph energy
to reduce overlaps. For each hyperedge e; with
lei| > 3, we compute the convex hull of its member
vertices using SciPy’s ConvexHull (Virtanen et al.,
2020), rendering it as a colored polygonal region
with 15% opacity. Crucially, a white rectangular
label box displaying the hyperedge ID (e.g., “e2”)
is placed at the centroid of the region to provide
explicit identification, addressing the perceptual
ambiguity of color-only encoding.

D.2 Design Rationale

The choice of these five representations is moti-
vated by three design principles validated through
preliminary LVLM experiments: (1) Explicitness:
Hyperedges must have visual identifiers beyond
color coding, as LVLMs struggle with pure color-
based semantic extraction. All representations ex-
cept Enc-Hy use explicit hyperedge nodes or edge
labels. (2) Structural diversity: Different represen-
tations emphasize complementary structural prop-
erties: Bipartite views highlight membership rela-
tions, clique expansion reveals pairwise connectiv-
ity, and convex hulls show geometric groupings.
(3) Scalability: Layouts are optimized for small-to-
medium hypergraphs (5-20 vertices) to maintain
visual clarity and avoid information overload.
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D.3 Visual Representations for ISM task

Isomorphism Recognition (ISM) is special among
the tasks, as it contains two hypergraphs in one
query. For this task, we observe that isomorphic
hypergraphs often exhibit similar visual patterns un-
der deterministic layouts (with fixed random seeds),
as layout algorithms preserve structural symmetries.
This phenomenon contributes to the higher perfor-
mance on ISM than our expectation, as illustrated
in Tab.3. Figure 7 illustrates various visual hyper-
graph representations used in ISM tasks. In these
representations, most layouts can directly reveal
isomorphism relationships through their striking
similarities.

E Prompt Examples

In this section, we exemplified the prompts used in
HyperGVL evaluation.

E.1 Textual Representation Prompts

We provide representative examples of textual hy-
pergraph representations used in HyperGVL. The
following prompts demonstrate different encoding
approaches for a simple hypergraph with 5 vertices
(vO—v4) and 3 hyperedges (e0—2), where e0={v0,
vl, v2}, el={vl, v2, v3}, and e2={Vv2, v3, v4}.



Prompt: G describes a hypergraph among
vertices v0, vi, v2, v3, and v4 and hyper-
edges e0, el, and e2.

In this hypergraph:

Vertex v0 is connected to vertices vi, v2.
Vertex v1 is connected to vertices v0, v2, v3.
Vertex v2 is connected to vertices v0, vi, v3,
v4.

Vertex v3 is connected to vertices v, v2, v4.
Vertex v4 is connected to vertices v2, v3.

Prompt: In an undirected hypergraph, (i.j)
means that vertex i and vertex j are con-
nected with an undirected hyperedge. G de-
scribes a hypergraph among vertices v0, v1,
v2, v3, and v4 and hyperedges €0, el, and
e2.

The connection relation between vertices in
G are: (vO, vI) (v0, v2) (vI, v2) (v, v3) (v2,
v3) (v2, v4) (v3, v4).

Adj-Mat

Prompt: G describes a hypergraph among
vertices v0, vi, v2, v3, and v4 and among
hyperedges €0, el, and e2.

The adjacency matrix between the vertices

of the hypergraph is are connected with an undirected hyperedge.
[[0,1,1,0,0,] G describes a hypergraph among vertices v0,
,[1,0,1,1,0,] vl, v2, v3, and v4, and among hyperedges
,[1,1,0,1,1,] e0, el, and e2.
, [0,1,1,0,1,] The hyperedges in G are: (vO, vi, v2), (vI,
,[0,0,1,1,0,]] v2, v3), (v2, v3, v4).

. J \_ J

HO-Neigh

Prompt: G describes a hypergraph among
vertices v0, vi, v2, v3, and v4 and hyper-
edges €0, el, and e2.

In this hypergraph:

Vertex v0 is connected to hyperedge eO.
Vertex v1 is connected to hyperedges €0, el.
Vertex v2 is connected to hyperedges €0, el,
e2.

Vertex v3 is connected to hyperedges el, e2.
Vertex v4 is connected to hyperedge e2.
Hyperedge e0 is connected to vertices v0, vl,
V2.

Hyperedge el is connected to vertices vi, v2,
v3.

Hyperedge e2 is connected to vertices v2, v3,
V4.

Prompt: G describes a hypergraph among
vertices v0, vl, v2, v3, and v4 and hyper-
edges e0, el, and e2.

The incidence matrix of the hypergraph is
[[1,0,0,],

[1,1,0,],

[1,1,1,],

[0,1,1,],

[0,0,1,]]

Prompt: In an undirected hypergraph, (i, j,
k) means that vertex i, vertex j, and vertex k
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Prompt: G describes a hypergraph among
vertices v0, vi, v2, v3, and v4 and among
hyperedges €0, el, and e2.

In this hypergraph:

Vertex v0 is connected to vertices v, v2 with
hyperedge e0.

Vertex vl is connected to vertices v0, v2 with
hyperedge €0, to vertices v2, v3 with hyper-
edge el.

Vertex v2 is connected to vertices v0, vl with
hyperedge e0, to vertices v, v3 with hyper-
edge el, to vertices v3, v4 with hyperedge
e2.

Vertex v3 is connected to vertices vi, v2 with
hyperedge el, to vertices v2, v4 with hyper-
edge e2.

Vertex v4 is connected to vertices v2, v3 with
hyperedge e2.

E.2 Examples of Questions for Different Tasks

We provide representative question examples for
each of the 12 tasks in HyperGVL, organized by
difficulty levels. These examples are taken directly
from the actual benchmark dataset.

E.2.1 Level-1 Tasks

Vertex Counting (VC)

Q: How many vertices are in the hypergraph
G? List the answer after “Ans:”.

Hyperedge Counting (HEC)

Q: How many hyperedges are in the hyper-
graph G? List the answer after “Ans:”.

Neighbor (Ne)

Q: What are the direct neighbors of ver-
tex vy in hypergraph G? (Neighbors = ver-
tices sharing at least one hyperedge with v,).
List the answer after “Ans:” in the format
{v1,v2,...} or “No neighbors”.

E.2.2 Level-2 Tasks

Degree-specified Vertex Counting (DVC)

Q: How many vertices have degree 3 in hy-
pergraph G? (Degree = number of hyper-
edges the vertex belongs to). List the answer
after “Ans:”.

Order-specified HyperEdge Counting (OEC)

Q: How many hyperedges have order 4 in hy-
pergraph G? (Order = number of vertices in
the hyperedge). List the answer after “Ans:”.

Order-filtered Neighbors (ONe)

Q: What are the neighbors of vertex vs when
only considering hyperedges with order Eq2
in hypergraph G? List the answer after
“Ans:” in the format {v1,v2, ...} or “No
n-neighbors”.

7

L

E.2.3 Level-3 Tasks

Order-weighted Shortest Path (OSP)

Q: What is the shortest path length from ver-
tex vy to vertex vg in hypergraph G, where
each hyperedge’s weight equals its order
(number of vertices)? If no path exists, an-
swer “No path”. List the answer after “Ans:”.

Order-weighted Maximum Flow (OMF)

Q: What is the estimated maximum flow
from vertex vs to vertex vg in hypergraph
G, where each hyperedge’s capacity equals
its order? If no flow exists, answer “0”. List
the answer after “Ans:”.

|
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Isomorphism Recognition (ISM)

There are two hypergraphs: H and G.

The description of H is:

The description of G is:

Q: Are these two hypergraphs isomorphic?
(Two hypergraphs are isomorphic if there
exists a vertex relabeling that transforms one
into the other). List the answer after “Ans:”
in the format [Yes/No].

\.

E.2.4 Level-4 Tasks
Hypergraph 3-Coloring (3-CL)

\

Q: Please provide a 3-coloring strategy such
that each hyperedge contains nodes with at
least 2 different colors (assign each vertex
a color from {cO0, c1, c2}). List the answer
after “Ans:” as “Coloring:[v0:c0,v1:cl,...]".

Strict Hypercycle (SHC)

Q: Please identify a strict hypercycle in the
hypergraph G (A strict hypercycle is a se-
quence of hyperedges eq, es, ..., e, Where ad-
jacent hyperedges share exactly one vertex,
ie., |eiNei+1| =1, and e Ney| = 1, form-
ing a closed loop). List the hypercycle after
“Ans:” as “Cycle:[e0,el,...]".

\.

Hypergraph Hamiltonian Path (HHM)

Q: Please provide a valid Hamiltonian path
from v1 to vO. (Hamiltonian path = path
visiting all vertices exactly once). List the
answer after “Ans:” as “Path:[e0,el,...]".

. J

Despite there is format guidance in the prompt,
we perform manual review to accept factually cor-
rect answers with minor formatting deviations, en-
suring evaluation fairness.

F HyperGVL Evaluation Details

For all evaluated LVLMs and LLMs, we set the tem-
perature parameter to 0.8 to introduce a controlled
level of randomness during generation, which al-
lows us to assess both the stability and consistency
of model outputs across different runs. We adopt
nucleus sampling with a top-p value of 0.95 and a
maximum generation length sufficient to cover all
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task-specific output requirements. All experiments
were conducted on a compute cluster equipped with
64 NVIDIA RTX 5090 GPUs. Model inference
was executed using mixed-precision computation
to balance efficiency and numerical stability. The
evaluation pipeline was parallelized across GPUs
to ensure consistent runtime conditions for all mod-
els.

G Hypergraph Node Classification
Details

G.1 Dataset Statistics

In Sec. 4, we demonstrate the out-of-domain gener-
alizability of WiseHyGR on real-world hypergraph
node classification under the zero-shot setting. The
tested hypergraphs come from multiple sources, in-
cluding co-authorship hypergraphs and co-citation
hypergraphs. The dataset statistics are provided in
Tab.5.

+ Co-authorship hypergraphs: Cora-CA ! and
DBLP-CA? (Yadati et al., 2019), where ver-
tices represent articles and hyperedges denote
the co-author relationship of articles that share
a same author.

* Co-citation hypergraphs: Cora, Citeseer, and
Pubmed? (Yang et al., 2016b), where vertices
are articles and hyperedges connect all articles
that are cited by the same article.

G.2 Experimental Setups

From each dataset, we sample 1K hypergraph
nodes for classification. To ensure these nodes (i.e.,
vertices) form a connected hypergraph, we initiate
a random walk from a target node, collecting up to
n nodes. We set n = 40 in our experiments to pro-
vide sufficient structural information to the LVLMs
while minimizing noise and information conges-
tion from excessively long-range dependencies and
overly broad scopes. The performances shown in
Fig.6 are averaged over three trials to ensure robust
comparisons. Zero-shot hypergraph node classi-
fication is conducted using prompts exemplified
below, with categorization descriptions generated
by GPT-40 (OpenAl, 2024). The node attributes
are the manually retrieved article abstracts.

1https://people.cs.umass.edu/mccallum/data.
html

2https://aminer.org/lab—datasets/citation/
DBLP-citation-Jan8.tar.bz

3https://linqs.soe.ucsc.edu/data


https://people.cs.umass.edu/ mccallum/data.html
https://people.cs.umass.edu/ mccallum/data.html
https://aminer.org/lab-datasets/citation/DBLP-citation-Jan8.tar.bz
https://aminer.org/lab-datasets/citation/DBLP-citation-Jan8.tar.bz
https://linqs.soe.ucsc.edu/data

Hypergraph Node Classification Prompts

Prompt: Classify node v0 in the hypergraph.
Hypergraph Structure: {Textual Hypergraph
Representation}

Known labels in the subgraph:

e v]: Probabilistic Methods

* v2: Reinforcement Learning

Target Node Content: {Paper Abstract}
Categories:

* Genetic Algorithms: ...

e Probabilistic Methods: ...

Based on the hypergraph structure, known
labels of other nodes, and the target node’s
abstract content, which category does node
v0 most likely belong to?

Answer with the category name only.
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