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Abstract

Large language models (LLMs) have demon-
strated strong performance on coding and rea-
soning benchmarks; however, their ability to
solve graph-structured machine learning prob-
lems remains largely unexplored. In particu-
lar, no benchmark currently evaluates whether
LLMs can autonomously solve end-to-end
Graph Neural Network (GNN) coding tasks
under realistic competition settings. To ad-
dress this gap, this paper introduces GNN-
CB, the first competition-based benchmark for
evaluating both humans and LLMs on GNN
coding tasks. GNN-CB consists of 18 cu-
rated competitions spanning node-, edge-, and
graph-level prediction across diverse graph cat-
egories, domains, and difficulty tiers. All sub-
missions are evaluated through a unified auto-
mated pipeline with hidden test sets and stan-
dardized scoring. Human participants solve
tasks under controlled competition constraints,
while LLMs are evaluated using a frozen
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zero-shot prompting protocol based on a plan-
then-code paradigm with bounded execute-and-
repair loops. The benchmark additionally sup-
ports both non-agent and autonomous agent-
based evaluation within the same protocol. Un-
der our evaluated protocol, LLMs rarely match
Human Top performance and show less sta-
ble performance across competitions. No sin-
gle model dominates: a few competitions are
won by LLMs, yet humans still hold the top
score on most tasks. We release GNN-CB
as a living benchmark with automated eval-
uation infrastructure, dynamic leaderboards,
and reproducible execution pipelines. Beyond
benchmarking, GNN-CB provides a practice-
oriented resource for studying GNN imple-
mentation across progressively diverse graph-
learning tasks. The benchmark and evaluation
framework are publicly available at https:
//basiralab.github.io/GNN-CB/.

1 Introduction

Large language models (LLMs) have recently
demonstrated strong capabilities in coding and rea-
soning tasks, including program synthesis, com-
petitive programming, software engineering, and
autonomous code repair (Chen et al., 2021; Li et al.,
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GNN-CB: benchmark overview
18 competitions · 3 protocols · unified hidden-test evaluation

Competition taxonomy
Category

Homogeneous

Heterogeneous

Temporal

Spatial

Hierarchical

Molecular

Generalization

Difficulty

Easy

Medium

Hard

Task type

Node classification

Edge classification

Graph classification

Graph regression

18 competitions
C01 C02 C03 C04 C05 C06

C07 C08 C09 C10 C11 C12

C13 C14 C15 C16 C17 C18

Domains

Biomedical Finance Social Cybersecurity

Transport Academic Neuroimaging Bioprinting

18 competitions 7 graph categories 3 difficulty tiers

Evaluation protocols

Protocol 1 · Competition Design

Repository
README · datasets

submission spec · tree

Hidden test sets
GitHub Actions pipeline

Live leaderboard

Protocol 2 · Human Evaluation

Constraints
GNN only
3 CPU hrs
seed=25

Without LLMs
≤5 runs

Participants
13–17 per task

1 final submission

Output
predictions.csv

(encrypted)

Protocol 3 · LLM Evaluation

Slot fill
README
tree · data
spec · reqs

Frozen
prompt

zero-shot
no tuning

Plan-then-
code
⟨plan⟩
⟨code⟩

Repair
loop

k≤5 iters
traceback

Agent mode (autonomous repo exploration)
| Non-agent mode (manual prompt filling)

Evaluated models
Claude Opus Gemini 2.5 GPT 5.4 Gemini 3 flash

DeepSeek v4 Llama 3.3 Qwen 2.5 Kimi k 2.6

Unified hidden-test evaluation pipeline
GitHub Actions · automated scoring · identical conditions for all submissions

Leaderboard + per-task metrics
human vs. LLM · live updates

Figure 1: Overview of GNN-CB.

2022; Jimenez et al., 2023; Zhuo et al., 2024). How-
ever, existing evaluations mainly focus on general-
purpose programming while largely overlooking
graph-structured machine learning workflows.

Graph Neural Networks (GNNs) are widely used
for learning over graph-structured data in domains
such as molecular modeling, recommender sys-
tems, social networks, neuroimaging, and knowl-
edge graphs (Gilmer et al., 2017; Hamilton et al.,
2017; Li et al., 2018; Ying et al., 2018; Li et al.,
2021; Dauparas et al., 2022; Schlichtkrull et al.,
2018). Unlike conventional coding tasks, GNN
problems require understanding graph topology,
building relational pipelines, selecting message-
passing architectures, and optimizing under task-
specific constraints, making them more challenging
than isolated algorithmic tasks.

Despite the growing importance of graph ma-

chine learning, no existing benchmark evaluates
whether LLMs can autonomously solve realistic
end-to-end GNN coding tasks. Benchmarks such
as HumanEval (Chen et al., 2021), CodeContests
(Li et al., 2022), SWE-bench (Jimenez et al., 2023),
and BigCodeBench (Zhuo et al., 2024) focus on al-
gorithmic reasoning or software engineering work-
flows without graph-learning components, while
graph benchmarks such as OGB (Hu et al., 2020)
and LRGB (Dwivedi et al., 2022) are designed to
evaluate the predictive performance of GNN mod-
els rather than their implementation.

To address this gap, we introduce GNN-CB,
the first competition-based benchmark designed to
evaluate both humans and LLMs on GNN coding
tasks. As illustrated in Figure 1, GNN-CB contains
18 human-curated competitions spanning node-,
edge-, and graph-level prediction tasks across mul-
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tiple graph categories, domains, and difficulty tiers.
Each competition provides standardized reposi-
tories, datasets, hidden test sets, and automated
GitHub-based evaluation pipelines.

To ensure fair and reproducible assessment, we
define three complementary protocols: (i) competi-
tion design, (ii) human evaluation, and (iii) LLM
evaluation. Human participants solve tasks under
controlled competition constraints with fixed com-
putational budgets and limited submissions. LLMs
are evaluated using a frozen zero-shot prompt-
ing protocol based on a structured plan-then-code
paradigm with bounded execute-and-repair loops.
The benchmark additionally supports both non-
agent and autonomous agent-based evaluation set-
tings within the same protocol.

Our contributions are summarized as follows. (i)
GNN-CB is introduced as the first competition-
based benchmark for evaluating both humans and
LLMs on GNN coding tasks. (ii) The benchmark
contains 18 human-curated competitions spanning
diverse graph categories, application domains, and
difficulty tiers under unified hidden-test evalua-
tion protocols. (iii) A controlled LLM evaluation
framework is proposed based on frozen prompting,
plan-then-code generation, and bounded execute-
and-repair loops, supporting both agent-based and
non-agent settings. (iv) Evaluation of human par-
ticipants and LLMs enables systematic analysis
of performance variability, task difficulty, and im-
plementation challenges in realistic GNN coding
environments. (v) GNN-CB is released as a living
benchmark with automated evaluation infrastruc-
ture, reproducible pipelines, and dynamic leader-
boards to support future research on the capabilities
and limitations of LLMs as autonomous GNN en-
gineers, as well as serving as a structured resource
for hands-on GNN practice across progressively
diverse graph-learning tasks.

2 Related Work

Recent benchmarks have significantly advanced
evaluation of LLM-based code generation and rea-
soning. HumanEval (Chen et al., 2021) and Code-
Contests (Li et al., 2022) introduced standardized
evaluation for functional correctness and compet-
itive programming. Later works extended evalua-
tion across programming languages and stricter
testing settings, including HumanEval-X (Peng
et al., 2024), MultiPL-E (Cassano et al., 2023),
and EvalPlus (Liu et al., 2023). More realis-

tic software engineering benchmarks such as DS-
1000 (Lai et al., 2023), SWE-bench (Jimenez
et al., 2023), BigCodeBench (Zhuo et al., 2024),
and LiveCodeBench (Jain et al., 2024) evaluate
repository-level reasoning, data science workflows,
and instruction-following capabilities.

Graph machine learning benchmarks have stan-
dardized evaluation for graph neural networks
(GNNs). The Open Graph Benchmark (OGB) (Hu
et al., 2020) provides datasets and evaluation pro-
tocols for node-, edge-, and graph-level prediction
tasks, while Benchmarking GNNs (Dwivedi et al.,
2023) and LRGB (Dwivedi et al., 2022) focus on
structural generalization and long-range graph de-
pendencies. However, these benchmarks do not
assess whether LLMs can perform at a human level
on GNN competitions.

GNN-CB bridges these two research directions
by introducing a competition-based benchmark for
GNN coding tasks, supporting unified evaluation
of both human participants and LLMs under con-
trolled and reproducible conditions.

3 Benchmark Construction

GNN-CB is a competition-based benchmark for
evaluating GNN coding tasks under standardized
settings. Unlike traditional code-generation bench-
marks centered on isolated functions or short al-
gorithmic problems, GNN-CB targets repository-
level graph learning workflows where participants
or LLMs must build complete pipelines spanning
data processing, graph construction, architecture
design, optimization, and hidden-test prediction
generation.

The benchmark construction consists of three
protocols : (i) competition design protocol, (ii) hu-
man evaluation protocol, and (iii) LLM evaluation
protocol.

3.1 Competition Design Protocol

The competition design protocol organizes bench-
mark tasks across diverse graph learning settings.
The benchmark contains 18 independent competi-
tions spanning node classification, edge prediction,
graph classification, and graph regression tasks
(Figure 1). Competitions are organized along two
axes: graph category and difficulty tier. The bench-
mark covers seven graph categories, including ho-
mogeneous, heterogeneous, temporal, spatial, hi-
erarchical, molecular, and generalization graphs.
Competitions are additionally grouped into Easy ,
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Table 1: Overview of all 18 GNN Coding Benchmark competitions. Cat. = Graph Category; Diff. = Difficulty; N =
typical number of nodes; E = typical number of edges; Feat. = node feature dimensionality. For classification tasks,
we report Macro-F1, Accuracy, and Area Under the Curve (AUC), depending on the competition specification. For
regression tasks, we use Mean Absolute Error (MAE) for single-target regression and Normalized Mean Absolute
Error (NMAE) for multi-target regression.

# Competition Task Description Cat. Diff. N E Feat. Domain Metric Dataset
C01 PROVEN-GNN Graph classification on source

code representations
Hetero Med 260K 1.7M 527 Cybersecurity Macro-F1 DiverseVul

C02 CGCC Graph classification of city
street-network layouts

Homo Hard 9.396K 13.533K 3 Urban Macro-F1 OpenStreetMap

C03 Real Or Fake! Binary graph classification for
fake news detection

Hier Easy 314K 308K 1078 Social Binary F1 GossipCop

C04 GLIMPS-GNN Inductive cfRNA→ preeclamp-
sia classification

Gen Hard 320 3200 6650 Biomedical F1 GEO

C05 GNN_BACE Molecular graph classification
for BACE-1 inhibition

Mol Med 32 34 8 Medical Macro-F1 BACE (MoleculeNet)

C06 DiaGraph Binary node classification for di-
abetes prediction

Homo Hard 96K 1.2M 12 Medical Macro-F1 Kaggle Diabetes

C07 GRAPE Binary graph classification for di-
abetic retinopathy

Spatial Med 252 846 4 Medical Macro-F1 DRIVE/STARE/HRF

C08 Liar Nodes Node Classification under Ad-
versarial Feature Corruption for
Cancer Single-Cell Analysis

Homo Easy 3.7K 27K 1.7K Biomedical Accuracy CancerSCEM

C09 GraphFMD Temporal inductive node classi-
fication (Bitcoin)

Temp Med 25.5K — 165 Finance Macro-F1 Elliptic

C10 NetLinkArena Link prediction in sparse citation
graphs

Homo Med 3.3K 9.1K 2.7K Academic AUC Citation

C11 PARK-GNN Node classification for Parkin-
son’s detection

Homo Hard 195 ∼1K 22 Medical Macro-F1 UCI Parkinson’s

C12 GNN-CoRA Node classification on citation
network

Homo Med 2.7K 5.4K 1433 Academic Accuracy Cora

C13 GTA Graph classification on ideal and
perturbed conditions

Gen Hard ∼18 ∼ 40 7 Bioinformatics Macro-F1 MUTAG

C14 BrainAge Graph regression for age predic-
tion from brain connectome

Homo Easy 29.3K 478.8K 2 Neuroimaging MAE OASIS-3

C15 OctoNode Cup Node classification on GitHub
social network

Homo Med 37.7K 289K 42 Social Macro-F1 GitHub Social

C16 Graph4ASD Binary classification of brain
connectivity graphs

Homo Med 127.4K 12676.3K 1 Neuroimaging Macro-F1 ABIDE

C17 Mix2Print Learning material interactions
for 3D bioprinting

Homo Hard 423 740 442 Bioprinting Normalized-MAE CECT

C18 THInC Inductive GNN for cell type clas-
sification

Spatial Hard 51K 258K 4 Biomedical Macro-F1 NuCLS

Medium and Hard difficulty tiers based on
implementation complexity, architectural require-
ments, and observed human performance. Table 1
summarizes all benchmark competitions, including
graph categories, dataset scales, feature dimension-
alities, application domains, and evaluation metrics.
Detailed dataset specifications and repository de-
scriptions are provided in Appendix A.

Each competition is associated with a dedicated
repository that specifies the task, submission for-
mat, evaluation metrics, and leaderboard configu-
ration. An automated evaluation infrastructure is
provided for submission validation, scoring, leader-
board updates, and execution logging, ensuring
that all submissions are processed through a uni-
fied evaluation workflow across competitions.

All submissions are evaluated exclusively on hid-
den test sets that remain inaccessible throughout
the competition lifecycle. Evaluation is performed
through automated GitHub-based pipelines that val-
idate submission formats, execute scoring scripts,

and update leaderboards without manual interven-
tion.

The infrastructure additionally supports secure
submission mechanisms to prevent information
leakage. Depending on repository configuration,
participants either submit predictions through con-
trolled external platforms or upload encrypted pre-
diction files to designated repository directories,
where they are automatically decrypted only dur-
ing evaluation prior to scoring.

3.2 Human Evaluation Protocol

The human evaluation protocol measures partic-
ipant performance under standardized computa-
tional and submission constraints. Participants
solve each competition independently using only
GNN models, without external solutions, and sub-
mit a single final prediction file evaluated through
the same automated hidden-test pipeline used for
LLMs. LLM usage during the human track is re-
stricted to low-level utility support without expo-
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sure to task-specific benchmark information. More
detailed protocol and participant information are
provided in Appendix B. Participants represent
18 universities across 12 countries (Figure 6, Ap-
pendix B), ensuring geographic diversity in bench-
mark design and human performance evaluation.

3.3 LLM Evaluation Protocol

GNN-CB evaluates LLMs under a controlled
and reproducible protocol designed to measure
repository-grounded graph learning ability rather
than prompt-engineering performance. All mod-
els are evaluated using a frozen prompt tem-
plate shared across all competitions, without task-
specific tuning or adaptive prompting (Zhuo et al.,
2024). As illustrated in Figure 2, repository in-
formation is converted into a standardized prompt
through slot filling (Jain et al., 2024), after which
the model generates a structured reasoning plan
and an executable code following a plan-then-code
paradigm (Jiang et al., 2024). The generated solu-
tion is executed locally in a controlled environment
and optionally refined through bounded execute-
and-repair iterations (Yang et al., 2024). Final pre-
dictions are evaluated on hidden test sets using
the same automated infrastructure used for human
participants, enabling direct and fair comparison
under identical conditions. The protocol consists of
four components: (i) frozen prompt instantiation,
(ii) plan-then-code generation, (iii) execution and
repair, and (iv) evaluation settings.

3.3.1 Frozen Prompt Instantiation

All models were evaluated using a standardized
prompt template with limited, controlled task-
specific context added to ensure executable out-
puts. The template contains predefined slots popu-
lated with repository-derived information such as
the README, repository tree, dataset summary,
submission specification, and dependency require-
ments.

Repository components are inserted into struc-
tured slots without manual modification (Jain et al.,
2024). The instantiated prompt requires the model
to produce a structured <plan> followed by ex-
ecutable <code>, providing a standardized in-
terface across all competitions. Figure 8 in Ap-
pendix C illustrates the slot-filling construction,
and the full template is provided in Listing 1.

3.3.2 Plan-Then-Code Generation

Given the instantiated prompt, the model generates:
(i) a high-level reasoning plan and (ii) an executable
code. This plan-then-code strategy (Jiang et al.,
2024) encourages explicit reasoning before imple-
mentation and reduces common failures such as
invalid pipelines, hallucinated APIs, or malformed
submissions. The generated plan typically speci-
fies feature engineering, GNN architecture design,
optimization procedures, validation strategy, and
submission generation. The accompanying code
implements the complete pipeline as a standalone
executable solution. A representative plan-then-
code output is shown in Figure 9 in Appendix C.

3.3.3 Execution and Repair Loop

Generated code is executed locally in a controlled
environment under CPU-only constraints. If execu-
tion fails due to syntax errors, runtime exceptions,
dependency issues, or invalid outputs, an execute-
and-repair loop (Yang et al., 2024) is triggered in
which the execution traceback is appended to the
conversation context and returned to the model for
refinement. Repair attempts are bounded (k ≤ 5)
to maintain a controlled evaluation budget.

3.3.4 Agent-Based and Non-Agent Evaluation

GNN-CB supports two complementary execu-
tion modes: non-agent and agent-based. In the
non-agent mode, a lightweight orchestration script
instantiates the frozen prompt with repository-
derived slots, dispatches the API request, parses
the response into <plan> and <code> blocks,
executes the resulting solution.py under the
CPU-only environment, and feeds runtime trace-
backs back into the prompt for a bounded num-
ber of repair iterations; a simplified version of
this control loop is reproduced in Listing 2 of Ap-
pendix C. In the agent-based mode, an autonomous
coding system inspects repository contents, gener-
ates an executable solution, runs it, and iteratively
repairs failures without human intervention, using
the same execute-and-repair budget. Both modes
consume identical repository information, enforce
the same execution constraints, and submit through
the same automated hidden-test pipeline, so that ob-
served performance differences reflect the model’s
reasoning and implementation ability rather than
prompt-engineering effort or orchestration design.
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Input Generation Execution Scoring

Repository
README

Data
Tree

Submission Spec.

Slot filling
5 slots

Frozen
prompt
zero-shot

LLM ⟨plan⟩
⟨code⟩

Execute
CPU-only

error?
Submit

predictions.csv

Hidden-test scoring
task-specific metric

Leaderboard
live update

Repair loop (k ≤ 5)
traceback → LLM → re-generate

no

yes

Figure 2: LLM evaluation pipeline.
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(a) Classification competitions (F1 / Accuracy / AUC).
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(b) Regression.

Figure 3: Per-task human-performance statistics across all 18 GNN-CB competitions: minimum, average, maximum,
and standard deviation of participant scores. Panel (a) covers the 16 classification competitions on a common 0–1
axis (F1 / Accuracy / AUC); panel (b) covers the two regression competitions (C14 BrainAge, MAE; C17 Mix2Print,
NMAE) on independent axes due to different metric scales. Higher is better in (a); lower is better in (b).

3.3.5 LLM Implementations
To ensure deterministic, reproducible outputs, all
models are decoded with temperature = 0,
applied where the provider’s API exposes this set-
ting. API-only (non-agent) runs use a per-call out-
put budget of max_output_tokens = 10K,
while agent-mode runs follow each agent’s native
session budget, which may consume substantially
more tokens across multiple internal tool calls and
extended-thinking traces. A full inventory of evalu-
ated models, their API identifiers, and source links
is provided in Table 4 (Appendix C).

In the API-only mode, models are accessed
through provider SDKs or OpenAI-compatible
endpoints, including Together AI serverless infer-
ence, and receive the frozen prompt through a
lightweight orchestration script that handles slot
filling, code extraction, execution, and bounded
repair iterations. Models evaluated in this mode in-
clude Gemini-3 Flash, Gemini 2.5 Pro, Llama-3.3
70B, Claude Opus 4.6, Qwen2.5-Coder 32B, Kimi
k2.6, and DeepSeek v4 Pro.

In the agent-based mode, models operate as au-
tonomous coding agents that directly inspect repos-
itory contents, generate solutions, execute code,

and iteratively repair failures without human inter-
vention. Models evaluated in this mode include
Claude Opus 4.7 and GPT-5.4 Codex.

All generated solutions are executed locally un-
der CPU-only constraints inside isolated environ-
ments. The framework automatically parses model
outputs into <plan> and <code> sections, ex-
ecutes the generated solution.py, performs
bounded repair iterations (k ≤ 5), validates pre-
diction files, and logs execution artifacts including
runtime traces and generated submissions. This
design enables reproducible evaluation across mul-
tiple model families without requiring local GPU
deployment.

4 Results and Analysis

We evaluate GNN-CB along two complementary
tracks: a human-participant track (Section 3.2)
with expert volunteers under standardized repro-
ducibility constraints, and an LLM track (Sec-
tion 3.3) with nine proprietary and open-source
models under a frozen plan-then-code protocol
with bounded execute-and-repair iterations. Both
tracks use the same automated hidden-test pipeline
and task-specific metrics: Macro-F1, accuracy, and
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AUC for classification, and MAE/NMAE for re-
gression. We report human-cohort statistics, each
LLM’s per-competition score and gap to the hu-
man top, and cross-task variability as a measure of
consistency.

Table 2: Descriptive statistics of human performance
across competitions. Difficulty level (Diff), number
of participants (P), average score (AVG), and stan-
dard deviation (STD) summarize overall human perfor-
mance.High and Low columns report the maximum and
minimum human scores observed, respectively, Metric
indicates the evaluation criterion used for tasks.

# Competition Diff. P AVG STD High Low Metric

C01 PROVEN-GNN Med 17 0.792 0.101 0.900 0.435 F1
C02 CGCC Hard 17 0.383 0.086 0.537 0.205 F1
C03 Real Or Fake! Easy 15 0.945 0.053 0.980 0.767 F1
C04 GLIMPS-GNN Hard 16 0.389 0.094 0.600 0.28 F1
C05 GNN_BACE Med 14 0.496 0.088 0.674 0.391 F1
C06 DiaGraph Hard 15 0.570 0.125 0.822 0.477 F1
C07 GRAPE Med 16 0.707 0.131 0.830 0.4 F1
C08 Liar Nodes Easy 17 0.756 0.212 0.996 0.407 Acc.
C09 GraphFMD Med 17 0.706 0.271 0.891 0.403 F1
C10 NetLinkArena Med 17 0.706 0.271 0.891 0.508 AUC
C11 PARK-GNN Hard 14 0.773 0.116 0.933 0.548 F1
C12 GNN-CoRA Med 14 0.551 0.196 0.742 0.153 Acc.
C13 GTA Hard 17 0.5816 0.1629 0.79 0.25 F1
C14 BrainAge Easy 14 6.531 1.474 10.638 4.984 MAE
C15 OctoNode Cup Med 15 0.672 0.151 0.793 0.211 F1
C16 Graph4ASD Med 14 0.513 0.082 0.627 0.389 F1
C17 Mix2Print Hard 13 0.08 0.02 0.147 0.069 NMAE
C18 THInC Hard 14 0.490 0.056 0.565 0.354 F1

4.1 Human Performance Results

Table 2 and Figure 3 together summarize the perfor-
mance of human participants across all 18 compe-
titions. Overall, human performance exhibits vari-
ability across tasks, reflecting differences in task
difficulty, graph structure, and domain complexity.
Easy classification tasks (e.g., C03) achieve high
scores with low variance, indicating that standard
GNN pipelines are implemented reliably when task
specifications are clear. In contrast, harder com-
petitions (e.g., C02, C04, C18) show lower per-
formance and larger gaps between best and worst
submissions, reflecting higher sensitivity to archi-
tectural and optimization choices. Several medium-
difficulty tasks (e.g., C09, C10) also exhibit notable
variability, suggesting that engineering and training
decisions remain critical even for relatively stan-
dard formulations. The two regression tasks (C14
and C17) display similar behaviour, with larger rel-
ative performance gaps and less stable convergence
compared to most classification settings. These
observations suggest that human participants per-
form consistently on conventional GNN problems
but encounter increasing difficulty as tasks require

more advanced graph reasoning, domain-specific
adaptation, and complex optimization strategies.

4.2 LLM Evaluation Results
Table 3 reports the per-competition performance
of the nine evaluated LLMs on all 18 GNN-CB
tasks. The most important finding is that LLMs
consistently fall short of Human Top performance
across the benchmark under a zero-shot plan-then-
code prompting protocol with a bounded execute-
and-repair loop. Concretely, across all 9 evaluated
models and 18 competition tasks (162 model–task
pairs in total), LLMs surpass or tie the Human Top
score in only 19 cases. In other words, in more than
88% of model–task pairs, the evaluated LLM does
not reach Human Top performance. Among mod-
els achieving Human Top-level performance, we
observe no clear model-family advantage, and the
Human-Top level performance counts are roughly
proportional to the number of models in each fam-
ily. In addition, the average LLM performance
exceeds the average human performance in only 6
of 16 competitions (37.5%), as shown in Figure 13,
meaning that average human performance remains
higher on most competitions under this protocol.

To further assess LLM performance fairly, we an-
alyze the gap to Human Top performance across 16
classification competitions. The evaluated open-
source models exhibit larger average gaps and
greater cross-task variability under this protocol.
This trend is observed for both reasoning and
chat models. DeepSeek-v4 Pro underperforms
proprietary reasoning counterparts in mean gap,
while open-source chat models (Llama-3.3 70B,
Qwen2.5-Coder 32B) show larger gaps than pro-
prietary chat models (Claude Opus 4.6, Gemini-
3 Flash). An exception is Kimi-k2.6, which ap-
proaches the consistency of proprietary chat mod-
els. Within the proprietary models evaluated, nei-
ther reasoning nor chat models show a consistent
benchmark-wide advantage, as also shown in Fig-
ure 4. In addition, LLMs exhibit larger perfor-
mance gaps on Hard competitions than on Easy
and Medium competitions, suggesting that the ob-
served human–LLM gap increases with task diffi-
culty under this protocol.

We further examined severe underperformance
in classification competitions, defined as scor-
ing at least 30 percentage points below the best-
performing LLM on the same task. Manual in-
spection identified 20 such cases, with Llama-3.3
70B and Qwen2.5-Coder 32B accounting for six
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Table 3: LLM Benchmark Leaderboard on GNN Competitions. Scores and gaps to Human Top are reported for
9 LLMs across 18 GNN competitions. Gaps are computed as score− human top and sign-corrected for regression.
Blue subscripts ↓ denote performance below Human Top; Green subscripts ↑ denote ties or improvements. For
classification tasks, cells are tinted red (−5% gap < 0%), light red (gap < 5%), yellow (tied) and green

(gap > 0). For regression tasks, cells are colored as red and green for below and above Human Top, respectively.
Underlining marks the best result within each model category, and boldface the best overall result per competition.
The final row reports the average human–LLM gap across the nine models.

Models Easy Medium Hard

C03 C08 C14 C01 C05 C07 C09 C10 C11 C12 C15 C16 C02 C04 C06 C13 C17 C18
Real_Or_Fake Liar Nodes Brain-Age PROVEN GNN_BACE GRAPE Graph FMD NetLinkArena PARK-GNN GNN_CoRA OctoNode Graph4ASD CGCC GLIMPS-GNN DiaGraph GTA Mix2Print THInC

val F1 acc. MAE mF1 F1 mF1 val F1 AUC val F1 acc. Mac-F1 Mac-F1 OOF F1 F1 Mac-F1 F1 (P.) NMAE Mac-F1

Proprietary Reasoning LLMs (Frontier)

Gemini 2.5 Pro (Google DeepMind, 2025) 93.6↓4.5 92.7↓6.9 5.524↓0.540 75.5↓14.5 61.9↓5.5 83.00 83.6↑3.0 87.5↓1.6 71.2↓22.1 64.8↓9.4 54.1↓25.2 48.8↓13.9 40.7↓13.0 29.0↓31.0 48.9↓33.4 65.7↓14.2 0.093↓0.025 36.0↓20.6
Claude Opus 4.7 (Anthropic, 2026b) 97.6↓0.5 99.8↑0.2 5.504↓0.520 78.1↓11.9 55.4↓12.0 83.00 76.2↓4.4 69.6↓19.5 90.2↓3.0 55.1↓19.1 74.6↓4.8 60.8↓1.9 32.6↓21.0 44.0↓16.0 76.9↓5.3 79.1↓0.8 0.069↓0.000 57.2↑0.6
GPT-5.4 Codex (OpenAI, 2026) 70.7↓27.3 88.9↓10.6 5.847↓0.863 50.2↓39.8 53.4↓14.0 44.4↓38.5 77.6↓3.1 83.9↓5.2 84.6↓8.7 74.0↓0.2 71.8↓7.5 45.7↓17.0 36.2↓17.5 52.0↓8.0 72.5↓9.7 83.5↑3.6 0.074↓0.005 48.6↓7.9

Open-source Reasoning LLMs

DeepSeek-v4 Pro (DeepSeek-AI, 2026) 95.2↓2.8 73.0↓26.6 5.512↓0.528 79.4↓10.6 53.5↓13.9 83.00 78.1↓2.5 66.5↓22.7 42.6↓50.6 70.0↓4.2 54.2↓25.1 32.9↓29.8 15.6↓38.1 30.0↓30.0 74.4↓7.9 39.7↓40.2 0.067↑0.002 43.1↓13.4

Proprietary Chat LLMs

Gemini-3 Flash (Google DeepMind, 2026) 97.6↓0.5 98.8↓0.7 5.710↓0.726 81.1↓8.9 53.2↓14.2 76.2↓6.8 78.0↓2.7 68.3↓20.8 93.30 69.7↓4.5 74.9↓4.4 51.5↓11.2 33.5↓20.2 38.0↓22.0 49.5↓32.8 59.5↓20.4 0.069↑0.000 47.9↓8.6
Claude Opus 4.6 (Anthropic, 2026a) 95.4↓2.6 98.3↓1.3 5.668↓0.684 85.4↓4.6 45.2↓22.2 83.00 81.8↑1.2 78.1↓11.0 52.9↓40.3 81.6↑7.4 65.5↓13.9 55.4↓7.3 40.7↓12.9 28.0↓32.0 78.3↓3.9 69.3↓10.6 0.072↓0.003 54.2↓2.3

Open-source Chat LLMs

Llama-3.3 70B (Meta AI, 2024) 79.4↓18.6 66.2↓33.4 7.449↓2.465 72.7↓17.3 39.1↓28.3 40.0↓43.0 72.8↓7.8 50.0↓39.1 51.1↓42.2 65.9↓8.3 42.9↓36.5 39.4↓23.3 46.7↓7.0 38.0↓22.0 32.9↓49.4 63.8↓16.1 0.070↓0.001 37.6↓18.9
Qwen2.5-Coder 32B (Alibaba Cloud, 2024) 96.6↓1.5 66.6↓33.0 9.502↓4.518 77.1↓12.9 39.1↓28.3 40.0↓43.0 69.8↓10.8 54.8↓34.3 42.6↓50.6 80.0↑5.8 52.5↓26.8 44.0↓18.6 19.6↓34.1 31.0↓29.0 50.2↓32.0 25.5↓54.4 0.117↓0.048 38.4↓18.1
Kimi-k2.6 (Moonshot AI, 2026) 96.4↓1.6 42.9↓56.7 6.139↓1.155 48.4↓41.6 52.1↓15.3 83.00 95.9↑15.3 71.4↓17.8 88.0↓5.3 70.5↓3.7 70.4↓9.0 64.0↑1.3 43.0↓10.7 48.0↓12.0 49.3↓33.0 79.1↓0.8 0.064↑0.005 57.2↑0.7

Human reference

Human Top 98.0 99.6 4.98 90.0 67.4 83.0 80.6 89.1 93.3 74.2 79.3 62.7 53.7 60.0 82.2 79.9 0.069 56.5
Avg. human–LLM gap ↓ 6.6 ↓ 18.8 ↓ 1.333 ↓ 18.0 ↓ 17.1 ↓ 14.6 ↓ 1.3 ↓ 19.1 ↓ 24.8 ↓ 4.0 ↓ 17.0 ↓ 13.5 ↓ 19.4 ↓ 22.4 ↓ 23.0 ↓ 17.1 ↓ 0.008 ↓ 9.8

Figure 4: Best, Mean, and Worst Gap performance for leading LLMs on the classification tasks of the GNN-CB
benchmark, grouped by model family. Best Gap denotes the best performance margin across the 16 classification
competitions compared to the human top performance. Mean Gap is the average performance difference relative
to the human top performance across all classification competitions. Worst Gap represents the most negative
performance difference relative to the human top performance.

and five cases, respectively. The error analysis
showed that these failures were driven primarily
by incorrect graph construction (8/20) and feature
processing or utilization (7/20), rather than by mi-
nor coding issues or GNN architecture choice. The
remaining cases involved indexing or data-reading
errors (3/20) and unsuitable model selection (2/20).
This suggests that severe degradation mainly arises
when models fail to translate the input data into an
appropriate graph representation.Further results are
presented in Appendix C.5.

5 Discussion

The findings in Table 3 and Figure 4 reveal the
core limitations of LLMs as autonomous GNN en-
gineers under the evaluated setting. All evaluated
models show substantial variance across the 18
competitions, indicating limited transfer of GNN
construction and reasoning strategies across hetero-
geneous settings.Proprietary models demonstrate
better average gaps than their open-source coun-
terparts, yet no meaningful difference emerges
between reasoning and chat LLMs within either
tier—suggesting that chain-of-thought reasoning
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capabilities do not confer a systematic advan-
tage on GNN-specific tasks under our zero-shot,
bounded-repair protocol. In addition, performance
gaps widen on Hard tier competitions, which shows
the inability of LLMs dealing with complex GNN-
based tasks. These results suggest that task-aware
model routing or ensembling may be more effec-
tive than scaling a single model. Competition-style
evaluation also provides a discriminative measure
of practical GNN coding ability and highlights the
risks of deploying LLM-generated solutions with-
out expert oversight.

6 Conclusion

We introduced GNN-CB, the first competition-
based benchmark for evaluating humans and LLMs
on GNN coding tasks. It comprises 18 human-
designed competitions spanning diverse graph cat-
egories, domains, and difficulty tiers, evaluated
through a unified hidden-test pipeline. Three com-
plementary protocols govern competition design,
controlled human evaluation, and frozen-prompt
LLM evaluation with bounded execute-and-repair
iterations across API-only and agent-based settings.
Under this protocol, current LLMs fall short of ex-
pert performance on most tasks and exhibit incon-
sistent performance across heterogeneous graph-
learning problems. As models and evaluation meth-
ods continue to improve, the competition-based de-
sign of GNN-CB offers a challenging, extensible,
and practically grounded testbed that can contin-
uously distinguish advances in autonomous GNN
engineering. Its public benchmark and dynamic
leaderboards support future evaluation, compari-
son, and hands-on GNN coding practice.

Limitations

Due to API and compute-budget constraints, our
LLM evaluation is limited to nine leading propri-
etary and open-source models across two execu-
tion modes (API-only and agent-based), and our
human evaluation involves 13–17 expert volun-
teers per competition. The model and task selec-
tion was guided by a balance between inclusive-
ness and feasibility, aiming to cover diverse access
types (proprietary vs. open-source), and model fam-
ilies (Claude, Gemini, GPT, Llama, Qwen, Kimi,
DeepSeek) while maintaining reproducibility and
accessibility for research groups with limited com-
pute resources. We believe this setup provides a
meaningful and representative evaluation of con-

temporary LLM capabilities on end-to-end GNN
coding tasks, without requiring the extensive infras-
tructure typically available only to large industrial
laboratories. Accordingly, our results should be
interpreted as a broad and reproducible evaluation
of contemporary LLM performance under the eval-
uated bounded-repair and agent-based protocols,
rather than as an estimate of the maximum attain-
able performance of each model. Larger inference
budgets, repeated sampling, and more advanced
model-specific prompting or agentic pipelines may
further improve performance and should be investi-
gated in future work.

A further limitation concerns the enforceabil-
ity of the human-track constraint. Although the
protocol restricts LLM use to low-level utility as-
sistance and requires detailed reproducibility logs,
local use of external assistance cannot be perfectly
instrumented. Therefore, this constraint should be
interpreted as practically auditable rather than fully
enforceable.

While GNN-CB covers a broad range of node-,
edge-, and graph-level problems, certain emerging
settings such as graph generation, quantum graph
modelling, and self-supervised or reinforcement-
learning paradigms are not included in the current
release. The use of task-specific evaluation met-
rics (macro-F1, accuracy, AUC, MAE, and NMAE)
reflects the heterogeneity of real-world graph prob-
lems and limits direct cross-task comparison. To
mitigate this, we report per-task gap-to-human-top
scores and separate classification and regression
results in our visualizations, particularly since the
benchmark contains only two regression competi-
tions. Although the two regression competitions
broaden the task and metric diversity of GNN-
CB, their limited number does not support strong
general conclusions about LLM performance on
graph-regression problems. Expanding both the
number and diversity of regression competitions
is therefore an important direction for future re-
leases. Finally, because LLM capabilities evolve
rapidly, the reported results represent model snap-
shots available as of May 2026, although the qual-
itative patterns we observe—difficulty stratifica-
tion, the capability-versus-consistency gap, and
family-level differences—are expected to remain
informative as models continue to advance. These
limitations can be viewed as opportunities for fu-
ture extensions of GNN-CB toward broader graph-
learning paradigms, larger model panels, and con-
tinuously updated evaluations.
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Future Directions for Extended LLM
Evaluation

The present study establishes GNN-CB as a zero-
shot, frozen-prompt benchmark, and its infrastruc-
ture enables several deeper analyses that we did
not pursue here due to computational and bud-
getary constraints. On the modelling side, fu-
ture work can measure how performance scales
beyond the current zero-shot protocol through few-
shot prompting, retrieval-augmented generation,
and task-specific fine-tuning, and can characterise
stochastic variability via repeated sampling, con-
fidence intervals, and pass@k-style metrics rather
than the single greedy run reported here. Because
every submission is executed and validated, the
benchmark also supports a fine-grained error-mode
taxonomy—incorrect graph construction, invalid
message-passing architectures, preprocessing data
leakage, mishandled class imbalance, and mal-
formed submissions—that would reveal where and
why LLMs break down beyond aggregate scores.

On the evaluation side, the logged execution
and repair traces enable a detailed token-economy
and cost–latency analysis, particularly contrast-
ing the per-call budget of API-only runs with
the multi-step session budget of agent-based runs,
alongside an analysis of agentic depth (tool-call
counts, repair-loop depth, and the contribution of
extended chain-of-thought). Rigour can be further
strengthened through paired significance testing,
bootstrap confidence intervals, and rank-correlation
analysis of the human–LLM ordering. Finally,
as a living benchmark with automated infrastruc-
ture and dynamic leaderboards, GNN-CB can
be extended to broader paradigms (graph genera-
tion, self-supervised, temporal, and reinforcement-
learning formulations) and used longitudinally to
track whether the capability–consistency gap nar-
rows as new models are released.

Ethics Statement

Participant Consent: All human participants
provided informed consent for the publication of
their performance results. Participants were ex-
pert volunteers who co-designed the benchmark;
no monetary compensation was provided. Only
aggregate counts and per-task scores are reported
(Table 2); no personally identifying information
about participants is released.

Participant Role Disclosure: Each of the 18
benchmark competitions was designed and curated
by a single coauthor. To avoid any designer advan-
tage, no coauthor participated in the competition
they personally designed. Instead, each coauthor
solved a subset (approximately 14) of the remain-
ing 17 competitions. Consequently, every human
submission contributing to the Human Top, mean,
and standard deviation reported for a given compe-
tition was produced by a participant with no design
or curation role in that specific competition.

Personally Identifying Information and Sensi-
tive Content: All datasets are used in their pub-
licly released forms. Sensitive biomedical datasets
such as OASIS-3 (LaMontagne et al., 2019) and
ABIDE (Craddock et al., 2013) follow their origi-
nal de-identification protocols and data-use agree-
ments; only aggregate per-task scores are reported.
The GitHub Social Network dataset (Rozember-
czki et al., 2019) contains public GitHub user-
names that are already openly available; the user-
names are not the target of prediction and no ad-
ditional de-anonymization is performed. The El-
liptic dataset (Weber et al., 2019) uses pseudo-
anonymous transaction identifiers with no link to
real identities. None of the datasets contain free-
form user-generated text in their released versions,
so no offensive-content screening was required.

Licenses: All datasets are used under their orig-
inal public licenses (MoleculeNet, Cora, OGB,
OASIS-3 under data-use agreement, Elliptic, Gos-
sipCop, GitHub Social Network, etc.). LLMs are
accessed under the providers’ API terms of ser-
vice. GNN-CB itself, including the benchmark
repositories, evaluation pipeline, and leaderboard
infrastructure, will be released under the MIT li-
cense.

Potential Risks: GNN-CB evaluates LLM-
generated GNN code that, if deployed in safety-
critical domains such as medical diagnosis,
financial-fraud detection, or neuroimaging without
expert verification, could amplify model failures
or propagate dataset biases. We release the bench-
mark for controlled research and hands-on GNN
coding practice, and discourage direct deployment
of LLM-generated solutions without expert review.

Use of AI Assistants. AI assistants were used
solely for editorial and coding support during pa-
per preparation, including grammar correction, La-
TeX formatting, table and figure layout, and minor
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stylistic polishing. AI assistants were not used
to generate experimental results, write benchmark
code, or produce scientific claims. All scientific
content—research questions, benchmark design,
dataset curation, experimental design, analyses,
and conclusions—was conceived and verified by
the human authors. The AI assistants used for paper
preparation are distinct from the LLMs evaluated
in the benchmark.
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A Competition Specifications

This appendix provides detailed descriptions of the
competitions included in GNN-CB, each follow-
ing a standardized structure (task definition, dataset
statistics, evaluation metric, and submission pro-
tocol) and a unified evaluation pipeline based on
hidden test sets, secure submission handling, and
automated GitHub Actions scoring to ensure repro-
ducibility and fairness.

To mitigate the potential effects of data contam-
ination from widely used public datasets, bench-
mark competitions are not restricted to canonical
dataset configurations. Instead, most competitions
in GNN-CB apply controlled modifications before
constructing the benchmark task. These modifica-
tions fall into three main categories:

• Feature and data modifications. Some com-
petitions modify the original data to increase
task difficulty and reduce the transferability
of memorized solutions. For example, C12
(Cora-GNN) injects Gaussian noise into node
features, C10 (NetLinkArena) applies fea-
ture permutation and noise injection, and C13
(GraphFMD) combines feature perturbation
with a temporal split and adjusted class bal-
ance.

• Distribution changes and new data splits.
Several competitions construct new training
and testing settings that differ from the orig-
inal benchmark. For example, C05 (GNN-
BACE) introduces severe class imbalance,
applies scaffold splitting, and removes pre-
computed descriptors. C16 (Graph4ASD)
introduces a cross-site distribution shift, while

C14 (BrainAge) uses new age-stratified sub-
ject splits and a restricted set of imaging fea-
tures.

• Converting non-graph datasets into graph-
learning tasks. Some competitions reformu-
late the original dataset into a graph-learning
problem. For example, C11 (PARK-GNN)
transforms the original tabular Parkinson’s
dataset into a graph using similarity-based
edges. Likewise, C06 (DiaGraph) and C07
(GRAPE) convert non-graph data into graph
representations. Although the underlying
data remain unchanged, the resulting graph-
learning tasks have no direct public reference
solutions.

Across all competitions, the goal is the same: to
reduce the direct transferability of memorized so-
lutions from LLM pretraining while creating more
realistic and challenging graph-learning tasks. The
exact modification depends on the characteristics
of each dataset and application.

The benchmark spans a diverse set of graph prob-
lem categories, including homogeneous, heteroge-
neous, temporal, spatial, hierarchical, molecular,
and generalization graphs. To fomally define, Ho-
mogeneous : Graph with uniform node and edge
types, Heterogeneous : Graph with multiple node
and edge type, Temporal : Graph changes over
time, Spatial: Graph is embedded in a spatial do-
main where nodes and edges reflect physical or ge-
ometric proximity, Hierarchical: Graph with multi-
level structure among nodes, Molecular: Graph
represents molecular structures, where nodes are
atoms and edges are chemical bonds, Generaliza-
tion: Test graph is drawn from distributions differ-
ent from the training graph.

We acknowledge that some categories may over-
lap; however, we assign each competition to its
most distinct category. For example, a molecular
graph is also homogeneous, but it is labeled as
Molecular to distinguish it from other types.

Across all competitions, a unified submission
and evaluation protocol is enforced to ensure fair-
ness, reproducibility, and consistent leaderboard
construction. Each participant is allowed a sin-
gle final submission per competition version, and
only the latest valid submission is considered for
evaluation. Submissions that are not properly en-
crypted, fail decryption, or do not conform to the
required format are automatically rejected and ex-
cluded from scoring. Leaderboard ranking follows
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a Kaggle-style tie-breaking rule, where identical
scores are assigned the same rank, and no addi-
tional ordering is enforced between tied entries.

C01: PROVEN-GNN
PROVEN-GNN (PROgram Vulnerability
Examination Network using Graph Neural
Networks) is a graph classification task on hetero-
geneous graph representations of code functions.
Each source code function is represented as a
graph Gk = (Vk, Ek), where nodes denote code
fragments (methods, variable declarations, etc.)
and edges represent the relationships between
them (AST, CFG, etc.). The objective is to
detect vulnerable code functions based on these
representations.

The dataset consists of 3109 functions from the
DiverseVul dataset (Chen et al., 2023), with vulner-
able functions representing 29% of the data. The
graph representations were generated using the tool
Joern. It allows generating code property graphs
that capture syntactic properties, control flows, and
data dependencies. Each node is represented with
512 features, while edge features are represented
using a one-hot encoding of the edge type (12 fea-
tures).

Participants receive training and test graph files
containing node embeddings, edge indices, and
edge features. The labels (1 for vulnerable and
0 for non-vulnerable) are provided only for the
training graphs. Participants are then required to
generate predictions for the test graphs and sub-
mit them in an encrypted form using the provided
public key. An automated pipeline then validates,
decrypts, scores, and updates the leaderboard, eval-
uating each submission using the macro F1-score.

C02:CGCC
The CGCC (City Graph Classification Challenge)
is a graph-level classification task defined over real-
world urban street networks. Each sample is a
city represented as a homogeneous graph Gk =
(Vk, Ek), wherenodes denote road intersections and
edges denote the road segments connecting them.
Given a collection of such graphs G = {Gk}, the
objective is to learn a mapping f(Gk) → yk that
assigns each city to one of three layout classes:
organic (0), grid (1), or hybrid (2).

The dataset comprises street networks for 120
cities distributed across North America, South
America, Europe, Asia, Africa, Oceania, the Mid-
dle East, and Central Asia, extracted from Open-

StreetMap via OSMnx within a 500 m buffer
around each city centre and restricted to driveable
roads. The class distribution reflects naturally oc-
curring urban patterns and is moderately imbal-
anced, with 37 grid, 31 organic, and 52 hybrid
cities. Each graph retains node coordinates, edge
geometries and lengths, and graph-level attributes
such as the city name and layout type; for the evalu-
ation split, the layout label is withheld. The corpus
is partitioned 70/30 into training and test sets with
stratification by class.

Participants are provided with serialized city
graphs and a label table that associates each train-
ing graph with its target class. No engineered
urban-form descriptors (e.g., circuity, intersection
density, orientation entropy) are provided. Partic-
ipants are required to generate a prediction file
mapping each test city to its predicted class, en-
crypt it locally using the provided public key, and
submit encrpted file through a pull-request-based
workflow. An automated pipeline then validates,
decrypts, and scores the submissions, updating the
leaderboard. Each submission is evaluated using
the macro F1-score.

C03: Real Or Fake!
The Real or Fake challenge is a graph classifica-
tion task based on Twitter news propagation data
from the GossipCop dataset (Shu et al., 2020; Dou
et al., 2021). The objective is to train a Graph Neu-
ral Network (GNN) that predicts whether a news ar-
ticle is real or fake by leveraging both node features
and the underlying propagation structure. Given a
collection of hierarchical graphs G = {Gk}, where
each graph Gk = (Vk, Ek) represents the spread of
a single news article, the task is to predict the label
yk for each graph :f(Gk)→ yk where yk ∈ {0, 1},
with 1 indicating verified news and 0 indicating
fake news.

In this setting, nodes correspond to either the
root news article or users who interacted with it,
while edges capture interactions such as retweets.
Each node is associated with rich features, includ-
ing textual embeddings (e.g., BERT and spaCy)
and user profile attributes. The dataset is split into
3,826 training graphs, 546 validation graphs, and
1,092 test graphs.

Participants are provided with the graph struc-
ture, node features, and data splits distributed
across multiple files. They are then expected to
generate predictions for the test graphs, encrypt
them locally using the provided public key and

40173



and submit through a pull-request. An automated
pipeline subsequently validates, decrypts, and eval-
uates the submissions, updating the leaderboard
accordingly. Each submission is assessed using the
accuracy score.

C04: GLIMPS-GNN
The GLIMPS-GNN (Graph-based Liquid-biopsy
Inductive Modeling for PreeclampSia) challenge
is an inductive node-classification task on a bio-
logical graph. Given G = (V,E) with feature
matrix X ∈ R|V |×d, the goal is to learn a map-
ping f(vi) → yi where each node vi ∈ V is as-
signed a label yi ∈ {0, 1} corresponding to Control
(0) and Preeclampsia (1). The training subgraph
comprises cell-free RNA (cfRNA) from maternal
plasma, while the inductive test set contains unseen
placental RNA-seq samples. Models must there-
fore generalize across a substantial domain shift
between liquid-biopsy and tissue transcriptomics,
making this competition fall under the generaliza-
tion category.

Data are sourced from GEO: maternal plasma
cfRNA (GSE192902) and placental RNA-seq
(GSE234729). Nodes are individual samples;
edges encode similarity and ancestry. The graph
contains 320 nodes and 3200 edges. Node fea-
tures are harmonized gene-expression profiles. The
training set has 209 cfRNA samples; the test set has
111 placenta samples with moderately imbalanced
classes.

Participants are provided with the graph struc-
ture, node features, and data splits distributed
across multiple files. They are then expected to
generate predictions for the test graphs and en-
crypt them locally using the provided public key.
After submission, an automated GitHub Actions
pipeline subsequently validates, decrypts, and eval-
uates the submissions, updating the leaderboard
accordingly. Each submission is assessed using the
macro-averaged F1-score.

C05: GNN_BACE
GNN_BACE (BACE Inhibition Prediction) is a
graph-level binary classification task whose pri-
mary objective is to predict whether a given
molecule acts as an inhibitor of the β-secretase 1
(BACE-1) enzyme, a critical target in Alzheimer’s
disease research. Formally, the objective is to
learn a mapping f(Gk) → yk for each molecule
represented as molecular graphs Gk = (Vk, Ek).
Molecules are represented as undirected graphs

Gk = (Vk, Ek), where nodes correspond to atoms
and edges correspond to chemical bonds. Each
node is described by an 8-dimensional one-hot
atom-type feature vector, while edges include sim-
ple bond-level attributes. Label is 1 for active in-
hibitors and inactive compounds as 0.

Participants are provided only with atom fea-
tures and connectivity information, without any
pre-computed molecular descriptors (e.g., Mol-
LogP, Polar Surface Area). The dataset for this
challenge is derived from the BACE dataset in the
widely used MoleculeNet benchmark suite (Wu
et al., 2018). Participants are then required to gen-
erate predictions for the test graphs and encrypt
them locally using the provided public key. Af-
ter submitting encrypted file using pull-request, an
automated GitHub Actions pipeline subsequently
validates, decrypts, and evaluates the submissions,
updating the leaderboard accordingly. Each sub-
mission is assessed using the Macro F1-Score.

C06: DiaGraph
The DiaGraph (Robust Diabetes Prediction on
Noisy Graphs) is a transductive node-level clas-
sification task where each sample corresponds to
a patient represented as a node in a homogeneous
graph G = (V,E). Nodes denote patients, while
edges encode similarity relationships based on la-
tent clinical affinities. The objective is to learn a
mapping f(vi)→ yi that predicts whether a patient
is diabetic (1) or non-diabetic (0).

Participants are provided only with node features
and the adjacency matrix for all nodes, while la-
bels are available only for the training nodes. For
evaluation, participants generate a prediction file
containing binary labels for all nodes in the hid-
den test set. The predictions are encrypted locally
using the provided public key prior to submission,
and only encrypted files are submitted to the repos-
itory. An automated evaluation pipeline decrypts
the submissions, validates their format, computes
the official score against hidden test labels, and up-
dates the public leaderboard. Each submission is
evaluated using the macro F1-score.

C07: GRAPE
The GRAPE (Graph Retinal Analysis for
Prediction and Evaluation) challenge is a graph-
level classification benchmark designed for dia-
betic retinopathy (DR) detection from retinal ves-
sel graphs. Each sample corresponds to a retinal
vascular network represented as a spatial graph
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Gk = (Vk, Ek), where nodes denote vessel bifur-
cation or intersection points and edges represent
vessel segments connecting them. Given a collec-
tion of retinal graphs G = {Gk}, the objective is to
learn a mapping f(Gk)→ yk that predicts whether
the retinal image corresponds to a healthy subject
(0) or a diabetic retinopathy patient (1).

The benchmark is constructed from retinal vessel
graphs extracted from three publicly available reti-
nal imaging datasets: DRIVE, STARE, and HRF. In
total, the dataset contains 70 graphs, comprising 48
healthy and 22 diabetic retinopathy cases. Specifi-
cally, the DRIVE subset contributes 20 graphs (17
healthy, 3 DR), STARE contributes 20 graphs (16
healthy, 4 DR), and HRF contributes 30 graphs (15
healthy, 15 DR). The dataset is partitioned into 55
training graphs and 15 hidden test graphs using
stratified sampling to preserve class proportions
across splits. Each retinal graph preserves the vas-
cular connectivity structure derived from vessel
segmentation outputs.

Participants are provided with node features and
the adjacency matrix for all graphs, while labels are
available only for the training graphs. Participants
are expected to generate a prediction file contain-
ing binary labels for all graphs in the hidden test
set. The predictions are encrypted locally using
the provided public key prior to submission, and
only encrypted files are submitted to the repository.
An automated GitHub Actions workflow securely
injects the private decryption keys, decrypts the
submissions, validates their format, computes the
official score against the hidden test labels, and up-
dates the public leaderboard. Each submission is
evaluated using the macro F1-score.

C08: Liar Nodes
The Liar Nodes challenge is formulated as a trans-
ductive node classification problem over a homoge-
nous graph derived from single-cell cancer tran-
scriptomics data. Each node represents an indi-
vidual cell, while graph edges encode contextual
or biological similarity relationships between cells
within the tumor microenvironment. Given a graph
G = (V,E), the objective is to learn a mapping
f(vi) → yi that predicts whether a cell is cancer-
ous or non-cancerous.

The underlying data originate from the Cancer
Single-cell Expression Map (CancerSCEM) re-
source (Zeng et al., 2022), which contains large-
scale single-cell RNA sequencing data across mul-
tiple cancer types. The original dataset provides

UMI count matrices, cell-type annotations, func-
tional molecular descriptors, and cell-cell interac-
tion information. For the purposes of this bench-
mark, the data are transformed into graph learning
instances suitable for GNN training and evaluation.
Node embeddings are intentionally altered and par-
tially corrupted in order to create contradictions
between intrinsic node representations and graph
context.

Participants are provided with graph-structured
data derived from the CancerSCEM resource, to-
gether with training labels for supervised learning.
Final predictions are submitted via a designated
Google Form for evaluation and leaderboard rank-
ing. An automated evaluation pipeline computes
accuracy on hidden test labels and updates the pub-
lic leaderboard accordingly.

C09: GraphFMD
The GraphFMD (Graph-based Financial
Misconduct Detection) challenge is a temporal
inductive node classification task defined over the
Bitcoin transaction network. Each sample is a
transaction represented as a node vi in a directed
temporal graph G = (V,E), where nodes denote
individual Bitcoin transactions and edges denote
the flow of Bitcoin between them. The objective is
to learn a mapping f(vi) → yi that assigns each
test-time transaction to one of two classes: illicit
(1) or licit (2).

The dataset is derived from the Elliptic Bitcoin
transaction graph (Weber et al., 2019) and is parti-
tioned temporally: training nodes span time steps 1–
34, comprising 16,658 labelled transactions, while
test nodes are drawn from time steps 35 and be-
yond, comprising 8,896 transactions. The graph
contains approximately 5 million directed edges.
Each node is associated with a 165-dimensional
feature vector consisting of 94 local transaction
features (e.g., transaction amounts, fees, and in-
put/output counts) and 71 aggregated neighbour-
hood features derived from one-hop neighbours;
Gaussian noise has been injected into these fea-
tures to simulate real-world data degradation. The
dataset exhibits strong class imbalance, with illicit
transactions constituting only 1–3% of all nodes.

Participants are provided with node feature files
and an edge list for the full graph, together with
ground-truth labels for the training split. No hand-
crafted forensic descriptors (e.g., mixing patterns,
chain-length heuristics, or address-clustering sig-
nals) are supplied. Participants are expected to
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generate a prediction table mapping each test trans-
action identifier to its predicted class 1, 2. Sub-
missions are encrypted and uploaded via a secure
Google Form, which triggers a GitHub Actions
workflow that validates the submission, computes
the performance against the hidden label file, and
updates the public leaderboard automatically. Per-
formance is evaluated on the hidden test split using
the macro F1-score.

C10: NetLinkArena

The NetLinkArena (Link Prediction Challenge) is
a link prediction task defined on a real-world sci-
entific citation network. Each sample corresponds
to a pair of scientific papers represented within a
homogenous citation graph G = (V,E), where
nodes denote research papers and edges represent
citation relationships between them. Given a par-
tially observed graph and a set of candidate node
pairs (u, v), the objective is to learn a mapping
f(u, v) → y that predicts whether a citation link
exists between the two papers, where y ∈ {0, 1},
with 1 indicating the presence of a link and 0 indi-
cating no link.

The dataset is constructed from the original Cite-
Seer dataset (Sen et al., 2008), in which addi-
tional perturbations and synthetic noise were in-
troduced to generate a more challenging and real-
istic link prediction benchmark. The graph con-
tains 3,327 scientific papers, each represented by
a 2,742-dimensional feature vector that captures
the semantic and structural properties of each docu-
ment. Citation relationships are provided as source-
target node pairs, where positive edges correspond
to observed citations and negative edges represent
non-citation pairs sampled from the graph. The
dataset is partitioned into training, validation, and
hidden test splits for supervised evaluation.

Participants are provided with the node feature
matrix, labeled source–target node pairs for train-
ing and validation, and unlabeled node pairs for
inference. Participants are expected to generate a
file mapping each test node pair to a predicted prob-
ability score indicating the likelihood of a citation
link. Submissions are entered through a Google
Sheets-based workflow, where each team records
predictions in a designated submission sheet. A
GitHub Actions workflow then validates the sub-
mission format and updates the leaderboard auto-
matically. Performance is evaluated on the hidden
test split using the AUC score.

C11: PARK-GNN

The PARK-GNN Challenge (Parkinson’s Acoustic
Representation & Knowledge with Graph Neural
Networks) is a transductive node classification task
defined over a homogenous graph constructed from
acoustic voice recordings. Each node vi in the
graph G = (V,E) represents a single voice record-
ing, characterized by a 22-dimensional feature vec-
tor of acoustic measurements including vocal fun-
damental frequency statistics, jitter and shimmer
variations, harmonics-to-noise ratios, and nonlinear
dynamical complexity features. Edges are formed
by a k-nearest-neighbor criterion (k = 5) over
acoustic similarity in feature space, supplemented
by subject-level connections that link recordings
from the same individual. The objective is to learn
a mapping f(vi) → yi ∈ {0, 1} that assigns each
voice recording to either a healthy control (0) or a
Parkinson’s Disease patient (1).

The dataset is derived from the UCI Parkinson’s
Dataset (Little, 2007), comprising 195 voice record-
ings collected from 31 subjects, of whom 23 were
diagnosed with Parkinson’s Disease and 8 were
healthy controls. The corpus is partitioned into
a training set of 156 nodes (approximately 80%)
and a hidden test set of 39 nodes (approximately
20%). Training labels are provided alongside the
full graph structure; test labels are withheld and
used exclusively within the automated evaluation
pipeline.

Participants are provided with the serialized
graph structure, node feature matrices, and a la-
bel table mapping each training node to its ground-
truth class. No engineered biomarker composites
or pre-computed diagnostic descriptors are sup-
plied.Participants are expected to generate a pre-
diction table mapping each test node identifier to
its predicted class. Submissions are encrypted lo-
cally using the provided public-key scheme and
uploaded through a pull-request-based workflow.
An automated GitHub Actions pipeline then val-
idates, decrypts, scores, and updates the public
leaderboard. Performance is evaluated on the hid-
den test split using the macro-averaged F1-score.

C12: GNN-CoRA

The GNN-CoRA (Cora Node Classification Chal-
lenge) competition is a node classification task de-
fined over a homogenous citation-network graph
derived from the Cora benchmark dataset (Sen
et al., 2008). The objective is to train a GNN that
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predicts the research-topic label of each publica-
tion node from both its textual feature representa-
tion and the surrounding citation structure. For-
mally, given a graph G = (V,E) in which nodes
correspond to publications and edges denote cita-
tion relationships, the task is to learn a mapping
f(vi) → yi that assigns each node vi to one of
seven research-topic classes.

The dataset consists of 2,708 publication nodes
connected by 5,429 citation edges. Each node is
associated with a high-dimensional sparse bag-of-
words representation extracted from the publication
text, and the graph structure captures citation links
between papers. The benchmark follows the stan-
dard citation-network split, containing 140 labelled
training nodes, 500 validation nodes, and 1,000
hidden test nodes. To increase task difficulty and
evaluate robustness, Gaussian noise is injected into
the node-feature representations during benchmark
construction.

Participants are provided with graph connectivity
information, node feature matrices, training and
validation label tables, and identifiers for the hidden
test nodes. The ground-truth labels for the test split
remain concealed and are used exclusively within
the automated evaluation pipeline. Participants are
expected to generate a prediction table mapping
each hidden test node to one of the seven target
classes. Submissions are encrypted locally using
the benchmark’s public-key encryption scheme and
submitted through a pull-request-based workflow.
An automated GitHub Actions evaluation pipeline
then validates, decrypts, scores, and updates the
leaderboard accordingly. Performance is evaluated
on the hidden test set using classification accuracy.

C13 : GTA
The GTA (Graph Topology Ablation) challenge is
formulated as a supervised binary graph classifica-
tion problem over molecular graphs derived from
the MUTAG dataset, a widely used benchmark in
chemical informatics. Each graph Gk = (Vk, Ek)
represents a chemical compound in which nodes
correspond to atoms and edges correspond to chem-
ical bonds. The objective is to learn a mapping
f(Gk) → yk that predicts whether a molecule
is mutagenic or non-mutagenic with respect to
Salmonella typhimurium. The dataset contains 188
molecular graphs with an average of approximately
18 nodes and 40 edges per graph. Node attributes
consist of categorical atom labels interpreted as
node features.

The benchmark is divided into two evaluation
settings. In the ideal graph topology setting, partic-
ipants evaluate their models on clean and unmodi-
fied node features. In the perturbed graph topology
setting, node features are corrupted through a com-
bination of feature distribution shift and Gaussian
noise injection. Specifically, a constant offset δ
is added to node features to simulate systematic
domain shift:

x← x+ δ,

where δ corresponds to a predefined feature shift
parameter. In addition, Gaussian noise is injected
into node attributes according to:

x← x+ ϵ, ϵ ∼ N (0, σ2),

where σ controls the noise magnitude. This com-
petition falls under the generalization category due
to pertubred test graphs.

The dataset is partitioned into training and hid-
den evaluation splits using stratified sampling. The
training split contains labeled molecular graphs
together with graph identifiers and binary labels,
while the evaluation split provides only graph iden-
tifiers and hides the ground-truth labels used for
leaderboard scoring. Models are therefore trained
exclusively on clean graph features and subse-
quently evaluated on both clean and perturbed
graph representations.

Performance is evaluated using the macro F1
score, which balances precision and recall across
both classes and provides a more reliable evaluation
criterion than classification accuracy alone. Each
submission is scored separately under the clean and
perturbed settings, yielding two metrics: F ideal

1 and
F perturbed
1 . To quantify robustness, the benchmark

additionally computes the Robustness Gap:

Robustness Gap = F ideal
1 − F perturbed

1 .

Smaller robustness gaps indicate models that main-
tain stable performance under feature corruption.

Participants submit encrypted prediction files
for both clean and perturbed evaluation settings.
An automated evaluation pipeline decrypts submis-
sions securely, computes official metrics against
hidden labels, and updates the public leaderboard
automatically. Leaderboard ranking prioritizes the
highest perturbed macro-F1 score, followed by the
smallest robustness gap as a secondary criterion.
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C14: BrainAge

The BrainAge (Brain-Age Prediction Challenge)
challenge is a graph-level regression task defined
over structural neuroimaging data. The dataset
consists of homogenous brain graphs G = {Gk},
where each graph Gk = (Vk, Ek) is constructed
from structural and diffusion MRI data from a
specific subject’s imaging session. Nodes Vk cor-
respond to cortical brain regions defined by the
Desikan-Killiany atlas (Desikan et al., 2006) (N =
68), and edges Ek encode structural connectivity
derived from diffusion MRI. Given a graph Gk,
the objective is to learn a mapping f(Gk) → yk,
where yk ∈ R denotes the age of an individual at
the time of image acquisition.

The dataset is constructed from the OASIS-3
longitudinal neuroimaging cohort (LaMontagne
et al., 2019), restricted to subjects who remained
cognitively normal across all visits. Cortical
measurements were obtained from preprocessed
FreeSurfer (Fischl, 2012) outputs available through
the Neuroimaging Informatics Tools and Resources
Clearinghouse (NITRC). Structural connectivity in-
formation is sourced from the PIT Bioinformatics
Group (Kerepesi et al., 2017). The final dataset
comprises 431 MRI sessions from 288 unique sub-
jects across multiple longitudinal time points.

For every cortical region, two node features are
provided: cortical thickness and gray matter vol-
ume. Edge weights are defined by diffusion MRI
streamline counts between regions. To prevent in-
formation leakage arising from repeated longitudi-
nal observations of the same participant, training,
validation, and test splits were performed at the
subject level using age-stratified sampling.

For evaluation, participants generate age pre-
dictions for test MRI sessions and submit them
as an encrypted prediction table through a pull-
request-based GitHub workflow. The automated
GitHub pipeline validates the submission, decrypts
the predictions, computes the evaluation score, and
updates the leaderboard upon merge. Since this
competition involves a single regression target, per-
formance is evaluated on the hidden test split using
MAE.

C15: OctoNode Cup

OctoNode Cup (GitHub Social Network Classifi-
cation) is a transductive node classification task fo-
cused on classifying users in a homogenous GitHub
social network. In this network, represented as a

graph G = (V,E), each node corresponds to a
GitHub user and edges represent connections be-
tween users. The task aims to predict a binary label
for each node based on its associated features. The
objective is to learn a mapping f(vi)→ yi where
vi denotes a GitHub user and yi ∈ {0, 1} repre-
sents the predicted class, with 1 corresponding to a
Web Developer and 0 corresponding to a Machine
Learning Developer.

The dataset is derived from a real GitHub devel-
oper network introduced by (Rozemberczki et al.,
2019) and represents the platform as a graph. Each
node is identified by a unique ID and is associ-
ated with a set of features used for prediction. The
dataset contains approximately 37,700 nodes and
289,000 edges. It is divided into two partitions:
a training set comprising 70% of the data, which
includes both features and labels, and a test set
comprising the remaining 30%, where only the fea-
tures are provided while the labels remain hidden
for evaluation purposes.

Participants are provided with input files re-
quired for training and evaluation. Predictions must
be generated locally and encrypted prior to submis-
sion using the provided encryption method. Only
encrypted submission files are uploaded through
the repository-based submission system. An auto-
mated GitHub pipeline validates the submission,
decrypts the predictions, and computes the eval-
uation score. Submissions are evaluated on the
hidden test set using the Macro F1-score.

C16: Graph4ASD Challenge
The Graph4ASD (Graph Neural Networks for the
classification of Autism Spectrum Disorder) chal-
lenge is a binary graph classification task over brain
networks derived from resting-state functional mag-
netic resonance imaging (rs-fMRI) recordings of
the human brain. Each sample corresponds to
a single subject and is represented as a homoge-
nous graph Gk = (Ak, Xk), where Ak ∈ Rn×n is
the weighted adjacency matrix encoding functional
connectivity between brain regions and Xk is the
node feature matrix. Given a collection G = {Gk},
the task is to learn a mapping f(Gk) → yk ∈
{0, 1} that assigns each subject to one of two di-
agnostic classes: Typical Control (0) or Autism
Spectrum Disorder (1).

The dataset is drawn from the Autism Brain
Imaging Data Exchange (ABIDE) (Craddock et al.,
2013), a multi-site repository of anonymised rs-
fMRI scans collected at seventeen international
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acquisition sites. The full corpus contains 1,009
subjects (516 ASD, 51.14%; 493 controls, 48.86%),
yielding a near-balanced two-class distribution.
Each subject’s brain volume is parcellated with
the Craddock 200 atlas, so every graph has ex-
actly n = 200 nodes corresponding to predefined
regions of interest, with identical node ordering
across samples. A challenge-specific subset, pre-
processed exclusively for this benchmark, is parti-
tioned into 484 training and 153 evaluation graphs;
participants are required to use the data as released,
without alternative preprocessing pipelines or aux-
iliary neuroimaging corpora.

For every subject in the training and evaluation
partitions, participants receive a connectivity ma-
trix and a node feature matrix; the training partition
is additionally accompanied by subject-level diag-
nostic labels. Node features are restricted to iden-
tity descriptors, so any discriminative signal must
be recovered from the connectivity structure over
the 200 Craddock regions alone. The training and
evaluation partitions are drawn from non-identical
site distributions, requiring models to learn site-
invariant connectivity representations.

For evaluation, participants produce a prediction
file mapping each test subject to a predicted class.
The file is encrypted locally using the provided
public key and submitted through a pull-request-
based workflow. An automated pipeline validates,
decrypts, scores, and updates the leaderboard. Per-
formance on the hidden test split is reported using
the macro F1-score.

C17: Mix2Print
Mix2Print (Learning Material Interaction Physics
for identifying parameters of 3D Bioprinting) is
a graph regression challenge focused on predict-
ing optimal 3D bioprinting parameters from bioink
formulation graphs. The competition models each
bioink formulation as a homogenous graph, where
nodes correspond to biomaterials and edges rep-
resent potential interactions between materials in
the mixture. The task aims to learn the underlying
material interaction physics governing extrusion-
based bioprinting.

Given a graph formulation Gi = (Vi, Ei, Xi),
participants are required to predict three con-
tinuous targets: f(Gi) → yi where yi =
(pressure, temperature, speed) corresponding to
Pressure (kPa), which represents extrusion force;
Temperature (◦C), which represents printing tem-
perature; and Speed (mm/s), which represents print-

head velocity.
The dataset represents bioink formulations as

fully connected graphs, reflecting the assumption
that all biomaterials in a formulation can poten-
tially interact with each other. Node features con-
sist of one-hot encoded material identity features
and normalized concentration value. Thus, the to-
tal node feature dimensionality is approximately
D ≈ 31. The dataset contains 423 bioink formula-
tions collected from peer-reviewed publications, 30
biomaterials appearing at least five times ,303 train-
ing samples and 120 test samples. The train-test
split follows a stratified grouping strategy based
on printing temperature regimes (hydrogel versus
thermoplastic formulations). The dataset captures
diverse biomaterial categories including alginates,
gelatins, polymers, ceramics, and natural biomate-
rials.

Participants are provided with graph-based input
files for model development and evaluation. Partic-
ipants are required to generate predictions for the
hidden test set in CSV format. To preserve leader-
board integrity, all submissions must be encrypted
prior to upload using the provided encryption util-
ity. The encrypted submission file is then uploaded
through a GitHub pull request. Since this competi-
tion involves three regression targets that may have
different value ranges, submissions are evaluated
using NMAE, which normalizes the errors across
targets before aggregation.

C18: THInC
THInC (Tumor Histopathology Inductive
Classification) is formulated as an inductive node
classification problem over spatial cell graphs
derived from H&E-stained histology images. Each
graph Gk = (Vk, Ek) corresponds to a single
patient or tissue slide, where nodes represent
individual cell nuclei and edges encode spatial
relationships between nearby cells. Given a set
of training graphs Gtrain, the goal is to learn
a mapping f(vi) → yi that assigns each cell
to one of four classes: Tumor (0), Stromal (1),
Lymphocyte (2), or Macrophage (3). Importantly,
predictions must generalize to entirely unseen
graphs corresponding to new patients, making
this an inductive rather than transductive learning
setting.

The dataset is derived from the NuCLS breast
cancer histopathology dataset (Amgad et al., 2022)
and is transformed into spatial cell graphs using
a biologically grounded pipeline. Starting from
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raw histology images, cell nuclei are detected and
represented as bounding boxes, which are then
converted into centroid coordinates (x, y) forming
graph nodes. Graph edges are constructed using a
k-nearest neighbor (k-NN) approach with k = 5,
where each cell is connected to its closest spatial
neighbors within the same tissue image.

The inductive split is performed at the image
level rather than the node level. Specifically, 80%
of tissue images are used for training, while the
remaining 20% are held out as completely unseen
test patients. Node features consist of normalized
spatial coordinates (x, y) along with morphological
descriptors such as nucleus width and height, stan-
dardized to zero mean and unit variance to ensure
stable training.

To ensure data privacy, participants are required
to encrypt their submission CSV files prior to up-
load. The evaluation system decrypts and scores
predictions in a secure environment, preventing ex-
posure of ground-truth labels from unseen patients
during the leaderboard process. Performance is
evaluated using accuracy.

B Human Evaluation Details

This appendix provides additional implementation
details for the human evaluation track of GNN-
CB.

B.1 Human Implementations

All human participants follow a uniform implemen-
tation protocol designed to ensure reproducibility,
prevent test-set leakage, and isolate model design
choices as the primary source of performance vari-
ation across submissions. Each competition en-
forces a fixed wall-clock budget of three hours of
CPU time per task, with hyperparameter tuning
capped at five training runs per task and a single
final submission per benchmark version to discour-
age test-set overfitting. All random seeds are fixed
to seed = 25, training loss curves must be plot-
ted to verify proper convergence and detect overfit-
ting (with early stopping permitted), and the exact
source code that produced each submitted predic-
tion file is retained alongside the recorded training
time and hardware specifications.

Human participants never access the hidden test
instances, their labels, or any hidden-test perfor-
mance signal. They receive only the designated
training and validation splits, and all model se-
lection and hyperparameter tuning are conducted

locally using validation-set performance within the
five-run budget. Each submitted solution is eval-
uated only once through the unified hidden-test
evaluation pipeline.

Submitted solutions must be implemented using
Graph Neural Network architectures only; convolu-
tional, recurrent, and other non-graph spatial deep-
learning models are prohibited, and copy-pasting
external solutions is not permitted. LLM assis-
tance is restricted to low-level utility functions and
must not expose the model to any task-specific
information (e.g., competition name, dataset iden-
tity, or feature schema) that could induce data leak-
age. For each competition, every participant main-
tains a single documentation file containing the
hyperparameter-search strategy used (manual, grid,
or random), all configurations attempted within
the five-run budget, and the exact prompts and
LLM-generated snippets reused in the solution. To-
gether, these records provide a post-hoc audit trail
for verifying that the submitted prediction file is
consistent with the declared GNN-based solution,
documented hyperparameter search, and permitted
low-level LLM assistance.

B.2 Benchmark Composition Attempted by
Human Participants

Figure 5 summarizes the composition of the 18
GNN-CB competitions attempted by human par-
ticipants across four characterizing dimensions:
graph category, difficulty tier, task type, and ap-
plication domain. The benchmark is dominated by
homogeneous graphs (55.6%), with the remainder
distributed across spatial, generalization, tempo-
ral, heterogeneous, hierarchical, and molecular set-
tings. Difficulty tiers are skewed toward Medium
(44.4%) and Hard (38.9%) competitions, with only
three Easy tasks. Node classification and graph
classification together account for 83.3% of the
tasks, complemented by one edge-prediction and
two graph-regression competitions. Application
domains span medical, biomedical, academic, neu-
roimaging, social, bioinformatics, bioprinting, cy-
bersecurity, finance, and urban data, reflecting the
benchmark’s emphasis on real-world heterogeneity
rather than a single application focus.

B.3 Geographic Distribution of Participants
GNN-CB draws on a globally distributed cohort
of human contributors. Figure 6 shows the loca-
tions of the 18 participating universities across 12
countries spanning four continents, with each coun-
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Figure 5: Composition of the 18 GNN-CB competitions attempted by human participants, summarized along
four axes: graph category (top-left), difficulty tier (top-right), task type (bottom-left), and application domain
(bottom-right). Per-slice counts and competition codes are listed in the legend below each donut.

try annotated by the competition(s) co-designed
by its contributing team(s). The cohort represents
Africa (Algeria, Egypt, Ghana, Tunisia, Uganda),
the Americas (Peru, USA), Asia (India, Nepal, Pak-
istan), and Europe (Turkey, UK), reflecting the
benchmark’s emphasis on broad geographic and
institutional representation rather than concentra-
tion in a single research hub. This geographic di-
versity is intentional: it ensures that the curated
competitions, datasets, and domain conventions in
GNN-CB are not dominated by the priorities of
any single regional research community, and that
the human performance baseline reported in Ta-
ble 2 reflects a heterogeneous expert pool rather
than a homogeneous local cohort.

B.4 Human Evaluation Pipeline
Figure 7 summarizes the end-to-end human evalua-
tion workflow used in GNN-CB, from repository
fork through encrypted pull-request submission to
automated GitHub Actions scoring.

C LLM Evaluation Details

This appendix provides additional implementation
details for the LLM evaluation framework used in
GNN-CB, including the frozen prompt construc-
tion, a representative plan-then-code example, the
prompt template, and the orchestration pipeline
used during API-based evaluation. As in the hu-
man evaluation track, LLMs never access the hid-
den test set or its labels. Their only pre-submission
feedback consists of local execution tracebacks gen-
erated during the bounded execute-and-repair loop.
Table 4 summarizes the set of LLMs evaluated in
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Figure 6: Global distribution of the 18 participating universities that co-designed and evaluated the GNN-CB
benchmark. Each highlighted country is annotated with the competition(s) contributed by its team(s); the colour key
appears in the legend. The cohort spans 12 countries across Africa, the Americas, Asia, and Europe.

Input Development Submission Scoring

Data files
nodes · edges

adjacency · features

Plan & design
GNN-only
architecture
loss, metric

Train
seed = 25

3 CPU hrs

HP tune
≤ 5 runs
early stop

Predict
predictions.csv

Encrypt
predictions.csv.enc

metadata.json

Upload to GitHub
push to fork branch

Pull request
against main repo

GitHub Actions scoring
decrypt → score on hidden test

Live leaderboard
PR auto-closed

Documentation log (maintained throughout Development)
hyper. tuinng · runtime · hardware · · epoch

Figure 7: Human evaluation pipeline of GNN-CB. Participants prepare graph data (nodes, edges, adjacency, and
feature matrices) from the released data files, then design and train a GNN-only solution under fixed reproducibility
constraints (seed = 25, three CPU hours, at most five hyperparameter-tuning runs, early stopping permitted).
They generate a predictions.csv file, encrypt it locally into predictions.csv.enc together with a
metadata.json, push the encrypted submission to their GitHub fork, and open a pull request against the main
repository. An automated GitHub Actions workflow decrypts the submission, scores it against the hidden test
labels, updates the live leaderboard, and closes the pull request. A documentation log—maintained throughout
development—records the hyperparameter-search strategy, runtime, hardware specifications, loss-curve verification,
and any LLM-assisted utility usage.

GNN-CB, grouped by access type (proprietary vs.
open-source) and functional category (chat vs. rea-
soning). For each model, we report the exact API
engine identifier used in our orchestration pipeline
along with a reference to the official provider docu-
mentation.

C.1 Frozen Prompt Construction

Figure 8 illustrates how repository components are
inserted into structured slots without manual modi-
fication, producing an instantiated prompt shared
across all competitions.

C.2 Plan-Then-Code Example

Figure 9 presents a representative plan-then-code
output for C03 (Real or Fake!), with the high-level

reasoning plan on the left and the LLM-generated
executable code on the right.

C.3 Frozen Prompt Template

To minimize prompt-engineering bias and ensure
cross-model comparability, every LLM evaluation
in GNN-CB uses the same task-frozen prompt
template, instantiated through automatic slot fill-
ing from the competition repository. The template
encodes the inputs the model receives, the struc-
tured output it must produce, and the execution
constraints under which the generated solution will
be evaluated. Listing 1 reproduces a simplified
version of this template; the same string is shared
verbatim across all 18 competitions, with only the
slot contents (README, repository tree, dataset
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Table 4: List of LLMs evaluated in GNN-CB, grouped by access type (proprietary vs. open-source). Default decod-
ing parameters are temperature = 0 and max_output_tokens = 10K, applied where the provider’s API
exposes these settings. API-only (non-agent) runs follow this per-call output budget, while agent-mode runs may
consume substantially more tokens across multiple internal tool calls and extended-thinking traces, governed by
each agent’s native session budget rather than the per-call cap. The Model Engine Name column lists the exact API
identifier used in our orchestration scripts; the Source column links to the provider’s official model documentation.

# Model Name Model Engine Name Source

Proprietary Chat LLMs

1 Claude Opus 4.6 (Anthropic, 2026a) claude-opus-4-6 Link
2 Gemini-3 Flash (Google DeepMind, 2026) gemini-3.0-flash Link

Open-source Chat LLMs

3 Llama-3.3 70B (Meta AI, 2024) Llama-3.3-70B-Instruct Link
4 Qwen2.5-Coder 32B (Alibaba Cloud, 2024) Qwen2.5-Coder-32B-Instruct Link
5 Kimi k2.6 (Moonshot AI, 2026) kimi-k2.6 Link

Open-source Reasoning LLMs

6 DeepSeek v4 Pro (DeepSeek-AI, 2026) deepseek-v4-pro Link

Proprietary Reasoning LLMs

7 Gemini 2.5 Pro (Google DeepMind, 2025) gemini-2.5-pro Link
8 Claude Opus 4.7 (Anthropic, 2026b) claude-opus-4-7 Link
9 GPT-5.4 Codex (OpenAI, 2026) gpt-5.4-codex Link

Repository

README.md

/data/

tree.txt

submit_spec.md

requirements.txt

.github/workflow/

prompt.md
slot filling

{{README}}

{{DATA}}

{{TREE}}

{{SUBMIT}}

{{REQS}}

Frozen prompt
task-agnostic

never modified
shared across

all 18 competitions

zero-shot

LLM

GPT-5.4
Claude opus
Gemini 2.5

Llama-3-70B

Output

⟨plan⟩

⟨code⟩

standalone
executable

extract instantiate prompt generate

Figure 8: A frozen prompt construction is instantiated from the repo, and then it is passed to the LLM, which
outputs a plan and code.

summary, submission specification, and allowed
libraries) varying per task.

C.4 LLM Evaluation Pipeline Listings
The conceptual distinction between the non-agent
(API-only) and agent-based evaluation modes is
described in Section 3.3.4. Listing 2 reproduces
the simplified Python orchestration loop used in
the non-agent mode; the agent-based mode has no
equivalent participant-side script, as it relies on
the autonomous coding system’s native repository
inspection, code execution, and repair capabilities,
governed by each agent’s session budget.

C.5 Performance Analysis of LLMs Across
Competitions

To assess the comparative performance of lead-
ing LLMs against human baselines, we evaluate

their capabilities across Easy, Medium, and Hard
classification tasks in the GNN-CB benchmark
from three perspectives: a gap analysis quantifying
performance differences relative to the human-top
score, an average human–LLM comparison, and a
category-based comparison of how different model
types perform across difficulty levels.

Gap analysis: For Easy classification tasks (Fig-
ure 10), proprietary models except from GPT 5.4
Codex show minimal deviation, with best-case gaps
approaching zero and worst-case gaps remaining
moderate. In contrast, open-source models exhibit
larger negative gaps across all models, indicating
instability and weaker alignment with human-top
performance. On Medium tasks (Figure 11), the
performance gap widens across all model cate-
gories. Proprietary models continue to outperform
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1⃝ Plan (zero-shot, plan-then-code)

Step 1 Feature engineering

Concatenate BERT (768) + spaCy (300) + profile (10) → 1078-dim;

StandardScaler fit on training nodes only.

Step 2 Graph construction

Custom Dataset builds per-graph Data(x, edge_index, y, root_idx);

node indices remapped to local 0..N−1.

Step 3 Model architecture

Stacked GATConv + global_mean_pool, concatenated with a dedi-

cated root-node MLP; sigmoid head.

Step 4 Training

Adam (η=10−3), BCELoss, batch = 64, early stopping on val accu-

racy (patience = 5).

Step 5 Submission

Inference on hidden test split → write predictions.csv with

columns (id,y_pred).

2⃝ Code (LLM-generated, abridged)

# Step 1: features
x = np.hstack([bert, spacy,

StandardScaler().fit_transform(profile_train)])
# 1078-d

# Step 2-3: model
class GossipGNN(nn.Module):

def __init__(self, in_ch, hid=128):
super().__init__()
self.gat1 = GATConv(in_ch, hid, heads=4)
self.gat2 = GATConv(hid * 4, hid)
self.root = nn.Linear(in_ch, hid)
self.head = nn.Linear(hid * 2, 1)

def forward(self, x, edge_index, batch, root_idx):
h = F.elu(self.gat1(x, edge_index))
h = self.gat2(h, edge_index)
g = torch.cat([global_mean_pool(h, batch),

self.root(x[root_idx])], dim=1)
return torch.sigmoid(self.head(g))

# Step 4: training loop with early stopping
opt = Adam(model.parameters(), lr=1e-3)
for epoch in range(200):

train_one_epoch(model, train_loader, opt, BCELoss())
if early_stop(evaluate(model, val_loader)): break

# Step 5: submission
preds = (model(test_batch).sigmoid() > 0.5).long()
pd.DataFrame({"id": test_ids, "y_pred": preds})\

.to_csv("predictions.csv", index=False)

Figure 9: Plan-then-code paradigm illustrated for C03 (Real or Fake!): a 5-step structured plan (left) and the
LLM-generated, executable implementation skeleton (right).

open-source models in terms of mean gap and ex-
hibit more consistent behavior overall, whereas
open-source models show substantially larger neg-
ative gaps and higher variability across competi-
tions.

You are solving a GNN coding competition.

You will receive:
(1) competition README
(2) repository tree
(3) dataset summary
(4) submission format
(5) allowed libraries

Produce:

<plan>
...structured reasoning plan...

</plan>

<code>
...standalone executable implementation...

</code>

Constraints:
- runnable as ‘python solution.py‘
- CPU-only execution
- no external downloads
- must generate predictions.csv

Listing 1: Simplified frozen prompt template used
across all 18 GNN-CB competitions.

On Hard tasks (Figure 12), the same overall
trend persists, although the gap further increases
for nearly all models. Notably, the performance
of Gemini 2.5 Pro drops considerably, while Kimi
k2.6 reaches a comparable level on several tasks.

Despite these improvements, the overall gap be-
tween LLMs and human participants remains large
on hard competitions. Across all difficulty levels,
no substantial performance difference is observed
between chat and reasoning LLMs.

prompt = instantiate_frozen_prompt(repo
)

for attempt in range(REPAIR_LIMIT):
# k <= 5

response = call_llm(prompt)
# API request

plan = extract_plan(response)
code = extract_code(response)
write_solution(code)

# ->
solution.py

result = execute_solution()
# CPU-only sandbox

if valid_submission(result):
# schema + content

break
prompt += format_traceback(result)

# appended for repair

Listing 2: Simplified non-agent orchestration loop with
bounded execute-and-repair iterations (k≤5).

Average human–LLM comparison: Figure 13
analyzes LLM and human average scores across
Easy, Medium, and Hard competitions on a per-
competition basis. Although LLM averages oc-
casionally surpass human averages on individual
competitions, humans still achieve higher average
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scores in 10 out of the 16 classification competi-
tions, indicating that human participants remain
more consistently reliable overall. Moreover, as
task difficulty increases from Easy to Hard, LLM
performance declines similarly to human perfor-
mance, with larger drops observed on harder tasks.

Category-based comparison: Finally, we anal-
yse model performance by category across the
Easy, Medium, and Hard classification tasks using
each model’s best, mean, and worst accuracy. On
Easy tasks (Figure 14), proprietary models achieve
high performance with a small variablity between
best and worst scores, indicating strong consis-
tency, while open-source models remain competi-
tive but display wider variability. On Medium and
Hard tasks (Figures 15 and 16), mean scores de-
cline across nearly all models and the best–worst
variance widens, indicating reduced stability as
complexity increases. The steep decline in mean
and worst-case accuracy highlights the limitations
of current foundational architectures under higher
complexity.
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Figure 10: Best, Mean, and Worst Gap performance for leading LLMs on the Easy classification tasks of the
GNN-CB benchmark, grouped by model family, where the Gap is defined as Gap = Score - Human Top

Figure 11: Best, Mean, and Worst Gap performance for leading LLMs on the Medium classification tasks of the
GNN-CB benchmark, grouped by model family, where the Gap is defined as Gap = Score - Human Top

Figure 12: Best, Mean, and Worst Gap performance for leading LLMs on the Hard classification tasks of the
GNN-CB benchmark, grouped by model family, where the Gap is defined as Gap = Score - Human Top
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Figure 13: LLM vs Human Average Performance across difficulty levels

Figure 14: LLM performance grouped by model family on Easy classification tasks. Performance metrics capture
the best, mean, and worst scores achieved by each model.
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Figure 15: LLM performance grouped by model family on Medium classification tasks.

Figure 16: LLM performance grouped by model family on Hard classification tasks.

Error Analysis: Severe underperformance was concentrated primarily among open-source models:
17 of the 20 cases (85%) were produced by open-source LLMs, compared with only three (15%) by
proprietary models. When normalized by the number of evaluated model–task pairs, severe failures
occurred in 17/64 (26.6%) open-source pairs and 3/80 (3.8%) proprietary pairs. Chat models accounted
for 14 cases and reasoning models for six, corresponding to failure rates of 14/80 (17.5%) and 6/64
(9.4%), respectively. However, given the small and unbalanced number of models across categories,
particularly the presence of only one open-source reasoning model, these differences should be interpreted
as descriptive patterns rather than inherent effects of model family or accessibility.
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