
GraphAgent: An Effective Knowledge-Guided GNN Model
Selection System

Mingtao Zhang
PolyU

Hong Kong SAR
mingtao.zhang@connect.polyu.hk

Haoyang Li∗
PolyU

Hong Kong SAR
haoyang-

comp.li@polyu.edu.hk

Yuming Xu
PolyU

Hong Kong SAR
martin.xu@connect.polyu.hk

Nicole Hu
PolyU

Hong Kong SAR
hulan.hu@connect.polyu.hk

Peng Cheng
Tongji University
Shanghai, China

cspcheng@tongji.edu.cn

Chen Jason Zhang
PolyU

Hong Kong SAR
jason-

c.zhang@polyu.edu.hk

Qing Li
PolyU

Hong Kong SAR
csqli@comp.polyu.edu.hk

Lei Chen
HKUST(GZ)

Guangzhou, China
leichen@cse.ust.hk

ABSTRACT
We demonstrate GraphAgent, a user-friendly and effective system
for knowledge-guided selection of Graph Neural Network (GNN)
models for new graph data. Existing methods, such as Neural Ar-
chitecture Search, are computationally expensive, while pretrained
graph foundation models often fail to generalize across diverse
datasets and tasks. GraphAgent addresses these challenges by unify-
ing over 413,000 performance records from public GNN benchmarks
into a comprehensive Graph–Model Knowledge Graph (GMKG),
encoding relationships between datasets, models, and tasks via
ranking-based and performance-weighted edges. A reinforcement
learning-based feature selector identifies themost informativemeta-
features for each dataset, and model features are derived from
normalized performance patterns. A Performance-Aware heteroge-
neous GNN, trained with listwise ranking loss, propagates struc-
tural and performance signals across the GMKG, enabling accurate
model ranking prediction for new data. Given a user-uploaded
graph and task, GraphAgent rapidly selects the top-𝑘 models with
interpretable reasoning. Extensive evaluations show GraphAgent
achieves up to 95.4% nDCG@1 efficiently.
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1 INTRODUCTION
Graph Neural Networks (GNNs) have become fundamental tools
for graph learning, achieving state-of-the-art results in domains
ranging from drug discovery and fraud detection to social network
analysis. This breadth of applications has given rise to a rich ecosys-
tem of architectures such as GCN, GAT, GIN, and APPNP, each with
different inductive biases about how information propagates over a
graph. However, even for the same task, the best-performing archi-
tecture varies dramatically depending on the specific graph dataset;
in our benchmarks, the accuracy gap between the best and median
GNN on the same dataset can exceed 15 percentage points. Identi-
fying the right model is costly: Neural Architecture Search (NAS)
methods [7] require exhaustive computational costs to explore GNN
architectures for each new dataset, while Graph Foundation Models
(GFMs), despite being pretrained across multiple datasets, often
underperform task-specific GNNs in practice [4]. This motivates
the need for a fast, knowledge-driven selection system that can
identify suitable GNNs without exhaustive evaluation.

Many GNN architectures have been proposed to handle var-
ious graph structures, making it feasible to assemble a diverse
model pool. Instead of re-running NAS or GFMs for each new
dataset, we can reuse such precomputed benchmark records to di-
rectly select suitable GNNs from this pool for a specific dataset
and task [2]. Formally, we denote a GNN model pool as R =

{(𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚, 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚))}, where 𝐷𝑖 ∈ D is a graph dataset,
𝑀 𝑗 ∈ M is a GNN model, 𝑇𝑚 ∈ T is a task, and 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚)
represents the performance of model𝑀 𝑗 on dataset 𝐷𝑖 for task 𝑇𝑚 .
Given a new dataset 𝐷𝑛𝑒𝑤 with a predefined task 𝑇𝑡𝑎𝑟 and a num-
ber 𝑘 , model pool R, the objective is to select top-𝑘 GNN models
{𝑀 𝑗 }𝑘𝑗=1 ⊆ M, which are expected to achieve optimal performance
on 𝐷𝑛𝑒𝑤 without exhaustive evaluation. It is challenging to solve
this problem, as it requires capturing the complex and context-
dependent relationships between irregular graphs, between graphs
and models, and between different models.
GraphAgent (Section 2). To overcome these challenges, we propose
GraphAgent, a user-friendly interactive system for effective GNN
model selection through meta-knowledge graph guidance. GraphA-
gent integrates multiple benchmarks, encompassing over 413,000
performance records evaluated on diverse graph tasks (e.g., node
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classification). It achieves 95.4% NDCG@1, demonstrating strong
ability to identify effective GNNs for new graph data. GraphAgent
has the following unique features:
Reinforcement learning-based feature selection.GraphAgent employs
a DQN agent to select the optimal subset of task features that max-
imize model ranking accuracy. This learned subset captures the
essential, transferable characteristics of graph datasets, serving as
reliable inputs for GNN model selection.
Performance-Aware GNN model selection. Our GraphAgent builds
a heterogeneous Graph–Model Knowledge Graph that connects
datasets and models via ranking-based and performance-weighted
links. A Performance-Aware Heterogeneous GNN propagates this
relational and performance information across dataset–dataset,
model–model, and dataset–model edges, enabling accurate ranking
and strong generalization on unseen graph datasets.
One-click interactive exploration. Beyond algorithmic innovations,
GraphAgent first provides a platform for GNN model selection.
Users upload datasets with one click to receive top-𝑘 model selec-
tions, with knowledge graph visualization that explains the reason-
ing process, eliminating the need for exhaustive training or deep
expertise in architectures.
Demonstration (Section 3). We provide a guided tour of GraphA-
gent, showcasing its end-to-end workflow for efficient GNN model
selection. The demo illustrates how GraphAgent selects models for
new graph datasets and visualizes dataset–model relationships via
an intuitive interface. Participants can upload datasets, view concise
selection explanations, and experience GraphAgent’s efficiency.

2 GRAPHAGENT SYSTEM
As shown in Fig. 1, we present core modules of GraphAgent: model
pool construction (Sec. 2.1), Graph–Model KGConstruction (Sec. 2.2),
PHGNN (Sec. 2.3), GNN model selection for new graphs (Sec. 2.4),
workflow (Sec. 2.5), and time cost analysis (Sec. 2.6).

2.1 Model Pool Construction
GraphAgent constructs its model pool by aggregating publicly avail-
able benchmark results from established sources. The model pool
is defined as R = {(𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚, 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚))}. From NAS-Bench-
Graph [7], GraphAgent incorporates 26,206 auto-generated GNN
architectures evaluated on nine node-classification graph datasets.
From GLEMOS [5], it includes 327 hand-crafted models for node
classification (on 128 graphs) and 350 models for link prediction
(on 457 graphs), spanning 37 domains (e.g., social, molecular).

In total, R contains over 413,000 performance records. Each
record in R details the GNN model architecture (e.g., GCN with
layer types and hyperparameters), graph data, task type (e.g., node
classification), and performance metric (e.g., accuracy). This com-
prehensive and diverse collection forms the foundation for GraphA-
gent’s meta-knowledge extraction.

2.2 Graph–Model KG Construction
For each task type𝑇𝑚 ∈ T , GraphAgent constructs a heterogeneous
Graph–Model Knowledge Graph (GMKG) 𝐺𝑇𝑚 (𝑉 ,X, E, E), whose
nodes𝑉=𝑉𝐷 ∪𝑉𝑀 are graph datasets and GNNmodels with features
X, and whose edges E=E𝐷𝐷∪E𝑀𝑀 ∪E𝐷𝑀 (dataset–dataset, model–
model, dataset–model) carry weights E. Below, we detail the node
features X and edge weights E.
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Figure 1: Framework Overview.

Node Feature Construction. To represent each dataset node 𝐷𝑖 ∈
𝑉𝐷 , GraphAgent extracts a comprehensive set of candidate meta-
features 𝐹𝑎𝑙𝑙 (1,423 per dataset), covering structural and statistical
graph descriptors (e.g., degree distribution, density, and clustering),
spectral and connectivity summaries, and, when available, label-
aware signals such as homophily and label-distribution statistics.
Since many features are redundant or less informative, GraphAgent
selects a subset that best preserves model ranking relationships
across irregular graph datasets, enabling effective reasoning and
minimizing noise in downstream prediction.

GraphAgent formulates feature selection as a bi-level optimiza-
tion (Eq. (1)–(2)). At the upper level, a Deep Q-Network (DQN)
agent 𝜋𝜑 selects the subset 𝐹 ⊆ 𝐹𝑎𝑙𝑙 as a Markov Decision Process
(MDP), rewarded by how well 𝐹 preserves model rankings across
datasets, measured by the normalized DCG at top-1 (nDCG@1)
between the predicted ranking 𝑅𝐹,𝑖 and the ground truth 𝑅∗

𝑖 :

max
𝜑

E𝐹∼𝜋𝜑 (𝐹𝑎𝑙𝑙 )

[︄
1
|D|

∑︁
𝐷𝑖 ∈D

nDCG@1
(︁
𝑅∗
𝐷𝑖
, 𝑅𝐹,𝐷𝑖

)︁ ]︄
, (1)

𝑠 .𝑡 .

{︄
𝜃 ∗ = argmin𝜃 L𝑙𝑖𝑠𝑡 (A𝜃 (𝐺𝑇𝑚 , 𝐹 , 𝐷𝑖 ,M), 𝑅∗

𝐷𝑖
)

𝑅𝐹,𝐷𝑖 = argsort𝑀∈M A𝜃∗ (𝐺𝑇𝑚 , 𝐹 , 𝐷𝑖 , 𝑀𝑗 )
(2)

where the ground-truth ranking 𝑅∗
𝐷𝑖

= argsort𝑀𝑗 ∈M 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚)
is the performance descending order of each model 𝑀 𝑗 ∈ M on
the graph 𝐷𝑖 . At the lower level, a Performance-Aware Heteroge-
neous GNN (PHGNN) A𝜃 (Sec. 2.3) is trained on the features in 𝐹

to estimate each model’s performance. The DQN converges to a
compact subset 𝐹 ∗ (about 30 features per task type), capturing the
most informative and transferable task signals. For model nodes, we
z-score normalize performance into 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚), and apply SVD,
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PM ∈ R |M |× |D |=UΣV⊤, taking the 𝑗-th row ofUΣ1/2 as model𝑀 𝑗 ’s
feature 𝐹 ∗

𝑀𝑗
, which encodes its performance pattern across datasets.

Edge Construction. We introduce how to compute edge weight E
for three types of edges, i.e., E𝐷𝐷 , E𝑀𝑀 , and E𝐷𝑀 .
Graph–Graph edges. The edge weight between graphs 𝐷𝑖 and 𝐷𝑖′ is
the Kendall rank correlation KR between their model ranking vec-
tors 𝑅∗

𝐷𝑖
and 𝑅∗

𝐷𝑖′
: E[𝐷𝑖 ] [𝐷𝑖′ ] = KR(𝑅∗

𝐷𝑖
, 𝑅∗
𝐷𝑖′

) ∈ [−1, 1] . An undi-
rected edge is added when E[𝐷𝑖 ] [𝐷𝑖′ ] > 𝛿𝑔 , a predefined threshold.
Model–Model edges. The edge weight betweenmodels𝑀 𝑗 and𝑀 𝑗 ′ is
E[𝑀 𝑗 ] [𝑀 𝑗 ′ ] = KR(𝑅∗

𝑀𝑗
, 𝑅∗
𝑀𝑗 ′

) ∈ [−1, 1], where 𝑅∗
𝑀𝑗

= argsort𝐷𝑖 ∈D
𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚) and the edge is kept when E[𝑀 𝑗 ] [𝑀 𝑗 ′ ] > 𝛿𝑚 .
Graph–Model edges. The edge weight between graph 𝐷𝑖 and model
𝑀 𝑗 is the normalized performance: E[𝐷𝑖 ] [𝑀 𝑗 ] = 𝑃 (𝐷𝑖 , 𝑀𝑗 ,𝑇𝑚) .

2.3 Performance-Aware Heterogeneous GNN
To model the complex interactions between graph datasets and
GNNmodelswithin theGMKG,GraphAgent introduces a Performance-
Aware Heterogeneous GNN (PHGNN). To incorporate the heteroge-
neous edge weights E[𝑢] [𝑣] into message passing, PHGNN employs
a dual-attention mechanism that fuses two attention distributions,
one from node embeddings and one from performance-based edge
weights. Beforemessage passing, dataset andmodel features are pro-
jected into a shared latent space via an MLP. For each node𝑢 and its
neighbors 𝑣 ∈ N (𝑢), PHGNN computes a content-based attention

from node embeddings: 𝛼 (𝑙 )
𝑢𝑣 = softmax𝑣

(︃
(W𝑄h(𝑙−1)𝑢 )⊤W𝐾 h(𝑙−1)𝑣√

𝑑𝑘

)︃
,

with learnable query/key projections W𝑄 ,W𝐾 , and a performance-
based attention from edge weights E[𝑢] [𝑣], scaled by a temperature
𝜏 : 𝛽 (𝑙 )

𝑢𝑣 = softmax𝑣 (E[𝑢] [𝑣]/𝜏) . The two are then fused via a learn-
able weight 𝜆𝑟 specific to each edge type 𝑟 (𝑢, 𝑣) ∈ {DD,MM,DM}:
𝛼
(𝑙 )
𝑢𝑣 = softmax𝑣 (𝜆𝑟 log𝛼 (𝑙 )

𝑢𝑣 +(1−𝜆𝑟 ) log 𝛽 (𝑙 )
𝑢𝑣 ). Nodes then aggregate

neighbor messages via the fused attention with a value projection
W𝑉 , and update with an output projection W𝑂 and a residual con-
nection: h(𝑙 )

𝑢 = 𝜎
(︁
W𝑂

∑︁
𝑣 𝛼

(𝑙 )
𝑢𝑣 W𝑉 h(𝑙−1)

𝑣 + h(𝑙−1)
𝑢

)︁
. After 𝐿 layers,

the embeddings h(𝐿)
𝐷𝑖

and h(𝐿)
𝑀𝑗

yield the predicted performance:

A𝜃 (𝐺𝑇𝑚 , 𝐹 , 𝐷𝑖 , 𝑀𝑗 ) = 𝜎
(︁
(h(𝐿)
𝐷𝑖

)⊤W𝑝h
(𝐿)
𝑀𝑗

)︁
, whereW𝑝 is a trainable

projection matrix, and training uses the ListMLE ranking loss:

L𝑙𝑖𝑠𝑡 = − 1
|D|

|D |∑︁
𝑖=1

|M |∑︁
𝑗=1

log
exp

(︁
A𝜃 (𝐺𝑇𝑚 , 𝐹 ∗, 𝐷𝑖 , 𝑀𝑅∗

𝐷𝑖
( 𝑗 ) )

)︁
|M |∑︁
𝑘=𝑗

exp
(︁
A𝜃 (𝐺𝑇𝑚 , 𝐹 ∗, 𝐷𝑖 , 𝑀𝑅∗

𝐷𝑖
(𝑘 ) )

)︁ .
By propagating graph and performance information over theGMKG,
GraphAgent learns transferable representations for predicting GNN
performance on new datasets.

2.4 GNN Selection for New Graphs
Given an uploaded dataset𝐷new, a target task𝑇tar ∈T , and a number
𝑘 , GraphAgent extracts 𝐷new’s feature vector via the RL-selected
subset 𝐹 ∗, attaches it to the GMKG by linking to the 𝑟 most cosine-
similar historical datasets, and runs the trained PHGNN for 𝐿 layers
to obtain h(𝐿)

𝐷new
. Each model𝑀 𝑗 is then scored by the learned pre-

dictor A𝜃 (𝐺𝑇𝑡𝑎𝑟 , 𝐹 ∗, 𝐷𝑛𝑒𝑤, 𝑀𝑗 ) = 𝜎
(︁
(h(𝐿)
𝐷𝑛𝑒𝑤

)⊤W𝑝h
(𝐿)
𝑀𝑗

)︁
, and ranked

by A𝜃 into 𝑅𝐷new to return the top-𝑘 models. Online selection thus
stays lightweight, with no GMKG reconstruction or retraining.

2.5 Workflow
GraphAgent follows a two-stage design:
Offline benchmark preparation. This stage is performed once
on the built-in benchmark library and involves three modules:
◦ Model Pool Construction. GraphAgent aggregates benchmarks

NAS-Bench-Graph [7] and GLEMOS [5] to build the model pool
R with over 413K performance records.

◦ GMKG Construction. It builds the GMKG 𝐺𝑇𝑚 with E = {E𝐷𝐷 ,
E𝑀𝑀 , E𝐷𝑀 } weighted by Kendall correlation and performance
scores, and selects the optimal feature subset 𝐹 ∗ via RL.

◦ PHGNN Training. It trains the PHGNN via ListMLE ranking loss,
storing parameters and embeddings for inference.

Online query-time model selection.When a user uploads a new
query dataset 𝐷𝑛𝑒𝑤 with a target task 𝑇𝑡𝑎𝑟 ,
◦ User Query Processing. GraphAgent encodes 𝐷𝑛𝑒𝑤 with 𝐹 ∗, in-

serts it into 𝐺𝑇𝑡𝑎𝑟 , and links it to 𝑟 similar datasets for inference.
◦ Model Selection. The pre-trained PHGNN runs for 𝐿 layers to

produce h(𝐿)
𝐷𝑛𝑒𝑤

. All models𝑀 𝑗 ∈ M are then scored via A𝜃 and
ranked for the top-𝑘 selections.

2.6 Time Cost Analysis
Offline. The offline cost is𝑂

(︁
|D|2 |M| log |M|+|M|2 |D| log |D|+

(𝑁epo + 𝑇rl𝐸rl) (𝐿( |D| + |M|)𝑑2 + 𝐿 |E |𝑑 + |D||M|𝑑)
)︁
, where the

first two terms are GMKG construction (Kendall correlations) and
the last is PHGNN training over 𝑁epo epochs plus RL selection over
𝑇rl DQN subset samples, each evaluated for 𝐸rl epochs. As it is paid
once and amortized over all queries, it does not affect online latency.
Online. Each query costs𝑂 ( |D||𝐹 ∗ | +𝐿𝑟𝑑2+ |M| log𝑘) for feature
matching, PHGNN inference on the 𝑟 -neighbor subgraph, and top-𝑘
scoring, remaining sub-second in practice.

3 DEMONSTRATION
Demo Setup.We use a single server with 32GB RAM, 8 CPU cores
(Intel Xeon Gold 6230R @2.10GHz), and one NVIDIA V100 GPU.
Built-in Libraries. GraphAgent leverages the benchmark collec-
tions introduced in Sec. 2.1, where evaluations from NAS-Bench-
Graph [7] and GLEMOS [5] are aggregated into a pre-trained GMKG
with cached embeddings for fast inference.
Demonstration Scenarios. We will guide participants through
three key interaction scenarios for efficient GNN model selection
via GraphAgent shown in Fig. 2.
Scenario 1: GNN Model Selection. This scenario covers the primary
use case. Users first upload a new graph dataset and select the
target task type like node classification, evaluation metric, and
the desired number Top-𝑘 . Upon clicking the ‘GO’ button, the sys-
tem performs online inference and instantly displays a ranked
Top-𝑘 list of GNN models, which shows each model’s architecture,
predicted score, and a confidence bar for quick comparison. Par-
ticipants can interactively explore the results by sorting models
by different metrics, comparing side-by-side performance predic-
tions, or filtering by model families like GCN, GAT, or GraphSAGE.
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Scenario 2: One-Click Reproducibility and Validation. Following
the model selection, users can click any model in the list to open a
“Model Card”. The card displays architecture specifications, hyper-
parameters, and historical performance on similar datasets, along
with a “Jupyter” link with a pre-configured script ready for direct
execution, and links to the model’s original paper and “GitHub”
repository. During the demo, participants can run the script live or
inspect the codebase to validate model selections hands-on.
Scenario 3: GNN Selection Explanations. To see why models are se-
lected, users can switch to the “Graph View”. For example, when
a user uploads a citation-network dataset such as Cora for node
classification, GraphAgent connects it to similar historical datasets
such as cit-DBLP and Wiki-CS and highlights the models that per-
formed well on these related tasks. The interface presents this as
a small subgraph around the uploaded dataset, where users can
inspect relevant datasets, selected models, and their connections.
Hovering over nodes or edges reveals similarity scores and histori-
cal performance. An optional LLM-based assistant summarizes the
subgraph evidence in plain language for non-expert users.
Performance Highlights.We evaluate GraphAgent against repre-
sentative baselines, including KGNAS [3], MetaGL [6], ModsNet [8],
RGCF [1], and SimpleTS [9], under both standard and robustness-
oriented settings. The robustness evaluation covers three challeng-
ing cases: Incomplete, where only 50% of historical records are

available; Cross-Domain, where training and test graphs are drawn
from disjoint application domains, so models must be selected for
a domain entirely absent from the training benchmarks; and Cross-
Scale, where training uses graphs with fewer than 10,000 nodes
while testing uses substantially larger ones, so model selections
must transfer across different graph scales. As shown in Fig. 3,
GraphAgent consistently performs best across all settings. Online
inference takes about 0.05s, enabling sub-second responses.
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