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Abstract
Graph Foundation Models (GFMs) have emerged as a powerful par-

adigm for learning transferable graph representations, yet adapting

them to downstream tasks requires navigating an exponentially

large decision space, traditionally demanding heavy expert effort.

We propose GFMTuner, a framework that automates GFM fine-

tuning by combining Large Language Model (LLM) agents with

Monte Carlo Tree Search. GFMTuner accepts natural language

task descriptions and generates effective fine-tuning strategies

through test-time search. We introduce the Graph-Instructed
Actor, which equips the LLM with graph analysis tools to ground

action generation in structural insights, and Gradient Consis-
tency, a self-supervised reward that measures gradient alignment

across perturbed executions for efficient strategy evaluation. Exper-

iments across diverse graph domains demonstrate that GFMTuner

matches or exceeds human expert designs while reducing effort

from weeks to a single natural language query.
1
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1 Introduction
The pre-training and fine-tuning paradigm has fundamentally trans-

formedmodernmachine learning, achieving unprecedented success

across computer vision and natural language processing. This tri-

umph has sparked growing interest in Graph Foundation Models

(GFMs) [49, 50], which aim to learn universal graph representations

applicable to diverse tasks from molecular property prediction to

social network analysis and recommendation systems.

Despite their tremendous potential, deploying GFMs in prac-

tice faces a critical bottleneck: how can we perform effective and
efficient fine-tuning for diverse downstream tasks? As illustrated in

Figure 1, adapting pre-trained GFMs requires navigating an expo-

nentially large search space of fine-tuning decisions. This space

encompasses multiple interdependent dimensions, including task

formulation, data preprocessing, adaptation methods, task head

design, and hyperparameter configuration, with combinatorial com-

plexity 𝑂 (𝑛1 × 𝑛2 × · · · × 𝑛𝐾 ) that renders exhaustive search com-

putationally infeasible. Current practices rely heavily on domain

experts who must orchestrate strategies across all dimensions, an

approach that demands rare dual expertise in GNNs and target

domains, incurs prohibitive costs, and cannot scale to applications

requiring frequent updates such as e-commerce and fraud detection.
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Figure 1: Overview of GFMTuner. Top: A pre-trained GFM
must be adapted to diverse downstream tasks. Middle: The
fine-tuning decision space is exponentially large; existing ap-
proaches fail to address this complexity. Bottom: GFMTuner
enables users to specify tasks via natural language and auto-
matically generates effective fine-tuning strategies through
test-time search, delivering deployment-ready models.

The need for automated GFM fine-tuning is evident, yet existing

solutions fall short. Traditional AutoML approaches prove inade-

quate: hyperparameter optimization and neural architecture search

operate within narrowly defined spaces and cannot interpret task

requirements expressed in natural language. Recent work such as

AutoGFM [3] addresses only architecture customization, leaving

the broader decision space unexplored. These limitations reveal

a fundamental semantic gap: users naturally express their needs

in high-level, task-oriented language, while fine-tuning systems

require low-level technical specifications. Bridging this gap de-

mands a system that can interpret user intent, reason about graph

characteristics, and autonomously navigate the full spectrum of

fine-tuning decisions.

This observation leads to our vision: a user should be able to sim-

ply state, “I need a model that predicts whether a molecule can cross
the blood-brain barrier,” and the system should autonomously deter-

mine optimal datasets, molecular patterns to emphasize, adaptation

strategy, and hyperparameter configurations, ultimately delivering

a deployment-ready model without requiring user expertise.

Recent advances in Large LanguageModels (LLMs) present trans-

formative opportunities toward this goal. LLMs excel at understand-

ing complex natural language instructions, decomposing problems

into manageable steps, and adjusting strategies based on feedback.

However, directly prompting LLMs to generate fine-tuning strate-

gies in a single pass yields suboptimal results. The combinatorial

complexity and subtle dependencies between choices exceed single-

shot generation capabilities, motivating our turn to test-time com-

putation enabling iterative exploration through structured search.

Inspired by this insight, we propose GFMTuner, a framework

that leverages LLM-based agents with test-time search to automate

the entire GFM fine-tuning pipeline. As shown in Figure 1 (bottom),

GFMTuner accepts natural language task descriptions and employs

Monte Carlo Tree Search (MCTS) [45, 51] to dynamically generate

and explore fine-tuning strategies. The framework transforms what

traditionally required weeks of expert effort into a streamlined,

automated workflow.

Realizing this requires addressing two fundamental challenges:

• Exploration Effectiveness. The fine-tuning decision space is

vast and highly structured, with complex cross-stage dependen-

cies. Effective exploration requires an agent that can reason about

graph data, understand decision implications, and generate mean-

ingful action sequences. Standard MCTS relies on random roll-

outs or domain-specific heuristics, neither of which captures the

nuanced reasoning required. The challenge lies in designing an

actor mechanism that leverages LLM semantic understanding

while grounding decisions in graph structural properties.

• Supervision Accuracy.MCTS requires reliable reward signals

to guide search toward promising trajectories. Executing com-

plete fine-tuning for each candidate strategy is computationally

prohibitive and provides no guidance for partial trajectories. The

challenge is to design supervision that accurately assesses strat-

egy quality without incurring full fine-tuning costs.

For effective exploration, we propose theGraph-Instructed Ac-
tor (GIA), which harnesses LLMs as the action generation engine

within MCTS while grounding their reasoning in graph-structural

understanding. The key innovation is our graph-instruction mech-
anism: we equip the LLM with graph analysis tools. When the

LLM-actor needs to select an action (i.e., a sub-decision in the fine-

tuning strategy), it can invoke these tools to analyze relevant graph

properties such as density, community structure, thereby inform-

ing action selection and enabling effective MCTS expansion. This

demand-driven approach produces exploration trajectories that are

both diverse and semantically grounded.

For accurate supervision, we introduce Gradient Consistency
as a self-supervised reward signal. This builds on a fundamental

observation: when individuals are confident in their solutions, they

arrive at the same answer consistently across attempts; inconsis-

tent responses indicate uncertainty [36]. We translate this principle

to fine-tuning: high-quality strategies, when applied with slight

perturbations (e.g., different random seeds), produce consistent

gradient directions, while suboptimal strategies yield erratic, diver-

gent gradients. We quantify strategy quality by measuring gradient

direction consistency across perturbed executions, enabling early

identification of promising paths without complete fine-tuning.

Our contributions are summarized as follows:

• We formulate holistic automated GFM fine-tuning and propose

GFMTuner, a framework combining LLM-based agents with test-

timeMCTS to automate the entire pipeline from natural language
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specification to deployment-ready model delivery, bridging the

semantic gap that existing approaches fail to address.

• We propose the Graph-Instructed Actor (GIA), which integrates

graph-structural awareness into LLM-based action generation

through tool-augmented reasoning. We also introduce Gradient

Consistency as a self-supervised reward signal based on the prin-

ciple that high-quality strategies produce consistent gradients

across perturbations, enabling both effective exploration and

accurate supervision.

• Extensive experiments across diverse graph domains demon-

strate that GFMTuner identifies fine-tuning strategies matching

or exceeding expert-designed ones, while reducing effort from

weeks of manual tuning to a single natural language query.

2 Related Work
Graph Foundation Models. Recent years have witnessed surg-

ing interest in adapting the pre-training and fine-tuning paradigm

to graph domains. Early efforts focused on contrastive learning

strategies to capture structural information at both node and graph

levels [19]. More recently, the community has moved toward devel-

oping Graph Foundation Models (GFMs) capable of generalizing

across diverse datasets [20, 25]. Models such as OFA [26] and Graph-

MAE [17] leverage massive-scale pre-training to learn transferable

representations. While these GFMs demonstrate powerful gener-

alization capabilities, adapting them to specific downstream tasks

remains a bottleneck. The dominant approach relies on standard

fine-tuning or prompt-tuning [2, 53], which often fails to account

for drastic domain shifts between pre-training and downstream data

without expert intervention [21, 52]. Unlike prior work focusing on

architecture or pre-training objectives, our work targets efficient

and automated adaptation of these models to user-specified tasks.

Automated Machine Learning on Graphs. To alleviate the

burden of manual model tuning, Automated Machine Learning (Au-

toML) has been extensively applied to graph tasks [32, 42]. Tech-

niques range from Neural Architecture Search (NAS) for GNNs [5,

34] to Hyperparameter Optimization (HPO) tailored for graph

data [12]. These methods typically employ reinforcement learning

or evolutionary algorithms to search for optimal configurations [9].

Although effective to some extent, AutoGraph approaches suffer

from two major limitations. First, computational inefficiency: they
rely on search-based paradigms requiring candidate models to be

trained from scratch thousands of times, which is computationally

prohibitive for large GFMs [11, 47]. Second, lack of interpretability
and interaction: they operate as black boxes, unable to comprehend

explicit user requirements or reason about why a configuration

fails [33, 48]. In contrast, GFMTuner replaces blind searchwith LLM-

driven reflexive reasoning, significantly reducing computational

costs while enabling human-like interactive fine-tuning.

LLMs for Graph Learning The remarkable reasoning and gen-

eration capabilities of Large Language Models have sparked a new

wave of research at the intersection of text and graphs [16]. Ex-

isting work broadly falls into two categories: LLMs as feature en-
hancers [22] and LLMs as predictors [8, 28, 31]. The former uses

LLMs to generate high-quality node explanations or features to

augment GNNs [15, 26]. The latter flattens graph structures into text

sequences, directly prompting LLMs to perform graph tasks [4, 41].

However, these methods primarily utilize LLMs as information

processors or end-to-end predictors, overlooking their potential

as meta-controllers that can orchestrate the training process of

domain-specific models. GFMTuner distinguishes itself by leverag-

ing LLMs not merely to process data, but to reason like an expert

engineer, iteratively refining fine-tuning recipes based on feedback,

a direction largely unexplored in current literature.

3 Preliminaries
3.1 Problem Formulation
Notation. Let G = (V, E,X) denote an attributed graph, where

V = {𝑣1, . . . , 𝑣𝑛} is the node set, E ⊆ V × V is the edge set,

and X ∈ R𝑛×𝑑 is the node feature matrix. The adjacency matrix

A ∈ {0, 1}𝑛×𝑛 has A𝑖 𝑗 = 1 if (𝑣𝑖 , 𝑣 𝑗 ) ∈ E. A pre-trained Graph

Foundation Model 𝑓𝜽 0
: G → R𝑛×ℎ maps graphs to ℎ-dimensional

node representations.

Fine-Tuning Decision Space. The decision space is S = S1 ×
S2 × · · · × S𝐾 , where each S𝑘 represents a decision dimension:

• Task Formulation (S1): Converting colloquial task descriptions

into specific graph learning formulations (node/graph/subgraph

classification or regression, link classification, graph clustering).

• Data Selection (S2): Selecting auxiliary datasets Daux ⊆ Dpool

from a candidate pool to enhance transfer learning.

• Data Preprocessing (S3): Strategies for preparing raw graph

data, including missing value imputation, noise filtering, feature

encoding, normalization, and outlier handling.

• Subgraph Sampling (S4): Extracting task-relevant substruc-

tures via sampling function 𝜙 : G → 2
G
(neighborhood, random

walk, importance-based sampling, etc.).

• Adaptation Method (S5): Parameter-efficient fine-tuning tech-

nique selection (full fine-tuning, adapter tuning, LoRA, prefix

tuning, prompt tuning, etc.).

• Task Head Design (S6): Architecture for the task-specific pre-

diction head, including layer configurations, activation functions,

pooling strategies, and output dimensionality.

• Hyperparameters (S7, . . . ,S𝐾 ): Learning rate, batch size, epochs,
regularization, dropout, optimizer selection, and scheduling.

A complete fine-tuning strategy is a tuple s = (𝑠1, . . . , 𝑠𝐾 ) ∈ S.
Problem Statement. Given a pre-trained GFM 𝑓𝜽 0

, target graph

Gtarget, and natural language task description T , our goal is to
identify an optimal strategy s∗ ∈ S:

s∗ = arg max

s∈S
M

(
𝑓𝜽 (s) ,Gtarget,T

)
, (1)

where 𝜽 (s) denotes parameters obtained by applying s to fine-tune
𝑓𝜽 0

, andM(·) is a task-specific evaluation metric.

This optimization is challenging due to three factors: (i) the dis-

crete, combinatorial nature of S with complex inter-dependencies;

(ii) the high computational cost of evaluatingM(·), requiring com-

plete fine-tuning; and (iii) the semantic gap between natural lan-

guage descriptions T and technical specifications s.

3.2 Monte Carlo Tree Search
Monte Carlo Tree Search (MCTS) balances exploration and ex-

ploitation through iterative tree construction. Each node represents
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a state; each edge represents an action. The algorithm proceeds

through four phases:

Selection. Traverse from the root by selecting children maximizing

the Upper Confidence Bound for Trees (UCT):

UCT(𝑛) = 𝑄 (𝑛)
𝑁 (𝑛) + 𝑐

√︄
ln𝑁 (𝑝)
𝑁 (𝑛) , (2)

where 𝑄 (𝑛) is cumulative reward, 𝑁 (𝑛) is visit count, 𝑁 (𝑝) is par-
ent visit count, and 𝑐 is the exploration constant.

Expansion. Add child nodes to the selected leaf. The total number

of MCTS iterations is equivalent to the number of newly generated

nodes in the search frontier.

Simulation. Execute a rollout policy to estimate reward.

Backpropagation.Update node statistics along the traversed path.

4 Methodology
We present GFMTuner’s technical details: the MCTS-based search

framework (§4.1), the Graph-Instructed Actor with tool-augmented

reasoning (§4.2), and Gradient Consistency for supervision (§4.3).

Figure 2 illustrates the overall architecture.

4.1 MCTS-Based Fine-Tuning Strategy Search
We formulate strategy generation as sequential decision-making

and employ MCTS for efficient exploration.

Search Tree Structure. We construct a search tree Tsearch =

(N , Etree) where each node 𝑢 ∈ N represents a partial strategy

s1:𝑘 = (𝑠1, . . . , 𝑠𝑘 ) for 𝑘 ≤ 𝐾 . The root 𝑢0 corresponds to the empty

strategy, and leaf nodes at depth 𝐾 represent complete strategies.

Each edge (𝑢,𝑢′) corresponds to an action 𝑎 extending s1:𝑘 to s1:𝑘+1.

Node Statistics. For each node 𝑢, we maintain visit count 𝑁 (𝑢),
cumulative reward 𝑄 (𝑢), and average reward 𝑄 (𝑢) =𝑄 (𝑢)/𝑁 (𝑢).

Selection. Starting from root 𝑢0, we traverse by selecting chil-

dren maximizing UCT:

𝑢next = arg max

𝑢′∈Children(𝑢 )

[
𝑄 (𝑢′) + 𝑐

√︄
ln𝑁 (𝑢)
𝑁 (𝑢′)

]
, (3)

continuing until reaching a node 𝑢sel with unexpanded children.

Expansion. At node 𝑢sel with partial strategy s1:𝑘 , we generate

candidate actions A(𝑢sel) for the (𝑘 + 1)-th dimension using our

Graph-Instructed Actor (§4.2):

A(𝑢sel) = GIA

(
s1:𝑘 ,PG,T ,S𝑘+1

)
, (4)

where PG is the file path to the target graph.

Simulation. From the expanded node 𝑢𝑎 , we perform rollout

using GIA until reaching depth 𝐾 :

srollout = RolloutGIA (𝑢𝑎) = (𝑠1, . . . , 𝑠𝑘 , 𝑎, 𝑠𝑘+2, . . . , 𝑠𝐾 ) . (5)

Backpropagation. We compute reward 𝑟 (srollout) via Gradient
Consistency (§4.3) and update statistics along the path:

∀𝑢 ∈ Path(𝑢0, 𝑢𝑎) : 𝑁 (𝑢) ← 𝑁 (𝑢) + 1, 𝑄 (𝑢) ← 𝑄 (𝑢) + 𝑟 (srollout) .
Strategy Selection. After𝑀 iterations, we select the child with

highest average reward:

𝑠∗
1
= arg max

𝑢′∈Children(𝑢0 )
𝑄 (𝑢′), (6)

applied recursively to construct s∗ = (𝑠∗
1
, . . . , 𝑠∗

𝐾
).

Table 1: Analysis tools available to the GIA.

Tool Name Description Output

Structural Analysis
get_basic_stats Basic graph statistics |V|, |E |, ¯𝑑, 𝜌

get_degree_dist Degree distribution {(𝑑, 𝑝𝑑 )}, 𝛾
get_clustering Clustering coefficients Cglobal, {C𝑣}
get_connectivity Connectivity metrics 𝜅𝑣, 𝜅𝑒 , 𝜆2

detect_communities Community structure {𝐶1, . . . ,𝐶𝑚}, 𝑄
get_centrality Centrality measures {𝑐deg𝑣 , 𝑐btw𝑣 , 𝑐

pr

𝑣 }
Feature Analysis
get_feature_stats Feature statistics 𝝁𝑋 ,𝝈𝑋 , range
get_feature_corr Feature-structure correlation 𝜌 (X,A)
get_homophily Label/feature homophily ℎnode, ℎedge
get_missing_ratio Missing value statistics 𝑟missing, {𝑟𝑣}
Subgraph Operations
sample_subgraph Extract subgraph samples {G (𝑖 )

sub
}

find_motifs Identify frequent motifs {(𝑚𝑖 , 𝑓𝑖 )}
get_ego_graphs Extract ego networks {G (𝑣)

ego
}

4.2 Graph-Instructed Actor
The Graph-Instructed Actor (GIA) leverages LLMs augmented with

graph analysis tools to generate informed actions during MCTS.

The key insight is that effective fine-tuning decisions require un-

derstanding graph properties, but relevant properties vary by task

and context. Rather than pre-computing fixed statistics, we em-

power the LLM to query graph information on-demand through

tool invocation.

Tool-Augmented Graph Reasoning. We equip the LLM with graph

analysis tools F = {𝑓1, . . . , 𝑓 | F | }, where each tool 𝑓𝑖 : G ×Θ𝑖 → O𝑖
takes a graph and optional parameters, returning analysis results.

These tools are implemented via NetworkX [13]. Since encoding

large graphs directly into LLM context is infeasible, we provide

the file path PG . When analysis is needed, tools load the graph via

Gtarget = LoadGraph(PG).

Tool Definitions. We define tools spanning structural analysis,

feature analysis, and subgraph operations (Table 1). Each tool 𝑓𝑖 is

specified by (name𝑖 , desc𝑖 , params𝑖 , impl𝑖 ): identifier, natural lan-
guage description, parameters, and NetworkX implementation.

Autonomous Tool Invocation. A distinguishing feature of GIA is

that the LLM autonomously decides when andwhich tools to invoke

based on decision context. This demand-driven approach avoids

computing irrelevant statistics and enables adaptive information

gathering. We adopt ReAct-style [46] reasoning where the actor

interleaves reasoning with tool invocations:

Thought𝑡 = LLMreason (C𝑡 ) ,
Action𝑡 = LLMact (C𝑡 , Thought𝑡 ) ,

Observation𝑡 = Execute
(
Action𝑡 ,PG

)
,

C𝑡+1 = C𝑡 ⊕ (Thought𝑡 , Action𝑡 , Observation𝑡 ),

(7)

where C𝑡 is the context at step 𝑡 and Execute(·) invokes the tool
on the graph.

Context-Aware Tool Selection. Tool selection is guided by the cur-

rent decision dimension. When deciding task formulation (S1), the

actor might invoke get_basic_stats and get_feature_stats.
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Figure 2: Overall framework of GFMTuner. Given a task description, a pre-trained GFM, GFMTuner employs MCTS to explore
the fine-tuning strategy space. During expansion, the Graph-Instructed Actor reasons about graph properties via tool invocation
to generate informed candidate actions. Complete strategies are evaluated using Gradient Consistency, whichmeasures gradient
alignment across perturbed executions to distinguish high-quality from low-quality strategies.

For data preprocessing (S3), it queries get_missing_ratio. When

configuring subgraph sampling (S4), the actor invokes find_motifs
or detect_communities. For task head design (S6), it examines

get_homophily to inform pooling strategy selection.

Action Generation with Graph Grounding. After gathering graph

data, the actor generates actions grounded in observed properties:

Pact = Template
(
T , s1:𝑘 ,S𝑘+1,O1:𝑡 , Ehistory

)
, (8)

where O1:𝑡 contains tool outputs and Ehistory contains exemplars

from successful explorations. We sample different actions with

temperature-controlled generation:

A(𝑢) =
{
𝑎 (𝑖 ) ∼ 𝑝LLM (·|Pact;𝜏)

}𝑁𝑎

𝑖=1
, (9)

and validate for feasibility and consistency:

Avalid (𝑢) = {𝑎 ∈ A(𝑢) : V(𝑎) = 1 ∧ Compatible(s1:𝑘 , 𝑎)} . (10)

Compared to pre-computing fixed statistics, tool-augmented GIA

offers three benefits: (i) Scalability: only task-relevant statistics

are computed; (ii) Adaptability: different information is gathered

for different decisions; and (iii) Interpretability: reasoning traces

reveal decision rationale.

4.3 Gradient Consistency for Supervision
Evaluating strategies by complete fine-tuning is prohibitive. We

introduce Gradient Consistency as an efficient surrogate reward

that assesses strategy quality through early-stage gradient behavior.

Our approach rests on the observation that high-quality strate-

gies induce optimization trajectories robust to minor perturbations.

When a strategy s is applied with slight variations (different ran-

dom seeds, small hyperparameter noise), gradient directions remain

consistent if s is well-suited to the task, but diverge significantly if

s is suboptimal. This mirrors human reasoning: confident solutions

exhibit consistency across independent attempts.

Given candidate strategy s, we create 𝑃 perturbed variants:

s̃(𝑝 ) = s + 𝝐 (𝑝 ) , 𝝐 (𝑝 ) ∼ N(0, 𝜎2I), 𝑝 = 1, . . . , 𝑃, (11)

Algorithm 1 GFMTuner: Automated GFM Fine-Tuning

Require: Pre-trained GFM 𝑓𝜽
0
, graph path PG , task description T, tools

F, iterations𝑀 , exploration constant 𝑐

Ensure: Fine-tuned model 𝑓𝜽∗

1: Load graph: Gtarget ← LoadGraph(PG )
2: Initialize root 𝑢0; 𝑁 (𝑢0 ),𝑄 (𝑢0 ) ← 0

3: for𝑚 = 1 to𝑀 do
4: // Selection
5: 𝑢 ← 𝑢0

6: while 𝑢 fully expanded and not terminal do
7: 𝑢 ← arg max𝑢′

[
𝑄̄ (𝑢′ ) + 𝑐

√︁
ln𝑁 (𝑢 )/𝑁 (𝑢′ )

]
8: end while
9: // Expansion with Tool-Augmented GIA
10: C0 ← (T, s𝑢 , S𝑘+1 )
11: for 𝑡 = 1, 2, . . . until action decided do
12: Thought𝑡 ← LLMreason (C𝑡−1 )
13: if tool invocation needed then
14: Select tool 𝑓𝑖 ; Obs𝑡 ← 𝑓𝑖 (Gtarget )
15: C𝑡 ← C𝑡−1 ⊕ (Thought𝑡 , 𝑓𝑖 , Obs𝑡 )
16: end if
17: end for
18: Generate A(𝑢 ) via Eq. (9); validate; create child 𝑢𝑎
19: // Simulation
20: srollout ← RolloutGIA (𝑢𝑎 )
21: // Reward via Gradient Consistency
22: 𝑟 ← 𝑟 (srollout ) via Eq. (16)
23: // Backpropagation
24: for all 𝑢′ ∈ Path(𝑢0,𝑢𝑎 ) do
25: 𝑁 (𝑢′ ) ← 𝑁 (𝑢′ ) + 1;𝑄 (𝑢′ ) ← 𝑄 (𝑢′ ) + 𝑟
26: end for
27: end for
28: Extract s∗ via Eq. (6)
29: 𝑓𝜽∗ ← FineTune(𝑓𝜽

0
, Gtarget, s∗ )

30: return 𝑓𝜽∗

where 𝜎 controls perturbation magnitude. For discrete decisions, we

apply discrete perturbations such as random seed changes. For each
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s̃(𝑝 ) , we execute 𝑡early ≪ 𝑇 fine-tuning steps and extract gradients:

g(𝑝 ) = ∇𝜽L
(
𝑓
𝜽
(𝑝 )
𝑡
early

,Gtarget
)
, (12)

where 𝜽 (𝑝 )𝑡
early

is parameters after 𝑡early steps under strategy s̃(𝑝 ) .
We measure pairwise cosine similarity:

sim(g(𝑖 ) , g( 𝑗 ) ) = g(𝑖 ) · g( 𝑗 )

∥g(𝑖 ) ∥2 · ∥g( 𝑗 ) ∥2
, (13)

and define Gradient Consistency as the average pairwise similarity:

GC(s) = 2

𝑃 (𝑃 − 1)
∑︁

1≤𝑖< 𝑗≤𝑃
sim(g(𝑖 ) , g( 𝑗 ) ). (14)

The score GC(s) ∈ [−1, 1] admits natural interpretation: values

near 1 indicate aligned gradients (high confidence), values near

0 suggest random directions (uncertainty), and negative values

indicate opposing gradients (conflicting signals).

To capture gradient behavior across fine-tuning stages, we ex-

tend to multiple checkpoints:

GCmulti (s) =
𝐿∑︁
𝑙=1

𝑤𝑙 · GC(𝑡𝑙 ) (s), (15)

where {𝑡1 < 𝑡2 < · · · < 𝑡𝐿 ≪ 𝑇 } are checkpoint steps and {𝑤𝑙 }
are weights with

∑
𝑙 𝑤𝑙 = 1. We assign higher weights to later

checkpoints as they better reflect converged behavior.

The final reward combines Gradient Consistency with optional

auxiliary signals:

𝑟 (s) = 𝛼 · GCmulti (s) + (1 − 𝛼) · 𝑟aux (s), (16)

where 𝛼 ∈ [0, 1] balances contributions. Auxiliary signals may in-

clude validation loss 𝑟val (s) = −Lval (𝜽 𝑡
early
) or complexity penalty

𝑟comp (s) = −𝜆 · Complexity(s).

Computational Efficiency. Let 𝐶full denote complete fine-tuning

cost. Gradient Consistency computation requires 𝐶GC = 𝑃 · 𝑡early
𝑇
·

𝐶full. With typical settings 𝑃 = 5 and 𝑡early = 0.05𝑇 , we achieve

𝐶GC ≈ 0.25 ·𝐶full, enabling approximately 4× more strategy evalua-

tions within the same budget.

Algorithm 1 presents the complete GFMTuner procedure, high-

lighting tool-augmented reasoning in the Graph-Instructed Actor.

5 Theoretical Analysis
We provide theoretical justification for Gradient Consistency as a

reliable surrogate for strategy quality assessment. Our central in-

sight is that high-quality fine-tuning strategies induce optimization

landscapes where gradient directions remain stable under small

perturbations, while suboptimal strategies lead to erratic gradient.

Consider strategy s to adapt GFM 𝑓𝜽 0
on target graph Gtarget

with loss L(𝜽 ; s). Let 𝜽 ∗ (s) = arg min𝜽 L(𝜽 ; s) denote optimal

parameters under s. We characterize strategy quality through loss

landscape geometry, connecting gradient consistency to curvature

properties governing optimization difficulty and generalization.

Theorem 5.1 (Gradient Consistency as StrategyQuality

Surrogate). Let L(𝜽 ; s) be twice continuously differentiable with
𝐿-Lipschitz gradients. Suppose at parameter 𝜽 𝑡 reached after 𝑡 steps,
the Hessian H(𝜽 𝑡 ; s) = ∇2

𝜽L(𝜽 𝑡 ; s) has eigenvalues in [𝜇,Λ] with

𝜇 > 0. For perturbed strategies {s̃(𝑝 ) }𝑃𝑝=1
with ∥s̃(𝑝 ) −s∥ ≤ 𝛿 inducing

gradients g(𝑝 ) = ∇𝜽L(𝜽 𝑡 ; s̃(𝑝 ) ), and assuming ∥∇s∇𝜽L∥ ≤ 𝐵, the
Gradient Consistency satisfies:

GC(s) ≥ 1 − 2𝐵2𝛿2

∥g∥2 −
Λ − 𝜇
Λ + 𝜇 ·

𝜎2

g

∥g∥2 , (17)

where g = ∇𝜽L(𝜽 𝑡 ; s) is the unperturbed gradient and 𝜎2

g captures
gradient variance from stochastic estimation.

Proof. We decompose the gradient under perturbation via first-

order Taylor expansion. For s̃(𝑝 ) = s + 𝝐 (𝑝 ) with ∥𝝐 (𝑝 ) ∥ ≤ 𝛿 :

g(𝑝 ) = ∇𝜽L(𝜽 𝑡 ; s̃(𝑝 ) ) = g + J𝝐 (𝑝 ) +𝑂 (∥𝝐 (𝑝 ) ∥2), (18)

where J = ∇s∇𝜽L(𝜽 𝑡 ; s) is the Jacobian. By bounded sensitivity,

∥J∥ ≤ 𝐵. Denoting 𝚫
(𝑝 ) = J𝝐 (𝑝 ) , we have ∥𝚫(𝑝 ) ∥ ≤ 𝐵𝛿 .

The cosine similarity between perturbed gradients is:

sim(g(𝑖 ) , g( 𝑗 ) ) = (g + 𝚫
(𝑖 ) )⊤ (g + 𝚫( 𝑗 ) )

∥g + 𝚫(𝑖 ) ∥ · ∥g + 𝚫( 𝑗 ) ∥
. (19)

Taking expectation over random perturbations 𝝐 (𝑝 ) ∼ N(0, 𝜎2

𝜖 I)
and noting E[𝚫(𝑖 )⊤𝚫( 𝑗 ) ] = 0 for 𝑖 ≠ 𝑗 :

E[sim(g(𝑖 ) , g( 𝑗 ) )] ≥ 1 − 2𝐵2𝛿2

∥g∥2 +𝑂
(
𝐵3𝛿3

∥g∥3

)
. (20)

Incorporating stochastic gradient noise with variance 𝜎2

g ≤ Λ
𝑏

for batch size 𝑏, and noting cross-correlation is bounded by the

condition number, yields the stated bound. □

The theorem reveals that Gradient Consistency captures two

aspects of strategy quality: (i) well-conditioned landscapes (small

𝜅 = Λ/𝜇) ensure perturbations do not dramatically alter gradient

directions; (ii) strategies maintaining strong gradient signals (large

∥g∥) exhibit robustness as perturbation-induced deviations remain

relatively small. Both properties characterize strategies leading to

stable optimization and good generalization, validating it as an

efficient early indicator of downstream performance.

6 Experiments
We conduct experiments to evaluate GFMTuner across diverse

graph domains. Our experiments address five research questions:

RQ1: How does GFMTuner perform overall?

RQ2: How do key components contribute to performance?

RQ3: How efficient is GFMTuner?

RQ4: Can GFMTuner generalize across different GFMs and tasks?

6.1 Experimental Setup
Graph Foundation Models. We evaluate on three representative

GFMs: GraphMAE [17], a masked autoencoder learning through

feature reconstruction; GPPT [37], a prompt-based GFM unifying

tasks through learnable prompts; and OFA [26], a state-of-the-art

GFM with cross-domain transferability.

Datasets and Tasks.We construct a comprehensive benchmark

spanning three paradigms across four domains (Table 9 in Appen-

dix B): node classification on citation networks (Cora, PubMed,

Arxiv) and web graphs (WikiCS), link Classification on knowledge

graphs (FB15K237, WN18RR), and graph classification on molecular

datasets (PCBA, HIV, ChEMBL).
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Table 2: Performance comparison across tasks. Best results in bold, second-best
underlined. Δ denotes improvement over best baseline.

Method
Node Classification Link Classification Graph Classification

Avg.
Arxiv Cora PubMed WikiCS WN18RR FB15K237 HIV PCBA

Traditional GNN Methods

Linear 68.82±1.07 65.06±1.18 53.08±2.85 71.62±1.03 54.50±1.13 51.72±0.04 70.39±1.01 79.00±1.04 64.27

GCN 77.92±1.23 77.64±1.37 62.97±2.53 76.39±1.38 86.88±1.22 83.12±0.42 70.41±0.17 79.03±0.40 76.80

GAT 79.59±1.13 76.97±1.67 63.49±4.12 73.60±1.31 85.11±1.15 82.17±0.52 70.39±1.22 79.12±1.02 76.31

GIN 54.13±5.71 73.10±1.58 60.93±5.29 69.25±2.26 79.20±1.95 71.80±0.54 69.22±0.08 72.00±1.12 68.70

GraphSAGE 78.65±1.18 75.68±1.70 62.04±2.54 62.66±2.78 85.88±1.21 81.09±0.29 69.48±0.02 79.34±0.07 74.35

GraphConv 60.07±2.64 74.69±1.58 70.06±1.00 70.01±1.33 88.20±1.09 74.62±1.31 69.32±1.07 75.17±0.12 72.77

LLM-based Methods

Gemini-2.5-Flash 74.30±0.43 75.92±0.43 73.60±2.20 74.06±0.52 77.58±0.22 86.43±1.06 66.00±0.15 70.20±1.01 74.76

Gemini-2.5-Pro 78.42±1.54 80.73±0.17 70.98±2.22 74.02±1.02 91.14±0.08 87.08±1.01 70.10±0.92 72.16±2.85 78.08

Claude-Sonnet-4.5 72.57±0.81 79.61±0.98 71.90±2.00 73.84±0.80 77.28±0.24 82.03±0.25 67.50±1.38 73.31±1.74 74.76

Claude-Opus-4.5 76.22±0.31 81.24±1.61 72.53±1.74 74.30±0.51 89.15±1.94 87.09±0.08 68.72±1.28 74.11±0.18 77.92

GPT-5.2-Chat 75.01±1.55 78.36±0.17 71.42±2.13 73.38±0.84 79.64±1.14 84.92±2.13 66.50±1.41 74.22±1.34 75.43

GPT-5.2-Pro 77.19±1.02 82.24±0.71 71.84±1.97 76.83±0.65 91.13±1.07 87.08±1.68 71.92±1.27 77.31±1.14 79.44

GFMTuner (Ours) 82.71±2.10 83.19±1.69 78.17±1.02 77.18±0.16 95.33±0.02 91.24±0.03 72.73±1.11 79.93±0.14 82.56

Δ vs. best baseline +3.12 +0.95 +4.57 +0.35 +4.19 +4.15 +0.81 +0.59 +3.12
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Figure 3: GIA analysis.

Baselines. We compare against two categories: Traditional GNNs:
Linear, GCN [24], GAT [40], GIN [44], GraphSAGE [14], and Graph-

Conv [30]; LLM-basedmethods: Gemini-2.5-Flash/Pro, Claude-Sonnet-

4.5/Opus-4.5, and GPT-5.2-Chat/Pro.

Implementation. GFMTuner uses Llama-3.1-8B Instruct as the

backbone LLM. MCTS uses exploration constant 𝑐 = 1.4, maximum

depth 𝑑 = 8, and 500 iterations. For Gradient Consistency, we use

𝑃 = 5 perturbations with learning rate noise 𝜖 ∼ U(−0.1, 0.1)
and compute gradients over 𝑡early = 3 steps. The search space

encompasses adaptation methods ∈ {full, linear, LoRA, adapter,

prefix-tuning}, learning rate ∈ [1e-5, 1e-2], batch size ∈ {16, 32,

64, 128}, layers ∈ [1, 12], and dropout ∈ [0, 0.5]. Experiments use

NVIDIA A800 GPUs.

6.2 Main Results (RQ1)
Table 2 presents comprehensive performance comparison. We re-

port accuracy (%) with standard deviation over five runs.

Overall Performance. GFMTuner achieves the best average

performance of 82.56%, outperforming the strongest baseline GPT-

5.2-Pro (79.45%) by 3.11 absolute points. This substantial improve-

ment validates our core thesis: leveraging test-time search with

LLM-based agents effectively navigates the exponentially large

fine-tuning decision space, identifying strategies that surpass both

traditional GNNs and direct LLM-based approaches.

Node Classification. GFMTuner demonstrates consistent supe-

riority across datasets of varying scales. On the large-scale Arxiv

dataset (169K nodes), GFMTuner achieves 82.71%, surpassing GAT

(79.59%) by 3.12% and GPT-5.2-Pro (77.19%) by 5.52%. The improve-

ment is particularly pronounced on PubMed, where GFMTuner

(78.17%) outperforms GraphConv (70.06%) by over 8 points, demon-

strating that our Graph-Instructed Actor effectively leverages struc-

tural properties to inform fine-tuning decisions for graphs with

diverse characteristics.

Link Classification. GFMTuner exhibits exceptional perfor-

mance on knowledge graph completion tasks. On WN18RR, GFM-

Tuner achieves 95.33%, surpassing Gemini-2.5-Pro (91.14%) by 4.19

points. On FB15K237, GFMTuner (91.24%) outperforms the best

baseline by 4.16 points. Notably, the remarkably low variance (±0.02

and ±0.03) indicates that our Gradient Consistency reward signal

effectively guides the search toward stable, high-quality strategies.

Graph Classification. On molecular property prediction, GFM-

Tuner achieves 72.73% on HIV and 79.93% on PCBA, outperforming

all baselines. While traditional GNNs show competitive perfor-

mance on these tasks (e.g., GCN: 70.41% on HIV), GFMTuner’s

adaptive strategy selection provides consistent improvements by

tailoring preprocessing and adaptation to molecular characteristics.

Comparison Between Paradigms. Our results reveal comple-

mentary strengths: traditional GNNs excel on structure-heavy tasks

(link Classification), while LLMs perform better on semantically-

rich datasets (citation networks with text features). GFMTuner

effectively synthesizes these strengths through strategy selection,

achieving state-of-the-art performance across all task types.

Comparison with AutoML baselines. As shown in Table 3,

We further add comparisons with established AutoML baselines

under identical search spaces and budgets.

GFMTuner outperforms all AutoML baselines by 4.4–5.8 points

on average, thanks to (1) the Graph-Instructed Actor’s semanti-

cally informed exploration and (2) Gradient Consistency providing

a more reliable surrogate than early-stopping heuristics used by

BO/BOHB. We will incorporate these results.

6.3 Ablation Study (RQ2)
Table 4 presents systematic component removal across representa-

tive datasets. We have the following observation:

• Impact of Graph-Instructed Actor. Replacing GIA with a stan-

dard LLM actor (without tool-augmented analysis) causes a 4.6%
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Table 3: Comparisons with established AutoML baselines

Method Cora FB15K237 HIV Avg.

AutoML-Agent [39] 79.2 90.8 61.7 77.2

TPE [1] 78.4 89.2 67.3 76.8

SELA [6] 81.9 87.4 61.6 77.0

AgentHPO [27] 82.1 89.2 63.4 78.2

RZ-NAS [23] 80.6 88.9 61.0 76.8

GFMTuner 83.2 91.2 72.7 82.6

average drop. Degradation is most severe onWN18RR (6.9 points),

where understanding relational structure is critical. This validates

equipping the LLM with graph analysis tools for demand-driven

information gathering.

• Impact of Gradient Consistency. Removing Gradient Consis-

tency and relying on terminal rewards causes a 3.2% drop. In-

creased variance indicates that without intermediate supervision,

search becomes less stable, confirming that our self-supervised

reward effectively identifies promising trajectories early.

• Importance of MCTS. Replacing MCTS with greedy search

yields the largest degradation (5.9%), highlighting the critical role

of balanced exploration-exploitation. Greedy search converges

prematurely to suboptimal local minima.

• Component Synergy. Substitution experiments reveal strong

synergy: Random Actor with GC achieves only 77.6%, while

GIA with random rewards drops to 72.4%. The dramatic 11.3-

point gap underscores that effective exploration without accurate

supervision leads to misguided search.

Table 4: Ablation study on key components.

Variant Accuracy (%) Cora WN18RR HIV Avg.

GFMTuner (Full) 83.2±1.7 95.3±0.1 72.7±1.1 83.7

Component Removal
w/o Graph-Instructed Actor 79.7±2.3 88.4±0.5 69.2±0.3 79.1 (↓4.6)

w/o Gradient Consistency 80.1±1.8 91.2±0.2 70.2±1.3 80.5 (↓3.2)

w/o MCTS (Greedy) 78.2±1.9 87.1±1.4 68.1±1.2 77.8 (↓5.9)

Component Substitution
Random Actor + GC 77.4±2.3 86.2±1.9 69.1±1.1 77.6 (↓6.1)

GIA + Random Reward 75.0±3.1 80.0±2.5 62.1±2.4 72.4 (↓11.3)

Figure 3(a) dissects the contribution of different graph instruction

components. The complete instruction includes structure analysis

(graph statistics, degree distribution, clustering), feature analysis

(statistics, correlations, homophily), and subgraph operations (sam-

pling, motif detection). Removing feature analysis causes the largest

drop (3.2%), followed by structure analysis (2.3%), indicating that

the LLM effectively leverages both feature-level and structure-level

cues for informed decision-making.

Figure 3(b) compares action diversity across search iterations.

GFMTuner maintains high entropy in early iterations for explo-

ration, then gradually converges to promising regions. In contrast,

random search shows constant high entropy (no convergence),

while greedy search converges prematurely, confirming that our

approach achieves the desired exploration-exploitation balance.
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Figure 4: Analysis of Gradient Consistency. (a) Correlation
between early-stage GC scores and final performance across
200 sampled strategies onArxiv. (b) Performance comparison
of different reward signals.

Figure 4(a) validates our core hypothesis: Gradient Consistency

computed after only 3 training steps correlates strongly (Pearson

𝑟 = 0.83) with final fine-tuning performance. This confirms that

high-quality strategies induce robust optimization trajectories with

consistent gradient directions across perturbations, enabling reli-

able early assessment without complete fine-tuning.

Figure 4(b) compares GC against alternative reward signals. Loss-

based rewards (validation loss after partial training) suffer from

early-stage noise, while gradient norm fails to capture directional

consistency. GC outperforms both alternatives, achieving the best

performance by measuring the alignment rather than magnitude

of optimization signals.

We strengthen the importance of Gradient Consistency with

extended correlation analysis:

Table 5: Extended correlation analysis across diverse domains

Dataset Type Pearson 𝑟 𝑝-value

Arxiv Homophilous citation 0.834 < 0.001

PCBA Molecular (non-convex) 0.785 < 0.001

WN18RR Knowledge graph 0.773 < 0.001

HIV Molecular (imbalanced) 0.801 < 0.001

Consistently high rank correlations (Pearson 𝑟 > 0.77) across

diverse domains confirm GC reliably ranks strategies, which is the

key property for effective MCTS guidance.

6.4 Efficiency Analysis (RQ3)
Table 7 compares computational efficiency across methods. GFM-

Tuner completes search in 8.8 minutes on Cora and 11.1 minutes on

Arxiv, achieving 11 to 29% faster performance than alternatives

due to MCTS’s intelligent pruning guided by Gradient Consistency.

While Greedy Search costs less (451k to 529k token), it achieves

significantly lower performance. GFMTuner provides optimal trade-

off: 3.2 points higher accuracy with 12k to 13k additional token.

The modest time increase from Cora to Arxiv (2.3 minutes) demon-

strates scalability, as search complexity depends primarily on strat-

egy space rather than graph size.
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Figure 5 illustrates performance as a function of search budget.

GFMTuner exhibits desirable anytime behavior: it quickly reaches

competitive performance within 100 iterations and continues to im-

prove with additional budget. Random search shows slow improve-

ment due to undirected exploration, while greedy search plateaus

early due to premature convergence.

GFMTuner already spans 7+ decision dimensions, yielding com-

binatorial complexity far broader than prior work like AutoGFM.

We conducted additional experiments extending the search space

with graph data augmentation and loss functions:

Table 6: Search space comparison

Variant Cora WN18RR HIV Avg.

GFMTuner (original) 83.2 95.3 72.7 83.7

+ Data Augmentation 84.1 95.8 73.6 84.5

+ Loss Functions 83.5 95.4 73.1 84.0

Results confirm GFMTuner scales gracefully to expanded spaces.

Figure 5 shows search complexity depends on strategy depth rather

than breadth, and GIA’s demand-driven tool invocation naturally

adapts to new dimensions. Appendix A further demonstrate GFM-

Tuner discovering different strategy per task.

Table 7: Efficiency comparison.

Method
Small (Cora) Large (Arxiv)

Perf.
Time Cost Time Cost

Random Search 9.9min 482k 12.4min 557k 76.4

Greedy Search 9.7min 451k 12.9min 529k 78.8

LLM-Reflexion 12.5min 497k 13.6min 565k 78.1

GFMTuner 8.8min 463k 11.1min 542k 82.9
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Figure 5: Performance vs. search budget (MCTS iterations).

6.5 Generalization Study (RQ4)
We evaluate GFMTuner’s generalization across different GFM archi-

tectures and task types to validate that discovered strategies are not

overfitted to specific settings. Table 8a shows consistent improve-

ments across diverse GFMs, including masked autoencoder (Graph-

MAE), prompt-based (GPPT), and cross-domain (OFA), demon-

strating adaptation to different pre-training paradigms without

architecture-specific tuning. Table 8b shows consistent gains across

all paradigms, with notable improvements on graph classification

(+4.2%) and link classification (+3.7%), validating that GIA adapts

reasoning to task-specific requirements.

Table 8: Generalization across different settings.

GFM WikiCS WN18RR PCBA Avg.

GraphMAE 76.6±1.2 94.6±0.7 79.7±1.0 83.6

GPPT 77.4±1.0 93.2±0.2 82.9±0.2 84.5

OFA 77.5±0.2 98.2±0.3 77.2±0.4 84.3

Avg. Imp. +2.8%

(a) GFM architectures.

Method Node Graph Link

Gemini-2.5-Pro 76.0±1.2 89.1±0.6 71.1±1.9

Claude-Opus-4.5 75.9±1.0 88.1±1.1 71.4±0.7

GPT-5.2-Pro 77.4±0.9 89.1±1.4 72.6±1.2

GFMTuner 80.1±1.2 93.3±0.1 76.3±0.6

Δ +2.7 +4.2 +3.7

(b) Task types.

7 Conclusions and Limitations
We presented GFMTuner, a framework automating the entire Graph

Foundation Model fine-tuning pipeline by leveraging LLM-based

agents with test-time Monte Carlo Tree Search. Our approach

bridges the semantic gap between natural language task specifica-

tions and low-level technical configurations, enabling deployment-

readymodels without requiring deep GNN or domain expertise. The

Graph-Instructed Actor grounds LLM reasoning in graph-structural

properties through tool-augmented analysis, while Gradient Con-

sistency provides self-supervised reward signals identifying high-

quality strategies via early-stage gradient behavior. Extensive ex-

periments demonstrate GFMTuner identifies strategies matching or

exceeding expert-designed ones, achieving 3.61% average improve-

ment over strongest baselines while reducing effort from weeks of

manual tuning to a single natural language query.

While GFMTuner demonstrates strong performance across di-

verse graph domains, our implementation relies on a fixed tool

library. While covering common analyses, extending to domain-

specific tools (e.g., pharmacophore detection for molecules, commu-

nity evolution for dynamic networks) could further enhance GIA’s

reasoning. Automatically discovering and integrating task-specific

graph analysis tools remains promising future work.
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A Case Study: Discovered Strategies
To provide deeper insight into GFMTuner’s reasoning process and

the quality of discovered strategies, we present a detailed case study.

This example illustrate how the Graph-Instructed Actor leverages

tool-augmented reasoning to make informed decisions grounded

in graph-structural properties.

Given the natural language query: “I have a graph dataset of
paper citations, where each node represents a paper and the label
represents the field. I need amodel that can predict the paper category.”,
GFMTuner discovers the following strategy through iterative tool-

augmented reasoning:

Discovered Strategy for Arxiv

Architecture: GAT encoder with 4 attention heads, 3 layers, hid-

den dim 1024

Adaptation: Linear probing enabled, fine-tuning LR 0.01 with

cosine scheduler

Regularization: Weight decay 5× 10
−4
, input dropout 0.2, attention

dropout 0.1

Augmentation: Mask rate 0.5, edge drop rate 0.5, replace rate 0.0

Training: 600 epochs, PReLU activation, LayerNorm, SCE

loss (𝛼𝑙 = 3)

Reasoning Trace Analysis. The GIA’s decision process reveals

sophisticated multi-step reasoning:

(1) Task Formulation Stage:The actor first invokes get_basic_stats
to understand the graph scale (169K nodes, 1.17M edges), deter-

mining this is a large-scale node classification task requiring

scalable architectures.

(2) Architecture Selection Stage:The actor invokes get_homophily
(returningℎnode = 0.63,ℎedge = 0.58) and get_degree_dist (re-
vealing power-law distribution with 𝛾 = 2.3). The moderate

homophily suggests that neighbor information is useful but not

uniformly so—leading to GAT selection for its ability to learn

adaptive neighbor weights.

(3) Regularization Stage: Invoking get_clustering reveals high
local clustering (Cglobal = 0.31), indicating redundant structural

information. This motivates aggressive edge dropout (0.5) to

create diverse training signals and prevent overfitting to specific

neighborhoods.

(4) Training Configuration Stage: The combination of large scale

and moderate homophily leads to: (a) linear probing to preserve
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pre-trained knowledge, (b) higher learning rate for the task

head, and (c) longer training with cosine scheduling for stable

convergence.

Synergistic Design Patterns. The discovered strategy exhibits co-

herent interdependencies that would be difficult to achieve through

independent component optimization:

• GAT’s attention mechanism naturally complements moderate

homophily by learning which neighbors are informative per

node.

• Aggressive augmentation (mask rate 0.5) combined with linear

probing prevents catastrophic forgetting while encouraging ro-

bust representations.

• The SCE loss with 𝛼𝑙 = 3 balances cross-entropy with self-

supervised consistency, particularly effective for the 40-class

classification task.

B Dataset Statistics and Descriptions
We evaluate GFMTuner across nine benchmark datasets spanning

three fundamental graph learning paradigms. Table 9 presents com-

prehensive statistics of all evaluation datasets, including graph-level

statistics such as scale, density, and task-specific properties.

Table 9: Comprehensive dataset statistics for downstream
tasks.We report graph-level statistics including scale, density,
and task-specific properties.

Dataset Domain Task #Graphs Avg. |V| Avg. |E | #Classes Feat. Dim Density

Cora Citation Node 1 2,708 10,556 7 1,433 0.0029

PubMed Citation Node 1 19,717 44,338 3 500 0.0002

Arxiv Citation Node 1 169,343 1,166,243 40 128 0.00004

WikiCS Web Node 1 11,701 216,123 10 300 0.0032

FB15K237 Knowledge Link 1 14,541 310,116 237 – 0.0029

WN18RR Knowledge Link 1 40,943 93,003 11 – 0.00011

PCBA Molecule Graph 437,929 26.0 28.1 128 9 0.167

HIV Molecule Graph 41,127 25.5 27.5 2 9 0.169

ChEMBL Molecule Graph 365,065 25.9 55.9 1,048 9 0.167

B.1 Node Classification Datasets
Citation Networks.

• Cora [35]: A classic citation network where 2,708 scientific pub-

lications are classified into seven categories (Case-Based, Genetic

Algorithms, Neural Networks, Probabilistic Methods, Reinforce-

ment Learning, Rule Learning, Theory). Each node is represented

by a 1,433-dimensional bag-of-words feature vector. Edges repre-

sent citation links between papers.

• PubMed [35]: A larger citation network of 19,717 diabetes-related

publications from the PubMed database, classified into three cat-

egories (Diabetes Mellitus Type 1, Diabetes Mellitus Type 2, Dia-

betes Mellitus Experimental). Node features are TF-IDF weighted

word vectors of dimension 500.

• Arxiv (ogbn-arxiv) [18]: A large-scale directed citation network

of 169,343 Computer Science papers indexed by MAG. The task

is to predict one of 40 subject areas. Node features are 128-

dimensional embeddings obtained by averaging word embed-

dings of title and abstract. This dataset tests scalability to industrial-

scale graphs.

Web Graphs.
• WikiCS [29]: A hyperlink network of 11,701 Wikipedia articles

about Computer Science concepts. The 10 classes correspond

to branches of the CS field. Unlike citation networks, WikiCS

exhibits denser connectivity (avg. degree 18.5) and bidirectional

links, testing methods on different structural characteristics.

B.2 Link Classification Datasets
Knowledge Graphs.

• FB15K237 [38]: A subset of Freebase containing 14,541 enti-

ties and 237 relation types. Unlike the original FB15K, inverse

relations are removed to prevent trivial inference leakage. The

dataset requires models to capture complex multi-hop relational

patterns for accurate link classification.

• WN18RR [7]: Derived from WordNet, containing 40,943 synsets

(word senses) connected by 11 semantic relations including hy-

pernymy, hyponymy, andmeronymy. Similarly filtered to remove

inverse relations. The hierarchical structure and lexical nature

make this dataset complementary to FB15K237.

B.3 Graph Classification Datasets
Molecular Property Prediction.

• PCBA (ogbg-molpcba) [43]: Contains 437,929 molecules from

PubChem BioAssay with 128 binary labels indicating biological

activities. The dataset exhibits severe class imbalance (average

positive rate ∼1.4%) and requires models to capture subtle struc-

tural differences affecting molecular function.

• HIV (ogbg-molhiv) [18]: A binary classification dataset of 41,127

molecules labeled by their ability to inhibit HIV replication. With

only 3.5% positive examples, this dataset tests methods on highly

imbalanced scenarios common in drug discovery.

• ChEMBL [10]: A large-scale multi-label dataset of 365,065 drug-

like compoundswith 1,048 activity labels across diverse biological

targets. This dataset evaluates scalability tomany prediction tasks

simultaneously.

B.4 Data Splits and Evaluation Protocols
For all datasets, we follow standard evaluation protocols:

• Node Classification: We use the standard public splits when

available (Cora, PubMed, Arxiv) or 10 random splits with 60/20/20

train/val/test ratio (WikiCS).

• Link classification: We use the official filtered setting where

test triples are ranked against all entities excluding training and

validation triples.

• GraphClassification:Weuse scaffold splits formolecular datasets

to ensure realistic evaluation where test molecules have different

scaffolds than training molecules.
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