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Abstract

Large Language Models (LLMs) increasingly
rely on agentic capabilities—iterative retrieval,
tool use, and decision-making—to overcome
the limits of static, parametric knowledge. Yet
existing agentic frameworks treat external in-
formation as unstructured text and fail to lever-
age the topological dependencies inherent in
real-world data. To bridge this gap, we in-
troduce Agentic Graph Learning (AGL), a
paradigm that reframes graph learning as an
interleaved process of topology-aware navi-
gation and LLM-based inference. Specifi-
cally, we propose AgentGL, the first reinforce-
ment learning (RL)—driven framework for AGL.
AgentGL equips an LLM agent with graph-
native tools for multi-scale exploration, regu-
lates tool usage via search-constrained think-
ing to balance accuracy and efficiency, and
employs a graph-conditioned curriculum RL
strategy to stabilize long-horizon policy learn-
ing without step-wise supervision. Across
diverse Text-Attributed Graph (TAG) bench-
marks and multiple LLM backbones, AgentGL
substantially outperforms strong GraphLLMs
and GraphRAG baselines, achieving absolute
improvements of up to 17.5% in node classi-
fication and 28.4% in link prediction. These
results demonstrate that AGL is a promising
frontier for enabling LLMs to autonomously
navigate and reason over complex relational
environments. The code is publicly available at
https://github.com/sunyuanfu/AgentGL.

1 Introduction

Large Language Models (LLMs) have achieved
strong performance across NLP tasks through their
broad linguistic and reasoning capabilities (Achiam
et al., 2023; Yang et al., 2025). Yet their para-
metric knowledge alone is insufficient for many
specialized or fast-evolving domains (Lewis et al.,
2020). To bridge this gap, Retrieval-Augmented
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Generation (RAG) (Gao et al., 2023) and more re-
cent agentic search frameworks (Li et al., 2025;
Jin et al., 2025; Chen et al., 2025) allow LLMs to
iteratively query external resources and integrate
retrieved evidence into a dynamic chain of thought.

Despite the power of agentic paradigms, they
mainly operate on unstructured text, overlooking
the relational structures that underpin many cor-
pora. In critical domains such as citation networks
(Yang et al., 2016), social platforms (Hamilton
et al., 2017), and commercial ecosystems (Shchur
et al., 2018), information naturally manifests as
Text-Attributed Graphs (TAGs), where meaning is
derived from the interplay between textual content
and graph topology. Consequently, agentic systems
that rely solely on lexical similarity cannot harness
these structural dependencies. This raises a central
question: Can the agentic learning paradigm be ex-
tended to graph-structured environments to enable
dynamic, topology-aware reasoning, and how can
such a system be built efficiently?

Existing graph learning efforts only partially
address this need. Traditional GNNs (Kipf and
Welling, 2016; Velickovic et al., 2017) model struc-
tural signals but struggle with rich textual seman-
tics (Yan et al., 2023). Recent LLM-based Graph
Models (GraphLLMs) integrate LLLMs with graph
information via graph-guided prompting or instruc-
tion tuning (e.g., GraphGPT (Tang et al., 2024),
GraphICL (Sun et al., 2025)), but these models rely
on static graph context extracted once at inference
time, preventing adaptive exploration. GraphRAG
systems (Jimenez Gutierrez et al., 2024; Dong
et al., 2025) construct large text-enriched knowl-
edge graphs (KGs) from corpora, yet these recon-
structed KGs are costly to build and do not pre-
serve the native topological correlations present
in real TAGs. Consequently, neither GraphLLLMs
nor GraphRAG offers mechanisms for dynamic ev-
idence acquisition over real-world graph structure.

This motivates the emergence of Agentic Graph
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Learning (AGL), a new direction where a LLM
agent can autonomously navigate a graph, accumu-
late structural evidence, and iteratively refine its
search trajectory based on on-the-fly reasoning.

However, realizing AGL is non-trivial due to
two fundamental challenges. (CI) Topology-aware
navigation. Evidence on a graph is multi-scale:
some clues appear in tightly local neighborhoods,
whereas others emerge only through broader struc-
tural patterns. An agent must decide where to
go next in a combinatorial space while avoiding
redundant or uninformative regions. (C2) Long-
horizon policy optimization. Effective graph rea-
soning frequently requires multi-step exploration,
but ground-truth search trajectories are rarely avail-
able. This makes it difficult to learn policies that
balance exploration, exploitation, and reasoning
depth, and easy for agents to drift into irrelevant
branches or incur unnecessary tool calls. Address-
ing these challenges demands a principled formula-
tion of graph-native action spaces and stable train-
ing mechanisms for long-horizon decision-making.

To address these challenges, we propose
AgentGL, a framework that formulates graph
learning as an agentic decision-making process
optimized through reinforcement learning (RL).
AgentGL equips LLM with a suite of graph-native
search tools, including local neighborhood expan-
sion, hop-constrained traversal, and global evi-
dence probing that enable multi-scale structural
exploration tailored to the task. To prevent over-
searching and encourage deeper reasoning on re-
trieved evidence, we introduce search-constrained
thinking, a mechanism that biases the LLM agent
toward reflective inference before invoking ad-
ditional graph queries. To support stable long-
horizon learning without step-by-step trajectory su-
pervision, we further develop a graph-conditioned
curriculum RL strategy that progressively increases
topology exploration difficulty, integrates multi-
faceted rewards, and enforces efficient use of graph
tools under limited budgets. Together, AgentGL
enables LLM agents to learn adaptive, topology-
aware search policies that significantly enhance
performance on diverse graph reasoning tasks.

4 We study Agentic Graph Learning (AGL), a new
paradigm that treats graph learning as an inter-
leaved process of topology-aware exploration
and LLM-based reasoning. This formulation
unifies graph structure, text semantics, and agen-
tic decision-making under a single framework.

4 We propose AgentGL, the first RL-driven AGL
framework that synergizes structural percep-
tion, strategic reasoning, and policy learning.
Specifically, it orchestrates graph-native search
tools and search-constrained thinking to nav-
igate complex topologies, employing graph-
conditioned curriculum-based RL to optimize
the policy without step-wise supervision.

4+ We evaluate AgentGL across multiple TAG
benchmarks and graph tasks, demonstrating
strong improvements over leading GraphLLLM
and GraphRAG baselines. Specifically, it de-
livers absolute accuracy improvements of up to
17.5% in node classification and up to 28.4% in
link prediction across diverse LLM backbones.

2 Related Work

Graph Learning with LLMs. Recent work
has focused on bridging the gap between graph-
structured data and LLMs to facilitate graph rea-
soning. One line textualizes local structures into
natural-language descriptions to support LLM rea-
soning and contextualized representations (Zhao
et al., 2023; Guo et al., 2023; Chen et al., 2024c; Li
et al., 2024; Shi et al., 2024; Fang et al., 2024;
He et al.). Another line derives graph tokens
or structure-aware embeddings and injects them
into prompts for graph instruction tuning (Tang
et al., 2024; Chen et al., 2024b; Liu et al., 2024b;
Sun et al., 2026; Zhang et al., 2025), or performs
training-free inference via graph in-context learn-
ing (Sun et al., 2025; Huang et al., 2023; Liu
et al., 2024a). Despite progress, these pipelines
are largely static, limiting adaptation when addi-
tional evidence is needed during inference time.

Grounding LLMs with External Knowledge.
While standard RAG improves factuality via static
retrieval (Lewis et al., 2020; Gao et al., 2023), agen-
tic search advances this by enabling iterative rea-
soning through reinforcement learning (Jin et al.,
2025; Song et al., 2025; Chen et al., 2025) or
prompting (Yao et al., 2022; Press et al., 2023;
Li et al., 2025). However, these methods predom-
inantly target unstructured text. To incorporate
structure, GraphRAG approaches (He et al., 2024;
Jimenez Gutierrez et al., 2024; Dong et al., 2025;
Han et al., 2024) retrieve evidence from graph-
structured data. Yet, they often rely on synthetic
graphs reconstructed from flat corpora and their
task objectives are fundamentally different from
GL (A.2). Even native-graph methods remain lim-
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ited: GraphCoT (Jin et al., 2024) focuses on graph
QA, while GraphSearch (Liu et al., 2026) targets
graph learning, yet both rely on heuristic prompt-
ing with limited optimization, often yielding sub-
optimal solutions.

3 Problem Statement

We study agentic graph learning (AGL) on a TAG
G = (V,A,T), where V is the node set, A is the
adjacency matrix, and 7 = {t, | v € V} contains
node texts. In this paper, we focus on two classical
GL tasks: Node Classification and Link Prediction.
Specifically, given a query (), a target instance x
(e.g.,anode v € V or a node pair (u,v) € V x V)
and ground-truth label y, the goal is to predict y by
grounding the decision in graph-derived evidence.
Formally, we formulate AGL as a sequential de-
cision process on graph G. Given a target x and
query @, the policy 7y iteratively samples actions
a; ~ mp(-|hy) from S U {ANSWER}, where S
denotes a predefined set of graph-native search
tools for multi-scale exploration. This interaction
yields a trajectory 7 containing the accumulated
evidence E and the final prediction ¢. Our goal
is to optimize 6 to maximize the expected reward
R over the dataset D: J (6) = E-r, [R].

4 Methodology

We present the AgentGL framework (Figure 1),
which organizes learning around two complemen-
tary components: graph-native policy bootstrap-
ping (Sec. 4.1), where the agent acquires core
navigation behaviors, and search-efficiency opti-
mization (Sec. 4.2), which regulates tool use dur-
ing long-horizon reasoning. Both components are
trained under a graph-conditioned curriculum learn-
ing regime (Sec. 4.3) designed to improve stability
and accelerate convergence.

4.1 Graph-Native Search Policy Bootstrapping

We begin by formulating the RL objective func-
tion, designed to empower the LLM agent to au-
tonomously explore the graph structure while pre-
serving its reasoning capabilities, defined as:

JO)=E oyrp [R(GY")~FDr(my || mer)].

Trmg(+|2,Q,05s)

where Gg signifies the graph environment accessed
via the toolset S = {TIH()I’7TZH()PvTSSvTDL‘.\ISL?};
R(y,y*) is the outcome-based reward; Dy, rep-
resents the token-level KL divergence between the

current policy 7g and the reference policy 7ries;
and (3 is the coefficient controlling the KL penalty
strength. To bootstrap the graph-native search
(GNS) policy, we next introduce the GNS tools
in S for searching evidence (the text attributes of
the collected candidates) directly from the TAG.

Definition 4.1 (I-hop Neighborhood Search).
Given a query () and an input x, we simplify the
process by treating x as a pair (u, v) (if z is a single
node u, we set v = u). Let C = Ni(u) NNy (v)
and U, = N1(2)\C for z € {u, v}. The tool Tyyep
constructs the result set £ by prioritizing common
neighbors and balancing exclusive ones:

E=TopK(C,K) U | TopK(U.,k.),
ze{u,v}

where the quotas ky,k, satisfy k, + k, =
max(0, K — |C|) = R and represent the balanced
allocation defined by:

ky, = min (U, |, max ([R/2], R — |Uy])) -

Given the candidate nodes returned by the tools, the
next question is how we select the most informative
ones; we address this with a ranking score. The
ranking score for a neighbor n is computed via
cosine similarity against a fusion embedding:

s(n) = cos (hy, \yhg + (1 — A )hy),

where h.) denotes the semantic embedding, h,, =
%(hu +h,) averages the target pair, and A\, € [0, 1]
balances the query relevance.

Definition 4.2 (2-hop Neighborhood Search).
Tanop follows an analogous retrieval logic to Defi-
nition 4.1, substituting scope N (+) with N(+).

Definition 4.3 (Structure Salience Search). Lever-
aging precomputed PPR scores (Jeh and Widom,
2003) s'(v), 7ss retrieves the TopK globally salient
candidates from the entire graph, ranking by s'(v)
for nodes or the mean £ (s(i) + s(;j)) for pairs.

Definition 4.4 (Graph Dense Search). The tool
Tpense Operates identically to Definition 4.3, except
that it substitutes the structural score s'(-) with the
semantic relevance measured by the cosine similar-
ity of node or pair embeddings ¢(-).

Remark 4.5 (Design Rationale). This toolkit is de-
signed to ensure comprehensive coverage of the
graph information space, spanning two critical di-
mensions: Local vs. Global and Structure vs. Se-
mantics. Tigop and Tryep facilitate precise local
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Figure 1: Method Overview. Equipped with graph-native search tools (Top-Left) for structural evidence mining,
AgentGL employs a two-stage training strategy building on GCCL (Top-Right). The training progresses from Stage
1: Policy Bootstrapping (Bottom-Left), which uses shaped rewards to instill tool proficiency, to Stage 2: Mitigating
Search Overuse (Bottom-Right), which optimizes the trade-off between search efficiency and reasoning accuracy.

grounding by harmonizing explicit topological de-
pendencies with specific query requirements via
a weighted fusion strategy. To transcend struc-
tural isolation, the global operators offer broader
horizons: Tgs acts as a structural prior, identifying
topological pivots to guide macro-level reasoning,
while Tpense adapts the Dense Retrieval paradigm
from RAG to graphs, bridging disconnected nodes
via latent semantic correlations. Collectively, these
primitives empower LLMs to navigate the graph
with the same versatility as navigating text.

Optimization with RL Algorithms. To enable
LLM:s to leverage GNS tools for interleaved reason-
ing while exploring graph structure, and to avoid
the high cost of constructing SFT-style supervision,
we directly optimize the policy via RL. Specifi-
cally, we instantiate AgentGL with two mainstream
critic-free policy optimization algorithms: Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) and REINFORCE++ (R++) (Hu et al., 2025)
to optimize the AGL process.

Template Design and Trajectories. To support
interleaved reasoning and graph-native search in
a way that is both learnable and automatically
evaluable, we cast AGL as a reason—act—observe
interaction loop with a strict, machine-parseable
interface. Concretely, each prompt specifies (a)
a dataset-routed task instruction with a closed
label space and target instance text attribute, (b) a
toolbox & of GNS pools with per-pool introduc-
tion, and (c) other instructions to steer the model
toward the required response format. Within the
(<think>)- - - (</think>) block, the model may issue
at most one retrieval action per round by emitting
a pool-specific query tag (<[begin_of_query[>)

tool name:query (<[end_of_query[>), after which
the environment executes the corresponding
GNS tool and returns evidence wrapped in

(<Ibegin_of_documents[>)- - - (<[end_of_documents][>).

Formally, let by = (z, ) denote the initial context.
We model the agentic rollout as a recursive state
transition process, where the context evolves via

the interactive trajectory defined by:

hi = hi—1 ® (as, [[at]]g) st Qg ~ 7T9(- ‘ ht_1>

where the action a; = (s, ¢) specifies a tool se-
lector s; € S and a textual query ¢;. The seman-
tic bracket [a;]g denotes the structural evidence o;
(e.g. text attributes) retrieved from graph G. The op-
erator @ recursively appends this interaction turn to
the history h;_1. A rollout terminates either when
the agent takes the terminal action and decides to
output the final answer in Kanswer>)-
or when the maximum budget B is exhausted.
Reward Shaping. We use a composite reward to
provide dense, programmatic supervision for struc-
tured tool use while keeping the final objective
aligned with task correctness. Concretely, for a
trajectory 7 with prediction ¢, we define

- (</answer>),

R(7) = remr(T) + Tacc(@,y) + reov(T)

Format reward reyr(7) enforces strict adherence
to our tool-use template (tool name + query/args
+ structured think/answer), making trajectories re-
liably machine-parsable for stable RL. Accuracy
reward racc (9, y) = AI[§ = y] anchors optimiza-
tion to the end task and prevents reward hacking
toward purely “well-formatted” behaviors. GNS
coverage reward rcoy (7) encourages early explo-
ration of all proposed tools, which is crucial to
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prevent early mode collapse to a single default ac-
tion (one tool or no tool) and to ensure sufficient
exploration over the discrete tool-action space.

Teov(T) =1 reov(T) < |S|n

j=1

where each tool 7; € S contributes at most once.

4.2 Less is More: Mitigating Search Overuse

While the bootstrapping stage establishes founda-
tional graph navigation capabilities, it prioritizes
feasibility over optimality, often defaulting to inef-
ficient, exhaustive retrieval. However, given that
the effective neighborhood range is highly instance-
dependent (Xu et al., 2018), the optimal structural
context varies substantially across queries. Indis-
criminate tool usage is thus counterproductive: it
not only incurs computational overhead but creates
structural noise that degrades reasoning fidelity.
To address this, we introduce Search-Constrained
Thinking. This phase implicitly optimizes efficiency
by compelling the agent to autonomously discern
the minimal sufficient trajectory—maximizing ac-
curacy by effectively pruning redundant steps. Ac-
cordingly, the optimization goal is formulated as:

0" = argminErur, [T(7)] st 6 € argmax Jyass(V)
) 9

where Jpase denotes the bootstrapping objective
and T'(7) denotes the total search cost of trajectory
7. By treating accuracy as a hard constraint, we
restrict the efficiency optimization strictly to the
optimal solution space, ensuring the agent learns
parsimony without compromising performance.
Search-Constrained Thinking. To instantiate the
implicit optimization target, we introduce a strat-
egy that enforces a "Think more, Search less: Pre-
cision via Parsimony" paradigm. This approach
couples retrospective verification with cognitive
density constraints to substitute redundant retrieval
with deep reasoning, via three components:
Retrospective Termination Trigger. To preclude
habitual search continuation, we inject a cognitive

interrupt into the context after each tool execution:
Let me first carefully review the searched
documents of {GNS tool name} and decide whether
another search is necessary before proceeding.

This trigger acts as a soft constraint, compelling the

LLM to explicitly evaluate the sufficiency of the
current evidence state G, during training, trans-
forming the search process from a habitual se-
quence into a series of deliberate, binary decisions.

Cognitive Density Regularization. To ensure that
reduced search frequency stems from efficient in-
formation absorption rather than superficial skip-
ping, we impose a penalty on sparse reasoning.
Formally, we define segments {s;} as the post-
retrieval reasoning blocks dedicated to analyzing
the acquired context and define a segment as “de-
ficient” if the token length £(s;)< the threshold ¢.
We introduce a depth-oriented term 7gepeh:
Tdepth(z) =« H[Nshort = 0] — Ad - Nshort

where Nghort counts deficient segments. This for-
mulation strictly penalizes fragmented thinking,
incentivizing the generation of dense reasoning
blocks before further actions.

Adaptive Reward Transition. Reflecting the shift
from exploration to exploitation, we discard the
coverage incentive rcoy While retaining rgyr for
format constraints. The main optimization is thus
streamlined to the synergistic maximization of ac-
curacy 7acc and reasoning density 7gepen. This
alignment prioritizes deep internal processing over
redundant retrieval, naturally converging onto the
minimal sufficient trajectory:

R(T) = remr(T) + Tace(9,Y) + Tdeptn(2)

4.3 Graph-Conditioned Curriculum Learning

To stabilize training and accelerate convergence,
we leverage intrinsic graph properties for curricu-
lum design. Unlike reasoning tasks where difficulty
estimation relies on expert annotation (Hendrycks
et al., 2021) or expensive pilot rollouts (Song et al.,
2025), graphs offer a distinct advantage: learnabil-
ity is directly quantifiable via topological and se-
mantic priors. We formulate an analytical difficulty
scoring function S(-) to proxy hardness, enabling a
smooth, cost-free training progression from confi-
dent to ambiguous instances for different tasks via
graph-conditioned curriculum learning (GCCL).

Node Classification with GCCL. Drawing on
prior theoretical insights, node classification diffi-
culty is jointly governed by local homophily and
degree magnitude (Tang et al., 2020; Zhu et al.,
2020) in many cases. To derive a robust met-
ric Snc(v) that approximately estimates difficulty,
we rectify homophily estimates using the Wilson
Lower Bound, augmented by degree magnitude:

12
=+ nlog(l+dy)

1+5

Wilson Lower Bound
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where p,, is the neighbor label consistency, d,, is the
degree, z is the standard normal quantile and 7 reg-
ulates the impact of degree priors. This formulation
prioritizes structurally prominent hubs (Easy), pro-
gresses through intermediate nodes (Medium), and
defers ambiguous, heterophilous outliers (Hard).

Link Prediction with GCCL. Inspired by heuris-
tics in link prediction (Zhang and Chen, 2018; Mao
et al., 2023), we posit that “easiness” aligns with
the consistency between semantic similarity and
label existence. For a link pair e = (u,v) with
label y. € {0, 1}, we calculate the score based on
cosine similarity of node features sim(x, X, ):

Sip(€) = ye - sim(xy, xy) + (1 — ye) - (1 — sim(xu, X))

We prioritize consistent pairs (high-sim positives,
low-sim negatives) as Easy. The curriculum tra-
verses ambiguous Medium instances, deferring
Hard structural noise-conflicting cases like high-
sim negatives to later training iterations.

Training Process. Algorithm 1 outlines the proce-
dure: AgentGL first undergoes graph-native policy
bootstrapping (Sec. 4.1), then search-efficiency
refinement (Sec. 4.2). Both stages follow an easy-
to-hard curriculum in Sec. 4.3. More details are
provided in Appendix A.3.

5 Experiments

We conduct extensive experiments to validate the
effectiveness of AgentGL. Specifically, we evaluate
on 7 TAG datasets spanning 3 domains, compare
against 13 baselines across five categories, and test
2 backbone LLMs with different parameter scales.
Datasets. We use the following datasets: (1) Ci-
tation Networks: OGB-Arxiv (Hu et al., 2020),
PubMed (Sen et al., 2008), and Arxiv-2023 (He
et al.); (2) Amazon Products: OGB-Products
(Hu et al., 2020), Amazon-Photo, and Amazon-
Computers (Shchur et al., 2018); and (3) Social
Networks: Reddit (Yan et al., 2025). Additional
dataset details and data splits are provided in the
Appendix A.1.

Baselines. We compare AgentGL against a di-
verse set of up-to-date, strong baselines span-
ning (1) GNNs (§): GraphSAGE (2021), GCN
(2016) and RevGAT (2021); (2) GraphLLMs
(f): LLaGA (2024a), GraphGPT (2024), Graph-
Prompter (2024b) and GraphICL(-S1) (2025);
(3) GraphRAG (%"): LinearRAG (2025), Hip-
poRAG?2 (2025) and GraphCoT (A special kind of

agent framework ) (2024); (4) Standard Agen-
tic Search (Q): Search-R1 (2025) and Search-
O1 (2025); (5) Large Language Models (@):
Qwen2.5-3B/7B-Instruct (2025) (SFT), to compre-
hensively assess predictive performance.

Setup. For a fair comparison, we use the same
LLM backbone as AgentGL for all baselines whose
final reasoner is an LLM. For GraphRAG baselines,
we construct the graph-based retrieval corpus by
collecting the node texts involved in our experi-
ments. For standard agentic search baselines, since
they lack native graph-search capability, we replace
their original online-search space with the set of
graph nodes, ensuring that they can be properly
applied to graph reasoning tasks; implementation
details are provided in the appendix. Other settings,
such as SFT and RL training procedures, follow the
original papers. The other implementation details
are provided in the Appendix A.3.

5.1 Opverall Performance

We first evaluate in-domain and zero-shot transfer
performance, with results listed in Table 1. For all
methods, we train only on OGB-Arxiv and OGB-
Products using different Qwen backbones, and then
test on the test splits of all datasets. Based on these
results, we summarize the following observations:
Obs 1. AgentGL consistently achieves the best
performance across multiple tasks and domains,
under diverse graph-reasoning regimes. For node
classification (NC), with Qwen7B as the backbone,
AgentGL outperforms the baselines by an average
of 12.7% on the in-domain evaluation and 24.4 %
on the zero-shot transfer setting. For link predic-
tion (LP), AgentGL achieves an average gain of
26.3% in-domain and 22.4% in zero-shot transfer.
These improvements are consistent across model
scales: with Qwen3B, AgentGL improves over the
baselines by 14.5% on in-domain NC and 26.3%
on in-domain LP, and by 26.6% and 22.4% on
zero-shot NC and LP, respectively.

Obs 2. AgentGL showcases the promise of inter-
leaved graph reasoning and searching, outper-
Jorming static context stuffing. Methods that pri-
marily rely on static “stuffing” (e.g., GraphRAG or
GraphLLM) can be competitive in some settings,
but are consistently outperformed by AgentGL. Tak-
ing Qwen7B LP as an example, AgentGL achieves
47.4% and 23.2% higher in-domain performance
than GraphRAG and GraphLLM, respectively;
these substantial margins are sustained under zero-
shot transfer at 35.4% and 26.9%. This trend sug-
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Tasks Node Classification Link Prediction
Settings In-Domain Zero-shot Transfer In-Domain Zero-shot Transfer
Methods OGB-Arxiv OGB-Products| PubMed Photo  Computers Arxiv-23 Reddit OGB-Arxiv 0GB-Products| PubMed Photo  Computers Arxiv-23 Reddit
GNN-Based Methods
GCNP 60.2t7.7  58.8110.8 [14.1+t6a5 8.0442.8 10.0150.2 1.9463.6 7-1440.0 ||55.54358.1 74.7+18.s [51.0 424.8 49.8 +10.7 50.5424.1 52.0 t38.1 53.2 434,58
RevGAT 589190  56.71129 [13.5+651 1214388 5645106 131612 8.243s0 04316 7354200 [55.8 1200 5941101 50.7 1239 61.8 1053 61.8 1062
SAGEY 60.147.8 56.9412.7 |11.1467.5 821407 T4dqs28 3.6161.0 3.1144.0 |]61.0432.6 73.4420.1 [50.9 4249 51.6 1179 50.3 124.3 50.5 130.6 57.6 130
LLM-based Methods
Qwen2.5-3B-Instruct
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Table 1: Performance Comparison on Node Classification and Link Prediction benchmarks under In-Domain and
Zero-shot Transfer settings. The best results are highlighted in bold. The metric used for two tasks is ACC (%). Red
values (1) indicate the absolute gain over baselines. These denote the average improvement of the two RL variants;
for GNN comparisons, they represent the average gain across 3B and 7B backbones.

GNSPB | MSO Datasets
OGB-ARXIV OGB-PRODUCTS ARXIV-2023 PUBMED AMAZON-PHOTO AMAZON-COMPUTERS REDDIT
ACC(%) #Search | ACC(%) #Search | ACC(%) #Search | ACC(%) #Search | ACC(%) #Search | ACC(%) #Search ACC(%) #Search
v x 65.6 155 4.00 1550 | 74.1 2.00 110% | 66212 398 1050 | 808110  3.99 106 0% | 56.9 50 3.99 120 50 | 67.2 11 3.97 110.0% | 507134 397 115.5%
X v 62.3 166 0.00 15, 71.9 1 0.00 1560 61.8 156 0.11 156 o 79.1 45 ¢ 0.02 173 2% 54.3 0.01 176 60.7 0.01 450.0% 48.7 1 0.02 +x5 59
4 v 68.9 3.25 77.0 3.44 67.4 3.56 82.7 2.95 59.9 3.17 68.6 3.21 54.1 3.43

Table 2: Ablation study on different RL training stages. The red (1) and

(J) denote absolute percentage gains

and declines, respectively. #Search represents the average search count on the test set of each dataset (Budget=4).
The percentage calculation and comparison for the number of searches are conducted based on the budget.

gests that static context injection is more brittle
to distribution shifts, while AgentGL’s interleaved
searching, reasoning loop can adaptively acquire
task-relevant evidence and suppress irrelevant con-
text, leading to more robust transfer.

Obs 3. Different RL algorithms yield comple-
mentary strengths for AgentGL across graph
tasks. Across datasets, AgentGL-R++ and
AgentGL-GRPO show a consistent stage/algorithm-
dependent profile: GRPO yields higher NC perfor-
mance by an average of 0.9% across settings (aver-
aged over Qwen3B/7B), whereas R++ is stronger
on LP, improving over GRPO by 3.3% on average
across settings. This indicates a clear tradeoff be-
tween algorithms, with task-wise advantages that
can be selected based on the target domain.

Obs 4. Scaling up the backbone enhances
AgentGL’s agentic graph learning capability.
Scaling the backbone from 3B to 7B consistently
improves AgentGL on both tasks: the average gain
18 9.0% (in-domain) and 11.8 % (zero-shot) for NC,
and 5.6 % (in-domain) and 8.7 % (zero-shot) for LP.
The improvement is particularly pronounced under

zero-shot transfer, indicating that larger backbones
better learn and generalize the tool-use policy for
adaptive evidence acquisition.

5.2 Impact of Multi-Stage Training

To study the impact of our proposed two-stage RL
training: GNS Policy Bootstrapping (GNSPB) and
Mitigating Search Overuse (MSO), on both overall
performance and search efficiency, we conduct a
stage-wise ablation analysis. Specifically, we ab-
late each training stage and compare the resulting
variants in terms of accuracy and tool-call cost,
with results reported in Table 2.

Obs 5. Omitting any RL training stage of
AgentGL leads to concurrent drops in both ef-
ficiency and performance. When keeping only the
GNSPB stage, the presence of 7cov (7) encourages
the LLM to reliably cover all four tools, which
maintains relatively strong performance across
datasets; however, it almost always consumes near-
full search budgets, increasing the overall cost. In
contrast, when keeping only the MSO stage, the
policy tends to collapse during training, converging
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Figure 2: Ablation study of AgentGL(7B)-GRPO on
NC: Analysis of valid GNS counts and training rewards.

Model OGB-Arxiv Amazon-Photo Avg.

AGENTGL 68.9 59.9 64.4
w/o Tcoy 65.2 137 554 445 60.3 441
w/o CDR 65.9 130 57.1 428 61.5 159
w/o RTT 654 15 5 56.5 +3.4 61.0 43 4
w/o GCCL 68.2 107 593 106 63.8 10.6

Table 3: Component-wise ablations of AgentGL. Red
numbers denote the absolute improvements.

to the degenerate behavior of making zero searches
and carrying this pattern over to inference, which
weakens its search capability and degrades perfor-
mance, resulting in the worst overall results. Only
by combining both stages can the model achieve
both strong performance and high efficiency; for
example, compared to using GNSPB alone, the full
method reduces tool calls by about 17.5% while
improving accuracy by an average of 2.4% on NC.

5.3 Component-wise Ablation Analysis

Having established the efficacy of the sequential
training, we now isolate the impact of granular com-
ponents within each stage. Specifically, we ablate
individual reward terms and the search-constrained
thinking strategy to quantify their distinct contribu-
tions to the agent’s reasoning capabilities.

Obs 6. Each component is critical for maintain-
ing the balance between search steps and model
performance. For Stage 1, as illustrated in Fig-
ure 2a, in the absence of r¢oy(7), the model fails
to acquire effective search habits during training.
Consequently, as training steps increase, the agent
eventually degenerates to ceasing search operations
entirely, maintaining a suboptimal reward level
(Figure 2b). Regarding Stage 2, we conducted an
ablation study on the Retrospective Termination
Trigger (RTT) and Cognitive Density Regulariza-

Datasets

OGB-Arxiv PubMed Amazon-Computers
A =0.0 67.1 80.6 65.7
A =0.5 68.9 82.7 68.6
Ar=1.0 66.9 80.1 66.2

Table 4: Impact of the hyperparameter \,..
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Figure 3: Ablation study of GCCL in different stages
for AgentGL(7B)-GRPO on NC.

tion (CDR). We observe that without CDR, driven
by RTT, the model attempts to improve search ef-
ficiency in the early phases of Stage 2; however,
this improvement is unsustainable, and the model
eventually converges to a search step magnitude
similar to that of Stage 1 (Figure 2c). Conversely,
without RTT, the model persists in the reasoning
mode of Stage 1, failing to achieve any efficiency
gains. Only the synergistic combination of both
components can stably reduce the average search
steps, saving approximately 22% of the search
cost when training converges while achieving a
3% improvement in accuracy (Table 3). Further-
more, we perform an ablation study on A,, which
governs the embedding-based weighted search for
Tinop and Tapop. As shown in Table 4, the model
achieves optimal performance when a balanced
weight (A, = 0.5) is applied. This observation un-
derscores the necessity of harmonizing structural
topology with semantic similarity, which is essen-
tial for comprehensive AGL.

5.4 Study of Graph-Conditioned Curriculum
Learning (GCCL)

Obs 7. GCCL serves to stabilize and expedite con-
vergence across distinct training stages. As illus-
trated in Figure 3, for Stage 1, GCCL effectively ac-
celerates reward convergence and mitigates oscilla-
tions in the later phases of training. A similar trend
is observed in Stage 2, where GCCL stabilizes the
GNS frequency, maintaining the search steps at a
consistently lower magnitude compared to the base-
line without GCCL as training progresses. Further-
more, quantitative results in Table 3 corroborate
that GCCL not only expedites convergence but also
yields an accuracy improvement of approximately
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0.65%. In essence, GCCL serves as a stabilizing
backbone, effectively guiding the LLM through the
complex graph exploration space without succumb-
ing to local optima or early-stage volatility.

6 Conclusion

In this paper, we propose AgentGL, the first RL-
driven agentic framework for graph learning, which
reformulates Graph Learning as an interleaved
process of topology-aware exploration and LLM-
based reasoning. AgentGL leverages graph-native
search tools for effective navigation and employs
a two-stage RL strategy to balance accuracy and
efficiency. Across multiple LLM backbones and
benchmark settings, AgentGL consistently outper-
forms strong baselines, including GraphLLMs and
GraphRAG methods, achieving the best average
performance across all backbones, with absolute
gains of up to 17.5% on node classification and
28.4% on link prediction. We hope this work in-
spires further research into agent-based approaches
for complex graph reasoning tasks.

7 Limitations

AgentGL currently operates on text-attributed
graphs and does not yet support multimodal-
attributed graphs, limiting its applicability in set-
tings where nodes contain richer modal informa-
tion. Moreover, stable performance in the MSO
stage depends critically on a careful trade-off in
data allocation between the two stages. It also re-
mains worth investigating whether the MSO stage
alters the distribution of tool usage during infer-
ence time. The MSO stage is designed to be simple,
direct, and effective, and we hope it will encour-
age future research toward more advanced designs.
Finally, extending AgentGL to denser graphs also
remains a potential direction for future exploration.
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A Appendix

A.1 Dataset Details

We evaluate AgentGL on 7 text-attributed graph
(TAG) benchmarks spanning three domains: cita-
tion networks, e-commerce product graphs, and
social networks. Across all TAGs, each node is
paired with a piece of natural language text (e.g.,
title/abstract for papers, product descriptions for
items, or post text for online forums), which serves
as the semantic grounding for retrieval and rea-
soning; meanwhile, edges encode native relational
structures in the underlying domain, including cita-
tion links between papers, co-purchase/co-view re-
lations between products, or interaction/co-posting
relations in social platforms. This combination
yields a realistic setting for agentic graph learning:
the agent must jointly leverage fopology (where
to search) and semantics (what evidence says) to
solve downstream tasks, while avoiding redundant
evidence accumulation.

On each dataset, we consider two classical graph-
learning problems: node classification (predicting
a node’s category label) and link prediction (pre-
dicting whether an edge exists between a pair of
nodes). Node classification evaluates how effec-
tively the model aggregates multi-hop structural
cues together with node text to infer labels, whereas
link prediction stresses relational reasoning and
neighborhood consistency under sparse supervi-
sion. Unless otherwise specified, link prediction
is formulated as a binary decision, and node clas-
sification uses the original multi-class label space
of each dataset. Table 5 summarizes key statistics,
including the number of nodes, edges, and classes.

For data splits, except for Reddit and Arxiv-
2023, we follow the default split protocol used
in GraphICL (Sun et al., 2025) and apply subsam-
pling. For node classification, on the two training
datasets (OGB-Arxiv and OGB-Products), we sam-
ple 3,000 training nodes each for optimization, and
for each dataset we sample 1,000 nodes from the
original test split for evaluation. For Arxiv-2023,
we keep the original split (He et al.) and likewise
perform subsampling on its test split for evalua-
tion. For Reddit, since the original benchmark (Yan
et al., 2025) is a multimodal graph, we convert it
into a TAG by removing the image attributes of
each node and retaining only the original textual
fields; we then subsample its test split using the
same evaluation protocol.

A.2 More Related Work: GraphRAG vs.
AGL

GraphRAG-style methods extend classical RAG
by incorporating graph structure into evidence se-
lection and organization, typically for open-ended
question answering or long-form generation. In
this paradigm, a graph (often a knowledge graph)
serves as an index or scaffold that helps retrieve
and aggregate textual evidence (documents, pas-
sages, entity descriptions, or triples) to ground an
LLM’s generation (Jimenez Gutierrez et al., 2024;
Zhuang et al., 2025). The core objective is there-
fore generation quality (e.g., factuality, faithful-
ness, relevance), where the graph is an auxiliary
structure that improves retrieval and attribution. In
contrast, Agentic Graph Learning (AGL) treats the
graph as the primary problem instance rather than
an external knowledge base. The goal is to solve
graph learning/reasoning tasks whose correctness
depends on structural signals (e.g., neighborhood
composition, multi-hop dependencies, or structural
ranking), such as node classification, link predic-
tion, and other graph-native queries. Accordingly,
the agent interacts with the environment through
graph-native operators that return nodes’ text at-
tributes, and the episode terminates with a dis-
crete task decision, instead of free-form generation.
This framing yields trajectories that are inherently
graph-operational: the policy learns which struc-
tural context to acquire under a budget and when
to stop, rather than retrieving text to write an an-
swer. Although several recent works (Luo et al.,
2025) have explored agentic GraphRAG, this is not
equivalent to agentic graph learning, as the two
lines of research focus on fundamentally differ-
ent objectives. Nevertheless, given their high-level
similarities, we select representative (canonical)
GraphRAG baselines and adapt them to perform
graph reasoning, and we provide a detailed empiri-
cal comparison in the experiments section.

A.3 Implementation Details

GraphRAG baselines. For HippoRAG2, Linear-
RAG and GraphCoT, we follow their original set-
tings whenever applicable. For HippoRAG2, we
use gpt-4o-mini for entity extraction and nv-embed-
v2 as the embedding model for retrieval. For Lin-
earRAG, we use spaCy for named entity recogni-
tion and all-mpnet-base-v2 for embeddings. Both
configurations match the default choices reported
in their respective papers. To build the retrieval
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Domain Dataset #Nodes #Edges | #Classes
Citation Network OGB-Arxiv 169,343 1,166,245 40
Citation Network PubMed 19,717 44 338 3
Citation Network Arxiv-2023 46198 78548 40
Amazon Products | OGB-Products (subset) 54,025 74,420 47
Amazon Products Amazon-Photo 48,362 500,939 12
Amazon Products Amazon-Computers 87,229 721,107 10
Social Network Reddit 15,894 566,160 20

Table 5: Dataset statistics used in this paper across three domains. #Classes correspond to the node classification

label space; link prediction is treated as binary.

graph in a way that balances downstream task re-
quirements with the original construction scale of
these methods, we subsample 500 nodes from each
TAG and construct the GraphRAG index using their
original node text attributes (before any additional
processing), which is then used for retrieval during
inference. This subsampled graph is used solely
for retrieval/augmentation and is applied consis-
tently across compared methods. For GraphCoT,
we follow the original implementation and prompt-
ing protocol. In the experiments, we categorize it
as a GraphRAG method because it shares key char-
acteristics with other GraphRAG approaches: it is
primarily designed for knowledge-intensive QA,
and it supports reasoning by retrieving evidence
from a graph augmented with external knowledge.

GraphLLM baselines. All GraphLLM baselines
are implemented under the same configurations as
reported in their original papers, including their
default prompting/formatting, graph-to-text serial-
ization strategies, and hyperparameter choices.

GNN baselines. For GNN-based baselines, we
adopt the same multi-dataset training and transfer
protocol as LLaGA (Chen et al., 2024b).

Standard Agentic Search Baselines. As dis-
cussed in the paper, these methods do not na-
tively support search over graph-structured evi-
dence. Moreover, allowing unrestricted online
search would make the comparison unfair, since
they could directly obtain the answer from the web
and bypass any reasoning. Therefore, we keep their
original prompting strategies, training protocols,
and other settings unchanged, and only replace
their online search component with a constrained
variant that restricts search to the nodes within the
input graph. For Search-R1, we apply GRPO train-
ing algorithms.

AgentGL. (Hyper-Parameters) We use Open-
RLHF as our primary reinforcement learning train-
ing framework. For node classification, each graph-
native search tool returns at most 5 retrieved nodes
per call, and we append their node text attributes
as evidence to the model context. Unless otherwise
specified, we sample 16 rollouts per prompt and
use a single episode per update, with zero warmup.
We set the total training batch size to 128 and the
rollout batch size to 32, with a KL regularization
coefficient of 0 and a learning rate of 2e-6. We cap
the maximum sequence length at 1600 and sam-
ple with temperature 1.0. For all text encoding,
we use the ROBERTa-Large encoder (all-roberta-
large-v1). In GCCL, we set the standard normal
quantile z to 1.96 and 7 to 0.05. All experiments
are conducted on a node equipped with 8 NVIDIA
H100-80G-SXM5 GPUs and 32 Intel Xeon Plat-
inum 8462Y+ CPU cores (2.8 GHz). We report the
average accuracy over 2 rounds.

(GCCL Training) For graph-conditioned curricu-
lum learning, we pre-partition the training nodes
into three difficulty strata (easy/medium/hard) and
allocate a fixed quota to each stage. For both OGB-
Arxiv and OGB-Products, Stage 1 uses 800 easy,
500 medium, and 500 hard samples, while Stage
2 uses 200 easy, 500 medium, and 500 hard sam-
ples. Training within each stage is conducted on
the allocated data in ascending order of difficulty.

(Reward Details) In Stage 1, we implement a
lightweight reward server that scores each rollout
by combining (i) task correctness, (ii) format com-
pliance, (iii) tool-usage coverage. Concretely, we
first extract the predicted label and compare it with
the gold category using a normalized string match.
The classification reward is set to 1.5 for an ex-
act match, O for a mismatch, and negative when
the answer is missing (-1.0) or the sample index
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is invalid (-0.5). We additionally apply a format
reward to enforce a clean and machine-parsable
trajectory structure. A response receives +0.5 if
it contains exactly one <think> block and exactly
one <answer> block; otherwise it receives -0.5.
We further check that query/document delimiters
are well-formed (the numbers of begin/end tags
match); this adds +0.1 if consistent and -0.3 oth-
erwise. To prevent leakage of tool I/O into the
final prediction, we penalize cases where the an-
swer block contains query/document tags (-0.5),
where the answer is overly verbose (more than 12
whitespace-separated tokens, -0.2), or where the an-
swer block contains any residual <think> content
(-0.3). To encourage the agent to explore different
graph-native search tools in the bootstrapping stage,
we add a search-coverage reward based on which
tool tags appear in the rollout. Each distinct tool
used contributes +0.5, capped at 2.0 in total. For
Stage 2, we keep the format reward and the classi-
fication reward unchanged. The only modification
is the cognitive-density reward: if any reasoning
segment fails to meet the cognitive density require-
ment, we apply a penalty of -0.2; otherwise, we add
a bonus of +0.5 when all segments satisfy the cri-
terion. The segment-length threshold is set to 100
tokens. For link prediction, the only change is the
number of evidence nodes returned by each tool.
Specifically, 1-hop Neighborhood Search and 2-
hop Neighborhood Search still return up to 5 nodes
per call, while Structure Salience Search returns 2
nodes and Graph Dense Search returns 3 nodes.
AI Usage. We utilized Al exclusively for proof-
reading assistance.

A4 Additional Experiments

Variance analysis. Table 6 reports the perfor-
mance variance over three independent runs under
our RL training setup. Overall, the observed vari-
ances are modest across both node classification
and link prediction, suggesting that AgentGL train-
ing is reasonably stable in practice. A consistent
trend is that smaller backbones exhibit larger vari-
ance than their larger counterparts (e.g., 3B vs. 7B),
which aligns with the intuition that smaller mod-
els are more sensitive to stochasticity in sampling
and policy optimization. This gap is especially no-
ticeable on Amazon-Photo, where the 3B variants
show higher variance across both tasks.

Sensitivity analysis of K value. We further an-
alyze the sensitivity to the neighborhood size K

Model OGB-Products Amazon-Photo
Var(NC)  Var(LP) | Var(NC) Var(LP)
AgentGL-7B-GRPO 0.3 0.4 0.2 0.3
AgentGL-3B-GRPO 0.6 0.3 0.7 1.1
AgentGL-7B-R++ 0.2 0.4 0.5 0.7
AgentGL-3B-R++ 0.4 0.6 0.7 0.8

Table 6: Variance of performance over 3 runs for node
classification (NC) and link prediction (LP) on two
datasets.

Table 7: Sensitivity analysis of K value (AgentGL-7B-
GRPO, Node Classification).

Acc (%) K=1 K=3 K=5 K=17

OGB-Arxiv 65.7 68.1 68.9 68.6
Amazon-Photo 56.2 59.1 59.9 59.7

in the main text. As shown in Table 7, increas-
ing K from 1 to 5 consistently improves accuracy
on both OGB-Arxiv and Amazon-Photo, with the
best results achieved at K=5 (68.9% and 59.9%,
respectively). This suggests that a moderately ex-
panded neighborhood provides more informative
structural context for reasoning. In contrast, further
increasing K to 7 leads to a slight performance
drop on both datasets, indicating that overly large
neighborhoods may introduce redundant or noisy
information. Overall, these results show that an
appropriate neighborhood size is important for bal-
ancing contextual richness and noise, and justify
our default choice of K=5.

A.5 Case Study

To make AgentGL’s decision process more inter-
pretable, we present representative rollouts for both
node classification and link prediction. Fig. 4
shows an NC example from the Amazon domain:
the model first forms a hypothesis from the anchor
text, then verifies it by querying local neighbor-
hoods (1-hop/2-hop) and a global prior (PageR-
ank). We highlight the key reasoning sentences
that directly support the final label, illustrating how
evidence aggregation over the graph reduces ambi-
guity and prevents over-reliance on the anchor text
alone. Fig. 5 provides an LP example from Red-
dit, where the model validates a potential edge by
searching common 1-hop neighbors; the shared co-
post motif offers strong structural evidence that the
two endpoints lie in the same tight cluster. Across
cases, the agent typically terminates early once the
searched evidence becomes self-consistent, avoid-
ing redundant searches under a bounded budget.
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A.6 Prompt Template

We use a standardized prompt format to expose
graph-native search tools to the policy in a machine-
parsable manner. Figs. 613 summarize the tem-
plates used for node classification and link predic-
tion. Each prompt consists of a system instruction
specifying the task, the available search pools, and
strict output constraints, followed by a user mes-
sage that provides the anchor instance (NC) or a
node pair (LP). Placeholders {{...}} are instantiated
with dataset-specific task lines, label spaces, rela-
tion descriptions, and per-pool Top-K limits, while
keeping the action interface invariant across do-
mains. During inference (and RL rollouts), all tool
calls must appear inside a single <think> block,
and the final prediction must be emitted as exactly
one label enclosed by <answer> tags. This de-
sign ensures consistent trajectory logging, robust
automatic reward computation, and reproducible
evaluation under a fixed search budget.
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Algorithm 1: AgentGL: Agentic Graph Learning with RL

Input: Graph G; stage data D), D®?); tools S = {m1y0p, TorOPs 7SS, TDENSE }; ref policy

Tret; KL coeff 3; budget B; rollouts N; GCCL params: (z,7) (NC), Sim (LP); Stage-1
params: \,, Neov; Stage-2 params: A,, v, Ay, 0; RL alg ALG € {GRPO, R++}.

Output: Optimized 7g.

1 foreach s € {1,2} do // Two RL Stages
2 | D+ DV
3 if = is node then // NC: Sye(v) = WLB(py, dy; 2) + nlog(1 + dy)
4 ‘ Scores < CalcDiffNC(D, G; z,n)
5 else
6 Scores < CalcDiffLP(D; Sim)
L /! Spp(e) = yeSim(zy, xy) + (1 — ye)(1 — Sim(xy, x4))
7 {Cg,Cm,Cu} < SplitByDifficulty(D, Scores)
8 if s = 1 then // Stage 1: Graph-Native Search Policy Bootstrapping
‘ /1 R(7) = remr(7) + 7acc(¥,y) + reov(7)
9 else
// Stage 2: Mitigating Search Overuse (inject retrospective trigger
after each tool call)
| 7/ R(7) = rewr(7) + racc(9, y) + Tdeptn(2) (discard rcov)
10 foreach k € {E,M,H} do
1 while stage-s budget not exhausted do
12 B < SampleBatch(Cy)
13 foreach (z,Q,y) € Bdo
14 forn < 1to N do
15 7(™ « Rollout(my,G,S;x,Q, B, s) // a; = (s;,q;) or ANSWER
16 TEMT FmtReward(T(”));
17 racc + AccReward (5™, y) = A\ 1[5 =y
18 if s = 1 then
19 rCov CoverageReward(T(")) = Neov Zj 1[3t : ay = 7]
20 R™ « rpyr + racc + rcov
21 else
22 Tdepth < DepthReward(T(”); a, A, (5) = al[Nghort = 0] — AdNVshort
23 | R™ < revr + race + Tdeptn
2 6 « UpdatePolicy(f, {7(™, R™}, mey, §; ALG) // GRPO/R++ w/ KL
25 return ¢
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Figure 4: A node classification (NC) case illustrating graph-native tool use. We highlight key reasoning sentences
that drive the final decision.

Case Study: Node Classification (NC)

Target instance text attribute:

Tripod is not sturdy enough for heavy use; legs bulge and move, hinge is weak. Not
recommended for rifles or kneeling shots.

Ground truth label:

Tripods & Monopods

Model prediction:

Tripods & Monopods (v Matched)

Model response:

<think>

The anchor summary is already strongly indicative of a tripod: it talks about leg sections bulging, the legs shifting
under load, and a weak hinge, plus mentions kneeling shots / rifles (a common tripod/spotting-scope/shooting-use context).
I’11 still start with local graph evidence and only expand if anything looks like it could actually be an accessory
rather than the tripod itself.

Round 1 — 1-hop: Make the query reflect both the mechanical failure points (hinge/legs) and the use case (kneeling/shoot
ing) so the nearest co-purchases are maximally revealing.
<|begin_of_query|>1-hop:tripod weak hinge legs bulge unstable kneeling shooting<|end_of_query|>
<|begin_of_documents|>
(1) Budget tripod; quick leg locks; okay for light cameras but wobbles when fully extended.
(2) Tripod for spotting scope / range; stable at low height, awkward for kneeling positions.
(3) Lightweight travel tripod with ball head; users mention leg flex and hinge durability issues.
(4) “Heavy duty” tripod claims; complaints about loose joints and bulging leg sections under load.
(5) Compact aluminum tripod; fine for occasional use, not recommended for heavy rifles or heavy camera rigs.
<|end_of_documents|>
These direct neighbors read like the same product family: tripods criticized for stability, load rating, and joint/hinge

reliability—-plus the same shooting/kneeling angle shows up. That’s enough to lean hard toward “Tripods & Monopods,” but
I’11 expand once to check whether the node could be a tripod component (e.g., a head/plate) that’s being discussed with
tripod-like language.

Round 2 — 2-hop:

Probe for whether the neighborhood shifts toward “plates/heads/clamps” as the main object, or stays centered on the
support legs/column system.

<|begin_of_query|>2-hop:tripod load capacity leg locks center column wobble head loosens<|end_of_query|>
<|begin_of_documents|>

(1) Tripod head loosens and tilt lock slips; fine for phones, not for heavier cameras.

(2) Tripod legs slip under load; center column wobble; advertised rating overstated.

(3) Monopod suggested as alternative; compared directly against tripods for portability.

(4) Video tripod: smooth pan but poor tilt stability for heavier rigs.

(5) Travel tripod: stable low, unstable fully extended; needs added weight for stability.
<|end_of_documents|>

Still tripod-first: legs, center column, extension stability, and load capacity dominate the neighborhood, with monopod
comparisons appearing naturally. Nothing suggests the anchor is primarily a quick-release plate or a clamp. One global
pass can help ensure we’re not missing a category boundary in the label set, so I’1l do a pagerank lookup.

Round 3 — pagerank:

Use terms that usually surface canonical support gear (tripods/monopods/heads/plates) and see what comes back.
<|begin_of_query|>pagerank:tripod monopod tripod head quick release plate travel tripod<|end_of_query|>
<|begin_of_documents|>

(1) Popular entry-level tripod: quick-release plate, bubble level, weight hook.

(2) Common ball head / tripod head frequently paired with tripods.

(3) Tripod carry bag / case often co-purchased for transport.

(4) Universal quick-release plate accessory used across tripod brands.

(5) Well-known travel tripod line referenced in comparisons (compact fold, lightweight).

<|end_of_documents|>

This is exactly the ecosystem we’d expect when the anchor is a tripod: the graph surfaces other tripods and the usual
companion pieces (head/plate/bag), but the core story remains “support legs + stability under load,” matching the anchor
summary. A fourth “similar” search would likely be redundant, so I’1l stop here.

</think>

<answer>Tripods & Monopods</answer>
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Figure 5: A link prediction (LP) case from Reddit. The model verifies a strong co-post motif by retrieving dense
common 1-hop neighbors.

Case Study: Link Prediction (LP) — Reddit

Target instance text attribute:
Node U: laggar falcon - falco jugger - tal chappar, rajasthan, india

Node V: greater hoopoe-lark : the courtship display of the male consists of rising with
fluttering wing-strokes and then diving down with closed wings to a perch. - banni grassland,
gujarat, india

Ground truth label:
yes

Model prediction:
yes (v Matched)

Model response:

<think>

U and V are both bird-observation style Reddit posts with the same “species - location - India” pattern. The
fastest way to verify that is to check for common 1-hop neighbors: if they share multiple direct neighbors that are
themselves highly consistent, that’s strong evidence of an edge.

Round 1 — 1-hop (prioritize common direct neighbours):

<|begin_of_query|>1-hop:birding india tal chappar rajasthan banni grassland gujarat 1laggar falcon
hoopoe-lark<|end_of_query|>

<|begin_of_documents|>

(1) [common one_hop neighbour] western marsh harrier - little rann of kutch, gujarat, india This neighbour links
both Node U and Node V.

(2) [common one_hop neighbour] peregrine falcon - little rann of kutch, gujarat, india This neighbour links both
Node U and Node V.

(3) [common one_hop neighbour] common babbler - little rann of kutch, gujarat, india This neighbour links both
Node U and Node V.

(4) [common one_hop neighbour] baya weaver - lodai, kutch, gujarat, india This neighbour links both Node U and
Node V.

(5) [common one_hop neighbour] short-eared owl - asio flammeus - little rann of kutch, gujarat, india This neighbour
links both Node U and Node V.

<|end_of_documents|>

They share a dense set of direct common neighbors, all of which are the same type of birding posts from the same
west-India region (Kutch / Gujarat) and the same naming template. This is a strong co-post motif in the Reddit
graph, indicating U and V belong to the same closely connected cluster.

</think>

<answer>yes</answer>
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Figure 6: NC prompt template (core). Placeholders in the prompt use {{...} }.

Prompt Template: Node Classification (Core)

<|im_start|>system

You are a reasoning assistant with the ability to perform graph searches to help you answer the
user 's question accurately.

{{TASK_LINE}}

You can use graph search to retrieve neighbor node information to support your prediction.

THINK/ANSWER FORMAT:

- Do ALL internal reasoning inside <think>...</think>.

- Provide ONLY the final category label inside <answer>...</answer>.
- Never reveal your chain-of-thought outside <think>...</think>.

- When confident, output exactly one label as required.

GRAPH SEARCH POOLS (for context retrieval):
{{POOLS}}

SEARCH FORMAT ({{SEARCH_LIMITS_DESC}}):
- All searches MUST be performed INSIDE the <think>...</think> block.
- Use one of the pool-specific tags below:
* 1-hop: <|begin_of_query|>1-hop:QUERY<|end_of_query|>
* 2-hop: <|begin_of_query|>2-hop:QUERY<|end_of_query|>
* pagerank: <|begin_of_query|>pagerank:QUERY<|end_of_query|>
* similar: <|begin_of_query|>similar:QUERY<|end_of_query|>
- Results are returned as:
<|begin_of_documents|> ... <|end_of_documents|>

GUIDELINES:

- One search per round; multiple rounds allowed.

- Max total searches = {{MAX_SEARCH_LIMIT}}.

- Output only <think>...</think> and a single <answer>...</answer>.

OUTPUT REQUIREMENT:
{{OUTPUT_REQ}}
<|im_end|>

<|im_start|>user

{{ANCHOR_HDR}}Anchor Node Information:
{{ SUMMARY_SNIPPET }}

<|im_end|>

<|im_start|>assistant

25331



Figure 7: Dataset-specific inserts for Arxiv (NC).

Dataset Inserts: Arxiv

TASK_LINE:
Your task is to predict the category of arXiv computer science (cs) papers.

OUTPUT_REQ:
- Final output must be exactly: <answer>cs.XX</answer>

POOLS:
- 1-hop: direct neighbors (papers that directly cite or are cited by the anchor). Returns up to
{{ TOPK_ONE_HOP}} nodes.

- 2-hop: neighbors of neighbors expanding the local region. Returns up to {{TOPK_TWO_HOP}}
nodes.

- pagerank: globally influential nodes selected by PageRank. Returns up to {{TOPK_PAGERANK}}
nodes.

- similar: globally most semantically similar nodes by embedding similarity. Returns up to {{
TOPK_SIMILAR}} nodes.

ANCHOR_HDR :
Now please predict the category of the anchor node paper:

SEARCH_LIMITS_DESC:
per-pool limits -> 1-hop {{TOPK_ONE_HOP}}, 2-hop {{TOPK_TWO_HOP3}}, pagerank {{TOPK_PAGERANK3}},
similar {{TOPK_SIMILAR}}

Figure 8: Dataset-specific inserts for PubMed (NC).

Dataset Inserts: PubMed

TASK_LINE:
Your task is to predict the category of PubMed biomedical papers.

OUTPUT_REQ:
- Final output must be exactly one of the listed PubMed categories inside <answer>...</answer>.

POOLS:
- 1-hop: direct neighbors (papers that directly cite or are cited by the anchor). Returns up to
{{TOPK_ONE_HOP}} nodes.

- 2-hop: neighbors of neighbors expanding the local region. Returns up to {{TOPK_TWO_HOP}}
nodes.

- pagerank: globally influential nodes selected by PageRank. Returns up to {{TOPK_PAGERANK}}
nodes.

- similar: globally most semantically similar nodes by embedding similarity. Returns up to {{
TOPK_SIMILAR}} nodes.

ANCHOR_HDR :

Now please predict the category of the anchor node paper:
Available PubMed categories:

- {{CATEGORY_LIST}}

SEARCH_LIMITS_DESC:
per-pool limits -> 1-hop {{TOPK_ONE_HOP3}}, 2-hop {{TOPK_TWO_HOP3}}, pagerank {{TOPK_PAGERANK3}},
similar {{TOPK_SIMILAR}}
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Figure 9: Dataset-specific inserts for Amazon (NC).

Dataset Inserts: Amazon

TASK_LINE:
Your task is to predict the category of Amazon products.

OUTPUT_REQ:
- Final output must be exactly one of the listed Amazon categories inside <answer>...</answer>.

POOLS :

- 1-hop: direct neighbors (products that are frequently co-purchased with the anchor). Returns
up to {{TOPK_ONE_HOP3}} nodes.

- 2-hop: neighbors of neighbors expanding the local region in the co-purchasing graph. Returns
up to {{TOPK_TWO_HOP3}} nodes.

- pagerank: globally influential products selected by PageRank. Returns up to {{TOPK_PAGERANK3}}

nodes.

- similar: globally most semantically similar products by embedding similarity. Returns up to

{{TOPK_SIMILAR}} nodes.

ANCHOR_HDR :

Now please predict the category of the anchor node product:
Available Amazon categories:

- {{CATEGORY_LIST}}

SEARCH_LIMITS_DESC:
per-pool limits -> 1-hop {{TOPK_ONE_HOP}}, 2-hop {{TOPK_TWO_HOP}}, pagerank {{TOPK_PAGERANK3}},
similar {{TOPK_SIMILAR}}

Figure 10: Dataset-specific inserts for Reddit (NC).

Dataset Inserts: Reddit

TASK_LINE:
Your task is to predict the subreddit category of a Reddit post.

OUTPUT_REQ:
- Final output must be exactly one of the listed subreddit categories inside <answer>...</
answer>.

POOLS:

- 1-hop: other posts from the same author (also_posted set). Returns up to {{TOPK_ONE_HOP}}
nodes.

- 2-hop: same as 1-hop in this dataset (duplicates allowed). Returns up to {{TOPK_TWO_HOP}}
nodes.

- pagerank: globally influential posts selected by PageRank over the author cliques. Returns up
to {{TOPK_PAGERANK}} nodes.

- similar: globally most semantically similar posts by embedding similarity. Returns up to {{
TOPK_SIMILAR}} nodes.

ANCHOR_HDR :

Now please predict the category of the anchor post:
Available subreddit categories:

- {{CATEGORY_LIST}}

SEARCH_LIMITS_DESC:
per-pool limits -> 1-hop {{TOPK_ONE_HOP3}}, 2-hop {{TOPK_TWO_HOP3}}, pagerank {{TOPK_PAGERANK3}},
similar {{TOPK_SIMILAR}}
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Figure 11: Link prediction (LP) prompt template (core). Placeholders in the prompt use {{...}}.

Prompt Template: Link Prediction (C

<|im_start|>system

You are a reasoning assistant with access to graph searches.

Determine whether two nodes from the {{DATASET}} dataset should be connected.

{{RELATION_DESC}}

Treat the task as binary classification and return
otherwise.

' ' ' '

yes' if the edge should exist and 'no

THINK/ANSWER FORMAT:

- Perform all reasoning and search planning inside <think>...</think>.

- Output ONLY the final judgment as <answer>yes</answer> or <answer>no</answer>.
- Never leak your chain-of-thought outside of <think>...</think>.

GRAPH SEARCH POOLS:

- 1-hop: prioritize common direct neighbours (connected to BOTH endpoints U and V). If
insufficient, fill with non-common 1-hop neighbours from U and/or V (balanced when possible
).

- 2-hop: prioritize common 2-hop neighbours (reachable from BOTH endpoints within two hops). If

insufficient, fill with non-common 2-hop neighbours from U and/or V (balanced when

possible).

- pagerank: list globally influential reference edges selected offline using PageRank, as
complementary structural priors.

- similar: retrieve Top-K node pairs most similar to the current pair, including their edge
status as reference.

SEARCH FORMAT ({{SEARCH_LIMITS_DESC}}):
- Every search must happen inside <think>...</think>.
- To launch a search, emit exactly one of the following tags with an optional free-form hint:
* <|begin_of_query|>1-hop:Query<|end_of_query|>
* <|begin_of_query|>2-hop:Query<|end_of_query|>
* <|begin_of_query|>pagerank:Query<|end_of_query|>
* <|begin_of_query|>similar:Query<|end_of_query|>
- Retrieved blocks arrive as <|begin_of_documents|> ... <|end_of_documents|>.
- Use at most one search per round and no more than {{MAX_SEARCH_LIMIT}} total searches before
answering.

GUIDELINES:

- Start by analyzing the two node descriptions.

- Prefer covering multiple pools (shared neighbours, unique structure, global priors).
- Keep the final judgement concise.

- Final answer MUST be <answer>yes</answer> or <answer>no</answer>.

<|[im_end|>

<|im_start|>user

We are investigating whether the following two nodes should be linked:
- Node U (id={{NODE_U}}): {{SUMMARY_U}}

- Node V (id={{NODE_V3}}): {{SUMMARY_V}}

Use up to {{MAX_SEARCH_LIMIT}} searches to gather evidence from the graph retriever.
- Label 1 corresponds to <answer>yes</answer>.

- Label @ corresponds to <answer>no</answer>.

Remember to answer strictly with yes/no enclosed by <answer> tags.

<|im_end|>

<|im_start|>assistant
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Figure 12: Dataset-specific relation descriptions used in LP prompts.

Dataset Inserts: Relation Descriptions (LP)

[arxiv/pubmed]
Nodes are research papers. An edge represents a citation linkage between the two papers.

[amazon/products]
Nodes are Amazon products. An edge indicates strong co-purchase relationships between the items

[reddit]
Nodes are Reddit posts. An edge indicates strong co-post relationships between the posts.

[default]
Nodes come from the same graph dataset; an edge captures the canonical relation defined for
that dataset.

Figure 13: Per-pool search limits description used in LP prompts.

Dataset Inserts: Search Limits (LP)

SEARCH_LIMITS_DESC:
per-pool limits -> 1-hop {{TOPK_ONE_HOP}}, 2-hop {{TOPK_TWO_HOP}}, pagerank {{TOPK_PAGERANK3}},
similar {{TOPK_SIMILAR}}
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