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Abstract001

Large language models (LLMs) increasingly002
rely on external knowledge to improve factu-003
ality, yet many real-world knowledge sources004
are organized as heterogeneous graphs rather005
than plain text. Reasoning over such graph-006
structured knowledge poses two key challenges:007
(1) navigating structured, schema-defined re-008
lations requires precise function calls rather009
than similarity-based retrieval, and (2) answer-010
ing complex questions often demands multi-011
hop evidence aggregation through iterative012
information seeking. We propose GRAPH-013
DANCER, a reinforcement learning (RL) frame-014
work that teaches LLMs to navigate graphs015
by interleaving reasoning and function exe-016
cution. To make RL effective for moderate-017
sized LLMs, we introduce a graph-aware cur-018
riculum that schedules training by the struc-019
tural complexity of information-seeking tra-020
jectories using an easy-to-hard biased sam-021
pler. We evaluate GRAPHDANCER on a multi-022
domain benchmark by training on one do-023
main only and testing on unseen domains and024
out-of-distribution question types. Despite025
using only a 3B backbone, GRAPHDANCER026
outperforms baselines equipped with either a027
14B backbone or GPT-4o-mini, demonstrating028
robust cross-domain generalization of graph029
exploration and reasoning skills. Our code030
is available at https://anonymous.4open.031
science/r/GraphDancer.032

1 Introduction033

The internal parameters of LLMs are often insuf-034

ficient to capture external knowledge that is both035

rapidly evolving (Vu et al., 2024) and extremely036

long-tailed (Sun et al., 2024b). Consequently, es-037

tablishing a framework that enables LLMs to inter-038

act with external knowledge sources is necessary to039

improve their factuality and reliability (Ji et al.,040

2023). Retrieval-augmented generation (RAG;041

Lewis et al., 2020) has become a mainstream so-042

lution toward this goal. However, when external043

knowledge is not organized as plain text corpora 044

but instead interconnected in graph structures (Han 045

et al., 2024; Sun et al., 2024a; Ma et al., 2025), two 046

major challenges arise. 047

First, graphs may contain heterogeneous node 048

and edge types (e.g., [GENE] is upregulated in 049

[ANATOMY] vs. [GENE] is downregulated in 050

[ANATOMY]), making it inadequate to retrieve 051

information solely through semantic similarity 052

search. Instead, effective information access re- 053

quires precisely defined function calls (e.g., finding 054

genes connected to a given anatomy entity via “is 055

upregulated in”). Second, reasoning over graphs 056

usually requires capturing complex, multi-hop con- 057

nections between nodes. This makes it impractical 058

to force the model to acquire all necessary infor- 059

mation in a single round. Instead, an adaptive, 060

multi-round process is needed, in which informa- 061

tion seeking and reasoning steps are interleaved 062

(e.g., subsequent function calls should be based on 063

the gene nodes obtained in the current round). 064

To elicit multi-round graph interaction capabil- 065

ities in LLMs, existing studies (Jin et al., 2024; 066

Amayuelas et al., 2025; Gao et al., 2025; Kash- 067

mira et al., 2025) have proposed various prompt- 068

ing strategies. However, compared with actual 069

model training, prompting-based approaches are 070

less effective at helping models internalize the so- 071

phisticated graph interaction skills. On the other 072

hand, training models via supervised fine-tuning 073

(SFT) to access external knowledge (Schick et al., 074

2023; Asai et al., 2024) struggles to generalize to 075

new graphs and domains, such as those with novel 076

node/edge types, function calls, or tasks. 077

Contributions. To address the aforementioned 078

challenges, in this paper, we propose an RL frame- 079

work, GRAPHDANCER, that enables LLMs to thor- 080

oughly and generalizably acquire the ability to in- 081

teract with and reason over graphs in an adaptive, 082

interleaved fashion. This solution is not only mo- 083

tivated by the recent success of RL in enhancing 084
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Figure 1: Overview of GRAPHDANCER framework.

LLM reasoning (Guo et al., 2025) and information085

seeking (Jin et al., 2025), but also by the natu-086

ral formulation of graph interaction as a decision-087

making process: graphs can be viewed as envi-088

ronments, function calls as actions, and the learn-089

ing of graph interaction as exploring the environ-090

ment through actions. Meanwhile, to make this091

solution applicable to open-source, moderate-sized092

LLMs (e.g., Qwen2.5-3B-Instruct; Yang et al.,093

2024), we propose to incorporate curriculum learn-094

ing (Bengio et al., 2009; Parashar et al., 2025) into095

RL training, progressively increasing task difficulty096

to overcome their inherent reasoning limitations097

compared to larger models. Moreover, our curricu-098

lum introduces a novel graph-aware design. At099

the beginning of RL training, the vast majority of100

questions require only one-hop information seek-101

ing or reasoning over the graph (e.g., “Who are the102

authors of the ResNet paper?”). As training pro-103

gresses, these are gradually replaced by questions104

that rely on multi-hop connections and multi-round105

information seeking (e.g., “Which venue did Kaim-106

ing He and Ross Girshick collaborate most?”).107

To demonstrate the efficacy and generalizability108

of GRAPHDANCER, we train it on only one domain109

(i.e., ACADEMIC) from the existing benchmark (Jin110

et al., 2024) and evaluate it on the other domains111

(i.e., E-COMMERCE, LITERATURE, HEALTHCARE,112

and LEGAL). Additionally, during evaluation, the113

model encounters never-seen-before, completely114

out-of-distribution (OOD) question types, such as115

those that cannot be answered by simply looking 116

up the graph, yet where the graph may still pro- 117

vide valuable context (e.g., “What book should be 118

recommended to the user if they just read The Old 119

Man and the Sea?”). Experimental results demon- 120

strate that GRAPHDANCER, with a 3B backbone, 121

outperforms baselines equipped with either a 14B 122

backbone or GPT-4o-mini, particularly on hard 123

and OOD questions in specific domains. Further 124

analysis shows that GRAPHDANCER substantially 125

improves the LLM’s behavioral reliability, notably 126

increasing the rate of format-valid multi-round in- 127

teractions. These results indicate that our model 128

has internalized the ability to explore and reason 129

over graphs, generalizing to new domains, unseen 130

node/edge types, and novel question types. 131

The contributions of our work are as follows: 132

• We propose GRAPHDANCER, an RL framework 133

that teaches LLMs to interact with and reason 134

over graphs in an adaptive, multi-round fash- 135

ion, enabling the internalization of sophisticated 136

graph exploration skills. 137

• We introduce a novel graph-aware curriculum 138

that gradually increases question difficulty from 139

one-hop to multi-hop and multi-round reasoning, 140

allowing moderate-sized LLMs to progressively 141

acquire complex graph reasoning abilities. 142

• We demonstrate the effectiveness and generaliz- 143

ability of GRAPHDANCER via evaluation on mul- 144

tiple unseen domains and OOD question types, 145

where it outperforms competitive baselines with 146
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larger LLM backbones.147

2 The GRAPHDANCER Framework148

In this section, we present GRAPHDANCER, an RL149

framework that trains an LLM to adaptively inter-150

act with a graph via predefined function calls and to151

interleave information seeking with multi-step rea-152

soning. We formulate graph-augmented reasoning153

as an interactive process in which the model alter-154

nates between natural-language reasoning and issu-155

ing graph function calls to acquire evidence. The156

model is trained via RL to internalize this multi-157

round interaction behavior, together with a graph-158

aware curriculum that schedules training examples159

by the structural complexity of their information-160

seeking traces. Figure 1 provides an overview of161

our GRAPHDANCER framework.162

2.1 Problem Setup163

Let G = (V, E) be a text-attributed graph with164

heterogeneous node/edge types (Jin et al., 2023),165

such as an academic network with papers, authors,166

and venues. Each node v ∈ V is associated with a167

set of textual fields (e.g., title, name, abstract)168

and typed relations to other nodes. Given a question169

x and the graph environment G, the model needs to170

produce a natural-language answer y by interacting171

with G through a set of executable graph functions.172

We model the process of answering a question173

as an episodic Markov decision process (MDP). At174

round t, the agent observes a state st comprising175

(1) the question x, (2) the history of prior reasoning176

and actions, and (3) the graph observations returned177

by previous function calls. The agent then selects178

an action at (i.e., a graph function call), receives an179

observation ot (i.e., results returned by the function180

call), and updates its state. An episode terminates181

when the agent produces a final answer or reaches182

a maximum of T rounds.183

2.2 LLM Reasoning with Graph Interaction184

We use a simple interaction format to expose tool185

use to the LLM, inspired by multi-turn search call-186

ing (Jin et al., 2025). Specifically, the model gener-187

ates a sequence interleaving three block types:188

Reasoning block: <think> · · · </think> contain-189

ing non-executable reasoning text.190

Action block: <graph> · · · </graph> containing191

one or more function calls.192

Observation block: <information> · · · </infor-193

mation> appended by the environment after exe-194

cuting the action block.195

The final output is produced in an <answer> · · · 196

</answer> block. 197

Graph Function Calls. To enable precise access 198

over heterogeneous graphs, the agent does not re- 199

trieve arbitrary text as in vanilla RAG (Lewis et al., 200

2020). Instead, it invokes a small set of determinis- 201

tic functions. Following the environment design in 202

Jin et al. (2024), we assume the agent has access to 203

the following predefined graph functions: 204

RetrieveNode(Text): returns a ranked list of 205

node IDs relevant to a textual query. 206

NodeFeature(NodeID, FeatureName): returns the 207

requested textual field for a node. 208

NeighborCheck(NodeID, NeighborType): returns 209

neighbor node IDs under a specified typed relation. 210

NodeDegree(NodeID, NeighborType): returns the 211

count of neighbors under a specified typed relation. 212

The environment validates each function call 213

(including its name and arguments) and returns 214

structured results (e.g., IDs or textual attributes) en- 215

closed in <information> · · · </information>. 216

2.3 Training LLMs to Interact with Graphs 217

We train a policy model πθ using rule-based reward, 218

framing graph interaction as a sequential decision- 219

making process. Crucially, the policy only gen- 220

erates agent tokens (reasoning, tool calls, and the 221

final answer), while the graph environment deter- 222

ministically executes tool calls and injects observa- 223

tion tokens that are not sampled from πθ. 224

Let y denote the concatenation of all agent- 225

generated tokens in an episode, and let τ = 226

Env(x,G, y) be the full transcript formed by inter- 227

leaving y with environment-inserted observations. 228

Thus, τ is a deterministic function of the context 229

(x,G) and the agent’s actions y given the tool ex- 230

ecutor. We optimize the following objective: 231

max
θ

Ex∼D, y∼πθ

[
r(x,G, τ)

]
− γ Ex∼D

[
DKL(πθ ∥πref)

]
,

(1) 232

where πθ and πref are shorthand for the conditional 233

distributions πθ(· | x;G) and πref(· | x;G), respec- 234

tively; πref is a fixed reference model; D denotes 235

the training set; and γ is the KL-penalty coefficient. 236

Reward Design. We adopt a rule-based reward 237

r(x,G, τ) that primarily targets final answer cor- 238

rectness, with lightweight format shaping to en- 239

courage a well-formed interaction trace. Con- 240

cretely, an episode receives an accuracy reward 241

based on whether the content in the final <answer> 242
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block matches the ground-truth answer. In addi-243

tion, we apply a format reward to encourage adher-244

ence to the prescribed interaction protocol, which245

helps prevent malformed traces that cannot be ex-246

ecuted by the environment or traces that omit the247

<answer> block. The complete reward definition248

and its mathematical formulation are provided in249

Appendix A.1.250

2.4 Structural Difficulty of Graph Interaction251

Graph interaction naturally decomposes into a se-252

quence of information-seeking rounds, where func-253

tion calls issued within the same round are expected254

to be independent of one another. Independence255

here means that each call relies only on entities al-256

ready available in the agent’s state at the beginning257

of the round, rather than on the outputs of other258

calls in the same round. As a result, calls within259

a round can, in principle, be executed in parallel.260

After receiving the returned evidence, the agent261

updates its state and determines the next action in262

the subsequent round.263

Scope of an Information-Seeking Round. To264

quantify how a round expands the agent’s explored265

subgraph, we focus on the node identifiers returned266

by the environment. Let At = {ct,1, . . . , ct,|At|}267

denote the set of graph function calls issued in268

round t, and let Nodes(·) extract the set of node IDs269

from a tool output. For a call c ∈ At whose return270

type does not include node identifiers (e.g., textual271

fields or scalar values), we define Nodes(c) = ∅.272

We then define the set of node IDs surfaced in273

round t as Ut =
⋃

c∈At
Nodes(c).274

Ut can be viewed as a measure of how much the275

model expands its exploration scope on the graph in276

round t. Based on this measure, we can categorize277

information-seeking rounds into two types:278

Singleton lookup round (S-round): This round in-279

troduces exactly one node (i.e., |Ut| = 1).280

Neighborhood expansion round (E-round): This281

round brings in multiple nodes (i.e., |Ut| > 1).282

Typically, S-rounds occur when the agent needs283

to identify a single pivot node for subsequent rea-284

soning, such as resolving an entity mention to285

a unique node via RetrieveNode (e.g., mapping286

“ResNet” to its corresponding paper node) or re-287

trieving a typed neighbor that is unique under the288

graph schema (e.g., obtaining the sole “published289

in” venue of a paper). In contrast, E-rounds involve290

neighborhood expansions that introduce multiple291

candidate nodes, requiring downstream selection292

or aggregation.293

Structural Difficulty. The difficulty of graph inter- 294

action varies across questions. To quantify this, we 295

operationalize graph-aware difficulty based on the 296

round decomposition above, using the total number 297

of rounds and the number of E-rounds: 298

Easy questions require a single round of informa- 299

tion seeking, regardless of whether it is an S-round 300

or an E-round. 301

Medium questions require multiple rounds but at 302

most one E-round. 303

Hard questions require at least two E-rounds, re- 304

flecting repeated neighborhood expansions fol- 305

lowed by aggregation or path reasoning. 306

This categorization directly informs our graph- 307

aware curriculum (to be described below), which 308

schedules training from S-round-dominated ques- 309

tions toward those with multiple E-rounds. 310

2.5 Graph-Aware Curriculum RL 311

RL struggles on hard reasoning tasks because 312

moderate-sized LLMs often perform poorly in the 313

zero-shot setting, and task-specific rewards are 314

sparse, making direct learning unstable and ineffi- 315

cient (Parashar et al., 2025). Curriculum learning 316

(Bengio et al., 2009) addresses this by training from 317

easier to harder tasks and decomposing complex 318

skill acquisition into manageable steps. In our set- 319

ting, this idea can be implemented via the structural 320

difficulty defined above. 321

Easy-to-Hard Sampling with a Biased Mixture. 322

Let k ∈ {1, . . . ,K} index our graph-aware diffi- 323

culty levels (e.g., K = 3 when we have the cate- 324

gorization in Section 2.4), ordered from easiest to 325

hardest. We adopt Gaussian curriculum sampling 326

(Parashar et al., 2025), which converts a scheduler 327

score into a probability distribution: 328

pt(k) =
S(t, k)∑K

k′=1 S(t, k
′)
. (2) 329

Here, S(t, k) ≥ 0 specifies the sampling prefer- 330

ence for difficulty level k at RL step t. Prior easy- 331

to-hard schedules (Team et al., 2025; Bercovich 332

et al., 2025) typically define S(t, k) using a single 333

parametric shape that shifts mass over time. In our 334

setting, a pure easy-to-hard schedule can be brit- 335

tle. This is because hard questions with multiple 336

E-rounds exhibit branching expansions and longer- 337

horizon credit assignment. In this case, overly ag- 338

gressive exposure can produce low-reward rollouts 339

and unstable updates, while concentrating too late 340
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may impede the consolidation of prerequisite tool-341

use behaviors. To improve robustness and encode342

task-specific sampling preferences, we propose a343

time-varying convex mixture scheduler. Specifi-344

cally, we define a normalized level distribution as:345

p̃t(k) = (1− η(t)) pg(t, k) + η(t) q(k), (3)346

where pg(t, ·) is the Gaussian curriculum distribu-347

tion at step t (shape controlled by hyperparameters348

such as σ and the shifting mean), q(·) is a fixed349

bias prior over levels, and η(t) ∈ [0, 1] controls350

the mixing strength. In GRAPHDANCER, we use a351

linear schedule:352

η(t) = ηstart +
t

TRL − 1
(ηend − ηstart), (4)353

where TRL is the number of RL training steps, and354

t = 0, 1, . . . , TRL − 1.355

Finally, for notational consistency with Eq. 2,356

we interpret p̃t as induced by a scheduler S(t, k) ∝357

p̃t(k). We sample k ∼ p̃t(·) and then select an358

instance uniformly within level k. This biased-359

mixture design preserves the smooth easy-to-hard360

progression of pg while maintaining controlled ex-361

posure to each level, which helps the model learn362

stable and generalizable graph tool-use behaviors363

under sparse rule-based rewards.364

2.6 Training Procedure365

We summarize the end-to-end training pipeline366

of GRAPHDANCER. We initialize πθ from an367

instruction-tuned backbone and construct the graph-368

aware difficulty levels (Easy/Medium/Hard). Dur-369

ing RL, at each step t, we sample a level from370

our biased-mixture curriculum (Eqs. 3-4) and uni-371

formly select an instance from that level. We372

roll out an interleaved trajectory under a fixed373

interaction budget, compute the rule-based re-374

ward r(x,G, τ) (Eq. 5 in Appendix A.1), and up-375

date the policy under KL regularization, masking376

environment-injected observation tokens so that377

gradients are applied only to agent-generated to-378

kens. The full procedure is given in Algorithm 1.379

3 Experiments380

3.1 Experimental Setup381

Dataset. We use GRBench (Jin et al., 2024) to382

assess the ability of LLMs to interact with graphs.383

In this benchmark, we train on the ACADEMIC384

domain only and test cross-domain generalization385

on four unseen domains: E-COMMERCE, LITER-386

Algorithm 1 GRAPHDANCER

1: Input: dataset D of (x,G, y⋆); graph executor Env; ref-
erence policy πref

2: Hyperparameters: RL steps TRL, max rounds T , KL
coefficient β, epochs E, minibatches B, curriculum pa-
rameters (pg, q, η(·))

3: Initialize policy πθ from backbone (optional format
warmup SFT)

4: Preprocess: compute round decomposition and assign
each instance to a difficulty level (Section 2.4)

5: for t = 0 to TRL − 1 do
6: Compute curriculum distribution p̃t(·) using Eqs. 3-4
7: Sample level k ∼ p̃t(·); sample (x,G, y⋆) uniformly

from level k
8: Roll out agent tokens y ∼ πθ(· | x;G) with at most T

rounds of <graph> calls
9: Form transcript τ ← Env(x,G, y) by executing calls

and injecting <information> blocks
10: Compute reward r(x,G, τ) (Eq. 5 in Appendix A.1)
11: Compute token-wise advantages on agent-generated

tokens only (mask observation tokens)
12: for e = 1 to E do
13: Update θ on B minibatches, using KL regulariza-

tion to πref (Eq. 1)
14: end for
15: end for
16: Return: trained policy πθ

ATURE, HEALTHCARE, and LEGAL. The ACA- 387

DEMIC training set contains only questions that 388

were originally labeled Easy or Medium in GR- 389

Bench (i.e., questions that can always be correctly 390

answered if the model interacts with the graph prop- 391

erly), which we reclassify into Easy, Medium, and 392

Hard according to our structural difficulty catego- 393

rization (Section 2.4). Questions that were origi- 394

nally labeled Hard in GRBench (i.e., those that can- 395

not be answered by simply looking up the graph, 396

though the graph may still provide useful context) 397

are treated as out-of-distribution (OOD) samples. 398

They are excluded from training and used solely for 399

evaluation. The detailed statistics of the datasets 400

can be found in Table 1. 401

Domain Easy Medium Hard OOD Total

ACADEMIC 370 120 310 50 850

E-COMMERCE 80 40 40 40 200
LITERATURE 130 30 70 10 240
HEALTHCARE 100 150 20 0 270
LEGAL 90 40 30 20 180

Table 1: Dataset statistics. Red : training data. Blue :
testing data. Difficulty levels are defined in Section 2.4.

Baselines. We evaluate our framework against both 402

prompting approaches and the vanilla RL baseline. 403

For prompting baselines, we consider Tex- 404

tRAG (Gao et al., 2023), GraphRAG (Ye et al., 405

2024), Think-on-Graph 2.0 (Ma et al., 2025; 406

dubbed as ToG-2), and Graph-CoT (Jin et al., 407

2024). Jin et al. (2024) report the performance 408
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E-COMMERCE LITERATURE HEALTHCARE LEGAL Average Gap

Method Model R-L GS R-L GS R-L GS R-L GS R-L GS ∆

TextRAG (Gao et al., 2023) GPT-3.5-turbo 14.06 20.00 10.04 20.83 4.57 8.52 18.14 23.89 11.70 18.31 ↑ 26.4
GraphRAG (Ye et al., 2024) GPT-3.5-turbo 17.52 28.00 14.94 24.17 8.69 14.07 18.66 22.22 14.95 22.12 ↑ 22.9
ToG-2 (Ma et al., 2025) GPT-4o-mini 29.28 35.00 21.97 30.42 18.66 18.89 25.59 23.33 23.88 26.91 ↑ 16.0

Graph-CoT (Jin et al., 2024)

GPT-3.5-turbo 42.40 44.50 41.59 46.25 22.33 29.89 30.52 28.33 34.21 37.24 ↑ 5.7
GPT-4o-mini 37.06 39.50 36.04 46.25 39.88 41.48 35.47 40.00 37.11 41.81 ↑ 2.0
Qwen2.5-3B-Instruct 43.58 41.00 43.60 47.50 27.47 26.67 30.68 35.56 36.33 37.68 ↑ 4.4
Qwen3-14B 39.91 42.50 48.03 53.33 38.82 36.67 32.66 35.56 39.85 42.01 ↑ 0.5

Vanilla RL Qwen2.5-3B-Instruct 45.66 45.00 47.36 49.17 27.09 25.93 33.84 36.11 38.49 39.05 ↑ 2.7
GRAPHDANCER Qwen2.5-3B-Instruct 48.87 47.00 43.82 49.58 31.55 29.63 38.25 42.78 40.62 42.25 -

Table 2: Main results on GRbench. We highlight the Average performance ( purple columns) and the performance
Gap (∆) compared to our method ( green column).

of TextRAG, GraphRAG, and Graph-CoT using409

GPT-3.5-turbo (Ouyang et al., 2022) as the back-410

bone, which we directly adopt. In addition, we ex-411

periment with more recent and diverse backbones,412

including GPT-4o-mini (Hurst et al., 2024) on413

ToG-2, and GPT-4o-mini, Qwen2.5-3B-Instruct414

(Yang et al., 2024), and Qwen3-14B (Yang et al.,415

2025) on Graph-CoT.416

The Vanilla RL baseline can be viewed as an417

ablation of GRAPHDANCER, using the same re-418

ward function and hyperparameters but without419

the proposed graph-aware curriculum. For both420

Vanilla RL and GRAPHDANCER, we require an421

open-source backbone and adopt the moderate-422

sized Qwen2.5-3B-Instruct.423

Evaluation Metrics. We report two complemen-424

tary metrics: Rouge-L (Lin and Och, 2004) be-425

tween the generated answer and the reference, and426

GPT4Score, an LLM-as-a-judge score (Li et al.,427

2025) computed with the same prompt and rubric428

as in Jin et al. (2024).429

3.2 Overall Performance430

Table 2 compares GRAPHDANCER with the base-431

lines across four unseen domains. Overall, GRAPH-432

DANCER achieves the best average performance433

(40.62 Rouge-L / 42.25 GPT4Score) despite using434

a 3B backbone.435

GRAPHDANCER can make a small backbone436

competitive for graph interaction. Despite its437

smaller size, GRAPHDANCER matches or outper-438

forms larger prompting-based baselines on aver-439

age, including Graph-CoT with Qwen3-14B (39.85440

Rouge-L / 42.01 GPT4Score) and GPT-4o-mini.441

This suggests that directly optimizing the multi-442

round reasoning→action→observation loop443

can provide benefits beyond in-context prompting,444

particularly when tool use and long-horizon credit445

assignment are critical.446

Domain transfer is strong but not uniform. Com-447

Domain Method Easy Medium Hard OOD

ACADEMIC
Graph-CoT 61.71 11.16 7.05 11.81
Vanilla RL 56.51 22.20 18.12 17.64
GRAPHDANCER 67.52 55.04 20.33 18.20

E-COMMERCE
Graph-CoT 82.34 38.47 11.64 3.49
Vanilla RL 82.03 47.31 12.41 4.77
GRAPHDANCER 84.96 52.26 16.23 4.90

LITERATURE
Graph-CoT 63.52 55.14 6.59 1.67
Vanilla RL 65.80 55.44 15.28 1.96
GRAPHDANCER 68.22 48.22 2.53 4.58

HEALTHCARE
Graph-CoT 63.23 7.09 0.00 –
Vanilla RL 61.13 7.07 5.00 –
GRAPHDANCER 64.27 14.01 0.00 –

LEGAL
Graph-CoT 52.93 9.04 4.39 4.29
Vanilla RL 53.07 13.98 4.00 19.33
GRAPHDANCER 58.14 16.73 15.06 16.11

Table 3: Difficulty-wise Rouge-L (%) across domains.
Easy/Medium/Hard/OOD split follows our structural
definition (Section 2.4). The ACADEMIC Easy/Medi-
um/Hard subsets correspond to the training set (OOD
excluded from training). All three baselines are using
Qwen2.5-3B-Instruct as LLM backbone.

pared with Vanilla RL, GRAPHDANCER improves 448

Rouge-L on E-COMMERCE (+3.21) and LEGAL 449

(+4.41), and also yields gains on HEALTHCARE. 450

However, performance drops on LITERATURE, in- 451

dicating that cross-domain transfer may depend 452

on domain-specific graph structures and answer 453

distributions. We therefore complement aggregate 454

scores with a difficulty-wise analysis below to bet- 455

ter localize where the curriculum is most effective. 456

3.3 Impact of Graph-Aware Curriculum 457

Table 3 breaks down Rouge-L by structural dif- 458

ficulty. On the ACADEMIC training domain, the 459

largest gap between GRAPHDANCER and Vanilla 460

RL appears on Medium samples (55.04 vs. 22.20), 461

which require multi-round interaction but limited 462

branching. This pattern aligns with our motivation: 463

scheduling from S-round-dominated samples to 464

more involved traces can increase the frequency of 465

successful multi-round trajectories early in training, 466

mitigating sparse-reward instability. 467
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On unseen domains, GRAPHDANCER exhibits468

clear gains on Hard samples in E-COMMERCE469

(16.23 vs. 12.41) and especially LEGAL (15.06 vs.470

4.00), suggesting improved robustness when re-471

peated neighborhood expansions are required. At472

the same time, LITERATURE and HEALTHCARE re-473

main challenging on Hard subsets, where GRAPH-474

DANCER does not consistently outperform Vanilla475

RL. For OOD questions, GRAPHDANCER is com-476

petitive and improves in E-COMMERCE and LITER-477

ATURE. However, gains are not uniform across all478

domains (e.g., LEGAL-OOD). These mixed results479

indicate that the curriculum primarily strengthens480

structured, multi-round tool use, while open-ended481

OOD answering may require additional objectives482

beyond rule-based rewards.483

3.4 Qualitative Analysis484

To assess whether GRAPHDANCER has internal-485

ized generalizable graph exploration skills rather486

than memorizing domain-specific patterns, we an-487

alyze a Medium-difficulty instance from the E-488

COMMERCE domain, which is unseen during train-489

ing. The question asks for the price of an item490

bought together with a specific loudspeaker, re-491

quiring a two-hop reasoning path: Anchor Item →492

Neighbor Item → Price.493

Figure 2 compares the reasoning trajectories.1494

Both models correctly identify the anchor node495

(B000NJIYHY). However, their behaviors diverge496

markedly during graph traversal. Vanilla RL lacks497

a robust expansion strategy: it uses NodeDegree498

to verify the existence of a neighbor but fails to499

retrieve the corresponding node ID. It then attempts500

to hallucinate a node identifier (..._item_0) based501

on a pseudo-array indexing logic, which results in502

a function-call error. Following this failure, the503

baseline queries the anchor node’s price instead of504

the neighbor’s, leading to an incorrect answer.505

In contrast, GRAPHDANCER correctly decom-506

poses the query. It uses NeighborCheck to retrieve507

the exact ID of the associated item, and then per-508

forms a second hop with NodeFeature on this new509

node to obtain the correct price ($12.95).510

This case highlights that GRAPHDANCER has511

learned the syntax of exploration (e.g., “get ID512

first, then query attributes”), enabling it to navigate513

unseen schemas effectively, whereas the baseline514

struggles with valid tool chaining and falls back on515

1For visual clarity and space constraints, the prompts and
observations presented here are slightly paraphrased without
altering the semantics. Please refer to Appendix B.2 for the
complete outputs.

Case Study: Cross-domain generalization. Interaction
traces on a Medium-difficulty query (E-COMMERCE)

Question (E-COMMERCE):
What is the usual price of the items often purchased together
with “PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded
Loudspeaker”?

Baseline (Vanilla RL):
<think> Locate the item node first. </think>
<graph> RetrieveNode[PYLE-PRO...] </graph>
<information> [B000NJIYHY] </information>
<think> Check degree of bought_together neighbors. </think>
<graph> NodeDegree[B000NJIYHY, bought_together] </graph>
<information> [1] </information>
<think> Access the neighbor using index 0. </think>
<graph> NodeFeature[B000NJIYHY_bought_together_item_0,
price] </graph>
<information> Node or feature name does not exist.
</information>
<think> Access failed. I will assume the price is similar
to the original item. </think>
<graph> NodeFeature[B000NJIYHY, price] → [140.43] </graph>
<answer> 140.43 </answer> (✗ Wrong: Returns anchor price)

Ours (GraphDancer): Structured Graph Exploration
<think> Find anchor node, then find its neighbors. </think>
<graph> RetrieveNode[PYLE-PRO...]</graph>
<information> [B000NJIYHY] </information>
<think> I need the ID of the neighbor to query its price.
</think>
<graph> NeighborCheck[B000NJIYHY, bought_together] →
</graph>
<information> [’B000E1U4WY’] </information>
<think> Now query the price of the found neighbor B000E1U4WY.
</think>
<graph> NodeFeature[B000E1U4WY, price] </graph>
<information> [12.95]</information>
<answer> 12.95 </answer> (✓ Correct)

shallow heuristics. 516

3.5 Error Analysis of Graph Interaction 517

To investigate the behavioral shifts induced by our 518

training, we decompose each episode into four mu- 519

tually exclusive outcomes: Correct, Invalid Format 520

(invalid tool calls), Loop / Timeout (exceeding the 521

interaction budget), and Premature Stop (terminat- 522

ing with an incorrect answer). Figure 3 summarizes 523

the resulting outcome distribution across the four 524

test domains. 525

Overall, GRAPHDANCER improves the suc- 526

cess rate (39.0%) compared with the base model 527

(36.6%) and Vanilla RL (37.2%). More im- 528

portantly, GRAPHDANCER substantially reduces 529

navigational paralysis: Loop / Timeout drops to 530

11.8% of all episodes, versus 21.2% (Qwen2.5-3B- 531

Instruct) and 19.8% (Vanilla RL). When condition- 532

ing on incorrect episodes only, the proportion of 533

Loop / Timeout nearly halves from 33.5%/31.5% 534

to 19.3%, indicating that the curriculum teaches 535

the agent to navigate purposefully and to recognize 536

when to terminate exploration. 537

This reduction in aimless navigation comes with 538

a shift in the residual error profile toward Pre- 539

mature Stop. Its overall proportion increases to 540

43.5% (and 71.3% among incorrect episodes), 541
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Figure 3: Outcome breakdown over all evaluation
episodes. Each bar decomposes episodes into Correct
and three failure modes: Invalid Format, Loop / Time-
out, and Premature Stop. GRAPHDANCER increases the
overall success rate and noticeably reduces Loop / Time-
out, while the remaining errors are more concentrated
in Premature Stop.

which reflects a trade-off between exploration542

depth and timely termination, especially for multi-543

hop queries. While still an error, this represents544

a qualitative improvement: the agent is no longer545

stalling or crashing, but actively attempting to for-546

mulate an answer. Finally, GRAPHDANCER mit-547

igates the instability of standard RL fine-tuning:548

while Vanilla RL exhibits a higher rate of Invalid549

Format (8.1%), GRAPHDANCER reduces it to 5.7%,550

better preserving adherence to the function-calling551

schema during exploration.552

4 Related Work553

LLM Agents on Graphs. While early works pri-554

marily focused on static integration, either using555

LLMs to enhance Graph Neural Networks (Gori556

et al., 2005; Santoro et al., 2017; Zhou et al., 2020)557

via feature extraction (Zhao et al., 2023; Duan558

et al., 2023) or linearizing graph structures for di-559

rect LLM processing (Ye et al., 2024), these ap-560

proaches often struggle with the complexity of561

multi-hop reasoning over external knowledge. Con-562

sequently, recent research has shifted toward an563

agentic paradigm, framing graph reasoning as an564

interactive “Think-Act-Observe” decision-making565

process. Besta et al. (2024) introduced Graph-566

of-Thoughts to model reasoning itself as a graph,567

while Graph-CoT (Jin et al., 2024) enables LLMs568

to actively traverse external graphs through itera-569

tive function calls. Expanding on this line of work,570

Graph-R1 (Luo et al., 2025) and Structure-R1 (Wu571

et al., 2025) leverage RL to optimize retrieval strate-572

gies or learn structured representations, such as573

tables, from unstructured text to facilitate reason-574

ing. Unlike these methods, which often depend 575

on heavy prompting or disjointed training, our ap- 576

proach internalizes graph exploration skills directly 577

via curriculum-based RL. 578

RL for Reasoning and Curriculum Learning. 579

While RL was initially introduced to align LLMs 580

with human preferences via PPO (Ouyang et al., 581

2022) or direct optimization methods such as DPO 582

(Rafailov et al., 2023), recent work has shifted 583

toward enhancing complex reasoning capabili- 584

ties through RL with Verifiable Rewards (RLVR; 585

Mroueh, 2025). Pioneering studies, including 586

DeepSeek-R1 (Guo et al., 2025), show that LLMs 587

can self-improve their reasoning skills when pro- 588

vided with rule-based feedback (e.g., correctness 589

in math or code). To facilitate learning in long- 590

horizon tasks, curriculum learning has been in- 591

tegrated into RL, using strategies such as easy- 592

to-hard scheduling (Parashar et al., 2025), adap- 593

tive rollout control (Shen et al., 2025), and multi- 594

objective balancing (Hammoud et al., 2025). How- 595

ever, existing RLVR approaches primarily focus on 596

internal reasoning tasks, such as math and logic, or 597

unstructured web search (Jin et al., 2025). Our 598

work bridges this gap by applying curriculum- 599

based RL to structured graph environments, en- 600

abling LLMs to internalize the specialized skills 601

required for multi-hop graph exploration. 602

5 Conclusion 603

In this paper, we present GRAPHDANCER, an RL 604

framework designed to equip LLMs with the capa- 605

bility to autonomously explore and reason over 606

structured graph environments. By incorporat- 607

ing a novel graph-aware curriculum, we enable 608

moderate-sized models to progressively internal- 609

ize complex multi-hop reasoning skills, moving 610

beyond the limitations of static retrieval or heavy 611

prompting strategies. Extensive experiments show 612

that GRAPHDANCER generalizes effectively across 613

diverse unseen domains, including E-COMMERCE, 614

LITERATURE, HEALTHCARE, and LEGAL, after 615

training on a single ACADEMIC domain. Notably, 616

GRAPHDANCER demonstrates robust adaptabil- 617

ity to out-of-distribution question types, where 618

graph interactions serve as contextual grounding 619

rather than direct lookups. These results suggest 620

that through adaptive interaction and curriculum- 621

based training, LLMs can acquire truly general- 622

izable graph reasoning abilities, paving the way 623

for more reliable and factually grounded agents in 624

knowledge-intensive applications. 625

8



Limitations626

Our framework involves several design choices,627

including the curriculum shape, biased-mixture628

schedule, and RL hyperparameters. Due to the high629

computational cost of RL fine-tuning, we do not630

perform an exhaustive sensitivity study over this631

space, such as varying mixture coefficients, level632

priors, KL strength, or rollout budgets. Pilot runs633

indicate that auxiliary format rewards and biased-634

mixture sampling can significantly impact training635

stability, but a systematic multi-seed ablation with636

complete learning curves is left to future work. Ad-637

ditionally, we adopt the deterministic Graph-CoT638

tool API; how well the learned policy transfers639

to substantially different tool interfaces, such as640

non-deterministic tools, or noisy and incomplete641

outputs, remains an open question.642

Ethical Considerations643

Our work enhances an LLM’s ability to explore644

graph-structured knowledge through executable645

function calls, which can improve grounding and646

factuality but also introduces risks when connected647

to real-world graphs. In particular, graph tool APIs648

may expose sensitive information, such as propri-649

etary relations or user data, and could be misused650

for broad traversal or data exfiltration if access is651

not carefully controlled. Deployments should there-652

fore enforce strict authentication and authorization,653

least-privilege function permissions, auditing, and654

redaction of sensitive fields in tool outputs. Be-655

cause node attributes and observations may con-656

tain untrusted text, systems are also vulnerable to657

prompt-injection attacks that attempt to manipu-658

late subsequent actions. Tool outputs should be659

sanitized and isolated, and all calls should be val-660

idated against an allowlist of functions and argu-661

ment schemas. Finally, while our method reduces662

some behavioral failures, such as invalid calls, it663

does not guarantee correctness. Agents may still664

retrieve incomplete evidence or terminate prema-665

turely. We therefore view it as decision support666

rather than a substitute for expert judgment, espe-667

cially in high-stakes domains.668
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A Implementation Details865

A.1 Reward Function Details866

Let ŷ denote the content extracted from the fi-867

nal <answer> · · · </answer> block, and y⋆ be868

the ground-truth answer for (x,G). We define an869

exact-match indicator EM(ŷ, y⋆) ∈ {0, 1}, a for-870

mat validity indicator VF(τ) ∈ {0, 1} that checks871

whether the model follows the interaction protocol872

in Section 2.2, and an answer-presence indicator873

AP(ŷ) ∈ {0, 1} that examines whether the final874

answer is non-empty. The reward used in Eq. 1 is:875

r(x,G, τ) = EM(ŷ, y⋆)

− λstruct EM(ŷ, y⋆) (1−VF(τ))

+ λfinal (1− EM(ŷ, y⋆))VF(τ)AP(ŷ).

(5)876

where λstruct and λfinal are coefficients that control877

the strength of the structural shaping and final-878

answer shaping terms, respectively.879

Intuitively, EM provides the primary learning880

signal by rewarding correct final answers. The881

second term applies a mild penalty when the an-882

swer is correct but the interaction trace violates883

the protocol. The last term gives a small positive884

reward to well-formed, non-empty attempts even885

when the final answer is incorrect, which helps pre-886

vent degenerate behaviors such as empty outputs887

or malformed tool text.888

A.2 Baselines Details 889

• TextRAG (Gao et al., 2023) & GraphRAG (Ye 890

et al., 2024): Following the setup in Jin et al. 891

(2024), we include two retrieval-augmented base- 892

lines that ground the LLM on graph knowledge 893

via linearized context rather than typed function 894

calls. TextRAG treats the graph as a plain text 895

corpus and uses a retriever to fetch relevant tex- 896

tual entries, which are appended to the prompt 897

for single-pass answering. GraphRAG extends 898

TextRAG by additionally retrieving the associ- 899

ated local subgraph of the retrieved entry and 900

linearizing it as extra context, after which the 901

backbone produces the answer in the same single 902

forward pass without executing any structured 903

graph functions. 904

• Graph-CoT (Jin et al., 2024): We report re- 905

sults on GPT-3.5-turbo and GPT-4o-mini us- 906

ing the original system instructions and few- 907

shot examples from Jin et al. (2024). For 908

Qwen2.5-3B-Instruct and Qwen3-14B, we uti- 909

lize the same interaction format as our RL policy 910

(described in Section 2.2). 911

• ToG-2 (Ma et al., 2025): This is a knowledge- 912

guided RAG method that interleaves reason- 913

ing with iterative retrieval over graph-structured 914

knowledge. To ensure a fair comparison, we 915

use the same text-to-node linker as in Graph- 916

CoT, all-mpnet-base-v2,2 when mapping tex- 917

tual mentions to graph nodes. 918

• Vanilla RL. We fine-tune the Qwen2.5-3B- 919

Instruct backbone with the same RL reward 920

function (Eq. 5) and hyperparameters as GRAPH- 921

DANCER. This baseline samples training data x 922

uniformly from the dataset, without the proposed 923

graph-aware curriculum. 924

A.3 Hyperparameters 925

Graph Executor and Interaction Budget. All 926

models interact with the same graph executor and 927

function API (Section 2.2). We set max_turns 928

T = 10. Within each turn, the model may emit a 929

batch of graph calls inside a <graph> block, which 930

are executed deterministically. 931

Training and Inference Details. For all Qwen- 932

family backbones, we apply the same decoding 933

configuration for both inference-time generation 934

2https://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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and rollout generation: we set temperature as 0.7,935

top-p as 0.8, and top-k as 20. For RL training, we936

train for a total of 200 steps using a global rollout937

buffer and mini-batch size of 128 (micro-batch size938

8 per GPU). We use a constant KL penalty β =939

0.001 relative to the reference policy, a policy clip940

ratio of 0.2, and a value clip range of 0.5. The actor941

and critic learning rates are set to 10−6 and 10−5,942

respectively.943

Curriculum Configuration for GRAPHDANCER.944

We use the Gaussian curriculum schedule with β =945

3 and σ = 0.75. We use a time-varying mixture946

(Eq. 3) with ηstart = 0.2 and ηend = 0.8, and a947

fixed level bias prior q = [0.5, 0.5, 0] over {Easy,948

Medium, Hard}.949

B Analysis950

B.1 Behavioral Analysis of Graph Interaction951

Outcome metrics alone do not reveal whether952

a model truly internalizes the multi-round953

reasoning→action→observation procedure.954

We therefore complement Table 2 with behavioral955

diagnostics computed from execution traces.956

Metrics. We report (1) Format Validity (VF), the957

proportion of trajectories that follow the required958

<think> / <graph> / <information> / <answer>959

structure; (2) Call Validity (CV), the fraction of960

tool calls that pass schema validation; and (3) Evi-961

dence Hit (EH), the fraction of episodes where the962

normalized gold answer appears in any returned963

<information> block.964

Findings. Table 4 shows that GRAPHDANCER965

substantially improves VF across all unseen do-966

mains, indicating that curriculum-based RL helps967

the model reliably follow the intended multi-round968

interaction protocol. Notably, Vanilla RL exhibits969

much lower VF than the base model in every do-970

main (e.g., 0.138 vs. 0.488 on LITERATURE, and971

0.290 vs. 0.625 on E-COMMERCE), suggesting that972

RL without curriculum can degrade structural com-973

pliance during exploration. We hypothesize that974

sparse rewards and exploration noise can destabi-975

lize format adherence; curriculum mitigates this976

by increasing early successful trajectories. Evi-977

dence hit rates (EH) improve modestly but con-978

sistently for GRAPHDANCER compared to base-979

lines. This suggests that GRAPHDANCER more fre-980

quently surfaces answer-relevant evidence in tool981

observations.982

Difficulty-wise Breakdown. Tables 5-8 report be-983

Domain Model VF ↑ CV ↑ EH ↑

E-COMMERCE
Graph-CoT 62.5 99.1 49.0
Vanilla RL 29.0 97.0 49.0
GRAPHDANCER 78.0 99.1 50.0

LITERATURE
Graph-CoT 48.8 98.6 51.7
Vanilla RL 13.8 96.3 52.9
GRAPHDANCER 70.0 100.0 55.8

HEALTHCARE
Graph-CoT 31.9 99.3 20.4
Vanilla RL 21.9 99.0 17.8
GRAPHDANCER 46.7 98.9 21.9

LEGAL
Graph-CoT 42.8 97.8 46.7
Vanilla RL 26.1 91.3 43.3
GRAPHDANCER 54.4 89.1 43.9

Table 4: Behavioral analysis of execution traces on
unseen domains. VF: fraction of episodes follow-
ing the required interaction format; CV: fraction of
tool calls passing schema validation; EH: fraction of
episodes where the normalized gold answer appears in
any <information> block. All three baselines are us-
ing Qwen2.5-3B-Instruct as LLM backbone.

havioral diagnostics stratified by our structural dif- 984

ficulty levels (Easy/Medium/Hard). We report VF 985

(format validity), CV (schema-valid tool-call rate), 986

and EH (evidence hit rate; whether the normal- 987

ized gold answer appears in any <information> 988

block). 989

Analysis. Across domains, VF generally decreases 990

as difficulty increases, reflecting the challenge of 991

maintaining a clean multi-round interaction pro- 992

tocol under longer-horizon reasoning. Vanilla RL 993

is particularly brittle on Medium/Hard samples, 994

where VF is often near zero (e.g., Medium E- 995

COMMERCE and Hard LITERATURE/LEGAL), sug- 996

gesting that RL without curriculum can lead to fre- 997

quent deviations from the required tool-use format. 998

In contrast, GRAPHDANCER consistently improves 999

VF on Medium/Hard, indicating that curriculum- 1000

based RL better preserves structural compliance. 1001

Schema-level tool-call validity (CV) remains 1002

high for most settings but exhibits notable drops 1003

on LEGAL Medium/Hard for RL-trained models, 1004

consistent with the hypothesis that certain domains 1005

induce more complex or error-prone argument pat- 1006

terns. Finally, EH is high on Easy subsets (often 1007

> 0.65) but can be substantially lower on Hard 1008

subsets (e.g., E-COMMERCE and LITERATURE), 1009

indicating that the gold answer string may not fre- 1010

quently appear verbatim in tool observations for 1011

multi-hop or aggregation-heavy questions. These 1012

results help contextualize why improvements on 1013

Hard subsets can be domain-dependent: even when 1014

the model follows the protocol (VF), the retrieval 1015

trace may still fail to surface gold strings (EH), mo- 1016
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E-COMMERCE HEALTHCARE LEGAL LITERATURE

Method VF CV EH VF CV EH VF CV EH VF CV EH

Graph-CoT 93.75 100.00 88.75 61.00 100.00 31.00 60.64 98.98 65.96 72.09 100.00 69.77
Vanilla RL 62.50 100.00 92.50 44.00 99.83 31.00 47.87 94.65 64.89 23.26 100.00 73.64
GRAPHDANCER 92.50 99.46 90.00 53.00 100.00 39.00 70.21 94.06 68.09 73.64 100.00 75.19

Table 5: Difficulty-wise behavioral diagnostics on Easy samples.

E-COMMERCE HEALTHCARE LEGAL LITERATURE

Method VF CV EH VF CV EH VF CV EH VF CV EH

Graph-CoT 33.33 97.41 53.85 8.67 98.97 8.00 26.47 98.69 20.59 46.67 99.35 83.33
Vanilla RL 0.00 95.07 41.03 2.00 98.62 3.33 2.94 82.72 2.94 10.00 96.62 70.00
GRAPHDANCER 71.79 97.02 53.85 40.00 98.46 5.33 26.47 84.57 8.82 90.00 100.00 93.33

Table 6: Difficulty-wise behavioral diagnostics on Medium samples.

tivating evidence-aware objectives in future work.1017

OOD Subsets. Table 8 reports behavioral diagnos-1018

tics on OOD samples. We observe that EH is 01019

across all three OOD domains. This is expected1020

given the definition of OOD in GRbench: many1021

OOD queries are not answerable by directly look-1022

ing up a gold string in the graph, and instead require1023

using the graph as supporting context for open-1024

ended generation (e.g., recommendation-style out-1025

puts). Under such settings, an exact string-based1026

evidence-hit metric becomes overly strict and can1027

under-estimate useful graph interaction.1028

Despite EH = 0, VF and CV still provide infor-1029

mative signals about interaction reliability. Com-1030

pared with Vanilla RL, GRAPHDANCER substan-1031

tially improves VF on OOD across domains (E-1032

COMMERCE: 67.50 vs. 15.00; LEGAL: 35.001033

vs. 5.00; LITERATURE: 33.33 vs. 0.00), indicat-1034

ing better adherence to the intended multi-round1035

tool-use protocol even when the task is open-1036

ended. Schema-level call validity (CV) shows a1037

mixed pattern: GRAPHDANCER reaches perfect1038

CV on E-COMMERCE and LITERATURE OOD,1039

but drops on LEGAL OOD (79.13), suggesting1040

that LEGAL OOD questions induce more chal-1041

lenging or error-prone API usage (e.g., relation/ar-1042

gument mismatches). Overall, these results sup-1043

port the view that curriculum-based RL primarily1044

strengthens structural tool-use reliability on OOD1045

queries, while measuring contextual grounding on1046

OOD likely requires evidence metrics beyond exact1047

string hits (e.g., semantic grounding or judge-based1048

rubrics).1049

B.2 Case Study Logs1050

Figure 4 presents the original reasoning trajectories1051

for the case study discussed in Section 3.4.1052
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E-COMMERCE HEALTHCARE LEGAL LITERATURE

Method VF CV EH VF CV EH VF CV EH VF CV EH

Graph-CoT 50.00 99.46 12.50 60.00 100.00 60.00 13.33 100.00 16.67 11.43 98.34 11.43
Vanilla RL 5.00 96.46 17.50 60.00 98.99 60.00 0.00 93.03 23.33 0.00 96.72 14.29
GRAPHDANCER 67.50 100.00 15.00 65.00 100.00 60.00 53.33 91.21 6.67 58.57 100.00 11.43

Table 7: Difficulty-wise behavioral diagnostics on Hard samples.

E-COMMERCE LEGAL LITERATURE

Method VF CV EH VF CV EH VF CV EH

Graph-CoT 40.00 100.00 0.00 30.00 81.97 45.00 16.67 94.44 0.00
Vanilla RL 15.00 96.69 0.00 5.00 90.98 45.00 0.00 80.65 0.00
GRAPHDANCER 67.50 100.00 0.00 35.00 79.13 45.00 33.33 100.00 0.00

Table 8: Difficulty-wise behavioral diagnostics on OOD samples.

Component Content

Task instruction Solve a question answering task by repeating bundled steps that contain
reasoning (<think>...</think>) followed by exactly one graph interaction
(<graph>...</graph>). After each <graph> call, the environment returns feedback
inside <information>...</information>. You may take as many steps as necessary.

Output protocol - Intermediate step: <think>...</think><graph>Function[...]</graph> (then
environment returns <information>...</information>.)
- Final step: <think>...</think><answer>...</answer> (no more graph calls).

Available functions RetrieveNode[keyword] ## retrieves the related node from the graph according to
the query
NodeFeature[Node, feature] ## returns detailed attribute information of Node for
the given "feature" key
NodeDegree[Node, neighbor_type] ## returns the number of "neighbor_type" neighbors
of Node
NeighborCheck[Node, neighbor_type] ## lists the "neighbor_type" neighbors of Node
and returns them

Format rules 1) You MUST conduct reasoning inside <think>...</think> before every graph call
and after every <information> you receive.
2) Inside <graph>...</graph>, issue EXACTLY ONE function per step. Do NOT include
any other text in <graph>.
3) Do NOT fabricate <information>; it is ONLY produced by the environment
immediately after your <graph> step.
4) Keep thoughts concise and ONLY inside <think>. Do NOT put a graph call inside
<think>, and do NOT put thoughts inside <graph>.
5) The final output MUST contain ONLY one <answer>...</answer> block with the
requested node main features (e.g., names), not node IDs.

In-context examples Here are some examples:
{examples}
(END OF EXAMPLES)

Graph schema Definition of the graph:
{graph_definition}

Question Question:
{question}

Table 9: Prompt template used for all LLM rollouts in GRAPHDANCER. Placeholders ({examples},
{graph_definition}, {question}) are instantiated per example. We use the same graph definitions as in Jin et al.
(2024)
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Full Log: Vanilla RL

Question:
What is the usual price of the items often purchased together with PYLE-PRO PPHP1293 - 800 Watt 12”
Two-Way Plastic Molded Loudspeaker?

Trace:
[Turn 0]
<think>The question is asking for the usual price of items often purchased together with a specific
item... first need to locate the item node in the graph.</think>
<graph>RetrieveNode[PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded Loudspeaker]</graph>
<information>The ID of this retrieval target node is B000NJIYHY.</information>

[Turn 1]
<think>The question needs the usual price of items often purchased together... check the
bought_together_item neighbors...</think>
<graph>NodeDegree[B000NJIYHY, bought_together_item]</graph>
<information>The bought_together_item neighbor node degree of B000NJIYHY are: 1.</information>

[Turn 2]
<think>The item B000NJIYHY has 1 item often purchased together... We need to check the node feature
(price) of the only bought_together_item...</think>
<graph>NodeFeature[B000NJIYHY_bought_together_item_0, price]</graph>
<information>The node or feature name does not exist in the graph. This might be because your given
feature name is not correct. Please modify it.</information>

[Turn 3]
<think>It seems there’s an issue with accessing the price information... Since we couldn’t directly
access the price, we can infer it by checking... the original item...</think>
<graph>NodeFeature[B000NJIYHY, price]</graph>
<information>The price feature of B000NJIYHY are: 140.43.</information>

[Turn 4]
<think>The price of the original item B000NJIYHY is 140.43... we can reasonably assume the usual
price... is around the same value.</think>
<answer>140.43</answer>

Full Log: GRAPHDANCER

Question:
What is the usual price of the items often purchased together with PYLE-PRO PPHP1293 - 800 Watt 12”
Two-Way Plastic Molded Loudspeaker?

Trace:
[Turn 0]
<think>First, I need to find the node corresponding to the item PYLE-PRO PPHP1293... After that, I
can determine its bought_together_item neighbors...</think>
<graph>RetrieveNode[PYLE-PRO PPHP1293 - 800 Watt 12” Two-Way Plastic Molded Loudspeaker]</graph>
<information>The ID of this retrieval target node is B000NJIYHY.</information>

[Turn 1]
<think>To answer the question, I need to check the bought_together_item neighbors of the found
node.</think>
<graph>NeighborCheck[B000NJIYHY, bought_together_item]</graph>
<information>The bought_together_item neighbors of B000NJIYHY are: [’B000E1U4WY’].</information>

[Turn 2]
<think>The item often purchased together... is B000E1U4WY. Now, I need to find the price feature of
this item...</think>
<graph>NodeFeature[B000E1U4WY, price]</graph>
<information>The price feature of B000E1U4WY are: 12.95.</information>

[Turn 3]
<think>The usual price of the item often purchased together is 12.95.</think>
<answer>12.95</answer>

Figure 4: Original reasoning trajectories for the case study discussed in Section 3.4. The top box shows the Baseline
failure, while the bottom box shows the successful trajectory of GRAPHDANCER.
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