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Abstract001

Integrating textual graphs into Large Language002
Models (LLMs) is promising for complex003
graph-based QA. However, a key bottleneck is004
retrieving informative yet compact subgraphs005
that fit the LLM context. Existing retrievers006
often struggle, relying either on shallow em-007
bedding similarity or costly interactive policies008
that require excessive supervision. To address009
these challenges, we introduce Graph-S3, an010
agentic textual graph reasoning framework fea-011
turing an LLM-based retriever trained with syn-012
thetic stepwise supervision. Rather than rely-013
ing on final answer rewards—which often yield014
sparse and unstable signals—we optimize the015
retriever by evaluating each step against offline-016
extracted golden subgraphs. Our approach dis-017
tills golden subgraphs via a specialized data018
synthesis pipeline to formulate dense rewards,019
facilitating a two-stage training scheme that020
effectively learns the interactive graph explo-021
ration policy. Based on extensive experiments022
on three common datasets in comparison with023
seven strong baselines, our approach achieves024
an average improvement of 8.1% in accuracy025
and 9.7% in F1 score. The advantage is even026
higher in more complicated multi-hop reason-027
ing tasks. Our code will be open-sourced.028

1 Introduction029

Textual graphs are widely employed for struc-030

tured knowledge representation in domains like031

question answering and scientific discovery (Peng032

et al., 2024; Procko and Ochoa, 2024; Zhang033

et al., 2025a). By explicitly modeling multi-034

hop relations, they enable interpretable, compo-035

sitional reasoning that is difficult to achieve with036

unstructured text (Chen et al., 2020; Hogan et al.,037

2021; Zou, 2020). While early methods were con-038

strained by inflexible symbolic inference and high039

annotation costs (Yih et al., 2016), the semantic040

capabilities of Large Language Models (LLMs)041

have alleviated these limitations (Chang et al.,042

2024; Su et al., 2025). Consequently, integrating 043

LLMs with textual graphs has become a prominent 044

paradigm for general-purpose graph understand- 045

ing and QA (Lewis et al., 2020; Peng et al., 2024; 046

Procko and Ochoa, 2024; Zhang et al., 2025a; Jin 047

et al., 2024; Chai et al., 2023). 048

LLM agents accessing graphs via tool calls sur- 049

pass simple retrieval (Jiang et al., 2024; Yang et al., 050

2024; Ji et al., 2024), as illustrated in Figure 1 051

where an agent iteratively collects information. 052

However, training such agents via supervised fine- 053

tuning (SFT) often collapses the action space, favor- 054

ing memorization over generalizable policies (Chu 055

et al., 2025; Li et al., 2024). While outcome- 056

supervised reinforcement learning (RL) offers a 057

potential solution by exploring reasoning trajecto- 058

ries (Lightman et al., 2023; Paolo et al., 2024), it 059

faces significant hurdles in this domain: the ac- 060

tion space in real-world textual graphs is often too 061

vast for efficient exploration, and outcome-based 062

rewards are sparse and noisy. For instance, redun- 063

dant or erroneous retrieval steps may coincidentally 064

lead to the correct final answer, rendering outcome 065

supervision unreliable for assessing reasoning qual- 066

ity (Liu et al., 2023; Rengarajan et al., 2022). 067

To overcome this limitation, we introduce a syn- 068

thetic stepwise supervision scheme that provides 069

explicit feedback at every decision step, ensuring 070

that the model is guided not only by the correct- 071

ness of the final answer but also by the quality 072

of intermediate actions. The key idea is to guide 073

each graph retrieval step with golden subgraphs 074

offline extracted from the target graph. Specif- 075

ically, we propose an automated pipeline to con- 076

struct the golden subgraphs for reward computa- 077

tion. We first generate a large amount of subgraph 078

candidates through random and LLM-guided ex- 079

ploration, and filter the candidates based on infor- 080

mation sufficiency, i.e. whether they are able to 081

produce correct answers with LLMs. These suc- 082

cessful exploratory trajectories are used for SFT, 083
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Figure 1: An illustration of agentic textual graph retrieval and question answering.

providing the retriever with basic navigation abil-084

ity as a warm-up stage. Then we further refine085

the subgraphs to enhance information conciseness086

by iteratively pruning redundant content while pre-087

serving answer consistency. With these refined sub-088

graphs, each online graph retrieval action can be089

associated with an explicit stepwise reward based090

on its contribution to the golden subgraphs. The091

combined two-step training pipeline guides the re-092

triever to improve reasoning decisions over long093

action chains.094

Extensive experiments have demonstrated the095

effectiveness of our synthetic stepwise supervi-096

sion approach. For example, while retrieving only097

11.44% of the triples, Graph-S3 achieves an aver-098

age improvement of 8.1% in accuracy and 9.7% in099

F1 score across the WebQSP, CWQ, and MetaQA100

benchmarks.101

In summary, the main contributions of this work102

are as follows:103

(1) We propose an automatic pipeline for synthe-104

sizing high-quality stepwise supervision data for105

interactive graph retrieval, addressing the scarcity106

of fine-grained training signals in this field.107

(2) We design a two-stage training paradigm108

tailored for graph reasoning: SFT on raw synthetic109

trajectories to bootstrap basic navigation ability,110

followed by RL with synthetic stepwise rewards111

on refined trajectories to provide explicit feedback112

and strengthen reasoning strategies.113

(3) Experimental results demonstrate that Graph-114

S3 achieves state-of-the-art performance on the We-115

bQSP, CWQ, and MetaQA datasets with accurate116

and compact graph retrieval.117

2 Related Work 118

2.1 Graph Retrieval Methods 119

Graph retrieval approaches include similarity- 120

based, GNN-based, and LLM-based meth- 121

ods (Peng et al., 2024; Procko and Ochoa, 2024; 122

Zhang et al., 2025a; Zhu et al., 2025; Han et al., 123

2024), but most perform one-shot retrieval and of- 124

ten return redundant or incomplete subgraphs. Re- 125

cent interactive frameworks (Jiang et al., 2024; Ji 126

et al., 2024; Yang et al., 2024) allow iterative ex- 127

ploration, yet their training predominantly relies on 128

imitation of language patterns or outcome-based su- 129

pervision, which provides only coarse feedback and 130

limits stable multi-hop reasoning. In contrast, our 131

work employs RL with synthetic stepwise rewards 132

and a scalable data synthesis pipeline to provide 133

supervision for interactive retrieval. 134

2.2 Stepwise RL for Graph Reasoning 135

Recent advances such as OpenAI o1 and DeepSeek- 136

R1 (Jaech et al., 2024; Guo et al., 2025) demon- 137

strate the effectiveness of RL in strengthening 138

multi-step reasoning, enabling models to perform 139

longer chains of thought with improved reliabil- 140

ity in domains like mathematics and program- 141

ming (Guo et al., 2024a; El-Kishky et al., 2025). 142

In contrast, applying RL to textual graphs remains 143

limited, partly due to the lack of fine-grained super- 144

vision data (Zhang et al., 2025a; Yao et al., 2025; 145

Liu et al., 2025). RL-based graph agents (Das et al., 146

2017; Cui et al., 2025) relied on sparse outcome re- 147

wards, making credit assignment across reasoning 148

trajectories difficult. Although recent efforts have 149

introduced reasoning-structured datasets (Pahila- 150

jani et al., 2024), high-quality stepwise supervision 151

2



Figure 2: An Overview of our data synthesis pipeline and training scheme.

for graph-based RL remains scarce and difficult152

to construct at scale. These observations highlight153

the need for scalable approaches that can provide154

fine-grained supervision signals and support stable155

optimization for interactive graph retrieval.156

3 Method157

We present our agentic retrieval framework, de-158

signed to equip large language models with robust159

graph reasoning capabilities through stepwise su-160

pervision, a two-stage training paradigm, and an161

interactive retrieval strategy. As illustrated in Fig-162

ure 2, the framework comprises three main compo-163

nents. First, we construct an automatic data synthe-164

sis pipeline that leverages GPT-4o (OpenAI, 2024)165

to generate diverse exploratory trajectories, which166

are subsequently refined into high-quality stepwise167

supervision data. This addresses the scarcity of168

fine-grained training signals for graph-based RL.169

Second, we adopt a two-stage training paradigm:170

SFT on raw synthetic trajectories provides a warm-171

up initialization for basic graph navigation, while172

RL with synthetic stepwise rewards on refined tra-173

jectories supplies explicit feedback at each deci-174

sion step, stabilizing optimization and strengthen-175

ing reasoning strategies. Finally, during inference,176

the retriever operates under an interactive retrieval177

mechanism that conducts stepwise, structure-aware178

exploration of the textual graph, thereby reducing179

redundancy and mitigating incomplete retrieval.180

3.1 Data Synthesis 181

Existing LLMs are not pretrained on graph- 182

structured data (Zhang et al., 2025b), which sig- 183

nificantly limits their performance on graph reason- 184

ing tasks. As a result, effective training requires 185

high-quality supervision to cultivate graph com- 186

prehension and reasoning capabilities. However, 187

constructing such datasets is notoriously expen- 188

sive, since it often relies on manual annotation by 189

domain experts (Choubey et al., 2024), leading 190

to a persistent scarcity of high-quality graph rea- 191

soning data. To address this issue, we design a 192

pipeline that automatically synthesizes graph rea- 193

soning trajectories. Specifically, we first define a 194

set of actions that enable structured interaction with 195

the graph. Then, we leverage GPT-4o to perform 196

these actions and collect valid action–response 197

pairs, which form exploratory trajectories. The 198

raw trajectories are directly used for SFT to pro- 199

vide the model with basic navigation ability, while 200

a refinement step prunes redundant detours and pre- 201

serves all answer-consistent trajectories, producing 202

high-quality stepwise supervision data for RL. 203

3.1.1 Action Space for Graph Exploration 204

Given a textual graph G = {ti}mi=1, where each 205

triple ti = (eih, r
i, eit) ∈ E × R × E consists of a 206

head entity eih ∈ E , a relation ri ∈ R, and a tail 207

entity eit ∈ E . Here, E andR denote the sets of enti- 208

ties and relations, respectively. To enable stepwise 209

exploration over G, we define the retriever’s action 210
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space as consisting of three types of operations. For211

clarity, we use (x, r, y) to denote a generic triple in212

G, where x, y ∈ E and r ∈ R.213

Explore Entity: This operation expands the lo-214

cal neighborhood of a given entity by retrieving215

all directly connected triples in G. Formally, for a216

target entity x ∈ E , the operation is defined as217

Explore(x) ={(x, r, y)|(x, r, y) ∈ Gp}218

∪ {(y, r, x)|(y, r, x) ∈ Gp} (1)219

where r ∈ R and y ∈ E denote relations and220

neighboring entities, respectively. The retrieved221

triples are added to the perception window Gp for222

subsequent reasoning steps.223

Choose Relation: The perception window Gp224

obtained from the EXPLORE action may still con-225

tain many irrelevant triples. To avoid introducing226

redundant context into the LLM, this operation227

prunes Gp into a query-relevant subgraph Gsub:228

Choose(q,Gp) =
{
(x, r, y) ∈ Gp

∣∣
F (q, (x, r, y)) = 1

}
.

(2)229

Here, q is the query, (x, r, y) denotes a triple in Gp,230

and F (q, (x, r, y)) is the relevance function learned231

by the retriever to decide whether the triple should232

be preserved. F outputs 1 if the triple is judged233

relevant to the query and 0 otherwise.234

Finish: This operation indicates that the retriever235

has gathered sufficient evidence in the current sub-236

graph Gsub to answer the query q. Once invoked,237

the exploration process terminates, and (q,Gsub) is238

used to produce the final answer:239

Finish(q,Gsub) = Answer(q,Gsub), (3)240

where Answer(q,Gsub) denotes answering query q241

based on the retrieved subgraph.242

3.1.2 Graph Reasoning Data Synthesis243

Given the defined action space, we synthesize rea-244

soning trajectories by letting a behavior model245

(GPT-4o) interact with the graph. We formalize246

the generation process as a Markov decision pro-247

cess (MDP) with deterministic transitions defined248

by the graph action space. Each trajectory consists249

of multiple decision steps, and is later decomposed250

into step-level training instances for SFT and RL.251

State. We define each state as a tuple of four252

components: st =
(
q, Gpt , Gsubt , ht

)
, where q is253

the query, Gpt the perception window aggregated by254

EXPLORE, and Gsubt the focused subgraph main-255

tained by CHOOSE, and ht = (a1, . . . , at−1) the256

action history up to step t. Including ht allows 257

the retriever to condition its decisions not only on 258

the current graph view but also on the reasoning 259

trajectory already taken. 260

Action. The parameterized action space is A, 261

defined in 3.1.1. During the synthesis phase, the 262

behavior model selects at ∈ A given st, and ad- 263

ditionally produces a natural language reasoning 264

trace that explains the choice of action. 265

Transition. The execution of action at triggers 266

a state transition st → st+1 by updating the action 267

history ht+1 ← ht ∪{at} and modifying the graph 268

components based on the action type. Specifically, 269

if at = EXPLORE(xt), the agent expands the par- 270

tial graph Gpt by merging it with the newly explored 271

neighbors. If at = CHOOSE, the agent updates the 272

subgraph Gsubt by filtering relevant triples from Gpt 273

via the selection function. The episode terminates 274

when at = FINISH or the time step t reaches the 275

maximum limit Tmax. 276

Answer and retention. Upon termination 277

at step T , we produce an answer ŷ = 278

Answer
(
q,GsubT

)
and keep the trajectory τ = 279{

(st, at)
}T

t=1
only if ŷ matches the set of ground- 280

truth answers. After that, we use the raw action 281

labels for SFT dataset: DSFT =
{
(st, at)

}
τ, t

. In 282

the next subsection, we further refine trajectories 283

to obtain stepwise supervision signals for RL. 284

3.1.3 Trajectory Refinement for RL 285

While SFT directly benefits from raw trajectories, 286

RL requires more concise training signals (Yue 287

et al., 2025). Filtering trajectories only by final an- 288

swer correctness often produces redundant explo- 289

ration steps, introducing noise and inefficiency dur- 290

ing policy optimization. To address this, we intro- 291

duce a refinement procedure that removes unneces- 292

sary detours while preserving all answer-consistent 293

trajectories, thereby yielding shorter and cleaner 294

trajectories for RL. 295

Let the set of retained raw trajectories be T = 296

{τi}Ni=1, where each τi = {(st, at)}Ti
t=1 is a se- 297

quence of state–action pairs terminating at step Ti. 298

We define a refinement operator R that maps the 299

raw set T into a refined set T ∗: 300

T ∗ = R(T ). (4) 301

For each τi, the refinement identifies the shortest 302

feasible subsequence τ∗i that still leads to the same 303

correct final answer: 304

τ∗i = arg min
τ∈Fi

|τ |, (5) 305
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where Fi is the set of all feasible answer-consistent306

trajectories equivalent to τi. Let sT (τ) denotes the307

final state and y(τ) denotes the answer.308

Fi =
{
τ | sT (τ) = sT (τi) ∧ y(τ) = y(τi)

}
. (6)309

Thus, the refined dataset T ∗ retains trajectories310

that are semantically equivalent to the originals311

but stripped of redundant exploration steps. Each312

refined trajectory τ∗i is then decomposed into step-313

level supervision signals by attaching a rule-based314

stepwise reward ℓt ∈ [0, 1] to each action at, in-315

dicating its correctness within the reasoning tra-316

jectory. Formally, the RL training dataset is con-317

structed as DRL =
{
(st, at, ℓt)

}
τ∗, t

. This ensures318

that RL receives concise stepwise supervision sig-319

nals, improving both stability and efficiency of320

training.321

3.2 Training Stage322

To enhance the model’s graph comprehension and323

reasoning capabilities, we adopt a two-stage fine-324

tuning approach. The first stage uses SFT with325

synthesized data to establish foundational abili-326

ties. The second stage employs GRPO with tra-327

jectory refinement, leveraging RL’s proven effec-328

tiveness in enhancing reasoning and exploration329

efficiency (Yue et al., 2025).330

3.2.1 Stage I: Supervised fine-tuning331

For each step t, let st = (q,Gpt ,Gsubt , ht) be the332

serialized state, and let yt = (y1t , . . . , y
Lt
t ) be the333

target token sequence that concatenates the natural-334

language thought process and the action specifica-335

tion. Denote by I(st) the textual serialization of336

the state. The training loss of SFT is defined as337

LSFT(θ) = −E(st,yt)
∼DSFT

[
Lt∑
l=1

log πθ

(
y l
t | I(st), y<l

t

)]
. (7)338

where πθ(y
l
t | I(st), y<l

t ) denotes the probability339

assigned by the model to the l-th token given the se-340

rialized state and the previously generated tokens.341

3.2.2 Stage II: RL with stepwise rewards342

For reward design, existing approaches predom-343

inantly rely on outcome-based reward signals,344

which have demonstrated remarkable effectiveness345

in domains such as mathematical reasoning and346

code generation. However, prior studies (Wang347

et al., 2025; Choudhury, 2025; Deng et al., 2024)348

have shown that in relatively complex scenarios349

such as graph retrieval, conventional outcome-350

based reward signals tend to be overly sparse. This351

sparsity hampers effective credit assignment to 352

early-stage actions, ultimately resulting in ineffi- 353

cient learning over long action chains. This ob- 354

servation motivates our adoption of process-level 355

rewards in the training process, where the reward 356

signal is determined by the contribution of each 357

current action to the golden subgraphs. 358

Specifically, each step t is associated with a 359

process-level rule-based reward ℓt that provides 360

graded feedback according to the quality of the 361

predicted action: 362

ℓt =


0, if Inv(at),
c1, if Fmt(at) = 1 ∧ Corr(at) = 0,

c2, if Part(at) = 1,

1.0, if at = a∗t .
(8) 363

Here, Inv(·), Fmt(·), Corr(·), and Part(·) denote 364

the deterministic functions for checking validity, 365

format correctness, action correctness, and partial 366

correctness, respectively. c1 and c2 are dataset- 367

specific hyperparameters. Consequently, we adopt 368

the reward function shown in Eq. 8 to train our 369

model using the GRPO method. 370

3.3 Interactive Retriever 371

At inference time, Graph-S3 interacts with the tex- 372

tual graph through the defined action space. Un- 373

like single-pass retrieval methods that return large 374

subgraphs, our approach performs stepwise explo- 375

ration by balancing EXPLORE and CHOOSE ac- 376

tions, terminating with FINISH when sufficient 377

evidence is gathered. This interactive process en- 378

ables precise control over retrieval depth while min- 379

imizing redundancy, producing concise subgraphs 380

for reasoning. The detailed prompts designed for 381

the interactive graph retriever are provided in Ap- 382

pendix B. An example of interactive reasoning pro- 383

cess of Graph-S3 can be found in Appendix D. 384

4 Experiments 385

4.1 Experimental Setup 386

Datasets. We evaluate Graph-S3 on three widely 387

used textual graph QA benchmarks. WebQSP (Yih 388

et al., 2015) consists of real-world questions an- 389

notated with SPARQL queries against Freebase, 390

primarily involving one- or two-hop reasoning. 391

CWQ (Talmor and Berant, 2018) extends We- 392

bQSP with more complex multi-hop questions, pos- 393

ing a greater challenge for long reasoning chains. 394

MetaQA (Zhang et al., 2018) is a movie-domain 395
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Retriever + Generator
WebQSP CWQ MetaQA 1-hop MetaQA 2-hop MetaQA 3-hop
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

No graph + Qwen3-8B 5.16 8.11 6.26 7.35 2.00 2.88 0.07 0.95 0.20 1.19
No retriever + Qwen3-8B 0.25 1.83 0.37 1.29 0.00 0.29 0.00 0.49 0.00 1.25
RAG/1hop + Qwen3-8B 27.89 38.57 12.55 16.18 75.93 86.36 0.77 1.74 4.13 11.99
RAG/2hop + Qwen3-8B 14.07 24.47 7.00 10.55 42.03 55.59 10.07 21.65 2.60 9.42
RAG/3hop + Qwen3-8B 1.54 7.94 0.99 3.12 0.37 3.03 0.13 2.21 0.13 3.45

ToG + Qwen3-8B 6.14 9.79 7.01 9.61 1.37 1.75 0.00 0.00 0.00 0.20
LightRAG + Qwen3-8B 18.39 31.67 16.20 23.09 1.13 1.76 0.00 0.19 0.07 0.40
G-retriever + Qwen3-8B 25.74 35.45 15.38 18.62 0.63 1.60 0.10 0.77 0.03 1.87
KG-Agent + Qwen3-8B 29.66 38.02 15.64 22.45 75.80 85.92 28.41 33.66 4.07 10.89
Graph-S3 + Qwen3-8B 36.24 47.88 17.87 23.29 81.50 90.22 53.73 65.60 12.73 29.49

No graph + Llama3.1-8B 8.97 15.69 9.40 11.58 12.20 17.60 1.27 7.77 1.23 8.86
No retriever + Llama3.1-8B 0.18 1.97 0.14 1.29 0.00 0.58 0.00 1.11 0.00 2.94
RAG/1hop + Llama3.1-8B 24.82 35.28 13.85 17.26 60.17 70.84 2.40 5.98 4.03 15.46
RAG/2hop + Llama3.1-8B 11.06 22.94 6.29 10.68 29.07 42.47 4.50 15.06 1.80 11.30
RAG/3hop + Llama3.1-8B 1.04 6.67 0.65 3.43 0.33 3.67 0.17 3.37 0.07 5.76

ToG + Llama3.1-8B 8.85 14.28 8.42 12.33 12.40 15.88 0.00 0.63 1.43 6.10
LightRAG + Llama3.1-8B 15.85 36.66 8.33 15.01 13.13 21.47 0.93 4.33 1.00 6.38
G-retriever + Llama3.1-8B 22.67 32.26 13.91 17.47 0.67 1.56 0.10 0.83 0.10 1.77
KG-Agent + Llama3.1-8B 32.04 41.99 10.82 13.75 65.55 75.03 32.51 44.52 3.85 8.29
Graph-S3 + Llama3.1-8B 32.31 43.26 17.11 21.17 67.50 76.56 40.17 55.49 10.73 29.55
No graph + Finetuned-8B 9.21 14.88 10.17 12.31 1.63 2.49 0.43 2.64 0.33 4.60

No retriever + Finetuned-8B 0.37 2.26 0.68 1.76 0.00 0.29 0.00 0.34 0.00 1.05
RAG/1hop + Finetuned-8B 28.87 41.48 19.85 26.01 59.50 69.54 1.83 7.44 3.30 18.61
RAG/2hop + Finetuned-8B 14.93 27.76 8.89 14.56 35.83 52.03 7.70 21.21 3.07 14.04
RAG/3hop + Finetuned-8B 1.54 7.81 0.93 4.36 0.57 2.99 0.43 2.31 0.13 4.23

ToG + Finetuned-8B 5.04 9.43 7.54 9.79 2.23 3.44 0.00 0.12 0.10 2.80
LightRAG + Finetuned-8B 17.38 32.59 13.85 19.96 13.77 20.60 0.97 3.71 0.53 4.28
G-retriever + Finetuned-8B 30.34 43.49 22.68 28.38 8.93 11.51 2.33 4.80 0.40 3.31
KG-Agent + Finetuned-8B 42.60 55.38 13.77 16.29 75.99 86.02 30.19 43.95 2.64 7.20
Graph-S3 + Finetuned-8B 44.29 58.45 23.62 30.44 82.77 92.04 63.17 76.18 14.70 36.29

Table 1: Overall results on graph-based QA benchmarks. The best results are highlighted in bold and the second
performance results are indicated by an underscore.

benchmark containing 135k triples and 43k enti-396

ties, designed to evaluate multi-hop reasoning in a397

closed domain. Following prior work (Chen et al.,398

2024), we report accuracy (Acc) and F1 score as399

evaluation metrics.400

Baselines. To validate the effectiveness of our401

approach, we compare with several representative402

graph retrieval methods. We additionally evaluate403

the model’s inherent graph understanding capabil-404

ity through two configurations: (1) the no graph405

setting, where the model processes the query with-406

out any graph input, and (2) the no retriever setting,407

where the model receives the entire graph structure408

directly as input.409

For traditional RAG, we implemented a multi-410

hop method where the model retrieves the most411

relevant graph nodes for the current query and then412

performs a k-hop expansion to collect information 413

for answer generation. We further compare with 414

representative graph retrievers, including Think-on- 415

Graph (ToG) (Sun et al., 2023), LightRAG (Guo 416

et al., 2024b), G-Retriever (He et al., 2024) and 417

agentic graph retrieval system KG-Agent (Jiang 418

et al., 2024). 419

Implementation Details are provided in the Ap- 420

pendix A. 421

4.2 Main Results 422

The results of WebQSP, CWQ, and MetaQA are 423

summarized in Table 1. In general, our framework 424

achieves the best performance among all compared 425

methods, demonstrating the effectiveness of com- 426

bining two-stage training with interactive retrieval1. 427

We break down the analysis into several key obser- 428
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vations.429

Superiority in Complex Multi-hop Reasoning.430

Graph-S3 exhibits a widening performance gap431

over baselines as reasoning complexity increases.432

On the MetaQA benchmark, while competitive on433

1-hop questions, our method dominates on multi-434

hop tasks. Specifically, on MetaQA 3-hop, Graph-435

S3 significantly outperforming the next best agen-436

tic baseline and far surpassing traditional k-hop437

RAG methods which struggle to maintain coher-438

ence over long chains.439

Effectiveness Against Training-Free Baselines.440

Against sophisticated training-free baselines like441

ToG and LightRAG, our model delivers substantial442

gains across all datasets. This highlights that while443

LLM-based planning (ToG) or structural awareness444

(LightRAG) is beneficial, it is insufficient without445

the dedicated fine-tuning and reinforcement learn-446

ing provided by our pipeline to align the retriever447

with graph-specific reasoning patterns.448

Advantage Over Trained Retrievers. Com-449

pared to supervised retrievers like G-Retriever450

and agentic frameworks like KG-Agent, Graph-451

S3 consistently achieves higher F1 scores, indicat-452

ing better precision in answer generation. This453

improvement suggests that our interactive prun-454

ing mechanism effectively balances recall and pre-455

cision—retrieving enough context to answer cor-456

rectly without overwhelming the generator with457

noise, a common pitfall for G-Retriever which re-458

trieves larger, noisier subgraphs.459

Robustness Across Backbones. The perfor-460

mance gains are consistent across different LLM461

backbones and fine-tuning strategies. Notably, even462

when using a fine-tuned backbone, Graph-S3 main-463

tains its lead, achieving the highest scores on all464

benchmarks. This demonstrates that our method’s465

benefits are orthogonal to the underlying model’s466

capability and can serve as a universal enhance-467

ment for graph-based QA systems.468

To gain deeper insights into the quantitative im-469

provements, we analyzed specific reasoning exam-470

ples to verify the effectiveness of our interactive471

pruning and stepwise supervision. A detailed pre-472

sentation of these case studies and the correspond-473

ing reasoning processes of Graph-S3 can be found474

in Appendix C.475

4.3 In-depth Analysis 476

4.3.1 Ablation Study 477

Our framework consists of four key components: 478

supervised fine-tuning (SFT), reinforcement learn- 479

ing (RL) with stepwise rewards, interactive re- 480

trieval at inference time, and trajectory refinement 481

during data synthesis. To assess the contribution of 482

each component, we remove one module at a time 483

and evaluate the resulting performance degradation. 484

The results are reported in Table 2. 485

Ablation of SFT. Removing the SFT stage leads 486

to a clear drop in Accuracy and F1 across all bench- 487

marks. This confirms that SFT provides the re- 488

triever with essential navigation ability, compensat- 489

ing for the lack of graph-specific training during 490

upstream pretraining and establishing a stable foun- 491

dation for subsequent RL optimization. 492

Ablation of RL. Eliminating the RL stage re- 493

sults in consistent performance degradation, with 494

particularly large declines on CWQ and MetaQA, 495

which require longer reasoning chains. This demon- 496

strates that RL with stepwise rewards substantially 497

strengthens the retriever’s reasoning capability, es- 498

pecially on complex multi-hop tasks. 499

Ablation of interactive inference. Disabling 500

interactive retrieval causes significant performance 501

drops on 2-hop and 3-hop questions, where results 502

approach those of conventional k-hop RAG. This 503

shows that interactive retrieval is crucial for adap- 504

tively controlling retrieval depth, effectively filter- 505

ing redundant neighbors while preserving critical 506

relations. 507

Ablation of trajectory refinement. Removing 508

trajectory refinement during data synthesis leads to 509

the largest degradation among all ablations. The re- 510

sults indicate that without refinement, synthetic tra- 511

jectories contain redundant detours, which produce 512

noisy reward signals and undermine the stability of 513

RL optimization. 514

4.3.2 Effectiveness of Stepwise Supervision 515

To further validate the effectiveness of our pro- 516

posed stepwise supervision, we conducted an ab- 517

lation study. Specifically, starting from the SFT- 518

trained model, we ablated the stepwise reward 519

signals and modified the setup to rely solely on 520

outcome-based rewards. The results of this ablation 521

study are shown in Table 3. Experimental results 522

indicate that without stepwise rewards, model per- 523

formance experiences a significant decline across 524

all benchmarks, particularly on CWQ and MetaQA 525
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Methods of Ablation

Dataset

WebQSP CWQ
MetaQA

1hop 2hop 3hop
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Graph-S3 44.29 58.45 23.62 30.44 82.77 92.04 63.17 76.18 14.70 36.29
w/o SFT 31.64 44.41 7.74 8.77 81.27 89.38 46.30 54.12 2.07 4.98
w/o RL 41.77 53.02 13.39 15.97 71.97 80.09 35.93 45.25 5.73 11.46

w/o interactive 28.87 41.48 19.85 26.01 59.50 69.54 1.83 7.44 3.30 18.61
w/o traj. refine 16.46 19.24 4.12 4.87 39.47 41.06 4.01 6.10 1.34 1.80

Table 2: Results of ablation studies.

Retriever Train Method

Dataset

WebQSP CWQ
MetaQA

1hop 2hop 3hop
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

w/o step supervision 41.83 53.87 13.47 16.40 72.63 81.12 34.97 45.14 6.43 11.34
Graph-S3 44.29 58.45 23.62 30.44 82.77 92.04 63.17 76.18 14.70 36.29

Table 3: Performance comparison of process-level rewards and outcome-based rewards training methods.
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Figure 3: Number of retrieved graph triples in Graph-S3

and baselines on correct answers.

which involve longer reasoning chains. This con-526

firms that fine-grained stepwise supervision enables527

more stable optimization and better generalization528

on complex multi-hop reasoning tasks.529

4.3.3 Effective Information Quantification530

Analysis531

To evaluate the efficiency of Graph-S3 in retrieving532

concise yet effective information, we compare it533

with baseline approaches by measuring the number534

of triples required to produce correct answers (see535

Figure 3). Unlike traditional methods that often536

retrieve large amounts of redundant information,537

our approach significantly reduces retrieval size538

while maintaining higher accuracy. In particular,539

our experiments show that Graph-S3 requires only 540

11.44% of the triples retrieved by G-Retriever on 541

average, yet still achieves superior accuracy. These 542

results highlight the framework’s ability to balance 543

search depth with precision, thereby reducing re- 544

dundancy. 545

5 Conclusion 546

We investigated the limitations of existing retrieval- 547

augmented generation methods on textual graphs, 548

highlighting their reliance on outcome-based su- 549

pervision and their tendency to produce redundant 550

or incomplete subgraphs. To overcome these chal- 551

lenges, we proposed a framework that integrates 552

three key innovations: 553

(1) A pipeline for high-quality, stepwise- 554

supervised data synthesis; (2) Two-stage training 555

(SFT then RL) with process-level rewards; (3) Fine- 556

grained, interactive retrieval over textual graphs. 557

Extensive experiments on WebQSP, CWQ, and 558

MetaQA demonstrate that our approach consis- 559

tently improves both accuracy and F1, validating 560

the effectiveness of synthetic stepwise supervision 561

and the proposed training strategy for enhancing in- 562

teractive graph retrieval. These findings underscore 563

the potential of fine-grained process supervision 564

in bridging the gap between LLMs and structured 565

knowledge, paving the way for more reliable and 566

interpretable agentic reasoning systems. 567
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6 Limitation568

While this work has focused on validating Graph-569

S³ on standard textual graph benchmarks, future570

research could explore extending the interactive571

retrieval framework to diverse problem scenarios.572

Additionally, with the rapid advancement of agent573

technology, the current framework can be further574

enhanced by designing a broader spectrum of ac-575

tions and integrating external tools to tackle in-576

creasingly complex reasoning tasks.577
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A Training Details823

Implementation Details. In our experiments, we824

primarily employed the Llama3.1-8B (Dubey et al.,825

2024) and Qwen3-8B (Yang et al., 2025) models.826

Our data synthesis pipeline produced 9,035 SFT827

and 3,504 RL training instances; with this data, the828

Qwen3-8B model was trained for 3 SFT and 15829

RL epochs on 8 A100 GPUs, requiring 32 hours in830

total.831

For data generation, we apply our proposed data832

synthesis pipeline, producing a total of 9,035 train-833

ing instances for SFT and 3,504 instances for RL.834

In the SFT stage, we fine-tune the Qwen3-8B with835

a learning rate of 1 × 10−4 for 3 epochs. In the836

RL stage, we adopt the GRPO algorithm with a837

batch size of 512, 15 training epochs, a learning838

rate of 1× 10−5, a value clipping range of 0.5, and839

a KL divergence coefficient of 0.001. The entire840

RL training phase takes approximately 32 hours on841

8 NVIDIA A100 80GB GPUs.842

Hyperparameter Value

Learning rate 1× 10−5

Batch size 512

Epochs 15

Clip ratio 0.2

Gradient clipping 1.0

KL coefficient 0.001

PPO mini-batch size 16

Table 4: Key hyperparameters for RL training (GRPO).

B Prompt of Interactive Graph Retrieval843

Prompts for Interactive Graph Retriever
You are an intelligent agent skilled in exploring Knowledge
Graphs, with strong reasoning abilities. Your task is to
perform question answering over a Knowledge Graph by
gradually exploring it. You should start from the entities
mentioned in the question and explore the graph step by
step until you gather enough information to answer the
question.

Your task follows these steps:
1. Understand the Question
2. Analyze the Action History and Current Graph State
3. Choose the Next Action from the following options:

• "Explore Entity": Explore all triples directly con-
nected to a given entity in the Knowledge Graph.

• "Choose Relation": Select the triple(s) from the
explored information that are most relevant to the
question.

844

Attention: Only the triples included in the "Objects"
field of the "Choose Relation" step will be retained in
the future "Current Graph State". So You must filter
and retain the information useful for answering the
question or for further exploration.

• "Finish": Choose this action when you believe you
have gathered sufficient information to answer the
question. Your final answers should be included in
the "Objects" field.

4. Select the Objects: Depending on the action, provide
the relevant entity or triple(s).
Attention: All objects must come from the "Entities in
Question" or the current "Current Graph State". Do not
create new entities or relations.
Examples:
• If "Explore Entity": "Objects": ["EntityA",
"EntityB"]

• If "Choose Relation": "Objects": ["(Sub1, Rel1,
Obj1)", ...]

• If "Finish": "Objects": ["Answer1",
"Answer2"]

5. Output your response in JSON format, and include a
detailed thought process explaining your reasoning at
this step.

Question:
Entities in Question:
Current Graph State:
Action History:

Please respond using the following format:
Thought Process:
<Provide a step-by-step analysis>
Action Decision:

“‘json
{
"Action": "<The type of action: ’Explore
Entity’ | ’Choose Relation’ | ’Finish’>",
"Objects": [<The entities or triples>]
}

845

C Case Study 846

Case 1
Question: When were the movies directed by [Sarah
Polley] released?
True Answer: 2011, 2006, 2012
Action History: Step 1, Explore Entity, Objects: [’Sarah
Polley’]
Step 2, Choose Relation, Objects: [’(Away from Her,
directed_by, Sarah Polley)’, ’(Stories We Tell, directed_by,
Sarah Polley)’, ’(Take This Waltz, directed_by, Sarah
Polley)’]
Step 3, Explore Entity, Objects: [’Stories We Tell’, ’Away
from Her’, ’Take This Waltz’]
Step 4, Choose Relation, Objects: [’(Away from Her,
release_year, 2006)’, ’(Stories We Tell, release_year,
2012)’]
Step 5, Explore Entity, Objects: [’Take This Waltz’]
Step 6, Choose Relation, Objects: [’(Take This Waltz,
release_year, 2011)’]
Step 7, Finish, Answer: [’2006’, ’2011’, ’2012’]
Retrieved Triples: (Away from Her, release_year, 2006),
(Away from Her, directed_by, Sarah Polley), (Take This

847
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Waltz, release_year, 2011), (Stories We Tell, directed_by,
Sarah Polley), (Stories We Tell, release_year, 2012), (Take
This Waltz, directed_by, Sarah Polley)

848

To demonstrate the efficacy of our interactive849

pruning mechanism against high-degree entities,850

we analyze the query: "When were the movies851

directed by [Sarah Polley] released?" The entity852

"Sarah Polley" presents a significant challenge as853

a "hub node" with dual roles: she is a prolific ac-854

tress with numerous connections but has directed855

comparatively fewer films.856

Graph-S3 Success via Structure-Aware Pruning:857

As shown in the trajectory, Graph-S3 effectively858

overcomes the noise of Sarah Polley’s acting ca-859

reer. In Step 2, the agent leverages the "Choose860

Relation" action to strictly select triples contain-861

ing the "directed_by" relation, while deliberately862

pruning the dense subgraph of movies where she863

appears merely as an actress. This aligns with our864

framework’s design to "avoid introducing redun-865

dant context into the LLM" and demonstrates the866

value of stepwise supervision in learning to distin-867

guish task-relevant paths from high-degree noise.868

Consequently, the agent precisely navigates to the869

correct release years.870

In contrast, baseline methods exhibited failures871

characteristic of shallow embedding similarity. The872

standard RAG suffered from severe lexical con-873

fusion. It retrieved unrelated entities such as874

"Pollyanna" and "Polly of the Circus", erroneously875

matching the token "Polly" with "Polley." This con-876

firms that similarity-based matching often yields877

noisy results by ignoring precise relational con-878

straints. G-Retriever failed to filter the entity’s879

large neighborhood, retrieving generic attributes880

instead of the specific directorial path. This il-881

lustrates the limitation of one-shot retrievers that882

retrieve large neighborhoods discarding the graph’s883

relational structure, whereas Graph-S3’s interac-884

tive policy successfully identified the sparse signal885

within a noisy subgraph.886

Case 2
Question: The screenwriter [Jane Anderson] co-wrote
movies with whom?
True Answer: Anne Heche, Terry Ryan
Action History:
Step 1, Explore Entity, Objects: [’Jane Anderson’]
Step 2, Choose Relation, Objects: [’(If These Walls Could
Talk 2, written_by, Jane Anderson)’, ’(Normal, written_by,
Jane Anderson)’, ’(The Prize Winner of Defiance, Ohio,
written_by, Jane Anderson)’]
Step 3, Explore Entity, Objects: [’If These Walls Could

887

Talk 2’, ’Normal’, ’The Prize Winner of Defiance, Ohio’]
Step 4, Choose Relation, Objects: [’(If These Walls Could
Talk 2, written_by, Jane Anderson)’, ’(Normal, written_by,
Jane Anderson)’, ’(The Prize Winner of Defiance, Ohio,
written_by, Jane Anderson)’] Step 5, Finish, Answer: [’If
These Walls Could Talk 2’, ’Normal’, ’The Prize Winner
of Defiance, Ohio’]
Retrieved Triples: (The Prize Winner of Defiance, Ohio,
written_by, Jane Anderson), (Normal, written_by, Jane
Anderson), (If These Walls Could Talk 2, written_by, Jane
Anderson)

888

To identify limitations in current reasoning poli- 889

cies, we analyze a failure case involving the collab- 890

orative query: "The screenwriter [Jane Anderson] 891

co-wrote movies with whom?" The trajectory of 892

the agent reveals a critical flaw in the processing 893

of "sibling" relationships. In Steps 1 through 3, the 894

agent correctly identified the intermediate nodes, 895

successfully retrieving movies written by Jane An- 896

derson. 897

The reasoning collapsed at Step 4. When expand- 898

ing from the movie nodes to identify other writers, 899

the agent exhibited a strong "self-verification bias." 900

Instead of selecting edges pointing to new entities 901

(the co-writers, such as Anne Heche), the agent 902

selected the "written_by" relations pointing back 903

to the query entity, Jane Anderson. Consequently, 904

instead of discovering the target "sibling" nodes, 905

the agent entered a redundant verification loop. It 906

merely reconfirmed that Jane Anderson wrote the 907

movies and prematurely terminated the search, out- 908

putting the movie titles instead of the co-writers’ 909

names. The model assigns disproportionate atten- 910

tion weight to entities explicitly named in the query, 911

causing it to overlook unmentioned but structurally 912

relevant entities. 913

D An Example of The Reasoning Process 914

of Graph-S3 915

916
917

{ 918
"step": 0, 919
"question": "the films that share 920

directors with the film [The 921
Life of Oharu] were in which 922
genres", 923

"question_entities": [ 924
"The Life of Oharu" 925

], 926
"now_state": [], 927
"action_history": [], 928
"extract_res": { 929

"Action": "Explore Entity", 930
"Objects": [ 931

"The Life of Oharu" 932
] 933

} 934
}, 935
{ 936

"step": 1, 937
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"question": "the films that share938
directors with the film [The939
Life of Oharu] were in which940
genres",941

"question_entities": [942
"The Life of Oharu"943

],944
"now_state": [945

"(The Life of Oharu ,946
starred_actors , Kinuyo947
Tanaka)",948

"(The Life of Oharu , directed_by949
, Kenji Mizoguchi)",950

"(The Life of Oharu ,951
release_year , 1952)",952

"(The Life of Oharu , written_by ,953
Kenji Mizoguchi)",954

"(The Life of Oharu , has_tags ,955
kenji mizoguchi)",956

"(The Life of Oharu , in_language957
, Japanese)"958

],959
"action_history": [960

"step 1, Explore Entity , Objects961
: ['The Life of Oharu ']"962

],963
"extract_res": {964

"Action": "Choose Relation",965
"Objects": [966

"(The Life of Oharu ,967
directed_by , Kenji968
Mizoguchi)"969

]970
}971

},972
{973

"step": 2,974
"question": "the films that share975

directors with the film [The976
Life of Oharu] were in which977
genres",978

"question_entities": [979
"The Life of Oharu"980

],981
"now_state": [982

"(The Life of Oharu , directed_by983
, Kenji Mizoguchi)"984

],985
"action_history": [986

"step 1, Explore Entity , Objects987
: ['The Life of Oharu ']",988

"step 2, Choose Relation ,989
Objects: ['(The Life of990
Oharu , directed_by , Kenji991
Mizoguchi) ']"992

],993
"extract_res": {994

"Action": "Explore Entity",995
"Objects": [996

"Kenji Mizoguchi"997
]998

}999
},1000
{1001

"step": 3,1002
"question": "the films that share1003

directors with the film [The1004
Life of Oharu] were in which1005
genres",1006

"question_entities": [1007
"The Life of Oharu"1008

],1009
"now_state": [1010

"(Ugetsu , directed_by , Kenji1011
Mizoguchi)",1012

"(Sansho the Bailiff ,1013
directed_by , Kenji Mizoguchi1014
)",1015

"(The Crucified Lovers ,1016
directed_by , Kenji Mizoguchi1017
)",1018

"(The 47 Ronin , directed_by , 1019
Kenji Mizoguchi)", 1020

"(The Life of Oharu , directed_by 1021
, Kenji Mizoguchi)", 1022

"(Osaka Elegy , directed_by , 1023
Kenji Mizoguchi)", 1024

"(The Life of Oharu , written_by , 1025
Kenji Mizoguchi)", 1026

"(Sisters of the Gion , 1027
directed_by , Kenji Mizoguchi 1028
)", 1029

"(The Life of Oharu , has_tags , 1030
kenji mizoguchi)", 1031

"(Utamaro and His Five Women , 1032
directed_by , Kenji Mizoguchi 1033
)" 1034

], 1035
"action_history": [ 1036

"step 1, Explore Entity , Objects 1037
: ['The Life of Oharu ']", 1038

"step 2, Choose Relation , 1039
Objects: ['(The Life of 1040
Oharu , directed_by , Kenji 1041
Mizoguchi) ']", 1042

"step 3, Explore Entity , Objects 1043
: ['Kenji Mizoguchi ']" 1044

], 1045
"extract_res": { 1046

"Action": "Choose Relation", 1047
"Objects": [ 1048

"(Ugetsu , directed_by , Kenji 1049
Mizoguchi)", 1050

"(Sansho the Bailiff , 1051
directed_by , Kenji 1052
Mizoguchi)", 1053

"(The Crucified Lovers , 1054
directed_by , Kenji 1055
Mizoguchi)", 1056

"(The 47 Ronin , directed_by , 1057
Kenji Mizoguchi)", 1058

"(Osaka Elegy , directed_by , 1059
Kenji Mizoguchi)", 1060

"(Sisters of the Gion , 1061
directed_by , Kenji 1062
Mizoguchi)", 1063

"(Utamaro and His Five Women 1064
, directed_by , Kenji 1065
Mizoguchi)" 1066

] 1067
} 1068

}, 1069
{ 1070

"step": 4, 1071
"question": "the films that share 1072

directors with the film [The 1073
Life of Oharu] were in which 1074
genres", 1075

"question_entities": [ 1076
"The Life of Oharu" 1077

], 1078
"now_state": [ 1079

"(Ugetsu , directed_by , Kenji 1080
Mizoguchi)", 1081

"(Sansho the Bailiff , 1082
directed_by , Kenji Mizoguchi 1083
)", 1084

"(The Crucified Lovers , 1085
directed_by , Kenji Mizoguchi 1086
)", 1087

"(The 47 Ronin , directed_by , 1088
Kenji Mizoguchi)", 1089

"(The Life of Oharu , directed_by 1090
, Kenji Mizoguchi)", 1091

"(Osaka Elegy , directed_by , 1092
Kenji Mizoguchi)", 1093

"(Sisters of the Gion , 1094
directed_by , Kenji Mizoguchi 1095
)", 1096

"(Utamaro and His Five Women , 1097
directed_by , Kenji Mizoguchi 1098
)" 1099

], 1100
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"action_history": [1101
"step 1, Explore Entity , Objects1102

: ['The Life of Oharu ']",1103
"step 2, Choose Relation ,1104

Objects: ['(The Life of1105
Oharu , directed_by , Kenji1106
Mizoguchi) ']",1107

"step 3, Explore Entity , Objects1108
: ['Kenji Mizoguchi ']",1109

"step 4, Choose Relation ,1110
Objects: ['(Ugetsu ,1111
directed_by , Kenji Mizoguchi1112
)', '(Sansho the Bailiff ,1113
directed_by , Kenji Mizoguchi1114
)', '(The Crucified Lovers ,1115
directed_by , Kenji Mizoguchi1116
)', '(The 47 Ronin ,1117
directed_by , Kenji Mizoguchi1118
)', '(Osaka Elegy ,1119
directed_by , Kenji Mizoguchi1120
)', '(Sisters of the Gion ,1121
directed_by , Kenji Mizoguchi1122
)', '(Utamaro and His Five1123
Women , directed_by , Kenji1124
Mizoguchi) ']"1125

],1126
"extract_res": {1127

"Action": "Explore Entity",1128
"Objects": [1129

"Ugetsu",1130
"Sansho the Bailiff",1131
"The Crucified Lovers",1132
"The 47 Ronin",1133
"Osaka Elegy",1134
"Sisters of the Gion",1135
"Utamaro and His Five Women"1136

]1137
}1138

},1139
{1140

"step": 5,1141
"question": "the films that share1142

directors with the film [The1143
Life of Oharu] were in which1144
genres",1145

"question_entities": [1146
"The Life of Oharu"1147

],1148
"true_answer": [1149

"Drama"1150
],1151
"now_state": [1152

"(Ugetsu , directed_by , Kenji1153
Mizoguchi)",1154

"(Sansho the Bailiff ,1155
directed_by , Kenji Mizoguchi1156
)",1157

"(The Crucified Lovers ,1158
directed_by , Kenji Mizoguchi1159
)",1160

"(The 47 Ronin , directed_by ,1161
Kenji Mizoguchi)",1162

"(The Life of Oharu , directed_by1163
, Kenji Mizoguchi)",1164

"(Osaka Elegy , directed_by ,1165
Kenji Mizoguchi)",1166

"(Sisters of the Gion ,1167
directed_by , Kenji Mizoguchi1168
)",1169

"(Sisters of the Gion , has_genre1170
, Drama)",1171

"(Ugetsu , has_genre , Drama)",1172
"(Ugetsu , starred_actors ,1173

Masayuki Mori)",1174
"(Utamaro and His Five Women ,1175

directed_by , Kenji Mizoguchi1176
)"1177

],1178
"action_history": [1179

"step 1, Explore Entity , Objects1180
: ['The Life of Oharu ']",1181

"step 2, Choose Relation , 1182
Objects: ['(The Life of 1183
Oharu , directed_by , Kenji 1184
Mizoguchi) ']", 1185

"step 3, Explore Entity , Objects 1186
: ['Kenji Mizoguchi ']", 1187

"step 4, Choose Relation , 1188
Objects: ['(Ugetsu , 1189
directed_by , Kenji Mizoguchi 1190
)', '(Sansho the Bailiff , 1191
directed_by , Kenji Mizoguchi 1192
)', '(The Crucified Lovers , 1193
directed_by , Kenji Mizoguchi 1194
)', '(The 47 Ronin , 1195
directed_by , Kenji Mizoguchi 1196
)', '(Osaka Elegy , 1197
directed_by , Kenji Mizoguchi 1198
)', '(Sisters of the Gion , 1199
directed_by , Kenji Mizoguchi 1200
)', '(Utamaro and His Five 1201
Women , directed_by , Kenji 1202
Mizoguchi) ']", 1203

"step 5, Explore Entity , Objects 1204
: ['Ugetsu ', 'Sansho the 1205
Bailiff ', 'The Crucified 1206
Lovers ', 'The 47 Ronin ', ' 1207
Osaka Elegy ', 'Sisters of 1208
the Gion ', 'Utamaro and His 1209
Five Women ']" 1210

], 1211
"extract_res": { 1212

"Action": "Choose Relation", 1213
"Objects": [ 1214

"(Ugetsu , has_genre , Drama)" 1215
, 1216

"(Sisters of the Gion , 1217
has_genre , Drama)" 1218

] 1219
} 1220

}, 1221
{ 1222

"step": 13, 1223
"question": "the films that share 1224

directors with the film [The 1225
Life of Oharu] were in which 1226
genres", 1227

"question_entities": [ 1228
"The Life of Oharu" 1229

], 1230
"true_answer": [ 1231

"Drama" 1232
], 1233
"now_state": [ 1234

"(Ugetsu , directed_by , Kenji 1235
Mizoguchi)", 1236

"(Sansho the Bailiff , 1237
directed_by , Kenji Mizoguchi 1238
)", 1239

"(The Crucified Lovers , 1240
directed_by , Kenji Mizoguchi 1241
)", 1242

"(The 47 Ronin , directed_by , 1243
Kenji Mizoguchi)", 1244

"(The Life of Oharu , directed_by 1245
, Kenji Mizoguchi)", 1246

"(Osaka Elegy , directed_by , 1247
Kenji Mizoguchi)", 1248

"(Sisters of the Gion , 1249
directed_by , Kenji Mizoguchi 1250
)", 1251

"(Sisters of the Gion , has_genre 1252
, Drama)", 1253

"(Ugetsu , has_genre , Drama)", 1254
"(Utamaro and His Five Women , 1255

directed_by , Kenji Mizoguchi 1256
)" 1257

], 1258
"action_history": [ 1259

"step 1, Explore Entity , Objects 1260
: ['The Life of Oharu ']", 1261

"step 2, Choose Relation , 1262
Objects: ['(The Life of 1263
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Oharu , directed_by , Kenji1264
Mizoguchi) ']",1265

"step 3, Explore Entity , Objects1266
: ['Kenji Mizoguchi ']",1267

"step 4, Choose Relation ,1268
Objects: ['(Ugetsu ,1269
directed_by , Kenji Mizoguchi1270
)', '(Sansho the Bailiff ,1271
directed_by , Kenji Mizoguchi1272
)', '(The Crucified Lovers ,1273
directed_by , Kenji Mizoguchi1274
)', '(The 47 Ronin ,1275
directed_by , Kenji Mizoguchi1276
)', '(Osaka Elegy ,1277
directed_by , Kenji Mizoguchi1278
)', '(Sisters of the Gion ,1279
directed_by , Kenji Mizoguchi1280
)', '(Utamaro and His Five1281
Women , directed_by , Kenji1282
Mizoguchi) ']",1283

"step 5, Explore Entity , Objects1284
: ['Ugetsu ', 'Sansho the1285
Bailiff ', 'The Crucified1286
Lovers ', 'The 47 Ronin ', '1287
Osaka Elegy ', 'Sisters of1288
the Gion ', 'Utamaro and His1289
Five Women ']",1290

"step 6, Choose Relation ,1291
Objects: ['(Ugetsu ,1292
has_genre , Drama)', '(1293
Sisters of the Gion ,1294
has_genre , Drama) ']"1295

],1296
"extract_res": {1297

"Action": "Finish",1298
"Objects": [1299

"Drama"1300
]1301

}1302
}13031304
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