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Abstract001

Retrieval-Augmented Generation (RAG)002
grounds language models in external evidence,003
but multi-hop question answering remains004
difficult because iterative pipelines must005
control what to retrieve next and when the006
available evidence is adequate. In practice,007
systems may answer from incomplete evidence008
chains, or they may accumulate redundant009
or distractor-heavy text that interferes with010
later retrieval and reasoning. We propose011
S2G-RAG (Structured Sufficiency and012
Gap-judging RAG), an iterative framework013
with an explicit controller, S2G-Judge. At014
each turn, S2G-Judge predicts whether the015
current evidence memory supports answering016
and, if not, outputs structured gap items017
that describe the missing information. We018
map these gap items into the next retrieval019
query, producing stable multi-turn retrieval020
trajectories. To reduce noise accumulation, we021
maintain a sentence-level Evidence Context by022
extracting a compact set of relevant sentences023
from retrieved documents. Experiments on024
TriviaQA, HotpotQA, and 2WikiMultiHopQA025
show that S2G-RAG improves multi-hop QA026
performance and robustness under multi-turn027
retrieval. Furthermore, S2G-RAG can be028
integrated into existing RAG pipelines with a029
lightweight component, without modifying the030
search engine or retraining the generator.031

1 Introduction032

Retrieval-augmented generation (RAG) grounds033

large language models (LLMs) in external evi-034

dence and has become a standard approach for035

knowledge-intensive question answering (Lewis036

et al., 2020; Shuster et al., 2021; Arslan et al., 2024).037

While single-hop questions can often be answered038

from one document, multi-hop question answer-039

ing requires composing evidence across multiple040

documents, where later retrieval depends on inter-041

mediate findings from earlier rounds (Yang et al.,042

2018; Tang and Yang, 2024). This motivates itera- 043

tive RAG, which interleaves retrieval and reason- 044

ing over multiple turns. However, iterative RAG 045

faces a retrieval control bottleneck. At each turn, 046

the system must assess whether the accumulated 047

evidence supports answering, and if not, specify 048

what to retrieve next (Yang et al., 2025; Ye et al., 049

2025). When control is unreliable, systems either 050

answer from incomplete evidence chains or con- 051

tinue retrieving without a clear target, accumulating 052

redundant or distractor-heavy text that interferes 053

with subsequent retrieval and reasoning. 054

A Hotpot-style question such as “In which coun- 055

try was the director of Home Alone born?” illus- 056

trates the challenge. An initial retrieval may iden- 057

tify the bridge entity (Chris Columbus) but still 058

miss the answer-bearing attribute (his country of 059

birth). Answering at this point fails, whereas con- 060

tinuing with generic follow-up queries can repeat- 061

edly retrieve near-duplicate pages and grow noisy 062

contexts. Effective iterative RAG therefore requires 063

an auditable turn-level state that reflects whether 064

the current evidence is adequate and, when it is not, 065

what concrete information gap remains. 066

Recent work improves iterative retrieval via 067

query rewriting, decomposition, intermediate rea- 068

soning traces, and self-reflection or critic sig- 069

nals (Trivedi et al., 2023; Asai et al., 2024; Yang 070

et al., 2025; Dong et al., 2025; Wang et al., 2025; 071

Jiang et al., 2023). Despite progress, three limita- 072

tions remain. First, control is often implicit and en- 073

tangled with free-form generation, which makes de- 074

cisions difficult to audit and brittle under distractors. 075

Second, the representation of the next-hop informa- 076

tion need is under-specified, leading to drift, rep- 077

etition, or over-generalization when intermediate 078

contexts are noisy. Third, robust control benefits 079

from turn-level supervision, but intermediate-state 080

annotation is expensive (Yang et al., 2025), and su- 081

pervision from idealized trajectories can misalign 082

with the intermediate evidence contexts produced 083

1



by multi-turn pipelines. Meanwhile, iterative re-084

trieval naturally accumulates long and noisy text,085

and naive concatenation can further destabilize con-086

trol (Hwang et al., 2025; Jiang et al., 2025; Liu087

et al., 2024).088

We propose S2G-RAG (Structured Sufficiency089

and Gap-judging RAG), an iterative framework090

that makes retrieval control explicit and modular.091

Its lightweight controller, S2G-Judge, takes the092

question q and the accumulated evidence context093

Ct and outputs a binary sufficiency decision to-094

gether with structured gap items that describe the095

missing information for the next hop. S2G-RAG096

maps the predicted gap items into the next retrieval097

query, making the next-hop target explicit and diag-098

nosable. The controller is decoupled from answer099

generation, so the answer reasoner operates only100

on the accumulated evidence context.101

To mitigate noise accumulation, S2G-RAG main-102

tains a compact sentence-level evidence context.103

Given newly retrieved documents, an LLM-based104

Evidence Extractor selects salient sentences and ex-105

plicitly prioritizes those aligned with the predicted106

gap items, producing an auditable evidence context107

for subsequent judging and final answering.108

We train S2G-Judge with process supervision109

distilled from multi-turn pipeline execution traces.110

We run the retrieval and evidence accumulation pro-111

cedure on training questions and log per-turn snap-112

shots (q, Ct) by rolling out to a fixed maximum113

budget. A strong teacher then labels each snap-114

shot under a context-only evidence constraint with115

sufficiency decisions and gap items, and we distill116

these signals into a compact judge model (Light-117

man et al., 2023; Hsieh et al., 2023).118

Our main contributions are as follows.119

• Structured sufficiency and gap judging. We120

formulate iterative RAG control as per-turn121

structured prediction of evidence sufficiency122

and explicit information gaps, implemented123

via a lightweight judge decoupled from an-124

swer generation.125

• Distillation from execution traces. We126

introduce a supervision scheme built from127

multi-turn execution traces, enabling turn-128

level learning under realistic intermediate evi-129

dence contexts.130

• Gap-aware sentence-level evidence context.131

We maintain a compact, auditable evidence132

context via pointer-based extraction with ex- 133

plicit gap-aware prioritization to reduce dis- 134

tractor interference. 135

• Empirical validation. Across TriviaQA, Hot- 136

potQA, and 2WikiMultiHopQA, S2G-RAG 137

improves EM/F1 over strong baselines under 138

both sparse and dense retrieval settings. 139

2 Related Work 140

2.1 Retrieval-Augmented Generation 141

Retrieval-augmented generation (RAG) grounds 142

LLM outputs in external corpora by retrieving rel- 143

evant documents and conditioning generation on 144

the retrieved evidence (Lewis et al., 2020; Shuster 145

et al., 2021; Arslan et al., 2024). Most standard 146

RAG systems follow a single-round retrieve-then- 147

generate pattern, which is effective when the re- 148

quired evidence can be covered in one retrieval 149

pass. However, many knowledge-intensive ques- 150

tions require multi-step reasoning over multiple 151

sources, including synthesizing evidence across 152

documents, aligning entities and relations, and re- 153

solving information needs that only become clear 154

after inspecting initial retrieval results. This moti- 155

vates multi-round retrieval-and-reasoning systems 156

that iteratively update an information state before 157

producing the final answer. 158

2.2 Multi-Round RAG 159

Multi-hop question answering requires integrating 160

multiple evidence pieces and performing multi-step 161

reasoning, and is widely used to evaluate both RAG 162

systems and LLM reasoning capabilities. In this 163

setting, a single retrieval pass is often insufficient 164

because crucial evidence is distributed across docu- 165

ments and later-hop retrieval depends on interme- 166

diate findings from earlier rounds. Recent work 167

therefore proposes iterative RAG frameworks that 168

alternate between retrieval and reasoning over mul- 169

tiple rounds. 170

We organize related work along four themes that 171

recur in iterative retrieval control and evidence man- 172

agement. These themes include intermediate query 173

generation, stopping criteria, supervision for turn- 174

level control, and context management under multi- 175

turn noise and bloat. 176

Intermediate query generation. A major line of 177

work improves multi-round retrieval by generating 178

intermediate queries, including explicit planning 179

and question decomposition into sub-questions, as 180
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well as follow-up query rewriting from partial ev-181

idence (Ye et al., 2025; Jiang et al., 2023; Dong182

et al., 2025; Wang et al., 2025). While these ap-183

proaches can improve later-hop recall and evidence184

composition, the intermediate information need is185

often expressed in free-form text. As a result, query186

generation can drift, repeat, or become unstable187

under distractors and noisy intermediate contexts,188

and reliable inference-time behavior may require189

repeated calls to strong models.190

Stopping criteria. Another line of work stud-191

ies when it is safe to answer, which is commonly192

framed as deciding whether the current evidence is193

sufficient (Yang et al., 2025). Several methods rely194

on self-reflection or critic-style verification to de-195

cide whether to continue retrieval (Asai et al., 2024;196

Yang et al., 2025). These signals can reduce incor-197

rect answers produced under incomplete evidence,198

but the control state is often not standardized or eas-199

ily auditable. Moreover, when retrieval continues,200

these approaches typically provide limited explicit201

structure for specifying the remaining information202

need.203

Supervision for turn-level control. Learning204

reliable turn-level control benefits from process-205

level supervision, yet scalable, high-quality la-206

bels for intermediate decisions and next-step in-207

formation needs are difficult to obtain (Yang et al.,208

2025). Prior work explores distilling supervision209

from stronger teachers or leveraging trajectory-210

based learning signals for multi-step decision mak-211

ing (Lightman et al., 2023; Hsieh et al., 2023). A212

recurring challenge is distribution mismatch, where213

supervision derived from synthetic trajectories or214

heuristic signals may not reflect the intermediate215

evidence states produced by multi-turn pipelines216

in practice, which often include redundancy and217

distractors.218

Context management. Iterative retrieval tends219

to accumulate long and noisy contexts, which weak-220

ens evidence focus and can destabilize both con-221

trol and reasoning (Liu et al., 2024). To miti-222

gate context bloat, prior work compresses retrieved223

content or performs sentence-level evidence selec-224

tion (Dhole, 2025; Hwang et al., 2025). These225

techniques are complementary to retrieval control226

because they reduce the influence of redundant227

or distractor-heavy text, but they do not by them-228

selves specify what to retrieve next or provide an229

explicit representation of the missing information230

that drives subsequent retrieval. 231

3 Methodology 232

This section presents S2G-RAG, an iterative RAG 233

framework for multi-hop QA that makes retrieval 234

control explicit through structured sufficiency and 235

gap judging. We first describe the S2G-RAG infer- 236

ence loop (Section 3.1), then introduce S2G-Judge 237

training via trajectory distillation from execution 238

traces (Section 3.2), and finally detail gap-guided 239

query construction and sentence-level evidence ex- 240

traction (Sections 3.3–3.4). 241

3.1 S2G-RAG Inference Framework 242

Given a question q and an external corpus D, S2G- 243

RAG maintains an accumulated evidence context 244

Ct at turn t. We initialize C0 as empty and run 245

the loop for at most T retrieval turns. Figure 1 246

illustrates the overall framework. At each turn, 247

S2G-RAG follows a judge-first loop with four com- 248

ponents: S2G-Judge, a retriever, a sentence-level 249

evidence extractor, and an answer reasoner. 250

S2G-Judge. At turn t, the judge reads only 251

(q, Ct) and outputs yt = (st, Gt). The binary vari- 252

able st ∈ {true, false} indicates whether the cur- 253

rent evidence context is sufficient to support an- 254

swering, and Gt is a set of structured gap items 255

(Section 3.2.1). When st = true, the system pro- 256

ceeds to answer using (q, Ct). This sufficiency sig- 257

nal is primarily used to reduce answers produced 258

under incomplete evidence. 259

Retriever. When st = false, the system con- 260

structs a query q̃t from Gt (Section 3.3) and re- 261

trieves top-k documents Dt = {dt,1, . . . , dt,k} 262

from D. 263

Evidence extractor. A sentence-level extractor 264

h selects salient sentences from Dt conditioned on 265

(q,Gt) and forms a verbatim evidence block Et. 266

We update the evidence context by concatenation 267

Ct = Ct−1 ⊕ Et, (1) 268

where ⊕ denotes concatenation. 269

Reasoner. The answer reasoner rθ is decoupled 270

from retrieval control. It is invoked only when the 271

system decides to answer or when the loop reaches 272

the maximum budget. In either case, the reasoner 273

produces the final answer conditioned on (q, Ct). 274

A pseudocode description of the inference loop 275

is provided in Appendix C. 276
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Figure 1: Overview of the S2G-RAG inference framework. Given a question q and the current evidence context Ct,
S2G-Judge first predicts a sufficiency decision st and structured gap items Gt. If st = true, a reasoner generates
the final answer from (q, Ct); otherwise, Gt guides query construction for retrieval, and a sentence-level evidence
extractor selects salient evidence sentences from retrieved documents to form Et, which is appended to update
Ct = Ct−1 ⊕ Et. The process iterates until the evidence is sufficient or the retrieval budget is reached.

3.2 S2G-Judge277

3.2.1 Output Schema and Constraints278

At each turn t, S2G-Judge predicts a structured279

output280

yt = (st, Gt), st ∈ {true, false}. (2)281

If st = true, the judge outputs an empty gap set,282

so Gt = ∅.283

Each gap item g ∈ Gt follows a normal-284

ized schema with four fields. The category285

field takes values in {bridge_entity, attribute,286

relation, evidence_span, other}. The target287

field specifies the entity being queried. The slot288

field indicates a coarse-grained attribute or relation289

name. The description field provides a short290

natural-language clarification.291

We impose a context-only constraint for suffi-292

ciency judgments. The judge must determine suf-293

ficiency based strictly on evidence present in Ct,294

which prevents relying on parametric knowledge295

when deciding whether the evidence is adequate.296

3.2.2 Training via Trajectory Distillation from297

Execution Traces298

We train S2G-Judge with process supervision dis-299

tilled from multi-turn execution traces. We execute300

the same iterative retrieval and evidence accumu-301

lation procedure on training questions and log per-302

turn states (q, Ct). During trace collection, we303

instantiate the control loop with an unfine-tuned304

judge backbone under the same prompt/interface,305

and roll out the retrieval process to the maximum 306

budget T . This produces intermediate evidence 307

contexts that reflect multi-turn accumulation, in- 308

cluding redundancy and distractors, which serve as 309

inputs for judge training. 310

A stronger teacher model labels each (q, Ct) 311

under the context-only constraint. We ap- 312

ply lightweight conflict filtering to remove low- 313

confidence supervision. We then perform LoRA- 314

based supervised fine-tuning so that the judge di- 315

rectly predicts the structured output yt conditioned 316

on xt = (q, Ct) 317

L(ϕ) = −
∑

(xt,yt)

|yt|∑
i=1

log pϕ
(
yt,i | yt,<i, xt

)
. (3) 318

Additional training details, including supervi- 319

sion construction and hyperparameters, are pro- 320

vided in Appendix B. 321

3.3 Gap-Guided Query Construction 322

When st = false, S2G-RAG constructs the next 323

retrieval query q̃t by mapping predicted gap items 324

to query phrases. For each gap item, we prior- 325

itize concatenating target and slot when both 326

fields are present, and otherwise fall back to the 327

description field. We take up to the first K valid 328

phrases in the order produced by the judge and 329

append them to the original question. If no valid 330

phrase can be constructed, we set q̃t = q. 331
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3.4 Sentence-level Evidence Extractor332

LLMs are sensitive to noisy or misleading evi-333

dence (Shi et al., 2023; Zeng et al., 2025) and can334

degrade under long inputs (Liu et al., 2024). In335

iterative retrieval, directly concatenating full docu-336

ments across turns can rapidly expand Ct and am-337

plify distractors. We therefore introduce a sentence-338

level evidence extractor h that converts newly re-339

trieved documents into a compact evidence block340

before updating the accumulated evidence context.341

At turn t, the retriever returns documents Dt =342

{dt,1, . . . , dt,k}. We split each document into sen-343

tences and form a globally indexed candidate pool344

St, where each candidate is paired with its doc-345

ument title for provenance. The extractor is an346

LLM prompted with (q,Gt,St) and is constrained347

to output only indices from St, without rewriting348

or generating any evidence text. We then deter-349

ministically map the selected indices back to the350

original sentences and concatenate them to form351

the evidence block:352

Et = h(q,Gt, Dt), Ct = Ct−1 ⊕ Et. (4)353

The extraction policy is designed to preserve354

multi-hop progress under noisy retrieval. The ex-355

tractor is instructed to include answer-bearing sen-356

tences as well as intermediate bridge facts and dis-357

ambiguating context for entities in q. The predicted358

gap items Gt provide an explicit prioritization sig-359

nal, encouraging selection of sentences that are360

aligned with the current missing information need361

rather than broadly topical content.362

This sentence-level evidence context serves two363

purposes. First, it limits the influence of redun-364

dant or distractor-heavy text that commonly ap-365

pears in top-k retrieval results, which helps keep366

downstream judging and reasoning focused. Sec-367

ond, the pointer-based design makes the evidence368

context auditable and reduces the risk of halluci-369

nated evidence.370

4 Experiments371

4.1 Task and Datasets372

We evaluate S2G-RAG on three open-domain QA373

benchmarks spanning single-hop and multi-hop rea-374

soning. For single-hop QA, we use TriviaQA (Joshi375

et al., 2017), where answers are often supported376

by a single Wikipedia article. For multi-hop QA,377

we adopt HotpotQA (Yang et al., 2018), which378

requires composing evidence across multiple doc-379

uments, and 2WikiMultiHopQA (Ho et al., 2020),380

which emphasizes entity disambiguation and fine- 381

grained evidence composition. Following estab- 382

lished protocols, we report Exact Match (EM) and 383

F1. For comparability, all methods index the offi- 384

cial Wikipedia dump released with each benchmark 385

as the retrieval corpus. 386

4.2 Implementation Details 387

We instantiate the answer reasoner with Llama-3- 388

8B-Instruct. For simplicity, the Evidence Extractor 389

uses the same backbone as the reasoner. 390

For retrieval control, we fine-tune a lightweight 391

backbone with LoRA to obtain S2G-Judge variants 392

based on Llama-3.2-3B-Instruct. Training super- 393

vision is distilled from multi-turn execution traces 394

labeled by a stronger teacher model (GPT-4o-mini), 395

following Section 3.2.2. Unless otherwise noted, 396

S2G-RAG runs for at most T=4 retrieval turns, re- 397

trieves top-k=6 documents per turn, and applies 398

title-based de-duplication across turns. 399

We report results under both sparse and dense re- 400

trieval settings. For sparse retrieval, we use BM25 401

implemented in Pyserini. For dense retrieval, we 402

use E5-base-v2 (Wang et al., 2022). All methods 403

share the same retrieval corpus for each dataset 404

and are evaluated on the official development split. 405

Our pipeline can be replicated with 2×vGPU-48G 406

or equivalent hardware. LoRA configurations, de- 407

coding settings and additional training details are 408

included in the Appendix B. 409

4.3 Baselines 410

We compare S2G-RAG against representative base- 411

lines spanning single-round RAG and multi-round 412

retrieval control. NaiveGen (Jin et al., 2025) an- 413

swers without retrieval. Standard RAG (Jin et al., 414

2025) performs a single retrieval using the origi- 415

nal question and generates an answer conditioned 416

on the retrieved documents. IR-CoT (Trivedi 417

et al., 2023) interleaves retrieval with interme- 418

diate reasoning signals that serve as retrieval 419

cues. FLARE (Jiang et al., 2023) triggers re- 420

trieval based on generation-time uncertainty sig- 421

nals. ReSP (Jiang et al., 2025) iterates retrieve– 422

summarize–plan to manage multi-turn evidence 423

accumulation. Self-RAG (Asai et al., 2024) fine- 424

tunes a generator to emit explicit reflection tokens 425

that govern retrieval behavior. SIM-RAG (Yang 426

et al., 2025) trains a lightweight critic that, at each 427

round, evaluates the reasoner’s provisional answer 428

and accompanying rationale against the currently 429

retrieved context and decides whether to accept the 430
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Method Reasoner TriviaQA HotpotQA 2Wiki
/ Retriever EM F1 EM F1 EM F1

Panel A: Sparse retrieval (BM25)
NaiveGen Llama3-8B / – 55.7 63.1 20.6 28.4 26.4 33.9
IR-CoT Llama3-8B / BM25 56.9 68.9 28.6 41.5 23.5 32.4
SIM-RAG Llama3-8B / BM25 70.7 75.6 32.7 43.3 34.1 40.2

S2G-RAG (ours) Llama3-8B / BM25 77.1 82.6 43.3 56.5 36.8 44.8

Panel B: Dense retrieval (E5)
Standard RAG Llama3-8B / E5 58.8 68.3 25.1 35.3 10.6 21.0
Self-RAG Llama3-8B / E5 38.2 53.4 17.1 29.6 12.1 25.1
FLARE Llama3-8B / E5 55.8 63.2 19.7 28.0 25.8 33.9
ReSP⋆ Llama3-8B / E5 – – – 47.2 – 38.3
RAG-Critic Llama3-8B / E5 50.0 60.1 40.0 51.2 21.0 33.0

S2G-RAG (ours) Llama3-8B / E5 78.0 83.5 41.1 53.2 37.7 45.1

Table 1: Main results (EM/F1) on TriviaQA, HotpotQA, and 2WikiMultiHopQA. Panel A reports methods under
BM25 and Panel B reports methods under E5. Bold denotes the best score within each panel under the same retriever
setting. ReSP⋆ results are reported from the original paper for reference.

answer or continue searching. RAG-Critic (Dong431

et al., 2025) introduces an error-aware critic that is432

trained with a hierarchical error taxonomy and pro-433

vides fine-grained feedback about potential RAG434

failures, which is then used to trigger targeted cor-435

rection workflows in an agentic RAG pipeline.436

4.4 Main Results437

Table 1 reports end-to-end EM/F1 on TriviaQA,438

HotpotQA, and 2WikiMultiHopQA under both439

sparse (BM25) and dense (E5) retrieval. Across440

settings, S2G-RAG improves over strong base-441

lines, supporting the benefit of making retrieval442

control explicit through structured sufficiency and443

gap judging.444

Under a matched BM25 setting with the same445

answer reasoner, S2G-RAG substantially outper-446

forms prior multi-round baselines. Relative to447

SIM-RAG, S2G-RAG improves TriviaQA by +6.4448

EM and +7.0 F1 (from 70.7/75.6 to 77.1/82.6).449

On HotpotQA, the gains are larger at +10.6 EM450

and +13.2 F1 (from 32.7/43.3 to 43.3/56.5), con-451

sistent with the stronger need for accurate multi-452

hop progress. On 2WikiMultiHopQA, S2G-RAG453

yields a +2.7 EM and +4.6 F1 improvement (from454

34.1/40.2 to 36.8/44.8). These gains are achieved455

without modifying the answer generator, indicat-456

ing that structured retrieval control can improve457

multi-hop evidence acquisition and reduce cases458

where the system answers before retrieving answer-459

bearing evidence.460

S2G-RAG also transfers across retriever fami-461

lies. With E5, S2G-RAG attains the best results462

within the dense-retrieval panel on all three bench-463

marks, outperforming Standard RAG and learned- 464

control baselines reported in this setting such as 465

RAG-Critic. This suggests that the proposed con- 466

trol interface is not tied to a particular retriever. 467

Finally, the TriviaQA results highlight a com- 468

mon challenge for iterative pipelines. When only a 469

small amount of evidence is needed, additional 470

retrieval can introduce redundant or distracting 471

text that interferes with answer generation. S2G- 472

RAG mitigates this issue by maintaining a compact 473

sentence-level evidence context, so that increased 474

retrieval does not directly translate into uncon- 475

trolled context growth. On multi-hop benchmarks, 476

the improvements are larger because explicit gap 477

specification and controlled evidence accumulation 478

better support multi-step evidence composition. 479

4.5 Analysis Experiments 480

4.5.1 Ablation Study 481

Table 2 summarizes ablations on HotpotQA (dev) 482

under BM25. We remove one component at a time 483

from the full pipeline while keeping the retriever, 484

retrieval budget, and answer reasoner fixed. 485

Removing S2G-Judge causes the largest drop 486

(−15.8 EM, −19.0 F1), highlighting the impor- 487

tance of an explicit control state for multi-hop QA. 488

Without the judge, the pipeline no longer has an 489

evidence-conditioned sufficiency check, and it also 490

loses structured gap signals that focus the next re- 491

trieval step on the missing hop. 492

Replacing the trained judge with its unfine-tuned 493

backbone also degrades performance (−4.1 EM, 494

−5.7 F1). This suggests that trajectory distillation 495

on intermediate evidence contexts is important for 496
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Variant EM F1

Full S2G-RAG 43.3 56.5
w/o SFT (Untrained Judge) 39.2 (−4.1) 50.8 (−5.7)
w/o S2G-Judge 27.5 (−15.8) 37.6 (−19.0)
w/o Extractor 39.5 (−3.8) 52.5 (−4.0)

Table 2: Ablation on HotpotQA (dev) under BM25.
Starting from the full S2G-RAG pipeline, we ablate one
component at a time while keeping the retriever, maxi-
mum turns T , per-turn top-k, and the answer reasoner
fixed. w/o SFT replaces the LoRA-finetuned S2G-Judge
with its unfine-tuned backbone under the same prompt
and output schema. w/o S2G-Judge removes the judge
module, so the pipeline runs without structured suffi-
ciency or gap predictions. w/o Extractor appends raw
retrieved text instead of sentence-level evidence blocks.
Parentheses indicate absolute drops from the full sys-
tem.

robust sufficiency and gap prediction, especially497

when the accumulated context contains redundancy498

and distractors.499

Finally, removing the sentence-level Evidence500

Extractor yields a consistent drop (−3.8 EM, −4.0501

F1). This reflects the role of sentence-level ev-502

idence context construction in limiting the influ-503

ence of redundant or distractor-heavy retrieved text,504

keeping both subsequent judging and final answer-505

ing centered on salient evidence rather than raw506

document concatenation.507

4.5.2 Analysis on Sufficiency Predictions508

To assess the reliability of the judge’s sufficiency509

signal, we report the confusion matrix of S2G-510

Judge on HotpotQA (dev) for its binary sufficien-511

t/insufficient decisions. Figure 2 indicates that S2G-512

Judge is unlikely to over-claim sufficiency. Condi-513

tioned on predicting sufficient, the judge is correct514

under Truth in most cases. In particular, the false-515

positive rate is 6.44%. This behavior is aligned516

with the role of the sufficiency signal in S2G-RAG,517

namely reducing answers produced from evidence518

contexts that are not yet adequate. Meanwhile, the519

judge tends to require more explicit support in the520

accumulated context before it declares sufficient.521

A portion of examples that satisfy Truth are still522

predicted as insufficient (31.60%). This pattern sug-523

gests that the judge is more prone to under-claim524

sufficiency than to prematurely accept borderline525

evidence contexts, leaving room for improving cal-526

ibration so that clearly sufficient contexts are more527

often recognized as such.528

Insufficient (Pred) Sufficient (Pred)
Predicted Label

In
su

ffi
cie

nt
 (A

ct
ua

l)
Su
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cie

nt
 (A

ct
ua

l)
Tr

ue
 L

ab
el

48.27% 6.44%

31.60% 13.70%

Figure 2: Confusion matrix of S2G-Judge’s binary suf-
ficiency decisions on HotpotQA (dev) using BM25 re-
trieval, with GPT-4o-mini as the reasoner and the evi-
dence extractor. Here we use a retrieval-only ground-
truth label TRUTH = CORRECTRETRIEVAL, where
CORRECTRETRIEVAL is true iff the accumulated re-
trieved titles cover all gold supporting document titles
for the instance. Values are percentages over the evalu-
ated set.

4.5.3 Quantifying Evidence Memory 529

Compression 530

Figure 3 reports mean context length, grouped by 531

the final turn reached by each example. As re- 532

trieval proceeds, the Concatenated Context grows 533

rapidly, increasing from 426 words at Turn 2 to 534

1,695 words at Turn 5. In contrast, the Evidence 535

Context remains comparatively compact, increas- 536

ing from 94 words at Turn 2 to 265 words at Turn 537

5. Overall, the extractor yields a compression ra- 538

tio of roughly 4.5×–6.4×, with larger ratios for 539

instances that require more retrieval turns, where 540

raw-document accumulation introduces more re- 541

dundancy and distractors. 542

4.5.4 Teacher–Student Gap under Varying 543

Retrieval Budgets 544

To examine the teacher–student gap and sensitivity 545

to retrieval budget, we sweep the maximum num- 546

ber of retrieval turns T from 0 to 5 while keeping 547

all other components fixed. All variants share the 548

same answer reasoner and evidence extractor, so 549

differences primarily reflect controller quality. 550

Figure 4 shows clear gains when increasing T 551

from small budgets, followed by saturation as T 552

grows. Across the full sweep, the trained S2G- 553

Judge closely follows the teacher controller, with 554

only small deviations. This suggests that trajectory 555

distillation captures much of the teacher’s control 556
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Figure 3: Context compression on HotpotQA (dev),
computed on the final row per question ID. Evidence
Context accumulates only extractor-selected sentence
blocks, while Concatenated Context accumulates raw
retrieved documents across turns. We measure context
length by whitespace-separated word counts. Bars show
mean context length grouped by the final turn; N de-
notes the number of questions whose trajectories end at
that turn. The line reports the compression ratio (Con-
catenated/Evidence).

behavior in a substantially smaller model.557

The diminishing returns at larger budgets are558

consistent with the structure of multi-hop retrieval.559

After the trajectory has already accumulated the560

key supporting evidence, additional turns are less561

likely to surface genuinely new, answer-relevant562

facts. In addition, the sentence-level extractor con-563

strains the evidence context to a compact set of564

salient sentences, so extra retrieved material is in-565

creasingly filtered as redundant or weakly related,566

leading to a flatter accuracy curve.567

In contrast, the unfine-tuned controller is con-568

sistently worse and exhibits less reliable scaling569

with larger T , highlighting the importance of dis-570

tillation for stable sufficiency and gap prediction571

under intermediate evidence contexts produced by572

multi-turn retrieval. NaiveGen remains unchanged573

across budgets, confirming that the improvements574

come from retrieval and controller behavior rather575

than additional generation alone.576

5 Conclusion577

In this paper, we propose S2G-RAG, which turns578

two key control decisions into explicit, structured579

outputs. At each turn, a lightweight S2G-Judge580

assesses whether the current evidence context is ad-581

equate and, when it is not, produces structured gap582

items that describe what information is still needed.583

These gap items provide a concrete handle for con-584

structing the next retrieval query, reducing reliance585

0 1 2 3 4 5
Retrieval Rounds

20

25

30

35

40

45

50

55

60

F1
 S

co
re Teacher (gpt-4o-mini)

S2G-RAG
Naive Gen
S2GRAG (no train)

Figure 4: F1 on HotpotQA (dev) under varying max-
imum retrieval budget T . We compare a teacher con-
troller (GPT-4o-mini), S2G-RAG with the trained S2G-
Judge, an unfine-tuned controller (NO TRAIN), and
NaiveGen without retrieval. All variants use the same
answer reasoner and sentence-level evidence extractor,
and the extractor uses the same maximum sentence cap.

on free-form query rewriting and making retrieval 586

trajectories easier to inspect. To keep multi-turn 587

contexts reliable under distractor-heavy retrieval, 588

we complement this control interface with sentence- 589

level evidence extraction that retains a compact, 590

provenance-preserving Evidence Context for sub- 591

sequent turns and final answering. 592

Empirically, S2G-RAG improves EM/F1 on 593

TriviaQA, HotpotQA, and 2WikiMultiHopQA un- 594

der both BM25 and E5 retrieval. Our analysis sug- 595

gests the judge reduces answers made under insuf- 596

ficient evidence, while sentence-level extraction 597

limits the influence of redundant or distracting text. 598

We hope these findings motivate further work on 599

structured and auditable control mechanisms for 600

iterative RAG systems. 601

Limitations 602

We acknowledge several limitations and oppor- 603

tunities for future work. First, recent work has 604

explored learning-based optimization for iterative 605

retrieval and reasoning, including reinforcement 606

learning and actor–critic training that directly op- 607

timize system-level objectives through interaction. 608

In contrast, our work emphasizes an explicit and 609

modular control interface based on structured suf- 610

ficiency and gap prediction learned via trajectory 611

distillation. These directions are complementary. 612

The structured outputs of S2G-Judge could be in- 613

corporated into learning-based optimization as su- 614

pervision, as auxiliary rewards, or as intermediate 615

control variables when improving retrieval policies 616

and evidence selection under practical constraints. 617
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Second, our gap-item schema introduces a rep-618

resentational trade-off. It favors stability and ease619

of use over expressiveness, and some questions620

may require richer structure than can be captured621

by the current fields, such as multi-entity joins,622

temporal constraints, or compositional relations623

spanning several intermediate variables. Extending624

the schema, or inducing more structured interme-625

diate programs while preserving auditability, is a626

promising direction for broader coverage on com-627

plex queries.628

Finally, sentence-level evidence extraction in-629

troduces a compactness–recall trade-off. While630

it limits the influence of redundant or distractor-631

heavy text and improves auditability, it may omit632

surrounding context that is useful for disambigua-633

tion or miss evidence that spans multiple sentences.634

Moreover, our sufficiency predictions can be con-635

servative, which in practice reduces the risk of636

answering from borderline evidence states, while637

leaving room to improve calibration so that clearly638

sufficient contexts are more often recognized as639

such. Future work could improve calibration of suf-640

ficiency decisions, and adaptive evidence selection641

strategies that better balance evidence coverage and642

context focus.643
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A Additional Results 777

This appendix reports supplementary results that 778

are omitted from the main paper for space. Unless 779

otherwise noted, we keep the retrieval corpus and 780

evaluation protocol identical to the main experi- 781

ments, and change only the component stated in 782

each subsection. 783

A.1 Strong Reasoner Setting 784

Retriever TriviaQA HotpotQA 2Wiki
EM F1 EM F1 EM F1

BM25 78.3 84.4 48.3 62.6 48.1 56.8
E5 79.2 85.9 46.8 60.2 48.2 57.0

Table 3: S2G-RAG under a stronger reasoner setting.
We replace the answer reasoner and the sentence-level
evidence extractor with GPT-4o-mini, while keeping the
same retrieval. Results are reported under BM25 and
E5 on TriviaQA, HotpotQA, and 2WikiMultiHopQA.

Table 3 isolates the effect of using a stronger closed- 785

source backbone for reasoning and sentence selec- 786

tion. The gains indicate that the proposed control 787

interface remains compatible with stronger down- 788

stream components and does not require changes to 789

the retriever or retraining the judge. We report these 790

results in the appendix because the main compari- 791

son in Table 1 focuses on a matched open-source 792

reasoner setting for fair baseline alignment. 793

A.2 Query Construction Variants 794

Variant EM F1 Correct Retrieval

Panel A: Query construction format
Free-text gap query 41.5 54.5 50.5
Structured gap query (ours; K=1) 43.3 56.5 52.7

∆ (Structured – Free-text) +1.8 +2.0 +2.2

Panel B: Number of gap items used in BuildQuery (structured queries)
Structured query (K=1) 43.3 56.5 52.7
Structured query (K=2) 42.3 55.6 52.4
Structured query (K=3) 43.0 55.9 52.5

Table 4: Query construction variants on HotpotQA (dev)
under BM25. Panel A compares free-text versus struc-
tured gap-based query construction. Panel B varies the
number of structured gap items K used by BuildQuery
within the structured setting. Correct Retrieval is re-
ported as a percentage (%) on the final row per question
ID. All other components are kept identical.

Table 4 analyzes the impact of query construction 795

in the iterative retrieval loop. In Panel A, we com- 796

pare two ways of forming the next-turn query when 797

the judge indicates missing information. The free- 798

text variant appends a natural-language gap descrip- 799
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Judge backbone TriviaQA HotpotQA 2Wiki

EM F1 EM F1 EM F1

Llama-3.2-3B-Instruct 77.1 82.6 43.3 56.5 36.8 44.8
Qwen-3-4B-Instruct 78.2 83.2 44.1 56.8 37.5 44.3

Table 5: Effect of the S2G-Judge backbone on end-to-
end QA. We swap two LoRA-finetuned judge backbones
while keeping the rest of the pipeline fixed (BM25 re-
triever, query construction, evidence extractor, and an-
swer reasoner: Llama-3-8B-Instruct). Both judges are
trained with the same trajectory-distillation procedure.

tion to the original question, whereas the structured800

variant constructs a query phrase from the missing-801

fact fields (e.g., target and slot), yielding a more802

consistent lexical form for BM25. The structured803

variant improves EM and F1 by 1.8 and 2.0 points,804

and increases final-turn Correct Retrieval by 2.2805

points, suggesting that structured fields provide806

stronger retrieval cues over multiple turns.807

Panel B varies the number of structured gap808

items used by BuildQuery. Across K ∈ {1, 2, 3},809

performance is stable: EM/F1 varies within 1 point810

and Correct Retrieval remains in a narrow band811

(52.4–52.7%). Using a single gap item (K=1)812

yields the best EM/F1, but the differences are mod-813

est, indicating that the method is not sensitive to814

the exact value of K within this range. We there-815

fore default to K=1 as a simple configuration that816

keeps queries concise while achieving the strongest817

average accuracy.818

A.3 Effect of Judge Backbone819

We study the sensitivity of S2G-RAG to the con-820

troller backbone by swapping two LoRA-finetuned821

S2G-Judge variants, Llama-3.2-3B-Instruct and822

Qwen-3-4B-Instruct, while holding all other com-823

ponents fixed (BM25 retriever, query construction,824

sentence-level evidence extraction, and Llama-3-825

8B-Instruct as the answer reasoner).826

As shown in Table 5, both backbones yield sim-827

ilar end-to-end accuracy across datasets. Qwen-828

3-4B provides small gains on TriviaQA and Hot-829

potQA EM with comparable F1, while results on830

2WikiMultiHopQA are close. Overall, the struc-831

tured sufficiency-and-gap interface is compatible832

with different lightweight controller backbones un-833

der the same retrieval setting.834

A.4 Robustness to Retrieval Breadth835

We assess robustness to retrieval breadth by varying836

the number of BM25 documents retrieved per turn837
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Figure 5: Robustness to per-turn retrieval breadth.
We vary BM25 top-k at each retrieval turn (k ∈
{2, 4, 6, 8, 10, 20}) while keeping the judge, gap-guided
query construction, evidence extractor, maximum turns
T , and decoding settings fixed.

(top-k), while holding the rest of the S2G-RAG 838

pipeline constant. Figure 5 shows that EM/F1 re- 839

mains stable across a wide range of k, with only 840

modest fluctuations as retrieval breadth increases. 841

This behavior is largely attributable to sentence- 842

level evidence management. Rather than append- 843

ing full documents, S2G-RAG uses a sentence- 844

level Evidence Extractor to form a compact evi- 845

dence block from the retrieved set before the next 846

round of judging and final answering. As k grows, 847

newly added documents are increasingly redundant 848

or distractor-heavy, so the marginal benefit of wider 849

retrieval tends to diminish. By selecting a bounded 850

set of salient sentences, the extractor limits the 851

amount of irrelevant text that enters the accumu- 852

lated evidence context, which helps keep both gap 853

identification and answer generation stable under 854

larger per-turn retrieval breadth. 855

A.5 Effect of Evidence Extraction Cap Ke 856

The sentence-level Evidence Extractor updates the 857

evidence context by selecting a small set of salient 858

sentences from the newly retrieved documents at 859

each turn. We study how sensitive S2G-RAG is to 860

the extractor cap by varying Ke ∈ {2, 4, 6, 8, 10} 861

on HotpotQA (dev) under BM25, while keeping 862

the judge, query construction, retriever settings, 863

maximum turns, and the answer reasoner fixed. 864

Table 6 shows that performance is stable across 865

a wide range of caps. EM varies within 43.2–43.4 866

and F1 within 55.8–56.5, with no clear monotonic 867

trend as Ke increases. This suggests that the sys- 868

tem is not tightly tuned to a particular extraction 869

budget. Intuitively, Ke acts as a ceiling rather than 870

a target: the extractor can return fewer sentences 871
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Extractor cap Ke EM F1

2 43.2 56.5
4 43.4 55.8
6 43.3 56.5
8 43.4 55.9

10 43.4 56.0

Table 6: Effect of the extractor cap Ke (maximum num-
ber of evidence sentences returned per turn) on Hot-
potQA (dev) under BM25. The extractor may return
fewer than Ke sentences. All other components are kept
identical.

when retrieval results offer limited relevant con-872

tent. Moreover, HotpotQA instances are typically873

supported by a small number of key evidence sen-874

tences, so modest caps are already sufficient to pre-875

serve the essential two-hop evidence chain while876

limiting the inclusion of distractor text.877

B Training Details878

This appendix details the construction of turn-level879

supervision for S2G-Judge and the LoRA-based880

supervised fine-tuning procedure. Unless stated881

otherwise, all unspecified settings use library de-882

faults.883

B.1 Turn-Level Supervision Construction884

Execution-trace collection. We construct super-885

vision from multi-turn pipeline execution traces886

produced by the same iterative retrieval loop used887

at inference time (Appendix C). For each train-888

ing question, we roll out the pipeline to a fixed889

maximum budget T and record per-turn snapshots890

xt = (q, Ct), where q is the original question and891

Ct is the accumulated evidence context at turn t.892

To assign an initial sufficiency tag for filtering,893

we use the gold supporting documents. A snapshot894

is tagged as sufficient if the retrieved titles up to895

turn t cover all gold supporting document titles for896

the instance; otherwise it is tagged as insufficient.897

To keep the recorded evidence contexts represen-898

tative of the pipeline’s intermediate states, trace col-899

lection is driven by an unfine-tuned judge backbone900

that uses the same prompt and output schema as901

the final S2G-Judge. This yields evidence contexts902

that naturally include redundancy and distractors903

from multi-round retrieval and accumulation.904

Teacher labeling. A stronger teacher model,905

prompted with our instruction template (Ap-906

pendix E.2), labels each snapshot under a strict907

context-only evidence constraint. The teacher out-908

puts a binary sufficiency decision together with 909

structured gap items, based only on the information 910

contained in Ct rather than parametric knowledge. 911

B.2 Supervision Filtering 912

We apply lightweight filtering to improve the relia- 913

bility of the distilled turn-level supervision, without 914

introducing any gold signals into model inputs or 915

evaluation: 916

• Format checking. We validate that the 917

teacher output follows the required schema 918

and discard examples with malformed or non- 919

conformant outputs. 920

• Conflict-based filtering. For each snapshot, 921

we compute a coarse, retrieval-derived suffi- 922

ciency tag based on whether the retrieved ti- 923

tles cover the gold supporting page titles. We 924

use this tag only as a weak sanity check to re- 925

move obvious conflicts between the snapshot 926

state and the teacher label (e.g., cases where 927

the teacher appears to violate the context-only 928

constraint, or the snapshot/tag alignment is 929

unreliable). Importantly, this gold-derived tag 930

is never provided to the judge or used at infer- 931

ence time; it is used only to discard a small 932

set of low-confidence supervision pairs. 933

B.3 Supervision Dataset 934

The final supervision file consists of per-turn exam- 935

ples containing the original question q, the accu- 936

mulated evidence context Ct, a binary sufficiency 937

label, and a set of structured gap items. 938

Dataset statistics. Table 7 summarizes the 939

cleaned supervision set. It contains 2,804 snap- 940

shots with a relatively even turn distribution from 941

t=1 to t=4 and approximately balanced sufficiency 942

labels. 943

Train–validation split. We randomly split the 944

cleaned supervision set into 90% training and 10% 945

validation using a fixed random seed 42, yielding 946

2,523 training snapshots and 281 validation snap- 947

shots. 948

B.4 LoRA Configuration 949

We fine-tune S2G-Judge with LoRA (Hu et al., 950

2022) for parameter-efficient adaptation. Unless 951

otherwise noted, we insert LoRA adapters into the 952

attention and feed-forward projection layers in each 953

decoder block: 954
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Cleaned supervision statistics

Turn distribution

t=1 764
t=2 739
t=3 653
t=4 648

Sufficiency labels

Sufficient 1,396
Insufficient 1,408

Total snapshots 2,804

Table 7: Statistics of the cleaned turn-level supervision
set used to train S2G-Judge.

• Rank r = 16955

• Scaling α = 32956

• Dropout 0.05957

• Target modules q_proj, k_proj, v_proj,958

o_proj, gate_proj, up_proj, down_proj959

B.5 Supervised Fine-Tuning Setup960

We run supervised fine-tuning with TRL SFT-961

Trainer on chat-formatted prompts. We use the962

following hyperparameters:963

• Epochs 3964

• Learning rate 1× 10−4965

• Gradient accumulation 8966

• Max sequence length 2048967

• Precision FP16968

• Evaluation / checkpointing evaluate every969

200 steps; save every 200 steps; keep the latest970

3 checkpoints971

After training, we save the LoRA adapter weights972

and the tokenizer for inference-time loading.973

C Pseudocode for the Evaluation Pipeline974

Algorithm 1 summarizes our evaluation pipeline975

for S2G-RAG. Given a question q, the system iter-976

atively maintains an accumulated evidence context977

Ct that stores only sentence-level evidence blocks978

extracted from newly retrieved documents. At each979

turn, the judge inspects (q, Ct) and outputs a suf-980

ficiency decision st and structured gap items Gt.981

When st indicates the current evidence supports982

answering (or when the maximum budget T is983

reached), the reasoner produces the final predic- 984

tion using only (q, Ct). Otherwise, the predicted 985

gaps are mapped into a retrieval query, documents 986

are retrieved, and the evidence extractor selects a 987

compact set of sentences to append to the evidence 988

context. 989

Algorithm 1 Evaluation framework of S2G-RAG.
Require: Dev set S = {qi}Ni=1;

Retriever Retrieve(·) over corpus D;
Judge Judge(q, Ct)→ (st, Gt);
Query builder BuildQuery(q,Gt)→ q̃t;
Evidence extractor Extract(q,Gt, Dt)→ Et;
Reasoner Reason(q, Ct)→ â;
Max turns T .

Ensure: Per-turn execution traces and final predictions.
1: procedure EVALUATE(S)
2: for each question q ∈ S do
3: C0 ← ∅ ▷ accumulated evidence memory
4: for t = 0 to T do
5: (st, Gt)← Judge(q, Ct)
6: if st = true or t = T then
7: â← Reason(q, Ct)
8: Record the final trace at turn t+1
9: break

10: else
11: q̃t ← BuildQuery(q,Gt)
12: Dt ← Retrieve(q̃t)
13: Et ← Extract(q,Gt, Dt)
14: Ct+1 ← Ct ⊕ Et

15: Record the trace at turn t+1
16: end if
17: end for
18: end for
19: end procedure

D Case Studies 990

To provide qualitative insight, we report represen- 991

tative multi-turn traces from HotpotQA. Table 8 is 992

a success case: the judge first predicts a relation 993

gap about who Fredric Rieders testified against, 994

which surfaces the correct bridge entity (Michael 995

Swango); it then requests a missing evidence span 996

to verify the remaining constraint (the “three con- 997

secutive life terms” and “Florence, Colorado” clue), 998

after which it declares sufficiency and answers cor- 999

rectly. 1000

Table 9 is a failure case dominated by retrieval 1001

coverage and ambiguity. Although the trajectory 1002

identifies plausible villages in Philipstown, it never 1003

retrieves the gold supporting title (Valhalla High- 1004

lands Historic District) and instead accumulates evi- 1005

dence for a competing but locally supported district 1006

(Cold Spring Historic District). The judge remains 1007

insufficient throughout, but the final prediction is 1008

still incorrect due to exhausting the retrieval budget 1009

without reaching the correct supporting document. 1010
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Question: Who did Fredric Rieders tesify agains who had killed as many as 60 patients and recieved three consecutive life terms
to be served in Florence Colorado?
Gold answer: Michael Swango. Prediction: Michael Swango (correct).

Turn Trace (Gap→ Query intent→ Evidence→ Decision/Output)

1 Predicted gap item Gt. relation; target: Fredric Rieders; slot: testified_against; desc: The person Fredric
Rieders testified against.
Query intent. Identify who Rieders testified against; match the clue “killed as many as 60 patients”.
Evidence. [Fredric Rieders] “Some of his other well-known cases include . . . another case is that of Michael
Swango, or “Dr. Death”—a serial killer who killed as many as 60 of his patients . . . ”
Decision/Output. insufficient; bridge candidate: Michael Swango.

2 Predicted gap item Gt. evidence_span; target: Michael Swango; slot: sentence_length; desc: Michael Swango’s
sentence length.
Query intent. Verify “three consecutive life terms” and the Florence, Colorado clue.
Evidence. [Michael Swango] “He was sentenced in 2000 to three consecutive life terms without the possibility of
parole, and is serving that sentence at the ADX Florence supermax prison near Florence, Colorado.”
Decision/Output. sufficient; answer: Michael Swango.

Table 8: A successful two-hop case. The judge first surfaces a bridge entity via a relation gap (Turn 1), then verifies
the remaining constraint via an evidence-span gap (Turn 2).

E Prompts (Judge / Teacher / Extractor)1011

E.1 S2G-Judge Prompts1012

E.2 Teacher Prompt1013

E.3 Sentence-level Evidence Extractor1014

Prompts1015
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Question: What national historic district is located near a village in the town of Philipstown, New York?
Gold answer: Valhalla Highlands Historic District. Prediction: Cold Spring Historic District (incorrect).

Turn Trace (Gap→ Query intent→ Evidence→ Decision/Output)

1 Predicted gap items Gt. (i) relation; target: Philipstown, New York; slot: village_name; desc: The
name of the village in Philipstown, New York. (ii) relation; target: village in Philipstown, New York; slot:
national_historic_district; desc: The national historic district located near the village in the town of Philip-
stown, New York.
Query intent. Identify candidate villages in Philipstown; then look for a nearby national historic district.
Evidence. [Cold Spring, New York] “Cold Spring is a village in the town of Philipstown . . . ”; [Nelsonville, New
York] “Nelsonville is a . . . village located in the town of Philipstown . . . ”; plus many off-topic district pages.
Decision/Output. insufficient.

2 Predicted gap item Gt. relation; target: Nelsonville, New York; slot: national_historic_district; desc: The
national historic district located near Nelsonville, New York.
Query intent. Search for a national historic district near Nelsonville (as the inferred village).
Evidence. Only village-location support repeats; no evidence links Nelsonville to the asked district; the gold title does
not appear.
Decision/Output. insufficient.

3 Predicted gap items Gt. (i) relation; target: Fish and Fur Club; slot: location; desc: The location of the Fish and
Fur Club in relation to the village in the town of Philipstown, New York. (ii) evidence_span; target: Nelsonville,
New York; slot: national_historic_district; desc: A sentence explicitly stating that Nelsonville, New York is a
national historic district.
Query intent. Use nearby landmarks to triangulate the missing district signal.
Evidence. [Fish and Fur Club] “The original Fish and Fur Club building is at . . . in Nelsonville . . . ”; [J. Y. Dykman
Store] “. . . located . . . in the village of Nelsonville . . . across from the Fish and Fur Club . . . ” (useful but off-target).
Decision/Output. insufficient.

4 Predicted gap items Gt. (i) relation; target: Fish and Fur Club; slot: location; desc: The location of the Fish and
Fur Club in relation to the village in the town of Philipstown, New York. (ii) relation; target: Fish and Fur Club; slot:
national_historic_district; desc: The national historic district associated with the Fish and Fur Club.
Query intent. Resolve the missing district by following auxiliary entities; fall back to the strongest surfaced village
branch.
Final-turn evidence. [Cold Spring, New York] “Cold Spring is a village in the town of Philipstown in Putnam
County, New York, United States.”
“The central area of the village is on the National Register of Historic Places as the Cold Spring Historic District . . . ”
Decision/Output. insufficient; predicted answer Cold Spring Historic District (incorrect).

Table 9: Failure case. The trajectory identifies villages in Philipstown but never retrieves the gold supporting title
Valhalla Highlands Historic District. It instead converges on a locally supported but incorrect district (Cold Spring
Historic District) surfaced in the final turn.

System prompt for S2G-Judge

You are a QA/RAG sufficiency judge.
Given a QUESTION and a CONTEXT (documents retrieved so far), decide whether the CONTEXT alone contains enough
information to reliably answer the QUESTION. If not, list the gap items that describe what information is still missing.
Output format (strict):
- Output exactly one JSON object and nothing else.
- The output must have exactly two keys: "sufficient" and "gap items".
Schema:
"sufficient": true/false,
"gap items": [
"category": "bridge entity | attribute | relation | evidence span | other",
"target": "string",
"slot": "string",
"description": "string"
]
Constraint:
- If "sufficient" is true, then "gap items" must be an empty list [].

Table 10: System prompt for S2G-Judge. The judge outputs a binary sufficiency decision and, when insufficient,
structured gap items.
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Teacher prompt (Part I: task definition and labeling rules)

You are a QA/RAG sufficiency judge.
You will be given:
- a QUESTION
- the current-round CONTEXT (what the QA system has retrieved so far)
Your tasks:
1. Decide whether the given CONTEXT alone contains enough information to reliably answer the QUESTION.
- Answer using the boolean field "sufficient".
IMPORTANT:
- You MUST base your decision ONLY on the CONTEXT.
- Even if you personally know the correct answer from world knowledge or training data, if the CONTEXT does not clearly
support a correct answer, you MUST set "sufficient": false.
- Only when the CONTEXT itself already provides enough explicit evidence to justify a correct answer, you may set "sufficient":
true.
2. If the information is NOT sufficient (i.e., "sufficient": false), list the gap items needed to answer the QUESTION.
Use the field gap_items: a list of 1–3 objects, each with:
- "category": one of ["bridge entity","attribute","relation","evidence span","other"]
- "target": a short string naming the entity or concept this gap is about
- "slot": a coarse type of the missing fact (e.g., alias, name, nationality, birth place, location)
- "description": a short English phrase describing the missing information
Guidelines:
- Only mark gap items as missing if they are NOT explicitly stated in the CONTEXT.
- Think about the reasoning chain and identify which links are still missing.
- Avoid vague statements like "need more information" without specifying what is missing.
Surface forms and aliases:
- If QUESTION uses one name (A) and CONTEXT introduces an alias (B), create ONE gap item with target A / B and
descriptions that mention both forms.
- Do NOT create two separate gap items for the same underlying relation just due to surface forms.
3. If the information IS sufficient (i.e., "sufficient": true), set gap_items: [].

Table 11: Teacher prompt used to label per-turn snapshots for judge training (Part I).

Teacher prompt (Part II: output format and example)

You MUST respond with a single JSON object and NOTHING else.
The JSON MUST have exactly the following shape:

"sufficient": true/false,
"gap items": [

{ "category": "...", "target": "...", "slot": "...", "description": "..." },
...

]
Do NOT add any extra keys.
Do NOT add explanations outside the JSON.
EXAMPLE (for style ONLY; alias is already present in CONTEXT)
QUESTION: "What nationality was A’s wife?"
CONTEXT: (... includes "A is better known as B", but does NOT mention wife’s name or nationality)
Output:

"sufficient": false,
"gap items": [

{ "category": "relation", "target": "A / B", "slot": "spouse name",
"description": "The name of A (B)’s wife." },

{ "category": "attribute", "target": "A (B)’s wife", "slot": "nationality",
"description": "The nationality of A (B)’s wife." }

]
QUESTION
<q>
CONTEXT (this is the ONLY evidence you may use)
<ctx>
Now output ONLY the JSON object:

Table 12: Teacher prompt used to label per-turn snapshots for judge training (Part II).
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System prompt (Evidence Selector)

You are a sentence-level evidence selector in a multi-hop RAG pipeline.
You will be given an ORIGINAL QUESTION, MISSING FACTS describing what information is still needed, and a numbered
list of SENTENCES from retrieved documents.
Treat the MISSING FACTS as reliable guidance.
Selection priorities:
(1) Select sentences that directly help answer the ORIGINAL QUESTION.
(2) If budget remains, select sentences that are highly relevant to the MISSING FACTS, including intermediate bridge facts that
may enable the next hop.
Output format (strict):
- Output exactly one JSON object and nothing else.
- The JSON must have exactly one key: "evidence global ids".
Example:
"evidence global ids": [1, 5, 7]
Constraints: - "evidence global ids" is an array of integers.
- Select at most K sentences (K is provided in the user message).
- Only use ids that appear in the numbered sentence list.
- Do not rewrite, paraphrase, or generate any evidence text.

Table 13: System prompt for the sentence-level Evidence Extractor. The extractor outputs sentence indices (pointers)
rather than rewriting evidence text.
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