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Abstract

While generative retrieval (GR) demonstrates001
competitive performance on standard retrieval002
benchmarks, existing approaches directly map003
queries to document identifiers (docids) with-004
out intermediate deliberation, limiting their ef-005
fectiveness for complex queries that require006
multi-step reasoning. As a preliminary study on007
integrating chain-of-thought (CoT) into genera-008
tive retrieval, we introduce ThinkGR, a unified009
framework that interleaves CoT with docid gen-010
eration, enabling iterative thinking and retrieval011
within a single generative process. To bridge012
the gap between free-form thought generation013
and structured retrieval targets, we design (1)014
a hybrid decoding strategy that dynamically015
switches between unconstrained thought gen-016
eration and constrained docid decoding, and017
(2) a two-phase training approach that first018
aligns thought-retrieval patterns through su-019
pervised fine-tuning, then optimizes thought020
quality via retrieval-grounded reinforcement021
learning. Experiments on four multi-hop re-022
trieval benchmarks demonstrate that ThinkGR023
achieves state-of-the-art performance with an024
average improvement of +6.86%. Our work025
opens new avenues for enhancing generative026
retrieval with explicit deliberation capabilities,027
with promising implications for retrieval tasks028
requiring complex reasoning. 1029

1 Introduction030

Generative Retrieval (GR) has emerged as a promis-031

ing paradigm that reformulates document retrieval032

as a sequence generation task (De Cao et al., 2021;033

Tay et al., 2022; Bevilacqua et al., 2022). Unlike034

traditional dense retrieval methods that rely on em-035

bedding similarity matching, GR directly gener-036

ates document identifiers (docids) from queries by037

leveraging generative model architectures. This038

approach enables end-to-end optimization and has039

1Our code is available at https://anonymous.
4open.science/r/GenRAR-6357
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Figure 1: Comparison between standard generative re-
trieval and our thought-augmented approach. (a) Stan-
dard GR: Directly generates docids from the query with-
out intermediate deliberation. (b) ThinkGR: Interleaves
chain-of-thought with docid generation, enabling itera-
tive thinking and retrieval within a single forward pass.

demonstrated competitive performance on standard 040

retrieval benchmarks (Zhou et al., 2022; Zhang 041

et al., 2024; Sun et al., 2023). Recent work by 042

Zhang et al. (2025c) reproduced representative DR 043

and GR under matched backbones, and through 044

controlled and transparent comparisons, showed 045

that GR surpasses standard dual-encoder dense re- 046

trievers on Natural Questions (Kwiatkowski et al., 047

2019). 048

Despite these advances, existing GR methods 049

share a fundamental limitation: they directly map 050

queries to docids without intermediate delibera- 051

tion. This single-step generation paradigm works 052

well for straightforward queries where the target 053

document is semantically close to the query sur- 054

face form. However, when queries require complex 055

reasoning, such as in multi-hop retrieval scenar- 056

ios where resolving the query necessitates travers- 057

ing semantic connections across multiple docu- 058

ments (Yang et al., 2018; Trivedi et al., 2022), the 059

lack of an explicit thinking process severely lim- 060

its retrieval effectiveness. For example, given the 061

query “What is the capital of the country where the 062
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director of Erta Ale was born?”, answering it re-063

quires first retrieving documents about the director064

of Erta Ale, then retrieving documents about the065

corresponding country’s capital—a scenario where066

standard single-hop retrieval models struggle to re-067

trieve the final target document, as it lacks direct068

semantic similarity to the original query.069

Inspired by recent advances in chain-of-thought070

(CoT) prompting (Wei et al., 2022) and deliberative071

reasoning models (Jaech et al., 2024; Guo et al.,072

2025), we investigate enabling GR to interleave rea-073

soning and retrieval within a unified generative pro-074

cess. This iterative paradigm can bridge the seman-075

tic gap between complex queries and target docu-076

ments through intermediate reasoning steps (Fig-077

ure 1). However, effectively merging the thought078

process into retrieval models remains challenging079

due to the inherent differences between open-ended080

reasoning and discrete retrieval actions.081

To address this challenge, we propose ThinkGR,082

a unified framework that integrates CoT into GR,083

enabling the model to iteratively think and retrieve084

within a single generative process. To unify the de-085

coding space, we design a hybrid decoding strategy086

that dynamically switches between unconstrained087

generation for thought tokens and constrained de-088

coding for docids, using semantic triples as doc-089

ument representations that naturally bridge natu-090

ral language and structured retrieval targets. To091

unify the learning process, we employ a two-phase092

training strategy: first aligning thought-retrieval093

patterns through supervised fine-tuning, then opti-094

mizing thought quality using retrieval accuracy as095

a grounded reward signal.096

We conduct extensive experiments on four multi-097

hop retrieval benchmarks: HotpotQA, 2WikiMul-098

tihopQA, MuSiQue, and MoreHopQA. Results099

demonstrate that ThinkGR achieves state-of-the-art100

performance, significantly outperforming existing101

methods with an average improvement of +6.86%.102

Our contributions can be summarized as follows:103

(1) This work represents one of the earliest explo-104

rations of integrating chain-of-thought into gen-105

erative retrieval, demonstrating the feasibility and106

potential of this paradigm. (2) We identify key chal-107

lenges in enabling iterative thinking and retrieval,108

and propose solutions including a hybrid decod-109

ing strategy and a two-phase training approach.110

(3) ThinkGR achieves state-of-the-art results on111

four benchmarks, demonstrating its effectiveness112

in multi-hop retrieval scenarios that require com-113

plex thinking.114

2 Related Work 115

2.1 Generative Retrieval 116

Generative retrieval formulates document retrieval 117

as a sequence generation task, directly producing 118

docids through autoregressive decoding (De Cao 119

et al., 2021; Bevilacqua et al., 2022; Sun et al., 120

2023). Previous research has explored various 121

types of docids, which can be categorized into 122

lexical ids and numeric ids. Lexical ids include 123

title (De Cao et al., 2021), substring (Bevilac- 124

qua et al., 2022), URL (Zhou et al., 2022), term- 125

sets (Zhang et al., 2024), etc., while numeric ids 126

are typically obtained through clustering of docu- 127

ment representations (Tay et al., 2022; Zhou et al., 128

2022; Sun et al., 2023). This paradigm enables 129

end-to-end optimization and has shown competi- 130

tive performance on standard benchmarks (Zhang 131

et al., 2025c,b). 132

While GR has achieved promising results, ex- 133

isting approaches lack intermediate deliberation 134

mechanisms, limiting their effectiveness on com- 135

plex queries. Although Lee et al. (2022) applied 136

GR to multi-hop settings using document frag- 137

ments, their approach lacks explicit thought mech- 138

anisms and faces scalability challenges for large 139

corpora. Our work addresses this gap by integrat- 140

ing chain-of-thought into the generative retrieval 141

framework. 142

2.2 Thought-Augmented Retrieval 143

Recent advances in chain-of-thought prompt- 144

ing (Wei et al., 2022) and deliberative reason- 145

ing (Jaech et al., 2024; Guo et al., 2025) have in- 146

spired efforts to incorporate thought processes into 147

retrieval systems. 148

LLM-Driven Multi-Step Retrieval. One line 149

of work leverages LLMs’ intrinsic reasoning capa- 150

bilities to decompose complex queries and guide 151

iterative retrieval. ReAct (Yao et al., 2023) alter- 152

nates between reasoning steps and retrieval actions; 153

Self-ask (Press et al., 2023) decomposes ques- 154

tions into sub-questions with follow-up Q&A; IR- 155

CoT (Trivedi et al., 2023) interleaves retrieval with 156

stepwise reasoning to refine subsequent searches. 157

Recent methods employ reinforcement learning: 158

Auto-RAG (Yu et al., 2024) trains LLMs to de- 159

cide retrieval timing; DeepRAG (Guan et al., 2025) 160

models the process as a Markov Decision Process; 161

R3-RAG (Li et al., 2025) uses outcome and pro- 162

cess rewards for optimization. However, these ap- 163

proaches require separate LLM and retriever mod- 164
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ules with iterative handoffs, preventing end-to-end165

optimization.166

Reasoning-Augmented Dense Retrieval. An-167

other line integrates thought processes into168

dense retrieval models. Early methods incorpo-169

rate thought implicitly without explicit tokens:170

MDR (Xiong et al., 2021) iteratively encodes171

queries with retrieved context to guide subsequent172

retrieval; GRITHopper (Erker et al., 2025) unifies173

language modeling and contrastive retrieval in a sin-174

gle LLM; O1 Embedder (Yan et al., 2025) leverages175

LLM-generated “thoughts” as intermediate rep-176

resentations before aggregating into embeddings.177

Recent work explores explicit thought tokens be-178

fore embedding generation: GEM (Zhang et al.,179

2025a) inserts bottleneck tokens with specialized180

attention masks to compress semantic information;181

LREM (Tang et al., 2025) establishes a “think-then-182

embed” paradigm where models generate keyword-183

form CoT before final embeddings. While these184

methods demonstrate the value of explicit thought185

for retrieval, they operate within dense retrieval and186

typically perform thought generation only once be-187

fore embedding. In contrast, our work integrates188

thought into generative retrieval, enabling iterative189

thought-retrieval interleaving within a single de-190

coding pass, particularly beneficial for multi-hop191

scenarios requiring progressive reasoning.192

3 Method193

To realize the idea of integrating chain-of-thought194

into generative retrieval, we develop ThinkGR as195

a preliminary instantiation. ThinkGR formulates196

retrieval as a unified sequence generation problem,197

generating an interleaved sequence of thought to-198

kens and docids through a single forward pass,199

where each thought segment contextualizes and200

guides the subsequent retrieval decision. We imple-201

ment ThinkGR by training Llama-3.1-8B-Instruct202

with a two-phase training strategy. Figure 2 shows203

an overview of our method.204

3.1 Semantic Triple Representation205

A critical design choice in generative retrieval is206

how to represent documents as generation targets.207

Traditional docids fail to capture the relational se-208

mantics essential for complex queries. We observe209

that multi-hop queries inherently require traversing210

semantic relationships between entities, a structure211

naturally expressed as knowledge triples.212

We thus represent documents as structured213

knowledge triples (head entity, relation, tail en- 214

tity), serving as docids. This design serves two pur- 215

poses: (1) triples encode fine-grained semantic rela- 216

tionships, enabling the model to perform semantic 217

traversal through explicit relation following, and (2) 218

natural-language triples allow the model to lever- 219

age the pre-trained LLM’s semantic understand- 220

ing to generalize to unseen entities and relations. 221

We designed a prompt to instruct LLM to gener- 222

ate these triples. To construct SFT data, we fur- 223

ther prompt the LLM to generate thought-retrieval 224

chains based on the correct document triples and 225

questions. Detailed prompts are provided in Ap- 226

pendix A. To ensure high-quality training data and 227

minimize cascading errors, we implemented a rig- 228

orous filtering process that removes samples with 229

formatting errors, incorrect triples, and factual inac- 230

curacies. This process resulted in a high-quality cu- 231

rated set of 228K SFT data from HotpotQA, 2Wiki- 232

MultihopQA, and Musique datasets. 233

3.2 Thought-Retrieval Alignment 234

The first training phase establishes the model’s 235

ability to generate interleaved thought-retrieval 236

sequences. By focusing on this structural align- 237

ment, we enable the model to utilize its pre-trained 238

knowledge for robust generalization to unseen en- 239

tities and relations, even if they were not explic- 240

itly seen during fine-tuning. In this process, the 241

generated thought steps naturally guide the re- 242

trieval operations, forming a coherent and effec- 243

tive workflow. Formally, given input query x, the 244

model learns to generate an interleaved sequence 245

y = (r1, d1, r2, d2, . . .) where ri denotes thought 246

segments and di denotes docids. The training ob- 247

jective minimizes the negative log-likelihood: 248

LSFT = −
∑
t

logP (yt|y<t, x), (1) 249

where yt denotes each token in the output sequence. 250

After this phase, the model acquires the basic 251

thought-retrieval generation capability, preparing it 252

for further optimization. 253

3.3 Retrieval-Grounded Thought 254

Optimization 255

While the alignment phase teaches the model the 256

structural pattern of thought-retrieval interleaving, 257

it is limited by the quality of demonstration data 258

and cannot discover better thought strategies be- 259

yond imitation. To address this, we introduce a 260

retrieval-grounded reinforcement learning phase 261
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Thought-Retrieval Alignment Retrieval-Grounded Thought Optimization

Who is the mother of the director of film Polish-Russian War?

Question
𝐷𝐷𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝐷𝐷𝑢𝑢𝑢𝑢𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Kahneman-Tversky Optimization

Policy
Model

Two-phase Training Strategy

Hybrid Decoding Strategy

Base Model ThinkGR

FM-index

Reasoning Tokens
Retrieval Tokens

SFT

QuestionTriple

Strong LLM

Triple

Triple

Constrained DecodingUnconstrained Decoding &

I first need to know who is the director … . So I retrieve <docid start> 
Polish-Russian War, director, Xawery Żuławski<docid end>. 
Then, I need to find out who is the mother of … . I retrieve <docid start> 
Xawery Żuławski, mother, Małgorzata Braunek<docid end>.

Figure 2: Overview of the ThinkGR framework. Top: Two-phase training strategy (Thought-Retrieval Alignment
followed by Retrieval-Grounded Thought Optimization). Bottom: Hybrid Decoding Strategy combining constrained
and unconstrained decoding.

that uses retrieval accuracy as a proxy reward for262

thought quality. The key insight is that in our uni-263

fied framework, the quality of thought directly man-264

ifests in retrieval outcomes. This creates a natural265

feedback loop: we can use retrieval accuracy as an266

automatic and grounded reward signal to optimize267

the thought process, without requiring expensive268

human annotations of thought quality.269

We implement this using Kahneman-Tversky270

Optimization (KTO) (Ethayarajh et al., 2024). Un-271

like PPO (Schulman et al., 2017) or DPO (Rafailov272

et al., 2023) which require preference pairs, KTO273

operates effectively with binary feedback, allow-274

ing us to directly leverage retrieval correctness as275

supervision. Specifically, if the generated docids276

match the ground-truth exactly, the response is la-277

beled as desirable; if the accuracy of generated278

docids is less than τ , it is labeled as undesirable.279

This creates a grounded optimization objective that280

directly ties reasoning quality to task performance.281

Formally, we partition model-generated responses282

based on retrieval accuracy:283

Ddesirable = {(x, y)|Accr(y) = 1}, (2)284

Dundesirable = {(x, y)|Accr(y) < τ}, (3)285

Accr(y) =
|docids(y) ∩ docidsgr|

|docidsgr|
, (4)286

where docids(y) denotes the docids generated by287

the model, and docidsgr denotes the ground-truth288

docids. After filtering, we obtained 60K desirable289

responses and 27K undesirable responses. KTO290

can implicitly handle the data imbalance through291

adaptive weighting, so we did not perform further 292

balanced sampling. We optimize the model weights 293

based on the following loss function: 294

LKTO =E(x,y)∼Ddesirable [λd − v(x, y)]

+E(x,y)∼Dundesirable [λu − v(x, y)],
(5) 295

where 296

rθ(x, y) = log
πθ(y|x)
πref(y|x)

297

z0 = KL(πθ(y
′|x)||πref(y

′|x)) 298

v(x, y) =

{
λd(β(rθ(x, y)− z0)) if y ∈ Ddesirable

λu(β(z0 − rθ(x, y))) if y ∈ Dundesirable,
299

where v(x, y) represents the prospect-theoretic 300

utility function that converts the model’s implicit 301

reward into a human-perceived value relative to 302

a reference point. πθ refers to the policy model 303

being trained, where πθ(y|x) denotes the probabil- 304

ity of generating output sequence y given input x 305

under parameters θ. πref represents the reference 306

model, which is the supervised fine-tuned model 307

before reinforcement learning. rθ(x, y) is the im- 308

plied reward, z0 is the reference point dynamically 309

estimated per mini-batch, λd and λu are automati- 310

cally adjusted parameters for data imbalance, and 311

β is a risk aversion hyperparameter controlling op- 312

timization sensitivity. 313

3.4 Hybrid Decoding Strategy 314

The unified sequence formulation introduces a 315

unique inference challenge: the model must gener- 316

ate tokens from two different spaces—an open vo- 317

cabulary for thought and a constrained set of valid 318
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docids for retrieval—within a single autoregres-319

sive process. Naive unconstrained decoding risks320

generating invalid docids (hallucinations), while321

fully constrained decoding would prevent flexible322

thought generation.323

We address this through a hybrid decoding strat-324

egy that dynamically switches between uncon-325

strained and constrained generation modes. For326

constrained docid generation, we employ FM-327

index (Ferragina and Manzini, 2000) following328

Bevilacqua et al. (2022), which returns valid next329

tokens in constant time. We preprocess corpus330

triples into the format “<docid_start>head entity,331

relation, tail entity<docid_end>” and store them332

in the FM-index. During inference, the decoding333

process operates as follows: (1) ThinkGR begins334

with unconstrained decoding to generate thought335

tokens, enabling “slow thinking” where the model336

elaborates on the query context and determines337

what information is needed; (2) When the model338

decides a retrieval is necessary, it generates “<do-339

cid_start>”, which triggers a switch to constrained340

decoding mode; (3) In constrained mode, the FM-341

index restricts the output vocabulary to valid next342

tokens based on the current prefix, ensuring the343

generated docid exists in the corpus; (4) Upon gen-344

erating “<docid_end>”, the mode switches back to345

unconstrained for continued thought.346

This hybrid strategy realizes the core idea347

of thought-augmented retrieval: the model au-348

tonomously decides when to retrieve and what to349

retrieve through explicit deliberation, all within350

a single autoregressive pass. This design demon-351

strates the feasibility of unifying free-form thought352

with constrained retrieval generation, eliminating353

the latency overhead of iterative LLM-retriever in-354

vocations while maintaining retrieval validity.355

4 Experiments356

4.1 Datasets and Metrics357

Since our method is specifically designed for358

retrieval scenarios requiring complex reasoning,359

we evaluate its effectiveness on four commonly360

used multi-hop QA datasets: HotpotQA (Yang361

et al., 2018), 2WikiMultiHopQA (Ho et al.,362

2020), MuSiQue (Trivedi et al., 2022), and More-363

HopQA (Schnitzler et al., 2024). Detailed descrip-364

tions and statistics are provided in Appendix B.365

We use Recall as our primary evaluation metric,366

defined as the ratio of correct documents retrieved367

to the total number of ground-truth documents.368

This metric is a common choice in multi-hop re- 369

trieval benchmarks (Trivedi et al., 2023; Erker et al., 370

2025), allowing for direct and fair comparison with 371

prior work. 372

4.2 Baselines 373

We compare our method with standard one-hop re- 374

trievers, including BM25 (Robertson et al., 2009), 375

Contriever (Izacard et al., 2021), BGE (Xiao 376

et al., 2023), and generative retrieval method 377

SEAL (Bevilacqua et al., 2022). To com- 378

prehensively assess multi-hop retrieval capabil- 379

ity, we primarily compare with two categories 380

of methods specifically designed for this task: 381

LLM-driven multi-step retrieval and reasoning- 382

augmented dense retrieval. LLM-driven multi- 383

step retrieval methods include: Self-Ask (Press 384

et al., 2023), prompts the LLM to generate follow- 385

up questions based on the current context; IR- 386

CoT (Trivedi et al., 2023), uses CoT generated 387

by LLM to guide retrieval; ITER-RETGEN (Shao 388

et al., 2023), iteratively performs reasoning and 389

retrieval; Auto-RAG (Yu et al., 2024), employs rein- 390

forcement learning to enable autonomous decision- 391

making on retrieval through multi-turn LLM- 392

retriever interactions; and R3-RAG (Li et al., 2025), 393

optimizes iterative retrieval via reinforcement learn- 394

ing with outcome and process rewards for docu- 395

ment relevance verification. Reasoning-augmented 396

dense retrieval methods include: MDR (Xiong 397

et al., 2021) iteratively encodes the concatenated 398

question and previously retrieved documents into 399

a single vector for next-hop retrieval; GRITHop- 400

per (Erker et al., 2025) integrates causal language 401

modeling with contrastive dense retrieval through 402

ReAct-style instruction tuning, leveraging post- 403

retrieval language modeling to contextualize multi- 404

hop reasoning. Implementation details are provided 405

in Appendix C. 406

5 Experimental Results 407

We evaluate ThinkGR on four multi-hop QA bench- 408

marks to demonstrate the effectiveness of integrat- 409

ing chain-of-thought into generative retrieval. 410

5.1 Main Results 411

The main results on the four datasets are presented 412

in Table 1. We derive the following observations 413

from the results: 414

(1) Our method demonstrates state-of-the-art 415

performance, achieving an average performance 416
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Method Model Parameters HotpotQA 2Wiki. Musique Morehopqa Average
Standard Retriever
BM25 - 46.39 49.80 31.57 43.74 42.88
Contriever - 50.35 51.25 34.02 45.04 45.17
BGE-large 326M 60.48 58.43 33.39 47.58 49.97
SEAL 406M 56.15 48.32 35.60 47.27 46.84
LLM-Driven Multi-Step Retrieval
Selfask 70B 44.40 47.07 34.28 57.60 45.84
IRCoT 70B 55.79 65.12 49.96 66.82 59.42
ITER-RETGEN 70B 61.94 59.96 39.37 60.73 55.50
Auto-RAG 7B 54.52 66.05 40.63 59.48 55.17
R3-RAG 8B 58.56 82.82 51.70 70.44 65.88
Reasoning-Augmented Dense Retrieval
MDR 110M 87.57 53.91 27.84 49.60 54.73
GritHopper 7B 91.03 59.97 60.48 74.82 71.58
Our Method
ThinkGR 8B 76.09 93.19 63.98 80.50 78.44
w/o SFT 8B 35.76 57.70 35.98 55.14 46.15
w/o RL 8B 67.66 92.03 53.40 73.84 71.73
w/o Thought 8B 69.86 93.01 53.23 78.00 73.53

Table 1: Performance comparison of ThinkGR with baselines on four datasets. The results are reported in terms of
recall. The best results for each dataset are highlighted in bold, and the second-best results are underlined. The
model parameters indicate the number of parameters in millions (M) or billions (B).

gain of 6.86% over the strongest baseline. This es-417

tablishes the effectiveness of interleaving iterative418

thinking with retrieval in a unified generative pro-419

cess. Note that while ThinkGR does not achieve the420

best result on HotpotQA, this is primarily because421

HotpotQA suffers from the over-specification is-422

sue. This allows models to find relevant documents423

through simple character matching, making it un-424

fair to evaluate the thought-retrieval capability of425

models. To illustrate this point, we conducted a426

statistical analysis of the n-gram overlap between427

questions and ground-truth documents across three428

datasets. The results indicate that HotpotQA indeed429

exhibits a significantly high overlap rate. Detailed430

statistical results are presented in Appendix F. De-431

spite this, ThinkGR still significantly outperforms432

all LLM-Driven Multi-Step Retrieval methods on433

HotpotQA.434

(2) ThinkGR exhibits superior generalization435

ability on out-of-domain evaluation. Compared to436

GritHopper, ThinkGR achieves a 5.68% improve-437

ment on the out-of-domain dataset Morehopqa.438

This indicates that ThinkGR is more robust and439

can generalize better to unseen data and schema440

not encountered during training, which is crucial441

for real-world applications.442

(3) ThinkGR shows better stability across dif- 443

ferent datasets. It is evident that Reasoning- 444

Augmented Dense Retrieval methods generally out- 445

perform LLM-Driven Multi-Step Retrieval meth- 446

ods, but they perform poorly on the 2WikiMulti- 447

hopQA dataset. ThinkGR achieves state-of-the- 448

art results on both 2WikiMultihopQA (simpler 449

queries) and Musique (more complex queries), 450

demonstrating strong generalization across differ- 451

ent difficulty levels. We conducted a statistical 452

analysis and found that GritHopper retrieves an 453

average of 1.79 documents on 2WikiMultihopQA, 454

while the ground-truth documents average 2.44. 455

This indicates that GritHopper retrieves insuffi- 456

cient documents on 2WikiMultihopQA, leading 457

to its suboptimal performance. In contrast, our 458

method ThinkGR retrieves an average of 2.85 doc- 459

uments on 2WikiMultihopQA, further demonstrat- 460

ing the better stability of our method across differ- 461

ent datasets. 462

5.2 Ablation Studies 463

Effectiveness of Two-Phase Training. We inves- 464

tigate the effectiveness of the two-phase training 465

strategy in ThinkGR. The results of models trained 466

only with thought-retrieval alignment or retrieval- 467
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grounded thought optimization are presented in468

Table 1. From the results, we draw two observa-469

tions. First, the model trained without retrieval-470

grounded thought optimization exhibits a signifi-471

cant drop in retrieval performance. This indicates472

that this optimization phase substantially enhances473

the model’s thought capabilities, enabling it to sur-474

pass the performance ceiling achieved by SFT. We475

illustrate this point further with a specific case476

study in Appendix H. Second, relying solely on477

retrieval-grounded thought optimization is insuffi-478

cient for the model to learn the thought-retrieval479

workflow. This is evidenced by the overall infe-480

rior performance of models trained without prior481

thought-retrieval alignment. This suggests that su-482

pervised training is necessary to adapt the model to483

the retrieval task.484

Effectiveness of Hybrid Decoding. We next ab-485

late the hybrid decoding strategy—the interleaved486

generation of natural language thought tokens and487

docids within a single output sequence. To evaluate488

the contribution of this iterative thinking mecha-489

nism, we train a variant that generates only the do-490

cids sequence, omitting the thought tokens entirely.491

Essentially, this transforms the explicit thought into492

implicit thought within the model parameters. The493

results in Table 1 show that this docids-only vari-494

ant (w/o Thought) reduces retrieval accuracy, es-495

pecially on the more challenging dataset Musique.496

This variant essentially represents a standard con-497

strained decoding strategy where the model di-498

rectly generates retrieval targets without interme-499

diate thought. This indicates that the interleaved500

thought tokens are not merely interpretative, but501

also crucial for bridging semantic gaps across re-502

trieval steps in complex queries. Thus, this ab-503

lation study demonstrates that unifying iterative504

thinking and retrieval into a single generation is505

superior to methods that rely on implicit reasoning506
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Figure 4: Comprehensive evaluation of retrieval and
QA performance. The blue bars show average retrieval
recall, while the orange bars represent QA accuracy.

like GritHopper or our docids-only variant. This 507

unified hybrid decoding strategy is essential to 508

ThinkGR, as it enables complex, iterative thought 509

and retrieval in a single end-to-end pass. 510

5.3 Efficiency Comparison 511

We compare inference efficiency by measuring av- 512

erage latency per query, with results visualized 513

in Figure 3. ThinkGR exhibits higher efficiency 514

than LLM-Driven Multi-Step Retrieval methods, 515

as its end-to-end generation design eliminates the 516

latency incurred by sequential LLM-retriever invo- 517

cations. While implicit methods like MDR achieve 518

lower latency by avoiding explicit token generation, 519

ThinkGR strikes a compelling balance: generating 520

explicit thought tokens incurs only moderate la- 521

tency cost while substantially improving retrieval 522

performance on complex queries. Additionally, 523

the FM-index used in ThinkGR is highly space- 524

efficient, requiring significantly less storage than 525

dense retrieval index (detailed in Appendix K). 526

5.4 Impact on Downstream QA 527

To comprehensively evaluate the effectiveness of 528

our method, we further assess ThinkGR’s perfor- 529

mance in the complete question answering task. 530

Following established practice in RAG-based QA 531

evaluation, we employ Llama-3.3-70B-Instruct to 532

generate answers based on the retrieved documents 533

and the original question. We use accuracy (Acc) as 534

QA metric, which is determined by further prompt- 535

ing the LLM for judgment. As visually summa- 536

rized in Figure 4, ThinkGR achieves the highest 537

average QA accuracy across four benchmarks. Its 538

average accuracy exceeds the strongest baseline by 539

6.37%, indicating that the quality of retrieved doc- 540

uments directly determines the accuracy of down- 541

stream answers. Notably, the QA accuracy does not 542

strictly correlate with the retrieval recall. For exam- 543

ple, IRCoT achieves a higher retrieval recall than 544

7



Model HotpotQA 2WikiMultihopQA Musique Morehopqa Average
Llama3
Llama-3.2-1B-Instruct 26.27 37.29 17.99 25.31 26.72
Llama-3.2-3B-Instruct 39.26 46.86 25.53 50.98 40.66
Llama-3.1-8B-Instruct 56.73 77.90 42.83 56.89 58.59
Llama-3.3-70B-Instruct 68.71 86.56 56.09 74.96 71.58
Qwen3
Qwen3-0.6B 10.45 1.29 2.42 0.27 3.61
Qwen3-1.7B 40.50 59.31 34.10 51.57 46.37
Qwen3-4B 54.59 79.82 42.17 62.34 59.73
Qwen3-8B 57.44 82.82 43.21 66.55 62.51
Qwen3-14B 57.82 82.67 44.85 66.73 63.02
Qwen3-32B 60.24 83.15 47.65 69.59 65.16

Table 2: Retrieval recall performance of off-the-shelf LLMs employing our designed hybrid decoding strategy via
few-shot prompting in a training-free setting.

ITER-RETGEN, but the latter outperforms in QA545

accuracy. This discrepancy arises from the varying546

number of documents retrieved by different meth-547

ods. Retrieving more documents can increase re-548

call, but it may also introduce irrelevant documents549

that negatively impact QA accuracy. Overall, the550

experimental results show that ThinkGR effectively551

enhances retrieval quality without compromising552

downstream QA performance. This further demon-553

strates ThinkGR’s effectiveness as an end-to-end554

solution for complex information retrieval tasks.555

The complete results are provided in Table 6.556

5.5 Performance of Off-the-Shelf LLMs with557

Few-Shot Prompting558

To investigate the effectiveness of our proposed559

thought-augmented retrieval paradigm in a training-560

free setting, we examine whether off-the-shelf561

LLMs can perform hybrid decoding through562

prompt engineering. We conduct experiments563

using carefully designed prompts and few-shot564

demonstrations. Specifically, we test 10 LLM from565

the Llama3 (1B - 70B) and Qwen3 (0.6B - 32B)566

families, providing the same instructions and con-567

text examples to guide them toward the desired568

output structure. Since these off-the-shelf models569

have not been fine-tuned to generate our specific570

special tokens (e.g., <docid_start>), we use571

square brackets [ and ] as substitutes for the start572

and end tokens of document identifiers. The results573

in Table 2 reveal three observations: (1) Off-the-574

shelf LLMs exhibit reasonable performance (e.g.,575

Llama3.3-70B achieves 71.58%), validating the576

inherent feasibility of our thought-augmented re-577

trieval paradigm. This demonstrates the effective- 578

ness of our designed paradigm even in a training- 579

free setting. (2) Model scale determines feasibility: 580

while larger LLM show progressively better perfor- 581

mance, smaller LLM like Qwen3-0.6B fail catas- 582

trophically due to insufficient instruction-following 583

ability. (3) Despite promising results, all these mod- 584

els underperform our trained ThinkGR (78.44%), 585

with even the strongest Llama3.3-70B trailing by 586

6.86%. This demonstrates the effectiveness of our 587

designed two-phase training strategy. 588

6 Conclusion 589

This paper presents a preliminary exploration of in- 590

tegrating chain-of-thought into generative retrieval. 591

While existing approaches directly map queries to 592

document identifiers, we demonstrate that inter- 593

leaving explicit thought processes with retrieval 594

actions can substantially improve performance on 595

complex queries. To realize this idea, we develop 596

ThinkGR as a preliminary instantiation, incorpo- 597

rating a hybrid decoding strategy to unify free- 598

form thought with constrained identifier generation, 599

and a two-phase training approach that leverages 600

retrieval-grounded reinforcement learning to op- 601

timize thought quality. Empirical results across 602

four multi-hop benchmarks validate our approach, 603

with ThinkGR achieving an average improvement 604

of +6.86% over state-of-the-art baselines. We hope 605

this preliminary study demonstrates the feasibil- 606

ity and potential of thought-augmented generative 607

retrieval, inspiring further investigation into deliber- 608

ative generation for information retrieval systems. 609

8



Limitations610

As an early exploration into integrating chain-of-611

thought with generative retrieval, our study has612

several limitations that suggest directions for future613

research: (1) Our current implementation relies on614

established training algorithms (SFT and KTO) to615

align thought and retrieval. While effective for this616

preliminary exploration, these methods may not617

fully unlock the potential of thought-augmented618

retrieval. Future work could investigate more spe-619

cialized optimization techniques, such as process620

reward models that provide fine-grained feedback621

on thought quality, or curriculum learning strate-622

gies that progressively increase thought complex-623

ity. (2) Although our method achieves state-of-624

the-art results on multi-hop retrieval, it is specifi-625

cally tailored for these scenarios through its triple-626

based docid design. This specialization may lead627

to suboptimal performance on standard one-hop628

benchmarks (e.g., Natural Questions) where inter-629

mediate reasoning can introduce unnecessary com-630

plexity. Moreover, the current triple representation631

primarily captures entity-relation structures, poten-632

tially overlooking non-factual content. Future work633

should explore developing more generalizable do-634

cid representations (e.g., entity-fact tuples) that can635

effectively capture both relational semantics for636

multi-hop traversal and broader content for one-hop637

matching. (3) To rigorously evaluate our method’s638

effectiveness in complex reasoning scenarios, our639

experiments primarily compare against approaches640

specifically designed for multi-hop retrieval, which641

represent stronger baselines in this setting. While642

this comparison strategy validates ThinkGR’s ad-643

vantages in its target domain, a comprehensive eval-644

uation of thought-augmented generative retrieval645

as a general paradigm requires broader analysis. In646

future work, we plan to conduct more detailed com-647

parisons with existing generative retrieval methods648

across diverse retrieval tasks to better characterize649

the benefits and trade-offs of integrating chain-of-650

thought into the generative retrieval framework.651

Ethics Statement652

This work explores the integration of Chain-of-653

Thought reasoning into generative retrieval models654

to enhance their retrieval capabilities, particularly655

for handling complex queries. All experiments656

derived in this study rely on publicly available657

datasets and do not involve any collection of per-658

sonal data or interaction with human subjects.659
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ing complex open-domain questions with multi-hop 806
dense retrieval. International Conference on Learn- 807
ing Representations. 808

Ruiran Yan, Zheng Liu, and Defu Lian. 2025. O1 em- 809
bedder: Let retrievers think before action. arXiv 810
preprint arXiv:2502.07555. 811

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Bengio, 812
William Cohen, Ruslan Salakhutdinov, and Christo- 813
pher D. Manning. 2018. HotpotQA: A dataset for 814
diverse, explainable multi-hop question answering. 815
In Proceedings of the 2018 Conference on Empiri- 816
cal Methods in Natural Language Processing, pages 817
2369–2380, Brussels, Belgium. Association for Com- 818
putational Linguistics. 819

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak 820
Shafran, Karthik Narasimhan, and Yuan Cao. 2023. 821
React: Synergizing reasoning and acting in language 822
models. In International Conference on Learning 823
Representations (ICLR). 824

Tian Yu, Shaolei Zhang, and Yang Feng. 2024. Auto- 825
rag: Autonomous retrieval-augmented generation for 826
large language models. 827

10

https://doi.org/10.18653/v1/2022.emnlp-main.92
https://doi.org/10.18653/v1/2023.findings-emnlp.378
https://doi.org/10.18653/v1/2023.findings-emnlp.378
https://doi.org/10.18653/v1/2023.findings-emnlp.378
https://doi.org/10.18653/v1/2023.findings-emnlp.378
https://doi.org/10.18653/v1/2023.findings-emnlp.378
https://doi.org/10.18653/v1/2023.findings-emnlp.620
https://doi.org/10.18653/v1/2023.findings-emnlp.620
https://doi.org/10.18653/v1/2023.findings-emnlp.620
https://doi.org/10.18653/v1/2023.findings-emnlp.620
https://doi.org/10.18653/v1/2023.findings-emnlp.620
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://doi.org/10.18653/v1/2023.acl-long.557
https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597
https://arxiv.org/abs/2309.07597
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://doi.org/10.18653/v1/D18-1259
https://arxiv.org/abs/2411.19443
https://arxiv.org/abs/2411.19443
https://arxiv.org/abs/2411.19443
https://arxiv.org/abs/2411.19443
https://arxiv.org/abs/2411.19443


Caojin Zhang, Qiang Zhang, Ke Li, Sai Vidyaranya828
Nuthalapati, Benyu Zhang, Jason Liu, Serena Li,829
Lizhu Zhang, and Xiangjun Fan. 2025a. Gem:830
Empowering llm for both embedding generation831
and language understanding. arXiv preprint832
arXiv:2506.04344.833

Peitian Zhang, Zheng Liu, Yujia Zhou, Zhicheng Dou,834
Fangchao Liu, and Zhao Cao. 2024. Generative re-835
trieval via term set generation. In Proceedings of836
the 47th International ACM SIGIR Conference on837
Research and Development in Information Retrieval,838
pages 458–468.839

Wenhao Zhang, Mengqi Zhang, Shiguang Wu, Jiahuan840
Pei, Zhaochun Ren, Maarten de Rijke, Zhumin Chen,841
and Pengjie Ren. 2025b. Excluir: Exclusionary neu-842
ral information retrieval. In Proceedings of the AAAI843
Conference on Artificial Intelligence, volume 39,844
pages 13295–13303.845

Yingchen Zhang, Ruqing Zhang, Jiafeng Guo, Maarten846
de Rijke, Yixing Fan, and Xueqi Cheng. 2025c. Does847
generative retrieval overcome the limitations of dense848
retrieval? arXiv preprint arXiv:2509.22116.849

Yaowei Zheng, Richong Zhang, Junhao Zhang, Yanhan850
Ye, Zheyan Luo, Zhangchi Feng, and Yongqiang Ma.851
2024. Llamafactory: Unified efficient fine-tuning852
of 100+ language models. In Proceedings of the853
62nd Annual Meeting of the Association for Compu-854
tational Linguistics (Volume 3: System Demonstra-855
tions), Bangkok, Thailand. Association for Computa-856
tional Linguistics.857

Yujia Zhou, Jing Yao, Zhicheng Dou, Ledell Wu, Peitian858
Zhang, and Ji-Rong Wen. 2022. Ultron: An ulti-859
mate retriever on corpus with a model-based indexer.860
arXiv preprint arXiv:2208.09257.861

11

http://arxiv.org/abs/2403.13372
http://arxiv.org/abs/2403.13372
http://arxiv.org/abs/2403.13372


A Prompt Templates862

In this section, we present the prompt used to in-863

struct LLM in summarizing documents into multi-864

ple knowledge triples (Figure 5), and the prompt865

used to guide LLM in generating thought-retrieval866

chains for SFT training data (Figure 6).867

B Detailed Statistics of Datasets868

Among the datasets used, HotpotQA and More-869

HopQA involve 2-hop questions, MuSiQue cov-870

ers questions with 2-4 hops, while 2WikiMulti-871

HopQA has up to 6 ground-truth documents for one872

question. MoreHopQA does not provide training873

set, thus it is used to evaluate the model’s perfor-874

mance in out-of-domain setting. It is worth noting875

that HotpotQA has been found to have the over-876

specification issue (Trivedi et al., 2022), where the877

questions contain too many ground-truth document878

fragments, leading to high lexical overlap between879

questions and supporting documents. This allows880

models to easily identify relevant documents by881

matching fragments rather than performing multi-882

step thought, making it difficult to accurately assess883

their capabilities. We show some examples of Hot-884

potQA in Appendix F to illustrate this issue and885

further discuss its impact in the experimental re-886

sults analysis. Nonetheless, we still include it as a887

reference for evaluation.888

To construct corpus, for each dataset, we col-889

lected the supporting and non-supporting docu-890

ments provided for each instance and used them891

as the corpus. Since the original corpus of More-892

HopQA contains only about 1K documents, which893

deviates from real-world retrieval scenarios, we894

combine it with the 2WikiMultiHopQA corpus to895

increase the difficulty and ensure the reliability of896

the evaluation.897

Table 3 provides detailed statistics of the datasets898

used in our experiments, including corpus size,899

number of training/test data, and the number of900

hops covered by the queries.901

C Implementation Details902

ThinkGR is trained using Llama-3.1-8B-903

Instruct (Grattafiori et al., 2024) as the base model.904

We employ the Llama-Factory framework (Zheng905

et al., 2024) for sft training, using DeepSpeed906

zero-3 for full fine-tuning with a learning rate907

of 1e-6, batch size of 512, cutoff length of 2048,908

and warmup ratio of 0.05. For the reinforcement909

learning (RL) phase, we train ThinkGR using910

Dataset HotpotQA 2Wiki. Musique Morehopqa

# Corpus 5M 398K 118K 399K
# Train 84,812 167,181 19,116 -
# Test 5,447 12,576 2,417 1,118
# Hops 2 2-6 2-4 2

Table 3: Detailed statistics of the datasets used in our
experiments, including corpus size, number of train-
ing/test data, and the number of hops covered by the
queries.

KTO with a learning rate of 4e-7, batch size of 911

128, and set the risk aversion hyperparameter β 912

to 0.1. We select the HotpotQA and Musique 913

datasets for training in this phase, as the model 914

already achieves high retrieval accuracy on the 915

2WikiMultihopQA dataset after the first training 916

phase. The threshold τ for distinguishing desirable 917

and undesirable responses is set to 0.5. This 918

threshold was selected based on pilot experiments 919

to ensure a clear and robust learning signal. 920

For constructing semantic triples as document 921

identifiers, we use Llama-3.1-8B-Instruct to sum- 922

marize each document into knowledge triples. For 923

generating thought-retrieval chains as SFT training 924

data, we employ Llama-3.3-70B-Instruct to ensure 925

high-quality thought trajectories. 926

We reproduced baselines based on official code 927

and FlashRAG (Jin et al., 2024). To ensure fairness 928

and comparability, we constrained all baselines 929

to retrieve no more than 10 documents per query. 930

Specifically, for conventional non-iterative retriev- 931

ers (incapable of multi-hop reasoning), we set the 932

number of retrieved documents to the number of 933

ground-truth documents plus one. For iterative re- 934

trieval methods, we limited the number of hops to 935

5 and the number of documents retrieved per step 936

to 2. LLM-driven multi-step retrieval methods re- 937

quire an off-the-shelf LLM and retriever. Except 938

for R3-RAG and Auto-RAG, which use their own 939

fine-tuned LLM, we uniformly use Llama-3.3-70B- 940

Instruct as LLM and Contriever-MSMARCO (Izac- 941

ard et al., 2021) as retriever to ensure fair compar- 942

ison. All experiments are conducted on NVIDIA 943

A800 GPUs. 944

D Influence of Base Models 945

To assess the robustness of ThinkGR across differ- 946

ent parameter scales, we systematically evaluate its 947

performance using various base models. We extend 948

the Llama3.1-8B-Instruct model used in our main 949

experiments to multiple models from the Llama3 950
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Prompt for Knowledge Triples Generation

**Instruction:**

Extract informative triplets directly from the passage following the examples. Do not add any extra words, line breaks, or 

spaces.

Note that the passage may not only contain information about the title entity, if there is information about other entities, it 

should also be extracted.

IMPORTANT: Consider the overall context of the passage when extracting triplets AND extract information from ALL parts 

of sentences, including:

- Main clause components (subject-verb-object)

- Modifiers (adjectives and adverbs)

- Prepositional phrases

- Subordinate clauses

- Attributive phrases and clauses

**Few-Shot Demonstration:**

{Examples}

When extracting triplets, make sure to:

1. Consider the main topic or setting of the passage

2. Connect events, people, and facts to their broader context

3. Extract information from ALL parts of sentences, including modifiers and subordinate clauses

4. Transform information in attributive phrases into separate triplets

5. Look for implicit relationships that may be expressed through modifiers

6. Be comprehensive and extract all relevant information

7. For each entity pair, provide BOTH general relationship types (like "location", "type") AND more specific relationship 

descriptions (like "harbor", "designated as")

**Input:**

Target Passage:

{passage}

**Output:**

Triplets:

Figure 5: Prompt templates for knowledge triples generation.
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Prompt for SFT Training Data Generation

**Instruction:**

You will be provided a multi-hop question and multiple knowledge triples, your task is to select the necessary triples that are 

needed to answer question and construct a concise reasoning chain. The reasoning chain should demonstrate how to retrieve 

these knowledge triples to answer the multi-hop question. Follow these guidelines to ensure accurate and coherent output:

Pay attention to the following requirements:

- Use the reasoning chain to answer the multi-hop question. If the question is unanswerable based on the provided triples, add 

a statement at the end of the reasoning chain: "I cannot answer this question based on the provided knowledge triples."

- Imagine that you are completely unaware of the information in the triples until it is generated in the reasoning chain. Any 

new entities and information not present in the question must be introduced by generating corresponding triples in the rea-

soning chain. 

- If necessary, you should flip the order of the entities in triples to *ensure the order of entities follows the logical reasoning 

from known to unknown*, never starting a triple with an entity not mentioned in the question. Note that you only need to di-

rectly use the flipped triples to construct the reasoning chain without telling me the flipping process.

- Keep the reasoning chain straightforward, short and concise. No need to confirm details, deduce the answer with as few tri-

ples as possible.

- IMPORTANT: *Only select necessary triples* to keep the number of triples in the reasoning chain to a minimum, avoid un-

necessary triples.

- Only respond with the best final reasoning chain, do not need any explanation or redundant words.

**Few-Shot Demonstration:**

{Examples}

Respond with the final reasoning chain, do not need any explanation or redundant words.

**Input:**

Question:

{question}

Knowledge Triples:

{triples}

**Output:**

Figure 6: Prompt templates for SFT training data generation.
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Base Model HotpotQA 2WikiMultihopQA Musique Morehopqa Average
Llama3
Llama3.1-8B 76.09 93.19 63.98 80.50 78.44
Llama3.2-3B 66.55 89.66 50.70 74.73 70.41
Llama3.2-1B 60.94 88.43 45.88 71.47 66.68
Qwen3
Qwen3-14B 70.43 91.05 53.98 76.12 72.90
Qwen3-8B 66.70 89.90 51.54 75.13 70.82
Qwen3-4B 65.90 89.01 50.50 72.81 69.56
Qwen3-1.7B 62.48 88.46 46.99 72.50 67.61
Qwen3-0.6B 60.14 87.22 45.74 71.06 66.04

Table 4: Experimental results for different base models.

Method HotpotQA 2WikiMultihopQA Musique Average
LLM-Driven Multi-Step Retrieval
Selfask 37.81 33.88 28.90 33.53
IRCoT 9.26 9.66 8.66 9.19
ITER-RETGEN 50.87 45.82 51.55 49.41
Auto-RAG 4.37 6.74 5.22 5.44
R3-RAG 0.93 1.36 1.21 1.17
Reasoning-Augmented Dense Retrieval
MDR 0.13 0.06 0.05 0.08
GritHopper 65.51 3.53 1.36 23.47
Our Method
ThinkGR 1.13 0.60 1.38 1.04

Table 5: Experimental results of latency comparison. Lower values indicate superior efficiency.
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Figure 7: Performance of ThinkGR based on differ-
ent base models. The x-axis represents the model size,
while the y-axis shows the average retrieval recall across
four datasets.

and Qwen3 families, covering parameter scales951

ranging from 0.6B to 14B. All models are trained952

under the same experimental settings, following953

our proposed two-phase training strategy. The re-954

sults presented in Figure 7 demonstrate two key955

insights. First, our method maintains satisfactory956

performance across different base models, even957

with smaller models like Qwen3-0.6B. This indi-958
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Figure 8: N-gram overlap between questions and
ground-truth documents across three datasets. Hot-
potQA shows significantly higher overlap rates, indi-
cating severe over-specification.

cates the architectural generality of our framework. 959

Second, under the same model architecture, larger 960

models tend to perform better. This is attributed 961

to their stronger capabilities and richer parame- 962

ter knowledge, which better support the complex 963

thought-retrieval interactions. These findings sug- 964
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Question Documents 

When was the former science teacher at Mount 
Vernon Middle School born for whom the Mount 
Vernon district received national attention?

Who did the professional tennis player currently 
ranked World No. 1 in men's singles defeat in the 
2017 Barcelona Open Banco Sabadell - Singles?

Doc1: "2017 Barcelona Open Banco Sabadell – Singles: Rafael Nadal was the 
defending champion and successfully defended his title, defeating Dominic Thiem 
in the final, 6–4, 6–1.“
Doc2: "Rafael Nadal is a Spanish professional tennis player, currently ranked 
World No. 1 in men's singles."

Doc1: "The Mount Vernon district received national attention when the board voted 
to fire John Freshwater for branding a student with a Christian cross and teaching 
creationism. [The district oversees] Mount Vernon Middle School...“
Doc2: "John Freshwater (born June 22, 1956) is a former science teacher at Mount 
Vernon Middle School in Mount Vernon, Ohio, who was dismissed by the Board of 
Education for teaching creationism."

What primarily competed with Nintendo 64 and 
Sega Saturn has a horror-themed adventure game 
published by Jaleco in 1999?

Doc1: "Juggernaut is a horror-themed adventure game published by Jaleco in 1999 
for the PlayStation.“
Doc2: "The PlayStation is a home video game console... It primarily competed with 
the Nintendo 64 and the Sega Saturn as part of the fifth generation of video game 
consoles."

The player voted SEC Player of the Year in 1990 
played college football at what university?

Doc1: "The 1990 All-SEC football team: Florida quarterback Shane Matthews was 
voted SEC Player of the Year.“
Doc2: "Shane Matthews (born June 1, 1970) is an American former college and 
professional football player... He played college football for the University of 
Florida."

Figure 9: Examples of over-specification issue in HotpotQA, where questions and supporting documents have high
lexical overlap enabling direct matching without deep reasoning.

gest that ThinkGR exhibits broad transferability965

across various base models. While larger models966

yield better results, the framework remains practi-967

cally feasible with smaller models, providing flexi-968

bility for deployment under different resource con-969

straints. Table 4 shows the detailed performance of970

our method based on different base models.971

E Complete Results of Efficiency972

Comparison973

This section provides the complete experimental974

results of inference latency (seconds per query)975

across four datasets. As detailed in Table 5,976

ThinkGR demonstrates significantly reduced la-977

tency compared to LLM-Driven Multi-Step Re-978

trieval methods, by eliminating costly sequential979

LLM/retriever calls. While Reasoning-Augmented980

Dense Retrieval baselines generally show lower981

latency (0.08s average for MDR) due to im-982

plicit thought, ThinkGR achieves an optimal983

effectiveness-efficiency trade-off despite explicit984

thought generation. Notably, GritHopper exhibits985

anomalously high latency on HotpotQA stems from986

hardware limitations: its GPU-accelerated FAISS987

retrieval defaults to CPU execution due to Hot-988

potQA’s index being too large for available GPU989

memory. Crucially, in our method, the hybrid de-990

coding strategy based on FM-index ensures con-991

stant time complexity, with latency determined992

solely by output token length. This architecture fun-993

damentally decouples inference speed from corpus994

scale, which is a critical advantage for real-world 995

deployments with growing corpora. 996

F Analysis of Over-Specification Issue in 997

HotpotQA 998

To quantitatively analyze the over-specification is- 999

sue in HotpotQA, we conduct a statistical analy- 1000

sis of the n-gram overlap between questions and 1001

ground-truth documents across three datasets: Hot- 1002

potQA, 2WikiMultihopQA, and Musique. The 1003

results are presented in Figure 8. As shown, 1004

HotpotQA exhibits significantly higher n-gram 1005

overlap rates compared to the other two datasets 1006

across all n-gram sizes (from 4-gram to 12-gram). 1007

For instance, the average 4-gram overlap of Hot- 1008

potQA reaches 19.15%, which is 2.5× higher than 1009

2WikiMultihopQA (7.70%) and 5× higher than 1010

Musique (3.82%). This gap becomes even more 1011

pronounced for larger n-grams: at 8-gram, Hot- 1012

potQA maintains 7.51% overlap while 2WikiMul- 1013

tihopQA and Musique drop to only 0.23% and 1014

0.14%, respectively. These statistics confirm that 1015

HotpotQA suffers from severe over-specification, 1016

where questions contain substantial fragments from 1017

the ground-truth documents. This allows models to 1018

retrieve relevant documents through simple lexical 1019

matching rather than performing genuine multi- 1020

step thought. 1021

To further illustrate this issue, we present spe- 1022

cific examples in Figure 9. These examples demon- 1023

strate how questions in HotpotQA often share 1024
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Method HotpotQA 2WikiMultihopQA Musique Morehopqa
LLM-Driven Multi-Step Retrieval
Selfask 62.97 32.82 32.82 40.43
IRCoT 74.78 58.08 47.75 46.78
ITER-RETGEN 76.98 62.20 51.14 52.42
Auto-RAG 69.91 54.57 38.39 41.68
R3-RAG 77.09 70.59 47.12 51.34
Reasoning-Augmented Dense Retrieval
MDR 87.28 43.73 27.02 39.80
GritHopper 91.08 53.10 52.50 48.66
Our Method
ThinkGR 79.99 79.52 57.94 53.40

Table 6: Experimental results for the complete QA task. We evaluate the QA performance using accuracy (Acc) as
the metric, where Llama-3.3-70B-Instruct is used to answer questions based on the retrieved documents and judge
the correctness.

Method HotpotQA 2WikiMultihopQA Musique Morehopqa

R3-RAG (Contriever) 58.56 82.82 51.70 70.44
R3-RAG (BGE-large) 60.48 83.78 52.88 77.28
ThinkGR 76.09 93.19 63.98 80.50

Table 7: Performance comparison of R3-RAG with different retrievers and ThinkGR.

significant lexical overlap with the supporting1025

documents, allowing retrieval models to succeed1026

through simple pattern matching rather than com-1027

plex thought.1028

G Analysis of Triple Collisions1029

Since we use knowledge triples as document iden-1030

tifiers, it is possible for the same triple to appear1031

in multiple documents. We allow such collisions1032

and retrieve all documents containing the matched1033

triple. Table 8 presents the proportion of triple1034

overlaps across the four datasets. As shown, the1035

collision rate is very low (less than 3% for triples1036

appearing in ≥ 2 documents), indicating that triples1037

are generally discriminative enough to identify doc-1038

uments.1039

Dataset Triples in ≥2 Docs Triples in ≥3 Docs

HotpotQA 0.91% 0.21%
2Wiki. 1.80% 0.43%
Musique 2.51% 0.45%
MoreHopQA 1.79% 0.43%

Table 8: Proportion of triple overlaps across datasets.

H Case Study Analysis 1040

We provide a specific case study in Figure 10 to 1041

illustrate the impact of retrieval-grounded thought 1042

optimization. ThinkGR (top) successfully gener- 1043

ates the correct docids, while the ablation variant 1044

without RL (bottom) incorrectly predicts the first 1045

docid, leading to subsequent thought errors. 1046

I Impact of Advanced Retriever on 1047

Baselines 1048

We investigate whether using a more advanced re- 1049

triever can bridge the performance gap between 1050

LLM-Driven Multi-Step Retrieval methods and 1051

ThinkGR. Specifically, we replace the Contriever in 1052

R3-RAG (the strongest LLM-driven baseline) with 1053

BGE-large (Xiao et al., 2023) and evaluate its per- 1054

formance. The results are presented in Table 7. As 1055

shown, while the advanced retriever improves R3- 1056

RAG’s performance, particularly on MorehopQA 1057

(+6.84%), the gains on other datasets are limited. 1058

ThinkGR still significantly outperforms R3-RAG 1059

equipped with BGE-large across all datasets. This 1060

confirms that the superiority of ThinkGR stems 1061

from its unified thought-retrieval framework rather 1062

than the choice of the underlying retriever. 1063
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τ HotpotQA 2WikiMultihopQA Musique MoreHopQA Average

0.1 74.05 92.82 61.93 80.72 77.38
0.3 74.67 92.61 62.56 79.70 77.39
0.5 76.09 93.19 63.98 80.50 78.44
0.7 74.89 93.00 63.24 80.23 77.84

Table 9: Sensitivity analysis of the threshold τ for distinguishing desirable and undesirable responses. Results are
reported as Recall.

Dataset Corpus Size ThinkGR GritHopper Improvement

HotpotQA 5M 1.94 GB 80 GB 41x smaller
2WikiMultihopQA 398K 480 MB 6.24 GB 13x smaller
Musique 118K 68 MB 1.85 GB 27x smaller
MoreHopQA 399K 480 MB 6.25 GB 13x smaller

Table 10: Memory footprint comparison of the index between ThinkGR and GritHopper across different datasets.

The Nicole and Natalie album's band is named after who?

ThinkGR
I first need to know the band of the Nicole and Natalie 
album. So I retrieve <docid start>Nicole and Natalie, 
artist, Nina Sky<docid end>. Then, I need to find out who 
Nina Sky is named after. I retrieve <docid start>Nina Sky, 
composed of, Nicole Albino<docid end> and <docid
start>Nina Sky, composed of, Natalie Albino<docid end>.

ThinkGR w/o RL
I first need to know the band of the Nicole and Natalie 
album. So I retrieve <docid start>Nicole and Natalie, 
released on, July 31, 2012<docid end> and <docid 
start>July 2010, month of end, Working Lunch<docid 
end> and <docid start>Working Lunch, type, television 
programme<docid end>. Then, I need to find out who the 
band is named after. I retrieve <docid start>Working 
Lunch, broadcast on, BBC Two<docid end> and <docid 
start>Working Lunch, aired by, BBC Two<docid end>.

Figure 10: A case study on Musique illustrating
the impact of retrieval-grounded thought optimization.
ThinkGR (top) successfully generates the correct docids,
while the ablation variant without RL (bottom) incor-
rectly predicts the first docid, leading to subsequent
thought errors.

J Sensitivity Analysis of Threshold τ1064

The threshold τ controls the boundary for label-1065

ing model-generated responses as undesirable dur-1066

ing the retrieval-grounded thought optimization1067

phase. To analyze the sensitivity of this hyper-1068

parameter, we conduct experiments with τ ∈1069

{0.1, 0.3, 0.5, 0.7} and report the results in Table 9.1070

As shown, ThinkGR exhibits relatively stable per-1071

formance across different threshold values, with1072

the average recall ranging from 77.38% to 78.44%.1073

This robustness reduces the burden of extensive1074

hyperparameter tuning in practice. The optimal1075

performance is achieved at τ = 0.5, which we 1076

adopt in our main experiments. A lower thresh- 1077

old (e.g., τ = 0.1) classifies only completely failed 1078

retrievals as undesirable, providing insufficient neg- 1079

ative supervision. Conversely, a higher threshold 1080

(e.g., τ = 0.7) may incorrectly label partially cor- 1081

rect responses as undesirable, introducing noisy sig- 1082

nals that hinder learning. The moderate threshold 1083

τ = 0.5 strikes a balance by ensuring clear differ- 1084

entiation between successful and failed retrievals, 1085

leading to a more robust and effective optimization 1086

signal. 1087

K Index Storage Scalability Analysis 1088

In addition to time efficiency, we also evaluate the 1089

index storage scalability of our method. The FM- 1090

index used in ThinkGR is highly space-efficient. 1091

As shown in Table 10, our index is significantly 1092

smaller than GritHopper’s dense retrieval index. 1093

For instance, on the HotpotQA dataset with 5M 1094

documents, ThinkGR requires only 1.94 GB of 1095

index storage, which is 41× smaller than GritHop- 1096

per’s 80 GB. This substantial reduction in index 1097

size makes ThinkGR highly feasible for large-scale 1098

retrieval scenarios involving hundreds of millions 1099

or even billions of documents. 1100
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