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Abstract001

Retrieval-Augmented Generation (RAG)002
has demonstrated strong effectiveness in003
knowledge-intensive tasks by grounding004
language generation in external evidence.005
Despite its success, many existing RAG006
systems are built based on a ranking-centric,007
asymmetric dependency paradigm, where the008
generation quality of the generator is highly009
dependent on reranking results of the reranker.010
To overcome this limitation, we reformulate011
RAG as a cooperative multi-agent decision-012
making problem and propose Cooperative013
Retrieval-Augmented Generation (CoRAG),014
a framework in which the reranker and the015
generator act as peer decision-makers rather016
than being connected through an asymmetric017
dependency pipeline. By jointly optimizing018
their behaviors toward a shared task objective,019
the reranker and generator are encouraged to020
cooperate, ensuring that document reranking021
and generation work in concert to improve022
the final response. Experimental results023
demonstrate good generalization and improved024
generation stability of CoRAG, even when the025
model is trained on only around 10K PopQA026
samples. Our model released in https://027
anonymous.4open.science/r/CoRAG-D63F028

1 Introduction029

In recent years, Retrieval-Augmented Generation030

(RAG) (Lewis et al., 2020; Asai et al., 2024; Gao031

et al., 2023b; Zhao et al., 2024) has emerged as032

an important paradigm for enhancing the factuality033

and knowledge coverage of large language models034

(LLM) (Gao et al., 2023b). A typical RAG system035

consists of two core components: a retriever and a036

generator (Lewis et al., 2020; Oche et al.). Given a037

query, the retriever retrieves candidate documents038

from a large external corpus and further rerank039

them via reranker. The generator then conditions040

on the query and the reranked documents to pro-041

duce the final response. By explicitly incorporating042
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Figure 1: Comparison with previous works. Previous
works assume an asymmetric dependency between the
reranker and the generator, whereas CoRAG models
them as cooperative agents in a multi-agent reinforce-
ment learning framework.

external knowledge during generation, RAG effec- 043

tively mitigates hallucinations and achieves strong 044

performance on open-domain question answering 045

tasks(Lewis et al., 2020; Asai et al., 2024). 046

As the reranker plays a critical role in shaping 047

the document context provided to the generator 048

(Lewis et al., 2020; Sharma, 2025), a growing body 049

of recent work has focused on the design and op- 050

timization of rerankers and generators (Gao et al., 051

2023b; Asai et al., 2024; Sun et al., 2025; Shen 052

et al., 2023; Jia et al., 2025). However, most ex- 053

isting RAG methods still adopt a ranking-centric, 054

asymmetric-dependency paradigm (Figure 1(a)), 055

where the reranker produces a fixed document or- 056

dering and the generator performs generation condi- 057

tioned on these top-ranked documents. This design 058

tightly couples generation with reranking decisions, 059

making the generator highly sensitive to the rerank- 060

ing results. As shown in Figure 1(a), if a subop- 061

timal reranker misranks a less relevant document 062

at the top, the generator may produce an incorrect 063

response, even though the optimal document is still 064

present within the top-N set. 065

From an optimization perspective, this phe- 066

nomenon reveals a deeper mismatch between 067

reranking and generation. On the one hand, the 068
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generator is highly sensitive to fine-grained rank-069

ing results; on the other hand, learning an exact070

total order over multiple highly relevant documents071

is inherently harder than learning a relaxed order-072

ing for the reranker. For instance, precisely ranking073

the top three relevant documents as positions 1, 2,074

and 3 is substantially more challenging than merely075

ensuring that these documents appear within the076

top few positions in any order. This discrepancy077

between the difficulty of ranking optimization and078

the generator’s sensitivity to reranking results poses079

significant challenges for the stability and general-080

ization of RAG frameworks in practice.081

To address these issues, we reformulate RAG as082

a cooperative multi-agent decision-making prob-083

lem, called Cooperative Retrieval-Augmented Gen-084

eration (CoRAG) (Figure 1(b)). Unlike ranking-085

centric RAG frameworks that enforce a asymmetric086

dependency from reranking to generation, CoRAG087

jointly optimizes the reranker and the generator088

under a shared, task-oriented reward. This coopera-089

tive formulation relaxes the generator’s asymmetric090

dependency on reranking quality, encouraging the091

reranker to learn an accurate total order over highly092

relevant documents and simultaneously training093

the generator to robustly utilize information rather094

than relying on a single overly strict ranking. As a095

result, CoRAG mitigates the generator’s asymmet-096

ric dependency to fine-grained reranking results097

and improves generation stability. Experimental098

results show that, despite being trained on only099

around 10K PopQA samples, CoRAG significantly100

outperforms baselines and generalizes well across101

multiple datasets and tasks.102

In summary, this paper makes the following con-103

tributions:104

• We model RAG as a cooperative decision-making105

problem, treating the reranker and generator as106

peer agents optimized toward a shared objective.107

• We propose a joint optimization scheme that miti-108

gates asymmetric dependency of the generator on109

ranking results.110

• Extensive experiments demonstrate improved ro-111

bustness and generalization of our CoRAG.112

2 Problem Definition113

A typical RAG system consists of two compo-114

nents: a retriever and a generator (Lewis et al.,115

2020; Oche et al.). Given an input query, the re-116

triever retrieves a candidate document set from a117

large external corpus, which is further refined by 118

a reranker before being used by the generator to 119

generate the final response. In this work, we focus 120

on the reranker in the retrieval stage together with 121

the generator, as reranking plays a crucial role in 122

improving the relevance and faithfulness of genera- 123

tion (Sharma, 2025). We model RAG as a coopera- 124

tive multi-agent decision-making problem, treating 125

the reranker and the generator as two cooperative 126

agents that jointly determine the final generation 127

outcome, and train them with the goal of maximiz- 128

ing a shared task-oriented objective defined on the 129

generated response. 130

Specifically, given a query q and a candidate 131

document set D, the reranker Sθ reranks and selects 132

a set of documents D ⊆ D, and the generator Gϕ 133

generate an response â conditioned on q and D. 134

The learning objective is defined as 135

max
θ,ϕ

ED∼Sθ(·|q,D), â∼Gϕ(·|q,D) [R(a∗, â)] , (1) 136

where θ and ϕ are the parameters of the reranker 137

and generator respectively. R(a∗, â) denotes a task- 138

oriented reward defined on the generated response. 139

This formulation emphasizes that the reranker is 140

optimized not for ranking accuracy, but for its con- 141

tribution to downstream generation quality. Sim- 142

ilarly, the generator is trained to produce outputs 143

that effectively utilize the provided document con- 144

figuration to maximize the same task-oriented re- 145

ward. By aligning both components to the same 146

outcome-oriented objective, the reranker and gen- 147

erator are encouraged to cooperate, ensuring that 148

document reranking and generation in concert to 149

improve the final response. 150

3 Method 151

An overview of our proposed Cooperative 152

Retrieval-Augmented Generation (CoRAG) is 153

shown in Figure 2. In the following sections, we 154

first describe the reranker and generator in our 155

CoRAG, and then discuss their joint optimization. 156

3.1 The Reranker 157

The reranker aims to refine the retrieved candidate 158

document set D by re-ranking the documents ac- 159

cording to their relevance, and selects a subset D to 160

provide to the downstream generator for response 161

generation. Specifically, we obtain D in the follow- 162

ing steps: 163

Given a query q and and a document di in the 164

candidate document set D = {d1, d2, ..., dN}, we 165
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Figure 2: CoRAG overview. The reranker and genera-
tor cooperate to generate responses. The task-oriented
reward derived from response guides GRPO-aligned
training of the reranker and GRPO optimization of the
generator.

compute the relevance score of document di to q166

by167

si = Sθ(q, di), (2)168

Sθ denotes the reranker and we implemented with169

BGE-Reranker (Multi-Granularity, 2024).170

We select a subset of top-K documents accord-171

ing to the reranker scores and feed them into the172

generator.173

D = {di | i ∈ Top-K({s1, . . . , sN})} (3)174

3.2 The Generator175

The Generator is responsible for generating the176

response â based on the selected document D and177

the query q. Specifically, we obtain the predicted178

response â with the following steps:179

Given a query q and the top-K documents D, we180

input them into the generator model Gϕ to generate181

the final response:182

â = Gϕ(q,D), (4)183

where Gϕ is the generator, typically implemented as184

an autoregressive language model (Radford et al.,185

2018; Brown et al., 2020) that generates the re-186

sponse token by token conditioned on both the187

query q and the document D.188

3.3 The Optimization189

The reranker and the generator are optimized under190

a shared task-oriented reward. From a multi-agent191

perspective, we treat the reranker and the generator192

as two cooperative agents with distinct decision193

roles. The reranker determines which documents194

to attend to, while the generator decides how to195

synthesize the final response based on the selected 196

documents. The shared reward, defined on the final 197

response, couples their behaviors and enables coor- 198

dinated optimization toward task-oriented success. 199

r = R(a∗, â), (5) 200

where R(a∗, â) denotes a task-oriented evaluation 201

function, which we implement to return 1 if the 202

generated response â contains the ground-truth re- 203

sponse a∗, and 0 otherwise. In the following, we 204

detail the optimization of the reranker and the gen- 205

erator under this shared task-oriented reward. 206

Reranker Optimization. Unlike standard 207

learning-to-rank settings (Casalegno, 2022), 208

document-level supervision is not directly avail- 209

able. To address that, we transform task-oriented 210

rewards into document-level stochastic preference 211

signals for reranker optimization. Since these 212

signals indicate how documents collectively 213

contribute to task success, we optimize the 214

reranker in a group-relative preference aligned 215

with GRPO (Shao et al., 2024). 216

First, to transform delayed task-level rewards 217

into document-level stochastic preference signal, 218

for each document di in the top-K document set 219

D at training iteration t, we assign a binary suc- 220

cess signal l(t)(q, di) ∈ {0, 1}, indicating whether 221

the generated response achieved task success when 222

di was included. Although this signal provides 223

only a coarse and noisy approximation of individ- 224

ual document contribution under multi-document 225

conditioning, it enables scalable credit assignment 226

without requiring explicit supervision. 227

Based on these signals,we estimate the expected 228

task success associated with each document di: 229

l̄(q, di) =
1

T

T∑
t=1

l(t)(q, di), (6) 230

where T denotes the number of historical iterations. 231

To account for uncertainty, we map l̄(q, di) to a 232

smoothed Bernoulli parameter 233

p(q, di) = α+ (1− 2α) · l̄(q, di), (7) 234

where α ∈ (0, 0.5), and we sample a stochastic 235

preference label by: 236

pi ∼ Bernoulli (p(q, di)) , pi ∈ {0, 1}. (8) 237

This stochastic preference label serves as a sur- 238

rogate feedback signal for reranker optimization, 239
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enabling us to optimize the reranker in a group-240

relative preference framework aligned with GRPO.241

To conduct the optimization, we model the reranker242

as a deterministic scoring function Sθ(q, di) that243

induces a distribution over candidate documents:244

πθ(di | q,D) ∝ exp(Sθ(q, di)). The group-245

relative advantage Â(q, d) is derived from these246

preference labels: positive labels (pi = 1) indi-247

cate relative advantage for document di within the248

group, while a negative label indicates a disadvan-249

tage. This leads to the GRPO objective:250

Lr
GRPO = −Edi∼πθ

[
Â(q, di) log πθ(di | q,D)

]
,

(9)251

However, directly optimizing the stochastic ob-252

jective suffers from high variance under noisy253

credit estimates. We therefore reinterpret the group-254

relative advantages as inducing pairwise prefer-255

ences among candidate documents: documents256

with higher empirical success rates (more likely257

to receive positive labels) should be ranked higher.258

This allows us to reduce GRPO to a deterministic259

learning-to-rank problem. Constructing positive260

and negative sets D+ and D− from the sampled261

labels, we adopt a margin-based pairwise ranking262

surrogate:263

Lrank =
∑

d+i ∈D+

∑
d−j ∈D−

max
(
0, sθ(q, d

−
j )− sθ(q, d

+
i ) + γ

)
,

(10)264

where γ is the margin hyperparameter. Although265

this reduction is not a strict equivalence to GRPO,266

the ranking loss preserves the group-relative pref-267

erences induced by the stochastic labeling scheme268

and the underlying GRPO objective in expectation.269

It thus provides a stable and efficient surrogate for270

optimizing the reranker while maintaining align-271

ment with task-oriented rewards.272

Generator Optimization. The generator defines273

a conditional generation policy πϕ(â | q,D),274

where D is the set of top-K documents selected275

by the reranker. The generator is optimized using276

standard GRPO for conditional text generation:277

Lgen = −Eâ∼πϕ

[
Â(â) log πϕ(â | q,D)

]
, (11)278

where the group-relative advantage Â(â) is com-279

puted from the task-oriented reward r using a base-280

line that compares the current response to other281

responses in the same training batch.282

Overall, both the reranker and the generator are283

optimized with respect to the same task-oriented284

reward, enabling them to cooperatively improve 285

retrieval relevance and generation quality. 286

4 Experiments 287

We conduct extensive experiments to evaluate the 288

performance of CoRAG, and we particularly focus 289

on the research questions: (i) Is CoRAG more ef- 290

fective than existing methods (RQ1)? (ii) How im- 291

portant are the reranker and the generator to overall 292

performance, and is it necessary to jointly optimize 293

them (RQ2)? (iii) How does performance vary 294

with the number of documents used (RQ3)? (iv) 295

Does CoRAG generalize to other tasks (RQ4)? (v) 296

Does the CoRAG generator produce high-quality 297

outputs as judged by other LLMs (RQ5)? 298

4.1 Experimental Setting 299

Datasets We evaluate our method on multiple 300

knowledge-intensive benchmarks, following the 301

dataset setup of recent works (Wei et al., 2024). 302

Specifically, we evaluate on PopQA (Mallen et al., 303

2023), TriviaQA (Joshi et al., 2017) , Natural Ques- 304

tions (NQ) (Kwiatkowski et al., 2019), ASQA (Stel- 305

makh et al., 2022). Additionally, we include 2Wiki- 306

MultiHopQA (Ho et al., 2020), a Wikipedia-based 307

cross-document multi-hop QA dataset that requires 308

models to reason across multiple documents to de- 309

rive responses. 310

Table 1: Dataset statistics.

Dataset Train Test
PopQA 12,868 1,399
TriviaQA 78,785 11,313
NaturalQuestions 79,168 3,610
ASQA 4,353 948
2WikiMultiHopQA 167,454 12,576

Evaluation Metrics. Following InstructRAG 311

(Wei et al., 2024), We report correctness, citation 312

precision, and citation recall (Gao et al., 2023a) 313

for ASQA. For the other datasets, we use accuracy 314

measures whether the ground-truth responses are 315

included in the generated outputs. 316

Baselines. Following InstructRAG (Wei et al., 317

2024), We compare our CoRAG with three 318

groups of method: Baselines without Retrieval 319

(relying solely on parametric knowledge, includ- 320

ing ChatGPT, Llama-3-Instruct8B, and Llama-3- 321

Instruct70B), RAG without Training (leveraging 322

retrieved documents via in-context learning or 323

prompting, such as In-Context RALM (Ram et al., 324
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Table 2: Overall results of our method and baselines on five benchmarks. Baseline results are reported in InstructRAG
(Wei et al., 2024). - indicates the results are not reported not applicable. The best and second-best performances are
highlighted in bold and with an underline, respectively. Notably, our models are trained only on PopQA (Mallen
et al., 2023), while all other datasets are used exclusively for evaluation.

Method PopQA TriviaQA NQ 2WikiMultiHopQA ASQA
(acc) (acc) (acc) (acc) (em) (pre) (rec)

Baselines w/o Retrieval
Vanilla Zero-shot Prompting

ChatGPT 29.3 74.3 – – 35.3 – –
Llama-3-Instruct8B 22.8 69.4 46.6 45.6 30.6 – –
Llama-3-Instruct70B 28.9 80.6 57.9 57.5 39.1 – –

RAG w/o Training
In-Context RALM (Ram et al., 2023)

ChatGPT 50.8 65.7 – – 40.7 65.1 76.6
Llama-3-Instruct8B 62.3 71.4 56.8 43.4 40.0 62.1 66.4
Llama-3-Instruct70B 63.8 76.3 60.2 51.2 43.1 62.9 67.6

Few-Shot Demo. w/ Instruction
Llama-3-Instruct8B 63.1 74.2 60.1 45.3 42.6 55.0 64.4
Llama-3-Instruct70B 63.9 79.1 62.9 53.9 45.4 49.3 57.1

InstructRAG-ICL (Wei et al., 2024)
Llama-3-Instruct8B 64.2 76.8 62.1 50.4 44.7 70.9 74.1
Llama-3-Instruct70B 65.5 81.2 66.5 57.3 47.8 69.1 71.2

RAG w/ Training
Vanilla Supervised Fine-tuning

Llama-3-Instruct8B 61.0 73.9 56.6 56.1 43.8 – –
Self-RAG (Asai et al., 2024)

Llama-27B 55.8 68.9 42.4 35.9 30.0 66.9 67.8
Llama-213B 56.3 70.4 46.4 36.0 31.4 70.3 71.3
Llama-3-Instruct8B 55.8 71.4 42.8 32.9 36.9 69.7 69.7

RetRobust (Yoran et al., 2023)
Llama-213B – – 39.6 51.5 – – –
Llama-3-Instruct8B 56.5 71.5 54.2 54.7 40.5 – –

InstructRAG-FT (Wei et al., 2024)
Llama-3-Instruct8B 66.2 78.5 65.7 57.2 47.6 65.7 70.5

CoRAG
Llama-3-Instruct8B 71.2 81.0 72.4 58.2 45.8 54.9 48.9

2023), Few-shot Demonstration with Instruction,325

and InstructRAG-ICL (Wei et al., 2024)), and RAG326

with Training (involving explicit training in the327

retrieval-augmented framework, including Self-328

RAG (Asai et al., 2024) for iterative improvement329

via self-retrieval, RetRobust (Yoran et al., 2023)330

for noise robustness training, and InstructRAG-FT331

(Wei et al., 2024) for instruction-following fine-332

tuning with retrieval).333

Implementation Details We adopt BGE-334

reranker-v2-m3 (Multi-Granularity, 2024) as the335

reranker and Llama-3-Instruct-8B (Dubey et al.,336

2024) as the generator. During training, we use337

LLaMA3 to provide coarse annotations for positive338

and negative documents in the training dataset,339

which helps the reranker learn more effectively by340

alleviating the sparsity of stochastic preference341

labels at the early stages of training. We set the342

learning rate of reranker to 5e-5, and the learning343

rate of generator to 1e-5. Both reranker and344

generator adopt the LoRA fine-tuning strategy345

for efficient parameter updating. we set γ = 1 in346

Eq.(10), and the top-K selected documents K = 1 347

to precisely attribute the impact of individual 348

documents on task success. During inference, we 349

set K = 3 for PopQA, TriviaQA, NQ and ASQA, 350

and K = 7 for 2WikiMultiHopQA. The generator 351

uses a temperature coefficient of 0.7 to balance 352

generation diversity and stability. It is worth 353

noting that our CoRAG are trained only on PopQA 354

(Mallen et al., 2023), while all other datasets are 355

used solely for evaluation, both due to our limited 356

computational resources and to enable assessment 357

of the generalization ability of our CoRAG. 358

4.2 Main Results (RQ1) 359

The results are reported in Table 2. As it is shown, 360

our method (CoRAG) achieves outstanding per- 361

formance. Notably, unlike the InstructRAG se- 362

ries of methods that perform separate training on 363

each dataset, our model is trained only on the 364

PopQA. Even so, our method yields state-of-the- 365

art results on four core tasks (PopQA, TriviaQA, 366

NQ and 2WikiMultiHopQA), with the correspond- 367
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ing accuracy rates reaching 71.2%, 81.0%, 72.4%368

and 58.2% respectively, which significantly out-369

perform existing methods such as RetRobust and370

InstructRAG-FT. This can be attributed to the joint371

optimization framework, in which the reranker pro-372

gressively selects more relevant documents and the373

generator continuously improves its ability to ex-374

tract and integrate information from them.375

However, our CoRAG underperforms on the376

ASQA dataset. We attribute this primarily to the377

task discrepancy: ASQA requires synthesizing an-378

swers from multiple sources and handling ambigu-379

ous questions, which differs substantially from380

the factoid-style, single-answer questions preva-381

lent in our training data (PopQA). Consequently,382

the retrieval-generator synergy optimized on fac-383

toid QA does not generalize effectively to this more384

complex, multi-answer setting.385

4.3 Ablation Study (RQ2)386

To investigate the importance of the reranker and387

the generator to overall performance, as well as388

whether it is necessary to jointly optimize them,389

we conduct ablation studies. Specifically, we have390

four variants:391

• Rtrain: only finetune the reranker with the labels392

annotated by Llama-3-Instruct-8B.393

• Gtrain: only finetune the generator with GRPO.394

• RGReplace: Replace the generator of CoRAG395

with Llama-3-Instruct-8B, and replace the396

reranker with BGE-Reranker in inference.397

• GReplace: Replace the the generator of CoRAG398

with Llama-3-Instruct-8B in inference.399

The result presented in Table 3 , we can ob-400

serve that: (1) The individually trained RTrain401

and GTrain underperform CoRAG across both the402

PopQA and NQ datasets, which implies that a403

multi-agent cooperative optimization formulation404

may better capture the interaction between the405

reranker and the generator, leading to improved406

performance compared to independent optimiza-407

tion. (2) Comparing RGReplace, GReplace and408

CoRAG reveals that the generator contributes more409

significantly to performance improvement, whereas410

the reranker plays a relatively limited role. We at-411

tribute this phenomenon to the joint optimization.412

Because the reranker and generator are jointly op-413

timized, the generator may achieve strong perfor-414

mance even under suboptimal reranking signals,415

Table 3: Ablation study.

Dataset PopQA NQ
RTrain 66.19 62.71
GTrain 66.54 63.37
RGReplace 65.83 63.21
GReplace 66.26 62.46
CoRAG 71.26 72.49
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Figure 3: Cross-validation results with different reranker
and generator combinations (Top-3 setting).

potentially weakening the learning pressure on the 416

reranker and reflecting a trade-off in the current 417

design. 418

To examine this hypothesis, we conduct cross- 419

component experiments by swapping rerankers and 420

generators between CoRAG and other RAG frame- 421

works (Self-RAG and InstructRAG). As shown in 422

Figure 3, replacing the reranker with our reranker 423

while keeping other generators (self-RAG and In- 424

structRAG) fixed yields only marginal improve- 425

ments and occasionally leads to performance degra- 426

dation. This suggests that the standalone effective- 427

ness of our reranker is relatively limited. However, 428

when paired with our generator, CoRAG consis- 429

tently outperforms the variant that combines our 430

generator with BGE-reranker. This contrast reveals 431

an inherent tension between reranking effective- 432

ness and generator sensitivity: jointly optimizing 433

the reranker and generator encourages the gener- 434

ator to rely less on fine-grained ranking signals, 435

which in turn limits the observable gains from fur- 436

ther improving the reranker in isolation. Neverthe- 437

less, the strong performance of CoRAG indicates 438

that its reranker and generator are well aligned and 439

mutually reinforcing when optimized together. 440

4.4 Top-N Analysis (RQ3) 441

To analyze how the number of documents provided 442

to the generator affects performance, we evaluate 443

top-1(T1), top-3(T3), and top-5(T5) settings across 444

different datasets. The results are presented in Fig- 445

ure 4, which reveal three insights: (1) CoRAG 446

outperforms InstructRAG and RetRobust under all 447

document count settings on both datasets, this indi- 448
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Figure 4: Impact of the document number.

Table 4: The cross-task evaluation. The InstructRAG in
the table is trained on the Pop dataset. WTQ represents
WikiTable Questions. The best and second-best perfor-
mances are highlighted in bold and with an underline.

Metric Llama3 InstructRAG CoRAG
human-eval
pass@1 64.45 55.85 63.96
pass@10 83.53 76.82 85.97
human-eval+
pass@1 56.58 49.26 57.43
pass@10 77.43 70.12 79.26
WTQ
accuracy 49.10 68.57 68.11

cates that CoRAG can effectively utilize the effec-449

tive information of documents under different doc-450

ument number; (2) on PopQA, InstructRAG’s per-451

formance declines as document number increases452

(e.g., dropping from 66.19% at T3 to 64.83% at T5),453

implying more documents may trigger the noise454

of less relevent documents, and leading to hallu-455

cinations. In contrast, our CoRAG demonstrates456

a consistent upward trend in performance on both457

PopQA and NQ, showing strong robustness.458

4.5 Cross-Task Evaluation (RQ4)459

To further explore the cross-domain generalization460

capability of CoRAG, we conduct additional ex-461

periments on other tasks, following (Wei et al.,462

2024). Specifically, we evaluate the generator of463

our CoRAG and other generator (Llama3 and In-464

tructRAG) on code generation datasets HumanEval,465

HumanEval+ (Chen, 2021), and table question an-466

swering dataset WikiTable Questions (Pasupat and467

Liang, 2015). Results are summarized in Table 4.468

As shown in the table Table 4, compared with the469

Llama3 and InstructRAG, our generator achieves470

the best or second-best performance across all471

tasks: on HumanEval and HumanEval+, CoRAG472

achieves the strongest results on pass@10 and473

Table 5: Evaluation with LLM-as-a-judge.

Method InstructRAG RetRobust CoRAG
Pattern-based 66.19 56.68 71.26
Llama 75.63 25.52 89.21
GPT 60.83 54.90 65.90
DeepSeek 59.69 34.10 64.26
Qwen 60.69 57.26 66.12
Average 64.60 45.69 71.35

achieves the best pass@1 performance on the more 474

challenging HumanEval+, indicating improved 475

generation quality and robustness on code genera- 476

tion. On WTQ, a table-based question answering 477

benchmark, the generator of CoRAG achieves com- 478

petitive accuracy, closely matching the strongest 479

baseline while substantially outperforming Llama3. 480

Overall, these results demonstrate that the genera- 481

tor of CoRAG remains effective across both code 482

generation and table-based reasoning tasks. 483

4.6 Evaluation with LLM-as-a-judge (RQ5) 484

Following InstructRAG (Wei et al., 2024), We use 485

LLMs as a judgment to further evaluate the genera- 486

tion of our CoRAG. Specifically, for a given ques- 487

tion and documents ranked by reranker, responses 488

are generated by generator and its quality is as- 489

sessed using different LLMs. The specific prompt 490

template is shown in Appendix B. We choose 491

Llama, GPT, DeepSeek, Qwen as the judge. For 492

LlaMa, we use version Llama-3.1-8b-instruction. 493

For GPT, we use version gpt-4o. For DeepSeek, 494

we use version deepseek-v3.2. For Qwen, we use 495

version qwen3-vl-235b-a22b-instruction. The re- 496

sults are presented in Table 5 . As shown in Table 497

5, CoRAG consistently outperforms both Instruc- 498

tRAG and RetRobust across all evaluation settings, 499

regardless of the LLM used as the judge. CoRAG 500

achieves the highest scores under every evaluator, 501

including pattern-based metrics as well as Llama, 502

GPT, DeepSeek, and Qwen, indicating robust and 503

consistently preferred generation quality. Notably, 504

the performance gap is most pronounced under the 505

Llama judge, where CoRAG receives higher scores 506

than other LLMs. We attribute this effect to the 507

fact that CoRAG is fine-tuned from Llama, which 508

may lead to a higher alignment between CoRAG’s 509

outputs and the Llama-based judge. 510

5 Related Work 511

RAG enhances LLMs’ performance by fusing ex- 512

ternal documents and is the mainstream solution 513

for knowledge-intensive tasks. Existing research 514

7



could be categorized into three types based on515

core efficiency-enhancing mechanisms (Gao et al.,516

2023b; Zhao et al., 2023). The first category is517

data-driven methods, focusing on the mining and518

reconstruction of information at the query or docu-519

ment level: Decomposition Prompting (Khot et al.,520

2022), which splits complex tasks through prompt521

engineering. EviNoteRAG (Dai et al., 2025) an-522

notates uncertain information in documents with a523

note-taking-first approach. HtmlRAG (Tan et al.,524

2025) uses HTML instead of plain text to preserve525

semantic structural information. The second cat-526

egory is model-driven methods, which improve a527

model’s ability to interpret, filter and utilize re-528

trieved documents through fine-tuning. Representa-529

tive works include: RetRobust (Yoran et al., 2023)530

enhances robustness through contrastive training531

with positive and negative samples. InstructRAG532

(Wei et al., 2024) explicitly learns the denoising533

process through self synthesized reasoning. Dy-534

namicRAG (Sun et al., 2025) optimizes the order535

and quantity of documents used to train the reranker536

through generator feedback. The third category is537

strategy-driven methods, also called agentic RAG,538

which introduces agentic behaviors to dynamically539

adjust retrieval and generation strategies. FLARE540

(Jiang et al., 2023) triggers lookahead retrieval541

when encountering uncertain tokens during gen-542

eration. SelfRAG (Asai et al., 2024) introduces543

a reflection module to synchronously and dynam-544

ically adjust both retrieval and generation. MA-545

RAG (Nguyen et al., 2025) decomposes workflows546

into sub-agents via CoT. ComposeRAG (Wu et al.,547

2025) enables modular agent composition.548

From a high-level perspective, CoRAG could be549

considered similar to agentic RAG, as it models550

the reranker and generator as cooperative agents.551

However, unlike many existing agentic RAG meth-552

ods that treat the retriever (reranker) and generator553

as separate, modular agents often requiring sep-554

arate training or intricate prompting for collabo-555

ration, CoRAG frames them as a unified policy,556

eliminating the need for handcrafted coordination557

mechanisms and allows both modules to adaptively558

specialize in a task-aware manner.559

6 Conclusion and Limitations560

In this paper, we reformulate Retrieval-Augmented561

Generation (RAG) as a cooperative multi-agent562

decision-making problem and propose Cooperative563

Retrieval-Augmented Generation (CoRAG). Un-564

like conventional RAG frameworks, where the gen- 565

erator exhibits an asymmetric dependency on the 566

reranker and generation quality is highly sensitive 567

to the reranking results, CoRAG treats the reranker 568

and generator as two peer decision-makers. Specif- 569

ically, the reranker decides which documents, and 570

in what organization, to present to the generator, 571

while the generator determines how to effectively 572

utilize the provided information to accomplish the 573

generation task. Through this cooperative formula- 574

tion, CoRAG alleviates the generator’s reliance on 575

overly strict document ordering and enables more 576

robust coordination between retrieval and genera- 577

tion, leading to improved overall performance. 578

7 Limitations 579

Although modeling RAG as a cooperative multi- 580

agent framework improves robustness by reduc- 581

ing the generator’s sensitivity to reranking results, 582

this design may also attenuate the impact of fur- 583

ther reranker improvements on generation quality. 584

This reflects an inherent tension between rerank- 585

ing effectiveness and generation sensitivity under 586

joint optimization, which we leave for future explo- 587

ration. 588
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A The training of CoRAG744

The training of CoRAG has been summarized as745

Algorithm 1.746

Algorithm 1 Training of CoRAG
1: for t = 1 to T do
2: for query q ∈ Q do
3: Compute score si = Sθ(q, di);
4: Select top-K documents D according to scores;
5: Generate answer: â = Gϕ(q,D)
6: Compute reward: R(a∗, â);
7: Estimate the expected task success for di ∈ D;
8: Sample a stochastic preference label;
9: Update reranker according to Lrank;

10: Update generator according to Lgen;
11: end for
12: end for

B Prompt Template747

We provide the prompt used for LLM-as-a-Judge in748

Table 6, and the prompt used by CoRAG in Table749

7.750

Table 6: Prompt of LLM-as-a-Judge

Prompt: You are an expert evaluator for large model
responses. Your core task is to determine whether the
large model’s response points to any of the correct an-
swers.
Please conduct the evaluation based on the following
information:

1. Question: {question}
2. List of correct answers: {answers}
3. Large model’s response: {response}

Evaluation Rules:
1. If the core information and key content of the

large model’s response point to any answer in the correct
answer list (semantic consistency is acceptable, no need
for word-for-word matching), please output "yes".

2. If the large model’s response deviates from all
correct answers, contains obvious errors, or fails to ef-
fectively respond to the question, please output "no".

3. You only need to output a single word: either
"yes" or "no", without any additional redundant content.

Output: yes
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Table 7: Prompt of Inference

Prompt: You are tasked with answering the given question by analyzing a set of documents. Please follow
this STRICT TWO-STEP PROCESS:
—
### STEP 1: Document Analysis
For each document:

- First, extract potentially relevant information from the original document. This includes facts, names,
dates, or statements that may relate to the question, even if the connection is not immediately obvious.

- Then, explain the reason for the information extraction in your previous step based on the question.
(e.g., how the document addresses the question’s focus).
### STEP 2: Final Answer

- Summarize your answer to the question based on the analysis above. - If none of the documents are
helpful or relevant, answer based on your own general knowledge. In that case, clearly state that you are
doing so.
—
Use the following format for your response:
### Step 1: Document Analysis

Document 1: - Extraction: ... - Explanation: ...
Document 2: - Extraction: ... - Explanation: ...

### Step 2: Final Answer
Well-supported answer, based on the relevant documents. If no relevant documents, answer based on

general knowledge and say so explicitly.
—
EXAMPLE: Question: Who is the author of The Mahdi?
### Step 1: Document Analysis

Document 1: - Extraction: ’Mahdi’ is a thriller novel by Philip Nicholson written in 1981 under the
identity of a. J. Quinnell ... - Explanation: This document directly states that the author of ’Mahdi’ is Philip
Nicholson. Upon re-examining the question "Who is the author of The Mahdi?", the document mentions the
corresponding book title and provides the author information requested.

Document 2: - Extraction: ’The Mahdi’ was published by Philip Nicholson in 1981 under the pen name
A.J. Quinnell, establishing his presence in the thriller genre with a novel known for its gripping plot and
enduring popularity... - Explanation: This document directly states that ’The Mahdi’ was published by Philip
Nicholson. Upon re-examining the question "Who is the author of The Mahdi?", the document mentions the
corresponding book title and provides the author information requested.
### Step 2: Final Answer

Based on Documents 1 and 2, The answer to question ’Who is the author of The Mahdi?’ is A.J.
Quinnell, a pseudonym of Philip Nicholson.
—
Now it is your turn to analyze the following documents and answer the given question by following the
two-step process.
{context} {question}
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