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Abstract001

Retrieval-augmented generation (RAG) is002
widely used to incorporate external knowl-003
edge into large language models (LLMs), ef-004
fectively improving answer quality in question-005
answering (QA) tasks. Since external knowl-006
edge may far exceed the context window007
of LLMs, retrieving the key evidence they008
need within a limited context is challeng-009
ing. Existing heuristic retrieval methods of-010
ten add more evidence in context to improve011
answer quality, but some non-essential evi-012
dence may contribute little, potentially lead-013
ing to over-retrieval and increased noise. To014
overcome these challenges, we propose RES-015
RAG, which, for the first time, models evi-016
dence retrieval as an action decision problem017
under context constraints. Compared to ex-018
isting methods such as top-k and truncation,019
RES-RAG can adaptively retrieve evidence that020
contributes to answer quality. Specifically, we021
construct a lightweight retrieval strategy model.022
We use reinforcement learning (RL) to opti-023
mize the retrieval process, making evidence024
retrieval quality-oriented. Furthermore, we de-025
sign a joint quality-cost function for the opti-026
mization signal in RL. We use the F1 score027
as a positive reward and penalize over-retrieval.028
This achieves a balance between answer quality029
and retrieval cost. Experiments across multi-030
ple open-domain QA benchmarks demonstrate031
that RES-RAG achieves higher answer qual-032
ity at lower evidence cost, reflecting a su-033
perior quality-cost trade-off. Code and data034
can be found at https://anonymous.4open.035
science/r/RES-RAG-0106.036

1 Introduction037

Retrieval-Augmented Generation (RAG) has been038

emerged as a popular paradigm for mitigating the039

hallucination and knowledge timeliness problems040

of large language models (LLMs) (Shuster et al.,041

2021; Asai et al., 2024; Béchard and Ayala, 2024;042

Huang et al., 2025; Tonmoy et al., 2024; Izacard043
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Q: Where does the Civil Liberties Act place the blame for the internment of 
U.S. citizens?

U.S. citizens

���(�, ����_��) = �. �� → It looks relevant
���(�, ����_��) = �. �� → Contains the answer

Generator

Given a Q and its corresponding two documents, Document-1 is divided into 
4 chunks, and Document-2 is divided into 3 chunks. The similarity model 
calculates that Q has a similarity of 0.78 with �4 of Document-1, but only 0.36 
with �2 of Document-2.

Figure 1: Given a query, similarity-based retrieval meth-
ods tend to select Document-1 because its text blocks
match the query terms. However, Document-2 contains
the key answer to the query.

and Grave, 2020; Guu et al., 2020; Izacard et al., 044

2023). Its core idea is to retrieve external evi- 045

dence from updatable corpora and combine it with 046

the model’s parameterized knowledge to answer 047

given open questions(Karpukhin et al., 2020; Izac- 048

ard et al., 2023; Kim and Lee, 2024; Gao et al., 049

2023c; Vu et al., 2023; Lewis et al., 2020). How- 050

ever, as longer and more complex contexts are in- 051

troduced, the model’s context window needs to 052

expand longer and longer. As a result, the com- 053

putational and latency costs of long-context rea- 054

soning typically increase significantly with input 055

size, making evidence retrieval under budget con- 056

straints a key trade-off between performance and 057

cost (Lin et al., 2025; Taguchi et al., 2025; Lahmy 058

and Yozevitch, 2025). 059

Existing research typically focuses on optimiz- 060

ing each component (Gao et al., 2023b; Formal 061

et al., 2021; Ren et al., 2021; Pradeep et al., 2020; 062

Press et al., 2022). For example, stronger retrievers 063

(Izacard et al., 2021; Xiong et al., 2020; Ni et al., 064

2021; Xiao et al., 2022a), more robust rerankers, or 065

more reliable generators (Yu et al., 2021; Zemlyan- 066
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skiy et al., 2021; Glass et al., 2022; Su et al., 2022a).067

In these pipelined designs, a common assumption068

is that the context can be simplified to a set of069

text fragments (Chen et al., 2020; Li et al., 2021).070

Furthermore, evidence retrieval relies on heuris-071

tic truncation, fixed windows, or similarity-based072

top-k strategies. This approach presents two main073

challenges when dealing with long, complex con-074

texts or scattered evidence: (1) it introduces a large075

amount of irrelevant noise that interferes with the076

generator’s reasoning; (2) it may miss crucial ev-077

idence within the context window, leading to in-078

complete answers (Karpukhin et al., 2020; Krishna079

et al., 2021; Dai et al., 2025). These challenges080

limit existing paradigms’ ability to approach the081

optimal efficiency frontier along the answer quality–082

evidence cost dimension.083

To address the above challenges, we propose084

RES-RAG (Reinforced Evidence Set Retrieval for085

Retrieval-Augmented Generation). Given a query086

and its corresponding set of context documents, we087

train a lightweight model as the evidence retriever088

that outputs the set of retrieved chunk indices for089

each document. This design explicitly models evi-090

dence retrieval as a structured prediction task, en-091

abling the system to produce controllable results092

under context constraints. Meanwhile, structured093

output has been shown to significantly improve the094

model’s controllability and usability (Scholak et al.,095

2021; Muralidharan and Thomas, 2024; Beurer-096

Kellner et al., 2024; Park et al., 2024).097

First, we place evidence retrieval within a098

budget-aware reinforcement learning (RL) opti-099

mization framework. We call the maximum con-100

text capacity available for retrieving evidence the101

budget, and the context actually consumed by the102

evidence the cost. The set of indices output by the103

retrieval model is treated as actions. This process104

offers two key advantages: (1) the retrieval results105

are presented in an indexed format, reducing the106

complexity of the action space; (2) the generator107

receives a compact set of retrieved evidence, re-108

ducing the burden of long contextual noise and109

increasing the effective evidence density.110

Secondly, to improve the RL optimization pro-111

cess, we design a quality-cost joint reward: the112

reward signal is measured by the F1 score; redun-113

dant evidence and over-retrieval are penalized by an114

over-budget penalty. This reward characterizes the115

two-dimensional trade-off between answer qual-116

ity and evidence cost on the same scale, thereby117

driving the model to converge at the minimally118

sufficient evidence granularity. Optimizing evi- 119

dence retrieval via RL under joint quality–cost con- 120

straints provides a practical way to improve the 121

quality–cost trade-off in the RAG pipeline (Guo 122

et al., 2025; Li et al., 2025b). 123

Finally, we systematically evaluate RES-RAG’s 124

performance across several popular QA datasets, 125

demonstrating that it can improve QA task quality 126

at lower cost. 127

The main contributions of this paper are as fol- 128

lows: 129

• We propose an optimization framework cen- 130

tered on evidence retrieval that optimizes re- 131

trieval strategies via RL. 132

• We design a joint quality-cost function to im- 133

prove the trade-off between answer quality 134

and evidence cost. 135

• We evaluate the system across multiple open- 136

domain question-and-answer benchmarks and 137

report end-to-end metrics and costs. 138

In summary, our goal is to propose a budget- 139

aware evidence-retrieval mechanism for QA tasks, 140

enabling LLMs to select better factual evidence 141

within a limited budget and to optimize the quality 142

and cost of answer generation. 143

2 Related Work 144

2.1 RAG for LLM Inference 145

A typical RAG pipeline usually includes steps such 146

as query rewriting or expansion, candidate retrieval, 147

reranking, and fusing query and evidence to gen- 148

erate the answer (Ma et al., 2023; Wang et al., 149

2024b). In QA scenarios, RAG performance de- 150

pends not only on retrieval recall but also heavily 151

on the evidence organization method and the gen- 152

erator’s ability to locate evidence within the con- 153

text. Therefore, the coupling effect of retrieval — 154

evidence—generation has been widely discussed 155

(Barnett et al., 2024; Siriwardhana et al., 2023; 156

Besta et al., 2024). Although existing work has 157

made significant progress in retrieval training (San- 158

thanam et al., 2021; Shi et al., 2023), reranker de- 159

sign (Zhang et al., 2023; Edge et al., 2024), and gen- 160

erator fusion strategies (de Jong et al., 2022; Aki- 161

moto et al., 2024), most methods still simplify evi- 162

dence retrieval to global top-k or similarity thresh- 163

old filtering (Saxena et al., 2025; Xin et al., 2025), 164

assuming that these heuristic retrieval strategies 165

can adequately support downstream short-answer 166
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generation. This default assumption is prone to167

failure in situations involving long contexts and168

scattered evidence. In particular, when complemen-169

tary information across chunks, or the elimination170

of interfering segments, is required, relevance rank-171

ing with a fixed k often fails to align with the final172

metric (Hei et al., 2024; Mortaheb et al., 2025).173

2.2 Evidence Retrieval and Reranking174

To improve the evidence quality of RAG, one type175

of method sorts candidate passages using a dense176

retriever, then truncates the top-k chunks as the evi-177

dence(Pradeep et al., 2023; Zheng et al., 2024). The178

advantage of this type of method is its relatively179

simple training and deployment. Still, its retrieval180

strategy is usually fixed-length, either globally or181

weakly adaptive, making it difficult to consider the182

contribution of different passages to the answer183

(Xu et al., 2023). Another type of research focuses184

on more refined evidence retrieval, such as learning185

a gating mechanism on the candidate set to decide186

which chunks to retain (Wang et al., 2023; Sheng187

et al., 2025; Xie et al., 2024). These selectors are188

often trained with supervisory signals to reduce189

noise and increase evidence density (Shen et al.,190

2022). However, supervised retrieval is often lim-191

ited by labeling costs or pseudo-label bias, and a192

gap remains between local relevance and final an-193

swerability under long context conditions, making194

it difficult for the retriever to generalize stably (Su195

et al., 2022b; Asai et al., 2024; Christmann et al.,196

2024). Furthermore, previous work has pointed197

out that adding more seemingly relevant fragments198

reduces the generator’s attention allocation to key199

evidence, thereby impairing the stability of answer200

generation (Günther et al., 2024; Ma et al., 2022;201

Wen et al., 2004). Therefore, evidence retrieval202

is also a problem of achieving high-density, low-203

interference evidence assembly under a limited con-204

text budget (Dai et al., 2025; Wang et al., 2024d).205

2.3 RL for Retrieval Policies206

To address the target-mismatch problem of incon-207

sistency between relevance scores and answer qual-208

ity, some works use reinforcement learning to treat209

retrieval as a decision-making process and train210

the retrieval model using the generator’s answer211

quality as the reward signal (Kulkarni et al., 2024;212

Wang et al., 2024c). In this paradigm, the policy213

model can leverage end-to-end feedback to learn214

which combinations of evidence are more likely to215

yield a correct answer, thereby surpassing heuris-216

tics based on fixed thresholds or static top-k rules 217

(Java et al., 2025; Tang et al., 2025). Existing RL- 218

related work covers multiple levels, including us- 219

ing RL to learn query rewriting and retrieval action 220

sequences (Khattab et al., 2022; Li et al., 2025a; 221

Xu et al., 2025), passage retrieval/stopping strate- 222

gies (Zhu et al., 2025), and treating the reranker 223

as a learnable ranking strategy (Zhang et al., 2025; 224

Gao et al., 2023a). However, these methods often 225

employ a global retrieval action space, making it 226

difficult to directly characterize the structured con- 227

straints on how context contributes evidence and 228

the extent to which each piece of evidence con- 229

tributes (Liu and Lapata, 2019; Xiao et al., 2022b). 230

We propose RES-RAG to enable the retrieval 231

strategy to learn how to retrieve the sufficient and 232

necessary set of evidence in complex, long-context 233

scenarios. 234

3 Method 235

We propose RES-RAG, a budget-aware framework 236

for evidence retrieval and answer generation in 237

complex long-context. Given a query and its cor- 238

responding set of HTML documents, RES-RAG 239

models evidence retrieval as a structured decision. 240

The retriever policy selects a compact set of chunk 241

indices under a chunk budget, and a frozen gen- 242

erator G produces the answer conditioned on the 243

retrieved evidence and the JSON-LD1 annotation. 244

We optimize the retriever via RL, balancing re- 245

wards to encourage minimal sufficient evidence 246

and high-quality answers. 247

3.1 Task Definition 248

Each instance consists of a query q, a set of M 249

HTML documents: 250

D = {d1, . . . , dM}, (1) 251

and a gold answer a⋆. Each document dm (1 ≤ 252

m ≤M ) includes structured annotation in JSON- 253

LD format. Our goal is to learn a retriever policy 254

πθ that outputs a structured action: 255

Ŝ = {Ŝ1, . . . , ŜM}, (2) 256

where Ŝm denotes the retrieved chunk indices from 257

dm. In parallel, we extract JSON-LD annotation 258

from each document via HTML parsing2: 259

Jm = JSONLD(dm), 1 ≤ m ≤M, (3) 260

1https://json-ld.org/
2https://www.crummy.com/software/

BeautifulSoup/
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Figure 2: RES-RAG framework. Our training uses the GRPO algorithm. The optimization objective of RES-RAG is
the Retriever, and the joint reward is calculated using the predicted answer generated by the Generator and a penalty.

and denote the aggregated annotation as J =261

{J1, . . . , JM}. Given Ŝ, retrieved indices are262

remapped to evidence text and, together with J ,263

are fed into a frozen generator G to produce an264

answer â.265

3.2 Document Processing and Chunking266

We convert each dm into a Markdown string267

using MarkItDown3: xm = Markdown(dm).268

We then split xm into Nm chunks: Xm =269

{xm,1, xm,2, . . . , xm,Nm}. Each chunk is con-270

strained by a maximum token length L:271

len
(
TokG(xm,n)

)
≤ L, 1 ≤ n ≤ Nm, (4)272

where TokG(·) uses the same tokenizer as the re-273

triever, ensuring the chunk length matches the ac-274

tual context usage at inference time. Algorithm A275

provides the overall chunking procedure. For con-276

venience, we denote the set of all chunk lists as277

X = {X1, . . . ,XM}.278

3.3 Components of RES-RAG and Reward279

Design280

Structured Evidence Retriever The Retriever281

takes (q,X ) as input and outputs a structured action282

Ŝ specifying which chunks to include as evidence.283

3https://github.com/microsoft/markitdown

To make evidence decisions explicit and auditable, 284

we serialize Ŝ as a JSON object: 285

Ŝ = {"Document_1" : [s1,1, . . . , s1,K1 ],

. . . ,

"Document_M" : [sM,1, . . . , sM,KM
]},

(5) 286

where each sm,k is an integer chunk index satisfy- 287

ing sm,k ∈ {1, . . . , Nm}, and we allow Ŝm = ∅, 288

this means no evidence be retrieved from dm. 289

Within each dm, we encourage πθ to output indices 290

in descending order of their estimated relevance 291

to the q. We parameterize the retriever as a condi- 292

tional generative policy: Ŝ ∼ πθ(· | q,X ), imple- 293

mented by an instruction-tuned LLM that directly 294

outputs the JSON action. To improve parsability 295

and reduce invalid actions, we produce constraints 296

during decoding (Appendix B). 297

Generator and Evidence Remapping Given a 298

sampled action Ŝ, we remap indices to evidence 299

text by selecting corresponding chunks and serial- 300

izing them in a fixed order: 301

E(Ŝ) = ConcatMm=1 Concatn∈Ŝm
xm,n, (6) 302

where Concat follows the index order in each list 303

Ŝm. We then use G to produce an answer: 304

â = G
(
q, E(Ŝ), J

)
. (7) 305
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We serialize (E, J) into G prompt using a fixed306

template (Appendix C).307

Chunk-level Budget Penalty We penalize over-308

retrieval at the chunk level to encourage compact309

evidence sets. For each dm, define the retrieved-310

chunk count Cm(Ŝ) = |Ŝm|. Let Nm be the num-311

ber of chunks in dm after chunking. We define a312

segmented per-document penalty with a free region313

proportional to
√
Nm:314

ϕm(Ŝ) =


0, if Cm(Ŝ) ≤

√
Nm,

0.5, if
√
Nm < Cm(Ŝ) ≤ Nm,

1, if Cm(Ŝ) > Nm.
(8)315

The overall budget penalty averages across docu-316

ments and scales by η > 0:317

Pbudget(Ŝ) = η · 1

M

M∑
m=1

ϕm(Ŝ). (9)318

Answer Quality and Retrieval Consistency We319

measure answer quality using token-level F1 be-320

tween â and a⋆: F1ans(â, a
⋆) ∈ [0, 1], with stan-321

dard normalization, including lowercasing, punctu-322

ation removal, and whitespace normalization. To323

stabilize learning when G produces unusable an-324

swers, we use a fixed non-positive penalty γbad <325

0:326

Uans(â) =

{
αans · F1ans(â, a⋆), â is not empty,
γbad, otherwise,

(10)327

where αans > 0. Beyond answer quality, we add328

an auxiliary retrieval-consistency signal against329

heuristic labels S̃ (Sec . 3.4.1), which provides330

a denser learning signal than answer-only rewards.331

Although Ŝm and S̃m are output as index lists, each332

index uniquely identifies a chunk text xm,n, so we333

compute consistency at the chunk level. Let set(·)334

remove duplicates from a list, and define the re-335

trieved and labeled evidence-chunk sets for dm as336

Êm = {xm,n | n ∈ set(Ŝm)},
Ẽm = {xm,n | n ∈ set(S̃m)}.

(11)337

We then compute per-document chunk-level F1:338

F1m(Êm, Ẽm) =
2|Êm ∩ Ẽm|
|Êm|+ |Ẽm|

, (12)339

with the convention that F1m = 1 if both sets are340

empty, and 0 if only one is empty. The macro-341

averaged retrieval consistency is 342

F1ret(Ŝ, S̃) =
1

M

M∑
m=1

F1m(Êm, Ẽm). (13) 343

Joint Reward Putting everything together, for 344

valid actions, we define the reward: 345

R(Ŝ) =clip
(
Uans(â)

+ αret · F1ret(Ŝ, S̃)

− Pbudget(Ŝ), Rmin, Rmax

)
,

(14) 346

where αret > 0, and clip(·, Rmin, Rmax) improves 347

optimization stability. In our design, we apply an 348

additional fixed negative reward for samples caused 349

by external failures. 350

3.4 Training the Retriever via GRPO 351

We optimize only the Retriever πθ using GRPO. 352

The G is frozen and serves as part of the environ- 353

ment that outputs â based on Ŝ, then outputs a 354

scalar reward: 355

(q,X ) πθ−→ Ŝ
remap−−−−→ (E, J)

G−→ â
score−−−→ R(Ŝ).

(15) 356

3.4.1 SFT Warm-up 357

To stabilize structured generation and reduce RL 358

exploration difficulty, we warm up the Retriever 359

with supervised fine-tuning (SFT). We construct 360

heuristic labels S̃ using a similarity-based rule and 361

fine-tune πθ to imitate the labeled JSON actions. 362

Specifically, for each dm, we compute a similar- 363

ity score between the q and each chunk xm,n using 364

a sentence embedding model4. We keep chunks 365

with similarity greater than a threshold (0.4 in our 366

design) as the top Km indices to form the label list: 367

S̃m = [s̃m,1, . . . , s̃m,Km ], s̃m,k ∈ {1, . . . , Nm}.
(16) 368

All indices in both S̃ and Ŝ are arranged by rel- 369

evance to, in the same form as Equation 5. The 370

resulting checkpoint initializes the RL policy, and 371

a frozen copy serves as the reference policy, πθref . 372

3.4.2 Group Sampling and Relative 373

Advantage 374

For each training instance t, we sample a group 375

of W candidate actions using the behavior policy 376

πθold : 377

{Ŝt,1, . . . , Ŝt,W } ∼ πθold(· | qt,Xt). (17) 378

4https://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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Each candidate is evaluated by the G, producing379

reward R̂t,w = R(Ŝt,w). To mitigate reward-scale380

differences across prompts and reduce gradient381

variance, we compute group-relative advantages382

by normalizing rewards within each prompt group:383

R̄t =
1

W

W∑
w=1

R̂t,w, σt =

√√√√ 1

W

W∑
w=1

(R̂t,w − R̄t)2,

(18)384385

ADVt,w =
R̂t,w − R̄t

σt + ϵadv
, (19)386

where ϵadv is a constant for numerical stability.387

3.4.3 Clipped Policy Optimization Objective388

Let πθold denote the behavior policy used to sample389

actions. We define the importance ratio390

ρt,w =
πθ(Ŝt,w | qt,Xt)

πθold(Ŝt,w | qt,Xt)
. (20)391

We optimize a clipped policy-gradient objective:392

L(θ) = E
[
min

(
ρt,wADVt,w,

clip(ρt,w, 1− ϵ, 1 + ϵ)ADVt,w

)]
− β · E

[
KL

(
πθ(· | qt,Xt)

∥∥∥πθref (· | qt,Xt)
)]
(21)

393

where ϵ is the clipping range, and β ≥ 0 controls394

KL regularization to the reference policy, and E(·)395

is taken over actions Ŝt,w sampled from πθold(· |396

qt,Xt).397

4 Experiments398

We conduct experiments on the following ques-399

tions:400

RQ1: How can RES-RAG improve performance401

in terms of quality-cost trade-off?402

RQ2: How does the design of the joint quality-cost403

reward function in RES-RAG affect the effective-404

ness of evidence retrieval?405

RQ3: Can RES-RAG maintain universality across406

RAG systems with different document structures407

and generator configurations?408

4.1 Experimental Settings409

During the training phase, we run GRPO on two410

NVIDIA RTX 4090 GPUs, and during the infer-411

ence phase, we deploy the trained model on one412

NVIDIA RTX 4090 GPU. The retrieval model we 413

used is Qwen5, a small model with only 4B param- 414

eters. 415

Datasets We conducted experiments with RES- 416

RAG and various baseline models on six open- 417

domain QA datasets, including: (1) two ambiguous 418

datasets, ASQA (Stelmakh et al., 2022) and Ab- 419

migQA (Min et al., 2020); (2) three multi-hop QA 420

datasets, Hotpot-QA (Yang et al., 2018), 2wikiMul- 421

tiHop (Ho et al., 2020), and MusiQue (Trivedi et al., 422

2022); and (3) an open web QA dataset, Trivia-QA 423

(Joshi et al., 2017). 424

Evaluation Metrics Our goal is for Retriever to 425

retrieve as few query-relevant evidence chunks as 426

possible from complex web environments. There- 427

fore, we evaluate the short answer output by the 428

generator G as the final result. For ambiguous 429

datasets, we report both Hit@1 and EM metrics; 430

for other datasets, we report the EM metric. Hit@1 431

indicates that at least one golden answer perfectly 432

matches the G’s output. 433

Implementation Details For each query, we sam- 434

ple W = 4 candidate structured actions. We keep 435

the KL coefficient at β = 0.05. More training 436

parameters can be found in Appendix D. 437

4.2 Comparisons with Other Methods 438

We compare RES-RAG against widely used base- 439

lines, including lexical retrieval BM25 (Robert- 440

son et al., 2009), dense retrievers BGE (Xiao 441

et al., 2024) and E5-Mistral (Wang et al., 2024a), 442

and compression systems LongLLMLingua (Jiang 443

et al., 2024) and JinaAI Reader (JinaAI, 2024). 444

For retrieval baselines (BM25/BGE/E5-Mistral), 445

we retrieve evidence chunks and pass them to the 446

same Generator G with the same chunk budget as in 447

RES-RAG. For compression systems (LongLLM- 448

Lingua/JinaAI Reader), we follow their standard 449

pipelines to fit the same maximum prompt con- 450

straint. To be fair, we redeploy the above methods, 451

and Table 1 reports detailed indicators. 452

Specifically, RES-RAG achieves a better quality- 453

cost frontier: it improves answer correctness while 454

using fewer evidence chunks, indicating that the 455

learned retriever policy tends to select minimally 456

sufficient evidence. This behavior is more pro- 457

nounced on ambiguous data, where the ambiguity 458

structure implies that blindly increasing retrieved 459

5https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507
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Table 1: Comparison results of the RES-RAG method with other baselines. Optimal and suboptimal results are
indicated by bold and underlined, respectively. The symbol † indicates that our method achieved optimality.

Method ASQA HotpotQA TriviaQA AmbigQA 2Wiki MuSiQue

EM Hit@1 EM EM EM Hit@1 EM EM

Llama-3.1-8B-Instruct-8k

BM25 3.25 48.75 23.93 62.29 17.80 46.60 14.00 13.25
BGE 3.50 43.50 20.40 63.91 20.42 50.79 13.50 12.25
E5-Mistral 3.25 43.56 24.43 61.50 25.65 51.83 21.50 15.00
LongLLMLingua 2.50 43.32 15.87 66.25 23.04 46.60 26.25 14.25
JinaAI Reader 3.00 45.25 14.86 58.25 16.75 49.46 35.29 13.46

RES-RAG 4.75† 52.75† 23.68 66.06 25.65 57.59† 35.00 14.79

Llama-3.1-70B-Instruct-8k

BM25 1.75 51.50 31.49 73.92 23.56 56.54 45.25 18.50
BGE 2.25 57.25 27.96 74.00 22.51 47.12 39.75 16.75
E5-Mistral 3.75 55.50 31.49 78.25 31.41 66.49 49.00 21.50
LongLLMLingua 2.50 52.75 20.65 77.48 26.70 63.35 49.75 18.50
JinaAI Reader 2.25 57.50 18.89 61.25 31.94 70.16 29.34 14.75

RES-RAG 4.00† 58.25† 31.74† 75.25 31.41 72.25† 56.03† 22.75†

evidence often introduces distractors. RES-RAG460

mitigates this by selecting only the small subset461

of chunks that directly support at least one gold462

answer. In multi-hop, where reasoning requires463

composing evidence across documents, RES-RAG464

better allocates the budget, reducing redundant465

near-duplicate chunks. On Trivia-QA, which con-466

tains open-web pages with diverse structures and467

substantial noise, RES-RAG, rather than over-468

retrieving semantically similar but non-evidential469

chunks, learns evidence patterns aligned with the470

Generator’s success signal. Dense retrievers still471

rely on fixed retrieval rules, and compression sys-472

tems do not explicitly optimize whether the gen-473

erator can correctly select supporting discrete evi-474

dence. In summary, the results in Table 1 answer475

RQ1: RES-RAG improves the quality-cost trade-476

off by learning to retrieve compact, highly useful477

evidence with a joint quality-cost objective.478

4.3 Ablation Experiments Analysis479

We analyze how the joint quality–cost reward in480

RES-RAG shapes evidence retrieval behavior. Ta-481

ble 2 reports ablation results. Starting from the full482

RES-RAG objective, we consider: (1) top-k-only;483

(2) SFT-only; (3) Joint quality–cost reward.484

A fixed top-k strategy cannot adapt evidence size485

to instance difficulty: increasing k improves recall486

but often over-retrieves, while decreasing k under- 487

retrieves on hard instances, yielding an inferior 488

quality–cost frontier. SFT-only provides a strong 489

warm start by imitating heuristic labels S̃, but it 490

still does not optimize the utility–cost trade-off, so 491

the retriever remains sensitive to heuristic biases 492

and budget violations. 493

Optimizing utility only encourages over-retrieval 494

since extra chunks are rarely penalized, increas- 495

ing over-budget rates and weakening cost control. 496

Overly emphasizing cost pushes the policy to re- 497

trieve too few chunks, reducing evidence cost but 498

hurting answer correctness. These extremes con- 499

firm that both utility and cost are necessary for 500

retrieval strategies. Compared to a linear penalty, 501

the segmented penalty better distinguishes mild 502

vs. severe budget violations, making the learning 503

signal more robust and stabilizing the quality–cost 504

frontier. Removing retrieval-consistency makes the 505

reward sparse with respect to discrete index selec- 506

tion: many rollouts obtain similar answer rewards 507

despite different evidence. The per-document F1 508

signal against S̃ densifies credit assignment, im- 509

proving retrieval quality and budgeted selection be- 510

havior, which then translates to better downstream 511

answer quality under the same budget. 512

Overall, the ablations answer RQ2: the joint re- 513

ward design is crucial for learning effective, budget- 514
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RES-RAG ASQA HotpotQA TriviaQA AmbigQA 2Wiki MuSiQue

EM Hit@1 EM EM EM Hit@1 EM EM

Llama-3.1-8B-Instruct-8k

(top-k) w/o SFT 2.56 43.25 18.43 56.25 17.34 48.95 23.75 13.25
(Warm-up) w SFT 3.75 44.50 21.16 61.75 21.47 51.83 27.25 14.75
(GRPO) w Joint reward 4.75 52.75 23.68 66.06 25.65 57.59 35.00 14.79

Table 2: Ablation experiment results.

feasible evidence retrieval.515

4.4 Generality Experiment Studies516

We test whether RES-RAG maintains effectiveness517

across (1) document structures with different noise518

profiles and layouts, and (2) generator configura-519

tions with different decoding behaviors and context520

capacities.521

We compare RES-RAG on datasets with dif-522

ferent sources: Wikipedia-style versus open-web523

pages. Across these variations, RES-RAG main-524

tains an advantage in quality–cost trade-off, sug-525

gesting that the learned policy is not overfitting to a526

specific surface structure but instead captures trans-527

ferable evidence selection behaviors. Although528

RES-RAG optimizes the Retriever, the reward is529

induced by the Generator G, raising the question of530

whether the learned retriever is tightly coupled to a531

particular generator. We therefore swap G across532

different configurations while keeping the retriever533

fixed, and re-evaluate under the same chunk budget534

(Table 1). We observe that the benefits of RES-535

RAG persist across generator choices: absolute536

scores vary with generator capacity, indicating that537

the retriever policy learns evidence selection strate-538

gies that are broadly useful rather than exploiting539

idiosyncrasies of a single generator. The results in540

Table 1 answer RQ3: RES-RAG exhibits strong541

universality across both document structures and542

generator configurations, while retaining the core543

benefit of budget-aware, minimally sufficient evi-544

dence retrieval.545

5 Conclusions546

This paper presents RES-RAG, a budget-aware547

evidence retrieval framework for complex multi-548

document RAG scenarios. By formulating retrieval549

as a structured action that outputs per-document550

chunk indices, RES-RAG turns combinatorial evi-551

dence selection into a controllable decision prob-552

lem that can be optimized for the retriever. We553

Dataset Method
EvidTok

Avg Max

ASQA
Top-k 318k 7259k
RES-RAG 1k 7k

HotpoQA
Top-k 223k 5138k
RES-RAG 2k 6k

TriviaQA
Top-k 53k 504k
RES-RAG 2k 20k

AmbigQA
Top-k 288k 15631k
RES-RAG 1k 7k

2Wiki
Top-k 11k 247k
RES-RAG 1k 8k

MuSiQue
Top-k 78k 2359k
RES-RAG 1k 10k

Table 3: Quality–cost comparison under identical set-
tings. EvidTok counts retrieved evidence tokens. Avg
represents the average number of tokens, and Max rep-
resents the maximum.

further introduce a joint quality–cost reward that 554

unifies answer utility and evidence cost into a single 555

scalar signal, enabling reinforcement learning to 556

converge toward minimally sufficient evidence un- 557

der a fixed context budget. Experiments across mul- 558

tiple open-domain QA benchmarks demonstrate 559

that RES-RAG achieves a better trade-off between 560

answer quality and evidence cost, and that indexed, 561

traceable evidence selection reduces long-context 562

noise while improving evidence density for down- 563

stream generation. 564

Limitations 565

The optimization signal relies on short-answer 566

F1 and related anomaly penalties. This may not 567

faithfully capture correctness for questions requir- 568

ing richer reasoning, multi-hop justification, or 569

long-form generation, and may encourage reward- 570
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specific behaviors. In addition, although struc-571

tured indexing improves controllability, the ap-572

proach still depends on valid, parseable outputs. In573

other domains or under adversarial noise, format-574

compliance failures may increase or decrease ro-575

bustness.576
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A Chunking Process1026

We employ a structure-aware chunking pipeline1027

to transform each HTML webpage into an or-1028

dered list of chunks for retrieval. Our design1029

goal is two-fold: (1) preserve evidence-bearing1030

structures (e.g., headings, tables, and lists) af-1031

ter conversion to Markdown; and (2) enforce a1032

strict length constraint so that each chunk can1033

be consumed reliably by the Retriever. We1034

use MARKITDOWN to convert HTML to Mark-1035

down, preserving document structure (headings,1036

lists, and tables) while removing many HTML-1037

specific artifacts. For each document dm, we out-1038

put an ordered chunk sequence {ci}Nd
i=1, where1039

each chunk stores: type∈ {text, table, list},1040

a heading_path (e.g., H1→H2→H3), the chunk1041

token_len measured by the Retriever tokenizer,1042

and an offset indicating its position in the origi-1043

nal document.1044

We first remove low-signal HTML elements,1045

normalize whitespace, and drop hyperlink targets1046

while keeping anchor text. The cleaned HTML1047

is then converted to Markdown using MARKIT-1048

DOWN. We treat each table/list block in Markdown1049

as an atomic evidence unit and extract it into a stan-1050

dalone chunk. For the remaining narrative text,1051

we chunk by heading boundaries: encountering a1052

heading closes the current text chunk and starts1053

a new one under the updated heading path. We1054

prepend the heading path to the chunk content to1055

retain discourse context.1056

We set a maximum chunk length Tmax = 204801057

tokens (Retriever tokenizer). If a text chunk ex-1058

ceeds Tmax, we split it into multiple sub-chunks1059

at sentence (or paragraph) boundaries to maintain1060

Algorithm 1 Structure-aware Chunking

Require: HTML webpage h, tokenizer τ , max to-
kens Tmax

Ensure: Ordered chunks {ci}Ni=1

1: hclean ← CleanHTML(h)
2: m← MarkItDown(hclean)
3: B ← ParseBlocks(m) ▷ linear blocks with

type, heading_path, and offset
4: C ← [ ], buf ← ∅, p← ∅, off ← 0
5: for all b ∈ B in order do
6: if b.type = heading then
7: if buf ̸= ∅ then
8: C ←
C∥MakeChunk(buf, text, p, off)

9: buf ← ∅
10: end if
11: p ← b.heading_path; off ←

b.offset
12: else if b.type ∈ {table, list} then
13: C ←
C∥MakeChunk(b.content, b.type, p, b.offset)

14: else
15: buf ← buf∥b.content
16: end if
17: end for
18: if buf ̸= ∅ then
19: C ← C∥MakeChunk(buf, text, p, off)
20: end if
21: C ← SplitOversized(C, τ, Tmax)
22: C ← Deduplicate(C)
23: C ← SortByOffset(C)
24: {ci}Ni=1 ← ReindexFromOne(C)
25: return {ci}Ni=1

readability. If a single table/list chunk exceeds 1061

Tmax, we further split it by rows (for tables) or by 1062

top-level items (for lists). 1063

Finally, we merge table/list chunks and text 1064

chunks, sort them by offset, remove duplicates 1065

by normalized hashing, and reindex them to obtain 1066

{ci}Nd
i=1. 1067

B Decoding Constraints 1068

To prevent format violations and ensure that the 1069

retriever policy πθref always outputs a parsable 1070

JSON string, we apply guided decoding with a de- 1071

coding constraint over the output space. The target 1072

output follows a fixed schema: a single JSON ob- 1073

ject that maps each document id i ∈ {1, . . . ,m} 1074

to an array of chunk indices. We performance 1075
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the following syntactic constraints during gener-1076

ation: (1) the JSON object contains exactly m1077

document fields; (2) each field value is an array1078

of integers (chunk indices); (3) each index is 1-1079

based and bounded by the corresponding document1080

length, i.e., s ∈ {1, . . . ,Mi} for document i with1081

Mi chunks. With these constraints, every decoded1082

action is valid by construction and can be directly1083

parsed and evaluated by the downstream reward1084

computation.1085

C Prompts1086

Retriever Prompt. The retriever is the learned1087

policy optimized in RES-RAG. Given a query q1088

and a set of chunked documents X = {dm}Mm=1, it1089

is instructed to select a minimally sufficient subset1090

of evidence under a chunk budget, and to output the1091

selection in a structured format. Specifically, the1092

prompt uses a JSON object that maps each docu-1093

ment to a list of 1-indexed chunk IDs (cf. decoding1094

constraints in Appendix B), enabling determinis-1095

tic parsing and budget accounting. The prompt1096

template is shown in Figure 5.1097

Generator Prompt. The generator is a frozen1098

LLM accessed via an online API. It is used only1099

for reward computation: conditioned on the query1100

q and the evidence selected by the retriever (and1101

optional document metadata), it produces a short1102

answer â, which is then scored against references1103

to obtain the answer-quality signal (F1) used in our1104

joint reward. No parameters of the generator are1105

updated during training. The prompt template is1106

shown in Figure 6.1107

D Training parameters1108

We optimize the retriever with GRPO implemented1109

in TRL. To stabilize policy updates, we regular-1110

ize the retriever against a frozen reference policy1111

via a KL penalty with coefficient β. During train-1112

ing, rollouts are sampled with temperature and nu-1113

cleus sampling (top-p). Table 4 summarizes the1114

key hyperparameters, grouped by context budget,1115

optimization, sampling, and reward shaping.1116

E Infering Example1117

During inference, our trained model πθ receives a1118

query and multiple document chunks, and outputs1119

the indices of the chunks associated with the query1120

in each document. We map these indexes back to1121

the text form of the chunks, then feed the query1122

Where does the Civil Liberties Act place the blame 
for the internment of U.S. citizens?

{“Document_1”: [0, ...]}

{“Document_2”: [1, ...]}

United States government

Civil Liberties Act … 
internment … U.S. 
citizens …

The act discusses blame 
and historical 
background …

(general description) …

... It apologizes on behalf 
of the people of the 
United States …

It provides reparations …

It acknowledges 
wrongdoing by the 
United States 
government …

Document_1 Document_2

Civil Liberties Act … 
internment … U.S. citizens …

It acknowledges 
wrongdoing by the United 
States government …

Remap

Figure 3: Inference example.

along with these texts and each document’s JSON- 1123

LD into the generator, producing an answer. For 1124

consistency, we use the example in Figure 1, and 1125

this process is illustrated in Figure 3. 1126

F Cost Study 1127

We report the retrieval cost of RES-RAG and a 1128

similarity-threshold heuristic in terms of (1) the 1129

number of selected chunks and (2) the resulting 1130

token budget of the retrieved evidence. Figure 4 1131

summarizes the average and maximum cost per 1132

query on six QA benchmarks. 1133

Overall, the similarity-threshold baseline tends 1134

to over-retrieve, especially on datasets with am- 1135

biguous or multi-hop questions. For example, on 1136

ASQA, Ambig, and HotpotQA, it selects substan- 1137

tially more chunks on average (e.g., 22.93 vs. 4.60 1138

on ASQA and 20.82 vs. 4.32 on Ambig), which 1139

further translates into a much higher token bud- 1140

get (e.g., 318k vs. 7.45k average tokens on ASQA 1141

and 288k vs. 6.86k on Ambig). More importantly, 1142

the heuristic exhibits severe tail cost: the maxi- 1143

mum number of retrieved tokens can reach mil- 1144

lions across several datasets, indicating a high risk 1145

of extreme-context inputs. 1146

In contrast, RES-RAG consistently controls both 1147

the mean and the tail of retrieval cost. This be- 1148

havior is expected because the policy is optimized 1149

under an explicit quality–cost objective, which en- 1150

courages early stopping and avoids including long 1151

or redundant chunks unless they are necessary. No- 1152

tably, on Musique, the chunk-count gap is moder- 1153

ate (8.71 vs. 4.92), while the token gap remains 1154

large (78k vs. 7.30k on average), suggesting that 1155

token cost is dominated not only by how many 1156

chunks are selected but also by how long the se- 1157
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Table 4: Key hyperparameters used in RES-RAG retriever training.

Name Explanation Value

chunk-tokens Maximum token budget for each chunk 8192
max-prompt-length Maximum input length to the retriever 8192
max-completion-length Maximum generation length of the retriever action 1024
batch-size Per-device batch size 1
gradient-accumulation-steps Accumulation steps per update 4
β KL regularization coefficient 0.05
temperature Sampling temperature for training rollouts 1.0
top-p Nucleus sampling threshold for training rollouts 0.8
W Number of rollouts per instance 4
lr Initial learning rate 1e-5
αans Weight of the F1 in the joint reward 2.0
αret Weight of the retrieval-consistency term 1.0
Rmin Lower bound for reward clipping -5.0
Rmax Upper bound for reward clipping 5.0
η Penalty coefficient for budget violation / over-retrieval 2.0

Figure 4: Comparison of costs between RES-RAG and top-k thresholding methods.

lected chunks are. On 2Wiki and TriviaQA, where1158

evidence is typically more localized, the similarity-1159

threshold baseline is less prone to over-retrieval,1160

hence the average-cost gap is smaller; neverthe-1161

less, RES-RAG still reduces the risk of high-cost1162

outliers.1163

These results highlight a practical advantage of1164

RES-RAG: it provides a deployable mechanism to1165

stabilize retrieval cost, reducing latency and the1166

likelihood of exceeding the generator context win-1167

dow, while preserving answer quality.1168
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system: 
You are a Retrieval expert. Your sole responsibility is to receive a Query and Chunks from multiple documents, and then rigorously select the 
indexes(Integer) for the Chunks that are most relevant to the Query.
---
Input Instructions: 
You will receive a Query string and a dictionary of Chunks from multiple documents, where the Chunks are in the following form:
{{
    "Document_i": [[chunk_0], ... [chunk_n]]
}}
---
Selection and Sorting Rules: 
1. A Query typically corresponds to multiple documents, so you can select multiple Chunks from each document and output their indices (integers);
2. You need to carefully consider which Chunks in each document might contain the answer to the current Query. The Chunks you select will be input 
along with the Query to the downstream reader to generate the answer;
---
Output Format: 
Regardless, you must adhere to the following output rules:
1. Your output must be a parsable JSON object;
2. Do not output any ``` tags;
3. Do not output any introductory words;
4. Your output must be the indexes(Integer) of the selected Chunks in each document;
5. The Chunks you select must be sorted in descending order of similarity to the Query.
---
Output Example: 
{{
    "Document_0": [13, 2, 45, 7], 
    "Document_1": [5, 17, 0, 3, 8, 6, 33], 
}}

user: 
Please select Chunks from each document that are relevant to the current Query. 
The Query is: {question}
The document Chunks is as follows: 
<JSON>
{html}
</JSON>

Figure 5: System and user prompt for the retriever model.

system: 
You are a Reader expert. Your only task is to answer the given questions based only on the provided context paragraphs; output a list 
of short answers.
For each Query, you will receive multiple documents associated with it. Each document consists of multiple Chunks, all in 
Markdown format.
---
# Answering Guidelines
1. Answer based on the context only; do not fabricate or introduce outside knowledge. If there is insufficient evidence, output [].
2. Short answers, using concise entity names/numbers/dates/phrases; no explanations, prefixes or suffixes (e.g., "The answer is").
3. When multiple answers are listed side by side (such as aliases, multiple entities, and multiple years), they are listed from high to 
low in order of confidence, and duplicates and noise are removed.
4. Normalization: Remove unnecessary spaces and punctuation; retain numbers/units of measure as is; format dates according to the 
original text; preserve capitalization of proper nouns.
---
# Output format
Your output must be a parseable JSON array. Do not include any ``` or any other descriptive terms other than JSON objects. Your 
output should look like this:
["ans1", ...]

user: 
Please output your answer directly in the form of a parsable JSON array based on the following passages: 
The current Query is: {question}.
The current Chunks are: {item}.
The current JSON-LD are: {JSON-LD}.

Figure 6: System and user prompt for the generator model.
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