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(a) Thinking tokens length dynamics
across GRPO steps.

(b) Rewritten queries tokens length
dynamics across GRPO steps.

(c) Dynamics of two-turn retrieval
reward, across rollout techniques.

User Question: Retrieve a Wikipedia article that
answers: Who wrote God’s Plan? The retriever
you will be using is Contriever.
Assistant: <think>{... Omitted...} Since Con-
triever uses document-to-document retrieval
based on spans from Wikipedia, I should cre-
ate a document that includes key information
about the song. I need to make sure the docu-
ment includes {... Omitted...} Putting it all to-
gether, the hypothetical document should have
the song title as the main heading, followed by
the artist, release year, genre, writer, and a brief
note on its success. </think> <rewrite>"God’s
Plan" was written and produced by Canadian rap-
per and songwriter Drake. Released in 2018 as
the lead single from his fifth studio album "Scor-
pion", the track features a minimalist production
with a repetitive piano loop and a soulful vocal
sample. "God’s Plan" received widespread ac-
claim for its introspective lyrics and became a
commercial success, reaching number one on the
Billboard Hot 100 chart. </rewrite>

(d) Query rewriter learns to rewrite
queries as document-style which

Contriever favors.

User Question: who does dwyane wade play for
right now? You will be using bm25 to retrieve.
Assistant: <think>{... Omitted...} First, I need
to figure out the best way to phrase this query
for BM25. BM25 is a keyword-based retrieval
system, so including relevant keywords is crucial.
The original query is "who does dwyane wade
play for right now." The key elements here are
"Dwyane Wade," "play for," and "right now."
Since BM25 relies on matching keywords in the
document, I should make sure these terms are
included. However, "right now" might be a bit
too specific or could be interpreted as a time-
related keyword. Maybe replacing "right now"
with "current" or "now" could be better. Also,
using "current team" instead of "play for right
now" might be more effective. {... Omitted...}
Between these, "Dwyane Wade current team" is
more likely to yield the correct results because
it’s a common way to phrase such questions.
<rewrite>Dwyane Wade current team
</rewrite>

(e) For bm25, the query rewriter learns to
rewrite queries as keywords-style.

User Question: Jim Price appeared on the
Rolling Stones Album released in what month?
Assistant: {... Omitted...}<rewrite>{... Omit-
ted...}</rewrite> Retrieved Doc: {... Omitted...}
Assistant: {... Omitted...} But looking at the
top documents, doc0 mentions Jim Price tour-
ing with The Rolling Stones from 1970-1973
and appearing on "Sticky Fingers", "Exile on
Main St.", and "Goats Head Soup". Wait, in
the initial retrieval, the first query might have
assumed "Steel Train" was released in May, but
maybe that’s not confirmed in all sources. {...
Omitted...}<rewrite2>Jim Price was a horn ses-
sion player for The Rolling Stones, appearing on
their albums "Sticky Fingers," "Exile on Main
St.," and "Goats Head Soup" during his tenure
from 1970 to 1973. To determine the exact
month of release for the Rolling Stones album
that featured Jim Price, it is necessary to identify
which of these albums were released in a specific
month.</rewrite2>

(f) Two-turn environment-aware retrieval.

Figure 1: (a-c) GRPO learning Dynamics across retrievers and training strategies. (d-f) Case studies.

Abstract001

Recent retrieval-augmented generation (RAG)002
approaches have demonstrated strong capabil-003
ity in handling complex queries, yet current004
research overlooks a critical challenge: differ-005
ent retrievers require fundamentally different006
query formulation strategies for optimal per-007
formance. In this work, we present the first008
systematic analysis of how LLMs can learn009
to adapt their query formulation strategies for010
different retrievers via reinforcement learning011
(RL). Our empirical study reveals that RL ef-012
fectively teaches an LLM to tailor its queries to013

specific retriever characteristics. We discover 014
that different retrievers exhibit surprisingly dis- 015
tinct optimal query styles (e.g., descriptive vs. 016
question-like), suggesting strategies learned for 017
one retriever ineffective for another. We further 018
show that performance can be enhanced by in- 019
corporating retriever-specific human guidance 020
and by scaling model size. To facilitate learning 021
over multi-retrieval-step trajectories, we intro- 022
duce a branching-based rollout technique that 023
improves training stability. Our work provides 024
the first empirical evidence and actionable in- 025
sights for building truly retriever-aware RAG 026
systems. 027
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1 Introduction028

Retrieval-augmented generation (RAG) is a stan-029

dard approach for augmenting the knowledge030

of large language models (LLMs) by generating031

queries and retrieving relevant information from032

external sources. Recently, Agentic RAG has033

emerged as a more sophisticated paradigm that,034

rather than performing a single retrieval step, de-035

composes complex queries and iteratively executes036

multiple retrieval operations to fulfill complex task037

requirements, such as generating comprehensive038

research reports in real-world applications.039

Most agentic RAG approaches treat retrieval as a040

uniform “tool call,” operating under the assumption041

that it occurs exclusively through a single commer-042

cial search engine (e.g., Google) and optimizing043

for that specific engine. However, retrieval from044

locally stored information repositories remains crit-045

ically important in real-world applications, includ-046

ing private financial reports and similar patient case047

databases. In practice, agentic RAG systems must048

accommodate diverse retrieval backends. Different049

retrievers may require distinct optimal query for-050

mulation strategies to maximize retrieval effective-051

ness—an LLM should fundamentally adapt how it052

formulates queries depending on which retriever it053

is querying. However, current research lacks ad-054

equate investigation into how LLMs can develop055

retriever-aware query formulation capabilities.056

In this work, we present the first systematic057

analysis of how LLMs learn to adapt their query058

formulation strategies for different retrievers059

via reinforcement learning (RL). We systemat-060

ically examine the effects of different retriever061

types, the comprehensiveness of human guidance062

in prompts, and the scaling of model size and re-063

trieval steps, via the following research questions.064

RQ1: Can LLMs adapt their query formu-065

lation strategies to local retrievers via RL? If066

so, are strategies learned for one retriever trans-067

ferable to others? We find that RL effectively068

adapts an LLM’s query formulation strategy to lo-069

cal retrievers. Moreover, we discover that different070

retrievers exhibit distinct optimal query formula-071

tion strategies. For example, Contriever (Izacard072

et al., 2022) requires long-form descriptive queries073

while Qwen3-Embedding (Zhang et al., 2025) per-074

forms better with question-like queries. Conse-075

quently, strategies optimized for one retriever can-076

not be effectively transferred to different retrievers.077

RQ2: How does the comprehensiveness of hu-078

man guidance in prompts affect the learning 079

of query formulation? We design three levels 080

of knowledge comprehensiveness in human guid- 081

ance: from general query rewriting strategies to 082

retriever-specific query formulation by human ex- 083

perts. We find that more comprehensive retriever- 084

specific knowledge in prompts leads to better LLM 085

performance, suggesting that LLMs benefit from 086

human expertise to guide RL exploration in query 087

formulation. 088

RQ3: Can we enhance query formulation per- 089

formance by scaling up model size and the num- 090

ber of retrieval steps? We find that larger models 091

achieve better performance and can even discover 092

policies that human experts do not anticipate. More- 093

over, to support multi-step retrieval trajectories dur- 094

ing rollouts, we introduce a branching technique 095

that isolates the learning signal to the final turn. 096

Experimental results show that increasing the num- 097

ber of retrieval steps enhances query formulation 098

capability, as the model can leverage documents 099

retrieved in earlier steps to refine subsequent query 100

formulation strategies. 101

We summarize our key contribution as follows: 102

(1) We present the first systematic empirical study 103

analyzing how LLMs learn to adapt their query 104

formulation strategies for different retrievers via re- 105

inforcement learning. (2) Our results reveal distinct 106

optimal query formulation strategies for prominent 107

retrievers, providing actionable insights for RAG 108

system practitioners. (3) We introduce a branching- 109

based optimization technique to support multi-step 110

retrieval trajectory rollouts, facilitating stable RL 111

training for multi-step query strategy optimization. 112

2 Methodology 113

We formulate retriever-aware query adaptation as 114

a reinforcement learning (RL) problem, in which 115

an LLM–based query rewriter policy πθ learns to 116

generate optimal search queries q for a given black- 117

box retriever environment E , conditioned on a user- 118

issued question. The policy is optimized using 119

Group Relative Policy Optimization (GRPO) (Shao 120

et al., 2024), which enables stable learning without 121

requiring a value-function critic. 122

2.1 Reward Function Formulation 123

A critical component of our framework is the re- 124

ward signal provided by the environment. For a 125

generated query q, the retriever returns a set of 126

documents D. We define the reward r(q,D) as 127
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the Normalized Discounted Cumulative Gain128

(nDCG@10) of the retrieved documents D with129

respect to the ground-truth passage d∗. We select130

nDCG over simple recall to incentivize the model131

to not only find the correct document but to rank it132

highly, mirroring real-world RAG requirements.133

2.2 Scenario 1: Single-Turn Retrieval134

In the single-turn setting, the policy generates a135

rewrite q given an input x. For each input, we136

sample a group of G outputs {q1, ..., qG} from the137

policy πθold . The GRPO objective is maximizing:138

LGRPO(θ) = − 1

G

G∑
i=1

1

|yi|

|yi|∑
t=1

[
min (ρi,tAi, clip(ρi,t, 1− ϵ, 1 + ϵ)Ai)

− βDKL(πθ||πref )
]

,

(1)139

where ρi =
πθ(qi|x)

πθold
(qi|x) is the importance sampling140

ratio. The advantage Ai is computed by normaliz-141

ing the reward ri against the group statistics:142

Ai =
ri − µgroup

σgroup + δ
, (2)143

where µgroup and σgroup are the mean and standard144

deviation of rewards within the group.145

2.3 Scenario 2: Multi-Turn Iterative Retrieval146

To enable the agent to refine queries based on initial147

feedback, we define a multi-turn trajectory τi =148

[qi,1, ei,1, qi,2, ei,2, ..., qi,K ], where qi,k is the query149

(and reasoning) at turn k, and ei,k represents the150

search results (masked during training).151

Weighted Reward Aggregation. To value the152

final answer while encouraging useful intermediate153

steps, we compute the total trajectory reward Ri as154

a weighted sum:155

Ri =
K∑
k=1

λk · r(qi,k, ei,k). (3)156

In practice, we assign a higher weight to later157

rounds, which is discussed in implementation de-158

tails and multi-round training techniques section.159

2.4 Branching Rollout Strategy160

A key challenge in multi-turn RL is the high vari-161

ance of intermediate rewards, which leads to train-162

ing collapse. Hence, we introduce a Branching163

Rollout strategy that stabilizes credit assignment.164

In this work, we focus on a two-turn RL setting.165

Instead of independent linear trajectories (e.g., 16×166

1), we implement a branching structure (e.g., 4× 167

4) where we sample M first-turn actions, and for 168

each, branch into N second-turn completions. This 169

yields two benefits: 170

• Monte Carlo Estimation for Turn 1: The value 171

of a first-turn action qi,1 is estimated by averaging 172

over its N branches, providing a robust signal for 173

the intermediate step: 174

V (qi,1) ≈ r(qi,1) +
1

N

N∑
j=1

r(q
(j)
i,2 ). (4) 175

• Variance Reduction for Turn 2: By grouping 176

the N branches that share the same history, the 177

baseline (mean reward) becomes specific to that 178

sub-group. This isolates the learning signal for 179

the second turn, ensuring that the advantage cal- 180

culation reflects the quality of the second rewrite 181

independent of the first turn’s quality. 182

3 Experiments 183

3.1 Settings 184

In-distribution Evaluation We leverage RAG- 185

Bench (Friel et al., 2024), a large-scale benchmark 186

for evaluating retrieval-augmented generation sys- 187

tems. RAGBench comprises more than 100,000 188

samples, spans a broad range of general and special- 189

ized domains, and exhibits substantial variation in 190

document structure and information needs, which 191

makes it well suited for a comprehensive evalua- 192

tion of model performance. To adapt RAGBench 193

for retrieval tasks, we first aggregate all documents 194

in the dataset into a global retrieval corpus, and 195

treat the questions as search queries and their as- 196

sociate contexts as the positive pair for retrieval. 197

Additionally, for corpus de-duplication, we employ 198

Qwen-Embedding-0.6B (Zhang et al., 2025) to en- 199

code the documents, retaining only one instance 200

from pairs that share a similarity greater than 0.99. 201

OOD Evaluation To evaluate the transferability 202

of LLM query rewriter trained on general-domain 203

RAG datasets like RAGBench, we conduct zero- 204

shot experiments to the commonly-used BEIR 205

benchmark (Thakur et al., 2021). 206

Domain-specific Transfer To evaluate how well 207

retriever-aware query rewriters trained on general- 208

domain datasets generalize to challenging domain- 209

specific environments, we conduct an in-depth case 210

study in the financial domain. Although underex- 211

plored in existing retrieval benchmarks, finance is 212
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Question-to-Statement Rewriting Policy discovered by
a 14B agent under Contriever environment.
User Question: Is it possible to be white and latino?

assistant: <think> Okay, let’s tackle this question. The
user is asking if it’s possible to be both white and Latino.
I need to figure out the best way to rewrite the query for
Contriever to get the most relevant documents.
( ) First, I should understand what Contriever does. It’s
trained on Wikipedia articles, using two spans as positive
pairs. So, the model is good at finding documents where
two phrases are related. The original query is about the
intersection of race and ethnicity, specifically being white
and Latino. {... More verbose reasoning omitted}... To
get the best results, the rewritten query should capture
the essence of the question. ( ) Instead of a direct ques-
tion, maybe a statement that reflects the core of the
query. For example, "White individuals identifying as
Latino" or "Intersection of race and ethnicity in Latino
communities." ( ) But I need to make sure it’s a query
that Contriever can handle effectively.
Another angle is to use terms that are more likely to ap-
pear in Wikipedia articles. Terms like "ethnicity and race
intersection," "Latino identity," or "multiracial identity."
Maybe combining both terms in a way that Contriever can
retrieve documents discussing both aspects.
( )Wait, the original question is a yes/no question, but
Contriever might perform better with a more descriptive
query. Alternatively, using a phrase that’s more likely to
appear in documents discussing both concepts. Maybe
"Latino and white identity intersection" or "Can someone
be both white and Latino." {... More verbose reasoning
omitted}...
After considering these options, the best approach is to
( ) rephrase the question into a statement that clearly
states the intersection, which is likely to be covered in rel-
evant documents. So, the rewritten query might be "Can
a person be both white and Latino?" which is similar to
the original but phrased as a statement that Contriever
can retrieve documents about. </think>
<rewrite> Being white and Latino </rewrite>
—————–
( ) Result Metric: nDCG@10 of 0.965

Figure 2: Novel Strategy Discovery by rewriting agents.
Emojis are annotated with meanings: : Retriever-
aware reflections. : Policy Proposal. : Policy
Confirmation. : Successful Retrieval which yields
advantage in GRPO rollouts.

an ideal stress test for cross-domain transfer due to213

(1) its pronounced distribution shift from general-214

domain corpora induced by domain-specific termi-215

nology (e.g., SG&A, currency fluctuation, gross216

margin), (2) the hybrid structure of financial doc-217

uments that interleaves text with tabular content,218

and (3) the practical relevance of information re-219

trieval in real-world workflows in finance. To this220

end, we construct a financial retrieval environment221

leveraging FinAgentBench (Choi et al., 2025) and222

describe the process in detail in Appendix B.223

3.2 Implementation Details224

Infrastructure We serve the retrieval environ-225

ments (retrievers and pre-indexed corpus) as APIs226

using FastAPI and uvicorn. The retrieval environ- 227

ments are served on different nodes, isolated from 228

the main GRPO training process, which secures no 229

interference with the RL training. 230

RL implementation For multi-turn search, we 231

assign 0.5 weighting to the first-round retrieval and 232

1 to the second-sround retrieval. We apply mask- 233

ing to the search results returned by the retrievers, 234

and only compute the loss of the reasoning and the 235

rewritten queries. This is based on the principle 236

of not punishing or rewarding a model for texts 237

it didn’t generate. We further ablate whether it is 238

more optimal to apply n2 rollouts to the full uncon- 239

ditional two-turn search trajectories, or n rollouts 240

to the second-turn rewriting conditioned on n first- 241

turn rewriting and search results. 242

Retrievers We select four representative retrieval 243

systems, including Qwen3-Embedding (Zhang 244

et al., 2025), all-MiniLM-L6-v2 (Team of 245

Sentence-Transformers, 2025), Contriever (Izac- 246

ard et al., 2022), and BM25 (Crestani et al., 1998). 247

Qwen3-Embedding and all-MiniLM-L6-v2 are 248

dense embedding models trained on large-scale 249

supervised pairs, and they respectively represent 250

decoder/high-capability/large and encoder/low- 251

capability/small models. 252

Contriever is an unsupervised representation 253

model trained on randomly cropped spans of 254

Wikipedia article as positive pairs. Therefore, Con- 255

triever intuitively prefers retrieving documents us- 256

ing document-style query, while providing surpar 257

performance using question-style query. 258

BM25 is a sparse retrieval algorithm, which in 259

its nature prefers keyword-style retrieval. When 260

the metadata (e.g., inverse document frequency) is 261

computed on non-massive corpus, it is also sensi- 262

tive to small-variants of phrasing and spelling (e.g., 263

carryforward vs. carryforwards). 264

We follow the optimal encoding setting of all 265

retrieval systmes, such as using mean pooling for 266

Contriever, and using the query instruction tem- 267

plate for Qwen3-Embedding, etc. 268

4 Results 269

4.1 Main Results 270

RQ1.1: Can LLMs adapt their query formula- 271

tion strategies to local retrievers via RL? We 272

observe significant performance gains across di- 273

verse retrievers on the in-distribution RAGBench 274

dataset (Table 1). Adapting query formulation 275
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Retriever CovidQA DelucionQA EManual ExpertQA FinQA HAGRID HotpotQA MS Marco PubmedQA TAT-QA TechQA Avg.

Contriever 36.0 61.6 55.1 52.5 14.4 68.9 43.8 72.0 62.3 8.6 24.7 45.5
Contriever + rewrite general 40.4 70.0 65.7 60.8 21.0 85.8 64.1 77.2 71.4 13.6 30.0 54.5↑
Contriever + rewrite direct 42.1 71.3 71.1 62.6 23.3 87.2 63.9 78.1 72.9 14.9 31.9 56.3↑
Contriever + rewrite explore 41.9 72.1 65.2 54.7 18.1 82.4 63.9 77.2 68.5 12.3 27.9 53.2↑
Contriever + rewrite general + turn2 41.8 68.7 62.8 64.0 22.9 87.9 68.1 76.0 69.9 13.9 30.9 55.2↑
Contriever + rewrite direct + turn2 42.6 70.1 71.5 63.5 23.3 86.1 64.9 78.5 73.0 15.0 32.5 56.5↑

BM25 30.8 57.3 40.0 50.6 20.0 67.3 68.7 57.9 48.1 10.4 44.0 45.0
BM25 + rewrite general 37.6 66.1 56.1 49.2 29.3 74.9 71.1 69.8 58.6 21.5 49.7 53.1↑
BM25 + rewrite explore 40.5 66.1 66.3 46.1 33.4 77.9 82.6 72.5 61.9 24.9 53.7 56.9↑
BM25 + rewrite direct 40.2 66.0 66.2 47.0 31.3 77.4 82.2 71.3 61.7 24.4 50.1 56.2

all-MiniLM-L6-v2 39.7 68.1 65.5 61.2 11.1 84.4 58.8 79.3 72.2 11.2 30.3 52.9
all-MiniLM-L6-v2 + rewrite general 41.4 72.1 71.1 61.2 13.5 86.4 61.1 81.8 75.4 13.7 31.4 55.4↑

Qwen3-Embedding-0.6B 56.3 77.8 73.7 66.7 27.1 89.2 67.0 81.0 79.1 17.6 41.2 61.5
Qwen3-Embedding-0.6B + rewrite general 60.5 83.4 77.4 66.9 30.0 89.4 68.0 84.5 83.2 20.1 41.2 64.1↑

Table 1: Results of LLM query rewriters with different retrievers on the RAGBench.

Retriever ArguAna MSMARCO TREC-COVID NFCorpus NQ HotpotQA FiQA Touché Quora DBPedia SCIDOCS FEVER Climate-FEVER SciFact Avg.

Contriever 33.55 36.62 17.36 27.11 18.05 41.01 12.41 6.75 83.36 25.08 10.97 27.22 7.16 57.14 28.84
w/ Our rewriter 32.75 49.23↑ 32.08↑ 26.71 36.28↑ 52.44↑ 16.17↑ 7.68↑ 77.27 32.18↑ 13.10↑ 37.52↑ 11.75↑ 64.54↑ 34.98↑

w/ Gemini-2.5-flash
- general prompt 31.21 38.34 28.21 26.58 16.36 39.16 10.33 4.58 68.99 23.38 10.55 22.34 6.21 51.31 26.97
- specific Contriever prompt 30.72 37.08 28.13 26.25 18.70 39.40 10.13 3.85 64.87 25.70 10.79 24.77 6.47 56.70 27.40

Table 2: Zero-shot Adaptation of LLM query rewriters to the BEIR benchmark.

Retriever FinAgentBench

Contriever 6.43
Contriever + rewrite 7.39↑

BM25 8.17
BM25 + rewrite 9.02↑

all-MiniLM-L6-v2 6.69
all-MiniLM-L6-v2 + rewrite 7.17↑

Qwen3-Embedding-0.6B 9.10
Qwen3-Embedding-0.6B + rewrite 10.81↑

Table 3: nDCG@10 performance on FinAgentBench.

to the specific retriever—whether through gen-276

eral prompts, specific instructions, or exploratory277

RL—consistently outperforms the baseline usage278

of the retriever alone, e.g., the BM25 retriever sees279

a substantial jump in nDCG@10 when using the280

“explore” rewriting strategy compared to its raw281

baseline. This confirms that the model success-282

fully learns distinct “dialects” suited for different283

backends.284

The learned query rewriter LLM agents also285

demonstrate strong generalization capabilities286

when applied to out-of-distribution and domain-287

specific environments. On the BEIR benchmark288

(Table 2), our query rewriter improves the average289

performance of Contriever from 28.84 to 34.98 in290

a zero-shot setting. In contrast, Gemini-2.5-Flash291

fails to provide useful rewritten queries even if un-292

der the specific prompts aligned with our rewriters,293

resulting in performance drop.294

Furthermore, results on the specialized FinA-295

gentBench (Table 3) show universal improvements296

across all tested systems—including Contriever,297

BM25, and Qwen3-Embedding—proving that the298

learned structural adaptations remain effective even 299

under significant domain shifts. 300

4.2 Measuring the Discrepancy of Optimal 301

Queries 302

RQ1.2: Can strategies learned for one retriever 303

transferable to others? To quantify the trans- 304

ferability of learned query formulation strategies 305

across retrievers, we introduce Retrieval Environ- 306

ment MMD (RE-MMD), a metric based on Maxi- 307

mum Mean Discrepancy that measures the distance 308

between the distributions of optimal queries in a 309

source retrieval environment Esrc and a target envi- 310

ronment Etgt. We decompose distributional discrep- 311

ancies into two complementary types of drift: 312

• Semantic Drift (Intent). Do the queries target 313

different underlying information needs? We mea- 314

sure this using a dense semantic encoder ϕsem 315

(e.g., MiniLM) that maps queries into an intent 316

representation space. 317

• Structural Drift (Formulation). Do the 318

queries differ in their surface-level formulation 319

or “dialect” (e.g., keyword-based versus natural- 320

language expressions)? We capture this using 321

lexical representations ϕstruct. 322

Formally, we define the squared RE-MMD 323

distance in a Reproducing Kernel Hilbert 324

Space (RKHS) H as: RE-MMD2(Esrc, Etgt) = 325∥∥µsrc − µtgt
∥∥2
H, where µ = Eq∼P [ϕ(q)] denotes 326

the expected embedding of successful queries 327

in corresponding environments. Details of the 328

empirical estimation using kernel-based methods 329

are in Appendix C. 330
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Figure 3: Measuring semantic and structural drifts of
optimal query across retrieval environments. Scores are
our proposed RE-MMD multiplied by 100.

Results. Figure 5 reports the RE-MMD scores331

(times 100) across retriever pairs. We observe a332

clear contrast between the two types of drift. Se-333

mantic RE-MMD remains consistently low (typ-334

ically < 2.0), indicating that the underlying infor-335

mation need is largely preserved across retrievers.336

In contrast, Structural RE-MMD is an order of337

magnitude larger (often > 20.0), especially be-338

tween sparse retrievers (e.g., BM25) and dense339

retrievers (e.g., Contriever). These results provide340

quantitative evidence that strategy transfer failures341

are primarily stylistic rather than intentional: the342

agent fails not because it seeks different informa-343

tion, but because it cannot effectively “code-switch”344

into the query formulation style—such as keyword345

density versus declarative phrasing—required by346

the target retrieval environment. Overall, our find-347

ings suggest that query formulation policies opti-348

mized for one retriever generally do not transfer349

reliably to others.350

4.3 Human Guidance in Prompt351

RQ2: How does the comprehensiveness of hu-352

man guidance in prompts affect the learning of353
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Figure 4: Learning dynamics across different prompt
methods and model sizes of query rewriter LLM.

query formulation? Prompt design is known to 354

substantially influence the learning dynamics of 355

GRPO-based optimization. In this section, we in- 356

vestigate how different levels of human guidance 357

embedded in prompts shape the learning behav- 358

ior of query formulation policies. Specifically, we 359

analyze learning dynamics under different prompt 360

priors that vary in the amount of retriever-specific 361

knowledge provided to the model. 362

We conduct in-depth experiments in retrieval 363

environments built with Contriever and bm25, 364

which represent two retriever classes with distinct 365

and human-interpretable optimal query behaviors. 366

Owing to its document span, document span con- 367

trastive training objective, Contriever is expected 368

to perform best when the original query is trans- 369

formed into a hypothetical document resembling 370

the target document. In contrast, the statistical 371

nature of bm25 inherently favors concise, keyword- 372

oriented queries. 373

We design three levels of prompt comprehensive- 374

ness: 375

• General Prompts. We provide general query 376

rewriting guidelines along with five candidate 377

rewriting strategies. The query rewriter is in- 378

structed to reason over these options and select 379

one strategy per rollout. In this setting, the 380

rewriter is not informed of the underlying re- 381

triever and must infer its behavior solely through 382

GRPO reward signals during training. 383
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• Exploratory Prompts. We inform the query384

rewriter of the retriever being used and provide a385

high-level description of how it was trained. The386

rewriter is encouraged to explore and infer an387

optimal query formulation strategy based on its388

understanding of the retriever’s behavior.389

• Specific Prompts. We explicitly inform the390

query rewriter of the retriever and prescribe a391

concrete query formulation strategy provided392

from human experts, e.g., hypothetical document393

generation for Contriever and keyword-based394

rewriting for bm25. The rewriter is instructed to395

apply only this retriever-specific strategy.396

Figure 4 illustrates the learning dynamics for397

Contriever. The general prompt achieves a rea-398

sonable initial performance but improves slowly, as399

the large space of rewriting choices makes explo-400

ration inefficient. The exploratory prompt yields401

the strongest initial performance and rapid improve-402

ment within the first 50 training steps. However,403

we observe that the model quickly converges to a404

suboptimal policy that emphasizes keyword match-405

ing, which it prematurely identifies as effective for406

Contriever. This early policy collapse leads to407

convergence around the 200th step. In contrast,408

the specific prompt, which enforces hypothetical409

document generation, achieves the best final per-410

formance. Although this setting starts from a rel-411

atively weaker initial point—due to the rewriter’s412

random guesses about the structure of target doc-413

uments in the black-box corpus—it benefits from414

consistent guidance and gradually refines its strat-415

egy through GRPO rollouts, ultimately exhibiting416

higher performance and slower convergence.417

The conclusions differ for bm25, where the ex-418

ploratory prompt outperforms the specific prompt,419

with both substantially outperforming the general420

prompt. Notably, even under exploratory prompts,421

the rewriter infers early in training that keyword-422

style queries are optimal for bm25. This can be at-423

tributed to bm25 being a well-established retrieval424

algorithm whose underlying principles are exten-425

sively discussed in the pretraining corpora of LLMs.426

In contrast, general prompts yield the poorest ini-427

tial performance, as bm25’s sensitivity to lexical428

choices causes many suboptimal rewrites to largely429

degrade early-stage rewards.430

Taken together, these seemingly contrasting re-431

sults reveal an intuitive principle: when an LLM432

lacks sufficient prior knowledge or reasoning ca-433

pability about a retriever’s optimal query strat-434

egy, explicit human expert guidance can effectively 435

steer RL exploration and improve learning out- 436

comes. Conversely, when the retriever’s behav- 437

ior is already well captured in the model’s pre- 438

training knowledge, exploratory prompts are suf- 439

ficient—and can even outperform rigid, human- 440

prescribed strategies. 441

4.4 Scaling of Model Size and Retrieval Steps 442

RQ3.1: Can we enhance query formulation per- 443

formance by scaling up model size? We exam- 444

ine the effect of LLM model size on query formu- 445

lation performance. As shown in Figure 4, increas- 446

ing the rewriter size to 14B enables the model to 447

break through the performance plateaus observed 448

for the 4B and 8B variants. This behavior high- 449

lights the role of increased model capacity and 450

world knowledge in enabling more diverse and ef- 451

fective exploration, thereby mitigating premature 452

policy collapse during RL training. 453

Concretely, while prior knowledge—either 454

learned implicitly (e.g., the 8B model discover- 455

ing that longer queries are beneficial under gen- 456

eral prompts) or provided explicitly via human 457

expert guidance (e.g., document-style queries for 458

Contriever)—suggests that longer or document- 459

like queries are optimal, the 14B model goes 460

beyond these assumptions. Under exploratory 461

prompts, it discovers a distinct strategy that can 462

be characterized as statement-style queries, which 463

differ from both question-form and document-style 464

rewrites. For example, given the original query Is it 465

possible to be white and Latino?”, a question-style 466

rewrite such as Can someone be both white and 467

Latino?” achieves an nDCG@10 of 0.542, whereas 468

a concise statement-style rewrite—“Being white 469

and Latino”—surprisingly attains an nDCG@10 470

of 0.965. This strategy emerges naturally from 471

RL training with a 14B model under exploratory 472

prompts, as illustrated in Figure 2. 473

We further observe that the diversity of strategy 474

exploration scales with model size. At the early 475

stages of training, larger models exhibit lower ini- 476

tial average rewards, reflecting broader exploration 477

over a wider range of candidate rewriting strategies, 478

many of which are initially suboptimal. This in- 479

creased exploratory behavior, however, ultimately 480

enables the discovery of more effective query for- 481

mulation policies. 482

Overall, the model scaling results reinforce in- 483

sights from the prompt ablation studies in the pre- 484

vious section. When base models lack sufficient 485
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Figure 5: Training dynamics comparison of independent and branching rollout techniques

internal knowledge about retriever-specific behav-486

iors, human expert–driven prompts can effectively487

constrain the search space and guide learning to-488

ward strong policies. In contrast, larger and more489

capable models are able to discover non-obvious490

strategies that even human experts may not an-491

ticipate, allowing them to escape the local policy492

optima that constrain smaller models such as the493

4B and 8B variants.494

RQ3.2: Can we enhance query formulation per-495

formance by scaling up retrieval steps? We496

observe that the 4× 4 Strategy (branching) signif-497

icantly outperforms the 16× 1 Strategy (indepen-498

dent) in training stability. This performance gap499

stems from how the branching structure solves the500

credit assignment problem inherent in our shared501

reward function (Rtotal = 0.5Rturn1 +Rturn2).502

The branching strategy isolates the learning sig-503

nal for the second turn. By generating k = 4 con-504

tinuations from a fixed first-round outcome, the505

first-round reward becomes a constant C within506

that subgroup. When calculating the advantage for507

the second turn, this constant cancels out:508

A
(i)

turn2 ≈ (0.5C +R
(i)

turn2)−Esiblings[0.5C +Rturn2]. (5)509

This effectively removes the noise from the first510

turn, allowing the model to receive a precise gradi-511

ent based solely on the quality of the second turn.512

Simultaneously, the 4× 4 strategy stabilizes the513

first turn by acting as a Monte Carlo estimator for514

its value. In the 16× 1 strategy, the "future value"515

of a first-round rewrite is based on a single, noisy516

second-round sample. In contrast, the 4× 4 strat-517

egy estimates the value of a first-round action by518

adding its immediate reward to the average reward519

of the subsequent four second-round attempts that520

follow it. This tells the model: "Given this specific521

first-round attempt, here is the expected outcome522

if we try 4 different second-round attempts." This523

averaging reduces variance in the reward signal 524

for the first turn, preventing the training collapse 525

observed in the independent baseline. 526

5 Related Work 527

Prior approaches mitigate semantic mismatches via 528

pipeline rewriting (Ma et al., 2023) or zero-shot 529

expansion (Gao et al., 2023). While Reinforcement 530

Learning has been used to align rewrites with gen- 531

eration goals (Nogueira and Cho, 2017; Chan et al., 532

2024), these methods typically assume a uniform 533

retrieval environment. In contrast, we systemati- 534

cally analyze retriever-specific adaptation, address- 535

ing the “structural drift” where policies tailored for 536

one backend fail to transfer to others. 537

Agentic frameworks like Self-RAG (Asai et al., 538

2024) and Adaptive-RAG (Mallen et al., 2023) uti- 539

lize dynamic, multi-turn retrieval but often face 540

training instability in long-horizon trajectories 541

(Shao et al., 2023). Complementing research on the 542

retriever-generator preference gap (Xu et al., 2024), 543

we introduce a branching rollout technique that ef- 544

fectively stabilizes the optimization of multi-step 545

query formulation strategies. 546

6 Conclusion 547

We present the first systematic study on adapting 548

LLM query formulation to specific retrievers via 549

Reinforcement Learning. We demonstrate that op- 550

timal strategies are highly retriever-dependent and 551

quantify this stylistic transfer failure as “Structural 552

Drift.” Furthermore, we find that scaling model 553

size enables the discovery of non-intuitive strate- 554

gies that outperform expert heuristics. Finally, our 555

proposed branching rollout technique stabilizes 556

multi-turn training, paving the way for robust, truly 557

retriever-aware RAG systems. 558
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Limitations559

First, our study focuses exclusively on text-only560

retrievers and text-based document collections, and561

does not consider multimodal retrievers that can562

retrieve heterogeneous content such as images or563

audio. Extending our analysis to multimodal re-564

trieval settings is an important direction for future565

work. Second, in our experiments on scaling the566

number of retrieval steps, we limit our evaluation567

to one-step and two-step retrieval. While these set-568

tings are sufficient to demonstrate the benefits of569

multi-step retrieval, it would be valuable to inves-570

tigate learning dynamics and performance trends571

under longer retrieval trajectories in future studies.572
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A Appendix: RAGBench 717

RAGBench (Friel et al., 2024) is a large-scale RAG 718

benchmark dataset which comprises more than 719

100,000 samples across diverse domains such as 720

finance, law, and healthcare. Specifically, RAG- 721

Bench collects extensive QA datasets, including 722

CovidQA (Möller et al., 2020), PubMedQA (Jin 723

et al., 2019), HotpotQA (Yang et al., 2018), MS 724

Marco (Bajaj et al., 2016), CUAD (Hendrycks 725

et al., 2021), EManual (Nandy et al., 2021), 726

TechQA (Castelli et al., 2020), FinQA (Chen 727

et al., 2021), TAT-QA (Zhu et al., 2021), Ex- 728

pertQA (Malaviya et al., 2024), and HAGRID (Ka- 729

malloo et al., 2023). 730

B Appendix: FinAgentBench and its 731

Adaptation 732

FinAgentBench (Choi et al., 2025) is a financial 733

information retrieval benchmark which contains 734

over 18,000 samples curated by experts from SEC 735

filings between 2023 and 2024. In the original 736

benchmark, each sample is formulated as a single 737

large prompt that combines ranking instructions, 738

a financial question, and a set of candidate doc- 739

ument chunks, which are annotated with graded 740

relevance labels. To adapt FinAgentBench to a stan- 741

dard retrieval setting, we decompose each prompt 742

into its constituent components and extract unique 743

questions and document chunks across all sam- 744

ples. Because the same question may appear in 745

multiple samples (e.g., when posed over different 746

filings), and the same set of document chunks may 747

be reused across samples (e.g., when multiple ques- 748

tions are asked about the same filing), we pool ques- 749

tions and chunks globally and retain only unique 750

instances via exact matching, without any addi- 751

tional normalization or model-based processing. 752

We then inherit relevance annotations from the orig- 753

inal benchmark by mapping each question-chunk 754

pair to its corresponding relevance label, thereby 755

constructing a conventional retrieval dataset con- 756

sisting questions, documents, and graded relevance 757

judgments. 758

C Appendix: RE-MMD Empirical 759

Estimation 760

In Section 4.2, we defined RE-MMD as the 761

distance between mean embeddings in a high- 762

dimensional feature space. Directly computing the 763

embedding ϕ(q) is often intractable. Therefore, we 764
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apply the kernel trick k(q, q′) = ⟨ϕ(q), ϕ(q′)⟩H to765

estimate the distance empirically.766

Given a set of successful query trajectories767

Qsrc = {x1, ..., xn} from Esrc and Qtgt =768

{y1, ..., ym} from Etgt, we employ the unbiased769

estimator:770

RE-MMD2 =
1

n(n− 1)

∑
i ̸=j

k(xi, xj)

+
1

m(m− 1)

∑
i ̸=j

k(yi, yj)

− 2

nm

∑
i,j

k(xi, yj)

(6)771

To diagnose the nature of the drift, we utilize772

two distinct kernel functions:773

1. Semantic Kernel. To measure intent drift, we774

use the Gaussian RBF kernel over dense embed-775

dings (e.g., MiniLM):776

ksem(x, y) = exp

(
−||ϕsem(x)− ϕsem(y)||2

2σ2

)
(7)777

This captures non-linear semantic similarities be-778

tween queries.779

2. Structural Kernel. To measure lexi-780

cal/stylistic drift, we use a Linear kernel over sparse781

lexical features (TF-IDF):782

kstruct(x, y) = ⟨ϕstruct(x), ϕstruct(y)⟩ (8)783

This is equivalent to the Euclidean distance of cen-784

troids in the lexical space, capturing explicit diver-785

gence in vocabulary usage and query formulation786

style.787
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