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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.

Abstract
Recent retrieval-augmented generation (RAG)
approaches have demonstrated strong capabil-
ity in handling complex queries, yet current
research overlooks a critical challenge: differ-
ent retrievers require fundamentally different
query formulation strategies for optimal per-
formance. In this work, we present the first
systematic analysis of how LLMs can learn
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to adapt their query formulation strategies for
different retrievers via reinforcement learning
(RL). Our empirical study reveals that RL ef-
fectively teaches an LLM to tailor its queries to
specific retriever characteristics. We discover
that different retrievers exhibit surprisingly dis-
tinct optimal query styles (e.g., descriptive vs.
question-like), suggesting strategies learned for
one retriever ineffective for another. We fur-
ther show that performance can be enhanced
by incorporating retriever-specific human guid-
ance and by scaling model size. To facilitate
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learning over multi-retrieval-step trajectories,
we introduce a branching-based rollout tech-
nique that improves training stability. Our work
provides the first empirical evidence and action-
able insights for building truly retriever-aware
RAG systems. Code and resources are available
at LCO-Embedding/Envs-aware-Information-
Retrieval.

1 Introduction

Retrieval-augmented generation (RAG) is a stan-
dard approach for augmenting the knowledge
of large language models (LLMs) by generating
queries and retrieving relevant information from
external sources. Recently, Agentic RAG has
emerged as a more sophisticated paradigm that,
rather than performing a single retrieval step, de-
composes complex queries and iteratively executes
multiple retrieval operations to fulfill complex task
requirements, such as generating comprehensive
research reports in real-world applications.

Most agentic RAG approaches treat retrieval as a
uniform “tool call,” operating under the assumption
that it occurs exclusively through a single commer-
cial search engine (e.g., Google) and optimizing
for that specific engine. However, retrieval from
locally stored information repositories remains crit-
ically important in real-world applications, includ-
ing private financial reports and similar patient case
databases. In practice, agentic RAG systems must
accommodate diverse retrieval backends. Different
retrievers may require distinct optimal query for-
mulation strategies to maximize retrieval effective-
ness—an LLM should fundamentally adapt how it
formulates queries depending on which retriever it
is querying. However, current research lacks ad-
equate investigation into how LLMs can develop
retriever-aware query formulation capabilities.

In this work, we present the first systematic
analysis of how LLMs learn to adapt their query
formulation strategies for different retrievers
via reinforcement learning (RL). We systemat-
ically examine the effects of different retriever
types, the comprehensiveness of human guidance
in prompts, and the scaling of model size and re-
trieval steps, via the following research questions.

RQ1: Can LLMs adapt their query formu-
lation strategies to local retrievers via RL? If
so, are strategies learned for one retriever trans-
ferable to others? We find that RL effectively
adapts an LLM’s query formulation strategy to lo-
cal retrievers. Moreover, we discover that different

retrievers exhibit distinct optimal query formula-
tion strategies. For example, Contriever (Izacard
et al., 2022) requires long-form descriptive queries
while Qwen3-Embedding (Zhang et al., 2025) per-
forms better with question-like queries. Conse-
quently, strategies optimized for one retriever can-
not be effectively transferred to different retrievers.

RQ2: How does the comprehensiveness of hu-
man guidance in prompts affect the learning
of query formulation? We design three levels
of knowledge comprehensiveness in human guid-
ance: from general query rewriting strategies to
retriever-specific query formulation by human ex-
perts. We find that more comprehensive retriever-
specific knowledge in prompts leads to better LLM
performance, suggesting that LLMs benefit from
human expertise to guide RL exploration in query
formulation.

RQ3: Can we enhance query formulation per-
formance by scaling up model size and the num-
ber of retrieval steps? We find that larger models
achieve better performance and can even discover
policies that human experts do not anticipate. More-
over, to support multi-step retrieval trajectories dur-
ing rollouts, we introduce a branching technique
that isolates the learning signal to the final turn.
Experimental results show that increasing the num-
ber of retrieval steps enhances query formulation
capability, as the model can leverage documents
retrieved in earlier steps to refine subsequent query
formulation strategies.

We summarize our key contribution as follows:
(1) We present the first systematic empirical study
analyzing how LLMs learn to adapt their query
formulation strategies for different retrievers via re-
inforcement learning. (2) Our results reveal distinct
optimal query formulation strategies for prominent
retrievers, providing actionable insights for RAG
system practitioners. (3) We introduce a branching-
based optimization technique to support multi-step
retrieval trajectory rollouts, facilitating stable RL
training for multi-step query strategy optimization.

2 Methodology

We formulate retriever-aware query adaptation as
a reinforcement learning (RL) problem, in which
an LLM–based query rewriter policy πθ learns to
generate optimal search queries q for a given black-
box retriever environment E , conditioned on a user-
issued question. The policy is optimized using
Group Relative Policy Optimization (GRPO) (Shao
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et al., 2024), which enables stable learning without
requiring a value-function critic.

2.1 Reward Function Formulation

A critical component of our framework is the re-
ward signal provided by the environment. For a
generated query q, the retriever returns a set of
documents D. We define the reward r(q,D) as
the Normalized Discounted Cumulative Gain
(nDCG@10) of the retrieved documents D with
respect to the ground-truth passage d∗. We select
nDCG over simple recall to incentivize the model
to not only find the correct document but to rank it
highly, mirroring real-world RAG requirements.

2.2 Scenario 1: Single-Turn Retrieval

In the single-turn setting, the policy generates a
rewrite q given an input x. For each input, we
sample a group of G outputs {q1, ..., qG} from the
policy πθold . The GRPO objective is maximizing:

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)
where ρi = πθ(qi|x)

πθold
(qi|x) is the importance sam-

pling ratio. The advantage Ai is computed by nor-
malizing the reward ri against the group statistics:

Ai =
ri − µgroup

σgroup + δ
, (2)

where µgroup and σgroup are the mean and standard
deviation of rewards within the group.

2.3 Scenario 2: Multi-Turn Iterative Retrieval

To enable the agent to refine queries based on initial
feedback, we define a multi-turn trajectory τi =
[qi,1, ei,1, qi,2, ei,2, ..., qi,K ], where qi,k is the query
(and reasoning) at turn k, and ei,k represents the
search results (masked during training).

Weighted Reward Aggregation. To value the
final answer while encouraging useful intermediate
steps, we compute the total trajectory reward Ri as
a weighted sum:

Ri =

K∑

k=1

λk · r(qi,k, ei,k). (3)

In practice, we assign a higher weight to later
rounds, which is discussed in implementation de-
tails and multi-round training techniques section.

2.4 Branching Rollout Strategy
A key challenge in multi-turn RL is the high vari-
ance of intermediate rewards, which leads to train-
ing collapse. Hence, we introduce a Branching
Rollout strategy that stabilizes credit assignment.

In this work, we focus on a two-turn RL setting.
Instead of independent linear trajectories (e.g., 16×
1), we implement a branching structure (e.g., 4×
4) where we sample M first-turn actions, and for
each, branch into N second-turn completions. This
yields two benefits:
• Monte Carlo Estimation for Turn 1: The value

of a first-turn action qi,1 is estimated by averaging
over its N branches, providing a robust signal for
the intermediate step:

V (qi,1) ≈ r(qi,1) +
1

N

N∑

j=1

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

• Variance Reduction for Turn 2: By grouping
the N branches that share the same history, the
baseline (mean reward) becomes specific to that
sub-group. This isolates the learning signal for
the second turn, ensuring that the advantage cal-
culation reflects the quality of the second rewrite
independent of the first turn’s quality.

3 Experiments

3.1 Settings
In-distribution Evaluation We leverage RAG-
Bench (Friel et al., 2024), a large-scale benchmark
for evaluating retrieval-augmented generation sys-
tems. RAGBench comprises more than 100,000
samples, spans a broad range of general and special-
ized domains, and exhibits substantial variation in
document structure and information needs, which
makes it well suited for a comprehensive evalua-
tion of model performance. To adapt RAGBench
for retrieval tasks, we first aggregate all documents
in the dataset into a global retrieval corpus, and
treat the questions as search queries and their as-
sociate contexts as the positive pair for retrieval.
Additionally, for corpus de-duplication, we employ
Qwen-Embedding-0.6B (Zhang et al., 2025) to en-
code the documents, retaining only one instance
from pairs that share a similarity greater than 0.99.

OOD Evaluation To evaluate the transferability
of LLM query rewriter trained on general-domain
RAG datasets like RAGBench, we conduct zero-
shot experiments to the commonly-used BEIR
benchmark (Thakur et al., 2021).
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Domain-specific Transfer To evaluate how well
retriever-aware query rewriters trained on general-
domain datasets generalize to challenging domain-
specific environments, we conduct an in-depth case
study in the financial domain. Although underex-
plored in existing retrieval benchmarks, finance is
an ideal stress test for cross-domain transfer due to
(1) its pronounced distribution shift from general-
domain corpora induced by domain-specific termi-
nology (e.g., SG&A, currency fluctuation, gross
margin), (2) the hybrid structure of financial doc-
uments that interleaves text with tabular content,
and (3) the practical relevance of information re-
trieval in real-world workflows in finance. To this
end, we construct a financial retrieval environment
leveraging FinAgentBench (Choi et al., 2025) and
describe the process in detail in Appendix B.

3.2 Implementation Details
Infrastructure We serve the retrieval environ-
ments (retrievers and pre-indexed corpus) as APIs
using FastAPI and uvicorn. The retrieval environ-
ments are served on different nodes, isolated from
the main GRPO training process, which secures no
interference with the RL training.

RL implementation For multi-turn search, we
assign 0.5 weighting to the first-round retrieval and
1 to the second-sround retrieval. We apply mask-
ing to the search results returned by the retrievers,
and only compute the loss of the reasoning and the
rewritten queries. This is based on the principle
of not punishing or rewarding a model for texts
it didn’t generate. We further ablate whether it is
more optimal to apply n2 rollouts to the full uncon-
ditional two-turn search trajectories, or n rollouts
to the second-turn rewriting conditioned on n first-
turn rewriting and search results.

Retrievers We select four representative retrieval
systems, including Qwen3-Embedding (Zhang
et al., 2025), all-MiniLM-L6-v2 (Sentence-
Transformers, 2025), Contriever (Izacard et al.,
2022), and BM25 (Robertson and Zaragoza, 2009).
Qwen3-Embedding and all-MiniLM-L6-v2 are

dense embedding models trained on large-scale
supervised pairs, and they respectively represent
decoder/high-capability/large and encoder/low-
capability/small models.
Contriever is an unsupervised representation

model trained on randomly cropped spans of
Wikipedia article as positive pairs. Therefore, Con-
triever intuitively prefers retrieving documents us-

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.

ing document-style query, while providing surpar
performance using question-style query.

BM25 is a sparse retrieval algorithm, which in
its nature prefers keyword-style retrieval. When
the metadata (e.g., inverse document frequency) is
computed on non-massive corpus, it is also sensi-
tive to small-variants of phrasing and spelling (e.g.,
carryforward vs. carryforwards).

We follow the optimal encoding setting of all
retrieval systmes, such as using mean pooling for
Contriever, and using the query instruction tem-
plate for Qwen3-Embedding, etc.
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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.

4 Results

4.1 Main Results
RQ1.1: Can LLMs adapt their query formula-
tion strategies to local retrievers via RL? We
observe significant performance gains across di-
verse retrievers on the in-distribution RAGBench
dataset (Table 1). Adapting query formulation
to the specific retriever—whether through gen-
eral prompts, specific instructions, or exploratory
RL—consistently outperforms the baseline usage
of the retriever alone, e.g., the BM25 retriever sees
a substantial jump in nDCG@10 when using the
“explore” rewriting strategy compared to its raw
baseline. This confirms that the model success-
fully learns distinct “dialects” suited for different
backends.

The learned query rewriter LLM agents also
demonstrate strong generalization capabilities
when applied to out-of-distribution and domain-
specific environments. On the BEIR benchmark
(Table 2), our query rewriter improves the average
performance of Contriever from 28.84 to 34.98 in

a zero-shot setting. In contrast, Gemini-2.5-Flash
fails to provide useful rewritten queries even if un-
der the specific prompts aligned with our rewriters,
resulting in performance drop.

Furthermore, results on the specialized FinA-
gentBench (Table 3) show universal improvements
across all tested systems—including Contriever,
BM25, and Qwen3-Embedding—proving that the
learned structural adaptations remain effective even
under significant domain shifts.

Although our primary focus is on isolating the
retrieval component from the full RAG pipeline,
improved retrieval quality directly increases the
likelihood that the gold document (d∗) is ranked
highly, thereby improving downstream answer ac-
curacy. In Appendix D, we empirically verify that
these retrieval gains translate into improvements in
end-to-end RAG performance.

4.2 Measuring the Discrepancy of Optimal
Queries

RQ1.2: Can strategies learned for one retriever
transferable to others? To quantify the trans-
ferability of learned query formulation strategies
across retrievers, we introduce Retrieval Environ-
ment MMD (RE-MMD), a metric based on Maxi-
mum Mean Discrepancy that measures the distance
between the distributions of optimal queries in a
source retrieval environment Esrc and a target envi-
ronment Etgt. We decompose distributional discrep-
ancies into two complementary types of drift:
• Semantic Drift (Intent). Do the queries target

different underlying information needs? We mea-
sure this using a dense semantic encoder ϕsem
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Figure 3: Measuring semantic and structural drifts of
optimal queries across retrieval environments. Scores
are our proposed RE-MMD values multiplied by 100.

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

• Structural Drift (Formulation). Do the
queries differ in their surface-level formulation
or “dialect” (e.g., keyword-based versus natural-
language expressions)? We capture this using
lexical representations ϕstruct.
Formally, we define the squared RE-MMD

distance in a Reproducing Kernel Hilbert
Space (RKHS) H as: RE-MMD2(Esrc, Etgt) =∥∥µsrc − µtgt

∥∥2
H, where µ = Eq∼P [ϕ(q)] denotes

the expected embedding of successful queries
in corresponding environments. Details of the
empirical estimation using kernel-based methods
are in Appendix C.

Results. Figure 3 reports the RE-MMD scores
(scaled by 100) across retriever pairs. We observe
a clear contrast between the two types of drift. Se-
mantic RE-MMD remains consistently low (typ-
ically < 2.0), indicating that the underlying infor-
mation need is largely preserved across retrievers.
In contrast, Structural RE-MMD is an order of
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Figure 4: Learning dynamics across different prompt
methods and model sizes of query rewriter LLM.

magnitude larger (often > 20.0), especially be-
tween sparse retrievers (e.g., BM25) and dense
retrievers (e.g., Contriever). These results provide
quantitative evidence that strategy transfer failures
are primarily stylistic rather than intentional: the
agent fails not because it seeks different informa-
tion, but because it cannot effectively “code-switch”
into the query formulation style—such as keyword
density versus declarative phrasing—required by
the target retrieval environment. Overall, our find-
ings suggest that query formulation policies opti-
mized for one retriever generally do not transfer
reliably to others.

4.3 Human Guidance in Prompt

RQ2: How does the comprehensiveness of hu-
man guidance in prompts affect the learning of
query formulation? Prompt design is known to
substantially influence the learning dynamics of
GRPO-based optimization. In this section, we in-
vestigate how different levels of human guidance
embedded in prompts shape the learning behav-
ior of query formulation policies. Specifically, we
analyze learning dynamics under different prompt
priors that vary in the amount of retriever-specific
knowledge provided to the model.

We conduct in-depth experiments in retrieval
environments built with Contriever and bm25,
which represent two retriever classes with distinct
and human-interpretable optimal query behaviors.

43495



Owing to its document span, document span con-
trastive training objective, Contriever is expected
to perform best when the original query is trans-
formed into a hypothetical document resembling
the target document. In contrast, the statistical
nature of bm25 inherently favors concise, keyword-
oriented queries.

We design three levels of prompt comprehen-
sively (Figure 6 in Appendix F provides the
prompts in detail):

• General Prompts. We provide general query
rewriting guidelines along with five candidate
rewriting strategies. The query rewriter is in-
structed to reason over these options and select
one strategy per rollout. In this setting, the
rewriter is not informed of the underlying re-
triever and must infer its behavior solely through
GRPO reward signals during training.

• Exploratory Prompts. We inform the query
rewriter of the retriever being used and provide a
high-level description of how it was trained. The
rewriter is encouraged to explore and infer an
optimal query formulation strategy based on its
understanding of the retriever’s behavior.

• Specific Prompts. We explicitly inform the
query rewriter of the retriever and prescribe a
concrete query formulation strategy provided
from human experts, e.g., hypothetical document
generation for Contriever and keyword-based
rewriting for bm25. The rewriter is instructed to
apply only this retriever-specific strategy.

Figure 4 illustrates the learning dynamics for
Contriever. The general prompt achieves a rea-
sonable initial performance but improves slowly, as
the large space of rewriting choices makes explo-
ration inefficient. The exploratory prompt yields
the strongest initial performance and rapid improve-
ment within the first 50 training steps. However,
we observe that the model quickly converges to a
suboptimal policy that emphasizes keyword match-
ing, which it prematurely identifies as effective for
Contriever. This early policy collapse leads to
convergence around the 200th step. In contrast,
the specific prompt, which enforces hypothetical
document generation, achieves the best final per-
formance. Although this setting starts from a rel-
atively weaker initial point—due to the rewriter’s
random guesses about the structure of target doc-
uments in the black-box corpus—it benefits from
consistent guidance and gradually refines its strat-
egy through GRPO rollouts, ultimately exhibiting

higher performance and slower convergence.
The conclusions differ for bm25, where the ex-

ploratory prompt outperforms the specific prompt,
with both substantially outperforming the general
prompt. Notably, even under exploratory prompts,
the rewriter infers early in training that keyword-
style queries are optimal for bm25. This can be at-
tributed to bm25 being a well-established retrieval
algorithm whose underlying principles are exten-
sively discussed in the pretraining corpora of LLMs.
In contrast, general prompts yield the poorest ini-
tial performance, as bm25’s sensitivity to lexical
choices causes many suboptimal rewrites to largely
degrade early-stage rewards.

Taken together, these seemingly contrasting re-
sults reveal an intuitive principle: when an LLM
lacks sufficient prior knowledge or reasoning ca-
pability about a retriever’s optimal query strat-
egy, explicit human expert guidance can effectively
steer RL exploration and improve learning out-
comes. Conversely, when the retriever’s behav-
ior is already well captured in the model’s pre-
training knowledge, exploratory prompts are suf-
ficient—and can even outperform rigid, human-
prescribed strategies.

4.4 Scaling of Model Size and Retrieval Steps
RQ3.1: Can we enhance query formulation per-
formance by scaling up model size? We exam-
ine the effect of LLM model size on query formu-
lation performance. As shown in Figure 4, increas-
ing the rewriter size to 14B enables the model to
break through the performance plateaus observed
for the 4B and 8B variants. This behavior high-
lights the role of increased model capacity and
world knowledge in enabling more diverse and ef-
fective exploration, thereby mitigating premature
policy collapse during RL training.

Concretely, while prior knowledge—either
learned implicitly (e.g., the 8B model discover-
ing that longer queries are beneficial under gen-
eral prompts) or provided explicitly via human
expert guidance (e.g., document-style queries for
Contriever)—suggests that longer or document-
like queries are optimal, the 14B model goes
beyond these assumptions. Under exploratory
prompts, it discovers a distinct strategy that can
be characterized as statement-style queries, which
differ from both question-form and document-style
rewrites. For example, given the original query Is it
possible to be white and Latino?”, a question-style
rewrite such as Can someone be both white and

43496



Figure 5: Training dynamics comparison of independent and branching rollout techniques

Latino?” achieves an nDCG@10 of 0.542, whereas
a concise statement-style rewrite—“Being white
and Latino”—surprisingly attains an nDCG@10
of 0.965. This strategy emerges naturally from
RL training with a 14B model under exploratory
prompts, as illustrated in Figure 2.

We further observe that the diversity of strategy
exploration scales with model size. At the early
stages of training, larger models exhibit lower ini-
tial average rewards, reflecting broader exploration
over a wider range of candidate rewriting strategies,
many of which are initially suboptimal. This in-
creased exploratory behavior, however, ultimately
enables the discovery of more effective query for-
mulation policies.

Overall, the model scaling results reinforce in-
sights from the prompt ablation studies in the pre-
vious section. When base models lack sufficient
internal knowledge about retriever-specific behav-
iors, human expert–driven prompts can effectively
constrain the search space and guide learning to-
ward strong policies. In contrast, larger and more
capable models are able to discover non-obvious
strategies that even human experts may not an-
ticipate, allowing them to escape the local policy
optima that constrain smaller models such as the
4B and 8B variants.

RQ3.2: Can we enhance query formulation per-
formance by scaling up retrieval steps? We
observe that the 4× 4 Strategy (branching) signif-
icantly outperforms the 16× 1 Strategy (indepen-
dent) in training stability. This performance gap
stems from how the branching structure solves the
credit assignment problem inherent in our shared
reward function (Rtotal = 0.5Rturn1 +Rturn2).

The branching strategy isolates the learning sig-
nal for the second turn. By generating k = 4 con-

tinuations from a fixed first-round outcome, the
first-round reward becomes a constant C within
that subgroup. When calculating the advantage for
the second turn, this constant cancels out:

A
(i)

turn2 ≈ (0.5C +R
(i)

turn2)−Esiblings[0.5C +Rturn2]. (5)

This effectively removes the noise from the first
turn, allowing the model to receive a precise gradi-
ent based solely on the quality of the second turn.

Simultaneously, the 4× 4 strategy stabilizes the
first turn by acting as a Monte Carlo estimator for
its value. In the 16× 1 strategy, the "future value"
of a first-round rewrite is based on a single, noisy
second-round sample. In contrast, the 4× 4 strat-
egy estimates the value of a first-round action by
adding its immediate reward to the average reward
of the subsequent four second-round attempts that
follow it. This tells the model: "Given this specific
first-round attempt, here is the expected outcome
if we try 4 different second-round attempts." This
averaging reduces variance in the reward signal
for the first turn, preventing the training collapse
observed in the independent baseline.

5 Related Work

Retrieval-augmented generation (RAG) is a stan-
dard approach for augmenting LLMs on tasks that
exceed LLMs’ knowledge boundaries (Lewis et al.,
2020; Xiao et al., 2025a). For bridging the behav-
ioral gaps between LLMs and retrievers, prior ap-
proaches mitigate semantic mismatches via query
rewriting (Ma et al., 2023; Chan et al., 2024) or
zero-shot expansion (Gao et al., 2023). While Rein-
forcement Learning has been used to align rewrites
with generation goals (Nogueira and Cho, 2017;
Ma et al., 2023; Jin et al., 2025), these methods
typically assume a uniform retrieval environment.
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On the information retrieval side, prior works show
that different retrievers display distinct length pref-
erences (Thakur et al., 2021; Xiao et al., 2023).
In this work, we systematically analyze retriever-
specific query adaptation, addressing the “structural
drift” where policies tailored for one backend fail
to transfer to others.

Agentic frameworks like Self-RAG (Asai et al.,
2024) and Adaptive-RAG (Mallen et al., 2023) uti-
lize dynamic, multi-turn retrieval but often face
training instability in long-horizon trajectories
(Shao et al., 2023). Complementing research on the
retriever-generator preference gap (Ke et al., 2024),
we introduce a branching rollout technique that ef-
fectively stabilizes the optimization of multi-step
query formulation strategies.

6 Conclusion

We present the first systematic study on adapting
LLM query formulation to specific retrievers via
Reinforcement Learning. We demonstrate that op-
timal strategies are highly retriever-dependent and
quantify this stylistic transfer failure as “Structural
Drift.” Furthermore, we find that scaling model
size enables the discovery of non-intuitive strate-
gies that outperform expert heuristics. Finally, our
proposed branching rollout technique stabilizes
multi-turn training, paving the way for robust, truly
retriever-aware RAG systems.

Limitations

First, our study focuses exclusively on text-only
retrievers and text-based document collections, and
does not consider multimodal retrievers (Xiao et al.,
2025b; Chia et al., 2025; Xiao et al., 2025c) that
can retrieve heterogeneous content such as images
or audio. Extending our analysis to multimodal re-
trieval settings is an important direction for future
work. Second, in our experiments on scaling the
number of retrieval steps, we limit our evaluation
to one-step and two-step retrieval. While these set-
tings are sufficient to demonstrate the benefits of
multi-step retrieval, it would be valuable to inves-
tigate learning dynamics and performance trends
under longer retrieval trajectories in future studies.
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A RAGBench Details

RAGBench (Friel et al., 2024) is a large-scale RAG
benchmark dataset which comprises more than
100,000 samples across diverse domains such as
finance, law, and healthcare. Specifically, RAG-
Bench collects extensive QA datasets, including
CovidQA (Möller et al., 2020), PubMedQA (Jin
et al., 2019), HotpotQA (Yang et al., 2018), MS
Marco (Bajaj et al., 2016), CUAD (Hendrycks
et al., 2021), EManual (Nandy et al., 2021),
TechQA (Castelli et al., 2020), FinQA (Chen
et al., 2021), TAT-QA (Zhu et al., 2021), Ex-
pertQA (Malaviya et al., 2024), and HAGRID (Ka-
malloo et al., 2023).

B FinAgentBench and its Adaptation

FinAgentBench (Choi et al., 2025) is a financial
information retrieval benchmark which contains
over 18,000 samples curated by experts from SEC
filings between 2023 and 2024. In the original
benchmark, each sample is formulated as a single
large prompt that combines ranking instructions,
a financial question, and a set of candidate doc-
ument chunks, which are annotated with graded
relevance labels. To adapt FinAgentBench to a stan-
dard retrieval setting, we decompose each prompt
into its constituent components and extract unique
questions and document chunks across all sam-
ples. Because the same question may appear in
multiple samples (e.g., when posed over different
filings), and the same set of document chunks may
be reused across samples (e.g., when multiple ques-
tions are asked about the same filing), we pool ques-
tions and chunks globally and retain only unique
instances via exact matching, without any addi-
tional normalization or model-based processing.
We then inherit relevance annotations from the orig-
inal benchmark by mapping each question-chunk
pair to its corresponding relevance label, thereby
constructing a conventional retrieval dataset con-
sisting questions, documents, and graded relevance
judgments.

C RE-MMD Empirical Estimation

In Section 4.2, we defined RE-MMD as the
distance between mean embeddings in a high-
dimensional feature space. Directly computing the
embedding ϕ(q) is often intractable. Therefore, we
apply the kernel trick k(q, q′) = ⟨ϕ(q), ϕ(q′)⟩H to
estimate the distance empirically.
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Method Retrieval (nDCG at 10) Accuracy F1 EM

Full RAG (w/ top 20 docs)
no RAG - 25.3 26.0 18.8
+ vanilla RAG 41.01 41.4 41.0 31.2
+ general rewrite w/ Gemini 39.16 42.3 42.0 32.0
+ (ours) retriever-specific rewrite 52.44 46.9 46.0 35.2

Full RAG (w/ top 5 docs)
no RAG - 25.3 26.0 18.8
+ vanilla RAG 41.01 36.5 36.0 27.3
+ general rewrite w/ Gemini 39.16 38.1 38.0 28.5
+ (ours) retriever-specific rewrite 52.44 43.7 43.0 32.8

Table 4: Performance comparison of Full RAG setups using top 20 and top 5 retrieved documents.

Given a set of successful query trajectories
Qsrc = {x1, ..., xn} from Esrc and Qtgt =
{y1, ..., ym} from Etgt, we employ the unbiased
estimator:

RE-MMD2 =
1

n(n− 1)

∑

i̸=j

k(xi, xj)

+
1

m(m− 1)

∑

i̸=j

k(yi, yj)

− 2

nm

∑

i,j

k(xi, yj)

(6)

To diagnose the nature of the drift, we utilize
two distinct kernel functions:

1. Semantic Kernel. To measure intent drift, we
use the Gaussian RBF kernel over dense embed-
dings (e.g., MiniLM):

ksem(x, y) = exp

(
−||ϕsem(x)− ϕsem(y)||2

2σ2

)

(7)
This captures non-linear semantic similarities be-
tween queries.

2. Structural Kernel. To measure lexi-
cal/stylistic drift, we use a Linear kernel over sparse
lexical features (TF-IDF):

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

This is equivalent to the Euclidean distance of cen-
troids in the lexical space, capturing explicit diver-
gence in vocabulary usage and query formulation
style.

D Full RAG Performance

To validate whether the performance gains ob-
served in retriever-specific retrieval translate into
improvements in the full-RAG pipeline, we con-
duct a series of full-RAG experiments using Hot-
potQA as an example. Specifically, we adopt con-
triever as the retriever and Qwen2.5-7B-Instruct
as the generator, and compare our rewriter agent
against vanilla RAG and general rewrites (non-
retriever-specific) from Gemini-2.5-flash. We use
the HotpotQA corpus from BEIR as the external
knowledge base and the original HotpotQA ques-
tions as queries. Following standard RAG evalua-
tion protocols, we report Accuracy, F1, and Exact
Match (EM).

As shown in Table 4, enhancements in
nDCG@10 consistently translates to performance
gains in the full RAG performance. Notably, these
improvements remain stable across different num-
bers of retrieved documents, indicating the robust-
ness of retriever-aware query rewriting.

E Zero-shot Multi-turn Retrieval Case
Study

We provide an illustrative example of multi-turn
retrieval using our rewrite agent over four retrieval
turns. Although the model is trained using only
a two-turn branching strategy in our experiments,
it demonstrates the ability to generalize to longer
multi-turn interactions in a zero-shot manner. This
suggests that the learned retrieval behaviors are not
limited to the training horizon and can effectively
extend to more complex interaction settings.
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Original Query: "What would be the effects on the
us dollar if hypothetically it is no longer regarded
as the world reserve currency?"

Rewrite Turn 1 (Hypothetical Document Generation):
The US dollar’s status as the world’s primary reserve cur-
rency has been a cornerstone of global economic stability
for decades. If the dollar were hypothetically no longer
regarded as the world reserve currency, the implications
would be profound and multifaceted. First, the international
demand for the dollar would likely decline, leading to a
depreciation in its value. This depreciation could increase
the cost of imports for the United States, contributing to
inflation. Conversely, US exports might become more com-
petitive, potentially boosting the economy in the short term.
Central banks and governments around the world currently
hold significant reserves of US dollars, using them for trade
settlements, investments, and as a safe asset. A shift away
from the dollar would require these entities to diversify their
reserves, possibly increasing the role of other currencies
such as the euro, the Chinese yuan, or the Japanese yen.
This transition could lead to the emergence of new global
financial centers and alter the balance of economic power.
The United States would also face challenges in maintaining
its influence over global financial institutions, such as the
International Monetary Fund (IMF) and the World Bank,
which have historically been dominated by US interests. A
reduced role of the dollar could diminish the US’s ability to
shape international economic policy, affecting everything
from trade agreements to financial regulations.
Moreover, the US government’s capacity to borrow at low
interest rates might be impacted, as the dollar’s status as
a safe haven could diminish. This could lead to higher
borrowing costs for the US, affecting both the federal bud-
get and private sector investments. In the long term, the
global economy might become more fragmented, with re-
gional currencies playing a larger role in international trade,
potentially leading to increased economic volatility.
While the transition away from the dollar as the reserve
currency would present challenges, it could also offer op-
portunities for the US to innovate in financial technology
and strengthen its economic partnerships with other nations.
The ultimate impact would depend on how smoothly the
transition is managed and the policies implemented to sup-
port a new global financial order.

Analysis: The rewriter uses the hypothetical docu-
ment generation technique in turn 1, but the terms
are too general, yielding a nDCG@10 of 0.0 in the
first round. However, the rewriter is able to see the
returned documents and learns how documents in
the corpus look like.

Rewrite Turn 2 (Entity Anchoring):
What are the economic implications of de-dollarization
and the rise of alternative reserve currencies, such as the
Chinese yuan, on global financial systems and the United
States?

Analysis: Feedback from turn 1, although low scor-
ing, exposes specific entities in the returned docu-
ments (omitted here). Thus, in the second round,
the rewriter pivots to more specific directions, such
as "de-dollarization", "Chinese yuan", and "global
financial systems", enhancing the nDCG@10 to

56.84.

Rewrite Turn 3 (Further Enhancement):
{omitted for brevity}

Rewrite Turn 4 (Domain/Style Alignment):
What are the financial and economic ramifications for the
United States and global markets if the US dollar were no
longer the dominant reserve currency, including impacts on
foreign exchange reserves, corporate financial strategies,
and the role of alternative currencies like the Chinese yuan?

Analysis: After understanding the genre of avail-
able documents (corporate 10-K filings and finan-
cial disclosures) in this corpus, the agent adopts
specific financial reporting terminology and be
more specific about the domain, adapting to the
environment style. The final rewrite enhances the
nDCG@10 to 93.74, a near perfect score.

F Training Prompts

Figure 6 describes the training prompts used in
different settings of our experiments.
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General Prompt:
In order to retrieve supporting documents to answer the given question, you need to rewrite and extend a given question into
one new query. Remember that the rewritten query is not limited to a simple question, but can be a passage including multiple
sentences that provides context for the input question. Here are some commonly used query rewriting methods, please select one
appropriate method and use it to generate one new rewritten query:
1. Query Understanding: Extract core information from the query, and understand the core elements. For example, ‘What was the
federal alternative minimum tax credit carryforwards?’ can be phased as ‘Federal, U.S. federal tax system; Alternative Minimum
Tax (AMT), a parallel tax system designed to ensure taxpayers pay a minimum level of tax; Credit carryforwards, unused credits
that can be carried forward to future years to offset regular tax liability;’.
2. Semantic Rewriting: (1) Identify important entities and expand with related information. For example, ‘Steve Jobs’ to ‘Apple
CEO Steve Jobs’. (2) Add broader (hypernym) or more specific (hyponym) concepts. For example, ‘husky’ to ‘pet dog husky’.
(3) Change word order or phrasing to match common expressions in target documents. For example, ‘make steak’ to ‘steak
recipe tutorial’.
3. Query Decomposition: Break down a complex query into multiple sub-queries for separate retrieval. For example, ‘Which
stock price is higher, Apple or Google?’ to ‘<rewrite>what is the stock price of Apple?</rewrite><rewrite>what is the stock
price of Google?</rewrite>’. Also consider more complex queries that can benefit from breaking down into multi-hop queries.
4. General Rewriting: (1) Paraphrasing: rephrase the whole query if you think can possibly help the embedding model generate
more accurate embeddings. For example, ‘How to lose weight effectively?’ to ‘What are some scientifically proven weight loss
methods?’. (2) Intent Refinement, infer the user true intent and rewrite the query accordingly. (3) Multi-hop Query Generation,
generate indirectly related queries that help improve recall. For example, ‘diabetic diet’ to ‘fruits suitable for diabetics’.
5. Hypothetical Document Generation: Generate a hypothetical target document, in order to use this hypothetical document
to retrieve target document. For example, (1) Given a question asking about the law clause related to a case, directly generate
a hypothetical clause for retrieval. (2) Given a question about a company’s stock, directly generate a hypothetical stock price
report that looks alike the target document that contains the information.
Before outputting the rewritten query, you need to think carefully about choosing which rewriting method, why choose this
method, and how to use it. And please enclose your think process within <think> and </think>. Then the rewritten query must be
enclosed between <rewrite> and </rewrite>. Do not put the thinking process between <rewrite> and </rewrite>. For methods
other than Query Decomposition, only one rewrite query is needed. If the question is rewritten as mutiple queries using one
rewriting method (for example, when using Query Decomposition), please enclose each different query with separate <rewrite>
and </rewrite>. Output can look like: <think> your think process </think><rewrite> rewritten query </rewrite>. User Question:

Exploratory Prompt (Contriever):
You are using a retriever model to retrieve relevant documents to answer a question. The retriever model you will be using is
Contriever, which is trained using two spans of a Wikipedia article as positive pairs. You will need to think about the best search
strategy using Contriever and rewrite the original query into a query that you think yields the best retrieval results for Contriever.
Before outputting the rewritten query, you need to think carefully about what to write to look like target documents, enclose your
think process within <think> and </think>. Then the rewritten query must be enclosed between <rewrite> and </rewrite>. Do not
put the thinking process between <rewrite> and </rewrite>. Output can look like: <think> your think process </think><rewrite>
rewritten query </rewrite>. User Question:

Exploratory Prompt (bm25)
You are using a retriever system to retrieve relevant documents to answer a question. The retriever system you will be using is
BM25, which is a sparse retrieval system. You will need to think about the best search strategy using BM25 (e.g., keyword-based)
and rewrite the original query into a query that you think yields the best retrieval results for BM25. Before outputting the rewritten
query, you need to think carefully about what to write to yield the best retrieval results, enclose your think process within
<think> and </think>. Then the rewritten query must be enclosed between <rewrite> and </rewrite>. Do not put the thinking
process between <rewrite> and </rewrite>. Output can look like: <think> your think process </think><rewrite> rewritten query
</rewrite>. User Question:

Direct/Specific Prompt (Contriever)
You are using a retriever model to retrieve relevant documents to answer a question. The retriever model you will be using
is Contriever, which is trained on using two spans of a Wikipedia article as positive pairs. Therefore, it works best for using
document to retrieve document. You will be given a user question, try using the "Hypothetical Document Generation" technique
to generate a hypothetical target document, which will be used to retrieve target similar documents. For example, (1) Given a
question asking about the law clause related to a case, directly generate a hypothetical clause for retrieval. (2) Given a question
about a company’s stock, directly generate a hypothetical stock price report that looks alike the target document that contains the
information. Before outputting the hypothetical document, you need to think carefully about what to write to look like target
documents, enclose your think process within <think> and </think>. Then the hypothetical document must be enclosed between
<rewrite> and </rewrite>. Do not put the thinking process between <rewrite> and </rewrite>. Output can look like: <think> your
think process </think><rewrite> hypothetical document </rewrite>. User Question:

Direct/Specific Prompt (bm25)
You are a query optimization assistant for a BM25 retrieval system. Since BM25 is a sparse, keyword-based model, it performs
best with precise search terms rather than natural language. Your task is to rewrite the user’s original query into a keyword-
optimized version that maximizes retrieval performance. You must specifically optimize for term morphology and spelling
variations (such as singular vs. plural forms or compound word handling). Because BM25 relies on exact token matching to
calculate Inverse Document Frequency (IDF), using the most standard or canonical form of a word is critical for aligning with
the target corpus. Output the best possible search query for this system. Before outputting the rewritten query, you need to think
carefully about what to write to yield the best retrieval results, enclose your think process within <think> and </think>. Then the
rewritten query must be enclosed between <rewrite> and </rewrite>. Do not put the thinking process between <rewrite> and
</rewrite>. Output can look like: <think> your think process </think><rewrite> rewritten query </rewrite>. User Question:

Figure 6: Training prompts used in our different settings.43503


