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Abstract

Optimizing queries for Retrieval-Augmented
Generation (RAG) systems poses a signif-
icant challenge, particularly across diverse
modal indices. We introduce RL-QR, a novel
annotation-free reinforcement learning frame-
work for query rewriting that eliminates the
need for costly human-annotated data. By
leveraging verifiable search rewards derived
from index-aligned synthetic queries, RL-QR
overcomes human-annotation dependencies,
extending its applicability to various modal-
ities and index domains. Experimental re-
sults demonstrate the framework’s robustness,
achieving substantial retrieval performance
gains of up to 3.9 on lexical retrievers and
3.5x on semantic retrievers on the MTEB VI-
DORE V2 benchmark for unstructured visual
documents, along with consistent 5% to 10%
improvements on MS MARCO v2.1 and inter-
nal industrial datasets.

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has proven to be a powerful and widely
adopted approach across numerous domains, from
natural language processing to multi-modal appli-
cations. Its ability to integrate external knowledge
into generation tasks has made it a cornerstone
of modern retrieval systems. Modern Al assis-
tants (Hurst et al., 2024; Comanici et al., 2025)
adopt RAG as core function for correcting factu-
ally, delivering out-domain knowledge and beyond.

In practice, when serving RAG systems across
various domains and index formats, adapting
queries through rewriting proves to be more ef-
fective and cost-efficient than rebuilding retrievers.
For lexical retrievers, creating domain-specific dic-
tionaries can enhance performance. However, this
approach depends on manual annotation, which is
not scalable and increases operational costs. For
semantic indices, retrievers can be fine-tuned with

domain-specific data. Yet, this introduces the bur-
den of maintaining domain-specific retrievers, gen-
erating training data, and conducting retraining.
Moreover, updating retrievers typically requires re-
indexing, which adds complexity to RAG system
dependencies and further raises operational costs.
In contrast, query rewriters transform queries into
the representation space of the retrievers, allowing
compatibility across different retrievers and index
types. From a system maintenance and deployment
perspective, developing a query rewriter is gener-
ally more cost-effective than enhancing retrievers
or re-indexing. It also promotes modularity in RAG
architecture by decoupling the query rewriting mod-
ule from retriever components, avoiding the need
for domain-specific retriever development.

Although query rewriting is central to RAG sys-
tems, generalized approaches remain largely unex-
plored due to their reliance on costly human anno-
tation. Recent studies have proposed implicit learn-
ing methods that reward the model when the final
answer is correct, requiring annotated index-query-
answer-verifier sets (Jin et al., 2025). Others use ex-
plicit learning, which rewards the model when rele-
vant documents are retrieved, but this approach de-
pends on expensive per-query annotations of both
positive and negative document pairs (Wang et al.,
2025). While these methods show promise within
narrow domains, they face major limitations: they
require extensive human effort and are largely re-
stricted to curated, text-only data sources—making
them unsuitable for real-world, unstructured docu-
ment collections.

This study introduces an annotation-free
Reinforcement Learning framework for Query
Rewriting with verifiable search reward (RL-QR).
The framework’s core novelty lies in synthesizing
queries in an index-aligned manner, which permits
the proposed verifiable search reward to directly
exploit the resultant search score for training. Cru-
cially, this methodology replaces the need for posi-



tive query-corpus human-annotations, thus ensur-
ing off-the-shelf operation and achieving general
applicability across different index modalities and
domains.

Our experiments demonstrate robust and signifi-
cant improvements on text-modal and multi-modal
unstructured documents with the RAG agent fram-
work. Especially, upon the general visual document
retrieval benchmark MTEB VIDORE V2 (Macé
et al., 2025) the conventional text-parsing based
RAG system benefits upto 3.9x retrieval recall.
For the other benchmarks, the text-modal retrieval
benchmark MS MARCO v2.1 (Nguyen et al.,
2016) and internal industrial unstructured docu-
ment benchmark, RL-QR steadily achieves 5% to
10% performance gains. It supports the effective-
ness and the adaptability over various index do-
mains and modalities.

In summary, our contributions are

* Annotation-Free RL Framework with Ver-
ifiable Rewards: We introduce RL-QR, a
novel reinforcement learning framework that
eliminates the dependency on costly human-
annotated data for query rewriting. By lever-
aging index-aligned synthetic queries to gen-
erate verifiable search rewards, our approach
explicitly optimizes the rewriter using the re-
sultant search scores.

¢ Universal Adaptability and Modular Sys-
tem Integration: We propose a retriever- and
index-agnostic solution that ensures general
applicability across diverse modalities, includ-
ing text-parsed and unstructured visual docu-
ments. This modular design decouples the
query rewriting module from the retriever,
significantly reducing system maintenance
overhead by removing the need for domain-
specific retriever development or expensive
re-indexing processes.

* Robust Empirical Effectiveness: Exten-
sive experiments demonstrate that RL-QR
achieves substantial performance gains, prov-
ing its efficacy in "unlearning" chat-oriented
behaviors to prioritize retrieval intent, includ-
ing up to 3.9x improvement on lexical retriev-
ers and 3.5x on semantic retrievers within
the MTEB VIDORE V2 benchmark. Addi-
tionally, the framework consistently delivers
5% to 10% recall enhancements on the MS

MARCO v2.1 benchmark and internal indus-
trial datasets, proving its efficacy in "unlearn-
ing" chat-oriented behaviors to prioritize re-
trieval intent.

2 Related Works

Our work focuses on enhancing the query rewriter
for RAG systems, with an emphasis on handling
multi-modal (unstructured imaged documents) and
text-modal (text-parsed documents) indices with
real-world unstructured data. In this section, we
provide an overview of the research background,
covering the evolution of RAG, the integration of
various modalities in RAG systems, and the role of
query rewriting.

2.1 Retrieval-Augmented Generation (RAG)

RAG is a hybrid approach that integrates retrieval-
based and generation-based techniques to improve
the performance of language models on knowledge-
intensive tasks. By leveraging external knowledge
sources, RAG enables models to produce more
accurate and contextually relevant responses. The
paradigm has gained significant attention due to
its ability to combine the strengths of retrieving
pertinent documents and generating coherent text.
In the real-world, RAG systems are widely adopted
with online web search (e.g., OpenAl (Hurst et al.,
2024), and Gemini (Comanici et al., 2025)) and
industrial domains with credential documents.
Early research on RAG established its effective-
ness across various natural language processing
tasks (Lewis et al., 2020). Subsequent studies
have proposed advancements, such as improved
retrieval mechanisms using dense retrieval meth-
ods (Karpukhin et al., 2020) and the integration
of structured knowledge bases like databases or
graphs (Edge et al., 2024). RAG has also shown
promise in multi-task and few-shot learning sce-
narios (Izacard et al., 2023), where the retrieval
component compensates for limited training data
by accessing external information. However, chal-
lenges remain, particularly in optimizing the re-
trieval process, which depends heavily on the qual-
ity of the input query—an issue that motivates the
exploration of query rewriting (Ma et al., 2023).

2.2 Modalities in RAG

While RAG was initially designed for text-based ap-
plications, recent applications have extended their
scope to the real-world unstructured documents in-
cluding slide decks, web pages, blogs, papers and



so on supported by document parsing approaches.
This expansion is critical for tasks where knowl-
edge sources span multiple formats, requiring sys-
tems to integrate and reason over heterogeneous
inputs.

Multi-modal RAG systems have been explored
for image-as-embedding (Faysse et al., 2024)
or parsing-documents-to-text (Feng et al., 2025).
Image-as-embedding approaches (Faysse et al.,
2024) embeds imaged document into document em-
bedding as document semantic embedding (Zhang
et al.,, 2025). Parsing-documents-to-text ap-
proaches (Wei et al., 2024; Feng et al., 2025)
converts documents into plain text, enabling the
present text retrievers (Robertson et al., 2009;
Zhang et al., 2025). For text-modal data, such
as parsed text from structured documents, the chal-
lenge lies in effectively retrieving and utilizing in-
formation from long-form or hierarchically orga-
nized content (Larson and Truitt, 2024).

2.3 Query Rewriting for RAG

Query rewriting is a pivotal component in RAG
systems, as the effectiveness of the retrieval step
hinges on how well the query is formulated. A
poorly designed query can lead to irrelevant or low-
quality retrieved documents, undermining the gen-
eration process. Conversely, an optimized query
enhances the relevance of retrieved information,
directly improving the overall system performance.

Traditional query rewriting techniques, such as
query expansion and reformulation, have roots in
information retrieval and rely on heuristics or sta-
tistical methods to refine queries (Zhu et al., 2016).
In the context of RAG, however, query rewriting
must align with the needs of the retriever (Ma et al.,
2023). Recent efforts have introduced learning-
based approaches, including neural network mod-
els and reinforcement learning, to dynamically
adapt queries based on system feedback (Wang
et al., 2025; Chan et al., 2024; Li et al., 2024; Ma
et al., 2023; Jin et al., 2025). Despite these ad-
vances, existing query rewriting techniques often
require extensive annotated data or are constrained
to specific domains (Liu et al., 2021). Our work ad-
dresses these gaps by developing a generalized rein-
forcement learning framework for query rewriting,
tailored to enhance retrieval across diverse indices
without relying on large-scale human annotations.

3 Method

In this section, we describe our proposed frame-
work, annotation-free reinforcement learning query
rewriting via verifiable search reward (RL-QR).
[lustrated in the Alg. 1, the learning process con-
sists of two-steps: (1) index-algined query syn-
thesis where the answer for the query necessar-
ily requires the source index resulting the index
matching queries, (2) and reinforcement learning
the query rewriter based on the verifiable search
reward.

Algorithm 1 Annotation-free RL-QR

Require: Retriever R, Search Index Z, Query syn-
thesis assistant Assistant
Ensure: Optimized Policy 7y
1: Initialize 7y
2: for index I in Z do
3: g <« Assistant(I)
rewards < EmptyList
for for i in N, yjj0: dO
q; < mo(q)
SearchedIndices; < R(q})
r; + NDCG(I, SearchedIndices;)
rewards.append(r;)
10:  end for
11: A+ GroupComputation(rewards)
12: Update policy 7y using advantages A
13: end for
14: return Ty

D e A A

3.1 Index-algined Query Synthesis

Query synthesis have already been explored
widely (Xu et al., 2024; Cha et al., 2024), and the
modern language models are capable enough to
conduct the task. In this work, we generate queries
for training in index-aligned manner where the an-
swer for the query necessarily requires the corpus
(see the prompt provided in Tablel).

Specifically, for the conventional text-parsing
retrieval system, given the raw data D B,.,,,, the
document parsers P and the search engine F, the
source index Z;.,; becomes

Tient U E.index(P.parse(d)) (1)
deDB”‘aUJ

which contains both the search engine index and
the parsed corpus. On the other hand, the multi-
modal retrieval system does not adopt the parser.



# Generating Document-Requiring Ques-
tion and Answer

Read the document carefully, then perform
the following three steps:

1. Think of a **scenario** that necessitates
the information contained within the doc-
ument.

2. Create a **question** that logically fits
the identified scenario.

3. Provide an **answer** that accurately
matches the created question based on
the document’s content.

Note: If the document’s information is insuffi-
cient to identify a situation requiring the doc-
ument, output blank spaces.

Table 1: Prompt template for index-algined query syn-
thesis. Appending the resulting scenario and question
is viable to make longer queries. Training the rewriter
does not utilize the generated answers, but those are use-
ful for post-training the answer model and evaluating
end-to-end RAG.

Consequently, the multimodal indeX Z,,41timodal
becomes

Tonuttimodal < |~ E-index(d)  (2)
dGDBT‘(LT_U

where E utilizes multimodal embedding model
(e.g., (Faysse et al., 2024)) for raw document in-
dexing. Along with the query synthesis assistant
(e.g., (Bai et al., 2025)) and the instruction (Ta-
ble 1), it generates index-aligned queries per index
as illustrated in Alg. 1, which can be done online
and offline train.

3.2 Reinforcement Learning Query Rewriter

It is important to individualize query rewriter with
respect to the indices, because each retriever has
distinct characteristics. For example, lexical retriev-
ers such as BM25 (Robertson et al., 2009) count
on the number of the words, in which simply re-
peating important word can augment the perfor-
mance. Whereas, (multi-modal) semantic retriev-
ers that embed (text-parsed-)documents into em-
bedding (Faysse et al., 2024; Zhang et al., 2025)
work better if the query-document resembles their
trained data, which is hard to manage. The rein-
forcement learning aims to align user query into the

index representation space by the query rewriter
per retriever R and its index Z. In other words,
for N online RAG systems consisting of the data
source D B; and the retriever R; fori € N, we sug-
gest to have IV rewriters respectively, rather than a
single universal rewriter.

The precedent RL approaches (Ma et al., 2023;
Jin et al., 2025; Nguyen et al., 2025) implicitly train
the rewriter by optimizing

maX Byop gy (laiR) smm o (losR() [76(2: 2)]

3)
where x refers to the sample from the training data
D, y denotes the rewritten query by the rewriter,
and z represent the final response. my and 7y s
are the target rewriter and the final-responding lan-
guage model. ry is the reward function but inher-
ently requires human-annotation in query-response
or query-retrieval levels.

In contrast, ours optimizes the rewriter explic-
itly, which down-scales the objective and boosts
the training process. Some (Wang et al., 2025)
tried explicit rewarding with massive document-
wise positive and negative pair annotation, which
limits in scaling covering domain and indices. On
the other hand, leveraging the synthesized index-
aligned queries, we formulate the RL objective
function as follows:

max By oy (i) Fo(@:9)] @)

We adopt two function rewards, one for the query
rewriting reward and the other for the formatting
and redundant penalty. The verifiable search re-
ward 7 egrieval Uses NDCG (Jarvelin and Kekéldinen,
2002) score directly that measures if the target doc-
ument is retrieved considering ranks.

rretrieval(x> y) = NDCG(indean R(y)) (5

The penalty 7penqi, targets to match the
format, placing the rewritten query inside
<answer>...</answer>, and reduce redundant
generations outside the format. It is similar to and
replacable with the well known length penalties.
Further, we normalized the penalty 7pepairy group-
wise by ranging [0.5, 1] for the non-zero values.
The reward function becomes

7’¢($, y) = Alrretrieval(x,y) + /\QTPCHaltY(y) ©)

where the lambdas are the hyper-parameters. More
specifically, for each sample x, we optimize the



rewriter by maximizing the following object:

Jareo(0) =E [z ~ D, {0;}; ~ m9,,,(0lq)]

1 & A
GZZ|OZ| - {mln (T@t(G)AZ”t,

(7

7 (04,¢]7,0i,<t)

where 7 4(0) = T CmEXny

be the probabil-

ity ratio, € and 3 are hyper-parameters, and Ai,t is
the advantage based on the relative rewards of the
outputs inside each group.

4 Experiment

4.1 RAG System Implementation

In this experiment, we adopt three in-house RAG
frameworks named Semantic, Lexical and Mul-
timodal. Semantic and Lexical are the conven-
tional RAG framework containing (1) the docu-
ment parser that ingests unstructured documents
and chunks into corpus (2) the embedding models
and (3) the search engine. Multimodal is the mod-
ern RAG framework without document parsers.
Semantic utlizes an embedding model that con-
verts the user query and the corpus into vector em-
beddings and searches by its search engine indexed
with the corpus vector embeddings. This approach
allows the system to understand the user intent and
retrieve relevant information even if the phrasing is
different and there is no direct keyword overlap.
Lexical is a traditional information retrieval sys-
tem built upon BM25 scoring algorithm which con-
ducts retireval by matching the exact token between
the user query and the corpus. It excels at precision
when the query contains specific terms, acronyms,
or identifiers that are also present in the source doc-
uments, as its ranking is based on term frequency
(TF) and inverse document frequency (IDF).
Multimodal is conceptually identical to which of
Semantic, but has a difference in the raw document
compatibility. As it does not have external parser
which used to have information leaks, it shows
stronger retrieval performance when it comes to
unstructured documents (e.g., slide decks, pdf).

4.2 Experiment Data

Experimental setup has two major categories: (1)
text-only retrieval task and (2) unstructured docu-
ment retrieval task. For the text-only retrieval task,

we use MS MARCO v2.1 testset 1% which has
10,078 corpus and 1,011 queries. The unstructured
visual document retrieval task consists of MTEB
VIDORE V2 benchmark with 4,544 visual docu-
ments and 327 queries; and in-house real-world
industrial data composed of 2,791 documents and
4,398 queries.

The virtue of retrieval task is to maximize recall,
which NDCG represents it well with ordinal scor-
ing. Therefore, we deploy NDCG@3 for the target
evaluation metric and the reward score.

4.3 Index-Aligned Query Synthesis

We generated queries per index using Qwen3-VL-
235B-A22B (Bai et al., 2025) and assumed the gen-
erated query has single retrieval target, the source
corpus. In other words, the reward becomes if the
query retrives the source corpus from the retriever.

4.4 Reinforcement Learning Query Rewriter

We initialize the rewriter model with Qwen3 in
no_think mode. We train them by the objective
single epoch on eight 80GB H100 GPUs without
any supervised finetuning. Each training took 1 to
2 hours and the most bottlenecks are the retrieval
overhead and the conversation between the search
engine and the rewriter. For the GRPO RL train-
ing, we adopt TRL library of huggingface with
deepspeed and its default training settings: learn-
ing rates, the number of rollouts and more.

5 Results

The experiments are designed to systematically
compare the retrieval performance between (1)
the raw query, (2) the vanilla base model Qwen3,
and (3) the RL-QR trained models. Our primary
goal is to isolate the performance gains directly at-
tributable to the proposed RL-QR training strategy.

5.1 Overall Performance Comparison

As shown in Table 2, the vanilla Qwen3 base model
exhibits inconsistent performance. It could achieve
retrieval gains only on the MTEB-Semantic and
MTEB-Lexical tasks, showing poorer performance
than the raw queries in all other evaluated settings.

On the other hand, the proposed RL-QR method
attains robust improvements across all index-
retriever cases. RL-QR demonstrates substantial
gains, obtaining improvements up to 3.9x and
from at least 5%. This consistent superiority across
diverse retrieval tasks strongly indicates that the
performance improvements are a direct result of



Text Unstructured
Retriever Rewriter MTEB (Vidore V2)
MARCO | £66 Eco ESGHL BioMed Avg | ntermdl
Raw query 87.62 9.99 9.5 9.69 1555 11.25 | 76.52
Qwen3-4B 71.08 23.09 3594 31.45 3536 31.22 | 28.08
+ RL-QR (Ours) 92.43 28.34 4727 2529 3342 3358 | 74.86
Semantic Qwen3-8B 84.21 27.70 50.72 3047 36.71 3640 | 27.86
+ RL-QR (Ours) 91.92 32.15 51.69 33.76 41.54  39.79 | 73.97
Qwen3-14B 70.73 29.60 49.28  31.77 26.82 3437 | 69.00
+ RL-QR (Ours) 92.67 2897 4922  33.69 37.69 37.39 | 80.61
Raw query 80.22 6.76  10.47 3.90 8.66 7.45 72.55
Qwen3-4B 61.46 9.13 31.72 10.50 2278 1853 | 21.26
+ RL-QR (Ours) 84.84 12.57 2931 11.50 33.79 21.79 | 76.45
Lexical Qwen3-8B 71.15 11.25 36.29 9.53 20.56 1941 | 23.67
+ RL-QR (Ours) 82.85 15.17 3893 10.75 2694 2295 | 78.76
Qwen-14B 58.43 8.72  39.70 9.67 20.18  19.57 | 60.03
+ RL-QR (Ours) 85.10 12.44 38.66 8.14 2472 2099 | 80.84
Raw query - 4523 51.38 5748 51.04 5128 | 73.84
Qwen3-4B - 24.17 32.08 37.30 2349 29.26 | 68.19
+ RL-QR (Ours) - 48.48 41.46 4195 37.52 4235 | 78.23
Multimodal Qwen3-8B - 48.30 53.69 55.10 51.14  52.06 | 70.80
+ RL-QR (Ours) - 5544 57.82 63.46 59.29  59.00 | 79.83
Qwen3-14B - 10.80  8.28 19.84 12.00 1273 | 77.54
+ RL-QR (Ours) - 58.83 6243 6247 60.02 6094 | 81.08

Table 2: Information retrieval benchmark results with NDCG @3 metrics. We report performance across varying
model sizes (4B, 8B, 14B) to demonstrate the robustness of RL-QR. Note that RL-QR consistently improves

performance over Raw Query even with smaller model backbones.

Retriever ‘ Rewriter ‘ Length Retriever ‘ Rewriter ‘ Length
Raw query | 36 +14 Raw query | 84 +23
Semantic | Qwen3-14B | 95 + 104 Semantic Qwen3-14B | 157 £+ 199
+RL-QR 38+ 15 +RL-QR 164 £ 113
Raw query | 36 +14 Raw query | 84 +23
Lexical Qwen3-14B | 95 £+ 104 Lexical Qwen3-14B | 190 £ 258
+RL-QR 36 + 14 +RL-QR 143 + 168
- Raw query | 84 +23
Table 3: length statist MS MARCO bench-
Table 3: Query length statistics on e Multimodal | Qwen3-14B | 43 + 171
+RL-QR 116 + 48

the proposed RL-QR approach, not merely the in-
herent strength of the baseline models.

Table 4: Query length statistics on MTEB Vidore V2
benchmark.

5.2 Domain-Specific Performance

Text-Modal Benchmark: On the MS MARCO
v2.1 experiment, RL-QR advances the retrieval per-
formance by more than 5% on both the Semantic
and Lexical retrievers. This is in stark contrast to
the baseline rewriter, which fails significantly, de-

grading performance by up to —27% in the worst
case and —4% in the best case. For the seman-
tic retriever (Qwen3-14B), RL-QR achieves an
NDCG@3 of 92.67 compared to 87.62 for the raw

query.



MS MARCO v2.1 @ Semantic Retriever

Raw query (0.47) cost of finishing basement which is half done’

Qwen3-14B (0.30) Average cost to finish a partially completed basement

RLQR-14B (0.70) cost to finish a basement that is halfway completed

Raw query (0.47) how is chicken distributed to consumers

Qwen3-14B (0.00) Explain the process of chicken distribution from farms to consumers, including supply chain,
transportation, packaging, and retail channels.

RLQR-14B (0.77) chicken distribution to consumers

MS MARCO v2.1 @ Lexical Retriever

Raw query (0.77) computer networking definition and examples

Qwen3-14B (0.77) Explain the concept of computer networking and provide real-world examples of its applica-
tions

RLQR-14B (1.0) computer network definition and examples

Raw query (0.0) granby missouri high and low temp by month calendar

Qwen3-14B (0.0) Monthly average high and low temperatures in Granby, Missouri, with climate data organized
by month for a yearly temperature calendar

RLQR-14B (0.47) granby missouri monthly high and low temperature calendar

MTEB VIDORE V2 @ Semantic Retriever

Raw query (0.0) What are the specific outcomes of using autologous chondrocyte implantation in canine studies?

Qwen3-14B (0.0) What are the clinical outcomes, efficacy, and long-term results of autologous chondrocyte
implantation in canine cartilage repair studies, including veterinary research and experimental trials?

RLQR-14B (0.47) What are the clinical outcomes, efficacy, and complications associated with autologous
chondrocyte implantation (ACI) in canine cartilage repair studies?

Raw query (0.0) What are the differences in results obtained from two-photon microscopy and confocal mi-
croscopy?

Qwen3-14B (0.0) What is the difference between two-photon microscopy and confocal microscopy in terms of
their results?

RLQR-14B (1.0) What are the key differences in resolution, penetration depth, phototoxicity, and image quality
between two-photon microscopy and confocal microscopy results?

MTEB VIDORE V2 @ Lexical Retriever

Raw query (0.0) What role do biomaterials play in the development of joint replacement prostheses?

Qwen3-14B (0.0) What are the key contributions of biomaterials to the design, functionality, and longevity of
joint replacement prostheses, including their biocompatibility and interaction with human tissues?

RLQR-14B (0.31) What is the role and function of biomaterials in the design and development of joint replace-
ment prostheses, including their biocompatibility, durability, and contribution to tissue integration?

Raw query (0.0) How do the roles of integrins in cell-matrix interactions compare to their roles in signal
transmission within the cell?

Qwen3-14B (0.63) What are the differences in the roles of integrins in extracellular matrix (ECM) interactions
versus their involvement in intracellular signaling pathways and mechanisms?

RLQR-14B (1.0) Compare the functions of integrins in cell-extracellular matrix interactions with their roles in
intracellular signal transduction pathways.

MTEB VIDORE V2 @ Multimodal Retriever

Raw query (0.23) What role do scaffolds play in tissue engineering?

Qwen3-14B (0.30) What is the role of a scaffold in tissue engineering and why is it important?

RLQR-14B (0.47) What is the function and importance of scaffolds in tissue engineering, including their
structural support, cell interaction, and role in tissue regeneration

Raw query (0.0) What are the key factors influencing bioadhesion in biomaterials?

Qwen3-14B (0.5) What is bioadhesion in the context of biomaterials, and what factors determine its effectiveness?

RLQR-14B (0.63) What are the primary factors that affect bioadhesion in biomaterials, including molecular
interactions, surface properties, and biological compatibility?

Figure 1: Qualitative results with the raw query, the baseline rewriting model, and the proposed method rewriter,
RL-QR. Each sample is in form of ‘(NDCG@3 score) query’.

Unstructured Multimodal Benchmarks: RL-
QR notably boosts the recall for the unstruc-
tured multimodal settings. We observe gains of
3.9x and 3.5 on Lexical-VidoreV2 and Semantic-
VidoreV2, respectively, with improvements rang-
ing from 5% to 20% for the other combinations.
The baselines partially enhance performance on
specific tasks but suffer dramatic degradation on

others, such as a —71% drop on Lexical-Internal.

5.3 Qualitative Analysis of Rewriting
Strategies

To understand the mechanism behind the perfor-
mance gains, we analyzed the rewritten queries
shown in Figure 1. We observe that RL-QR does
not apply a uniform rewriting policy; rather, it



adapts its strategy based on the domain and the
nature of the retriever.

Query Refinement vs. Expansion: In the
MS MARCO benchmark (Web Search), RL-QR
primarily functions as a query refiner. As seen
in the “basement cost” example, the model cor-
rects grammatical structures and sharpens the in-
tent (0.70 NDCG) without significantly increasing
length. Conversely, in the MTEB VIDORE V2
benchmarks (Technical/Medical), the model shifts
to query expansion. For instance, when querying
about “autologous chondrocyte implantation,” RL-
QR explicitly injects related technical terms such
as “clinical outcomes,” “efficacy,” and “compli-
cations”. This expansion, which achieved a 0.47
NDCG score compared to 0.00 for the baseline,
bridges the vocabulary gap in specialized corpora.

B

5.4 Behavioral Alignment for Retrieval

A critical failure mode of the baseline Qwen3
model is its tendency to interpret search queries
as generative instructions. As shown in Figure 1,
for the query “how is chicken distributed,” the base-
line generates a verbose command: “Explain the
process of chicken distribution...” resulting in a
score of 0.00. This suggests the pre-trained model
is misaligned for retrieval tasks, prioritizing con-
versational fluency over keyword matching.

In contrast, RL-QR effectively “unlearns” this
chat-oriented behavior. It strips away conversa-
tional artifacts and focuses on keyword density and
search intent. For the same chicken distribution
query, RL-QR outputs “chicken distribution to con-
sumers” (0.77 NDCGQG), demonstrating that the RL
optimization successfully realigned the model’s
output distribution from instruction following to
index-oriented retrieval.

5.5 Effect of Query Length and
Index-Awareness

RL-QR achieved retrieval enhancements irrespec-
tive of whether the query length was preserved or
enlarged. Cross-referencing the length statistics
in Table 4 with the samples in Figure 1 reveals a
dynamic, index-aware adaptability.

In precision-oriented environments like MS
MARCO, the model retains brevity, with query
lengths remaining close to the raw input (e.g.,
38 £ 15 tokens). For example, for the “granby
missouri” query, it merely reorders keywords to
match a likely document title format (0.47 NDCG),

avoiding the excessive verbosity seen in the base-
line (0.00 NDCG).

Conversely, in recall-oriented multimodal envi-
ronments, RL-QR significantly expands the query
length (116 +48 tokens). For the multimodal query
on ‘“‘scaffolds in tissue engineering,” RL-QR hal-
lucinates visual and structural context (“structural
support,” “cell interaction”), boosting the score
from 0.23 to 0.47. This behavior results from the
training objective (Eq. 3.2), which does not explic-
itly penalize length, allowing the model to learn an
implicit representation of the corpus distribution
and adjust its verbosity accordingly.

6 Conclusion

In this work, we presented RL-QR, an annotation-
free reinforcement learning framework for query
rewriting that eliminates the need for expen-
sive human-annotated training data in Retrieval-
Augmented Generation systems. By synthesiz-
ing index-aligned queries and directly optimiz-
ing the rewriter with verifiable search rewards de-
rived from NDCG, RL-QR achieves robust and
substantial retrieval improvements across diverse
retrievers and modalities—up to 3.9x on lexical
and 3.5 on semantic retrievers for unstructured vi-
sual documents on the MTEB VIDORE V2 bench-
mark, alongside consistent gains of 5%—10% on
MS MARCO v2.1 and internal industrial datasets.

The proposed approach is retriever- and index-
agnostic, modular, and readily deployable in pro-
duction environments, significantly reducing the
maintenance overhead associated with domain-
specific retriever tuning or re-indexing. Qualita-
tive analysis further reveals that RL-QR adaptively
learns index-aware rewriting strategies—ranging
from concise refinement in text-heavy domains to
targeted expansion in technical and multimodal
corpora—effectively aligning user queries with the
representation space of the underlying index.

RL-QR thus offers a scalable, cost-effective so-
lution to one of the central bottlenecks in modern
RAG systems. Future directions include extend-
ing the framework to multi-turn conversational re-
trieval, incorporating richer reward signals from
downstream generation quality, and exploring its
integration with emerging multimodal foundation
models.



7 Limitations

Restriction to Single-Document Grounding. The
current implementation of Index-Aligned Query
Synthesis (Section 3.1) establishes a one-to-one
mapping between a synthesized query and a single
positive document. While effective for standard
retrieval tasks, this formulation does not explic-
itly model complex scenarios where a single query
necessitates aggregating information from multi-
ple documents (e.g., multi-hop reasoning or multi-
aspect retrieval). Future iterations of this work
could address this by clustering semantically re-
lated documents prior to generation, thereby train-
ing the model to synthesize queries that target doc-
ument groups rather than individual passages.

Dependency on White-Box Indices. A core
prerequisite of RL-QR is the calculation of a veri-
fiable search reward, which requires direct access
to the target index to determine if the intended doc-
ument was successfully retrieved. Consequently,
our method is currently inapplicable to “black-box”
retrieval scenarios, such as commercial Internet
search engines (e.g., Google or Bing), where the
underlying index is private and the ranking mech-
anism is opaque. RL-QR is instead optimized for
“white-box” settings, such as enterprise search, pri-
vate RAG (Retrieval-Augmented Generation) sys-
tems, or domain-specific vertical search where the
index is accessible to the developer.

Computational Overhead of RL Training.
Compared to standard supervised fine-tuning, the
proposed RL framework incurs higher computa-
tional costs during the training phase. Since the
reward calculation involves executing a retrieval
operation for every generated query, the training
throughput is constrained by the latency of the re-
trieval engine. While inference latency remains
unaffected, optimizing the training efficiency for
large-scale indices remains an area for future opti-
mization.
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