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Abstract

Retrieval-Augmented Generation (RAG) en-
hances the factuality of Large Language Mod-
els (LLMs) by incorporating retrieved doc-
uments and/or generated context. However,
LLMs often exhibit a stylistic bias when pre-
sented with mixed contexts, favoring fluent
but hallucinated generated content over factu-
ally grounded yet disorganized retrieved evi-
dence. This phenomenon reveals that the utility
of retrieved information is bottlenecked by its
presentation. To bridge this gap, we propose
QREAM, a style-controlled rewriter that aligns
retrieved documents with a question-oriented
style while preserving facts, better for LLM
readers to utilize. Our framework consists of
two stages: (1) QREAM-ICL, which uses
stylistic seeds to guide iterative rewriting ex-
ploration; and (2) QREAM-FT, a lightweight
student model distilled from denoised ICL out-
puts. QREAM-FT employs dual-criteria rejec-
tion sampling, filtering based on answer cor-
rectness and factual consistency to ensure high-
quality supervision. QREAM seamlessly inte-
grates into existing RAG pipelines as a plug-
and-play module. Experiments demonstrate
that QREAM consistently enhances advanced
RAG pipelines, yielding up to 8% relative im-
provement with negligible latency overhead,
effectively balancing question relevance with
factual grounding.

1 Introduction

Large Language Models (LLMs) have achieved re-
markable progress in natural language understand-
ing and generation (Brown et al., 2020; Dubey
et al., 2024; Jiang et al., 2023a). However, they still
face significant challenges in knowledge-intensive
tasks such as Open-Domain Question Answering
(ODQA), primarily due to limitations in their in-
ternal parametric knowledge, including outdated
information, knowledge gaps, and hallucinations
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Type Factual Accuracy Question-Oriented Style

Retrieved

Generated

Rewritten

Question

The cast of A Good Day to Die Hard ?

Retrieved Documents

…be "A Good Day to Die Hard"—with no further 
mention of... Bruce Willis returned as John McClane, 
and has expressed ... When casting the role of Jack 
McClane, the studios considered several actors, 
including Liam … settling on Jai Courtney …

Generated Documents

A Good Day to Die Hard is an action 
thriller film released in 2013, 
directed by … starring Bruce Willis, 
Alan Rickman, and…

Rewritten Documents

The cast of A Good Day to Die Hard…includes: 
* Bruce Willis as John McClane 
* Jai Courtney as Jack McClane, John's son 
* Mary Elizabeth Winstead as Lucy McClane, 
John's daughter …

(a) Different Document Types (c) Pros and Cons of Different Document Types

LLM Rewriter

LLM Reader

Answer

Answer

LLM Reader

Answer

LLM Reader

(b) Different RAG Pipelines

① Retrieve-then-Read

② Combine Generated Text

③ Ours (QREAM)

Figure 1: Illustration of different document types in
RAG pipelines. Our method integrates the factual accu-
racy of retrieved documents and the question-oriented
style of the generated documents.

(Wen et al., 2024; Sun et al., 2024). Retrieval-
Augmented Generation (RAG) has emerged as a
powerful paradigm to mitigate these issues by in-
corporating external knowledge sources to enhance
LLMs’ factual capabilities (Karpukhin et al., 2020;
Asai et al., 2024). As illustrated in Figure 1(a), ex-
isting RAG systems typically rely on two types of
auxiliary resources: (1) retrieved documents from
an authorized knowledge base, which provide reli-
able factual evidence but often contain redundant
or irrelevant content (Liu et al., 2024; Shi et al.,
2023), and (2) LLM-generated documents condi-
tioned on the input question (Petroni et al., 2019;
Yu et al., 2023; Liu et al., 2022), which tend to be
better structured and question-focused but prone to
hallucinations (Ji et al., 2023; Rawte et al., 2023).

While integrating retrieval and generation holds
promise for balancing factual reliability with con-
textual relevance (Yu et al., 2023; Zhang et al.,
2023), current systems are bottlenecked by stylistic
bias (Tan et al., 2024). Specifically, LLM readers
exhibit a strong preference for the fluent, question-
oriented nature of generated content, often priori-
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tizing it over factually grounded yet disorganized
retrieved evidence. This phenomenon reveals that
the utility of retrieved information is significantly
constrained by its presentation.

Driven by this insight, we aim to restruc-
ture retrieved documents to emulate the question-
oriented style of generated text, thereby facilitating
their usage in RAG. To realize this, we propose
QREAM (Question-oriented document Rewriting
for Effective Answering Models), a novel frame-
work that integrates the complementary strengths
of retrieved and generated documents into a uni-
fied context. Functioning as a plug-and-play post-
processing module, QREAM transforms raw re-
trieved documents to align with a question-oriented
discourse style while strictly preserving factual cor-
rectness. It expands the role of generative LLMs
in RAG, shifting them from free-form generators
into style-controlled, content-grounded rewriters
(Figure 1 (b)), thereby effectively unlocking the
potential of retrieved evidence.

QREAM operates in a two-stage Explore-then-
Distill paradigm. First, QREAM-ICL leverages
stylistic seeds to guide an iterative exploration of di-
verse, question-oriented structures. However, this
exploration inevitably introduces noise, such as
hallucinations or irrelevant content. To extract ro-
bust rewriting patterns, we propose a Bidirectional
Denoising strategy for distillation. We rigorously
filter candidates via dual-criteria rejection sam-
pling: looking downstream to verify answer utility
and upstream to ensure factual fidelity. This de-
rives a purified dataset to train QREAM-FT, a
student model that learns to produce high-quality
rewrites while avoiding the teacher’s noise. Con-
sequently, QREAM-FT effectively denoises the re-
trieval pipeline, combining factual grounding with
stylistic fluency as shown in Figure 1(c), while
naturally offering superior inference efficiency.

Our contributions are summarized as follows:

• We propose QREAM, a plug-and-play frame-
work that optimizes the documents used by RAG
reader. We introduce a bidirectional denoising
distillation to filter noisy candidates into purified
supervision, enabling a lightweight model for
stable rewriting.

• Extensive experiments on four ODQA bench-
marks demonstrate that QREAM consistently en-
hances advanced RAG pipelines, achieving up to
8% relative improvement in accuracy. Notably,

QREAM-FT delivers these gains with negligible
latency overhead.

• We provide in-depth analyses using a novel style
alignment metric (sorient) and quantitative hallu-
cination evaluation. Results verify that QREAM
effectively extracts and restructures useful infor-
mation into a question-oriented style while main-
taining factual grounding. Furthermore, our anal-
ysis confirms that QREAM effectively mitigates
the stylistic bias of LLM readers.

2 Method

We aim to transform the presentation of retrieved
evidence for easier information utilization in RAG.
Formally, given a question q and the raw retrieved
documents R = {ri}Ki=1, we introduce a rewriter
MRew to refine R into a question-oriented vari-
ant R̃, optimized for the utilization of RAG reader
MRead. As shown in Figure 2, our framework fol-
lows an Explore-then-Distill paradigm. In Stage I,
we introduce QREAM-ICL to iteratively explore
diverse rewriting patterns, guided by synthesized
stylistic seeds. We further apply a bidirectional
denoising mechanism via dual-criteria rejection
sampling, which filters out the inherent noise in
the output of QREAM -ICL. In Stage II, these high-
quality rewrites are used to train QREAM-FT, a
lightweight student model that ensures efficient and
stable rewriting.

2.1 Stage I: In-Context Stylistic Exploration
The first stage aims to generate high-quality, style-
aligned document candidates. Given the absence
of ground-truth "question-oriented documents", we
employ an iterative prompting strategy with stylis-
tic seeds.

Stylistic Seeds Generation. We first construct
a set of stylistic seeds to guide the rewriting. We
sample M seed questions {q̂i}Mi=1 from the training
set. For each q̂i, we prompt an LLM generator
MGen to produce a background-style document gi
using a template T Gen:

gi = MGen(T Gen(q̂i)) (1)

The resulting pairs E = {(q̂i, gi)}Mi=1 serve as few-
shot demonstrations. Crucially, by using unrelated
questions as seeds, we disentangle style from con-
tent, encouraging the rewriter to mimic the struc-
tural pattern without hallucinating the content of
the seeds.

17839



Candidate Answers

LLM Generator

Exemplar Template 𝒯Gen 

Generate a background material to answer
the given question.

{Question ො𝑞𝑖}

Seed Documents {𝑔𝑖}𝑖=1
𝑀

Understanding MBBS and MD
1. MBBS – Bachelor of Medicine, Bachelor 
of Surgery
Full Form: … …
2. MD – Doctor of Medicine … …

Exemplar Question { ො𝑞𝑖}𝑖=1
𝑀

What is the meaning of MBSS and MD ?

(a) Stylistic Seeds Generation

…be "A Good Day to Die Hard"—with no 
further mention of... Bruce Willis returned 
as John McClane, and has expressed ... 
When casting the role of Jack McClane, 
the studios considered several actors, 
including Liam … settling on Jai Courtney …

Rewriting Prompt 𝒯Rew 

[Demonstrations]
Question example: {ො𝑞1}
Background material example: {𝑔1}
· · ·
Question example : {ො𝑞𝑀}
Background material example: {𝑔𝑀 }

[Instruction]
Rewrite the following passage in the 
style of background materials to answer 
the given question.
Passage: {𝑟1۩…۩𝑟𝐾} / ෤𝑟𝑛−1[: 𝑙]
Question: {𝑞}
Background Material:

Question 𝑞

The cast of A Good Day to Die Hard ?

Retrieved Documents {𝑟𝑖}𝑖=1
𝐾

LLM Rewriter

(b) Iterative Rewriting Process

Iterate N Rounds

Rewritten Documents ǁ𝑟𝑛

The cast of A Good Day to Die 
Hard…includes: 
* Bruce Willis as John McClane 
* Jai Courtney as Jack McClane, John's 
son 
* Mary Elizabeth Winstead as Lucy 
McClane, John's daughter …

Candidate Rewrites 𝐶𝑞

ǁ𝑟1 ǁ𝑟2 ǁ𝑟𝑛
…

(QREAM-ICL)

LLM Reader

Utility Check
(Answer Correct?)

Fidelity Check
(Fact Consistent?)

෤𝑎1 ෤𝑎2 ෤𝑎𝑛…

Golden 
Rewrite ǁ𝑟∗

LLM Rewriter

(QREAM-FT)

Training

Training Prompt 𝒯𝐹𝑇 

[Instruction]
Rewrite the retrieved 
documents in a question-
oriented format.

[User]
Documents: {𝑟1۩…۩𝑟𝐾}
Question: {𝑞}

[Assistant]
Golden Rewrite: ෤𝑟∗

(c) Distillation via Bidirectional Denoising

Figure 2: The QREAM framework operating in an Explore-then-Distill paradigm. (a-b) Stage I: QREAM-ICL
explores diverse question-oriented rewrites via iterative in-context learning guided by stylistic seeds. (c) Stage II:
We employ a Bidirectional Denoising mechanism to filter noisy candidates via dual-criteria rejection sampling,
deriving a purified dataset to train the QREAM-FT.

Iterative Rewriting as Candidate Generation.
Given a target question q and retrieved documents
R = {rk}Kk=1, we concatenate them into a raw
context rraw = r1 ⊕ · · · ⊕ rK . We employ an
iterative rewriting strategy to progressively refine
the context. In the first round (n = 1), the LLM
rewriter MRew is prompted with the exemplars E
and the raw context:

r̃1 = MRew(T Rew(E , rraw, q)) (2)

For subsequent iterations n > 1, the output from
the previous step r̃n−1 serves as the input basis. To
prioritize high-density information and adhere to
context limits, we retain the first l tokens of the
previous output:

r̃n = MRew(T Rew(E , [r̃n−1]1:l, q)) (3)

This process repeats for N rounds, yielding a set
of candidate rewrites Cq = {r̃1, . . . , r̃N} for the
target question q. While the final output r̃N can
be used for RAG directly, we primarily utilize Cq
as the candidate pool for distilling a robust student
model in Stage II.

2.2 Stage II: Distillation via Bidirectional
Denoising

While QREAM-ICL is competitive, its reliance
on iterative prompting inevitably contains noise.
Therefore, we propose a Bidirectional Denois-
ing strategy via dual-criteria rejection sampling:
(1) Downstream Utility Check: verifying if the
rewrite effectively leads the reader to the correct
answer; (2) Upstream Fidelity Check: ensuring
the rewrite remains grounded in the raw retrieved
documents. This process derives a purified dataset
Dtrain to train QREAM-FT

Dual-Criteria Scoring. We evaluate each can-
didate rewrite r̃ ∈ Cq based on two dimensions:
downstream utility and factual fidelity. First, we
feed r̃ into the fixed QA reader MRead to obtain
a predicted answer â. We apply a hard filter to
discard invalid candidates: any rewrite that fails to
contain the ground-truth answer strings is rejected.
Mathematically, we require I(a∗ ∈ â) = 1, where
∈ denotes the string inclusion operation. For the
surviving candidates, we compute a Performance
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Score Sperf based on the token-level F1 match be-
tween â and a∗:

Sperf(r̃) = F1(MRead(r̃, q), a∗) (4)

Second, to prevent hallucinations, we define a Con-
sistency Score Sfact. We adopt a decomposition-
based verification approach (Min et al., 2023).
Specifically, we extract a set of atomic facts F from
the rewrite r̃ and verify each fact f ∈ F against
the raw retrieved evidence rraw. Sfact is calculated
as the ratio of supported facts:

Sfact(r̃, rraw) =
1

|F|
∑

f∈F
I(rraw |= f) (5)

where I(·) is the indicator function and |= denotes
textual entailment (determined by an LLM). Imple-
mentation details are provided in Appendix A.

We aggregate these metrics into a composite
quality score:

Stotal(r̃) =
1

2

(
Sperf(r̃) + Sfact(r̃, rraw)

)
(6)

Golden Data Selection & Student Training. We
construct the distilled training set Dtrain by select-
ing the optimal rewrite r̃∗ that maximizes the total
quality score for each question:

r̃∗ = argmax
r̃∈Cq ,I(a∗∈â)=1

Stotal(r̃) (7)

Questions with no valid candidates passing the hard
filter are excluded to avoid noisy supervision.

To train the student model, we wrap the input
data into a standardized instruction-tuning template
T FT. Finally, we fine-tune the lightweight student
model MStudent to maximize the likelihood of the
golden rewrite r̃∗:

L = −
∑

(q,rraw,r̃∗)∈Dtrain

logPθ(r̃
∗ | T FT(q, rraw))

(8)
During inference, QREAM-FT generates refined
documents in a single forward pass from the ques-
tion and retrieved documents, significantly reduc-
ing latency while denoising the output via the fil-
tered supervision.

3 Experiments

3.1 Experimental Setup
Datasets. We evaluate QREAM on four widely rec-
ognized ODQA benchmarks covering both single-
hop and multi-hop reasoning: Natural Questions

(NQ) (Kwiatkowski et al., 2019), TriviaQA (TQA)
(Joshi et al., 2017), HotpotQA (Yang et al., 2018),
and 2WikiMultiHopQA (2WikiMQA) (Ho et al.,
2020). We follow standard evaluation protocols
using the official splits.
Baselines. We compare QREAM against three cat-
egories of baselines: (1) Standard RAG pipelines
utilizing raw retrieved documents, LLM-generated
documents (Yu et al., 2023), or their concatena-
tion. (2) Post-retrieval processing methods, includ-
ing LongLLMLingua (Jiang et al., 2024) (prompt
compression), CompAct (Yoon et al., 2024) (ac-
tive compression), RECOMP (Xu et al., 2024) (ab-
stractive compression), and FaviComp (Jung et al.,
2025) (familiarity-aware fusion). (3) Advanced
RAG frameworks, where we integrate QREAM
into Self-RAG (Asai et al., 2024) and HippoRAG
(Gutiérrez et al., 2024) to demonstrate its plug-and-
play capability.
Implementation Details. For consistency with pre-
vious works, we employ Contriever-MSMARCO
(Izacard et al., 2021) to retrieve the top-5 pas-
sages. For the reader backbone, we utilize Llama-
3-8B-Instruct and Mistral-7B-Instruct-v0.3, with
the same QA prompt template as Jung et al. (2025).
QREAM-ICL is employed by using M = 4 stylis-
tic seeds and perform N = 3 iterations of rewriting,
with the truncate length set to l = 100. We then
construct a training corpus by sampling 1,000 train-
ing samples per dataset (4,000 total) and filtering
them via dual-criteria rejection sampling. This data
is used to fine-tune a Llama-3.2-1B-Instruct stu-
dent model as QREAM-FT. For integration with
advanced RAG pipelines, we utilize the QREAM-
FT (1B) distilled from the Llama-3 teacher due to
its optimal performance-efficiency trade-off. We
report Accuracy (Acc) and token-level F1 score.

In this paper, Mgen = M rew for simplicity.
However, they can be decoupled in practice. For
instance, using a more powerful model for seed
generation while using a more efficient one for
rewriting.

3.2 Main Results

We evaluate the effectiveness of QREAM across
two experimental settings: (1) as a post-processing
module in standard RAG pipelines, and (2) as
a plug-and-play component in advanced SOTA
frameworks. Table 1 summarizes the results.

Performance on Standard RAG Pipelines. We
first compare QREAM with various baselines us-
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NQ TQA HotpotQA 2WikiMQA Avg.

Methods Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Standard RAG Pipeline with Llama-3-8B-Instruct

Retrieved Doc. 42.6 47.1 67.6 70.8 30.3 38.7 22.0 26.8 40.6 45.9
Generated Doc. 39.1 23.1 66.1 47.8 32.3 22.1 23.7 17.1 40.3 27.5
Retrieved + Generated 41.8 22.4 68.2 44.8 32.4 20.2 24.9 15.7 41.8 25.8

LongLLMLingua 35.4 40.9 64.8 67.6 25.9 34.7 19.2 24.2 36.3 41.9
CompAct 42.3 46.1 67.0 69.7 29.8 37.5 21.4 26.6 40.1 45.0
RECOMP 41.5 45.8 67.2 70.1 30.5 38.2 23.1 28.5 40.6 45.7
FaviComp 42.3 46.6 68.4 71.5 32.3 41.0 27.6 33.6 42.7 48.2
QREAM-ICL 43.8 47.5 68.7 70.7 38.2 44.5 30.4 34.6 45.3 49.3
QREAM-FT 44.6 48.0 68.5 70.5 38.4 44.9 30.1 34.9 45.6 49.4

Standard RAG Pipeline with Mistral-7B-Instruct

Retrieved Doc. 40.2 39.3 66.2 68.6 30.3 37.2 26.6 28.5 40.8 43.4
Generated Doc. 37.5 20.2 65.6 46.3 32.0 21.0 28.4 21.1 40.9 27.2
Retrieved + Generated 39.5 19.3 66.7 43.3 32.7 19.6 29.8 19.9 42.2 25.5

LongLLMLingua 34.3 36.4 63.8 63.8 27.0 34.7 25.5 28.0 37.7 40.7
CompAct 38.8 38.9 65.1 67.1 30.2 37.1 24.9 27.6 39.8 42.7
RECOMP 39.1 39.5 65.5 67.8 30.8 38.0 26.1 29.2 40.4 43.6
FaviComp 40.3 40.4 65.9 68.9 32.0 40.5 29.7 35.1 42.0 46.2
QREAM-ICL 41.1 40.5 66.3 67.5 35.8 42.5 34.3 36.7 44.4 46.8
QREAM-FT 41.5 40.1 67.6 67.1 36.9 42.9 33.6 35.9 44.9 46.5

Integration with Advanced RAG Frameworks

Self-RAG 43.2 42.7 69.3 72.5 37.5 46.5 27.1 32.6 44.3 48.6
+ FaviComp 44.1 42.5 70.1 73.1 39.5 48.2 29.0 34.1 45.7 49.5
+ QREAM-ICL 45.0 44.2 71.4 74.0 40.8 50.1 30.5 36.8 46.9 51.3
+ QREAM-FT 45.3 44.9 71.2 74.5 41.2 50.3 31.4 36.2 47.3 51.4

HippoRAG 47.0 41.5 65.6 68.8 45.2 59.2 35.7 62.7 48.6 58.1
+ FaviComp 48.2 42.8 66.5 70.0 47.5 61.7 38.0 65.1 50.1 59.9
+ QREAM-ICL 48.8 43.1 67.2 70.5 50.3 64.4 39.8 66.8 51.5 61.2
+ QREAM-FT 49.5 43.9 67.6 71.9 50.9 65.6 38.5 65.6 51.6 61.8

Table 1: Main Results on ODQA benchmarks. QREAM-FT achieves comparable or superior performance to the
ICL-based Teacher. Notably, the bottom section demonstrates that QREAM serves as an effective plug-and-play
module, yielding consistent additive gains when integrated into SOTA frameworks. Best results are bolded.

Method Rewriter Latency Avg. Acc

Standard RAG None 0.16s 40.6

QREAM-ICL Llama-3-8B 2.41s 45.3
QREAM-FT Llama-3.2-1B 0.18s 45.6

Table 2: Efficiency Analysis on NQ. QREAM-FT de-
livers a ∼13× speedup over the QREAM-ICL while
maintaining superior accuracy.

ing Llama-3-8B and Mistral-7B. As shown in Table
1, both variants of QREAM outperform all base-
lines. QREAM-ICL demonstrates robust perfor-
mance (Avg Acc 45.3% on Llama-3), validating
the exploration capability of the iterative rewriting
strategy. Our distilled student model, QREAM-
FT, achieves highly competitive results (Avg Acc

45.4%). While employing a significantly smaller
backbone (1B vs 8B), QREAM-FT matches or
even surpasses the Teacher on datasets like NQ
and HotpotQA We attribute this to the dual-criteria
rejection sampling (Sec 2.2), which acts as a de-
noising filter to remove suboptimal rewrites gener-
ated during exploration, ensuring the student learns
from a cleaner distribution. The gains are particu-
larly pronounced on multi-hop datasets (HotpotQA,
2WikiMQA), where QREAM-FT improves over
Standard RAG by roughly 8% in accuracy. Com-
pared to RECOMP and FaviComp, which focus
on compression or fusion, QREAM’s style-guided
rewriting better preserves the logical chain required
for complex reasoning.
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Integration with Advanced RAG Pipelines. We
further validate the plug-and-play capability of
QREAM by integrating both ICL and FT variants
into Self-RAG and HippoRAG. For this setting,
we employ the efficient 1B QREAM-FT model
to rewrite documents upstream of the respective
frameworks. As shown in the third block of Table
1, both variants yield additive gains over the base
frameworks. QREAM-FT generally outperforms
or matches QREAM-ICL, suggesting that the dis-
tilled model captures the core rewriting patterns
essential for question answering. Results demon-
strate that QREAM complements the advanced sys-
tems and provides additive gains to these SOTA
frameworks. Further evaluations on GPT-5 mini
(Appendix D) demonstrate consistent gains, con-
firming QREAM’s effectiveness even integrated
with SOTA proprietary LLM.

3.3 Efficiency Analysis

We analyze the computational cost of our Explore-
then-Distill paradigm. Table 2 reports the average
end-to-Natural Questions dataset, using Llama3-
8B-Instruct as the reader. QREAM-ICL serves
as a powerful explorer but incurs higher latency
(2.41s) due to iterative prompting with long demon-
strations. In contrast, QREAM-FT distills this ca-
pability into a lightweight model and refines the
raw retrieval within a single forward pass, reduc-
ing the latency to 0.18s. This is comparable to the
Standard RAG pipeline (0.16s), confirming that
QREAM-FT successfully bridges the gap between
high-performance rewriting and real-time deploy-
ment requirements.

4 Analysis

In this section, we provide a rigorous analysis to
verify the design goals of QREAM: enhancing doc-
ument quality, validating component contributions,
and mitigating stylistic bias.

4.1 Quality of Rewritten Documents

A core motivation of QREAM is to combine the
stylistic relevance of generated text with the fac-
tual grounding of retrieved text. We introduce two
quantitative metrics to evaluate these properties.

Question-Oriented Style Score (sorient). We use
sorient to measure how effectively a document d
aligns with the discourse style of the question
q. Following the probability ranking principle
(Sachan et al., 2022b), we formulate this as the

Document Type Style (sorient) ↑ Fact (rinc) ↓
Retrieved Doc. -2.53 0.0%
Generated Doc. -1.35 33.7%

QREAM-ICL -1.41 13.8%
QREAM-FT -1.45 9.2%

Table 3: Document Quality Analysis. QREAM bal-
ances stylistic alignment (approaching generated text)
with hallucination rates (approaching retrieved text).

length-normalized log-probability of reconstruct-
ing q given d, computed by the LLM reader MGen:

sorient(d, q) =
1

|q|

|q|∑

t=1

logPMGen(qt | q<t, d) (9)

Higher scores indicate stronger alignment with the
question’s intent.

Factual Inconsistency Rate (rinc). To quantify
hallucinations, we adapt the FactScore framework
(Min et al., 2023). We extract atomic facts from the
document d and verify them against the original
retrieval rraw using GPT-4o. The rate rinc is the
percentage of unsupported facts.

Results. Table 3 presents the results averaged
across four datasets. We observe a clear trade-off
in existing document types: Generated Documents
achieve high style scores (−1.35) but suffer from
severe hallucinations (33.7%), while Retrieved
Documents are factual but stylistically misaligned
(−2.53). In contrast, QREAM-FT achieves the best
of both worlds. Its style score (−1.45) is compa-
rable to free-form generation. Crucially, thanks to
the dual-criteria rejection sampling, QREAM-FT
maintains a low hallucination rate (9.2%), which is
even lower than its teacher QREAM-ICL (13.8%).
This confirms that our distillation process effec-
tively transfers the style while actively denoising
the content.

4.2 Ablation Studies
We conduct ablation studies to verify the necessity
of our two-stage design: the distillation criteria
(Stage II) and the exploration strategy (Stage I).
All ablation results reported below use Llama-3-
8B-Instruct as the QA reader backbone.

Effectiveness of Distillation Criteria (Stage II).
The robustness of QREAM-FT stems from the
Dual-Criteria Rejection Sampling. To isolate its
impact, we train student variants using different fil-
tering strategies on the Llama-3.2-1B backbone and
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Distillation Strategy Avg F1 Fact (rinc)

QREAM-FT (Dual-Criteria) 49.4 9.2%

w/o Filtering (Raw ICL) 47.8 14.8%
w/ Utility Check Only 48.9 13.5%
w/ Fidelity Check Only 48.2 12.0%

Table 4: Ablation on Distillation Criteria (Stage II).
Results are averaged across four datasets using Llama-
3-8B-Instruct as the reader.

evaluate their impact on the downstream reader’s
performance. As shown in Table 4, training on
raw ICL outputs without filtering (“No Filter”)
yields the lowest performance (47.8 Avg F1) and
highest hallucination rate (14.8%), as the student
blindly imitates the teacher’s noise. Using only
the Utility Check or the Fidelity Check improves
F1 compared to no filtering but retains high hal-
lucinations (13.5%), as it rewards any rewrite that
hits the answer string regardless of factual sup-
port, implicitly incentivizing model hallucination.
Our dual-criteria approach achieves the optimal
balance, yielding the highest F1 score while main-
taining a low hallucination rate. This confirms that
optimizing on data jointly checked for utility and
consistency is essential.

Impact of Stylistic Seeds (Stage I). To validate
the exploration mechanism, we analyze the de-
sign choices of stylistic seeds as shown in Fig-
ure 3. First, removing stylistic seeds (“Zero-shot
Rewrite”) leads to a performance drop even be-
low raw retrieval. This confirms that the target
“question-oriented style” is implicit and difficult to
elicit via instructions alone; seeds act as necessary
anchors. Second, we investigate the source of these
seeds. We compare our standard approach (using
unrelated questions) against “Self-Rewrite”, where
seeds are synthesized from the target question itself.
Surprisingly, Self-Rewrite performs worse than raw
documents and degrades further as more exemplars
are added. This is likely because self-generated
seeds introduce hallucinations that appear semanti-
cally relevant, contaminating the rewriting process.
In contrast, our use of unrelated seeds effectively
disentangles style from content, enabling the model
to learn the structural pattern without factual inter-
ference. Finally, performance improves with the
number of exemplars, plateauing around M = 4,
which validates our default configuration.

4.3 Mitigation of Stylistic Bias
Finally, we verify whether QREAM rewrites ef-
fectively adopt the high-utility presentation of gen-

NQ-CC TQA-CC

Reader Model RAW QREAM RAW QREAM

Llama-3 19.4 77.4 17.2 69.4
Mistral-7B 16.1 72.6 14.2 65.8

Table 5: QREAM mitigates the stylistic bias of LLM
readers. Compared to using raw documents, QREAM
demonstrates superior robustness under the Context-
Conflicting (CC) setting.

erated content to neutralize the reader’s inherent
stylistic bias. We evaluate under the Context-
Conflicting (CC) setting (Tan et al., 2024), an
adversarial scenario designed to probe reader pref-
erence. In this setting, the reader is simultaneously
presented with a correct retrieved document and an
incorrect generated document.

As evidenced in Table 5, Standard RAG using
raw retrievals is highly susceptible to stylistic bias,
often prioritizing incorrect generation over factual
evidence. For instance, Llama-3’s accuracy on NQ-
CC is only 19.4% even when the correct retrieval is
provided, indicating that the reader is easily misled
by the generated context. In contrast, replacing raw
retrievals with QREAM rewrites restores the accu-
racy to 77.4% on NQ-CC and 69.4% on TQA-CC.
Consistent trends are also observed with Mistral-
7B reader. This phenomenon demonstrates that the
style alignment achieved by QREAM effectively
mitigates the stylistic bias of LLM readers, thereby
unlocking the potential of retrieved evidence.

4.4 Qualitative Analysis
Table 6 illustrates the qualitative superiority of
QREAM over the strongest baseline (FaviComp).
Unlike the baseline, which often retains distract-
ing entities (Case 1) or preserves ambiguous logic
(Case 2), QREAM explicitly disentangles critical
facts from noise. By restructuring the evidence into
a coherent, question-oriented format, our method
clears the reasoning path for the reader, ensuring
correct predictions even in complex scenarios.

5 Related Works

5.1 Retrieval-Augmented Generation
Regular Retrieval-Augmented Generation (RAG)
follows a retrieve-then-read modular pipeline,
which involves retrieving relevant information from
an external database before generating a final pre-
diction (Fan et al., 2024; Gao et al., 2024). Re-
cently, numerous studies have introduced new mod-
ules or refined the original steps. In the pre-
retrieval stage, methods have been developed to
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Case 1: Distracting Context (Entity Confusion)
Question: what’s the dog’s name on tom and jerry?
[Baseline: Compression]
Doc: Tom, a grey and white domestic shorthair cat, is the
main character... while Jerry is a small brown mouse...
Pred: Jerry ✗

[Ours: Question-oriented Rewriting]
Rewrite: Spike is a recurring supporting character... He
first appeared in the cartoon "Dog Trouble"...
Pred: Spike ✓

Case 2: Ambiguous Logic (Role Confusion)
Question: who wrote cant get you out of my head lyrics?
[Baseline: Compression]
Doc: Kylie Minogue, Cathy Dennis, and Rob Davis wrote
the song "Can’t Get You Out of My Head"...
Pred: Kylie Minogue ✗

[Ours: Question-oriented Rewriting]
Rewrite: The lyrics of "Can’t Get You Out of My Head"
were written by Cathy Dennis and Rob Davis.
Pred: Cathy Dennis ✓

Table 6: Qualitative Comparisons with the samples
from NQ. While the baseline retains ambiguous or dis-
tracting content, QREAM explicitly extracts question-
relevant information, correcting the reader’s prediction.

determine whether and when retrieval is neces-
sary (Jiang et al., 2023b; Mallen et al., 2023), de-
compose complex questions into subqueries for
multiple retrievals (Dhuliawala et al., 2024), or
transform the initial query to improve the retrieval
quality (Ma et al., 2023). In the retrieval stage,
retrievers are often optimized using feedback from
LLMs (Shi et al., 2024), or more sophisticated
reranking strategies are employed (Sachan et al.,
2022a). In the post-retrieval stage, most works
focus on compressing retrieved documents to im-
prove efficiency and effectiveness (Yoon et al.,
2024; Jiang et al., 2024; Jung et al., 2025). Finally,
in the generation stage, additional training is con-
ducted to make LLMs more robust to noise (Yoran
et al., 2024), or automatically judge the correct-
ness of generated outputs (Asai et al., 2024; Yan
et al., 2024). We focus on the post-retrieval stage.

Different from existing works, we aim to imbue
the retrieved documents with the question-oriented
style unique to generated documents.

More complex RAG frameworks have also
emerged. Self-RAG (Asai et al., 2024) introduces
self-reflection to adaptively retrieve and gener-
ate content, while HippoRAG (Gutiérrez et al.,
2024) builds a long-term memory to better integrate
knowledge over time. Our plug-and-play rewriting
method can be integrated into their post-retrieval
stage for further performance gains.

5.2 RAG with Generated Documents
While retrieved documents offer factual ground-
ing, documents generated by an LLM in response
to a query are often better aligned with the ques-
tion in its style and structure, but are notorious
for hallucinations (Liu et al., 2022; Petroni et al.,
2019). While early methods combine both docu-
ments by training a small-scale model (Yu et al.,
2023) and (Zhang et al., 2023), a key challenge
is the stylistics bias of LLM readers, which favor
fluent but potentially inaccurate generated text (Tan
et al., 2024). To address this, we propose a novel
rewriting mechanism to integrate the merits of both
document types.

6 Conclusion

We present QREAM, a framework that transforms
retrieved evidence into a question-oriented style
to facilitate effective utilization. Operating in an
Explore-then-Distill paradigm, we distill robust rea-
soning patterns into a lightweight student via a bidi-
rectional denoising mechanism. Empirical results
confirm that this data-centric approach enables a
1B student to output high-quality, factually consis-
tent rewrites, serving as an efficient plug-and-play
module for SOTA RAG systems with negligible
latency. Crucially, our analysis validates that by
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optimizing document presentation, QREAM effec-
tively neutralizes the reader’s stylistic bias, ensur-
ing factual evidence is prioritized over hallucinated
fluency. We hope this work inspires future research
into style-aware optimization for trustworthy RAG.

Limitations

Although QREAM’s performance is inherently de-
pendent on the quality of the retrieved documents,
this paper assumes that the retrieval process has
already been conducted and does not address tech-
niques such as retriever training or document re-
ranking to improve the quality of the retrieved doc-
uments. As a result, any deficiencies in the initial
retrieval, such as missing information or less rel-
evant content, can still limit QREAM’s effective-
ness. Future work could explore joint optimization
of retrieval and rewriting processes to address this
limitation.
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A Prompts for Evaluation Metrics

Since most of the specific prompt templates for
QREAM-ICL and QREAM-FT are already illus-
trated in Figure 2, we omit them here to avoid
redundancy. In this section, we provide the spe-
cific prompts used for our automated evaluation
metrics, including the Stylistic Alignment Score
(sorient), the Factual Consistency Score (Sfact) and
the Factual Inconsistency Rate (rinc).

A.1 Prompt for Style Score Calculation

To compute sorient, we use a fixed generator to
calculate the log-probability of reconstructing the
question given the document. An instruction is
used to wrap the input for the generator, which is
formatted as follows:

Reconstruct Question from Document

[Instruction] Please generate a question
that can be answered by the following
document.
[Document] {Document}
[Question]: ...

A.2 Prompts for Hallucination Evaluation

Since Sfact = 1 − rinc, they are computed using
the same process. Following FactScore (Min et al.,
2023), we employ a two-step process: atomic fact
extraction and verification.

Atomic Fact Extraction. We first extract atomic
facts from the rewritten document using the follow-
ing prompt:

Atomic Fact Extraction

[Instruction] Please break down the
following text into independent facts. Each
fact should be a concise, self-contained
statement.
[Document] rewritten document
[Atomic Facts]:

Fact Verification. We then verify each atomic
fact against the raw retrieved evidence:

Fact Verification Prompt

[Instruction] Given the following document
as context, determine if the following
statement is supported by the context...
[Document] {Raw Retrieval}
[Statement] {Atomic Fact}
[Answer] (True/False):
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ID Instruction Prompt Variant Avg Acc Avg F1

#1 “Rewrite the following passage in the style of background materials to answer the given question” 45.3 49.3

#2 “Following the examples, rewrite the following passage to serve as background material...” 45.0 49.1

#3 “Rewrite the passage to directly answer the question” 45.0 48.7

#4 “Transform the following passage. The core objective is to ensure the output is a background...” 44.7 48.9

#5 “From the input passage, extract the key information... Then rewrite this information...” 44.3 48.5

Table 7: Robustness to Prompt Variations. Performance comparison using five distinct rewriting instructions. #1
denotes our default prompt. The low variance in metrics indicates that QREAM is robust to specific phrasing.

B Impact of Iteration Rounds in
QREAM-ICL

We analyze how the number of rewriting rounds
N affects the performance of QREAM-ICL. As
illustrated in Figure 4, the performance initially im-
proves as the model progressively refines the doc-
ument structure. Notably, even a single rewriting
iteration already delivers substantial improvement
over standard RAG baseline that directly uses raw
retrieved documents, demonstrating that QREAM
can provide immediate benefits even in its simplest
form. We observe that performance saturates at
N = 3. Therefore, we set N = 3 to test the perfor-
mance of QREAM-ICL and for data construction.
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Figure 4: Performance of QREAM-ICL w.r.t. the num-
ber of rewriting iterations.

C Robustness to Prompt Variations

To ensure that the effectiveness of QREAM is not
an artifact of specific prompt engineering, we evalu-
ate QREAM-ICL with five distinct instruction vari-
ants, ranging from concise commands to detailed
objective descriptions. Table 7 details the prompts
and the results averaged across all datasets.

As observed, QREAM maintains consistent per-
formance across all variations, with a fluctuation of
less than 0.8 points in F1 score. Our default prompt
(#1) yields the highest results, yet even the most

distinct variant (#5, which emphasizes information
extraction) significantly outperforms the baselines
reported in the main paper. This stability suggests
that the stylistic seeds play a more dominant role
in guiding the generation than the specific wording
of the instruction. Thus, QREAM proves to be ro-
bust to prompt phrasing, ensuring its applicability
without the need for extensive prompt tuning.

D Effectiveness on Stronger Readers
(GPT-5 mini)

We extend our evaluation to GPT-5 mini to verify
if QREAM’s benefits persist with state-of-the-art
proprietary models. As shown in Table 8, while
GPT-5 mini outperforms open-source baselines, its
performance with raw retrieval is merely compara-
ble to specialized frameworks like Self-RAG (e.g.,
43.8% vs. 43.2% on NQ). This observation sug-
gests that model scaling alone is insufficient to fully
overcome the noise in raw retrieval. Specialized
optimization strategies remain essential for SOTA
LLMs.

Crucially, integrating QREAM-FT yields con-
sistent gains over the raw baseline, particularly on
complex multi-hop tasks (e.g., +4.6% Accuracy on
HotpotQA). This confirms that QREAM acts as
a universal enhancer: by restructuring evidence
into a format easily usable for LLMs, it unlocks
the potential of even the most powerful readers.

NaturalQuestion HotpotQA

Method Acc F1 Acc F1

GPT-5 mini 43.8 45.2 40.8 48.2
+ FaviComp 45.1 44.4 44.1 47.3
+ QREAM-FT 46.6 46.2 45.4 53.8

Table 8: Performance with GPT-5 mini Reader.
QREAM consistently improves performance even for
the strong proprietary model, particularly on complex
multi-hop reasoning tasks.
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