Don’t Be Misled by Style: A Style-Adaptive Reranker for Capturing
Effective Knowledge in Retrieval-Augmented Generation

Ruwen Zhang!, Bo Liu'**, Shengxiang Zhang!, Yida Chen!,
Hantao Zhao'?, Ding Ding', Jiahui Jin', Jiuxin Cao'?
'Southeast University, Nanjing, China >Purple Mountain Laboratories, Nanjing, China

Correspondence: bliu@seu.edu.cn

Abstract

Rerankers are critical in Retrieval-Augmented
Generation (RAG) for filtering evidence that
enhances the accurate generation of LLMs.
With the extension to open-domain scenarios,
rerankers are inevitably deployed on mixed-
style corpora, whereas most existing rerankers
are mainly trained on well-edited texts. A
rarely explored issue lies in enabling rerankers
to maximally capture the effective knowledge
for downstream LLMs without being misled
by stylistic features. To address this issue, we
propose SARK (Style-Adaptive Reranker with
Knowledge Prioritization), a style-augmented
multi-task framework that prioritizes effective
knowledge over stylistic perturbations. SARK
performs multi-granular knowledge mining by
using an LLM to derive passage-level super-
vision on whether a passage helps or harms
answer correctness, and list-level relative rank-
ing preferences over candidate passages. It
then jointly optimizes the reranker model with
passage-level classification and list-level rank-
ing objectives via style-augmented multi-task
learning, encouraging the model to focus on the
information needed for answering under mixed-
style scenarios. Extensive experiments demon-
strate that SARK improves generation perfor-
mance across multiple LLMs under mixed-
style conditions.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse do-
mains, from dialogue systems (Castillo-Bolado
et al., 2024; Choi et al., 2024) to recommenda-
tion (Ren et al., 2024). However, inherent limita-
tions in parametric knowledge often lead to hal-
lucinations (Huang et al., 2025), motivating the
widespread adoption of Retrieval-Augmented Gen-
eration to enhance the factual accuracy of LLM
outputs.

A typical RAG system usually relies on a
retriever-reranker pipeline (Gao et al., 2023). The

reranker is responsible for reordering candidate
passages recalled from external corpora, determin-
ing which information is ultimately exposed to the
LLM. In practice, real-world retrieval systems ag-
gregate content from mixed-style data sources. As
illustrated in Fig. 1, the retrieval corpora differ not
only in topical coverage but also in writing style,
including encyclopedic articles, news reports, or so-
cial media text. Ideally, a reranker should prioritize
passages based solely on supportive evidence. Yet,
existing models trained predominantly on single
stylistic datasets tend to overfit to specific linguistic
patterns rather than capturing underlying semantic
relevance (Cao, 2025). As a result, their ranking
results are biased by superficial stylistic cues, lead-
ing to the failure to identify valuable knowledge
when it appears in informal formats.

A. Ideal reranking system
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Figure 1: The comparison of the ideal and real reranking
systems.

Recent reranking methods can be broadly di-
vided into encoder-based approaches, which rely
on representation learning for similarity estima-
tion, and generative approaches, which exploit
LLMs for ranking or supervision (Sun et al., 2023;
Ma et al., 2023; Zhang et al., 2024b). Encoder-
based models, such as ColBERT (Khattab and Za-
haria, 2020) and BGE (Xiao et al., 2024), focus
on fine-grained semantic matching but are not ex-
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plicitly optimized to align with the deep reasoning
of LLMs (Ren et al., 2025). Conversely, gener-
ative methods attempt to optimize rerankers us-
ing feedback signals from LLMs (Shi et al., 2024;
Jiang et al., 2025; Dong et al., 2025). For instance,
RAFT (Zhang et al., 2024b) embeds reranking
logic directly into the generation process to fil-
ter irrelevant contexts, while DPA-RAG (Dong
et al., 2025) derives preference signals from down-
stream answer accuracy. However, these methods
overlook the issue of style sensitivity in rerank-
ing. Since rerankers are typically trained or op-
timized on formal text, they may implicitly rely
on formal stylistic features as cues for relevance.
Consequently, informal but semantically relevant
evidence may be down-ranked, leading to inaccu-
rate ranking decisions.

The reliance on single stylistic training data
makes existing ranking models susceptible to stylis-
tic variations. Though some research has treated
style as a target for generation alignment (Zhang
et al., 2024d), attempting to match output styles
to human preferences. In the context of reranking,
style merely acts as one of the forms of information,
often distracting noise that obscures the underly-
ing facts. The critical challenge is to ensure that
the ranking order is strictly driven by factual
evidence, remaining effectiveness regardless of
the source of candidates, from a well-structured
article to a social media post.

To tackle this challenge,we present SARK, a
Style-Adaptive Reranker with Knowledge priori-
tization. SARK is trained on a multi-style dataset
with formal and informal passage variants, prior-
itizing core evidence over surface-level presenta-
tion. To achieve this, SARK employs a Mullti-
Granular Knowledge Extraction module to mine
both passage-level validity and list-level relative
signals, effectively identifying query-relevant evi-
dence from LLMs. Furthermore, SARK integrates
Style-Augmented Multi-task Learning, which
optimizes the model over the joint distribution of
style-variant pairs. This joint optimization pre-
vents SARK from overfitting to specific writing
styles while retaining sensitivity to effective ev-
idence. Extensive experiments demonstrate that
SARK achieves superior robustness under style-
diverse retrieval conditions. Importantly, SARK
consistently improves performance across multi-
ple LLMs, serving as a plug-and-play module for
real-world RAG systems.

Our contributions are summarized as follows:

* We build a multi-style reranking dataset with
paired formal and informal passages, anno-
tated with passage-level supportive labels
and list-level ranking orders, benchmarking
rerankers for effective knowledge-aware rank-
ing capabilities under multi-style corpora.

* We introduce SARK, a novel reranking frame-
work that integrates multi-granular knowl-
edge extraction with style-augmented multi-
task learning, ensuring ranking is driven by
effective knowledge while adopting stylistic
diversity.

* We empirically uncover the impact of style
variations on rerankers and analyze the effec-
tiveness of SARK across diverse stylistic set-
tings and multiple LLM backbones compared
to existing methods.

2 Problem Definition

Given a query ¢ € Q and a candidate set C;, =
{p1,p2,...,pn} retrieved from an external corpus
D, the primary goal of a reranker is to determine
a permutation R = [p1,p2,...,pys] of C;. This
ranking is induced by a learnable scoring function
fo(q, p) that ranks passages based on their scores.

We formalize a passage p as a tuple (c, s), where
¢ denotes the useful semantic content and s € S
represents the linguistic style. Our optimization ob-
jective aims to learn a relevance score that depends
solely on the content c against the influence of s,
formally defined as fy(q, (c,s:)) = fo(q, (¢, s5))
for any linguistic styles s;,s; € S.

3 Motivation Analysis

In this section, we formalize the linguistic styles
and conduct preliminary experiments to quantify
the reranker’s sensitivity to stylistic variations.

3.1 Style Formulation

In open-domain retrieval scenarios, candidate pas-
sages typically exhibit diverse linguistic styles,
which may introduce unintended biases into the
reranking process. To investigate this, we instan-
tiate the style type s into two distinct categories
following prior work on style transfer (Mukher-
jee and Dusek, 2024; Liu et al., 2022), including
formal style s™ and informal style s"'. We con-
struct style-variant pairs where a formal passage
p™ = (¢, s™) is contrasted with its informal pas-
sage p'"' = (c, s'"), with the semantic content c
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Figure 2: The overall architecture of the proposed SARK.

Table 1: Performance gaps between formal and informal
data under style-related variations. Existing rerankers
consistently degrade on informal text in terms of accu-
racy and BERTScore (Top-50 passages).

Model Accuracy |  BERTScore
Formal A | Formal A
BGE-Base 0.5377  4.65%]) | 0.7476  2.54%]
BGE-Large 0.5330 4.37%] | 0.7413  1.86%.
MiniLM 0.5348 5.08%]) | 0.7515 3.18%]
mGTE 0.5424  5.16%]) | 0.7514  3.00%.
RankGPT 0.5397 5.02%]) | 0.7476  3.03%.|
RankLlama  0.5504  5.64%] | 0.7575 3.40%]
Avg. Drop - 499%| | - 2.84%)

strictly preserved. This formulation allows us to
isolate style as a variable to test rerankers.

3.2 Reranker Sensitivity to Style

As the training distribution of current rerankers is
heavily trained on a fixed style s™, we hypothe-
size that they inevitably mistake the specific style
for semantic validity.

To validate this hypothesis, we conduct an em-
pirical analysis utilizing the Natural Questions
(NQ) dataset (Kwiatkowski et al., 2019). We con-
struct an evaluation set containing style-variant
pairs (p™!, p'"), which share identical semantic
content ¢ but differ in style s, with gfml represent-
ing standard encyclopedic text and s represent-
ing colloquial variations. The details of this data
construction process are provided in Appendix A.

Table 1 reports the performance of six represen-
tative reranking models on the Top-50 retrieved
paragraphs. The results provide strong empirical
evidence of style vulnerability. When the same ef-
fective knowledge is presented in an informal style,
all evaluated models suffer significant performance

degradation, with LLM answer accuracy (ACC)
dropping by up to 4.99% and BERTScore (Zhang
et al., 2019) decreasing by 2.84%. Since the seman-
tic content c remains unchanged, this degradation
confirms that state-of-the-art rerankers are heav-
ily biased on specific linguistic patterns instead of
identifying the effective knowledge. This observa-
tion highlights the critical need for a reranker to
meet the core knowledge required by LLMs against
superficial stylistic cues, motivating the design of
our proposed SARK framework.

4 Proposed Approach

4.1 Framework

To mitigate the misleading influence of stylistic fea-
tures, we propose SARK. As illustrated in Fig. 2,
SARK integrates two modules that prioritize useful
knowledge under style augmentation via multi-task
learning. The Multi-Granular Knowledge Ex-
traction module treats the LLM as a reasoning ver-
ifier. It extracts effective knowledge signals at two
granularities, comprising passage-level verification
to identify factual support, and list-level ranking to
capture the relative effectiveness of candidates for
answer generation. Style-Augmented Multi-task
Learning module leverages these signals to confer
resilience against stylistic perturbations via a multi-
task objective. It aggregates the passage-level and
list-level losses across style-variant pairs, forcing
the model to learn semantic features. Through the
joint optimization of multiple tasks, SARK estab-
lishes a knowledge-centric ranking that is robust to
stylistic variation.

4.2 Multi-Granular Knowledge Extraction

In this section, we extract effective knowledge di-
rectly from the target LLM, leveraging the LLM
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as a reasoning verifier to discern the contribution
of retrieved passages at distinct granularities.

4.2.1 Passage-level Knowledge Signals

To quantify the validity of individual passages, we
identify passages that provide the necessary factual
support to correct the LLM’s reasoning by compar-
ing the LLM’s answer accuracy with and without
context augmentation.

Formally, let ¢ be a query and y be the ground
truth answer. For each candidate passage p; € Cq,
we generate a retrieval-augmented response a?ug
via a prompt template 7 (¢, p;). Concurrently, we
query the LLM without retrieval to obtain its intrin-
sic parametric answer a'"", as defined in Eq. (1):

a;"® = M(T(a,p:)), a™ =M(q). (D)

To assess factual correctness, we employ a hy-
brid verification £(a, y) € {Match, Mismatch}. It
integrates the EM score for character-level match
and an LLM-based judge to handle semantic vari-
ability in correct responses. We construct the
passage-level ranking dataset Dp,s where the re-
trieved p; explicitly alters the outcome. The label-
ing logic is formalized in Eq. (2):

Dpas = {<Q7pi7li) ‘ li € pos,neg}, ()

where the label [; is derived based on answer
gain. A positive label [; is assigned when the
LLM lacks parametric knowledge (€(a%",y) =
Mismatch) but successfully answers with augmen-
tation (€ (a;"®, y) = Match), indicating p; provides
the necessary knowledge. A hard negative label [;
is assigned when the LLM answers correctly via
parametric knowledge but fails after incorporating
the passage (£(a¥l",y) = Match A ("¢, y) =
Mismatch), indicating p; introduces misleading in-
formation.

4.2.2 List-level Knowledge Signals

Passage-level signals offer fine-grained supervi-
sion, as LLMs may answer correctly regardless
of context, obscuring the relative effectiveness of
candidates (seen in Fig. 3). To capture relative ef-
fectiveness, we adopt a multi-turn conversational
prompting strategy, which guides the LLM to rank
passages based on their contribution to the ground
truth answer.

Formally, for a query ¢ and a sampled subset
of passages, the LLM induces an optimal ranking
order L = [p1,p2,-..,pn), Where p; denotes the

When did big air snowboarding |__
i | become an Olympic sport?

When did big air snowboarding
i| become an Olympic spor+?

[ In 2018, big air became the LLM
! newest snowboarding event i\
i the Olympic Games...

i | When did big air snowboarding
i | become an Olympic sport?

! The big air snowboarding was —* @ — 2018.
i introduced at the LLM

: as the mua's

i | halfpipe competition..

(c) With ineffective knowledge from RAG

Figure 3: The LLM answers correctly regardless of re-
trieval, masking the effectiveness of retrieved passages.

passage at rank 7. From this global ordering, we
extract pairwise ranking constraints to construct
the list-level dataset Dy, as formalized in Eq. (3):

Diist = {(q,pispj) | pi = pj € L}, 3)

where p; > p; indicates that p; provides superior
support compared to p;. The final training dataset
isD = {DpaS7 Dlist}-

4.2.3 Knowledge Style Transfer

To enhance SARK with the capability to capture
core semantics from linguistic presentation, we
augment the corpus with style-variant passage
pairs. We treat the original passages from orig-
inal D as the standard formal anchors, denoted as
p™. Subsequently, we leverage an LLM to per-
form the style transfer, generating corresponding
informal variants p™.

Specifically, we design a prompt template Tians
that instructs the LLM to rewrite the input text
into a colloquial tone while strictly preserving the
factual evidence, as detailed in Appendix A. This
process yields a set of semantically equivalent pairs
{(p™! p'"")} as D', which serves as the foundation
for our style-augmented joint optimization.

4.3 Style-Augmented Multi-task Learning

Building on the extracted multi-granular signals,
SARK adopts a multi-task learning framework. It
integrates passage-level classification to ensure fac-
tual correctness, while simultaneously optimizing
list-level ranking to capture the relative order of
evidence.
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4.3.1 Passage-level Knowledge Learning

We first feed the (g, p;) pair into the backbone
reranker to obtain the feature embedding h; cor-
responding to the [CLS] token. Subsequently, the
scoring function fy(q, p;) is implemented as a two-
layer feed-forward neural network with non-linear
activation and dropout regularization, which maps
h; to the final output z; as Eq. (4):

zi = Wy - Dropout(¢(W1h; + b)) + ba, (4)

where W1, Wy by, by are trainable parameters,
and ¢(-) denotes the activation function.
Consequently, this score is mapped to a probabil-
ity via the sigmoid function §; = o(z;), represent-
ing the likelihood that passage p; contains critical
evidential support. We formulate the passage-level
verification as a binary classification task, minimiz-
ing the cross-entropy loss over the passage data

Dyus as Eq. (5):
1 |D'|
Lpas = — D > [yi log ?)i‘i‘(l_yi)log(l_@i)}
i=1

&)

By minimizing L, the reranker explicitly

learns to distinguish factual evidence from irrel-
evant noise.

4.3.2 List-level Knowledge Learning

To enhance the relative order of valid passages,
we employ pairwise optimization to boost rela-
tive ranking logic. The probability that passage
p; provides stronger evidential support than p; is
represented as a sigmoid function of their score
difference in [0, 1]. Let z; be the predicted rele-
vance score, the pairwise probability is defined as
Eq. (6):

P(pi - pj) = o(zi — zj), (6)
where a higher P(p; > p;) indicates a higher prob-
ability that p; is preferred over p;.

To align SARK’s scoring with the LLM’s intrin-
sic reasoning, we minimize the RankNet loss over
the set of pairwise constraints D), , in Eq. (7):

|Dl’| Z log (1 + ef(zifzj)> :
(¢,pi>p;)ED’
(7

By minimizing Ly, the model learns to discern
which evidence is comparatively more effective.

Liist =

4.3.3 Style-Augmented Joint Training

The style-augmented joint training mechanism
leverages multi-task learning to enhance predic-
tion consistency to stylistic differences.

Specifically, we define the style-augmented pas-
sage loss L}, and list loss L by aggregating
losses from both stylistic contexts, as formulated
in Eq. (8) and (9):

L3, = MEAN (Lpos(p™) + Lpas(p™)) . (8)

bt = MEAN (Lii(CI™) + Ly (CI)) . (9)
The overall training objective is a weighted inte-
gration of these multi-task losses. To balance the
local precision and global ordering, we formulate
the total loss £ as shown in Eq. (10):
L=ANC50+ (1 —X)Lig,

pas

(10)

where A € [0, 1] is a dynamic weighting factor
adaptively adjusted at each training step ¢ to bal-
ance the optimization gradients of the two tasks.

S Experiments

In this section, we evaluate SARK guided by five
key research questions. Q1: How effective is
SARK compared with existing rerankers on stylis-
tic data? Q2: How effective is SARK as the size of
the recalled candidate set increases? Q3: How do
different style mix ratios within the candidate set
impact SARK? Q4: Is SARK generalizable across
various LLM sizes and types? Q5: What are the
practical inference costs of deploying SARK?

5.1 Experimental Setting

Dataset. We use the open-domain English
question-answering dataset NQ (Kwiatkowski
etal., 2019) as the training corpus for our reranking
model. The candidate passage pool is constructed
from the Wikipedia dump (Dec. 20, 2018) (Lee
et al., 2019) as the primary knowledge source. The
statistics details on dataset construction are pro-
vided in Appendix A.

Evaluation Metrics. We use Qwen-14B! as the
backbone model to generate answers for evaluation.
Ranking performance is assessed using Accuracy
and Exact Match (EM) (Rajpurkar et al., 2016).
To further measure answer quality and similarity
to the ground truth, we further adopt BERTScore
and ROUGE (Lin, 2004). Additional details on the
experimental setup are provided in Appendix B.

"https://huggingface.co/Qwen/Qwen2.5-14B-Instruct

6669



Table 2: Top-5 performance comparison across reranking models.

Model Accuracy EM BERTScore ROUGE
BGE-Base 0.4745 0.3020 0.7055 0.5327
BGE-Large 0.4843 0.3066 0.7104 0.5516
MiniLM 0.4945 0.3210 0.7224 0.5669
mGTE 0.5057 0.3253 0.7275 0.5785
RankGPT 0.4805 0.3040 0.7085 0.5465
RankLlama 0.5163 0.3330 0.7279 0.5819
SARK 0.5360 0.3460 0.7350 0.5919
w/o SAT 0.5213 0.3350 0.7320 0.5858

5.2 Main Results (Q1)

We compare SARK in a mixed-style retrieval set-
ting, where the candidates contain 50% formal and
50% informal passages. As summarized in Table 2,
SARK achieves the best performance across all
metrics, demonstrating strong robustness against
stylistic perturbations.

We observe that BGE family performs the weak-
est, while BGE-Base achieves only 0.4745 accu-
racy and 0.3020 EM. This underperformance likely
stems from their reliance on surface-level semantic
matching, which is easily disrupted by the lexical
gap introduced by informal styles. In contrast, gen-
erative baselines like RankLLaMA capture deeper
semantics, reaching a BERTScore of 0.7279. How-
ever, SARK outperforms RanklLLLaMA with a no-
table gain of 1.97% in accuracy and 1.00% in
ROUGE. These gains indicate that while RankL-
LaMA may capture general relevance, SARK more
effectively captures core knowledge. By learning
factual evidence against stylistic attributes, SARK
ensures that the retrieved context actually aids the
LLM’s reasoning, rather than merely maximizing
semantic similarity.

To validate the contribution of our Style-
Augmented Joint Training (SAT), we evaluate a
variant removing the SAT. Performance drops no-
ticeably, with accuracy dropping from 0.5360 to
0.5213 and ROUGE declining from 0.5919 to
0.5858. This performance drop confirms that the
SAT module is essential for projecting diverse vari-
ants into a knowledge-centric feature space.

5.3 Top-K Ranking Analysis (Q2)

To evaluate performance under different ranking
depths, we analyze results across Top-K values
from 5 to 50. Fig. 4 presents the results on both
formal and informal test sets.

Overall, SARK consistently outperforms all
baselines, demonstrating superior stability across

depths. On the formal test set, the relative order-
ing of rerankers remains largely unchanged, while
SARK maintains EM scores between 0.3729 and
0.3839. A clearer divergence appears on the in-
formal test set, where larger K introduces more
stylistic noise. SARK is less sensitive to stylis-
tic variations at every Top-K level, outperforming
strong baselines such as mGTE and RankL.lama
by approximately 3.03% and 1.94% in accuracy
at Top-10. Additionally, RankGPT exhibits im-
proved performance as the number of candidate
documents increases. This trend is likely attributed
to its sliding-window mechanism, which is better
suited for longer contexts. Unlike RankGPT that
require a larger candidates pool to rerank correct
answers, SARK effectively focuses solely on the
density of effective knowledge when surrounded
by linguistic interference due to the SAT training,
thereby maximizing LLM answer accuracy under
limited context windows.

5.4 Style Robust Analysis (Q3)

We evaluate Top-5 performance across varying
mixtures of formal and informal passages, ranging
from 20% to 80% formal, as Fig. 5 reports. Over-
all, SARK maintains stable performance despite
significant variations in stylistic noise.

In general, across all methods, accuracy scores
improve as the proportion of formal text increases,
indicating that informal passages introduce stylis-
tic noise and pose challenges for semantic match-
ing. Nevertheless, SARK effectively bridges stylis-
tic gaps even when informal passages dominate.
Under the most challenging formal-informal split
(20% formal), it surpasses RankLlama by 2.3%,
with the margin slightly decreasing to 2.0% and
2.1% under the 40% and 80% settings, respectively.
The BGE variants exhibit volatility across ratios,
likely due to their heavy reliance on lexical fea-
tures. In contrast, the performance of SARK val-
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Performance comparison across Top-k formal values
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Figure 5: Accuracy Comparison across different style
rates.

idates that it can lock onto effective knowledge
regardless of the diverse style distributions.

5.5 Effectiveness across Different LLMs (Q4)

We deploy our reranker across four distinct four
families, including LlamaZ, gemma3, Qwen2.54,
and Qwen3>, using a 50% mixed-style retrieval
setting. Table 3 summarizes the performance gains.

We evaluate cross-model generalization to ex-
amine whether SARK overfits to the reasoning
patterns of the source LLM (Qwen2.5-14B). As
shown in Table 3, consistent gains across hetero-
geneous architectures suggest that SARK does not
encode model-specific reasoning logic. Notably,
the Qwen series exhibits the most dramatic per-
formance surges, with accuracy improvements ex-
ceeding 31.57% and 28.97% for the Qwen3-4B and
Qwen2.5-7B variants, respectively. We attribute
this to multi-granular knowledge learning, since

2https://huggingface.co/meta-llama/Llama-3.1-8B-
Instruct

3https://huggingface.co/google/gemma-3-12b-it

*https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
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Figure 6: Efficiency comparison across different base-
lines.

supervision signals are derived from Qwen2.5,
SARK has implicitly learned the internal reason-
ing patterns optimal for the Qwen family. This
benefit also transfers significantly to non-Qwen
models. For instance, Llama3.1-8B sees an EM in-
crease of nearly 9%, and Gemma3-12B achieves a
12.95% boost in BERTScore. While SARK aligns
best with its target LLM, the learned knowledge
generalizes benefits diverse LLMs, acting as a plug-
and-play module for mixed-style RAG systems.

5.6 Efficiency Analysis (Q5)

To assess the inference efficiency, we measure
end-to-end inference latency and throughput at
the query level, as illustrated in Fig. 6. We de-
ploy RankGPT using the vLLM engine, whereas
other models process query-passage pairs in
batches. This setup accounts for RankGPT’s
listwise prompting, which necessitates individual
query processing. Among all methods, RankL-
LaMA exhibits the highest latency with 2369.24
ms/query, as it requires multiple forward passes
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Table 3: Performance comparison on reranker-enhanced LLMs.

Type Model Accuracy EM BERTScore ROUGE
Llama3.1 8B-Instruct 0.2603 0.1213 0.5748 0.3167
’ 8B-Instruct with SARK 0.4813 0.2110 0.6776 0.5564
4b-it 0.1823 0.1003 0.5469 0.2203
Gemma3 4b-it + SARK 0.4667 0.2683 0.6855 0.5039
12b-it 0.2487 0.1627 0.5983 0.3383
12b-it + SARK 0.4657 0.3243 0.7278 0.5713
7B-Instruct 0.1850 0.1213 0.5627 0.2508
Qwen2.5 7B-Instruct + SARK 0.4747 0.3283 0.7253 0.5588
’ 14B-Instruct 0.2517 0.1643 0.5898 0.3129
14B-Instruct + SARK 0.5360 0.3460 0.7350 0.5919
Qwen3 4B-Instruct 0.2010 0.0170 0.4075 0.0999
4B-Instruct with SARK 0.5167 0.2480 0.6674 0.4991

over candidate passages. Despite its strong ef-
fectiveness, such latency makes it less suitable
for latency-sensitive applications. In contrast,
MiniLM achieves the highest throughput of 39.59
queries/sec, but often at the cost of its semantic rea-
soning. Our SARK achieves a favorable balance
between efficiency and effectiveness, attaining a
latency of 127.89 ms/query and a throughput of
7.82 queries/sec. Notably, SARK achieves an ef-
ficiency level comparable to BGE-Large, while
being over 10x faster than RankLLaMA. These re-
sults demonstrate that our method bridges the gap
between encoder-based and generative rerankers.

6 Related work

The primary objective of reranking is to estimate
the relevance between a query and candidate docu-
ments (Askari et al., 2023; Liu et al., 2025). Based
on model architectures, existing approaches can be
broadly categorized into encoder-based and gener-
ative rerankers.

Encoder-based methods rely on representation
learning to computing relevance scores, either by
encoding queries and documents independently
in a dual-encoder architecture or by jointly en-
coding concatenated pairs. For instance, BGE
Reranker (Xiao et al., 2024) concatenate the query
and document to jointly model fine-grained inter-
actions. Lightweight models like MiniLM (Wang
et al., 2020) leverage knowledge distillation pro-
vide a favorable balance between efficiency and
effectiveness. Despite their strong semantic match-
ing, these methods define relevance based on
surface-level semantic similarity. As shown in our
analysis, they are vulnerable to stylistic noise, lead-
ing to the degradation of downstream application.

More recently, the text comprehension and rea-
soning capabilities of LLMs have driven the de-
velopment of generative rerankers. On the one
hand, approaches like RankT5 (Zhuang et al.,
2023), ListT5 (Yoon et al., 2024), and RankL-
LaMA (Ma et al., 2024) adapt generative architec-
tures to directly output relevance scores based on
their sequence generation capabilities. Similarly,
RankGPT (Sun et al., 2023) leverages LLMs to per-
form listwise ranking directly via prompting. On
the other hand, to bridge the gap between retriever
optimization and generator needs, some works fo-
cus on aligning rerankers with downstream feed-
back (Ren et al., 2025; Jiang et al., 2025; Zhang
et al., 2024b). RePlug (Shi et al., 2024) leverages
answer perplexity as a supervision signal, while
Arl2 (Zhang et al., 2024a) and DPA-RAG (Dong
et al., 2025) prompt LLMs to explicitly annotate
ranking preferences. While these methods incor-
porate LLM preferences, they do not explicitly
address stylistic bias. In contrast, SARK employs
style-augmented multi-task learning to identify ev-
idence rather than linguistic presentation.

7 Conclusion

In this paper, we address the challenge where stylis-
tic patterns often misguide RAG systems away
from effective knowledge. Our proposed SARK
enhances diverse LLM backbones by prioritizing
effective knowledge at both passage-level and list-
level granularities. Furthermore, through style-
augmented multi-task learning, SARK optimizes
the model over the joint distribution of style-variant
pairs to filter out linguistic noise. Extensive experi-
ments confirm that SARK achieves state-of-the-art
robustness in mixed-style retrieval environments.
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Limitations

While our approach shows strong performance,
several limitations remain. On the one hand, the
reliance on generated data may introduce poten-
tial generalization bias. Since our supervision sig-
nals are derived from a specific source LLM, the
reranker risks overfitting to the specific effective
knowledge of that source model, which may fail
to generalize consistently across different LLM
architectures. On the other hand, the style distribu-
tion in our dataset is primarily divided into formal
and informal writing, leaving more fine-grained
stylistic dimensions underexplored. Extending our
framework to account for richer stylistic expres-
sion, such as discourse structure, emotional tone,
or domain-specific conventions, remains an open
direction.

Ethics Considerations

This work utilizes open-source LLMs for dataset
construction and evaluation. We affirm that the
source dataset was legally obtained under licenses
permitting research use. The data primarily con-
sists of open-domain questions and passages, con-
taining no private or sensitive user information.
Besides, we acknowledge the use of Al assistants,
including ChatGPT and Gemini, for writing sup-
port.

We acknowledge potential risks associated with
automated data generation. While our framework
is designed to preserve semantic consistency, there
remains a possibility that the generated informal
variants could inadvertently introduce subtle fac-
tual hallucinations. To mitigate these risks, we
have employed strict prompts and conducted man-
ual quality checks to ensure the generated content
adheres to ethical research standards and contains
no offensive content.

Moreover, four human annotators were involved
in the experiment to conduct manual quality veri-
fication. Each human annotator was compensated
at an hourly rate of $15.00, exceeding the current
U.S. federal minimum wage of $7.25 per hour. We
ensure that both the dataset content and construc-
tion comply with ethical standards throughout the
entire research process.
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Appendices

A Data Analysis and Evaluation

A.1 Data Generation

Our experiments are conducted on the NQ
dataset (Kwiatkowski et al., 2019), which com-
prises anonymized user queries paired with
Wikipedia articles. To adapt NQ for the rerank-
ing task, we execute a rigorous data construction
pipeline consisting of four stages.

Corpus Segmentation. We derive the retrieval
corpus from the Dec. 20, 2018, Wikipedia
dump (Lee et al., 2019). To ensure data qual-
ity, we filter out semi-structured noise, such as
tables, info boxes, lists, and disambiguation pages.
The remaining articles are segmented into non-
overlapping blocks of 100 words. Each passage
p; is prefixed with its article title in the format
“[Title] [Content]”. We utilize a pre-trained
Dense Passage Retriever (DPR) (Karpukhin et al.,
2020) model to recall candidates, establishing a
candidate knowledge corpus for subsequent sam-
ple mining.

Passage-level Sample Mining. Since NQ pro-
vides page-level annotations, we map ground-truth
answers to specific passage blocks within the candi-
date knowledge corpus. For each query ¢, passages
containing the exact knowledge required to trigger
correct LLM reasoning are labeled as positive sam-
ples pf. To mine hard negative samples, we em-
ploy a hybrid strategy combining BM25 (Robert-
son and Zaragoza, 2009) with LLM-based verifica-
tion. Specifically, we retrieve the Top-100 passages
for each query and sample negatives p; that mis-
lead correct LLM generation.

List-level Sample Mining. For each query,
we retrieve the Top-K (K = 50) most rele-
vant passages to form the candidate list C;, =
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Table 4: Dataset statistics (# is the symbol of ‘the num-
ber of”).

Split # Samples  Percentage
Training 16 094 77.07%
Validation 1788 8.56%
Test 3000 14.37%
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Figure 7: Rank List Length Distribution.

{p1,p2,...,ps0}. To learn the global ranking
logic, we employ a conversational prompting strat-
egy that guides the target LLM to re-rank these
candidates based on their relative evidential effec-
tiveness within the given context.

Style Augmentation. We further augment the
candidate set with stylistic variations. Specifically,
passages sampled in their original formal style are
rewritten into semantically similar informal vari-
ants using an LLM-based style transfer process.
These rewritten passages are then injected back
into the candidate list, forming the final augmented
dataset. This process preserves semantic content
while varying style, ensuring that observed per-
formance reflects stylistic sensitivity rather than
differences in knowledge.

Data Statistics. The final dataset is structured
as query-context pairs, resulting in 16,094 valid
training instances. The processed dataset is par-
titioned into training, validation, and test sets as
detailed in Table 4. We further analyze the length
distributions of formal and informal passages, as
illustrated in Fig. 7. The formal passages exhibit
an average length of 634.85 tokens, whereas the
informal passages are comparatively shorter, with
an average length of 535.39 tokens. The observed
distributions confirm that colloquial variations tend
to be more compact than encyclopedic text, reflect-
ing the typical length characteristics of realistic
QA scenarios in practice.

A.2 Automatic Evaluation

Following prior work (Ostheimer et al., 2023), we
comprehensively assess the quality of generated
style-variant pairs across three dimensions: style
transfer strength, content preservation, and fluency.

Style Transfer Strength. We adopt a Qwen2.5-
14B model as a binary style classifier. First, to
ensure the reliability of this evaluator, we validate
it on the formal test set from the raw corpus, where
it achieves an F1-score of 95.23%. Subsequently,
we apply it to our generated informal paragraphs.
The model classifies 99.97% of the generated sam-
ples as belonging to the informal category, confirm-
ing that the generated paragraphs are effectively
injected with distinct stylistic expressions.

Content Preservation. To verify that the ef-
fective knowledge remains effectiveness during
style transfer, we measure the semantic similar-
ity between the source formal text and the gener-
ated informal text using BERTScore. The dataset
achieves a similarity score of 0.6686, indicat-
ing that the essential factual information is well-
preserved during the rewriting process.

Fluency. We assess the linguistic quality of the
generated text by calculating the Perplexity (PPL)
using a pre-trained GPT-2 (Radford et al., 2019).
The generated paragraphs yield a low PPL score of
33.38, suggesting that the generated informal text
maintains high grammatical fluency.

A.3 Human Evaluation

To manually verify the correctness and quality of
generated data, we conducted a manual validation
on a randomly sampled 20% subset of the informal
paragraphs. Four human annotators, all holding
graduate-level degrees, independently evaluated
each paragraph after reviewing a brief annotation
guideline. The evaluation was performed along
three dimensions, including style type, content
preservation, and fluency. The average annotation
time was approximately 2 minutes per instance,
and disagreements were resolved through discus-
sion. The final labeling consistency was assessed
on the sample set, yielding a Kappa score of 0.719.

Furthermore, we report the full text of the
instructions given to the annotators, explicitly
detailing the instructions used to guide the manual
quality check.
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Instruction of Data Annotation

Thank you for participating in our evaluation
task. In this task, you will be presented with a
pair of passages: an original Formal Passage
sourced from Wikipedia and a generated Infor-
mal Passage rewritten by an Artificial Intelli-
gence Language Model. Your goal is to assess
the quality of the generated informal passage
based on three specific dimensions, including
Style Transfer Strength, Content Preservation,
and Fluency.

Please read the definitions of each dimension
carefully and label each sample accordingly.

1. Style Transfer Strength

Determine whether the generated passage suc-
cessfully reflects an Informal style.

Formal Style: Adopts a rigorous, objective,
and academic tone. Uses standard grammar
and avoids colloquialisms (e.g., Wikipedia ar-
ticles, news reports).

Informal Style: Utilizes a casual, conversa-
tional, or emotional tone, often incorporating
slang and spoken expressions (e.g., social me-
dia posts, forum comments).

2. Content Preservation

The goal of the rewriting process is to change
the style while strictly keeping the core seman-
tic meaning unchanged. The informal passage
must contain the same key factual information
(entities, numbers, events) as the original for-
mal passage.

3. Fluency

Read the Informal Passage and assess the
grammatical correctness and readability of the
generated text.

Please carefully read the following annotation
example, which presents the stylistic expres-
sions and their corresponding labels for your
reference.

Formal Text: Big Little Lies is an American
drama television series based on the novel of
the same name by Liane Moriarty. It received
16 Emmy Award nominations and won eight.

Informal Text: Omg, have you guys seen Big
Little Lies?? It’s this total drama fest based

on Liane Moriarty’s novel. Can you believe it
snagged a whopping 16 Emmy noms and took
home eight trophies? It is awesome!

Style Transfer Strength: [v'] Informal / [ ] For-
mal

Content Preservation: [v'] Preserved / [ ] Dis-
torted

Fluency: [v'] Fluent / [ ] Incoherent

A.4 Prompt Templates

We adopt formal and informal styles to reflect
differences in writing commonly observed across
mixed-style retrieval sources. To transfer the
formal Wikipedia text into a more relaxed and
conversational style while preserving its original
meaning, we use the following prompt:

Informal Content Generation Prompt

You are a great text style transfer assistant.
Transform the following formal paragraph into
a super informal tone. Use everyday language,
emotional expressions, and even rhetorical
flair. No fancy words, no academic tone, JUST
super relaxed, fun, and super easy to read in
English. Keep the output between 80 and 120
words.

Paragraph: “Big Little Lies (TV series)” It re-
ceived 16 Emmy Award nominations and won
eight, including Outstanding Limited Series
and acting awards for Kidman and Dern ...

Output: Dude, Big Little Lies absolutely
crushed it! I mean, seriously, can we talk about
how this show snagged a whopping sixteen
Emmy nominations ...

To assess the style transfer strength of the
generated content, we use a prompt that instructs
the LLM to classify whether a given paragraph is
formal or informal.

Style classification Prompt

You are a great style classification assistant.
Your task is to determine whether the given
paragraph is written in a formal or informal
style. A formal paragraph adopts a rigorous
tone and avoids colloquial phrases or expres-
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sive phrasing, whereas an informal paragraph
uses casual, conversational, or emotional lan-
guage. Read the paragraph carefully and out-
put only one label: Formal or Informal.

Paragraph: “Big Little Lies (TV series)” It re-
ceived 16 Emmy Award nominations and won
eight, including Outstanding Limited Series
and acting awards for Kidman and Dern ...

Output: Formal

\ J

B Details on Experiment Setup

B.1 Implementation Details

Following prior work (Dong et al., 2023; Askari
et al., 2024; Dong et al., 2025), we utilize DPR
as the retriever to retrieve candidate passages for
each query. During training, we employ a strati-
fied sampling strategy to construct list-level inputs.
Specifically, for each training and validation query,
we recall the Top-50 passages and sample v = 6
representative passages at fixed intervals (ranks 1,
10, 20, 30, 40, 50) to discriminate between high-
relevance candidates across varying ranking posi-
tions. For inference, the full Top-50 candidate list
retrieved by DPR is fed into the reranker.

We employ BGE-Reranker-Base (Xiao et al.,
2024) as our reranker backbone. The model is
fine-tuned for 30 epochs with a batch size of 8,
optimized via AdamW (Loshchilov and Hutter,
2017) with a learning rate of 1 x 10~°. To balance
the optimization dynamics between passage-level
classification and list-level ranking, we incorporate
an adaptive loss weighting mechanism.

Our primary evaluation metrics focus on the
downstream generation quality of LLMs. Our
main experiments report the performance based
on the Top-5 reranked passages. All experiments
are primarily conducted using Qwen2.5-14B, de-
ployed via the vLLM (Kwon et al., 2023) frame-
work for high-throughput inference. To assess gen-
eralization, we further extend our evaluation to
the LLaMA-3.1, Gemma-3, and Qwen3 families
across various scales. All reported results are av-
eraged over three runs. Our dataset and code are
publicly available®.

B.2 Loss Analysis

We implement an adaptive gradient alignment
mechanism to address the potential optimization

®https://github.com/lambdarw/SARK

Loss Weights

—— list level

passage level

0 10000 20000 30000 40000 50000 60000
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Figure 8: The weights of losses.

imbalance between passage-level classification and
list-level ranking. As illustrated in Fig. 8, our dy-
namic weight calculator initially prioritizes the list-
level objective to establish a coarse-grained rank-
ing structure. As training progresses into the later
stages, the mechanism automatically increases the
weight of the passage-level loss, shifting the focus
toward fine-grained knowledge verification. This
dynamic shift reflects a coarse structural ranking
to a precise knowledge verification optimization,
which confirms the effectiveness of our model de-
sign.

B.3 Baselines

We compare SARK against six representative
reranking baselines spanning different ranking
paradigms, including encoder-based reranker, and
large-scale generative rerankers:

* BGE-Reranker-Base (Xiao et al., 2024) is a
cross-encoder reranking model based on the
BERT architecture. It jointly encodes query-
passage pairs and captures token-level inter-
actions for relevance estimation.

* BGE-Reranker-Large (Xiao et al., 2024) is
a larger variant of the BGE architecture with
increased model capacity. It provides stronger
semantic modeling and improves ranking ac-
curacy across diverse benchmarks.

* mGTE (Zhang et al., 2024c) is an encoder-
based text embedding model that can be ap-
plied to reranking via similarity scoring. It
addresses the length constraints of standard
encoders, better supporting native processing
of long-form text.

* MiniLLM (Wang et al., 2020) is a lightweight
reranker that utilizes a distilled Transformer
model for reranking. It achieves a favorable
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balance between efficiency and effectiveness,
making it suitable for latency-sensitive re-
trieval scenarios.

* RankGPT (Sun et al., 2023) is a generative
approach that leverages prompts to perform
reranking. It processes candidate passages
in a sliding-window manner to handle longer
input contexts. In our implementation, we use
Qwen2.5-7B as its base model.

* RankLlama (Ma et al., 2024) is a generative
reranker fine-tuned from Llama-7B. It lever-
ages the reasoning capacity of a decoder-only
LLM to generate ranking signals, achieving
strong performance among large-scale gener-
ative rerankers.

B.4 Prompt Templates

For passage-level signal generation, we obtain
LLM responses under both conditions: with
retrieval-augmented passages and without

retrieval-augmented passages to isolate the contri-
bution of individual passages. The corresponding
prompt template is presented as follows:

Passage-level Knowledge Signal Extraction
Prompt

You are an answer generation assistant. You
need to answer the <Question> based on the
<Context> with a brief response. You should
only answer a few words.

Question: Big little lies season 2 how many
episodes?

Context: “Big Little Lies (TV series)” It re-
ceived 16 Emmy Award nominations and won
eight, including Outstanding Limited Series
and acting awards for Kidman and Dern ...

Output: 7 episodes

\ J

Furthermore, answers failing the EM constraint
undergo a secondary semantic assessment by an
LLM to verify their contextual correctness. The
prompt template is structured as follows:

Effective Knowledge Evaluation Prompt

You are an answer evaluation assistant. Eval-
uate the <LLM’s Answer> by checking if the
<LLM’s Answer> matches the <Question>

and <Groundtruth>. Respond with *"Match’ if
identical, *Partial’ if partially correct, or "Mis-
match’ if incorrect. Use only one word.

Question: Big little lies season 2 how many
episodes?

LLM’s Answer: 7 episodes

Groundtruth: seven

Your Evaluation:

Output: Match

For list-level signal generation, to handle
context window limitations of the LLM, we adopt
a multi-turn conversational prompting strategy
that guides LLM to inspect each recalled passage
sequentially. The prompt template is as follows:

List-level Knowledge Signal Extraction
Prompt

Instruct: You are a passages reranker. Your
task is to rank the provided passages based
on the given question and groundtruth answer.
Passages that can directly support the answer
should be ranked first.

I will give you {num} passages. Please rank
them based on the question: {question} and
groundtruth answer:{ groundtruth}.

LLM: Ok, please provide the passages.
Instruct: [1] {passagel}

LLM: Received passage [1]

Instruct: [2] {passage2}

LLM: Received passage [2]

Instruct: Return the final ranking in descend-
ing order using format: [X] > [Y] > ...

Output: [2] > [3] > ... > [1]

C Evaluation on Multiple Styles
C.1 Style Transfer Setup

To further evaluate the robustness of our approach
under diverse stylistic variations, we respectively
conduct additional experiments on multiple writ-
ing styles, including Romantic and Humorous, fol-
lowing the established methodology in (Li et al.,
2018). These styles represent expressive linguistic
variations that differ substantially from the neu-
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Table 5: Examples of style transfer with different stylistic expressions.

Style

Example

Raw

"Spooks (series 2)" the seventh episode rose to 6.6 million. Overnight ratings rose to seven million for the
second series finale. With consolidated figures factored in, the second series was seen by a per-episode
average of 7.19 million viewers. The second series received generally favourable reviews. Gord Lacey of
TVShowsOnDVD called the second series "such a fun series", a "plausible spy show" and ...

Humor

Prompt: You are a great text style transfer assistant. Rewrite the following formal paragraph into a slightly
humor descriptive tone. Avoid idioms, exaggerated metaphors, or informal slang. Do not introduce any
figurative expressions that could change the original meaning or tone. Do not add, remove, or change any
entities, numbers or dates. Maintain approximately the same length as the original paragraph. Do not include
explanations, notes, or other languages. Output ONLY the rewritten paragraph in English.

Output: In the grand adventure of "Spooks" (Series 2), the seventh episode saw its audience swell to an
impressive 6.6 million viewers. By the time the curtain fell on the series finale, overnight ratings had
skyrocketed to a stellar seven million. Including all those late-night binge-watchers, each episode managed to
attract a whopping average of 7.19 million pairs of eyes. Critics were quite pleased with Series 2 too; Gord
Lacey at TVShowsOnDVD couldn’t help but call it "such a fun series," praising it as a "plausible spy show"
and ...

Romance

Prompt: You are a great text style transfer assistant. Rewrite the following formal paragraph into a slightly
romanticized descriptive tone. Preserve all original facts and meaning and Avoid excessive metaphors. Do not
add, remove, or change any entities, numbers or dates. Maintain approximately the same length as the original
paragraph. Do not include explanations, notes, or other languages. Output ONLY the rewritten paragraph in
English.

Output: The seventh episode enchanted 6.6 million hearts. The second series finale bewitched an overnight
audience of seven million souls. When consolidated figures were accounted for, each episode of the second
series captivated an average of 7.19 million viewers. Critics embraced the second series with warm praise.
Gord Lacey of TVShowsOnDVD hailed the second series as "such a delightful journey," describing it as a
"believable espionage saga" and "an excellent show ...

Table 6: Top-50 performance comparison on diverse styles.

Model

Style: Humor ‘ Style: Romance

Accuracy EM BERTScore  ROUGE ‘ Accuracy EM BERTScore ROUGE

BGE-Base
BGE-Large
MiniLM
mGTE
RankGPT
RankLlama

0.5012
0.4708
0.5397
0.5453
0.5295
0.5472

0.3266
0.3082
0.3512
0.3569
0.3402
0.3572

0.7259
0.7083
0.7410
0.7437
0.7375
0.7465

0.5557
0.5264
0.5864
0.5946
0.5806
0.5960

0.4745
0.4867
0.5398
0.5440
0.5267
0.5380

0.3139
0.3129
0.3462
0.3466
0.3382
0.3492

0.7144
0.7153
0.7395
0.7378
0.7352
0.7397

0.5282
0.5372
0.5825
0.5827
0.5731
0.5837

SARK

0.5503 0.3545 0.7457 0.5960 ‘ 0.5529 0.3555 0.7458 0.5940

tral factual tone commonly found in the original
dataset. We employ Qwen2.5-32B-Instruct’ to per-
form style transfer on the test dataset. Table 5
presents several representative examples illustrat-
ing this transformation, which demonstrate that
the Humorous and Romantic variants preserve the
original content while altering the narrative tone
and expression.

C.2 Style Transfer Evaluation

The quality of the generated passages is evaluated
following the method described above. First, we
employ BERTScore to measure semantic similarity

https://huggingface.co/Qwen/Qwen2.5-32B-Instruct

between the original passages and their rewritten
counterparts for humor and romance styles, yield-
ing scores of 0.7438 and 0.7501, respectively. Sec-
ond, PPL is used to evaluate the fluency of the gen-
erated humor and romance passages. PPL scores
of 43.60 and 48.14 indicate that the generated texts
maintain high grammatical quality. Moreover, we
assess stylistic variation in humor and romance us-
ing TextBlob, where changes in mean sentiment
scores indicate an overall shift toward the target
style, and variations in standard deviation reflect
the concentration of affective expression. After
style transfer, the average sentiment of the pas-
sages increased from 0.1188 to 0.1428 (for humor)
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and 0.1567 (for romance), while the standard devi-
ation of sentiment slightly fluctuated to 0.96% and
0.05%, respectively. This indicates that generated
texts tend to exhibit a more positive overall tone,
with a more concentrated sentiment distribution.

C.3 Results under Style Shift

We evaluated SARK against several strong base-
lines, as shown in Table 6. The evaluation is con-
ducted on humor and romance data respectively,
and answer performance is measured based on the
top-50 reranked passages. Overall, SARK is more
robust in handling stylistic variations compared
with existing methods.

For the humor style, SARK achieves the highest
accuracy of 0.5503, slightly outperforming Ran-
kLlama with 0.5472 and mGTE with 0.5453. Al-
though SARK does not obtain the best EM score,
it remains highly competitive. Meanwhile, SARK
achieves comparable performance to RankLlama,
with a BERTScore of 0.7457 and a ROUGE score
of 0.5960, maintaining a comparable result to Ran-
kLlama at the lexical level. In contrast, under the
romance style, SARK shows more substantial ad-
vantages. It improves accuracy by 0.89% over
mGTE and 1.49% over RankLlama, demonstrating
a clear advantage in this setting.
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