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Abstract001

Dense retrievers in retrieval-augmented genera-002
tion (RAG) systems exhibit systematic biases—003
including brevity, position, literal matching,004
and repetition biases—that can compromise re-005
trieval quality. Query rewriting techniques are006
now standard in RAG pipelines, yet their im-007
pact on these biases remains unexplored. We008
present the first systematic study of how query009
enhancement techniques affect dense retrieval010
biases, evaluating five methods across six re-011
trievers. Our findings reveal that simple LLM-012
based rewriting achieves the strongest aggre-013
gate bias reduction (54%), yet fails under ad-014
versarial conditions where multiple biases com-015
bine. Mechanistic analysis uncovers two dis-016
tinct mechanisms: simple rewriting reduces017
bias through increased score variance, while018
pseudo-document generation methods achieve019
reduction through genuine decorrelation from020
bias-inducing features. However, no technique021
uniformly addresses all biases, and effects vary022
substantially across retrievers. Our results pro-023
vide practical guidance for selecting query en-024
hancement strategies based on specific bias vul-025
nerabilities. More broadly, we establish a tax-026
onomy distinguishing query-document inter-027
action biases from document encoding biases,028
clarifying the limits of query-side interventions029
for debiasing RAG systems.030

1 Introduction031

Retrieval-Augmented Generation (RAG) systems032

have become foundational for grounding large lan-033

guage models in external knowledge, enabling ap-034

plications from question-answering to document035

analysis across diverse domains (Lewis et al., 2020;036

Lu et al., 2022; Jiang et al., 2023; Gao et al., 2023b;037

Asai et al., 2024). These systems typically employ038

dense retrievers (Karpukhin et al., 2020; Thakur039

et al., 2021) to identify relevant passages from doc-040

ument collections, which are then provided as con-041

text for response generation (Oche et al., 2025).042

Figure 1: Paper Overview. Dense retrievers are suscep-
tible to various biases, leading to incorrect retrieval and
erroneous LLM outputs. Can query rewriting help? We
systematically evaluate its effects on retrieval bias.

Despite their effectiveness, recent work has re- 043

vealed that dense retrievers exhibit systematic bi- 044

ases that can compromise retrieval quality (Ram 045

et al., 2023; Coelho et al., 2024). Fayyaz et al. 046

(2025) demonstrated that retrievers consistently fa- 047

vor documents with surface-level characteristics— 048

brevity, early answer positioning, lexical overlap, 049

and entity repetition—over documents containing 050

actual factual evidence. The ideal solution would 051

be dense retrieval models inherently robust to such 052

biases and capable of prioritizing semantic rele- 053

vance. However, achieving this through architec- 054

tural modifications or training objective changes 055

remains challenging. A more tractable first step is 056

understanding whether these biases persist under 057

query enhancement techniques (Ma et al., 2023), 058

which are standard in modern RAG pipelines. 059

Production RAG systems routinely employ 060

query transformations including LLM-based rewrit- 061
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ing for better semantic matching and pseudo-062

document generation approaches like HyDE (Gao063

et al., 2023a) and Query2Doc (Wang et al., 2023).064

While these techniques improve retrieval effective-065

ness, their interaction with systematic biases re-066

mains unexplored: do they amplify existing biases067

by generating surface-level features that retrievers068

favor, or do specific strategies mitigate particular069

bias types? Understanding this interaction is crit-070

ical for deploying robust and fair RAG systems,071

particularly in high-stakes domains such as medi-072

cal, sociotechnical, and enterprise settings (Ryan073

et al., 2025; Wang et al., 2025; Goyal et al., 2025;074

Shimgekar et al., 2025).075

In this work, we conduct the first systematic076

investigation into how query rewriting tech-077

niques affect retrieval biases. We evaluate five078

enhancement methods across six retrievers using079

the controlled framework of Fayyaz et al. (2025).080

This framework’s treatment-control methodology,081

which uses paired documents that differ only in082

specific surface characteristics while maintaining083

factual equivalence, enables us to isolate and mea-084

sure the effect of query rewriting on individual bias085

types rather than confounding bias reduction with086

overall retrieval improvements. We find that query087

enhancement effects are highly differential: simple088

LLM rewriting achieves the strongest aggregate089

bias reduction (54%) but fails under adversarial090

conditions, while pseudo-document methods pro-091

vide more modest but mechanistically robust im-092

provements. We establish a taxonomy distinguish-093

ing interaction biases amenable to query-side inter-094

ventions from encoding biases requiring retriever-095

level modifications, providing practical guidance096

for bias-aware RAG deployment.097

2 Related Works098

Bias in Dense Retrieval. Dense retrieval has099

emerged as a powerful alternative to traditional100

sparse methods like BM25 for information retrieval101

tasks (Karpukhin et al., 2020; Thakur et al., 2021),102

showing strong performance on retrieval bench-103

marks. However, despite these advances, recent104

work has begun to uncover systematic biases in105

how dense retrievers encode and rank documents,106

including position biases (Coelho et al., 2024)107

and lexical biases (Ram et al., 2023). Similarly,108

BehnamGhader et al. (2023) show that Dense Pas-109

sage Retrieval (DPR) models fail to retrieve state-110

ments requiring reasoning beyond surface-level111

similarity. Most relevant to our work, Fayyaz et al. 112

(2025) introduced ColDER, a controlled bench- 113

mark for systematically measuring various types of 114

retrieval biases that biases persist across multiple 115

dense retriever architectures and can compound ad- 116

versarially. Our work extends this line of research 117

by investigating whether and how query-side inter- 118

ventions can mitigate these documented biases. 119

Query Enhancement in RAG. RAG sys- 120

tems (Lewis et al., 2020; Gao et al., 2023b) have 121

become foundational for knowledge-intensive NLP 122

tasks, with query rewriting now a standard pipeline 123

component (Ma et al., 2023). Several query 124

enhancement techniques have been proposed to 125

bridge the semantic gap between queries and docu- 126

ments. HyDE (Gao et al., 2023a) generates pseudo- 127

documents and retrieves based on their embeddings 128

rather than the original query; Query2Doc (Wang 129

et al., 2023) concatenates LLM-generated pseudo- 130

documents to expand queries; and various other 131

simple LLM-based query rewriting techniques have 132

been proposed in prior work (Jagerman et al., 2023; 133

Mao et al., 2024; Kim et al., 2025). While these 134

methods improve retrieval effectiveness, their im- 135

pact on systematic retrieval biases remains un- 136

explored. As RAG systems are increasingly de- 137

ployed in high-stakes domains, understanding how 138

retrieval biases propagate through these pipelines 139

becomes critical. Our work provides the first sys- 140

tematic analysis of how query enhancement tech- 141

niques interact with known retrieval biases. 142

3 Preliminaries, Data, and Methods 143

3.1 Problem Formulation 144

We investigate whether and how query rewriting 145

techniques affect systematic biases in dense retriev- 146

ers. We adopt the treatment-control ColDeR bench- 147

mark contributed by Fayyaz et al. (2025), which 148

uses carefully constructed document pairs using 149

the Re-DocRED dataset (Tan et al., 2022) that dif- 150

fer only in specific surface characteristics while 151

maintaining factual equivalence. 152

Given a query q and a pair of documents 153

(D1, D2) where D1 contains a bias-inducing char- 154

acteristic and D2 serves as the control, we measure 155

retrieval preferences using the similarity scores as- 156

signed by a dense retriever S. This controlled de- 157

sign enables us to isolate the effect of query rewrit- 158

ing on individual bias types, separating bias miti- 159

gation from general retrieval performance improve- 160

ments. Then, for each document pair, we compute 161
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the difference in retrieval scores:162

δ = S(q,D1)− S(q,D2)163

where S(q,D) represents the retriever’s similarity164

score between the generated embeddings for the165

query q and document D. Positive δ values indi-166

cate bias toward surface-level characteristics, while167

values near zero suggest factual grounding. We168

apply different query enhancement techniques to169

transform the original query q into q′, and mea-170

sure how this transformation affects the distribu-171

tion of δ across query-document pairs. For each172

bias type, we collect N = 200 paired documents173

{(D1, D2)}Ni along with associated queries. We174

now describe each bias type in detail.175

3.2 Bias Types176

We evaluate four systematic biases identified by177

Fayyaz et al. (2025) in dense retrievers:178

(i) Brevity Bias: Retrievers prefer shorter docu-179

ments over longer ones containing equivalent180

evidence. Document D1 contains the same181

factual information as D2 but with signifi-182

cantly fewer tokens.183

(ii) Literal Bias: Retrievers prioritize exact lexi-184

cal matches over semantic equivalence. Doc-185

ument D1 uses identical or highly overlap-186

ping terminology with the query, while D2187

expresses the same information using para-188

phrases or synonyms.189

(iii) Position Bias: Retrievers favor content ap-190

pearing early in documents over information191

at later positions. In document pairs, D1192

places the relevant information at the begin-193

ning while D2 positions it toward the end.194

(iv) Repetition Bias: Retrievers prefer documents195

with repeated entity mentions. Document D1196

contains multiple mentions of key entities,197

while D2 mentions them fewer times despite198

containing equivalent factual content.199

We refer the reader to Fayyaz et al. (2025) for200

rigorous definitions of these bias types.201

3.3 Dense Retrievers202

We evaluate six state-of-the-art dense retrievers203

representing diverse architectural approaches:204

(1) Contrastive Bi-Encoders: Contriever-205

MSMARCO (Izacard et al., 2021), COCO-DR206

Base MSMARCO (Yu et al., 2022), Dragon207

RoBERTa (Lin et al., 2023), DRAGON+ (Lin 208

et al., 2023) 209

(2) Generative Pretraining: RetroMAE MS- 210

MARCO FT (Xiao et al., 2022) 211

(3) Token-Level Interaction: ColBERTv2 (San- 212

thanam et al., 2022) 213

This diverse set represents the major paradigms 214

in modern dense retrieval—contrastive learning, 215

diverse data augmentation, and late interaction 216

architectures—enabling us to assess whether query 217

rewriting effects on biases are architecture-specific 218

or systemic across different retrieval approaches. 219

3.4 Query Enhancement Techniques 220

We evaluate four query enhancement approaches 221

that represent the spectrum of techniques used in 222

modern RAG systems. 223

(1) LLM-based Query Rewriting: We use an 224

LLM to reformulate the original query for better 225

semantic matching. Given query q, we prompt the 226

model to produce the rewritten query qrewrite. 227

(2) HyDE: Following Gao et al. (2023a), we 228

leverage the Hypothetical Document Embeddings 229

(HyDE) approach, which uses an LLM to generate 230

pseudo-documents that might hypothetically con- 231

tain the answer to a query rather than using the 232

query directly for retrieval. For a given query q, we 233

prompt a language model M to generate a pseudo- 234

document d̂ = M(prompt(q)) where prompt(q) 235

instructs the model to generate a passage that would 236

contain the answer to query q. The generated hypo- 237

thetical document d̂ is then embedded and used as 238

the query representation for retrieval. The key in- 239

sight of HyDE is that hypothetical documents often 240

provide richer semantic context than short queries, 241

potentially capturing vocabulary, style, and rela- 242

tional patterns that better align with actual target 243

documents. 244

(3) Query2Doc (Q2D): We adopt the Query2Doc 245

approach introduced by Wang et al. (2023), which 246

augments queries with LLM-generated pseudo- 247

documents rather than replacing them entirely. For 248

a given query q, we prompt a language model M 249

to generate a pseudo-document d̂ that might be 250

relevant to the query. This generated passage is 251

then concatenated with the original query to form 252

an expanded query representation q̂Q2D = q ⊕ d̂ 253

where ⊕ denotes concatenation. The key distinc- 254

tion from HyDE is that Query2Doc preserves the 255

original query signal while enriching it with gen- 256

erated context. Since our retrieval scenario is in- 257

herently zero-shot, we do not utilize few-shot ex- 258
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emplars for generation of pseudo-documents like259

the original Query2Doc paradigm. This augmented260

query qQ2D is then embedded and used for retrieval.261

In line with recent efforts toward domain-262

specific LLMs in RAG systems (Zhang et al.,263

2024), we test whether domain adaptation can im-264

prove query rewriting for bias mitigation. Specif-265

ically, we continually pretrain M on the origi-266

nal Re-DocRED document for a given document267

pair from ColDER, before applying HyDE or268

Query2Doc. Specifically, we use Low-Rank Adap-269

tation (LoRA) (Hu et al., 2022) to adapt the model270

to document d by minimizing:271

LCPT = −
|d|∑
i=1

logPθ(wi | w<i, d)272

where θ represents the LoRA parameters and wi273

denotes the ith token in document d. The hypoth-274

esis is that this adapted model Mdomain familiar275

with domain-specific vocabulary and factual pat-276

terns may generate pseudo-documents that better277

align with actual evidence, potentially reducing re-278

liance on surface-level features. We use LoRA with279

rank r = 8, α = 16, and train for 10 epochs per280

document. This gives us our final two techniques:281

(4) HyDE with Continual Pretraining (HyDE-282

CPT): We use the domain-adapted model Mdomain283

to use to generate psuedo-document d̂CPT =284

Mdomain(prompt(q)) following the HyDE prompt,285

and then use the embedding of d̂CPT for retrieval.286

(5) Query2Doc with Continual Pretraining287

(Q2D-CPT): We concatenate the original query288

to the pseudo-document generated by the domain-289

adapted model Mdomain to obtain q̂Q2D-CPT =290

q ⊕ d̂CPT and use its embedding for retrieval.291

To ensure that the effects we observe are ro-292

bust across the LLM used for query enhance-293

ment, we test open-source models from two fam-294

ily of models: Gemma 3 (Team et al., 2025)295

(google/gemma-3-12b-it) and Qwen3 (Yang296

et al., 2025) (Qwen/Qwen3-4B-Instruct-2507).297

3.5 Evaluation Metrics298

For each bias type and query enhancement tech-299

nique, we measure retrieval preferences using300

paired t-tests (Ross and Willson, 2017) on score301

differences ∆ = [δ1, . . . , δN ] across all query-302

document pairs. We report mean |t|-statistic, the303

absolute value of the t-statistic measuring the304

strength of bias, as well as the percentage decrease305

Method Mean |t| Sig. Biases Reduction

Baseline 8.72 ± 5.32 21/24 –
Rewrite 4.02 ± 2.17 13/24 +53.9%
HyDE 6.95 ± 4.73 20/24 +20.3%
HyDE-CPT 6.78 ± 4.79 19/24 +22.3%
Q2D 6.15 ± 5.96 16/24 +29.5%
Q2D-CPT 6.07 ± 5.72 17/24 +30.4%

Table 1: Summary of retrieval bias across query en-
hancement methods. Mean |t|-statistic averaged across
all retrievers and bias types. Sig. Biases: number
of retriever-bias combinations showing significant bias
(p < 0.05 after Bonferroni correction). Reduction: per-
centage decrease in |t| compared to Baseline.

in mean |t|-statistic compared to the vanilla query. 306

Furthermore, we compute p−values to check for 307

statistical significance of the bias at α = 0.05 with 308

Bonferroni correction (Weisstein, 2004). Lower 309

|t|-statistic values indicate reduced bias, with val- 310

ues approaching zero suggesting factual grounding 311

rather than reliance on surface characteristics. 312

4 Results 313

We now present results for query enhancements 314

using Gemma-3-12B-IT, and defer the results for 315

Qwen3-4B-Instruct to Appendix B since we ob- 316

serve very similar trends overall. 317

4.1 Overall Trend 318

Table 1 summarizes retrieval bias across all query 319

enhancement methods, aggregated over six retriev- 320

ers and four bias types (24 total retriever-bias com- 321

binations). All query enhancement techniques re- 322

duce bias relative to the baseline, though the mag- 323

nitude varies substantially. Most strikingly, simple 324

LLM-based query rewriting achieves the largest 325

reduction (53.9%), cutting the mean |t|-statistic 326

from 8.72 to 4.02 and reducing the number of sta- 327

tistically significant biases from 21 to 13 out of 328

24 combinations. The pseudo-document genera- 329

tion methods—HyDE and Query2Doc—provide 330

more modest improvements, with reductions rang- 331

ing from 20.3% to 30.4%. Query2Doc variants out- 332

perform HyDE variants, suggesting that preserving 333

the original query signal while augmenting with 334

generated content is more effective than replacing 335

the query entirely. Continual pretraining (CPT) of- 336

fers marginal gains over the base methods (HyDE- 337

CPT: +2.0% over HyDE; Q2D-CPT: +0.9% over 338

Q2D), indicating that domain adaptation primarily 339

improves factual grounding rather than bias miti- 340

gation. However, these aggregate statistics mask 341
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Figure 2: Mean |t|-statistic by bias type and method
(averaged across 6 retrievers). Lower values indicate
reduced bias. All |t| values were averaged irrespective
of statistical significance.

important variation across bias types that we exam-342

ine in detail below.343

4.2 Reduction in Retrieval Bias344

Figure 2 presents the mean |t|-statistic across bias345

types and query enhancement methods, averaged346

over all retrievers. We observe several patterns:347

Simple rewriting is surprisingly effective. Con-348

trary to our intuition, simple LLM-based query349

rewriting achieves the strongest overall bias re-350

duction, decreasing the average |t|-statistic from351

8.72 to 4.02. This simple baseline outperforms352

more sophisticated pseudo-document generation353

methods across all four bias types. The result sug-354

gests that much of the bias in dense retrieval may355

stem from the surface-level characteristics of user356

queries themselves—their brevity, specific lexical357

choices, or syntactic patterns—which even basic358

reformulation can address.359

Pseudo-document methods show bias-specific360

trade-offs. HyDE and Query2Doc show notably361

different bias reduction profiles. HyDE reduces362

brevity bias substantially (15.57 → 11.10) but363

slightly exacerbates position bias (5.28 → 5.39). 364

We hypothesize that HyDE-generated documents, 365

which replace the query entirely, may introduce 366

their own positional patterns that interact ad- 367

versely with document encodings. In contrast, 368

Query2Doc—which preserves the original query 369

while augmenting it—achieves the strongest posi- 370

tion bias reduction of any method (5.28 → 2.81, 371

a 47% decrease). This suggests that retaining the 372

original query signal provides an anchoring effect 373

that prevents the introduction of new biases. 374

Brevity bias remains the most severe. Across 375

all methods, brevity bias exhibits the highest |t|- 376

statistics, indicating that dense retrievers’ prefer- 377

ence for shorter documents is particularly robust to 378

query-side interventions. Even the best-performing 379

method (Rewrite) leaves a residual bias of 6.62, 380

compared to near-complete mitigation for position 381

bias (2.81 with Q2D). This asymmetry suggests 382

that brevity bias may be more deeply encoded in 383

document representations, requiring retriever-level 384

interventions rather than query modifications alone. 385

Literal matching responds well to most tech- 386

niques. All query enhancement techniques sub- 387

stantially reduce literal matching bias, with an aver- 388

age reduction of 39.12%. This suggests that these 389

techniques dilute exact lexical overlap between 390

short queries and documents, shifting retrieval from 391

lexical toward semantic matching. 392

Repetition bias proves resistant to pseudo- 393

document methods. While simple rewriting cuts 394

repetition bias by 54% (5.17 → 2.37), HyDE and 395

Query2Doc show minimal improvement (5.17 → 396

4.86 and 4.99, respectively). This asymmetry sug- 397

gests that LLM-generated pseudo-documents may 398

inadvertently repeat query terms—a natural conse- 399

quence of generating text conditioned on answer- 400

ing the query—thereby perpetuating rather than 401

mitigating repetition bias. See Appendix A for 402

examples of generated pseudo-documents which 403

confirms the same. 404

4.3 Variation Across Dense Retrievers 405

Figure 3 reveals the heterogeneity in how different 406

retrievers respond to various query enhancement 407

techniques. 408

Retriever-specific effects. We observe that sim- 409

ple query rewriting achieves consistent bias re- 410

duction across all six retrievers, with mean |t|- 411

statistics ranging from 2.07 (CoCoDR) to 5.03 (Col- 412
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Figure 3: Mean |t|-statistic by retriever and query en-
hancement method, averaged across all four bias
types. Lower values indicate reduced bias. Sim-
ple rewriting consistently reduces bias, while pseudo-
document methods show differential effects.

BERTv2). This consistency stands in stark contrast413

to the pseudo-document methods, which exhibit414

highly retriever-dependent effects. For example,415

Q2D dramatically reduces bias for DRAGON and416

DRAGON+ (10.72 → 4.58 and 9.73 → 4.01, re-417

spectively), yet increases bias for CoCoDR (4.09418

→ 7.89) and RetroMAE (8.28 → 7.62). Similarly,419

HyDE substantially harms CoCoDR (4.09 → 7.66),420

nearly doubling its bias level. These findings sug-421

gest that the interaction between pseudo-document422

generation and retriever architecture is non-trivial423

and potentially unpredictable.424

Architectural patterns. Several architecture-425

specific trends emerge from these results. The426

DRAGON variants—both trained with diverse aug-427

mentation strategies—respond exceptionally well428

to Query2Doc, achieving bias levels comparable to429

simple rewriting (4.01–4.58 vs. 4.59–4.60). We hy-430

pothesize that these retrievers, having been exposed431

to diverse query-document pairings during train-432

ing, are better equipped to leverage the augmented433

context that Query2Doc provides. In contrast,434

CoCoDR exhibits anomalous behavior: despite435

having the lowest baseline bias (4.09), it is the only436

retriever for which all pseudo-document methods437

increase bias. This may reflect CoCoDR’s continu-438

ous contrastive distillation objective, which could439

make it sensitive to the distributional shift intro-440

duced by LLM-generated content. ColBERTv2’s441

late interaction architecture yields remarkably sta-442

Method RetroMAE Contriever CoCoDR

Baseline 0.0% 0.8% 2.0%
Rewrite 0.0% 0.8% 3.6%
HyDE 2.8% 4.0% 20.0%
HyDE-CPT 2.8% 5.2% 26.0%
Q2D 2.8% 3.2% 18.0%
Q2D-CPT 3.2% 3.6% 19.2%

Best improv. — 6.5× 13×

Table 2: FOIL dataset accuracy across retrievers.
CoCoDR shows the strongest response to query en-
hancement, with HyDE-CPT achieving 26% accuracy
(13× over baseline). Simple rewriting provides minimal
improvement across all retrievers.

ble results across all enhancement methods (5.03– 443

5.46), suggesting that token-level matching may 444

be inherently more robust to query formulation 445

changes than single-vector representations. 446

4.4 Effect of Query Enhancement on 447

Interplay Between Bias Types 448

While Section 4 demonstrated that query rewriting 449

techniques reduce individual bias types, a natural 450

question arises: do these improvements transfer to 451

scenarios where multiple biases act concurrently? 452

To investigate this, we evaluate on the FOIL sub- 453

set of ColDeR, which presents an adversarial set of 454

250 document pairs where document D1 exploits 455

multiple bias-inducing features (brevity, answer po- 456

sition, lexical overlap, repetition) while lacking the 457

answer, and D2 contains the correct evidence em- 458

bedded within unrelated context. We report results 459

for RetroMAE, Contriever, and CoCoDR here, to 460

capture the spectrum of performances. 461

From Table 2, we see that simple query rewrit- 462

ing provides minimal improvement on FOIL de- 463

spite achieving the largest reduction in individ- 464

ual bias metrics (Section 4). In contrast, pseudo- 465

document generation methods show substantial 466

gains—on CoCoDR, HyDE achieves 10× improve- 467

ment (20.0%) and Query2Doc achieves 9× im- 468

provement (18.0%) over baseline. These meth- 469

ods fundamentally alter the query representation 470

through semantic expansion and length normaliza- 471

tion, thereby providing more robust resistance to 472

adversarial bias combinations. CPT provides addi- 473

tional benefit over vanilla techniques, with HyDE- 474

CPT achieving the strongest performance at 26.0% 475

(13× over baseline), which suggests that document- 476

specific fine-tuning addresses not just relevance 477

matching but also enhances bias robustness. 478

These findings motivate a deeper investigation: 479
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what distinguishes methods that genuinely reduce480

bias sensitivity from those that merely obscure it?481

We address this question through a deeper mecha-482

nistic analysis in the following section.483

5 Mechanistic Analysis of Bias Reduction484

We now investigate why query-enhancement tech-485

niques might succeed or fail at mitigating biases.486

We conduct an analysis to measure how rewriting487

affects the correlation between retrieval scores and488

bias-inducing features.489

If a retriever exhibits bias toward a particular490

document feature (e.g., shorter length, answer posi-491

tion), we expect retrieval scores to correlate with492

that feature independent of relevance. Our intuition493

is that effective bias mitigation should reduce this494

correlation, and we operationalize this intuition by495

computing the Spearman correlation ρ between re-496

trieval scores and bias-inducing features across the497

ColDER benchmark.498

For each query q (original or rewritten) and doc-499

ument d, we compute the retrieval score S(q, d)500

and extract the corresponding bias feature f(q, d):501

(i) Brevity bias: Document length in tokens,502

f(q, d) = |d|.503

(ii) Literal matching bias: Jaccard similar-504

ity (Jaccard, 1901) between query and doc-505

ument term sets. Let T (q) and T (d) denote506

the sets of unique terms in query q and docu-507

ment d, respectively. Then, we define:508

f(q, d) =
|T (q) ∩ T (d)|
|T (q) ∪ T (d)|

509

(iii) Position bias: Normalized answer position510

within the document, where pos(a, d) denotes511

the character offset of answer span a in docu-512

ment d:513

f(q, d) =
pos(a, d)

|d|
∈ [0, 1]514

(iv) Repetition bias: Average term frequency of515

query terms within the document. Let tf(t, d)516

denote the number of occurrences of term t in517

document d:518

f(q, d) =
1

|T (q)|
∑

t∈T (q)

tf(t, d)519

We then compute ρc = Spearman(Sc, f) for520

each query condition c. A retriever with no system-521

atic bias would yield ρ ≈ 0, while higher absolute522

Method Brevity Literal Position Repetition

Baseline |ρq| 0.36 0.43 0.11 0.21
Rewrite +10% −7% −373% −112%
HyDE +56% +20% −2% −59%
HyDE-CPT +49% +19% +54% −9%
Q2D +48% +36% −55% −13%
Q2D-CPT +53% +32% +23% −21%

Table 3: Feature-score decorrelation analysis. |ρq|
represents baseline Spearman correlation for query q.
Values show percentage reduction in |ρ| after rewriting
query q ( positive = reduced sensitivity, negative =
increased sensitivity). Results averaged across all 6
dense retrievers studied.

correlations indicate stronger bias. We quantify 523

bias reduction as: 524

∆ρ = |ρoriginal| − |ρrewritten| (1) 525

where ∆ρ > 0 indicates that rewriting reduced the 526

retriever’s sensitivity to the bias-inducing feature. 527

Findings: Table 3 presents the mean correlation 528

reduction ∆ρ across six dense retrievers. We ob- 529

serve several key patterns: 530

Brevity bias. All rewriting methods substan- 531

tially reduce correlation with document length. 532

Pseudo-document methods achieve the largest 533

gains (HyDE: +56%, Q2D: +48%), consistent with 534

our hypothesis that generating longer text shifts the 535

query representation away from favoring brief doc- 536

uments. This finding aligns with Section 4, where 537

all methods reduced brevity bias. 538

Literal matching bias. Query2Doc variants 539

achieve substantially larger reductions in literal 540

bias compared to HyDE. We attribute this to a 541

key mechanistic difference: Query2Doc preserves 542

original query terms while adding semantic con- 543

text, effectively diluting rather than replacing lexi- 544

cal signals. HyDE’s complete query replacement 545

may introduce new lexical artifacts from the gener- 546

ated pseudo-document. Notably, simple rewriting 547

slightly increases literal bias (−7%), suggesting 548

that paraphrasing without content expansion actu- 549

ally reinforces lexical overlap as the rewritten query 550

may use more “retrieval-friendly” vocabulary. 551

Repetition bias. All approaches increase sensitiv- 552

ity to repetition, with simple rewriting showing the 553

most severe degradation. This represents a system- 554

atic failure that explains the resistance of repeti- 555

tion bias to pseudo-document methods. Analysis 556

of generated pseudo-documents shows that LLMs 557

naturally produce repetitive text patterns when an- 558

swering queries, which correlates with documents 559
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containing repeated query terms. The |t|-statistic560

improvements likely reflect increased score vari-561

ance rather than true debiasing.562

Position bias. Position bias reveals the strongest563

mechanistic differences. Simple rewriting greatly564

position sensitivity, yet achieved strong |t|-statistic565

reduction in Section 4. This paradox suggests that566

simple rewriting reduces position bias through in-567

creased retrieval noise rather than principled decor-568

relation. In contrast, HyDE-CPT achieves genuine569

decorrelation. Only Q2D-CPT combines strong570

|t|-statistic reduction with positive decorrelation,571

suggesting that continual pretraining is essential572

for robust position bias mitigation.573

Reconciling |t|-statistics and decorrelation:574

These findings reveal a crucial insight that reducing575

overall bias (as measured by |t|-statistics) does not576

imply reducing sensitivity to bias-inducing features.577

We identify two distinct mechanisms:578

(i) Variance-based reduction: Simple rewriting579

achieves strong |t|-statistic improvements while in-580

creasing feature-score correlations for position and581

repetition biases. The mechanism appears to be582

increased retrieval score variance—noisier scores583

reduce the statistical power to detect systematic584

preferences, lowering |t|-statistics without address-585

ing underlying bias sensitivity. This also explains586

why simple rewriting fails entirely on FOIL (Ta-587

ble 2); when biases act together, the underlying588

sensitivities may compound further.589

(ii) Decorrelation-based reduction: Pseudo-590

document methods, particularly the CPT variants,591

achieve bias reduction through principled decor-592

relation from bias-inducing features. Specifically,593

HyDE-CPT and Q2D-CPT show positive decorre-594

lation for brevity, literal matching, and position595

biases simultaneously. This more robust mecha-596

nism explains their gains on FOIL, where genuine597

insensitivity to bias features provides resistance to598

adversarial combinations.599

To further understand why simple rewriting600

shows contrasting effects, we analyzed the lin-601

guistic transformations applied by the LLM-based602

rewriting (Table 4 in Appendix C). Our key obser-603

vation is that these transformations are predomi-604

nantly syntactic rather than semantic, introducing605

sufficient variance to reduce the paired t-statistic606

without actually reducing the retriever’s sensitivity607

to bias-inducing features.608

6 Discussion 609

Implications for researchers. Our findings sug- 610

gest a taxonomy of retrieval biases based on their 611

responsiveness to query-side interventions. (i) 612

Query-document interaction biases—such as literal 613

matching—arise from how queries and documents 614

are compared and can be mitigated through query 615

transformation. (ii) Document encoding biases— 616

particularly position bias—appear embedded in 617

document representations and persist regardless of 618

query formulation, likely requiring retriever-level 619

modifications. Additionally, our decorrelation anal- 620

ysis reveals that aggregate metrics can obscure dif- 621

ferent underlying mechanisms, and we recommend 622

future work also report feature-score correlations. 623

Finally, the increase in repetition sensitivity across 624

all methods represents a systematic failure mode 625

that warrants further investigation. 626

Implications for practitioners. When select- 627

ing query enhancement techniques, practitioners 628

should consider specific bias vulnerabilities rather 629

than aggregate metrics. Simple rewriting achieves 630

strong overall reduction but fails when multiple 631

biases act together. Critically, enhancement effects 632

are also retriever-dependent, so techniques should 633

be validated on specific retrievers before deploy- 634

ment. For high-stakes domains, we recommend 635

CPT variants despite computational overhead, as 636

our findings reveal that decorrelation-based reduc- 637

tion generalizes better to adversarial conditions 638

than variance-based reduction. 639

7 Conclusion 640

In this work, we present the first systematic study 641

of how query enhancement techniques affect dense 642

retrieval biases in RAG systems. Our evaluation 643

reveals that while all techniques reduce aggregate 644

bias, they operate through fundamentally differ- 645

ent mechanisms. Simple rewriting achieves strong 646

overall reduction but increases sensitivity to bias- 647

inducing features; pseudo-document methods with 648

continual pretraining achieve more robust improve- 649

ments through genuine decorrelation. We estab- 650

lish a taxonomy distinguishing query-document 651

interaction biases, which yield to query-side inter- 652

ventions, from document encoding biases, which 653

likely require retriever-level modifications. Our 654

findings provide practical guidance for deploying 655

bias-aware RAG systems, and highlight the con- 656

tinued need for retrieval paradigms that prioritize 657

semantic relevance over superficial characteristics. 658
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8 Limitations659

(1) Benchmark and retriever scope: Our eval-660

uation relies on the ColDER benchmark, which661

provides controlled document pairs derived from662

Re-DocRED. While this controlled setup enables663

precise bias measurement, it may not fully capture664

the distribution of biases in real-world retrieval sce-665

narios where multiple subtle biases co-occur in less666

structured ways. Additionally, we evaluate only667

dense bi-encoder and late-interaction retrievers, pri-668

marily because of their widespread utility and ef-669

fectiveness today. Therefore, our findings may not670

generalize to sparse retrievers (e.g., BM25), hybrid671

systems, or emerging retrieval paradigms such as672

generative retrieval.673

(2) Query enhancement coverage: We evalu-674

ate five query enhancement techniques using two675

open-source LLMs (Gemma-3 and Qwen3). Other676

methods such as Step-Back Prompting, multi-677

query fusion, or chain-of-thought augmented re-678

trieval may exhibit different bias profiles. How-679

ever, our key contribution is not tied to a specific680

query-enhancement type. Furthermore, proprietary681

LLMs with stronger instruction-following capabili-682

ties might produce pseudo-documents with differ-683

ent characteristics, potentially affecting bias out-684

comes, which we could not evaluate in this work685

due to cost constraints.686

(3) Downstream evaluation: Our analysis fo-687

cuses on retrieval-stage biases measured through688

score differences and correlations. We do not eval-689

uate how these biases propagate to downstream690

generation quality in end-to-end RAG systems. A691

retrieval bias that appears significant in isolation692

may be attenuated, or amplified, by the downstream693

language model, and understanding this interaction694

remains an important direction for future work.695

Ethical Considerations696

Our work aims to understand and mitigate biases697

in dense retrieval systems, which we view as a net698

positive for the responsible and fair deployment699

of RAG systems. However, we acknowledge that700

detailed characterization of retrieval biases could701

theoretically be misused to craft adversarial doc-702

uments that exploit these biases to manipulate re-703

trieval rankings. However, we believe the benefits704

of transparency outweigh this risk, as awareness705

of these biases enables practitioners to implement706

appropriate safeguards.707

More broadly, the biases we study have implica- 708

tions for fairness in information access for users of 709

modern generative search systems. For example, 710

brevity bias may systematically disadvantage com- 711

prehensive sources, and literal matching bias may 712

favor keyword-filled content over semantically rich 713

sources. These effects are particularly concerning 714

in high-stakes domains such as legal, sociotechni- 715

cal, and medical information retrieval, where bi- 716

ased retrieval could lead to incomplete or skewed 717

information being surfaced to end users. Our find- 718

ings therefore underscore the importance of bias- 719

aware evaluation in retrieval system development. 720
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A Examples of Generated Query 923

Enhancements 924

In this section we provide examples of query en- 925

hancements across methods. 926

Vanilla Queries

1. When was The Private Life of Helen of Troy
published?

2. Where is Los Angeles located in or next to a
body of water?

3. Where was Cesare Mori born?
927

LLM Rewritten Queries

1. What is the publication date of The Private
Life of Helen of Troy?

2. What body of water is Los Angeles located
near or in?

3. What is the birthplace of Cesare Mori?
928

HyDE Queries

1. The “Private Life of Helen of Troy” was
published in 1920 by the renowned author,
Robert Graves. This groundbreaking work, a
reimagining of the Trojan War legend, offered a
fresh perspective on Helen’s character and the
events surrounding the war.

2. Los Angeles is located on the southern coast
of California, a state situated on the Pacific
Ocean. The city is situated on the shores of the
Pacific Ocean, with the Pacific Ocean bordering
its western side. The city is also bordered by
the Los Angeles Basin, a large inland basin that
is partially surrounded by mountains.

3. Cesare Borgia, the Italian Renaissance figure,
died in Rome, Italy on 18th of January 1507.
He was a powerful and controversial figure who
served as Cardinal and later as the Duke of
Valentinois. His death was a significant event in
the history of the Borgia family and the Italian
Renaissance.

929

Query2Doc Queries

1. When was The Private Life of Helen of Troy
published?
The “Private Life of Helen of Troy” was published
in 1920 by the renowned author, Robert Graves.
This groundbreaking work, a reimagining of the
Trojan War legend, offered a fresh perspective
on Helen’s character and the events surrounding
the war.

2. Where is Los Angeles located in or next to a
body of water?

930
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Los Angeles is located on the southern coast of
California, a state situated on the Pacific Ocean.
The city is situated on the shores of the Pacific
Ocean, with the Pacific Ocean bordering its
western side. The city is also bordered by the
Los Angeles Basin, a large inland basin that is
partially surrounded by mountains.

3. Where was Cesare Mori born?
Cesare Borgia, the Italian Renaissance figure,
died in Rome, Italy on 18th of January 1507.
He was a powerful and controversial figure who
served as Cardinal and later as the Duke of
Valentinois. His death was a significant event in
the history of the Borgia family and the Italian
Renaissance.

931

B Results for Qwen3932

To verify that our findings are not specific to the933

choice of language model used for query enhance-934

ment, we replicate our main experiments using935

Qwen3-4B-Instruct as an alternative to Gemma-3-936

12B-IT. Figure 4 presents the complete bias analy-937

sis across all retrievers and bias types.938

The results show consistent patterns, with simple939

rewriting achieveing substantial bias reduction on940

individual metrics, while HyDE and Query2Doc941

show similar moderate improvements. This con-942

sistency across model architectures and scales (4B943

vs. 12B parameters) suggests that our findings944

reflect fundamental properties of query transfor-945

mation strategies rather than artifacts of a specific946

LLM’s generation characteristics.947

C Further Analysis of Simple948

LLM-Based Query Rewriting949

Metric Baseline Rewrite

Avg. query length (words) 7.3 8.3
Length change (words) — +1.0
Term preservation (%) 100 57
New terms introduced — 3.8
Unique vocabulary 420 489
Entity preservation (%) 100 72.5

Table 4: Query transformation characteristics across
enhancement methods. Simple rewriting makes min-
imal syntactic changes (high term/entity preservation).
This explains why rewriting reduces measured bias vari-
ance but fails on adversarial FOIL examples.

Table 4 reveals that simple LLM-based rewriting950

produces minute changes, with queries increase by951

only 1 word on average (7.3→8.3 words), preserv-952

ing 57% of original terms while introducing 3.8953

new terms. The transformations are therefore pre- 954

dominantly syntactic rather than semantic. For ex- 955

ample, “When was X published?” becomes “What 956

is the publication date of X?” The key entity names 957

(e.g., “Lake Ewauna,” “Miami Sound Machine”) 958

remain intact in 72.5% of cases. 959

This explains the paradox we observed in our re- 960

sults in Section 4 and Section 5: syntactic reformu- 961

lation introduces sufficient variance to reduce the 962

paired t-statistic—a measure of consistency in bias 963

direction—without actually reducing the retriever’s 964

sensitivity to bias-inducing lexical features. There- 965

fore, when multiple biases compound in the FOIL 966

setting, this surface-level variance fails to provide 967

robustness. 968

D Compute Resources 969

All experiments on open-source models were run 970

on internal organization GPU servers equipped 971

with 2xNVIDIA H100 and 3xNVIDIA A40. 972
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Figure 4: Complete bias analysis using Qwen3-4B-Instruct for query enhancement. Each cell shows the
|t|-statistic measuring retrieval bias strength across retrievers and biases. Lower values indicate reduced bias.
Results demonstrate consistent patterns with Gemma-3-12B-IT, confirming generalizability of our findings.
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