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Abstract
Large Language Models (LLMs) used in001
Retrieval-Augmented Generation (RAG) can002
amplify demographic bias: retrievers may sur-003
face skewed context and generators can prop-004
agate that skew into decisions. Prior work005
typically treats fairness in retrieval or gen-006
eration in isolation, leaving end-to-end fair-007
ness in RAG underexplored. We propose a008
post-hoc pipeline that jointly controls both009
stages: (i) a Fair Greedy Reranker (FGR) that010
builds prefix-balanced slates toward a target011
group mix; (ii) a Residual Slate Bias Esti-012
mator (RSBE) using signed, prefix-sensitive013
NDKL to quantify remaining skew; and (iii)014
Confidence-Gated Logit Calibration (CGLC)015
that converts the residual signal into small and016
margin-focused logit corrections without re-017
training. On an occupation classification task,018
our approach reduces retriever-side skew (low-019
est NDKL among baselines for both dense020
and sparse retrievers) and achieves the lowest021
generator-side disparity (e.g., Risk Difference)022
while largely preserving utility. The same cali-023
bration can be tuned to alternative fairness cri-024
teria (e.g., Equal Opportunity) with minimal025
utility loss.026

1 Introduction027

Large Language Models (LLMs) can handle a028

broad set of inference tasks: generation, classifi-029

cation, even structured prediction (Minaee et al.,030

2025). However, in their pre-trained form they of-031

ten hallucinate, i.e., produce fluent yet incorrect032

or unsupported content, particularly on domain-033

specific or long-tail queries (I et al., 2024). This un-034

dermines reliability. Retrieval-Augmented Gener-035

ation (RAG) (Lewis et al., 2020) alleviates this by036

retrieving relevant evidence (also known as slates)037

from an external knowledge corpus and condition-038

ing the LLM on it, grounding the response in actual039

documents rather than only in parametric memory.040

LLMs are already known to suffer from demo-041

graphic bias (Haque et al., 2025b). Here, the term042

demographic bias means systematic differences in 043

model behavior across protected and unprotected 044

groups (e.g., female vs. male) that appear in down- 045

stream decisions like selection or classification 046

(Garrido-Muñoz et al., 2021). Adding retrieval 047

on top of such a model does not, by itself, make 048

the system any more fair; it can actually intro- 049

duce a second source of bias from the external 050

knowledge base (Wu et al., 2025). Both main com- 051

ponents of a RAG pipeline: the retriever and the 052

generator can introduce or amplify this bias. The 053

retriever may surface documents that overrepre- 054

sent one group and underrepresent another because 055

the corpus is historically imbalanced or similarity 056

scores are skewed (Geyik et al., 2019), and the gen- 057

erator then conditions on this skewed slate and can 058

further propagate it in the final response (Hu et al., 059

2025), even when the retrieval skew was modest. In 060

effect, RAG can become a bias amplifier, carrying 061

disparities along the chain database → retrieval → 062

context → generation. 063

In this work, we argue that fairness in RAG must 064

be enforced across the whole inference chain, not 065

at a single point. We define fairness as statistical 066

parity (demographic parity or equality of oppor- 067

tunity): for each prediction, the proportion of se- 068

lected (positive) outcomes should be comparable 069

across protected and unprotected groups, and we 070

summarize disparity using risk difference and true 071

positive rate gap (lower is better). Balancing the 072

retrieved context helps, but it does not guarantee 073

fair outcomes once the LLM makes the final de- 074

cision, especially when its decision boundary is 075

group-sensitive. Prior work on fair RAG typically 076

intervenes either after generation (auditing or fil- 077

tering the output) (Wu et al., 2025), or only on the 078

retrieved list (debiasing the slate) (Kim and Diaz, 079

2025). Although (Zhang et al., 2025b) aims to 080

jointly control both stages by fine-tuning the re- 081

triever on the LLM’s fairness score distribution, it 082

does not account for retriever-side fairness. Thus, 083
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our contribution is a unified, three-part pipeline084

that (i) reshapes the retrieved slate toward a fair085

demographic mix, (ii) quantifies whatever bias still086

remains at the slate level, and (iii) uses that resid-087

ual signal to impose a small logit correction on088

the LLM’s output. In experiments, this pipeline089

achieves state-of-the-art level bias reduction in both090

dense and sparse retrieval settings, and consistently091

yields the lowest disparity across multiple LLMs,092

while keeping the added computation lightweight093

(linear in slate size) and practical as a post-hoc094

method, with no retraining of the retriever or the095

generator.096

2 Background097

2.1 RAG System098

In a typical RAG workflow, given a user prompt099

(query) x, the retriever component searches an ex-100

ternal knowledge base D to identify the most rel-101

evant documents or passages (Lewis et al., 2020).102

The query x is first encoded into a suitable rep-103

resentation, which is compared against document104

representations di ∈ D using a relevance scoring105

function sim(x, di). The top-K most relevant re-106

sults are then selected. The retrieved documents107

or slates SK = {d1, d2, . . . , dK}, ensures factual108

grounding for inference which is then concatenated109

with the original query x and passed to the gen-110

erator f , which performs knowledge inference to111

produce a grounded response ŷ = f(x, SK).112

2.2 Bias in RAG Components113

Despite the effectiveness, both stages of a RAG114

pipeline can show demographic bias across dif-115

ferent demographic groups (Bender et al., 2021;116

Otterbacher, 2018). Pre-trained LLMs may encode117

disparities from training data (Kiritchenko and Mo-118

hammad, 2018), and external corpora can reflect119

historical imbalances (Zhang et al., 2025a). If the120

retriever surfaces context whose group distribution121

is skewed relative to a desired baseline (Geyik et al.,122

2019) and the generator conditions on that context,123

the output can amplify those disparities such that124

one demographic group ai is systematically favored125

over another aj (Zhang et al., 2025b) where a ∈ A.126

To measure the bias, each stage is evaluated127

with complementary metrics. On the retriever side,128

Skew@K (Geyik et al., 2019) assesses over or129

under-representation of groups among the top-K130

results relative to a desired representation, KL rank-131

ing bias quantifies how the top-K distribution de-132

parts from the desired distribution(Yang and Stoy- 133

anovich, 2017), and rank bias captures whether 134

higher-visibility ranks disproportionately feature 135

certain groups (Rekabsaz and Schedl, 2020). On 136

the generator side, demographic parity (Dwork 137

et al., 2011) checks whether outcome rates are inde- 138

pendent of groups (summarized by the risk differ- 139

ence between groups), while equality of opportu- 140

nity (Hardt et al., 2016) tests whether true positives 141

are equally likely across groups (summarized by 142

the TPR gap) (Zhang et al., 2018). 143

2.3 Research Gap 144

While many studies address bias correction in infor- 145

mation retrieval (Seyedsalehi et al., 2025; Zerveas 146

et al., 2022) and bias mitigation in LLM outputs 147

(Dong et al., 2024; Dige et al., 2023; Haque et al., 148

2025a), they typically treat these problems in iso- 149

lation. In RAG, however, retrieval and generation 150

form a single inference pipeline, so bias can com- 151

pound across stages (Zhang et al., 2025a). Even 152

if generator f were unbiased in ideal conditions, 153

bias introduced via SK through selection effects, 154

document imbalance, or representation frequency 155

can propagate into ŷ; conversely, even with neutral 156

retrieval, a biased f can still yield discriminatory 157

outputs. Although some studies have examined 158

bias mitigation within RAG (Ji et al., 2025; Zhang 159

et al., 2025b; Kim et al., 2025), they largely focus 160

on generator-side fairness and do not account for 161

retriever-side bias. Thus, fairness in RAG must be 162

analyzed as a joint property of both retrieval and 163

generation stages, yet a unified end-to-end pipeline 164

that corrects disparities in both stages remains ab- 165

sent from the literature. 166

3 Methodology 167

Our objective is to design an end-to-end fair RAG 168

system that enforces fairness on both retrieval and 169

generation. To the best of our knowledge, prior 170

work typically addresses these two sources of bias 171

in isolation. We (empirically) show that correcting 172

only the retrieved slate is not enough: a balanced 173

retrieved slate can still yield biased outputs. To 174

address this, we propose a three-stage pipeline as 175

shown in Figure 1, comprising (i) an efficient de- 176

terministic fair reranker for the retrieved slates, 177

(ii) a residual bias estimator that quantifies any re- 178

maining imbalance in the displayed slate, and (iii) 179

a confidence-gated calibration layer on the gener- 180

ator that uses this signal to debias the final decision. 181
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Figure 1: End-to-end fair RAG pipeline

Together, these components enable fairness-aware182

RAG throughout the entire inference pipeline with-183

out any fine-tuning.184

3.1 Fair Greedy Reranker (FGR)185

In neural retrievers, much of the effectiveness is186

inherited from the pre-trained backbone (Yao et al.,187

2025), so injecting fairness via additional training188

is costly and hard to control. A practical posthoc189

alternative is to retrieve a larger context pool of190

size T ≥ K first (instead of the final top-K), and191

then apply a fairness-aware reranker on this pool192

to select the final top-K results. Thus we propose193

a Fair Greedy Reranker (FGR) as follow:194

Given a larger retrieved slate ordered by rele-195

vance from high to low, ST = {d1, . . . , dT } and a196

target distribution q = {q1, . . . , qM} over groups197

of a protected attribute A = {a1, . . . , aM} with198

qm ≥ 0 for group am and
∑

am∈A qm = 1, FGR199

constructs a fair slate SK of length K ≤ T that (i)200

approximately preserves the original retrieval order201

and (ii) keeps each retrieved list up to K (called202

each prefix) close to q.203

We construct the fair slate incrementally. At204

each step k ∈ {1, . . . ,K}, we pick the next high-205

relevance document while tracking, for each group206

am ∈ A, how far the current prefix deviates from207

the target distribution. Let gk denote the group208

of document dk. We define the group-wise prefix209

deficit at position k as:210

Uk[am] = qm ·k−#{j ≤ k−1 : gj := am}, (1)211

where qm ·k is the desired count of group am in the212

top-K of the slate and the second term is the actual213

count. At each step, we prioritize the groups with214

the largest deficit Uk[am] (i.e., underrepresented215

groups) and, within that subset, choose the highest-216

ranked remaining item to preserve relevance. If no217

group is underrepresented (maxam∈A Uk[am] ≤218

0), we select the next highest-ranked remaining219

item. Intuitively, Uk[am] > 0 means am is under- 220

represented, Uk[am] = 0 on target, and Uk[am] < 221

0 overrepresented. We formally present this in Al- 222

gorithm 1. Proof is available in Appendix E. 223

3.2 Residual Slate Bias Estimator (RSBE) 224

Even after fair reranking (Algorithm. 1), some im- 225

balance can remain in the fair slate due to retrieval 226

noise like duplicate entries, missing metadata, or 227

asymmetric content. Residual Slate Bias Estima- 228

tor (RSBE) converts the slate’s observed group 229

distribution into a single, prefix-sensitive scalar 230

that summarizes how far (and in which direction) 231

the slate deviates from a target distribution q. 232

Prefix shares. For each top-K prefix of the slate, 233

let pk(am) be the fraction of those k items that 234

belong to group am (i.e., pk(am) is the share of 235

group am among the first k positions). 236

Prefix deviation via NDKL. We adopt the nor- 237

malized discounted cumulative KL divergence 238

(NDKL) of Geyik et al. (2019) to measure prefix 239

sensitive deviation. Given a target distribution q 240

over A (with qm ≥ 0 and
∑

am∈A qm = 1) and a 241

small smoothing ε > 0, the KL divergence at prefix 242

k is 243

KL(pk ∥q) =
∑
a∈A

(
pk(am) + ε

)
log

pk(am) + ε

qm + ε
.

(2) 244

Higher ranks matter more, therefore Discounted 245

Cumulative Gain (DCG) weights is used:wk = 246
1

log2(k+1) and BK =
∑K

k=1wk. The magnitude- 247

only score over the top-K is 248

NDKL(K) =
1

BK

K∑
k=1

wk KL(pk ∥q) ≥ 0, (3) 249

which grows when early prefixes deviate strongly 250

from q. 251

Assigning direction (per-group signed NDKL). 252

NDKL is unsigned. In order to retain directionality 253

for each group, we define a signed score per group 254

SK [am] =
(
pK(am)−qm

)
·NDKL(K), am ∈ A.

(4) 255

Positive SK [am] indicates over-exposure of group 256

am in the top-K slate relative to the target distribu- 257

tion qm, while negative indicates under-exposure; 258

the magnitude is modulated by the prefix-sensitive 259

deviation NDKL(K). 260
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3.3 Confidence-Gated Logit Calibration261

(CGLC)262

The RSBE signal from §3.2 summarizes how the263

displayed slate deviates from the target distribution264

across groups (via the per-group scores SK [am]).265

We now convert this slate-level signal into a small,266

principled adjustment of the primary prediction.267

Because different classes can exhibit different268

group skew, we first normalize the residual per269

class before using it.270

Standardization across classes. Let R =271 (
SK [am]

)
am∈A be the per-group signed RSBE vec-272

tor. For each class o ∈ O, let µo =
(
µo[am]

)
am∈A273

and σo =
(
σo[am]

)
am∈A denote training-set274

means and standard deviations of the RSBE com-275

ponent for group am computed over all slates with276

class o. We standardize component-wise:277

zo[am] =
SK [am]− µo[am]

σo[am] + ε
, am ∈ A. (5)278

Equivalently, in vector form,279

Zo = zscore
(
R; µo,σo

)
. (6)280

Confidence-Gated logit shift. The generator pro-281

duces a decision ŷ = f(x, SK) = argmaxo∈O ℓo282

from a base logit ℓo ∈ R. Rather than retraining283

the model, we apply a small learned logit shift ∆284

driven by (i) the standardized residual Zo based on285

SK , (ii) the subject x’s group g, and (iii) global and286

class o-specific biases. The logit shift ∆ consists of287

a bias term (with a global bias δ and a class-specific288

bias δo) and a residual term.289

∆ =(δ + δo)︸ ︷︷ ︸
bias term

+βzo[g(x)]︸ ︷︷ ︸
residual term

,
(7)290

where β depends on the sign of zo[g(x)].291

The calibrated decision is based on a confidence-292

gated logit shift:293

ℓo = ℓo − η(ℓo)∆,

ŷcal = argmax
o∈O

ℓo.
(8)294

To focus corrections on low-confidence deci-295

sions, we define a confidence gate based on the rela-296

tive separation of class logits. Let ℓ̄ = 1
|O|

∑
j∈O ℓj297

denote the mean logit for a given input. We gate298

the logit shift via299

η(ℓo) = exp
(
− γ |ℓo − ℓ̄|

)
, γ ≥ 0, (9)300

so that classes whose logits lie close to the over- 301

all score level (i.e., low separation and low con- 302

fidence) receive larger adjustments, while well- 303

separated, high-confidence predictions are mini- 304

mally affected. 305

Why margin-level updates help fairness. 306

Group selection gaps typically arise near decision 307

boundaries: when groups exhibit different score 308

densities in regions of low class separation, a fixed 309

argmax decision rule can induce unequal selection 310

rates. By gating updates using a confidence mea- 311

sure derived from the relative separation of class 312

logits, CGLC primarily affects low-confidence, 313

borderline cases where class scores are clustered 314

while leaving well-separated, high-confidence 315

predictions largely unchanged. It parallels classic 316

post-processing approaches for demographic parity 317

and equality of opportunity, which focus corrective 318

interventions on ambiguous decisions rather than 319

confident ones (Hardt et al., 2016). 320

Parameters and Optimization. We parameter- 321

ize CGLC with parameters 322

θ = {δ, γ, β, {δo}o∈O}. (10) 323

We use a small training set X to learn these pa- 324

rameters. We use a grid search strategy to learn 325

the optimal values heuristically, details shown in 326

Appendix A.6. To improve optimization perfor- 327

mance, we also introduce a intercept term bo to 328

∆ to bridge the optimization gap. For example, 329

for binary groups we target demographic parity by 330

minimizing the mean risk difference (RD): 331

RD(o) =
∣∣P (ŷcal=1 | g=0)− P (ŷcal=1 | g=1)

∣∣,
RDmean =

1

|O|
∑
o∈O

RD(o),

θ⋆ = argmin
θ

RDmean(θ).

(11) 332

This objective targets demographic parity directly. 333

In settings where a different fairness notion is de- 334

sired (e.g., equality of opportunity), the same cali- 335

bration form can be trained with the corresponding 336

gap (TPR gap) substituted for RD(o), leaving the 337

rest of the pipeline unchanged. 338

4 Experiment Setup 339

A typical RAG pipeline comprises three elements: 340

a generator (LLM), a retrieval corpus, and a re- 341

triever. To study fairness comprehensively in this 342
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Table 1: Utility and fairness metrics comparison across multiple baselines for dense and sparse retrievers.

Retriever Re-Ranker Utility Fairness
Hit Rate MRR NDCG Min Skew Max Skew NDKL

FAISS +BGE (Dense)

Vanilla 0.438 0.281 0.310 -3.441 0.525 0.488
Det const sort 0.461 0.263 0.301 -0.375 0.156 0.147
FairFilter 0.463 0.282 0.314 -0.334 0.520 0.468
FairFT 0.473 0.283 0.320 -0.613 0.489 0.447
In Context 0.438 0.281 0.310 -3.441 0.525 0.488
FGR (Ours) 0.462 0.263 0.301 -0.381 0.161 0.146

BM25 (Sparse)

Vanilla 0.474 0.284 0.318 -3.781 0.515 0.488
Det const sort 0.480 0.241 0.289 -1.515 0.263 0.227
FairFilter 0.666 0.290 0.353 -2.482 0.497 0.397
In Context 0.452 0.222 0.289 -2.408 0.417 0.354
FGR (Ours) 0.479 0.238 0.288 -1.510 0.268 0.227

setting, we (i) specify a concrete task, (ii) select an343

external corpus as the retriever’s source, and (iii)344

construct an evaluation set for model evaluations.345

4.1 Task Definition346

We choose the task as occupation classification.347

Each inference example prompt (query) x (a short348

biography) in the evaluation set is annotated with a349

protected attribute am ∈ A (gender) and a ground350

truth occupation o ∈ O. The generator’s task is to351

predict the occupation for x. To assist the generator,352

a retriever searches against an external corpus and353

returns a context slate SK = {d1, . . . , dK}, which354

is provided to the generator alongside x. The end-355

to-end system thus maps (x, SK) to ŷ = f(x, SK).356

Our objective is to assess the proposed fair RAG357

pipeline across both stages of retrieval and genera-358

tion, measuring utility (classification and retrieval359

quality) and fairness (group disparities) jointly.360

4.2 Data361

Inference-time test set. We evaluate on Bias in362

Bios (De-Arteaga et al., 2019), a dataset of short363

professional biographies; each biography x, anno-364

tated with a protected attribute g (gender) and a365

label of occupation. We first filter professions to366

those with sufficient male/female coverage and re-367

tain |O| = 22 occupations (others are dropped due368

to missing splits). For every occupation o ∈ O,369

we treat it as binary classification task like one vs.370

rest. We build a balanced set of 400 biographies:371

100 positive male and 100 positive female (ground372

truth occupation label = o), plus 100 negative male373

and 100 negative female (ground truth occupation374

label ̸= o). Thus each occupation has 200 positives375

and 200 negatives, evenly split by gender.376

External corpus & retriever setup. Our re- 377

triever indexes Humans of Wikipedia1, a large col- 378

lection of Wikipedia-derived biographical pages. 379

We use it strictly as the external retrieval corpus 380

D. Concretely, we sample 126,609 person pages 381

spanning 24 occupations (including the 22 infer- 382

ence occupations) and segment each page into short 383

passages (each passage having around 150 tokens). 384

Each passage, along with its metadata (person’s 385

name, occupation, gender) is a retrieval unit. We 386

report the gender distribution per occupation) for 387

D in Fig. 2. 388

At inference, the query is the Bias in Bios biogra- 389

phy x; the retriever searches D and returns a top-K 390

slate of passages as context for the generator. 391

4.3 Fair RAG Pipeline 392

For each biography x: 393

1. Retrieve: encode x and retrieve top-T passages 394

ST ⊂ D from the external corpus. We report 395

results for both dense and sparse retrievers. 396

2. Rerank (fairness-aware): apply the Fair 397

Greedy Reranker (FGR) to produce the finaL 398

top-K fair slate SK of length K ≤ T . 399

3. Generate/Classify: pass (x, SK) to the LLM 400

classifier to obtain per-class logits and the pre- 401

dicted occupation ŷ. 402

4. Calibrate (post-hoc): use the RSBE and CGLC 403

to debias near the decision margin. 404

4.4 Evaluation Metrics 405

• Retriever-side utility: hit rate, MRR, and 406

NDCG on occupation-relevant retrieval. 407

1Humans of Wikipedia: Explore the lives and legacies of
over 1.4M individuals documented in English Wikipedia’s
biographical articles with detailed metadata.

5

https://atlas.nomic.ai/data/nomic/wiki-people


• Retriever-side fairness: prefix-sensitive skew408

(e.g., signed NDKL) and group exposure statis-409

tics on the slate SK (Geyik et al., 2019).410

• Generator-side utility: accuracy, precision, re-411

call, and F1 for occupation classification.412

• Generator-side fairness: demographic parity413

via risk difference across groups, reported per414

class and macro-averaged.415

4.5 Baselines416

We evaluate retrieval using both sparse (BM25417

(Robertson and Zaragoza, 2009)) and dense (FAISS418

+ BGE (Douze et al., 2024)) retrievers. On the gen-419

eration side, we pair dense retrievers with multiple420

open-source LLMs including Flan-T5 (3B version)421

(Chung et al., 2022), Llama2 (7B version) (Touvron422

et al., 2023), Gemma-2B (Team, 2024), DeepSeek423

(6.7B version) (DeepSeek-AI et al., 2025), and Fal-424

con (7B version) (Almazrouei et al., 2023). Con-425

figurations that apply no fairness constraints re-426

gardless of the retriever or LLM are grouped un-427

der the label VANILLA. Building on these vanilla428

pipelines, we additionally consider reranking and429

fairness interventions as baselines: DET-CONST-430

SORT and FAIRRILTER are applied as rerankers,431

while FAIRFT and IN CONTEXT are fairness mech-432

anisms applied at the LLM stage.433

**Due to space constraints, full details of the data,434

prompt, evaluation metrics and baselines are pro-435

vided in Appendix A, B, C and D respectively.436

4.6 Research Questions437

On the task defined in §4.1, we aim to answer the438

following questions with our experiments:439

1. RQ1: How do different retrievers perform on440

utility and retriever-side fairness, with and with-441

out fair reranking?442

2. RQ2: Does post-hoc calibration reduce443

generator-side disparity while preserving task444

performance?445

3. RQ3: Which reranker, when paired with cali-446

bration, yields the best fairness–utility trade-off447

end-to-end?448

4. RQ4: Can calibration be tuned to meet alter-449

native fairness criteria (e.g., equal opportunity)450

without notable utility loss?451

5 Result Analysis 452

5.1 Retriever Performance (RQ1) 453

For both of sparse and dense retrievers, enforcing 454

fairness at the re-ranking time sharply reduces ex- 455

posure skew with only modest utility trade-offs. 456

From Table 1 we can see: 457

For FAISS + BGE, the dense retriever, the vanila 458

model (VANILLA) shows large skew (min −3.44, 459

NDKL 0.488). FGR and DET-CONST-SORT both 460

curb the skew substantially; FGR achieves the best 461

prefix fairness (NDKL 0.146; max-skew 0.161), at 462

a small MRR drop (from 0.281 to 0.263). Utility- 463

first baselines (FAIRFILTER/FAIRFT) slightly raise 464

NDCG (0.314–0.320) but leave sizable skew 465

(NDKL 0.447–0.468). IN-CONTEXT does not af- 466

fect retrieval metrics, as expected. 467

For BM25, the sparse retriever, a similar pattern 468

holds: baseline skew is high (min −3.78, NDKL 469

0.488). FGR and DET-CONST-SORT deliver the 470

lowest NDKL (0.227), with FGR slightly better 471

on min-skew (−1.510 vs. −1.515). Utility drops 472

modestly (MRR ≈ 0.238, NDCG ≈ 0.288). FAIR- 473

FILTER boosts utility (hit 0.666, NDCG 0.353) but 474

retains substantial skew (NDKL 0.397). 475

We have the following observations: (i) FGR 476

consistently attains the strongest prefix fairness 477

(lowest NDKL) for both types of retrievers with 478

small utility cost; (ii) heuristic sorting reduces expo- 479

sure but lags FGR on NDKL or hurts MRR more; 480

(iii) utility-oriented tweaks alone do not control 481

exposure; (iv) prompting (IN-CONTEXT) cannot 482

fix retriever-side bias, fairness must be enforced in 483

the re-ranker. 484

5.2 Generator Performance (RQ2) 485

Overall, our post-hoc CGLC substantially reduces 486

demographic disparity (RD) across LLMs with lim- 487

ited impact on utility and in several cases improves 488

F1 via recall gains. From Table 2 we can see: 489

Gemma-2B. RD halves (0.088 → 0.047), 490

matching IN-CONTEXT. This comes with a small 491

utility cost (F1 0.730→0.700, acc 0.736→0.713), 492

illustrating the fairness–utility trade-off when the 493

base is already strong. 494

Llama2-7B. Our method achieves the low- 495

est RD 0.037 while sacrificing small accuracy 496

(0.694→0.659) and raising F1 (0.426→0.585). 497

Utility-oriented baselines (FAIRFILTER) can lift F1 498

(0.654) but increase RD (0.105). 499

DeepSeek 6.7B. No retriever exhibits very low 500

(0.026) RD, but this result is not meaningful be- 501
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Table 2: Utility and fairness metrics comparison across
multiple baselines for generator side.

LLM Model Utility Fairness
Acc Prec Rec F1 RD

Gemma-2B

No Retriever 0.614 0.796 0.383 0.428 0.061
Vanilla 0.736 0.778 0.716 0.730 0.088
Det const sort 0.714 0.777 0.726 0.694 0.071
FairFilter 0.683 0.742 0.731 0.650 0.073
FairFT 0.737 0.763 0.810 0.750 0.075
In Context 0.722 0.763 0.777 0.717 0.077
Our 0.713 0.764 0.742 0.700 0.047

Llama2
7B

No Retriever 0.620 0.782 0.345 0.426 0.213
Vanilla 0.694 0.743 0.323 0.426 0.065
Det const sort 0.657 0.657 0.511 0.573 0.051
FairFilter 0.697 0.749 0.704 0.654 0.105
FairFT 0.594 0.743 0.323 0.426 0.065
In Context 0.648 0.752 0.492 0.566 0.080
Our 0.659 0.758 0.526 0.585 0.037

Deepseek
6.7B

No Retriever 0.547 0.894 0.162 0.194 0.026
Vanilla 0.642 0.811 0.432 0.509 0.049
Det const sort 0.642 0.811 0.432 0.509 0.049
FairFilter 0.710 0.826 0.613 0.617 0.066
FairFT 0.606 0.823 0.325 0.415 0.035
In Context 0.646 0.808 0.443 0.525 0.059
Our 0.645 0.808 0.443 0.519 0.048

Falcon-7B

No Retriever 0.619 0.693 0.470 0.503 0.085
Vanilla 0.740 0.787 0.649 0.651 0.063
Det const sort 0.740 0.787 0.649 0.651 0.063
FairFilter 0.722 0.782 0.724 0.684 0.094
FairFT 0.732 0.787 0.678 0.680 0.047
In Context 0.732 0.787 0.678 0.680 0.047
Our 0.717 0.761 0.664 0.660 0.041

Flan-T5

No Retriever 0.782 0.710 0.823 0.755 0.130
Vanilla 0.742 0.684 0.768 0.715 0.108
Det const sort 0.713 0.660 0.732 0.683 0.099
FairFilter 0.742 0.684 0.768 0.715 0.109
FairFT 0.741 0.682 0.771 0.714 0.097
In Context 0.743 0.727 0.706 0.702 0.075
Our 0.721 0.712 0.811 0.739 0.044

cause the accuracy is 0.547, indicating performance502

close to random guessing. Baseline RD is moderate503

(0.049); our RD is similar (0.048) while keeping504

utility near baseline. FAIRFT attains the lowest505

RD (0.035) but substantially degrades utility (acc506

0.606, F1 0.415), underscoring the appeal of post-507

hoc methods when retraining harms performance.508

Falcon-7B. RD improves from 0.063 to 0.041509

with small utility changes (F1 0.651→0.660).510

Flan-T5. No retriever achieves high accuracy511

(0.782) because the prompt is minimally verbose,512

which is easier for a 250M parameter model to513

handle; however, this setting exhibits high RD.514

RD drops from 0.130 (NO RETRIEVER) to 0.044515

(ours), the best among baselines. F1 rises from516

0.715 to 0.739 driven by higher recall (0.768 →517

0.811), with a modest accuracy dip (0.743 →518

0.721). Prompt-only control (IN-CONTEXT) low-519

ers RD to 0.075 but hurts F1 (0.702).520

Takeaways. (i) Post-hoc CGLC reliably reduces521

Table 3: Rerankers paired with CGLC.

LLM Model Utility Fairness
Acc Prec Rec F1 RD

Gemma-2B

Det const sort
+ CGLC 0.704 0.748 0.743 0.692 0.061

FairFilter +
CGLC 0.672 0.712 0.769 0.655 0.062

FGR +
CGLC 0.713 0.764 0.742 0.700 0.047

Llama2
7B

Det const sort
+ CGLC 0.654 0.760 0.509 0.571 0.059

FairFilter +
CGLC 0.684 0.716 0.732 0.658 0.090

FGR +
CGLC 0.659 0.758 0.526 0.585 0.037

Deepseek
6.7B

Det const sort
+ CGLC 0.643 0.763 0.471 0.538 0.097

FairFilter +
CGLC 0.702 0.788 0.654 0.635 0.095

FGR +
CGLC 0.645 0.808 0.443 0.519 0.048

Falcon-7B

Det const sort
+ CGLC 0.719 0.760 0.675 0.666 0.053

FairFilter +
CGLC 0.709 0.752 0.752 0.686 0.081

FGR +
CGLC 0.717 0.761 0.664 0.660 0.041

Flan-T5

Det const sort
+ CGLC 0.727 0.727 0.780 0.733 0.064

FairFilter +
CGLC 0.742 0.730 0.835 0.761 0.053

FGR +
CGLC 0.721 0.712 0.811 0.739 0.044

RD across models, often achieving the best fairness 522

without retraining; (ii) it frequently improves F1 523

via recall gains (e.g., Flan-T5, Llama2-7B); (iii) 524

when baseline bias is already modest (DeepSeek), 525

fairness gains are smaller, but utility remains sta- 526

ble; (iv) prompt- or retrieval-only tweaks do not 527

consistently reduce generator-side disparity. 528

5.3 Performance on Rerankers Paired with 529

CGLC (RQ3) 530

Across all LLMs in Table 3, FGR + CGLC con- 531

sistently achieves the lowest risk difference (RD), 532

while maintaining competitive utility: Flan-T5: RD 533

drops to 0.044 (best), with strong F1 (0.739) and re- 534

call gains over VANILLA/DET CONST SORT; FAIR- 535

FILTER + CGLC attains the highest F1 (0.761) 536

via aggressive recall (0.835) but with higher RD 537

(0.053). Llama2-7B: 0.037 RD (best) for FGR, 538

with F1 0.585; FAIRFILTER + CGLC maximizes 539

F1 (0.658) but worsens RD (0.090), indicating a 540

utility–fairness trade-off. Gemma-2B: FGR yields 541

0.047 RD (best) with balanced utility (F1 0.700), 542

outperforming DET CONST SORT/FAIRFILTER on 543

fairness. DeepSeek 6.7B: FGR halves RD vs. other 544

rerankers (0.048 vs. 0.095–0.097) at near-baseline 545
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Table 4: CGLC performance for equality of opportunity
calibration on Gemma-2B.

Model Utility Fairness
Acc Prec Rec F1 TPR-Gap

Vanilla 0.736 0.778 0.716 0.730 0.100
Det const sort 0.714 0.777 0.726 0.694 0.094
FairFilter 0.683 0.742 0.731 0.650 0.078
FairFT 0.737 0.763 0.810 0.750 0.081
In Context 0.722 0.763 0.777 0.717 0.083
Our 0.715 0.761 0.768 0.714 0.052

utility. Falcon-7B: FGR attains 0.041 RD (best)546

with F1 0.660; FAIRFILTER pushes F1 (0.686) at a547

large RD cost (0.081).548

Takeaways. (i) Pairing a prefix-fair reranker549

with post-hoc calibration is crucial: FGR + CGLC550

dominates RD across models, showing the most551

reliable end-to-end fairness; (ii) when maximum552

F1 is the sole goal, FAIRFILTER + CGLC can help553

via recall, but at the expense of fairness; (iii) DET554

CONST SORT + CGLC offers moderate fairness555

gains with smaller utility shifts, but rarely matches556

FGR on RD. Overall, FGR provides the best fair-557

ness–utility balance for end-to-end RAG.558

5.4 Calibration for Different Fairness Criteria559

(RQ4)560

When calibrated for equality of opportunity (min-561

imizing TPR-Gap), CGLC achieves the strongest562

fairness on Gemma-2B, reducing TPR-Gap from563

0.100 (Vanilla) to 0.052 (a 48% reduction), and564

outperforming FairFilter (0.078), FairFT (0.081),565

In-Context (0.083), and Det-Const-Sort (0.094);566

see Table 4. Utility remains competitive: our F1 is567

0.714 (close to In-Context 0.717), with precision568

0.761 and recall 0.768. While FairFT attains the569

highest utility (F1 0.750, Acc 0.737), it exhibits a570

larger TPR-Gap (0.081). Overall, CGLC offers the571

best fairness–utility balance among the baselines572

to achieve equality of opportunity.573

5.5 CGLC Ablation574

Table 5 isolates the contribution of each CGLC575

component.576

FGR only. Fair reranking without CGLC leaves577

sizable disparity (RD = 0.081) with F1 = 0.708.578

Skew-only signal. Driving calibration with a579

coarse skew proxy (instead of signed, prefix-580

sensitive NDKL) modestly helps over FGR only581

but still yields high disparity (RD = 0.078) and582

lower F1 (0.701).583

Table 5: CGLC ablation for demographic parity on
Gemma-2B.

Model Utility Fairness
Acc Prec Rec F1 RD

FGR Only 0.715 0.767 0.711 0.708 0.081
Skew 0.714 0.767 0.740 0.701 0.078
No η 0.705 0.746 0.751 0.698 0.070
No δo 0.709 0.740 0.768 0.709 0.071
No bo 0.707 0.744 0.756 0.702 0.069
NDKL + η + δo + bo 0.713 0.764 0.742 0.700 0.047

No gating η. Removing the w raises disparity rel- 584

ative to the full model (RD = 0.070 vs. 0.047) with 585

minor utility changes (F1 = 0.698), underscoring 586

the value of margin-focused updates. 587

No δo. Dropping class-specific bias terms weak- 588

ens parity (RD = 0.071) even though F1 is the 589

highest among ablations (0.709), indicating uncor- 590

rected class-level skews. 591

No bo. Removing class-specific intercept harms 592

parity (RD = 0.069) and reduces F1 to 0.702. 593

Full (NDKL + η + δo + bo). The complete cali- 594

brator achieves the lowest disparity (RD = 0.047) 595

with Acc = 0.713, Prec = 0.764, Rec = 0.742, 596

and F1 = 0.700. While utility is comparable to 597

ablations, the fairness gain is substantial. 598

Overall, all components contribute: signed NDKL 599

provides a stronger residual signal than a coarse 600

skew proxy; the confidence gate targets near- 601

threshold flips that most affect disparity; and 602

per-class terms (δo, bo) adapt corrections to class- 603

specific bias patterns, delivering the best fairness– 604

utility trade-off. 605

6 Conclusion 606

We presented an end-to-end fairness framework 607

for RAG that jointly controls bias in retrieval and 608

generation. Our pipeline - Fair Greedy Reranker 609

(FGR), Residual Slate Bias Estimator (RSBE) with 610

signed NDKL, and Confidence-Gated Logit Cal- 611

ibration (CGLC) reduces demographic disparity 612

while preserving task utility. Across dense and 613

sparse retrievers and multiple LLMs, FGR yields 614

the lowest slate skew and CGLC achieves state-of- 615

the-art reductions in risk difference without retrain- 616

ing core models. The method is post-hoc, retrieval- 617

agnostic, and tunable to other criteria (e.g., equal 618

opportunity). Future work includes multi-attribute 619

fairness, robustness to noisy metadata. 620
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7 Limitations621

The pipeline introduces a calibration layer that622

must be trained on a small dataset, incurring ad-623

ditional computational overhead. As future work,624

we plan to investigate alternative approaches that625

mitigate bias effectively without requiring any ad-626

ditional training.627

8 Ethical Considerations628

We aim to mitigate bias in RAG systems through629

a fairness-aware pipeline. Although we rely on630

widely used retrieval corpora that may contain631

harmful or biased content, responsibility for such632

material lies with the original sources. Our work633

focuses on reducing biased associations within the634

RAG process to produce less biased outputs, evalu-635

ated using bias-related metrics, while maintaining636

overall performance. We do not examine potential637

extrinsic harms that may arise from deploying the638

debiasing methods studied.639
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A Implementation Details886

A.1 Environment and Stack.887

All components are implemented in Python. We888

use Haystack for indexing/retrieval, FAISS for889

dense ANN search, sentence-transformers for890

embeddings, and HuggingFace transformers for891

LLM inference. Computation seeds are fixed892

(SEED=42); NumPy/PyTorch are used for numer-893

ical routines. Experiments run on a single GPU894

for LLM/encoder inference and CPU for reranking,895

RSBE, and calibration.896

A.2 Corpora and Preprocessing 897

External corpus (Humans of Wikipedia). We in- 898

gest a CSV (wiki_people_subset_24.csv) 899

with columns {text, gender, title, 900

occupation_level_3}. Each page is split into 901

fixed-size passages of at most MAX_TOKENS=150 902

words. The passages retain metadata (gender, 903

title, occupation_level_3). 904

RAG train/test sets (Bias in Bios). Each ex- 905

ample provides a biography, a binary protected 906

attribute (gender) and an occupation label. The 907

train split is loaded from dev.csv. For test-time 908

reporting, we iterate over per-occupation CSV files 909

in bios_test/ (one file per target occupation). 910

CGLC optimization time train set construction 911

(Bias in Bios). From the LabHC/bias_in_bios 912

test split, we retain professions with ≥25 male and 913

≥25 female bios. For each retained profession o, 914

we create a 100-example balanced mini-set: 25 915

male + 25 female positives (original profession 916

= o, y=1) and 25 male + 25 female negatives 917

(drawn from professions ̸= o, y=0), without row 918

reuse. We preserve source_profession for audit- 919

ing, concatenate all mini-sets, shuffle, verify exact 920

50/50 per profession and uniqueness, and save as 921

train.csv. 922

Inference time test set construction (Bias 923

in Bios). From the LabHC/bias_in_bios train 924

split, we first retain only occupations with at least 925

100 biographies per gender. For each eligible oc- 926

cupation o (22 in total), we build a per-occupation 927

CSV with exactly 400 rows: 100 male and 100 928

female relevant biographies (profession = o), and 929

100 male and 100 female irrelevant biographies 930

(profession ̸= o). This yields a perfectly balanced 931

file (200 relevant / 200 irrelevant; 200 male / 200 932

female). Aggregating across 22 occupations pro- 933

duces 22 × 400 = 8,800 test examples. Files are 934

saved under bios_test/ and named by occupation 935

(e.g., surgeon.csv); sampling uses a fixed seed for 936

reproducibility. 937

A.3 Dense Index: FAISS + BGE 938

We build a dense index with FAISSDocumentStore 939

configured as: 940

• faiss_index_factory_str: HNSW32; 941

• similarity: dot_product; embedding dim: 942

1024; 943

• SQL backing: sqlite:///faiss_wiki.db; 944

index name: wiki_people.faiss; 945
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Figure 2: Male vs. Female distribution per occupation in the external corpus

• query search width: ef_search=1024.946

Embeddings are computed with947

BAAI/bge-large-en (FP16 on GPU) in batches948

of 256. We persist wiki_people.faiss and a949

JSON sidecar for later loading.950

A.4 Sparse Index: BM25951

We also build a sparse InMemoryDocumentStore952

with use_bm25=True from the same pas-953

sages/metadata and persist it via save_to_disk954

(or a pickle fallback for legacy versions). A955

BM25Retriever provides baseline sparse retrieval.956

A.5 Retrieval and Fair Reranking957

At inference, we encode queries with958

BAAI/bge-large-en, normalize vectors, and959

retrieve TOP_K=100 candidates from FAISS. We960

then apply FGR to produce a display slate of961

DISPLAY_K=15 items:962

A.6 Optimizing the Confidence-Gated Logit963

Calibrator (CGLC)964

We learn the parameter set965

θ =
{
δ, γ, b, β, (δo, bo)o∈O

}
,966

where δ is a global logit bias, γ controls the confi-967

dence gate, b is a global group offset, β weight the968

positive/negative standardized residual signals, and969

(δo, bo) are per-class corrections.970

Search strategy. Stage A: Coarse random 971

search (global). Sample candidate tuples 972

(δ, γ, b, β) from bounded, task-appropriate ranges; 973

evaluate on a held-out development subset; keep 974

the best as the warm start θ(0). 975

Stage B: Short coordinate descent (global). 976

From θ(0), sweep each of δ, γ, b, β over small cen- 977

tered grids; accept any change that lowers the ob- 978

jective. A few passes typically stabilize all six 979

globals. 980

Stage C: Discrete per-class tuning. Fix 981

(δ, γ, b, β) and refine (δo, bo) per class o via dis- 982

crete searches over compact symmetric sets, sub- 983

ject to a hard clip on |∆|. Iterate over classes until 984

no further improvement. 985

Practical details. (i) Subsampling. Stage A uses 986

a random subset; Stages B–C use the full develop- 987

ment set. 988

(ii) Constraints. Enforce γ≥0 and hard-clip ∆ for 989

stability. 990

(iii) Early stopping. Each stage halts when a com- 991

plete pass yields no improvement. 992

(iv) Ablations. Choice of residual signal and op- 993

tional gating are fixed consistently between training 994

and inference. 995

(v) Freezing for inference. The learned θ⋆ and re- 996

quired summary statistics/flags are serialized and 997

applied post-hoc at test time. 998
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B Prompt999

At test time we cast occupation prediction as a con-1000

strained multiple–choice task with three options1001

(target class and two distractors). For each biogra-1002

phy x with subject gender g, we provide the LLM1003

with (i) a short instruction that it is a classifier,1004

(ii) the three candidate occupations, (iii) the verba-1005

tim biography, and (iv) the retrieved context slate1006

SK (each passage truncated and annotated with its1007

metadata gender). The model is required to output1008

only the chosen occupation string.1009

Template (filled per instance).1010

You are a classifier.1011

1012

Which of the following three professions1013

best matches the person described in the1014

biography below? Choose exactly one:1015

- {OP1}1016

- {TARGET}1017

- {OP2}1018

1019

Output only the profession name.1020

1021

Biography:1022

"""1023

{BIO}1024

"""1025

1026

Context documents:1027

{text: {CTX_PASSAGE_1}1028

1029

{text: {CTX_PASSAGE_2}1030

1031

... (up to K passages)1032

1033

Answer:1034

Notes. (i) The two distractors {OP1, OP2} are sam-1035

pled from other occupations to form a 3-way choice1036

centered on the target. (ii) Context passages are1037

drawn from the reranked slate SK , each truncated1038

to a fixed budget and shown with its metadata gen-1039

der to make exposure explicit. (iii) The “output-1040

only” constraint prevents explanations and enforces1041

a single-label decision, which simplifies logit ex-1042

traction and evaluation.“‘1043

C Detailed Evaluation Metrics 1044

C.1 Retriever utility 1045

Hit@K : fraction of queries with at least one 1046

relevant in top K. 1047

Hit@K =
1

N

N∑
i=1

1

[
max

1≤j≤K
ri,j = 1

]
, 1048

where ri,j ∈ {0, 1} indicates relevance of the j-th 1049

retrieved item for query i. 1050

MRR : mean inverse rank of the first relevant 1051

item. 1052

MRR =
1

N

N∑
i=1

1

min{j : ri,j = 1}
(0 if none). 1053

NDCG@K : DCG@K normalized by the ideal 1054

DCG@K. 1055

DCGi@K =

K∑
j=1

ri,j
log2(j + 1)

, 1056

NDCG@K =
1

N

N∑
i=1

DCGi@K

IDCGi@K
. 1057

C.2 Retriever fairness 1058

Signed NDKL (prefix) : Defined in §3.2 1059

Min/Max skew (log-odds over prefixes) : 1060

Skew
min /max
i = min / max

1≤t≤K
log

p̂t(a0) + ϵ

p̂t(a1) + ϵ
, 1061

for a binary A = {a0, a1} and a small ϵ > 0. 1062

C.3 Generator utility 1063

Accuracy : Acc = 1
N

∑N
i=1 1[ôi = oi]. 1064

Precision/Recall (per class c) : Precc = 1065
TPc

TPc+FPc
, Recc =

TPc
TPc+FNc

. 1066

F1 (per class, then macro) : F1c = 1067
2Precc Recc
Precc+Recc

, F1macro = 1
|O|

∑
c∈O F1c. 1068

C.4 Generator fairness 1069

Risk Difference (DP) per class c : 1070

RDc =
∣∣P (ô = c | g = a0)−P (ô = c | g = a1)

∣∣, 1071

1072

RDmean =
1

|O|
∑
c∈O

RDc. 1073
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TPR gap (Equal Opportunity) per class c :1074

TPRGapc =
∣∣P (ô = c | o = c, g = a0)−1075

1076
P (ô = c | o = c, g = a1)

∣∣,1077
1078

TPRGapmean =
1

|O|
∑
c∈O

TPRGapc.1079

D Baselines1080

For the retriever side, we evaluate both dense1081

and sparse retrievers and for generator side, we1082

use different pre-trained models for evaluations,1083

including Flan-T5 (3B version) (Chung et al.,1084

2022), Llama2 (7B version) (Touvron et al., 2023),1085

Gemma-2B (Team, 2024), DeepSeek (6.7B ver-1086

sion) (DeepSeek-AI et al., 2025), and Falcon (7B1087

version) (Almazrouei et al., 2023). compare four1088

fairness-aware baselines:1089

• DetConstSort (Deterministic Constrained1090

Sorting). (Geyik et al., 2019) An interval-1091

constrained reranking algorithm that enforces1092

per-attribute minimum prefix counts while pre-1093

serving score order as much as feasible via lo-1094

cal swaps. It selects attributes whose minimum1095

requirement just increased, inserts the next can-1096

didate, and bubble-swaps left unless doing so1097

would violate score order or max-index feasibil-1098

ity. Deterministic; no retraining.1099

• FairFilter (Filter-based). (Zhang et al.,1100

2025b) A two-step LLM prompting filter ap-1101

plied to retrieved documents: (i) fairness1102

screening drops documents flagged as bi-1103

ased/stereotypical/harmful; (ii) utility screening1104

re-checks relevance among the remaining items1105

to preserve accuracy. Post-hoc and retriever-1106

agnostic, designed to balance fairness and utility.1107

• FairFT (Alignment-based Fine-Tuning).1108

(Zhang et al., 2025b) Aligns the retriever to1109

the LLM’s fairness preference by computing1110

retrieval likelihoods PR(d | q) over top-k1111

docs and an LLM-derived fairness distribution1112

QLM(d | q, a), then updating the retriever by1113

minimizing KL(PR∥QLM) (LLM frozen). This1114

steers future retrieval toward fairness-supportive1115

evidence. Due to the nature of this method it1116

cannot be applied in sparse retriever.1117

• In Context: (Oba et al., 2024) Prompt-only1118

bias suppression that prepends short, templated1119

“preambles” to the user query/contexts. Two1120

preamble families are used: (i) counterfactual1121

statements that invert occupational gender stereo- 1122

types (e.g., “Despite being a female, Alex be- 1123

came a software engineer”), and (ii) gender- 1124

neutral descriptions of stereotyped objects (e.g., 1125

occupations) built from real-world statistics. No 1126

model weights or decoding are modified; the 1127

method is plug-and-play for closed LLMs and 1128

can be applied directly in RAG by inserting the 1129

preamble before generation. Empirically shown 1130

to suppress gender bias with limited utility degra- 1131

dation on standard probes. 1132

E FGR Proof 1133

Algorithm 1 Fair Greedy (FGR)
Require: initial retrieved slate ST = [d1, . . . , dT ], target

mix q, final slate length K.
1: picked← [ ], remaining ← ST

2: for k = 1 to K do
3: compute Uk[am] = qm · k − count[am] for all am

4: context ← first doc in remaining whose group is
in maxam∈A Uk[am]

5: if context not found then
6: context← first doc in remaining
7: end if
8: append context to picked; remove context from

remaining
9: end for

10: return SK = picked

Properties of FGR The Fair Greedy (FGR) algo- 1134

rithm ensures that at every step k, (i) a valid group 1135

with a positive prefix deficit exists, (ii) the fairness 1136

error is bounded by prioritizing the reduction of the 1137

maximum deficit, and (iii) relevance is maximized 1138

subject to the fairness constraint. 1139

proof Let Nk−1(a) denote the count of group a 1140

in the partial slate Sk−1. The deficit is defined as 1141

Uk(a) = qa · k −Nk−1(a). 1142

1. Existence of Underrepresented Group. Sum- 1143

ming the deficits over all groups A: 1144∑
a∈A

Uk(a) =
∑
a∈A

(qak −Nk−1(a)) = 1145

1146

k
∑
a

qa −
∑
a

Nk−1(a) = k(1)− (k − 1) = 1. 1147

Since
∑

Uk(a) = 1, by the pigeonhole principle, 1148

∃a ∈ A such that Uk(a) > 0. Thus, as long as can- 1149

didates remain, the set of underrepresented groups 1150

is non-empty. 1151
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2. Bounded Fairness Deviation. Let a∗ =1152

argmaxa Uk(a) be the group selected at step k.1153

The deficit for step k + 1 becomes:1154

Uk+1(a
∗) = qa∗(k + 1)− (Nk−1(a

∗) + 1)1155

= (qa∗k −Nk−1(a
∗)) + qa∗ − 11156

= Uk(a
∗)− (1− qa∗).1157

Since qa∗ < 1, the deficit for the selected group1158

strictly decreases (Uk+1(a
∗) < Uk(a

∗)). This neg-1159

ative feedback loop ensures the maximum devia-1160

tion does not grow monotonically.1161

3. Relevance Maximization. The algorithm1162

selects document d∗ ∈ remaining such that1163

g(d∗) = a∗. Since the set remaining is initialized1164

as ST (ordered by relevance) and traversed linearly,1165

d∗ is necessarily the highest-relevance document1166

available satisfying the group constraint a∗.1167
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