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Abstract

Large Language Models (LLMs) used in
Retrieval-Augmented Generation (RAG) can
amplify demographic bias: retrievers may sur-
face skewed context and generators can prop-
agate that skew into decisions. Prior work
typically treats fairness in retrieval or gen-
eration in isolation, leaving end-to-end fair-
ness in RAG underexplored. We propose a
post-hoc pipeline that jointly controls both
stages: (1) a Fair Greedy Reranker (FGR) that
builds prefix-balanced slates toward a target
group mix; (ii) a Residual Slate Bias Estima-
tor (RSBE) using signed, prefix-sensitive nor-
malized discounted cumulative KL divergence
(NDKL) to quantify remaining skew; and (iii)
Confidence-Gated Logit Calibration (CGLC)
that converts the residual signal into small and
margin-focused logit corrections without re-
training. On an occupation classification task,
our approach reduces retriever-side skew (low-
est NDKL among baselines for both dense
and sparse retrievers) and achieves the lowest
generator-side disparity (e.g., Risk Difference)
while largely preserving utility. The same cali-
bration can be tuned to alternative fairness cri-
teria (e.g., Equal Opportunity) with minimal
utility loss.

1 Introduction

Large Language Models (LLMs) can handle a
broad set of inference tasks: generation, classifi-
cation, even structured prediction (Minaee et al.,
2025). However, in their pre-trained form they of-
ten hallucinate, i.e., produce fluent yet incorrect
or unsupported content, particularly on domain-
specific or long-tail queries (I et al., 2024). This un-
dermines reliability. Retrieval-Augmented Gener-
ation (RAG) (Lewis et al., 2020) alleviates this by
retrieving relevant evidence (also known as slates)
from an external knowledge corpus and condition-
ing the LLM on it, grounding the response in actual
documents rather than only in parametric memory.

LLMs are already known to suffer from demo-
graphic bias (Haque et al., 2025b). Here, the term
demographic bias means systematic differences in
model behavior across protected and unprotected
groups (e.g., female vs. male) that appear in down-
stream decisions like selection or classification
(Garrido-Muiioz et al., 2021). Adding retrieval
on top of such a model does not, by itself, make
the system any more fair; it can actually intro-
duce a second source of bias from the external
knowledge base (Wu et al., 2025). Both main com-
ponents of a RAG pipeline: the retriever and the
generator can introduce or amplify this bias. The
retriever may surface documents that overrepre-
sent one group and underrepresent another because
the corpus is historically imbalanced or similarity
scores are skewed (Geyik et al., 2019), and the gen-
erator then conditions on this skewed slate and can
further propagate it in the final response (Hu et al.,
2025), even when the retrieval skew was modest. In
effect, RAG can become a bias amplifier, carrying
disparities along the chain database — retrieval —
context — generation.

In this work, we argue that fairness in RAG must
be enforced across the whole inference chain, not
at a single point. We define fairness as statistical
parity (demographic parity or equality of oppor-
tunity): for each prediction, the proportion of se-
lected (positive) outcomes should be comparable
across protected and unprotected groups, and we
summarize disparity using risk difference and true
positive rate gap (lower is better). Balancing the
retrieved context helps, but it does not guarantee
fair outcomes once the LLM makes the final de-
cision, especially when its decision boundary is
group-sensitive. Prior work on fair RAG typically
intervenes either after generation (auditing or fil-
tering the output) (Wu et al., 2025), or only on the
retrieved list (debiasing the slate) (Kim and Diaz,
2025). Although (Zhang et al., 2025b) aims to
jointly control both stages by fine-tuning the re-
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triever on the LLM’s fairness score distribution, it
does not account for retriever-side fairness. Thus,
our contribution is a unified, three-part pipeline
that (i) reshapes the retrieved slate toward a fair
demographic mix, (ii) quantifies whatever bias still
remains at the slate level, and (iii) uses that resid-
ual signal to impose a small logit correction on
the LLM’s output. In experiments, this pipeline
achieves state-of-the-art level bias reduction in both
dense and sparse retrieval settings, and consistently
yields the lowest disparity across multiple LLMs,
while keeping the added computation lightweight
(linear in slate size) and practical as a post-hoc
method, with no retraining of the retriever or the
generator.

2 Background
2.1 RAG System

In a typical RAG workflow, given a user prompt
(query) x, the retriever component searches an ex-
ternal knowledge base D to identify the most rel-
evant documents or passages (Lewis et al., 2020).
The query z is first encoded into a suitable rep-
resentation, which is compared against document
representations d; € D using a relevance scoring
function sim(x, d;). The top-K most relevant re-
sults are then selected. The retrieved documents
or slates S = {d1,ds, ..., dx}, ensures factual
grounding for inference which is then concatenated
with the original query = and passed to the gen-
erator f, which performs knowledge inference to
produce a grounded response § = f(z, Sk).

2.2 Bias in RAG Components

Despite the effectiveness, both stages of a RAG
pipeline can show demographic bias across dif-
ferent demographic groups (Bender et al., 2021;
Otterbacher, 2018). Pre-trained LLMs may encode
disparities from training data (Kiritchenko and Mo-
hammad, 2018), and external corpora can reflect
historical imbalances (Zhang et al., 2025a). If the
retriever surfaces context whose group distribution
is skewed relative to a desired baseline (Geyik et al.,
2019) and the generator conditions on that context,
the output can amplify those disparities such that
one demographic group a; is systematically favored
over another a; (Zhang et al., 2025b) where a € A.

To measure the bias, each stage is evaluated
with complementary metrics. On the retriever side,
Skew@ K (Geyik et al., 2019) assesses over or
under-representation of groups among the top-K

results relative to a desired representation, KL rank-
ing bias quantifies how the top- K distribution de-
parts from the desired distribution(Yang and Stoy-
anovich, 2017), and rank bias captures whether
higher-visibility ranks disproportionately feature
certain groups (Rekabsaz and Schedl, 2020). On
the generator side, demographic parity (Dwork
etal., 2011) checks whether outcome rates are inde-
pendent of groups (summarized by the risk differ-
ence between groups), while equality of opportu-
nity (Hardt et al., 2016) tests whether true positives
are equally likely across groups (summarized by
the TPR gap) (Zhang et al., 2018).

2.3 Research Gap

While many studies address bias correction in infor-
mation retrieval (Seyedsalehi et al., 2025; Zerveas
et al., 2022) and bias mitigation in LLM outputs
(Dong et al., 2024; Dige et al., 2023; Haque et al.,
2025a), they typically treat these problems in iso-
lation. In RAG, however, retrieval and generation
form a single inference pipeline, so bias can com-
pound across stages (Zhang et al., 2025a). Even
if generator f were unbiased in ideal conditions,
bias introduced via Sk through selection effects,
document imbalance, or representation frequency
can propagate into §J; conversely, even with neutral
retrieval, a biased f can still yield discriminatory
outputs. Although some studies have examined
bias mitigation within RAG (Ji et al., 2025; Zhang
et al., 2025b; Kim et al., 2025), they largely focus
on generator-side fairness and do not account for
retriever-side bias. Thus, fairness in RAG must be
analyzed as a joint property of both retrieval and
generation stages, yet a unified end-to-end pipeline
that corrects disparities in both stages remains ab-
sent from the literature.

3 Methodology

Our objective is to design an end-to-end fair RAG
system that enforces fairness on both retrieval and
generation. To the best of our knowledge, prior
work typically addresses these two sources of bias
in isolation. We (empirically) show that correcting
only the retrieved slate is not enough: a balanced
retrieved slate can still yield biased outputs. To
address this, we propose a three-stage pipeline as
shown in Figure 1, comprising (i) an efficient de-
terministic fair reranker for the retrieved slates,
(ii) a residual bias estimator that quantifies any re-
maining imbalance in the displayed slate, and (iii)
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a confidence-gated calibration layer on the gener-
ator that uses this signal to debias the final decision.
Together, these components enable fairness-aware
RAG throughout the entire inference pipeline with-
out any fine-tuning.

3.1 Fair Greedy Reranker (FGR)

In neural retrievers, much of the effectiveness is
inherited from the pre-trained backbone (Yao et al.,
2025), so injecting fairness via additional training
is costly and hard to control. A practical posthoc
alternative is to retrieve a larger context pool of
size T' > K first (instead of the final top-K), and
then apply a fairness-aware reranker on this pool
to select the final top- K results. Thus we propose
a Fair Greedy Reranker (FGR) as follow:
Given a larger retrieved slate ordered by rele-

vance from high to low, Sy = {d1,...,dr} and a
target distribution q = {q1, ..., qa} over groups
of a protected attribute A = {ay,...,ap} with

qm > 0 for group a,, and ), 4 ¢m = 1, FGR
constructs a fair slate S of length K < T that (i)
approximately preserves the original retrieval order
and (ii) keeps each retrieved list up to K (called
each prefix) close to q.

We construct the fair slate incrementally. At
each step k € {1,..., K}, we pick the next high-
relevance document while tracking, for each group
am € A, how far the current prefix deviates from
the target distribution. Let g3 denote the group
of document d;,. We define the group-wise prefix
deficit at position k as:

Uk[am] = Qm'k_#{j <k-1: gj ‘= am}v (1)

where gy, - k is the desired count of group a,, in the
top-K of the slate and the second term is the actual
count. At each step, we prioritize the groups with
the largest deficit Ug[a,] (i.e., underrepresented
groups) and, within that subset, choose the highest-
ranked remaining item to preserve relevance. If no
group is underrepresented (max,,, e 4 Ug[am] <
0), we select the next highest-ranked remaining
item. Intuitively, Uy [a,,] > 0 means a,, is under-
represented, Uy [a,,] = 0 on target, and Uy [an,] <
0 overrepresented. We formally present this in Al-
gorithm 1. Proof is available in Appendix E.

3.2 Residual Slate Bias Estimator (RSBE)

Even after fair reranking (Algorithm. 1), some im-
balance can remain in the fair slate due to retrieval
noise like duplicate entries, missing metadata, or

asymmetric content. Residual Slate Bias Estima-
tor (RSBE) converts the slate’s observed group
distribution into a single, prefix-sensitive scalar
that summarizes how far (and in which direction)
the slate deviates from a target distribution q.

Prefix shares. For each top- K prefix of the slate,
let py(a,,) be the fraction of those k items that
belong to group a,, (i.e., pi(as,) is the share of
group a,, among the first k positions).

Prefix deviation via NDKL. We adopt the nor-
malized discounted cumulative KL divergence
(NDKL) of Geyik et al. (2019) to measure prefix
sensitive deviation. Given a target distribution q
over A (with ¢,, > 0 and EamEA gm = 1)and a
small smoothing € > 0, the KL divergence at prefix
kis
KL(pe ]| @) = 3 (pi(am) + ) log 212 €
acA m + €
2
Higher ranks matter more, therefore Discounted
Cumulative Gain (DCG) weights are used:wy, =
L and B = Zszl wg. The magnitude-

logq (k+1) -
only score over the top-K is

K
1
NDKL(K) = 57— > wpKL(pi[l@) >0, 3)
k=1

which grows when early prefixes deviate strongly
from q.

Assigning direction (per-group signed NDKL).
NDKL is unsigned. In order to retain directionality
for each group, we define a signed score per group

Sklam) = (px(am)—gm) -NDKL(K), an, € A.

“)
Positive Sk [a.,] indicates over-exposure of group
am, in the top-K slate relative to the target distribu-
tion g,,, while negative indicates under-exposure;
the magnitude is modulated by the prefix-sensitive
deviation NDKL(K).

3.3 Confidence-Gated Logit Calibration
(CGLO)

The RSBE signal from §3.2 summarizes how the
displayed slate deviates from the target distribution
across groups (via the per-group scores Sg [am]).
We now convert this slate-level signal into a small,
principled adjustment of the primary prediction.
Because different classes can exhibit different
group skew, we first normalize the residual per
class before using it.
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End-to-End Fair RAG
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Figure 1: End-to-end fair RAG pipeline: added fairness parts are highlighted

Standardization across classes. Let R =
(Sklaml), 4 be the per-group signed RSBE vec-

tor. For each class o € O, let po = (1o [am])ameA
and o, = (o, [am])am .4 denote training-set
means and standard deviations of the RSBE com-
ponent for group a,, computed over all slates with

class o. We standardize component-wise:

Sklam] — polam]

Zolam] = colan] te am € A. (5)
Equivalently, in vector form,

Z, = zscore(R; Lo, 0'0). (6)

Confidence-Gated logit shift. The generator pro-

duces a decision § = f(z, Sk) = arg max,co o
from a base logit £, € R. Rather than retraining
the model, we apply a small learned logit shift A
driven by (i) the standardized residual Z, based on
Sk, (ii) the subject «’s group g, and (iii) global and
class o-specific biases. The logit shift A consists of
a bias term (with a global bias § and a class-specific
bias J,) and a residual term.

A= (5 + 50) +/320[g(x)] )
bias term residual term
where 3 depends on the sign of z,[g(x)].
The calibrated decision is based on a confidence-
gated logit shift:

o =1Ly —n(ly)A,
0 . ®)
Ycal = argmaxto.
o€
To focus corrections on low-confidence deci-
sions, we define a confidence gate based on the rela-
tive separation of class logits. Let £ = ﬁ Y jcol

denote the mean logit for a given input. We gate
the logit shift via

n(le) = exp(—=vlo—12), ~+>0, (9

so that classes whose logits lie close to the over-
all score level (i.e., low separation and low con-
fidence) receive larger adjustments, while well-
separated, high-confidence predictions are mini-
mally affected.

Why margin-level updates help fairness.
Group selection gaps typically arise near decision
boundaries: when groups exhibit different score
densities in regions of low class separation, a fixed
argmax decision rule can induce unequal selection
rates. By gating updates using a confidence mea-
sure derived from the relative separation of class
logits, CGLC primarily affects low-confidence,
borderline cases where class scores are clustered
while leaving well-separated, high-confidence
predictions largely unchanged. It parallels classic
post-processing approaches for demographic parity
and equality of opportunity, which focus corrective
interventions on ambiguous decisions rather than
confident ones (Hardt et al., 2016).

Parameters and Optimization.
ize CGLC with parameters

0 = {57 Y, 67 {50}060}'

We parameter-

(10)

We use a small training set X to learn these pa-
rameters. We use a grid search strategy to learn
the optimal values heuristically, details shown in
Appendix A.6. For binary groups we target demo-
graphic parity by minimizing the mean risk differ-
ence (RD):
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)

RD(O) = ‘P(gcalzl | g:O) - P(:’Qcalzl ‘ g:l)
= 5 S RD)

ocO
0 = argngn RDmean(#).

RDmean

(1D
This objective targets demographic parity directly.

In settings where a different fairness notion is de-
sired (e.g., equality of opportunity), the same cali-
bration form can be trained with the corresponding
gap (TPR gap) substituted for RD(0), leaving the
rest of the pipeline unchanged.

4 Experiment Setup

A typical RAG pipeline comprises three elements:
a generator (LLM), a retrieval corpus, and a re-
triever. To study fairness comprehensively in this
setting, we (i) specify a concrete task, (ii) select an
external corpus as the retriever’s source, and (iii)
construct an evaluation set for model evaluations.

4.1 Task Definition

We choose the task as occupation classification.
Each inference example prompt (query) x (a short
biography) in the evaluation set is annotated with a
protected attribute a,, € A (gender) and a ground
truth occupation o € O. The generator’s task is to
predict the occupation for x. To assist the generator,
a retriever searches against an external corpus and
returns a context slate S = {d1,...,dx}, which
is provided to the generator alongside x. The end-
to-end system thus maps (z, Si) to g = f(z, Sk).
Our objective is to assess the proposed fair RAG
pipeline across both stages of retrieval and genera-
tion, measuring utility (classification and retrieval
quality) and fairness (group disparities) jointly.

4.2 Data

Inference-time test set. We evaluate on Bias in
Bios (De-Arteaga et al., 2019), a dataset of short
professional biographies; each biography z, anno-
tated with a protected attribute g (gender) and a
label of occupation. We first filter professions to
those with sufficient male/female coverage and re-
tain || = 22 occupations (others are dropped due
to missing splits). For every occupation o € O,
we treat it as binary classification task like one vs.
rest. We build a balanced set of 400 biographies:
100 positive male and 100 positive female (ground
truth occupation label = o), plus 100 negative male

and 100 negative female (ground truth occupation
label # o). Thus each occupation has 200 positives
and 200 negatives, evenly split by gender.

External corpus & retriever setup. Our re-
triever indexes Humans of Wikipedia', a large col-
lection of Wikipedia-derived biographical pages.
We use it strictly as the external retrieval corpus
D. Concretely, we sample 126,609 person pages
spanning 24 occupations (including the 22 infer-
ence occupations) and segment each page into short
passages (each passage having around 150 tokens).
Each passage, along with its metadata (person’s
name, occupation, gender) is a retrieval unit. We
report the gender distribution per occupation) for
D in Fig. 2.

At inference, the query is the Bias in Bios biogra-
phy z; the retriever searches D and returns a top-K
slate of passages as context for the generator.

4.3 Fair RAG Pipeline
For each biography z:

1. Retrieve: encode = and retrieve top-1' passages
St C D from the external corpus. We report
results for both dense and sparse retrievers.

2. Rerank (fairness-aware): apply the Fair
Greedy Reranker (FGR) to produce the finalL
top-K fair slate S of length K < T

3. Generate/Classify: pass (z, Sk) to the LLM
classifier to obtain per-class logits and the pre-
dicted occupation g.

4. Calibrate (post-hoc): use the RSBE and CGLC
to debias near the decision margin.

4.4 Evaluation Metrics

* Retriever-side utility: hit rate, MRR, and
NDCG on occupation-relevant retrieval.

* Retriever-side fairness: prefix-sensitive skew
(e.g., signed NDKL) and group exposure statis-
tics on the slate Sk (Geyik et al., 2019).

* Generator-side utility: accuracy, precision, re-
call, and F1 for occupation classification.

* Generator-side fairness: demographic parity
via risk difference across groups, reported per
class and macro-averaged.

"Humans of Wikipedia: Explore the lives and legacies of
over 1.4M individuals documented in English Wikipedia’s
biographical articles with detailed metadata.
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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 RateT MRR1T NDCGT|Min Skew Max Skew NDKL|

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

FAISS +BGE (Dense) g ey 0473 0283 0320 | -0.613 0489 0447
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
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

BM25 (Sparse) FairFilter 0.666  0.290 0.353 -2.482 0.497 0.397
In Context 0452 0.222 0.289 -2.408 0.417 0.354
FGR (Ours) 0.479 0.238 0.288 -1.510 0.268 0.227

4.5 Baselines

We evaluate retrieval using both sparse (BM25
(Robertson and Zaragoza, 2009)) and dense (FAISS
+ BGE (Douze et al., 2024)) retrievers. On the gen-
eration side, we pair dense retrievers with multiple
open-source LL.Ms including Flan-T5 (3B version)
(Chung et al., 2022), Llama?2 (7B version) (Touvron
et al., 2023), Gemma-2B (Team, 2024), DeepSeek
(6.7B version) (DeepSeek-Al et al., 2025), and Fal-
con (7B version) (Almazrouei et al., 2023). Con-
figurations that apply no fairness constraints re-
gardless of the retriever or LLM are grouped un-
der the label VANILLA. Building on these vanilla
pipelines, we additionally consider reranking and
fairness interventions as baselines: DET-CONST-
SORT and FAIRRILTER are applied as rerankers,
while FAIRFT and IN CONTEXT are fairness mech-
anisms applied at the LLM stage.

**Due to space constraints, full details of the data,
prompt, evaluation metrics and baselines are pro-
vided in Appendix A, B, C and D respectively.

4.6 Research Questions

On the task defined in §4.1, we aim to answer the
following questions with our experiments:

1. RQ1: How do different retrievers perform on
utility and retriever-side fairness, with and with-
out fair reranking?

2. RQ2: Does post-hoc calibration reduce
generator-side disparity while preserving task
performance?

3. RQ3: Which reranker, when paired with cali-
bration, yields the best fairness—utility trade-off
end-to-end?

4. RQ4: Can calibration be tuned to meet alter-
native fairness criteria (e.g., equal opportunity)
without notable utility loss?

5 Result Analysis

5.1 Retriever Performance (RQ1)

For both of sparse and dense retrievers, enforcing
fairness at the re-ranking time sharply reduces ex-
posure skew with only modest utility trade-offs.
From Table 1 we can see:

For FAISS + BGE, the dense retriever, the vanila
model (VANILLA) shows large skew (min —3.44,
NDKL 0.488). FGR and DET-CONST-SORT both
curb the skew substantially; FGR achieves the best
prefix fairness (NDKL 0.146; max-skew 0.161), at
a small MRR drop (from 0.281 to 0.263). Utility-
first baselines (FAIRFILTER/FAIRFT) slightly raise
NDCG (0.314-0.320) but leave sizable skew
(NDKL 0.447-0.468). IN-CONTEXT does not af-
fect retrieval metrics, as expected.

For BM25, the sparse retriever, a similar pattern
holds: baseline skew is high (min —3.78, NDKL
0.488). FGR and DET-CONST-SORT deliver the
lowest NDKL (0.227), with FGR slightly better
on min-skew (—1.510 vs. —1.515). Utility drops
modestly (MRR ~ 0.238, NDCG ~ 0.288). FAIR-
FILTER boosts utility (hit 0.666, NDCG 0.353) but
retains substantial skew (NDKL 0.397).

We have the following observations: (i) FGR
consistently attains the strongest prefix fairness
(lowest NDKL) for both types of retrievers with
small utility cost; (ii) heuristic sorting reduces expo-
sure but lags FGR on NDKL or hurts MRR more;
(ii1) utility-oriented tweaks alone do not control
exposure; (iv) prompting (IN-CONTEXT) cannot
fix retriever-side bias, fairness must be enforced in
the re-ranker.

5.2 Generator Performance (RQ2)

Overall, our post-hoc CGLC substantially reduces
demographic disparity (RD) across LLMs with lim-
ited impact on utility and in several cases improves

27261



Table 2: Utility and fairness metrics comparison across
multiple baselines for generator side.

Table 3: Rerankers paired with CGLC to observe the
efficacy of FGR.

Utility Fairness |1\ Model Utility Fairness
LLM Model Acc Prec Rec F1 RD ode CC_Irec kec RD
No Retriever 0.614 0.796 0.383 0.428| 0.061 Det const sort 0.704 0.748 0.743 0.692| 0.061
Vanilla 0.736 0.778 0.716 0.730| 0.088 + CGLC
Gemma-2B Det const sort 0.714 0.777 0.726 0.694| 0.071 ~ Gemma-2B FairFilter+ ) ) 515 2¢q ) 655l 0.062
FairFilter ~ 0.683 0.742 0.731 0.650| 0.073 CGLC
FairFT 0.737 0.763 0.810 0.750| 0.075 FGR+ 0 130764 0.742 0.700] 0.047
In Context  0.722 0.763 0.777 0.717| 0.077 CGLC
Our 0.713 0.764 0.742 0.700| 0.047 Det const sort 0.654 0.760 0.509 0.571| 0.059
No Retriever 0620 0.7820345 0426/ 0213 )y - %CLLC
Vanilla 0.694 0.743 0.323 0.426| 0.065 airkalter + 0.684 0.716 0.732 0.658| 0.090
U%‘az Det const sort 0.657 0.657 0.511 0.573| 0.051 B CGLC
FairFilter ~ 0.697 0.749 0.704 0.654| 0.105 FGR+ ) <0 0.758 0.526 0.585| 0.037
FairFT 0.594 0.743 0.323 0.426| 0.065 CGLC
In Context 0.648 0.752 0.492 0.566| 0.080 Det const sort 0.643 0.763 0.471 0.538| 0.097
Our 0.659 0758 0.526 0.585| 0037 poocoop —* CGLC
No Retriever 0.547 0.894 0.162 0.194] 0.026 67B FairFilter + ) o5 0 700 0.654 0.635] 0.095
Deepseek Vanilla 0.642 0.811 0.432 0.509| 0.049 Egllic
6.7B De.t Cpnst sort 0.642 0.811 0.432 0.509| 0.049 CGLé 0.645 0.808 0.443 0.519| 0.048
FairFilter 0.710 0.826 0.613 0.617| 0.066
FairFT 0.606 0.823 0.325 0.415| 0.035 Det const sort 0.719 0.760 0.675 0.666| 0.053
In Context  0.646 0.808 0.443 0.525| 0.059 +CGLC
Our 0.645 0.808 0.443 0.519| 0.048  Falcon-7B  FairFilier + " oor o mes o cocl ) 0a
No Retriever 0.619 0.693 0.470 0.503| 0.085 CGLC
Vanilla 0.740 0.787 0.649 0.651| 0.063 FGR + 0.717 0.761 0.664 0.660| 0.041
Falcon-7B  Det const sort 0.740 0.787 0.649 0.651| 0.063 CGLC
FairFilter 0.722 0.782 0.724 0.684| 0.094 Det const sort 0.727 0.727 0.780 0.733] 0.064
FairFT 0.732 0.787 0.678 0.680| 0.047 +CGLC
In Context ~ 0.732 0.787 0.678 0.680| 0.047 ~ Flan-T5  FairFilter+ o 0 030 0632 07611 0.053
Our 0.717 0.761 0.664 0.660| 0.041 CGLC
No Retriever 0.782 0.710 0.823 0.755| 0.130 FGR + 0.721 0712 0.811 0.739| 0.044
Vanilla 0.742 0.684 0.768 0.715| 0.108 CGLC
Flan-T5 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

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

Gemma-2B. RD halves (0.088 — 0.047),
matching IN-CONTEXT. This comes with a small
utility cost (F1 0.730—0.700, acc 0.736 —0.713),
illustrating the fairness—utility trade-off when the
base is already strong.

Llama2-7B. Our method achieves the low-
est RD 0.037 while sacrificing small accuracy
(0.694 —0.659) and raising F1 (0.426 — 0.585).
Utility-oriented baselines (FAIRFILTER) can lift F1
(0.654) but increase RD (0.105).

DeepSeek 6.7B. No retriever exhibits very low
(0.026) RD, but this result is not meaningful be-
cause the accuracy is 0.547, indicating performance
close to random guessing. Baseline RD is moderate
(0.049); our RD is similar (0.048) while keeping
utility near baseline. FAIRFT attains the lowest
RD (0.035) but substantially degrades utility (acc
0.606, F1 0.415), underscoring the appeal of post-
hoc methods when retraining harms performance.

Falcon-7B. RD improves from 0.063 to 0.041
with small utility changes (F1 0.651 — 0.660).

Flan-TS. No retriever achieves high accuracy
(0.782) because the prompt is minimally verbose,
which is easier for a 250M parameter model to
handle; however, this setting exhibits high RD.
RD drops from 0.130 (NO RETRIEVER) to 0.044
(ours), the best among baselines. F1 rises from
0.715 to 0.739 driven by higher recall (0.768 —
0.811), with a modest accuracy dip (0.743 —
0.721). Prompt-only control (IN-CONTEXT) low-
ers RD to 0.075 but hurts F1 (0.702).

Takeaways. (i) Post-hoc CGLC reliably reduces
RD across models, often achieving the best fairness
without retraining; (ii) it frequently improves F1
via recall gains (e.g., Flan-T5, Llama2-7B); (iii)
when baseline bias is already modest (DeepSeek),
fairness gains are smaller, but utility remains sta-
ble; (iv) prompt- or retrieval-only tweaks do not
consistently reduce generator-side disparity.
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Table 4: CGLC performance for equality of opportunity
calibration on Gemma-2B.

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

Utilit Fairness Utilit Fairness

Model cc Prec yec TPR-Gap Model cc Prec yec

Vanilla 0.736 0.778 0.716 0.730| 0.100 FGR Only 0.715 0.767 0.711 0.708] 0.081
Det const sort 0.714 0.777 0.726 0.694| 0.094 Skew 0.714 0.767 0.740 0.701| 0.078
FairFilter 0.683 0.742 0.731 0.650| 0.078 No n 0.705 0.746 0.751 0.698| 0.070
FairFT 0.737 0.763 0.810 0.750| 0.081 No 0o 0.709 0.740 0.768 0.709| 0.071
In Context  0.722 0.763 0.777 0.717| 0.083 No b, 0.707 0.744 0.756 0.702| 0.069
Our 0.715 0.761 0.768 0.714| 0.052 NDKL + 1 + 6, + b, 0.713 0.764 0.742 0.700| 0.047

5.3 Performance on Rerankers Paired with
CGLC (RQ3)

Across all LLMs in Table 3, FGR + CGLC con-
sistently achieves the lowest risk difference (RD),
while maintaining competitive utility: Flan-T5: RD
drops to 0.044 (best), with strong F1 (0.739) and re-
call gains over VANILLA/DET CONST SORT; FAIR-
FILTER + CGLC attains the highest F1 (0.761)
via aggressive recall (0.835) but with higher RD
(0.053). Llama2-7B: 0.037 RD (best) for FGR,
with F1 0.585; FAIRFILTER + CGLC maximizes
F1 (0.658) but worsens RD (0.090), indicating a
utility—fairness trade-off. Gemma-2B: FGR yields
0.047 RD (best) with balanced utility (F1 0.700),
outperforming DET CONST SORT/FAIRFILTER on
fairness. DeepSeek 6.7B: FGR halves RD vs. other
rerankers (0.048 vs. 0.095-0.097) at near-baseline
utility. Falcon-7B: FGR attains 0.041 RD (best)
with F1 0.660; FAIRFILTER pushes F1 (0.686) at a
large RD cost (0.081).

Takeaways. (i) Pairing a prefix-fair reranker
with post-hoc calibration is crucial: FGR + CGLC
dominates RD across models, showing the most
reliable end-to-end fairness; (ii) when maximum
F1 is the sole goal, FAIRFILTER + CGLC can help
via recall, but at the expense of fairness; (iii) DET
CONST SORT + CGLC offers moderate fairness
gains with smaller utility shifts, but rarely matches
FGR on RD. Overall, FGR provides the best fair-
ness—utility balance for end-to-end RAG.

5.4 Calibration for Different Fairness Criteria
(RQ4)

When calibrated for equality of opportunity (min-
imizing TPR-Gap), CGLC achieves the strongest
fairness on Gemma-2B, reducing TPR-Gap from
0.100 (Vanilla) to 0.052 (a 48% reduction), and
outperforming FairFilter (0.078), FairFT (0.081),
In-Context (0.083), and Det-Const-Sort (0.094);
see Table 4. Utility remains competitive: our F1 is
0.714 (close to In-Context 0.717), with precision
0.761 and recall 0.768. While FairFT attains the

highest utility (F1 0.750, Acc 0.737), it exhibits a
larger TPR-Gap (0.081). Overall, CGLC offers the
best fairness—utility balance among the baselines
to achieve equality of opportunity.

5.5 CGLC Ablation

Table 5 isolates the contribution of each CGLC
component.

FGR only. Fair reranking without CGLC leaves
sizable disparity (RD = 0.081) with F1 = 0.708.

Skew-only signal. Driving calibration with a
coarse skew proxy (instead of signed, prefix-
sensitive NDKL) modestly helps over FGR only
but still yields high disparity (RD = 0.078) and
lower F1 (0.701).

No gating 7. Removing the w raises disparity rel-
ative to the full model (RD = 0.070 vs. 0.047) with
minor utility changes (F1 = 0.698), underscoring
the value of margin-focused updates.

No §,. Dropping class-specific bias terms weak-
ens parity (RD = 0.071) even though F1 is the
highest among ablations (0.709), indicating uncor-
rected class-level skews.

No b,. Removing class-specific intercept harms
parity (RD = 0.069) and reduces F1 to 0.702.

Full (NDKL + 7 4+ 6, + b,). The complete cali-
brator achieves the lowest disparity (RD = 0.047)
with Acc = 0.713, Prec = 0.764, Rec = 0.742,
and F1 = 0.700. While utility is comparable to
ablations, the fairness gain is substantial.

Overall, all components contribute: signed NDKL
provides a stronger residual signal than a coarse
skew proxy; the confidence gate targets near-
threshold flips that most affect disparity; and
per-class terms (d,, b,) adapt corrections to class-
specific bias patterns, delivering the best fairness—
utility trade-off.
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6 Conclusion

We presented an end-to-end fairness framework
for RAG that jointly controls bias in retrieval and
generation. Our pipeline - Fair Greedy Reranker
(FGR), Residual Slate Bias Estimator (RSBE) with
signed NDKL, and Confidence-Gated Logit Cal-
ibration (CGLC) reduces demographic disparity
while preserving task utility. Across dense and
sparse retrievers and multiple LLMs, FGR yields
the lowest slate skew and CGLC achieves state-of-
the-art reductions in risk difference without retrain-
ing core models. The method is post-hoc, retrieval-
agnostic, and tunable to other criteria (e.g., equal
opportunity). Future work includes multi-attribute
fairness, robustness to noisy metadata.

7 Limitations

The pipeline introduces a calibration layer that
must be trained on a small dataset, incurring ad-
ditional computational overhead. As future work,
we plan to investigate alternative approaches that
mitigate bias effectively without requiring any ad-
ditional training.

8 Ethical Considerations

We aim to mitigate bias in RAG systems through
a fairness-aware pipeline. Although we rely on
widely used retrieval corpora that may contain
harmful or biased content, responsibility for such
material lies with the original sources. Our work
focuses on reducing biased associations within the
RAG process to produce less biased outputs, evalu-
ated using bias-related metrics, while maintaining
overall performance. We do not examine potential
extrinsic harms that may arise from deploying the
debiasing methods studied.
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A Implementation Details

A.1 Environment and Stack.

All components are implemented in Python. We
use Haystack for indexing/retrieval, FAISS for
dense ANN search, sentence-transformers for
embeddings, and HuggingFace transformers for
LLM inference. Computation seeds are fixed
(SEED=42); NumPy/PyTorch are used for numer-
ical routines. Experiments run on a single GPU
for LLM/encoder inference and CPU for reranking,
RSBE, and calibration.

A.2 Corpora and Preprocessing

External corpus (Humans of Wikipedia). We in-
gest a CSV (wiki_people_subset_24.csv)
with  columns {text, gender, title,
occupation_level_3}. Each page is split into
fixed-size passages of at most MAX_TOKENS=150
words. The passages retain metadata (gender,
title, occupation_level_3).

RAG train/test sets (Bias in Bios). Each ex-
ample provides a biography, a binary protected
attribute (gender) and an occupation label. The
train split is loaded from dev.csv. For test-time
reporting, we iterate over per-occupation CSV files
in bios_test/ (one file per target occupation).

CGLC optimization time train set construction
(Bias in Bios). From the LabHC/bias_in_bios
test split, we retain professions with >25 male and
>25 female bios. For each retained profession o,
we create a 100-example balanced mini-set: 25
male + 25 female positives (original profession
= o0, y=1) and 25 male + 25 female negatives
(drawn from professions # o, y=0), without row
reuse. We preserve source_profession for audit-
ing, concatenate all mini-sets, shuffle, verify exact
50/50 per profession and uniqueness, and save as
train.csv.
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Figure 2: Male vs. Female distribution per occupation in the external corpus

Inference time test set construction (Bias
in Bios). From the LabHC/bias_in_bios train
split, we first retain only occupations with at least
100 biographies per gender. For each eligible oc-
cupation o (22 in total), we build a per-occupation
CSV with exactly 400 rows: 100 male and 100
female relevant biographies (profession = 0), and
100 male and 100 female irrelevant biographies
(profession # o). This yields a perfectly balanced
file (200 relevant / 200 irrelevant; 200 male / 200
female). Aggregating across 22 occupations pro-
duces 22 x 400 = 8,800 test examples. Files are
saved under bios_test/ and named by occupation
(e.g., surgeon.csv); sampling uses a fixed seed for
reproducibility.

A.3 Dense Index: FAISS + BGE

‘We build a dense index with FAISSDocumentStore
configured as:

e faiss_index_factory_str: HNSW32;

* similarity: dot_product; embedding dim:
1024,

SQL backing: sqlite:///faiss_wiki.db;
index name: wiki_people.faiss;

* query search width: ef_search=1024.

Embeddings are computed with
BAAI/bge-large-en (FP16 on GPU) in batches
of 256. We persist wiki_people.faiss and a
JSON sidecar for later loading.

A.4 Sparse Index: BM25

We also build a sparse InMemoryDocumentStore
with use_bm25=True from the same pas-
sages/metadata and persist it via save_to_disk
(or a pickle fallback for legacy versions). A
BM25Retriever provides baseline sparse retrieval.

A.5 Retrieval and Fair Reranking

At inference, we encode queries with
BAAI/bge-large-en, normalize vectors, and
retrieve TOP_K=100 candidates from FAISS. We
then apply FGR to produce a display slate of
DISPLAY_K=15 items:

A.6 Optimizing the Confidence-Gated Logit
Calibrator (CGLC)

We learn the parameter set

0 = {67 v, b) /Ba (607 bO)OEO }’

where 9 is a global logit bias, -y controls the confi-
dence gate, b is a global group offset, to improve op-
timization performance, we also introduce a class
specific intercept term b, to A to bridge the opti-
mization gap, 8 weight the positive/negative stan-
dardized residual signals, and (J,, b,) are per-class
corrections.

Search strategy. Stage A: Coarse random
search (global). Sample candidate tuples
(0,7, b, 8) from bounded, task-appropriate ranges;
evaluate on a held-out development subset; keep
the best as the warm start ().
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Stage B: Short coordinate descent (global).
From 0(9), sweep each of §,~, b, 3 over small cen-
tered grids; accept any change that lowers the ob-
jective. A few passes typically stabilize all six
globals.

Stage C: Discrete per-class tuning. Fix
(6,7,b,8) and refine (,,b,) per class o via dis-
crete searches over compact symmetric sets, sub-
ject to a hard clip on |A|. Iterate over classes until
no further improvement.

Practical details. (i) Subsampling. Stage A uses
a random subset; Stages B—C use the full develop-
ment set.

(ii) Constraints. Enforce ~ >0 and hard-clip A for
stability.

(iii) Early stopping. Each stage halts when a com-
plete pass yields no improvement.

(iv) Ablations. Choice of residual signal and op-
tional gating are fixed consistently between training
and inference.

(v) Freezing for inference. The learned 6* and re-
quired summary statistics/flags are serialized and
applied post-hoc at test time.

B Prompt

At test time we cast occupation prediction as a con-
strained multiple—choice task with three options
(target class and two distractors). For each biogra-
phy x with subject gender g, we provide the LLM
with (i) a short instruction that it is a classifier,
(ii) the three candidate occupations, (iii) the verba-
tim biography, and (iv) the retrieved context slate
Sk (each passage truncated and annotated with its
metadata gender). The model is required to output
only the chosen occupation string.

Template (filled per instance).

You are a classifier.

Which of the following three professions
best matches the person described in the
biography below? Choose exactly one:

- {OP1}

- {TARGET}

- {0P2}

Output only the profession name.
Biography:

nnn

{BIO}

nnn

Context documents:
{text: {CTX_PASSAGE_1}

{text: {CTX_PASSAGE_2}
... (up to K passages)
Answer:

Notes. (i) The two distractors {OP1,0P2} are sam-
pled from other occupations to form a 3-way choice
centered on the target. (ii) Context passages are
drawn from the reranked slate Sk, each truncated
to a fixed budget and shown with its metadata gen-
der to make exposure explicit. (iii) The “output-
only” constraint prevents explanations and enforces
a single-label decision, which simplifies logit ex-
traction and evaluation.**

C Detailed Evaluation Metrics

C.1 Retriever utility

Hit@K : fraction of queries with at least one
relevant in top K.

N
) 1
HitOK = — 2 1 [1%%( Tig = 1] ,
1=

where r; ; € {0, 1} indicates relevance of the j-th
retrieved item for query 3.

MRR : mean inverse rank of the first relevant
item.
1 o ]
MRR = — 0if |
N ; mm{j DTG = 1} ( 1 nOl’le)

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

K

DOGQK = ) %

= logy(j +1)’

N
1 DCG;QK
ND K = — —_.
cee N — IDCG;@K

C.2 Retriever fairness

Signed NDKL (prefix) : Defined in §3.2
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Min/Max skew (log-odds over prefixes)
ﬁt(ao) + €

— mi 1
mm/f;%}%{ ogﬁt(a1)+€,

Skewznin / max
for a binary A = {ap, a1} and a small € > 0.

C.3 Generator utility

Accuracy : Acc = + SN 1065 = 04].

Precision/Recall (per class c) Prec, =
TP.+FP.’ ¢ = TP.+FN."
F1 (per class, then macro) F1. =

2 Prec. Rec.

_ 1
Precc+Rece ’ Flmacro = ] ZCEO F1..

C.4 Generator fairness
Risk Difference (DP) per class c

TPR gap (Equal Opportunity) per class c

TPRGap, = |P(6=c|o=c,g=ag)—

Plo=c|lo=c¢g=a1)

Y

TPRGapean = Z TPRGap,..

1
|O| ceO

D Baselines

For the retriever side, we evaluate both dense
and sparse retrievers and for generator side, we
use different pre-trained models for evaluations,
including Flan-T5 (3B version) (Chung et al.,
2022), Llama2 (7B version) (Touvron et al., 2023),
Gemma-2B (Team, 2024), DeepSeek (6.7B ver-
sion) (DeepSeek-Al et al., 2025), and Falcon (7B
version) (Almazrouei et al., 2023). compare four
fairness-aware baselines:

¢ DetConstSort (Deterministic Constrained
Sorting). (Geyik et al., 2019) An interval-
constrained reranking algorithm that enforces
per-attribute minimum prefix counts while pre-
serving score order as much as feasible via lo-
cal swaps. It selects attributes whose minimum
requirement just increased, inserts the next can-
didate, and bubble-swaps left unless doing so
would violate score order or max-index feasibil-
ity. Deterministic; no retraining.

¢ FairFilter (Filter-based). (Zhang et al.,
2025b) A two-step LLM prompting filter ap-
plied to retrieved documents: (i) fairness
screening drops documents flagged as bi-
ased/stereotypical/harmful; (ii) utility screening
re-checks relevance among the remaining items
to preserve accuracy. Post-hoc and retriever-
agnostic, designed to balance fairness and utility.

FairFT (Alignment-based Fine-Tuning).
(Zhang et al., 2025b) Aligns the retriever to
the LLM’s fairness preference by computing
retrieval likelihoods Pgr(d | ¢) over top-k
docs and an LLM-derived fairness distribution
Qum(d | gq,a), then updating the retriever by
minimizing KL(Pr||QLm) (LLM frozen). This
steers future retrieval toward fairness-supportive
evidence. Due to the nature of this method it
cannot be applied in sparse retriever.

In Context: (Oba et al., 2024) Prompt-only
bias suppression that prepends short, templated
“preambles” to the user query/contexts. Two
preamble families are used: (i) counterfactual
statements that invert occupational gender stereo-
types (e.g., “Despite being a female, Alex be-
came a software engineer”), and (ii) gender-
neutral descriptions of stereotyped objects (e.g.,
occupations) built from real-world statistics. No
model weights or decoding are modified; the
method is plug-and-play for closed LLMs and
can be applied directly in RAG by inserting the
preamble before generation. Empirically shown
to suppress gender bias with limited utility degra-
dation on standard probes.

E FGR Proof

Algorithm 1 Fair Greedy (FGR)

Require: initial retrieved slate Sy = [du, ...
mix q, final slate length K.

: picked < [], remaining < St
:fork=1to K do

compute Ug[am] = gm - k — count[anm] for all am

context < first doc in remaining whose group is
in maxa,, ca Uk [am]

if context not found then

context < first doc in remaining

end if

append context to picked; remove context from
remaining
9: end for
10: return Sx = picked

,dr], target

b

Properties of FGR The Fair Greedy (FGR) algo-
rithm ensures that at every step k, (i) a valid group
with a positive prefix deficit exists, (ii) the fairness
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error is bounded by prioritizing the reduction of the
maximum deficit, and (iii) relevance is maximized
subject to the fairness constraint.

proof Let Nj_1(a) denote the count of group a
in the partial slate S;_1. The deficit is defined as
Ui(a) = qq - k — Ng—1(a).

1. Existence of Underrepresented Group. Sum-
ming the deficits over all groups .A:

Z Uk(a) = Z(Qak — Ni—1(a)) =

acA acA
kY ga— Y Np—i(a) =k(1) — (k—1) =1.

Since ) U (a) = 1, by the pigeonhole principle,
Jda € A such that Uy (a) > 0. Thus, as long as can-
didates remain, the set of underrepresented groups
is non-empty.

2. Bounded Fairness Deviation. Let a* =
arg max, Uy (a) be the group selected at step k.
The deficit for step k£ + 1 becomes:

Up+1(a*) = qar (kK + 1) — (Ng—1(a*) + 1)
= (qa*k — Np—1(a")) + qa+ — 1
= Uk(a™) — (1 — ga~)-

Since g, < 1, the deficit for the selected group
strictly decreases (Uyy1(a*) < Ug(a*)). This neg-
ative feedback loop ensures the maximum devia-
tion does not grow monotonically.

3. Relevance Maximization. The algorithm
selects document d* € remaining such that
g(d*) = a*. Since the set remaining is initialized
as St (ordered by relevance) and traversed linearly,
d* is necessarily the highest-relevance document
available satisfying the group constraint a*.
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