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Abstract. This paper presents an inference-time method to mitigate de-
mographic bias in CLIP-like cross-modal retrieval models through tar-
geted neural interventions in their internal attention mechanisms. We
first identify “expert” attention heads that encode demographic infor-
mation by systematically analyzing CLIP’s internal representations in
response to labeled inputs. At inference, we intervene these heads — re-
placing their activations with demographic prototypes or by neutralizing
them (zero ablation). We chose to intervene specifically at the CLS token,
as it aggregates information globally across image patches and is directly
responsible for the final image embedding. Across fairness benchmarks
such as SISPI and So-B-IT, our interventions achieve bias reduction com-
parable to or exceeding state-of-the-art methods, while being substan-
tially lighter and requiring no retraining.
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1 Introduction

Vision-language models (VLMs) are increasingly vital in today’s cross-modal re-
trieval landscape. Models such as CLIP [20], ALIGN [15], and BLIP [14] have
significantly advanced performance in cross-modal retrieval and zero-shot classi-
fication, but their gains rely on large, uncurated web datasets which are known
to embed social biases [2,3,8,11].

Biases embedded in VLMs can surface in retrieval results — for example,
consistently associating certain roles, occupations, or activities with specific
genders or ethnicities — thereby reinforcing stereotypes. Such biased associa-
tions misrepresent diverse populations and can perpetuate systemic inequities.
As VLM-based retrieval is increasingly used in search, recommendation, and
decision-support systems, mitigating these biases is essential to ensure fairness,
inclusivity, and trustworthiness.

Efforts to mitigate social biases in vision—language models have largely fo-
cused on dataset curation and adversarial debiasing [1,11,17]. These strategies
often require costly retraining or fine-tuning, which is impractical for large-scale
foundation models. Moreover, dataset-level interventions have inherent limits:
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achieving demographic balance across all factors is infeasible, and even curated
data may retain confounding artifacts [18]. There is therefore a need for methods
that mitigate biases directly within model representations — without retraining
— and that preserve retrieval performance.

In this paper, we propose a novel method to mitigate demographic biases —
particularly gender and ethnicity — in vision—language models through targeted
neural interventions at inference time. Building on concept steering techniques
from large language models [22,24,25], we adapt them to CLIP’s visual encoder.
Lightweight probes trained on attention-head activations identify components
that encode demographic information, which we then adjust via demogaphic
replacement or zero-ablation at the CLS token representation. Unlike prior ap-
proaches that modify global embedding directions [27], our interventions act on
individual attention heads, preserving the model’s overall retrieval representa-
tion while suppressing biased associations without retraining.

Our contributions are threefold. (1) We introduce an inference-time strategy
to mitigate demographic biases in vision—-language models without retraining. (2)
We present a systematic method to identify and quantify demographic informa-
tion encoded in CLIP’s visual representations. (3) We evaluate our approach on
public fairness benchmarks [10,11], showing that it reduces bias while preserving
retrieval utility. Our code and data will be made publicly available post-review.

2 Related Work

Neural interventions. Beyond traditional interpretability, recent research has
shown that internal activations can be directly edited to steer model behavior.
Suau et al. [25] identified “expert neurons” in language models that control spe-
cific concepts, while follow-up work demonstrated that soft interventions can
mitigate toxicity without harming fluency [24]. More general approaches, such
as Activation Transport (AcT) [22], shift activation distributions in a modality-
agnostic way, offering a flexible alternative to fine-tuning or prompt engineering.
These methods share the advantage of being inference-time, reversible, and com-
putationally efficient. Our work extends this paradigm from topical control and
toxicity mitigation to fairness in multimodal systems, showing that demographic
bias can be reduced by editing a small set of attention heads.

Bias audits and mitigation in VLMs. Bias in vision-language models is well
documented [6,13, 28], with audits revealing systematic disparities across gen-
der and ethnicity [11,31]. Mitigation strategies generally fall into three cate-
gories: (1) training-time methods such as FairCLIP [17] and Prompt Array [1];
(2) post-processing methods like CLIP-clip [27], which remove embedding direc-
tions correlated with protected attributes; and (3) joint debiasing of image and
text features [30]. While effective in some cases, these approaches either require
expensive retraining or risk degrading retrieval performance.

In contrast, our method directly targets internal representations at infer-
ence time. By locating demographic-encoding heads in CLIP and intervening on
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them, we reduce representational bias without retraining and with minimal loss
in utility. Compared to CLIP-clip, we operate at the attention-head level, ex-
tending recent neural intervention techniques [22,24] to fairness. This positions
our work at the intersection of interpretability and bias mitigation, providing a
fine-grained, transparent, and efficient alternative to prior approaches.

In summary, building on the aforementioned works in neural steering and
activation patching, in the next Section we emphasize that intervening on at-
tention heads identified via probing offers interpretability, i.e. one can point to
specific heads encoding demographic traits, and complements methods such as
CLIP-clip and DebiasCLIP by operating at a finer granularity.

3 Methodology

We mitigate demographic bias in CLIP’s image encoder by detecting and in-
tervening on attention heads that encode sensitive attributes. Our approach
decomposes the CLS token representation into per-head contributions, allowing
us to probe which heads encode gender or ethnicity traits. Heads identified as
“experts” are then modified at inference time—either by replacing their activa-
tions with demographic prototypes or by zeroing them — while leaving the rest
of the network untouched.

3.1 Identifying Expert Heads for Demographic Attributes

To identify attention heads that encode demographic attributes — such as gender
or ethnicity — we adopt a probing-based approach inspired by prior work on ex-
pert subnetworks in large language models [24]. For this, we treat each attention
head as a candidate “expert unit” whose activations may correlate with demo-
graphic attributes. This is confirmed by training a linear classifier to quantify
its predictive capacity for demographic categories.

Given a dataset of images annotated with demographic labels (e.g., male vs.
female), we first extract the outputs for each head h in layer [ of CLIP’s visual
encoder. Formally, the contribution of attention head (I, /) to the CLS token is
defined as:

N
abh) =3 "t e R (1)
i=0
where N is the number of heads in CLIP ViT encoder.

For each attention head (I, h), we train a classifier to predict the demographic
label from its head-level representation z(“". Given a dataset D of M labeled
images: D = {(I1,v1),..-, (In,Ym)},  Ym € A; where A denotes a set of demo-
graphic attributes (e.g., gender or ethnicity classes), we extract the head-level
output 2" € Re for each image I, and attention head (I,h) (Equation 1).
This results in a dataset per head: D" = {(a:g{h), Ym ) M

m=1 -
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We then train a separate classifier ¢("") : R? — A for each head (I, h) using
DU as input. We use a linear layer classifier (linear probe). The probes used
to identify expert heads are trained offline on a moderate number of annotated
images (as few as 500) and are not required at deployment. Once the expert
heads are determined and prototype vectors are computed, the inference-time
intervention consists only of replacing or zeroing activation vectors, incurring
negligible computational overhead. Demographic labels are therefore needed only
during probe training and evaluation, not during real-time operation.

To evaluate each head’s ability to encode demographic information, we com-
pute classification accuracy, area under the receiver operating characteristic
curve (AUROC), average precision (AP), and precision-recall curves on a held-
out test set. These metrics provide a robust and comprehensive view of how well
each head encodes attribute-specific information. We hypothesize that only a
small subset of heads encode demographic concepts with statistical significance.
However, we assume a small subset of heads to achieve significantly higher pre-
dictive accuracy — these are the “expert heads” we aim to identify, so that we
can then intervene on them in our mitigation framework.

Following the findings of [7], we restrict our analysis to the last attention
layer of CLIP’s ViT encoder. This layer has been shown to contribute the most
to the final image representation, while interventions on early blocks and MLPs
have negligible direct effect on CLIP’s output and zero-shot performance.

3.2 Inference-Time Expert Head Interventions

After identifying expert heads associated with demographic attributes, we in-
tervene them at inference-time by modifying their outputs prior to their con-
tribution to the CLS token. By modifying only the outputs of expert heads at
the CLS token, our interventions minimize demographic encoding without dis-
rupting global image-text alignment, preserving retrieval utility. We choose to
intervene at the CLS token because it aggregates global information across all
image patches and directly determines the final image embedding; modifying ear-
lier layers or patch tokens produced negligible fairness improvements and larger
performance drops.

To mitigate biased behavior, we intervene at inference time by modifying
the head-level outputs z(“" for a selected set of expert heads identified in the
previous step. We experiment with two intervention strategies:

Demographic replacement: we replace the head output z(*® with the
average activation associated with a specific demographic class. Let Dg’h) =
{mg{h) | ym = ¢} be the set of activations for class ¢ (e.g., “female”) in our
dataset. We compute the prototype vector for class c as:

1
(Lhy — = §
/J/c - 'D(l’h) € (2)
DD St

Demographic prototypes are computed once offline using labeled data; dur-
ing deployment, no demographic labels are required, and one could alternatively
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derive prototypes via unsupervised clustering or continuous demographic em-
beddings, making the method purely inference-time. Thus, at inference time, we
substitute z(") « ,ugl’h) for the chosen class ¢ (e.g., “neutral” (average across
all image representations), or an average across “male” and “female” representa-
tions).

Zero Ablation: we set (") = 0, effectively neutralizing the influence of
the head on the CLS token.

These interventions are applied only to heads identified as experts via the
probing step. All other heads remain unaltered, preserving the bulk of the
model’s learned representations. This targeted modification enables mitigation
of demographic encoding while minimizing impact on overall model behavior.
The probing step is performed offline and requires less than one minute per
dataset on a single GPU; at inference time, interventions incur negligible over-
head because they replace or zero out a few activation vectors without modifying
weights.

4 Experiments

We evaluate our intervention approach using three datasets and multiple fairness
metrics, reporting results on expert head identification, retrieval fairness, and
trade-offs with model generic retrieval utility.

4.1 Datasets and Evaluation Metrics

We make use of three different datasets in our experiments: A curated 30K sub-
set of MSCOCO [16] images with gender annotations [18] to probe attention
heads correlated with gender; SISPI (Social Inclusive Synthetic Professionals
Images) [10], a synthetic dataset comprising 49K images with a balanced rep-
resentation of demographic groups across various professional roles [23]; and
FairFace [12], a set of 100K cropped face images from the YFCC-100M Flickr
dataset [26] that is balanced on gender and race — we use a subset of 500 train-
ing images to identify expert heads and 11K validation images to evaluate our
interventions. For each dataset we report the head-level activation statistics and
demographic prototypes to facilitate replication of our probes and interventions.

Although SISPI is synthetic, it is designed to provide a controlled, balanced
benchmark for fairness research. We treat the SISPI dataset as our validation
setting for model variants’ selection, as it provides both fairness (NDKL) and
retrieval utility (NDCG, mAP) metrics within the same dataset and domain.
This allows us to jointly assess bias mitigation effectiveness and model utility
when exploring intervention variants. We then perform experiments on three real
datasets (FairFace, MSCOCO, and Flickr30K) to demonstrate generalizability
and compare with state-of-the-art CLIP debiasing methods.

To measure models’ fairness on SISPI we use the NDKL (9,21, 29] metric,
which evaluates fairness in retrieval by comparing the demographic distribu-
tion of ranked images against a uniform reference distribution. It applies KL
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divergence with a position-discounting factor, yielding a score of 0 for perfectly
balanced rankings and higher values for greater disparity.

For evaluation on FairFace we follow Hamidieh et al. [11] and use Normal-
ized Entropy. Their evaluation framework leverages a comprehensive taxonomy
— called So-B-IT, Social Bias Implications Taxonomy — of descriptive words that
often carry stereotypical connotations. Descriptive words are grouped into mul-
tiple socially relevant categories such as “appearance”; “behavioral”, “political”,
“religion”, “occupation”, among others.

Normalized entropy measures the diversity of demographic labels (race, gen-
der) among the top-100 retrieved images for each of the So-B-IT taxonomy
descriptive words; values close to 1 indicate uniform distributions, while values
near 0 reveal strong bias.

4.2 Identification of Expert Heads and Neurons

We identify attention heads and neurons encoding demographic information in
CLIP ViT-B/32 and ViT-B/16 pretrained on WIT-400M [20]. Head-level probes
are trained with cross-entropy loss using the Adam optimizer (learning rate
0.001) for 10 epochs.

Table 1 shows the performance of individual attention heads from the final
layer (layer 12) of CLIP ViT-B/32 on gender classification across MSCOCO,
SISPI, and FairFace. Each head is probed with a linear classifier trained on its
activation vector, and performance is reported as accuracy and average precision
(AP). Heads 3, 11, and 12 consistently achieve the highest AP across datasets,
identifying them as the main carriers of gender-related information. Probes for
ethnicity on FairFace reveals overlapping expert heads (3, 10, 11), suggesting
that certain heads jointly encode multiple demographic attributes. A similar
analysis on CLIP ViT-B/16 yields comparable patterns, with different heads:
1, 2, and 12 for gender; 2, 7, and 11 for ethnicity.

Table 1. Performance of CLIP ViT-B/32 (layer 12) heads on gender classification
across datasets. Accuracy (Acc) and Average Precision (AP) are reported. Shaded
columns indicate potentially expert heads.

h:l h:2 h:3 hi4d hb5 h6 h7 h®& h9 h:10 h:11 h:12

MSCOCO Acc 0.684 0.682 0.733 0.693 0.695 0.691 0.694 0.693 0.695 0.693 0.738 0.741
MSCOCO AP 0.349 0.362 0.757 0.394 0.365 0.352 0.370 0.381 0.364 0.347 0.745 0.687
SISPI Acc 0.703 0.720 0.738 0.691 0.651 0.668 0.684 0.668 0.687 0.707 0.938 0.831
SISPI AP 0.750 0.776 0.922 0.773 0.767 0.692 0.718 0.660 0.804 0.753 0.983 0.984
FairFace Acc 0.738 0.546 0.689 0.629 0.618 0.547 0.536 0.562 0.576 0.584 0.906 0.856
FairFace AP 0.747 0.754 0.928 0.692 0.874 0.773 0.658 0.753 0.764 0.669 0.964 0.914

Figure 1 depicts the distribution of Average Precision (AP) scores for gender
classification across individual neurons within selected attention heads. Expert
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heads (top row) show skewed distributions, with many neurons exceeding an AP
threshold of 0.42, unlike other non-expert heads (bottom row). This confirms
that only a subset of neurons within expert heads encode demographic cues,
providing a basis for targeted interventions.
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Fig. 1. Distribution of neuron-level Average Precision on gender classification for se-
lected attention heads in layer 12.

4.3 Bias Mitigation with Neural Interventions

We now evaluate our interventions using standard fairness metrics in cross-modal
retrieval, comparing them against an unmodified CLIP baseline and state-of-
the-art methods. This allows us to assess how effectively the approach reduces
demographic bias while maintaining retrieval performance.

Bias Mitigation on Synthetic Data. We first evaluate our framework on
the SISPI dataset as a validation setting for model variants’ selection. Table 2
reports results for interventions applied to attention heads identified as gender-
related. Fairness is measured using NDKL, where lower values indicate smaller
demographic skew, and retrieval quality is assessed with mean average precision
(mAP) and normalized discounted cumulative gain (NDCG). The baseline CLIP
model (without intervention) achieves NDCG = 0.745, mAP = 0.326, and NDKL
= 0.114. We then apply multiple interventions to these gender-expert heads and
compare their impact on fairness and retrieval performance.

The largest NDKL reduction occurs when jointly modifying all expert heads
(3, 11, 12 for ViT-B/32 and 1, 2, 12 for ViT-B/16). Among these interventions,
the “male” prototype yields the lowest NDKL, followed by zero ablation. Single-
head interventions produce smaller gains, confirming that combining multiple
gender-associated heads more effectively mitigates bias in retrieval rankings. A
similar analysis for ethnicity shows that using the “white” prototype yields the
largest NDKL reduction when jointly modifying all expert heads.

The superior performance of the male and white prototypes in reducing
NDKL for gender and ethnicity, respectively, confirms that CLIP inherently
privileges white male representations. This reflects the overrepresentation of such
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Table 2. Evaluation of attention-head interventions on SISPI text-to-image retrieval
using CLIP ViT-B/32 and ViT-B/16 pretrained on WIT-400M. Variants differ by the
modified heads and replacement vectors: mean activations for male, female, or gender-
neutral (person) images, and zero-vector ablation.

ViT-B-32 ViT-B-16
Intervention Heads NDCG 1T mAP 1 NDKL | Heads NDCG 1 mAP 1+ NDKL |
n.a. n.a. 0.745 0.326 0.114 n.a. 0.780 0.396 0.118
Person 3,11,12 0.746 0.330 0.074 1,2,12 0.777 0.389 0.083
Male 3,11,12 0.748 0.333 0.060 1,2,12 0.779 0.392 0.073
Female 3,11,12 0.746  0.329 0.078 1,2,12 0.777 0.389 0.089
Zero 3,11,12 0.753 0.340 0.066 1,2,12 0.788 0.413 0.082
Person 3 0.744 0.324 0.112 2 0.786 0.407 0.086
Male 3 0.743 0.324 0.108 2 0.787 0.410 0.076
Female 3 0.745 0.324 0.114 2 0.786 0.407 0.090

groups in web-scale training data and the broader societal biases embedded in
those datasets.

Importantly, we appreciate in Table 2 that interventions that reduce bias
the most (up to a 42% drop in NDKL) preserve retrieval quality, with mAP
and NDCG remaining stable across all variants. This robustness stems from
the targeted nature of our edits, which modify only the CLS token activations
of gender-associated heads while leaving the rest of the representation intact.
These results confirm that focused, head-level interventions can mitigate gender
bias without degrading performance, a finding revisited later when analyzing
retrieval trade-offs on standard benchmarks (cf. Retrieval Performance Trade-
offs on Standard Benchmarks).

We also applied interventions at the neuron level, targeting units within
each expert head with AP>0.42 in gender classification. Although some neurons
showed strong discrimination, these fine-grained edits produced no meaningful
bias reduction (Table 3, left), reinforcing the advantage of structural, head-level
interventions. Following [24], we also test a damping intervention that scales
neuron activations instead of replacing them with demographic prototypes. For
each expert neuron, a scaling factor a € [0, 1] attenuates its contribution to the
output embedding. Table 3 (right) reports results on SISPI with o = 0.1.

Our findings indicate that attention heads in CLIP function as coherent
units with causal influence on the final representation. Head-level interventions
act on high-level latent variables that modulate the output through the resid-
ual stream while preserving structural consistency. In contrast, neuron-level ed-
its—particularly sparse ones—fail to capture the distributed and interdependent
nature of feature encoding within a head. This supports recent causal tracing
studies showing that interventions on structurally meaningful components are
more effective than isolated unit edits.
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Table 3. Evaluation of neuron-level interventions (left) and neural damping interven-
tions (right) on SISPI text-to-image retrieval using CLIP ViT-B-32.

Intervention mAP T NDKL | Intervention mAP 1 NDKL |
n.a. 0.326 0.114 n.a. 0.326 0.114
h:3,11,12 (person)  0.331 0.110 h:3,11,12 (a=0.1) 0.333 0.111
h:3,11,12 (male) 0.332 0.103 h:3 (a=0.1) 0.329 0.119
h:3,11,12 (female)  0.330 0.120 h:11 («=0.1) 0.330 0.116
h:3,11,12 (zero) 0.333 0.110 h:12 (a=0.1) 0.330 0.113

Unless otherwise stated, we use the best-performing intervention variant from
Table 2 (“male” and “white” prototypes on three expert heads) in the rest of our
experiments, which provides the best fairness—utility balance on SISPI.

Bias Mitigation on So-B-IT Word Associations Next, we evaluate bias
mitigation using the FairFace dataset, which serves both to identify demographics-
related attention heads and to assess intervention effectiveness. Table 4 reports
Normalized Entropy scores for race (R) and gender (G) across five So-B-IT
taxonomy categories. We compare our approach against several state-of-the-art
debiasing methods, including CLIP-clip [27] (post-processing of biased embed-
ding directions), DebiasCLIP [1] (adversarially trained prompt-based debiasing),
Biased-prompts [5] (explicit bias-aware prompt tuning), and VL _Debiasing [30]
(joint vision-language debiasing).

Table 4 reports results for interventions using both gender- and ethnicity-
based replacements (with “male” and “white” prototypes). Unlike earlier experi-
ments — limited to gender due to missing ethnicity labels in MSCOCO — FairFace
includes both attributes, enabling multi-attribute intervention and evaluation.

Table 4 shows that our interventions achieve competitive debiasing perfor-
mance for both gender (G) and race (R). Unlike other methods, which often
increases race bias when reducing gender bias (specially on the ViT-B/32), our
method avoids this trade-off. Among variants, the best results are again obtained
by jointly modifying all expert heads using the “male” and “white” prototypes
respectively, consistent with SISPI findings (Table 2). Notably, our approach
matches or surpasses the performance of state-of-the-art methods in several
So-B-IT categories (see bold and underlined entries), while remaining signifi-
cantly lighter—requiring no retraining and minimal computation compared to
VL_Debiasing or CLIP-clip. The “(Male+White)” variant corresponds to an in-
tersectional intervention that simultaneously targets gender- and race-encoding
heads, achieving balanced improvements across both demographic axes.

Figure 2 illustrates the effect of our intervention on the query “An image of a
doctor.” Compared to the baseline, which skews heavily toward male-presenting
individuals, our method yields a more demographically balanced set of retrieved
images, highlighting its qualitative impact on reducing representation bias.
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Table 4. Normalized Entropy for race (R) and gender (G) biases across So-B-IT cate-
gories. Cell color indicates deviation from the baseline model: blue denotes fairer (lower
bias) and red denotes more bias. Best results in bold, and second best underlined.

appearance behavioral education criminal healthcare

R G R G R G R G R G

OAI ViT-B-32 0.85 0.71 0.86 0.88 0.86 0.84 0.90 0.79 0.90 0.87
CLIP-clip [27] 0.82 0.94 0.86 0.97 0.87 0.96 0.85 0.96 0.85 0.94
DebiasCLIP [1] 0.83 0.87 0.83 0.92 0.85 0.93 0.86 0.85 0.83 0.92
Biased-prompts [5] 0.83 0.84 0.87 0.90 0.90 0.92 0.89 0.93 0.88 0.90
VL _Debiasing [30] 0.85 0.70 0.89 0.89 0.89 0.93 0.89 0.89 0.88 0.91
Ours (Male) 0.86 0.84 0.86 0.92 0.88 0.91 0.90 0.85 0.90 0.94
Ours (White) 0.88 0.80 0.88 0.90 0.90 0.86 0.93 0.81 0.92 0.91
Ours (Male+White) 0.86 0.86 0.88 0.93 0.89 0.94 0.91 0.84 0.91 0.92
OAI ViT-B-16 0.84 0.77 0.83 0.87 0.82 0.85 0.87 0.85 0.86 0.84
CLIP-clip [27] 0.89 0.79 0.88 0.90 0.88 0.86 0.91 0.89 0.91 0.86
Biased-prompts [5] 0.86 0.91 0.89 0.92 0.90 0.81 0.90 0.83 0.89 0.86
VL _Debiasing [30] 0.85 0.71 0.87 0.80 0.87 0.92 0.87 0.85 0.85 0.77
Ours (Male) 0.87 0.86 0.87 0.94 0.87 0.96 0.87 0.91 0.85 0.89
Ours (White) 0.90 0.85 0.91 0.93 0.91 0.93 0.92 0.89 0.91 0.90
Ours (Male+White) 0.91 0.85 0.91 0.94 0.91 0.95 0.92 0.92 0.90 0.89

4.4 Retrieval Performance on Standard Benchmarks

In this section, we evaluate the effect of our interventions on two standard re-
trieval benchmarks: MSCOCO [16] and Flickr30K [19]. Table 5 compares our
method with the ViT-B/32 baseline and three state-of-the-art methods.

Across both MSCOCO and Flickr30K, our interventions cause only minor
drops in retrieval performance. On MSCOCO, Recall@K scores change by at
most two points, while Flickr30K shows slightly larger but still modest decreases,
mainly in R@1. This reflects the typical fairness—utility trade-off observed in
prior debiasing work [9]. Overall, retrieval performance remains comparable to
Biased-prompts and VL. Debiasing, and notably superior to CLIP-clip, confirm-
ing that our strategy mitigates bias with negligible impact on retrieval utility.

5 Theory of Change

5.1 Societal Need and Contribution

Vision—language models (VLMs) such as CLIP are increasingly embedded in
information retrieval systems. These systems can reproduce and amplify social
biases leading to stereotyping, exclusion, or misrepresentation of marginalized
groups. The societal need motivating this work is therefore to ensure that mul-
timodal retrieval systems operate equitably and transparently.
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Fig. 2. Top-8 retrieved images for the query “An image of a doctor” on the FairFace
dataset. The top row shows results from the baseline CLIP model; the bottom row
shows results after applying our “male” intervention, yielding more diverse results.

Table 5. Zero-shot retrieval results on MSCOCO and Flickr30K. Recall@K for
text—image (Text) and image—text (Image). Best results in bold, and second best
underlined.

MSCOCO Flickr30K
Text Image Text Image
Ra@l R@5 R@I0|R@1 R@5 R@10|R@l R@5 R@10|R@1 R@5 R@10

OAI ViT-B-32  |0.50 0.75 0.83]0.30 0.56 0.67|0.79 0.95 0.98|0.59 0.84 0.90

CLIP-clip [27] 0.44 0.69 0.7810.27 0.50 0.62]0.70 0.90 0.94|0.52 0.77 0.85
Biased-prompts [5] | 0.47 0.72 0.820.30 0.55 0.66 |0.76 0.94 0.97|0.58 0.83 0.89

VL _Debiasing [30]|0.50 0.75 0.83|0.29 0.55 0.66 |0.79 0.95 0.98|0.57 0.83 0.90
Ours (Male) 0.48 0.74 0.82]0.29 0.54 0.66|0.75 0.94 0.97|0.57 0.82 0.89

Our contribution addresses this need by introducing a lightweight, inference-
time strategy for mitigating demographic bias in VLMs without retraining. By
identifying and intervening on attention heads that encode demographic infor-
mation, we offer a practical path for reducing representational harms in deployed
retrieval systems. Because our method requires only minimal computational re-
sources and no retraining, it lowers the barrier for practitioners to integrate
fairness-aware adjustments into real-world pipelines.

5.2 Preconditions and Assumptions

For our approach to have its intended positive effect, several preconditions must
hold. First, demographic annotations used for probing must be reliable, contex-
tually appropriate, and representative of the populations affected by downstream
retrieval systems. Second, the institutions deploying such systems must be mo-
tivated to measure and mitigate bias, and to incorporate fairness evaluation
into their model monitoring practices. Third, users of these systems must have
avenues for contestation and oversight so that fairness interventions align with
community expectations and local norms.

Our method assumes that bias can be localized to identifiable components
(e.g., attention heads) and that such edits generalize beyond our evaluation
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datasets. It further presumes that demographic information is well-defined enough
to enable partial mitigation. While these assumptions hold empirically in our
setting, they may not fully extend to more complex or intersectional contexts.

5.3 Potential Negative Externalities

While our approach aims to promote fairness, several risks remain. First, inter-
ventions based on coarse demographic categories may inadvertently reinforce the
same categorical boundaries they seek to mitigate. This limitation stems from
the demographic labels available in current datasets and does not capture the
fluid, intersectional nature of identity. Extending our framework to self-identified,
culturally responsive, and multi-label annotations would mitigate this risk.

Second, fairness interventions could be misapplied as a form of “fairness wash-
ing,” providing an appearance of equity without addressing deeper data collection
or governance issues. To avoid this, our method should be viewed as one com-
ponent within a broader pipeline of participatory dataset design, bias auditing,
and accountability practices.

Finally, any intervention that modifies model representations can alter down-
stream behaviors in unpredictable ways, including shifts in retrieval relevance or
new forms of under-representation. Continuous monitoring and community feed-
back are therefore essential to ensure that mitigation aligns with social values.

5.4 Ethical and Sociocultural Considerations

Our study follows prior work in using the gender categories Male and Female
and broad ethnic labels such as White, Black, Fast Asian, Middle Eastern, and
Latino/Hispanic, as defined in the SISPI and FairFace datasets. These simplifi-
cations are common in demographic fairness research but inevitably oversimplify
complex identities. We acknowledge that ethnicity and gender are socially con-
structed and context-dependent.

We approach these classifications with cultural sensitivity and awareness of
their limitations. Future work should adopt more granular, self-identified demo-
graphic annotations and community-driven labeling practices [4].

6 Conclusion

We show that editing attention heads associated with demographic attributes
at inference time provides a lightweight and interpretable path to improving
fairness in VLMs. By identifying and modifying heads that encode gender and
ethnicity information, we reduce representational and retrieval bias without re-
training or compromising performance. Because interventions minimally affect
utility, they can be applied at inference as an optional fairness correction, en-
abling users to toggle them based on application needs. Experiments on SISPI
and So-B-IT benchmarks confirm that structured activation edits — particularly
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at the head level — achieve fairness gains comparable to or exceeding state-of-the-
art methods, while remaining lighter and requiring no retraining. Our analysis of
neuron-level interventions further highlights the importance of structural coher-
ence and targeted design when modifying internal representations. Overall, these
results demonstrate the potential of activation-level control as a scalable, mod-
ular, and performance-preserving approach to fairness in multimodal retrieval
systems. Our code and data will be made publicly available post-review.
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