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Abstract

Vision-language models (VLMs) such as CLIP are increas-
ingly integrated into automated decision-making systems
where unexamined social biases can directly harm racial and
gender minorities through discriminatory outcomes and un-
just content censorship. Despite strong multimodal perfor-
mance, CLIP’s susceptibility to demographic bias remains
underexplored from a visual attribution perspective. Conse-
quently, the mechanisms by which these biases emerge in
visual processing remain opaque, both to researchers and to
governance bodies concerned with the equitable and trans-
parent deployment of Al. We address this diagnostic gap by
applying four attribution methods to the PAIRS dataset, a
controlled benchmark of parallel occupation images balanced
across race and gender. We then seek to determine whether
demographic stereotyping is detectable and measurable at
the level of visual attention, rather than only through output
statistics. Preliminary results are mixed: subject-level differ-
ences in face-focused saliency across race conditions are not
statistically separable at the aggregate level, but under race-
explicit prompting we observe the clearest race-conditioned
saliency differences. These results suggest that attribution-
based diagnostics can expose hidden visual biases, invisi-
ble to standard fairness metrics, and help explain how de-
mographic bias emerges in multimodal Al systems. Further-
more, we comparatively analyze the behavior of the attribu-
tion methods and discuss their outputs with respect to the
broader implications of visual bias diagnostics for fairness
and transparency in deployed multimodal Al systems.

Introduction

Artificial intelligence (AI) systems are increasingly de-
ployed in high-stakes decision-making contexts that involve
directly assessing individuals based on their personal at-
tributes. In hiring, it is estimated that 99% of Fortune 500
companies already use some form of Al assistance for re-
cruitment decisions (Schellmann 2024). In healthcare, sev-
eral models operating at expert level have been shown to
exhibit significant and consistent demographic biases across
pathologies, raising urgent concerns about fairness in diag-
nostic performance (Yang et al. 2025). In the legal domain,
Al tools are being adopted to assist judicial decision-making
(Fine, Berthelot, and Marsh 2025).
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Central to many of these systems are Vision-language
models (VLMs) supporting a broad spectrum of multimodal
tasks. They constitute a transformative advancement in Al
research by enabling the integration of visual and textual
modalities (Danish et al. 2026). However, growing evidence
suggests that VLMs have been shown to reproduce social
biases, including those related to gender, race and occupa-
tion (Vo et al. 2025). Critically, such biases have received
comparatively less attention than those observed in uni-
modal domains such as natural language processing and
computer vision (Lee et al. 2023). In the current body of
literature, research on bias has predominantly concentrated
on text-only studies (Wang et al. 2024). These studies pri-
marily investigate biases embedded in textual representa-
tions, while the role of visual modality in triggering these
stereotypes remains underexplored, a critical gap given the
widespread adoption of multimodal models in real-world ap-
plications (Narayanan, Khazaie, and Raza 2025). When im-
plemented in automated decision-making systems, such bi-
ases risk causing direct harm to racial and gender minorities,
individuals with disabilities, and other marginalized popu-
lations including wrongful content censorship and discrim-
inatory outcomes in automated hiring pipelines (Ruggeri,
Nozza et al. 2023). Addressing this gap is therefore essen-
tial, demanding that fairness and ethical accountability be
treated as foundational imperatives in the research, develop-
ment, and deployment of vision-language systems.

Explainability techniques have emerged as a principled
means of assessing fairness in vision-language systems, of-
fering interpretable insights into the internal mechanisms
through which models encode and express biased associ-
ations. By moving beyond surface-level output observa-
tion to reveal the underlying decision-making processes,
one that is particularly well-suited to the complexity of
multimodal architectures such as CLIP (Ramachandranpil-
lai, Baeza-Yates, and Heintz 2025). Contrastive Language-
Image Pre-training (CLIP), introduced by (Radford et al.
2021), as a foundational architecture in multimodal rep-
resentation learning, aligning visual and textual modali-
ties within a shared embedding space through large-scale
contrastive training on 400 million web-sourced image-text
pairs. Beyond its standalone capabilities, CLIP has been
widely adopted as the visual backbone of numerous mod-
ern VLM’s architecture including LLaVA (Liu et al. 2023),



BLIP-2 (Li et al. 2023), and Flamingo (Alayrac et al. 2022).
Despite CLIP’s widespread adoption, internal representa-
tions remain substantially underexplored from the perspec-
tive of visual explanation methods (Zhao et al. 2025).

In this work, we propose a framework for a systematic in-
vestigation of social bias in CLIP, focusing on the intersec-
tion of occupational roles with gender and race as primary
axes of analysis. Critically, we depart from many researches
by incorporating explainability methods to examine not only
explicit stereotypical associations encoded in the model’s
representations, but also the subtler discriminatory patterns
that emerge from CLIP’s implicit assumptions regarding the
demographic composition of occupational roles.

Related Works
Bias in CLIP

Several studies have investigated fairness concerns within
CLIP, collectively revealing systematic biases across mul-
tiple demographic dimensions. Notably, Agarwal et al.
(2021) demonstrated that CLIP exhibits a discriminatory
tendency to associate Black individuals with negative clas-
sifications, while Dehouche (2021) established that gender
information can be implicitly extracted from neutral tex-
tual inputs. Furthermore, Wolfe, Banaji, and Caliskan (2022)
confirmed that CLIP systematically encodes gender and
racial stereotypes within its shared multimodal representa-
tions. Ruggeri, Nozza et al. (2023) provide one of the first
multi-dimensional analysis of social bias in VLMs, demon-
strating through extensions of HONEST (a score to mea-
sure hurtful sentence completions in language model, pro-
posed by Nozza, Bianchi, and Hovy (2021)) and WEAT
(Word Embedding Association Test) (Caliskan, Bryson, and
Narayanan 2017) that pre-trained models generate hurtful
completions more frequently than text-only counterparts and
that pre-training biases are systematically preserved and am-
plified across downstream VQA tasks.

Hamidieh et al. (2024) propose a taxonomy of 374 bias-
related words across ten categories, and use it to audit four
CLIP-based models via image retrieval from a demographi-
cally balanced face dataset. They find significant racial and
gender biases in occupation associations, and show that
debiasing with respect to gender can amplify racial bias.
Marani et al. (2024) propose ViG-Bias, a framework that in-
tegrates visual explanations with VLM-based bias discovery
to identify spurious correlations in visual recognition mod-
els. They demonstrate that saliency maps tend to highlight
shortcut features when models rely on spurious correlations,
and leverage this to improve existing bias discovery methods
and mitigation.

Weng et al. (2024) use causal mediation analysis to trace
gender bias generation and propagation within VLM, find-
ing that the image encoder is the dominant contributor (ac-
counting for over twice the bias of the text encoder) and that
targeted mitigation of gender representations within the vi-
sual encoder reduces bias.
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Explainability in CLIP

CLIP has achieved significant adoption across a wide range
of downstream applications without requiring any task-
specific fine-tuning (Radford et al. 2021).

Li et al. (2025) demonstrate that the direct application
of CAM and Grad-CAM to CLIP produces systematically
unreliable visual explanations arising from inconsistent se-
mantic locality in CLIP’s self-attention layers and redundant
inter-category feature representations. To address these fail-
ure modes, the authors introduce CLIP Surgery, a training-
free architectural and feature-level modification that sub-
stantially improves the reliability of class activation maps,
establishing the interpretability foundation upon which the
present work’s bias investigation is grounded.

Zhao et al. (2024) proposes a gradient-based explana-
tion method for CLIP (Grad-ECLIP) that decomposes the
image-text matching process to produce spatial heatmaps
via channel and spatial weighting of token features. Un-
like prior Transformer interpretation methods that rely on
self-attention maps, Grad-ECLIP generates high-quality vi-
sual attributions that better reflect which image regions drive
similarity scores for a given text prompt.

RegionCLIP (Zhong et al. 2022) extends CLIP’s image-
level contrastive training to region-level alignment by
matching image regions with template captions, achieving
strong open-vocabulary object detection performance; how-
ever, its localization ability depends on a fully-supervised
region proposal network rather than the intrinsic explain-
ability of CLIP’s raw predictions. Also, ECLIP (Li et al.
2022) identifies a fundamental explainability failure in
CLIP, standard attention pooling causes a semantic shift
where saliency maps favor background regions over task-
relevant foregrounds. They propose Masked Max Pooling
to correct this, producing significantly more faithful visual
attributions than prior methods across both ViT and CNN
architectures.

On the other hand, Generic Attention-Model Explainabil-
ity (GAME) methods (Chefer, Gur, and Wolf 2021) proposes
the first generic explainability method for Transformer-
based architectures including bi-modal and encoder-decoder
models. Using LRP-based attention roll-out across all layers,
it produces relevancy maps that outperform single-modality
explainability methods adapted to multi-modal settings.

Methodology
Research Questions

Bias studies in VLMs have predominantly examined the tex-
tual side of CLIP’s joint embedding space, measuring cosine
similarity gaps between prompts and visual representations
(Lee et al. 2023). This study investigates whether stereotyp-
ing is detectable through visual saliency attribution in CLIP,
and whether different explainability methods agree on the
nature of that signal. We structure the analysis around three
research questions:

* RQ1: How does CLIP’s visual saliency distribution differ
systematically across groups under identical prompts?



* RQ2: Do race- or gender-explicit prompt modifications
amplify any observed differences in saliency distribu-
tion?

* RQ3: Do gradient-based, gradient-free, and LRP-based
attribution methods agree on the direction and magnitude
of the detected attention shift?

Dataset

We conduct our experiments on the PAIRS (PArallel Images
for eveRyday Scenarios) dataset (Fraser and Kiritchenko
2024), a controlled benchmark of 200 Al-generated images
covering 50 everyday scenarios. Each scenario contains four
parallel images depicting a black man, black woman, white
man and white woman respectively, generated under iden-
tical conditions. We focus on the Occupations subset of 20
scenarios depicting individuals in professional contexts such
as chef, pilot, doctor and lawyer.

Prompt Design

For each scenario, we construct a structured list of 11
prompts. Position 1 is an identity anchor, a natural lan-
guage description of the visible person combined with their
occupation-relevant uniform or prop (“black woman wear-
ing an apron”, “white man using a computer”, “black man
in a law office”, “white woman holding a clipboard”) that
varies per individual. Positions 2—11 are shared across all
four subjects within a scenario. Occupation-specific prompt
texts for all 20 scenarios were created using GPT-40 (Ope-
nAI 2024). GPT-40 was used as a controlled generation tool
under a fixed meta-prompt that specified the structural con-
straints of the benchmark; prompt length bounds, syntactic
position of the identity token, occupational category cover-
age and demographic balance across race and gender condi-
tions. We manually reviewed and validated all the generated
texts to ensure natural phrasing appropriate to each scenario.

We selected occupation-neutral prompts alongside
prompts reflecting occupational hierarchy to investigate
whether the status implied by the prompt introduces bias
into the model. Gender-explicit and race-explicit prompts
serve as the primary diagnostic probes for RQ2. By com-
paring saliency distributions under neutral and gender- or
race-explicit prompts, we aim to assess whether introducing
gender or race as an explicit modifier produces differential
responses across demographic groups. Table 1 presents the
structured prompt list used in the apron-wearing individual
scenario as an illustrative example, where the corresponding
image is stored as black_woman.png under the apron
category of the PAIRS dataset.

Semantic Region Segmentation

To enable region-level attention analysis, semantic seg-
mentation is performed using Segment Anything Model 3
(SAM3) by Carion et al. (2026), deployed via the Roboflow
inference pipeline(Dwyer, Nelson, and Hansen 2026). Each
image is segmented into semantically meaningful regions,
subsequently mapped to one of three analytically moti-
vated role categories: Demographic regions (such as face,
head, neck), Occupational regions (such as clothing, jacket,
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Pos. Prompt Type
1 black woman wearing an apron  ldentity anchor
2 a photo of a chef Occupation-neutral
3 a photo of a female chef Gender-specific
4 a photo of a male chef Gender-specific
5 she is a chef Pronoun-based
6 he is a chef Pronoun-based
7 a photo of the black chef Race-specific
8 a photo of the white chef Race-specific
9 a photo of a server Hierarchical status
10 a photo of a waiter Hierarchical status(m)
11 a photo of a waitress Hierarchical status(f)

Table 1: An example of a structured prompt list for the
apron-wearing woman scenario.

apron, uniform, mop) and Background regions. To pre-
vent double-counting of overlapping segmentation masks, a
known artifact of instance segmentation systems a priority-
based boolean union operation is applied, ensuring each
pixel is assigned to exactly one semantic role. Figure 1 il-
lustrates the SAM3 segmentation output for the represen-
tative lab_coat/black_man subject, while Table 2 reports the
regions of interest, corresponding pixel counts, and their per-
centages relative to the entire image.

SAM3

Figure 1: segmentation output for the
lab_coat/black_man subject. Left: original input image.
Right: instance segmentation masks overlaid on the image;
color-coded by semantic role. Red denotes Face, purple
denotes Head, green denotes Clothing, and orange denotes
Background. Unlabeled pixels (7.0%), including arms and
neck, are excluded from subsequent attention analysis.

Role Pixels % of Image
Demographic (face, head) 3,172 4.8%
Occupational (clothing x2) 17,003 25.9%
Background 40,742 62.2%
Uncovered (arms, neck, etc.) 4,619 7.0%
Total 65,536 100.0%

Table 2: Representative pixel accounting for SAM3 seg-
mentation output after role-based mask deduplication
(lab_coat/black_man, 256 x256 image)

Explainability Methods

We evaluate four attribution methods spanning three
methodological families. This selection is deliberate; by in-



cluding gradientbased, gradientfree, and LRP-based meth-
ods, we can assess whether any detected bias signal is an
artifact of a specific attribution technique or a genuine prop-
erty of the model (RQ3).

Grad-CAM (Selvaraju et al. 2017) is a model-agnostic
gradient baseline that computes weighted activation maps
from the final attention layer. We include it as a
demographically-naive reference: if a bias signal appears
in Grad-CAM, it is detectable even by a non-CLIP-specific
method, indicating a particularly strong effect.

Grad-ECLIP (Zhao et al. 2024) is is CLIP-specific and
corrects a fundamental attribution failure identified. stan-
dard CLIP attention pooling causes a semantic shift in which
saliency maps favour background regions over task-relevant
foregrounds. Grad-ECLIP replaces attention pooling with
Masked Max Pooling to produce foreground-faithful attribu-
tions. It provides the most reliable spatial signal for CLIP’s
ViTB/16 architecture.

CLIP Surgery (Li et al. 2025) is a gradient-free method
that produces spatial similarity maps via value-value fea-
ture correlations within CLIP’s attention layers, requiring
no backward pass. Its inclusion tests whether the bias signal
persists without gradient computation, relevant for scalable
auditing scenarios where gradient access is costly.

GAME (Chefer, Gur, and Wolf 2021) applies Layer-wise
Relevance Propagation with Transformer attention rollout
across all network layers, aggregating relevance signal from
the full model depth rather than only the final layer. It pro-
vides a complementary full-network attribution perspective.

Metrics

In this study, we propose to use the face-to-occupation atten-
tion density ratio, defined as the mean normalized attention
intensity within demographic regions divided by the mean
normalized attention intensity within occupational regions.
A large clothing region capturing moderate saliency will
systematically outweigh a small but intensely attended face
region under naive aggregation. We define a size-normalized
focusing metric that control for region size before making
comparisons.

Let S € R¥*W denote the saliency map produced by an
attribution method for a given image-prompt pair, normal-
ized to [0, 1]. For a binary region mask M C {1,... , H} X
{1,..., W}, we define the Saliency Enrichment Score
(SES) as:
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_where | M| denotes the number of pixels in the region and
M its complement. SES is preferred over raw saliency mass
for small regions such as faces, where pixel area is typically
5-10% of the image. Furthermore, SES eliminates this size
bias by normalizing each region’s mean activation against
the global complement.
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Our primary bias metric is the Face-Occupation Ratio
(FoR), defined as the ratio of SES values across the two se-
mantically contrastive regions:

SSESS(Rdcmo) (2)
(Rocc)

A ratio FoR > 1 indicates that the model concentrates
relatively more attention on demographic features (face,
head) than on occupational features (clothing, props). A ra-
tio FoR < 1 indicates the reverse.

FoR =

Preliminary Results

This chapter presents the results of the preliminary study
based on the quantitative and qualitative findings of the
explainability-based bias analysis conducted across 20 oc-
cupational scenarios, 4 individual groups, 11 prompts and 4
attribution methods.

Faithfulness of Attribution Methods

Before interpreting demographic patterns in attribution out-
puts, it is necessary to establish whether the saliency maps
produced by each method are causally aligned with model
behavior. Faithfulness is assessed via Pearson correlation
between per-patch saliency values and the corresponding
CLIP similarity drop under pixel deletion Petsiuk, Das, and
Saenko (2018), computed separately for each image-prompt
pair across all occupational categories and demographic
conditions.

Faithfulness (Pearson r) — Method x Demographic
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Figure 2: Mean Pearson r faithfulness scores across attribu-
tion methods and demographic conditions, aggregated over
all occupational categories and prompt positions. Higher
values indicate stronger alignment between saliency activa-
tions and CLIP similarity drops under pixel deletion. Color
scale: Low faithfulness (red) to high faithfulness (green).

Figure 2 reports mean Pearson r faithfulness scores
across methods and demographic conditions. All four meth-
ods achieve moderate-to-high faithfulness (range: 0.597—
0.644), with Grad-ECLIP performing most consistently
(r = 0.644). Crucially, faithfulness is not demographi-
cally uniform: Black subject conditions systematically yield
higher scores than White subject conditions across all meth-
ods, with the largest gap observed for GAME (White Man:
7 = 0.500 vs. Black Man: ¥ = 0.648). This asymme-
try is most pronounced under race-explicit prompts, where
Black subject faithfulness (7 = 0.842) exceeds White sub-
ject faithfulness (7 = 0.459) by Ar = 0.383. An attribution



method that appears adequately faithful when evaluated in
aggregate may produce substantially less reliable explana-
tions for certain demographic groups under specific prompt
structures. These findings indicate that attribution reliability
is itself demographic condition dependent, which motivates
the proposed segmentation-based metrics.

Prompt Sensitivity o(FoR) — Method x Subject
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1.0
GAME | 1.654 E 0.892 3.479 0.5
Black Black White White
Man Woman Man Woman

Figure 3: Mean o(FoR) per attribution method and subject
condition, quantifying prompt-induced attribution instabil-
ity. Higher values indicate that the model’s relative attention
to demographic versus occupational regions varies substan-
tially across prompt formulations.

Figure 3 reports method-level prompt sensitivity. Grad-
CAM produces the most stable FoR distributions (o range:
0.13-0.22), while GAME exhibits the highest volatility as
expected (o range: 0.89-3.48), nearly an order of magni-
tude larger. This variation across methods is consistent with
known differences in gradient aggregation strategies. Also
suggests that method-intrinsic instability is a confounding
factor that must be accounted for when interpreting demo-
graphic asymmetries in attribution outputs.

Prompt Position Effects (RQ1)

This section examines how the identity tokens within the
prompt modulates attribution behavior through FoR vari-
ance across the 11 prompt conditions per subject-method
pair.

FoR Across Prompt Groups Figure 4 presents the results
of the mean FoR by all prompts for all images in the dataset.
GAME consistently produces the highest FoR values across
nearly all prompt positions, while Grad-CAM tends to sit
at or below the neutral line (1.0). CLIP-Surgery and Grad-
ECLIP fall in between. This method-level variation is worth
noting, it suggests that the magnitude of the face occupation
ratio is partially a property of how each attribution method
distributes saliency, not purely a reflection of the model’s se-
mantic focus. This is why selecting methods from different
methodological families is a more reliable approach.

P1 (Identity Anchor), explicitly names race, gender, and
context together FoR is relatively high across most methods,
particularly GAME and Grad-ECLIP. This is not surpris-
ing, the prompt directly references the person, so the model
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likely anchors on demographic features. However, the vari-
ance is large, suggesting this effect is not uniform across
occupations.

P2-P4 (Occupation Variants (Neutral, Female, Male)),
shows ratios drop noticeably compared to P1, especially for
Grad-CAM and CLIP-Surgery which fall below 1.0. This
suggests that when the prompt foregrounds the occupational
role without demographic anchoring, the model shifts at-
tention toward occupational cues (clothing, props, context)
rather than the face. The gendered variants (P3, P4) do not
dramatically differ from the neutral P2, implying that gender
specification in the occupation label alone does not strongly
redirect attention back to demographic features.

P5-P6 (Pronoun Prompts), draws interesting pattern. P5
(she is a X) shows a modest uptick relative to P4 in sev-
eral methods, while P6 (he is a X) is more variable. Pronoun
prompts carry implicit demographic signal without naming
race or a full description, and the results tentatively suggest
the model responds to this implicit signal to some degree,
though the effect is not strong or consistent enough to make
a firm claim.

P7-P8 (Race-Explicit Prompts) present arguably the most
theoretically important comparison. P7 (“a photo of the
black X) and P8 (“a photo of the white X’) show a di-
vergence in the race-split panel, Black images tend to have
higher FoR under P7 than White images, and the pattern par-
tially reverses or narrows under P8. Also, the standard errors
are wide, and the effect is more pronounced in GAME than
the others, so this should be interpreted cautiously.

P9-PI11 (Hierarchical Status Alternatives) P10 and P11
show some of the highest FoR values in the entire dataset.
This is counterintuitive at first, one might expect occu-
pational hierarchy status prompts to redirect attention to-
ward occupational props. One possible interpretation is
that hierarchical-status role labels (“steward,” “stewardess,”
“flight attendant”) are less visually grounded in distinctive
clothing or props than roles positioned higher in the occu-
pational hierarchy, so the model defaults to the face as the
primary discriminating feature. The particularly high values
under P11 (gendered hierarchical-status roles) may reflect
an interaction between the gendered labels and the demo-
graphic features of the subject, but this would need further
investigation.

In summary, the Face Occupation Ratio (FoR) being
above 1.0 does not by itself constitute bias, it means the
model concentrates more saliency per pixel on demographic
regions than occupational regions, which could reflect le-
gitimate visual salience of faces. The bias claim becomes
stronger when this ratio differs systematically by race under
otherwise equivalent prompts, particularly P7 vs P8.

Prompt Sensitivity Analysis Figure 5 reports o(FoR)
disaggregated by prompt group and race. A Kruskal-Wallis
test confirms that prompt formulation is a statistically reli-
able source of variance in attribution behavior (H = 22.68,
p < 0.001). The direction of the Black-White volatility
asymmetry is not uniform: under Identity Anchor prompts,
Black subjects exhibit substantially higher variance (o
4.46) than White subjects (o = 1.65), a ratio of 2.70x. This
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Figure 4: Mean FoR (or ratioses) per Prompt Position

pattern reverses under Neutral prompts (Black: ¢ = 1.80;
White: 0 = 4.83) and Gender-Explicit prompts (Black:
o = 2.14; White: ¢ = 3.77). Only under Race-Explicit
prompts does the asymmetry consistently favor higher Black
volatility (Black: o = 2.95; White: 0 = 1.43). These re-
versals indicate that prompt structure moderates which de-
mographic group exhibits greater attentional instability, cau-
tioning against aggregate-level interpretations of sensitivity
scores.

Race-Conditioned Attentional Bias (RQ2)

This section reports subject-level FoR distributions and sta-
tistical comparisons across racial identity conditions. Boot-
strap 95% confidence intervals for mean FoR are reported
for each subject condition, as dipslayed in Figure 6. All
four subjects exhibit mean FoR values above the neutral
threshold of 1.0, indicating a general tendency toward face-
weighted attribution across the dataset. White Woman pro-
duces the widest confidence interval ([1.24, 2.09]), reflecting
high within-group variance, while White Man yields the nar-
rowest ([1.24, 1.52]), consistent with the lowest prompt sen-
sitivity observed in Method-level volatility. The substantial
overlap across all four intervals indicates that subject-level
differences in mean FoR are not statistically separable at the

FoR Volatility by Prompt Group & Race
5 4 A 922

Kruskal-Wallis
4.46 == Black H=22.68, p<0.001++*

mm White

o(FoR)

or icit icit ral
gertity AT gerxet poce X9 Newt

Figure 5: o(FoR) disaggregated by prompt group and racial
identity of the subject. Higher bars indicate greater attribu-
tion instability within that prompt group.
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aggregate level.
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Figure 6: Bootstrap 95% confidence intervals for mean FoR
per subject; dashed line indicates the neutral threshold.

Figure 7 presents the results of the race-explicit prompts
condition, which constitutes the P7 and P8 positioned in
our prompt-position sensitivity study. Saliency maps re-
veal that “scientist” prompts containing the word ‘black’
consistently concentrate attention on the face region across
Black, whereas prompts containing ‘white’ distribute atten-
tion more broadly across the scene. This suggests the model
has internalized an association between Black identity and
face-salient recognition, independent of the actual appear-
ance of the individual depicted.

Figure 8 presents Race gap in face attention (ratioses)
across race-explicit prompts and saliency methods. Race-
congruence effects (where face attention increases when the
prompt racial modifier matches the individual’s race) are
most pronounced for role higher in the occupational hierar-
chy (programmer, scientist) and manual labor roles (janitor,
chef). For programmer prompts, the Black-White congru-
ence gap reaches +10.08 (GAME) and +13.5 (Grad-ECLIP).
Notably, these same occupations carry well-documented
racial stereotypes in society, suggesting the model has inter-
nalized race-occupation co-occurrence patterns. Also, nega-
tive gaps are concentrated in service industry roles (barista,
call center agent), suggesting differential directional bias by
occupation type.

Gender-Conditioned Attentional Bias (RQ2)

This section reports subject-level FoR distributions and sta-
tistical comparisons across gender identity conditions.

Figure 9 presents the mean gender gap in the Face-
Occupation Ratio (FoR) across all prompts in the dataset,
computed as the difference in mean FoR between female
and male subjects under identical prompts and averaged
over all occupations and attribution methods. Positive val-
ues (green, rightward) indicate that female subjects receive
relatively greater face attention than male subjects under the
same prompt; negative values (amber, leftward) indicate the
opposite pattern.

The distribution exhibits a degree of positive skew, with
the upper tail extending to A = +12.32 (“a photo of
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a female caregiver”). However, this value is notably iso-
lated from the next highest observation (A = +2.17, “a
photo of a female nurse”), and both values are substantially
above the remainder of the positive distribution, which drops
sharply to A < +1.39. Whether these represent genuine
outliers or reflect a meaningful cluster of care-role prompts
warrants caution, although positive gaps are concentrated
among female-explicit and pronoun-based prompts directed
at care and service-associated roles “a photo of a female
nurse”, A = +2.17; “she is a janitor”, A = +1.39).

Notably, pronoun-based prompts ( “she is a janitor”, “she
is a programmer”) consistently produce larger gaps than
their adjectival counterparts (“a photo of a female janitor”,
“a photo of a female programmer”), indicating that implicit
gender signaling via pronouns redirects face attention more
strongly than explicit gender labeling.

For construction worker prompts, where “a photo of a
male construction worker” (A = +0.221) and “he is a con-
struction worker” (A = +0.138) both produce positive gaps
despite carrying male gender markers, indicating that female
subjects receive greater face attention even under prompts
that do not explicitly reference female markers.

This finding may be partially attributable to image-level
confounds specific to the construction worker stimuli. In the
PAIRS dataset images used for this occupation, both male
and female subjects wear identical occupational clothing,
i.e. hard hats, high-visibility vests, and work jackets. How-
ever, interpreting this as a mere visual ambiguity would itself
obscure a deeper bias: the implicit assumption that gender
should be visually resolvable from hair or body silhouette
encodes a narrow and exclusionary conception of gendered
appearance. Future works should explicitly examine model
behavior on subjects whose appearance does not conform
to the gender-diagnostic heuristics encoded in large-scale
training data, including individuals wearing religious arti-
facts such as head coverings/hijabs.

The negative tail is dominated by scientist and call-center
related prompts (“he is a scientist”, A = —2.28; “a photo of
a male scientist”, A = —2.22; “she is a call center agent”,
A = —2.06), where male subjects receive disproportion-
ately greater face attention. For scientist prompts, this pat-
tern is consistent with gender-role congruence operating in
the opposite direction: when the scientist label is paired with
a male subject, the model anchors on facial features as the
primary identity-confirming signal, with the occupational
prop (lab coat) providing insufficient additional disambigua-
tion. For call center agent prompts, the negative gap persists
across both female- and male-gendered variants (“she is a
call center agent”, A = —2.06; “he is a call center agent”,
A = —1.67), suggesting that the headset prop is insuffi-
ciently distinctive to modulate the gender effect, and that
male subjects’ faces carry higher diagnostic weight for this
occupationally ambiguous role.

A theoretically important finding is that several male-
gendered prompts (“he is a chef”, A = +0.26; “he is a
barista”, A = +0.15) nevertheless produce positive gaps,
indicating that female subjects receive greater face attention
even under prompts with male gender markers. To rigor-
ously assess whether the elevated FoR of female subjects



Race-Explicit Prompt Comparison — Black Man | White Man
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Figure 7: Saliency maps for Race-explicit prompts P7 (“a photo of the black scientist”) and P8 (“a photo of the white scientist”)
across four attribution methods, for Black male (left) and White male (right) subjects wearing a lab coat. Each row corresponds
to one attribution method (Grad-ECLIP, Grad-CAM, CLIP-Surgery, GAME) each column corresponds to one prompt—subject
combination.
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Race Gap in FoR (ratio_ses)
Across Race-Explicit Prompts and Methods

a photo of the black programmer 4 +2.65 SRR +0.20 EaERie)
a photo of the black scientist 4 +3.18 E@BBEl:} +0.31 +1.98

a photo of the black janitor 4 +1.42 | +6.70 +0.92 +2.96 10

a photo of the black chef4{ +2.85 +0.02 +0.59 +1.91

a photo of the white scientist { -0.10 +4.65 +0.13 +0.43

a photo of the white programmer 4 -0.69  -0.22  +0.07 +4.01

a photo of the black call center agent 1 +0.31 +0.19 -0.33 -3.78

a photo of the white janitor 4 +0.64 +1.53 +0.38 +1.23

a photo of the white call center agent 4 +0.23 -0.12  -0.30 -2.99

a photo of the white barista 4 +0.06 -1.38 -0.32 -1.72

a photo of the black farmer 4 +2.80 -0.19 -0.10 +0.13

a photo of the black nurse 4 +0.57 +1.95 +0.06 +0.60

Black — White (ratio_ses)

a photo of the black lawyer 4 +1.34 +0.79 -0.09 +0.70

a photo of the black barista 4 +0.66 +1.27 +0.01 +0.39

a photo of the white farmer 4 +1.02 -0.27 -0.33 -0.68

a photo of the white nurse 4 +0.51 -1.01 +0.04 +0.10

a photo of the white construction worker 4 -0.23  -0.74 +0.04 -0.64

a photo of the white lawyer 4 +0.09 +1.32 -0.04 -0.01 -10

a photo of the white chef { +0.74 -0.29 +0.02 +0.19

a photo of the black construction worker 4 +0.42  -0.36 +0.05 +0.41
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Figure 8: Race Gap heatmap in FoR (or ratios.s) across
race-explicit prompts for all methods.

under male-gendered prompts reflects a systematic pattern
rather than isolated observations, further statistical investi-
gation is warranted.

Comparison Between Explanation Methods (RQ3)

We observe that GAME produces systematically higher
FoR values with greater variance, while Grad-CAM consis-
tently falls below the neutral threshold. Rather than treat-
ing these as contradictory findings, we interpret them as re-
flecting the different computational substrates each method
accesses. Grad-CAM’s spatial averaging over convolutional
feature maps is known to favor large homogeneous regions,
which in our setting corresponds to clothing and back-
ground. GAME’s attention-weighted ensemble is more sen-
sitive to fine-grained spatial routing but also more suscepti-
ble to head-specific noise. We therefore treat cross-method
consistency as our primary criterion for a robust finding,
rather than the absolute magnitude of any single method.

CLIP-Surgery and Grad-ECLIP are specifically designed
to handle CLIP’s architectural quirks, so they tend to pro-
duce more semantically coherent maps for contrastive text-
image matching tasks.

Limitations

Several limitations should be considered when interpret-
ing these findings. The PAIRS dataset covers 20 occupa-
tion scenarios with four demographic subjects each, gener-
ated rather than real-world images, and limited to two racial
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Mean Gender Gap
in Face-Occupation Attention Ratio per Prompt

+12.320
+2.173
+1.391
+1.382

a photo of a female caregiver -
a photo of a female nurse -
she is a janitor -
she is a programmer -
a photo of a female janitor - +1.151
+1.151
+1.068
+1.021
+0.869
+0.733
+0.650
+0.555
+0.549
+0.542
+0.483

a photo of a cleaning lady -
she is a nurse -
a photo of a female programmer -
a photo of a female construction worker -
she is a construction worker -
she is a barista -
she is a lawyer -
a photo of a female typist -
a photo of a female laborer -
a photo of a female paralegal -
-0.166
-0.218
-0.228
-0.277
-0.407
-0.412
-0.513
-0.865
-0.913
-1.125
-1.194
heis a call center agent - -1.673
- -2.061

a photo of a male programmer -
she is a farmer -

he is a nurse -

a photo of a male farmer -

a photo of a male janitor -

he is a farmer -

he is a janitor -

a photo of a female receptionist -
she is a scientist -

a photo of a female call center agent -
a photo of a male call center agent -

she is a call center agent
a photo of a male scientist =2.216
he is a scientist -2.278

5% 3 6 13 3

« Man higher ~ Gap (Woman — Man) ~ Woman higher -
Figure 9: The figure displays the mean gender gap in the FoR
for the 60 prompts with the largest absolute gaps (top 15 per
direction), where positive values (green, rightward) indicate
that female subjects receive relatively more face attention
than male subjects under the same prompt, and negative val-

ues (amber, leftward) indicate the reverse.

categories, excluding other racial groups, age variation, and
disability status. Conclusions should therefore be treated as
preliminary and subject to validation on larger, more di-
verse benchmarks. Experiments are conducted exclusively
on CLIP ViT-B/16, and findings may not generalize to other
VLM architectures. Each attribution method carries known
limitations; no single method is universally reliable, and the
directional inconsistencies observed across methods reflect
this inherent variability rather than contradicting the overall
pattern of results. A further limitation concerns the absence
of human attention validation. The attribution maps ana-
lyzed here reflect model-internal computational processes
rather than human perceptual attention, and no ground-truth
data on how human observers attend to the same stimuli
was collected. Future work should incorporate human at-
tention benchmarks, such as eye-tracking data or annotator
saliency studies, to establish whether model attribution pat-
terns diverge systematically from human perceptual priori-
ties across demographic conditions.

Finally, the metric framework introduced here captures
region-level attention density but does not address all di-



mensions of spatial attribution behavior. Further metrics and
evaluation protocols remain an important direction for future
work.

Conclusion

In this study we examined identity-conditioned attentional
asymmetries in CLIP through a systematic analysis of post-
hoc visual attribution outputs across occupational prompt
conditions varying in racial and gender identity, with partic-
ular attention to how these asymmetries depend on prompt
formulation. To support this analysis, a novel metric frame-
work was introduced comprising the Saliency Enrichment
Score (SES) and the Face—Occupation Ratio (FoR) to
quantify where model attention is directed and how stably
that direction is maintained across prompt formulations. A
structured evaluation pipeline was applied across four at-
tribution methods (Grad-ECLIP, Grad-CAM, CLIP-Surgery,
and GAME) enabling cross-method assessment of whether
observed patterns reflect stable model properties or method-
ological artifacts. No single method dominates across all
evaluation criteria; each captures a distinct facet of the
model’s attribution behavior, and conclusions drawn from
any one method alone would be substantively incomplete.

The results show that the model does not attend to occu-
pational features uniformly across demographic groups, and
identity tokens modulate where and how stably the model
attends to the scene. This modulation is most clearly pat-
terned along racial and gender lines under explicit iden-
tity prompting, while subject-level differences under neu-
tral occupational prompts are directionally consistent but not
statistically separable at the aggregate level. This entangle-
ment between identity and occupational representation car-
ries direct practical implications for downstream applica-
tions of vision-language models in high-stakes professional
contexts: including hiring support systems, credential verifi-
cation pipelines, and clinical image tools.

This study was motivated by three research questions.
RQ1 is answered with qualification: saliency differences
across demographic groups are clearest under race-explicit
prompting (P7 vs. P8), where the strongest race-conditioned
differences in FoR are observed, alongside cross-method
variability. At the subject level, under identical occupational
prompts, Black subject conditions show directionally higher
faithfulness scores and greater FoR volatility than White
subject conditions, but bootstrap confidence intervals for
mean FoR overlap across all four subject conditions (Figure
6), so this difference is not statistically separable at the ag-
gregate level. RQ1 is therefore supported for prompt-explicit
identity conditioning, while the subject-level effect remains
a directional trend requiring further statistical power to con-
frm. RQ2 is likewise confirmed: both race- and gender-
explicit prompt modifications amplify observed differences
in saliency distribution relative to identity-anchored condi-
tions. And finally, RQ3 reveals partial cross-method agree-
ment: Grad-ECLIP, CLIP-Surgery, and GAME produce con-
sistent directional signals, while Grad-CAM constitutes an
exception, and methods diverge substantially in magnitude;
reinforcing the view that cross-method convergence should
be treated as an evidential standard rather than an optional
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check in attribution-based bias auditing. The metric frame-
work and evaluation pipeline establish an empirical base-
line for future attribution-based auditing of vision-language
models. Future investigations should extend this framework
to real-world datasets, including photographs of individu-
als spanning additional demographic axes such as age, dis-
ability, and intersectional race combinations. This represents
a natural and necessary direction for comprehensive model
auditing.

Appendix: Prompt Generation Protocol

Benchmark prompts were generated using GPT-4o
(gpt-40-2024-05-13) under a fixed meta-prompt,
reproduced in full in the supplementary material, with
temperature set to 0.1 to minimize output variability across
runs. The meta-prompt specified an 11-position prompt
structure per subject: an identity-anchored opening position,
seven shared occupation/gender/race-variant positions, and
three scenario-specific role-variant positions. All candidate
prompts were reviewed by the authors against three inclu-
sion criteria: lexical naturalness (the prompt reads as a
plausible natural language description), affective neutrality
(no evaluative or connotative language beyond occupational
and identity descriptors), and structural parallelism
(the syntactic position of the identity token is consistent
across demographic variants). Prompts failing any criterion
were revised or discarded by author consensus. The final
benchmark comprises 11 prompts per subject across 20
occupational scenarios and 4 demographic conditions,
yielding 880 image-prompt pairs in total.
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