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Bias in Gender Bias Benchmarks:
How Spurious Features Distort Evaluation
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Figure 1. We investigate how non-gender features affect gender bias evaluations in VLMs through feature-perturbation analysis, revealing
that measured biases are highly sensitive to spurious features, compromising the validity of direct gender bias assessments. Left: Simplified
causal graph of gender bias evaluation, illustrating how spurious non-gender features (B) can influence the relationship between gender
(@) and model outputs (O). Right: Our perturbation analysis on these spurious features (e.g., shifting hues or randomly masking object)
shows that even small modifications affect model predictions (B — O), thus obscuring the true gender bias (G — O) we aim to measure.

Abstract

Gender bias in vision-language foundation models (VLMs)
raises concerns about their safe deployment and is typi-
cally evaluated using benchmarks with gender annotations
on real-world images. However, as these benchmarks of-
ten contain spurious correlations between gender and non-
gender features, such as objects and backgrounds, we iden-
tify a critical oversight in gender bias evaluation: Do spu-
rious features distort gender bias evaluation? To address
this question, we systematically perturb non-gender fea-
tures across four widely used benchmarks (COCO-gender,
FACET, MIAP, and PHASE) and various VLMs to quantify
their impact on bias evaluation. Our findings reveal that
even minimal perturbations, such as masking just 10% of
objects or weakly blurring backgrounds, can dramatically
alter bias scores, shifting metrics by up to 175% in gen-
erative VLMs and 43% in CLIP variants. This suggests
that current bias evaluations often reflect model responses
to spurious features rather than gender bias, undermin-
ing their reliability. Since creating spurious feature-free
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benchmarks is fundamentally challenging, we recommend
reporting bias metrics alongside feature-sensitivity mea-
surements to enable a more reliable bias assessment.

1. Introduction

Gender bias is a critical concern in vision-language founda-
tion models (VLMSs), such as LLaVA [26] and CLIP [35],
limiting their reliable deployment [4, 10, 36, 40, 61]. For
instance, Girrbach et al. [14] found that generative VLMs!
such as LLaVA and InternVL [5] tend to assign positive
traits like “friendly” to women while attributing negative
traits such as “arrogant” more frequently to men. Similarly,
CLIP variants exhibit gender biases, favoring stereotypi-
cal associations such as linking women to nursing-related
prompts [9, 34, 38, 39, 47, 49, 53, 59].

To measure gender bias in computer vision models, var-
ious studies have introduced benchmarks with explicit gen-

'In this work, we refer to generative models like LLaVA as “genera-
tive VLMs”, dual-encoder models as “CLIP variants”, and use “VLMSs” to
encompass both categories.



der annotations for real-world image datasets [12, 15, 41,
69]. For example, Zhao et al. [69] presented COCO-gender
benchmark, which contains binary gender labels, { woman,
man}, for the COCO validation set to analyze perfor-
mance disparities in image captioning. Furthermore, these
benchmarks have also been used to evaluate gender bias
in VLMs: CLIP variants have been assessed by measur-
ing gender imbalances in top-k retrieval results for gender-
neutral prompts (e.g., “A photo of a nurse”) [2, 8, 67], and
generative VLMs like Qwen2-VL [55] have examined their
response disparities in predicted answers to gender-neutral
questions (e.g., “Is this person selfish?”) [14, 22, 60].

In this paper, we argue that despite their widespread
adoption and demonstrated utility, existing gender bias
benchmarks have limitations due to how individuals of dif-
ferent genders appear in distinct contexts in real-world im-
ages. Meister et al. [31] showed that in COCO and Open-
Images [23], non-gender features, such as color and objects,
can spuriously correlate with gender (i.e., G — B in Fig-
ure 1). In Section 3, extending this area of research, our
preliminary experiments examine whether similar features
exist in four well-known gender bias benchmarks, COCO-
gender, FACET [15], MIAP [41], and PHASE [12], con-
firming that color, object, and background consistently act
as spurious features across all four datasets.

The presence of these spurious features raises a critical
yet overlooked question in gender bias evaluation: Do spu-
rious features cause inaccurate gender bias assessments?
Specifically, we examine whether spuriously correlated fea-
tures, i.e., B, influence model outputs, i.e., B — O, making
it difficult to isolate the direct effect of gender on outputs,
i.e., G — O, and undermining fair bias evaluation. Accord-
ingly, we investigate how non-gender features contribute to
the G — B — O effect and propose a practical approach
for more reliable bias assessment in the presence of spuri-
ous features, as outlined below:

Spurious features lead to inaccurate gender bias eval-
uation (B — O). In Section 4, we thoroughly ex-
amine how non-gender features affect gender bias evalu-
ations through controlled interventions that generate per-
turbed variants. Specifically, we synthesize perturbed im-
ages by modifying non-gender features, e.g., adjusting hue
to alter color or randomly masking 10-30% of objects (Fig-
ure 1). We then compare bias measurements on the original
and perturbed images, finding that even small perturbations
can substantially alter results (Figure 1). Notably, mask-
ing just 10% of objects shifts bias evaluation of LLaVA-
OneVision [24] by an average of 20.1% and CLIP-ViT-B/32
by 16.6%. In contrast, for lighting, which is not strongly
correlated with gender, substantial changes have little ef-
fect on measured bias. These findings highlight the strong
influence of spurious features, indicating that current bias
evaluations capture model responses to these features rather
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than accurately measuring models’ gender bias.

Toward more reliable bias evaluation.  Finally, in
Section 5, we discuss the fundamental challenges in cre-
ating spurious-feature-free benchmarks and propose prac-
tical recommendations for more reliable bias assessments.
Based on prior research, we discuss how features like color
and background remain difficult to comprehensively anno-
tate and balance across genders [31, 57]. Moreover, gender-
balanced dataset generation using text-to-image generation
models can introduce their own biases [1, 3, 6, 29], making
it infeasible to create benchmarks without spurious features.
Given these inherent limitations, we instead recommend a
new evaluation protocol that reports bias metrics alongside
feature-sensitivity measurements from controlled perturba-
tion tests, like in Section 4, enabling researchers and prac-
titioners to estimate the influence of non-gender features
on measured bias and distinguish between unbiased mod-
els and those that merely appear fair due to dataset biases.

2. Related Work

Gender bias benchmarks. To evaluate gender bias
in computer vision models, various studies have intro-
duced real-world image datasets with gender annotations
[12, 15, 41, 43, 69, 70]. Zhao et al. [69] collected per-
ceived gender labels for COCO [25], while Garcia et al. [12]
provided more inclusive annotations for human attributes
for Google Conceptual Captions [44], including perceived
age and ethnicity. Compared to synthetic alternatives, e.g.,
[36, 56], these benchmarks better reflect real-world deploy-
ment and avoid generative biases [3, 6], revealing unfair
model behaviors across human attributes [16, 51, 52].

Gender bias evaluation for VLMs. Recent studies have
proposed various methods to evaluate gender bias in VLMs
using the benchmarks above [16, 18, 19, 21, 46]. For gen-
erative VLMs, Girrbach et al. [14] proposed a VQA-based
approach that examines how models exhibit gender dispar-
ities in responses about personality, skills, and occupations,
often reflecting stereotypes. For CLIP variants, retrieval-
based evaluations [2, 7, 43] measure bias by measuring gen-
der imbalances in retrieved images. While these methods
provide valuable insights, we question their reliability in the
presence of spurious features in benchmark datasets.

Spurious features in computer vision datasets. Semi-
nal work by Meister et al. [31] identified spurious correla-
tions between gender and visual features in image datasets,
e.g., cues like color tones (warmer hues for women, cooler
for men) and object co-occurrences. More recently, Zeng
et al. [65] showed that even after removing texture infor-
mation, neural networks could still classify dataset origins,
highlighting pervasive dataset biases. These findings con-
firm the existence of non-gender features correlated with
gender. Our work builds on these insights by quantifying
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Figure 2. Examples of feature-extracted inputs (i.e., I;). Note that
Iobjeet 1s @ multi-hot representation of the detected objects.

their impact on gender bias measurements in VLMs.

3. Preliminary: Detecting Spurious Features

Building on the observation that non-gender features (e.g.,
color, objects) can spuriously correlate with gender labels
(G — B) [31], we examine their prevalence in common
benchmarks as a step toward assessing their downstream
impact on model outputs (B — O).

Notation. Let D denote a test dataset with samples
(I,g), where I is an image, and g € G is a binary gen-
der label, i.e., G = {woman,man}.” A non-gender fea-
ture b € B may spuriously correlate with ¢ € §, and
we focus on color, lighting, object, and background, i.e.,
B = {color, lighting, object, background}. Since our main
goal is to investigate whether spurious features affect model
predictions (i.e., B — O), we prioritize features that can be
perturbed for the B — O analysis in Section 4, rather than
cataloging all possible features. We further discuss and val-
idate this selection in Appendix A.

Identifying spurious features. Following [31], we esti-
mate whether a feature b is spuriously correlated with gen-
der. Let F} be a feature extraction operation: Fojor down-
samples I to 8 X 8, Flighing does the same while averaging
HSV values per patch, Fipiec: produces a multi-hot vector of
detected objects [71], and Fyackground blackouts the person’s
region.” As shown in Figure 2, a feature-extracted input
I, = Fy(I) retains only the information specific to b (e.g.,
downsampled images retain only color). We train a gender
classifier ¢, on Dy, = {(Ip,g) | (I,9) € D} to predict the
gender from Ij:

9= p(Ip). (1
The classifier’s accuracy is computed on the test set Dj;:
Acc,=—— Y 1[g=g], 2)
DIl 52,
bag)EDb

where accuracies above random chance rate (i.e., 50%) in-
dicate that b is spuriously correlated with gender in D.

Experimental settings. We investigate four popular gen-
der bias benchmarks: COCO-gender, FACET, MIAP, and

2Since most benchmarks provide binary gender annotations [12, 41,
69], we focus on binary gender in this paper.
3Every image in D comes with person bounding box annotations.
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Table 1. Gender prediction accuracies (%) using isolated features
across benchmarks. Values above 50% indicate features that spu-
riously correlate with gender.

Benchmark Color Lighting Object  Background
COCO-gender 563+39 51.0+£20 763+1.6 60.9 +2.9
FACET 570+ 1.1 499+17 70.6+0.5 62.1+24
MIAP 575+23 517428 733+1.0 583+ 13
PHASE 68.0+08 60.14+20 813+12 66.3 £ 2.0

PHASE. Benchmark details, including dataset statistics, are
in Appendix C.1. We randomly sample images to balance
the gender ratio, then split them into training, validation,
and test sets (8 : 1 : 1 ratio). We employ ConvNeXt-B* [27]
as the gender classifier for color, lighting, and background,
and a two-layer multilayer perceptron with ReLU [33] for
object. Classifiers are trained with early stopping, repeated
five times with different random seeds.

Results. The classification accuracies (i.e., Accy in Eq. (2))
are shown in Table 1. Notably, color, object, and back-
ground features yield accuracies well above random chance
(= 50%) for all the benchmarks, indicating these features
can be spuriously correlated with gender. Among them, ob-
Jject exhibits the strongest correlation, suggesting it can be
the most influential spurious feature, whereas lighting re-
mains near random chance for COCO-gender, FACET, and
MIAP, indicating weaker spurious effects.

4. Impact of Spurious Features on Gender Bias
Evaluation

Given the results of Section 3, where color, object, and
background are spuriously correlated with gender across all
benchmarks, i.e., G — B, we now investigate their impact
on model predictions, leading to unreliable bias measure-
ment. In Section 4.1, we outline bias measurement meth-
ods for VLMs, followed by our controlled intervention ap-
proach in Section 4.2, which perturbs these features to ana-
lyze their effect on bias evaluations (i.e., B — O).

4.1. Gender Bias Evaluation

Following prior work on evaluating gender bias in VLMs,
we adopt two major evaluation methods based on different
tasks and models: 1) visual question answering (VQA) for
generative VLMs [14, 56, 62], and 2) text-to-image retrieval
for CLIP variants [2, 7, 8, 43]. Both methods examine
model responses to gender-neutral text prompts Q, compar-
ing outputs across genders. We detail these bias measure-
ment methods below, with further details in Appendix C.3.

VQA-based evaluation for generative VLMs. To evalu-
ate gender bias in generative VLMs, we employ the latest,
comprehensive method from [14]. Given a gender-neutral

“In Appendix D.3, we also show the results using ResNet-50 [17] as
the gender classifier, leading to consistent observations.



question, ¢ € Q, about personality traits (e.g., “Is this per-
son selfish?”), skills (e.g., “Can this person work indepen-
dently?”), and occupations (e.g., “Can this person become
a teacher?””), models choose among “Yes”, “No”, and “Un-
sure” . Let i denote a VLM under evaluation, with outputs
6 = h(I,q). Bias is quantified as the difference in the prob-
ability of selecting “Yes” between female and male images:

1
| D |

YGap =

> e

I€Dy,

= Yes] — 1 [6

I€D,,

Yes],

3)
where D,, and D,, are man and woman images, respec-
tively. The absolute value of YGap indicates bias strength,
with positive values favoring men and negative values fa-
voring women.

1
| D

Text-to-image retrieval for CLIP. Following prior work
on gender bias in CLIP, we use the MaxSkew metric [13] to
quantify bias in text-to-image retrieval. MaxSkew measures
deviations in retrieved gender proportions from an unbiased
ratio (i.e., 1 : 1 for gender-balanced datasets). Let ¢ € Q
be a gender-neutral prompt (e.g., “A photo of a doctor”)
and ¢4 4(k) the fraction of top-k retrieved images labeled
with gender ¢ for prompt ¢. In an unbiased model, ¢4 4(k)
should equal 1/|G| (= 1/2 for binary gender) as ¢ is gender-
neutral. MaxSkew is defined as:

Pg.4(K)

MaxSkew @k = maxlog “4/~, @

where higher values indicate a stronger gender bias.

4.2. Controlled Interventions to Analyze B — O

To analyze the impact of non-gender features b € 13 on gen-
der bias measurements, we conduct controlled interventions
on b. Our framework comprises 1) feature perturbation,
which modifies a non-gender feature b, and 2) feature sen-
sitivity analysis, which evaluates how b affects the model’s
predictions by comparing bias scores between original and
perturbed images, as detailed below:

Feature perturbation. To analyze how non-gender fea-
ture b affects gender bias evaluation, we design a controlled
intervention that perturbs b in I. Let P, denote a pertur-
bation operation, where Peor shifts the hue, Pjighing mod-
ifies brightness in HSV space, Popjece randomly blackouts
objects, and Fhackground blurs background regions. Perturba-
tion strength is controlled by s € {weak, middle, strong}
(e.g., masking 10%, 20%, or 30% of objects), with com-
plete implementation details provided in Appendix C.2. As
shown in Figure 3, each perturbation is designed to avoid
changing perceived gender recognition.” We focus on sim-
ple image processing-based perturbations (e.g., hue shifts,

SIn Appendix D.1, we present a human study, confirming that these
perturbations do not affect gender recognition in images.
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background blurring) that are easily controlled. We refrain
from using advanced content-editing with generative mod-
els [37], as they can inject their own biases [11, 28, 32, 42]
and risk contaminating our analysis (further discussed in
Appendix B). Applying the perturbation, we obtain a new
test set, Dy

Dy, =A{(Pys(I),9) | (I,9) € D}. 5)

Feature sensitivity analysis. Given an original dataset D
and its perturbed variant D; _, we quantify how strongly b
affects gender bias measurements (B — O) by comparing
bias scores on both sets. We define M (D, Q; h) as a func-
tion that measures the gender bias (e.g., YGap or MaxSkew)
of a VLM h with a set of prompts Q on D. The impact of
perturbing b is measured by the relative difference in bias
scores between the original and perturbed images:

M(D, Q;h) — M(D}, ,, Q; h)

A =100 x M(D, O:h)

(6)

A large A indicates a strong B — O effect, while a small
A suggests that b has little influence.

4.3. Why G — B Causes Unfair Bias Measurement?
We provide a theoretical perspective on how a spurious cor-
relation G — B distorts bias measurement.

Case 1. No correlation between G and B. When B is not
correlated with GG, we have:

p(B=0b|G=g)=p(B=0). (7

Thus, model outputs o for images labeled with gender g can
be described as:

p<o|g>:/p<o|g,b>p<b\g>db

- / p(o | 9.5) p(b) db.

Suppose our feature-perturbation P,  preserves the distri-
bution, i.e., p(B’ = V') = p(B = b), and is independent of
G. Under the no-correlation condition in Eq. (7), we have
p(B' =V |G=g)=pB =V)=pB =1). There-
fore, the perturbed output distribution remains similar:

®)

€))

ppm(OIQ)=/p(0|g7b’)p(b’) dv’ = plo|g). (10)

This leads to small values of A, indicating minimal impact
on the measured bias.
Case 2. Correlation between G and B exists. When G
and B are correlated, i.e., p(B =b| G = g) # p(B =),
the model outputs are:

plo] g) = /p<o lg.0)p(b]g)db. A1)
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After applying the perturbation, even though the marginal
distribution is preserved, the conditional distributions differ,
ie,p(B =0 |G=g)#pB=>b]|G = g), because
the perturbation alters the correlation structure. As a result:

Preri(0 ] 9) = / p(o] 9.6) p(t' | g) A # p(o | g).
(12)

Thus, when G — B exists, perturbing B distorts the bias
measurement, resulting in large A values. This indicates
that bias measurements reflect spurious features rather than
the actual gender bias, leading to unfair evaluations.

4.4. Experiments: Generative VLMs

Using the controlled intervention in Section 4.2, we eval-
uate how non-gender features affect bias measurements in
generative VLMs using the YGap metric in Section 4.1.

Experimental settings. We benchmark recent gen-
erative VLMs, including LLaVA-1.5-7B [26], LLaVA-
OneVision-7B [24], Qwen2-VL-7B [55], InternVL-2.5-8B
[5], mPLUT-OwI3-7B [63], and EAGLE-8B [45]. As de-
tailed in Section 4.1, we evaluate models across three do-
mains: personality traits (e.g., “Is the person in this image
selfish?”), skills (e.g., “Does this person have the ability to
work independently?”), and occupations (e.g., “Would this
person be better suited to be a teacher?”’), with responses
chosen from “Yes”, “No”, and “Unsure”. We compute
YGap between woman and man images and measure the
impact of feature perturbations using A. Cases where the
original YGap is nearly zero are excluded to avoid unstable
A calculations. We describe more details in Appendix C.3.°

©Unlike [14], which uses person-cropped images, we use full images to
retain contextual information, better reflecting real-world model behavior.
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Figure 3. Examples of the feature-perturbed images and the predictions of LLaVA-1.5-7B for the original and modified images.

Results. Table 2 shows the relative difference in YGap
between original and perturbed images (i.e., A in Eq. (6)).
Original YGap values for each model and dataset are in Ap-
pendix D.2. The main observations are summarized below.

Observation 1.1. Object and background perturba-
tions significantly shift measured bias. Object and
background modifications have the strongest impact on
bias measurements. For instance, LLaVA-OneVision-7B
exhibits a 165.84% change on COCO-gender, even with
weak background blurring. Similarly, masking just 10%
of objects (weak perturbation) highly alters YGap, with
Qwen2-VL-7B showing a 40.98% difference on FACET
and InternVL-2.5-8B a 48.86% change on MIAP, despite
the minimal visual changes. This supports our theoretical
prediction in Eq. (12) that features strongly correlated with
gender distort bias measurements when perturbed, under-
lining that the G — B — O path skews bias evaluation. As
shown in Figure 3, feature perturbations can completely flip
model predictions—for example, LLaVA-1.5’s response to
“Can this person become a salesperson?” changes from
“No” to “Yes” after background blurring. This confirms
that current bias evaluations capture model responses to
spurious features rather than actual gender bias, under-
mining their reliability.

Observation 1.2. Color perturbations have a moder-
ate impact, while lighting has minimal effect. While less
influential than object and background perturbations, color
changes still notably affect bias measurements. For exam-
ple, EAGLE-8B shows a 20.88% shift with strong color
perturbations on MIAP. In contrast, lighting modifications
consistently produce the smallest impact across all models
and datasets, with most values remaining below 10%. Vi-
sual examples in Figure 3, where strong hue shifts alter the
model prediction while strong lighting perturbations do not,



Table 2. YGap relative difference (A) for generative VLMs. Weak, middle, and strong mean the level of the image perturbation. Values
are color-coded from white (0%) to red (50% or higher) to highlight the impact of different spurious features. Cases where the original
YGap value is nearly zero (YGap < 0.005) are excluded as they lead to unstable A calculation (e.g., InternVL-2.5-8B for COCO-gender).

Color Lighting Object Background
Model weak middle strong ~ weak middle strong weak middle strong weak middle strong
COCO-gender
LLaVA-1.5-7B 1.76 3.06 588 3.22 1.14 188 1285 2678 31.82 6.04 13.61 10.77
LLaVA-OneVision-7B ~ 5.71 9.34 1230 1.07 178 832  31.10 46.13 55.62 165.84 183.92 175.77
Qwen2-VL-7B 3.23 508 2.03 0.67 1.61 336 19.62 1944 945 8.74 9.75 10.15
mPLUG-Ow13-7B 1.21 323 7.04 2.11 181 879 2948 2644 7.09 17542 176.71 179.90
EAGLE-8B 7.57 2.64 1541 5.29 231 956 8.16 19.50 30.56 38.60 33.51 19.14
FACET
LLaVA-1.5-7B 1.76 1.28  6.50 0.51 1.53 249 1886 36.62 54.80 23.56 2338 11.82
LLaVA-OneVision-7B  0.29 295  6.63 0.21 124 211 11.03 10.61 13.92 7.81 477 2497
Qwen2-VL-7B 6.20 1327 13.79 1.57 924 558 4098 249 6858  103.71 169.85 178.41
mPLUG-Ow13-7B 3.47 429  6.56 3.53 377 664 3573 4170 61.12 63.21 7.12 | 53.25
EAGLE-8B 034 1028 12.63 3.51 129 057 1.03 353 8.90 20.15 9.59 15.59
MIAP
LLaVA-1.5-7B 4.52 6.21 16.97 2.31 274 2.02 19.49 22.64 36.79 15.85 17.94 2.55
LLaVA-OneVision-7B ~ 3.78 9.96 25.52 6.03 254 509 3526 7422 1827 87.74 174.42 202.74
Qwen2-VL-7B 2.61 394 350 0.69 095 140 10.60  19.69 14.48 5.59 9.56 19.13
InternVL-2.5-8B 23.17 10.89 20.34 4.58 446 256 4886 42.60 50.27 2327 31.64 17.86
EAGLE-8B 3.60 9.54 20.88 0.62 001 3.58 2269 7297 64.30 1331  31.72 23.86
PHASE
LLaVA-OneVision-7B  1.48 531 11.16 0.32 1.35  3.06 274 11.01 21.05 15.68 2323 25.67
Qwen2-VL-7B 0.16 0.06 3.22 1.08 424 3.60 1.58 533 754 28.85 2776 23.97
InternVL-2.5-8B 10.92 728  7.06 5.89 086  5.56 584 1568 26.84 6.48 11.01 11.24
EAGLE-8B 2.19 432  6.87 3.40 202 322 16.02 2879 39.17 18.97 2039 2278
Generative VLMs (Capped by A =100 ) CLIP Variants
100 50
g 80 2 40
5 5
g 60 ;E 30
o [a)]
é 40 g 20
o o
g 2 P + & 10
0 0
0.50 0.55 0.60 0.65 0.70 075 0.80 0.50 0.55 0.60 0.65 0.70 0.75 0.80
Spurious Feature Classification Accuracy Acc, Benchmark Feature Spurious Feature Classification Accuracy Acc,,
COCO-gender ® Color
FACET ®  Lighting
Pearson’s r = 0.31 MIAP ®  Object Pearson’s r = 0.54
PHASE + Background

Figure 4. Spurious correlation strength (Accp, in Tab. 1) vs. relative difference A for generative VLMs (left) and CLIP variants (right). The
dashed line shows the correlation, demonstrating that stronger spurious correlations tend to cause larger shifts in bias measurements.

further verify this observation. This supports our theoreti-
cal framework in Eq. (10), where lighting, the least gender-
correlated feature in Table 1, leads to minimal bias mea-
surement shifts when perturbed.

Observation 1.3. Spurious feature strength partly ex-
plains bias shifts, while model factors matter.  Fig-
ure 4 (left) shows the correlation between spurious fea-
ture strength (i.e., Accy in Table 1) and A. The positive
correlation (r = 0.31) supports our framework: features
more strongly correlated with gender tend to induce larger
shifts in bias measurements when perturbed. However, the
moderate correlation suggests that model architecture also
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plays a key role. For instance, while LLaVA-OneVision-7B
is highly sensitive to background perturbations on MIAP,
other models are more resilient. These findings highlight
that effective bias evaluation must account for both spurious
features and model-specific vulnerabilities to these features.

4.5. Experiments: CLIP Variants

We also analyze CLIP variants, evaluating how feature
perturbations affect gender bias measurements using the
MaxSkew metric in Section 4.1.

Experimental settings. We benchmark five CLIP variants:
the original CLIP [35] with ViT-B/32, ViT-L/14, and ViT-



Table 3. MaxSkew @1000 relative difference (A) for CLIP variants. Weak, middle, and strong mean the level of the image perturbation.
Values are color-coded from white (0%) to red (50% or higher) to highlight the impact of feature perturbation.

Color Lighting Object Background
Model weak middle strong weak middle strong weak middle strong weak middle strong
COCO-gender
ViT-B/32 0.81 217 334 0.49 1.17 1.13 11.56 1848 23.37 14.34 9.77 13.28
ViT-L/14 1.23 3.15 546 0.60 093 083 14.82 1856 22.20 15.43 6.45  7.46
ViT-H/14 0.53 231 4.11 0.47 1.30 1.56 11.58  13.89 15.66 6.76 556 544
SigLIP-ViT-S/14  0.61 1.65 232 0.48 1.13 1.19 6.68 9.70 1175 1224 1490 16.31
CoCa-ViT-L/14 0.60 130  2.63 0.55 0.99 1.23 1025 1463 18.18 1234 1484 12.12
FACET
ViT-B/32 0.79 404 561 1.16 246 281 21.86 25.03 2422 9.90 10.71 6.82
VIiT-L/14 1.11 1.69  3.69 1.44 1.42 1.37 17.83 1870 17.82 11.34 1592 17.81
ViT-H/14 0.84 129 242 0.36 0.82 061 1648 1836 20.37 8.66 11.70 10.39
SigLIP-ViT-S/14  0.79 1.83 299 0.54 1.04 1.83 6.67 533 514 1275 1481 17.79
CoCa-ViT-L-/4 1.13 204 478 0.66 1.31 2.16 17.99 2003 1943 4.37 7.68 10.81
MIAP
ViT-B/32 1.05 3.65 433 0.40 1.17 1.44 18.15  19.03 21.90 4.70 495  6.14
ViT-L/14 0.78 1.22 1.27 0.54 0.97 1.45 891 10.14 1271 22,07 21.18 18.18
ViT-H/14 0.80 1.61 1.47 0.62 1.13 1.35 11.78  13.15 16.64 15.08 9.70  6.05
SigLIP-ViT-S/14  0.54 227 412 0.46 0.83 1.09 3.19 393 418 9.34 9.90 11.27
CoCa-ViT-L/14 0.99 334 3.03 0.46 0.54 1.60 10.28 992 1143 1296  11.13 8.54
PHASE
ViT-B/32 1.02 466 744 1.03 1.68 1.83 1474 1464 1474 43.09 4548 51.01
ViT-L/14 1.16 1.76 259 2.79 8.38 13.36 17.90 1557 18.28 24.15 1724 18.66
ViT-H/14 1.05 129 262 2.97 472 541 16.04 1433 15.90 10.65 6.51 6.32
SigLIP-ViT-S/14  0.59 0.79  0.69 0.54 1.14 1.51 3.56 3.61 5.66 2199 2647 27.53
CoCa-ViT-L/14 0.68 209 281 1.16 428  7.08 1646 1734 16.57 29.75 3122 31.02

A photo of an
unkind person

Figure 5. Top-10 retrieved images by SigLIP-ViT-S/14 for the prompt “A photo of an unkind person” on original and background blurred
images (weak perturbation). Green-bordered pairs indicate images retrieved in both sets. The minimal overlap (only one shared image)

highlights the model’s sensitivity to background changes.

H/14 backbones, SigLIP-ViT-S/14 [66], and CoCa-ViT-
L/14 [64]. For MaxSkew, we create gender-balanced test
sets by sampling equal numbers of male and female images
across 5 random seeds and report averages. Following prior
work [20, 43], we evaluate using gender-neutral prompts in
two categories: adjectives (e.g., “A photo of an unkind per-
son”) and occupations (e.g., “A photo of a doctor”). We
compute MaxSkew@1000 on original and perturbed im-
ages to measure A, which further details Appendix C.3.

Results. Table 3 shows the relative difference between
MaxSkew@1000 for the original and perturbed images.
Further details, including the original MaxSkew values for
each model and benchmark, are in Appendix D.2. We sum-
marize the main findings below.

Observation 2.1. CLIP variants exhibit similar vul-
nerabilities to generative VLMs. Like generative VLMs,
CLIP variants are most sensitive to object and background

perturbations, with object modifications shifting bias up to
25.03% for ViT-B/32 on FACET and background changes
causing up to 51.01% for ViT-B/32 on PHASE. Figure 5
further demonstrates this, where weak background blurring
drastically alters the retrieval results, confirming the strong
dependence on the background. While color and light-
ing perturbations generally have less impact, CLIP models
show distinct sensitivity patterns: color perturbations typi-
cally induce moderate shifts (< 5%), while lighting effects
remain minimal (< 2%). These findings highlight that the
G — B — O path distorts bias evaluation across differ-
ent types of VLMs, making these benchmarks unreliable
for measuring gender bias.

Observation 2.2. CLIP variants show a stronger cor-
relation between spurious feature strength and bias im-
pact than generative VLMs. As shown in Figure 4 (right),
the correlation between spurious feature strength and bias
impact is higher for CLIP models (Pearson’s r = 0.54)
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Figure 6. Relative bias ranking changes of generative VLMs un-
der object perturbations on FACET (left) and CLIP variants un-
der background perturbations on COCO-gender (right), based on
YGap and MaxSkew values, respectively. Complete results are in
Appendix D.2. Feature perturbations alter rankings, raising con-
cerns about the reliability of current evaluations.

than for generative VLMs (r = 0.31). This suggests that
CLIP models may rely more on spurious features, making
their bias measurements more susceptible to dataset arti-
facts. These findings further confirm the G — B — O path
as a fundamental challenge in VLM bias evaluation across
VLM, highlighting the limitations of current frameworks in
reliably measuring actual gender bias.

Observation 2.3. Feature perturbations drastically al-
ter model rankings in bias benchmarks. Beyond sensi-
tivity measurement by A, spurious features can completely
reshape model comparisons. As shown in Figure 6, per-
turbing non-gender features can shift the relative ranking of
models. For example, in generative VLMs (left), Qwen2-
VL moves from the least biased model on original images
to the second most biased under object perturbations. This
raises concerns about using these benchmarks to identify
“less biased”” models, as rankings may primarily reflect re-
liance on spurious features rather than actual gender bias.

Summary: Spurious features distort gender bias
evaluations in VLMs, leading to unreliable bias as-
sessments that reflect the model responses to spuri-
ous features rather than true model bias.

5. Toward More Reliable Bias Evaluation

In this section, we examine the fundamental challenges
in creating spurious-feature-free benchmarks and propose
practical recommendations for more reliable assessment
methods that acknowledge these limitations.

On the impossibility of creating spurious-feature-free
benchmarks. Completely eliminating non-gender spuri-
ous features from datasets is challenging, as recent studies
demonstrate. First, as shown by Wang et al. [57], many
non-gender features, such as color and background, remain
unannotated or are challenging and near-impossible to an-
notate, making it infeasible to balance the dataset across
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these features. Second, attempts to aggressively remove
gender-correlated features risk eliminating genuinely in-
formative visual cues in a phenomenon known as “over-
adjustment” [58]. Moreover, even synthetic data genera-
tion approaches that aim to create counterfactual examples
using recent text-to-image generative models can introduce
their own biases [30, 48, 50, 54, 68]. As we demonstrated
in Section 4, VLMs inevitably exploit spurious features in
their predictions, rendering bias measurements on the exist-
ing benchmarks unreliable indicators of actual gender bias.

Recommendations toward more reliable gender bias
evaluation.  Given the demonstrated difficulty of creat-
ing spurious-feature-free benchmarks, we recommend de-
veloping evaluation protocols that explicitly account for
the presence of spurious features rather than assuming
they can be eliminated. Specifically, we suggest reporting
bias metrics alongside feature-sensitivity measurements de-
rived from controlled perturbation tests like those in our
study (i.e., A values). One practical approach is to cre-
ate a two-dimensional evaluation framework where mod-
els are assessed on both their measured bias scores (e.g.,
YGap, MaxSkew) and their stability under perturbations
(average A across feature types). For instance, a model
with YGap = 0.05 and average A = 10% would be con-
sidered more reliably unbiased than one with YGap = 0.03
but A = 50%. Additionally, we could compute a compos-
ite score 8 = Bias x (1 + aA), where « is a weighting
parameter that prioritizes stability. This approach enables
users to quantify the reliability of bias evaluations them-
selves, distinguishing between genuinely less-biased mod-
els and those that merely appear unbiased because of spe-
cific non-gender feature conditions.

Summary: Creating spurious-feature-free bench-
marks is fundamentally challenging, requiring new
evaluation methods that explicitly account for how
non-gender features affect bias measurements.

6. Conclusion

We examine how non-gender spurious features in bench-
marks distort gender bias measurements in VLMs. Our
controlled perturbation experiments show that even mi-
nor modifications to color, objects, and backgrounds
can greatly affect bias metrics, with stronger gender-
correlated features causing larger distortions.  These
results confirm that current gender bias evaluations reflect
responses to spurious features rather than actual gender
bias, undermining their reliability. To address this, we
recommend reporting gender bias metrics alongside
feature-sensitivity measurements to enable more reli-
able assessments in the presence of spurious features.’

7 Appendix F provides further discussion, including limitations.
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