Supplementary Material for Bias in Gender Bias Benchmarks:
How Spurious Features Distort Evaluation

Appendix

This appendix includes:

» Candidate feature selection (Appendix A).

* Further discussion on the perturbation strategy selection
(Appendix B).

* Implementation details (Appendix C).

* Additional experimental results (Appendix D).

» Additional visual examples (Appendix E).

* Discussion (Appendix F).

A. Candidate Feature Selection

In this study, we focus on four non-gender features—color,

lighting, object, and background—as potential spurious fea-

tures in gender bias evaluation. These are selected based on
prior research [9, 16] and practical considerations for our
perturbation-based methodology.

Meister et al. [9] identified several visual cues corre-
lated with gender in computer vision datasets. They showed
that low-level features, such as color distributions, differ by
gender, with images of women often having warmer hues
and those of men having cooler tones. Additionally, they
found that contextual elements, including objects and back-
grounds, can serve as gender predictors even when the per-
son is masked.

We prioritize these four features due to:
¢ Established gender correlation: Prior studies [9, 16]

have shown that these features strongly correlate with
gender in datasets like COCO and Openlmages. Our
results in Section 3 further confirm that color, object,
and background enable above-chance gender prediction
across all examined benchmarks.

* Controlled perturbability: They can be modified in iso-
lation while preserving other image characteristics, al-
lowing precise analysis of their impact.

* Diversity of feature types: Our selection covers both
low-level properties (color, lighting) and high-level con-
textual elements (objects, background).

While other potential spurious features exist (e.g., im-
age composition, text overlays, photographic style), our se-
lection provides a strong foundation for studying spu-
rious features effects while maintaining experimental

tractability.

B. Selection of Perturbation Strategies

We opt for straightforward, simple image processing-based

feature perturbations (e.g., hue shifts, background blurring)

rather than text-to-image (T2I) generative model-based fea-
ture editing as:

* T2I models introduce additional biases. State-of-the-
art models like Stable Diffusion [12] are known to encode
gender, racial, and cultural stereotypes [3, 8, 10, 14], rais-
ing fairness concerns. Using T2I models for perturba-
tions would risk contaminating our study with these
biases.

* T2I models lack precise control over feature isolation.
While they can generate image variations, maintaining
all other aspects constant is difficult. Even with care-
ful prompting, generative models may subtly alter mul-
tiple attributes simultaneously, making it challenging to
attribute model output changes to specific perturbations.

In contrast, our selected perturbation techniques ensure
controlled and consistent transformations across the dataset.

They offer parametric control over perturbation strength

(weak, middle, strong) while preserving individual identity

and gender-relevant attributes. This allows us to isolate spu-

rious effects with greater precision while avoiding the intro-
duction of additional biases.

C. Implementation Details

C.1. Details of Gender Bias Benchmarks

In this work, we focus on the four well-known gender bias

benchmarks: COCO-gender [18], FACET [6], MIAP [13],

and PHASE [4]. These benchmarks provide binary gender

annotations for real-world images such as COCO. We detail
each benchmark below:

* COCO-gender provides human attribute annotations, in-
cluding gender and skin tone, for the COCO validation
set.

* FACET presents more inclusive human attribute annota-
tions, such as gender, age, and hair color, for a subset of
Segment Anything 1 Billion.



Table 1. Statistics of gender bias benchmarks used in our experi-
ments. Woman/Man indicates the number of woman/man images.
For all datasets, we focus on images that do not contain multiple
people for robust analysis.

Benchmark Woman Man Total
COCO-gender 1,568 3,156 4,724
FACET 7,009 21,776 28,785
MIAP 1,459 4,501 5,960
PAHSE 4,031 6,831 10,862

e MIAP presents gender and age annotations for a subset
of Openlmages.

* PHASE provides comprehensive attribute annotations
(e.g., gender, ethnicity, emotion) for a subset of Google
Conceptual Captions.

For all benchmarks, we select images that do not contain

multiple people for robust analysis. The statistics of the

datasets are shown in Table 1.

C.2. Details of Feature Perturbation

Color perturbation. For color perturbation, we alter the

Hue component in HSV color space while preserving satu-

ration and value (brightness). We implement different per-

turbation strengths through controlled random Hue shifts:

e Weak perturbation: Random Hue shifts within £10 units
in the HSV Hue channel (0 — 255 scale)

e Middle perturbation: Random Hue shifts within £20
units, excluding the central range of +10

e Strong perturbation: Random Hue shifts within £30
units, excluding the central range of +10

Lighting perturbation.  For lighting perturbation, we

modify the Value (brightness) component in HSV color

space while preserving hue and saturation. We implement

different perturbation strengths by controlling the range of

random Value shifts:

e Weak perturbation: Random Value shifts within £10
units in the HSV Value channel (0 — 255 scale)

* Middle perturbation: Random Value shifts within £20
units, excluding the central range of £10

e Strong perturbation: Random Value shifts within +30
units, excluding the central range of £10

Object perturbation. For object perturbation, we ran-
domly mask 10%, 20%, or 30% objects in images. We do
not remove persons to keep gender recognition. The objects
are detected by the object detector [19].

Background perturbation. For background perturbation,

we selectively apply Gaussian blur to only the background

regions of images while preserving the person in focus. We

implement different perturbation strengths by varying the

blur radius:

* Weak perturbation: Gaussian blur with radius= 10 ap-
plied to background areas

* Middle perturbation: Gaussian blur with radius= 25 ap-
plied to background areas

 Strong perturbation: Gaussian blur with radius= 40 ap-
plied to background areas

The implementation uses person masks to ensure that only

non-person regions are affected. This approach main-

tains all gender-relevant visual information about the per-

son while modifying the contextual background, allowing

us to isolate the impact of background features on model

predictions.

C.3. Details of Gender Bias Evaluation

This section provides additional details on the gender bias
evaluation methods used in our study, expanding on the in-
formation presented in Section 3.1.

VQA-based evaluation for generative VLMs. Follow-

ing the methodology in Girrbach et al. [5], we evaluated

generative VLMs using a comprehensive set of questions
designed to assess gender bias across multiple domains:

* Personality traits: We use 20 personality traits (e.g.,
“friendly”, “honest”, “humble”) and a specific question
format, “Is the person in this image [personality trait]”.

o Skills: We included 21 skill-related questions (e.g.,
“work independently”, “interact with individuals”, “work
in team”) formatted as “Does this person have the ability
to [skill]?”.

* Occupations: We employed 40 occupation-related ques-
tions (e.g., “laborer”, “accountant”, “teacher”) using the
format “Would this person be better suited to be a [occu-
pation]?”

For each question, an instruction “A. Yes, B. No, C. Un-

sure. Indicate the correct option as your answer.” is added

to prompt models to select one of the options.

For calculating YGap values, we processed model out-
puts to extract the probability of a “Yes” response for each
question and image. The YGap was then computed as
the difference between the average probability of “Yes” re-
sponses for men versus women across all images in the
dataset.

Text-to-image retrieval for CLIP variants. Following
the previous works [1, 2, 7, 15, 17], we used a diverse set of
gender-neutral prompts across two categories:

* Adjectives (85 prompts): Covering various personality
traits, both positive (e.g., “good”, “kind”, “smart”) and
negative (e.g., “evil”, “criminal”, "violent”). These were
formatted using templates such as “This is a photo of a
[trait] person” or “This person is [trait]”.

* Occupations (97 prompts): Spanning diverse pro-
fessional roles, including both stereotypically male-
dominated fields (e.g., “computer programmer”, ‘“en-
gineer”, “CEO”) and stereotypically female-dominated
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ones (e.g., “nurse”, “childcare worker”, “social worker”).



Table 2. Consistency between human-identified gender and orig-
inal gender labels for perturbed images. Results show percent-
age agreement across 200 randomly sampled images from COCO-
gender, demonstrating that our feature perturbations preserve gen-
der recognition.

Benchmark Color  Lighting  Object  Background
COCO-gender 100.0 100.0 99.6 100.0
FACET 100.0 100.0 99.8 100.0
MIAP 100.0 100.0 100.0 100.0
PHASE 100.0 100.0 99.5 100.0

These used templates like “This is a photo of a [occupa-

tion]” or “A [occupation]”.
For each prompt, we calculated the cosine similarity be-
tween the text embedding and all image embeddings in
the gender-balanced test set. We then ranked the im-
ages based on these similarity scores and computed the
MaxSkew @1000 metric as described in Section 3.1. To
ensure robustness, we performed each experiment 5 times
with different random seeds for sampling gender-balanced
test sets and reported the average MaxSkew values.

D. Additional Experimental Results

D.1. Human Study on Gender Recognition Robust-
ness After Perturbations

To ensure that our feature perturbations do not affect gen-
der recognition, we conducted a human evaluation study.
Specifically, we show randomly sampled 200 feature-
perturbed (strong perturbations) images from COCO-
gender, asking about the gender of individuals in these im-
ages. We then compute the consistency between the an-
swered gender and the gender label of the original images.
The results are shown in Table 2. While object perturba-
tions occasionally obscure facial features, slightly reducing
consistency, overall agreement remains high for all the fea-
tures.

D.2. Complete Results of YGap and MaxSkew

In Tables 3 and 4, we show the complete results of YGap
and MaxSkew @ 1000, respectively. The results verify that
feature perturbations highly affect the measured bias scores
for both types of VLMs.

D.3. Using ResNet50 for Gender Classifier

In Section 3.1, we employ ConvNeXt-B for the gender clas-
sifier. To check whether the insights are consistent across
the backbone selection of the gender classifier, we conduct
the same analysis using ResNet-50 for the gender classifier.
Table 5 shows the results of Accy, and Figure | presents
the correlation between Acc, and A values, leading to the
consistent observations across backbone selections.

E. Additional Visual Examples

In Figure 2, we provide additional visual examples of
feature-perturbed images and generative model predictions,
further confirming that spurious features (i.e., color, ob-
ject, and background) influence model outputs. For CLIP
variants, while the main paper presented visual examples
for background perturbations, Figures 3 to 5 provide ad-
ditional examples for color, lighting, and object perturba-
tions, showing the top-10 retrieved images for both origi-
nal and perturbed inputs. These results further support our
main findings: strong spurious features (i.e., objects) dis-
tort model outputs more significantly than weaker ones (i.e.,
color, lighting). Additionally, color perturbations moder-
ately impact model predictions, whereas lighting perturba-
tions have minimal effects.

F. Discussion

F.1. Additional Recommendations for Fairer Eval-
uation

While in the main paper, we recommend reporting bias met-
rics alongside feature-sensitivity measurements, here we
expand on our second recommendation. Specifically, we
also recommend being more intentional in dataset cura-
tion. The metrics for bias evaluation hinge upon the train-
ing and evaluation data selected for a model. This paper
reminds readers of the criticality of data. Researchers, data
scientists, and developers will be wise to pay close atten-
tion to identify potential spurious features, perform similar
testing methodology, and use discerning judgment. In our
paper, we recognize specific and seemingly-ambiguous spu-
rious features may be in plain sight and surmise there are
likely more to be identified. Our analysis encourages teams
to review and reconsider their data sourcing strategies.

F.2. Cropping Person to Remove Background Fea-
tures

Unlike the original YGap study [5] that uses cropped im-
ages focusing only on persons within bounding boxes, we
intentionally use full images to preserve the contextual in-
formation that models encounter in real-world applications.
While cropping may reduce the influence of background
spurious features, it eliminates valuable contextual cues that
VLMs typically utilize in practical deployments, where im-
ages are rarely presented as isolated subjects. Our approach
allows for a more realistic assessment of how these mod-
els process and respond to complete visual scenes, better
reflecting their behavior in actual use cases.

F.3. Limitations

Larger Models for Generative VLMs While we evaluate
the latest, state-of-the-art generative VLMs, we focus on
7B-8B parameter variants due to computational resource



Table 3. YGap results (scaled by 100) of the generative VLMs. Weak, middle, and strong mean the level of the image perturbation, and
original means the results for the original images. Gray cells indicate cases where the original YGap value is nearly 0 (YGap < 0.005
before scaled by 100), leading to unstable A computation, which we exclude from the analysis in the main paper.

Color Lighting Object Background
Model original weak middle strong original weak middle strong original weak middle strong original weak middle strong
COCO-gender
LLaVA-1.5-7B -3.69 -3.63 -358 -347 -3.69 -357 -3.65 -3.62 -3.69 -322 270 -2.52 -3.69 -388 415 -4.05
LLaVA-OneVision-7B -1.13 -1.07 -1.03 -0.99 -1.13 -1.14  -1.11 -1.04 -1.13 -148 -1.66 -1.76 -1.13 -3.01 =322 -3.12
Qwen2-VL-7B 2.80 2.89 294 2.86 2.80 2.78 285 290 280 2.25 226 254 2.80 2.56 253 252
InternVL-2.5-8B -0.09 -0.10 -0.11 0.11 -0.09 0.05 0.14  0.04 -0.09 -0.15 0.11  0.03 -0.09 0.09 023 0.14
mPLUG-OwI3-7B -092 -093 -095 -0.98 -0.92 -090 -093 -0.84 -092 -1.19 -1.16 -0.98 -0.92 -2.53 254 -2.57
EAGLE-8B 0.57 0.61 0.58  0.65 0.57 0.60 0.58  0.62 0.57 0.52 046  0.39 0.57 0.35 038 046
FACET
LLaVA-1.5-7B -1.62 -1.59  -1.60 -1.52 -1.62 -1.61 -1.60 -1.58 -1.62 -1.32  -1.04 -0.73 -1.62 -2.01 -2.00 -1.81
LLaVA-OneVision-7B -1.70 -1.71  -1.66 -1.63 -1.70 -1.67 -1.69 -1.67 -1.70 -1.52  -1.52 -147 -1.70 -1.57  -1.79  -2.13
Qwen2-VL-7B 0.65 0.69 074  0.74 0.65 0.66 0.71  0.69 0.65 0.92 1.20  1.10 0.65 1.32 1.75  1.81
InternVL-2.5-8B 0.00 -0.07 -0.12 -0.20 0.00 -0.08 0.01 -0.05 0.00 -0.00 -0.01 -0.00 0.00 0.26 028 0.34
mPLUG-OwI3-7B -0.72 -0.74 -0.75 -0.67 -0.72 -0.74 -0.74 -0.75 -0.72 -0.46 -042 -0.28 -0.72 026  -0.77 -1.10
EAGLE-8B 0.68 0.68 0.61  0.60 0.68 0.71 0.69  0.68 0.68 0.69 0.66  0.63 0.68 0.82 0.75  0.79
MIAP
LLaVA-1.5-7B -228 217 214 -1.89 -2.28 -222 -221 -223 -228 -1.83 -1.76 -1.44 -2.28 -2.64 269 -2.33
LLaVA-OneVision-7B -0.65 -0.68 -0.59 -0.49 -0.65 -0.69 -0.67 -0.62 -0.65 -0.88 -1.14 -0.77 -0.65 -1.22  -1.79 -1.97
Qwen2-VL-7B 229 223 220 221 229 227 226 232 229 2.04 1.84 195 229 241 250 272
InternVL-2.5-8B 0.83 0.63 0.74  0.66 0.83 0.86 086 0.85 0.83 042 047 041 0.83 0.63 0.56  0.68
mPLUG-Owl3-7B 0.02 -0.02 0.11  0.66 0.02 0.01 0.07  0.08 0.02 0.06 -0.10 -0.06 0.02 -0.15 -0.52 -0.64
EAGLE-8B 0.75 0.78 0.68 0.59 0.75 0.75 075 0.78 0.75 0.58 020 0.27 0.75 0.65 051  0.57
PHASE
LLaVA-1.5-7B -0.04 -0.04 -0.02 0.14 -0.04 -0.05 -0.13 -0.19 -0.04 0.44 035 0.37 -0.04 -0.19 -0.28 -0.39
LLaVA-OneVision-7B -2.33 229 220 -2.07 -2.33 234 229 -225 -2.33 226  -258 -2.82 -2.33 2,69 287 -2.92
Qwen2-VL-7B 382 3.82 382 394 382 3.78 3.66  3.68 382 3.88 361 353 3.82 492 4.88 473
InternVL-2.5-8B 243 2.16 225 225 243 228 240 229 243 228 1.86  1.77 243 227 2.16  2.15
mPLUG-Owl3-7B 021 0.18 0.08 0.19 021 0.20 0.16  0.08 021 0.26 0.02 -0.12 -0.21 -0.66 -0.78 -0.82
EAGLE-8B 3.03 297 290 283 3.03 293 297 294 3.03 255 216 1.85 3.03 246 242 234

Table 4. MaxSkew @1000 results (scaled by 100) of the CLIP variants. Weak, middle, and strong mean the level of the image perturbation,
and original means the results for the original images.

Model Color Lighting Object Background

original weak middle strong original weak middle strong original weak middle strong original weak middle strong
COCO-gender
ViT-B/32 12.57 1254 1235 1215 12.57 1258 12.60 12.59 12.57 11.18 1037  9.80 12.57 1420 1382 14.15
ViT-L/14 1272 12,57 1236 12.21 1272 12.69 1278 12.75 1272 11.05 1057 10.12 1272 1455 13.09 12.88
ViT-H/14 1429 1436 1421 1421 1429 1425 1413 14.09 1429 1272 1229 12.09 1429 1494 1484 14.67
SigLIP-ViT-S/14 1533 1530 15.01 14.73 1533 1529 1529 1535 1533 1433 13.84 13.50 1533 1722 1659 16.59
CoCa-ViT-L/14 13.17 1324 1320 1322 13.17 13.18 1321 13.18 13.17 1196 11.39 11.10 13.17 1473 1503 14.74
FACET
ViT-B/32 1598 1595 1539 15.08 1598 16.01 16.16 16.18 1598 12.73 1222 1223 1598 17.16 17.34 16.82
ViT-L/14 16.45 1636 1627 15.90 16.45 1636 1639 1645 16.45 13.81 1349 1375 16.45 18.13 1879 19.04
ViT-H/14 17.24 17.18 17.08 16.93 17.24 1724 1724 17.17 17.24 1456 1424 13.87 17.24 18.44 1793 18.18
SigLIP-ViT-S/14 17.55 17.60 17.59 17.55 17.55 17.52 17.64 17.72 17.55 17.28 17.08 17.07 17.55 19.44  19.67 20.13
CoCa-ViT-L/14 17.68 17.61 17.27 16.80 17.68 17.62 17.47 17.28 17.68 14.84 1423 1421 17.68 1823  18.84 19.21
MIAP
ViT-B/32 20.40 2021 19.72 19.57 20.40 2042 2034 2031 20.40 17.09 16.89 16.34 2040 21.30 21.32 21.61
ViT-L/14 19.89 19.84 19.73 19.73 19.89 19.84 19.89 19.82 19.89 1820 1792 17.37 19.89 2335 23.17 2270
ViT-H/14 19.96 1991 19.78 20.01 19.96 19.96 19.94 19.94 1996 17.76 17.46 16.71 19.96 22.62 21.55 19.37
SigLIP-ViT-S/14 2446 2453 2463 2481 2446 2453 2461 24.65 2446 23770 23.65 2345 2446 26.18 27.04 2741
CoCa-ViT-L-14 20.75 20.60 20.33 2041 20.75 20.75 20.65 20.55 20.75 18.81 1877 18.45 20.75 23.06 22.84 2243
PHASE
ViT-B/32 18.03 18.05 18.03 18.03 18.03 18.00 18.17 18.32 18.03 1581 15.64 1555 18.03 2495 2535 2625
ViT-L/14 18.47 18.60 18.53 18.38 18.47 18.99 20.01 20.05 18.47 1531 15.62 15.14 18.47 2283 21.63 21.84
ViT-H/14 20.50 20.67 2045 20.08 20.50 21.10 21.05 21.59 20.50 17.43  17.68 17.26 20.50 2275 21.85 21.79
SigLIP-ViT-S/14  20.60 20.62 20.69 20.64 20.60 20.56 20.53 20.61 20.60 20.03 20.55 20.80 20.60 24.74 2478 24.85

CoCa-ViT-L/14 20.01 20.09 2033 20.27 20.01 20.11 20.48 20.58 20.01 17.00 16.75 16.89 20.01 2092 2145 21.64
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Figure 1. Relationship between spurious feature strength (Accy in Table 1) and relative difference A for generative VLMs (left) and CLIP
variants (right). The dashed line shows the correlation, demonstrating that stronger spurious features tend to cause larger shifts in bias

measurements.
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Figure 2. Examples of the feature-perturbed images and the predictions of LLaVA-1.5-7B (color perturbation), LLaVA-OneVision-7B
(lighting perturbation), and Qwen2-VL-7B (object and background perturbations) for the original and modified images.

Table 5. Gender prediction accuracies (%) using isolated features
across benchmarks. Values above 50% indicate features that cor-
relate with gender, acting as confounders.

Benchmark Color Lighting Object  Background
COCO-gender 564+17 5354+27 763+1.6 594+ 1.1
FACET 575+10 519+15 706=+05 595+ 04
MIAP 56.8+09 538+1.7 733+£1.0 555+ 1.7
PHASE 680+26 603+£1.8 813+12 63.5+19
constraints. Larger variants (e.g., LLaVA-1.5-13B) and

closed source models like GPT-4V [11] may exhibit differ-
ent sensitivity to spurious factors due to their enhanced rep-
resentational capacity. We leave this exploration as future
work.

Other Evaluation Metrics While YGap and MaxSkew are
widely adopted metrics, there are other evaluation metrics
for VLMs (e.g., NDKL [1, 17] for CLIP variants), which
might yield different insights. Although our findings with
YGap and MaxSkew provide strong evidence that spurious
features affect gender bias evaluations, extending our anal-
ysis to other metrics would further strengthen these con-
clusions and potentially reveal additional insights into how
spurious factors influence different aspects of bias measure-
ment.

Potential Bias in Object Detector The object detector
used in our analysis [19], while state-of-the-art, necessar-
ily introduces its own detection patterns, which could in-
teract with our analysis. We selected the detector for its
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Figure 3. Top-10 retrieved images by ViT-B/32 for the prompt “This is the face of a good person” on original and hue-modified images
(middle perturbation). Green-bordered pairs indicate images retrieved in both sets.

A photo of a lazy person

Figure 4. Top-10 retrieved images by ViT-L/14 for the prompt “A photo of a lazy person” on original and brightness-modified images
(middle perturbation). Green-bordered pairs indicate images retrieved in both sets.

widespread adoption and demonstrated reliability across di-
verse datasets. While potential detector biases are min-
imized through our controlled experimental design, fully
disentangling detector characteristics from VLM bias mea-
surements presents a fundamental challenge in this research
domain. Future work incorporating ensemble detection ap-
proaches or self-supervised methods could further isolate
the effects of detector choice from the underlying bias phe-
nomena we aim to measure.
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