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Overview

* Biases exist everywhere in computer vision
* Existing metrics focus on dataset distributions or model predictions

* |Introduce Attention-loU metric, which uses attention maps to reveal
biases within a model’s internal representation

* Analyze CelebA dataset, finding distinct ways bias are represented in
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Example: Waterbirds dataset

Dataset Distribution

# Train Images

I

Same Different
bird/background bird/background

Model Output
Landbird on water background  worst Group Accuracy (WGA) — 35%

S. Sagawa, P.W. Koh, T.B. Hashimoto, and P. Liang. Distributionally Robust Neural Networks. /CML, 2020.



Many ways a model can be biased

Background Bias Object Bias Depiction Bias



Many ways a model can be biased

Background Bias Object Bias Depiction Bias

Solution: Use attention maps!

R.R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and D. Batra.
Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization. /JCV, 2020.



Goal for metric

* Create a quantifiable metric that uses
attention maps to identify biases

* By comparing attention maps with each
other, or ground-truth masks, identifies
where the model is attending towards

* Needs to be scal/e-invariant and size-

nvariagnt /

scale size

M aM

Attention Map

Ground-truth
Mask



Attention-loU Metric

Batou(M1,M3) = ———— 5 = —
| M;+Mo, Z (M1+M2)
2 P (] 2 ij
M., M, — attention maps/feature mask
~ M .
M; = “M‘ normalized map
ill,

(")) H-I|F — Frobenius norm



Heatmap and Mask Scores

Attention-IoUgeatmap (,P) = % Z Ba-10u(GradCAM,(x;), GradCAM,(x;)).
1=1

GradCAMbird (Xz) GradCAMbaCkground (Xz' )



Heatmap and Mask Scores

Attention-IoUgeatmap (,P) = % Z Ba-10u(GradCAM,(x;), GradCAM,,(x;)).

1=1

1 n
Attention-IoUnask (2, f) = - Z Ba-10u(GradCAM,(x;), interp(mask ¢(x;))).

~
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GradCAMp;q(X;) masKknird (X;)



CelebA Dataset

 Annotated dataset of celebrity faces
* Widely used for facial recognition, image generation, and fairness
40 Facial Attributes 19 Segmentation Masks

Eyeglasses, Smiling eyes, eyebrows
Black_Hair, not Male mouth, hair, nose
Z. Liu, P. Luo, X. Wang, and X. Tang. Deep Learning Face Attributes in the Wild. /CCV, 2015.
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Comparison with Male Heatmap
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Comparison with Male Heatmap
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Correlation is reflected in mask score 12



Wearing Lipstick
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Blond_Hair and Wavy_ Hair
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Blond_Hair and Wavy_ Hair
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Varying correlations in the training dataset

Blond_Hair Wavy_Hair

Heatmap Score

MCC w/ Male MCC w/ Male

No change in correlation for Blond_Hair suggests an
unlabeled confounder distinct from Male 17



Takeaways

» Attention-loU can effectively measure many forms of
bias in image classifiers using attention maps

* |[dentify specific ways in which attributes are biased
in CelebA

* Can guide creation of better models and debiasing
methods

18



Thank you!

Code and paper available at
https://github.com/aaronserianni/attention-iou
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Email: serianni@princeton.edu
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