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Study Overview

ImageNet-trained models struggle to generalize beyond the training data and are often misaligned
with human vision (biased). Aligning these biases was often suggested to improve robustness [1,2,3].

But is perception alignment really the missing key to generalization?

We study 3 recent biases on a diverse zoo of pretrained models for deeper insights.

3 Biases
Texture/Shape Bias [1]
Critical Band [2]
Spectral Bias (low/high-frequency biases) [3]

4 Dimensions of
Generalization

In Distribution: ImageNet validation/v2/ReaL
Robustness: ImageNet-C/Cbar/A
Concepts: ImageNet-Renditions/Sketch and Stylized ImageNet
Adversarial: (low-budget) PGD attack

48 Models

Identical architecture (ResNet-50) & training data (IN-1k)
but different training methods:
• baseline of He et al.
• augmentation techniques
• (pre)training on Stylized ImageNet
• adversarial training (AT)
• contrastive learners
• improved training recipes
• randomly weighted convolutions

Texture/Shape Bias
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Critical Band: Bandwidth
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Critical Band: Center Frequency
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Spectral Bias
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Spectral Bias: Low-Frequency
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Spectral Bias: High-Frequency
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Key Findings & Suggestions

Tot
al AT

Othe
r

ID

Robustness

Concepts

Adversarial

-0.76 -0.98 -0.60

-0.53 -0.91 0.00

0.00 0.00 0.41

0.47 0.00 0.00

Shape Bias

Tot
al AT

Othe
r

0.00 -0.99 0.00

0.00 -0.91 0.48

0.29 0.00 0.61

0.73 0.00 0.53

Low-Freq. Bias

Tot
al AT

Othe
r

0.65 0.81 0.40

0.79 0.75 0.61

0.53 0.00 0.59

-0.40 -0.59 0.53

High-Freq. Bias

Tot
al AT

Othe
r

-0.72 -0.72 -0.57

-0.76 -0.62 -0.54

-0.31 0.00 0.00

0.49 0.65 0.00

Critical BW

Tot
al AT

Othe
r

0.00 0.00 0.00

0.00 0.00 0.00

0.00 0.00 0.00

0.00 0.00 0.00

Critical CF

Tot
al AT

Othe
r

0.30 0.81 0.00

0.00 0.81 0.00

0.00 0.00 -0.38

-0.43 0.00 -0.39

Critical PNS

No single bias could predict generalization performance holistically .
At best, some biases correlate if we single out specific training or benchmarks.
Stronger misalignment to human perception can improve performance (e.g., stronger texture
bias improves in-distribution accuracy).
High-frequency is not your enemy! Some level of HF detection seems helpful.

Bandpass Test Bias Correlation

0 20 40 60 80 100
Cutoff Frequency [%]

0.0

0.2

0.4

0.6

0.8

1.0

Ra
tio

 o
f C

le
an

 A
cc

ur
ac

y

Low-pass

0 20 40 60 80 100
Cutoff Frequency [%]

High-pass Sha
pe

 B
ias

Lo
w-F.

 B
ias

High
-F.

 B
ias

C-B
W

C-C
F

C-P
NS

Shape Bias

Low-F. Bias

High-F. Bias

C-BW

C-CF

C-PNS

1.00 0.66 -0.32 0.62 0.00 -0.48

0.66 1.00 0.00 0.59 0.00 -0.49

-0.32 0.00 1.00 -0.79 -0.29 0.00

0.62 0.59 -0.79 1.00 0.00 0.00

0.00 0.00 -0.29 0.00 1.00 0.00

-0.48 -0.49 0.00 0.00 0.00 1.00

We need better tests for alignment. E.g., shape bias as per [1] does not consider the accuracy;
critical band [2] only uses 30 random samples per condition and does not work well for
AT-models.
Future studies should ablate inductive biases and external data.
Pay attention to system noise and consistent test transformations!
Evaluate models across a wide range of benchmarks that test different aspects of generalization.
Limitation: this may only apply to ImageNet!
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