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Motivation: CNNs are vulnerable to a wide range of perturbations
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Standard CNN layers

e Single-stage linear-nonlinear model
with no extraclassical properties

e No explicit subcortical modeling
(retina and LGN)




Can the explicit modeling of the retina and the LGN
further improve model robustness?
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Methods: the SubcorticalBlock models the retina and the LGN

Cascading linear-nonlinear model e Luminance and contrast normalization

Separate pathways for P and M cells e Subcortical noise generator
Spatial summation over the RF e Parameters tuned to mimic subcortical

Biological color vision response properties
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Results: EVNets improve primate vision alignment

0.4 I ResNet50
Il VOneResNet50
0.41 mmm EVResNet50
0.75
(O]
-
(@)
A
0.3
0.2
0.60

V1 Predictivity V1 Resp. Property Shape Bias



Results: EVNets improve primate vision alignment

AScore
wrt VOneResNet50

0.4

Score

0.3

0.15;

0.00

I ResNet50
Il \VOneResNet50
0.4 mmm EVResNet50
0.751
0.2
0.60
V1 Predictivity V1 Resp. Property Shape Bias

Orient. Tuning  SF Tuning RF Size  Surround Mod. Texture Mod. Resp. Select.Resp. Magnitude
V1 Response Properties



Top-1 Accuracy [%]

Results: EVNets improve perturbation robustness and provide cumulative
gains with PRIME® augmentation
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Results: EVNets improve perturbation robustness and provide cumulative
gains with PRIME® augmentation
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Conclusion

EVNets improve neural and behavioral alignment with primate vision

e EVNets improve robustness across a diverse battery of evaluations, including
adversarial attacks, common image corruptions, and domain shifts

e EVNets trained with a state-of-the-art data augmentation technique yield additive
improvements in robustness

Limitations Future Work

e EVNets reinforce the trade-off between e Adapt VOneBlock GFB to

robustness and clean performance accommodate subcortical processing
e The SubcorticalBlock only capture e Add normalization to the VOneBlock
“mean” LGN response e Allow task-driven fine tuning of
e EVNets do not improve alignment neuro-inspired weights

across all neural benchmarks
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