B-cosification: Transforming Deep Neural Networks to be Inherently Interpretable
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How do we do it?

B-cos Background Conventional to B-cos like DNNs: Component-wise changes
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What do we achieve?

B-cosification Methodology Ablations

CLIP Foundation Model

Classification Performance Explanation Localization

Top-1 Accuracy (%) Efficiency Gains
Model pretrained  B-cos [10] B-cosified Auee | ¢t speedup

ResNet-18 69.8 68.7 71.5 +2.8 | 29 x 3.1
ResNet-50-v1 76.1 75.9 76.5 +0.6 | 46 x2.0
ResNet-50-v2 80.9 75.9 77.3 +1.4 | 10 % 9.0
DenseNet-121 74.4 73.6 76.3 +2.7 | 18 x5.0
ViT-Ti 70.3 60.0 69.3 +9.3 | 10 x9.0
VIT-S 74.4 69.2 75.2 +6.0 | 10 x9.0
ViT-B 75.3 74.4 75.3 +0.9 | 57 x1.6
ViT-L 75.8 75.1 75.5 +0.4 | 66 x1.4
ViT_.-Ti 72.6 67.3 72.3 +5.0 | 10 x9.0
ViT,.-S 75.7 74.5 76.0 +1.5 | 32 X 2.8
ViT.-B 76.8 77.1 76.7 -04 - -

ViT.-L 77.9 77.8 77.1 -0.7 - -

[—1 Standard Model W(x)x I B-cosified Model W(x)x =~ [—1 B-cos Model W (x)x

.Localization metric: GridPG
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-+ Increasing B:: We set B=2 directly

ResNet-50-v1 | = = Oracle attributions Uniform attributions DenseNet-121 48.6 48.8 48.5
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ResNet-18 Baselines Discrete B Linear B Learnt B
:  Metric Standard ~ B-cos B=1 B=1.5 2 5epo. 45epo. 90 epo.

= Acc. 69.6+02 68.5+02 | 70.6+01 71.6+0.1 =71.5+0.1%] 71.6+02 71.1+01 70.2+00 | 71.8+0.1
21.4+02 87.4405 | 33.9+02 84.3+02 .87. 2% 88.1+01  88.84+02  88.8+0.2 89.4+0.1
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B-cosified ResNet-18: Metrics Over Epochs

Baselines
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B B-cosified FeatureCLIP
B CLIP GradCAM

Limited data ' * Zero-shot Generalization Low training cost Linear Probe BN CLIP W(x)x Focusing on relevant Higher power leads to
: I B B-cosified CLIP features better explanations
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ResNet-18 Baselines Fixed bias Bias decay
Metric Standard ~ B-cos | With bias asNebiass | decay=0.2 decay=0.5 decay=0.9

69.6+02 68.5+02 71.240.1 571.510.1: 71.2402 71.44023 71.6+0.2
21.4+02 87.4205 :87.610.2: 81.4+02 90.2+02 91.2+0.1

Generalizes to variety of Training speed- Outperforms most _ ; T
CNNs and ViTs ups up to 9 times B-cos models Outperform Conventional DNNs On-par with B-cos models Outperform Post-hoc methods

Cosine Power

References: B-cos Networks [Bohle et al., CVPR 2022], DenseNet-121 [Huang et al., CVPR 2017], ViT [Dosovitskiy et al., ICLR 2021], CLIP [Radford et al., ICML 2021]




