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Motivation

• Why regularization?

Neural network tend to overfit due to the complexity of model.

Overfitting degrades performance on test data 

It helps to the model to generalize better for unseen data.



Motivation

• 𝐿 𝜃 =
1

𝑛
σ𝑖=1
𝑛 𝑙(𝑥𝑖 , 𝑦𝑖; 𝜃)

Different regularization techniques.

• min
𝜃

𝐿𝑅(𝜃) = 𝐿 𝜃 + λ| 𝜃 |1 (L1 regularization)

• Feature selection and sparse solution

• min
𝜃

𝐿𝑅(𝜃) = 𝐿 𝜃 + 
𝜆

2
| 𝜃 |2

2 (L2 regularization)

• Forcing weights to be small, but not making to be zero



Background

𝑝𝑐
𝑔𝑎𝑝

= 
1

𝐻×𝑊
σ(ℎ,𝑤)𝐹𝑐(ℎ, 𝑤)

where F ∈ ℝ𝐻×𝑊×𝐶.

𝑀𝑘 = σ𝑐=1
𝐶 𝑤𝑐,𝑘 ∙ 𝐹𝑐

where 𝑀𝑘 ∈ ℝ𝐻×𝑊 and W ∈ ℝ𝐶×𝐾

𝜏𝑙𝑜𝑐 = 𝜃𝑙𝑜𝑐 ∙ 𝑚𝑎𝑥 ሖ𝑀𝑘

Figure credit: Bae et. al



Background

min
𝜃,𝑊

𝐿 𝜃,𝑊 + 𝜆||𝑊||1

min
𝜃,𝑊

𝐿 𝜃,𝑊 + 𝜆||𝑊||2
2

Regularize the weight of last layer which 

determines the importance at inference time.

Shrink 𝑤𝑐,𝑘

Figure credit: Bae et. al



Problem

1. The activation maps of each channel corresponding to the weight are 
often over / underestimated by 𝑤𝑐,𝑘.

• Add penalty on 𝑤𝑐,𝑘

2. The large portion of negative weights indicate foreground so that it 
negatively affect on localization.

• Split 𝑤𝑐,𝑘 depend on the sign of weight



Experiment settings

• Dataset: CUB-200-2011

• Backbone: VGG16

• Batch size: 32

• Learning rate: 0.003

• Epochs: 200

• Optimizer: SGD

• Dataset: ImageNet-1K

• Backbone: VGG16

• Batch size: 40

• Learning rate: 0.02

• Epochs: 200

• Optimizer: SGD
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Experimental results on ImageNet-1K



Both NegativePositive

L1

L2

Histogram of weights on CUB-200-2011



L1

L2

Both NegativePositive

Histogram of weights on ImageNet-1K
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Summary

• We investigate the phenomena of CAM with / without regularization 
term on 𝑤𝑐,𝑘.

• We show the distribution of weight with different penalty term.

• Negative weight affect negatively on localization.

• Similar pattern cannot be observed due to the difference of category 
on two dataset.


