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Deep Learning and Image Classification
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Deep Learning-based Image Classification

A deep learning-based two-class

image classifier

Input is a color image -

J—

Feature extraction =
layers

Classification
layers

Output is a class label

Layer Type Output
Number Shape

—> 1 InputLayer [(None, 224, 224, 3)]
2 Conv2D (None, 224, 224, 64)
3 Conv2D (None, 224, 224, 64)
4 MaxPooling2D (None, 112, 112, 64)
5 Conv2D (None, 112, 112, 128)
6 Conv2D (None, 112, 112, 128)
7 MaxPooling2D (None, 56, 56, 128)
8 Conv2D (None, 56, 56, 256)
9 Conv2D (None, 56, 56, 256)
10 Conv2D (None, 56, 56, 256)
11 Conv2D (None, 56, 56, 256)
12 MaxPooling2D (None, 28, 28, 256)
13 Conv2D (None, 28, 28, 512)
14 Conv2D (None, 28, 28, 512)
15 Conv2D (None, 28, 28, 512)<4—]
16 Conv2D (None, 28, 28, 512)
17 MaxPooling2D (None, 14, 14, 512)
18 Conv2D (None, 14, 14, 512)
19 Conv2D (None, 14, 14, 512)
20 Conv2D (None, 14, 14, 512)
21 Conv2D (None, 14, 14, 512)
22 MaxPooling2D (None, 7, 7, 512)
23 Flatten (None, 25088)
24 Dense (None, 64)
25 Dropout (None, 64)
26 Dense (None, 2)

When a deep learning-based image
classifier makes a decision, what is the
basis for the decision?

One approach is to examine which
region of an input image contributes
most to a decision

Each layer is a block of feature maps
| — E.g., hereitis ablock of 512 maps,
each of which is 28x28

Our approach in this work is to look at
the contribution of each of the features
in the feature extraction layers




Shapley Values
@ N

» Output
Computed as a function
of the input variables

J through a network of
intermediate features

Input

The Shapley value is a reflection of the contribution by a feature by determining
the change to the output when the feature is excluded from the output calculation
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Experiments: 2-class classifier

Layer Type Output

Number Shape
1 InputLayer [(None, 224, 224, 3)]
2 Conv2D (None, 224, 224, 64)
3 Conv2D (None, 224, 224, 64)
4 MaxPooling2D (None, 112, 112, 64)
5 Conv2D (None, 112, 112, 128)
6 Conv2D (None, 112, 112, 128)
7 MaxPooling2D (None, 56, 56, 128)
8 Conv2D (None, 56, 56, 256)
9 Conv2D (None, 56, 56, 256)
10 Conv2D (None, 56, 56, 256)
11 Conv2D (None, 56, 56, 256)
12 MaxPooling2D (None, 28, 28, 256)
13 Conv2D (None, 28, 28, 512)
14 Conv2D (None, 28, 28, 512)
15 Conv2D (None, 28, 28, 512)
16 Conv2D (None, 28, 28, 512)
17 MaxPooling2D (None, 14, 14, 512)
18 Conv2D (None, 14, 14, 512)
19 Conv2D (None, 14, 14, 512)
20 Conv2D (None, 14, 14, 512)
21 Conv2D (None, 14, 14, 512)
22 MaxPooling2D (None, 7, 7, 512)
23 Flatten (None, 25088)
24 Dense (None, 64)
25 Dropout (None, 64)
26 Dense (None, 2)

VGG 19-based network with ReLU nonlinearity
Trained to classify between cats and dogs
Transfer learning
e Layers 1-22 trained using the ImageNet data
* Layers 23-26 trained using 2000 cats and 2000
dogs images
Training accuracy about 95%
After training:
* Feed input image to network
« Compute SHAP value for each feature

Visualize SHAP values of a feature map block by
summing all maps in a block



Results

Layer Type Output

Number Shape
1 InputLayer [(None, 224, 224, 3)]
2 Conv2D (None, 224, 224, 64)
3 Conv2D (None, 224, 224, 64)
4 MaxPooling2D (None, 112, 112, 64)
5 Conv2D (None, 112, 112, 128)
6 Conv2D (None, 112, 112, 128)
7 MaxPooling2D (None, 56, 56, 128)
8 Conv2D (None, 56, 56, 256)
9 Conv2D (None, 56, 56, 256)
10 Conv2D (None, 56, 56, 256)
11 Conv2D (None, 56, 56, 256)
12 MaxPooling2D (None, 28, 28, 256)
13 Conv2D (None, 28, 28, 512)
14 Conv2D (None, 28, 28, 512)
15 Conv2D (None, 28, 28, 512)
16 Conv2D (None, 28, 28, 512)
17 MaxPooling2D (None, 14, 14, 512)
18 Conv2D (None, 14, 14, 512)
19 Conv2D (None, 14, 14, 512)
20 Conv2D (None, 14, 14, 512)
21 Conv2D (None, 14, 14, 512)
22 MaxPooling2D (None, 7, 7, 512)
23 Flatten (None, 25088)
24 Dense (None, 64)
25 Dropout (None, 64)
26 Dense (None, 2)
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Layer Type Output
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Layer Type Output
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Conclusion

* An empirical study of SHAP values of feature layers in a
two-class deep learning-based image classifier

* The SHAP values are a special case of the Shapley value
that explains the factors in a machine learning decision by
measuring the output change due to change in each factor

* Results showed that the lower layers exhibited shapes
that fit other faces, some of them not even from the same

class. It appeared that the network worked on assembling
the outlines of a shape much earlier in the layered
architecture than expected, as early as Layer 2 which was
immediately connected to the input layer
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