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Interpretable convolutional neural networks

Q Zhang, ¥ Nian Wu, SC Zhu - Proceedings of the IEEE ..., 2013 - openaccess.thecvf.com
This paper proposes a method to modify a traditional convolutional neural netwark (CHN)
into an interpratable CNN, in order to clarify knowledge representations in high conv-layers
of the CNM. In an interpretable CNN, each filter in a high conv-layer represents a specific
object part. Our interpretable CNNs use the same training data as ordinary CNNs without a
nead for any annotations of object parts or textures for supervision. The interpretable CNN
automatically assigns each filter in a high conv-layer with an object part during the learning ...
Yr 09 653208 DETENE FAHTHAHE
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Interpretable Convolutional Neural Networks

Quanshi Zhang, Ying Nian Wu, and Song-Chun Zhu
University of California, Los Angeles

Abstract

This paper proposes a method to modify a traditional
comvolutional neural network (CNN) into an interpretable
CNN, in order to clarify knowledge representations in high
conv-lavers of the CNN. In an interpretable CNN, each fil-
ter in a high conv-layer represents a specific object part.
Our interpretable CNNs use the same training data as or-
dinary CNNs without a need for any annotations of object
parts or textures for supervision. The interpretable CNN
automatically assigns each filter in a high conv-layer with
an object part during the learning process. We can apply
our method to different types of CNNs with various struc-
tures. The explicit knowledge representation in an inter-
pretable CNN can help people understand the logic inside
a CNN, i.e. what patterns are memorized by the CNN for
prediction. Experiments have shown that filters in an inter-
pretable CNN are more semantically meaningful than those
in a traditional CNN The wde is available at https:

Feature maps of an ordinary filter

Al

Figure 1. Comparison of a filter’s feature maps in an interpretable
CNN and those in a traditional CNN.

In fact, we can roughly consider the first two semantics as
object-part patterns with specific shapes, and summarize the
last four semantics as texture patterns without clear con-
tours. Moreover, filters in low conv-layers usually describe
simple textures, whereas filters in high conv-layers are more
likely to represent object parts,

Therefore, in this study, we aim to train each filter in a
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Interpretable convolutional neural networks
Q Zhang, Y Nian Wu, SC Zhu
Proceedings of the IEEE Conference on Computer Vision and Pattern _..

Visual interpretability for deep learning: a survey
Q Zhang, SC Zhu
Frontiers of Information Technology & Electronic Engineering 19 (1), 27-39

Prediction of human emergency behavior and their mobility following large-scale disaster
X Song, Q Zhang, ¥ Sekimoto, R Shibasaki
Proceedings of the 20th ACM SIGKDD international conference on Knowledge ...

Modeling and probabilistic reasoning of population evacuation during large-scale disaster
X Song, Q Zhang, ¥ Sekimoto, T Horanont, 5 Ueyama, R Shibasaki
Proceedings of the 19th ACM SIGKDD international conference on Knowledge ...

Unsupervised skeleton extraction and motion capture from 3D deformable matching
Q Zhang, X Song, X Shao, R Shibasaki, H Zhao
Neurocomputing 100, 170-182

Interpreting cnn knowledge via an explanatory graph
Q Zhang, R Cao, F Shi, YN Wu, 5C Zhu
Thirty-Second AAAI Conference on Artificial Intelligence
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[CNN]Convolutional Neural Network
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[CNN]Convolutional Neural Network
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[CNN]Convolutional Neural Network
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[CNN]Convolutional Neural Network
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[CNN]Convolutional Neural Network
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[CNN]Convolutional Neural Network
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[CAM]Class Activation Map
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[CAM]Class Activation Map

% GAP(Global Average Pooling)
> CNN OX|2}0]| Flatten B8 CHAL A
QX

> ZAitE Cass/li+2t s, AEE d

3 pi 0
5 2 1
3
5 0 9
[3x3x3(Channel)] [1x1x3(channel)]
Copyright © 2019, All rights reserved. -19 - ..}. g?lgir[\;m%glyﬂcs



[CAM]Class Activation Map
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Figure 1. Comparison of a filter’s feature maps in an interpretable
CNN and those in a traditional CNN.
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network

X/

%+ Loss Function

> FilterE Loss Function TermO| =7} =l

Loss; = — H(T) + H(T' =TT HX)
+ Zp (T+,2)H(T|X = z) )
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Equation 6: Low inter-category entropy
+ - o ~ ~
H(T"|X=zx) = E :p(Tu|$) log p(Ty|x) (7)
7
Equation 7: Low spatial entropy
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Interpretable Convolutional Neural Network
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Figure 4. Given an input image I, from the left to the right, we
consequently show the feature map of a filter after the ReLLU layer
z. the assigned mask T};. the masked feature map ™*¢_ and the
image-resolution RF of activations in ™ computed by [0)].
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Interpretable Convolutional Neural Network

< A M8 (Data Set)
> ILSVRC 2013 DET Animal-Part dataset
» CUB200-2011 dataset
» Pascal VOC Part dataset

Data Lj-&

Heads and legs of

Animal-Part 30 animals

Bird image of 200

CUB200-2011 )
pieces

107 object
Pascal VOC Part landmarks in six
animal categories
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Interpretable Convolutional Neural Network

< A Z1KAnimal-Part dataset - instability)

Normalized distance :
lpr — (I

Relative location deviation :

d 1) = — =
1(Pr ) w2 + h2 Dy e = Jvarija,pr.p]

gold. bird frog turt. liza. koala lobs. dog  fox cat lion tiger bear rabb. hams. squi.

AlexNet 0.161 0.167 0.152 0.153 0.175 0.128 0.123 0.144 0.143 0.148 0.137 0.142 0.144 0.148 0.128 0.149
AlexNet, interpretable | 0.084  0.095 0.090 0.107 0.097 0.079 0.077 0.093 0.087 0.095 0.084 0.090 0.095 0.095 0.077 0.095
VGG-16 0.153 0.156 0.144 0.150 0.170 0.127 0.126 0.143 0.137 0.148 0.139 0.144 0.143 0.146 0.125 0.150
VGG-16, interpretable | 0.076 0.099 0.086 0.115 0.113 0.070 0.084 0.077 0.069 0.086 0.067 0.097 0.081 0.079 0.066 0.065
VGG-M 0.161 0.166 0.151 0.153 0.176 0.128 0.125 0.145 0.145 0.150 0.140 0.145 0.144 0.150 0.128 0.150
VGG-M. inerpretable | 0.088 0.088 0.089 0.108 0.099 0.080 0.074 0.090 0.082 0.103 0.079 0.089 0.101 0.097 0.082 0.095
VGG-§ 0.158 0.166 0.149 0.151 0.173 0.127 0.124 0.143 0.142 0.148 0.138 0.142 0.143 0.148 0.128 0.146
VGG-S, interpretable | 0,087 0.101 0.093 0.107 0.096 0.084 0.078 0.091 0.082 0.101 0.082 0.089 0.097 0.091 0.076 0.098
horse zebra swine hippo catt. sheep ante. camel otter arma. monk. elep. red pa. gia.pa. Avg.

AlexNet 0.152 0.154 0.141 0.141 0.144 0.155 0.147 0.153 0.159 0.160 0.139 0.125 0.140 0.125 0.146
AlexNet, interpretable | 0.098 0.084 0.091 0.089 0.097 0.101 0.085 0.102 0.104 0.095 0.090 0.085 0.084 0.073 0.091
VGG-16 0.150 0.153 0.141 0.140 0.140 0.150 0.144 0.149 0.154 0.163 0.136 0.129 0.143 0.125 0.144
VGG-16, interpretable | 0.106 0.077 0.094 0.083 0.102 0.097 0.091 0.105 0.093 0.100 0.074 0.084 0.067 0.063 0.085
VGG-M 0.151 0.158 0.140 0.140 0.143 0.155 0.146 0.154 0.160 0.161 0.140 0.126 0.142 0.127 0.147
VGG-M. interpretable | 0.095 0.080 0.095 0.084 0.092 0.094 0.077 0.104 0.102 0.093 0.086 0.087 0.089 0.068 0.090
VGG-S 0.149 0.155 0.139 0.140 0.141 0.155 0.143 0.154 0.158 0.157 0.140 0.125 0.139 0.125 0.145
VGG-S, interpretable | 0.096 0.080 0.092 0.088 0.094 0.101 0.077 0.102 0.105 0.094 0.090 0.086 0.078 0.072 0.090

Table 3. Location instability of filters (E ¢ 1. [Dy x]) in CNNs that are trained for single-category classification using the ILSVRC 2013 DET
Animal-Part dataset [6]. Filters in our interpretable CNNs exhibited significantly lower localization instability than ordinary CNNs.
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Interpretable Convolutional Neural Network

< A Z1}(Pascal VOC Part Dataset - instability)

Normalized distance :

dl (pk) :a) =

Copyright © 2019, All rights reserved.

A Relative location deviation :
lpr — (@)l

W2+ h2 Dy = \Jvarija; (o, m)]

bird cat cow dog horse sheep Avg,

AlexNet 0.153 0.131 0.141 0.128 0.145 0.140 0.140
AlexNet, interpretable 0.090 0.089 0.090 0.088 0.087 0.088 0.088
VGG-16 0.145 0.133 0.146 0.127 0.143 0.143 0.139
VGG-16, interpretable | (,.101 0.098 0.105 0.074 0.097 0.100 0.096
VGG-M 0.152 0.132 0.143 0.130 0.145 0.141 0.141
VGG-M, interpretable | 0.086 0.094 0.090 0.087 0.084 0.084 0.088
VGG-S 0.152 0.131 0.141 0.128 0.144 0.141 0.139
VGG-S, interpretable | (,089 0.092 0.092 0.087 0.086 0.088 0.089

Table 4. Location instability of filters (E ¢ [Dy ]) in CNNs that
are trained for single-category classification using the Pascal VOC
Part dataset [ *]. Filters in our interpretable CNNs exhibited sig-
nificantly lower localization instability than ordinary CNNss,
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Interpretable Convolutional Neural Network

» AlS k|
** E%I ?E

=l

Normalized distance :

H(CUB200-2011 dataset- instability)

Relative location deviation :

w1 =PI o
1\Fkr W2+ h2 i = VAT 1 (p )]
Network Avg. location instability

AlexNet 0.150

AlexNet, interpretable 0.070

VGG-16 0.137

VGG-16, interpretable 0.076

VGG-M 0.148

VGG-M., interpretable 0.065

VGG-S 0.148

VGG-S. interpretable 0.073

Table 5. Location instability of filters (E¢ x[Dy x]) in CNNs for
single-category classification using the CUB200-2011 dataset.
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Interpretable Convolutional Neural Network

< A ZIKMulti Category - instability)

Normalized distance : Relative location deviation :

doon ) = P =PI o
1\Fkr W2+ h2 i = VAT 1 (p )]

Dataset ILSVRC Part | 0] Pascal VOC Part [ ]
Network Logistic log loss® Logistic log loss*  Softmax log loss
VGG-16 — 0.128 0.142

interpretable — 0.073 0.075
VGG-M 0.167 0.135 0.137

interpretable 0.096 0.083 0.087
VGG-S 0.131 0.138 0.138

interpretable 0.083 0.078 0.082

Table 6. Location instability of filters (E ¢ x[Dy ]) in CNNs that
are trained for multi-category classification. Filters in our inter-
pretable CNNs exhibited significantly lower localization instabili-
ty than ordinary CNNs 1n all comparisons.
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Interpretable Convolutional Neural Network

< A ZIKMulti Category - instability)

Normalized distance :

dl (pk) :a) =

Copyright © 2019, All rights reserved.

A Relative location deviation :
lpr — (@)l

W2+ h2 Dy = \Jvarija; (o, m)]

bird cat cow dog horse sheep Avg,

AlexNet 0.153 0.131 0.141 0.128 0.145 0.140 0.140
AlexNet, interpretable 0.090 0.089 0.090 0.088 0.087 0.088 0.088
VGG-16 0.145 0.133 0.146 0.127 0.143 0.143 0.139
VGG-16, interpretable | (,.101 0.098 0.105 0.074 0.097 0.100 0.096
VGG-M 0.152 0.132 0.143 0.130 0.145 0.141 0.141
VGG-M, interpretable | 0.086 0.094 0.090 0.087 0.084 0.084 0.088
VGG-S 0.152 0.131 0.141 0.128 0.144 0.141 0.139
VGG-S, interpretable | (,089 0.092 0.092 0.087 0.086 0.088 0.089

Table 4. Location instability of filters (E ¢ [Dy ]) in CNNs that
are trained for single-category classification using the Pascal VOC
Part dataset [ *]. Filters in our interpretable CNNs exhibited sig-
nificantly lower localization instability than ordinary CNNss,
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Interpretable Convolutional Neural Network

< A3 Z1KSingle & Multi Category)
» Classification Accuracy = Single category is bad, Multi-category is better
> deiol O| 70| CholiM = MAE ¢1=0| BRA=

= -

multi-category single-category
ILSVRC Part VOC Part ILSVRC PartVOC Part CUB200
logistic*| logistic* softmax
AlexNet — — — 96.28 9540 95.59
interpretable - — - 95.38 9393 9535

VGG-M | 96.73 | 93.88 81.93| 97.34 96.82 97.34
interpretable]  97.99 | 96.19 88.03 | 95.77 94.17 96.03

VGG-S | 9698 | 94.05 78.15| 97.62 97.74 97.24
interpretable] 98,72 | 96.78 86.13 | 95.64 95.47 095.82

VGG-16 - 97.97 89.71 | 98.58 98.66 98.91
interpretable - 98.50 91.60 | 96.67 95.39 96.51

Table 7. Classification accuracy based on different datasets. In
single-category classification, ordinary CNNs performed better,
while in multi-category classification, interpretable CNNs exhibit-
ed superior performance.
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Interpretable Convolutional Neural Network
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Interpretable Convolutional Neural Network

< A Z1K(mage Data)

it
e

=
> Top conv-layerZt AL X[Tt 52 featureZ

Figure 6. Heat maps for distributions of object parts that are encod-
ed in interpretable filters. We use all filters in the top conv-layer to
compute the heat map.
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Appendix.

% CAM vs Interpretable CNN
> CAM: OFX|2} Gap LayerOf| Weight * Channel2 %1 2t
> Interpretable CNN2 7|2 CNN2| &= HZ gl0| Filter0ll Loss Tt Al At

I*xnlasked
= = | Masks |
1w, | .
% O ’\l = Loss for filter 1 |
! O o Aus_trahan Loss for filter 2 et
: (GAP D W, termer Loss for filter 3
" - 3 [ RelU ]
, 1|
O’ ‘R 1n |nterpfetab\e | Conv |
— L——J Conv-layer vl
[CAM Last Layer] [Interpretable CNN Last Layer]
Copyright © 2019, All rights reserved. - 44 - ..a Ié.)(zgﬁi\;ifr\‘lx;glyﬂcs



L0

Figure: Basic architecture of Convolutional Neural Networks(https://pydeeplearning.weebly.com/blog/basics-

of-convolutional-neural-networks)

https://bcho.tistory.com/1149(ELH B S| 22 1)

https://blog.ees.quru/50 (EeS2| &4

Quanshi Zhang, Ying Nian Wu, and Song-Chun Zhu(2018). Interpretable Convolutional Neural Networks.

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp. 8827-8836)
http://taewan.kim/post/cnn/

https://medium.com/@kamwohng/interpretable-convolutional-neural-network-3f7ef6c9b7ae
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