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(Visual Explanation of Black-box Models Using Layer-wise Class
Activation Maps from Approximating Neural Networks)

ZEAL EeF oA Ay
(JuneGyu Kang, MinGyeong Jeon, HyeonSeok Lee, Sungchan Kim)

Abstract : In this paper, we propose a novel visualization technique to explain the predictions of deep neural networks.
We use knowledge distillation (KD) to identify the interior of a black-box model for which we know only inputs and
outputs. The information of the black box model will be transferred to a white box model that we aim to create
through the KD. The white box model will learn the representation of the black-box model. Second, the white-box
model generates attention maps for each of its layers using Grad-CAM. Then we combine the attention maps of
different layers using the pixel-wise summation to generate a final saliency map that contains information from all
layers of the model. The experiments show that the proposed technique found important layers and explained which
part of the input is important. Saliency maps generated by the proposed technique performed better than those of
Grad-CAM in deletion game.

Keywords : Visual Explanation, Knowledge distillation, Attention, Grad-CAM
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Table 1. KD similarity of 7™ and SN on ImageNet dataset

Sim 1 Sim 2 Sim 3 Sim 4 Sim 5

Similarity 0.807 0.701 0.633 0.574 0.534
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Table 2. Deletion game results for each of four models

mpe\ Grad-CAM | LIME RISE |  Ours
ImageNet 0.1253 0.1217 | 0.1077 | 0.1236
CUB-200-2011 0.0805 0.1287 | 0.0588 | 0.0627
Stanford Cars 0.0796 0.1345 | 0.0658 | 0.0693
Aircraft Variant 0.0740 0.1508 | 0.0069 | 0.0628
Aircraft family 0.1049 0.1935 | 0.0762 | 0.0878
Aircraft manufacturer 0.1735 0.3009 | 0.1388 | 0.1627

H 3271 Y o A Aot
Table 3. Insertion game results for each of four models

Data type Grad-CAM LIME RISE Ours
ImageNet 0.6785 06940 | 0.7335 | 0.6055
CUB-200-2011 0.6982 06531 | 0.7461 | 0.6415
Stanford Cars 0.7197 06447 | 0.7720 | 0.678
Aircraft Variant 0.6742 05647 | 0.7248 | 0.6168
Aircraft family 0.7480 0.6532 | 0.8026 | 0.7261
Aircraft manufacturer 0.8011 07001 | 0.8475 | 0.7793

@ Mt & AL
1
5 3
TSk snel lZgke]l Ak Alelth ImageNet dlolejol 4

FAH FYin A5

=

=
S e Euo) 2 Sigh BAE Y9 ol

gl

A olulAel o) Vet snvh
A€ Sim 1941 80.70%01ek. WebAl NS sn7b AR
FA%E & 5 A

S AR ARE ol Be A7) A9 A
S 4kl A9 Agolth & 25t & 3¢ 7 AMelA 4A4E



150 Mg ZAtoll o|st ofF 2llofojo] S A HME

oA Wl A WA A% AAst e Al 2
e AbAl AN RISE, & wRolA Alksis 7y
LIME, Grad-CAM &A1= AUCYE vtk A Alde] A
- RISE, LIME, Grad-CAM, #¢Fal= 719 +4 = AUCTH
S

AYolA Grad-CAME 99o] Wl A4 gynoe

o] E3tu= A7 Bk olnA 7} EEY EAvF ®
ek &g AS AR AEEHA okrh. LIMES 49
29 WA Y7 ZAA ] wiel] 2od oo Mo F
Q8] Fe RE (wA)e A3 fArE A wAE T
3 FRog 9 QAEE AV UL = =F P A
A A B 9% 7 7PE B Alzte] AQ¥ T RISEE 7HE
SRt A S92 WES ukEsh] gt 5 9
A Azre] 5x7F Aga Aatake] Ak &SRO A
Fd dolgoA F2 Hol: eyt ofd A At F
A AT

#° IN, CUB, CARS, AV, AF, A-MS 77

ImageNet, CUB-200-2011, Stanford Cars, Aircraft Variant,
Aircraft family, Aircraft manufacturer®] °fojt}. 138 62
Cars dlolgolA ZF 7| ¥ AdE 5 Yo dAr. o
& 62 Chevrolet Silverado 1500 Extended Cab 2012 <jA|
A Fo BEAd ddste d90 & JAFete FFE S
A AR o2 A AAE FAsHA A8 A9 B

ket

Z10¢ wvpes
oueso A Jomg

z10z
wpag sSSP

ZURG-SOPIOIN

[t

Qe popusIXe
1ao1sI

19J50]3, TEpTMAL]

mmSioquey

210 eseddapadng
0LS dTOP®IED  TTOTABQUIIEH  00ST OpEIAIS

T10T AIS
BIPEOY DIND

T10TANS

95XO nruu[

C10T uepeg
OUBISA Yomg

2l 6. Cars datasetOllAMe] 2t 7|8 =&MW
Flg. 6. Feature maps on Cars dataset

V. ZE ¥ 85 A7 g

Borpodt Zaus 2de 49 5 e A2
45 e AL A4 FF 14e 48T
Bl wast BAs dZehe solE w2 nus A
Hata o] mAE o) g3 oF AT ALRT £ Y B
F e YA BANs nds $As d3eke 8
O£ w2 muS P Srets] MR W wd
o EHeh WAgle]l 4ed & vk E Fol= wx mY
of Fuky dololld AR A% ofuld Wik Algae
Aol ohie, walel A4 dololold 44E oHH W
olgFomH mdel % 2 Ud AuE o wol X
gala vk 54 FAsE dS5® @A Adar) 94
5% 9 A4 A Grad CAME 483 Zazd e
Bl f AFY & JES @t

KD #4HE 54€ $o Sol ws wdo] Beus
299 ARE W} FAE ASHEE FAH AL
Aok E ALY, A AE B ofw dololold 4AH
ofdly Wk Grad-CAMo] 29| )% 2AZ o 2 A7}
spehen) Fe1@ £ 9

Adksts AZA M 1M Al A ALY

(11

2

—

(31

(4]

(5]

(6]

go]oit shel 51,
WAS AR 9, WA dolo] SolA e Wy
zFol Fsab] WEe] 2% ATE Fo F o 25
e U B2 We 44T 5 92 st

References

Sample, Ian, "Computer says no: Why Mmaking Als
fair, Accountable and Transparent is Crucial”. the
Guardian. last modified, Vol. 5, No. 1, pp. 1-15, 2017.

A. Holzinger, M. Plass, K. Holzinger, G.C. Crisan, C.M.
Pintea, V Palade, "A Glass-box Interactive Machine
Learning Approach for Solving NP-hard Problems with
the Human-in—the-loop.”, arXiv preprint
arXiv:1708.01104, 2017

L. Edwards, M. Veale. "Slave to the Algorithm: Why a
Right to an Explanation is Probably not the Remedy
you are Looking for.” Duke L. & Tech, Vol. 16, No. 18,
2017.

B. Zhou, A. Khosla, A. Lapedriza, "Learning Deep
Features for Discriminative Localization.” Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition., pp. 2921-2929, 2016.

R.R. Selvaraju, M. Cogswell, A. Das, "Grad-cam: Visual
Explanations from Deep Networks via Gradient-based
Localization.” Proceedings of the IEEE International
Conference on Computer Vision., pp. 618-626, 2017.

M.T. Ribeiro, S. Singh, C. Guestrin, "Why Should I
trust you?: Explaining the Predictions of any Classifier.”



o srei|c| S B 55| = 2 %]

Proceedings of the 22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining.
ACM, pp. 1135-1144, 2016.

[7] V. Petsiuk, A. Das, K. Saenko, "Rise: Randomized Input
Sampling for Explanation of black—-box models.”, arXiv
preprint arXiv:1806.07421, 2018

[8] C. Fong, A. Vedaldi, "Interpretable Explanations of
Black Boxes by Meaningful Perturbation.” Proceedings
of the IEEE International Conference on Computer
Vision., pp. 3429-3437, 2017

[9] G. Hinton, O. Vinyals, J. Dean, "Distilling the
Knowledge in a Neural Network.”, arXiv preprint
arXiv:1503.02531, 2015.

[10] SH. Woo, J.C. Park, J.Y. Lee, LS. Kweon "Cbam:
Convolutional Block Attention Module.” Proceedings of
the European Conference on Computer Vision (ECCV),
pp. 3-19, 2018.

[11] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L.
Jones, AN. Gomez, L. Kaiser, L
"Attention is all you Need.” Advances in Neural
Information Processing Systems., pp. 5998-6008, 2017.

[12] F. Wang, M. Jiang, C. Qian, S. Yang, C. Li, H. Zhang,
X. Wang, X. Tang, "Residual Attention Network for

Proceedings of the IEEE

Polosukhin,

Image Classification.”

June Gyu Kang (3} & #)

2020  Statistics from  Jeonbuk  National
University (BS.)

2020~Computer Science and Engineering
from Jeonbuk University (M.S.)

Field of Interests:Medical Image Analysis, Artificial Intelligence
Email: chop4687@jbnu.ac.kr

Min Gyeong Jeon (g 9 )

2017 Computer Science and Engineering from
Jeonbuk National University (B.S.)

2020 Computer Science and Engineering from
Jeonbuk National University (M.S.)

— —
-

-
Career: Working in DEEPNOID

Field of Interests: Medical image analysis, Artificial Intelligence
Email: christy4526@gmail.com

M o6 ® 45 20214 8¢ 151

Conference on  Computer Vision and  Pattern
Recognition., pp. 3156-3164, 2017.

[13]1 J. Hu, L. Shen, G. Sun, "Squeeze-and-excitation
Networks.” Proceedings of the IEEE Conference on
Computer Vision and Pattern
7132-7141, 2018.

[14] X. Wang, R. Girshick, A. Gupta, K. He, "Non-local

Neural Networks.” Proceedings of the IEEE Conference

Recognition.,  pp.

on Computer Vision and Pattern Recognition., pp.
7794-7803, 2018.

[15] J. Deng, W. Dong, R. Socher, .LJ. Li, K Li, L. Fei-Fei
"Imagenet: A Large-scale Hierarchical Image
Database.” 2009 IEEE Conference on Computer Vision
and Pattern Recognition. Ieee, pp. 248-255, 2009.

[16] C. Wah, S. Branson, P. Welinder, P. Perona, S.
Belongie, "The Caltech-ucsd Birds-200-2011 dataset.”,
2011.

[17] J. Krause, M. Stark, J. Deng, L. Fei-Fei, "3d Object
Representations  for  Fine-grained  Categorization.”
Proceedings of the IEEE International Conference on
Computer Vision Workshops., pp. 554-561, 2013.

[18] S. Maji, E. Rahtu, J. Kannala, M. Blaschko,
"Fine-grained Visual Classification of Aircraft.”, arXiv

preprint arXiv:1306.5151, 2013.

Hyeon Seok Lee (°] & )

2018 Computer Science and Engineering from
Jeonbuk National University (B.S.)

2020 Computer Science and Engineering from
Jeonbuk National University (M.S.)
2020~Computer Science and Engineering
from Jeonbuk National University (Ph.D)

Field of Interests: Explainable Al, Visual Tracking
Email: hslee0390@jbnu.ac kr

Sungchan Kim (3} 43 &)

1998 Material Science and Engineering from
Seoul National University (B.S.)

2000 Computer Science and Engineering from
Seoul National University (M.S.)

2005 Computer Science and Engineering from

Seoul National University (Ph.D)

Career:

2009 ~Division of Computer Science and Engineering, Jeonbuk
National University (Prof.)

Field of Interests: Computer Vision, Artificial Intelligence

Email: sk@jbnu.ac.kr





