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Interpretability Analysis of Convolutional Neural Networks
Based on Ablation Analysis

LI Shaoxuan, YANG Youlong
(School of Mathematics and Statistics » Xidian University, Xi’an 710126, China)

Abstract: Aiming at the problem that the interpretable method based on class activation mapping
(CAM) was disturbed by features unrelated to the target class, which led to more noise in the
visualization results and lower localization accuracy of target objects, we proposed a convolutional
neural network (CNN) visualization method based on ablation analysis. Firstly, the correlation
between deep network features and target classes was investigated and feature fusion weights were
calculated through ablation experiments. Secondly, the feature fusion weights were corrected by
RelLU or Softmax functions to reduce the interference of irrelevant features and obtain class activation
map with higher localization accuracy, so as to make an effective description of network decisions. A
variety of evaluation metrics were used for verification on the ILSVRC 2012 validation set, the
experimental results show that the method achieves better model interpretation capability in all
indicators.
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Fig. 1 Process of CAM
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Fig.2 Visualization results of feature map
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Fig. 3 Flow chart of proposed algorithm
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Fig. 4 Instance of explanation map

2.2.1 Average Drop # Percent Increase if & 4§ #r

Average Drop J2& 48 K fift 8 PRI PSR 40 3l g A CNIN B, X H AR 0 4543 i 22 15, 1A =0h
Y0
Y.
Horbys f1OS 40518 CNN B i PG R i R P H) o jﬂ*%’] c 538, N O EHE R, (5 max pRECHRRR
fife e VR A5 43 v TR MR A I L. Average Drop $i{H B /)N 158 W 380 bk RUCR B G

Percent Increase J& 45 fift B 8145 70 & T EMR RO REAS 5 A HOR /Y L, HR A 08

Average Drop = — 1 2 max{0, (6)

Percent Increase = EFunc(Y < 09, (7

HHr Fune i Boolean pREL, X455 N R 18 HATR IEI 1, &R B 0. Percent Increase #i KB HL
R
2.2.2 Deletion # Insertion iF & 3§ #7

Deletion(Insertion) " J& 4§ Deletion (Insertion) i £k F 5 A 45 4l Bl i 19 10 #X Carea under curve,
AUC), K5 A [FFE 26 B Deletion F1 Insertion k. Deletion(Insertion) % {E B R (/]V) 156 BH
GRS Ty

10 (&) — Grad-CAM=0.129 1.0 F(B) — Grad-CAM=0.367
‘ Ablation-CAM=0.188 Ablation-CAM=0.519
0.8 — Ablation-CAM++=0.166 08l  — Ablation-CAM++=0.490
— SA-CAM=0.163 — SA-CAM=0.510
2 0.6
iz
i 04 -
02
0 C 1 1
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
LIPSEENEAL RS Ll

B 5 Deletion(A)F1 Insertion(B) B & 7 {4

Fig. 5 Instance of Deletion curves (A) and Insertion curves (B)
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Fig. 6 Visualization results of five class activation maps
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Fig.7 Class discriminative results of proposed algorithm
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Table 1 Quantitative comparison results of different algorithms on VGG-16 model %
Bk Average Drop Average Increase Deletion Insertion
Grad-CAM 35.65 10. 15 33.13 58.17
Ablation-CAM 29.63 12.66 32.10 61.14
Score-CAM 29.54 10. 40 30. 13 61.46
Ablation-CAM+ + 28.23 15. 86 31.18 63. 33
SA-CAM 29.04 15.79 29. 89 62.09
£2 AEEETE ResNet-34 #E FHTEEXT LR
Table 2 Quantitative comparison results of different algorithms on ResNet-34 model %
Bk Average Drop Average Increase Deletion Insertion
Grad-CAM 30. 15 17.19 34.95 66.22
Ablation-CAM 26.91 15.55 34.42 65.69
Score-CAM 29. 87 15.79 35.02 65.78
Ablation-CAM+ + 25.54 16. 35 34.49 67.16
SA-CAM 26. 25 15.82 33.98 65. 96
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Fig. 8 Instance of attribution analysis 1)
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Table 3 Average running time of different algorithms S
95 Grad-CAM & ik Ablation-CAM # 7 Score-CAM % 1k Ablation-CAM+ + 83 SA-CAM & ik
1 0. 080 0.095 5. 64 0.100 0.094
2 0.079 0.098 5.45 0.095 0.101
3 0.083 0.094 5.62 0.099 0.098
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