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Explainability of Artificial Intelligence: Development and Application

WANG Dongli' s YANG Shan' ,OUYANG Wanli® , LI Baopu® and ZHOU Yan'

1 School of Automation and Electronics Information, Xiangtan University, Xiangtan, Hunan 411105, China
2 School of Electrical and Information Engineering. The University of Sydney,Sydney 2006, Australia

3 Baidu Research(USA) ,Sunnyvale,CA 94086, USA

Abstract In recent years,the extensive application of artificial intelligence in many fields and disciplines has shown its excellent
performance. The improvement of this performance usually needs to sacrifice the transparency of the model. However, the com-
plexity and black box nature of artificial intelligence models have become the main bottleneck in its application in high-risk fields,
which seriously hinders the further application of artificial intelligence in specific fields. Therefore,it is urgent to improve the in-
terpretability of the model to prove its reliability. Therefore, this paper introduces the typical models and methods of Al interpret-
ability research from three aspects:machine learning model interpretability,deep learning model interpretability,and hybrid model
interpretability, further describes the application of interpretable Al in teaching analysis,judicial judgment,and medical diagnosis,
and summarizes and analyzes the shortcomings of existing interpretable methods, puts forward the development trend of the fu-

ture research direction of Al interpretability,and hope to further promote the development and application of interpretability re-

search,

Keywords Artificial intelligence, Machine learning, Deep learning, Interpretability
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Fig. 1 Taxonomy and development of artificial intelligence

interpretability methods
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Bk, WEGTE B, i 48 0 2% SR ORI BT 1 R I AT,
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FRL T SO AR TR R R AR R ORT AR MR AT A R R, LRER
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TR 2 18] B9 AR FLA T B ab T L B T BR 2 A R R 4 1Y
CIN R SN 7 -3 RS R S e 1 M -R S (U PPN
Z T ) 55 T Sigp R 1 (] R
2.1.3 KNN
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Zheng™ 8E AR T —F0 i R AG KNN B35 0K 3 (1 3 2 45 2%
i RO T 7 LR 23 0 B A AT A B4
2.1.4 A THREA
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T80 Ay A )5 5 (Rule-based Modeling Approach, RBM)!
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Interpretation methods based on transfer learning
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Table 1

REAHA BEWME.HTER RE J TR DR
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2.2.2 ATHRaOEHFTZZER
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L EF S BB 1 i 2 A% 1 BB B A )2 AT 9
AR () 2 TR AR A 1 B 0 A X R (E AT LR AR R
R ED MIE AR RIR

(1) FF 863 1 B F K, Springenberg %51 $2 Y %) 18 1o
ReL U AE£R 1 [ In] 4% 42 B #52 A 06 85 199 WL 5 4 8¢ J7 1% (Guiidled-
BP), [ In| A& #E B O B8 1 6 BE 5 OR E S 8 IE M4y i TR
AT R B M 25 N 4 1 AR R SR T ReLU bR K, H 172 5l
R TR P E N ey B S Tl w7 2 T o L1 S5 & (=0 N P I
Sundararajan Z&15 $2 1 T B 40 BB B 5 1 (Integrated Gradients)
FUA RO i e T IR B A 25 I 4 rp b 42 5 4 T IR) A B 12: )
FHAR AR B R R AF 2 22 P g (a8, (2 X S 7 ik AR B Y
E VR A AE AL TT UL R O Bt Smilkon SFVC R T -1
#9612 (SmoothGrad) o 38 52 ] 7 fif F86 A A Hh s Jin Mg 7 ) A 1L 7

REAHEFT A IR TS 16 A6 40 7 o R A A S SRAE AR AS R DR 3
R R R A SR AT B B4 25 P AT S 38 R LA D
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Table 2 Gradient-based interpretation methods
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Fig. 2 Gradient-based interpretation methods
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Fig. 3 Heatmap of attention weight
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Fig. 4 Maps of attention visualization

2.2.6 & T SHAP
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Fig.5 Visualization of liver tumor segmentation
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