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Review on Interpretability of Deep Learning

CHEN Chong,CHEN Jie,ZHANG Hui,CAI Lei and XUE Yaru

College of Information Science and Engineering,China University of Petroleum(Beijing) , Beijing 102249, China
Abstract With the explosive growth of data volume and the breakthrough of deep learning theory and technology,deep learning
models perform well enough in many classification and prediction tasks(image, text, voice and video data,etc. ) , which promotes
the large-scale and industrialized application of deep learning. However, due to the high nonlinearity of the deep learning model
with undefined internal logic,it is often regarded as a “black box” model which restricts further applications in key fields(such as
medical treatment,finance,autonomous driving). Therefore,it is necessary to study the interpretability of deep learning. Firstly,
recent studies on deep learning,the definition and necessity of explaining deep learning models are overviewed and described. Sec-
ondly,recent studies on interpretation methods of deep learning,and its classifications from the perspective of intrinsic interpreta-
ble model and attribution-based/non-attribution-based interpretation are analyzed and summarized. Then, the qualitative and
quantitative performance criteria of the interpretability of deep learning are introduced. Finally, the applications of deep learning

interpretability and future research directions are discussed and recommended.

Keywords Deep learning, Interpretability, Attribution-based interpretation, Non-attribution-based interpretation, Evaluation

method

. AN BRI B AR R P S L T R R R 2 R BUE R R
=

REAMFEBER AR LR . 76 1 325 LA, I8 32 2 > B Y

VLA, TR BE 2% ) BT A ey (it B | PR AR b Bt
MLEZSBRET™ A Sh 28 g™ 4503 B )12 L I IS T L Y
BE . SR, IR M 22 M 2% (Deep Neural Networks, DNN) /& —
N EA R AR A S A A A BT B AT LR R — A R
FEUBLTY , BAR X RN A R AR 1 2 U TR VA RIS
A 7 BT R 2 ) AR TR AR 1 2 Rk v XL 0 ER Y fof
FH ., e B 2 S, £ PR B 2 S B A E AR 2 v
PP A5 B B A ARl By SR, (HR IR I B P A A
TASH A P AR — A A FURR [ — AN PSR 45 3 JF

FfE H 1 :2022-10-09 R H I .2023-02-27

MR E R LT AW g e, B TXZ2mFIE A
AT 2T R 2 ) A AN A e D SR D B L 2R A5
PO . BRI, R B8 5 ) B B0 W i e M iR 1 2 1, BIF O IR T
2 3] BT ) P SR 55 SR n A g N 2AS g LA R ] e R B A T A
RUJS W] e 7 W] A8 15 38 75 A BE

DNN [ fifp B C 2832 2] 1 [ A AU 5% N B i1 35 OG U L OF
HAMBLH T K & i 8F 5% 5, WL (Interpretable or Explana-
tion or Explainability or Interpretability) and (Deep Learning or

Deep Neural Networks)” A 32 # 18] 7 Web of science #% />

HEWH - FE KA RPHE L (62006247) 5 [ 5 AT A 31 (2019 YFC1510501,2022YFC2803704)
This work was supported by the National Natural Science Foundation of China (62006247) and National Key R&D Program of China

(2019YFC1510501,2022YFC2803704).
B AEVE# Bl (chenchong@cup. edu. cn)



Mo ooh S PR 2 O AT AR 2R 5A

53

AAEP K Z20104E1 A E20224F 8 F (938 3¢ SC ik, 1T L&
PG SO I B K R 1 TR,

1400 - 1349
1200
1000 |-
o ool
%
600 - f
* /
400 17 290
200
14 2 23 70
. —17 1 | ! L |
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022
F4
B 1 R [R)AF 053 AT fifg R VR B2 2 >0 SOk Bl i A5 1k
Fig. 1 Changes in the number of explainable deep learning

literature in different years

[ N A2 2 B 48 0T M B N T % BE (Explainable Artificial
Intelligence , XAD 4038 I\ A [5] 9 BT 5 #A B AN 28 5 A7 A 3R
Arrieta ZE0 R T AT A R 4 A A R AH DG AR B8 O N iR 1B
B #Y (Transparent Models) 1 3 J5 fift B (Post-hoc Explain-
ability) Wi~ # BEXT B0 A A9 fif BE L R #EAT IR R 45, A T W
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3R 0T i B 1Y B IR 32 B % B (Interpretability 8 Ex-
plainability) . B fi# ( Understandability) , Arrieta 2% pA 45 #1
B4R AE X T 285 H T B AN B9 %€ X . Interpretability 2R [7]
N i Bl R A B SR A7 L BB il G AR S L T 2 1)) ke
SFE) NS LABR AR ) SR A0 PR IR R R 3D B SCAR (B
WD S AT R AT LA B AT M s
[8] CEAgR] i A B AT i B . Explainability &% 22 A S IR
Y P S Z 1) (9 42 1o e B 23 77 2 N R I X H 1 ) T R R
B H BTkl AR DG o B R R . A, 7E B A R RT DR R
TIERIE 2 AR A BR 9 WR LR 28 S 340 RS e B K
15 5 AL 3 (Natural Language Processing, NLP) ", fi# B 1] U

A 2250 A& 78 . Understandability /2 XAT 5 & B 09 B 25,
FR 1l N 2 B AR AL U0 AT T A L T JE 2R TR HG PR S 45 A B
P S Ao SRR A SRk

BRI 00 7R B 10 T 50 B8 B DA R R 2 0 B2 5 T R S A
B, HR &R R IR DI E X, B
ShAT B AT A B A E R 2017 4FAE ICML 23 B0 42 1
“Interpretation is the process of giving explanations to hu-
BV R 1w NS B i . Arrieta S1ME
Z AN J i BEHIL 45 27 20 B R S B B3R 2 1 Given a cer-

tain audience.explainability refers to the details and reasons a

man” s/

model gives to make its functioning clear or easy to under-
X 3R WA DA 25 R 2 A% AL T RV b B 25 5 B
it B A0S A E I . Doshi-velez ' 25 7E 2021 4E#2 1 “Interpre-

tability is the ability to explain or to present in understandable

s 2 5,

stand”, VE %



54

Computer Science T HEHLFIZ  Vol. 50, No. 5. May 2023

terms to a human”, {3 & “ DL o] BEAR (9 7 20 m N 2 R ok 2
WMRE ", 25 LR R B e 2 B Y 2 L0 S 32 A% B AR A
T (1 Wk SR Ji FRLRI A 205 R L A S A L R 32 AR 22 DA AR AR
KA.
2.2 MEBEEINVHEN
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225 0 2% 5 A Y 3 252 1Y Sl e 1P A 48 )2 AR T R ) AR ARG 25 4
B X B 2 5 2 22 8] (Y B R TR AR B MR L (H
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LA AL 5 B IR AR ECH 1119 KB YR ) B
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ok AL E HOHIE ST R A MR R 2 ) S O R L T AN 2
B A ) AR SR S . A TR £ ST G IR )
A RS FEA R R A R i 0 R P A I S ET R
W 4% TG VR IR BN i A R B 2 B IE AR @B A O R . U,
PRV B 24 2 BT (1) e 3R Jir B AN [) A 50T 5 AR B
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PALTE AT fife TP 418 B B AR 1 N 2 WL 4% 19 1 5 3 ¢ Bl AR AR o
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TR o« T RSO T A A PE AN S I E M. X 3 AN RIS
SRR DB BB N SERTI AR 7 5 2) R BB B 4 A L S RN
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30101 S/ E e A Al
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BAR(EZEETMAL) . Dingen U $2 H T — Fp vl WL 4L 53 #7
T H (RegressionExplorer) . fe ¥ FH ' 3¢ 5 U 88 & 32 45 7] 15
FEBD 3% T RN L I R A 9 G 1 2 U, A B TR R
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SRR, DA B Bl % S8 T B8 SO BT A
3.1.2 REAHER

TSR R —Fh I T4 R A5 A B HL A% 2% ) Sk B
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WP 23T ORI UR 24 ST RS Zilke %0448 T DNN
o AR P O LR T — 2 T P SRR 9 DNIN R D) 42
B (Deep neural network Rule Extraction via Decision tree in-

duction, DeepRED) 5 %, i% B k¥ CRED B £ (& 2

W28 B ) P e ) DNN 19 2 A Ba 2 L i 2 43 B AR (), 75
B WL 2 R 2 00 R b p 22 T K SR O N, e Sk
Nguyen %5 H T —Flokg s 7T 4% 46 0 58 4 (Exact-Converti-
ble Decision Tree, EC-DT) 8k, A G A KIEL LR
T PRSI i 28 0 205 B 4 Sy 1 B 22 58 0 U 1) A SERAR L BRI
AT DA 5 DA 5 90 2% 4 B SR
3.1.3 AT 4RI

BT HL I ) B I A R D Y 5 — Ry vk G e A R
A B HE BRI R 2R 7R T 24 21 (8 B L A f-then R 00 B %
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51 R A R U % Ak SRy RSB 02 T P S 32 R A A
RN AT 20 HIH I X A8 2 ] A 52 G R AT AR
T T ASERYT 1) R0 0] J2 378 IR B, TR Sy 2 o R B 2 > A 1 A
B2 ARLE GOk B 5 TR RZ M g™, Hik, 3% F
L 42 I E 1)z B TR 2 I AL R i 40, Keneni
S0 2o LAY Sugeno AR HE B, R T AL T — A
TR R L T PR AR AL . REZL BT A PSR B D 48
Jo N B4 22 A 55 TRAT I e i AR 138 R [6) R S0 B A
AN ) RATASE S SR Y — FR B0 S A 58 R R W B 5 2) 7R B AR
RS RS U 2 Sugeno BASTR HE HLAR A, 38 5 3 )
T (1 14 i R D0 50 O vl vk 3R 2S5 1 P 19 S 8 O fdE )
FI3E W 2% 458 #E B &R 4t ( Adaptive-Network-based Fuzzy
Inference System, ANFIS) X4 8 i 17 i , L4 41k I8 A BL ok
K1 7T A7 R AE
3.1.4 K HLAREEA

K T4 CKNIND B3 35 2 38 o M AR 22 18] 199 B 0 B 4 3k
SRF AT HE th B — RE A B E () K A 4B 8 AR A, i B 40 2 1y
ROR . e T g BV T T, KINN BB i i 1y e T S HE AR 22
[ AF DL P 9 B8 5 PR, PRI O T S AT b N Y K SR A
HH R AT SRR A . PR, KININ ) 32 1o P 7 T B o > T i
Hi. Zheng S F& T — A EE T RAE K I 48 5T Ik B9 B
KNN 43 2% #% (Group Lasso Sparse KNN Classifier, GL-
SKNND , 3% 43 28 4% FI) ] Wi it 20 285 4% 6 5 due A G 19 28, 9 42 X
5 AR W L 1) % 0 R A i 5 4 [T O3 A R S T 2% 4
s Lt £ 5 4 R B O (A 8 LA AT g Bk . (H2 L, KNN
BRI A R ™ A T AR AR BRI K AR S B R R 2 TR AR
S PR R BRI, i K BELAS 1 A A 1 T R L K R
LB 52 2% 1 FE B8 R B U BELRS T A TR (4 W 0 A

25 1 JUT R A 1 LR T A R Y U HE A RN LT A
AEA AU RE . YA TR v Al 2 MR AL R R IR B0 LU 4 Rk
AR RIS T DA R P 80 10 P 3K 22 A, At T 4 A A 6T L i
R
3.2 EFHEKNAZE

F T VA A B 705 B R 45 B B i AR AE 43 il 03 R
B 45 204 AR IE X B R P s 45 R B/ B . 9 1, DNN
BZ—AMARER x=[x a0, an AR H S(x) =
[Si ()8, (2)sees S () ] Horp N FRRAE BB, ¢ 2 i th o
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FE TR ] A% 5 09 75 12 I AR T A0 B i R A TR T 2 oK A
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Simonyan 215 32 H ) 3 P W (Saliency maps) 77 ¥
A1 Y 52 o) A% 9 3+ SR T 24 i 1 43 25 A8 43 BB LS. o) AR R TR A
x BB Ps, -

&5, (S, ,x)=VS, (x) [@D)

B3 P Wit S O 9 R — R R A R U ik HLR Wt T DNN
B —FB 43 By A PG DX B R T 25 SR 1Y B %2 M: . Shrikumar
SR B X OBRJE 7 1 (Input X Gradient) §7J& T 2 %
P 5 A P A B R A T A R A BB A x X 0 4 AR
1) 55 2 BTHR Do X Graa ¢

Propui X 6rad (fe ) =xO VS, (x) €5

Sl b A XOBR B T 1R A A R A A T D) 1 AL A Y
i L R S TR B A O FAE T A R T A R AT TR AT Y
afRAL .

24 B (Deconvolution) £ % | 7 CNN # ffg B . ZF-
Net"** £ I [a] 1 #% 3o A2 vfof f0B6 B2 % 8y 5 A i RRAE &L 4%
JETE AlexNet™ 7 iy 5 A4 B2 1 k47 I A5 BURTRRAE 7T 41
b, BTS2 L% B 1 H . Springenberg S5 2 1 19 51 %
7] £ 3% (Guided Backpropagation) 77 ¥ J& XF 52 %5 F1 5 ¥ A 2k
LB TAE R AR AR I 7 Qo XA x (88 I H A
TR B R R R SO AR LR R[] 4% 3 o R ok A B
% E A%, Sundararajan 255U 2 H A B3 B B (Integrated
Gradients, IG) Jr ik X Hh: WFEER &' = (252D B A
x=(x 0 xp) WHL AR BB RS OGN

1 & / I
B (fox) = (xs—x,)) X J IF(x"taxX(x—x ))da,

a=0 (,)xd

Vde {1, ,D} (3)
Horp S48 xR IR R x h AR AEAS H LA A9 A RTR
Bl x 7L B A E 2T RGBT LRI, 16
W2 8B A R R A P A PR X A x (Y
Hith 225, XA TIETE S HL XA A
fEREIT IR N e . MAh T TG U5 T AR A B
%, W g & AR W FERT . SF W B (Smooth Grad, SG) ) & — Fif
T PG rb 35 o Mg 7 LA R R I B R S 5 OB B L 2 B0 g
PO, 6" WS INE] 4 72 B G, I T A 7 A 6 B
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X AP 7k A LABRAR g — b7 A 1 #2 L AT DL ) 0 i
B O TV . ARE TR 1Y £ 50 fh 7 1 2 1% m
FHEE

Zhou ZEBH 4R 1 25 3476 Wi B (Class Activation Maps.
CAMD J& — B ] i Ak Jr i, JL DL ) i T8 3K 38R X 4 25 45

AR VR E T3 — 4 m 2R R X B, b T AR
CAM Bl 5 — M B RIZ Z 5 I — 44 7 F 3 i 4k )2

(Global Average Pooling, GAP) , ¥t GAP I ¥y H 3k 47 28 11 41
A LA T . ARG 38 A T e W8 AR )2 T A
AL BN KA CAMGE N Pean) o

P (S0 = 2 wiA’ (5)
Ho o, RARE B AMAEITCHNE,A LA, -+, A" FIR CNN
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W TR BT AR 5] GAP BRLTE . Selvaraju %) 7
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tion Maps,Grad-CAM) J7 %, ZIr ik se il T b R Sl A5, A3 48 4
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FEAL B 2 A HE )2 50 0 AR B T R 2 T3 E BR R 4
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H x BREZHWA .y BRZH N, 0 FRMAT2HWNE,
E[xIZRm 5t x sRIWE
3.2.2 ATk mik

LR, B3 1Y 7 vk w2 N A R R R
RUEST O W B B AR TEUAR R S S 1 A Y 1 e A Ok W T A
T S5 R A AR, G AT AR 0 A8 fb 2R BT T A i AR e S
YNSRI PR G BRI . e, FE R A R LT
X VG B P B BE K, AT B 23 (43 S 45 B o 45 2R ke A= A Ak,
1B Db FEAG B  H RD B 3h o0 3R 0 S 1R AT E A TT DA
Wehm R EEN:.

Zeiler Z& 28142 BG4 (Occlusion) 75 = 22 G5 1 #h JH 45 &
Fegk & (BT TO B B R W) 19 3 22 T A T, I 11 53 40 R 19
i £ omEdk,

Docctusion (fe »2) = f. (x) — fo (x") (1D

R 3 245 43 ] LU AR B — > 4R AR 5 B 1 58 0 I 7
Xof T 25 SR = A B S A 3R O R T U ) A AL Y P
BHL U T P T o R AR A A A0 (R SR o0 AT O R TR LAY
HELHA .

Ribeiro 2 4 th #Y J& 3 7] f# B A &Y (Local Interpretable
Model Explanations, LIME) 42— F 5 1 5 P 3 45 ¥ JC 56 19 7
2 T LI B JBE B R R AR g (I L g () =
we 2) Ja) HE I B B AR A R L LIME 19 B 52 0
SR AR AR AL B G AR B S5 SR se . R G L LIME A
bR Ay .

Wang %007 42 H 1Y 2 25 0 A2 3 36 (Score-Weighted
Class Activation,Score-CAM) F ¥ & — Ff 5 F CAM By B &
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Btk o HL 3B G A0 Db 0 T TR A R e R B 2 2 T i
PR T HLDT0 8 NLP 453, L 2o /L a8 W07 S 451,
WA AR E RN s= 51050000005, LB —> s, B—
A d YT A BE it B R A AN R ) A K A R T
WWIEE p.

pCy; ly—; +s) =soltmax(Wh )

- 2D
h; = Attention(h; ,s) ,h; = f(h; )
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B2 AT, Mori 257506 1 B 143 32 B 4% (Attention Branch
Network, ABN) 51 A F| 5 3% gl 8 A , 2% 5% 7Y G 0% i J 112 & )
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(2) % B (Coherence) : 3% BEVE 24 T L XAT J7 ik A
JIL I R R A 5 I R R R — B, X T R R R
K PRy I B R 1 L B 5 S IR L FUAE L o B R BN 26
TR B AT Bk VE Al 7 B — Bk, Il P A AR oG
Vb P09 o i 22 10 TR A R v T S e SR AR
L5 B Z [ X R 56 R . B0, Zhang T A2 A
X AL BETEAL A LR B9 T B B AE R SE 5 5t b e A B BR
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