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Abstract In recent years, machine learning has developed rapidly, especially in the deep learning,
where remarkable achievements are obtained in image, voice, natural language processing and other
fields. The expressive ability of machine learning algorithm has been greatly improved; however, with
the increase of model complexity, the interpretability of computer learning algorithm has deteriorated.
So far, the interpretability of machine learning remains as a challenge. The trained models via
algorithms are regarded as black boxes, which seriously hamper the use of machine learning in certain
fields, such as medicine, finance and so on. Presently, only a few works emphasis on the
interpretability of machine learning. Therefore, this paper aims to classify, analyze and compare the
existing interpretable methods; on the one hand, it expounds the definition and measurement of
interpretability, while on the other hand, for the different interpretable objects, it summarizes and
analyses various interpretable techniques of machine learning from three aspects: model
understanding, prediction result interpretation and mimic model understanding. Moreover, the paper
also discusses the challenges and opportunities faced by machine learning interpretable methods and
the possible development direction in the future. The proposed interpretation methods should also be

useful for putting many research open questions in perspective.
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Fig. 1 The framework of interpretation and

understanding in machine leaning

Bl 1 ML o 09 AT A B T S HE 4



1974

HEIR S AR 2020, 57(9)

oI AR AR AR A 3 0 AR Y e 2 45 S T
285 2R B S8 ML A o~ Y Ak 3O R L A R AR
T[] e 7E AR A A5 S AR BE (result interpretation) P
ANFRAT b X TR R Y A B 3 Ol BB i B (model
understanding) Fl 15 {5 F & A fi# B (mimic model
understanding) P 77 20, A I, A SCHE B 7 19 7]
fiff ok e AN 4 BRI A B E SR AT 0 58 TN B A T

3 SBEFIRBMBEKK

3.1 ETHAMEE

TR D) Y e R T e T S N S LA 0 B
DN RS B G e SRS R P 3R 91 3% Bastani 48 AP
HE 2y 2] P SRR Y AR R 4R IR 1 L 32 BV X R
A B ECE 3 3h R A IF R 52 A B kAT AR il
Az R A I B 4R B i A0 R SR A O 42 JR) A
FeAZ PR M 2 E S8y, O gk ik, A
IE R AT B Y. Andrews 28 N7 HE 55 45 4% Bl 3t F
il T LI 1) 7 5 R A S A2 A AR ) B A

G 1 A ASE AR %) R 0 e R 2 Ak 3 X i 22
2% 14 KLU $2 B Bondarenko 25 A5 i 4% 3 F 4 22 )
2 I HE B Y 43 fi# 15 (decompositional rule extraction
method) , A [90 £% F 4 — A B 5 T8 AT W5 — 2R R
BRI U G R P28 L O FH T B A 52 2% I 2% 14 ik
32 HEEsKL

WO B e KA AR 2R TR — A e
B J22 B TT R T R E A i R ) g AR X 0 L e WO
SEkG N 23 77 A i R R A A e

Dumitru 558 A4 800 18 e KAk B AR [ F
Z PR BY IR 25 %2 HL (restricted Boltzmann machines,
RBMs) #E47 & JiNF1 B 2 55 % 25 W J5 BT 45 21 (9 99 2%
o 3 A S I 45 e BN BT e B G TR A B
it 12 1) 45 AR R 5 4 TR

PO fse KA A B AE— et e, i 0 %
IR S E SR EWE) hy (0,2) &4
SEJZ O S E BRI i BB R 2 RN AR
e & H TR 1 i AR AL ST B AR Y HL AR ZE

e=arg max h,; (0.x). @b)

3 D) [ e 3 S A o DG A TR RS, gl s 32 ) et
FEAEVE 24 Ja 8 i KA. B A1 B 158 B0 55 47 10 O 15 2
i 3 Bh B R B IE (gradient descent) K F- 48— R
R B AR R RAE B T — D EUE 24 R K E
HEAT $i5 3 A R

W b R B O A e T I 3 R B A N 2%
(deep belief network, DBN) w1, A] % fk Sy 5 4&
arg TmaxP(h,j =1 B Im) R 3 17 4 7 B0 B b 42
M2 (deep neural network, DNN) HEZL T, 8 &
DNN 732K a8 if — ROV B R « B —HE o, .0
Al J R max, log P (w. | 2) —A |2 ||?.1% 18] f5 78
AL r I B R A i 2 9 P0 AL SR ms AT LR G T
L2 JEEOE N AL ok 3 Gaussian RBM A & 55K W, ok
H AT R E A EE SR JG E decoding PR 5 F] i
I A B Simonyan 88 AP0 Z 07 ) BE BR
Mz b T — R E SR M4 ConvNets, 5K
HCL2 A AT AL,

T A e KA T kAR B T 3 T KO0 i A L G
fiff T 48 R A AH 2 3%y 1 RS ] T SR A U
T T A AR TR AL B AL,

33 BEMETSN

o 2 280 o3 M 7 i i) EE RAL RS B e br 5
AT AL 22 1) 24 A5 A ol 6 53 b 2 5T 1 Jy SRR IE L DA
VT A T R J32 el 28 O 4% 1) T A7 8 3% T 125 L T 1
15 Kb HL 45 .

X TR Z P20 R 43 B TAE B W) UL T AlexNet,
Krizhevsky H4Z [ #AL T #i2 M 25 1955 1 B2
A AR L H A IR A PR AR 2 C T i 4 Sk
AR R I Z 7 2R BR T T S B 1 2
BRZE.

Zeiler % AUV R4 B 7 6 o i 22 1 ¢
AEEAT PTARAL B 2 FR AR A W 76 A 4 BRI 45 1) 30t 4
VE.3Z D5 ik DA BE 2 45 2 10 R A 1 Sy dan AL 2047 2
B PURAE , B 2045 3 1 25 31 14 25 00 TE 4% 1 B i )2 2
BRI B R A PR S 45 R R B 285 CNIN ) 28 1Y 2
21 B BUR 2 2 B BRI 2 A7 B B9 T 1R
GBI L B 2 1Y fe 0] L2 E 85 ) B R AR
KT B )2 B 4 e L H A ) A R AR S Ak &
Zeiler 1) TAEELIE AT LT 04k 2 25 B2,

ik 2 B 7 AR R T I S B T AR
AT R B A v A AR B B I A R T £
P BT 1) o AR 28 I 2% 1) R AIE o DT ol — > ) #
b B il R

Yosinski 45 A 7 2 17 #0901 B R w2
AR 2 R R TR EE 1 R nTAk SE AEO
AL 0 P A A G el S b S e 4 AR 2 Y AR
55 2 TR FH PEG =s 1a) rp O AR A A B AR AT R 7R
DNN %4 )2 19 HR 1iF. Yosinski 7E 3088 4 ImageNet [+ 3
Frlgr, & S B A 19 4 A I 25 Al 2% TmageNet



PRI 055 Bl 2 > B0 7T A R

1975

HREAMER R S 15 ) W 2% 1 A B« BAE L
0 b B A SR 5 A — A H AR R AL

e=arg max(a; (x) —Ry(x)), (2)
Hrr,e Zal AL 25 2R, a0 (o) J2& B0TE oK 2L T
Ry Ce)S2 B WISy 108 TR At 25 8 A B T A X

da -
xerg[x—ﬁ—yi ;;I] (3)

HEAT HEH. 22 2 IE TR BT &, Yosinski 58 A5 45
o4 FOE A 7V L2 AR R RO /N U Y
1% % (clipping pixels with small norm) F1/]> 1 ik #
3712 & (clipping pixels with small contribution).

Yosinski % AU 4R 2 F T HE TS24
AR AT A T L T T A BC 2 %S, B X CNN
Y B B 2 pp 2 ook AT AT Ak,

BRIt =22 A 502 i 28 5T 0 B i B 1) 7 125 mT LA
Bl A PRI O i ok SE B O U I RICR.

Dosovitskiy % A"l X% 48 #9313 WAL 3
{28 4F HOG (histograms of oriented gradient)t,
SIFT (scale invariant feature transform)™*, LBP
(local binary patterns)™™ 1 AlexNet M 4% ) 5 2
FRAE 2 PR R A7 RS 4

K TAEL A Mahendran % AN, 45 5@ —
M AE R 2 € ROV Hh C RoR Bl iE , H
TR R & EW RaRE 098 RE, RIER AL D
ROV >R R @, =D (2, U EHER e 1
AT RIR N AR (Y B b R AL

e:ar%minH@(I)—@o |? +AR(z), (D
=

Horbr IR IR AL 32 2R ] o 95 2R A 22 (total
variation, TV),i% 77 ik EZ AL T R AF ) & 8] B9
w22, JF HAF ZAN BN T3 & S5 A, e
7 »Dosovitskiy % A [ T/E 5T 22 b 2% & B 5 5
w22, FRE AR R A 1 Oy e ) T RHR b By S e
A,

DX 591 T T T L PR 3R 1 5 2 B 28 T o BT
o AR R AR T X 3 UE A 28 2 (recursive
neural network, RNN) 17, HIE F T 090
£ MR RNN 19 B A B )2 3R 7R 2y — > 1) 6 30
— gL RNN s A Z AP0 5 8 AR B R
AR BRROIR 285 A O EL AT ) T A8 A B A B4R X
AW BB AE e/ ] 4% BT (minimal gated unit,
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Fig. 2 The processing of disentangled representation
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Step3. FIH IoU BA4LEZ 1915 LR AE mask Fl
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exp(f(m, ,m,))

align(m,,m,) = , (5
2o exp(fGm am,))
;H\:rr" s Es
m m,, dot,
flm,,m,)=m/W,m,, general, (6)

VI tanh W, [m,;m,]), concat.
Hrr, £ Gm, ym ) 37 95 3 3 H AR 09 %k 55 72 B2,
WA H 3 (dot) . AUIH M 2% Wk &} ( general) Fl concat
et 3 AT =K.
H AT 1 = AL Bl T e e % 2R AT 55 1 T
Xu A5 S0 T 45 5 i A KR A PG T i o a0

% AR 9 SCHE 3R I AT 55, 458 1) 13 3 0 WL K i
T 1 00 0 SO A T BE AN 1) R 5 1 A XY

Chorowski % N R F 3 TR & 1 2 1 L
180 35 284 i 3] 3 ] YN i 15 R0 O kL B TR TR
B89 13 Fr 51 A B A% (attention-based recurrent
sequence generator, ARSG)Z |, 5B N & Fl i &
TR R AR — A0 E T R IR ARG
b A R A A i 04 P R BRIV 1 A0 B R 2 (A Y
Xt R G & . Bahdanau 45 AW ] i & ) AL %R
i £ ) v RS B 5 A T 81 R A R E A1
) DR IR B AT At B v 1 3] 9 1 B ) 2 [R] 7 X
KR,

Rocktaschel & AW W H & 5 W1 id 12 ™ %
LSTM By BEAY, 7T 1 e H 2 A1) F R i € &
AT 22 8] A 20 5 5C 2 5 T AR 4% 58 b FF 454> ) 57 ke
B 3] — A8 X as 8] 5 2z A AR 2 18 (word-by-
word) i3 22 I L AR 1 i 4 A 35 v iR AR 22
(] 4 X6F 07 O 2R .

Rush % A9 5311 56 F 2 7 LG 28 0
28 T S A BT AR R D ML R T AR T
A 1 478 5 22 ] ) B3] X B G R

HREAE SR 2 Bl BIL ) A S pR B 23 26 A
T K A ol 28 T 4 1) 3 D AL T R B R ER 2 B

Table 2 The Summary of Attention Mechanism

Explanation Methods
x2 FENNHBBAELE

Aligning Model

Method . Type
Calculation
o stochastic “hard” attention
Xu, et al?® concat e .
deterministic “soft” attention
Chorowski, et alt*® concat stochastic “hard” attention
Bahdanau, et alt®7] concat soft attention
Rocktischel, et all®®] concat soft attention
Rush, et alt®! dot soft attention

Choi, et all6%] general soft attention

TE R I LH RE TS ] TR B i e H AT AT A7 A —
BE i Jain BNV T AR BOALE T R
BLH =7 ~J B A 3 5 0 BT (B A B AE % 1 B il R
A A0 T M L R AN [ B 3 B a0 A AT RE L 2 A
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Fig. 3 The sample diagram of LRP propagation

mechanism
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5.2 HEEH

SR OB 2 T 447 1) 7 2RSS 400 T B IR 285, I 2 ¢ —
ANEB D B ZE W 2% 3% AN 9 TR JZ W 2% ] DL gk
) T B ASE Y — R 10 R S 0 3R W IR ) i 4 T 4% g
2 o] 5 TR B b2 I 25 AR TR g T gt T L T A
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Fig. 4 The processing of GBTmimic model
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il BEROCR X T 0K 3 M7 I5 8 AR 45 R B 1o o
DR 35 )T TR A R ) LV T D R
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Table 3 The Summary of Interpretation and Understanding Methods
R3 AHEBERAFELS

Methods Data
ethods Methods atd Task Network Type Test Dataset
Type Type
Classficati Random Forest
Ref [26] No Limit X assfication . ‘an Om‘ orest/ diabetes risk cart-pole
Reinforcement Learning Control Strategy
Ref [29] Image Classfication DBNs/SDAE MNIST
Caltech-101/Caltech-256/
Ref [31 1 Classficati CNNs
ef [31] mage assfication s PASCAL VOC 2012
Ref [43]  Image/Video Classfication DNN ImageNet
Ref [48] Image Classfication CNNs ImageNet /ILSVRC 2012
Broden/ AlexNet/Googl.eNet/ VGG-16
Model Ref [34-35]  Image No Limit CNNs roden/ AlexNet/GoogL.eNet/ /
. ResNet-152/DenseNet-161
Understanding
Machine Translati
Ref [53]  Tmage/Text achine fransia ‘fm/ LSTM Flickr9k/Flickr30k/MS COCO
Object Identification
Ref [55] Speech Speech Recognition ARSG TIMIT corpus
Ref [57] Text Machine Translation/ RNN WMT ’14
Ref [58] Text Text Entailment LSTM Stanford Natural Language Inference
Ref [59] Text No Limit NNLM DUC-2003/DUC- 2004
Ref [60] Text No Limit RNN EHR dataset
Ref [67] Image Classfication Any Classfication The Iris flower /USPS digits
Result Ref [70] Text No Limit LSTM/Bi-LSTM Stanford Sentiment Treebank
Interpretation  Ref 71 Image Classfication DNN MNIST
Ref [73] Image Classfication DNN MNIST
Ref [37] Image/ Text Classfication SVMs religion dataset
Ref [38] Image Classfication PLNN SYN/FMNIST-1 /[FMNIST-2
Mimic Model
e 270 'e Ref [39]  Image/Video Speech Recognition Softmax Classfication MNIST/JFT
Understanding
Ref [40] No Limit  Classfication/Regression DNN ToyClass/ MNIST /ToyReg/Boston Housing
Ref [42] Text Classfication SDAE/LSTM VENT dataset
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B ERY N RO O B AR A L T 4 2R Y i R BOR
(4953 J2 D0 A B9 AR G B2 AL B LRP 53006 2 AN 55 1 ffe o
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