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Abstract
With the development of machine learning technology, more and more decisions are determined
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by machine learning algorithms. However, those high-performance models are like black boxes,
lacking transparency and interpretability of decision logic. LIME (Local Intepretable Mod-
el-agnostic Explanation) is a XAl (Explainable Artificial Intelligence) method proposed by Marco
Tulio Ribeiro et al. For complex machine learning models, LIME use linear model to approximate
and explain their decision behaviors locally. But the learning ability of linear models is weak, so
they could not approximate complex models very well. In this paper, to improve LIME, for complex
tree models (XGBoost, random forest, etc.), we propose use EBM to approximate (interpretable
generalized additive tree model). For complex neural network models, we propose use GAMINET
(generalized additive neural network model) to approximate. EBM and GAMINET are both genera-
lized additive models. They have interpretability and stronger learning ability, which can better
approximate complex models.
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Figure 1. Feature importance of EBM
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Figure 2. Feature age and label distribution
B 2. MAFHERMIRE 5 E

EBM (TINS5 RGAE] 0.969, HHE 1 W LEES], PEAIRHIE(gender) X 2% R FE I R AR BEHESR =,
11T SE B A7 97 T B4 25 S8 s AR o A6 v B 2 SR 3R 2 AT 1:1, DRI BERE R 00 445 2R 1l 3 i {EL K
R B DR R AN KT £ o X Bt SR ) 0 AT BE— S B I, VR D S PR FRRE A 2 v 5 RO B A o 48 K 2 4L
PRSI 55 PR B REAS AR B FAPE S 11 (A 2 Bl o R R R SRR A A 2 i A\ i A 5 BRI F R
DRI LRI AR R AR T AT AL B0, AT AL BRAT TN TE AR AR 8 e AR L g 1 SR DAL, 9 B N B AR A7 AE (1 ]
B, DT 6132 B 22 4 AT 5 R R o

2.2. LIME &3
LIME H Marco Ribeiro £ A\[1]F 2016 FIEH, &% BhIAERE 2 B S B g0 ) B e s g — A

TR, eR— MBI R PG 2 TR TE, @ T R T A B R 22 M 2% . XGBoost. B
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TR, 6 U 5 P A 3 P B2 R0 47 A BT . T R B — A3 R,
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7 X UHEBR AL BT O REA A1 2, BTREAS SRR HOMORAE 27, RS A I B F S 5 B2 W
TR z e RY o 525U, (2) JTRan iR REA ORI, L3 AR
ﬂx(z)zexp£—D (x.2) J )
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Fortt D(x,z) AEEE AR, REMRE AR SARRNE L AR REARREH N L2 I, 48
SCAKR IR AL
V0 ST BRI AR, g BB, U PR 2 1A 22 5 bR RS BT
£(0)=27.(2)(/ (2) -2 (=) +O(e) @

H Q(g) WIEA g A, 2 g NLRENABIAIN, BRI Z B NBUE RECR N 0 AN EE.
LIME BRI R 1 fis:

Table 1. Algorithm: LIME
# 1. LIME E3%35712

fan: 1) HEER A 2) KENA x; 3) BEIVERIEALE N

pZ

L. IR, WP SRR B dNMRFE, 18 BIRIEREA IR AR X

2. TEREAR x ML AT RENII SN A BT RE AR 2, 2 R AN x AR R 2, IR A
R HEAT TR URAE 5

3. R R B AR ] A B AT I

. R E

2.3. EBM

EBM T 2015 %44 Rich Caruana 5 A\ [4]#2H, EBM #5 FH 31| B2 U8 BUS A R . EBM 2
TI U HEERY GAMs (Generalized additive models) i #& H RS . ) SCIMEAS B LA 1R B (1 v fige e A
14323 B FIXFE R T SRR GLMs (Generalized linear models)SEBR _E 2 7 SO AR Y 1 — Fpe K 72 20
0 x; AREARIIE j AL, HA RN O p, T SOMERE A FRAE TR 209 :

g(EL)=A+ 20 (x) )
ot g REBERSL E(/))=0.

EBM 7E SUMMPEAR RS FE Al E NN T ANRFAE 2 B30, —Fh B sh8 R A2 XI55 il Yin Lou
s N H[5], EBM HIA R T FiR:

g(ED)=pr 2 () + 2 (5o 4)
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ﬁ\:quj(xj)?‘\jm/i\lglﬁl(shape function), f; ; (xi,xj)ﬁiylﬁmé\l%lﬁ, ST B & EBM AF FH B9 RE %
(Regression Splines){E MR BREL, T 22810 8 EBM KA — X el 8 — WAE IS R . & 55
ANRFAIE AR i 126 H PR A8 SCIT06S . PRI R B3 A T 26 1t AL S A5 B TN 45 5, B4 1 DA Sk AR i 2 1 2
FECHR[5]o (EAFER A SOR R AN & 22 I EBM R, AN522 X EBM AR 2 LA 5 5 1) 1] i
Bk, &—Megn)) UM,

2.4. GAMINET

GAMINET HI#F#s K22 B K % 4T 2020 FF42H[6], GAMINET F1 EBM HJF B AEMG A H AR, %
KX EBM B eRHCR A — XOW B S = WA B, T GAMINET  JUSR H A I 4 N 4%
GAMINET BANMRFIE AR Bi— T 48 B AR AS XA R — AT 4%, AT 2806 N — M, B
NG BESHIRR SN L — 2 e ERE, ETEEREAIRANHHES. GAMINET HBRE
kN

g(ED)=nu+ X f(x)+ X 1, (x0x)) 5)

Jjes i,jes,

Horp S, 9 E RN (main effect) #4BURIEE &, 200N B EANREAEXS B2 (A0S B AL, S, 58 H AN R B 6
A8 H ORI A AE UK (U8 BR AL JIZRIT, GAMINET BRANRFESN T M4 AT IR, BANRHIE T
WIZEAE DN ZRTE BT, PR B 72 A Dy i 7 38 e 4 458 0 A8 I M 28R E AT I e [RIRE, 9 HL % TSR
FRRERE . ASSCRER I IOAS 5 22 X GAMINET #E2H

3. LIME =8 p%s

LIME [ 15322 7R F 2 M A5 B0 SR A B I BE AL B AL B FE AR AT LS, R iRiE i B A Y
FERVEFEAR T AT . FRATER TS, ZRMERE R R0, (H IR TR AR, WA SO HA
VA X EBM [4]F1 GAMINET [6] 1S F A8 A AR IVEREAR BT E 94T 9. A28 I EBM Y
F GAMINET #8YJ& T SUMPERRY, B RUF0nl iR, B84 00 4R AE B 2 mT 5 R AR A — i
M ERANERAE A e R R SR I BE A FE R o (1T EBM. GAMINET Ao B ANERAE 8 38 82 B B 2 0 22 0 2% 30647
L, MR AR & E RO ZE IR, mm N EMEIESEZHBLRA
y=x +x; +sin(x;) 1, X TN RNABRUR KA INE S BIRXFEROCR, T EBM. GAMINET w58
T R R B 4 X SRR A AT T, e

X, = x

3

X, = X
x; > sin(x;)

FRE 5 2R R T+ A R R AT L S A3 B AR BARHE » B2 B R R . BT &)E— =
SRR LNER, SRR 5 H A MRHIE 72 B0 WSRO TR L, R E A TR A AR 4 1 vl AR
PERI RIS RS B2 1 o

3.1. BURENR

A SOKK A UCT 45 FE R AL Adult BURE[ 7304752586, Adult B3R R MSEE 1994 £ N\ DEE
PEEREBGT S, T 1000 & AN 5 50 k, AR AR St 50 k, 4FAEARE A AR, F
W B0, BERREE. SR, FhRSE, — I 48,842 4.
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3.2. HEIRILE

PP XGBoost NE JBAY, LIME A5 81 5% P 3R FH 1) 2 2R PEAR Y (Ridge [B1H . @ #[R113) 25 5356
VAL AR AR (1) JR 04T O, AR /NI AE LIME B8 B0E RESL R, H EBM L& GAMINET Z:3& i1 XGBoost
FEVEREA S INUT AT N, LB EBM. GAMINE AL 1 [m] VR 70 3o 42 A 70y f) 3 42 24 B AR () e Fg o Aok
Fl XGBoost X} Adult BHEEATINA, EIIZGE FAERERN 0.883, AUC N 0.941, 7EMHREE FHER =R
4 0.883, AUC 4 0.923.

X FEA SRR S, 2R 10 AN F [ BE N LR T2 AR ST SR AR R 10 MR ER, iR
K 5000 MREAS, FEBIF LML, EBM PLA GAMINET #4780 &, 451N % 2 s, HgdEs
PRI AR A B 4 -1 AUC 18, A0 & HER 2K

Table 2. Performance of three models on randomly generated datasets near certain sample (XGBoost)

2. ZHMIERE SOE M A MIEREN & R BV BE SR RIS 5 R (XGBoost)

ey EBM GAMINET
1 (0.967,0.951) (0.997, 0.992) (0.983,0.977)
2 (0.965, 0.950) (0.999, 0.985) (0.996, 0.968)
3 (0.964,0.953) (0.999, 0.986) (0.995, 0.980)
4 (0.961,0.951) (0.999, 0.984) (0.996, 0.979)
5 (0.957,0.948) (0.999, 0.984) (0.997, 0.983)
6 (0.953,0.951) (0.999, 0.987) (0.995, 0.980)
7 (0.965, 0.953) (0.999, 0.986) (0.996, 0.986)
8 (0.956, 0.950) (0.999, 0.985) (0.997,0.981)
9 (0.967,0.954) (0.999, 0.987) (0.994,0.978)
10 (0.953, 0.953) (0.999, 0.986) (0.996, 0.988)

[FFE 2 7E LIME B8 SE FHESE N AN S 28 X GAMINET 25 JR) i/ Bl 4 JE 454 28 I 28 15 OG0
FEA M 4T N, FEAT EBM DL R ZR MR AN HEAT E A o VR 7 B AN B 2 A8 (1) B8t A 7 75 s A A I
W R RN R A — R, BRI PR R Rt BT N . &AM BN E LK AUC A
0.906, HERAZ N 0.848, EMHREE LI AUC 4 0.891, HERIFR N 0.840, =FrBALAEIBE SRS -
gs Rz 3 Fio.

Table 3. Performance of three models on randomly generated datasets near certain sample (neural network)

3. ZMMRBVAE SO ARMNAREH A BBV EHE SR RIS ER(EEZHE W)

LR EBM GAMINET
1 (0.955, 0.908) (0.987, 0.856) (0.990, 0.960)
2 (0.960, 0.919) (0.989, 0.887) (0.993,0.972)
3 (0.948,0.911) (0.988, 0.882) (0.992, 0.970)
4 (0.956, 0.914) (0.987, 0.886) (0.992, 0.973)
5 (0.939,0.911) (0.984, 0.877) (0.989, 0.966)
6 (0.963,0.951) (0.989, 0.929) (0.991, 0.982)
7 (0.969, 0.941) (0.988, 0.909) (0.993, 0.983)
8 (0.950, 0.910) (0.985, 0.879) (0.988, 0.964)
9 (0.955, 0.930) (0.988, 0.898) (0.992, 0.972)
10 (0.963, 0.933) (0.988, 0.900) (0.993, 0.976)
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ATLAE R, PR R (XGBoost A4 M 4%), 4k - EBM Fl GAMINET FIRUR#ERLE 26
PEREAIELLT . %6} F XGBoost, EBM FIL AR Z L GAMINET B 4f—28, X 4% 8 M 4%, GAMINET
A HBCER L EBM B, XA REA2 T EBM ZETH 1, BENNEAEIL S M5, 1 GAMINET /&
BT AWML, FIE AAR LS RS R AL G — 2, PRI P4 I 2% 1 BUR 4

R RHAE LIME MEVEHEZE TR, BT EBM & E 588 XGBoost 75 7R s BT (4T Sy 3t
ITRRRE L RARHE, RIS, ASCHEET GAMINET L3UA AR 48 75 VEREA ST 47T W A K FHRE
FA A SR A R SR o DT AR AR IR LE )= 0 e o 2 3

3.3. £F EBM Y LIME #EE Xi#E %

AN H XGBoost 7F Adult ZEAE_ FIZR— AT, FRR 8 — AN I REA T, 2051 FH R 461 LIME
[1#R LK FE T EBM [4]f0E53E LIME #2956 XGBoost 7 1% eV EREAS s Bt (04T kAT iRt . 53 ZRiire
WEANRE L F AUC 20518 0.941, 0923, RS54 0.883, 0.873, & 3 FE 4 435 ~NE LIME

Local explanation for class >50K
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Figure 3. Feature importance of LIME globally
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Figure 4. Feature importance of improved LIME based on EBM globally
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AR BE T EBM 204 f5 1 LIME 5888 75 JCVE AR AR i BT AR R ) 2008 4R B B AR AE 21 01 ] (40 i), w)
PLE BB R 3510 Capital Gain. Education-Num L& Hours per week J& fix 2 2 [FJ4RFE, J H 152 A
FR2E>50 k /2 IEAHRH), RVEREA SR = ANMRAAE BT BUE IO, B Bt oh>50 k, 43R4
SAMRHIE BB AR BN REA AT B TN, 460K 2 BORE AR 52 A B TR0 <50 k, WA 2 5 4k LIME
B IE 2T EBM G LIME A58 ES ] DLLEFRATTE BIRFAEAN 52 A2 R0 25 5 2 [l R 06 &, IR Hik
KA -

#—25 0 LUE 3 EBM AN Relationship [t Marital Status I E B, B §j 3 L5 34 6 s m & g iy
FIYL AT, 1 LIME M jx 2 . FATTHL Relationship. Marital Status iX B MRFIE 51 Bk S PR N — N2 45
[ A AR Al 5, ML S BT U 3132 %5 5] U9 %5 HE ) Relationship 4 AE 55 P 448 X6 22 b Marital Status 22K .
T EBM ) LIME B8 () iR 50 mT 58, X2 N EBM B 2] fe ) L2 48 [B] )1 258

WG AR P AN SR () =) SR AR AIE B B R A T O RE A S BN RRE B AR A R S e AR .
6 FIE 7 frzs.

Overall Importance:
Coefficients

Relationship I

Marital Status ‘
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Figure 5. Feature comparison: Relationship VS. Marital Status
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Figure 6. Feature importance of LIME locally
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Predicted (1): 0.717 | Actual (1): 0.717

Intercept I——
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Figure 7. Feature importance of improved LIME based on EBM locally
7. £F EBM HIZi# LIME REH 00 B ERHEEZE M E

3.4. E£F GAMINET #J LIME &8 Su# &%

AN B A N S AE Adult BESE EVNZR—ADNTNAEAY, JE PR E— N1 AE R R A R
595 F LIME [11#8 LK ST GAMINET [6]f) i LIME A7 0 & AR AR SRR A ml I AT it
TR, SRR - AR RAE « MASE L1 AUC 233300 0.907, 0.893, #ERfI 2437124 0.849,
0.843. MK 8 A 9 FLLE PN ALRHIE B HE T =M R-IEYY A capital_gain. education_num.
maritial_status, JR45 LIME #&%4i\ N capital loss tt hours per week ¥ I #EE, ik T GAMINET )i
PRI 2 2 o [FIREFRATTEL capital loss. hours per week X FIJ4RFAE L AR FNZ 55 B T i)l 2k, 5
F40PE 10 B Bl A RHE E 2 . 0] BUE 2] hours_per week X capital loss SR U4 £iF B5 214 4
MHMERE K. 2T GAMINET K LIME SOt 578 e % 5 Ik o sog i S B R isAT . & 11 8
GAMINET AT M2 (4 A 2050 H R Bt 26 8, SRR SR RRE R 2 — 20t it 2, A N s ilcks
TEM AR . GAMINET MJSUE% N S5 5 4 A2 A THE R, 45 TRy, HeA
e (A I A A, HAT BRI 5 ) g

W6 A AN B 2R it 1) JR) S AR B PRI A T OV AR A ST B AN R U X AR A B S RE R . 0 ]
12 FIE 13 iR

Local explanation for class >50K
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Figure 8. Feature importance of LIME globally
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Figure 9. Feature importance of improved LIME based on GAMINET globally
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Figure 11. Shape function of each feature
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Figure 12. Feature importance of LIME locally
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Figure 13. Feature importance of improved LIME based on GAMINET locally
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