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I Introduction

White Box / Black Box

. o1 AMZ(Neural Networks)

. 2HE 32| A E (Random Forest)

MZEE HIE| I 4l(Support Vector Machine)

‘ J2i= 23 (Graphical Models)

K- 0|2 (K-Nearest Neighbor)

O|AHE LIS (Decision Tree)

2| &M (Linear Regression)

>

sil4124

Black Box

Morocho-Cayamcela, Manuel Eugenio, Haeyoung Lee, and Wansu Lim. "Machine leaming for 5G/B5G mobile and wireless communications: Potential, limitations, and future directions.” IEEE Access 7 (2019): 137184-137206.
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2JARIELER (Dedision Tree)
_ = " " = 3|9 E4(Linear Regression)
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ol Hets
@ 23 YZU(Neural Networks)

- Introduction R

@ H=E= e 0f2(Support Vector Machine)

BIaCk BOX - -6HA—-|| E—:!OI I;QF% El:él © 3= 2% (Graphical Modeks)

K- 0] 2(K-Nearest Neighbor)
2JARIELER (Dedision Tree)

317 E4(Linear Regression)

L]
Black Box

Neural Networks

black-box H=
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XAl Categorization

— Model-agnostic : 222| £d5 0|8oH| &7| 20| 220 &2 80| & 7ts

A
ojo
N
olr
o¥
40

L Model-specific|: 78 72| 20T H& Jts

XAl ——

Class Activation Map(CAM)

O|B|X| &K : Zhou, B, Khosla, A, Lapedriza, A, Oliva, A, & Torralba, A (2016). Leaming deep features for discriminative localization. In Proceedings of the IEEE conference on computer vision and pattemn recognition (pp. 2921-2929).
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XAl Categorization

— Model-agnostic : 222| 85 0|8oH| 7| 20 220 &2 80| HE 7=

L Model-specific : 78 72| 220

2
1
00

7t

olr

— Global : Z20| 0f|=sl= 2= ZANE AH (ex Decision Tree)

L Local : StLt2| Of|F Z1tof| CHSH 2 (ex. LIME)
XAl ——

> 50 < 50
=X DV TP 4B A2
I > /\< 6 < /\ 8
7 g8 87 g817
Decision Tree
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XAl Categorization

— Model-agnostic : 222| 85 0|8oH| 7| 20 220 &2 80| HE 7=
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L Model-specific : 78 72| 220

— Global : Z20| 0f|=sl= 2= ZANE AH (ex Decision Tree)

—  Local : otLt2| Of|= Zutof| CHsH 2 (ex. LIME)
XAl ——
— Image
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— Text
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XAl Categorization

— Model-agnostic : R&2| £/4S 0| 251K 27| mfFof 20| &2 50| H& 75

" — LIME SHAP
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2. LIME

(Local Interpretable Model-agnostic Explanations)
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% "Why Should | Trust You?": Explaining the Predictions of Any Classifier
*  Ribeiro, M. T, Singh, S., & Guestrin, C. (2016). In Proceedings of the 22nd ACM SIGKDD international conference on knowledge

discovery and data mining (pp. 1135-1144).
-« 20214 8F 302 7|E 63072 21E

«  Local approximation 4§42 &5l Black box 22 0] CH
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“Why Should | Trust You?”
Explaining the Predictions of Any Classifier

Marco Tulio Ribeiro Sameer Singh Carlos Guestrin
University of Washington University of Washington University of Washington
Seattle, WA 98105, USA Seattle, WA 98105, USA Seattle, WA 98105, USA
marcotcr@cs.uw.edu sameer@cs.uw.edu guestrin@cs.uw.edu
ABSTRACT how much the human understands a model’s behaviour, as

Despite widespread adoption, machine learning models re-
main mostly black boxes. Understanding the reasons behind
predictions is, however, quite important in assessing trust,
which is fundamental if one plans to take action based on a
prediction, or when choosing whether to deploy a new model.
Such understanding also provides insights into the model,
which can be used to transform an untrustworthy model or
prediction into a trustworthy one.

In this work. we propose LIME. a novel explanation tech-

opposed to seeing it as a black box.

Determining trust in individual predictions is an important
problem when the model is used for decision making. When
using machine learning for medical diagnosis [6] or terrorism
detection, for example, predictions cannot be acted upon on
blind faith, as the consequences may be catastrophic.

Apart from trusting individual predictions, there is also a
need to evaluate the model as a whole before deploying it “in
the wild". To make this decision, users need to be confident
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% LIME(Local Interpretable Model-agnostic Explanations)
*  Local Surrogate ModelS &3l 2t=X| StLte| 0| S0 Tt 54 X
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% LIME(Local Interpretable Model-agnostic Explanations)

*  Local Surrogate ModelS &3l 2t=X| StLte| 0| S0 Tt 54 X
- Local Surrogate Model : A HIO|E{ O] O Ll 578 2=5KA[0f| Cigh o= 28 Al ALER == U= oY 7t 22
Local decision boundary
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% LIME(Local Interpretable Model-agnostic Explanations)
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< LIME(Local Interpretable Model-agnostic Explanations)

o ¢(x) = argmin L(f, g, ) + Q(g)
gea B8 g7t BES EE

N N B N &5 &N &8 N &N &N & & &N B |
stAl -
= [ Decision Tree
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% LIME(Local Interpretable Model-agnostic Explanations)

s§410] of2fe ExT 2 "
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% LIME(Local Interpretable Model-agnostic Explanations)

oA stuxt s 2 oflZat 4 2 o x5 xo| §

E(x) = argmin L(f, g
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% LIME(Local Interpretable Model-agnostic Explanations)
« DOj= d¢ 2= HlojHM o] &/ =Xl (52 Zy O[5}/ 58F =y Z=10f

«  LightGBM(Light Gradient Boosting Machine) Si{44 21t

<=50K >50K

Prediction probabilities Feature Value
Capital gain <=0.00

<=50K 043
>50K

0.00 < Marital_status._... Capital_gain

-
13 Marital status Married-civ-spouse

Education num

Hours/Week

Age

O|0JX| ZX : https/Amwvkdnuggetscomy2019/08/open-blad-boxes-explainable-machine-leaming html
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% LIME(Local Interpretable Model-agnostic Explanations)
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3. SHAP
(SHapley Additive exPlanations)
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< A Unified Approach to Interpreting Model Predictions

*  Lundberg, S. M, & Leg, S. I. (2017). NeurlPS.

-« 2021 82 30¥ 7|E 47042| 21E

*  Shapley ValuesS 7|2t = 0= £X0 CHH 2 L|X{ 7} O|X|= 7|0 =& F8ot0] 0= o off A K=

A Unified Approach to Interpreting Model

- -
Predictions
Scott M. Lundberg Su-In Lee
Paul G. Allen School of Computer Science Paul G. Allen School of Computer Science
University of Washington Department of Genome Sciences
Seattle, WA 98105 University of Washington
slundi@cs.washington.edu Seattle, WA 98105

suinlee@cs.washington.edu

Abstract

Understanding why a model makes a certain prediction can be as crucial as the
prediction’s accuracy in many applications. However, the highest accuracy for large
modern datasets is often achieved by complex models that even experts struggle to
interpret, such as ensemble or deep learning models, creating a tension between
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% Shapley Values
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% Shapley Values
- E120]0{2| Marginal contributionsE A|4t5t0 7t5 Ho ot 4t
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% Shapley Values
- E20|0{2| Marginal contributionsE A A5 7+5 H ok 4f
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% Shapley Values
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% Shapley Values
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< SHAP(SHapley Additive exPlanations)
*  Shapley ValuesS 7|2t2 = 0= £X0 CHH 2 T|X{ 7} O|X|= 7|0 =& F8o0] 0= o offd K=
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% SHAP(SHapley Additive exPlanations)

AlB|c e

g[]g
e (X)] (A

Feature A2| Shapley Value >< .
e

_

Marginal contributions

Data Mining . @ 3
o.:.o Quality Analytics ! I'EQ




B sHAP

% SHAP(SHapley Additive exPlanations)
+ Ol 42 2= Ho[HA 01T 27/ 2| (0: 52F &2 O[5t/ 1: 52 & 210}
. LO|7} HSHE &

=
— = =
FaT5 &50] 52 HEE =1t =50 2 7|d]

° Jj'—‘-ﬂr TZI._SO

High
Age 4
1
Marital Status -.-r.—'

Capital Gain -'—

Relationship

Education-Num
Occupation

Hours per week

Feature value

Sex

Capital Loss
Workclass
Country

Race

—4 -2 0 2 4 - 8 10
SHAP value (impact on model output)

O|O|X| &A : https//towardsdatasdence.comyexplainable-artifical-nteligence-part-3-hands-on-machine-leaming-model-interpretation-e8ebe5afc608
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% SHAP(SHapley Additive exPlanations)
« 7Y O|E(Game theory)= HFIE 2 2 St= Shapley ValuesE AHESHO] O Z0)| CHEH 2t mX 2| 7|0 = AH| 4t
*  Shapley Values A|4F A| B2 Z20f Chslf A4H0] O|RO{X|E2 Q@ A|ZH0] AEICt= tHY EX|
*  Shapley Values T 2 2t5 2|3l Kernel SHAP Deep SHAR Tree SHAP & Liet 72=2| & E |2t

Model A ; E
OdL .?r‘.:f .Lx.uh -.*v”v -u ugh
‘ i Model A Attributions Model B Attributions
-
(i) g
) § ,§ Z 35
;4 Saabas Inconsistency
U E
output = [Cough & Fever|*80
Model B mean(|Tree SHAP|)
) + 56%
Gain e Inconsistency
(e | : —
No TR 8 Split Count § , Inconsistency

Permutation §

25
output = [Cough & Fever]*80 + [Cough]*10

Tree SHAP

O|B|X| &K : Zhou, B, Khosla, A, Lapedriza, A, Oliva, A, & Torralba, A (2016). Leaming deep features for discriminative localization. In Proceedings of the IEEE conference on computer vision and pattemn recognition (pp. 2921-2929).
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< XAIC| 2oMd

-« Of=0f chct 34 0] 0242 Black box 222
% Model-agnostic XAl
- X HYE: LIME SHAP
- LIME: Z&X]
«  SHAP : Shapley ValuesS 7|2t Z 0|5
«  SHAPZ A[LFSHOF St H|X =gl =7} HOHK|= 8%

+ A5
 LIME : KL-LIME, DLIME, Quadratic-LIME(QQLIME) S| &% ¢
 SHAP : extended SHAP DeepSHAP-LSTM =& 2| =
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