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Generative Link Tree: A Counterfactual Explanation Generation Approach with High Data Fidelity

WANG Ming, WU Wen-fang, WANG Da-ling, FENG Shi and ZHANG Yi-fei

School of Computer Science and Engineering, Northeastern University,Shenyang 110169, China
Abstract The super large data scale and complex structure of deep models show excellent performance in processing and applica-
tion of Internet data,but reduce the interpretability of Al systems. Counterfactual Explanations(CE) has received much attention
from researchers as a special kind of explanation approach in the field of interpretability research. Counterfactual Explanations can
be regarded as a kind of generated data in addition to being an explanation. From the viewpoint of application, this paper proposes
an approach for generating counterfactual explanations with high data fidelity, called generative link tree(GLT) ,which uses a par-
titioning strategy and a local greedy strategy to construct counterfactual explanations based on the cases appearing in the training
data. Moreover, it summarizes the generation methods of counterfactual explanations and select popular datasets to verify the
GLT method. In addition, the metric of “Data Fidelity (DF)” is proposed to evaluate the fidelity and potential application of the
counterfactual explanation as data from an experimental perspective. Compared with the baseline method, the data fidelity of the
counterfactual explanation generated by the GLT method is significantly higher than that of the counterfactual explanation gene-
rated by the baseline model.

Keywords Interpretability, Filling type,Counterfactual explanations,Data fidelity
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Table 1 Example of counterfactual explanation
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Table 2 Summary of recent studies on generating counterfactual explanations
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11. CE. push(S[i]);
12. end if;
13. end for;
14. return CE.
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Table 4 Validation weights of the third-party model

HA Adult # 4 % German # 3 %
KNN 0.73 0.66
MLP 0.75 0.67
SVM 0.74 0.69

DT 0.69 0.65

NB 0.74 0.70

® Dice-r ® Dice-g # Dice-k © GLT

5 o" 0" N P»R’ 2 2 O
£%

(b) MLP 432544

TERE T 5 50 = 5 BB A GE BB Pk 2 )5 AR SOk 4%
T Mothilal %77 #2111 Dice HEZLAE N HL 28 J5 6, OB B4
WEEARERZ A RE LR IS ERNERERZ N RE

iﬁﬁ%ﬁ’ﬂﬁl BESEAT T XS 5 R e 4.3.1 115 4.3. 2
W T
4.3.1 $*§1@§4‘&$iﬁ¥ﬁ‘

AN B — A REAR AR T 5~ 10 AN B 3% S i B, A
5 = 7 AR TR B I L RS TS L SR IR A5 AR K] 4 () — B 4 Ce)
Fr s 4 I TR [ SR X B = S RS 4 25 B9 Fl-score,

® Dice-r ® Dice-g #® Dice-k © GLT

MO RP G0 W M P o® B0 o2 O
£%

(c)SVM 43225 11

M2 0 P w" o" b“oﬁb » o
=3

(e)NB /332

S o
o o o

Fl-score
e
2

o
X}

0

® Dice-r ® Dice-g ® Dice-k # GLT

o

8

Fl-score
o o
- o

I
©

0

o‘“

B4 55 =07 BB S R A5 R

Fig. 4 Classification results of third-party models
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Table 5 Data fidelity of multiple counterfactual explanations for a single query sample
VS A-5 G-5 A-6 G-6 A-7 G-7 A-8 G-8 A-9 G-9 A-10 G-10
Dice-r 0.47 0.61 0.33 0.62 0.37 0.62 0. 35 0.53 0.54 0.61 0.46 0.51
Dice-g 0.70 0.90 0.55 0.90 0.75 0. 94 0.77 0.85 0.71 0.89 0.75 0.87
Dice-k 0. 65 0.91 0.71 0. 94 0.68 0. 96 0.70 0.97 0.76 0.94 0. 66 0.94
GLT 0.98 0.98 0.98 0.98 0.92 0.98 0.89 0.98 0.88 0.98 0.88 0.99
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Table 6 Data fidelity of multiple counterfactual explanations

for multiple samples

HAEE Dice-r Dice-g Dice-k GLT
Adult 0.36 0. 81 0.74 0.87
German 0.64 0.93 0.96 0.99
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Table 7 Data fidelity at different segmentation granularity

Ry A AE # BRFEHE FHEREE/S
3 0.98706 0.21
4 0.98764 0.23
5 0.98826 0.27
6 0.987 46 0.33
7 0.98826 0. 44
8 0.98783 0. 65
9 0.98824 1.14
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