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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-{ei

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
[2] COUNTERFACTUAL EXPLANATION ADAM optimizer Perturbative
[7] feasibility , diversity Gradient descent Perturbative
[10] actionable Integer programming Perturbative
[11] feasibility, actionable Shortest path on graph over the dataset Perturbative
[12] good counterfactual CBR Filling
[13] visual explanation Exhaustive search & continuous relaxation Filling
[14] efficiently Search with encoded prototypes &. k-d trees Perturbative
[15] sparsity . diversity, valid £-NN XCs Filling
[16] actionable Minimal intervention Perturbative
[17] proximity Two weighting strategies Perturbative
[18] efficiently. diversity Mixed integer programming Perturbative
[19] feasibility Partial structural causal model Perturbative
[20] model-agnostic, data-type-agnostic, distance-agnostic, diversity Standard SMT solver Perturbative
[21] spurious associations Manual Perturbative
[22] generate natural counterfactual visual explanation Change attribute description text Perturbative
[23] generate visual counterfactual explanation Heuristic algorithm to find changes Perturbative
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Fig. 1 Example of local greedy tree
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p s
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1.1 < length(p);/* */

2.fori<1toldo:

3. lg t < Node(“ROOT”);/* */

4. for node < ergodic(lgt [i+1]) do:/* i
*/

5. node. left,node. right <= p[i],s[i];

6. end for;

7. end for;

8. return lgt.
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Table 3 Local LRS of each path in LGT

LRS
{0,0,0) 1.0000 0.6148 4.1882
(0,0,1) 0.9682 0.4833 4.2572
<0,1,0) 0.9466 0.4294 4.2542
0,1,1) 0.8757 0.2000 4.3658
(1,0,0» 0.9911 0.5814 4.2006
(1,0,1) 0.9729 0.4400 4.3495
(1,1,0) 0.9128 0.3800 4.1949
(1,1,1) 0.8757 0.0000 4.8013
s
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Fig. 2 Divisions and links of GLT
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4,  lrs<—calculate(path) ; / *

5. if Irs>>max lIrs do:

6 max Irs < Irs;

7 pathep<— path;

8. end if;

9. end for;

10. return pathcg.

lgt;
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11. CE. push(S[i]);
12. end if;
13. end for;
14. return CE.
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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

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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