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e ernel SHAP: Backgrount

Need to explain Machine Learning decisions for
opaque algorithms.

e Popularlocal post-hoc agnostic methods:
SHAP [1], LIME [2], DeepLIFT [3], etc.

e They suffer from stability issues.

SHAP (Shapley Additive Explanations)

e Applies cooperative game theory to reveal
feature contributions.
e Cooperative game theory: fairly distribute the

total payoff obtained by multiple players
collaborating in a game.

e Shapley value [4]: Consider different coalitions
In which the player is present or absent to
determine his contribution.

e SHAP:the players are the features used by the
model and the gain is the model’s prediction.

e Kernel SHAP: model-agnostic approximation of
SHAP values based on linear regression.

. Problem Statement —

How to get stable explanations, verifying
properties close to the original SHAP values ?

Achieving Kernel SHAP’s Stability

Set the budget to consider only complete stratumes.
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e Coalition: subset of features represented by a binary
vector, where the presence of a feature is indicated by
1and ifs absence is indicated by O.

e Layer: Set of coalitions sharing the same number of
features present or features absent.
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Kernel SHAP: Neighbor Generation Process

e Samples a subset of coalitions based on a budget.

e First generate coalitions from lower layers (blue)
and randomly samples from subsequent layers
(red) if the budget is not exhausted.
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Layer 2
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Stratum: combination of successive layers.

Experimental Protocol [5]

e Black-box models: S5VM, Random Forest (RF), Logistic
Regression (LR), Multi-layer Perceptron (MLP).

e Datasets: Boston, Movie, Adult, Dry Bean, Default of
Credit Card Clients, HELOC, Spambase, Wisconsin
Diagnostic Breast Cancer.

o 10 Instances in the test set of each dataset.
e Various budgets to assess stability and fidelity.
e Metrics:
o Jaccard coefficient for stability measurement.
m Repeating the computation of the explanation
20 fimes for each explained instance.
m Explanation size: 4 (number of non-zero
coefficients returned).

Stratum 2

Random sampling within
layers 2 and 3

Stratum 1 Attribution Values

Forany featurej e N = {1,---,M } (the set of
all features), attribution q)j with Stratum 11s:
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with f being the black-box model, and M

representing the total number of features.

where for any i, ¢

Stratum 1 Attributions vs SHAP: Properties

Stratum 1 Stratum 2 o R2-Score and Accuracy for fidelity measurement.
L Stratum 1 SHAP values
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Complete stratums > stable output.
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No impact on explanation fidelity observed with our
methods: remains highly accurate.

Stratum 1 Attributions vs SHAP: Values

Experiments are conducted on a subset of the
datasets for which computing the exact SHAP
values Is feasible.

e Eliminating the random step in Kernel SHAP leads to . 2
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e Agreement with SHAP values regarding the order
of iImportance of features, (high Kendall
coefficient).

e Very similar attribution scores (R*-score).
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