
Explaining Probabilistic Models
with Distributional Values

Cédric Archambeau
cedric.archambeau@helsing.ai
Work mostly done while at AWS

ELLIS Robust ML workshop,
Helsinki, June 2024.

mailto:cedric.archambeau@helsing.ai


Joint work with Luca Franceschi, Michele Donini, and Matthias Seeger. To appear at ICML 2024: OpenReview link.

2

Luca MicheleMatthias

mailto:https://openreview.net/forum?id=37xFIeYgE0&referrer=%5BAuthor%20Console%5D(%2Fgroup%3Fid%3DICML.cc%2F2024%2FConference%2FAuthors%23your-submissions)


3

• SHapley Additive exPlanations (SHAP) uses 
Shapley values to explain the model output

• SHAP measures how much each feature 
contributes to a model prediction

• SHAP is broadly applicable (mode agnostic)
• Game theoretic interpretation
• Does not support contrastive statements
• Computational complexity

The Shapley value for explainable AI (XAI)

Source: Using SHAP Values to Explain How Your Machine Learning Model Works, Medium, January 17, 2022.
Example from California Housing Data Set.

mailto:https://towardsdatascience.com/using-shap-values-to-explain-how-your-machine-learning-model-works-732b3f40e137
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Shapley values in a nutshell Cooperative games

Consider 𝑛 players and 𝑣(𝑆) 
the payoff when the subset 𝑆	
of them plays.

Shapley values were developed 
as a method to fairly distribute 
the grand payoff 𝑣(𝑆 = [𝑛]) to 
each player.
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Game-theoretic XAI

Explaining a classifier

Cooperative games
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Game-theoretic XAI: marginal contribution of feature 𝑖 to 𝑆

What is the importance 
of feature 𝑖 ?



7

Game-theoretic XAI: value operators

Feature importance with 
Shapley values
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Challenges with game-theoretic XAI

Feature importance with 
Shapley values• How can we define a class-independent 

importance for each feature?
• How to make contrastive statements?
• No quantification of importance 

uncertainty
• Contributions may cancel each other 

out!
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Stochastic games: payoffs are random variables

How can we compute marginal contributions?
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Marginal contributions in stochastic games
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Marginal contributions in stochastic games
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Marginal contributions in stochastic games
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Difference set examples
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Distributional values and distributional value operators
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Advantages of distributional values

• We can define a class-independent 
importance for each feature:

• We can make contrastive statements:

• Contributions don’t cancel each other 
out!
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Explaining digit classification with Shapley values
LeNet-5 trained on MNIST
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Explaining digit classification with distributional values
LeNet-5 trained on MNIST

Pixel importance

Contrastive statements
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Explaining image classification with distributional values
ResNet on ImageNet
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Explaining conditional probabilities in LLMs
Probing gender biases



Conclusion

Distributional values 
account for random 
payoffs

This  enables contrastive 
statements and class-
independent importance

Distributional values have 
appealing theoretical 
properties

Computational complexity 
are to resolved


