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Same architecture 
trained on different 

subsets/versions of Z.

Typo here with the sign since 
the definition is the other way 

around: 
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Method for Estimating Epistemic Uncertainty
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Fig: https://www.researchgate.net/figure/a-MC-
Dropout-at-inference-time-The-T-predictions-are-
obtained-from-Dropout-of_fig10_359970124
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Method for Estimating Epistemic Uncertainty: 
Monte Carlo Dropout
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“What uncertainties do we need for computer vision?” 
https://arxiv.org/pdf/1703.04977

For classification problems:Previously
 on CENG7880



Method for Estimating Epistemic Uncertainty: 
Monte Carlo Dropout
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“What uncertainties do we need for computer vision?” 
https://arxiv.org/pdf/1703.04977

For regression problems:
Previously

 on CENG7880



Methods for Estimating Aleatoric Uncertainty

• Aleatoric uncertainty is 
modeled by the distribution:

• In a regression problem, we can 
obtain this as: 

CENG7880 7https://arxiv.org/pdf/2302.13425

For regression problems:
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Methods for Estimating Aleatoric Uncertainty
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For classification problems:

“What uncertainties do we need for computer vision?” 
https://arxiv.org/pdf/1703.04977
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Explainable AI

• Interpretable models vs. posthoc explanations
• Local vs. global explainability
• Feature attribution methods
• Saliency methods
• Causality
• Concept Bottleneck Models
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Faithful: The explanation must be 
true to the model's operation

Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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𝜋! 𝑧 = exp −
𝐷 𝑥, 𝑧 "

𝜎"

where 𝐷 𝑥, 𝑧 can be e.g., cosine distance for text
and L2-distance for images.

Adapted: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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𝑔 𝑧! = 𝑤" ⋅ 𝑧′

Adapted: Uni of Pennsylvania, Trustworthy ML - CIS 7000

𝑤,
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𝑔 𝑧! = 𝑤" ⋅ 𝑧′

𝑤" of this model includes one coefficient 
(importance) for each feature.

𝑤,

Previously
 on CENG7880



CENG7880 14Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000

Previously
 on CENG7880



LIME & Conformal Prediction tutorial

• LIME:
https://colab.research.google.com/drive/1z_2FIUVC6x3EbYTwOaIyLRLlNBhaxL7d?usp=sharing

• Conformal Prediction:
https://colab.research.google.com/drive/1o96-AFtr_LwjuV2hW73PFNmOkOqTfvTD?usp=sharing
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Shapley Values: Introduction and Intuition

• Relies on Shapley values
• “In cooperative game theory, the Shapley value is a method (solution 

concept) for fairly distributing the total gains or costs among a group of 
players who have collaborated.” – Wikipedia
• Players form coalitions based on their strategies and get “profit” based on 

their contributions.

• In ML, game = prediction, features = players.
• For a certain input 𝐱, 

• treat each feature dimension value 𝐱# as a “player” 
• prediction of the model is the “payout”
• “fairly” distribute the payout among the features (players)
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Shapley Values: Introduction and Intuition

• Example: Predict an apartment’s price given its 
features:
• Area, floor, park-proximity, cats-allowed
• Goal: Explain the importance/contribution of each 

feature to the price (or in comparison to an average 
price)

• Potential answer:
• park-nearby: €30,000
• area: €10,000
• floor-2nd:  €0
• cat-banned: - €50,000. 
• When added, these can explain the price of the 

apartment in comparison to other apartments
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html
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Shapley Values: Introduction and Intuition

• Shapley value for a feature is the 
average contribution of a feature 
across all possible coalitions
• How to calculate the contribution 

of e.g. cat-banned?
• Compare two coalitions with cat-

banned and not cat-banned.
• The difference is the contribution of 

cat-banned.
• Repeat this for more samples & 

coalitions.
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html



Estimating Shapley Values

• Calculations with all possible coalitions can be expensive for large 
dimensions
• Alternative: Monte-Carlo Sampling
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html

“Explaining Prediction Models and Individual Predictions 
with Feature Contributions.” 2014.
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SHAP
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html
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Smilkov, D., Thorat, N., Kim, B., Viégas, F., & Wattenberg, M. (2017). 
Smoothgrad: removing noise by adding noise. arXiv preprint 
arXiv:1706.03825.
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Agenda

• Explainability
• Evaluating the quality of saliency maps
• Counterfactual explanations
• Representation-level explanations
• Data attribution methods
• Concept Bottleneck Models

CENG7880 23



Administrative Notes
• Final Exam:

• 13 January 16:30
• Paper selection finalized except for two projects
• Project milestones

• 1. Milestone (November 23, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

• 2. Milestone (December 7, midnight)
• The results of the first experiment

• 3. Milestone (January 4, midnight)
• Final report (Readme file)
• Repo with all code & trained models
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Measuring the Quality of 
Feature-Attribution Weights
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Sample Work from Our Research

CENG7880 30

Osman Tursun, Sinan Kalkan, Simon Denman, Sridha Sridharan, Clinton Fookes, “Quantized and Verbalized Heatmap Analysis with Part-
Masks and LLMs for End-User-Friendly XAI”, under review.



Sample Work 
from Our 
Research
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Osman Tursun, Sinan Kalkan, Simon Denman, Sridha Sridharan, Clinton Fookes, “Quantized and Verbalized Heatmap Analysis with Part-
Masks and LLMs for End-User-Friendly XAI”, under review.
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Probability of the Bernouilli distribution 
(in the previous slide)
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Counterfactuals
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Background: 
Counterfactual 
Reasoning
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Figure: Judea Pearl.
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Counterfactual Explanations

• When trying to understand/explain model behaviors, we often want to answer 
questions

“For situation X, why was the outcome Y and not Z?” 
• One way to answer this is to construct a counterfactual sample that 

includes/contains the potential cause:
“If X was X*, then the outcome would have been Z rather than Y.”
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Goyal et al., Counterfactual 
Visual Explanations, 2019.
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Goyal et al., 
Counterfactual Visual 
Explanations, 2019.
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Transformation from 𝐼
to 𝐼′ in feature space.
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reshuffle features
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minimum edit from 𝐼 to 𝐼ʹ in feature space.
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“The third column depicts a composite 
image generated in pixel space by 

aligning and superimposing the 
highlighted region centers.”
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