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ResNet-110

The plots are from this paper: https://arxiv.org/pdf/1706.04599
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and 𝛼: User-specified error rate threshold
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Conformal Prediction: Goal

• Given a predictor 𝑓, modify it to obtain a set predictor "𝑓 such that it 
predicts a set.
• In such a way that the correct label is within the set with 1 − 𝛼

reliability/confidence:

𝑃 𝑌!"#! ∈ "𝑓 𝑋!"#! ≥ 1 − 𝛼

CENG7880 15
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• We use a hold-out/val set 
since prediction probabilities 
on the training set are not 
reliable.
• Conformal score (𝑠$) = 1 – 𝑝̂$
• But we can devise other 

measures based on x and y

• Set threshold .𝑞 as .𝑞 = 1 − 𝛼
quantile of the scores
• Interpretation: if 𝛼 = 0.1, 90% 

of GT softmax outputs are 
above 1- .𝑞.

Material: https://arxiv.org/pdf/2107.07511
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Adaptive Prediction Sets

• Problem: the current conformal 
predictor is not adaptive to the 
difficulty of the classification, 
providing “average” coverage.
• Goal: Conditional coverage.
• Adaptive conformal predictors 

approximate conditional coverage.
• Approach: Use cumulative sum of 

probabilities in calculating non-
conformity scores and determining 
the threshold.
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Material: https://arxiv.org/pdf/2107.07511
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Conformal Prediction for Regression
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https://mindfulmodeler.substack.com/p/week-3-conformal-prediction-for-regression

Goal: Predict an interval around model’s prediction where half-width is 𝛼. 

as !𝑓 𝑥! − 𝑞, !𝑓 𝑥! + 𝑞

Previously
 on CENG7880



Conformal Prediction for 
Regression

CENG7880 19https://mindfulmodeler.substack.com/p/week-3-conformal-prediction-for-regression
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https://iopscience.iop.org/article/10.1088/3050-2454/adcef2



Types of Uncertainty 

CENG7880

Fig: Abdar et al., A review of uncertainty quantification in deep learning: Techniques, applications and challenges, 2021
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Sources of model (epistemic) uncertainty
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https://arxiv.org/pdf/2302.13425

• Due to different sample distributions 
between training and inference. 

• A model trained on 𝑝!(𝒙, 𝑦) will make errors 
on samples from 𝑝"(𝒙, 𝑦).
• Out of distribution samples.
• Samples far from training set.Fig, table and content: A survey on uncertainty quantification 

methods for deep learning, 2023.  arxiv.org/pdf/2302.13425
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Sources of data (aleatoric) uncertainty
• Owing to inherent data randomness, noise 

or class/label confusion
• Irreducible even with more training data
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Fig: Abdar et al., A review of uncertainty 
quantification in deep learning: Techniques, 

applications and challenges, 2021

Sample from Imagenet From Bedrettin Cetinkaya’s PhD Thesis
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Sources of data (aleatoric) uncertainty
• Owing to inherent data randomness, noise 

or class/label confusion
• Irreducible even with more training data

CENG7880 24

Two types:
• Homoscedastic (homogeneous 

variances) noise: Constant observation 
noise for all samples.

• Heteroscedastic (heterogeneous 
variances) noise: Input dependent 
noise. Fig: https://stats.stackexchange.com/questions/76151/what-is-an-

intuitive-explanation-of-why-we-want-homoskedasticity-in-a-regression

Previously
 on CENG7880
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Uncertainty Quantification in 
Deep/Machine Learning

CENG7880 26
Fig, table and content: A survey on uncertainty quantification 
methods for deep learning, 2023.  arxiv.org/pdf/2302.13425
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Agenda

• (Predictive) Uncertainty Quantification
• Explainability
• Feature Attribution Methods (LIME, SHAP)
• Saliency Methods
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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

CENG7880 28
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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: 



Method for Estimating Epistemic Uncertainty

• With a Bayesian Neural 
Network, we can sample 
different “models” from a 
distribution over the 
weights.

CENG7880 35

Fig: https://medium.com/@costaleirbag/a-first-insight-into-
bayesian-neural-networks-bnn-c767551e9526



Method for Estimating Epistemic Uncertainty

CENG7880 36

Fig: https://www.researchgate.net/figure/a-MC-
Dropout-at-inference-time-The-T-predictions-are-
obtained-from-Dropout-of_fig10_359970124



Method for Estimating Epistemic Uncertainty: 
Monte Carlo Dropout

CENG7880 37

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

For classification problems:



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:



Methods for Estimating Aleatoric Uncertainty

• Aleatoric uncertainty is 
modeled by the distribution:

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

CENG7880 39https://arxiv.org/pdf/2302.13425

For regression problems:



Side Note: Multi-task Learning
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H. Mogultay Ozcan, S. Kalkan, F. Y. Vural, "L-VAE: Variational Auto-Encoder with 
Learnable Beta for Disentangled Representation", Machine Vision and Applications, 
36(104):1-14, 2025.

Kendall, A., Gal, Y., & Cipolla, R. (2018). Multi-task learning using uncertainty to 
weigh losses for scene geometry and semantics. In Proceedings of the IEEE 
conference on computer vision and pattern recognition (pp. 7482-7491).



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



Using Uncertainty 
[from our research]

• Measuring data imbalance 
using epistemic and aleatoric 
uncertainty

• Alternative:
• Class cardinality
• Loss values
• Prediction probability

CENG7880 42

https://arxiv.org/pdf/2311.14090



Using Uncertainty 
[from our research]
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https://arxiv.org/pdf/2311.14090



Using Uncertainty 
[from our research]
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Explainable AI
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Agenda

• Interpretable models vs. posthoc explanations
• Local vs. global explainability
• Feature attribution methods
• Saliency methods
• Causality
• Concept Bottleneck Models
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Explaining predictions

• Facilitates debugging

CENG7880 52

Beery, Sara, Grant Van Horn, and Pietro Perona. "Recognition in terra incognita." Proceedings of the European Conference on Computer Vision (ECCV). 2018.



Explaining predictions

• Helps identifying biases

CENG7880 53
https://web.br.de/interaktiv/ki-bewerbung/en/

https://web.br.de/interaktiv/ki-bewerbung/en/
https://web.br.de/interaktiv/ki-bewerbung/en/
https://web.br.de/interaktiv/ki-bewerbung/en/


Explaining predictions

• Helps whether/if model predictions can be trusted

CENG7880 54Fig: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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Interpretability vs. Accuracy

• If you have an interpretable 
model that is sufficiently 
accurate for your 
application, use it

• Otherwise, use posthoc
explanations for a non-
interpretable model

CENG7880 57

Fig: https://www.sciencedirect.com/science/article/abs/pii/S1566253519308103
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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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Local Global

Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000



Feature Attribution Methods
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Local Interpretable Model-agnostic Explanations
(LIME)
Resources:
https://christophm.github.io/interpretable-ml-book/lime.html
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Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). "Why should I trust you?" Explaining the predictions of any 
classifier. In Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery and 
data mining (pp. 1135-1144).

https://christophm.github.io/interpretable-ml-book/lime.html
https://christophm.github.io/interpretable-ml-book/lime.html
https://christophm.github.io/interpretable-ml-book/lime.html
https://christophm.github.io/interpretable-ml-book/lime.html
https://christophm.github.io/interpretable-ml-book/lime.html
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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

𝑤5
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𝑔 𝑧+ = 𝑤, ⋅ 𝑧′

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

𝑤5
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K-Lasso 
(Least Absolute Shrinkage and Selection Operator)

• Linear regression with L1 regularization

• K-Lasso: Select K features in X, i.e., select K non-zero elements in 𝑤.
• Start with high 𝛼 => strong regularization => all weights are close to zero.
• Slowly decrease 𝛼 => weaker regularization => non-zero weights emerge.
• When # of non-zero dimensions reach K, stop.

CENG7880 83
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Application of LIME to Images
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Application of LIME to Images
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SHapley Additive ExPlanations
(SHAP)

CENG7880 91
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2" : Power set; i.e., set of 
all subsets. 

For three variables: 

(Fig: Wikipedia)Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000



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)

CENG7880 93



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

CENG7880 94

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.

CENG7880 96

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



Shapley Values: Introduction and Intuition

• Shapley value for j-th feature is: 
• The value of the j-th feature’s 

contribution to the prediction of 
this particular instance compared 
to the average prediction for the 
dataset.
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html

All possible (8) coalitions without cat-banned.



Shapley 
Value

CENG7880 99Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html
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Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html
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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

CENG7880 102

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

“Explaining Prediction Models and Individual Predictions 
with Feature Contributions.” 2014.



From Shapley values to SHAP
• Shapley values were introduced in 2011 and 2014:

• Štrumbelj, Erik, and Igor Kononenko. 2011. “A General Method for 
Visualizing and Explaining Black-Box Regression Models.

• Štrumbelj, Erik, and Igor Kononenko. 2014. “Explaining Prediction Models 
and Individual Predictions with Feature Contributions.”

• However, these approaches did not become popular.
• SHAP simplified Shapley value estimation as a linear regression 

problem, 
• connecting Shapley values to LIME and other post-hoc methods
• providing Shapley theory
• introduced new ways of estimating Shapley values
• introduced how Shapley values can be estimated for text and image models
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SHAP: Lundberg, Scott M., and Su-In Lee. 2017. “A Unified 
Approach to Interpreting Model Predictions.” In NeurIPS.



SHAP

CENG7880 105Fig & Material: https://christophm.github.io/interpretable-ml-book/shapley.html

SHAP: Lundberg, Scott M., and Su-In Lee. 2017. “A Unified 
Approach to Interpreting Model Predictions.” In NeurIPS.



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



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



Other SHAP variants

• TreeSHAP for tree-based learners

• Permutation SHAP: 
• Sample from coalitions by incrementally creating permutations
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SHAP: Strengths and Limitations

Strengths

• Fair distribution of    
prediction
• Allows contrastive 

explanations
• You can select a subset of data 

and compare a prediction in 
contrast to the predictions on 
the subset

• Solid theory

CENG7880 110

Limitations

• Only approximations are 
feasible/practical
• Easy to misinterpret as the 

contribution of a feature if 
removed from the dataset. 
• Wrong method if “sparse” 

explanations (few features) are 
needed
• Sensitive to correlation between 

features



Feature Attribution (Saliency) 
Methods
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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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