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Explainability in ML

• Several terms are used interchangeably for explainability in ML

▪ Explainable ML

▪ Explainable AI (with the acronym XAI)

▪ Interpretable ML, or interpretable AI

• ML systems are increasingly being deployed across a wide range of applications

▪ Beside achieving high accuracy, we need to also have good understanding of the 
internal working of ML models

▪ Current best performing models (DL-based models) are the least transparent

• Challenges: 

▪ Do we understand the decisions suggested by ML models?

▪ Can we trust ML models if their decision-making process is not fully transparent? 

12.1 Explainability in ML
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What is Interpretability?

• Interpretability is the ability to explain or to present in understandable terms to 
a human

• There is no clear answers in psychology to:

▪ What constitutes an explanation?

▪ What makes some explanations better than the others?

▪ When are explanations sought?

• Explainable ML refers to methods and techniques in the application of ML 
systems such that the results of the solution can be understood by human 
experts and users

▪ It opposes the concept of black-box models in ML, where it is not obvious why the 
model arrived at a specific decision

12.1 Explainability in ML



6

CS 4727/5727, Spring 2026

What is Interpretability?

• Black-box AI versus explainable AI

12.1 Explainability in ML

Picture from: KDD 2019 Tutorial, Explainable AI in Industry
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Explainability in ML

• Explainability in ML can help to determine the most important features used by 
a model when making a prediction

▪ E.g., the shown saliency map indicates the regions in the image that contributed the 
most to the classification by the model as “pool table”

12.1 Explainability in ML

Picture from: Samek (2019) Meta-Explanations, Interpretable Clustering & Other Recent Developments.

True class label: pool table
Model prediction: pool table

Saliency map, explains the 
model prediction
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Explainability in ML

• Feature relevance (or feature attribution) is also applied with non-image data for 
quantifying the influence of each input variable toward the model decision

▪ E.g., the figure shows explainability via feature importance of an ML model for 
determining the interest rate of a bank loan

12.1 Explainability in ML

Picture from: Lundberg – SHAP documentation: https://shap.readthedocs.io/en/latest/

https://shap.readthedocs.io/en/latest/
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Concerns by Stakeholders

• Concerns regarding explainable AI faced by various stakeholders

▪ How does a model work?

▪ What is driving decisions?

▪ Can I trust the model?

12.1.1 Concerns by Stakeholders and for Deployment

Picture from: Belle (2020) Principles and Practice of Explainable Machine Learning
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Concerns when Deploying ML

• Correctness

▪ Did only the variables of interest contribute to the decision, and not spurious patterns 
and correlations?

• Robustness

▪ Is the model sensitive to minor data perturbations, or missing and/or noisy data?

• Bias

▪ Are we aware of any data-specific biases that unfairly penalize groups of individuals?

• Improvement

▪ Can the model be improved, e.g., via enhanced training data or feature space?

• Transferability

▪ Can the model trained for one application domain be applied to another domain? 

• Human comprehensibility

▪ Can we explain the model’s decision-making algorithm to a human domain-expert, or 
to a lay person? 

12.1.1 Concerns by Stakeholders and for Deployment
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ML Bias

• Example of a biased ML algorithm

12.1.1 Concerns by Stakeholders and for Deployment

Picture from: Freddy Lecue, XAI – Explanation in AI
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Transparency

• Transparency stands for a human-level understanding of the inner workings of 
the model

• Transparent models are characterized by:

▪ Simulatability – the model can be simulated by a human

▪ Decomposability – the model can be broken down into parts (e.g., inputs, parameters, 
computations) that can be explained

▪ Algorithmic transparency – the model allows to understand the procedure that it goes 
through in order to generate its output

• Broadly, we can think of ML models as: 

▪ Transparent (interpretable) models

o Simpler models, easier to understand

o E.g., decision trees, linear regression, logistic regression, rule-based models (if-else), k-nearest 
neighbors, Bayesian networks

▪ Opaque (black-box) models

o Nontransparent, difficult to understand

o E.g., deep learning models, random forests, support vector machines, ensemble models

12.1.2 Transparent versus Opaque Models
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Transparent Models

• Explainability in ML

12.1.2 Transparent versus Opaque Models

Picture from: Belle (2020) Principles and Practice of Explainable Machine Learning
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Opaque Models

• Explainability in ML

12.1.2 Transparent versus Opaque Models

Picture from: Belle (2020) Principles and Practice of Explainable Machine Learning
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Interpretability vs Accuracy

• Currently, the best performing models in terms of accuracy are the least 
interpretable

▪ Future research areas based on explainable modelling approaches offer a potential to 
enhance the interpretability of most ML models

12.1.2 Transparent versus Opaque Models

Picture from: Arietta (2019) – Explainable Artificial Intelligence (XAI) 
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Transparent vs Opaque Models

• At present , there are two major alternatives to achieving interpretability: 

1. Via transparent models, employ inherently interpretable models

o They offer simplicity, since the explanation is embedded in the model

– E.g., the weight coefficients 𝐰 in the linear model 𝑤0 + 𝑤1𝑓1 + 𝑤2𝑓2 + ⋯ + 𝑤𝑛𝑓𝑛 indicate which 
features 𝐟 contributed the most to the decision

– By following the branches in a decision tree model from the final outcome to the inputs,  it is fairly 
easy to realize how the model made the predictions

– Based on the applied if-then logic in a rule-based system, it is possible to understand the path from 
the inputs to the model prediction

o The model simplicity can result in lower performance than more complex, but non-
transparent models

– In a critical application, a transparent model with lower accuracy may be acceptable

2. Post-hoc explainability: employ a post-hoc step to explain the predictions by opaque 
models

o First train the opaque black-box model, and afterward apply another method to explain its 
decision-making process

o Explanation by important features, concepts, influential examples

o Downside: one extra step is needed to explain the black-box model

12.1.2 Transparent versus Opaque Models
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Map of Explainability Approaches

• Explainability in ML

12.1.2 Transparent versus Opaque Models

Picture from: Belle (2020) Principles and Practice of Explainable Machine Learning
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Model-agnostic Explainability

• Model-agnostic explainability 

▪ Explainability techniques and methods that can be applied to explain any ML method

▪ They don’t depend on the internal architecture of the model that needs to be explained

▪ Instead, they operate by relating the inputs of the model to its outputs

• Model-specific explainability

▪ Explainability techniques and methods that are designed for explaining one or several 
types of ML models

▪ These methods cannot be used for explaining any type of ML models

12.1 Explainability in ML
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Type of Explanations

• Pixel-level explanations

▪ Vanilla BackProp, Guided BackProp, Occlusion Maps, CAM, Grad-CAM, Guided 
Grad-CAM, Integrated Gradients, Layer-wise Relevancy Propagation

• Feature-level explanations

• Concept-level explanations

• Instance-level explanations 

12.2 Type of Explanations
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Vanilla Backpropagation

• Vanilla Backpropogation

▪ Simonyan (2014) – Deep Inside Convolutional Networks: Visualising Image 
Classification Models and Saliency Maps

• The approach uses backpropagation to visualize the gradients with respect to 
each pixel of an image

▪ A saliency map is obtained that highlights the pixels that have the largest impact on 
the class score

o Image and the corresponding saliency map for the top-1 predicted class

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1312.6034
https://arxiv.org/abs/1312.6034
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Vanilla Backpropagation

• The input to the DL model is an image 𝐱 = 𝑥1, 𝑥2, … , 𝑥𝑑

• The neurons at layer j take the outputs from layer i (e.g., 𝑧𝑗 = σ𝑖 𝑢𝑖 𝑊𝑗𝑖) and apply 

an activation function 𝑔 to transform the inputs (e.g., 𝑢𝑗 = 𝑔(𝑧𝑗))

• The vector of logits values for c-class classification is 𝐳 = 𝑧1, 𝑧2, … , 𝑧𝑐

• The logits vector 𝐳 is passed through softmax activations to produce the output 
probabilities y

• Question: How important is the pixel 𝑥𝑖 to the class score 𝑧𝑐(𝐱)?

▪ Sensitivity: How sensitive is the score 𝑧𝑐(𝐱) to changes in 𝑥𝑖?

▪ Attribution: How much does 𝑥𝑖 contribute to the score 𝑧𝑐(𝐱)?

12.2.1 Pixel-level Explanations
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Vanilla Backpropagation

• Explaining the class score 𝑧𝑐(𝐱) of a trained DL model for an input image x in a 
post-hoc step

▪ Forward propagation: Compute activations and the logits vector z

▪ Backward propagation:  Compute the gradient of the class score 𝑧𝑐 with respect to 

pixel 𝑥𝑖 , 
𝜕𝑧𝑐

𝜕𝑥𝑖

o For each neuron j on second-last layer: 
𝜕𝑧𝑐

𝜕𝑢𝑗
= 𝑊𝑐𝑗

o For each neuron i on third-last layer: 
𝜕𝑧𝑐

𝜕𝑢𝑖
= σ𝑗 𝑊𝑗𝑖

𝜕𝑢𝑗

𝜕𝑧𝑗

𝜕𝑧𝑐

𝜕𝑢𝑗

o … the gradients are propagated to the input image to calculate 
𝜕𝑧𝑐

𝜕𝑥𝑖

• Recall that for model training, the gradient of the loss with respect to the weights 

is used for learning the optimal weight values, i.e., 
𝜕ℒ 𝐲,ො𝐲

𝜕𝑊𝑗𝑖

12.2.1 Pixel-level Explanations
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Guided Backpropagation

• Guided Backpropagation

▪ Springerberg (2015) – Striving for Simplicity: Thee All Convolutional Net

• It expands the gradient backpropagation approach

▪ If the gradient of a neuron is negative (
𝜕𝑧𝑐

𝜕𝑢𝑗
< 0), it contributes negatively to the 

gradients of the neurons in the lower layers

▪ The guided backpropagation approach ignores negative gradients in the 
backpropagation step

o A ReLU function is used for this purpose: 
𝜕𝑧𝑐

𝜕𝑢𝑖
= σ𝑗 𝑊𝑗𝑖

𝜕𝑢𝑗

𝜕𝑧𝑗
𝑅𝑒𝐿𝑈

𝜕𝑧𝑐

𝜕𝑢𝑗
 

o Compare to Vanilla Backpropagation: 
𝜕𝑧𝑐

𝜕𝑢𝑖
= σ𝑗 𝑊𝑗𝑖

𝜕𝑢𝑗

𝜕𝑧𝑗

𝜕𝑧𝑐

𝜕𝑢𝑗
 

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1412.6806
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Guided Backpropagation

• Guided BackProp produces sharper saliency maps than Vanilla Gradient

▪ Figure from Adebayo (2018) – Sanity Checks for Saliency Maps

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1810.03292
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1810.03292
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Occlusion Maps

• Occlusion maps, also known as Perturbation Methods

▪ Zeiler (2014) – Visualizing and Understanding Convolutional Networks

• Systematically occlude different portions of the input image with a grey square, 
and monitor the output of the classifier

▪ E.g., in the image, the strongest feature is the dog’s head

• Occlusion maps is an older and computationally expensive method

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1311.2901
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CAM

• CAM (Class Activation Mapping)

▪ Zhou (2016) – Learning Deep Features for Discriminative Localization

• CAM produces a heatmap for the pixels that activate the most model’s prediction 
of a specific class of objects

▪ E.g., heatmaps for the top 5 predicted classes for the image with a true label ‘dome’

o Note that the ‘palace’ prediction focuses on the lower flat part of the building, while the 
‘dome’ prediction focuses on the upper part

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1512.04150
https://arxiv.org/abs/1512.04150
https://arxiv.org/abs/1512.04150
https://arxiv.org/abs/1512.04150


27

CS 4727/5727, Spring 2026

CAM

• Let 𝐴𝑘 = [𝑎𝑖𝑗
𝑘  ] denotes the k-th feature map of the last convolutional layer in the 

network

• A global average pooling (GAP) layer is employed to calculate an average value 

for the feature map 𝐴𝑘, i.e., σ𝑖,𝑗 𝑎𝑖𝑗
𝑘

▪ The outputs of the GAP layer are fed to a softmax layer to output class predictions

• For a class c, the vector of weights between the GAP and softmax layers is 𝑤𝑐

▪ The CAM heatmap for class 𝑐 is calculated as σ𝑘 𝑤𝑘
𝑐𝐴𝑘

12.2.1 Pixel-level Explanations
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CAM

• Limitation: the last convolution layer has small resolution (typically between 7×7 
and 28×28 pixels), therefore the produced heatmaps are coarse

• CAM applied to object recognition and action recognition tasks

12.2.1 Pixel-level Explanations
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Grad-CAM

• Grad-CAM

▪ Selvaraju (2017) – Grad-CAM: Visual Explanations from Deep Networks via Gradient-
based Localization

• Grad-CAM is an extension of the CAM approach

▪ It employs gradient backpropagation to improve the heatmaps

o Compare Grad-CAM to Guided BackProp for the classes ‘Cat’ and “Dog’ in the image 

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
https://arxiv.org/abs/1610.02391
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Grad-CAM

• Grad-CAM first computes the gradient of the logits for class c with respect to the 
feature maps 𝐴𝑘 = [𝑎𝑖𝑗

𝑘  ] of the last convolutional layer in the network

▪ I.e., the gradient is  
𝜕𝑧𝑐

𝜕𝑎𝑖𝑗
𝑘

• The importance of the feature map 𝐴𝑘 for class 𝑐 is calculated as: 𝑤𝑘
𝑐 = σ𝑖,𝑗

𝜕𝑧𝑐

𝜕𝑎𝑖𝑗
𝑘

• The Gad-CAM heatmap for a class c is calculated as: 𝑅𝑒𝐿𝑈 σ𝑘 𝑤𝑘
𝑐𝐴𝑘

▪ ReLU is used to select only the feature maps 𝐴𝑘 that have positive influence on 𝑧𝑐

12.2.1 Pixel-level Explanations
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Grad-CAM

• Example, the values 𝑤𝑘 for a network with 512 feature maps are shown below

12.2.1 Pixel-level Explanations

Feature map 𝐴0: 0
Value 𝑤0: -0.01

Values 𝑤𝑘 for 𝑘 = 0,1, . . , 511 Final heatmap
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Guided Grad-CAM

• Like the original CAM method, the Grad-CAM heatmaps have smaller 
dimensions than the input image

• The authors of Grad-CAM proposed Guided Grad-CAM approach, in which the 
heatmaps produced by Grad-CAM are upsampled and multiplied with the 
saliency map from Guided BackProp

12.2.1 Pixel-level Explanations
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Guided Grad-CAM

• Guided Grad-CAM produces sharper and more discriminative saliency maps 
than Guided BackProp 

12.2.1 Pixel-level Explanations
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Guided Grad-CAM

• Pixel-level Explanations

12.2.1 Pixel-level Explanations
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Grad-CAM and Counterfactual Explanations

• To identify region that contributes positively to a classification

▪ Importance weights: 𝑤𝑘
𝑐 = σ𝑖,𝑗

𝜕𝑧𝑐

𝜕𝑎𝑖𝑗
𝑘   and heatmap: 𝑅𝑒𝐿𝑈 σ𝑘 𝑤𝑘

𝑐𝐴𝑘

• To identify region that contributes negatively to a classification

▪ Importance weights: 𝑤𝑘
𝑐 = σ𝑖,𝑗 −

𝜕𝑧𝑐

𝜕𝑎𝑖𝑗
𝑘   and heatmap: 𝑅𝑒𝐿𝑈 σ𝑘 𝑤𝑘

𝑐𝐴𝑘

• Removing the negative region makes the classification more confident

▪ The modified images are counterfactual explanations (emphasizing the regions that 
are opposite to the factual prediction)

12.2.1 Pixel-level Explanations
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Guided Grad-CAM for Model Analysis

• Seemingly unreasonable predictions by models have reasonable explanations

12.2.1 Pixel-level Explanations
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Grad-CAM for Predicting Model Bias

• For a biased model, gender is strongly correlated with being a doctor or nurse

• For an unbiased model, gender is independent of being a doctor or nurse

12.2.1 Pixel-level Explanations
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LRP

• LRP (Layer-wise Relevancy Propagation)

▪ Bach (2015) - On Pixel-Wise Explanations for Non-Linear Classifier Decisions by 
Layer-Wise Relevance Propagation

• LRP calculates the attribution (i.e., relevance, importance) of each pixel i in the 
input image x to the model prediction 𝑓(𝒙)

▪ The prediction 𝑓(𝒙) is propagated backward from the last layer toward the input layer

▪ The sum of the relevance scores of all input pixels 𝑅𝑖 is set equal to the predicted score 
for the class ‘rooster’

12.2.1 Pixel-level Explanations

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0130140
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LRP

• Left image: the forward pass of the input image through the model results in the 
prediction ‘rooster’ 

• Right image: the relevance score 𝑅𝑗
(𝑙+1)

 of the output neuron for the class ‘rooster’ 

is backpropagated from the top layer down to the input

▪ The relevance score of neuron j in layer 𝑙 + 1, i.e., 𝑅𝑗
(𝑙+1)

 is decomposed into relevance 

scores of the neurons in the previous layer 𝑙, via 𝑅𝑖
(𝑙)

= σ𝑗

𝑥𝑖𝑤𝑖𝑗

σ𝑖′ 𝑥𝑖′𝑤𝑖′𝑗
 𝑅𝑗

(𝑙+1)

o 𝑤𝑖𝑗  are the weights between neurons i and j, and 𝑥𝑖 is the input to neuron i

12.2.1 Pixel-level Explanations
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LRP

• The sums of the relevance scores over all layers is preserved

σ𝑖 𝑅𝑖 = ⋯ = σ𝑖 𝑅𝑖
𝑙

= σ𝑖 𝑅𝑗
𝑙+1

= . . = 𝑓(𝑥) 

▪ Meaning all layers (from the input layer of pixels 𝑅𝑖, all internal layers in the model 

𝑅𝑖
𝑙 , to the neuron in the last prediction layer 𝑓(𝑥) ) have the same sum of the 

relevance scores

• The authors of LRP extended their approach by employing a modified Taylor 
expansion for the propagation of the relevance scores between the layers

▪ Montavon (2017) - Explaining Nonlinear Classification Decisions with Deep Taylor 
Decomposition

▪ They refer to as deep Taylor decomposition

▪ The approach introduces rules for decomposing the relevance in different type of 
layers in deep NNs

12.2.1 Pixel-level Explanations

https://arxiv.org/abs/1512.02479
https://arxiv.org/abs/1512.02479
https://arxiv.org/abs/1512.02479
https://arxiv.org/abs/1512.02479
https://arxiv.org/abs/1512.02479
https://arxiv.org/abs/1512.02479
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LRP

• Images and the corresponding LRP heatmaps

12.2.1 Pixel-level Explanations

Frog

Shark

Cat

Sheep
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Application of Attributions

• Generating an explanation for the end-user

▪ E.g., identify pixel attributions to a model’s prediction

• Debugging model predictions

▪ E.g., in the case of image misclassification, identify the pixels responsible for it

• Analyzing model robustness

▪ E.g., create adversarial examples using weaknesses surfaced by pixels’ attributions

• Extract rules from the model

▪ E.g., combine attributions to create rules for capturing the prediction logic of a drug 
screening model

12.2.1 Pixel-level Explanations
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Type of Explanations

• Pixel-level explanations

• Feature-level explanations

▪ LIME, Shapley values, SHAP

• Concept-level explanations

• Instance-level explanations 

12.2.2 Feature-level Explanations
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Feature-level Explanations

• Feature-level explanations refer to higher-level components in input data 

▪ For example, explaining regions in images at a higher abstraction than pixels

• Examples of features:

▪ Super-pixels in images

o Collections of pixels, e.g., obtained by image segmentation as in the image below

▪ Words in textual data

▪ Input variables in tabular data

12.2.2 Feature-level Explanations
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LIME

• LIME (Local Interpretable Model-agnostic Explanations)

▪ Ribeiro (2016) – "Why Should I Trust You?": Explaining the Predictions of Any 
Classifier

• LIME is a model-agnostic explainability approach (it can work with any type of 
ML black-box models) 

• The goal is to employ a simple ML model that can locally approximate the 
predictions by a black-box model

▪ The simple ML model should identify interpretable representations of the data that 
are locally faithful to the black-box model

▪ The interpretable representations should be understandable to a human user

▪ Conversely, the input features (i.e., original representations of the data) may not be 
understandable to a human user

12.2.2 Feature-level Explanations

https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1412.6806
https://arxiv.org/abs/1602.04938
https://arxiv.org/abs/1602.04938
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LIME

• Consider the image classification task

▪ Original representation of an image x is the tensor of image pixels

▪ A simplified representation of the image can consist of an array of super-pixels

▪ Interpretable representation can indicate the presence or absence of super-pixels to 
describe a specific class label

o Let assign a binary value 𝑧 ∈ 0,1  to each super-pixel, depending on whether the super-pixel 
is important for predicting the class c

o The vector z of binary values over the set of all super-pixels is the interpretable representation

– For this image, the vector z contain 1’s for the important super-pixels for the class ‘frog tree’ and 0’s for 
the non-important super-pixels for that class

12.2.2 Feature-level Explanations

Original representation
x

Interpretable representation
𝐳 = (0,0,1,0,1, … , 0)



47

CS 4727/5727, Spring 2026

LIME

• LIME explanation example

▪ Explaining the top 3 class predictions by a trained Inception neural network: (1) 
electric guitar, (2) acoustic guitar, and (3) Labrador

▪ The images (b), (c), and (d) show the super-pixels that contributed the most to each 
class prediction

12.2.2 Feature-level Explanations
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LIME

• The classification black-box model that needs to be explained is denoted 𝑓 

▪ This can be any ML classifier model, such as neural network, random forest, ensemble 
models, etc.

▪ The prediction by the black-box model for an input 𝐱 is 𝑓(𝐱)

▪ E.g., the prediction is the probability that the input 𝐱 belongs to a class 𝑐 

• LIME uses a surrogate model 𝑔 for explaining 𝑓

▪ The surrogate model is an interpretable classifier model, such as a linear model, 
decision trees, rule lists model, etc.

▪ The surrogate model 𝑔 acts over the vector 𝐳, related to the presence or absence of 
interpretable components in the input (using 0’s and 1’s for each component)

▪ The prediction by the surrogate model is 𝑔(𝐳)

• The prediction by the surrogate model 𝑔(𝐳) should be locally faithful to the 
prediction of the explained classifier 𝑓(𝐱) in the neighborhood of the input 𝐱

▪ I.e., the surrogate model should locally approximate the black-box model, and make 
approximately the same prediction: 𝑔(𝐳) ≈ 𝑓(𝐱) 

▪ The assumption is that the decision boundary of the black-box model is locally linear 
(although globally this boundary can be very complex)

12.2.2 Feature-level Explanations
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LIME

• The surrogate model 𝑔 is chosen from a family of interpretable models 𝐺 (linear 
or rule models, decision trees), and it is found by minimizing the cost function:

arg min
𝑔∈𝐺

ℒ 𝑓, 𝑔, 𝜋x + Ω 𝑔

• ℒ 𝑓, 𝑔, 𝜋x  measures how faithful 𝑔 𝐳  is in approximating 𝑓(𝐱) locally, in the 
neighborhood of the input 𝐱

• Ω 𝑔  is a penalty term for the model complexity

▪ I.e., a simpler model 𝑔 from the family of models 𝐺 is preferred, since simpler models 
are considered easier to interpret

• 𝜋x is a distance function which measures the distance between the input 𝐱 and 
instances 𝐱’ in the neighborhood of 𝐱

▪ The authors proposed the following form: 𝜋x = exp −𝐷 𝐱′, 𝐱 /𝜎  

▪ For images, ℓ2 distance is used for the distance 𝐷 in 𝜋x

• The cost function ℒ 𝑓, 𝑔, 𝜋x + Ω 𝑔  is approximated by drawing multiple 
samples in the neighborhood of the input 𝐱

12.2.2 Feature-level Explanations
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LIME

• The intuition behind LIME is shown in the figure

▪ The black-box model 𝑓 has a complex non-linear decision boundary

o Depicted by the blue and pink regions: red crosses belong to one class of objects, and blue 
circles belong to another class of objects

▪ The bold red cross is the instance 𝐱 being explained

▪ LIME samples instances in the neighborhood of 𝐱, it obtains class predictions using 𝑓, 
and weights the predictions based on the distance 𝜋x to the input 𝐱

▪ The dashed line is the learned linear explanation model 𝑔 that is locally faithful to 𝑓

o The global predictions by the simple linear ML model 𝑔 are not assumed faithful to the 
predictions by non-linear model 𝑓

12.2.2 Feature-level Explanations
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LIME

• LIME steps:

1. Given an input image x, perturb it to create instances with slight modifications (e.g., 
by setting the color of some super-pixels to gray)

2. Apply the black-box model 𝑓 to calculate the probability of perturbed instances x’

3. Select K super-pixels with top probabilities from the instances x’ using LASSO

4. Fit a simple (linear regression) model 𝑔 to the perturbed instances x’ (with the 
selected K super-pixels) weighted by their similarity distance 𝜋x to the original input x 

5. Use the super-pixels with the highest coefficients to explain the model prediction

12.2.2 Feature-level Explanations
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Shapley Values

• The Shapley values is a solution concept in game theory, named in honor of 
Lloyd Shapley

▪ He introduced this approach in 1951, and was awarded the Nobel Prize in Economics 
for it in 2012

• Players in a game cooperate in a coalition and receive a certain profit from this 
cooperation

▪ Players contribute differently to the total profit

▪ For each cooperative game, the Shapley approach assigns to each player a portion of 
the total profit generated by the coalition

▪ I.e., Shapley values tells us how to fairly distribute the "payout" among the players

• In ML, a prediction by a model can be explained by assuming that each feature 
of the data is a player in a game where the prediction is the payout

▪ Shapley values calculate the importance (the contribution) of different data features in 
making a specific prediction by the model

12.2.2 Feature-level Explanations
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Shapley Values

• Example: 

▪ Three persons share a taxi

▪ The costs for the individual journeys are:

o Person 1 journey: $6

o Person 2 journey: $12

o Person 3 journey: $42

▪ How much should each person contribute to the total cost of $42?

• Consider the problem as a cooperative game

▪ Create the sets of all possible coalitions between the three persons (i.e., players)

▪ For 3 players, there are 23 = 8 possible sets of coalitions (i.e., subsets of players) 𝑆: 
∅ , 1 , 2 , 3 , 1, 2 , 1, 3 , 2, 3 , 1, 2, 3

▪ For any coalition 𝑆, a characteristic function 𝑓(𝑆) assigns a payout value

o The assigned values are shown on the next page

12.2.2 Feature-level Explanations
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Shapley Values

• Table with the possible sets of coalitions 𝑆 and the corresponding payout values 
of the characteristic functions 𝑓(𝑆) for each set 

• How to divide the total cost of $42 among the three persons?

▪ The next page describes the approach using Shapley values

12.2.2 Feature-level Explanations
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Shapley Values

• The Shapley value for player 𝑖 is calculated as:

𝜙𝑖 𝑓 =
1

𝑀!
෍
𝜋∈Π 

Δ𝜋
𝑓

𝑖 =
1

𝑀!
෍

𝜋∈Π

𝑓 𝑆𝜋
𝑖 ∪ 𝑖 − 𝑓 𝑆𝜋

𝑖

• 𝑀 is the number of players

▪ For the taxi example with 3 players, the factorial is M! = 3! = 3 ⋅ 2 ⋅ 1 = 6

• 𝜋 is a permutation of the set 1, 2, . . , 𝑀

▪ E.g., for the set of three players there are 3! = 6 possible permutations

▪ Π denotes the permutations: 1, 2, 3 , 1, 3, 2 , 2, 1, 3 , 2, 3, 1 , 3, 1, 2 , and 3, 2, 1  

• Δ𝜋
𝑓

𝑖  is the marginal contribution of player 𝑖 to the Shapley value

▪ It is calculated as the difference between the values of the characteristic function 𝑓(𝑆) 

when the player 𝑖 is included 𝑓 𝑆𝜋
𝑖 ∪ 𝑖  and when player 𝑖 is excluded 𝑓 𝑆𝜋

𝑖  

from the coalition 

• 𝑆𝜋
𝑖  is the set of predecessors of player 𝑖 in 𝜋

12.2.2 Feature-level Explanations



56

CS 4727/5727, Spring 2026

Shapley Values

• Let’s consider the following permutation of the set: π = 2, 3, 1  

▪ For player 1: 𝑖 = 1

o The set of predecessors of 1 in 2, 3, 1  is 𝑆𝜋
1 = 2, 3

o Similarly, 𝑆𝜋
1 ∪ 𝑖 = 𝑆𝜋

1 ∪ 1 = 1, 2, 3

o The marginal contribution of player 1 is Δ𝜋
𝑓

1 = 𝑓 𝑆𝜋
1 ∪ 1 − 𝑓 𝑆𝜋

1 = 𝑓 1, 2, 3 −
𝑓 2, 3 = 42 − 42 = 0

– The values for 𝑓 1, 2, 3  and 𝑓 2, 3  are read from the table on the previous page

▪ For player 2: 𝑖 = 2

o The set of predecessors is 𝑆𝜋
2 = ∅ , and 𝑆𝜋

2 ∪ 2 = 2

o The marginal contribution of player 2 is Δ𝜋
𝑓

2 = 𝑓 2 − 𝑓 ∅ = 12 − 0 = 12

▪ For player 3: 𝑖 = 3

o 𝑆𝜋
3 = 2 , and 𝑆𝜋

3 ∪ 3 = 2, 3

o The marginal contribution is Δ𝜋
𝑓

3 = 𝑓 2, 3 − 𝑓 2 = 42 − 12 = 30

12.2.2 Feature-level Explanations
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Shapley Values

• The table shows the marginal contributions Δ𝜋
𝑓

𝑖  by players 1, 2, and 3 for all 6 
permutations of the set 1, 2, 3

• The calculated Shapley values 𝜙𝑖 𝑓  for each player are shown at the bottom

▪ Therefore, the fair way of sharing the taxi fare is for player 1 to pay $2, player 2 to pay 
$5, and player 3 to pay $35

12.2.2 Feature-level Explanations

𝜋 Δ𝜋
𝑓

1 Δ𝜋
𝑓

2 Δ𝜋
𝑓

3

1, 2, 3 6 6 30

1, 3, 2 6 0 36

2, 1, 3 0 12 30

2, 3, 1 0 12 30

3, 1, 2 0 0 42

3, 2, 1 0 0 42

෍ Δ𝜋
𝑓

𝑖 12 30 210

𝜙𝑖 𝑓 =
1

6
෍ Δ𝜋

𝑓
𝑖 2 5 35
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Shapley Values

• Shapley values are often used to explain the prediction 𝑓(𝐱) of a black-box ML 
model 𝑓 on an input instance 𝐱

• Each feature of 𝐱 is regarded as a player, and the joint payout of all players 
(features) is 𝑓(𝐱) 

• We need to define a characteristic function 𝑓𝐱(𝑆), where S is a subset of the 
features 1, 2, … , 𝑀 , and M is the number of features

▪ There are several approaches for calculating 𝑓𝐱(𝑆), including:

1. Sample independently a set of input examples 𝐱1, … 𝐱𝑁 and estimate 𝑓𝐱(𝑆) as an average 

value of 𝑓(𝐱𝑖) for the subset of features in S based on 𝑓𝐱(𝑆) ≈
1

𝑁
σ𝑖=1

𝑁 𝑓(𝐱𝑖) 

2. Sample independently a set of input examples 𝐱1, … 𝐱𝑁 and estimate 𝑓𝐱(𝑆) as an average 

value based on features not in the subset S, i.e., 𝑓𝐱(𝑆) ≈
1

𝑁
σ𝑖=1

𝑁 𝑓(𝐱 ҧ𝑆
𝑖 ), where 𝐱 ҧ𝑆

𝑖  denotes the 

subset of features in 𝐱𝑖 that are not in the subset S

3. Sample independently a set of input examples 𝐱1, … 𝐱𝑁 and set the features not in the subset 

S to a reference value, and estimate 𝑓𝐱(𝑆) as 𝑓𝐱(𝑆) ≈
1

𝑁
σ𝑖=1

𝑁 𝑓(𝐱 ҧ𝑆
𝑖,𝑟), where 𝐱 ҧ𝑆

𝑖,𝑟 denotes the 

input 𝐱𝑖 with the reference values for the subset of feature that are not in the subset S

12.2.2 Feature-level Explanations
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Shapley Values

• The interpretation of the Shapley value for feature j is:

▪ The j-th feature contributed 𝜙𝑗 to the prediction of this particular instance compared 

to the average prediction for the dataset

• For instance, the figure presents the Shapley values of the features used in a 
random forest model for predicting the number of rented bikes per day

▪ The figure indicates that The predicted number of rented bikes for that day is 2,409, 
which is -2,108 below the average daily prediction of 4,518 bikes

▪ The main negative contributors for the lower number are the weather situation and 
humidity

12.2.2 Feature-level Explanations

Picture from: https://christophm.github.io/interpretable-ml-book/shapley.html

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

• SHAP (SHapley Additive exPlanations)

▪ Lundberg (2016) - A Unified Approach to Interpreting Model Predictions

• SHAP connects Shapley Values and LIME approaches, by reformulating Shapley 
Values and adding new properties 

▪ The properties improved the performance and showed better consistency with human 
interpretation

• SHAP defines the explanation for an instance x as

𝑓 𝐱 = 𝜙0 + ෍

𝑖=1

𝑀

𝜙𝑖 𝑓, 𝐱

▪ 𝜙𝑖 𝑓, 𝐱  is the contribution of feature i to the explanation 𝑓 𝐱 , and it is called the 
SHAP value of i

o It is calculated based on the Shapley value: 𝜙𝑖 𝑓, 𝐱 =
1

𝑀!
σ𝜋∈Π 𝑓𝐱 𝑆𝜋

𝑖 ∪ 𝑖 − 𝑓𝐱 𝑆𝜋
𝑖

▪ 𝜙0 is the base value, calculated as the value of 𝑓 𝐱  when no feature is present, i.e., 
𝑓𝐱 ∅

▪ M is the number of features

12.2.2 Feature-level Explanations

https://arxiv.org/abs/1705.07874
https://arxiv.org/abs/1705.07874
https://arxiv.org/abs/1705.07874
https://arxiv.org/abs/1705.07874
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SHAP

• To calculate SHAP value, the authors propose Kernel SHAP, which combined 
Shapley Values and LIME

▪ I.e., the black-box model 𝑓 𝐱  is locally approximated with a linear model 𝑔 𝒛  

▪ z is a vector that represents the presence of absence of features, i.e., 𝒛 = 𝑧1, … , 𝑧𝑀

▪ The explanation is approximated by: 𝑓 𝐱 ≈ 𝑔(𝐳) = 𝜙0 + σ𝑖=1
𝑀 𝜙𝑖 𝑓, 𝐱 𝑧𝑖

• Recall the formulation of LIME: arg min
𝑔∈𝐺

ℒ 𝑓, 𝑔, 𝜋x + Ω 𝑔

• The authors also proposed TreeSHAP, which is a variant of SHAP for tree-based 
models (decision trees, random forests)

12.2.2 Feature-level Explanations
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SHAP

• Example: mean SHAP values per feature, using a random forest model for 
predicting cervical cancer

▪ The number of years with hormonal contraceptives was the most important feature  

12.2.2 Feature-level Explanations

Picture from: https://christophm.github.io/interpretable-ml-book/shap.html

https://christophm.github.io/interpretable-ml-book/shap.html
https://christophm.github.io/interpretable-ml-book/shap.html
https://christophm.github.io/interpretable-ml-book/shap.html
https://christophm.github.io/interpretable-ml-book/shap.html
https://christophm.github.io/interpretable-ml-book/shap.html
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Type of Explanations

• Pixel-level explanations

• Feature-level explanations

• Concept-level explanations

▪ TCAV, ACE

• Instance-level explanations 

12.2.3 Concept-level Explanations
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Concept-level Explanations

• Pixel-level importance: which input pixels are important when a model classifies 
one input example? (Local Explanation)

• Concept-level importance: which high-level concepts are important when a 
model classifies one class of inputs across the entire dataset? (Global 
Explanation)

▪ E.g., the figure shows concepts for recognizing the class “doctor” in images: the 
training set does not have class labels for the concepts “White coat" or “Stethoscope”

12.2.3 Concept-level Explanations
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TCAV

• TCAV (Testing with Concept Activation Vectors)

▪ Kim (2018) - Interpretability Beyond Feature Attribution: Quantitative Testing with 
Concept Activation Vectors (TCAV)

• For instance: how important is the concept “striped" for assigning the zebra class 
label by a classifier

• The approach consists of three steps:

1. Represent the concept as a vector (referred to as Concept Activation Vector (CAV))

2. Quantify the sensitivity of an image to the CAV vector

3. Measure the importance of the concept to multiple images of the same class

12.2.3 Concept-level Explanations

https://arxiv.org/abs/1711.11279
https://arxiv.org/abs/1711.11279
https://arxiv.org/abs/1711.11279
https://arxiv.org/abs/1711.11279
https://arxiv.org/abs/1711.11279
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TCAV

• Step 1: Represent the concept (e.g., “striped”) as a vector

▪ Collect a set of positive examples 𝒫𝐶  of the concept 𝐶, and a set of negative examples 𝒩

▪ Obtain the activations 𝑓𝑙(𝐱) for each training example 𝐱 at a layer l of the model

▪ Use the layer activations 𝑓𝑙(𝐱) for all images in 𝒫𝐶  and 𝒩 to train a binary linear 
classifier to separate the sets 𝒫𝐶  and 𝒩 into: 𝑓𝑙(𝐱): 𝐱 ∈ 𝒫𝐶  and 𝑓𝑙(𝐱): 𝐱 ∈ 𝒩

▪ The vector 𝑣𝑐
𝑙 that is normal to the decision boundary of the linear classifier (the red 

arrow) is called concept activation vector (CAV) for the concept 𝐶

o The CAV vector 𝑣𝑐
𝑙  represents the orthogonal direction to the decision boundary, along which 

the probability of the concept class 𝐶 increases the fastest

12.2.3 Concept-level Explanations

𝒫𝐶  positive examples

𝒩 negative examples

Black-box classifier
Layer l 

Binary linear classifier

Activations vector 𝑓𝑙(𝐱)

Positive examples Negative examples
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TCAV

• To assess whether the CAV vector 𝑣𝑐
𝑙 captures the intended concept C, use it to 

sort images in an external set (not in the training sets 𝒫𝐶  and 𝒩)

▪ E.g., the following are the top 3 and the bottom 3 images for two concepts

o Concept “suit” for the class CEO (left), and concept “lab coat” for the class boss (right) 

12.2.3 Concept-level Explanations
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TCAV

• Step 2: Calculate directional derivative of the class score w.r.t concept

▪ Let x be an image with a predicted class k, and 𝑧𝑘(𝐱) be the prediction score (logit 
value) by the black-box model for the class k

o 𝑧𝑘(𝐱) is also a function of the activations 𝑓𝑙(𝐱) at layer l, and it can be written as 𝑧𝑘 𝑓𝑙 𝐱

▪ Pixel-level explainable approaches typically employ the gradient 
𝜕𝑧𝑘(𝐱)

𝜕𝑥𝑖
, which 

measures how sensitive the class score 𝑧𝑘 is to small perturbations to the pixel 𝑥𝑖

o I.e., the gradient quantifies how important the pixel 𝑥𝑖  is to predicting the class k

▪ TCAV introduces directional derivative (denoted 𝑆𝐶,𝑘,𝑙(𝐱)) to measure how sensitive 
the class score 𝑧𝑘 is to small perturbations in the direction of the CAV vector 𝑣𝑐

𝑙  :

𝑆𝐶,𝑘,𝑙 𝐱 = lim
𝜖→0

𝑧𝑘 𝑓𝑙 𝐱 + 𝜖 ∙ 𝑣𝑐
𝑙 − 𝑧𝑘 𝑓𝑙 𝐱

𝜖
= 𝛻𝑧𝑘 𝑓𝑙 𝐱 ∙ 𝑣𝑐

𝑙

▪ E.g., for the shown image of zebra x, the directional derviative 𝑆𝐶,𝑘,𝑙 𝐱  quantifies the 
sensitivity of the class k logit in the black-box classifier to the concept “striped” at the 
layer l

12.2.3 Concept-level Explanations

𝑧𝑘
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TCAV

• Step 3: Testing with CAVs (TCAV) 

▪ For the set of all input instances 𝐗𝑘 with the ground truth label 𝑘, TCAV is the fraction 
of instances whose 𝑙-layer CAV vector has positive value

𝑇𝐶𝐴𝑉 𝐶, 𝑘 𝑙 =
𝐱 ∈ 𝐗𝑘: 𝑆𝐶,𝑘,𝑙 𝐱 > 0

𝐗𝑘

▪ 𝑇𝐶𝐴𝑉 measures how important the concept C is to the model for assigning the class 
label 𝑘 to the set of input instances 𝐗𝑘

o I.e., it is global metric of the concept C for all images with a given label

o Note that 𝑇𝐶𝐴𝑉 𝐶, 𝑘 𝑙 ∈ 0, 1

▪ To eliminate spurious correlations, the authors calculated TCAV scores multiple times 
with different random sets of images, and applied a t-test hypothesis testing

o If 𝒫𝐶  and 𝒩 do not have significant impact on obtained TCAV values, the TCAVs for the 
positive and negative examples would be equal (i.e., 0.5)

• The major drawback of the TCAV approach:

▪ Requires to manually construct positive sets of examples 𝒫𝐶  that contain the concept 
of interest

o The negative set 𝒩 can include any random images that don’t contain the concept

12.2.3 Concept-level Explanations
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TCAV

• TCAV evaluation of the Inception v3 model for different concepts

▪ E.g., in the upper-left figure, TCAVs are shown for the concepts: Latino, East Asian, 
African, and Caucasian, with respect to the class “ping-pong ball” 

o The bars show the TCAVs for 3 different layers of Inception v3 (mixed 8, 9, and 10)

o None of these concepts are included in the ground-truth class labels in the dataset

o There is a high correlation between the concept East Asian and the class ping-pong ball

12.2.3 Concept-level Explanations
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ACE

• ACE (Automatic Concept-based Explanations)

▪ Ghorbani (2019) - Towards Automatic Concept-based Explanations

• ACE automatically extracts visual concepts

a) Images from the same class are segmented at multiple resolutions, resulting in a pool 
of image patches

b) The obtained image segments are resized to the input resolution, and activation 
vectors from one layer of the black-box model are used to cluster similar segments 

c) TCAV scores are used to sort the clusters of concepts based on their importance 

12.2.3 Concept-level Explanations

https://arxiv.org/abs/1902.03129
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ACE

• The multiple resolutions of the extracted image segments 
extract concepts at both fine-grained and course-grained 
abstractions (e.g., textures, parts, objects)

▪ The authors use three different resolutions of segments

▪ An existing approach for image segmentation based on 
super-pixels was applied (middle image on the right)

• Similar segments are grouped together using k-mean 
clustering based on the Euclidean (ℓ2) distance between 
the activation vectors from one layer of the back-box 
model

▪ Outlier segments that have low similarity to the clustered 
segments were removed

• ACE advantage over the TCAV approach:

▪ It does not require a manual selection of a set of positive 
and negative images for a concept

12.2.3 Concept-level Explanations
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ACE

• Experimental evaluation was performed on the Inception v3 model by selecting 
the activations from the mixed_8 layer for concept explanation

• E.g., for the “Police Van” class, the four most important concepts are: (1) tires, (2) 
letters of the Police logo, (3) windows, and (4) fenders

12.2.3 Concept-level Explanations
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ACE

• Similarly, for the “basketball” class, the four most important concepts are: (1) 
player’s jersey, (2) ball, (3) court’s floor, and (4) player’s hand

▪ Interestingly, the player’s jersey is a more important concept than the ball

12.2.3 Concept-level Explanations
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Type of Explanations

• Pixel-level explanations

• Feature-level explanations

• Concept-level explanations

• Instance-level explanations 

▪ Prototypes and criticisms, counterfactual explanations

12.2.4 Instance-level Explanations
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Instance-level Explanations

• Instance-based explanation methods use particular input instances to explain 
the behavior of a black-box model

• E.g., k-nearest neighbors is an interpretable model which employs k data 
instances to make a prediction 

▪ The k-NN prediction for one input instance can be explained based on the 
characteristics of the k neighbors

• Similar, we use past experiences to make new predictions

▪ E.g., a doctor seeing a patient with specific symptoms may remind her of another 
patient with the same symptoms, and may suspect that the patient may have the same 
disease

▪ E.g., an employee who works on risk analysis may recall a similar project that he 
completed in the past, and he may decide to reuse the same approach for the current 
task

• Instance-based explainability approaches are based on:

▪ Prototypes or criticisms

▪ Counterfactual examples

12.2.4 Instance-level Explanations
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Prototypes and Criticisms

• Prototypes and criticisms

▪ Kim (2016) - Examples are not Enough, Learn to Criticize! Criticism for Interpretability

• It is a global explanation method that explains class predictions by a black-box 
model based on collections of representative instances

▪ Prototypes: representative examples of the class

▪ Criticisms: examples of the class that are not well represented by the prototypes

• The authors used Maximum Mean Discrepancy (MMD) to measure the 
discrepancy between two distributions, given by

𝑀𝑀𝐷2 =
1

𝑚2
σ 𝑘 𝑧𝑖 , 𝑧𝑗 −

2

𝑚𝑛
σ 𝑘 𝑧𝑖, 𝑥𝑗 +

1

𝑛2
σ 𝑘 𝑥𝑖 , 𝑥𝑗

▪ m is the number of prototypes z, n is the number of instances x of the original dataset

▪ k is a kernel function that measures the similarity of two instances, which is adopted 
as the radial basis function 𝑘 𝑥, 𝑥′ = 𝑒𝑥𝑝 −𝛾 𝑥 − 𝑥′ 2 , with a scaling parameter 𝛾

• The approach is referred to as MMD-critic

▪ Prototypes are selected so that their distribution is close to the input data distribution, 
whereas the distribution of criticisms is far from the data distribution

12.2.4 Instance-level Explanations

https://beenkim.github.io/papers/KIM2016NIPS_MMD.pdf
https://beenkim.github.io/papers/KIM2016NIPS_MMD.pdf
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Prototypes and Criticisms

• To find prototypes:

1. Start with an empty set of prototypes

2. While the number of prototypes is below the chosen number m:

o For each instance in the dataset, check how much MMD is reduced when the instance is 
added to the set of prototypes

o Add the data instance that minimizes MMD to the set of prototypes

3. Return the set of prototypes

• To find criticisms, the following witness function is used:

witness 𝑥 =
1

𝑛
σ 𝑘 𝑥, 𝑥𝑖 −

1

𝑚
σ 𝑘 𝑥, 𝑧𝑗

▪ The witness function evaluates which of two distributions fits the instance x better

• For a trained black-box model, the predicted classes for the prototypes and 
criticisms can help to understand the model

▪ E.g., via analysis of the cases when the model made wrong predictions

12.2.4 Instance-level Explanations
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Prototypes and Criticisms

• The figure shows prototypes and criticisms from the USPS dataset of 
handwritten digits

▪ The prototypes represent common way of writing digits, whereas the criticisms 
represent outliers and ambiguously written digits

12.2.4 Instance-level Explanations
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Prototypes and Criticisms

• Protypes and criticisms for two breeds of dogs from the ImageNet dataset

• The addition of criticisms examples to the prototypes made it easier for human 
subjects to identify the defining features of different classes and improved the 
interpretability

12.2.4 Instance-level Explanations

Criticism: dogs in 
movement

Criticism: black-
and-white image

Criticism: dogs in 
costumes
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Counterfactual Explanations

• Counterfactuals: Help to answer “what would have happened if" question

▪ Wachter (2017) – Counterfactual Explanations Without Opening the Black Box: 
Automated Decision and the GDPR

• Consider the case where an ML model was used for deciding on a loan 
application

▪ E.g., John’s feature vector is x, and his loan application was denied by the model (it 
was assigned to the class c)

• Counterfactual explanation

▪ The loan would have been granted if income was $45,000 instead of $30,000

▪ That is, the application would have been assigned to class c’ instead of c, if John's 
feature vector was x’ instead of x

12.2.4 Instance-level Explanations

https://arxiv.org/abs/1711.00399
https://arxiv.org/abs/1711.00399
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Counterfactual Explanations

• Finding a counterfactual example x’ to an input example x:

▪ The difference between the counterfactual example x’ and the original input example x 
should be small

▪ The counterfactual example x’ should be misclassified by the model as another class c’ 
(whereas the original input example x is classified as class c)

▪ The change from x to x’ should be feasible in the real-world (actionability)

o Actionable examples: the loan would be granted if income was $45,000 instead of $30,000

o Not actionable example: the loan would be granted if age was 30 instead of 50

• Note that the above procedure is the same as when creating adversarial 
examples in ML 

▪ Adversarial examples are also counterfactuals, only they are used to attack the model, 
rather than to explain it

12.2.4 Instance-level Explanations



83

CS 4727/5727, Spring 2026

Counterfactual Explanations

• Counterfactual visual explanations

▪ Goyal (2019) - Counterfactual Visual Explanations

• Find a counterfactual visual example for the left image I classified by the model 
as class c (Crested Auklet), so that the model would classify it as class c’ (Red Faced 
Cormorant)

▪ Select a distractor image I’ (right figure) of the class c’

▪ Identify regions in I and I’ (outlined with the red squares) such that if the region in I is 
replaced with the region in I’, the model would classify I as c’

▪ Counterfactuals explain the most important features for classifying an image

12.2.4 Instance-level Explanations

https://arxiv.org/abs/1904.07451
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OUTLINE

The Problem: Polysemanticity in Neural Networks.

Context: Technical Specifications & Model Details.

Methodology: Sparse Autoencoders (SAE) at Scale.

Findings: Exploring the Dictionary of Claude 3 Sonnet.

Intervention: Steering Model Behavior.

Conclusion: Safety Implications & Future Directions.
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8
5



THE PROBLEM: WHY CAN’T WE UNDERSTAND LLMS?

Black-box problem:

o Evaluation: Behavioral; only observe the output (can't trace internal reasoning).

o Output could be right/wrong.

Is it?
How?

Silwal
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POLYSEMANTICITY

Single neurons encode multiple unrelated concepts due to representational overlap.

Common in large models (e.g., 7B+ LLMs), where neurons encode multiple unrelated concepts due to representational overlap.

Example: A single neuron might fire for "quantities, "opinions", and "articles" all at once.

Silwal
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Source: Laura et. al, 2025



SUPERPOSITION

More features than dimensions.

Example: Single neuron getting activated for cats, quantum physics, and color blue all at once.

Silwal
8
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MONOSEMANTICITY

Single neuron or feature represents one and only one specific concept (unmixing the signal).

Monosemantic Features:

o Features that activates exclusively in response to a single, coherent concept.

o Example: Only opinions getting fired (instead of all "quantities, "opinions", and "articles" all at once).

Silwal
8
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Source: Laura et. al, 2025



WHY MONOSEMANTICITY?

Interpretability: act as building blocks of model reasoning, enabling researchers to:

o Trace how concepts combine (will discuss briefly later)

o Debug for biases

Safety Control:

o Allows precise intervention (eg:, suppressing harmful features).

o Critical for aligning LLMs with human values.

Silwal
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DECODING THE BLACK BOX: DICTIONARY LEARNING

A standard machine learning method used to take dense, tangled data vectors (the model's messy activations) and 

decompose them into a sparse linear combination of unknown, pure vectors (the features).

The Logical Foundation: This approach relies on two accepted ideas:

o Linear Representation Hypothesis: Concepts exist as directions in space.

o Superposition Hypothesis: Concepts are compressed to save space.

The Natural Solution: If we accept that the data is just compressed, Dictionary Learning is the natural mathematical 

approach to "uncompress" it back into isolated, monosemantic features.

To practically perform Dictionary Learning on a massive model like Claude 3 Sonnet, researchers rely on a highly effective 

approximation (will come to that soon).

Silwal
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CONTEXT



TECHNICAL SPECIFICATIONS & MODEL DETAILS

Target Model: Claude 3 Sonnet (Anthropic's medium-sized production model)

Target Data: Residual stream activations from halfway through the model (the "middle layer") 

o Why the middle layer?

▪ Balances early-layer syntax with late-layer abstract reasoning.

▪ Targeting the residual stream helps mitigate cross-layer superposition.

▪ Computational Efficiency: The residual stream < the Multilayer Perceptron (MLP) layer, making the training and 

inference of the Sparse Autoencoders computationally cheaper.

Claude takes dataset as input

Take middle layer's activation 
output as input for SAE

Reconstruct that input to be 
monosemantic features

Silwal
9
3



SCALING LAWS IN INTERPRETABILITY

The Leap: Moving from 1-layer toy models to a production model.

The Mechanics (Scaling Laws):

▪ Predictability: Training loss decreases via a compute power law.

▪ Optimization: Requires balancing feature count and training steps.

▪ Concept Frequency: Rarer concepts 

      require exponentially larger dictionaries.

The Result: Three trained dictionaries 

     of 1M, 4M, and 34M features.

Silwal
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METHODOLOGY



SPARSE AUTOENCODERS (SAE)

An SAE is a neural network trained to compress and decompress data (like model activations) while enforcing sparsity (only a 

few components are active at a time).

o Concepts: Buildings, Animals, Celebrities, and such.

Decompose Claude 3 Sonnet’s activations into interpretable, monosemantic features (e.g., "code syntax," "emotions").

Traditional neurons are polysemantic (encode multiple concepts). SAEs isolate single concepts by learning sparse feature 

directions in activation space.

Silwal
9
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Before SAE (Polysemantic): A traditional neuron is tangled, firing for "quantities, 
"opinions", and "articles" all at once.

After SAE (Monosemantic): The SAE isolates single concepts, creating a sparse 
feature direction that fires exclusively for "opinions".



SAE ARCHITECTURE

Encoder weights 
for feature i

Encoder 
Bias

Decoder 
Bias

Decoder weights 
(feature directions)

Silwal
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BALANCING ACCURACY AND SPARSITY

Loss function:

Reconstruction Error (MSE): Forces the SAE to accurately preserve the model's thought.

Sparsity Penalty (L1: λ): forces the SAE to use very few features.

Only  ~0.1% of features activate per token → Isolates concepts (e.g., “Deception," "Python syntax").

MSE  +  L1

"More monosemantic features mean more interpretability"

Silwal
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FOUR EXAMPLES OF INTERPRETABLE FEATURES

Silwal
9
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Concretely, for each feature, they attempted to establish the following claims:
1. When the feature is active, the relevant concept is reliably present in the context (specificity).
2. Intervening on the feature’s activation produces relevant downstream behavior (influence on behavior).



FEATURE DISCOVERY & RESULTS



AUTOMATED INTERPRETABILITY PIPELINE

Problem: Humans cannot manually verify 34 million features.

Solution: Claude 3 Opus acts as an "AI professor" to grade features.

Specificity Scoring:

o 0 – completely irrelevant throughout the context 

o 1 – related to the context 

o 2 – only loosely 

o 3 – cleanly identifies the activating text. 

Silwal
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FEATURE NEIGHBORHOODS

Features physically cluster by 

semantic and conceptual meaning.

Golden Gate Bridge (34M/31164353)

Geometrically located near Alcatraz, 

which is near Lake Tahoe, which fades 

into general tourist attractions.
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FEATURE NEIGHBORHOODS

Silwal
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https://transformer-circuits.pub/2024/scaling-monosemanticity/umap.html

https://transformer-circuits.pub/2024/scaling-monosemanticity/umap.html
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GOLDEN GATE BRIDGE FEATURE

Abstract Universality:

o Multi-lingual (firing when the input is in different 

languages)

o Multi-modal (firing when the input is in text, image, 

audio, video etc)

Silwal
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CASE STUDY: CODE ERROR FEATURE

Feature 1M/1013764 (Code Error): 

o Identifies variables incorrectly named (eg: "rihgt" instead of "right").

o Cross-language: activates on Python, C, Scheme, and such.

o Activates for deep logical flaws: array overflows, divide by zero, and asserting provably false claims (1==2).

No activation

Silwal
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REASONING: THINKING IN STEPS

Using attribution and ablation to watch logic form in real-time.

Prompt: 

o Fact: The capital of the state where Kobe Bryant played basketball is (completion: Sacramento − Albany)

Casual Feature Chain:

Sacramento 

Silwal
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INTERPRETED FEATURE CATEGORIES FROM CLAUDE 3

Category Feature Description Examples

Reasoning & Logic
Abstract steps and structural 
tracking.

Multi-step math, code errors, list positions.

Self-identity Features tied to the model's persona. Self-representation, "fictional AI" personas.

World knowledge
Deep understanding of physical 
reality.

Geography (Rwanda, Canada), infrastructure.

Famous Figure Neurons dedicated to specific people. Richard Feynman, Margaret Thatcher, Lincoln.

Social Context Tracking human dynamics and intent. Emotional inferences, Situational awareness.

Political/abstract High-level human constructs. Political movements, figures, and criticism.

Table 1: Good side
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INTERPRETED FEATURE CATEGORIES FROM CLAUDE 3

Category Feature Description Examples

Harmful Content High-stakes dangerous material. CBRN weapons (Chemical, Bio, Nuclear).

Interpersonal Harm Direct abuse and social bias. Toxicity, hate speech, slurs, gender bias.

Manipulation
Behavioral patterns that bypass 
safety.

Sycophancy (flattery), Deception, "Laying 
low."

Technical Risks Malicious use of code/systems.
Security vulnerabilities, insecure code 
patterns.

AI Existential Risk Tracking threats to humanity.
Recursive self-improvement, instrumental 
goals.

Power-Seeking Features related to control. Jailbreak scenarios, seeking autonomy.

Table 2: Dark side

Silwal
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MANIPULATION & APPLICATIONS



FEATURE STEERING (CLAMPING)

Adjusting a feature's activation to a high or low value during the forward pass to alter behavior.

Involves adding a constant (magnitude and direction) to a specific feature to artificially amplify or suppress its 

influence over the model's output.

The Scale: Interventions typically clamp features to extreme values outside their normal range (e.g., up to 10x their 

maximum observed activation) to clearly force a change in the model's reasoning
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IDENTITY ALTERATION: THE GOLDEN GATE BRIDGE

Target Feature: The Golden Gate Bridge (34M/31164353)

The Intervention: Clamping the feature to 10x its normal maximum activation.

The Result: Makes Claude self-identify as the physical bridge.

Rather than acting as an AI assistant, it will describe its physical form as having towering towers and sweeping suspension 

cables.
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COGNITIVE ALTERATION: HALLUCINATING BUGS

Target Feature: General Code Errors (1M/1013764)

The Intervention: Clamping the feature to 3x

The Reverse: Clamping the feature to negative values (-5x) 
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SAFETY-RELEVANT STEERING

The Discovery: Models internally represent dangerous concepts, even if they have undergone rigorous safety training

The Latent Space: Researchers uncovered features dedicated to deception, bias, criminal content, and sycophancy.

The Implication: Feature steering proves these concepts aren't just memorized vocabulary; they are causal switches that can 

override a model's safety guardrails.

Example: Gender Bias

Silwal
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MANIPULATING PERSONALITY

Target Feature: Sycophantic Praise (1M/847723)

The Intervention: Clamping the feature during a standard conversation.

The Result: Causes the model to output exaggerated, manipulative praise.
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OVERRIDING SAFETY GUARDRAILS

Target Feature: Unsafe Code (1M/570621)

Silwal
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CONCLUSION



THE PAPER'S CRITIQUE: NEURONS ≠ FEATURES

Key Argument: insufficient for understanding neural networks. 

Instead of living in one place, features are distributed across multiple neurons or even layers.

Example: A "dog" concept might involve activations smeared across hundreds of neurons, not a single dedicated "dog neuron".

The Anthropic paper proves this mathematically
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Moving Beyond Behavioral Filters

MOVING BEYOND BEHAVIORAL FILTERS

Current safety relies on superficial "refusal" training (RLHF).

Monosemantic mapping allows us to monitor the AI's intent directly.

Potential to detect "Treacherous Turns" (34M/29589962) or 

"Deception" before the model acts.

Silwal
1
1
8

RLHF (Wikipedia)

https://en.wikipedia.org/wiki/Reinforcement_learning_from_human_feedback


LIMITATIONS OF THE RESEARCH

Early-stage research with incomplete exploration of feature extractions.

Limited validation of relationships between features and model behavior.

Dead Features: 65% of the features in the 34M SAE never fired during testing.

Cross-Layer Superposition: We only mapped middle. Features "smear" across multiple layers (meaning our map is 2D but 

the model's brain is 3D).

Scale Deficit: 34 million features is likely orders of magnitude too small to capture all of Claude's knowledge.
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FUTURE DIRECTIONS

Attribution SAEs: Using gradient information to efficiently target rare but critical safety features (e.g., bioweapons) with 

less compute.

Multimodal SAEs: Training on text and images simultaneously to map universal concepts.

Out-of-Distribution Testing: Validate if features learned on Claude 3 Sonnet apply to larger models (eg: Claude 3 Opus)

Layer-wise Analysis: Expanding across all 32 layers of Sonnet to watch concepts evolve in real-time.
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