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Why interpretability? 

Black-box model:
• Opaque reasoning: blind to model’s inner working
• Cannot explain its predictions: no way to verify its predictions
• Could be right for the wrong reason: no way to assess whether

model is using relevant evidence or confounders
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Using the presence of thorax 
tubes to detect pneumothorax 
in chest X-rays
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Rueckel et al. "Impact of confounding thoracic tubes and pleural dehiscence extent on artificial intelligence pneumothorax 
detection in chest radiographs." Investigative Radiology 55.12 (2020): 792-798.



Why interpretability? 

Interpretable model:
• Transparent reasoning: humans can understand model’s inner 

working
• Can explain its predictions: able to see supportive evidence for 

predictions, and disregard predictions where model’s reasoning is 
wrong

• Could be steered toward right reasoning
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Interpretability in computer vision

In the past:
• Synonymous with “pixel 

attributions”
• What are the important 

pixels that contribute to a 
prediction?
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A new form of interpretability:
“this looks like that”
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A new form of interpretability:
“this looks like that”
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A new form of interpretability:
“this looks like that”
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Prototypical part network (ProtoPNet)

• “This Looks Like That: Deep Learning for Interpretable Image 
Recognition” (NeurIPS, 2019)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)
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Prototypical part network (ProtoPNet)

Training:
• Stage 1: Stochastic gradient descent (SGD) of layers before last 

layer
• Stage 2: Projection of prototypes
• Stage 3: Convex optimization of last layer
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Prototypical part network (ProtoPNet)
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• Stage 1: SGD of layers before last layer



Prototypical part network (ProtoPNet)

• Stage 1: SGD of layers before last layer
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Prototypical part network (ProtoPNet)

• Stage 2: Projection of prototypes
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Prototypical part network (ProtoPNet)

• Stage 2: Projection of prototypes
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Prototypical part network (ProtoPNet)

• Stage 3: Convex optimization of last layer

o No change in latent space: layers up to and including the 
prototype layer are frozen
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Prototypical part network (ProtoPNet)

• Prototype visualization
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ProtoViT

• “Interpretable Image Classification with Adaptive Prototype-
based Vision Transformers” (NeurIPS, 2024)
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ProtoViT
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• Supports prototypes with variable numbers of tokens…



ProtoViT

• …that can deform (via greedy matching with adjacency masking) 
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ProtoPairNet

• “ProtoPairNet: Interpretable Regression through Prototypical Pair 
Reasoning” (NeurIPS, 2025)
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ProtoPairNet
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Reasoning with one-to-one comparison:

Input Image 

Original age 26 

Prototype 1

Age 3 

Prototype 2

Age 54 



ProtoPairNet
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Reasoning with one-to-one comparison:

Input Image 

Original age 26 

Prototype 1

Age 3 

Prototype 2

Age 54 



ProtoPairNet

33

Reasoning with one-to-one comparison:

Input Image 

Original age 26 

Predicted age 22.86

Prototype 1

Age 3 

Prototype 2

Age 54 

Weighted mean of 

prototype labels



ProtoPairNet
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Reasoning with one-to-one comparison:

Input Image 

Original age 9

Prototype 1

Age 9 

Prototype 2

Age 80



ProtoPairNet
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Reasoning with one-to-one comparison:

Input Image 

Original age 9

Predicted age 9.8

Weighted mean of 

prototype labels

Prototype 1

Age 9 

Prototype 2

Age 80



ProtoPairNet
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Reasoning with prototypical pairs:

Age 

varies 

linearly 

along this 

line Prototype 1

Age 3 

Prototype 2

Age 54 



ProtoPairNet
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Reasoning with prototypical pairs:

Age 

varies 

linearly 

along this 

line Prototype 1

Age 3 

Prototype 2

Age 54 

Input Image 

Original age 26 



ProtoPairNet
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Reasoning with prototypical pairs:

Age 

varies 

linearly 

along this 

line Prototype 1

Age 3 

Prototype 2

Age 54 

Input Image 

Original age 26 

Projected onto its 

relative position 

within the 

prototypical pair

Prototypical pair with the most relevant age range to the input



ProtoPairNet
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Reasoning with prototypical pairs:

Age 

varies 

linearly 

along this 

line Prototype 1

Age 3 

Prototype 2

Age 54 

Input Image 

Original age 26 

Projected onto its 

relative position 

within the 

prototypical pair

Prototypical pair with the most relevant age range to the input

Dissimilarity: 1.29 Dissimilarity: 1.84



ProtoPairNet
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Reasoning with prototypical pairs:

Age 

varies 

linearly 

along this 

line Prototype 1

Age 3 
Predicted age 24.08 Prototype 2

Age 54 

Input Image 

Original age 26 

The input image appears 

older than Prototype 1 (age 3) 

but younger than Prototype 2 

(age 54)

Dissimilarity: 1.29 Dissimilarity: 1.84

Prototypical pair with the most relevant age range to the input

Projected onto its 

relative position 

within the 

prototypical pair



ProtoPairNet
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Reasoning with prototypical pairs:

Prototype 2

Age 80

Input Image 

Original age 9

Prototype 1

Age 9 

Age 

varies 

linearly 

along this 

line

Prototypical pair with the most relevant age range to the input



ProtoPairNet
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Reasoning with prototypical pairs:

Prototype 2

Age 80

Input Image 

Original age 9

Prototype 1

Age 9 

Age 

varies 

linearly 

along this 

line

Prototypical pair with the most relevant age range to the input

Projected onto its 

relative position 

within the 

prototypical pair



ProtoPairNet
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Reasoning with prototypical pairs:

Prototype 2

Age 80

Input Image 

Original age 9

Prototype 1

Age 9 

Age 

varies 

linearly 

along this 

line

Prototypical pair with the most relevant age range to the input

Projected onto its 

relative position 

within the 

prototypical pair

Predicted age 9

The input image is exactly 

Prototype 1 (age 9),

so the predicted age is 9
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Prototypical pairs and corresponding labels:

(p1,  p2), …, (p2k-1, p2k), ..., (pm-1,  pm), and (yp1, yp2), …, (yp2k-1, yp2k), …, (ypm-1,  ypm)

z

Latent 

vector
Input image

x

Feature 

Encoder f

Input projected 

onto the pair line

p1, yp1

Pair p1, p2

Input projected 

onto the pair line

p2k-1, yp2k-1

Pair p2k-1, p2k

Input projected 

onto the pair line

pm-1, ypm-1 pm, ypm

Pair pm-1, pm

d(2k-1, 2k)

d(m-1, m)

d(1, 2)

p2, yp2

p2k, yp2k
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Prediction 

branch

Prototypical pairs and corresponding labels:

(p1,  p2), …, (p2k-1, p2k), ..., (pm-1,  pm), and (yp1, yp2), …, (yp2k-1, yp2k), …, (ypm-1,  ypm)

z

Latent 

vector

ŷ(1, 2)

Input image

x

Feature 

Encoder f

Generating predictions 

using equation (4)

ŷ(2k-1, 2k)

ŷ(m-1, m)

Input projected 

onto the pair line

p1, yp1

Pair p1, p2

Input projected 

onto the pair line

p2k-1, yp2k-1

Pair p2k-1, p2k

Input projected 

onto the pair line

pm-1, ypm-1 pm, ypm

Pair pm-1, pm

d(2k-1, 2k)

d(m-1, m)

d(1, 2)

p2, yp2

p2k, yp2k
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Prediction 

branch

Prototypical pairs and corresponding labels:

(p1,  p2), …, (p2k-1, p2k), ..., (pm-1,  pm), and (yp1, yp2), …, (yp2k-1, yp2k), …, (ypm-1,  ypm)

z

Latent 

vector

ŷ(1, 2)

Input image

x

Feature 

Encoder f

Generating predictions 

using equation (4)

ŷ(2k-1, 2k)

ŷ(m-1, m)

r(1, 2)

r(2k-1, 2k)

r(m-1, m)
Computing relevance scores 

using equation (5)

Pair relevance 

branch

Input projected 

onto the pair line

p1, yp1

Pair p1, p2

Input projected 

onto the pair line

p2k-1, yp2k-1

Pair p2k-1, p2k

Input projected 

onto the pair line

pm-1, ypm-1 pm, ypm

Pair pm-1, pm

d(2k-1, 2k)

d(m-1, m)

d(1, 2)

p2, yp2

p2k, yp2k
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Prediction 

branch

Prototypical pairs and corresponding labels:

(p1,  p2), …, (p2k-1, p2k), ..., (pm-1,  pm), and (yp1, yp2), …, (yp2k-1, yp2k), …, (ypm-1,  ypm)

z

Latent 

vector

ŷ(1, 2)

Input image

x

Feature 

Encoder f

Predicted age 

24.08

Generating predictions 

using equation (4)

Final 

prediction

ŷ(2k-1, 2k)

ŷ(m-1, m)

r(1, 2)

r(2k-1, 2k)

r(m-1, m)
Computing relevance scores 

using equation (5)

ŷ
Using equation (6)

Pair relevance 

branch

Input projected 

onto the pair line

p1, yp1

Pair p1, p2

Input projected 

onto the pair line

p2k-1, yp2k-1

Pair p2k-1, p2k

Input projected 

onto the pair line

pm-1, ypm-1 pm, ypm

Pair pm-1, pm

d(2k-1, 2k)

d(m-1, m)

d(1, 2)

p2, yp2

p2k, yp2k



Most Relevant Prototype Pair

Prototype p2

Age (a2): 35
Input image

Predicted age: 7.15

d1 = 1.57 d2 = 7.11

Predicted Age

Ground truth: 5

= a1+ (d1/(d1+d2))*(a2-a1)

= 1 + (1.57/(1.57+7.11)) 

* (35 – 1)

   = 7.15

Prototype p1

Age (a1): 1
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Most Relevant Prototype Pair

Prototype p2

Age (a2): 60
Input image

Predicted age: 22.91

d1 = -0.18 

d2 = 1.63

Predicted Age

Ground truth: 25

= a1+ (d1/(d1+d2))*(a2-a1)

=27+(-0.18/(-0.18+1.63)) 

* (60 – 27)

   = 22.91

Prototype p1

Age (a1): 27
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Most Relevant Prototype 

Pair for steering

Prototype p2

Steering(a2): -0.20

Input state

Predicted 

steering: -0.34

d1 = 90.35 d2 = 21.65

Original 

Steering: -0.39

Prototype p1

Steering (a1): -0.93
Predicted Steering

= a1+ (d1/(d1+d2))*(a2-a1)

=-0.93+

(90.35/(90.35+21.65)) 

*(-0.20 – (-0.93))

   = -0.34
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Proto-RSet

• “Rashomon Sets for Prototypical-Part Networks: Editing 
Interpretable Models in Real-Time” (CVPR, 2025)
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Proto-RSet
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Proto-RSet

• Key observation: a lot of feedback could be addressed by only 
adjusting the last layer

• Excluding a prototype: set its last layer connections to 0
• Including a prototype: upweight its last layer connection to its 

own class
• A naïve removal or upweighting of a prototype could destroy 

model performance!
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Proto-RSet

• Solution: find a Rashomon set of prototype-based models that:
o Share the same backbone and the same set of learned 

prototypes
o But differ in their last layer weights!
• Rashomon set = set of near-optimal models on the training data
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Proto-RSet
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Approximate the training loss 
using its second-order Tayler 
expansion around 𝐰ℎ

∗, the optimal 
final layer:

Rashmon set of near-optimal last 
layer weights is the set of last layer 
weights satisfying                 

This can be approximated using an 
ellipsoid:



Proto-RSet
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All Last Layer Weights

𝐰ℎ
∗

Rashmon set of near-optimal last 
layer weights is the set of last layer 
weights satisfying                 

This can be approximated using an 
ellipsoid:



Proto-RSet
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All Last Layer Weights

𝐰ℎ
∗

Remove the j-th prototype:
• Compute the intersection of the 

the ellipsoid with the hyperplane 
𝑤𝑗

(ℎ)
= 0

• Still an ellipsoid!

𝑤𝑗
(ℎ)

= 0



Proto-RSet

60

All Last Layer Weights

𝐰ℎ
∗

Upweight the j-th prototype:
• Compute the intersection of the 

ellipsoid with a half space 
𝑤𝑗

(ℎ)
≥ 𝛼𝑤𝑗

(ℎ)
≥ 𝛼



Proto-RSet

• User study: remove prototypes that correspond to synthetic 
confounders added to a dataset
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Application: mammography classification

• “A Case-based Interpretable Deep Learning Model for 
Classification of Mass Lesions in Digital Mammography” (Nature 
Machine Intelligence, 2021)
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Application: skin cancer classification

• Applied Proto-RSet to a ProtoPNet trained on HAM10000 dataset 
for skin cancer classification to remove confounding prototypes 
(e.g., those that did not focus on the lesion)

• Removed 9 out of 21 prototypes
• Improved test accuracy!

64

Test accuracy: 70.4% Test accuracy: 71.0%
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