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Agenda

1. Interpretability introduction

2. Introduction to inherently interpretable neural networks and prototypical parts
a. PIPNet (Nauta@CVPR2023)

3.  LucidPPN (Pach2024@arxiv)
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Li, Xuhong, et al. "Interpretable deep learning: Interpretation, interpretability,
trustworthiness, and beyond." Knowledge and Information Systems 64.12 (2022):
3197-3234.

Adebayo, J., Gilmer, J., Muelly, M., Goodfellow, I., Hardt, M., & Kim, B. (2018). Sanity
checks for saliency maps. Advances in neural information processing systems, 31.
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Interpretability - definiton 77

Model is interpretable when its behaviour is predictable
and understandable for the user
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Interpretability - definiton 77

Model is interpretable when its behaviour is predictable
and understandable for the user

So, the user knows:

reasons behind predictions
is able to predict the decision of the model
is able to predict the explanation of the model
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Interpretability vs.xar & M)

There has been a recent explosion of work on ‘explainable ML’
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Interpretability vs. XAl

There has been a recent explosion of work on ‘explainable ML’

explainable ML -> second (post hoc) model is created to explain the first black box model.
This is problematic.
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Interpretability vs. XAl gL

There has been a recent explosion of work on ‘explainable ML’

explainable ML -> second (post hoc) model is created to explain the first black box model.
This is problematic.

Explanations are often not reliable, and can be misleading.

If we instead use models that are inherently interpretable, they provide their own explanations,
which are faithful to what the model actually computes.
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XAl or not XAl

Interpretable ML is not a subset of XAl.

The term XAl dates from ~2016, and grew out of work on function approximation; i.e., explaining a
black box model by approximating its predictions by a simpler model, or explaining a black box using
local approximations.
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Interpretable Machine Learning 7
XAl or not XAl

Interpretable ML is not a subset of XAl.

The term XAl dates from ~2016, and grew out of work on function approximation; i.e., explaining a
black box model by approximating its predictions by a simpler model, or explaining a black box using
local approximations.

Interpretable ML also has a (separate) long and rich history, dating back to the days of expert
systems in the 1950's, and the early days of decision trees.
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Introduction to inherently gmuinm
interpretable neural networks
and prototypical parts

Nauta, Meike, et al. "Pip-net: Patch-based intuitive prototypes for
interpretable image classification." Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2023.
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PIPNet

How it works?
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Limitations of prototypical Of m
parts from a user perspective: g

Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B
(2024). LucidPPN: Unambiguous Prototypical Parts Network for
User-centric Interpretable Computer Vision. arXiv preprint
arXiv:2405.14331.
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LucidPPN gt

What is really important on the image?

This does not

: > look like that,
X but I cannot

tell you why...

Existing methods

This does not
look like that
BECAUSE:
although the
shape and
texture is
similar, the

¥ < <

Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for 16
User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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LucidPPN

What are our contributions?

Evidence for Lazuli Bunting

Part prototypes of Lazuli Bunting
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Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for
User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.

17



LucidPPN

group of machine

glearning research

Downscaled

Grayscaled .
H input x. input x
Architecture P R
1 1
| ShapeTexNet fg I | ColorNet f. |
T (BT | |
feature r I|| nd 1 |{| | $ H feature
map Zj _:HE/%=EH: gy EEE = map Z.,
TP - 7
',7 ~ \‘\ ':. ~ @ < . <
h ~
TT T
SRR 0 E—
L R 1
[ = |
l Information fusion \;j
i~ =
i :
Seature map Z, r TT
- ~ I ::H: - ~ 7‘ Prototypical
part
¥ MaxPool2D v Object part 1
resemblance R, . |:] Object part 2
Mean
0+1 + () ClassA
prediction.y Class A Class B [:] Class B

Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for

User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for 19

User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.



LucidPPN

Accuracy
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CARS DOGS FLOWER

ProtoPNet (Chen et al., 2019) 86.1 77.410.2 92.11+0.3
ProtoTree (Nauta et al., 2021Db) 82.2 4+ 0.7 86.6 0.2 - =

ProtoPShare (Rymarczyk et al., 2021) 86.4 74.120.3 90.3+0.2

ProtoPool (Rymarczyk et al., 2022¢c) 85.54+0.1 88.9+0.1 T1.710.2 92.7+0.1
PIP-Net (Nauta et al., 2023) 84.3 £0.2 88.2+05 80.8+0.4 91.8+0.5
LucidPPN 81.5+04 91.6+0.2 794+04 95.04+0.3
Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for 20

User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.



LucidPPN

Influence of color

CUB CARS DOGS FLOWER

ShapeTexNet  80.4 91.7 78.6 93.6
LucidPPN 81.8 91.7 78.9 95.3

Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for
User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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LucidPPN gt

Influence of part correspondence

CUB CARS DOGS FLOWER

PIP-Net 84.3 88.2 80.8 91.8
Lucid PPN 81.5 91.6 79.4 95.0
single branch  86.6 91.9 82.7 95.6

Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for 22
User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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User StUdy An image being Each row shows a prototype of a bird
classified by the Prototypes’ part composed of two components:
model location - shape with texture

- color

yd

Part prototypes of species A

Evidenge for species B

Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for
User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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LucidPPN

Reducing ambiguity of explanations
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Image source: Pach, M., Rymarczyk, D., Lewandowska, K., Tabor, J., & Zielinski, B. (2024). LucidPPN: Unambiguous Prototypical Parts Network for

User-centric Interpretable Computer Vision. arXiv preprint arXiv:2405.14331.
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Thank youl!
Q&A?



