Prototypical parts are
ambiguous and hard to
understand?

Try ¥ LucidPPN
offering insightful
explanations thanks to

- Shape and texture + color
disentanglement
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- consistent prototype to
object part correspondence

LucidPPN: Unambiguous Prototypical Parts Network
For User-Centric Interpretable Computer Vision

Mateusz Pach, Koryna Lewandowska, Jacek Tabor, Bartosz Zielinski, Dawid Rymarczyk
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Problem #1: Ambiguity

This does not
look like that,

but I cannot
tell you why...

. LucidPPN (ours)

Existing methods

Prototypical parts

for Cardinal

This does not

look like that

BECAUSE:

although the
shape and
texture is

similar, the
color differs

Prototypical parts
for Lazuli Bunting
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Solution: ¢ LucidPPN
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Insightful explanations
Local

Part prototypes of Lazuli Bunting L score
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What is the influence of color Based on the given evidence,
on the model's decision?

Evidence for Lazuli Bunting
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Comparative

Classified image

Bay-breasted Warblers seen 1n training Green Violetears seen 1n training
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Part prototypes of Bay-breasted Warbler Part prototypes for of Green Violetear
0.01 vs 2.53
Final scores
CUB CARS DOGS FLOWER
ProtoPNet (Chen et al., 2019) 79.2 86.1 77.440.2 92.11+0:3
ProtoTree (Nauta et al., 2021b) 8224+0.7 86.61+0.2 — —
ProtoPShare (Rymarczyk et al., 2021) 74.7 86.4 74.1+0.3 90.310.2
ProtoPool (Rymarczyk et al., 2022¢c) 85.53+0.1 88.9+0.1 T1.5:0.2 92.740.1
PIP-Net (Nauta et al., 2023) 84.3 0.2 88.2+0.5 80.8x0.4 91.8+0.5
. LucidPPN 81.5+04 91.6x0.2 794+04 95.0x=0.3

ColorNet and ShapeTexNet validation

CUB CARS DOGS FLOWER Original ~ Hue-perturbed
ShapeTexNet  80.4  91.7 786  93.6 i S 20
_ LucidPPN 81.8 91.7 78.9 95.3 _ LucidPPN ]1.9 717




