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Introduction !cﬁ!;zys

Goal of Unsupervised Part Discovery:

* Decompose objects into meaningful parts

* Explore part similarity across multiple categories Without using any manual label
* Predict pixel-level part masks from input images

Figure 2. Parts unsupervisedly discovered by MPAE across multiple categories on PartimageNet Segmentation (/X = 50). The same color
indicates that these discovered parts share similar semantics, even if they belong to different categories.
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Novel paradigm !cﬁ!;ys

* Learn part discovery through image restoration
« Compensates appearance information using unmasked patches
* Cluster part region features based on their appearance

Maintain robustness in
very complex scenarios
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- | & Constrain » Each part appears at least once in each mini-group
Lo = — 2—— max P nf’—— max Pzg "g ] .
CTN, g_:l( G gl Z .19 i) |:> » Each image to contain at least one part
Ny @
Ly, = NlG W PEE LD, » Background appears near the image boundaries

Optimized constraints !m[;ggzu\!s

1. Presence Constraint: E = L¢ + Ly

2. Semantic constraint: L Constrain » Each descriptor aligns only with local features of high

, 1 K | Mk s(cos(e(k k)+m)) :> Slmllal’lty
R TR > Maximize cosine similarity within the same part
t=1 17k » Minimize cosine similarity between different parts
Encourage the model to discover diverse part regions instead of collapsing into instance discovery.

3. Distribution constraint: £4 = £+ + L. | » High-confidence pixels belonging to the same part to
K41 We He on Constrain form a connected region.
Ly HFWFgng;I ikl :> » Correct the imbalanced penalization inherent in the

- previous concentration loss
Le= A+1ZZZP”M’ : : : ; i ;
k=t i=t =1 » Each pixel is constrained to align strongly with a single
part descriptor
Encourage the predicted part masks to better align with object part shapes.
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Proposed Pipeline !l:gz[a:zu!
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Training Pipeline (a) (b) !EQQEM
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Block (a): Retain part of the image appearance
features in the unmasked region and encode
them into the latent space.

Block (b): Extract part descriptors D and a dense
feature map F from the input image.



Training Pipeline (c) (d)

Training Pipeline
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Block (c): Assign part descriptors D to fill the masked regions based on the similarity maps P, which are
calculated by matching part descriptors D to the dense feature map F.

Similarity Maps P
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Block (d): Restore the masked regions using part descriptors D in block (d). Guided by part appearance, the

similarity maps closely match the shapes of corresponding parts even in complex scenarios.



Inference Pipeline !c!%gzu\!s
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» Upsample the dense feature map F to obtain a larger feature map F’

» Only the trainable ViT and the pre-trained ViT are retained

» Use part descriptor D as prototype to predict part-level masks from F’



Results: PartimageNet !cﬁ!;zys

Method

Label

K

Partlmage_O (%)

PartImage_S (%)

NMIT ARIT | NMIT ARIt
Weakly-supervised part discovery
Huang et Category 8 3.88 1.53 ) B
al. [20] label | 2 | 756 125 - -
50 | 10.19 1.05 - -
. 8 | 27.13 8.76 10.68 3243
NGt 152] GO o5 | a1 1060 | 1844 4070
SA abel
50 | 4149 1417 | 2198 39.40
. 8 | 1928 3472 | 1668 3201
f]\)}i%c_%l\ffjr Czitegory 25 | 2823 2593 | 4681  40.70
abel
50 | 2948 2868 | 3413 3940
PDiscoFormer 8 28.84 55.66 B -
[2]+ frozen Czi;ige?ry 25 | 4336 62.82 - -
VIiT-B/14 50 | 4448 5791 - -
. 8 | 2900 5240 | 2029 3890
Pfﬁfﬁl;ﬂrﬂfr Cﬁ;igecl’ry 25 | 4471 5927 | 4318 64.61
50 | 4629 6221 | 44.06  60.10
Unsupervised part discovery
8§ | 19.17 7.59 - -
DINO* [1] N/A | 25 | 3146  14.16 - -
50 | 37.81  16.50 - -
Xiaetal* [40] | N/A | 4N.| 2785 4077 | 2517 3750
8 | 3290 66.17 | 3351  65.05
MPAE* (ours) N/A | 25 | 3928 6887 | 3722  68.04
50 | 53.65 7422 | 5510 7352

Quantitative comparisons with state-of-the-art methods

on PartimageNet OOD and Segmentation datasets
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PDiscoNet Xia et al.* PDiscoFormer’ MPAE* (ours)

i

Qualitative results of MPAE (ours) and other stateof-
the-art unsupervised and weakly-supervised methods on
PartimageNet OOD dataset (K= 50).



Results: CUB

ICCV

0CT 19-23, 2025

K =4 (%) K =8(%) K =16 (%)
Method Label NME| NMIT ARIfT | NME] NMIT ARIf | NME] NMIT ARIT
Weakly-supervised part discovery
Huang et al. [20] Species label 11.51 29.74 14.04 | 11.60 3572 1590 | 12.60 4392 21.01
PDiscoNet [35] Species label 9.12 3782 1526 | 852 50.08 2696 | 7.64 5687 38.05
Choudhury et al. [6] Foreground mask | 9.20 43.50 19.60 - 51.50  28.30 - - -
PDiscoNet + ViT-B/14 Species label 770 5259 26.66 634 65.01 3790 @ 595 68.63 4341
PDiscoFormer + ViT-B/14* [2] Species label 8.19 5288 2322 | 6.23 6759 4135 | 644 6954 4999
PDiscoFormer + ViT-B/141 Species label 741 58.13 2511 | 654 6987 4276 | 5.74 73.38 55.83
Unsupervised part discovery
DINO* [1] N/A - 31.18  11.21 - 4721 19.76 - 50.57 26.14
Xia et al.* [40] N/A 992 4522 1940 | 858 5242 2642 | 827 5352 3395
MPAE* (ours) N/A 7.75 5893 3373 | 553 68.24 4585  5.14 79.00 66.56
Quantitative comparisons with state-of-the-art methods on CUB
CUB Dataset CUB Dataset
R e e e o R r e hmer T Tomear | Heere | Poacoronad MmAE (e

PPiscoNet

PDi'scoFonnerT MI;AE* ours

Qualitative results of MPAE on CUB
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Results: CelebA !cﬁ!;ys

K =4(%) K =8 (%) K =16 (%)
Method Label NME] NMIT ARIT | NME] NMIT ARIT | NME] NMIT ARIT
Weakly-supervised part discovery
Huang et al. [20] Attribute label 8.75 56.69 3474 | 796 5480 34.74 | 7.62 6222 41.01
PDiscoNet [35] Identity label 1.1 7597 6953 | 982 62.61 5189 | 946 7743 70.58
Unsupervised part discovery
DINO™ [1] N/A 1136 138 001 | 1074 1.12 0.0l - 329  0.06
GANSeg? [19] N/A 1226 4171 28.06 | 6.18 67.28 56.23 - - -
Xia et al.* [40] N/A 12.28 50.69 34.57 | 10.24 58.35 46.78 - - -
MPAE* (ours) N/A 1144 5613 37.20 | 7.55 59.64 4172 | 710 7021 60.33

Quantitative comparisons with state-of-the-art methods on CelebA

CelebA Dataset CelebA Dataset

~ Raw Image

Qualitative results of MPAE on CelebA
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Influence of Different Constraint

Method K =8 (%) K = 25 (%) K = 50 (%)
NMIT  ARIf | NMIT  ARIf | NMIT  ARIf
Without £y 0.00 000 | 000 000 | 000 0.0
Without £, 3091 7320 | 33.67 6785 | 3936 5524
Without £, 1830 2062 | 1352 454 | 1437  4.08
Without £, 3121 6327 | 2748 5493 | 5251  73.08
Without £, 25.60 5739 | 3153 6339 | 2232 49.73
Without £, 55.69 7654 | 57.70 7697 | 5642  74.03
Full model 3351 6505 | 3722 68.04 | 55.10 73.52

Table 4. Performance comparisons of MPAE without different loss
functions on the PartlmageNet Segmentation dataset in the setting

of K = 8,25, 50.

Raw Image Without £; Without £, Withot

{
i

it L. Without L, Without £, Without £, Full Model
-

Qualitative results from the ablation studies of the loss functions on
PartimageNet Segmentation dataset (K = 50).



Ablation studies

Influence of Masking Ration

Masking Ratio r

50% T15% 80% 85% 90% 95% 100%

NMI (%) T
ARI (%) 1

45.50 50.11 52.20 52.70 35.10 54.63 43.39
70.25 70.89 70.90 71.85 73.52 73.23 41.29

Table 5. Performance comparisons of MPAE with different mask-
ing ratio r on the PartImageNet Segmentation dataset in the setting =

of K = 50.

ICCV
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Comparison with Previous Constraints

Change from MPAE model: NMI (%)1  ARI(%)1
L¢ — Arealoss in [40] 1.90 -0.14
L, — Presence loss in [2] 42.45 60.24
L4 — Concentration loss in [21] 17.29 18.74
Part number K — 4N, 47.59 70.71
MPAE (our best model) 55.10 73.52

Table 6. Comparisons of our optimized losses and designs with
previous ones on the PartImageNet Segmentation dataset in the

setting of K' = 50.
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Thank you

Paper: https://arxiv.org/abs/2507.11985
Code: https://github.com/Jiahao-UTS/MPAE E|:



https://arxiv.org/abs/2507.11985
https://github.com/Jiahao-UTS/MPAE
https://github.com/Jiahao-UTS/MPAE
https://github.com/Jiahao-UTS/MPAE
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