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Introduction
Goal of Unsupervised Part Discovery: 
• Decompose objects into meaningful parts
• Explore part similarity across multiple categories
• Predict pixel-level part masks from input images

Without using any manual label



Novel paradigm
• 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



Optimized constraints
1. Presence Constraint:

➢ Each part appears at least once in each mini-group

➢ Each image to contain at least one part 

➢ Background appears near the image boundaries

Constrain

Enable the model to automatically discover category-specific parts across multiple categories

2. Semantic constraint: Constrain ➢ Each descriptor aligns only with local features of high 
similarity

➢ Maximize cosine similarity within the same part
➢ Minimize cosine similarity between different parts

Encourage the model to discover diverse part regions instead of collapsing into instance discovery.

3. Distribution constraint:
Constrain

➢ High-confidence pixels belonging to the same part to 
form a connected region.

➢ Correct the imbalanced penalization inherent in the 
previous concentration loss

➢ Each pixel is constrained to align strongly with a single 
part descriptor

Encourage the predicted part masks to better align with object part shapes.



Proposed Pipeline



Training Pipeline (a) (b)

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)

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.

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

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

➢ Upsample the dense feature map 𝐹 to obtain a larger feature map 𝐹’

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



Results: PartImageNet

Quantitative comparisons with state-of-the-art methods
on PartImageNet OOD and Segmentation datasets

Qualitative results of MPAE (ours) and other stateof-
the-art unsupervised and weakly-supervised methods on 

PartImageNet OOD dataset (K = 50).



Results: CUB

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

Qualitative results of MPAE on CUB



Results: CelebA

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

Qualitative results of MPAE on CelebA



Ablation study: 
Influence of Different Constraint

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



Ablation studies

Influence of Masking Ration Comparison with Previous Constraints



Thank you
Paper: https://arxiv.org/abs/2507.11985

Code: https://github.com/Jiahao-UTS/MPAE

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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