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Research Question

• How to learn “good” visual representation from image data
• Rich abstract semantics for understanding tasks
• Contains sufficient information to recover the reality (reconstruction)

• AE, VAE, MAE, DINO, Diffusion, SimCLR, BYOL…
• Reconstruction-centric SSL: preserve details, but often weaker semantics
• Semantic-centric SSL: strong semantics from invariance (joint-embedding), 

abandoning pixel reconstruction

• Take a step back:
• 1. What’s a “good” visual representation…
• 2. … and how to learn it from image data



A Thought Experiment…
How should the latent representation change under transformation?



Spatial-Semantics Factorization
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Modeling Image with Sparse Concepts



Jointly Self-supervised Learning

Factorized latent representation allows 
joint learning of both objectives!
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• Semantic matrix learnt with set 
concept alignment using optimal 
transport matching

• Reconstruction from matrix 
product with a lightweight decoder



Simple Architecture
• Encoder: standard ViT + learnable queries
• Spatial localization from cosine similarity 
• Decoder: 6-layer ViT predicting VQ-GAN code
• Pretrained on ImageNet-1K
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Exp: Equivariance Partition
• Measure representation change under spatial transformation



Exp: Semantic Invariance 

• Perform random crop and measure 
change in the latent representation in 
terms of cosine distance

• STELLAR has DINO-level semantic 
invariance, while other reconstruction 
methods have higher variance



Exp: Unified Representation 
• STELLAR achieves better reconstruction and spatial consistency than other 

dense and sparse representation
• Linear probing Acc outperformed other reconstruction feasible representations



Exp: Downstream Transfer
• Top dense prediction performance with linear probing
• Global semantics outperformed reconstruction SSL methods



Visualization
Feature map Low-rank approx. Example concept localization (threshold 1/r)

Directly scaling up res. 
to 1024 at inference



Concept Retrieval

• Retrieve the closest tokens from the query concept, and visualize the image 
and the localization of the token in the image



Sparse Reconstruction
Original MAE 32 tokensTiTok 32 tokensSTELLAR 16 tokens



Ablation Studies



Effect of Number of Tokens/Rank

• Semantic favors less tokens (highly concentrate)
• Reconstruction favors more tokens(expressiveness)



Takeaways

• Factorized latent supports joint learning of semantics 
and reconstruction

• Represent one image using 16 tokens with 2.60 FID 
and 79.1 lin. Acc.

• Efficient latent representation (90% token reduction)



Thanks!
Q&A
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