
(1) OSP improves disentanglement without explicit disentanglement 

objectives.

(2) OSP-VAE further improves disentanglement performance.

(3) Factor directions become closer to the ideal identity-matrix structure.
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Motivation
Disentanglement Learning
1. Identifying and Separating the underlying Factors of Variations 

(FoV) for model generalization.

The Gap in Latent-Vector-Centric Methods
1. Conventional disentanglement methods impose objectives only at 

the latent bottleneck.

2. Improved intrinsic metrics do not reliably translate into 

downstream generalization gains.

3. Downstream predictions are shaped by intermediate features 

throughout the network.

What We Target?
1. What?: Disentanglement should be induced at the layer level, not 

just the latent space.

2. How?: Given intermediate feature 𝑣 ∈ 𝑅𝑚, separate it into K 

mutually orthogonal subspaces.

3. Why?: Forming an independent subspace structure that mirrors the 

common assumption of (approximately) independent FoV.

Method Results
Disentanglement Learning (DL)

1) Orthogonal Subspace Projection
1. Let 𝐴′ = 𝑄𝑅, 𝑄 ∈ ℝ𝑚×𝑚, 𝑄 = 𝑄1, 𝑄2, … , 𝑄𝑘 , 𝑄𝑖 ∈ ℝ𝑚×𝑑. 

2. Then 𝑃𝑖 = 𝑄𝑖𝑄𝑖
𝑇 ∈ ℝ𝑚×𝑚 is the orthogonal projection onto the 𝑑-

dimensional subspace 𝒮𝑖 = 𝑐𝑜𝑙(𝑄𝑖).
3. Any vector 𝑣 ∈ ℝ𝑚 projected onto subspace 𝒮𝑖 and 𝒮𝑗 is 

orthogonal 𝑷𝒊𝒗 ⊥ 𝑷𝒋𝒗.

2) Dimension Compression

1. Generating the set of 𝑘 projected vectors 𝑝𝑖𝑣 𝑖=1
𝑘 increase

memory usage.

2. Projection matrix rank (𝑑) is lower than output dimension (𝑚), 

where 𝑟𝑎𝑛𝑘 𝑃𝑖 = 𝑑 ≪ 𝑚.

3. Output feature 𝑧 = 𝑧1, 𝑧2, … 𝑧𝑘 ∈ ℝ𝑘𝑑 = ℝ𝑚, where 𝑧𝑖 = 𝑄𝑖
𝑇𝑣 ∈

ℝ𝑑.

3) Computational Efficiency
1. ෠𝑄 = 𝑄1𝐶, 𝑄2𝐶,… , 𝑄𝑘𝐶 = 𝑄𝑡𝑜𝑡𝑎𝑙 𝐼𝑘⨂𝐶 .

2. 𝐶 = 𝐼𝑑 − 𝐴 𝐼𝑑 + 𝐴 −1, 𝐴𝑇 = 𝐴−1.

4) Plug-and-Play
1. Linear and Convolutional Layers.

Computer Vision (CV)

Natural Language Processing

Contributions
1. Proposes a continuous layer-centric disentanglement method.

2. Provides a plug-and-play OSP layer for convolutional, linear, and 

Transformer-based architectures.

3. Demonstrates improvements in disentanglement and downstream 

generalization across CV, NLP, and fine-tuning tasks.

Paper Code

(4-5) OSP improves CV classification in both scratch training and fine-

tuning.

(6) OSP-ResNet18 attends more to class-relevant object.

(1) AE vs. OSP-AE. (2) DL performance on 3D Shapes and MPI3D. (3) Orthogonality between factor directions.

(4) Training from scratch (5) Fine- tuning (6) Visualization

OSP improves word analogy and text classification performance.
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