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DR under Data Distribution Shift: 
• Background: The empirical distribution of the training data may differ from the real data distribution; 

Introduce an Uncertainty Set that includes all possible true distributions.

• Wasserstein DR objective：
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Other types of uncertainty sets:

ERM Reweight KL-DRO
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Motivation：How to choose the uncertainty set 

Distributions
on manifold

Uncertainty Set

Distributions
out of 
manifold

How to capture the geometric structure of the data?
Can neural nets also be used to extract the tangent space of a data manifold?
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Geodesic distance Wasserstein Uncertainty Set: 
• Goal：Optimizing within the uncertainty set, which is supposed to incorporate all possible 

distributions.

• Manifold WDRO：

02 Formulation: Wasserstein Distributional Robust



Strong Duality of Manifold-WDRO

Primal

Dual

Solve by Riemann gradient ascent：

02 Formulation: Strong Duality

To solve the primal problem, we adopt the strongly duality property proposed 
in [Gao et al., 23] to obtain the dual form. 



Dual

Solve by Riemann gradient ascent：

02 Formulation: Strong Duality



Can neural nets also be used to extract the tangent space of a data manifold?

Previous works: 

Manifold tangent [Rifai,2011][PRML 07, Bishop] 

03 Method：Overall



Model: We have introduced our formulation (and its dual)
Algorithm: High-level ideas 

1,  Manifold-guided game
Sensitive to the data variation along the manifold; insensitive to others 

Approximate (part of) the tangent

2, Compute the Surrogate Loss
A solution of a geodesically strongly concave optimization problem
Need to approximate the Geodesic distance

3, Optimizing over the surrogate loss (according the strongly duality)
Robustness guarantee 

03 Method：Overall



03 Method：Manifold-guided Game

Manifold-guided DRO
• Manifold-guided game：Combine the Jacobian regularization and

the contrastive learning loss 

• Jacobian Regularization：

• Contrastive Learning：



Random SVD for low-rank matrices

03 Method：Approximate the tangent

The remaining primary singular vectors aligns with
directions of semantic variation within the data manifold's tangent.



03 Method：Theoretical Results

2. Approximating the surrogate loss 
under the approximation of the geodesic distance:

1. Approximating the geodesic distance by the accumulated step size:



Empirical results

Illustration by t-SNE： Illustration of the tangent：

04 Results



Thanks
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