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Larger 

Capacity
When is the KL-divergence a bad fit?

Non-convex optimization

One-body approx. Two-body approx. Three-body approx.

Deformed algebra

For any increasing function                             

χ-exponential and logarithm function Deformed product

Example 1: Tsallis deformation Example 2: Kaniadakis deformation

No longer convex, 

      Is there a benefit?

Yes, 

      Implicit regularization!

Reconstructions with q=0.5 (Baseline)

KL-div.

(q=1.0)

Small q

Smaller q leads to 

regularization

Overfits to noise No noise 

No overfitting 

Reconstructions with q=0.5 (Proposed)

True

Noisy data Low-rank model ① Traditional model

② q-deformed model

Experiment: Noisy image reconstruction

KL-div.
(q=1.0)

Overfitting 

Deformed rank

Non-convex

Non-flat manifold eq-flat

em-based optimization
e-step: e1-projection onto m1-flat manifold

m-step: mq-projection onto eq-flat manifold

q-deformed many-body approximation

The optimal update is

Traditional model q-deformed model

e-step

m-step

Deformed low-rank tensors Low-body tensors
 Convergence guarantee 

Optimization of each step is convex

Tensor order

q-deformation induces implicit regularization 

Dually-flat manifold generated by convex functions

Free energy

χ-entropy:

Natural parameters

of the deformed exponential family

Applications for data analysis, data compression,

data mining, pattern recognition, and denoising...
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Tensor decomposition is often ill-posed or NP-hard.

e.g., the rank-1 decomp. minimizing the L2 norm is NP-hard.

minimize

The KL-divergence can overfit to noise and outliers.

Convex optimization

Non-flat manifold Flat manifold
Examples of χ-divergence

where the escort is

Temperature q>0 controls the sensitivity to noise

Model

Data

noise

Large penalty 

         for KL

Fitting with q=0.1

 What about divergences beyond KL?

      Can we retain convex optimization (global optimality) under richer divergences?

Noisy data

Vanilla MBA 

Tsallis MBA 

(q=0.8)

Tsallis MBA 

(q=0.4)

Kaniadakis MBA 

(κ=0.8)

Kaniadakis MBA 

(κ=0.6)

noise

Large penalty if            and            .

However, rank-1 decomp. minimizing the KL-divergence is a convex optimization.

Overfit

■ KL-divergence

■ Tsallis q-divergence

Experiment: Denoising by factorization

Better

Worse

More noiseLess noise
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Amplify 
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Suppress 

noise

Research Question:
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