
Finsler Multi-Dimensional Scaling:  
Manifold Learning for Asymmetric Dimensionality Reduction and Embedding

Thomas Dagès1*, Simon Weber2,3*, Ya-Wei Eileen Lin4, Ronen Talmon4, Daniel Cremers2,3, Michael Lindenbaum1, Alfred M. Bruckstein1, Ron Kimmel1
1Taub Faculty of Computer Science — Technion, 2Technical University of Munich,  3Munich Center of Machine Learning, 4Viterbi Faculty of Electrical and Computer Engineering — Technion 

*Equal contributionGeometric  
Image Processing

3D viewing of 2D planar current maps

Digraph link prediction

Multi-Dimensional Scaling (MDS)

D
Optimisation

xi

xj

Canonical space  
(Euclidean)

min
X ∑

ij
wij (∥xj − xi∥2 − Dij)2

Symmetric

Digraph embedding

Finsler MDS

D
Optimisation

xi

xj

Canonical space  
(Randers)

dF(xi, xj) = ∥xj − xi∥ + ω⊤(xj − xi)

min
X ∑

ij
wij (dF(xi, xj) − Dij)2

ω

ω
Canonical Randers embedding space:
Constant ⟹

Optimisation:
Finsler stress

Finsler SMACOF

SOLUTION

vec(X(k+1)) = K†vec(B(X(k))X(k) − C)
MLP + Cross-entropy 

+ Gradient Descent…

“Traditional” “Deep Learning”
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Asymmetric World D ≠ D⊤
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Isotropic Anisotropic Asymmetric

Rx(u) = Rx(−u)
Rx(u) = ∥u∥M(x)

dR(A, B) = dR(B, A)

Fx(u) ≠ Fx(−u)
Fx(u) = ∥u∥M(x) + ω(x)⊤u

dF(A, B) ≠ dF(B, A)

Flattening curved asymmetric manifolds
Manifold preservation

Intuitive asymmetry 
visualisation

Flexible and robust 
framework
Generalises the  
symmetric case

Missing parts? Symmetric manifold?
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