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Subspace learning Limit cases & interpretation
Denoting
. . U n.n
Given data (x,--- ,x,) € (RY)", the goalis to find a 2 (7., U.) = argmin Z Tl — UU "z]|5 — e H(mr)
subspace U such that ¢, ~ UU 'x; UUx, U CStd ) =1

Principal Component Analysis (PCA): e—=0 = m. — I,andU.—topk elgen\l/ectors ~X X ;we recover PCA!
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Figure 1. PCA illustration UU x;% UU "x;
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Optimal transport (OT) %
Given (xy, -+ , ), (z1, -+, z,) € (RY)" and their empirical measures *+
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s n ; Z Y n ; Z
the squared 2-Wasserstein distance with the ¢, metric is [1] Figure 4. Illustration of EWCA for different values of £ on a two-class dataset.
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Wi, v) = HUTIIHZC Z mijlle: — 2;l5 Resolution: block coordinate descent
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with | | Given the estimate (=", U®),
I1 = {Tl’ c Ran ‘ T4 Z O, 7T]_n = —]_n, 7TT]_n = _]-n} .
n n = w-step: compute 7V using Sinkhorn-Knopp algorithm,

» U-step: compute UV as the k first eigenvectors of

Entropic regularized OT X (2 sym(m! ) — l177,173 ) X'
n

Given the entropy H(w) = — 7" m;; log m;; and € > 0, o o | | o
| Block-majorization-minimization algorithm to avoid SVD of a d x d matrix in the paper.

n,n
minimizeijHa:i — z||5 — e H(mr).
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mell Application
Solved with the Sinkhorn-Knopp algorithm.

Datasets of gene expressions:
oT Entropic OT

= Breast: d = 54675, n = 151, and 6 classes [3],
= Khan2001: d = 2308, n = 63, and 4 classes [4].

Classification setup:

= 1-Nearest neighbor classifier on the projected data U ' x;,
= evaluation over 100 random splits of the data (50% training, 50% testing),
= hyperparameter € tuned by cross-validation on the training set.

Figure 2. OT creates a one-to-one correspondence between the two datasets (left). Entropic regularization Breast dataset Rhan”2001 dataset
allows for non one-to-one correspondences (right). Figure adapted from POT library [2].
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Motivation of the paper
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Uest(d.k) L 1,J Figure 5. Misclassification rate (%) versus subspace dimension k (the lower the better). Mean, 15t and 3™
. . quartiles are reported.
and optimal coupling
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Tjj : : | Figure 6. OT plan 7 (%) computed with EWCA (k = 5). The red squares enclose the data belonging to the
UU 'x; 60% same class.
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