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OPTIMAL TRANSPORT VARIATIONS

Entropy regularized OT [Cuturi 2013]
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A
is the entropy of .

INTRODUCTION DISCRETE OPTIMAL TRANSPORT

Issues of Traditional ML:

- near-human performance is achieved using lots of
labeled data

- Some tasks do not have that much labeled data
(biology, physics etc)

Consider two empirical measures defined on
S € RVsXdand T € RNV7*d py .
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The goal of optimal transport (OT) is to find a cou-
pling matrix v* & Rf sXNT such that

= argmin (v,C)
’VEH(:ELS naT)

where

Class regularized OT [Courty et al., 2014]

arg min (7, C) 3 + ()
vell(fis,fiT)

where (y) = 2,5 (12 )13
In general, the coupling can be used to align S and

T’ by using this reweighting: S < Ngv*T

- There exists too many tasks!

Solution: Domain adaptation

7" = argmin (7,C)p,

A)/EH(/lSha’T)

+ Learn when labeled training set S and unlabeled
test set T' do not follow the same probability dis-
tribution.

where C' € RVs*/7T g a transport cost with Cj;
givenbyc: S xT — R, and

(s, ir)={y € RY¥* |1 = fig, 771 = jir}. o g

54" my 5r-' r
|

Example ot Ta ]

151 " e ] 15

Accuracy: 84% Comparison

pling with OT pI ng with OT3

Accuracy: 50%

20+

4

251

1

33e-02  2.6e-08

3_

W= W= Wl

A significant drop in performance due to the
discrepancy between training and test distributions!

OUR CONTRIBUTION AND ITS ALGORITHMIC IMPLEMENTATION

Motivation

Step 1: Sample selection in target domain

Input : S e RVsxd T ¢ RNrxd
Output : T, € RVsxd
S = zscore(S); T = zscore(T)
v* < 0T(S, T)
T, < {x; € T|j = argmax~j; }

When S and T’ are described by the same features,
the discrepancy between them can be reduced by
finding and eliminating the most shifted fea-
tures.

Step 2: Feature ranking for domain adaptation

Input :S e RVsxd T ¢ RNrxd
Output : List /' of d most similar features
from S and T
Ty < Algorithmi(S,T)

Proposed idea

Step 1. Find a coupling +* € Rﬁerd between the

i=1,...,Ng St = zscore(S'); T. = zscore(T))
>k

features of S and T'. The larger ., the ; ~*f = 0T2(ST, TI, A = 1)

most similar the feature number 72 between Toa|Toa  Tos F= argSortDesc({{v**}ii|i € [1,d]})

S and T. ; Tvo Tia Tip . )

T2 T, T3p g Ng Ng d
Step 2. Sort the features by decreasing similarity z j z Ny j j i S ] e ) i %i_% Soo Swo Sao Sso Swo Tro Tso Too Too Top  |or3s|o0es ooz
. 1,0 1,1 1,2 4,2 4,1 4,0 0 |0.05 0 0125 0 0.025 O 0 3,0 3,1 3,2 d
between source S and target T" domains Ned S0 51 San o |0 |7 o Tl e oo 0 0 o mim i ba 4 { S Su Su S S Tyy Tsy Tor Toi Tou 0.085 |0.144] 0.104
given in th€ diagonal Of ,.y*. Keep the Sso Ss1 Ssa Too Tox Tso 0125 o 0 0 005 0025 0 0 Too Tox Toa So2 Stz S22 S32 Sip Tro T32 Tz To2 Tee 0.110 0.096 0.127 1 w 0 2
; ; S1o Si1 Sap Trz Tra Trp 0 0 0 0 0 00750125 0 Too Top Top Input: S Input: T.X vt =0T2(S", Th, A = 1) Output: F
mOSt Slmllar. Input: S Input: T' v« 0T(S,T) Output: T,

OFFICE-CALTECH BENCHMARK
Data: Images from Amazon(A), Caltech(C), Webcam(W) and DSLR(D) datasets.

Data: Images from 1.5T and 3T MRI scanners of different resolution with 95
handcrafted features per voxel (3D pixels).
Goal: Learn on 1.5T voxels to predict cancer voxels in 3T images.
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#voxels 1.5T

363,222
56,126

#voxels 3T

846,556
140,840

Class

Non cancer
Cancer

WEBCAM
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7 / V4 / Number of features selected Feature number Number of features selected
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40 256 512 768

Number of features selected

1024 256 512 768

Number of features selected

1024 2048 3072 1024

Number of features selected

4096

A—W 77.6+1.9 202435 66.0+4.6 | C—»A 83.7£1.8 38.7+4.5 82.1£22 | D—A 754421 20.843.8 68.7429 | W—A 81.5+1.2 18.8+24 68.3+£3.0 CONCLUSION
A—C 749+2.0 298+24 71.7£35 | C—»D 76.24+3.6 24.1+3.4 742449 | D—C 65.0+2.6 21.5+2.5 66.6+1.8 | W—C 72.2+1.1 234+2.1 61.2+2.1
A—D 788+3.5 204+2.8 76.0+£3.5 | C—»W 754435 203+3.2 703+53 | D—-W 92.6+2.0 32.8+5.1 919+19 | W=D 96.5+1.5 49.74+3.2 96.3£+1.0 + Learnin erm the SeleCted features ives im roved erformances in leSS time
Pairs 512 512 4096 | | | Mean 792422 267433 744430 g g p p
without adaptation, and similar performances in less time when adapting.
Speed-up comparison . Ny . .
P P P + Interpretable results by identifying the most shifted original features.
Method NGS512 N\ 1024 N 2048 4096
No adapt. 79.242.2 0.00s 79.9+42.3 0.00s 80.0+2.2 0.00s 74.443.0 0.00s Tr lt‘
CORAL 80.5+1.8 110.43s 80.81+1.9 587.69s 80.4+1.7 3996.20s 80.11+1.7 29930.39s y )
SA 81.8+2.0 13.25 82.5+1.8 32.09 829+1.7 66.71 83.0+1.7 169.71 > > . - -
TCA 83.51+2.2 221.082 85.0+1.9 223.622 85.8+1.8 229.482 85.9+1.7 242.712 Our SOurce COde 1S avallable at https - //1eOgautheron - glthUb .10
OT3 84.242.4 19.50s | 86.741.9 31.76s | 88.8E1.5 54.07s | 88.8%1.4 97.47s (requires Python Optimal Transport Library https://github.com/rflamary/POT)




