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b Yokoi+, Word Rotator’s Distance

L Kusner+, From Word Embeddings To Document Distances (ICML 2015)
b Yokoi+, Word Rotator’s Distance (EMNLP 2020)
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b Kusner+, From Word Embeddings To Document Distances (ICML 2015)
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BIFDE L - BFDEER



BiX

BigiR . ©o S OREENQREROEGETENEH-EZ XD
[(REEnXZ A D] 1 FORERI EWVWDKESZHD
—) L BREEXOFEENH TS TCTEMSIRLIRD
IAE S EREENXIRDH
[(REENXZ D] 2 : AMBDZHAR(CIERET D
O—)L : xE#EXZEDOAFT - BRIO T NTHERIBILDICIRD
ANZEHDRAIIA AU SEDS
[(REENXZ D] 3 : FREZETEEREE U CDOERCZIERET D
J—)l : REEXZEE S U TCTHWTWRRY DA ZEFROHDLDICRD
FREE(CRI 9 S3&FEIE L)
JOwtH—= 31454268, Earth Mover’s Distance
BIFDEFES <33

BENMD AIEEL EX | EIRDEE /| K LD




BIDFTLH
BiZ : 60 L HEENRTEROREMZNTE LMD

| RE#EIEDMN D CUEDE ] (TIRD

EEEEOEEN - WENRSESENS . -
EMERIEIXA N CEBUBZDITS O LR MERODDFE
WMD : EHENRDT NIESZRUEBXD IR N = FX MOIEFELE

IaENXD AR N ZIEFHE T S
AN a (fDEnNfml), b (aIdDE57Mm2), C (EnXI1X MMTF)
B P (BnXETEITTY), #BENXIRA DN (Zg BE AN X BEXE)
POT DS ISV ICIEITNIEEELNTINSD
REZVERBICENDETAD (01, XX b)) Z&ZXD

document 1 ‘gr.eets’ document 2
EEINX DI RANIRERZIEFE T D R
SHETE CERMEEND e e |
DwH—= 3454 2 i dEEinx X b
t%ﬁﬂib__z > Kusner+, From Word Embeddings

To Document Distances

RIBENE> T SA A MU S REIDENZ A DER



BF¥oBRE :

FtDINCORBEZREIIX CHAESE<ED

BEinioaaelamEinE A M E VWD EIREZ D
EgnX J A M T B ABICANZEFFCED

AR ENRDZETE = KD
EDSTEMEICFEIDREAIYVTF>2ITTS

I DB EZETI
BEZERI D



II..\FH '!fﬁ 1
BENMD RIE R REHIxI X b




CHSRFETT.
83 h@ﬂ&&ijzGﬁ%Em%%mT&%§?

WEREMNMRZIEEUR < TEARILKTY.

o EHEEENRFER O ERIX B Z XD

ARl | BEIm D olgEllmEEnx 1A ~ - A~¥33
BEm o nlgEirsmEEHIX J X MHFECANGEIRIT DL
B &) o] /R eiE#ax 1 X b NLP TOF A

B #8150 Bl BE S ExadE X 1 X b2 L2 WNZE DR
el ))

AR 2 | REHEOZE
Gromov-Wasserstein [EE : DR ICFEEI DoAYV F >0

A sEEEE ¢ [BRERLKIVFoT] EVWSHEIFEINT
BExEEEUCEERIX : EBIEvCABEZTEET D

EHRE LD

[T




BHE)&D Al RERREREI X b

POT @ ot.emd() &

miE#ENXBREZ Rz T EREE E U CENME UBEMRE TS
CEDTAUY B
n, m (e &EX(EEEEE) N 103, 10* ZBX e lc DM SETEDHEL
cf. X[ET (EHFEE n ~ 102) OFEUUETHNUIVIL) ZEX (L —HBE
—1—3I)LFRY MIHEAAATEHEMS - BEEN TSR0
KLY\ =R (REIL> bOE—) DLSITIEKRITELZULY



BHE)&D Al RERREREI X b

POT @ ot.emd() &

miE#ENXBREZ Rz T EREE E U CENME UBEMRE TS
CEDTAUY B
n, m (e &EX(EEEEE) N 103, 10* ZBX e lc DM SETEDHEL
cf. X[ET (EHFEE n ~ 102) OFEUUETHNUIVIL) ZEX (L —HBE
—1—3I)LFRY MIHEAAATEHEMS - BEEN TSR0
KL= X (REI> bOE—) DKSITIEKRITHELZULY

- REAECFE ST CREHXIR bOTHEE
I> hOE—EAHEDERiE@%IR b
SYOR—> - HAN—ST >R
FESE(CED < EHE (IPOT) BENEIRITER S

BHRES=zZRD



BN BB RS 5 (E— BB THEUT -

B UBEMD I ae mmiEimnx X bh
FICADESAMNTEDS?



BiX

o EHEEENRFER O ERIX B Z XD

iR . BEE) nlge/lsEdsEnE 1A

BEim o ol gEirsmEEHXx X MO FECANGEIRIT DL (~x33
B E&#iD ol e/ EE#anx 1 X b NLP TOF|FH

B #8150 Bl BE S ExadE X 1 X b2 L2 WNZE DR
Eae)

AR 2 | SRR DZE
Gromov-Wasserstein B 1 BOEMICHEEI DREEIVF T

A EsEEEX ¢ [BARBRIYF>T] EVWSHIfZENT
BExEEEUCEERIX : EBIEvCABEZTEET D

EHRE LD

[T




BENMDIRERRIEEXEIRA MDIELE

B ENM ) rlRe/dEE#nX I A hDIEL S
FRIEHNX IR MVNSLKIRDBKXDICARNZERTESD



BE)MD AR mEREIRA MDIELE

ExiEdanE MR D A (&
apDO=E71m (B x 2) &
HEMAAIMRERE IR OELE WEAA R

SEHXEIZ MNS<KBBESCADEBHFTES

= FEfgnX I XA MVNESLKRRBELDICEIHZTEIFTESD

= RBFEIX IR MHVNS<KIRB LD CHEEIAMEERTED

ST
EEEEEE
. w

0.25



BE)MD AR mEREIRA MDIELE

EIEFNXERED A T (&
EIDENT (B x 2) &

@ B4 ARSI TS I A RODE L & 8% R 75

EEHNIX 1A MVNESLKRBELDICADZEIFTED
= EHEIX A MYNSLKRBRBELDCEHZEFHCTED
= EHENX IR MHYNS LK RBRBELDICEEIA M ZEFHF TED

ST
EEEEEE
. w

0.25



BHENMD I RERRIEEXEIRA MDIELE

(1) =EEHX IR MY TN D ARICEHFTEHRCTED

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

I, FECASEE
LELLD
a = (al, ...,an) E\ﬁ /_\\*
B By TAEAD ERIE#E 1 R
b= (b, ..,b,) SEHX TR~
STEES 1L o




BHENMD I RERRIEEXEIRA MDIELE

(1) RE#EIX IR M TINBDHACEHIZEFTTED

WD OJEEIRES 1 — )L Z2E D leFmEinX 1 X bOFTE
backward Eeﬁi@ ﬁ_ﬁié_éjz I\b\/J\é < 7@53:5 (:Ei%%%%ﬁ?%%

a= ) wen) =T e
) = ey < SEMEIR

b= (by,.. by == SEHEXIXhK
STEES1-IL o
C




BHE)MD ] ReRmiEEX I A FDIEL

(1) E#ENXIRX MBI HMICEHEEHR TS

WD OJEEIRES 1 — )L Z2E D leFmEinX 1 X bOFTE
backward Eeﬁi@$ﬁ_ﬁi9§jz I\b\\/J\é < Tcﬁ% CJ: 5 (L__E %%E%ﬁt“gé

(1LY

a=(a,..,a =R
o) = oy < SEMEIR
b=(by, .. by) == BEHXIZN
" SHEES 1L S
C

TERE,

BT /- MR ELITDIRERS
T35 - /- bOMIBZEE ULEFE
Fnx 1 X MAVF D F5MEIC
THBOEES/I\S R ZTEHTED




BHENMD I RERRIEEXEIRA MDIELE

(2) sEENX A M TFABDAMICARMTINZEFFTED
ES0EDDAS
Mo E]ge/r TS 1 — )= E o IceE#H X 1A MDETE

-, FICADTEE
LELLD

a= (a1;---;an) , »
B &0 BIgETR

b = (by, ..., by) EE gk IR ~
sTEESa1-I



BHENMD I RERRIEEXEIRA MDIELE

(2) EFENX IR MDA MMICARMTIINZEERTED

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

a=(a .. a) o
SENL oI EVAN
b= (by..,by) EE#HNX 1R~
sTEESa1-I
C

ETATAEDES, HBa1—HEFIZXNMTI ¢ %
TUSF 4 T[> TOBDIF TR e



BHENMD Al R/ EREEE A FDIELE

(2) &RE#HNIX IR MO THDAEICAECIR FEEZEHRTED

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

@ (@) BB TR BRI A
(xl’ - xn) ETE—:E\/J_)I/
¢ PR
(ylr ---rym) J",'J:ﬁ )’2 20 100
8 /10 =y
C( ) ) 10 Y3
B 15 0
X BT € (& e * x, D x,
£T15 - T /\— hOAIE (NI ML) (xy,..), g, ) & )
2 MBS () NERES w0 B



BENMD Al aE/R EREEX A FDIELE

(2) &RE#HNIX IR MO THDAEICAECIR FEEZEHRTED

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

backward Eeﬁi@$ﬁ_ﬁi9§jz I\b\\/J\é < Tcﬁ% CJ: 5 (L__
fIEY IR MEHZEBFTED

@7 (@) EEMTE | < ESOEmE 1AL
b= (by,...,bp) SEE% IR ~
RN STEES1-IL
) v n 57 R
~ ¢ «—
(ylr "'rym) /
c(xi,y;) /
JX M5 € 13 . . N x,
£T15 - T /\— hOAIE (NI ML) (xy,..), g, ) & )

X MBI c(-) MSRED N D



HEim D nlse/limEimX I A MDIEL S S

- v

(2) E#EnX X MDA MEICAIE T R MEZZEE

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

S REIX DR VNS <72 B LS (C
L fir EBHFTESD

BTIHEOEES a & &5
IN\—bDOEE b ZEIEL
feEE, @nXIXMYF
N A ETEOME o= (a, .. o)
G ED) E B CE 5 BN TR
EEEnx X

«— HEEEXIX b

b= (b, ..., bn) RiEX
STBEZ1-)L
(X1, ) X)
~ ¢ <« g oo
(B .
(ylr ey ym) -n.n )72 50 100 ,.~ 5:
C( ) ) 3’ Ya
10 \g
20




HEim D nl st/ mEiEx A PDIEL S S

(2) E#EnX X MDA MEICET IR MEZE =

WD RIREIRES 1 —) L& fE D Iesi@inx X ~DETE

backward Eeﬁi@$ﬁ_ﬁi9§jz I\b\\/J\é < Tcﬁ% CJ: 5 (L__
JA MRS ZBEHRTED

b= (b, ..., bm) SEEEIR N
o) SHEES 1L
)y N 57 R
C <« R e
LI
(ylr ;ym) ;'1'.'“ Y200 L(;)S
CG( ) ) / y'3."

HDWE, I\SA=—FE=nic
R BIER cg () B
ZEMTED




BEMA TR SERETR FOEL SR

=Ed %ﬁﬁ__[ e/ EEmEnE I XA MDIEL
EEEnk J XA MVNES KRB ELDICANZEIFTES
(1) HEHENEIRX MYNESLKRDBKDICEHZERNTED

(2) EHENE I RX MHVNES KRB EKDIC
BV IA MESHZEFTED




B, BANRENESORESE—EBNTENT

BHE)HD Al RER RiERE IR bD
NLP TOFI B



BiX

o EHEEENRFER O ERIX B Z XD

iR . BEE) nlge/lsEdsEnE 1A

BE)i D ez X I X M FECANEEIRT B &
BEio nlfe/RmiEinXx 1 X b NLP TOFIAF =~ (~33

B #8150 Bl BE S ExadE X 1 X b2 L2 WNZE DR
Eae)

AR 2 | SRR DZE
Gromov-Wasserstein B 1 BOEMICHEEI DREEIVF T

A EsEEEX ¢ [BARBRIYF>T] EVWSHIfZENT
BExEEEUCEERIX : EBIEvCABEZTEET D

EHRE LD

[T




B #8150 Al He 73 BxiE

XA ~OFIAHI

SENL s EI AN

EENX 1 A D NLP TODF))

37 3 D589 T

T+ A MERRET)VDIEK (CEENX 1A b2 AU\ [Chen+19]
WEDFET —FZFHUWTHEBNAY ML%ZEB T [Huang+'16]
uigg/\‘g NV TR 586 ”EEEﬁﬁ" &?%?5 [Frogner+'19]

J Chen+, Improving Sequence-to-Sequence Learning via Optimal Transport (ICLR 2019)
J Huang+, Supervised Word Mover’s Distance (NIPS 2016)
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b Cuturi, Sinkhorn Distances: Lightspeed Computation of Optimal Transport (NIPS 2013)
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J Xie+, A Fast Proximal Point Method for Computing Exact Wasserstein Distance (UAI 2019)
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b Cuturi, Sinkhorn Distances: Lightspeed Computation of Optimal Transport (NIPS 2013)

b Ramdas+, On Wasserstein Two Sample Testing and Related Families of Nonparametric Tests (Entropy 2017)
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b Cuturi, Sinkhorn Distances: Lightspeed Computation of Optimal Transport (NIPS 2013)
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b Xie+'19, A Fast Proximal Point Method for Computing Exact Wasserstein Distance (UAI 2019)




:L.\Fﬂ %ﬁ p.
ExiE X DIHLER




AN S 5hE
Gromov-Wasserstein IEEf
INEDDDIMEDSZERICHD TEISA A MITES.
S Sra) SRl P
HwTUTDHFIEINT.
BEZEEREUmiBEimx
ORI EF O CLDIBEZITF O CL\DIBEZERE T D.



Gromov-Wasserstein

BlDZER (CHDIDMALTEYYF>IITD



BiX

o EHEEENRFER O ERIX B Z XD

iR . BEE) nlge/lsEdsEnE 1A

BEm o nlgEirsmEEHIX J X MHFECANGEIRIT DL
B &) o] /R eiE#ax 1 X b NLP TOF A

B #8150 Bl BE S ExadE X 1 X b2 L2 WNZE DR
Eae)

AR2 | EHEDZE
Gromov-Wasserstein f5g : BSZRICEET BEBETYF > |

A EsEEEX ¢ [BARBRIYF>T] EVWSHIfZENT
BExEEEUCEERIX : EBIEvCABEZTEET D

EHRE LD

[T




EFN—>3>

EDZERRBLTTISA A MUzl

X EREF S 1B

FEOSE N TOHEBEET IR MK j;;;::::,:
BISEET— ) RS TR0 (CHEAE —
E=EDEENRY NUEFEICADS
TSAAS NIER- - BRIEERED- ? :

s Learing Bingua Lo
ik

T35 (REGENT ML) - T/(= b (ARAZFEEHFEERT ML) D
gnx X MO SIRWN, BIDOZERIROTHID X DHRU
EIZUIGAEL (REEART MLUETL), /(- bEE (ARA EEEEEN
2 NUETLT) OE#EEENHN D



Gromov-Wasserstein JEEDOSIFS :

BDOZERBETTISAAS MUV
2 DDA TN BIDZER(C
BBEEHEERD

AR
WERDM a=(ag, .., a,)
WD b= (by, ..., by)

AT 7 K .«

T T B3 Ta FEOES)
[b BTDiEEE] ULHVHOHS7R0

Y

U(a,b) = {P |P1=a,P"1 = b)

YD DENR RN EHIXAE (ING

P

AR T =

BNXETE : T f}g%r(gllg Y CijPij S

oA A FUTELLY- |
=VIPRNETZAA N

EdnX 1A~ OT(a, b, C) = - Prglllr(la,b)zl'jcijpij



Gromov-Wasserstein 1b&#

DEMICEMIERBFOYY FIOMNUIZLY

R

[

e

+, Entropic Metric Alignment for Cor e Problems (SIGGRAPH 2016)

— C&&E9



Gromov-Wasserstein b

Gromov-Wasserstein IEE#
TiERt, 5/(— FELOD

A73 BB L DVDD S0
DMEH X 2 a b
JAMMTHI X 2:D . D’
= IEWEART (L | BEEgHiau
x a1,

GW((a,D),(b,D'))2 % min Y Diy—Dju[*Pi;Py
PEU(a,b) ’i,j,i/,j/

ENRATE | BEREED

> Peyré&Cuturi, Computational Optimal Transport, Figure 10.8



Gromov-Wasserstein b

Gromov-Wasserstein IEE#
TiERt, 5/(— FELOD

A73 BB L DVDD S0
DMEH X 2 a b
JAMMTHI X 2:D . D’
= IEWEART (L | BEEgHiau
x a1,

GW((a,D),(b,D'))2 % min Y Diy—Dju[*Pi;Py
PcU(a,b)

4,5,4' 5!
=OVEART (S | BEREREI=EL) )

| ® o }
/ ° ® )
/

/.//. .... //
/e 0.2 0 /

. /
| /o e
\\ \{3373/.. /‘,‘"‘ y
AN f o/

> Peyré&Cuturi, Computational Optimal Transport, Figure 10.8

b Alvarez-Melis+, Towards Optimal Transport with Global Invariances (AISTATS 2019)
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- Alvarez-Melis&Jaakkola, Gromov-Wasserstein Alignment
of Word Embedding Spaces (EMNLP 2018)

b Alvarez-Melis&Jaakkola, Gromov-Wasserstein Alignment of Word Embedding Spaces (EMNLP 2018)
b Peyré+, Gromov-Wasserstein Averaging of Kernel and Distance Matrices (ICML 2016)
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* Alvarez-Melis&Jaakkola, EMNLP 2018

b Alvarez-Melis&Jaakkola, Gromov-Wasserstein Alignment of Word Embedding Spaces (EMNLP 2018)
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B: | am awful.
C: | lost my key at restaurant this evening, too sad.
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O
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> Wang+, Robust Document Distance with Wasserstein-Fisher-Rao metric (ACML 2020), Figure 1, tZ
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Can | find duplicate songs with different names?

| have so many duplicate songs but they have different names. &-------,
:-1+ Is there an application | can use to find and delete the duplicates?

-l How to find (and delete) duplicate files?

- ILLhave a largish music collection and there are some duplicates in ool
NIRRT bre. Is there any way to find duplicate files. At a minimum by doing

L\NTC DO [E1 B4, @shand seeing if two files have the same hash. ... I'm happy using
AN » command line if that is the easiest way.

> Swanson+, Rationalizing Text Matching: Learning Sparse Alignments via Optimal Transport (ACL 2020)
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* Bonneel&Coeurjolly, SPOT: Sliced Partial
Optimal Transport (SIGGRAPH 2019)
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astENETORNZEDITHhZEHSHhUHRDTHL
5]
TIHekDEES @ 2.5
TI\—hE2ARDEE : 1.5
BT RHIDE (J\SA—4F) : 1.2

J Caffarelli&McCann, Free boundaries in optimal transport and Monge-Ampeére obstacle problems (Ann. Math. 2010)
J Figalli, The Optimal Partial Transport Problem (Arch. Ration. Mech. Anal. 2010)


https://dcoeurjo.github.io/OTColorTransfer/
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Optimal Partial Transport careiiamccan
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— 7)LTUX L EBENLREEXEEICREE =D
[Chapel+20]

=—Tim
H=—5)\—hk

H=—-THEH=—F)\—h

X B TYLDIOHERE, POT (C6 ExdHD

b Caffarelli&McCann, Free boundaries in optimal transport and Monge-Ampeére obstacle problems (Ann. Math. 2010)
b Figalli, The Optimal Partial Transport Problem (Arch. Ration. Mech. Anal. 2010)
b Chapel+, Partial Optimal Transport with Applications on Positive-Unlabeled Learning (NeurlPS 2020)
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| have a largish music collection and there are some duplicates in +
there. Is there any way to find duplicate files. At a minimum by doing

a hash and seeing if two files have the same hash. ... I'm happy using
the command line if that is the easiest way.
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min (C, P) + 11Dy (P1,|a) + Dy, (P 1,,|b)
PeR}*™

» > &Cuturi, Computational Optimal Transport (Foundations and Trends in Machine Learning 2019), Eq. (10.8)
BEER TR < THEOK A DOBANEICIHEU TR FILT+

cf. U(a,b) = {P € R™ : P1,,=a and P"1,=b]
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min (C, P) + 11Dy (P1,|a) + Dy, (P 1,,|b)
PeRT*™

> Peyré&Cuturi, Computational Optimal Transport (Foundations and Trends in Machine Learning 2019), Eq. (10.8)

c(z,y) = — log cos(min(d(zx,y)/k,7/2))
D, = KL

c(z,y) = |z —y|I*
D, = KL
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PeRT*™

> Peyré&Cuturi, Computational Optimal Transport (Foundations and Trends in Machine Learning 2019), Eq. (10.8)
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b Chizat+, Scaling algorithms for unbalanced transport problems (Math. Comput. 2018)


https://pythonot.github.io/gen_modules/ot.unbalanced.html
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ALY E B ENIX [Chen+20]

b Kusner+, From Word Embeddings To Document Distances (ICML 2015)

b Wang+, Robust Document Distance with Wasserstein-Fisher-Rao metric (ACML 2020)

b Zhang+, Earth Mover’s Distance Minimization for Unsupervised Bilingual Lexicon Induction (EMNLP 2017)

b Zhao+, A Relaxed Matching Procedure for Unsupervised BLI (ACL 2020)

b Zhao+, MoverScore: Text Generation Evaluating with Contextualized Embeddings and Earth Mover Distance (EMNLP 2019)
b Chen+, Evaluating Natural Language Generation via Unbalanced Optimal Transport (IJCAI 2020)
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J Figalli&Gigli, A new transportation distance between non-negative measures, with applications to gradients flows with Dirichlet boundary conditions
(J. Math. Pures Appl. 2006)
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— CNB%Z—f%{b 9 DA [Liero+'18][Chizat+'18][Sato+'20]

fo & & (& Optimal Partial Transport (Z@AED IR A L1 (total
variation) TAD CTWLWBS EHRTESD

Figalli&Gigli, A new transportation distance between non-negative measures, with applications to gradients flows with Dirichlet boundary conditions
(J. Math. Pures Appl. 2006)
Liero+, Optimal Entropy-Transport problems and a new Hellinger—Kantorovich distance between positive measures (Invent. Math. 2018)
Chizat+, Unbalanced Optimal Transport: Dynamic and Kantorovich Formulation (J. Funct. Anal. 2018)
b Sato+, Fast Unbalanced Optimal Transport on a Tree (NeurlPS 2020)
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https://speakerdeck.com/eumesy/optimal-transport-for-structured-language-data
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Morty | is |laughing | at| Rick thesun _ is  shining brightly

brightly “shining 18 the sun

Eck\ Is [laughing| at | Morty

> Liu+, Matching Natural Language Sentences " Chow+. WMDo: Fluency-based Word Mover’s Distance for Machine
with Hierarchical Sentence Factorization (WWW 2018) Translation Evaluation (workshop 2019)
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b Su&Hua, Order-preserving Optimal Transport for Distances between Sequences (CVPR 2017)
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f OWMD Matching for Distances between Sequences (CVPR 2017)

Morty |is [laughing| at|Rick

> Liu+, Matching Natural Language Sentences
with Hierarchical Sentence Factorization (WWW 2018)

b Su&Hua, Order-preserving Optimal Transport for Distances between Sequences (CVPR 2017)
b Liu+, Matching Natural Language Sentences with Hierarchical Sentence Factorization (WWW 2018)
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https://dmelis.github.io/assets/publications/2018_structured_ot/poster.pdf
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> Peyré&Cuturi, Computational Optimal Transport, Figure 10.8
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> Vayer+, F+ sromov-Wasserstein Distancefor Structured Objects (A, —m.2020)
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b Vayer+, Fused Gromov-Wasserstein Distancefor Structured Objects (Algorithm 2020)
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Python Optimal Transport (POT) (2020) €) GitHub
Optimal Transport Tools (OTT) with JAX (2022) €) GitHub

sTERGE - Ham(CB9 2 U9 LIRS - R0

32 : Peyrée&Cuturi, Computational Optimal Transport (2019)
A0 : ki, REENXROIEREI7ILT U XA (2022, FE)

aiXZFIA U TVWSEASHELEORRERIE
B &> EMBREINIEZ < DX DOTIFENNDOMNB LD ICIRD
EimEhE U BB EEXZ(CE DO TS

WRHMIRDT NVESTRIRTED, P51 A MHIIWME, XD
RDEEREEZ A D /=0y, etc.

LCuturi+, OptimalTransportTooIs(OTT):AJAXT olbox for all things Wasserstein (arXiv 2022)

b Flamary+, POT: Python Optimal Transport (JMLR 2021)
d Trends in Machine Learning 2019) * 55, & 8% 0 I25H 2: 711/3 Y X 4 (BBERAE 2022)

b Peyré&Cuturi, Computational Optimal Transport (Foundations an


https://github.com/PythonOT/POT
https://github.com/ott-jax/ott
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J Cuturi, Sinkhorn Distances: Lightspeed Computation of Optimal Transport (NIPS 2013)

J Ramdas+, On Wasserstein Two Sample Testing and Related Families of Nonparametric Tests (Entropy 2017)
J Genevay+, Learning Generative Models with Sinkhorn Divergences (AISTATS 2018)

J Xie+'19, A Fast Proximal Point Method for Computing Exact Wasserstein Distance (UAI 2019)



