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Some Notation

OT: Optimal transport

PM: Probability measures

W: Wasserstein

PGA: Principle Geodesic Analysis

Statistic

NIPS (2005-2017) : 317=

ICML (2014-2017) : 217&
JMLR (2004-2016) : 5f&
PMLR only (2017) : 3f=
AISTATS et.al (2014-2017) : 5/
arXiv (2015-2017) : 6=

Development (Time Order)

2004-2010

XL
Lipchitz BRES 1-W

REEE

p-W 5%, ROC iR
(K 8E) p-W 5 SGD

2012-2014

FREHIR R &L
2-W UK B p-W 58K, SinkhornlEES5 2K, 2-W SEFEE, B 2-W SOUiEN

BEES
PV, Ricci 5 Markov Chain, 7 iid

2015

RIS
BE2-W 5 FEERE / ZTEES

R{EE

Ll



(JUfE) BEL2-W 5E &%) / barycenter, 2-W 5 PGA / PDA, p-W 5%iiEsR$h (TDA/
lanscape / PH)
(Efth) 1-W 5 LR #E#f5, Kantorovich EE5 Markov, IPM 5#AKRE, TVS PLMC

2016

FEfRR R ER
(R 1EE) W 5 RBM, 2-W 5 RNN

() BEI-W 5FHEY), BE OTSmusic transcription
(B4E) E# W5 WMD&SWMD, E&2-W5WDA

BEEE
(J1{al) B8 OT Sbarycenter
(Efth) BH OT 5IEEMERRXAR
XKAig oT

AHUEOT, ERABRETEREL

2017

FR{EHK R ER

(FEE) 2-W5BIREDE

(T E) 1-WSIRETN, BH2-WS5ZBRRE / BRERE, MMDSXSELE
(GAN) JS5GAN, 1-W5WGAN, Cramer5CGAN, FEEESMIX+GAN, IPM/MMDS
McGAN&Fisher GAN&MMD GAN

(Efh) PMD5RE#]

REEE
(B2 /i2ZE) 1-W 53 8Markov / sampler, 2-W5NN /LMC / SGLD, IPM5samplef&

£, IPM5MEFUN
(JLfal) Sliced W kernel5PD, 2-W5FRHE/L (SEHITE)
(Efth) WEEE 553t >), W IEEES5multiple populations Z= 8]

Kfg o
%’*ﬂlw lossfiift, KEFESHE W IR, ToHEES50T, GANRYYIZ, SinkhorniEE



Wasserstein Distance

“WEEEEHNRNIE, SABEEMESRFULL, B W EERLEEMBTAIRMNS (
Villani[35, p. 98] ): FA 1A & (ERELRIDFTIRFIM W EEBRIRSIEPEEIE BE S TSR
M, " WIEBE ML PVARZE 2-W BEBUREE#EN. 2-W BBRANUTEX, MUk 2-
W BB FEXHY Barycenter ERE. BEHINMTEFHEERSZNA.

Supervised Learning

1-W

1. Distance-Based Classification with Lipschitz Functions (JMLR 2004)

51-WEEBH K-L XMBAEX, EHERIG Lipschitz R E A Z— N EE2Z BN BT
|,

1. Distributionally Robust Logistic Regression (NIPS 2015)

FA7T 1-W EBHMEEMNE ., EohAERMEEED, BNERIIGERE—TRNE P, Z2&
BRI TNES, ZESESRMNEXSH P ARENERGE. HIMEM 1-WIEE, 8 P21
SRR D = B PRI EIRN RN S R RO — T IK,

2-W

2. Wasserstein Training of Restricted Boltzmann Machines (NIPS 2016)

RBM, ERIRBANAERVERE ZBN—TMEEXNEENERLT, AIMAAX—EEEX RBM
AR MENGFEARLEND M ZERN W ER, #SETREESHRTORX—EBNBE, &
R TEENTR W EEE,

1. Squared Earth Mover’s Distance-based Loss for Training Deep Neural Networks (arXiv 2017)
BIRE D LM, [ 2-W FRAMKRE, MMeEEEREAREER ZBENEER, EAFTELTE)
BAMNLRINRNEZ G TRET UEI RN IEEEN., LWEIAERNEHXE T B LERITFNE
.,

DISCRETE 2-W

3. Learning with a Wasserstein Loss (NIPS 2015)
ZhEF, FREH 2-W EEEEEMIMENEIRE 7 B)EE ., [FRER 2-W EBEEHEIE
MEELCREITTE, HELREM EEE—MESRNEIFE,

4. Regressive Virtual Metric Learning (NIPS 2015)
FREMRNAEHITEEZERY, XEEMRNEFETUMAER S ENRMNEMmOE, FR7T
EE 2-W BB,



http://www.jmlr.org/papers/volume5/luxburg04b/luxburg04b.pdf
https://papers.nips.cc/paper/5745-distributionally-robust-logistic-regression
https://papers.nips.cc/paper/6248-wasserstein-training-of-restricted-boltzmann-machines.pdf
https://arxiv.org/pdf/1611.05916.pdf
https://papers.nips.cc/paper/5679-learning-with-a-wasserstein-loss
https://papers.nips.cc/paper/5687-regressive-virtual-metric-learning

5. Supervised Word Mover’s Distance (NIPS 2016)

WMD EEE AL BB AR MENIEREEMNER W BEE, BXhEN., XBERET —#
BB WMD, EFREFTH WMD EEEIIAT —THEEN—MEREZ., RE TIREITERKBE
A E.

2. Wasserstein Discriminant Analysis (arXiv 2016)

—MENREFIHE, BIITE—TEENE MRS, SSENEIRMSTEREN=[ETR, MMM
BEFE#ITHE, FERATEMLNER 2-W EEEREEIX—MES, HEM Sinkhorn matrix
scaling algorithm >Rit&., M 2-W (FE BRI MEREE BHBEILIR, A5 PDA (NIPS
2015) RBEXR, EERRBIE—H=EF,

Unsupervised Learning

1-W

1. Unsupervised Learning by Predicting Noise (ICML 2017)

X HERRIRK R PR L E 1-W BB —FMiA i, XERHXMEILLL GAN EiE8., JIZ4E
1R,

2-W

6. Learning Probability Measures with respect to Optimal Transport Metrics (NIPS 2012)
AXMANFXHFEE—TRE LN PM, REERAERESN, WEFE3LEE PM RO, thE)@
S5&iiER, RMEFHURTREZI=1"NHERZKR, R ZEANTEREZIEE

(Wk-means) HIL#HETE 2-W EEBX TEIHIEN PM, AERX=ME FTHNHEARE
BTATFEIR: 1) EEHE&E LN PM F1H estimates [BIEEEH—F TR, 2) M emprical measure
2l population measure AYWENRAGFTRIBIZRXB], 3) M k-means £ LRI measure EIEHE
measure AIUEZRAIBEZR X 8],

2. Learning Population-Level Diffusions with Generative Recurrent Networks (ICML 2016)

FATHRA 2-W loss B9 RNN, #8035 RNN BXR7E—#E, ATHREARENENNSEN.
RXEBHLIETERS 2-W TEIIR loss MAMmERIGEITETT S /) i B S FUINE £ 18 2 A L BRI L
R, MIDLENAEANTF,

4. Multilevel Clustering via Wasserstein Means (ICML 2017), Supplementary
ZERRE, FH 2-W EEEERNMMABWR, ENAREMRAZERW REE>H, BEKRREER
B9 W barycenter #4178,

DISCRETE W


https://papers.nips.cc/paper/6139-supervised-word-movers-distance.pdf
https://arxiv.org/pdf/1608.08063.pdf
http://proceedings.mlr.press/v70/bojanowski17a/bojanowski17a.pdf
https://papers.nips.cc/paper/4651-learning-probability-measures-with-respect-to-optimal-transport-metrics
http://proceedings.mlr.press/v48/hashimoto16.pdf
http://proceedings.mlr.press/v70/ho17a/ho17a.pdf
http://proceedings.mlr.press/v70/ho17a/ho17a-supp.pdf

1. Domain adaptation with regularized optimal transport (ECML PKDD 2014)

JERN, ERTHEEN 2-W IBE, E%FIEMRD LRMERZANRIEEI TR B iR
AT RRZEEN . HEIHENZF SRR BinEAE, EBMMERAIsEHIREINE
SREEMME SRS MIBUE, AXFRARMNERES, RHET OTreglab Bi%,

7. Differentially private subspace clustering (NIPS 2015)

XEFERNE 2-W EBNEREN ., FEEREZ N EBIERREMNFRIAML T R4EgL TS
B A BERREES . AUREEDRILVFZERENMMEE, EF 2-W MEMTHEX T
—MF=EZERER, MWISHKEEN.

8. Optimal spectral transportation with application to music transcription (NIPS 2016)

BERtnE. ERT R OT lEEAMA BT,

2. Fast Dictionary Learning with a Smoothed Wasserstein Loss (AISTATS 2016)
FHZY, FRTERERN 1-W BEE, UREENL., SH legendre TIREHXHERZXIE IR
KEREN

3. Co-clustering through Optimal Transport (ICML 2017)
BERE, MNEDHEENAERE OT [REAKE, MMEBENABERKERER, FH THEMNL
B 2-W EE., ENBUEENZMAAIL, {FR7T Gromov-Wasserstein E=.,

Semi-supervised Learning

5. Wasserstein Propagation for Semi-Supervised Learning (ICML 2014)

FAT 2-W IEE AR EIE[Villani (2003), Theorem 2.18]5 2-W IEE A BT 5 %K K (CDF) W,
FLLEEEERMH BT, XHPNEN W EEAALLRANETRNFEREXINMEERLES
¥, HEUT REREL.

Reinforcement Learning

6. A Distributional Perspective on Reinforcement Learning (ICML 2017)
HF3RM S I agent FEKAIREHREIEN ST, 1257 T —DEEM policy, {EFTERES
77 _£RY Bellman operator 7 W B2 T2 —"1" E460R5T

GAN

7. Wasserstein GAN (arXiv 2017), Wasserstein Generative Adversarial Networks (ICML 2017)



http://remi.flamary.com/biblio/courty2014domain.pdf
https://papers.nips.cc/paper/5991-differentially-private-subspace-clustering
https://papers.nips.cc/paper/6479-optimal-spectral-transportation-with-application-to-music-transcription.pdf
http://proceedings.mlr.press/v51/rolet16.pdf
http://proceedings.mlr.press/v70/laclau17a/laclau17a.pdf
http://proceedings.mlr.press/v32/solomon14.pdf
http://proceedings.mlr.press/v70/bellemare17a/bellemare17a.pdf
https://arxiv.org/pdf/1701.07875.pdf
http://proceedings.mlr.press/v70/arjovsky17a/arjovsky17a.pdf

FEF8 1-W BERSH K-L SHBTRIE N 4 AR S AIAIBISE M ST OB TR, $ISUSHRIRAITE Lipchitz
SR, FULASER weight clipping 7%, BHISISHSHREIE— M HRENNRES, it
BEEENE, KA MIRBIEIRE.

3. Improved Training of Wasserstein GANs (arXiv 2017)
BT Lipchitz RERENZ 15 EASEEGG A N8R EL, X ETE B AnRE RIS E & SRR 5
8%, HARSIEEFARIUENERIUE 2 B LB E, EALAER WGAN WRINH—FIRE.

Geometry / Topology

BARYCENTER

8. Fast Computation of Wasserstein Barycenters (ICML 2014)
NAT BRI p-W BBE, =fEE, FE=MEEFER T ENAYE )Y 8@,
AARIMBEISE,

3. WASP: Scalable Bayes via barycenters of subset posteriors (AISTATS 2015)
FABESFN 2-W S, TEFHIEENRFR D HHETLEEEER barycenter

9. Gromov-Wasserstein Averaging of Kernel and Distance Matrices (ICML 2016)

EXTT XBBIEN G-W BEE ., N EEEZERNED (barycenter) F/tF Frechet 1E,

30. Learning from uncertain curves: The 2-Wasserstein metric for Gaussian processes (NIPS
2017)
MAIBBAAIBINTIE, £ W-2 I58 T AIE X IE—#) barycenter, HAIMABRBNRTHTE

McE,

STDA

2. Statistical Topological Data Analysis using Persistence Landscapes (JMLR 2015)
BT —MEFIRINAE: XM landscape, BT ERTMALE p-W EEM TR,

PH

10. Subsampling Methods for Persistent Homology (ICML 2015)

FERFHEANAEREN PH ITE, WTF—1TAREES, RRAENFERSE, HETAEFELRE
f9 landscape, AGBEEZEATRFE, IR T T landscape E W BEENEN TEREN (NFHE
HEEZE LN MMEIER) .

GENERALIZATION OF PCA


https://arxiv.org/pdf/1704.00028.pdf
http://proceedings.mlr.press/v32/cuturi14.pdf
http://proceedings.mlr.press/v38/srivastava15.pdf
http://proceedings.mlr.press/v48/peyre16.pdf
https://papers.nips.cc/paper/7149-learning-from-uncertain-curves-the-2-wasserstein-metric-for-gaussian-processes.pdf
https://papers.nips.cc/paper/7149-learning-from-uncertain-curves-the-2-wasserstein-metric-for-gaussian-processes.pdf
http://www.jmlr.org/papers/volume16/bubenik15a/bubenik15a.pdf
http://proceedings.mlr.press/v37/chazal15.pdf

10. Principal Geodesic Analysis for Probability Measures under the Optimal Transport Metric
(NIPS 2015)
2-W, ERA—MIAMIREMETREE, 1TEE PM BZH0NEER D, BRIEEXN D PM

SEFE—EXEE,

11. Principal Differences Analysis: Interpretable Characterization of Differences between
Distributions (NIPS 2015)

PHAESHS T ZENES., EH PCA i tE PDA BI— M5, XBIHEREENETE 2-
WEEE,

RELATIONSHIP TO CURVATURE

12. Positive Curvature and Hamiltonian Monte Carlo (NIPS 2014)
XEBEFERT 1-W IEE5 Ricci IERRIX R, (FA 1-W EX T —MI/RA] k504K Ricci HIZ,

13. Empirical performance maximization for linear rank statistics (NIPS 2008)

£/ ROC HIRENEE. XTIREITES 1-W IBEHEXAR,

As a Metric

CONVERGENCE

14. Parallelized Stochastic Gradient Descent (NIPS 2010)
XBEFERT p-WHEEEX DB ZENEERE, AXNAT HITHENEE THRINEL, HEHBE5 MRS
FIEEN T SHMN D mEIEARRANENEE.

4. Further and stronger analogy between sampling and optimization: Langevin Monte Carlo and
gradient descent (PMLR 2017)

54T LMC £ 2-W EEE X THIWENE, 23R T LMC 1 gradient descent FIBXZ

5. Non-Convex Learning via Stochastic Gradient Langevin Dynamics: A Non-asymptotic Analysis
(PMRL 2017)
25T SGLD Markov £ 2-W EE=E X RIS

6. Quantifying the accuracy of approximate diffusions and Markov chains (AISTATS 2017)
AT 1-W EXANT BN FESOMNESR, BTHAERER. %5 AEEX Langevin dynamics #
DITRER,

12. Stochastic Bouncy Particle Sampler - Supplement (ICML 2017)
FHE1-WHEBEALETRESEXISMZENARR. £H7T Stein’s method,

7. On the Ability of Neural Nets to Express Distributions (PMLR 2017)
JIERR TR E X SRR S ] UHEREMREZMEE 2-W EENEX TEIR,



https://papers.nips.cc/paper/5680-principal-geodesic-analysis-for-probability-measures-under-the-optimal-transport-metric
https://papers.nips.cc/paper/5894-principal-differences-analysis-interpretable-characterization-of-differences-between-distributions
https://papers.nips.cc/paper/5894-principal-differences-analysis-interpretable-characterization-of-differences-between-distributions
https://papers.nips.cc/paper/5894-principal-differences-analysis-interpretable-characterization-of-differences-between-distributions
https://papers.nips.cc/paper/5500-positive-curvature-and-hamiltonian-monte-carlo
https://papers.nips.cc/paper/3437-empirical-performance-maximization-for-linear-rank-statistics
https://papers.nips.cc/paper/4006-parallelized-stochastic-gradient-descent
http://proceedings.mlr.press/v65/dalalyan17a/dalalyan17a.pdf
http://proceedings.mlr.press/v65/dalalyan17a/dalalyan17a.pdf
http://proceedings.mlr.press/v65/dalalyan17a/dalalyan17a.pdf
http://proceedings.mlr.press/v65/raginsky17a/raginsky17a.pdf
http://proceedings.mlr.press/v65/raginsky17a/raginsky17a.pdf
http://proceedings.mlr.press/v65/raginsky17a/raginsky17a.pdf
http://proceedings.mlr.press/v54/huggins17a/huggins17a.pdf
http://proceedings.mlr.press/v70/pakman17a/pakman17a-supp.pdf
http://proceedings.mlr.press/v65/lee17a/lee17a.pdf

OTHERS

15. Estimation of Intrinsic Dimensionality Using High-Rate Vector Quantization (NIPS 2005)
fFA7T p-W EEEEE quantizer mismatch, BIEZIRFEFIRIA clean HIEIEE.

3. Ground Metric Learning (JMLR 2014)
AXEARAT BN ERIES, EEMRE normalized histograms [B]HFEREAIZ ] [a)gR, Bl
anfay = >) FEIFR R MAY ground metric,

13. Concentration in unbounded metric spaces and algorithmic stability ICML 2014)

ERRMEHES, SEEE id BEMRMALER,

5. Exploring and measuring non-linear correlations: Copulas, Lightspeed Transportation and
Clustering (JMLR 2016)

REERBENCHNBRRMERES, WARTEE. XPERALMEERESFLEERIXR

14. Estimating the unseen from multiple populations (ICML 2017)
E X T multiple populations Z=[8]_EAY earth-mover E=£,



https://papers.nips.cc/paper/2945-estimation-of-intrinsic-dimensionality-using-high-rate-vector-quantization
http://www.jmlr.org/papers/volume15/cuturi14a/cuturi14a.pdf
http://proceedings.mlr.press/v32/kontorovicha14.pdf
http://proceedings.mlr.press/v55/marti16.pdf
http://proceedings.mlr.press/v55/marti16.pdf
http://proceedings.mlr.press/v55/marti16.pdf
http://proceedings.mlr.press/v70/raghunathan17a/raghunathan17a-supp.pdf

Other Distances

16. The Perturbed Variation (NIPS 2012)
PV IEERI U2 W BEESH] TV (Total Variation) 355 Z BRVIANS. ARNEMEAEGRMEEARE
EXREMEM (FA—E8E) RS,

29. Population Matching Discrepancy and Applications in Deep Learning (NIPS 2017)
PMD 5 MMD BAK W1 #iBEXZ ., N-PMD B2 W1 BIsgB&1hit.

GAN

4. The Cramer Distance as a Solution to Biased Wasserstein Gradients (arXiv 2017)

RBET—% Cramer BB, &5 7 W IEEH KL IEEAMES, 1IRET CGAN, FHIEBETEMRTF
WGAN, X iR 7 #R divergences ¥ metrics , 321 divergence ZENBFEIESHEEHE
MI=IT4EE: sum invariance, scale sensitivity, 1 unbiased sample gradients, Ef W EEEE—F
WESZIN, M KLEE®E, ELiRE T Cramer BEERGERMEE.

Convergence

LMC

18. Finite-Time Analysis of Projected Langevin Monte Carlo (NIPS 2015)

Projected LMC RZZ/BENIEE FRERIIISE, BRI UARTFHEBHIRSMEAIER ., AXIERT
BT IR AENS KABIFRE, HAFRFAZE projected LMC (%8 (X)) BRMEID BRI AZE TV
(Total Variation) EEEEIE X FWHEIBRD M. AXFRT 1-W 5 TVIEENXAR (B 1-WIEET
RSRIRATIASE TV EEB THIFRMR) BSHIX—4510., AXMIR R FIEEXISGLD (Stochastic Gradient
Langevin Dynamics) Ei5EMNMARE L.



https://papers.nips.cc/paper/4806-the-perturbed-variation
https://papers.nips.cc/paper/7206-population-matching-discrepancy-and-applications-in-deep-learning.pdf
https://arxiv.org/pdf/1705.10743.pdf
https://papers.nips.cc/paper/5934-finite-time-analysis-of-projected-langevin-monte-carlo

Solving OT

17. Sinkhorn Distances: Lightspeed Computation of Optimal Transport (NIPS 2013)
Sinkhorn (B, BIEZEMEENCR W BEE., XHIRELEMIERBI{ER Sinkhorn B, ITEER
N, EERDERESHHT 7K,

8. lterative Bregman Projections for Reqularized Transportation Problems (SIAM.JSC 2015)
BT RMERD linear programs BT LUERAIEEIESE, B barycenter L9 AIFAAITE,

20. Stochastic Optimization for Large-scale Optimal Transport (NIPS 2016)
ST KBARE OT MBI —MEE, IET XMBIEMT Sinkhorn BiE., EELR Q@ H{ER
T RKHS EHIFEHLLIL.

21. Mapping Estimation for Discrete Optimal Transport (NIPS 2016)
BENEEREITE OT [MEFMSMREZRE, AUeH 7 —MEI T EMRERIA AR
ERMRETIN A A, RE T X—AES JEEN B GRmEESNEKAR,

20. A Simulated Annealing Based Inexact Oracle for Wasserstein Loss Minimization (ICML 2017)
ANEFEIRAGHET (BE) WLM Q@ —fMigE, MUR{ER Gibbs KifZEE1EIL W losses
MR D . LR T M AES BIEN G IE.

21. Tensor Balancing on Statistical Manifold (ICML 2017)
588 R fiE@aENITERX,

26. Near-linear time approximation algorithms for optimal transport via Sinkhorn iteration (NIPS
2017)
#£& Sinkhorn BEEHITE

Others

22. Basis refinement strateqies for linear value function approximation in MDPs (NIPS 2015)
ORAIRAKIIIE, BT — TR KRBT EEESR, A 7T Kantorovich EE, HE Kk

Monge-Kantorovich [a)&,

5. An Interpolating Distance between Optimal Transport and Fisher-Rao (arXiv 2015)
Twisting the geometry of the support (say, Wasserstein’s optimal transport) with the geometry of
the parametric distributions (Fisher-Rao geodesic distances).

6. Sub-modular Functions: from Discrete to Continuous Domains (arXiv 2016)
5wWEBE—EXNXER, EEEHFTETITE Robust Budget Allocation (BT &L

1) . U Robust Budget Allocation via Continuous Sub-modular Functions (ICML 2017),

23. Gradient descent GAN optimization is locally stable (NIPS 2017)



https://papers.nips.cc/paper/4927-sinkhorn-distances-lightspeed-computation-of-optimal-transport.pdf
https://hal.archives-ouvertes.fr/hal-01096124/file/KL-Projections.pdf
https://papers.nips.cc/paper/6566-stochastic-optimization-for-large-scale-optimal-transport.pdf
https://papers.nips.cc/paper/6312-mapping-estimation-for-discrete-optimal-transport.pdf
http://proceedings.mlr.press/v70/ye17b/ye17b.pdf
http://proceedings.mlr.press/v70/sugiyama17a/sugiyama17a.pdf
https://papers.nips.cc/paper/6792-near-linear-time-approximation-algorithms-for-optimal-transport-via-sinkhorn-iteration.pdf
https://papers.nips.cc/paper/6792-near-linear-time-approximation-algorithms-for-optimal-transport-via-sinkhorn-iteration.pdf
https://papers.nips.cc/paper/5694-basis-refinement-strategies-for-linear-value-function-approximation-in-mdps
https://arxiv.org/pdf/1506.06430.pdf
https://arxiv.org/pdf/1511.00394.pdf
http://proceedings.mlr.press/v70/staib17a/staib17a.pdf
https://papers.nips.cc/paper/7142-gradient-descent-gan-optimization-is-locally-stable.pdf

IA—TEENMEIR{RIE WGAN BAKRREE GAN AN BERE.

27. The numerics of GANs (NIPS 2017)
FEVINZEL, MBEIAZI Nash YIEEIEE, IRHEBH 2-player B, ¥ ZHEZE (-
divergence, W %) #1718,

28. GANs Trained by a Two Time-Scale Update Rule Converge to a Local Nash Equilibrium (NIPS
2017)
FEINEEE, EBF WGAN,



http://papers.nips.cc/paper/6779-the-numerics-of-gans.pdf
https://papers.nips.cc/paper/7240-gans-trained-by-a-two-time-scale-update-rule-converge-to-a-local-nash-equilibrium
https://papers.nips.cc/paper/7240-gans-trained-by-a-two-time-scale-update-rule-converge-to-a-local-nash-equilibrium

Kernel Methods, IPM and RKHS

XEHABRELF ERABTFRIMEHROTE, B5 1-W BRY)xE, MAS GAN BXRZIHENHE
8%, TEIENEERHIZE Wasserstein I E, FELEMRE 20174,

4. Hilbert Space Embeddings and Metrics on Probability Measures (JMLR 2010)

FHANAT —MINEEZ, BERASEE (IPM) . IPM BEERSHBEHE, EMEBATENXE
£ (£ WGAN FZHIFIZRRE) EHAZEZH. 1-W, KL FFHAIAESHIER.
AXERHB—MHERE IPM, BIETF RKHS SR IPM, UIHREPREITE RKHS HRAYA IR,
e T M EEM T EAM IPM B4R, B83E5 ¢-divergence (f-divergence ) FIXILE. E30{HITHY
Wess. MERNEE XENREE, FTNREREE, BRIfRS GAN RRNEEHEEEEFKE,

31. Minimax Estimation of Maximum Mean Discrepancy with Radial Kernels (NIPS 2016)

2 MMD R BRFAfEITREI TSR,

Unsupervised Learning

15. Adversarial Feature Matching for Text Generation (ICML 2017)
It BE—M5E, [FH7T RKHS LAY Maximum Mean Discrepancy E=, MMD EF
IPM,

GAN

16. McGan: Mean and Covariance Feature Matching GAN (ICML 2017)
BT IPM E3F 7 —Hi55R0NL R E, FRZEEEF T2 1A mean feature embedding Z [B &It
BI-qEE., EENTSHZEN MMD B2, ETFIHESRE T McGAN FJHES

17. Generalization and Equilibrium in Generative Adversarial Nets (GANs) (ICML 2017),
supplement
IR 7T GANs BIZHIBIE., X T “Generalize” HHE2, FIERB T ET JS = W B9 GAN £~ 2

Generalize B9, EX T —MESHEE F-distance (Eb IPM EE) |, 12 T2 MRS
Neural Net Distance, 1EBR 77 GAN ZIHFERESHN G #l D SEFEEFES, ETFIUIREET
MIX+GANSs &Y |

1. A Kernel Two-Sample Test (JMLR 2012), cited by this paper

24. Fisher GAN (NIPS 2017)
ET IPM 1EZ2, {£R 7T Fisher IPM,

25. MMD GAN: Towards Deeper Understanding of Moment Matching Network (NIPS 2017)



http://www.jmlr.org/papers/volume11/sriperumbudur10a/sriperumbudur10a.pdf
https://papers.nips.cc/paper/6483-minimax-estimation-of-maximum-mean-discrepancy-with-radial-kernels.pdf
http://proceedings.mlr.press/v70/zhang17b/zhang17b.pdf
http://proceedings.mlr.press/v70/mroueh17a/mroueh17a.pdf
http://proceedings.mlr.press/v70/arora17a/arora17a.pdf
http://proceedings.mlr.press/v70/arora17a/arora17a-supp.pdf
http://www.stat.cmu.edu/~ryantibs/journalclub/gretton_2012.pdf
http://papers.nips.cc/paper/6845-fisher-gan.pdf
http://papers.nips.cc/paper/6815-mmd-gan-towards-deeper-understanding-of-moment-matching-network.pdf

BOFIE I ELES Generative moment matching network (GMMN), EF MMD R E weak-*
U SRETIE R

Convergence

19. Measuring Sample Quality with Stein's Method (NIPS 2015)

XEFEAT IPM KEBIFRNSME Bino mEaIEER, (£ Stein’s method A BNERE M K
.

18. Measuring Sample Quality with Kernels (ICML 2017)
ET IPM DA K Stein’s method X 7 kernel Stein discrepancy (KSD) , FAF 24T sample EIB4r%

REULSIE,

19. Estimating individual treatment effect: generalization bounds and algorithms (ICML 2017)

fE/ IPM E&, 857 W S T A MMD (EE THY ITE FUNIRIEAEE)Z IR ZE bounds,

Geometry / Topology

STDA

9. Statistical Topological Data Analysis - A Kernel Perspective (NIPS 2015)
ARSI AR AAREBIBIRIMER . 154EA (persistent homology) AT ERE

RE TR BRI RIMNERN TR, FXAME (persistence diagrams, PD) 21%75 A8
i, TRIBAEMLRL life span, £ Statistical TDA A p-W EX PD FE) LHEE, BEN
BFEIESHTBEEAARXMERNZE, MEMETHAR Hibert FEHRIFES], ARAR—HH
STDA H753%: 4% PD =8 LAY PM BRAEIBAE M Hilbert =8 (RKHS) &, HFAT PD Z=E L
A — %,

2. A Hilbert Space Embedding for Distributions (ALT 2007), cited by the above paper
3. Unifying Divergence Minimization and Statistical Inference via Convex Duality, cited by 2.

PD

11. Sliced Wasserstein Kernel for Persistence Diagrams (ICML 2017)
{8 Sliced W kernel fE8 1-W EEBR—FIAI, EX T — PD =8 LI kernel,



https://papers.nips.cc/paper/5768-measuring-sample-quality-with-steins-method
http://proceedings.mlr.press/v70/gorham17a/gorham17a.pdf
http://proceedings.mlr.press/v70/shalit17a/shalit17a.pdf
https://papers.nips.cc/paper/5887-statistical-topological-data-analysis-a-kernel-perspective
http://www.gatsby.ucl.ac.uk/~gretton/papers/SmoGreSonSch07.pdf
http://ttic.uchicago.edu/~altun/pubs/AltSmo-COLT06.pdf
http://proceedings.mlr.press/v70/carriere17a/carriere17a.pdf
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