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Visualization and Analysis of the Hierarchical Correlation among Words and Documents in
Hyperbolic Space
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In areas such as Aerospace Engineering where many areas come together to form one complicated area of study,
it could be difficult to grasp its entire structure especially for students who has just began learning it. We address
this problem by visualizing the hierarchical relationship of different papers in such areas in hyperbolic space to give
an overview of the area and suggest which papers to read in what kind of order according to the users interest. We
also discoverd ways to find new insights in relationship among different topics by using Wasserstein Metrics with

the created visualization.
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high-resolution breast cancer screening
with multi-view deep convolutional
neural networks

fake news detection with deep diffusive
network model

clipping free attacks against artificial
neural networks

towards adversarial configurations for
software product lines
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towards adversarial retinal image
synthesis

nonparametric bayesian negative
binomial factor analysis

a unified theory of adaptive stochastic
gradient descent as bayesian filtering
stochastic nested variance reduction
for nonconvex optimization

. a simple approach to sparse clustering
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rates of uniform consistency for k-nn
regression

on generation of adversarial examples
using convex programming

defense against the dark arts: an
overview of adversarial example
security research and future research
directions
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Learning with a Wasserstein Loss
Computing Kantorovich-
Wasserstein Distances on d-
dimensional histograms using
(d4+1)-partite graphs

3: =M% gan 7213 generative % Abstract (ZEHD AL A Z DA, WA barycenter IZHRE I N7z iz £ T,



1J2-]J-6-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

B o 72 ESUT AR R T WS Z & ED T ROBLEIXZ
WL WR B,

THIZZDRDEAIT gan (BT 2 AEEH 5, [9) T
WRHEGZ TN X2 ) TAICBELUTE/RLTED, gan B
HINIZ adversarial example Z £ T 2 Fik e U CORERAME
Nizedsd, FkOtvFa) 74 —I1ZBT253wmXE LT gan &
OREE X & Ebh, BEEECER LS ZRL i
HEHT S CiiEA LN 2D ZEDTELRWIITY
HoTz,

4.2 Wasserstein Barycenter % B W=7

Wasserstein Barycenter % FIH U T =D D573 5 BT
Mg BEEDE MY 2B %25 ETH I L TTHMSDE
B BHERE R EET 2D TE, BEME» S TNZHE
7 S N (| QYA

7 7 ANZ 2 T wasserstein £\ D BEENE ENT WS
XDADMDIAAIZR U, gan F7z1d generative &\ 5 HFE
% Abstract IZB DXL A E R WVIEDES D Wasserstein
Barycenter % & > 72 RAE 3 TH D, MDD E IFE E
FFETIZERLTE D, gan ¥ generative &\ > 7255
DELIZAMHLT WD, —HTR 1P/ 2 ERINDHmTIE
gan ¥ generative & W o 7z HFEE ST AUICEWIZEEDL ST
ZOOGFEEIZEE Y 5 Barycenter & UTEIEINT WS,

ZUFHEETOD” defense against the dark arts: an overview
of adversarial example security research and future research
directions” & [FIBRIZ B g f G D AMNBIZALE S 2 M % /DT
722 LT %, FEB learning with a wasserstein loss”[10]
I% Wasserstein Distance % 23 fHerDFEHOEOB A L LT
AWsZ 2iZ2nTEPNTS D, 2015 FlZfEREn T
L1120 hH 53 Wasserstein GAN TDEH D & & { fLl7z 57
H L& T Wasserstein Distance Z > T\ %, ”Computing
Kantorovich-Wasserstein Distances on d-dimensional his-
tograms using (d+1)-partite graphs” [11] & FRULNFE#ED & i
T\ % H multipartite graph(£#82°7 7) W5 &\ D 1E30
DX TED £ D HOW SN WFEZ HWTREDRME T TR
# & { Wasserstein Distance Z it 3 2 FiEEHBMALT05
SAED 5 ATl T 178 L \WERSCT. Wasserstein Distance
DEMERIBIZ P PDEHDTH S, ZD & SIZ Barycenter 1
TODFEEOE NN B LS BN ERR L TE Y, HEiE
25T NI & HEICEER UREER O D73 & JD 5 5%
IR T 2 E U CEEERORBREED . SBRITH T NS 5E
ERDIBIEMN T2 I N TE

5 &bHYIC

MHHZEM ETOMDIAAIZ & b BEED XEDOREMIE % H
AREEMLMEL. Ml INZBEMEEZ S L ITERE
75 2 L CHEHBEMWIZGHEM OBRR OB HRE2EL Z L DT
7z, FHICEDOHIDIAATZ & ZNIETF0X 3 <, adversarial
examples 7 ¥ OFITIXFHBEIZ Z OBEEREE D 3 N h & FhERM]
DRREEL Z W TE R, A TRITDARLEDSTBRIC
o PDEAED S L IZREEIEZ 5 LT\ 5 & 5 73 i LI
BB ENTET, wasserstein &\ HEEE EL DA
EMOAL IR E U T XEDFHEDOHPHZ D 57 E LA & W
HHZE ] L T O IHREZR G D Bt X R & 17 D 5 72, Wasserstein
Barycenter % W7z 1 CIAGEE & FEE DR & 72 5 O
RIZANWD Z N TE, BEMEOTNEARADTZ I NS
REHEEL Z 2N TE S,

REFEOMEE L LT, M2 wov X d2v A DD IA A

ZRHHZEBIC HDAA TR U K530 %2175 Z
N5,

S Xk

[1] Blei, David M. and Jordan, Michael I. and Griffiths,
Thomas L. and Tenenbaum, Joshua B.: Hierarchical
Topic Models and the Nested Chinese Restaurant Pro-
cess, Proceedings of the 16th International Conference

EWEZS

on Neural Information Processing Systems, pp. 17-24
(2003)

Li, Wei and Mccallum, Andrew: Pachinko allocation:
DAG-structured mixture models of topic correlations
Proceedings of the 23rd International Conference on
Machine Learning, pp. 577 - 584 (2006)

[3] Krioukov, Dmitri and Papadopoulos, Fragkiskos and
Kitsak, Maksim and Vahdat, Amin and Bogui4,
Marian, Hyperbolic geometry of complex networks,

Phys. Rev. E 82, pp. 18 (2010)

[4] Nickel, Maximillian and Kiela, Douwe: Poincaré Em-
beddings for Learning Hierarchical Representations,
Advances in Neural Information Processing Systems

30, pp. 6338 - 6347 (2017)

Matt Kusner and Yu Sun and Nicholas Kolkin and
Kilian Weinberger, From Word Embeddings To Docu-
ment Distances, Proceedings of the 32nd International
Conference on Machine Learning, pp. 957-966 (2015)

[5]

[6] Justin Solomon and Fernando de Goes and Gabriel
Peyré and Marco Cuturi and Adrian Butscher and
Andy Nguyen and Tao Du and Leonidas J. Guibas,
Convolutional wasserstein distances: efficient optimal
transportation on geometric domains, ACM Trans.

Graph. vol 34, pp. 66:1 - 66:11 (2015)

Nickel, Maximillian and Kiela, Douwe, Learning Con-
tinuous Hierarchies in the Lorentz Model of Hyperbolic
Geometry, Proceedings of Machine Learning Research
vol 80, pp. 3779 - 3788 (2018)

Tan Goodfellow, Explaining and Harnessing Adversar-
ial Examples, arXiv preprint arXiv:1806.04169 (2018)

Ian Goodfellow, Defense Against the Dark Arts:
An overview of adversarial example security re-
search and future research directions, arXiv preprint
arXiv:1806.04169 (2018)

[10] Charlie Frogner and Chiyuan Zhang and Hossein
Mobahi and Mauricio Araya-Polo and Tomaso A. Pog-
gio, Learning with a Wasserstein Loss, Advances in
Neural Information Processing Systems (NIPS) 28,

(2015)

[11] Gennaro Auricchioand Federico Bassettiand Ste-

fano Gualandiand Marco Veneroni, Computing
Kantorovich-Wasserstein Distances on d-dimensional
histograms using (d+1)-partite graphs, arXiv preprint

arXiv:1805.07416 (2018)



