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[Suzuki, Wang, Tian, Nitanda, Yamanishi ACML2019]

[Suzuki, Nitanda, Wang, Xu, Yamanishi, Cavazza ICML2021]
[Suzuki, Nitanda, Wang, Xu, Yamanishi, Cavazza NeurlPS2021]
[ Hung and Yamanishi Entropy 2021]

[Xu, Wang, Yamanishi |IEEE TKDE 2021]
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Discrete words space
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Model performance

Problem
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[Mikolov et al. 2013]
[Pennington et al. 2014][Levy and Goldberg 2014]
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BHAART= EREBHDIERETIERFHEDSH

e SkipGram:

PSG(C|W; E, F) -

A

context

t

word

t

context

A

word

signal matrix

d: if@f')i&o"%ikj_l:

Matrix (E)

Word embedding

P(Cr,quE F) —

exp (w;T EFc;)

Word context
Matrix (F)

l 1 Zcrevc exp(w;TEFcr)

[Yin and Shen 2018]
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SNMLEESRIZCEDCEHIAH R ITER

SRR &/ (MDL) [RIB[CE DESNMLAF S ER/IMEIRETIEOHIAH RTHER |

B XX ERIEELAESERE (Sequentially Normalized Maximum Likelihood)
...... BERHINZHETB-OIZ1EIHI-YDETEEHEL

FREFEFEER . _ A B
(NVILEFS £ Ly (clw; My) = —log P(c|w; 9&@)) +;og (266 2P(c|w, B(D))>
Q RALEEES

ZRIIERE Lsnm(€clw; My) = ?=1LSNML(Ci|Wi,Ci_1;Md) = min w.r.t. d
RALFEE
LSNML(ci|Wi,ci‘1;Md) — —logP(cl-|Wi,ci_l;ﬁ(wi,ci)) + locheVCP(c|wi,ci_1; 6(wt, ct™1,c))

where ¢' = ¢;¢; ...c; an Wi = WiWy ... W; LR

ML 55TEEHIBD IO DR [Hung and Yamanishi Entropy 2021]
1IE 1B IEZ Importance Sampling CIT{EL

BB FID A NS RITER
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[Hung and Yamamshl Entropy 2021]
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NLP Task PIP.... minimizing Pairwise Inner Product loss

[Zin and Shen 2018]
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Hyperbolic Ordinary Embedding
[ T A 22 (L B B 7 — 2 D RIRIEL TLVS ]

[Lamping Rao 1994] [Nickel Kiela 2017]

#layers #entities
1 : e
1 | . )
2 £ s D—1
2 L | RMAIML o (sinhr)
> 4 A
AU AL S AL S T = Olexpr)
1 d Y
Figure 2 (b) in [Nlckel & Kiela, NIPS, 2017]
* Hyperbolic Ordinary Embedding
i © j is more similar than i & k = dyp (xi,xj) < dyp (x;, x1)
T
& 4 _ 2(x=y) ' (x—y) )
. X,y) = arcosh (1
PERERAER dyo(x,y) T DTy :
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e Conditional Probability

* y; =—1 & j; is more similar than k; to i;
* y=+1 & k; is more similar than j; to i;

P(y = =1|(i.jy K Gendnei)) =

* f:R5y — R, kernel function (decreasing function)

0 IAH DHE

#

— —\®

€7 )L

[Suzuki, Wang, Tian, Nitanda, Yamanishi ACML2019]

f(d]HID (.'X,'l', x]))

f(dyo (i, x)) + f(dgp (xi, %))

* Objective: Minimizing Log Likelihood
Minimize 2 [_ log P(}’tl(it;jt; kt); (xn)ne[N])] , W.T. T, (xn)ne[N]

te[T]

¢ a b

BEE T —A %L TIE MW

EEROANEY SN EAEER

Error rates

Cora D=2 D=4 D=8 D =16
1-EMOE  0.3513 &£ 0.0002 0.3258 = 0.0002 0.3131 + 0.0002  0.2973 = 0.0003
2-EMOE  0.3584 + 0.0003 0.3311 =+ 0.0004 0.3091 =4 0.0002  0.2947 =+ 0.0002
G-EPOE 0.3695 =+ 0.0003  0.3525 =+ 0.0005 0.3348 =+ 0.0004  0.3103 = 0.0003
t-EPOE  0.3629 + 0.0003 0.3367 =+ 0.0002 0.3156 + 0.0002  0.3007 =4 0.0002
1-HMOE  0.3481 + 0.0003 0.3245 =+ 0.0002 0.3074 =+ 0.0004  0.2923 = 0.0002
2-HMOE  0.3528 4+ 0.0003 0.3276 4 0.0003  0.3051 4 0.0002  0.2889 =+ 0.0002
G-HPOE 0.3593 =+ 0.0004 0.3347 =4 0.0002 0.3124 + 0.0003  0.2967 =4 0.000
( t-HPOE 0.3247 4+ 0.0002 0.2900 4 0.0003 0.2789 4 0.0003 0.2743 =+ 0.0003
|\ j 11




Ordinal Embedding® N{LiEE

Theorem
[Suzuki, Nitanda, Wang, Xu, Yamanishi, Cavazza ICML2021]
__+ \With probability 1 — 4, we have
N2InN NInN (In :
N N n n 5
(2),.-, n=1 z(R) S S NS
fin Ei%cgjlagsllj l!inyimizer RAMATY R 7 N: Entity®%, s: 30 IEFEFRT— 2 0K
< HRTF
2 .
* wyz(R) = (exp [i) hype.rbollc, All representations must exist in a ball with radius R.
(R) Euclidean.

* Proof technique:

* Convert HOE’s loss function to that of the linear model on the matrix space.
* Rewrite the radius condition to the parameter’s spectrum norm’s condition.
* Evaluating the Rademacher complexity.

12
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[Suzuki, Nitanda, Wang, Xu, Yamanishi, Cavazza ICML2021]
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Ordinal data size S
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Graph embedding® N 1L ERE R T

Theorem
[Suzuki, Nitanda, Wang, Xu, Yamanishi, Cavazza Neur/P52021]

With probability 1 — b

() ()

< E KL% JZM & logN +=logN |+ (b —
Mo L ( Vi,z 108 3108 ( Cl)V %

N: /—FoH, M: EBZRIFOT—2H
. 0, (R) = {cosh2 R + sinh?R = 0((exp R)Z) Hyperbolic,
) (2R)? = 0(R?) Euclidean.

+ 0(2=),0(logN)
. v,?z depends on the data distribution of (lk o Ik m) o=+ ).
* Small if the distribution of (lk m']km) is balanced (close to the uniform distribution). y
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/[ Discovering \ BEINN

Latent Label Class FE
[Huang, Xu, Wang, <

Yamanishi [JCAI20]

BTEERS \"bFHEl/(Mtributed Subspace\
EE:FEEI 77;('5“} ~7 Clustering

1:% i E s » [Wang, Xu, Tian, Suzuki,

>Zhang, Yamanishi 1JCAI19]

Orderly Subspace

Multi-label Learning Clustering

BEZHETILEIR

( Decomposed Normalized A
Maximum Likelihood(DNML)

[Yamanishi, Wu, Sugawara, Okada

DAMI19] )
S

Jierarchical Change Graph Summarization

[Fukushima, Kanai, Yamanishi
Complex Network21]

Long-tailed Dist.

Approximatigg
[Okada, Yaugs I, Masuda
Royal Soc. Open Sci. 20]

\.
\




BELEHETILEREEFDI

[Yamanishi, Wu, Sugawara, Okada Data Mining and Knowledge Discovery 2019]
[Okada, Yamanishi, Masuda Royal Society of Open Science 2019]

[Fuushima, Yamanishi ICDM2020]

[Fukushima, Kanai, Yamanishi Complex Networks 2021]

[Suzuki, Yamanishi IEEE Transactions on Information Theory 2021]
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SEEEH

o]

%ﬁ B Z- 24 o e o [Yamanishi, Wu, Sugawara, Okada

Data Min.Know.Disc. 2019]

M: 5N, z: Blll7 z: LA,
7 REEIE R
BAFSRBAE Lowu(T.zM) =

(Decomposed Normalized

::ls:f

L..(xlz;M)+ L, (z;M) = min wr.t. M

Maximum Likelihood: DNML) IERItRALFSE
a I
SRV RAE - BIEZ D Minimax Estimation Optimality
SEMEM O MTHE A




FRIEmE LTS

RERALFSR o
(NML?‘%F%E) LNZ‘-.IL (33)

INSARY v s logC,, = log Z mgl};p{;r; 7)

aAV7LEoTg .
- log 2” —|—1Dg/ﬁ/|f{9)|d9

m

— log lllgl,}{p{ﬂ; #) + log C,,

&




Estimation Optimality of DNML Estimator

DNML estimator is the only one that attains the minimax risk.

Theorem (Estimation Optimality of DNML Estimator)
[ Yamanishi, Wu, Sugawra, Okada DAMI 2019]

k(x, z): general estimator of model

E*: true latent variable model

p(x|z, 1:'(;11'_. 2))p(z; 1_;(;1:'_. z))
C‘r

min max D (pr~||pz)
ook

pr(z,z) =

i1s achieved by  DNML estimator

;;(1 V) T d]'ﬁ‘nll'n{'LNI‘\J[L( |h" ’l") + LII\'ML(:|A‘)}

k

where D(x||*) is the Kullback-Leibler divergence.




DNMLIZE D<Graph Summarization

[Fukushima, Kanai, Yamanishi Complex Network 2021]

| USUEBEEMETIELTEL. DNMURS(CE 5T |

¥y={1.2} w({V3.V3}1=5
1 2 3 4 5 & 7 8 9 F:={3.4.56} _H' T 2 s 4 s & 7 8 s
R AR MR NENENER AR V0B ] e(uva=3 I A
Eh b hetets I m{{rvl}u(’( AEE - o - HE
5 0 0 1 1 1] 1 1 1] L] B E |58 56 o S o o
B s B B e e aa[{Vy. Vo] )=2 r:ﬁ?ﬁsfsfsfﬂgﬂ1
B 0 o o o o o 1 o 1 B (/3 13| 0 O o il 1 o 1
9 1 0 1 0 0 0 1 1 0 9 [1/3 13| O Qa 0 i 1 1 1]
-:-n:::v; Vil)=3
— Ve — V A
fiz1T 5 Gy BT
a N\
z; ~ Multinomial(z;; £, k),
:'.U-WBLIIIGILHI[,HJ;.T;.JL.JI (i,7=1,...,N),
\ 4
(== = in£(G;G) = min{L(CIG) + L)) :
w/57 Gy minL(GG) = min

DNMLH%E — HEH{‘CNML(:‘E"E; ;"I) + "CNML (E; ;I'I)}
\_ ' /
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[Fukushima, Kanai, Yamanishi Complex Network 2021]

EHEREETRIFD - FADICE VTR FIELNE S EHE

= . —8— GSL

o ——  55umM

JL 0005 —h— k-Gs

H

L

= 0.000 4, | | | | | .
0.0 0.2 0.4 0.6 0.8 1.GSL: R’EFE

e i SSumM: [Lee et al. KDD2020]
ELEES K-Gs: [Lefevre et al. [ICDM2010]
Fig. 2. Evaluation results for GSL, S5umM, and k-GS for the ego-Facebook dataset.

ego-Facebook dataset
http:/ /snap.stanford. edu/data/ego-Facebook.html.

The number of nodes 1s 4039 and the number of edges 15 85234, o1
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[Fukushima, Yamanishi ICDM 2020]

I ZilFEThBEZIZON? = BRERZE{LEENTiRBA |

-

Levell.

INTGA—ZDEAL
\_

s

Level 1. Data distribution change

~

A A o O
4‘17 Level2.
E— BHEZHOE
gvel 2. Latent variable change Z /

',, \\\’I, \\\ \
1 \ ', \
1 v /II 1
) - N2 , Level3.
T4 ~ 1
( ././“;\ F ETILOEIE
~ - -~
Level 3. Model change - M /

53 R A
MDL%{E%}EE"’% ‘&t‘EDNI\.-IL(

x,z; M) =

t’CN}.{L(

xlz; M)+ AL, (2 M) + AL(M)
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KBRS AOBEBOELB LA (SRS, JOvDEE) 0L &R |

AREBECOERMAOBEHERYT—4 : o
https://www.e-stat.go.jp/en/stat-search/database (April 2005-March 2014) [Fukushima, Yamanishi /CDM 2020]

Level2
Estimated groups changed greatly in May 2011
March April Ma June
HCDL (proposed) »> b I g 8 M y:;; » B
From March to August 2011 2010 © &d g |
8 44?7 / g =y g
Estimated ¢ [\ LA A IV (A
groups 30000 ol 2011 ‘6"4", - ” ,4; o ”
Leve|3 é20000 M / *’ ” ? - - ?
model - P / 5012 ol SR e t-atd | W
@ 1 4}7 4 o £ i
Level2. = WJ ( DM P S i
latent variable - B¢ ARV Levell
Levell o = (b More people moved from Miyagi and Fukushima in Apr. =June 2011
parameter "‘e‘moog May June
“E 0.060 (e) )
(KDeltaczcEﬂ 6) /) L
outra %’uozo WW\ d o
— = . ~ . Miyagi
Eigenspace & \\u 201 ' Fukushima
(Ide et al. oo SV, NS, VALY AVARAR : =
2004) : 0 20 }M'so 100 |
2012
Sensitivity analysis for increase of changes is not possible e R e
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[Okada, Masuda, Yamanishi Royal Soc. Open Sci. 2020]
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11:43:19
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€ )
FREN B ZEE 1L Meta- Change Detection
¥ %0 [Fukushima, Yamanishi Entropy 19]

Hierarchical Change
> Detection
U

[Fukushima, Yamanishi ICDM20] /

EHE/ NTA—FDEIL T

Differential
MDL Change Statistics

[Yamanishi, Xu, Yuki,
Fukushima, Lin
Scientific Reports 21]

BERE

ZALiE4A

ETILDORT
N Ddim
Mixture Complexity
/
—_— ) SMCS
3 ' ﬁ&:ET)l/o)%'ft%yls*ﬁiu = Structural

Entropy

ZALF IRIGR JEEE B BT R TT
Structural )( Sequential MDL\\ 6 Descriptive N ( Kernel
Change Statistics Dimensionality Complexity

[Hirai, Yamanishi

IEEE BigDat!’

[Hirai, Yamanishi [Yamanishi Hirai

BigDatal9] )) o\ |IEEE TKDE 21] )

\
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[ Yamanishi, Xu, Yuki, Fukushima, Lin Scientific Reports 2021 ]
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[Yamanishi, Xu, Yuki, Fukushima, Lin Scientific Reports 2020]

. AERIZE AL
[

>

@ s =
W = MDLEb#fEt=
k LNI'-JL {LNML J_I_ LNML( t+1J}}

M7 HIMDLEL#RET= (D-MDL)
v =0l — 0! koMol

t 'IJEE} = oY — oY 2mp-mpL
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[Yamanishi, Xu, Yuki, Fukushima, Lin Scientific Reports 2020]

Oth D-MDL: window grows until ) [(0) ~ ¢ =change point

[ e=(24+d/24 0)logw + log(1/4) ]

d: parameter dim, o: confidence, w: window size

2nd D-MDL 15t D-MDL Change

_ s.t. Total #Type | error < oo
alert alert point

15t D-MDL: raise 1t D-MDL sign alert when ¥ > ¢,

[ €1 = dlog(w/2) + log‘(l/él)] s.t. Type I error prob.< ¢,

2nd D-MDL: raise 2" D-MDL sign alert when w ¥ > ¢,

[EQ = 2(dlog(w/2) + log(l/ég))] s.t. Type I error prob.< ds




COVID-19 PandemicfZfT~ DI FE

3
European Centre for Disease Prevention and Control (ECDC)
https://www.ecdc.europa.eu/en/publications-data/download-todays-data-geographic-distribution-

covid-19-cases-worldwide

M
1. COVID-19 O yLig%& (outbreak) D 1= 0RDMDLELHEEF &

2. BYBRDFIKGSignDBE = 1R, 2IRDD-MDL
3. EARBFAEEHRO OB L Z DT Ik

B Model

« Gaussian Model (of daily new cases)
parameter changes = RO0>1 (increase of cases) or RO<1 (decrease)

« Exponential Growth Model (of cumulative cases) [Malthus et al. 1992]
log O(t) =rt+ log C(O) +& (Malthusian growth model)
(RO-1 o< r)

parameter changes = changes of RO
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[Yamanishi, Xu, Yuki, Fukushima, Lin Scientific Reports 2020]

W20214E4 300 £ TIC1H LA LD BREEGE M 237D E 2% U T106 £ DA LA
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[Hirai, Yamanishi, IEEE Bigdata 2019]
[Hirai, Yamanishi, IEEE Bigdata 2020]
[ Yamanishi, Hirai 2021]
[Yamanishi Arxiv 2020]
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[Yamanishi Hirai 2021]
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P = {p(X™)}: probability model class [Yamanishi Arxiv 2020]
Parametric complexity of P for data size n:

log C,(P) E log Z max p(ax)

peP
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Descriptive dimension (523X 7T)
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Theorem(Single parametric model)
P = {p(x:0) : 6 € R*}: k-dim. parametric class

Ddim(Py.) = k T
Theorem(Model fusion) 7;1 s ﬂ((?; l)
Fo=Pi@-- 0P, P~p(P;) (i=1,....5) 2 Ak
Ddim(F®) > Z p(P;)Ddim(P;) = Ddim(F*“) P ~ P(P.)

: Pseudo Ddim

time

(a) Model fusion

Theorem(Generalization error)

d: Bhachattarva distance, p: MDL estimator

Bld(p, Piruc)] < O (nRERF)e=Cn) .

[Yamanishi 2020, Yamanishi Hirai 2021]
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y%?gguj__ég ..... Ddim = 2 2 < Ddim<3 Ddim=3
[ Ddim(F Z p(k|y:) } Descriptive Dimensionality

exp(— 3(Lm.,L(y:; k) —log p(k|k*1))
ZL EXP[ ‘["'-.]'-.-lL(yf.:- k;) T ng mﬁxpp(ff’“b‘f_l])

(Hyr

Loy k) = —logmaxp(y; k) —I—IDgZ max p(y'; k).
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B 336 houses, every other minute from Dec. 17, 2006 to Dec. 10, 2010,
3-dim data ((1) in kitchen and laundry rooms, 2) by electric water heaters and 3) by
air-conditioners.

4,0 w—SOMS
. Cdim

UC machine learning
depository, 2017
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Kernel Complexity

I INT AR D155 D Complexityx E =19 5

ADensity Distribution A(D) RitE S [Hirai Yamanishi /EEE BigData 2021]
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K1) = Gy eXp{ 22 } y

[Hirai Yamanishi IEEE BigData 2021]
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[Hirai Yamanishi /EEE BigData 2021]

12/31-1/1:
FRBEICKIDBE/Y—20ZAL
= KC
0.34 * Detected signals
0.33
0.32 Detect changes with following conditions:

: . ~1t—1 . ! __L—l )
031 a(t) — {1 if |[KC, — E[KC'™"]| > 5+ Std[KC'™]

0.35

0.30 0 otherwise.

0.29 We can detect changes in the case where a(t) = 1.
0.28
0.27
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Time 1/13-15:
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Data: Hakuhodo, Inc. M-CUBE 32t



5. Progress on Computational Opthalmology
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[Hashimoto, Asaoka, Kiwaki, Sugiura, Asano, Murata, Matsuura, Miki, Mori, lkeda,
Kanamoto, Yamagami, Inoue, Tanito, Yamanishi:  British J. Ophthalmology2020]

[Xu, Asaoka, Kiwaki, Murata, Fujino, Matsuura, Hashimoto, Asano, Miki, Mori, lkeda,
Kanamoto, Yamagami, Inoue, Tanito, Yamanishi:  American J. Ophthalmology2020]

[Xu, Asaoka, Murata, Kiwaki, Zheng, Matsuura, Fujino, Tanito, Mori, Ikeda, Kanamoto,
Yamanishi:  Ophthalmology Glaucoma 2020]
[Xu, Asaoka, Kiwaki, Murata, Fujino, Yamanishi KDD2021]

Hashimoto, Kiwaki, Sugiura, Asano, Murata, Fujino, Matsuura, Miki, Mori, Ikeda, Kanamoto,
Yamagami, Inoue, Tanito, Yamanishi, Asaoka,: Trans. Vision Sci. and Tech. 2021.

[Asaoka, Xu, Murata, Kiwaki, Matsuura, Fujino, Tanito, Mori, lkeda, Kanamoto, Inoue,
Yamagami, Yamanishi Ophthalmology Science2021]
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—DLLR (Deeply-regularized Latent Space Linear)—

18

FOEIRFE % BEREIC TREEET — 42 CEML., BEXRE |

[Zheng, Xu, Kiwaki, Wang, Murata, Asaoka, Yamanishi KDDZOlQ]
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Latent space leaning Collective learning RT to VF transformation with CNN
[Xu, et al. Opthalmology Glaucoma 2020] IZTEFEIIZHREL
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RERTER

=1, EHREHETEBICBITAFEYAEFY —FELE
MLR:ZZ & E)Es SVR: HYR— kX7 hLE)E

CNN-PR: &HAA a2 —TF )by b+ —1EHIME
CNN-TR : EHAIAAZ a2 —FI)Lxy b +TFT >V ILE]IF

MLR SVR CNN-PR  CNN-TR  Our model
8.56 (3.69) 7.18(3.87) 6.76 (3.86) 6.32(3.76) 5.92 (3.54)

%2 GBHREFINMBEICBITAFEARFEY - FLE
PLR: B\EHEREOREEE DLLR: J#& IE LR [E]R

Mean RMSEs PLR DLLR Our model
C=2 33.11 (33.33) 4.58 (2.70) 4.42 (2.73)
_ . . C=3 14.52 (8.65)  4.31 (2.57) 4.16 (2.66) [Xu, Asaoka, Kiwaki, Murata,
C: HEFRE DA C-4 9.06 (5'14)) 4.14 (2. 57% 4.05 (2.66) Fujino, Yamanishi KDD2021]
C=5 6.40 (3.78)  4.03 (2.45) 3.97 (2.59)
C=6 491(2.61) 3.81(2.18) 3.85(2.35)
C=7 3.93(2.33) 3.80(2.16) 3.83(2.23)
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[Asaoka, Xu, Murata, Kiwaki, Matsuura, Fujino, Tanito, Mori, Ikeda, Kanamoto, Inoue, Yamagami, Yamanishi
Ophthalmology Science 2021]
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‘Word2vec—-skipgram HDIAHRICIER T NI XL
https://github.com/truythul69/snml-skip—gram

S ERTEFAL B AHF B (DNML) IZEBETIIVEBIR T LIU XA
https://github.com/tianyi-wu/DNML

BATRESMOMER NET VBN T VAU L
https://github.com/naokimas/exp_mixture_model)
FHEH2TTETN EOARE— BT NI L
https://gitlab.com/taitor/ GRAB—experiments

BRI LR EN T V=Y X A (HCDL)
https://github.com/s—fuku/hcdl

AZEACRRENT VTY X L
https://github.com/s—fuku/metachange

%20 o B AN S SHNVESY/ &\ (9 531 ) %= B) DN
https://bit.ly/RWiLSn NCD

AL FIRBREN T LY X Lhttps://github.com/IbarakikenYukishi/ differential-mdl—
change—statistics.

KOV DCOVIDIBRGLE BB LA AT L
https://ibarakikenyukishi.github.io/d-mdl-html/index.html

Descriptive DimensioniZXAERFAIET LRIRTNLTY XL
https://github.com/conf-post—-01/Ddim.git
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