D1-01

1 SLERYFT—T NMA—RTA—SRBIE ~{ARBIL BBRRAEE -

INAIN—INTGA—ARAF1—Z—_25I1ZBI1F5
RHEEE D EHIE D 1= & O B 5T 8 B

S FH (BR) JEEP Ef (Preferred Networks) FRIE #A#k (Preferred Networks)

B Ry

FiE

ES

Rl—/85 A —F OFHEFZRMNRIT I LITNTIDOVTLESIRET,

ROTHRBDEWNSA—INRESNTLESHEZRRT 5,

/—h

Fl—D/INT A —3 ZHERMICHTEI 5 - L THERBRDEEZITS.

EONDHERMBIMBRZRELERENIS N L ZRBMITT L,
B L2 LMEA S B L —ERE( - TY 2BADLEER

>
kS A 7 ILEA80~100DER I H




D1-2 WREE JI718®AH ONAMETE FE

O/NANGT 5718 1A H

By 253X (R KRX-IEBAIP) TEEF (R X-EIFAIP)

B | “BBETIICEENDS/ARZHEEXZITITKWIT ST7IBOIAAEERT S
FiE | ABEEDRDHYIZ, I2BFE TS Moment Matching f—Score Function (MMBSF) &1t
53R | MMBSFIZEEE/A XDEEEZITIZLL, TTT7BOHRAHAMANRNNILED.

SUANE: Link weights w;; = wj; € Ry, Data vectors x; € RP (i,j = 1,2, ...,n)
AR E: E(wgj | x;,x;) = . (x, x5) + an.(x;, x;)
EDHAFE JAX

REFEIL
JARDFEEHFEHLT
BEMNGISRI—%
BT TETLVS

B 128AHZ2RITTRIARIL

B F ik REF RET REEILS = 0D ESBRFFE
AMEERAL)  (MMBSFRXIL § = 05) | (MMBSFEXI{L, g = 1.0) | [SXIELE > 0DEEA/NRE




D1-03 JEAIRFEEEE  ERERH EEE JESE SRR —) T A

AR R DT b D FEEE 8578

[ NI = £ e — S /A 1/ B— & i L S /N = 2 TRV

A | FEATBE), [Hlis, EELGA T —Y 7 25 LICIRE R 2 52 5
Fik | TR — U 7 it 8 Ko Taedifb
i g | FARERREICES D IRIRBSRICB W T, 1859 5 iR mrh6E

- REZ 7 F~v—7

- HTIET v R~— 27 D%t
- J




D1-04 RIS PHEARRORAE TR R PTREIE - FA

TR R AT REIR F Z2 F W TC TR AREE & O L A

AR K&, &0 —&8, KM, =& fk (REHIRE)

H Y | kD FPTEeIR Ok BIIMEREZ ] L S5 X 9 IRk s 218
T | TEBERE OIS EZET D L) B EYE X, FOHEZRL
e | FFREEFEITIAD LEL< DD, Rt +OMEiE % m B 5 Z &2k

\ \ — OB OB fphs
2N Jﬁ@ NN \1/71. E % = A .
CERERONLEEZELCBMRE AL | i o mM()

(XN T & &, pD
VB EEA R (F DR
N D) OXFIsded
E£5 (FOmRM) &
M(p) DITFHAZAR R DEE
A GROFERRM) DOxf
PRz Rk %
2, TOBEZRE
&3 A MIHAEAND.




D1-05 ZERRAM TI9H8 BERHEETIL —H&

BERIUE LITHZRAW-EEDE L SR

Fik BHRERKE) KT BPFN) /MY EHPFN) Tl EF(PFN)

HE) | BERRINEBAFRINOEFROEILZRINT S
Fit | BRINT—FEERGIUE LTI ERGATIIC D BEL . EAITIHIZHRTE
R | ALMICERLI-T—2T. FEOFMEZHER

[RIRESRE] t° ZiemzguLiEwy [FRY =Y, ... Y| 20T 5

Y, = A Zy, BRIEERT - M: z,m-—szf‘d;ﬁﬁ?rﬁu

« 7y BTERERT - N:E K727 VX L1751

« Ay EAITH Y =MNZ%ZJEz3dED%2HET

cAg == Ap_1 1. minimize ||M]||;: s.t. llyllﬁilng < «
#At*:. :AT 2—>M At,N Zt—>M®’7Wl:%:$ﬁ%[I

- 5l
A%j ~ N(O 1) — A%j ~ tl{)(o 1)




L

D1-06 Graph Convolution Network Deep Learning Gating Attention b -3

Graph ConvolutionD L5k IZBET & — &5

G £ BE(PFN)  HIH #FH—(PFN)

EH# | Graph Convolution NetworklZ & 549 5 7 T — 2 D EgEMR L
Fi% | Gate/Attention, super node, multi-edge type & LN > I=H T EE % FI|FH
HR | ATV 72T 2DOMEFRMRBEIZEHE L TSOTAZER

]IL,S )\ jj :7 7 7 T 9 000 Tox21 dataset: Comparisons
nl | 2T
L1 | H 0.85
— 0
h
I+ L4
h["z[:| T .80 -

o
[as]
(=]

ROC-AUC
e
~
w

GCN(DNN) TH5E:
£/ —FDEARY bLE o7

h ,=F

Vihr i+ Z WLhL—lJ]

jeNeighbor

gtn ggnn nfp schnet weavenet rsgcn



D1-07 —a—SI)IRxYybT—2 ResNet ZEEHEE RAbxvv 24

ResNetd®>a—krAhy bH
FEHEEZREX vy FICRIFTEEEDIR AR

mEZ[E (NAIST)  Tongliang Liu (Univ. Sydney)  EH#FIE (NAIST)

B | ResNetD>a—bAhy FHAZEERE AL vy IARIZTTEZER BER

FiE | MLPE>a—brAay DR, 2BRX* v 79 DResNetdD i EE % LEER

| VBRF Y 77 BResNetikMLPE B 5 511
"M [ 2B RF W T BResNetlFFBEEIEWVWD, AIEF vy FIdNhI< A3

= A R HAFUXRD

—HwH— %]~ Rs R

AEFx vy~

HECHETAT
INTX—=%EH | 2wmE

2 «—>
¢ O==9=—==9 g
1 2 INTAX—4

Nais® A
tEIEDEH AE&/)E#




D1-8

METRFEER ONRNEE

— %

B Ry

Fi&

s

RE /A AL LAAEETOEED /N2 M

Matthew J. Holland (KBRKZ)

ERM-GDIZFESAT AN T ~DEEEEFENERRIZFTHIULIES
BRATRIICEBIELI=-FRE /A XZEMKRLIZ) RV A EH#ETEZGDIZHARAD
R VA BEREIZ TN EFIZ, HFEDOO/NRFGDELLE I ZHSELMFEE ELY

JARXET—RIZHNTT,
re—scale &truncateLT=MDH(Z
BEDHAFIEZES

HIEFE DT ET . BT
RFEDEZRTIEIZEHL.
WEUNTRILERERLTLK

RAb: TERBIERINILDFAR X +PAC-Bayes &=,

HERF. BEORAETD
BIHXICRATHET




D1-09 REZEMETIL METTE EERERF — g

skew-t @A L IRBEBZERETILICE S
HROBRKET A

A/ &% (RAEHML) HHHEIER (RXERH
WO %8 (RRERW) Hix Fm (RRER)

51 | MEREEHAED/ A RITANRR FMEETILCREREORETHET S
Fik | Skew-tHMHOBA/ 4 REFOREZMEFLESRAT S
HE | REMOASEOERCHBAREECH LTHANR MIFHEFLE

- RETEHMETILZHAWV-BE#HEIHRLLTHEEIZT L TITHhITE:

BEZSHT 2D/ AXIRYLHYFELNELD THLESANE

o FREGOCHHRERGE. AIHODBELEHRE TCHENEHNBIZH S (TRISER)

o skewtDMEDERA /) A1 XEFREL, BEREZHAVCRIBEE>MEZRET

s ZMELERAVWTENEHE/ A XD
SRS MTIE

e LIFIFMFZEEMTILTY X LERNT
INTA—B EHTE

s HEELI=/N\TA—2ZFZRHLTES
ZEEDIFEDEEIRREZ T

| SE—




D1-10 NEB E{&H3E —a1—II)LRykT—% 4

B{E N FEIZH T 57 SGDEE) D A2 HT

S (REXEL) MHREA (GREAKETL)

HE] | EEEEINT-R-SGCDDEEILEE N FETOREFRBDEEEERT 5.
Fi% | Nudged Elastic Band(NEB);xZE FAWVIIFEFA/NSA—FB OB KL HEITT 5.
HE | BREREICIUARSNR-SGDIFFNERBA TWALOILEEGAHB ?

 Reinforced—-SGD
o BEARBIIZIZSGDERILEED, INTA—AEFHIZEWNTHEEMIZBEDHE
AT AHAEICKYERAICKHIEEZTR LT .

005 . Adam&R-SGDMMNISTEI 73 35 D % E #h AR -MNISTE{& 5~ %8 .

: A : Adam&R-SGD M) LE 87
02 : Adam& Y EHR-SGDD A AR A EL,
0.15 lossDIEHELMER A H T-

>+

NEBZRAWTEE DT




D1-11 RABEME HECIKE XEEYN =2k

B A S R RBEREAN DIERIGHIEDEH

EZHLE (RERX) MTHREAN REX)

B | 2889 5 7 LD EA T ERAWEME T <
Fik | HREREDERA
faR | EREREDERICEYBEDOREAR ol

0t o,
p

= v
- M =

EH T ESHRARWERE HE R HRE D E A NEZENWBEA~DHA




D1-12

ABC, Kernel method, intractable likelihood, data assimilation — g

Model Selection with a Renewable Prior Distribution for Intractable Likelihood
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Takafumi Kajihara*(NEC), Motonobu Kanagawa*(MPI),
Yuuki Nakaguchi (NEC), Kanishka Khandelwal(NEC), Kenji Fukumizu (ISM)

Model selection with intractable likelihood and unreliable prior knowledge
Simultaneous estimation of a model and its parameter

Robust model selection with a misspecified or too-wide parameter prior
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Training Discriminative Model for Anomaly Detection
through Generative Adversarial Network

Hirotaka Hachiya (Wakayama Univ.)

BRI | Improve recent GAN based abnormal detection methods

Fi% | Generate pseudo abnormal data using auto-encoder to train anomaly detector

$#5 5 | The performance improvement is shown through the experiment with MINIST

Existing GAN based approach Our approach

M. Sabokrou et al., CVPR2018

Trained D is for classifying X or X'
but NOT for normal X or abnormal X.

Use the auto-encoder to generate pseudo abnormal data
by sampling from the outside of the normal-data-region on
the embedded space.
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Bayesian inference on transcription elongation rates
from total RNA sequencing
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Covariate Selection in Propensity Scores for Binary Outcomes
via Sparse Regularization
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D1-23 Matrix Completion, Multi-Label Learning

Matrix Co—completion for Multi-Label Classification
with Missing Features and Labels

Miao Xu!, Gang Niu!, Bo Han?!, Ivor W. Tsang? Zhi-Hua Zhou?, Masashi Sugiyamal %
IRTKEN, 2UTS, SNanjing U., 4U.Tokyo

H 1 | Solve multi-label classification with missing features and labels

F9 | Propose theoretical guaranteed matrix completion algorithm

4559 | Achieve better Empirical Results on both synthetic and real data

Assume

MC( X ) Pr(t; = 1) = o(2, )

o('):sigmoid function

We propose an optimization objective involving both Frobenius
norm and trace norm on matrix based on theoretical gurantee.
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Deep Learning, Variational Autoencoders, Latent space

Designing Loss Function which Generate Latent Space for image in-betweening

Paulino CRISTOVAO(%RE K), Yusuke TANIMURA(ZE ¥ 857),
Hidemoto NAKADA(E #28F) and Hideki ASOH(E $25f)

B /7 | Design a Loss function which Generates image in-between using latent models.

F ;% | Based on Generative Models using Variational Autoencoders.

P The goal was achieved as the generated in-between image keeps the spatial
location of the object as shown below.

Network Architecture Image Reconstruction In-between image

[Purposed ]
loss function

gt Uxg) ™ U(xp)
Lixgxy,x0) = Wwae(x0) + lyap(x1) + lyap(x2) + a| Dgy (CI(xl)HT)
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One-shot Learning using Triplet Networks with KNN

B GRIEAK) HH FE (ELH) B B (48

EH#Y | To predict the query images by given only single example of each class.

% | Train the augmented data on Triplet Network, then classify by KNN.

4558 | Accuracy of the test dataset is 67.34% .

Procedure

+ Pick the data for training from MNIST
dataset.

« Augment the data which has only 1
sample, then prepare the triplet pairs.

« Get the embeddings of training/test
dataset after training on the triplet
network.

Figure 2. The confusion matrix of the result.

 Classify the data with KNN classifier
using the embedding vector.



D1-29

LEGLFEE VSRV SHAEFE RTHIB FREEE BEHERME

BBy

Fik

Fa R

Kernel Gragh Lapracian Features
~HADET 2RV RFTERTFERED H— 2 Vb~

=iE FE(IFREX-FH) M §E5(TFREX-1FH)

SNEEAMESZFRIKIEEZ L= T — 2 DHILE
11— JL{tL71=Gragh Lapracian Features
JARIZKYIEDWN=OZR MDD BEERIREE L 1=

e Gragh Lapracian Features(GLF)
O ZEBRBEOT DN EZEZRKIL
@ 7‘50)7‘-“—9FHEI@iﬁwr??é?iél:%?ﬁfﬁ@v‘-“—ﬁlﬁODEE%’E’E;’J%&%‘ KGLF
> OQEFHICTTT — TR L

* Kernel Gragh Lapracian Features(KGLF) ‘«/

>OQEFRMITRHET TR LR




D1-30

B AT L RITHIFE ARINVENR BERET—4 — %

SFAsEROEBNEEZTHET S
RIMIVEBERKEILRNIILLNZERBIIZBITH5EIT—F 52

B B (GEBrAIP) AR S8 (BrK-EHFAIP)

A EMCIKEREZE DT —2ICERAT I EBME—F 2 EOR R
RO IVERKHS TE ZEENT-KoopmanfE BZED AR N LEETZERL
FEREOT 20D HMGEIREE (RS CEMMaE—L O X)

3. FFfEl-ZERIE—FICHfE 4 RDIEME

20 40 60

.

0
20 40 60 1 w
.-"E'r."-.

e - -

AN

0 ";‘; Sy

20 40 60

THR

Low frequency High frequency
Power EEE O
B | B
20 40 60

H /Y
Fi&
&
REFEDERE (EEHIE R A A —ZFET-IF https://arxiv.org/abs/1808.10551)
1. T—RNE 2. AARFIIDOER
1E L ~ ol
z FiE
% hER: g1 = flxy)
g BaM: (f,K(,z)c)g = f'(z)'e
LEZEER R ¢c(m) = K(-,:l':)c
> SRAERE:
T (Kx"dc)(@) = (¢ o f)(z)
g B Ao = e (120D pgeza B BR: A4
5l : 2B ET JL[Couzin+02] Pe(xi) = Z N (pj(xo) " e)th;
(RRA—TIXBEREL 7T %) =1

frequency (Hz) Nearest Individuals




D1-31

(FERELD TITF)

B&Y
FE
S




D1-32 NoTayMNEE EEEME QFE P4

BENIKEEFEOIZRI/\>oToYMEREIZEI(T5
AHEDIEET

T BEF (TFREXRN) MIIIEE (TFREX)

B | ADFTENTEWETIL TN Ty EEOHE &K1
Fik | RN T4MIED A ERITMZAQES
faR | UCBAXR, QF B (FfthLY ZLDHINZEIERR
Compare 5model - Cumulative Rewards

o 'Q;IEH%FH L/T::E7_-\\)l/ w0 mmmM random_select

fw ucB

—E,ﬁﬂfaﬁ?i)%ﬂk%(:‘%’iw %0)%%7—1.\0) 7 — Qr;Learn .
. PR . | W ThompsonSampling
HERMERNERGTDRNOREICHERTERIT S

3
=]

I EpsilonGreedy

]
=

=]
=

- REICEFIHREEILIZEZE
ESsERAMERIZH S

Cumulative Rewards
2
=

g
=

- SR .REBHEZTISIAERTEHR
5l Q-network, AL T4ILA



D1-33

WIERT 4 U 7 VELE FE Yy 7TV BRSHT QAV AT A

Tk

i

& 3E

LDAI

BTERT 4 U 7 VB ELE Az
WA 30 L RIA SCEOBR T

RN NEHR(ER) ERZEGFER)  BBEIEE(FX)

H (1 HHNQAY AT ADEIELEEHK T ABWT, MEELEONEIZL - T,
BEORELEORT TRV, B 5 VIEAIC & 2 BBRIE AT %55

FEE - ELEOENENEENT 4 U7 VEIALDA)ZEH L, BI70

FE Y 7 ORI Ko T, SRSk L THIEZxe S5 FECRE

EF—H~Ommflcky, BEECED Ny 7y TEERAHE) , Taera1r)

A A b=k, MERR) , TEHM, SAR] OHEICOWTHERNGAFREE o7

BEEED MYy 7 oA [P SCED Yy 7 05
1 EIP2Sa=

0.5
T I
0 [ | I |
1 2 3 4 5
[ =4

CEXOVMELL Ny I a5 2 LT, B0 My 7 OREEE AR

HEEXEFED My 7ITL-T,
H B3 ATRED,  AIC K D ERIRTIG DS B 22 53 555

HFEE




)?H
L

7 REH#EE FHE

D1-34

HEZ=2 7 FOEABEMERICEKSRRNEHTE

MU & REKRE) T E=F (FEAKRF/EHAP)

HEY | EAMEERICKDIARMNREEEZD-ODEHEREERT B
Fix | HEEVIMOBRRZEA S ARV REE=DIHESFRISEH
fhR | WRELHERLTORBOPESVERMNREEENTLOND

Step 1. EAFEMZIRTE

[7E%%] [{2==%]
BEAHEMIIETE B3t 7 B A BE R AR
® HMBAZEHOHLMICK->TIE s EEMPRMTE=DINOHNEZH/IME
RBCHWZ D e [FRIFT—2MDmEIL] LBEIRTES
¥

Step 2. EA T E[El)FZELT
¥

Goal: FHEEGE




D1-35 obk—L > Z LASSO L7V bk TR

ab— L U ANRKEVBRIEENIC L5
LASSO DI Ll )t RE S F-Alh

FER 00 EE R T A i
UE BT KE)

:

A1 | BEATHI DO 2 — L v AD A= ZAHEE~DFEE LS.
F15 | WAt BLRY 72 FE TLassoffE 8 O RaREZ M 5.

R | HEEMERED 2 b — L U ARSI B ic e o Tz L.
 Lassofff €& X = argmin, (|ly — Ax||5 + A||x||,) 06 Hos
* ¥y =Axg+n: B 04 Ros
o — MXN N 1 h 1 1 0.2 ‘Ho2
A_(aij) E\R_ A N(\/MXW’MXﬁhZ) 0
: BRI OBLHINE = |
s N (0,0%0y) 1 AKX, 8 EREE, e BREE 1 .
* Lassofff EMHDFRAE  MSE = E4,, (1% — x0l13) 06 | I
« Blgm (L) &EER (F) DL 0.4 Yos
/0.2

* 1=0.1,h=1.0,0° = 03DLHH 02

02 04 06 08
€



D1-36 VAE SNERE — %

2K 5 IEZ ALV -
VAED IR T ERED [F] £

i Xt BIH RET oKk —fF 1t AR HXt XE EFt XK — 51
T RN HLIHI

By | SAEEREICHEITHVAEDETIERED M L

Fik | VAEQOETTREIZ, KEIVMNAE—IZKBBREITNZ, IR HIEZEMN

iR | REBGEDRFEMREAALLGE TUREZEHERFLI-ETH 6

M3 REFERLMEFEEDLR



D1-37 RATVT Ry NIT—7  FETEMaitE #EFE T LT Y XA A

SRHERS M 2 R L 72 link — S 2 #7572
KIFENSA VT Ry b U =7 fiE e

A FOHE (FE1@K) A HR Fnfeh (FBi@oK) bR FEE] (B R)  fEEF B (FEIEK)

= INETTERDPSTERBEREORAS T oy hU—7 538|220 T
Wr—ErE 2R omE sy T T U XA ORERSE

Fik | MNIHEOME Th 2 RHEBME AR T2 2 & TN E O a1 R & B
grm | fERT VLAY ALK D/ y P U — 71281 2 HEORIEDHEE &
KB > BT =7 1CBIT HHERFIE LV mE 7258 0 L8

o SRHERMEIC T B LI ORSIMED B AT ORST M 258 W3 5 EBE & FEH
[ ]
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On Training a Joint Magnitude and Phase
Deep Generative Model

Aditya Arie Nugraha (B28FAIP) BE A finF FEFAIP - FHK)
= F FOE FEFAIP - IR X)

H HJ | To obtain agenerative model of the speech complex spectrograms

Fi% | Traininga VAE to model magnitude and phase, with phase derivatives as constraints

#522 | Achieved a good speech reconstruction with a high intelligibility

Group delay ™ Magnitude a Magnitude a ~~ " Group delay
Latent variables z pargrz)
0 » 1. i '|i T y 2
GZJ 254 !“.Ii b1||£ I ||T J r — g
© i '| it =
E D;\;N 2 %#1 kHllJ |‘|1HI f 'll |r|||| ;IILII E
) go(zl, > R iy uluil. |I s H'ﬁq — s
8 y y 5 1'! |5 t 'l'unl"”\ °
8 5 II.II | l h l q 1 ut %
c H.'IJ'."I i -v'ﬂ c
n- ? 32 34 360 380 200 420 D-
DNN | |
Py (a, z)
*._Instantaneous freq. - Phase ¥ Phase 17) - Instantaneous freq. -

Group delay: the derivative along the frequency axis -- Instantaneous frequency: the derivative along the time axis
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Learning Algorithms in Molecular Adaptation:
Adaptive response of side—chain dynamics in binding site of ribonuclease inhibitor

Nobuyuki Takahashi (Hokkaido University of Education, Hakodate)

B HJ | Temporal tuning of the protein binding for synaptic maintenance.

;% | Distance and orientation analysis of time dependent molecular structures.

#5E | Conformational relaxations of side chains change binding response.

', Jdangle/dhZxmlt_angavr_300_0_a_TYR433-4301_s.dat' u ($1/1000):(%2):($5) +
' ordangle/dh27 Inlt_angawr_300_0_1_TYR433-4301 _=.dat' u (0F1)A10000 3 ($2):(85)
', Adangle/dh2F Gl t_angavr_300_0_0_TYR4ZZ-4201 =, dat' u (051110000 (420045

° RNA metabolism for |0ng term memory '+ /ahZn] _xvg/chZZCnlt_angaur_200_0_1 TYRAZE-4Z0T.dat ' u {($1)/1000): (52):(45) o

' oSdhldGmlt _ovgAdh14Gmlt _angawr _300_0_1_TYR433-4301,dat’ u [(F1)/10000:($2):($5)

150 ¢
formation needs “temporal tuning”. o |
L] L] 1] 1] 0 B
* Atomic interactions take a role in ehido (359 [
=100 F
. - -150 F

feature extraction and the recognition 20|

based on the H-bonds of side chains. .
1 +8 t (ns)
phi433 (deg) -

Internal bond rotational angles of the TYR433 and
TYR430 side chains were plotted as a function of time.
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« word2vec[Mikolov5,2013]|DHEIENR Y FILIZERE Y 2 X2 ) T HHEERL.

- SCDV[Mekalas,EMNLP2017] Tid, X2 E TN HBEDGMM(/N T X —2E#932000) TO X2 > J.
Zf1%Z movMF[Banerjee5,2003](/N 5 X — 42 ##912000)ICEE.

« USRZ) VTHERICIIENR SN T. RandomForest TOIERTTEH L ER THRELR SN BRKRD.

movMF:
BRAT24H5E
windows,dos,ms,
disk,machine... £ 10

movMF: &A1&

(%7325;-@ HEICHWS > Random Random
e o BHSYM Forest Forest
: f\73f_9§i’~ﬂ-) Fik (100/—K) | (1000 —F)
- \_ . GMM

16.33 27.74 22.23
movMF 16.08 22.32 21.52

(BVFRART

GMM: M = T e oo 20NewsgroupsD A& (%]
dvidjonmar, | BYIRZCETE  mm TL0EFILIULLD .
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Prep 3 (BEBRFERERE) /M SF (BEHARFERR)

B R
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Fi&
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BW A XDHFEEFEOSHRIEEHERBDE R SDINT VATRESD
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p,y) = p(2)p(ylr) = p(2)p(y)a p(y>a:z#ya EREELATEREOM
- 03/'7';27\'""': ey sy vy i | - i ; a* li:l—IQZ(ZjB_L\';EF
e ME) ; | EpEnte) 1 Z0H | 1= AT B BEA LD
_____________________ p(a?,y) = BEREFO>TWLWLINEZRT
KLlp(x,9)llp@p@w)al = D play)log mor s % ELERLND, THDE.
x,yeV p @ = a*MolZmva—/ X[,

= MI(X,Y) + (a = 1)(H(Y) — Sy P(Y)H(Y))
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a*M1TFE NI —/ R [F 1

AMI
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(H) E BEED ZH1E (Ha) D/INT VR TRES
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Shannon entropy, H, I Rényi entropy)
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B | MEMEHRE A Markov RESOBERE M wl
Fik | #AE (pseudolikelihood) MAIZRE T 5 m K1k M“MW :-ﬁ

MMMLW
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D1-49 Inverse Optimization Online Learning

Online Intention Learning

Yasuhisa Suzuki(NEC), Wemer Wee(NEC)

B HJ | Infer an expert’ s objective function from observed decisions in online manner

F ;% | Probabilistic approach to online Inverse Optimization

s Accurate and efficient learning of the expert’ s objective parameters

——————————— &I Learning objective 7N P
—3 R T jde

Expert historical data Learning the expert objective Automatic decision making
 We are given observations of parameters and expert decisions over time: {(p;, x;)}1_;.

* Assuming the decision x; is a solution of an optimization problem of the form
max 6L f(x) s.t.x € X(p,),
we want to estimate the expert’ s parameter 0,.

* Method: Probabilistic approach to online Inverse Optimization

« Benefits: More “accurate” and faster learning & more complex objectives are handled.
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HR— MHEE  Wasserstein GAN  Deconvolution
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Mean Perplexity for Evals
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Towards Rank-Loss Optimized
Stochastic Block Model

Masafumi Oyamada

Koji Ichikawa (NEC)
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Learning Temporally Coherent Video Representations
using Group Fourier Analysis

Al ’RX B #EN EFE B (Y —TA4T74—21R7K~Y)

B | BZEFESOYENICBRAGREZEET L ZBAT S
FiE | BEFEHAAHT 1 LY ICH UBER TR SN2 EEET ILZEA
ook | b—7 A%, ROERR L TREQEHICK UMENZFEA ST

RZEEESICHT 2EHAH Z4IILYETI
— w(x,t) :3D-CNN [Shuiwang Ji+ 2013]

w(aj, t) = w(x)v(t) : Decomposed Filter [Lin Sun+ 2015]

w(x, t) = w(x,t) = w(g;tlx) : Proposed

(m,t) — gut € G b—F7RE ROERE (W "ER/N\FX—7Y)
B A BN I OBsREFourierZ#a
[ W D G-FourierZ it

/I(az’,t’)w(g;(lt,_t) (2" —x)) do'dt’ = Z/f(a:’, —lw)wt (z' — x)e "t da’
l

Fourier domain CHEE « ZEEKREFEEZ DT 2 & THENICEAIAH, B IOAEEETE
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Spectral Parameter Estimation of Random Matrix Models

B# R# (RX)

B | REBIBFEICAIT =, S LITHETILDNT A —2HTE

Fix | BERBEAESMICCauchy B2 A, H45ZEEBORIFHEIZIFE

R ZODIT U LTHETILOING A —F HTEDEERMIALTH

.+ 5V LITHIETILOM: W(D)=2"DZ,
(Z [XGaussianT > % L1T5) W(A O') _ (A_I_ O'Z)*(A 4 O'Z)

. EEES IR S > TROS 5 LA, —=

Cauchy H & DBEHiAF(F, BBEEMRICLE .
YA —HEADEE L TEEAEE .
+ ShécCauchy #EEMA I IBAEFENHD

ORIV FOE—D&mR/IMEZEITD
s EEMNMES VT ED, TV EEMNAIRE ) f\
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Spectral Parameter Estimation
of Random Matrix Models

Tomohiro Hayase (The University of Tokyo)
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TN R fuA #Edk 2B 2 FHIEZ (NTT)
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: — . NOFT—%4
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v 20 # 20 . . . == o=k T s
10 §¥! 10 #;16 BXfFF5E: Stirling MM - EHHEF] — L-BFGS-B &
10 | o
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Simulation data
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BERBOFEHELBRRITYICESS FLY FERAVE
1V INITOFBERTA

FILUKR—; EEHF; TRBES (NAIST)

H# | 41 VI T HRBEEZHDOTFA
Fik | BRIEEEHBDFTHE FL Y RESDFRHD2DONDETILIZHE
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GANDFETHIRE E RV E L & ZE L EELFE

Kei Ikegami (UT-Econ), Kohei Hayashi (PFN), Masaki Watanabe (PFN)

HiY |WGANZZEL. RIS ED
FiE | WGANDARTE M= fil#Vft & Bt B THEL T

%:I: %
]\
normal WGAN_gp : lam 3, epoch 50, 75, 100 ) e
. : ~ : -
' 10
A ¢ :; ) :; . o is is random

epoch

Accelerated (and Stabilized)
WGAN_gp : lam 3, epoch 50, 75, 100

epecny 78 spody 100

This should
approach 0

4 2 - 8 1z 3
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Fi&
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FEZERG/HEIZRWMEHE N TIEZEERT S
GOREMN LG/HEDIBHE S MEEBRT DM—LEFEEEA
RO HMEICMATEFTELOF LV AAELERTES

e NILX—A 5%, AT3Y)hILa,

- ERNT, EEEERD,

c AU, HHIH%, Wishart 751,

« von Mises 73%1, Fisher-Bingham %3 ff1.
s FTLULWVAHIRELT

s LR FEEDARTUALEEEMHEDRINVHEZEBRTES.
« REMICIIEONE2ELNMNGUVLNZLDEELGTMEZED.
c FONSTTIEITERGGIERTAETHS.
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h—RILiE T U5 LM Factorization Machine =R

B Y

Fi&

ES

ltemset H—RILIZK T BT 2 F L

#H #8& (LX) Subhransu Maji (UMass Amherst) /ML B& (A6 K)

ltemset D — R )L Z A ULNF=[R D 71— JLiED scalability D [l #8 Z fER L 1= L
ltemset I —RILIZR T 5T VX LEFHZERE
MEEZ RECHET LG, BAEY - 5 EIEZER

Itemset h—RJL : ItemsetERSIZCEEFNHAFEHDMEE T TR > H—RIL :

Kx,y;8) = Eﬂxjyj

SES jeS

R AR
o ltemsetERBITIRFLELVAND Y FOEH
* minimaxIRBEN AT ERT DA MDEH
REZEZRAVEREEETILORN SR
* A—RIVETRENGEVWRBIRGET—F TENT CEATED
* Factorization Machine & 273 V) Sl B REA S E 1k THRULVOT LY
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Online matrix completion, Mistake bounds, log—determinant, Online convex optimization, online—to—batch conversion T H

Improved mistake bounds for binary matrix completion

B Y

Fi&

R

For eachroundt =1,2,..,T

Algorithm
Theorem ~

N\

#mistakes = 0

Yaxiong Liu (Kyushu U), Ken—ichiro Moridomi (So—net Media Networks),
Kohei Hatano (Kyushu U/AIP), Eiji Takimoto (Kyushu U)

Minimize #mistakes in online binary matrix completion

Reduction to online SDP problem + FTRL with log—det regularizer

Mistake bound i.t.o. hinge loss of best linear classifiers over best feature space

m \
1. Receive user—item pair (i, j;) € [m] X [n] ‘

-

2. Predict y, € {+1,—1}

.

3. Receive true evaluation y, € {+1, —1}
-

G 0|

T

. . 5 AT
)/2 + pQTler]gmxn tZl hlngey (ytpitth)

m-+n

J

» improvement from
Herbster et al. 2016

» optimal if separable

Implication: The offline version performs as well as SVMs with the best kernel!
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One-Class Collaborative Filtering
based on Contents Similarity

miJll =58 (NEC)

HH#Y | Implicit datalZxt9 S Collaborative FilteringD & E 1t

Fix | BB —VTEETATLAEEZFERALEZEAZRYAND
fER | STEEZENEERESET . EFERICERNEN-HEBREZTER
- BHHIBEHK

2
L= Zwui (Yui - Zuudvid) + A(Z uid + Zv?d)
u,i d i,d

u,d

* Yui = 012X 9 B E AHwui
« WiV KELW —» A —HFubBERiZHE->TLSHEEMNSLY,
o wilNNELY = A—HubBERIiZHR-OTLSFEEAELY,
« ERAS
o A—HITHETATLEEEZRY ANF-wiDER A E - FBERETE
c HEEFHIFISHTILIVX L
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INA IN—INT A — B D&

b4t B (BHK) HIHE #FH— (Preferred Networks) £ EF 1IE XEP (Preferred Networks)

BH | Za—FIILRY FT—=TDINA13—/\F A — 32 DB EREIE
Fi& | FPEHBROFHZITOVEELREHEICH L TOAZFEZED D
f58 | BXTEF & Hyperband (23t SV HE % 3Z AL
Bayesian NN [Z & 5 =& B 78I INA IN—INT A —Z RBEIEDFER

s 315 : i2h 351 ;
- % Iﬁ % /,EJ] - E /ﬁ ¥ /EJ]
2 L 0.95 T T
1 f L N —— Random
10 — —— Hyperband
e —— Proposed
08 / 0.94
2 0.6 /
Zo4
]
0s / 5 0.93
o
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] 20 40 60 80 100 0 20 40 60 80 100 T
E h Epoch +—
&
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0.90
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REMERETIL JSTNNETIL BELGLEE ~(XHR EEER Particle Fiter POMDP
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EEIRO,

VILFE—FI)ILATI R ESLAMDIKEEETILIZES
Aoo4 078 EFRETE

YO &2 (LanfEXK/FIRPD) #/E B{E GIMEEXR) &0 BRGLATEENXN)
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() Learning

RIRIET—HZAV-E2EEZER QOBRBRETEDTERE
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o
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(7'J°'77f>:}ﬁ‘ﬁ) .

Bt | OERMERETILOHREGZLASAUFEE QEFGmE I LDRIETE
Fi% | @MParticle Filter[C kA RFER D MHETE QPOMDPIZE DLENIRD FEEHE R
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REBEFE ZTERIA HIRGESTILD TREERE

B/

Fi&

h R

Risk-Aware Reinforcement Learning

B EAN (BEKX) HIHF— (PFN) [ H EXER (PFN)

BIEFE ZIRPESOREICRITIT S
FRNCHELEVRVBRICIYVITHOERERZLZEE D DIZHIR
fEfRiTIREEZEEE L D DRE L= E M &

1750 50000 EiosLlil[a)lce)EQN
1500
o 1250 _ 40000
S 1000 g
3 230000
o @]
o 750 <
o ©
Z |
220 10000 R
0 —— DoubleDQN E%-t} m|
_250 —— RiskDQN 0
2 4 6 8 0.00 0.25 0.50 0.75 1.00 1.25 150 1.75 2.00
Step [M] Step [M]

RN 0D RS BIRERREBMDHRS

RELEZEAMTATCND  RiskDONRERETICFBERT
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Semi-supervised Learning, Distributionally Robust Learning, Generalization Bound, Adversarial Training — %

Distributionally Robust Learning from Incomplete Data

Amir Najafi (Sharif University of Technology), Shin-ichi Maeda (PFN), Takeru Miyato (PFN)

=

#J | To extend DRL to semi-supervised learning and analyze its statistical properties

F ;% | Novel analytical formulation based on new complexity measure

#a5 | Generalization bound with finite sample size N

Theorem
fWith probability at least 1 — 6 and under appropriate set of conditions, we have\
Generalization Error = Empirical Error + Cy 5 + Ry
Cy s : A constant that decreases with N

\RN,,7 : A newly introduced complexity measure of loss that decreases with N y,

N, Consider the case in which there is no
N n== guarantee that the loss function represents
r \ the log-likelihood of the true distribution.

I—I—l - How can we utilize the unlabeled data?
| |

- ?
NJ N—NJ Is the unlabeled data really useful?

Labeled data  Unlabeled data We will answer the questions above!
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o BEMMEOFAMEENER 6] : TAEFAENLR— (X A7) OFA (FEH)
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[1] Xi Alice Gao et al. Incentivizing Evaluation via Limited Access to Ground Truth: Peer-Prediction Makes Things Worse, In EC workshop, 2016.
[2] Panagiotis G. Ipeirotis et al. Quality Management on Amazon Mechanical Turk, In HCOMP, 2010.
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D1-80 Variational Inference  Clustering Mixture model Bayesian computation  Dirichlet Process Mixture Model A

Variational Inference for Mixture of Finite Mixtures
with Unknown Number of Components

JiYao Li (Osaka University)  Yutaka Kano (Osaka University)

HHBY | To find a variational inference algorithm for Mixture of Finite Mixtures (MFM).

. Reformulate the latent variable in MFM using stick-breaking representation,
Fix . o
and then apply the mean-field approximation.

4t Propose a high-speed clustering algorithm for MFM which is inspired by
b Dirichlet Process Mixture Model (DPM).

* Graphical representation for e Simulation result:

TRUE VBMFM VBDPM

exponential family MFM:

1.0

0.8
0.8
0.8

0.0

4 2 0 2 4 6 8 10 4 2 0 2 4 6 8 10 4 2 0 2 4 6 8 10

value of x value of x value of x
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BiY | EEERN\ TR D B — AT
Fik | MU BERSMIZKOA DTS T DER
R | VIJLYFTRO%NE

[EEER E]

A1 IRENROERIL 1, € [0,1]¢9
Fort=1,2,...,T

g LyrER JGLUyE TR
« 7Hi3v a, € ATEIR (ZILTVXLDERE) | (RES—REHT)

(A - {a € {O,l}d | ”Cl”o =k }) [Bubeck et al. (2012)], [Cohen et al. (2017)]:
. #&@J‘H rtTat ;&-Eﬁiﬁu [Audibert et al. (2013)]: Ry = .Q(\/k3dT/ log T)

Ry =0 (\/k3dT 1og%>
EF{H+E4E: VI Lybk Ry [REFZR]:
Rr = ?Q}ZZﬂ ' a—Yi 1y a Ry = Q( ' deT)
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Adaptive Sample-space & Adaptive Probability Coding

G & (RKX) HIH #— (PFN) EF & (PFN) /ML HEEE (PFN)

BH | EfEEREO R WERIWT—2 EHiEFEDMAFE
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Lipschitz-Margin Training: Scalable Certification of Perturbation Invariance
for Deep Neural Networks
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Learning from only unlabeled data Empirical risk minimization Unbiased risk estimator Student

B Ry

Fik

Fa R

e Cluster assumption — rarely holds in practice.

Unsupervised classification (clustering)

On the Minimal Supervision for Training
Any Binary Classifier from Only Unlabeled Data

Nan Lu (UTokyo) Gang Niu (RIKEN—-AIP)
Aditya K. Menon (ANU) Masashi Sugiyama (RIKEN-AIP-UTokyo)

Learn arbitrary binary classifier (linear to deep) from only unlabeled (U) data.
Propose the first empirical risk minimization based learning method.

Three class priors are all we need to train any binary classifier from only U data.

In big data era, labeling cost is extremely expensive, can we learn from only U data?

| | D
:':~ 2<' . #

* Proposed two—step approach (UU method) A
e Usetl e Uset?2
* Setpl: estimate the risk from two sets of U data; ", Tl Classification

e Step2: empirical risk minimization. ‘

* Without additional distributional assumption. .

Learn good classifier even without any label!

3
results, UU in
red line is the
proposed
method, we can
see UU
outperforms
other methods.

— |leads to unbiased risk estimator
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Co-teaching: Robust Training Deep Neural Networks
with Extremely Noisy Labels

BoHan QuanmingYao XingruiYu Gang Niu,
Miao Xu Weihua Hu Ivor Tsang Masashi Sugiyama
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Masking: A New Perspective of Noisy Supervision

Bo Han JiangchaoYao GangNiu Mingyuan Zhou,
lvor Tsang Ya Zhang Masashi Sugiyama
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D2-84 Model-based reinforcement learning Policy gradients Gradient estimation F4E

Total Stochastic Gradient Algorithms with
Application to Model-based Reinforcement Learning

Paavo Parmas (Okinawa Institute of Science and Technology)

HH#J | Flexible model-based reinforcement learning by differentiating predictions

Fi% | Created new theoretical framework and gradient estimation techniques

#4522 | Gradient accuracy is sometimes 10° times better, and learning works

I Total propagation gradient

I
I Reparameterisation gradient
P g True gradient from finite differences

= True gradient from finite differences 25+

Gradient of value
Gradient of value

Distance in parameter space (A#) Distance iﬁ parameter space (A0) |
New framework Old method New method

[1] Parmas, P., Rasmussen, C. E., Peters, J., & Doya, K. (2018, July). PIPPS: Flexible Model-Based Policy Search
Robust to the Curse of Chaos. In International Conference on Machine Learning (ICML).
[2] Parmas, P. (2018, Dec). Total stochastic gradient algorithms and applications in reinforcement learning.

In Advances in Neural Information Processing Systems (NIPS).
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Fig.1. The computational framework used in this study for human
action recognition [10].
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