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Linear regression with nonconvex sparse penalty

1 > y € RM: Response variable
mxin {E ||y — Ax”% +]/1,a(x) } > A € RMXN: predictor matrix

> x € RV: Regression coefficient

SCAD penalty

a=5A=1 ' ( x| (x| < )
adl * x? — 2al|x| + A2
a=3A=1 — <
2 Jaa(x) = 3 2(a—1) (A <lx| = ad)
= (a + 1)A?
Eis|—— & 2 (Ix| > a2)
1 -
05 a and A are parameters that
control the form of penalty.

. ¢ Inparticular, a contributes to the nonconvexity.
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What we did

v" Construction of Approximate Message Passing (AMP) algorithm

v" Derivation of the necessary & sufficient condition for the stability of AMP
» This condition is seems to be valid for coordinate descent (CD).

v Quantification of the performance of SCAD by asymptotic analysis for AMP

14 l | T |I] ' | | |
Convergence limit of AMP / k
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A sufficient condition for the
w - convergence of CD
' [Breheny and Huang, 2011]
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An unbiased estimator of the prediction error is also calculated by AMP.
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Learning Efficient Tensor Representation

RIK=N

with Ring Structure Networks

Qibin Zhao (D. Eng.)
Tensor Learning Unit, RIKEN Center for Advanced Intelligence Project (AIP)

Tensor train can provide an efficient representation of high-order
tensor data, with number of parameter O(r*nd).

- We propose a generalized model of tensor train, which is a circular
multilinear products of a sequence of 3rd-oder core tensors.

Several algorithms are developed for tensor ring decomposition
which includes block-wise ALS and SGD with high scalability.




Tensor Ring Decomposition

Scalar representation N y
..... Z4
T(iy,i2,..., iq) = Z H Z( Ok Ty oy )- nd\ / V4 \
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Circular dimensional
Algorithms: permutation invariance

Sequential SVDs

Block-wise ALS algorithm

S1— = -
Ty (i1, 12 - Z Z< 7,1,041042 VZ 7 (anag, i -+ 1q).

1,09 ngq S
I . - N/
77 agia, i - - iqar) = Y Za(ongi, 3) 277 (as, i3 - - - iq0r). -
a3 :irl/ ': \rk+1
. nl_" Z .": Z, —Nk
ALS algorithm Y\ /o
T ZZ ] | 50 C
B £k N
Ty = Zi) (23) o




NEILFT GRA) F2FHh (BA) RESF (R
D2-3: B IC & B EI5|%RH AR

BEERN> T« v FEE

O KEDA V2 —%y FLGEZL < KEORICEE
O Uy IR=0k;: 0HIFNENDLEORT. {k}
w + -
u {Hi}) {Kl}%zr\/?’l’ >/
FE L xBEIEZ RE

T B AR

TE e
0o} BEED kAN




NEILFT GRA) F2FHh (BA) RESF (R
D2-3: B IC & B EI5|%RH AR

BEERN> T« v FEE

O KEDA V2 —%y FLGEZL < KEORICEE
O Uy IR=0k;: 0HIFNENDLEORT. {k}
w + -
u {Hi}) {Kl}%zr\/?’l’ >/
FE L xBEIEZ RE

T B AR

TE e
0o} BEED kAN




D2-4 Delayed Feedback # Z 8 L 7= FRIE T /L DIRE @A CyberAgent.

SHEE (AP A/ N\—T—2 > |k Allab) —
FIRW (FEIZERS ATHEE - V7 b7 o VETfRE 2 —) " STAIR
— Lab

FRETINOBEICHI-) BRNEMIHETE T 5 £ TICKHEENDYEL 2BELDH 5
NY

Delayed Feedback Model | EEZEDHBEICHT L TIREIN/-FHETILTH V)

2D0DNNT A MY v VRERETIVL(AY AT 4 v 7EIGEIRESH) TREIND
NY

BFEET L CIERBRENDIBESWICKES & LTW=D, LDk anmn

BYIDE T —RIEKETCHET-DEFEONMZRELHEWNWT EALEFE L L

KR TREN—FRINEEHEEZILERIT 5T, FEENh D HZ

JVINTAKNYw JICRIETE % Delayed Feedback Model 12X 9 %

h(d;z) =) a(x,£) - k(te,d)

m: 71— 3 IVEEE DB
te: L ZEHD A — 2 IV D FL R

hazard function h(d; x)

~
=
~
M)
~
w
~
N
~
ot
§0~


本研究ではカーネル密度推定を拡張することで，時間遅れ分布を
ノンパラメトリックに表現できる Delayed Feedback Model を提案する
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—i%{bNiEE T IV (Generalized Additive Model, GAM)
f(x) - Z ij(xj) [Hastie and Tibshirani 1986]
j=1.d

. &8/ )L (Total Variation Norm, TV-norm)

IwO)llrv|= sup D [W(Xn) — W(Xnu)
(Xn): increasing nenN

TR INOHICKBEAEOEREERY R/ RIME
minimize Y log (1 +exp(—yif(x)) + A > [Iw()] 7y
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Estimating Piecewise Monotone Functions on Graphs

Kentaro Minami (UT), Fumiyasu Komaki (UT/RIKEN)

Setting: Given a DAG G = (V,E), consider the problem of estimating piecewise
monotone functions on @.

Approach: DAG regularization

Results: (1) Sharp oracle inequality (i.e. interpretable risk bound)
(2) Provable sub-optimality of a famous existing method
(3) Parameter selection criterion for submodular regularization

Keywords: Isotonic regression, Submodular regularization, Degrees of freedom
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D2-33 A Study on the Performance of DDPG (Deep Deterministic Policy Gradiant)
HHRUEKR), SN BE(ER/FUER), FHEFSE(ERV/EX)

Agent
In order to prove the performance of DDPG in : DDPG
continuous and high-dimension environment CNN Feature Critic-net
(like car games or auto-drive system) we setup a (i:.j:::;t‘;f [ Vector | } oo
simplified virtual environment and train the am [/ ACtor-\net
model to accomplish a task (break boxes). |/ | |
The result shows that the performance of the Im/age Depih Image Action
DDPG is good way to control continuous action Unity )
spaces.

Architecture of DDPG-algorithm
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D2-42| Constrained Deep Q-learning

gradually approaching ordinary Q-learning
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, D2-47
Kernel recursive ABC

point estimation with intractable likelihood

Takafumi Kajihara(NEC/AIST), Keisuke Yamazaki(AIST), Motonobu Kanagawa (Max Planck Institute for Intelligent Systems),
Kenji Fukumizu(ISM)

Approximate Bayesian computation (ABC) is about the derivation of posterior
distribution when the likelihood function g is impossible or too expensive to
compute.

p(Bly) x q(y|0)m(0)

We propose a novel method for point estimation with intractable

likelihood relying on ABC. Its relation to maximum likelihood estimate
(MLE) is discussed.



, D2-47
Kernel recursive ABC

point estimation with intractable likelihood

Takafumi Kajihara(NEC/AIST), Keisuke Yamazaki(AIST), Motonobu Kanagawa (Max Planck Institute for Intelligent Systems),
Kenji Fukumizu(ISM)

Approximate Bayesian computation (ABC) is about the derivation of posterior
distribution when the likelihood function g is impossible or too expensive to
compute.

p(Bly) x q(y|0)m(0)

We propose a novel method for point estimation with intractable

likelihood relying on ABC. Its relation to maximum likelihood estimate
(MLE) is discussed.



XPEBEBE S LY YT —Y 3 VERNSR

D2-48 - BT L —AZEDIAX Y NEEDOHEIC X BDBERT LRAIVERK
IO 48 (BEK) KB BN (R7>3) i BfE (NI) JEiF @E(K7 > )

\

EhiE] @)\ﬁujb't EEDE7 L—LBOIXY MEHRZAWTEEZNZITS
’ . JL LN ! & Ht ARAY NBE ‘

BB

2000

1500

1000

500 1/

0 25 50 75 100 125 150 175 (S)

AR RBEDQ EP— 2 SEY LR IVESE D

IC( 10,

AXV K BERM A

OV B a BEBZOIRY NEEBELTS
B EMHEvFFFFFFFFFFFFFFFFT 01:41

S sy (R 01:42

=12

s AAVKREBEOSWI L—LADFHEZHRLHHBALTWSERE L,
FENS AAVRNBEEZHETEL, ZOBEODE—I7 S MEEZHEODENE U THWS.
cHEET DI ENTENEE, IAYMDODMESINTVWEWEEICHULTEENTH S.

m DWANGO MEDIA VILLAGE




PR LY T - 2 VEHRR

D2-48 - FE 7L —ALCEDIAXAY NEEOHEICKLXDBEEHRY LAXRTIVER
O 48 (BEKA) KB EN (R7vD) 0H B4 (NI) NER EBER7 YD)

E&

F&
BEFE BESICRES NI ARVERERAMT—9 & UTHEETILEEE
BEFX HEOE 7L —ASEDAAY NEEEKTET 2HDORETIL 2 EE

BRYLRAIVERY XY BBENY XY

(%0)  HELLEGY LRALELTRRELZIE BEFE BRYLRMILFHETIL
50

40

30
20
10 -

O —

BFFiE REFIE

random

BEFELDRERFEOAN
FEULWHLRSIZHET S EHTEL.

m DWANGO MEDIA VILLAGE




D2-49: U-netZ AL \=HIASE {2 55> D NCLL HESE
AE RS, EBEAER, EEE, (R, RERW, UittEE (ERKXE)
1&%—%&(%ﬁt$/RIKEN)

NCEb &, BEMRREDBBLED LT,
fRRZICBITAENMMROEELGHEREEND—D

HRE - -

© HRER HEDBE
= EEHis —NCLEAMELY |

. ELEL il trgd)\@ﬁ_(, Ve
~ #(Nucleus) _)NCJ:L/‘D\'%(’\ ______ :

A4 (Cytoplasm) =R ‘ifﬂﬁjfﬁﬂiﬂ’ﬂﬁﬂd)
NCLED DTN EE




AR B2 : 10504 (£9504E 51 43)
BREMBREEZT7/T—a> L TT—3 Yy E1ERL
TANT—42ELT2004f8 E{GE 48
3DODETILERAVTNCLZEHE

U-NET-2:#% EHIRaEZE R T A T— 3> SNCEEHETE
U-NET-3: # &R E RIS A T—3 0 SNCHLHEE
U-NET-NC:NCLE DR ZEHIE KB AN TNCELIERE

20 mTruth M U-NET-2 M U-NET-3 m U-NET+NC | {
70 g o] output

U-Net: Convolutional Networks
for Biomedical Image
, | ( . Segmentation
RN I I I Olaf et al. MICCAI2015
NCLtt A7) available at arXiv:1505.04597



N . | ARIEalL—IavIiZBItTs
DZ 50 TIT—T O MNTGA—IDMHETE ...

[ .
Bk, REZE, aHESR, EHE, FHED
(NTTASA=45—a 2B

« AU TI7LEEZEI—UMABEITAAMRIZIAL—1aVFETE
¢« IT—UxMNTGA—REFEYIERTETHIENRE

I—Ix o bNTA=Z DY

D [ wmsmw | wxw | Ao
:
2 e
3
———

TR

Copyright©2017 NTT corp. All Rights Reserved. 1



. ARVIalb—iavizBItrs |
D2-50: T—J1 0 MNSA—SDHETE

| D
Bk, REZE, aHESR, EHE, FHED
(NTTASA=45—a 2B

F:

« APRTIE, TP 0DEBABDEZEAIENT,

I—2x o bNSGA—=2 DA
ID | HFERZ | HFEi B rYith

1 8:00 A D
2 7:30 C D
3 10:05 B C

Copyright©2017 NTT corp. All Rights Reserved. 2



D2-51 Correction of Covariate Shift Bias

Produced by Action of Optimization
Ilk:E %=X (NEC)

: aZ IRFRORENZHFENRE (YIO0O0XATEYIRE) ZHDIEL
: SO0ICYyZHET DD, BEELLTEERMEUEESDbiaszilFlTES !

Logistical)z

yZa#ETE / SVM, Deep
, :f E[l (.CU, y7 a)]
— Zst8 93
- #ELL | Covariate Shift
|
BT D SRRt P a)

© NEC Corporation 2017 \Orchestrating a brighter world NEC



D2-51 Correction of Covariate Shift Bias

Produced by Action of Optimization
Ilk:E %=X (NEC)

: aZ IRFRORENZHFENRE (YIO0O0XATEYIRE) ZHDIEL
: SO0ICYyZHET DD, BEELLTEERMEUEESDbiaszilFlTES !

Logistical)z

yZa#ETE / SVM, Deep
, :f E[l (.CU, y7 a)]
— Zst8 93
- #ELL | Covariate Shift
|
BT D SRRt P a)

© NEC Corporation 2017 \Orchestrating a brighter world NEC



PU-T—4A 2T 5
RIN—ASVM D RIFE—IRHY)—=24

L KE2 AR BE?2 1 ERIsk® 2 BYRefifaEfamtes s—

(
NEEBICAWLWSNARN—ASVMIZH LT, FEL YU TIL-FHEFRZET
EEILTBFiE E—ITRI) =T HNRESINT=[Zhang et al. 2017]

ZLDET—REEBFESINIVELT—EINBLEEPU-T—R)=5H. COLSGET—RIC
XY DRFLE—ITRI - DNBELGDS y

g

o_ 7(.~ _—\‘_ -
RIN—=RIEPU-T—4 R E—IR9)—=27 \g,&ﬁ y 2

IR =
o / 11/0.521 . . . . \
Positive 1 . . . . ... 0.313
A 1l - o061 - 0151 .. T ‘gfdf'j'/7)l/
1| - . 0070 - e 0.020
A - : . 0016 - -
Uplabeled 10026 . . Ce - »
T—4 \L L0012 o - o

KEEBFILEUT—LavEXRR




PU-T—A |23} F B RIS—RASVM D REIE—D R —=4

AIS—ASVMIZx3 B + PUEED
BEDE—IRY)—="%[Zhang et al. 2017] iz 1L [Du Plessis et al. 2015]

‘ #Hr1=7x A XB8 %k Smoothed double Hinge loss function W& A

——SD-Hinge
—— D-Hinge

5 ] Ao
\ = —— S-Hinge

-1,1{HETlE&h i H
(REtE—I RO —=24
NDT=&)

{EE= A2 RE
(PU-T—ARIZxT 3
MERIEDT=6)

EALE-OXE#KZFRANT.,
B e DEEE YT L B EEIRT S

\ 4

PU-T—AR(Zx T A R/IN—ASVMPD ETEXE—K[A L
XE¥#A(E D2-52




D2-53: IERbLSRILTTS AU TBTERENEZ (LD IRIRIR A

RRARF  EHIEE LfaES

BHER (CZLDHEDIERS)T—S (T U T
BERBSEEL/BEDOAEEEZIRE I DREZIRER

i O

@ @ BB
O
B o 60 1R

R (CZ1E

B i

BERN (CZAEDH SR —FICH U T TRODFEZEZ R, S RG/NRBCEDVWREFEZRRE
1. BRI —YZERT DBEBEZIETE I DB
2. BRI —HYOEHNELICERL, BIELCLIBEDOIEELZIRX DEE

2017/11/10 1




D2-53: IERbLSRILTTS AU TBTERENEZ (LD IRIRIR A

RRARF  EHIEE LfaES

BHER (CZLDHEDIERS)T—S (T U T
BERBSEEL/BEDOAEEEZIRE I DREZIRER

i O

@ @ BB
O
B o 60 1R

R (CZ1E

B i

BERN (CZAEDH SR —FICH U T TRODFEZEZ R, S RG/NRBCEDVWREFEZRRE
1. BRI —YZERT DBEBEZIETE I DB
2. BRI —HYOEHNELICERL, BIELCLIBEDOIEELZIRX DEE

2017/11/10 1




D2-54
RINETIVEBICETH0FAN—V 0 A2AWVE-ERNBEBOHKE
MBI (4 L — - BT ) B304EK (PFN) M G (D) BT 4 — (PEN) B FHE (A -ATR)

HWWEFRD LG RINERFRVICEVNTEALLGNS (1) LEZBEIEN—IADBHIREKE
(2) BILFER—AD BHEBDORICIEIRD I3 G—R—ENHS.

(1) EERBEIEA—R ZE ORIV EREREILT NS EMEREDORMICIILIAHS.
(2) BIEPER—RX ZFEOMRFIBONREGZE LT AEEHBHBZELIKBEIELTNS.
AAETIEINOA L —FATDEHRICHYRIFFICAZRT DD FRLINEZEHRBALI- LT,
aFAN—VIVRZERNWTING22/T 0 BBEHZ —RIEL-BHBAKZIRET 5. E5IC,

ZND2347 0 BHIBEE O F Iz ET 5 BRIBEE(0=0.4% ) 2x/METHFEED,
FYUBSWVEREFL =0T CEFERMITRT.

ML I’BE RL
a=0 a=0.4 o=1
X BB {t~—2Z (ML) I F~N—2Z (RL) S
a—0 : 0<a<1 ! a—1 >
& : T 2
=0 oM | I RL (EAIEAL)
| 1
%J T =0 : i T -0
< >0 RAML I a—0 S SR o a—1
" (Norouzi et al., 2016) < : QF 2R : > RLERWEED)
| 1

&/IMb

4
0.0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9
6]



D2-54
RINETIVEBICETH0FAN—V 0 A2AWVE-ERNBEBOHKE
MBI (4 L — - BT ) B304EK (PFN) M G (D) BT 4 — (PEN) B FHE (A -ATR)

HWWEFRD LG RINERFRVICEVNTEALLGNS (1) LEZBEIEN—IADBHIREKE
(2) BILFER—AD BHEBDORICIEIRD I3 G—R—ENHS.

(1) EERBEIEA—R ZE ORIV EREREILT NS EMEREDORMICIILIAHS.
(2) BIEPER—RX ZFEOMRFIBONREGZE LT AEEHBHBZELIKBEIELTNS.
AAETIEINOA L —FATDEHRICHYRIFFICAZRT DD FRLINEZEHRBALI- LT,
aFAN—VIVRZERNWTING22/T 0 BBEHZ —RIEL-BHBAKZIRET 5. E5IC,

ZND2347 0 BHIBEE O F Iz ET 5 BRIBEE(0=0.4% ) 2x/METHFEED,
FYUBSWVEREFL =0T CEFERMITRT.

ML I’BE RL
a=0 a=0.4 o=1
X BB {t~—2Z (ML) I F~N—2Z (RL) S
a—0 : 0<a<1 ! a—1 >
& : T 2
=0 oM | I RL (EAIEAL)
| 1
%J T =0 : i T -0
< >0 RAML I a—0 S SR o a—1
" (Norouzi et al., 2016) < : QF 2R : > RLERWEED)
| 1

&/IMb

4
0.0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9
6]



D2-55: The optimal-baseline estimator is

OIST nhot the optimal baseline-estimator

Paavo Parmas?, Jan Peters?, Kenji Doya'
10IST, 2TU Darmstadt
(4]

Background: Given {x;}, {f(x;)} ~ p(x;0), estimate 3—9 (E [f(fz,)})

Likelihood ratio gradient: 4 <IE [ f(x)}) - [(% log (p(z: 0)) (f(x) — b)]

Often used in reinforcement learning, variational inference, stochastic optimisation, etc.
Task:
choose b to minimise variance of the gradient
Previous result:
Constant b can be chosen arbitrarily without introducing bias
E[(:}—e log ])(.’L‘))Qf(.’l,')]
E[(f}—e logp(:lr))z]

optimal b is

... but, a b estimated from the same data {z;} will introduce a
bias into the gradient estimator!
The estimator will not be optimal!



D2-55: The optimal-baseline estimator is

OIST nhot the optimal baseline-estimator
Paavo Parmas?, Jan Peters?, Kenji Doya?

Results:

10IST, 2TU Darmstadt
(4 |

Mean baseline gives unbiased direction, but magnitude is biased by (N — 1)/N.
Every other weighted average baseline will in general not yield an unbiased direction.

Derived new methods for debiasing use of baseline.

Derived various other new baseline estimators that account for estimation uncertainty.

Theory verified computationally:

3 .
[l Debiased mean baseline
2.5¢ Mean baseline
+ Il True optimal baseline
8 21 No baseline i
o Debiased estimated "optimal" baseline
F% [ Estimated "optimal" baseline
& 157
0
- 1
or—-
n
& 05
M
0
-0.5

10* 107
Sample size

10°

Bias in angle of gradient(deg)

Il Debiased mean baseline
Mean baseline

I True optimal baseline
No baseline ]
Debiased estimated "optimal" baseline

[ Estimated "optimal" baseline

10! 10° 10°
Sample size
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