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Determinantal point process (DPP) We propose Dynamic DPP
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Potential applications:
Sequential recommendation where
relevant and diverse items change
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Deep reinforcement learning with ﬂ
relative entropy stochastic search RIKEN

(D1-24) Voot Tangkaratt!, Abbas Abdolmaleki2, Masashi Sugiyamal?3

 Actor-critic (AC) methods are prominent deep RL methods.

Critic: @(S,a) Actor: me(als) or me(s)
Q \Y
0]0]0) oJ Update actor:
0000

e Existing methods use up to the 1t-order information of critic
* Oth-order (values): VgJ = Vglogme(als)Q(s,a) (Sutton et al., 1999)

« 1st-order (gradients): VoJ = Voma(s)VaQ(s,a) (Silveretal, 2014)

* We propose guide AC (GAC) that uses 2"-order information (Hessians)

IRIKEN AIP (B{L AR PTEHMEEREHE LV 2 —)

-
2The University of Aveiro, Portugal Alp & o %UEL{‘ jCT?
THE UNIVERSITY OF 10OKYO

3The University of Tokyo (BRFRKEE)



R Guide actor-critic (GAC) AP

RIK=N

* GAC learning steps:
1. Learn aguide actor 7 (als)
2. Update the actor mg(al|s) to fit 7 (als)
3. Repeat until convergence

N ~ 1. Learn guide actor:
Q(s,a) g =Val(s;a) ©

©) H-v20(s,a) +@l8)=Nald.(s)2)
QO | > b.(s)=¢(s)+(n=—H) g
QOO Sy =AHE~ + H)!

min £(6) := || ¢ — &, |*
0 «— 60— OAVQ,C

1 2. Update actor:

—— GAC-1  ==== GAC-0 =:= DDPG = QNAF == TRPO
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DAEXY

Sparse Regression for Network Graphs

and Its Application to Gene Networks of The Brain

Hideko Kawakubo?, Yusuke Matsui?, Teppei Shimamura?, 'Nagoya University
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Robust and Efficient Off-Policy Policy Evaluation

via Enhanced Action-Gap
OIST Tadashi Kozuno (OIST), Eiji Uchibe (ATR & OIST), Kenji Doya (OIST) ID: D1-37

Problem

We rephrase policy evaluation problem as:
Given a policy 7, order actions according to Q" (s, a) := E™[ Y;s0VR; | s,a].

Contributions
A novel policy evaluation dynamic programming algorithm which is

Efficient (Off-Policy & Multistage Lookahead) and Robust o approximation error.
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m Utilize spatial and temporal graph structures for forecasting
future observations on unknown locations.

s Simultaneously decompose a tensor and learn
autoregressive models.
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Our proposed method successfully extracted
dynamics in Taxi demand forecasting problem

m Green: predictions on known location
Blue: interpolations on unknown location
Red: predictions on unknown location (most difficult!)
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On Estimation of Conditional Mode Using Multiple

Quantile Regressions
SMIREEE AW CERTORMEN EBE - RIBEOHE

Hirofumi Ohta !  Satoshi Hara 2

1The University of Tokyo, Graduate School of Economics, Department of Statistics, M2.

2Q0saka University, The Institute of Scientific and Industrial Research.

2017/11/09, IBISML, 1D:D1-39.

Keywords: conditional mode estimation, quantile regression,
dimensionality reduction.

1/2



Problem
@ Output Y is a scalar and input X is a p-dimensional vector.
@ Estimation of conditional density and conditional mode of Y given X.
@ For dimensionality reduction in the conditional mode estimation,
how to model the distribution of Y| X ?
Method

@ First, we estimate the conditional density by solving linear quantile regressions

multiple times.
@ We then estimate the conditional mode by finding the maximum of the estimated
conditional density.
Contribution
@ The proposed method has two advantages:

@ It is computationally stable because it has no initial parameter dependencies.
o It is statistically efficient with a fast convergence rate.

@ Synthetic and real-world data experiments demonstrate the better performance of
the proposed method compared to other existing methods.
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Probability Tensor Networks

Masakazu ISHIHATA (Hokkaido University), Kohei HAYASHI (AIST/AIP)

Bayesian Networks Probability Tensor Networks
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Probability Tensors

What is PTN? How different from BN? When is PTN useful?
Check our poster!
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Supervised Nonparametric Multimodal Topic Modeling
Methods for Multi-class Video Classification

Jianfei Xue* and Koji Eguchi
Graduate School of System Informatics, Kobe University

SPOTLIGHT

B Propose a supervised nonparametric topic
model to classify multi-class videos.

B Incorporate a time-dependency mechanism
into the supervised nonparametric topic
model for modeling neighboring video
frames.

B Incorporate a more flexible symmetric
correspondence method to handle video
multimodal data enriched with image data
and speech data within the supervised
nonparametric topic model.
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Customers Purchase histories Items

(Entity Set 1) (Behavioral data) (Entity Set 2)
id | age | income | occupation il i2 i3 i4 id | price
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Training Generative Models with Maximum Mean Discrepancy

# Ef71 B #—2
185 K=F 2Preferred Networks

Aim: To estimate a probability by using a valid distance.

Approach: use Maximum Mean Discrepancy (MMD)

MMD|[p(z), 4(z)] = Eg 2/ mp(a) [6(2, )] + By yrmq(a) [k (Y, y)]

—21E$,Np(m),y,\,q(x)[k($, Y)]  where k(-,-) is a kernel function

Expectation can be replaced with sampling.

| But suffers from high variance |
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Training Generative Models with Maximum Mean Discrepancy

# Ef71 B #—2
185 K=F 2Preferred Networks

Remedy: 1. Partially solve the integral analytically
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2. Learning a class-conditional generative model
(OH gomg) P ﬂreferred

etworks



m D1-52: Direct Log-Density Gradient Estimation with

Gaussian Mixture Models
v INAIIbT@O Qi Zhang, Hiroaki Sasaki, Kazushi Ikeda (NAIST)

B Goal: A novel estimator for the gradients of log-densities.

Approach: Advantage:

@ Directly estimate the gradients of log- | | ® Auto determines # of clusters.

densities without resorting to density | | ® Works well when the sample
estimation. has a high correlation.

® Learn log-density gradient correlation

True label GM-LSLDGC

structure by Gaussian mixture models.| | * s ) el
2 . g’yﬁg' ) 2 . .,g‘ )
of L¥E Of 4T o’
Application: > ~"‘“‘"'f .- 4"“":;/
A 4 A 4
Mode-seeking clustering. T T e S !
1, Using the proposed method for LsLpGe Mean Shif

gradient estimation.
2, A fixed point algorithm for mode-
seeking.
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Sasaki, Hiroaki, et al. "Mode-Seeking Clustering and Density Ridge Estimation via Direct Estimation of Density-Derivative-Ratios." arXiv preprint arXiv:1707.01711 (2017).APA
Fukunaga, Keinosuke, and Larry Hostetler. "The estimation of the gradient of a density function, with applications in pattern recognition." IEEE Transactions on information theory 21.1 (1975): 32-40.
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