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A Functional Dynamic Boltzmann Machine

Hiroshi Kajino
IBM Research - Tokyo
KAJINO@jp.ibm.com

Abstract

Dynamic Boltizmann machines (DyBMs) are re-
cently developed generative models of a time se-
ries. They are designed to learn a time series by
efficient online learning algorithms, whilst tak-
ing long-term dependencies into account with help
of eligibility traces, recursively updatable mem-
ory units storing descriptive statistics of all the
past data. The current DyBMs assume a finite-
dimensional time series and cannot be applied to a
functional time series, in which the dimension goes
to infinity (e.g., spatiotemporal data on a continu-
ous space). In this paper, we present a functional
dynamic Boltzmann machine (F-DyBM) as a gen-
erative model of a functional time series. A techni-
cal challenge is to devise an online learning algo-
rithm with which F-DyBM, consisting of functions
and integrals, can learn a functional time series us-
ing only finite observations of it. We rise to the
above challenge by combining a kernel-based func-
tion approximation method along with a statistical
interpolation method and finally derive closed-form
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Figure 1: [llustration of F-DyBM, modeling a functional pat-
tern £ (z) defined on a two dimensional space. Heat maps
represent functional patterns. The current pattern depends on
five past patterns and two eligibility traces (which summarize
all the past patterns) through weight functions w!®! and u;,
respectively.



Molecular Hypergraph Grammar
with Its Application to Molecular Optimization

Hiroshi Kajino'

Abstract

Molecular optimization aims to discover novel
molecules with desirable properties, and its two
fundamental challenges are: (i) it is not trivial to
generate valid molecules in a controllable way due
to hard chemical constraints such as the valency
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problem is to obtain m* € M such that,

m”* = arg max f(m), (D)
meM

where f: M — R is an unknown function that outputs a
chemical property of the input molecule to be maximized.
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