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ABSTRACT

Inductive inference is the process of inferring a description
a function from finite subset of its graph. Connectionist
inductive inference typically involves gradient descent algo-
rithms in weight space. When inferring functions of
unbounded sequences such algorithms nm on recurrent nets
and become computationally expensive. In this paper we
present a broader framework framework for inductive infer-
ence, and show that sueh problems admit a "dual” approach,
which can be phrased in terms of the simulation-as-
homemerphism perspective in systems theory, Whereas the
usual approach adapts the dynamics of the net to match the
dynamics of the target system, the dual approach keeps the
dynamics fixed and learns a homomorphism from the net 10
the target. The larer technique is promising because of its
efficiency and its direct applicability to learning by continu-
DUS NON-CONnectionist systems, such as neural fields.

1. INTRODUCTION

Meural networks have become widely kmown in the
past decade primarily because they embody simple parallel
heuristics for approximating functions f: 4 — B. In most
supervised learning approaches, elements of the function
domain are pushed through a feedforward netwerk, and sub-
ject 1o an interleaved sequence of linear transformation and
componentwise squashing. The actual value of the function
om these points is compared © the net ourput, and updates 1o
net paramelers are made o lower the eror on subsequent
iterations. In many applications, the domain consists of
fixed-length vectors; A =X". Aliernarively, when the
domain consists of sequences of arbirary length, 4 =X,
each item of the sequence may be passed through the net in
a time sequence. For non-mivial funetions of sequences, the
net will need w keep state informadon, and will thus often
have recurrent commections. Generalizations of feedforward
gradient algorithms 1o the recurrent case are straighforward
bur expensive. (See [1] for a recent perspective.)

Omne problem ofien 1ackled by recurrent nerwarks is
that of learning a regular language L o X7, where X is a
finite set of irreducible symbols. This may be phrased as
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leaming a function X = [(,1). The everyday
"RMS/max-emor” approach to supervised leaming is too
crude for a careful analysis of this problem, so in this paper
we turn to the new field of distriburion-free learning theory
[2], also known as Probably Approximately Correct (PAC)
learning. We wami o explore algorithms that can leamn f
approximately with high probability. We will imagine that
there is an unspecified probability measure p over X~
according to which rraining and test examples are drawn.
Smce this i5 a countably infinite set, a uniform disoibution
cannot be defined. Realistic disributions would tend w
favor short "real-world” length patterns. Let Wl ) denote the
measure of a subser L ¢ X* . Essentially this assigns a
number 0 each of the uncountably many languages over X.
In PAC-learning, we wish to find an algorithm such that, for
given accuracy £ and confidence 8, will process the set of
samples and, with probability less than &, conswuct &
representation for a subset L which differs from L on a set
of measure greater than €.

The representation of the concept class is crucial. We
may attermnpt to learn regular languages by searching spaces
symbolic representations, such as regular expressions, tran-
sition graphs, and so on. Connectionism attempts 1o use the
weight spaces of recurrent networks as ils represenfation
space, performing gradient descent 1o minimize error on
small raining sets in the hope of capnring the entire
comrect, typcally infinite, regular language, within the
dynamnics of the net. In the following sections, we show that
the actual mechanisms for such algorithms can be fruidfully
analyzed in a simulationist perspective.

2. LEARNING AND SIMULATION

In sequendal leamning, as discussed above, we wish
to learn a fimction of sequences. In the most general case,
the range of the finction is also a sequence. We feed in the
terms of the sequence o the trained sysiem, and; con-
currently, expect the output sequence Lo be correct. We will
speak of a targer sequental behavior [ X7 — 17, We wish
to have a system (call it the "net™) match this functon, It is
productive W view this as the learning of a dynamical sys-
tem by a dynamical system. Al the practcal level, we only
demand a crude behavioral match between the net and the
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