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Abstract

Recent research in machine learning has focused on su-
pervised induction for simple classification and rein-
forcement learning for simple reactive behaviors. In the
process, the field “has become disconnected from AI's
original goal of creatmg complete intelligent agents. In

+hi m
this paper, I review recent work on machine learning for

planning, language, vision, and other topics that runs
counter to this trend and thus holds interest for the
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steps to encourage further research along these lines.

Introduction

A central goal of artificial intelligence has long been to
construct a complete intelligent agent that can perceive
its environment, generate plans, execute those plans,
and communicate with other agents. T 1€ pur

dream naturally led many researcher

component tasks of perception, Dlanmmz. control and
natural language, or on generic issues that cut across
these tasks, such as representation and search. Over the
years, the Al field has gradually tragmented 1nto many
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Th1s separate—and—conquer strategy has some bene-
fits, since the researchers in each area can concentrate
their energies and make more rapid progress on their
own problems. But it has also led to differences in no-

tation and terminology that make it difficult to commu-

nicate across paradigm boundaries. More important, it
has led each subcommunity to focus on problems that
are remote from the original goal of building a complete
intelligent agent. Although there have been some ex-
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bUphlU 1D LU LiLld Lell UU lb.)’, I1IUDL Al 1TdCallll 1IUW UTald
little re emblance to the nnm_;nal vision for the field.

ing — that exemplifies th1s trend. Many have argued
(e.g., La.ngley & Simon, 1981) that learning has a cen-
tral role to pm.y in mtelligeut ““““““
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arguments are no less valid EO(ld.y than in AI’s earl

dayvs. Yet research within the machine ]azn-n"no‘ commu-
ays. Yet researcn witiin ine macnine iearning comim

nity has come to show little concern with the broader
issues of intelligent systems. We begin by characteriz-
ing the form that this problem has taken in machine
learmng, and then review some counterexamples to the

trend, showing that not all researchers have forgotten
AT’s original aims. We close by outlining some prob-

lems that have yet to be addressed and suggest some
actions that we can take to counter the fragmentation
process, at least with respect to learning research.
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Dlled arms, each with its own crlterla for success. Most
important, machine learning has substantially broad-
ened its vision to incorporate a wide range of methods,
some having their origins in AI but others coming from
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In 1986, the journal Machine Learning’s first year, most
researchers within the community acknowledged only
certain methods, mainly those that learned logical rules

or decision trees, as their object of study. By 1996,

+thia nictuire had changed drastically with nanars in the
LIS pilibulc liau \.,ua..ust:u ulasvitally, witlli PpapcTlio 1l ulic
journal and at the annual conference also dealing with

methods that learn weights in multilayer neural net-
works, that store training cases in memory and gener-
alize only at retneval time, and that induce probabilis-

tic descriptions rather than logical ones. Any methods
that show evider'ce of impm .ring performance with ex-

learmng researcher.
This period has seen considerable advances in meth-
classmcatlon and
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case—ba&:u u:d,uuug, and pi‘OuauumtiC On i
porate schemes, such as pruning and weighf dena.y
counter this effect. There has also been progress on ex-
tending supervised methods to handle data with miss-
ing values, to deal with domains having many classes,
and to support relational descriptions {often called ‘in-

ductive lacie nracramming?’) Nthor advanceace inecliide
GuCulve :CglC programming ;. Uuler aGvances 1Nnciuac

methods for improving predictive accuracy by taking
domain knowledge into account during induction, by
reducing dimensionality through selecting useful fea-
tures, and by comblnlng classmer ea,rned with differ-

nn ‘V‘Q,
on re-

1nforcement learning’, which 1nv01ves learnmq control
strategies from delayed rewards. The typical formula—
tion assumes a physical agent that makes reactive de-
cisions about what action to take at each step, initially
at random but with increasir
xperience. The agent can

cxplliciice. =40 agllly Ca.

vironment on each step, but usually gets no information
until it has taken many actions. Most (though not all)
work on this topic uses some form of temporal-difference
method (Sutton, 1988}, which propagates reward back-
ward through time to better estimate the expected re

vard through time to better estimate the expected re-
ward for taking a given action in a given state. Early
work simply stored these scores in a large state-action
table, but more recent studies have combined this ap-
proach with induction techniques that generalize across
at
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niortunately, e macnine ng communi

has broadened on some dimensions, it has narrowed on
others. The present emphasis on supervised learning
for simple classification and reinforcement learning for
simple reactive behaviors makes little contact with the
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wider goals of artificial intelligence. The distribution of
current research in machin 1n nrno' differs maﬂzerﬂv

work on learmng for the core Al areas of natural lan-
guage, planning, and perception. Concern with such
complex tasks has been replaced with emphases on in-

nthnada
"'"‘mclng the accuracy "f super vised luu,.xxu.uf, meinocas

and making the learning rate in reinforcement learning
more practical.l

However, this does not mean there has been less work
n le armng for natural langua.ge planmng, and percep—

!Some reasons for these changes are clear: the UCI data
repository has made it very easy to run experiments with su-
pervised methods, the corporate interest in data mining has
rewarded work on classification learning, and the mathemat-
ical elegance of temporal-difference methods has attracted
many adherents.
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work has not been done by people who call themselves
rranhinma Taawmine nacannalh Ana Datlhnew 1. LT awa
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, b
due to researchers who specialize in natural la; gnage_
computer vision, speech understanding, and planning.?
Yet even within these problem-oriented communi-
ties, there has been growing reliance on simple learning
schemes. For example, within natural language, com-

mon tasks inclide ]ncn'rnnn‘ to determine (classifv) the
mon 1asks INCiuGe :earning 1o Qeiermine (Giassily ;) uilc

sense of a word from surrounding context and where
to attach a relative clause. Similar reformulations have
occurred within the computer vision community, again
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learning issues but a

addressed and the ’crad1t10na1 concerns of artificial in-
telligence.
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ately, not all 1 ¢ fallen prey to this
trend, and some continue to study learning within the
context of the larger-scale tasks that seem necessary
for intelligent agents. In this section we review some
exemplary work along these hnes, taking our examples
mostly from the machine lear ruug Luuuuuuluy out or-

s of problem areas.

Natural Language Learning
One important counterexample to the above trend is

the research program that Zelle and Mooney (199 "“,
1996) have carried out on natural language. Whereas
most of the natural language community has embraced
probabilistic and statistical approaches that require
large corpora for learning, Mooney and Zelle have in-
stead worked on learning condition-action rules using
i ive logic programming. Moreover, their CHILL
‘ ies not on N-grams or probabilistic grammars
or thelr performance element, which make little con-
tact with mainstream AI, but rather uses a shift-reduce
parser. Such a parser operates like a production system,
on each step selecting a rule that alters a parse tree or
difies a buffer

mo.
111UUL1ICS o U Uil .

At the outset, CHILL’s rules are overly general, al-
lowing it to parse many ungrammatical sentences. But
the system uses the parse trees a,ssocia.ted With each
training sentence

lasal i linatincae AL ~An~l 2iala 2 ) R, . S
legal applications of each rule, which become posiuive
and negative tr ammg cases. Fr these, CHILL 1earps

cally, produce legal parses but not illegal ones. ThlS ap-
proach has much in common with early work on learn-

2This trend has held less true in planning and problem
solving, where learning work has been about equally divided
between the planning and machine learning communities



ing search heuristics for problem solving (Sleeman, Lan-
gley, & Mitchell, 1983), which used solution paths found
through search to generate positive and negative train-
ing cases.

Zelle and Mooney have tested this approach on cor-
pora (sentences and hand labeled parse trees) used by
researchers in the statistical language community, pro-
ducing comparable results. They have also adapted
CHILL to learn parsers that generate database queries
rather than syntactic parse trees. Finally, Thompson
(1995) has developed another system, used in conjunc-
tion with CHILL, that acquires meanings for words used
in training sentences. Overall, their research program
makes stronger contact with core problems and con-
cepts of AI than either the machine learning or the
natural language communities.

Machine Learning for Planning

Another core area of Al involves planning and problem
solving. The 1980’s saw considerable work on this topic
within the machine learning community, some of it col-
lected in Minton (1993), but interest in the area has
declined in recent years. However, Veloso and her col-
leagues (e.g., Veloso & Carbonell, 1993) have continued
an active research program on learning in planning, car-
ried out within the PRODIGY architecture. This work
has focused on derivational analogy, an approach to
case-based learning that indexes plan components by
the reasons they were selected and uses those reasons
to decide whether to reuse them on new problems.

Unlike most research on the acquisition of plan
knowledge, Veloso has tested her ideas on large prob-
lems from a difficult logistics domain. The primary
measure of performance has been the overall plan-
ning time, but more recent work has also examined
ability to improve the quality of the generated plans.
Like most work on plan learning, Veloso’s approach
uses knowledge-guided means-ends analysis to produce
totally-ordered plans. This stands in sharp contrast
with the wisdom of the AI planning community in fa-
vor of partial-order planners. This difference has led
to experimental studies (Veloso & Blythe, 1994; Kamb-
hampati, Ihrig, & Srivastava, 1996) that have clarified
the strengths of these two approaches and their under-
lying relationships.

Machine Learning for Physical Control

An intelligent agent must do more than perceive its
surroundings and plan its actions; it must also execute
those actions in the world. Although there has been
some learning work within the robotics community, this
has focused mainly on constructing maps from sensor
data (e.g., Pierce & Kuipers, 1994). Within machine
learning, some researchers have made progress on ac-

quiring models for robot actions, but often by trans-
forming this task into a one-step regression problem
(e.g., Moore, 1990). Reinforcement learning claims to
address the acquisition of action strategies, but most
work on that topic has dealt with learning discrete ac-
tions in ‘grid worlds’, with little evidence that it gener-
alizes to more realistic domains (e.g., Sutton, 1988).

However, work on reinforcement learning by Grefen-
stette and his colleagues (Grefenstette, 1988; Grefen-
stette, Ramsey, & Schultz, 1990; Grefenstette &
Schultz, 1994) differs from this trend in some impor-
tant respects. Rather than dealing with discrete do-
mains, they have tested the ability of their SAMUEL
system to learn control schemes in simulated contin-
uous domains, using tasks like evading a heat-seeking
missile and navigating through a mine field. They have
also tested its methods on navigation tasks for phys-
ical robots, such as obstacle avoidance and following
behaviors. And they have examined the role of control
learning in both single-agent and multi-agent settings.

Moreover, Grefenstette et al.’s approach differs from
mainstream methods for reinforcement learning, which
estimate an expected reward for state-action pairs and
then generalize across different states, thus treating
each state as an independent classification problem. In
contrast, SAMUEL searches through a space of control
strategies, in which each strategy consists of condition-
action rules that may interact in complex ways. The
system uses genetic algorithms to generate new can-
didate strategies and directs search by evaluating the
behavior of each strategy on a set of training problems,
measuring the overall behavior rather than focusing on
individual rules. This concern with explicit control pro-
grams, and the domains on which it has been tested,
makes this work more akin to traditional AI research
than that on temporal-difference methods.

Machine Learning for Computer Vision

Yet another example comes from the area of computer
vision, one of the earliest areas to consciously sepa-
rate from mainstream AI. Learning research has be-
come quite common within the vision community in
the past few years, as reported by Bowyer et al. (1994),
but most work on this topic has more in common with
pattern recognition than artificial intelligence. That is,
the typical approach treats vision as a one-step clas-
sification problem, a view that has gained increasing
adherents, rather than as a multi-step process of image
understanding, which was the traditional AI stance.
One researcher who has not abandoned the image-
understanding paradigm, and who has studied learn-
ing within this framework, is Draper (1993). Build-
ing on a multi-level vision system developed by Han-
son, Riseman, and colleagues, he viewed image under-
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standing as problem-space search in which the oper-
ators transformed a raw image into a structured de-
scription. This suggested the adaptation of techniques
from learning search heuristics to determine the condi-
tions under which to select each visual operator. As in
Zelle and Mooney’s work, he used solution paths found
through search to generate positive and negative exam-
ples for use in training. However, rather than aiming at
learning legal ‘parses’, Draper’s concern was improving
the efficiency of the image-understanding process.
More recently, Draper (1996) has shifted to using
temporal-difference methods for reinforcement learn-
ing. The idea here is that a particular sequence of
visual operators is not right or wrong, but only bet-
ter or worse than some other sequence. Thus, in-
stead of learning all-or-none conditions for each opera-
tor, his new approach combines backpropagation with
temporal-difference calculations to induce an evaluation
function from delayed rewards (the scores for parsed im-
ages). His system, which he has tested on both ground-
level imagery and aerial photographs, then uses this
learned metric to direct best-first search through the
space of processed images. This multi-level approach
differs sharply both from most work in visual learning
and most work in the machine learning community.

Adaptive Advisory Systems

Although the central dream of Al is to construct an au-
tonomous intelligent agent, a more realistic near-term
goal is to create intelligent aids for humans. In fact,
much of the 1980’s excitement about ‘expert systems’
has now been replaced by excitement about ‘advisory
systems’, which seem especially appropriate for many
tasks that arise on the World Wide Web. As we have
noted elsewhere (Langley & Simon, 1995), such advi-
sory systems provide ideal environments for learning,
since each decision by the user to accept or override a
system recommendation generates a training case that
it can use to improve future behavior.

Of course, we can divide advisory systems into those
for simple prediction and those for more complex tasks,
just as we can for autonomous systems. Many of
the adaptive Web ‘agents’ under development, includ-
ing most recommendation systems and information re-
trieval systems, fit the former bill and need not concern
us here. But some work in this area has dealt with
multi-step problems that, although giving humans ul-
timate authority, must still deal with many of the core
issues in artificial intelligence.

Perhaps the best example of such work comes from
Schlimmer and Hermen (1993, 1994), who have cham-
pioned the idea of self-customizing software that alters
itself through interaction with its users. Their adaptive
system for form filling learns rules that predict default
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values for some fields based on the values of earlier ones,
and thus greatly reduce keystrokes. Their advisory sys-
tem system for note taking learns a grammar that pre-
dicts the order in which users will enter information,
thus helping them organize their thoughts. Schlimmer
and Hermen’s research has focused on these and other
multi-step tasks that feel much more like Al problems
than information retrieval or product recommendation.

New Problems and New Methods

Clearly, we feel that machine learning researchers would
benefit from focusing more effort on the core problems
of AI, but we have seen that some scientists in this com-
munity have continued to work on natural language,
planning, control, and computer vision. Yet the role of
learning in some other areas of Al has been ignored al-
most entirely both by machine learning researchers and
by scientists in those areas.

Perhaps the most glaring omission of this sort con-
cerns tasks that are typically formulated as constraint-
satisfaction problems. For instance, scheduling has re-
ceived increasing attention in both experimental and
applied Al circles, and there exists a clear role for learn-
ing heuristics to constrain search on large problems.
But there has been almost no research within either the
machine learning or scheduling communities along these
lines. One exception is the work by Eskey and Zweben
(1990), which drew on ideas from earlier approaches to
learning symbolic heuristics for problem solving. More
recently, Zhang and Dietterich (1995) have adapted
methods from reinforcement learning to acquire eval-
uation functions for directing search. Both tested their
methods on complex problems from a NASA scheduling
domain with some success.

Configuration, which is also usually viewed in terms
of constraint satisfaction, is another likely area for the
use of learning, but again there has been almost no
work on this topic by researchers in either community.
The literature includes a few exceptions: Schlimmer
(1991) has used rule-induction methods to learn con-
straints for error checking in computer configuration,
Henessy and Hinkle (1992) have used case-based meth-
ods to learn acceptable layouts for convection ovens,
and Reich and Fenves (1991) have adapted concep-
tual clustering to characterize workable bridge designs.
But given the growing applied interest in configura-
tion tasks, the omission seems almost incredible. Day
(1992) and Minton (1996) have used learning in other
constraint-satisfaction tasks, but again this work is the
exception rather than the rule.

A broader issue, that cuts across many areas, con-
cerns the need for learning at multiple levels. Natu-
ral language processing, image understanding, and plan
generation, at least in their full form, all require compu-



tation at different levels of aggregation, yet most learn-
ing research on these topics deals with only one level.
For example, AI approaches to vision posit levels for ex-
tracting edges, surfaces, primitive objects, and complex
objects. We need to develop new frameworks that let
knowledge acquired at one level of aggregation support
learning at higher levels. One of the best-established
results in machine learning is that appropriate knowl-
edge can aid the learning process, yet this knowledge
must itself be acquired in some fashion. Developing
such multi-level learning systems will require identify-
ing places where knowledge comes into play at each
level and finding sources of training data that can drive
learning.® This in turn will require a relatively com-
plete framework for natural language, vision, or plan-
ning, and enough familiarity with those frameworks to
embed learning.

These new tasks suggest the need for new types of
learning methods, since it seems unlikely that super-
vised techniques or temporal-difference methods will
be able to handle them alone. The cognitive psychol-
ogy literature suggests one key: expert performance al-
most always shadows expert memory, which is typically
explained through the acquisition of chunks (Miller,
1956). Theoretically, chunks are hierarchical struc-
tures made up from other chunks that, ultimately, are
grounded in primitive percepts or actions. Within
machine learning, the notion of macro-operators (e.g,.,
Iba, 1988) come closest to the psychological notion of
chunks, but work on this topic has nearly died out in
recent years.*

However, some research on language learning employs
methods for creating more flexible hierarchical struc-
tures. Wolff (1980), and more recently Stolcke and
Omohundro (1994) and Langley (1995, Chapter 9) re-
port algorithms that construct and merge nonterminal
symbols for context-free grammars, giving rewrite rules
at increasing levels of aggregation. Although they have
tested this idea only on language-learning tasks, the
basic idea should also prove useful in learning problem-
reduction rules for planning and in acquiring complex
motor skills. Such techniques have a quite different
feel from methods for supervised concept induction and
temporal-difference learning.

Another issue is that nearly all research in machine
learning focuses on induction, in which multiple expe-
riences lead to general rules or laws. Yet some forms of

3Laird, Pearson, and Huffman (1995) report a rare ex-
ample of such work, in which they examine learning at the
reactive, deliberate, and reflective levels in a simulated phys-
ical agent.

“Research on chunk creation within the SOAR framework
(Laird, Rosenbloom, & Newell, 1986) is still active, but their
use of ‘chunk’ differs from the standard sense in psychology.

human learning and discovery instead involve increased
understanding of single observations or events. The aim
here is to construct a model that explains some ob-
servation in terms of existing domain knowledge. For
example, upon observing the first pulsar, astronomers
created a model that drew on their knowledge of stars
and physics to explain its anomalous but regular behav-
ior. There has been some work along these lines, such
as that by Shrager (1987) on mechanical devices and
Valdes-Perez (1992) on chemical reactions, but these
are exceptions in a field obsessed with induction rather
than learning in its broader senses.

Prospects for the Future

The goal seems clear: we must find ways to encourage
research in machine learning that makes closer contact
with the central goals of Al and, more broadly, achieve
the same effect in other subareas. The path to this goal
is much less obvious, but we can consider some actions
that should take us in the direction of a more unified
discipline.

The problem is partly technical in nature. The Al
community has divided itself for a good reason — intel-
ligence is a complex phenomenon and the strategy of
divide and conquer make eminent sense in such situa-
tions. In this case, AI has split into subfields that study
basic components of intelligence, such as planning and
language, and basic issues that cut across these compo-
nents, such as representation and learning.

Yet we know from the planning literature that there
is often more than one way to decompose a difficult
problem. A viable alternative would be for Al to par-
tition itself into subfields that focus on constrained do-
mains that require integration of the traditional areas.
Recent progress on mobile robotics, believable agents
that operate in simulated worlds, and intelligent ad-
visory systems have involved such integration efforts,
and their grouping under the ‘agents’ banner is no ac-
cident. However limited in scope, these systems differ
from most AI systems and attract attention because
they actually do something in nontrivial environments.

Another aspect of the problem is sociological. For
various reasons, scientific fields have a natural tendency
to fragment into more specialized areas, and only when
there exist pressures against such division is the process
slowed or reversed. In principle, we could alter this
trend by changing the reward structure for Al research.
For instance, we might bias paper and speaker selection
against those who obtain quick results on simple tasks
in favor of those who place their work in a broader
context, even though their results are more preliminary.
However, this would be difficult to implement, as many
reviewers are recent PhDs trained to believe in their
narrow paradigm.
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Thus, we also need to change our educational pro-
cess. Graduate programs should begin to train AI stu-
dents not just in machine learning or natural language,
but also in knowledge representation, planning, and vi-
sion. New PhDs in artificial intelligence often share
more knowledge about peripheral topics like automata
theory than they do about core issues in the nature of
intelligence. At the very least, students should have
training across a number of areas, but we might go far-
ther and replace the current courses and texts with ones
that encourage integration.

Moreover, education is a continuing process, and we
can complement broader formal training with informal
efforts. Our reviews of submitted papers and our ques-
tions after talks can encourage researchers to address
broader issues, we can recruit invited talks and tuto-
rials that explore relations among ATD’s subfields, and
we can even design conference sessions that cross tra-
ditional boundaries. Only in these ways can we raise
consciousness about the need to move beyond existing
paradigms toward a more unified approach to intelligent
behavior.
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