Al and Human Cognitidn

Traditionally, Al research has drawn inspiration from human cognition, seeking to

produce similarly intelligent behavior in artificial systems. In my research, I turn

this relationship around, drawing inspiration from the successes of Al, machine learning,

and statistics and using ideas from these disciplines to better understand how human

minds work. Because human beings are
still the standard to which artificial sys-
tems are compared in many contexts, from
learning language to scientific discovery,
this approach also has the potential to pro-
vide new insights that can lead to advances
inAL "

My main interest is in understanding
how people make inductive inferences,
reasoning to underdetermined conclusions
from limited evidence. Despite the notori-
ous difficulty of such inferences, people
make them successfully every day, learn-
ing the meaning of words, recognizing
new causal relationships, and making pre-
dictions about future events with ease. I
try to identify the computational problems
that underlie these inferences, think about
these problems’ optimal solutions, and
examine how well the optimal solutions
correspond to human behavior. Many in-
ductive problems can be formulated as
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problems of statistical inference, so I
often end up evaluating the connection

“between statistical methods developed in

AT and machine learning research and
people’s judgments. Thinking about tasks
that people seem to be able to perform so
effortlessly is a rich source of problems
for which good formal analyses and algo-
rithms have yet to be developed. Because
of this, I spend a lot of time exploring new
statistical methods in their own right.

At present, my research efforts focus on
two inductive problems: learning causal
relationships and learning language. Recent
work in AJ on causal graphical models pro-
vides a great foundation for asking ques-
tions about human causal learning and
makes it possible to define models that
make remarkably accurate quantitative
predictions about people’s judgments.
Learning language is a perennial problem
in both AI and cognitive science, and my
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emphasis has been on developing statistical
models that capture some of the structure
of human languages. In both enterprises,
methods from nonparametric Bayesian sta-
tistics have enabled me and my colleagues
to define statistical models that increase in
complexity as more data becomes avail-
able—something necessary to capture the
scope and flexibility of human cognition.

M y great hope for the future is to see a
closer integration between the studies of
artificial and natural intelligence. Psychol-
ogists were present at the birth of AI, and
computer scientists were present at the
birth of cognitive science. Over the last 50
years, the two disciplines have drifted in
and out of contact with one another. I see
the rigorous formal methods developed in
Al research as intensely valuable to under-
standing human cognition and human cogni-
tion as a guide to solving some of AI’s hard-
est problems. A closer integration between
the two disciplines strikes me as the best
way to develop a deeper understanding of
intelligent systems.







Al and Algorithmic'

Biology

I ’ve taken to calling my research field algorithmic biology—the use of algorithmics and

‘complexity theory to understand the scientific principles that undgrlie' both computa-

tional methods and biological systems. Al has always been interdisciplinary, with one foot

in cognitive science and the other in computer science. Nouvelle Al, as some have called

it, has goals (among others) in animal behav-
ior and robotics. And Artificial Life both
asks deep questions about the nature of liv-

- ing things and perhaps promises new tech-
niques of self-organization, self-repair, and
self-reproduction in engineered systems.

" However, my favorite algorithmic process in

biology isn’t any one of these but rather the -
process that has driven things from one end
of this spectrum to the other: from simple,
self-replicating molecules, through numer-
ous scales of organization, to the vast space
of complex systems that includes intelligent
animals like us. ' 5
Darwin provided the first algorithmic- -
account of how biological complexity has
arisen by showing how heritable variation
and differential reproduction interact to pro-

duce evolution by natural selection. As com-

puter scientists, we recognize this process as
ameans for biology to implement a form of

population-based stochastic local search or -
hill-climbing. Hill-climbing is a simple, easy-

to-understand algorithm that has become
deeply ingrained in evolutionary thinking
in the last 150 years. But is such a trivial
algorithm sufficient to derive all this com-
plexity? As computer scientists, we know
that hill-climbing has limitations.
 Recently, there’s been increasing aware-
ness of some previously underresearched
biological phenomena, including lateral gene
trafisfer,_ endosymbiosis, and mechanisms

~ involved in the major evolutionary transi-

tions.Although such mechanisms act within
natural selection, they present a problem for
the hill-climbing model of adaptation. Ex-
change and fusion of genetic material be-

_tween populations potentially allows innova-

tion that neither ancestral population could
achieve via random modifications within its
own local neighborhood of genotypes. How-
ever, adherence to a simplified algorithmic
paradigm has caused such phenomena to be
treated as curios and squeezed into the hill-
climbing framework as just another form of
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variation: But the space of algorithmic proc-
esses includes more than just hill-climbing,
and biology is pretty open-minded about
using what works. In fact, we can better un-
derstand the biological phenomena mentioned
earlier as a form of a bottom-up divide-and-
conquer process, and this means that they
can evolve systems that are impossible within
the hill-climbing paradigm.

This observation’s significance for both
biology and evolutionary computation is
scalability—in particular, the potential for
adaptation to form assemblages of simpler
units into aggregate units through several
scales of hierarchical complexity. Person-
ally, I think much is still missing in our un-
derstanding of the algorithmic processes in
nature that couple microevolution and mac-
roevolution. Likewise, there is a lot missing
in our ability to make automatic design and
optimization methods that scale up to pro-
vide really sophisticated solutions worthy
of comparison with hand-designed sys-
tems, let alone biological complexity. But
research in both these arenas can benefit
greatly by learning from each other. B
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