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Abstract bits that it is fed from its rich world. Example such worlds
include text (pages available on the world wide web) and

How can an entity acquire millions of complex inter- audio, video, and complex sensory streams.

related categories? The process of playimgdiction
gamesmay make this massive learning possible. This

paper briefly describes the games and discusses the ba- Prediction Games
sic philosophy underlying the approach. The abstraction is a single-person game: a system playing
the game in its world (so-called “a game against nature”).
Introduction The world provides an unlimited stream of bits. The goal of

o . . . the system by playing the game is to improve its predictions,
Categorization is fundamental to intelligence (Murphy a5 \e describe below. A picture of the interaction between
2002; Lakoff & Johnson 1999). Without categories, every the system and the world is shown in Figure 1. The world is
experience would be new, and one couldn’t make sense of ¢composed of rich regularities, in terms of categdri€ate-
one’s world. Categorization allows for proper subsequent qories are simply recurring patterns (of bits) with struetu
actions and informs intelligent decisions. Furthermore, & Tne system breaks small segments of its stream into its cur-
entity needs to acquire large numbers of categories, psrhap rent categories, and then hides a category and tries togpredi
millions and beyond, to exhibit increasingly sophisticate  \yhat it is from the surrounding categories. We will use pre-

intelligent behavior. _ diction over a practically unlimited stream of text §, web
A fundamental question is thehpw so many categories pages) as our main source of examples.
may be acquiredMNew categories are to join an operational In the beginning the system can only detect and predict

(working) system, and furthermore to increase the system's |qy |evel(or “wired”) categories. In text, these can be sin-
overall capability. Categories inter-relate in a nqmber of gle characters. However, processes includiogiposition
ways and can be complex. For example, categories can be 5nqgroupingwithin the system, build larger and more com-
compositions of other categories. Thus, fle categoryin  plex categories from existing categories. Thus, short two
the visual domain is a composition of several subcategories gnd three character sequences, and later words and phrases
such as theye and thenose categories. Categories enjoy  pecome categories (formed via composition). Tdigit
various relations (spatial, temporal, functional, ..). e$éa ({0,1,2,---}) and theday-of-week ({ Mon, Tue, - - -}) cat-
d_epeno_lencies present opportunities as well as consigerabl egories are examples of groupingigher levelcategories,
difficulties. For example, such relations may help in €asing  g,ch aphone number andresume, are built from a series

or accelequ_ng categorization. However, apriori, it isyve of grouping and composition operations phone number

hard to anticipate and program them. In particular, it is not g 5 composition of digits, andrasume is a loose composi-
even clear whether manual encoding of such regularities in o of contact-information, education, skills, and so amnd
order to build an operational system is possible. There are ggch of these subcategories may in-turn be composite. Thus

numerous domains that are unfamiliar to humans to varying pigh level categories exhibit sophisticated recursivacstr
degrees, and yet obtaining and use of appropriate categorie {re or regularities.

in such domains would be useful.
These considerations motivate exploring unsupervised, The Approach

long-term, and massive learning approaches, for the goals Our conjecture is that the goal of improving predictions
of achieving the scale of intelligence, in particular sephi ~ can drive the learning processes of composing and group-
ticated pattern recognition and generation, exhibited by ing to create new categories, and of course, learning pre-
higher animals. We are exploring a framework in which diction weights among the categories. In turn, composing
a prediction systemendowed with proper algorithmic pro-  and grouping improve prediction performance. The possi-
cesses, engages in a game of prediction with the stream of ble importance of predictions, for instance in the workings

Copyright(© 2007, Association for the Advancement of Artificial Or the system “sees” it that way: the system repeatedly dis-
Intelligence (www.aaai.org). All rights reserved. cretizes or digitizes its world into categories.
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Figure 1. The world as an infinite stream of bits. The predit8ystem begins by “seeing” the world at low level categorie
(recurring patterns), O's and 1's here. With experiencar(iag), the prediction system sees the world as a streamiggér”
categories (bigger chunks) as well, and may play the gameublifphe levels. Seeing means predicting the next categody a
then (often) determining whether the prediction was truelyervation (matching) and updates.

of the brain, has been much high lighted befagy( (Bal- Potential applications are numerous: a prediction sys-
lard 2000; Hawkins & Blaskeslee 2004)). tem, after a sufficient learning period (in order of days to
We also expect that these functionalities require highly years, in human terms), becomes a highly capable pattern
scalable learning, and thus space and time efficient, and recognition and generation machine. Thus, notable poten-
noise tolerant algorithms are important. Reasons for requi tials include extending the reach of current language mod-
ing scalability include the number of useful categories to eling techniques (Rosenfeld 2000), achieving generakvisu
acquire as well as the challenges of uncertainty and drift. object recognition (Forsyth & Ponce 2003), and generating
The learning processes should remain robust for long du- intericate physical motion. Higher intelligence such as so
rations as the learning will be sequential, cumulative, and phisticated reasoning may also rest heavily on repeated use
long-term. Due to these considerations, we expect that a of such inductively-obtained subsystems. We expect tleat th

systems approads most suitable in thinking about the so-
lution. The system is composed of multiple algorithmic pro-
cess that should work in concert. The system will be func-
tioning primarily online, in order to be able to consume the
data necessary for the learning.

There are numerous challenges in achieving this function-
ality (Madani 2007b), but important observations and con-
jectures that make us optimistic include:

1. Rich worlds provide ample experience sufficient for mas-
sive learning (of millions of categories and their rela-
tions).

. Rich worlds enjoy the type of simplifying regularitiesth
allow for efficient learning.

We expect that the hierarchical properties and near de-
composability of complex categories (Callebaut & Rasskin-
Gutman 2005; Simon 1996) may allow for a type of efficient
learning that is in part “bottom up”. Much has been learned
from machine learning research to date. This should pro-
vide some guidance, in terms of what may be feasible, and
what task formulations to avoid. However, we also expect
that a number of new problems are to be formulated and ef-
fectively tackled, in designing and understanding préalict
systems. We believe that building and exploring such sys-
tems to better expose the issues should be very fruitful at
this point. In our recent work, we describe a system that
achieves some of the functionality, and further discuss cur
rent research directions (Madani 2007a).

problems formulated and solved will also shed insight on the
learning that is taking place in higher animals during their
development.
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