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ART 2: self-organization of stable category recognition
codes for analog input patterns

Gail A. Carpenter and Stephen Grossberg

Adaptive resonance architectures are neural networks that self-organize stable pattern recognition codes in
real-time in response to arbitrary sequences of input patterns. This article introduces ART 2, a class of
adaptive resonance architectures which rapidly self-organize pattern recognition categories in response to
arbitrary sequences of either analog or binary input patterns. In order to cope with arbitrary sequences of
analog input patterns, ART 2 architectures embody solutions to a number of design principles, such as the
stability-plasticity tradeoff, the search-direct access tradeoff, and the match-reset tradeoff. In these archi-
tectures. top-down learned expectation and matching mechanisms are critical in self-stabilizing the code
learning process. A parallel search scheme updates itself adaptively as the learning process unfolds, and
realizes a form of real-time hypothesis discovery, testing, learning, and recognition. After learning self-
stabilizes, the search process is automatically disengaged. Thereafter input patterns directly access their
recognition codes without any search. Thus recognition time for familiar inputs does not increase with the
complexity of the learned code. A novel input pattern can directly access a category if it shares invariant
properties with the set of familiar exemplars of that category. A parameter called the attentional..-igilance
parameter determines how fine the categories will be. If vigilance increases (decreases) due to en..-ironmental
feedback, then the system automatically searches for and learns finer (coarser) recognition categories. Gain
control parameters enable the architecture to suppress noise up to a prescribed level. The architecture's
global design enables it to learn effectively despite the high degree of nonlinearity of such mechanisms.

I. Adaptive Resonance Architectures

Adaptive resonance architectures are neural net-
works that self-organize stable recognition codes in
real time in response to arbitrary sequences of input
patterns. The basic principles of adaptive resonance
theory (ART) were introduced by Grossberg.l A class
of adaptive resonance architectures, called ART 1, has
since been characterized as a system of ordinary differ-
ential equations by Carpenter and Grossberg.2.3
Theorems have been proved that trace the real-time
dynamics of ART 1 networks in response to arbitrary
sequences of binary input patterns. These theorems
predict both the order of search, as a function of the
learning history of the network, and the asymptotic
category structure self-organized by arbitrary se-
quences of binary input patterns. They also prove the
self-stabilization property and show that the system's
adaptive weights oscillate at most once, yet do not get
trapped in spurious memory states or local minima.

This paper describes a new class of adaptive reso-
nance architectures, called ART 2. ART 2 networks
self-organize stable recognition categories in response
to arbitrary sequences of analog (gray-scale, continu-
ous-valued) input patterns, as well as binary input
patterns. Computer simulations are used to illustrate
system dynamics. One such simulation is summarized
in Fig. 1, which shows how a typical ART 2 architecture
has quickly learned to group fifty inputs into thirty-
four stable recognition categories after a single presen-
tation of each input. The plots below each number
show all those input patterns ART 2 has. grouped into
the corresponding category. Equations for the system
used in the simulation are given in Secs. V-VIII.

ART networks encode new input patterns, in part,
by changing the weights, or long-term memory (L TM)
traces, of a bottom-up adaptive filter (Fig. 2). This
filter is contained in pathways leading from a feature
representation field (F J to a category representation
field (Fv whose nodes undergo cooperative and com-
petitive interactions. Such a combination of adaptive
filtering and competition, sometimes called competi-
tive learning, is shared by many other models of adap-
tive pattern recognition and associative learning. See
Grossberg4 for a review of the development of competi-
tive learning models. In an ART network, however, it
is a second, top-down adaptive filter that leads to the
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Fig, 1. Category ~rouping "I' fifty analog input patterns into thirty-
ti'ur rec,'gnition ,'ate~orie,;. Each input pattern I is depicted as a
I'uncti'ln of i Ii = 1,.. .\f), with ,;uccessive Ii values connected by
~trai~ht line.i. Th~ (.ate~()ry structur~ estahlished on one complete
pr~5~ntation of th~ fifty inputs r~mains stable thereafter if the same

inputs are presented again.

input

Fig. 2. Typical ART 1 architecture. Rect:angles represent fields
where STM patterns are stored. Semicirl'!es represent adaptive
filter pathways and arrows represent paths which are not adaptive.
Filled circles represent gain control nuclei, which sum input signal".
Their output paths are nonspecific in the sense that at any given
time a uniform signal is sent to all nodes in a receptor field. Gain
control at F13nd F~ coordinates STM processing with input presen-

tation rate.

crucial property of code self-stabilization. Such top-
down adaptive signals play the role of learned expecta-
tions in an ART system. They enable the network to
carry out attentional priming, pattern matching, and
self-adjusting parallel search. One of the key insights
of the ART design is that top-down attentional and
intentional, or expectation, mechanisms are necessary
to self-stabilize learning in response to an arbitrary
input environment.

The fields F I and F~, as well as the bottom-up and
top-down adaptive filters, are contained within ART's
attentional subsystem (Fig. 2). An auxiliary orienting
subsystem becomes active when a bottom-up input to
F I fails to match the learned top-down expectation
read-out by the active category representation at Fz.
In this case, the orienting subsystem is activated and
causes rapid reset of the active category representation
at F 2. This reset event automatically induces the at-
tentional subsystem to proceed with a parallel search.
Alternative categories are tested until either an ade-
quate match is found or a new category is established.
The search remains efficient because the search strate-
gy is updated adaptively throughout the learning pro-
cess. The search proceeds rapidly, relative to the
learning rate. Thus significant changes in the bottom-
up and top-down adaptive filters occur only when a
search ends and a matched F 1 pattern resonates within
the system. For the simulation illustrated in Fig. 1,
the ART 2 system carried out a search during many of
the initial fifty input presentations.

The processing cycle of bottom-up adaptive filter-
ing, code (or hypothesis) selection, read-out of a top-
down learned expectation, matching, and code reset
shows that, within an ART system, adaptive pattern
recognition is a special case of the more general cogni-
tive process of discovering, testing, searching, learning,
and recognizing hypotheses. Applications of ART
systems to problems concerning the adaptive process-


