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Abstract

In the first part of this paper I argue that the
learning problem facing animats is essentially
that which has been studied as the reinforce-
ment learning problem—the learning of be-
havior by trial and error without an explicit
teacher. A brief overview is presented of the
development of reinforcement learning archi-
tectures over the past decade, with references
to the literature.

The second part of this paper presents Dyna,
a class of architectures based on reinforce-
ment learning but which go beyond trial-and-
error learning. Dyna architectures include a
learned internal model of the world. By in-
termixing conventional trial and error with
hypothetical trial and error using the world
model, Dyna systems can plan and learn opti-
mal behavior very rapidly. Results are shown
for simple Dyna systems that learn from trial
and error while they simultaneously learn a
world model and use it to plan optimal action
sequences. We also show that Dyna architec-
tures are easy to adapt for use in changing
environments.

1 Animats and the Reinforcement
Learning Problem

What is an Animat? An animat is an adaptive system
designed to operate in a tight, closed-loop interaction
with its environment. An animat need not be a learn-
ing system, but often it is; some sense of adaptation of
behavior to variations in the environment is required.

Figure 1 is a representation of the animat problem
as I see it. On some short time cycle, the animat re-
ceives sensory information from the environment and
chooses an action to send to the environment. In ad-
dition, the animat receives a special signal from the
environment called the reward. Unlike the sensory in-
formation, which may be a large feature vector, or the
action, which may also have many components, the re-
ward is a single real-valued scalar, a number. The goal

Animat
Sensory
Input ?Rcward Action
(state)
World

Figure 1. The Reinforcement Learning Problem fac-
ing an Animat. The goal is to maximize cumulative
reward.

of adaptation is the maximization of the cumulative
reward received over time.

This formulation of the animat problem is the same
as that widely used in the study of reinforcement learn-
ing. In fact, reinforcement learning systems can be de-
fined as learning systems designed for and that perform
well on the animat problem as described above. Infor-
mally, we define reinforcement learning as learning by
trial and error from performance feedback—i.e., from
feedback that evaluates the behavior generated by the
animat but does not indicate correct behavior. In the
next section we briefly survey reinforcement learning
architectures.

One might object to the problem formulation ir
Figure 1 on the grounds that all possible goals have
been reduced to a scalar reward. Although this appeare
limiting, in practice it has proved to be a useful way
of structuring the problem. Some examples of goals
formulated in this way are:

o Foraging: Reward is positive for finding food ob-
jects, negative for energetic motion, slightly nega-
tive for standing still.

e Pole-balancing (balancing a pole by applying
forces to its base): The reward is zero while the
pole is balanced, and then becomes -1 if the pole
falls over or if the base moves too far out of
bounds.

e Towers of Hanoi: Reward is positive for reaching
the goal state.



e Recycling Robot: Reward is positive for dropping
soda cans in the recycling bin, negative for bump-
ing into things, more negative for bumping hard
into things, most negative for being yelled at or
for running down the battery, etc.

e Video Game Playing: One unit of reward for every
point scored.

Another reason one might object to the problem
formulation in Figure 1 is that the goal of learning is
defined solely in terms of something (the reward) aris-
ing from the external environment, not from the ani-
mat itself. Often goals do concern the evolution of the
the animat’s own internal state, e.g., its energy reser-
voirs. Fortunately, it appears that most goals, perhaps
all, can be put in the “external reward” form simply by
redrawing the boundary between animat and environ-
ment. For example, if the goal concerns the animat’s
energy reservoirs, then these are considered part of the
environment; if the goal concerns the positions of the
animat’s limbs, then these too can be considered part
of the environment—the animat’s boundary is drawn
at the interface between the limbs and their control
systems. Roughly speaking, things are considered part
of the animat if they are completely, directly, and with
certainty controllable; things are considered part of the
environment if they are not. Since the goal is always
something over which we have imperfect or uncertain
control, it is placed outside the animat.

2 Overview of Reinforcement
Learning Architectures

In this section we review the major steps in the de-
velopment of reinforcement learning architectures over
the last decade. These steps are illustrated by the four
architectures shown in Figure 2.

All reinforcement learning involves the learning of
a mapping from a representation of a situation or state
to an appropriate action (or a probability distribution
over actions) for that situation. This mapping is called
the policy; it specifies what the animat will do in each
situation at its current stage of learning. The simplest
reinforcement learner that one might imagine, then,
would consist only of a policy and a way of adjusting
it based on reward, as shown in Figure 2a. Such ar-
chitectures, in which the policy is the only modifiable
data structure (and, indeed, the only structure at all)
are here called policy-only architectures.

The policy can be implemented in any of a number
of ways. It can be a connectionist neural network, or
a symbolic learning structure such as a decision tree
or lisp program, or a conventional set of statistics such
as is used by maximum-likelihood or nearest-neighbor
techniques. Any of these methods can be used—with
varying advantages and disadvantages—to implement
this and the other modifiable structures (in the other
architectures) shown in Figure 2.

The learning algorithm for the policy must be of
a slightly unusual type. Standard supervised learn-
ing methods such as backpropagation are not sufficient

here, but must be modified, at least slightly, to take
into account the fact that a “target” action is not di-
rectly available. Instead, a form of correlation must
be done between the reward received and the actions
taken by the animat, all with respect to the sensory
input. Actions correlated with high reward have their
probability of being repeated increased, while those
correlated with low reward have their probability de-
creased. Examples of such algorithms for policy-only
architectures can be found in (Farley & Clark, 1954;
Widrow, Gupta & Maitra, 1973; Barto & Sutton, 1981;
Barto & Anandan, 1985).

Policy-only architectures really only work well
when it is clear a priori what constitutes a high re-
ward and what constitutes a low one—for example, if
all high rewards are positive and all low rewards are
negative. Often, however, rewards are not distributed
around a baseline of zero, but around some other, un-
known value. Worse yet, the baseline may change from
state to state. A low reward value in one state may
be the highest attainable in another. To handle such
variations, a baseline value must be learned that is a
function of the state; the actual reward is then com-
pared with the current state’s baseline. This is what is
done in reinforcement-comparison architectures (Fig-
ure 2b). As a baseline, these architectures usually
use a prediction of the reward. The prediction error—
the difference between predicted and actual reward—is
used both as an enhanced, zero-balanced reward signal
for adjusting the policy and as an ordinary error for
learning the reward predictions (Figure 2b). A variety
of reinforcement-comparison algorithms have been ex-
plored and compared (Barto, Sutton & Brouwer, 1981:
Sutton, 1984; Williams & Peng, 1989; Williams, 1986).

Reinforcement comparison architectures are effec-
tive at optimizing immediate rewards, but not at op-
timizing total reward in the long run. The problem is
that actions have two kinds of consequences—they af-
fect the next reward and they affect the next state, but
reinforcement-comparison architectures only take the
first of these into account. Suppose an action produces
high immediate reward but deposits the environment
in a state from which only low reward can be obtained?
In order to optimize long-term reward, these delayec
affects of action must be taken into account.

The adaptive heuristic critic (AHC) architecture,
shown in Figure 2¢, was designed to take such delayeé
effects into account. The predictor of immediate re-
ward has been replaced with a predictor of refurn, &
measure of long-term cumulative reward. For any state
z, the return is formally defined as the expected value
of the sum of all future rewards, discounted by their
delay, given that the systen starts in z:

o0
return(z) = E{Z’y'r“.l xp = z},
t=0

where 9, 0 < 4 < 1, is the discount rate determin-
ing how fast one’s concern for delayed reward falls off
with length of the delay.! The “return predictor” box

1This is analogous to the discount rate in economics—a






