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Abstract. We introduce two new temporal difference (TD) algorithms based on the theory of linear least—
squares function approximation. We define an algorithm we call Least-Squares TD (LS TD) for which we prove
probability—one convergence when it is used with a function approximator linear in the adjustable parameters.
We then define a recursive version of this algorithm, Recursive Least-Squares TD (RLS TD). Although these
new TD algorithms require more computation per time—step than do Sutton’s TD(\) algorithms, they are more
efficient in a statistical sense because they extract more information from training experiences. We describe
a simulation experiment showing the substantial improvement in learning rate achieved by RLS TD in an
example Markov prediction problem. To quantify this improvement, we introduce the TD error variance of a
Markov chain, orp, and experimentally conclude that the convergence rate of a TD algorithm depends linearly
on omp. In addition to converging more rapidly, LS TD and RLS TD do not have control parameters, such as
a learning rate parameter, thus eliminating the possibility of achieving poor performance by an unlucky choice
of parameters.
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1. Introduction

The class of temporal difference (TD) algorithms (Sutton, 1988) was developed to pro-
vide reinforcement learning systems with an efficient means for learning when the con-
sequences of actions unfold over extended time periods. They allow a system to learn
to predict the total amount of reward expected over time, and they can be used for
other prediction problems as well (Anderson, 1988, Barto, et al., 1983, Sutton, 1984,
Tesauro, 1992). We introduce two new TD algorithms based on the theory of linear
least—squares function approximation. The recursive least—squares function approxima-
tion algonthm is commonly used in adaptive control (Goodwin & Sin, 1984) because it
can converge many times more rapidly than simpler algorithms. Unfortunately, extending
this algorithm to the case of TD learning is not straightforward.

We define an algorithm we call Least-Squares TD (LS TD) for which we prove
probability—one convergence when it is used with a function approximator linear in the
adjustable parameters. To obtain this result, we use the instrumental variable approach
(Ljung & Soderstrom, 1983, Soderstrom & Stoica, 1983, Young, 1984) which provides
a way to handle least-squares estimation with training data that is noisy on both the
input and output observations. We then define a recursive version of this algorithm, Re-
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cursive Least-Squares TD (RLS TD). Although these new TD algorithms require more
computation per time step than do Sutton’s TD()) algorithms, they are more efficient
in a statistical sense because they extract more information from training experiences.
We describe a simulation experiment showing the substantial improvement in learning
rate achieved by RLS TD in an example Markov prediction problem. To quantify this
improvement, we introduce the TD error variance of a Markov chain, o, and experi-
mentally conclude that the convergence rate of a TD algorithm depends linearly on oqy.
In addition to converging more rapidly, LS TD and RLS TD do not have control pa-
rameters, such as a learning rate parameter, thus eliminating the possibility of achieving
poor performance by an unlucky choice of parameters.

We begin in Section 2 with a brief overview of the policy evaluation problem for
Markov decision processes, the class of problems to which TD algorithms apply. After
describing the TD()) class of algorithms and the existing convergence results in Sec-
tions 3 and 4, we present the least-squares approach in Section 5. Section 6 presents
issues relevant to selecting an algorithm, and Sections 7 and 8 introduce the TD error
variance and use it to quantify the results of a simulation experiment.

2. Markov Decision Processes

TD()\) algorithms address the policy evaluation problem associated with discrete—time
stochastic optimal control problems refetred to as Markov decision processes (MDPs). An
MDP consists of a discrete—time stochastic dynamic system (a controfled Markov chain),
an immediate reward function, R, and a measure of long—term system performance.
Restricting attention to finite—state, finite—action MDP’s, we let X and A respectively
denote finite sets of states and actions, and P denote the state transition probability
function. At time step ¢, the controller observes the current state, z;, and executes an
action, a;, resulting in a transition to state z;;1 with probability P(z;, ¢+, a.) and the
receipt of an immediate reward 7, = R{x¢, T¢41,a¢). A (stationary) policy is a function
X — A giving the controller’s action choice for each state.

For each policy u there is a value function, V#, that assigns to each state a measure of
long—term performance given that the system starts in the given state and the controller
always uses u to select actions. Confining attention to the infinite~horizon discounted
definition of long—term performance, the value function for 4 1s defined as follows:

Vi) = Eu[z Verelzo = 2],
k=0

where v, 0 < 7y < 1, is the discount factor and E,, is the expectation given that actions
are selected via . (In problems in which one can guarantee that there will exist some
finite time 7 such that 7, = 0 for k& > 7, then one can set v = 1.) The objective of the
MDP is to find a policy, u*, that is optimal in the sense that V#'(z) > V¥(z) for all
xz € X and for all policies p.

Computing the evaluation function for a given policy is called policy evaluation. This
computation is a component of the policy iteration method for finding an optimal policy,
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and it is sometimes of interest in its own right to solve prediction problems, the perspec-
tive taken by Sutton (Sutton, 1988). The evaluation function of a policy must satisfy the
following consistency condition: for all z € X:

Vi) = > Plx,y, u(@)[R(z, y, u(@)) + 7V* ()]
yeX

This is a set of | X| linear equations which can be solved for V# using any of a number
of standard direct or iterative methods when the functions R and P are known. The
TD(A) family of algorithms apply to this problem when these functions are not known.
Since our concern in this paper is solely in the problem of evaluating a fixed policy u, we
can omit reference to the policy throughout. We therefore denote the value function V#
simply as V, and we omit the action argument in the functions R and P. Furthermore,
throughout this paper, by a Markov chain we always mean a finite—state Markov chain.

3. The TD()\) Algorithm

Although any TD()) algorithm can be used with a lookup—table function representation,
it is most often described in terms of a parameterized function approximator. In this
case, V;, the approximation of V' at time step ¢, is defined by V;(z) = f(6;, ¢,), for all
x € X, where 6, is a parameter vector at time step ¢, ¢, is a feature vector representing
state x, and f is a given real-valued function differentiable with respect to 8, for all ¢,.
We use the notation Vy, V() to denote the gradient vector at state x of V; as a function
of 9t-

Table 1. Notation used in the discussion of the TD(\) learning rule.

T, Y,z states of the Markov chain

Tt the state at time step ¢

e the immediate reward associated with the transition from state z: © x¢4+1; 7t =
R(xt, Ti+1 ) .

_ the vector of expected immediate rewards;

r Te = ZyeX Pz, y)R(z,y); 7t = Zyex P(ze, y)R(z:, y)

S the vector of starting probabilities

X’ the transpose of the vector or matrix X

|4 the true value function

bz the feature vector representing state x

bt the feature vector representing state z:. ¢: = ¢g, .

[ the matrix whose z-th row is ¢,.

T the proportion of time that the Markov chain is expected to spend in state =

T the diagonal matrix diag(w)

g* the true value function parameter vector

0: the estimate of §* at time ¢

Vi(z) the estimated value of state z using parameter vector 8;

« the step—size parameter used to update the value of 6,
n(zt) p—S1z€ p p

n(xy) the number of transitions from state x; up to time step ¢.

Using additional notation, summarized in Table 1, the TD()\) learning rule for a dif-
ferentiable parameterized function approximator (Sutton, 1988) updates the parameter
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vector 0; as follows:

14

Ori1 = 0+ ouyay) [ Be + YValzer1) — Vilze) | Z ARG,V ()
k=1

b: + ay(z,) AG:,

where

t
A9, = [ Ry +Vi(miq1) — Vilzo) | Z SARACY
k=1

= [ Re+Ve(zee1) — Valms) ]

and

t

S =Y MRV, Vilak). (1

k=1

Notice that A8, depends only on estimates, V;(z;), made using the latest parameter
values, 6;. This is an attempt to separate the effects of changing the parameters from
the effects of moving through the state space. However, when V; is not linear in the
parameter vector 8; and X\ # 0, the sum %; cannot be formed in an efficient, recursive
manner. Instead, it is necessary to remember the x4 and to explicitly compute Vg, Vi(zk)
for all £ < t. This is necessary because if V; is nonlinear in 6;, Vg, V;(x) depends on
8;. Thus, 3; cannot be defined recursively in terms of ¥;_;. Because recomputing X,
in this manner at every time step can be expensive, an approximation is usually used.
Assuming that the step—size parameters are small, the difference between 0, and 6;_; is
also small. Then an approximation to ¥, can be defined recursively as

Zt = )\Et—l + VQt‘/t(l't>. (2)

If V is linear in 6, then (2) can be used to compute ¥; exactly. No assumptions about
the step—size parameters are required, and no approximations are made.

We will be concerned in this paper with function approximators that are linear in the
parameiers, that is, functions that can be expressed as follows: Vi(x) = ¢,6,, where ¢/,
denotes the transpose of ¢, so that ¢, is the inner product of ¢, and &;. In this case,
(2) becomes

Y = AMe-1 + ¢y,

so that (1) simplifies to

t
Et = Z Ath(bk.
k=1



LINEAR LEAST-SQUARES ALGORITHMS FOR TEMPORAL DIFFERENCE LEARNING 37

1 Select 6.

2 Sett=0.

3 forn=0t oo {

4 Choose a start state z; according to the start—state probabilities given by S.

5 Set A, =0.

6 while z. is not an absorbing state {

7 Let the state change from x; to 2441 according to the Markov chain transition
probabilities.

8 Set A, = A, + A8, where Ad; is given by (3).

9 t=t+1

10 }

11 Update the parameters at the end of trial number n: 0,41 = 0, + o, Ar.

12 }

Figure 1. Trial-based TD(\) for absorbing Markov chains. A trial is a sequence of states generated by the
Markov chain, starting with some initial state and ending in an absorbing state. The variable n counts the
number of trials. The variable k counts the number of steps within a trial. The parameter vector ¢ is updated
only at the end of a trial.

4. Previous Convergence Results for TD(\)

Convergence of a TD(A) learning rule depends on the state representation, {¢;}zex,
and the form of the function approximator. Although TD()\) rules have been used suc-
cessfully with function approximators that are nonlinear in the parameter vector 8, most
notably the use of a multi-layer artificial neural network in Tesauro’s backgammon pro-
grams (Tesauro, 1992), convergence has only been proven for cases in which the value
function is represented as a lookup table or as a linear function of ¢ when the fea-
ture vectors are linearly independent.! Sutton (Sutton, 1988) and Dayan (Dayan, 1992)
proved parameter convergence in the mean under these conditions, and Dayan and Se-
jnowski (Dayan & Sejnowski, 1994) proved parameter convergence with probability 1
under these conditions for TD(X) applied to absorbing Markov chains in a trial-based
manner, i.e., with parameter updates only at the end of every trial. A trial is a sequence
of states generated by the Markov chain, starting with some initial state and ending in
an absorbing state. The start state for each trial is chosen according to a probability
distribution S. Figure 1 describes this algorithm. Since parameter updates take place
only at the end of each trial, Af; must be defined somewhat differently from above:

4
A8 = [ Re+ 8 de — 0n0e | DX o, 3)
k=1

where 7 is the trial number and ¢ is the time step. The parameter vector 8, is held
constant throughout trial n, and is updated only at the end of each trial.
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Less restrictive theorems have been obtained for the TD(0) algorithm by considering
it as a special case of Watkins’ (Watkins, 1989) Q-learning algorithm. Watkins and
Dayan (Watkins & Dayan, 1992), Jaakkola, Jordan, and Singh, (Jaakkola, et al., 1994),
and Tsitsiklis (Tsitsiklis, 1993) note that since the TD(0) learning rule is a special case
of @-learning, their probability—one convergence proofs for ()-learning can be used to
show that on—line use of the TD(0) learning rule (i.e., not trial-based) with a lookup—
table function representation converges to V' with probability 1. Bradtke (Bradtke, 1994)
extended Tsitsiklis’ proof to show that on-line use of TD(0) with a function approximator
that is linear in the parameters and in which the feature vectors are linearly independent
also converges to V' with probability 1.

Bradtke also proved probability—one convergence under the same conditions for a
normalized version of TD(0) that he called NTD(0) (Bradtke, 1994). Bradtke also defined
the NTD()\) family of learning algorithms, which are normalized versions of TD()). As
with similar learning algorithms, the size of the input vectors ¢, can cause instabilities in
TD(A) learning until the step—size parameter, ¢, is reduced to a small enough value. But
this can make the convergence rate unacceptably slow. The NTD(A) family of algorithms
addresses this problem. Since we use NTD(A) in the comparative simulations presented
below, we define it here.

The NTD(\) learning rule for a function approximator that is linear in the parameters
is

t

& Pk
9t+1 =g + ai(It) Rt + 79,¢t+1 - 9,¢t /\t k—,
' [ t ] kz_—-:l €+ ¢y bk

C))
where ¢ is some small, positive number. If we know that all of the ¢; are non—zero, then
we can set € to zero. The normalization does not change the directions of the updates;
it merely bounds their size, reducing the chance for unstable behavior.

5. A Least-Squares Approach to TD Learning

The algorithms described above require relatively little computation per time step, but
they use information rather inefficiently compared to algorithms based on the least—
squares approach. Although least-squares algorithms require more computation per time
step, they typically require many fewer time steps to achieve a given accuracy than do
the algorithms described above. This section describes a derivation of a TD learning
rule based on least-squares techniques. Table 2 summarizes the notation we use in this
section.

5.1. Linear Least-Squares Function approximation

This section reviews the basics of linear least—squares function approximation, including
instrumental variable methods. This background material leads in the next section to a
least—squares TD algorithm. The goal of linear least—squares function approximation is
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Table 2. Notation used throughout this section in the discussion of Least—Squares algorithms.

N4 ¥ : R” —— R, the linear function to be approximated

wi wi € R, the observed input at time step ¢

Py 1 € R, the observed output at time step ¢

Nt ¢ € R, the observed output noise at time step ¢

wi Wt = wy + (t, the noisy input observed at time ¢

< {t € R™, the input noise at time step t

Cor(x,y) Cor(z,y) = F {zy’}, the correlation matrix for random variables = and y
Pt pt € R™, the instrumental variable observed at time step ¢

to linearly approximate some function ¥ : ®® — R given samples of observed inputs
we € RN™ and the corresponding observed outputs 3, € R. If the input observations are
not corrupted by noise, then we have the following situation:

Ve = Wlwe) +
= w0 +n, 5)
where 6* is the vector of true (but unknown) parameters and 7, is the output observation
noise.

Given (5), the least—squares approximation to #*at time ¢ is the vector 6, that minimizes
the quadratic objective function

t

> e — wibd]”

k=1

Jt:

k| e

Taking the partial derivative of J; with respect to 8,, setting this equal to zero and solving
for the minimizing &; gives us the * estimate for 8,

¢ ~1 t
1 1
0 = ; kz_l wkw;c ; kE_l Witk | - (6)

The following lemma, proved in ref. (Young, 1984), gives a set of conditions under
which 8, as defined by (6) converges in probability to 6*:

LemMA 1 If the correlation matrix Cor(w,w) is nonsingular and finite, and the output
observation noise ny, is uncorrelated with the input observations wg, then 0, as defined
by (6) converges in probability 10 0*.

Equation (5) models the situation in which observation errors occur only on the output.
In the more general case, the input observations are also noisy. Instead of being able to
directly observe w,, we can only observe w; = w; + (;, where (; is the input observation
noise vector at time ¢. This is known as an errors—in—variables situation (Young, 1984).
The following equation models the errors—in—variables situation:

Yy = Yl(w) + 1
= V(W —G)+m
= W = O+ )
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The problem with the errors—in—variables situation is that we cannot use @, instead of
wy in (6) without violating the conditions of Lemma (1). Substituting @; directly for w,
in (6) has the effect of introducing noise that is dependent upon the current state. This
introduces a bias, and 8; no longer converges to 8*. One way around this problem is
to introduce instrumental variables (Ljung & Soderstrom, 1983, Séderstrom & Stoica,
1983, Young, 1984). An instrumental variable, p;, is a vector that is correlated with
the true input vectors, wy, but that is uncorrelated with the observation noise, (;. The
following equation is a modification of (6) that uses the instrumental variables and the
noisy inputs:

T -1 1
6’t=[;;ﬂk®1’c} {Z;Pk¢k

The following lemma, proved in ref. (Young, 1984), gives a set of conditions under
which the introduction of instrumental variables solves the errors—in—variables problem.

®)

LEMMA 2 If the correlation matrix Cor(p,w) is nonsingular and finite, the correlation
matrix Cor(p,() = 0, and the output observation noise 1, is uncorrelated with the
instrumental variables p,, then 8; as defined by (8} converges in probability to 8*.

5.2. Algorithm LS TD

Here we show how to use the instrumental variables method to derive an algorithm
we call Least—Squares TD (LS TD), a least—squares version of the TD algorithm. The
TD algorithm used with a linear—in—the-parameters function approximator addresses the
problem of finding a parameter vector, ¢, that allows us to compute the value of a state
z as V(z) = ¢,0*. Recall that the value function satisfies the following consistency
condition:

V(z) = > P(z,9)[R(z,y) +V(y)]
yGX

> P(z,y)R(z,y) +7 Y, Pz, y)V(y)
yeX yeX

= +7 > Pl.y)V(y),

yEX

where 7,is the expected immediate reward for any state transition from state . We can
rewrite this in the form used in Section 5.1 as

o= V(@) —v Y Pla,y)V(y)
yEX

$,6" —7 > Pz, y)¢,0"
yEX
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= (¢ =7 Y_ Plz,y)e,)'6", ©)
yeX

for every state £ € X. Now we have the same kind of problem that we considered
in Section 5.1. The scalar output, 7., is the inner product of an input vector, ¢, —
07 ZyEX P(z,y)¢y, and the true parameter vector, §*.

For each time step ¢, we therefore have the following equation that has the same form
as (5):

Te = (¢t~ Z P(z1,y)¢y) 0" + (re — 71), (10
veX

where 7, is the reward received on the transition from z; to z;41. (r; — 7¢) corresponds
to the noise term 7; in (5). The following lemma, proved in Appendix A, establishes
that this noise term has zero mean and is uncorrelated with the input vector w; =

bt =72 e x Plze, y)dy:

LeEMMA 3 For any Markov chain, if x and y are states such that P(x,y) > 0,
with 1y = Rz, y) — 7 and wy, = (5 — VZyeX P(z,y)¢y), then E{n} = 0, and
Cor{w,n) = 0.

Therefore, if we know the state transition probability function, P, the feature vector
¢z, for all z € X, if we can observe the state of the Markov chain at each time step,
and if Cor{w,w) is nonsingular and finite, then by Lemma (1) the algorithm given by
(6) converges in probability to 6*.

In general, however, we do not know P, {¢}ex, or the state of the Markov chain
at each time step. We assume that all that is available to define 8; are ¢;, ¢+41 and 7.
Instrumental variable methods allow us to solve the problem under these conditions. Let

Wy = ¢y — Yopry1, and § = ZyEX P(xy,y)¢y — Yo1+1- Then we can observe

W = Py — YPra1

= (3= D>, Pla,y)dy) + (v > P, v)dy — ¥Prs1)
yEX yEX

= wy + C.h

with wy = ¢¢ — WZyEX Pz, y)py and §; = ’Yzyex P(z4,y)py — 7141 We see,
then, that the problem fits the errors—in—variables situation. Specifically, the following
equation in the form of (7) is equivalent to the consistency condition (9):

e = (s — Y1) 0" — (v Z P2, y)py — vhr41)'0" + (re — T2).
yEX

Following Section 5.1, we introduce an instrumental variable, p;, to avoid the asymp-
totic bias introduced by errors—in—variables problems. The following lemma, which is
proved in Appendix A, shows that p, = ¢, is an instrumental variable because it is
uncorrelated with the input observation noise, (;, defined above:
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1 Sett=0.

2 repeat forever {

3 Set z; to be a start state selected according to the probabilities given by S.

4 while x, is not an absorbing state {

5 Let the state change from x; to z:41 according to the Markov chain
transition probabilities.

6 Use (11) to define 6;.

7 t=1t+1.

8 }

9 }

Figure 2. Trial-based LS TD for absorbing Markov chains. A trial is a sequence of states that starts at some
start state, follows the Markov chain as it makes transitions, and ends at an absorbing state.

LEMMA 4 For any Markov chain, if (1) x and y are states such that P(x,y) > 0; (2)

ny = PYZZEX P(Q:v Z)¢z - ’Y¢y; (3) Nzy = R(:va) — Ty, and (4) pz = ¢z, then (1)
Cor(p,n) = 0; and (2) Cor(p,{) = 0.

Using ¢, as the instrumental variable, we rewrite (8) to obtain the LS TD algorithm:

0 = [ 150 dr(dr —voren) ]| [ L6 dure | - (11)

Figure 2 shows how (8) can be used as part of a trial-based algorithm to find the
value function for an absorbing Markov chain. Figure 3 shows how (8) can be used as
part of an algorithm to find the value function for an ergodic Markov chain. Learning
takes place on-line in both algorithms, with parameter updates after every state tran-
sition. The parameter vector f; is not well defined when ¢ is small since the matrix
[15 _ 6k(dk — Ydrs1)' ] is not invertible.

The LS TD algorithm has some similarity to an algorithm Werbos (Werbos, 1990)
proposed as a linear version of his Heuristic Dynamic Programming (Lukes, et al., 1990,
Werbos, 1987, Werbos, 1988, Werbos, 1992). However, Werbos’ algorithm is not amen-
able to a recursive formulation, as is LS TD, and does not converge for arbitrary initial
parameter vectors, as does LS TD. See ref. (Bradtke, 1994).

It remains to establish conditions under which LS TD converges to #*. According to
Lemma 2, we must establish that Cor{p,w) is finite and nonsingular. We take this up in
the next section.

5.3. Convergence of Algorithm LS TD

In this section we consider the asymptotic performance of algorithm LS TD when used
on-line to approximate the value functions of absorbing and ergodic Markov chains.
The following lemma, proved in Appendix A, starts the analysis by expressing s =
lim;.., o 8, the limiting estimate found by algorithm LS TD for 8%, in a convenient form.
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1 Sett=0.

2  Select an arbitrary initial state, x¢.

3 repeat forever {

4 Let the state change from z; to z:41 according to the Markov chain transi-
tion probabilities. '

5 Use (11) to define ;.

6 t=t+1.

7}

Figure 3. LS TD for ergodic Markov chains.

LEMMA 5 For any Markov chain, when (1) 0, is found using algorithm LS TD; (2)
each state x € X is visited infinitely often; (3) each state x € X is visited in the long
run with probability 1 in proportion n,; and (4) [D'II(I — vP)®] is invertible, where ®
is the matrix of whose T—th row is ¢, and 11 is the diagonal matrix diag(r), then

B = [B'TI(T — vP)®) " [&'T17)
with probability 1.

The key to using Lemma 5 lies in the definition of 7m;: the proportion of time that the
Markov chain is expected to spend over the long run in state x. Equivalently, 7, is the
expected proportion of state transitions that take the Markov chain out of state z. For an
ergodic Markov chain, 7, is the invariant, or steady—state, distribution associated with
the stochastic matrix P (Kemeny & Snell, 1976). For an absorbing Markov chain, 7, is
the expected number of visits out of state x during one transition sequence from a start
state to a goal state (Kemeny & Snell, 1976). Since there are no transitions out of a goal
state, m, = 0 for all goal states. These definitions prepare the way for the following
two theorems. Theorem 1 gives conditions under which LS TD as used in Figure 2 will
cause 0, ¢, to converge with probability 1 to 8 when applied to an absorbing Markov
chain. Theorem 2 gives conditions under which LS TD as used in Figure 3 will cause
9. to converge with probability 1 to 8 when applied to an ergodic Markov chain.

THEOREM 1 (CONVERGENCE OF LS TD FOR ABSORBING MARKOV CHAINS)
When using LS TD as described in Figure 2 to estimate the value function for an absorb-
ing Markov chain, if (1) S is such that there are no inaccessible states; (2) R(z,y) =0
whenever both x,y € T, the set of absorbing states; (3) the set of feature vectors repre-
senting the non-absorbing siates, {¢, | x € N'}, is linearly independent; (4) ¢, = 0 for
all z € T, (5) each ¢ is of dimension m = |N|,; and (6) 0 < v < 1; then 6* is finite
and the asymptotic parameter estimate found by algorithm LS TD, 8, ¢, converges with
probability 1 to 8 as the number of trials (and state transitions) approaches infinity.

Different conditions are required in the absorbing and ergodic chain cases in order to
meet the conditions of Lemma 5. The conditions required in Theorem 1 are generaliza-
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tions of the conditions required for probability 1 convergence of TD(A) for absorbing
Markov chains. The conditions required in Theorem 2 are much less restrictive, though
the discount factor v must be less than 1 to ensure that the value function is finite.

THEOREM 2 {CONVERGENCE OF LS TD FOR ERGODIC MARKOV CHAINS)

When using LS TD as described in Figure 3 to estimate the value function for an ergodic
Markov chain, if (1) the set of feature vectors representing the states, {¢, | x € X}, is
linearly independent; (2) each ¢, is of dimension N = | X|; (3) 0 <~ < 1; then 0% is
finite and the asymptotic parameter estimate found by algorithm LS TD, 6 s, converges
with probability 1 to 8 as the number of state transitions approaches infinity.

Theorems 1 and 2 provide convergence assurances for .S TD similar to those provided
by Tsitsiklis (Tsitsiklis, 1993) and Watkins and Dayan (Watkins & Dayan, 1992) for the
convergence of TD(0) using a lookup—table function approximator.

Proof of Theorem 1: Condition (1) implies that, with probability 1, as the total number
of state transitions approaches infinity, the number of times each state x € X is visited
approaches infinity. Since this is an absorbing chain, we have with probability 1 that the
states are visited in proportion 7 as the number of trials approaches infinity. Therefore,
by Lemma 5, we know that with probability 1

b = [O'TI(I — vP)®] " [&'TIF,

assuming that the inverse exists.

Conditions (3), (4), and (5) imply that ® has rank m, with row x of ® consisting of all
zeros for all x € 7. Condition (1) implies that II has rank m. Row z of II consists of
all zeros, for all x € 7. ® has the property that if all rows corresponding to absorbing
states are removed, the resulting submatrix is of dimensions (m x m) and has rank m.
Call this submatrix A. II has the property that if all rows and columns corresponding to
absorbing states are removed, the resulting submatrix is of dimensions (m x m) and has
rank m. Call this submatrix B. (I — vP) has the property that if all rows and columns
corresponding to absorbing states are removed, the resulting submatrix is of dimensions
(m x m) and has rank m (Kemeny & Snell, 1976). Call this submatrix C. It can be
verified directly by performing the multiplications that [®'II{I — vP)®] = [A’BCA)].
Therefore, [®'TI(] — vP)®] is of dimensions (m x m) and has rank m. Thus, it is
invertible.

Now, (9) can be rewritten using matrix notation as

F— (I - yP)®6". (12)

This, together with conditions (2) and (6), implies that 8* is finite. Finally, substituting
(12) into the expression for & ¢, gives us

b = [OTI(I — vP)B) ™" [$T(1 — vP)B] 6"
= g*.

Thus, 6,¢, converges to 8* with probability 1. [
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Proof of Theorem 2: Since this is an ergodic chain, as ¢ approaches infinity we have
with probability 1 that the number of times each state x € X is visited approaches
infinity. We also have with probability 1 that the states are visited in the long run in
proportion 7. Ergodicity implies that 7, > 0 for all x € X. Therefore, II is invertible.
Condition (3) implies that (I —~P) is invertible. Conditions (1) and (2) imply that ® is
invertible. Therefore, by Lemma 5, we know that with probability 1

O = [®'TI(I — vP)®] " [®'TIF] .

Condition (3) together with Equation (12) imply that 6* is finite. And, as above,
substituting (12) into the expression for 6, ¢, gives

b = [V'TI(T — vP)®] ™" [@'TL({I — vP)®] 6*
= g*.

Thus, 6,¢m, converges to 8* with probability 1. [ ]

5.4. Algorithm RLS TD

Algorithm LS TD requires the computation of a matrix inverse at each time step. This
means that LS TD has a computational complexity of O(m?), assuming that the state
representations are of length m. We can use Recursive Least—Squares (RLS) techniques
(Goodwin & Sin, 1984, Ljung & Soderstrom, 1983, Young, 1984) to derive a modified
algorithm, Recursive Least-Squares TD (RLS TD), with computational complexity of
O(m?). The following equation set specifies algorithm RLS TD:

e = Re— (¢ — ’Y¢t+1)'9t—1 (13)
Ci10:(Pr — ¥be41) Cimy

C, = Ciy — 14

' =Ty (fs — YPe41) Cro1 6y (14)

0, = Oy + Ci- evdr- (15)

14+ (¢ ~ 79t+1)'Cio10¢

Notice that (15) is the TD(0) learning rule for function approximators that are linear in
the parameters, except that the scalar step—size parameter has been replaced by a gain
matrix. The user of an RLS algorithm must specify 6y and Cy. C, is the t* sample
estimate of +Cor(p, @)~", where p and & are defined as in Section 5.2. Cy? is typically
chosen to be a diagonal matrix of the form §I, where 3 is some large positive constant.
This ensures that Cy, the initial guess at the correlation matrix, is approximately 0, but
is invertible and symmetric positive definite.

The convergence of RLS TD requires the same conditions as algorithm LS TD, plus
one more. This is Condition A.1, or equivalently, Condition A.2:

Condition A.1: [Cg 'y Z}i:l pkdzjg] must be non-singular for all times ¢.

Condition A.2: [1 + &[C;_1p;] # 0 for all times t.
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Under the assumption that the conditions A.1 and A.2 are maintained, we have that

‘ -1
C, = {00—1 +3 pkdjf{l
k=1

and that

‘ -1

Col + > pri,
k=1

1 1< 1 1<
—cyt+ = E PRy —Cil0y + - E : )
: Co + F 2 Pkwk] ; Co o + P 2 pk"/’k:l

If the conditions A.1 and A.2 are not met at some time g, then all computations made
thereafter will be polluted by the indeterminate or infinite values produced at time ¢y3. The
non-recursive algorithm LS TD does not have this problem because the computations
made at any time step do not depend directly on the results of computations made at
earlier time steps.

0, =

t
Co'Oo+ Y pwk}

k=1

Ii

5.5. Dependent or Extraneous Features

The value function for a Markov chain satisfies the equation
v=[1-yP] '

When using a function approximator linear in the parameters, this means that the param-
eter vector § must satisfy the linear equation

®6=[I—yP] "7 (16)
In this section, the rows of ® consist only of the feature vectors representing the non—
absorbing states, and V only includes the values for the non—absorbing states. This is
not essential, but it makes the discussion much simpler. Let n = |[A/| be the number of
non—absorbing states in the Markov chain. Matrix ® has dimension n x m, where m is
the length of the feature vectors representing the states.

Now, suppose that rank{®) = m < n. Dayan (Dayan, 1992) shows that in this
case trial-based TD(A) (Figure 1) converges to [®'TI(] — vP)®] ™" [®'TIR] for A = 0.
This is the same result we achieved in Lemma 5, since m = rank(®) if and only if
[®'TI(I — vP)®] is invertible?. The proofs of Theorems 1 and 2 show convergence of
b5 to [®TI(] — vP)®] [®'IIR] as a preliminary result. Thus, 6. converges for
both absorbing and ergodic chains as long the assumptions of Lemma (5) are satisfied.

Suppose, on the other hand, that rank(®) = n < m. This means that the state repre-
sentations are linearly independent but contain extraneous features. Therefore, there are
more adjustable parameters than there are constraints, and an infinite number of param-
eter vectors & satisfy (16). The stochastic approximation algorithms TD()\) and NTD())
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converge to some & that satisfies (16). Which one they find depends on the order in which

.. . £ .
the states are visited. LS TD does not converge, since | 23k Pk(Bk — YPr41)’ ]is
not invertible in this case. However, RLS TD converges to some # that satisfies (16). In
this case, too, the 8 to which the algorithm converges depends on the order in which the
states are visited.

6. Choosing an Algorithm

When TD(A) and NTD()) algorithms are used with function approximators that are linear
in the parameters, they involve O(m) costs at each time step when measured either in
terms of the number of basic computer operations, or in terms of memory requirements,
where m is the length of the feature vectors representing the states. Algorithm LS TD’s
costs are O(m?) in time and O(m?) in space at each time step, while RLS TD’s are
O(m?2) in both time and space. TD(X) and NTD()) are clearly superior in terms of cost
per time step. However, LS TD and RLS TD are more efficient estimators in the statistical
sense. They extract more information from each additional observation. Therefore, we
would expect LS TD and RLS TD to converge more rapidly than do TD()) and NTD()).
The use of LS TD and RLS TD is justified, then, if the increased costs per time step are
offset by increased convergence rate.

The performance of TD()\) is sensitive to a number of interrelated factors that do
not affect the performance of either LS TD or RLS TD. Convergence of TD()\) can be
dramatically slowed by a poor choice of the step—size (@) and trace (\) parameters. The
algorithm can become unstable if o is too large, causing 6, to diverge. TD()) is also
sensitive to the norms of the feature vectors representing the states. Judicious choice of
and A can prevent instability, but at the price of decreased learning rate. The performance
of TD(]) is also sensitive to ||fp—8*||, the distance between 8* and the initial estimate for
g*. NTD(}) is sensitive to these same factors, but normalization reduces the sensitivity.
In contrast, algorithms LS TD and RLS TD are insensitive to all of these factors. Use
of LS TD and RLS TD eliminates the possibility of poor performance due to unlucky
choice of parameters.

The transient behavior of a learning algorithm is also important. TD()\) and NTD(})
remain stable (assuming that the step-size parameter is small enough) no matter what
sequence of states is visited. This is not true for LS TD and RLS TD. If C; ! =
[C’O_ Ty ZZ=1 pkc?);] is ill-conditioned or singular for some time ¢, then the estimate
8; can very far from 6*. LS TD will recover from this transient event, and is assured
of converging eventually to 6*. The version of RLS TD described in Section 5.4 will
not recover if C; ! is singular. It may or may not recover from an ill-conditioned C; 1,
depending on the machine arithmetic. However, there are well-known techniques for
protecting RLS algorithms from transient instability (Goodwin & Sin, 1984).

TD(A), NTD(A), and RLS TD have an advantage over LS TD in the case of extraneous

features, as discussed in Section 5.5. TD(A), NTD()), and RLS TD converge to the
correct value function in this situation, while LS TD does not.
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None of the factors discussed above makes a definitive case for one algorithm over
another in all situations. The choice depends finally on the computational cost structure
imposed on the user of these algorithms.

7. The TD Error Variance

One of the interesting characteristics of the TD error term,
em(fi—1) = Ry + 9, 10t-1 — 10:—1,

is that it does not go to zero as @; converges to 6*, except in the trivial case of a
deterministic Markov chain. This is readily verified by inspection of (10). We define the
TD error variance, o, of a Markov chain as follows:

om = E{en(6")*}
= FE { [Rt + ’Y¢i+19* - ¢40*]2}

= Y m S Py [Riz,y) + 19,07 — 6,67
mGX yEX

o 18 the variance of the TD error term under the assumptions that 8, has converged to §*,
and that the states (and the corresponding TD errors) are sampled on-line by following a
sample path of the Markov chain. o, is a measure of the noise that cannot be removed
from any of the TD learning rules (TD(A), NTD()\), LS TD, or RLS TD), even after
parameter convergence. It seems reasonable to expect that experimental convergence
rates depend on oqp.

8. Experiments

This section describes two experiments designed to demonstrate the advantage in conver-
gence speed that can be gained through using least—squares techniques. Both experiments
compare the performance of NTD()) with that of RLS TD in the on-line estimation of
the value function of a randomly generated ergodic Markov chain, the first with five states
and the second with fifty states (see Appendix B for the specification of the smaller of
the Markov chains). The conditions of Theorem 2 are satisfied in these experiments,
so that the lengths of the state representation vectors equal five and fifty respectively in
the two experiments. In a preliminary series of experiments, not reported here, NTD())
always performed at least as well as TD(A), while showing less sensitivity to the choice
of parameters, such as initial step size. Appendix C describes the algorithm we used
to set the step size parameters for NTD(A). Figures 4, 5, and 6 show the experimental
results.

The z-axis of Figure 4 measures the TD error variance of the test Markov chain, which
was varied over five distinct values from o, = 107! through o, = 102 by scaling the
cost function R. The state transition probability function, P, and the state representations,
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Figure 4. Comparison of RLS TD and NTD(A) on a randomly generated 5 state ergodic Markov chain. The
z-axis measures the TD error variance of the test Markov chain, which was varied over five distinct values from
o = 107! through o = 10® by scaling the cost function R. The y-axis measures the average convergence
time over 100 training runs of on-line leaming. There was one time step counted for each interaction with
the environment. The parameter vector was considered to have converged when the average of the error
|0 — 6~ i, fell below 10~2 and stayed below this value thereafter. Graph A shows the performance of RLS
TD. Graph B shows the performance of NTD()) where ||8g — 6*||, = 1. Graph C shows the performance of
NTD()\) where ||8p — 8*||, = 2.
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Figure 5. Performance of RLS TD on a randomly generated 50 state ergodic Markov chain. The x-axis
measures the TD error variance of the test Markov chain, which was varied over five distinct values from
o = 10~ through o = 103 by scaling the cost function R. The y-axis measures the average convergence
time over 100 training runs of on-line learning. The parameter vector was considered to have converged when
the average of the error ||6; — 8|, fell below 102 and stayed below this value thereafter.
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Figure 6. Learning curves for RLS TD (solid) and NTD()) (dashed) on a randomly generated 50 state ergodic
Markov chain, for o = 1. The x-axis measures the number of state transitions, or the number of time steps.
The y-axis measures the average parameter error over 100 training runs of on-line learning. The parameter
error was defined as {|0; — 6*|| .
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®, were left unchanged. The y-axis of Figure 4 measures the average convergence time
over 100 training runs of on-line learning. This was computed as follows. For each of
the 100 training runs, ||6; — 6|, was recorded at each time step (where || - ||c denotes
the .. or max, norm). These 100 error curves were averaged to produce the mean error
curve. Finally, the mean error curve was inspected to find the time step ¢ at which the
average error fell below 1072 and stayed below 10~ for all the simulated times steps
thereafter.

Graph A of Figure 4 shows the performance of RLS TD. The other two graphs show
the performance of NTD(A) given different initial values for 63. Graph B shows the
performance of NTD(A) when 0y was chosen so that ||y — 8||, = 1 (where || - |2
denotes the I3, or Buclidean, norm). Graph C shows the performance of NTD()) when
o was chosen so that ||y — 6*]|, = 2. One can see that the performance of NTD()\)
is sensitive to the distance of the initial parameter vector from 6*. In contrast, the
performance of RLS TD is not sensitive to this distance (83 for Graph A was the same
as that for Graph B). The performance of NTD()) is also sensitive to the settings of
four control parameters: A, o, ¢, and 7. The parameters ¢ and 7 govern the evolution
of the sequence of step—size parameters (see Appendix C). A search for the best set
of control parameters for NTD(A) was performed for each experiment in an attempt to
present NTD()) in the best light.> The control parameter ¢ (see Equation 4) was held
constant at 1.0 for all experiments.

Figure 4 shows a number of things. First, RLS TD outperformed NTD() at every level
of orp,. RLS TD always converged at least twice as fast as NTD()), and did much better
than that at lower levels of or,. Next, we see that, at least for RLS TD, convergence
time is a linear function of o, increase oq, by a factor of 10, and the convergence
time can be expected to increase by a factor of 10. This relationship is less clear for
NTD(A), although the curves seem to follow the same rule for larger o.,. It appears that
the effect of the initial distance from @ to 8%, ||y — 6*||,, is significant when o, is small
but becomes less important, and is finally eliminated, as 0., increases.

Figures 5 and 6 present the results of repeating the experiment described above for
a randomly generated ergodic Markov chain with fifty states. Each state of this larger
Markov chain has a possible transition to five other states, on average. Figure 5 shows
that the convergence rates for RLS TD follow the same pattern seen in Figure 4: the
convergence time rises at the same rate o, rises. We attempted to experimentally test
the convergence times of NTD(A) on this problem as we did on the smaller problem.
However, we were unable to achieve convergence to the criterion (|{f; — 8*]|_, < 1072)
for any value of op, or any selection of the parameters A\, g, ¢, and 7. Figure 6
compares the learning curves generated by RLS TD and NTD()) for o, = 1. The
parameters governing the behavior of NTD(\) were the best we could find. After some
initial transients, RLS TD settles very rapidly toward convergence, while NTD()\) settles
very slowly toward convergence, making almost no progress for tens of thousands of time
steps. These results indicate that the relative advantage of using the RLS TD algorithm
may actually improve as the size of the problem grows, despite the order O(m?) cost
required by RLS TD at each time step.
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The results shown in Figures 4, 5, and 6 suggest that the use of RLS TD instead
of TD(A\) or NTD()\) is easily justified. RLS TD’s costs per time step are an order of
m = | X| more expensive in both time and space than the costs for TD(A) or NTD(\).
However, in the example problems, RIS TD always converged significantly faster than
TD(A) or NTD(\), and was at least an order of m faster for smaller o,. RLS TD has the
significant additional advantage that it has no control parameters that have to be adjusted.
In contrast, it required a very extensive search to select settings of the control parameters
o, ¢, and 7 of NTD(A) to show this algorithm in a good light.

9. Concluasion

We presented three new TD learning algorithms, NTD(A), LS TD, and RLS TD, and
we proved probability 1 convergence for these algorithms under appropriate conditions.
These algorithms have a number of advantages over previously proposed TD learning al-
gorithms. NTD(X) is a normalized version of TD(\) used with a linear—in—the—parameters
function approximator. The normalization serves to reduce the algorithm’s sensitivity to
the choice of control parameters. LS TD is a Least—Squares algorithm for finding the
value function of a Markov chain. Although LS TD is more expensive per time step
than the algorithms TD(A) and NTD(}), it converges more rapidly and has no control
parameters that need to be set, reducing the chances for poor performance. RLS TD is
a recursive version of LS TD.

We also defined the TD error variance of a Markov chain, 0. o 1S a measure of
the noise that is inherent in any TD learning algorithm, even after the parameters have
converged to #*. Based on our experiments, we conjecture that the convergence rate of a
TD algorithm depends linearly on o, (Figure 4). This relationship is very clear for RLS
TD, but also seems to hold for NTD()) for larger opp.

The theorems concerning convergence of LS TD (and RLS TD) can be generalized
in at least two ways. First, the immediate rewards can be random variables instead of
constants. R(z,y) would then designate the expected reward of a transition from state
z to state y. The second change involves the way the states (and state transitions) are
sampled. Throughout this chapter we have assumed that the states are visited along
sample paths of the Markov chain. This need not be the case. All that is necessary is
that there is some limiting distribution, 7, of the states selected for update, such that
7, > 0 for all states z.

One of the goals of using a parameterized function approximator (of which the linear—
in—the—parameters approximators considered in this article are the simplest examples) is
to store the value function more compactly than it could be stored in a lookup table.
Function approximators that are linear in the parameters do not achieve this goal if
the feature vectors representing the states are linearly independent, since in this case
they use the same amount of memory as a lookup table. However, we believe that the
results presented here and elsewhere on the performance of TD algorithms with function
approximators that are linear in the parameters are first steps toward undersianding the
performance of TD algorithms using more compact representations.
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Appendix A

Proofs of Lemmas

In preparation for the proofs of Lemmas 3 and 4, we first examine the sum
>yex Pl@,y)(R(z,y) — 7z) for an arbitrary state z:

Y Pz y)(R(z,y) —7) = Y P(z,y)R(z,y) ~ Y P(z,y)=

yEX yEX yEX
= Y P(z,y)R(z,y) - 7=
yeX
= Tz —Tg
= 0.

Proof of Lemma 3: The result in the preceding paragraph leads directly to a proof that
Ef{n}=0:

E{n} = E{R(z,y) — 7}
= Y m Yy P,y (REy)-7)

zeX yEX
SIEAY
ze X
= O,

and to a proof that Cor(w,n) = 0:
E{wn}

= Z My Z P(:ZI, y) [wmnmy]

zeX yeX

= Z Ty Z P(I, y)wz(R(if’ y) _7:$>
reX yeX

= Y mwe ¥ P ) (R y) - )
zeX ye X

= Z Tpwy - 0
IEX
= 0.

Cor(w,n)

Proof of Lemma 4: First we consider Cor(p, n):

Cor(p.n) = E{pn'}
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> m Y Plz,y) [perily)

zeX yEX

= Y m > Po,y)éa(R(z,y) — )
xEX yeX

= Y mete Y Plz,y)(R(z,y) — 7o)
zeX yeX

= Z 7Tm¢z -0
zeX

= 0.

Now for Cor(p, ¢):
Cor(p,¢) = E{p(’}

= Z T Z P(z,y) [pra’oy]

zeX yeX
= szZP:nyq&x ZPa:z)qﬁz Yoy)
zeX yGX ZGX
= Zﬂngzzpmy) ZP(mz¢))——
zeX yEX ZGX
Z e Pz Z P(:L"y)7¢;
zEX yEX
= Y mbay Y Plx,2)¢,— Y mdsy Y Plz,y)¢,
zeX zeX zeX yeX
= 0.

Proof of Lemma 5: Equation 11 (repeated here) gives us the t"estimate found by algo-
rithm LS TD for 6*:

1< T
DB C wkﬂ)’} [; ;::1 ¢ R

k=1

As t grows we have by condition (2) that the sampled transition probabilities between
each pair of states approaches the true transition probabilities, P, with probability 1. We
also have by condition (3) that each state x € X is visited in the proportion 7, with
probability 1. Therefore, given condition (4) we can express the limiting estimate found
by algorithm LS TD, &,¢p, as

Ospo = lim 64
t—o00
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t -1 t
1
= Jlim % kz::l br(dr — 7¢k+1)/} [? > kR
_ 1 + -1 1
= | jim — kgl Ok — ’Y¢k+1)'} [tli{go n > orRs

r -1
= ) m ) P,y)es (¢ - 7%)'] [Z T2 Y Pz, y)R(z,y)
-t )
= Zmzp(x,y)% (¢z - 'Y(by)lil |:Z ﬂ':chd)m]

= [@'TI(I — vP)®] ™" [®'TIR] .

Appendix B
The Five-State Markov Chain Example

The transition probability function of the five—state Markov chain used in the experiments
appears in matrix form as follows, where the entry in row 4, column j is the probability
of a transition from state i to state j (rounded to two decimal places):

0.42 0.13 0.14 0.03 0.28
0.25 0.08 0.16 0.35 0.15
0.08 0.20 0.33 0.17 0.22
0.36 0.05 0.00 0.51 0.07
0.17 0.24 0.19 0.18 0.22

The feature vectors representing the states (rounded to two decimal places) are listed
as the rows of the following matrix ®:

74.29 34.61 73.48 53.29 7.79
61.60 48.07 34.68 36.19 82.02
97.00 4.88 851 87.89 5.17
41.10 40.13 64.63 92.67 31.09
7.76 79.82 43.78 8.56 61.11

The immediate rewards were specified by the following matrix (which has been rounded
to two decimal places), where the entry in row 4, column j determines the immediate
reward for a transition from state ¢ to statc j. The matrix was scaled to produce the
different TD error variance values used in the experiments. The relative sizes of the
immediate rewards remained the same.
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104.66 29.69 82.36 37.49 68.82
75.86 29.24 100.37  0.31 35.99
R= 57.68 65.66 56.95 100.44 47.63
96.23 14.01  0.88 89.77 66.77
70.35 23.69 73.41 70.70 85.41

Appendix C

Selecting Step—Size Parameters

The convergence theorem for NTD(0) (Bradtke, 1994) requires a separate step—size pa-
rameter, a(x), for each state z, that satisfies the Robbins and Monro (Robbins & Monro,
1951) criteria

Zak(a:) = and Zak($)2 < 00
k=1 k=1

with probability 1, where () is the step-size parameter for the £~th visitation of state
x. Instead of a separate step-size parameter for each state, we used a single parameter
oy, which we decreased at every time step. For each state x there is a corresponding
subsequence {a;}, that is used to update the value function when z is visited. We
conjecture that if the original sequence {«, } satisfies the Robbins and Monro criteria, then
these subsequences also satisfy the criteria, with probability 1. The overall convergence
rate may be decreased by use of a single step—size parameter since each subsequence
will contain fewer large step sizes.

The step-size parameter sequence {c } was generated using the “search then converge”
algorithm described by Darken, Chang, and Moody (Darken, et al., 1992):

1+ &2

Qo T

0 2 -
1 c t Tt
o T2

O = &

The choice of parameters ayg, ¢, and 7 determines the transition of learning from “search
mode” to “converge mode”. Search mode describes the time during which ¢ < 7.
Converge mode describes the time during which ¢ >» 7. «y is nearly constant in search
mode, while o; ~ ¢ in converge mode. The ideal choice of step-size parameters moves
8, as quickly as possible into the vicinity of * during search mode, and then settles 1nto
converge mode.

Notes

1. If the set of feature vectors is linearly independent, then there exist parameter values such that any real-
valued function of X can be approximated with zero error by a function approximator linear in the
parameters. Using terminology from adaptive control (Goodwin & Sin, 1984), this situation is said to
satisfy the exact marching condition for arbitrary real-valued functions of X.
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2. m can not be less than rank(®). If m > rank(®), then [®'IL(] — vP)®] is an (m x m) matrix with
rank less than m. It is therefore not invertible.

3. The search for the best settings for A, ap, ¢, and 7 was the limiting factor on the size of the state space
for this experiment.

References

Anderson, C. W., (1988). Strategy learning with multilayer connectionist representations. Technical Report
87-509.3, GTE Laboratories Incorporated, Computer and Intelligent Systems Laboratory, 40 Sylvan Road,
Waltham, MA 02254.

Barto, A. G. , Sutton, R. S. & Anderson, C. W. (1983). Neuronlike elements that can solve difficult learning
control problems. [EEE Transactions on Systems, Man, and Cybernetics, 13:835-846.

Bradtke, S. J., (1994). Incremental Dynamic Programming for On-Line Adaptive Optimal Control. PhD thesis,
University of Massachusetts, Computer Science Dept. Technical Report 94-62.

Darken, C. Chang, J. & Moody, J., (1992) Learning rate schedules for faster stochastic gradient search. In
Neural Networks for Signal Processing 2 — Proceedings of the 1992 IEEE Workshop. IEEE Press.

Dayan, P., (1992). The convergence of TD(\) for general A\. Machine Learning, 8:341-362.

Dayan, P. & Sejnowski, T.J,, (1994). TD(A): Convergence with probability 1. Machine Learning.

Goodwin, G.C. & Sin, K.S,, (1984). Adaptive Filtering Prediction and Control. Prentice-Hall, Englewood
Cliffs, N.J.

Jaakkola, T, Jordan, M.1. & Singh, S.P., (1994). On the convergence of stochastic iterative dynamic program-
ming algorithms. Neural Computation, 6(6).

Kemeny, J.G. & Snell, J.L,, (1976). Finite Markov Chains. Springer-Verlag, New York.

Ljung, L. & Séderstrém, T., (1983). Theory and Practice of Recursive Identification. MIT Press, Cambridge,
MA.

Lukes, G., Thompson, B. & Werbos, P., (1990). Expectation driven learning with an associative memory. In
Proceedings of the International Joint Conference on Neural Networks, pages 1:521-524.

Robbins, H & Monro, S., (1951). A stochastic approximation method. Annals of Mathematical Staristics,
22:400-407.

Soderstrom, T. & Stoica, P.G., (1983). [Instrumental Variable Methods for System Identification. Springer-
Verlag, Berlin.

Sutton. A.S., (1984). Temporal Credit Assignment in Reinforcement Learning. PhD thesis, Department of
Computer and Information Science, University of Massachusetts at Amherst, Amherst, MA 01003.

Sutton, R.S., (1988). Learning to predict by the method of temporal differences. Machine Learning, 3:9-44.

Tesauro, G.J., (1992). Practical issues in temporal difference learning. Machine Learning, 8(3/4):257-277.

Tsitsiklis, J.N., (1993). Asynchronous stochastic approximation and Q-learning. Technical Report LIDS-P-
2172, Laboratory for Information and Decision Systems, MIT, Cambridge, MA.

Waikins, C. J. C. H., (1989). Learning from Delayed Rewards. PhD thesis, Cambridge University, Cambridge,
England.

Watkins, C. J. C. H. & Dayan, P, (1992). Q-learning. Machine Learning, 8(3/4):257-277, May 1992.

Werbos, P, (1987). Building and understanding adaptive systems: A statistical/numerical approach to factory
automation and brain research. IEEE Transactions on Systems, Man, and Cybernetics, 17(1):7-20.

Werbos, P.J., (1988). Generalization of backpropagation with application to a recurrent gas market model.
Neural Networks, 1{4):339-356, 1988.

Werbos, PJ., (1990). Consistency of HDP applied to a simple reinforcement learning problem. Neural
Networks, 3(2):179-190.

Werbos, P.J., (1992). Approximate dynamic programming for real-time control and neural modeling. In D. A.
White and D. A. Sofge, editors, Handbook of Intelligent Control: Neural, Fuzzy, and Adaptive Approaches,
pages 493--525. Van Nostrand Reinhold, New York.

Young, P, (1984). Recursive Estimation and Time-series Analysis. Springer—Verlag.

Received November 10, 1994
Accepted March 10, 1995
Final Manuscript October 4, 1995



