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Abstract

Consider a given value function on states of a Markov decision problem, as might result
from applying a reinforcement learning algorithm. Unless this value function equals the
corresponding optimal value function, at some states there will be a discrepancy, which is
natural to call the Bellman residual, between what the value function speci es at that state
and what is obtained by a one-step lookahead along the seemingly best action at that state
using the given value function to evaluate all succeeding states. This paper derives a tight
bound on how far from optimal the discounted return for a greedy policy based on the given
value function will be as a function of the maximum norm magnitude of this Bellman residual.
A corresponding result is also obtained for value functions de ned on state-action pairs, as
are used in Q-learning. One signi cant application of these results is to problems where a
function approximator is used to learn a value function, with training of the approximator
based on trying to minimize the Bellman residual across states or state-action pairs. When
 This work was supported by Grant IRI-8921275 from the National Science Foundation and by the U. S. Air
Force.
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control is based on the use of the resulting value function, this result provides a link between
how well the objectives of function approximator training are met and the quality of the
resulting control.

1 Introduction
This paper examines the question of how far from optimal the discounted return arising from
a policy can be, expressed as a function of the kind of value function error typically used in
reinforcement learning applications. The dependent variable in this functional relationship is the
di erence between the actual return and the optimal return, and the independent variable is what
we call the Bellman equation error. The primary signi cance of this quantity is that it corresponds
very naturally to what most reinforcement learning methods actually try to minimize. Thus the
results presented here provide a direct link between the objectives of such algorithms and the
quality of the resulting control, under the realistic assumption that perfect learning (meaning zero
Bellman equation error) does not occur.
Singh and Yee (to appear) have also derived bounds of this type, but there are some important
di erences between their results and those presented here. The main results they derive use as the
independent variable the max-norm distance between the value function and the optimal value
function rather than the Bellman equation error. Combining these results with a standard result
then leads to additional results of the type considered here, but the resulting bounds turn out to
be far less tight than those found through the more direct route taken here.
We derive two sets of bounds, one for value functions de ned on states only, and another
for value functions de ned on state-action pairs, as used in the Q-learning algorithm (Watkins,
1989; Watkins & Dayan, 1992). Since Q-learning has become the most prominent reinforcement
learning algorithm, the results presented in the section dealing with state-action pairs are probably
of greatest interest. One important reason for including the corresponding results for state value
functions, and for presenting these results rst, is that the simplicity of the arguments is more
apparent in this case. The arguments for the state-action value function case correspond very
closely to those for the state value case, but the extra machinery required, most of it unfamiliar
in standard dynamic programming theory and therefore in need of more detailed supporting
arguments, tends to obscure the underlying simplicity. Thus the material on state value functions
is included both for independent interest and to help pave the way for understanding the stateaction value case.

2 Markov Decision Problem and Dynamic Programming
Here we give a brief overview of the fundamental notions of stochastic dynamic programming
and introduce the mathematical notation to be used throughout this paper. A more detailed
description, along with proofs of results we cite as part of standard dynamic programming theory,
may be found in Bertsekas (1987).
We take as given a Markov environment, or controlled Markov chain, having a set of states
X and a set of actions A. We assume that both X and A are nite. We let f (x; a) denote
the randomly determined successor of state x when action a is applied. The behavior of this
2

random next-state function is determined by the transition probabilities paxy = Prff (x; a) = yg
for x; y 2 X and a 2 A. We also assume that associated with each choice of action a at each
state x is a randomly determined immediate reward r(x; a), with R(x; a) = E fr(x; a)g denoting
its expected value.
In general, a non-randomized policy is a function  assigning to each possible history of states
and actions a choice of action to be used at the current time. Here we generally restrict attention
to stationary policies, which select actions according to the current state only. Thus a stationary
policy can be viewed as a function  : X ! A.
A Markov decision problem consists of a such a Markov environment together with a criterion
function on policies, and the objective is to nd a policy optimizing this criterion.
For any policy , de ne the real-valued function V  on states by
(

1
X
tr(x ; a ) j x = x
V  (x) = E
t t
0
t=0

)

where it is also given that xt = f (xt; at) for all t > 0 and at is determined by the policy  for
all t  0. This quantity is called the discounted return for policy  at state x, and the discount
parameter is assumed to lie in [0; 1). We call any mapping from X into the real numbers a state
value function, and we see that V  is a special case of this notion.
De ne a partial order relation on state value functions by V  V 0 if and only if V (x)  V 0(x)
for all x 2 X . An optimal policy is one for which the return is maximal at each state. With V 
denoting the return from any optimal policy, it follows that V   V  for any policy . Clearly
V  is unique if there are any optimal policies. A fundamental result from the theory of dynamic
programming is that, under the conditions assumed here, there exist optimal stationary policies.
+1

3 Results For State Value Functions
In this section we give de nitions and derive results for the case when a state value function is
used to determine a policy through the use of what amounts to a one-step lookahead.

3.1 Backup Operators

We de ne two types of backup operator on state value functions as follows. For any stationary
policy , B  V is that state value function assigning to state x the value

B  V (x) = E fr(x; (x)) +XV (f (x; (x)))g
pxyx V (y);
= R(x; (x)) +
( )

y2X

while BV assigns to state x the value

BV (x) = max
E fr(x; a) + V (f (x; a))g
a2A
2

4R(x; a) +
= max
a2A

3

X a
p

y2X

3

xy V (y )5 :

Two standard results from the theory of dynamic programming are that, under the conditions
assumed here, V = V  is the unique solution of the equation V = B  V , and V = V  is the unique
solution of the Bellman equation V = BV .

3.2 Greedy Policies

Given a state value function V , de ne a stationary policy  to be greedy for V if
2

4R(x; a) +
(x) = arg max
a2A

X a
p

y2X

3

xy V (y )5

for all x 2 X .

3.3 Maximum Norm Distance Measure

For the results presented here, distances between value functions are based on the maximum norm.
For the case of state value functions, we thus de ne

kV ? V 0k = kV ? V 0k1 = max
jV (x) ? V 0(x)j
x2X
for any two state value functions V and V 0.

3.4 Bellman Residual

We single out for particular attention the Bellman error magnitude for a given state value function
V , which is simply the max norm distance kBV ? V k = maxx jBV (x) ? V (x)j between the lefthand and right-hand sides of the Bellman equation. We also use the term Bellman residual or
Bellman equation error for V to mean the state value function BV ? V . For convenience, we will
typically shorten these terms still further to V -residual and V -error magnitude.
The Bellman residual is signi cant for three reasons. First, since V = V  is the unique solution
of the Bellman equation, it is zero if and only if V = V . Second, it is readily computable from the
given value function, unlike a quantity like V  ? V , used in some other analyses of performance
bounds on greedy policies (Singh & Yee, to appear), which requires knowledge of V . And most
importantly for applications to learning, when training a function approximator to represent a
value function on states (or state-action pairs, as considered below), the approach universally
used is based on trying to minimize the individual temporal di erence (TD) errors (Sutton, 1988),
which are closely related to the Bellman residual. There is thus a very natural correspondence
between what training a function approximator using TD errors tries to accomplish and what the
Bellman residual measures.

3.5 Derivation of Performance Bounds

Here we derive the desired tight performance bounds, given in Theorem 3.2 and Corollary 3.1.
We begin by stating without proof an easily derived standard contraction result from the theory
of dynamic programming and then observing some simple consequences of it.
4

Lemma 3.1 Given any two state value functions V and V 0 and stationary policy ,
kB  V ? B  V 0k  kV ? V 0k
and

kBV ? BV 0k  kV ? V 0k

2
Proposition 3.1 For any state value functions V and any policy ,

kV ? V  k  kV 1??B V k
and

kV ? V k  kV 1??BV k :

Proof. To prove the rst inequality, we apply the triangle inequality, the rst inequality of the
previous lemma, and the fact that V  is xed by B  to obtain
kV ? V  k  kV ? B  V k + kB  V ? V  k  kV ? B  V k + kV ? V  k;
from which it follows that


kV ? V  k  kV 1??B V k :

The second inequality follows in the same way, using instead the second inequality of the previous
lemma and the fact that V  is xed by B .
2
Now we are prepared to derive our rst performance bound result. We will see later that this
bound is not as tight as possible. Nevertheless we begin with this since the argument required for
a tight bound is slightly more elaborate and since this simpler argument parallels that given later
for state-action value functions.

Theorem 3.1 Let V be a value function on X , and let  be a greedy policy for V . Let " =
kBV ? V k denote the Bellman error magnitude for V . Then
V  (x)  V (x) ? 1 2?"

for any state x. Furthermore, if V   V , then
for any state x.

V  (x)  V (x) ? 1 ?"
5

Proof. Note that  greedy for V implies B  V = BV . We can then combine the two inequalities
of the previous proposition with the triangle inequality to conclude that
kV  ? V  k  kV  ? V k + kV ? V  k  2kV1 ?? BV k = 1 2?" :
Since V   V , this implies
V (x) ? V  (x) = jV (x) ? V  (x)j  1 2?"
for any state x, from which the rst bound follows.
To establish the second bound, note that V   V implies V  (x)  V (x)  V (x) for any state
x and for any policy , so when  is greedy for V ,
V (x) ? V  (x)  V (x) ? V  (x)

 kV 1??B V k
= kV 1??BV k
= " :
1?

2

The bounds given by Theorem 3.1 can be made tight by introducing an additional factor of ,
as we now show.
Theorem 3.2 Let V be a value function on X , and let  be a greedy policy for V . Let " =
kBV ? V k denote the Bellman error magnitude for V . Then
V  (x)  V (x) ? 12?"
for any state x. Furthermore, if V   V , then

V  (x)  V (x) ? 1 ?"

for any state x. In addition, in each case there is an example where equality holds.
Proof. As before, B  V = BV since  is greedy for V . Therefore, for any state x, the rst
inequality of Proposition 3.1 implies that

V (x)  V  (x) + 1 ? ;

(1)

V (x)  V (x) + 1 ? :

(2)

while the second inequality of that proposition implies that
6

Now pick a state x. Let a be an optimal action at x and let (x) = b. Since  is greedy for V , it
follows that
X a
X b
R(x; a) +
pxy V (y)  R(x; b) +
pxy V (y):
(3)
y2X

y2X

We then use (2), (3), and (1) to conclude that
X a 
V (x) = R(x; a) +
pxy V (y)
y2X

"


 R(x; a) +
xy V (y ) + 1 ?
y2X
X a
= R(x; a) +
pxy V (y) + 1 ?"
y2X
X b
 R(x; b) +
p V (y) + "
X a
p

y2X

 R(x; b) +

xy

X b
p

"

1?

V  (y) +



#

#

+ 1 ?"

1?
X b 
= R(x; b) +
pxy V (y) + 12?"
y2X
= V  (x) + 12?" ;
which proves the rst inequality. The second inequality is proved in identical fashion, but with
(2) replaced by the inequality V (x)  V (x) for all x.
To see that the rst bound cannot be made tighter in general, consider a Markov decision
problem having two states 1 and 2 and two actions 1 and 2, where the e ect of action i in either
state is to cause a transition to state i for i = 1 or 2, with all immediate rewards being 0 except
that R(2; 2) = 2. Now consider the state value function V de ned by
V (1) = V (2) = 1 ?1 :
The stationary policy  with (1) = 1 and (2) = 2 is greedy for V , while the only optimal policy
is to take action 2 in either state. The V -residual at state 1 is
BV (1) ? V (1) = V (1) ? V (1) = 1 ? ? 1 ?1 = ?1;
while the V -residual at state 2 is
BV (2) ? V (2) = 2 + V (2) ? V (2) = 2 + 1 ? ? 1 ?1 = 1:
Thus the V -error magnitude is " = 1. The optimal return at state 1 is clearly V (1) = 2 =(1 ? ),
while the actual return from the greedy policy  at 1 is V  (1) = 0. Therefore
V (1) ? V  (1) = 1 2? = 12?" ;
y2X

xy
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so the bound is attained.
The same Markov decision problem provides an example where the second bound is attained
if we de ne
V (1) = V (2) = 1 ?2 :
Since V (1) = 2 =(1 ? ) and V (2) = 2=(1 ? ), we see that V (1) < V (1) and V (2) = V (2), so
the condition V   V is satis ed. In this case the V -residual at state 1 is
BV (1) ? V (1) = V (1) ? V (1) = 1 2? ? 1 ?2 = ?2;
while the V -residual at state 2 is
BV (2) ? V (2) = 2 + V (2) ? V (2) = 2 + 1 2? ? 1 ?2 = 0;
so the V -error magnitude is " = 2. The same policy  is greedy for this V , and we see that
V (1) ? V  (1) = 1 2? = 1 ?" ;
so the bound is attained in this case as well.
2
The condition V   V required for the second bound in this theorem may not always be easy
to verify in practice, but the following result provides a sucient condition for this that depends
only on the V -residual.

Lemma 3.2 Let V be a state value function. If BV  V , then V   V .
Proof. This follows from two standard dynamic programming results whose easy proofs we
omit. One is that B preserves the order relation on state value functions, which implies by
induction that B nV  V for all n, and the other is that V  = limn!1 B nV , for any state value
function V , which is an easy consequence of Lemma 3.1 and the Bellman equation.

2

We thus obtain the following more practical corollary to the second part of Theorem 3.2.

Corollary 3.1 Let V be a value function on X ,  a greedy policy for V , and " = kBV ? V k the
Bellman error magnitude for V . If BV  V then
V  (x)  V (x) ? 1 ?"
for any state x. Furthermore, there is an example in which this bound is attained.
Proof. The bound follows immediately from Lemma 3.2 and Theorem 3.2. Furthermore, it is
easily checked that the second example given in the proof of the Theorem 3.2 satis es BV  V ,

8

2

so it serves as the claimed example here as well.

A useful way to interpret the above results is based on the observation that a constant immediate reward of r at every time step leads to an overall discounted reward of r + r + r + : : : =
r=(1 ? ). Thus Theorem 3.2 says that a state value function V with V -error magnitude " yields
a greedy policy whose reward per step (on average) di ers from optimal by at most 2 ".
2

4 Results For State-Action Value Functions
In this section we give de nitions and derive results analogous to those obtained above for the
case when a state-action value function is used to determine a policy. Because state-action value
functions are not as widely used in standard dynamic programming formulations as state value
functions, we go into greater detail here than in the previous section.

4.1 Some Basic De nitions

A state-action value function Q is a function from X  A into the real numbers. For any stationary
policy , de ne Q to be that state-action value function assigning to state x and action a the
quantity
)
(1
X t

r(xt; at) j x = x; a = a ;
Q (x; a) = E
0

t=0

0

where it is also given that xt = f (xt; at) and at = (xt) for all t > 0. We further de ne Q to
be Q for any optimal policy . In addition, given Q and , de ne VQ; by VQ; (x) = Q(x; (x))
and de ne VQ by VQ(x) = maxa Q(x; a).
We also de ne a partial order on state-action value functions by Q  Q0 if and only if Q(x; a) 
V 0(x; a) for all x 2 X and a 2 A.
+1

4.2 Backup Operators

We de ne backup operators B  and B on state-action value functions as follows:

B  Q(x; a) = E fr(x; a) +XVQ; (f (x; a))g
= R(x; a) +
paxy VQ; (y)
y2X

and

BQ(x; a) = E fr(x; a) +XVQ(f (x; a))g
= R(x; a) +
paxy VQ (y):
y2X

While we use the same notation here as for the corresponding operators on state value functions,
there will be no possibility of confusion since only the state-action value backup operators will be
used in this section.
9

4.3 Greedy Policies

Given a state-action value function Q, de ne a stationary policy  to be greedy for Q if

(x) = arg max
Q(x; a)
a2A
for any x 2 X .

4.4 Maximum Norm Distance Measure

As with state value functions, we measure distances between state-action value functions according
to the maximum norm, this time with

kQ ? Q0k = kQ ? Q0k1 = x2max
jQ(x; a) ? Q0(x; a)j
X;a2A
for any state-action value functions Q and Q0.

4.5 Bellman Residual

Consider the equation BQ = Q. It has the same general form as the Bellman equation, and it
is satis ed by Q = Q, as noted below in Lemma 4.2. Furthermore, it can also be shown that
this solution is unique and that the equation BQ = Q can be obtained as a direct consequence
of the Bellman equation. Thus it might be appropriate to call BQ = Q the Bellman equation
for state-action value functions. Based on this reasoning, we de ne the Bellman residual for the
state-action value function Q, or Q-residual, to be the state-action value function BQ ? Q, and
its maximum norm kBQ ? Qk = maxx;a jBQ(x; a) ? Q(x; a)j will be called the Bellman error
magnitude for Q, or Q-error magnitude.
The signi cance of the Bellman residual, whether for a state value function or a state-action
value function, was noted earlier. Here we make the additional observation that the individual
components of the Q-residual are very closely related to what Q-learning tries to reduce toward
zero. In particular, the TD errors used in the Q-learning algorithm are unbiased estimates of
individual components of the Q-residual.

4.6 Some Preliminary Observations

Here we establish several elementary results relating the notions de ned above. Since standard
dynamic programming treatments generally do not deal with state-action value functions, we give
detailed arguments justifying all results to be used later.
From the de nitions of Q and V  it is easy to see that

Q (x; a) = R(x; a) +

X a
p

y2X

xy V

 (y )

for any policy . Furthermore, note that both Q and V  are returns from similar policies (one
of which is generally nonstationary) that di er only in the action applied at the outset. If the
action applied at the outset at any given starting state x is selected according to policy , then
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there is no di erence. Thus, since VQ ; (x) = Q (x; (x)) for any x, it follows that VQ ; = V  .
Specializing to the case when  is optimal, we also have

Q(x; a) = R(x; a) +

X a
p

y2X

and VQ = V .
But then, for any , x, and a,



(y)

X a
p

B  Q (x; a) = R(x; a) +

xy VQ ; (y )

y2X

X a
p

= R(x; a) +

xy V

y2X

Q (x; a):

=

xy V

Therefore, B  Q = Q . Also, for any x and a,

 (y )

X a
p

BQ(x; a) = R(x; a) +

y2X

xy VQ (y )

X a
p

= R(x; a) +

y2X

= Q(x; a);

xy V



(y)

so BQ = Q.
We collect these observations in the following two lemmas.

Lemma 4.1 For any state x and action a,
Q (x; a) = R(x; a) +
and

Q(x; a) = R(x; a) +

X a
p

 (y )

X a
p



y2X

y2X

xy V

xy V

(y):

2
Lemma 4.2 Let  be any stationary policy. Then

and

VQ ; = V  ;
VQ = V ;
B  Q = Q ;
BQ = Q:
11

2
For our next result, we need to make use of the following simple mathematical fact.

Lemma 4.3 Let g and g be real-valued functions on a compact domain U . Then
j max
g (u) ? max
g (u)j  max
jg (u) ? g (u)j:
u2U
u2U
u2U
1

2

1

2

1

2

Proof. Pick u1 = arg maxu2U g1 (u) and u2 = arg maxu2U g2(u). Consider rst the case when
g1(u1)  g2(u2). Then

j max
g (u) ? max
g (u)j = g (u ) ? g (u )
u2U
u2U
 g (u ) ? g (u )
= jg (u ) ? g (u )j
 max
jg (u) ? g (u)j:
u2U
1

2

1

1

2

2

1

1

2

1

1

1

2

1

1

2

A symmetrical argument establishes the same result when g (u )  g (u ).
2

2

1

1

2

Lemma 4.4 For any stationary policy  and any state-action value functions Q and Q0,
kVQ; ? VQ ; k  kQ ? Q0k
0

and

kVQ ? VQ0 k  kQ ? Q0k:

Proof. For any state x,

jVQ; (x) ? VQ0; (x)j = jQ(x; (x)) ? Q0(x; (x))j  kQ(x; (x)) ? Q0(x; (x))k:
Since this is true for all states, the rst inequality follows.
For the second inequality, consider an arbitrary state x. Applying Lemma 4.3 yields
0
jVQ(x) ? VQ0 (x)j = j max
a Q(x; a) ? max
a Q (x; a)j
0
 max
a jQ(x; a) ? Q (x; a)j
= kQ ? Q0k;

and the desired result follows.
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2

4.7 Derivation of Performance Bounds

Armed with the results developed above, we are now prepared to derive the desired tight performance bounds, which are given in Theorem 4.1 and Corollary 4.1. The progression of results
we use corresponds to the derivation used for state value functions, beginning with the following
contraction result.

Lemma 4.5 For any stationary policy  and any state-action value functions Q and Q0,
kB  Q ? B  Q0k  kQ ? Q0k:
and

kBQ ? BQ0k  kQ ? Q0k

Proof. To prove the rst inequality, we note that for any state x and action a,

B  Q(x; a) ? B  Q0(x; a) = R(x; a) +
=

X a
p

y2X

X a
p

y2X

xy VQ; (y ) ? R(x; a) ?

xy [VQ; (y ) ? VQ0 ; (y )] ;

so

jB  Q(x; a) ? B  Q0(x; a)j 


X a
p

y2X

xy VQ0 ; (y )

X a
p

y2X

xy jVQ; (y ) ? VQ0 ; (y )j

X a
p

y2X

xy kVQ; ? VQ0 ; k

= kVQ; ? VQ0; k

 kQ ? Q0k;

where the last step is an application of the rst part of Lemma 4.4.
The proof of the second inequality is obtained by following the same steps, but with B , VQ,
and VQ0 replacing B  , VQ; , and VQ0; , respectively. In this case the last step is an application of
the second part of Lemma 4.4.
2
We also obtain the following result corresponding to Proposition 3.1.

Proposition 4.1 For any state-action value functions Q and Q0 and any policy ,

kQ ? Q k  kQ 1??B Qk
and

kQ ? Qk  kQ1??BQk :
13

Proof. From the triangle inequality, the contraction property of B  , and the fact that Q is
xed by B  , we get

kQ ? Q k  kQ ? B  Qk + kB  Q ? Q k  kQ ? B  Qk + kQ ? Q k;
and the rst inequality follows.
Similarly, the triangle inequality, the contraction property of B , and the fact that Q is xed
by B imply

kQ ? Qk  kQ ? BQk + kBQ ? Qk  kQ ? BQk + kQ ? Qk;
and the second inequality follows.

2

Theorem 4.1 Let Q be a value function on X  A and let  be a greedy policy for Q. Let
" = kBQ ? Qk denote the Bellman error magnitude for Q. Then the actual return V  from this
policy satis es

V  (x)  V (x) ? 1 2?"
for any state x. Furthermore, if V   VQ, then
V  (x)  V (x) ? "

1?
for any state x. In addition, in each case there is an example where equality holds.
Proof. Since  is greedy for Q, VQ = V  . Also, VQ = V  . Together with the triangle
inequality, this implies

kV  ? V  k  kV  ? VQ k + kVQ ? V  k = kVQ ? VQk + kVQ ? VQ k:
But then we can use Lemma 4.4 and Proposition 4.1 to conclude further that

kV  ? V  k  kQ ? Qk + kQ ? Q k  kQ1??BQk + kQ 1??B Qk :

But when  is greedy for Q, B  Q = BQ, so we get
? Qk = 2" :
kV  ? V  k  2kBQ
1?
1?
Finally, since V   V , this implies
V (x) ? V  (x) = jV (x) ? V  (x)j  1 2?"
for any state x, from which the rst bound follows.
14

To establish the second bound, note that V   VQ implies V  (x)  V (x)  VQ(x) for any
state x and for any policy , so when  is greedy for Q,
V (x) ? V  (x)  VQ (x) ? V  (x)
= VQ (x) ? VQ (x)

 kVQ ? VQ k
 kQ ? Q k

 kQ 1??B Qk
 kQ1??BQk
= 1 ?" :

To see that the rst bound cannot be made tighter in general, consider a Markov decision
problem having a single state 1 and two actions 1 and 2 which cause a self-transition at this state
and which deterministically yield immediate rewards of 0 and 2, respectively. Clearly, V (1) =
2=(1 ? ). Now consider the state-action value function Q de ned by
Q(1; 1) = Q(1; 2) = 1 ?1 :
The stationary policy (1) = 1 is a greedy policy for Q, and its return is clearly V  (1) = 0, which
di ers from the optimal return by
V (1) ? V  (1) = 1 ?2 :
Furthermore, VQ(1) = 1=(1 ? ), so the Q-residual at (1; 1) is
BQ(1; 1) ? Q(1; 1) = VQ(1) ? Q(1; 1) = 1 ? ? 1 ?1 = ?1:
A similar computation shows that the Q-residual at (1; 2) is 1, so the Q-error magnitude is " = 1.
Thus in this case, V (1) ? V  (1) equals the upper bound 2"=(1 ? ).
The same Markov decision problem provides an example where the second bound is attained
if we de ne
Q(1; 1) = Q(1; 2) = 1 ?2 :
The condition V   VQ is satis ed since
V (1) = 1 ?2 = max
a Q(1; a) = VQ (1):
The same policy (1) = 1 is greedy for this Q, and yields the same di erence 2=(1 ? ) from the
optimal return. In this case the Q-residual at (1; 1) is
BQ(1; 1) ? Q(1; 1) = 1 2? ? 1 ?2 = ?2;
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while the Q-residual at (1; 1) is

BQ(1; 2) ? Q(1; 2) = 2 + 1 2? ? 1 ?2 = 0:
We see that the Q-error magnitude " = 2, so V (1) ? V  (1) equals the upper bound "=(1 ? ). 2

A sucient condition for V   VQ that may be easier to verify in practice is given by the
following result.
Lemma 4.6 Let Q be a state-action value function. If BQ  Q, then V   VQ.
Proof. Since V  = VQ , it is sucient to show that BQ  Q implies Q  Q and that
0
Q  Q implies VQ0  VQ for any Q0. To prove the latter result, momentarily x x and let
a = arg maxa Q0(x; a). Since Q0(x; a)  Q(x; a) for any a,
0
VQ0 (x) = max
a Q (x; a)
= Q0(x; a)
 Q(x; a)
 max
a Q(x; a)
= VQ(x):
Since this holds for any x, VQ0  VQ.
Now we show BQ  Q implies Q  Q, using an argument analogous to that used in the proof
of Lemma 3.2. To do this, consider any state-action value function Q0  Q. By the result just
obtained,
X a
BQ0(x; a) = R(x; a) +
pxy VQ0 (y)

 R(x; a) +

y2X

X a
p

y2X

xy VQ (y )

= BQ(x; a)
for any x and a, and we see that B preserves the order relation on state-action value functions.
From this it follows by induction that BQ  Q implies B nQ  Q for all n. In addition, because
BQ = Q, we can use Lemma 4.5 inductively to conclude that kB nQ ? Qk  nkQ ? Qk for
any n  0, which further implies limn!1 B nQ = Q. Thus Q  Q.
2
Combining this result with the second part of the theorem, we obtain the following result.
Corollary 4.1 Let Q be a value function on X  A,  a greedy policy for Q and " = kBQ ? Qk
the Bellman error magnitude for Q. Then BQ  Q implies
V  (x)  V (x) ? 1 ?"

for any state x. Furthermore, there is an example in which this bound is attained.
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Proof. The bound follows immediately from Lemma 4.6 and Theorem 4.1. Furthermore, it is
easily checked that the second example given in the proof of Theorem 4.1 satis es BQ  Q, so it
serves as the claimed example here as well.

2

As before, we can interpret these results in terms of reward per time step, with Theorem 4.1
saying that a state-action value function Q with Q-error magnitude " yields a greedy policy whose
reward per step (on average) di ers from optimal by at most 2".

5 Discussion
A common practice in reinforcement learning applications is to work to minimize the Bellman
residual (in the sense of trying to drive its components to zero) and then use the corresponding
greedy policy. Most theoretical analyses of reinforcement learning have tended to rely, at least
implicitly, on the idea that continued training leads eventually, if only in the limit, to solutions
of the Bellman equation, and hence to optimal value functions. Singh and Yee (to appear) have
taken the useful step of abandoning this idea, asking instead what would happen if one uses
value functions that fail to satisfy the Bellman equation. However, their primary analysis has
considered the case where this failure to satisfy the Bellman equation is measured in terms of
distance from the unknown optimal value function, a more theoretical measure, rather than the
Bellman equation error, which corresponds more directly with what most practical reinforcement
learning algorithms actually try to minimize. They have also combined their primary bounds with
the standard result given here as the second half of Proposition 3.1 to obtain bounds expressed in
terms of this more practical measure. It is bounds of this type that should be emphasized since
they provide a direct link between the Bellman equation error and the degree of nonoptimality of
the resulting greedy policy and thus provide a very direct theoretical justi cation for the common
practice cited above. The main di erence between the Singh and Yee results of this type and those
presented here is that the more indirectly derived bounds end up having an additional factor of
1 ? in the denominator, so the bounds derived here are signi cantly tighter.
The underlying motivation for performing the analyis presented here was to gain a better
understanding of what to expect when a function approximator is used for the desired value
function. The use of function approximators for this purpose is also common practice, and it is
essential when the state space is large or continuous because it provides useful generalization based
on a limited set of actually experienced transitions. But it is precisely in the case when a function
approximator is used to represent a value function that it cannot generally be expected that it
will be possible to drive the Bellman residual to zero at all states, so it is in this situation that
the kind of results presented here are most meaningful. Nevertheless, the speci c results given
here fall short of addressing this situation fully, and we now consider what additional challenges
remain to be faced and sketch some possible approaches for dealing with them.
Here we have assumed for simplicity that the state and action spaces are nite, but, interestingly, the main results, Theorems 3.2 and 4.1 and their corollaries, can be shown to carry over
to continuous state spaces as well (with the maximum norm replaced by the supremum norm in
general). However, in this case, or even when the state space is nite but large, the Bellman error
magnitude ceases to be directly computable since it requires knowledge of the Bellman residual at
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all states. Thus, in this case, more theory is required to somehow relate the size of the Bellman
error magnitude to the size of the Bellman residual at a reasonably small, nite subset of states,
based on some assumptions on how the Bellman residual generalizes to nearby (or, more generally,
\similar") states. The results given here further apply more generally to compact action spaces,
but here again there is a gulf between what the theory deals with and what can be used in practice
since it is not possible in general to compute the maximum over a continuous, or even nite but
very large, action space. One possibility here is to develop an approach based not on truly greedy
policies, that use the true maximum, but on ostensibly greedy policies that must make use of
possibly awed maximum- nding procedures.
While the complete theory necessary to recommend speci c algorithms for these more general
situations is lacking, certain novel possibilities are suggested by what is available so far. For
example, the results given here express the performance bounds in terms of the L1 norm of the
Bellman residual, while it is more typical to minimize its L norm, as when backpropagation is
used to train a feedforward neural net to approximate the desired value function. Of course,
the bounds obtained here give rise to corresponding bounds expressed in terms of this L norm,
but it is interesting to consider what techniques may be available for minimizing the L1 norm
directly. One such technique is to always identify the largest component of the Bellman residual
and reduce it rst, just as in the priority-Dyna variant (Moore & Atkeson, 1993; Peng, 1993; Peng
& Williams, 1993) of Sutton's (1990; 1991) Dyna approach. This interesting connection to an
algorithm already studied and found useful in a somewhat di erent context deserves further study.
However, in the terminology of Singh (1993), such a technique relies on the use of full backups,
which requires having the correct expected values over all stochastic possibilities occuring at a
single step. It is not clear that there is any corresponding algorithm for minimizing the L1 norm
of the Bellman residual that works on sample backups, of the kind that are used in Sutton's TD
methods (1988). Thus another useful extension of the results derived here is to the case when
training is performed on a sample-by-sample basis in a stochastic environment. Such an extension
is necessary to bring the theory into closer compliance with the way standard non-model-based
TD methods are used in practice.
It should be noted that one limitation of standard reinforcement learning approaches that will
not be helped by analyses like that presented here (or that makes such analyses impossible) is in
situations when the optimal value function is not the only solution to the Bellman equation. Such
a situation was encountered by Bradtke (1993) while considering the interplay of reinforcement
learning methods with the use of non-tabular value function representations in the special case
when the optimal value function can be represented exactly.
Finally, we note that the measure V (x) ? V  (x) used here, as well as by Singh and Yee (to
appear), to measure nonoptimality at state x, may not always be an appropriate measure for this,
2

2

1

2

In general, when using a function approximator rather than a table-lookup representation, this reduction may
have to be suitably small to insure that other components do not increase by too much, which means use of a small
learning rate.
2 In this regard it is interesting to note that the asymmetric aspect of these temporal di erence methods, adjusting
the left-hand side of the Bellman equation toward the current sample of the right-hand side but not vice-versa,
appears to only be an issue because of the use of samples (cf. Werbos, 1990). When the actual Bellman equation is
used, in which the expectation operator appears on the right-hand side, it is mathematically permissible to decrease
the norm of the Bellman residual in a more symmetric fashion, although this may well give slower convergence to
a minimum.
1
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especially when discounting is used and nonzero rewards are sparse. This is demonstrated by the
work of Thrun & Schwartz (1993) involving single-reward maze problems. In such problems, for
any state far from the goal, the di erence between the optimal discounted return and a nonoptimal
return will be proportional to a high power of the discount factor and can thus be vanishingly
small. This means that this measure can be small across all states even when there are many
states for which the greedy policy fails to ever get to the goal.
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