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Used Materials 
¥  Disclaimer : Much of the material and slides for this lecture were 
borrowed from Rich SuttonÕs class and David SilverÕs class on 
Reinforcement Learning. 



MC and TD Learning 

‣  Goal: learn            from episodes of experience under policy !   

‣  Incremental every-visit Monte-Carlo: 
-   Update value V(St) toward actual return Gt 

‣  Simplest Temporal-Difference learning algorithm: TD(0) 
-   Update value V(St) toward estimated returns 

‣                                is called the TD target 

‣                                                      is called the TD error.   



DP vs. MC vs. TD Learning 

‣  Remember: MC: sample average return 
approximates expectation 

DP: the expected values are 
provided by a model. But we 
use a current estimate V(St+1) 
of the true v! (St+1)  

TD: combine both: Sample 
expected values and use a 
current estimate V(St+1) of the 
true v! (St+1)   



Dynamic Programming 

V(St ) ! E" Rt+1 +#V(St+1)[ ] =
!

a

! (a|St )
!

s! ,r

p(s!, r |St , a)[r + " V (s!)]



Monte Carlo 



Simplest TD(0) Method 



TD Methods Bootstrap and Sample 

‣  Bootstrapping: update involves an estimate 

-  MC does not bootstrap 

-  DP bootstraps 

-  TD bootstraps 

‣  Sampling: update does not involve an expected value 

-  MC samples 

-  DP does not sample 

-  TD samples 



TD Prediction 

‣  Policy Evaluation (the prediction problem):  

-  for a given policy ! , compute the state-value function v!   

‣  Remember:  Simple every-visit Monte Carlo method: 

Chapter 6

Temporal-Di ! erence Learning

If one had to identify one idea as central and novel to reinforcement learning, it would
undoubtedly be temporal-di! erence (TD) learning. TD learning is a combination
of Monte Carlo ideas and dynamic programming (DP) ideas. Like Monte Carlo
methods, TD methods can learn directly from raw experience without a model of
the environmentÕs dynamics. Like DP, TD methods update estimates based in part
on other learned estimates, without waiting for a Þnal outcome (they bootstrap).
The relationship between TD, DP, and Monte Carlo methods is a recurring theme in
the theory of reinforcement learning. This chapter is the beginning of our exploration
of it. Before we are done, we will see that these ideas and methods blend into each
other and can be combined in many ways. In particular, in Chapter 7 we introduce
the TD( ! ) algorithm, which seamlessly integrates TD and Monte Carlo methods.

As usual, we start by focusing on the policy evaluation orprediction problem, that
of estimating the value function v! for a given policy " . For the control problem
(Þnding an optimal policy), DP, TD, and Monte Carlo methods all use some variation
of generalized policy iteration (GPI). The di! erences in the methods are primarily
di! erences in their approaches to the prediction problem.

6.1 TD Prediction

Both TD and Monte Carlo methods use experience to solve the prediction problem.
Given some experience following a policy" , both methods update their estimate v
of v! for the nonterminal states St occurring in that experience. Roughly speaking,
Monte Carlo methods wait until the return following the visit is known, then use
that return as a target for V (St ). A simple every-visit Monte Carlo method suitable
for nonstationary environments is

V (St ) ! V (St ) + #
!
Gt " V (St )

"
, (6.1)

whereGt is the actual return following time t, and # is a constant step-size parameter
(c.f., Equation 2.4). Let us call this method constant-# MC. Whereas Monte Carlo
methods must wait until the end of the episode to determine the increment toV (St )
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target: the actual return after time t
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(only then is Gt known), TD methods need wait only until the next time step. At
time t + 1 they immediately form a target and make a useful update using the
observed rewardRt+1 and the estimate V (St+1 ). The simplest TD method, known
as TD(0) , is

V (St ) ! V (St ) + !
!
Rt+1 + " V (St+1 ) " V (St )

"
. (6.2)

In e! ect, the target for the Monte Carlo update is Gt , whereas the target for the TD
update is Rt+1 + " V (St+1 ).

Because the TD method bases its update in part on an existing estimate, we say
that it is a bootstrapping method, like DP. We know from Chapter 3 that

v! (s) .= E! [Gt | St = s] (6.3)
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Roughly speaking, Monte Carlo methods use an estimate of (6.3) as a target, whereas
DP methods use an estimate of (6.4) as a target. The Monte Carlo target is an
estimate because the expected value in (6.3) is not known; a sample return is used
in place of the real expected return. The DP target is an estimate not because of
the expected values, which are assumed to be completely provided by a model of the
environment, but becausev! (St+1 ) is not known and the current estimate, V (St+1 ),
is used instead. The TD target is an estimate for both reasons: it samples the
expected values in (6.4)and it uses the current estimate V instead of the true v! .
Thus, TD methods combine the sampling of Monte Carlo with the bootstrapping of
DP. As we shall see, with care and imagination this can take us a long way toward
obtaining the advantages of both Monte Carlo and DP methods.

Figure 6.1 speciÞes TD(0) completely in procedural form.

Input: the policy # to be evaluated
Initialize V (s) arbitrarily (e.g., V (s) = 0 , #s $ S+ )
Repeat (for each episode):

Initialize S
Repeat (for each step of episode):

A ! action given by # for S
Take action A; observe reward,R, and next state, S!

V (S) ! V (S) + !
'
R + " V (S!) " V (S)

(

S ! S!

until S is terminal

Figure 6.1: Tabular TD(0) for estimating v! .

‣  The simplest Temporal-Difference method TD(0): 

target: an estimate of the return



Example: Driving Home 
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TD(0)

The diagram to the right is the backup diagram for tabular TD(0). The
value estimate for the state node at the top of the backup diagram is up-
dated on the basis of the one sample transition from it to the immediately
following state. We refer to TD and Monte Carlo updates assample back-
ups because they involve looking ahead to a sample successor state (or
stateÐaction pair), using the value of the successor and the reward along
the way to compute a backed-up value, and then changing the value of the
original state (or stateÐaction pair) accordingly. Samplebackups di! er from the full
backups of DP methods in that they are based on a single sample successor rather
than on a complete distribution of all possible successors.

Example 6.1: Driving Home Each day as you drive home from work, you try to
predict how long it will take to get home. When you leave your o" ce, you note the
time, the day of week, and anything else that might be relevant. Say on this Friday
you are leaving at exactly 6 oÕclock, and you estimate that it will take 30 minutes
to get home. As you reach your car it is 6:05, and you notice it is starting to rain.
Tra" c is often slower in the rain, so you reestimate that it will take 35 minutes from
then, or a total of 40 minutes. Fifteen minutes later you have completed the highway
portion of your journey in good time. As you exit onto a secondary road you cut
your estimate of total travel time to 35 minutes. Unfortunately, at this point you get
stuck behind a slow truck, and the road is too narrow to pass. You end up having
to follow the truck until you turn onto the side street where you live at 6:40. Three
minutes later you are home. The sequence of states, times, and predictions is thus
as follows:

Elapsed Time Predicted Predicted
State (minutes) Time to Go Total Time
leaving o" ce, friday at 6 0 30 30
reach car, raining 5 35 40
exiting highway 20 15 35
2ndary road, behind truck 30 10 40
entering home street 40 3 43
arrive home 43 0 43

The rewards in this example are the elapsed times on each leg of the journey.1 We
are not discounting (! = 1), and thus the return for each state is the actual time to
go from that state. The value of each state is theexpectedtime to go. The second
column of numbers gives the current estimated value for each state encountered.

A simple way to view the operation of Monte Carlo methods is to plot the predicted
total time (the last column) over the sequence, as in Figure 6.2 (left). The arrows
show the changes in predictions recommended by the constant-" MC method (6.1),
for " = 1. These are exactly the errors between the estimated value (predicted time
to go) in each state and the actual return (actual time to go). For example, when
you exited the highway you thought it would take only 15 minutes more to get home,

1If this were a control problem with the objective of minimizing travel time, then we would of
course make the rewards the negative of the elapsed time. But since we are concerned here only
with prediction (policy evaluation), we can keep things simple by using positive numbers.



Changes recommended by 
Monte Carlo methods (! =1)

Changes recommended
by TD methods (! =1)

Example: Driving Home 



Advantages of TD Learning 

‣  TD methods do not require a model of the environment, only 
experience 

‣  You can learn before knowing the final outcome 

-  Less memory 

-  Less computation 

‣   TD, but not MC, methods can be fully incremental 

‣  You can learn without the final outcome 

-  From incomplete sequences 

‣  Both MC and TD converge (under certain assumptions to be 
detailed later), but which is faster? 



Bias-Variance Trade-Off 
‣  Monte-Carlo: Update value V(St) toward actual return Gt 

‣  TD: Update value V(St) toward estimated returns 

‣  Return                                                             is unbiased estimate 
of   

‣  True TD target:                                   is unbiased estimate of    

‣  TD target is much lower variance than the return:  

-  Return depends on many random actions, transitions, rewards 

-  TD target depends on one random action, transition, reward  

‣  TD target:                                is biased estimate of    



Bias-Variance Trade-Off 
‣  MC has high variance, zero bias  

-  Good convergence properties  

-  Even with function approximation  

-  Not very sensitive to initial value  

-  Very simple to understand and use  

‣  TD has low variance, some bias  

-  Good Usually more efficient than MC  

-  TD(0) converges to v! (s) 

-  More sensitive to initial value  



Random Walk Example 
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(only then is Gt known), TD methods need wait only until the next time step. At
time t + 1 they immediately form a target and make a useful update using the
observed rewardRt+1 and the estimate V (St+1 ). The simplest TD method, known
as TD(0) , is

V (St ) ! V (St ) + !
!
Rt+1 + " V (St+1 ) " V (St )

"
. (6.2)

In e! ect, the target for the Monte Carlo update is Gt , whereas the target for the TD
update is Rt+1 + " V (St+1 ).

Because the TD method bases its update in part on an existing estimate, we say
that it is a bootstrapping method, like DP. We know from Chapter 3 that

v! (s) .= E! [Gt | St = s] (6.3)
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Roughly speaking, Monte Carlo methods use an estimate of (6.3) as a target, whereas
DP methods use an estimate of (6.4) as a target. The Monte Carlo target is an
estimate because the expected value in (6.3) is not known; a sample return is used
in place of the real expected return. The DP target is an estimate not because of
the expected values, which are assumed to be completely provided by a model of the
environment, but becausev! (St+1 ) is not known and the current estimate, V (St+1 ),
is used instead. The TD target is an estimate for both reasons: it samples the
expected values in (6.4)and it uses the current estimate V instead of the true v! .
Thus, TD methods combine the sampling of Monte Carlo with the bootstrapping of
DP. As we shall see, with care and imagination this can take us a long way toward
obtaining the advantages of both Monte Carlo and DP methods.

Figure 6.1 speciÞes TD(0) completely in procedural form.

Input: the policy # to be evaluated
Initialize V (s) arbitrarily (e.g., V (s) = 0 , #s $ S+ )
Repeat (for each episode):

Initialize S
Repeat (for each step of episode):

A ! action given by # for S
Take action A; observe reward,R, and next state, S!

V (S) ! V (S) + !
'
R + " V (S!) " V (S)

(

S ! S!

until S is terminal

Figure 6.1: Tabular TD(0) for estimating v! .

Values learned by TD after
various numbers of episodes



TD and MC on the Random Walk 

Data averaged over
100 sequences of episodes



Batch Updating in TD and MC methods 

‣  Batch Updating: train completely on a finite amount of data, 

-  e.g., train repeatedly on 10 episodes until convergence. 

‣  For any finite Markov prediction task, under batch updating, TD 
converges for sufficiently small " . 

‣  Compute updates according to TD or MC, but only update 
estimates after each complete pass through the data.   

‣  Constant-"  MC also converges under these conditions, but may 
converge to a different answer.  



Random Walk under Batch Updating 

‣  After each new episode, all previous episodes were treated as a 
batch, and algorithm was trained until convergence. All repeated 
100 times. 



AB Example 

‣  Suppose you observe the following 8 episodes: 

‣  Assume Markov states, no discounting (!  = 1)  = 1) 



AB Example 



‣  The prediction that best matches the training data is V(A)=0 

-  This minimizes the mean-square-error on the training set 

-  This is what a batch Monte Carlo method gets 

‣  If we consider the sequentiality of the problem, then we would set 
V(A)=.75 

-  This is correct for the maximum likelihood estimate of a Markov 
model generating the data  

-  i.e, if we do a best fit Markov model, and assume it is exactly 
correct, and then compute what it predicts.  

-  This is called the certainty-equivalence estimate 

-  This is what TD gets 

AB Example 



Summary so far 

‣  Introduced one-step tabular model-free TD methods 

‣  These methods bootstrap and sample, combining aspects of 
DP and MC methods 

‣  TD methods are computationally congenial 

‣  If the world is truly Markov, then TD methods will learn faster 
than MC methods 
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Learning An Action-Value Function 

‣  Estimate q!  for the current policy !  

St,At

Rt+1St St+1, At+1

Rt+2St+1
Rt+3St+2 St+3

. . . . . .
St+2, At+2 St+3, At+3

After every transition from a nonterminal state, St , do this:

Q(St ,At ) ! Q(St ,At ) +" Rt+1 +#Q(St+1,At+1) $ Q(St ,At )[ ]
If St+1 is terminal, then define Q(St+1,At+1) = 0



Sarsa: On-Policy TD Control 

‣  Turn this into a control method by always updating the policy to be 
greedy with respect to the current estimate: 142 CHAPTER 6. TEMPORAL-DIFFERENCE LEARNING

Initialize Q(s, a), ! s " S, a " A(s), arbitrarily, and Q(terminal-state, á) = 0
Repeat (for each episode):

Initialize S
ChooseA from S using policy derived from Q (e.g., ! -greedy)
Repeat (for each step of episode):

Take action A, observeR, S!

ChooseA! from S! using policy derived from Q (e.g., ! -greedy)
Q(S, A) # Q(S, A) + " [R + #Q(S!, A!) $ Q(S, A)]
S # S!; A # A!;

until S is terminal

Figure 6.9: Sarsa: An on-policy TD control algorithm.

long as all stateÐaction pairs are visited an inÞnite number of times and the
policy converges in the limit to the greedy policy (which can be arranged, for
example, with ! -greedy policies by setting! = 1/t ), but this result has not yet
been published in the literature.

Example 6.5: Windy Gridworld Figure 6.10 shows a standard gridworld,
with start and goal states, but with one di! erence: there is a crosswind upward
through the middle of the grid. The actions are the standard fourÑup, down,
right , and left Ñbut in the middle region the resultant next states are shifted
upward by a Òwind,Ó the strength of which varies from column to column. The
strength of the wind is given below each column, in number of cells shifted
upward. For example, if you are one cell to the right of the goal, then the
action left takes you to the cell just above the goal. Let us treat this as an
undiscounted episodic task, with constant rewards of$ 1 until the goal state
is reached. Figure 6.11 shows the result of applying! -greedy Sarsa to this
task, with ! = 0.1, " = 0.5, and the initial valuesQ(s, a) = 0 for all s, a. The
increasing slope of the graph shows that the goal is reached more and more
quickly over time. By 8000 time steps, the greedy policy (shown inset) was
long since optimal; continued! -greedy exploration kept the average episode
length at about 17 steps, two more than the minimum of 15. Note that Monte
Carlo methods cannot easily be used on this task because termination is not
guaranteed for all policies. If a policy was ever found that caused the agent to
stay in the same state, then the next episode would never end. Step-by-step
learning methods such as Sarsa do not have this problem because they quickly
learn during the episodethat such policies are poor, and switch to something
else.

Exercise 6.6: Windy Gridworld with KingÕs Moves Re-solve the
windy gridworld task assuming eight possible actions, including the diagonal
moves, rather than the usual four. How much better can you do with the extra



Windy Gridworld 

‣  undiscounted, episodic, reward = Ð1 until goal 



Results of Sarsa on the Windy Gridworld 



Q-Learning: Off-Policy TD Control 

‣  One-step Q-learning: 

6.5. Q-LEARNING: OFF-POLICY TD CONTROL 139

6.5 Q-learning: O ! -Policy TD Control

One of the most important breakthroughs in reinforcement learning was the devel-
opment of an o! -policy TD control algorithm known as Q-learning (Watkins, 1989).
Its simplest form, one-step Q-learning, is deÞned by

Q(St , At ) ! Q(St , At ) + !
!
Rt+1 + " max

a
Q(St+1 , a) " Q(St , At )

"
. (6.6)

In this case, the learned action-value function,Q, directly approximates q! , the op-
timal action-value function, independent of the policy being followed. This dramat-
ically simpliÞes the analysis of the algorithm and enabled early convergence proofs.
The policy still has an e! ect in that it determines which stateÐaction pairs are visited
and updated. However, all that is required for correct convergence is that all pairs
continue to be updated. As we observed in Chapter 5, this is a minimal requirement
in the sense that any method guaranteed to Þnd optimal behavior in the general case
must require it. Under this assumption and a variant of the usual stochastic approx-
imation conditions on the sequence of step-size parameters,Q has been shown to
converge with probability 1 to q! . The Q-learning algorithm is shown in procedural
form in Figure 6.10.

What is the backup diagram for Q-learning? The rule (6.6) updates a stateÐaction
pair, so the top node, the root of the backup, must be a small, Þlled action node.
The backup is alsofrom action nodes, maximizing over all those actions possible in
the next state. Thus the bottom nodes of the backup diagram should be all these
action nodes. Finally, remember that we indicate taking the maximum of these Ònext
actionÓ nodes with an arc across them (Figure 3.7). Can you guess now what the
diagram is? If so, please do make a guess before turning to the answer in Figure 6.12.

Initialize Q(s, a), #s $ S, a $ A(s), arbitrarily, and Q(terminal-state, á) = 0
Repeat (for each episode):

Initialize S
Repeat (for each step of episode):

ChooseA from S using policy derived from Q (e.g., #-greedy)
Take action A, observeR, S!

Q(S, A) ! Q(S, A) + !
#
R + " maxa Q(S!, a) " Q(S, A)

$

S ! S!;
until S is terminal

Figure 6.10: Q-learning: An o! -policy TD control algorithm.
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Initialize Q(s, a), ! s " S, a " A(s), arbitrarily, and Q(terminal-state, á) = 0
Repeat (for each episode):

Initialize S
Repeat (for each step of episode):

Choose A from S using policy derived from Q (e.g., ! -greedy)
Take action A, observe R, S0

Q(S, A) # Q(S, A) + " [R + #maxa Q(S0, a) $ Q(S, A)]
S # S0;

until S is terminal

Figure 6.12: Q-learning: An o! -policy TD control algorithm.

(Figure 3.7). Can you guess now what the diagram is? If so, please do make
a guess before turning to the answer in Figure 6.14.
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Figure 6.13: The cli! -walking task. The results are from a single run, but
smoothed.

Example 6.6: Cli ! Walking This gridworld example compares Sarsa
and Q-learning, highlighting the di! erence between on-policy (Sarsa) and o! -
policy (Q-learning) methods. Consider the gridworld shown in the upper part
of Figure 6.13. This is a standard undiscounted, episodic task, with start and
goal states, and the usual actions causing movement up, down, right, and left.
Reward is$ 1 on all transitions except those into the the region marked ÒThe



Cliffwalking 



Expected Sarsa 

‣  Expected Sarsa performs better than Sarsa (but costs more) 

‣  Instead of the sample value-of-next-state, use the expectation! 

6.6. EXPECTED SARSA 141

Q-learning Expected Sarsa

Figure 6.12: The backup diagrams for Q-learning and expected Sarsa.

6.6 Expected Sarsa

Consider the learning algorithm that is just like Q-learning except that instead of
the maximum over next state–action pairs it uses the expected value, taking into
account how likely each action is under the current policy. That is, consider the
algorithm with the update rule

Q(St, At) ! Q(St, At) + !
!
Rt+1 + " E[Q(St+1, At+1) | St+1] " Q(St, At)

"

! Q(St, At) + !
!
Rt+1 + "

#

a

#(a|St+1)Q(St+1, a) " Q(St, At)
"
, (6.7)

but that otherwise follows the schema of Q-learning (as in Figure 6.10). Given the
next state, St+1, this algorithm moves deterministically in the same direction as
Sarsa moves in expectation, and accordingly it is called expected Sarsa. Its backup
diagram is shown in Figure 6.12.

Expected Sarsa is more complex computationally than Sarsa but, in return, it
eliminates the variance due to the random selection of At+1. Given the same amount
of experience we might expect it to perform slightly better than Sarsa, and indeed it
generally does. Figure 6.13 shows summary results on the cli! -walking task with Ex-
pected Sarsa compared to Sarsa and Q-learning. As an on-policy method, Expected
Sarsa retains the significant advantage of Sarsa over Q-learning on this problem. In
addition, Expected Sarsa shows a significant improvement over Sarsa over a wide
range of values for the step-size parameter ! . In cli! walking the state transitions
are all deterministic and all randomness comes from the policy. In such cases, Ex-
pected Sarsa can safely set ! = 1 without su! ering any degradation of asymptotic
performance, whereas Sarsa can only perform well in the long run at a small value
of ! , at which short-term performance is poor. In this and other examples there is
a consistent empirical advantage of Expected Sarsa over Sarsa.

In these cli! walking results we have taken Expected Sarsa to be an on-policy
algorithm, but in general we can use a policy di! erent from the target policy # to
generate behavior, in which case Expected Sarsa becomes an o! -policy algorithm.
For example, suppose # is the greedy policy while behavior is more exploratory;
then Expected Sarsa is exactly Q-learning. In this sense Expected Sarsa subsumes
and generalizes Q-learning while reliably improving over Sarsa. Except for the small
additional computational cost, Expected Sarsa may completely dominate both of the
other more-well-known TD control algorithms.
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We then present results on two versions of the windy
grid world problem, one with a deterministic environment
and one with a stochastic environment. We do so in order
to evaluate the inßuence of environment stochasticity on
the performance difference between Expected Sarsa and
Sarsa and conÞrm the Þrst part of Hypothesis 2. We then
present results for different amounts of policy stochasticity
to conÞrm the second part of Hypothesis 2. For completeness,
we also show the performance of Q-learning on this problem.
Finally, we present results in other domains verifying the
advantages of Expected Sarsa in a broader setting. All results
presented below are averaged over numerous independent
trials such that the standard error becomes negligible.

A. Cliff Walking

We begin by testing Hypothesis 1 using the cliff walking
task, an undiscounted, episodic navigation task in which the
agent has to Þnd its way from start to goal in a deterministic
grid world. Along the edge of the grid world is a cliff (see
Figure 1). The agent can take any of four movement actions:
up, down, left andright, each of which moves the agent one
square in the corresponding direction. Each step results in a
reward of -1, except when the agent steps into the cliff area,
which results in a reward of -100 and an immediate return
to the start state. The episode ends upon reaching the goal
state.

S G

Fig. 1. The cliff walking task. The agent has to move from the start [S]
to the goal [G], while avoiding stepping into the cliff (grey area).

We evaluated the performance over the Þrst n episodes as
a function of the learning rate! using an"-greedy policy
with " = 0.1. Figure 2 shows the result forn = 100 and
n = 100, 000. We averaged the results over 50,000 runs and
10 runs, respectively.

Discussion.Expected Sarsa outperforms Q-learning and
Sarsa for all learning rate values, conÞrming Hypothesis 1
and providing some evidence for Hypothesis 2. The optimal
! value of Expected Sarsa forn = 100 is 1, while for
Sarsa it is lower, as expected for a deterministic problem.
That the optimal value of Q-learning is also lower than 1 is
surprising, since Q-learning also has no stochasticity in its
updates in a deterministic environment. Our explanation is
that Q-learning Þrst learns policies that are sub-optimal in
the greedy sense, i.e. walking towards the goal with a detour
further from the cliff. Q-learning iteratively optimizes these
early policies, resulting in a path more closely along the cliff.
However, although this path is better in the off-line sense, in
terms of on-line performance it is worse. A large value of
! ensures the goal is reached quickly, but a value somewhat
lower than 1 ensures that the agent does not try to walk right

on the edge of the cliff immediately, resulting in a slightly
better on-line performance.

For n = 100, 000, the average return is equal for all
! values in case of Expected Sarsa and Q-learning. This
indicates that the algorithms have converged long before the
end of the run for all! values, since we do not see any
effect of the initial learning phase. For Sarsa the performance
comes close to the performance of Expected Sarsa only for
! = 0 .1, while for large! , the performance forn = 100, 000
even drops below the performance forn = 100. The reason
is that for large values of! the Q values of Sarsa diverge.
Although the policy is still improved over the initial random
policy during the early stages of learning, divergence causes
the policy to get worse in the long run.
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Fig. 2. Average return on the cliff walking task over the Þrstn episodes
for n = 100 andn = 100 , 000 using an! -greedy policy with! = 0.1. The
big dots indicate the maximal values.

B. Windy Grid World

We turn to the windy grid world task to further test Hy-
pothesis 2. The windy grid world task is another navigation
task, where the agent has to Þnd its way from start to goal.
The grid has a height of 7 and a width of 10 squares. There
is a wind blowing in the ÕupÕ direction in the middle part of
the grid, with a strength of 1 or 2 depending on the column.
Figure 3 shows the grid world with a number below each
column indicating the wind strength. Again, the agent can
choose between four movement actions:up, down, left and
right, each resulting in a reward of -1. The result of an action
is a movement of 1 square in the corresponding direction plus
an additional movement in the ÕupÕ direction, corresponding
with the wind strength. For example, when the agent is in
the square right of the goal and takes a ÕleftÕ action, it ends
up in the square just above the goal.

1) Deterministic Environment:We Þrst consider a de-
terministic environment. As in the cliff walking task, we
use an"-greedy policy with" = 0 .1. Figure 4 shows the
performance as a function of the learning rate! over the
Þrstn episodes forn = 100 andn = 100, 000. For n = 100
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Figure 6.13: Interim and asymptotic performance of TD control methods on the cli! -walking
task as a function of ! . All algorithms used an "-greedy policy with " = 0 .1. ÒAsymptoticÓ
performance is an average over 100,000 episodes. These data are averages of over 50,000 and
10 runs for the interim and asymptotic cases respectively. The solid circles mark the best
interim performance of each method. Adapted from van Seijen et al. (2009).

6.7 Maximization Bias and Double Learning

All the control algorithms that we have discussed so far involve maximization in the
construction of their target policies. For example, in Q-learning the target policy is
the greedy policy given the current action values, which is deÞned with a max, and in
Sarsa the policy is often"-greedy, which also involves a maximization operation. In
these algorithms, a maximum over estimated values is used implicitly as an estimate
of the maximum value, which can lead to a signiÞcant positive bias. To see why,
consider a single states where there are many actionsa whose true values,q(s, a),
are all zero but whose estimated values,Q(s, a), are uncertain and thus distributed
some above and some below zero. The maximum of the true values is zero, but the
maximum of the estimates is positive, a positive bias. We call thismaximization
bias.

Maximization bias can be a problem for our control algorithms. A simple example
in which it harms performance is the MDP shown inset in Figure 6.14. The MDP
has two non-terminal states A and B. Episodes always start inA with a choice be-
tween two actions, right and wrong. The right action transitions immediately to the
terminal state with a reward and return of zero. The wrong action transitions to B,
also with a reward of zero, from which there are many possible actions all of which
cause immediate termination with a reward drawn from a normal distribution with
mean ! 0.1 and variance 1.0. Thus, the expected return for any trajectory starting
with wrong is ! 0.1, and wrong is indeed the ÔwrongÕ action to take in stateA. Nev-



Summary 

‣  Introduced one-step tabular model-free TD methods 

‣  These methods bootstrap and sample, combining aspects of DP 
and MC methods 

‣  TD methods are computationally congenial 

‣  If the world is truly Markov, then TD methods will learn faster than 
MC methods 

‣  Extend prediction to control by employing some form of GPI 

-  On-policy control: Sarsa, Expected Sarsa 

-  Off-policy control: Q-learning 


