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Temporal Difference (TD) Learning

* Learn from the experience of few time steps

* TD is model-free

* TD methods learn from a guess from a guess (bootstrap)

* TD combines the sampling of MC with the bootstrapping of DP
* Most novel idea in reinforcement learning
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Monte-Carlo vs. Temporal-Difference

 MC waits until end of the episode and uses Return G as target

V(S ) <= V(S ) oL Gy = V(5¢)]

* TD only needs few time steps and uses observed reward R; 4

Vst) < Ve +a [ Ry + YV Se) - V(5t))



TD Error and MC Error
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Example: Driving Home

* Estimate the time of arriving home

KCWW“CJS \/Ci’ulﬁj
State FElapsed Time (minutes) Predicted Time to Go Predicted Total Time
leaving office, 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



Example: Driving Home (TD vs. MC)
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Advantages of TD

* TD vs. Dynamic Programming
—Do not require knowledge of all states

* TD vs. Monte Carlo
—Some applications have very long episodes



Example: Random Walk

 Markov Reward Process
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On-policy TD: SARSA !

e Use state-action function Q >
* One-step TD(0): ¢, A¢, R, St41, At a1

Q(St, At) < Q(St, Ar) + @[Rt-l—l + YQ(St+1, At+1) — Q(St, A¢)
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Windy Grid World
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Off-policy TD: Q-Learning

* Target policy: Greedy policy

Q(St& At) — Q(St& At) + {Rt—l—l =+ 71113}: Q(St—l—la @) - Q(Sta At)]



Learning to Walk Cliff

e Agent sometimes falls to the cliff due to e-greedy
* SARSA vs. Q-learning

Safer path

Optimal path

R=-1

13



Expected SARSA

* Calculate expected value of next state
Q(St, Ar) + Q(St, Ar) + | Req1 + YEAQ(St41, A1) | Se1] — Q(Sk, At)]

< Q(St: At) + :Rt+1 + 7y Z W(G|St-|—1)Q(St—|—1; (1) - Q(Sta At)]:

T T

o o o e e o
(Q)-learning Expected Sarsa
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Comparison on Clift Walking
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Maximization Bias

e State A has O reward
e State B reward is a normal distribution (mean=-0.1, variance=1)
 TD may favor B

N(-=0.1.1)

S SPOR 2Ox ==
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Double Q-Learning

Q1(St, At) < Q1(S5t, Ar)+a [Rt+1‘|"}’Q2 (St—l—la argmax (1 (Si41, CL)) —Q1(5%, At):|
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Special Value Function: Afterstate

e State-value function used in tic-tac-toe evaluates board positions
after the agent has made its move

0| - X o/ x +

Two different mO\k\ﬁad to the7({e afterstate result

A

0| x
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n-step TD Prediction

. 1-step TD co-step TD
o n-Ste p bOOtSt ra p pl ng and TD(0) 2-stepTD  3-step TD n-step TD and Monte Carlo
Combine 1-step TD S A A

with Monte Carlo

O
Q000 )0
Qe+—i 0
00— —0—(—0—()
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Formulating n-step TD

Giir1 = Rip1 + vV (Sig1)
Giiro = Riv1 +vRiyo +7°Vir1(Siyo)

Gritgn = Rig1 +YRigo + -+ 'Ripn + 7" Vien—1(Si4n)

$

Vien(St) = Vign—1(5¢) + @[Gt:t+n — V};—I—n—l(st)]

20



N-step TD on 19-state random walk
"~ IO B O ) e ) D () S = B
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Average
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N-step SARSA
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N-step SARSA

Giiatn = Rip1+7Riro++7" " Rign+7" Qtn-1(Stn, Atin), n>1,0<t <T—-n
Qt-l—n(St:r At) = Qt—l—n—l(Sta At) + « [Gt:t—l—n — Qt—l—n—l(St:r At)]

Action valuas increasead Action valuas increaseacd
Fath taken by one-step Sarsa by 10-step Sarsa
I
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L E G 3 ¥
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N-step Tree Backup

e Off-policy learning without importance sampling

Grig1 = Rep1 + 7y Z’?T(G:|St+1)Qt(St+1a a)

Griqo = Rip1 +7 Z m(alSt4+1)Qi+1(Sty1,a)
aFAtq1

+ym(Ae1[Se41) (RHQ 7 Z 7(alSet2)Qrr (St a))

= Ripr+7 Y, m(alSi1)Qur1 (Sir1, @) + 4 ( A1 [S41)Grgriga,

$

G#At+1

Gipan = Rep1+7y Z m(alSi41)Qtan—1(Stx1,a) + ym(Ass1|St41)Gratt4n
a‘#AL—i—l

-
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A Unifying Algorithm n-step Q(o)

4-step
Sarsa
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The A\ Return

* Weighted sum of different n-step returns

 Compound update
* Sum of weights need to
* Example:
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Weighting of each n-step Returns in A Return

T—-t—1
Gt/1 =(1-2) 2 An_th:t+n + AT_t_th
n=1

- S
A=1: Monte Carlo m—=n. the S-step ratum total area = 1
i _ 2
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' : cecay by A
Weightng 1. | 7 e \ weight given fo
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L 7 | ¢ If.’f R
7 T
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A-return vs. n-step TD
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Forward View vs. Backward View

* N-step TD (and DP) are based

on forward view

 TD( A) is oriented backward in
time
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