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Last Session

• Dynamic programming: Dynamic sequential or temporal component 
to the problem

• Policy Evaluation

• Policy Improvement

• Value Iteration

• Improvement to the iteration process



The Overview

Markov 
Process

Markov 
Reward 
Process

Markov 
Decision 
Process

I want to know how good I did (+ Reward)

I want to make that decision (+ Action)

MDP

Dynamic 
Programming

MC & TD

Q-Learning

Optimal Controller

I don’t have a model (estimation)

I don’t have a model (control)



1 Introduction

2 Monte-Carlo Learning

3 Temporal-Difference Learning

4 TD(λ)

Outline of Today’s Lecture



Model-Free Reinforcement Learning



Model Free RL
The cat is our agent:

• The cat can move in 4 directions

• The cat like fish

• When cat eats the cat food, cat 
wins the game, game ends.

• If the cat is caught by the fox, cat 
loses the game, game ends.

• But now, we don’t have the MDP



Monte-Carlo Reinforcement Learning



Monte-Carlo Policy Evaluation



First-Visit Monte-Carlo Policy Evaluation





Model Free RL
The cat is our agent:

• The cat can move in 4 directions

• The cat like fish

• When cat eats the cat food, cat 
wins the game, game ends.

• If the cat is caught by the fox, cat 
loses the game, game ends.

• But now, we don’t have the MDP



Every-Visit Monte-Carlo Policy Evaluation



Model Free RL
The cat is our agent:

• The cat can move in 4 directions

• The cat like fish

• When cat eats the cat food, cat 
wins the game, game ends.

• If the cat is caught by the fox, cat 
loses the game, game ends.

• But now, we don’t have the MDP



States (200 of them): 

Current sum (12-21)

Dealer’s showing card (ace-10)
Do I have a “useable” ace? (yes-no)

Action stick: Stop receiving cards (and terminate) 

Action twist: Take another card (no replacement)

Reward for stick:

+1 if sum of cards > sum of dealer cards 

0 if sum of cards = sum of dealer cards
-1 if sum of cards < sum of dealer cards

Reward for twist:

-1 if sum of cards > 21 (and terminate) 

0 otherwise

Transitions: automatically twist if sum of cards < 12

Blackjack (21 point) Example



Policy: stick if sum of cards ≥ 20, otherwise twist

Blackjack Value Function after Monte-Carlo 
Learning



Incremental Mean



Update V (s) incrementally after episode S1, A1, R2, ..., ST

For each state St with return Gt

N(S t ) ← N(S t ) + 1

V (S t ) ← V (S t ) +
1

tN(S )
(G t −V (S t ))

In non-stationary problems, it can be useful to track a running 

mean, i.e. forget old episodes.

V (S t ) ← V (S t ) + α (G t −V (S t ))

Incremental Monte-Carlo Updates

Nice video to watch: https://youtu.be/C3p2wI4RAi8?si=jb95_WkL5T72T3jp

https://youtu.be/C3p2wI4RAi8?si=jb95_WkL5T72T3jp


Temporal-Difference Learning



MC and TD



Driving Home Example



Changes recommended by 

Monte Carlo methods (=1)

Changes recommended 

by TD methods (=1)

Driving Home Example: MC vs. TD



Advantages and Disadvantages of MC vs. TD



Bias/Variance Trade-Off



Advantages and Disadvantages of MC vs. TD 
(2)



Random Walk Example



Random Walk: MC vs. TD



Batch MC and TD



Two states A, B; no discounting; 8 episodes of experience

A, 0, B, 0

B, 1

B, 1

B, 1

B, 1

B, 1

B, 1

B, 0

What is V (A), V (B)?

AB Example



Two states A, B; no discounting; 8 episodes of experience

A, 0, B, 0

B, 1

B, 1

B, 1

B, 1

B, 1

B, 1

B, 0

What is V (A), V (B)?

AB Example



Certainty Equivalence



TD exploits Markov property

Usually more efficient in Markov environments

MC does not exploit Markov property

Usually more effective in non-Markov environments

Advantages and Disadvantages of MC vs. TD 
(3)

“The future is independent of the past given the present”
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V (S t ) ← V (S t ) + α (G t −V (S t ))

st
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TT T
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Monte-Carlo Backup



T T T TT
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st+1

rt+1

V (S t ) ← V (S t ) + α (R t +1 + γV (S t +1) −V (S t ))

                           st

TTTTT
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Temporal-Difference Backup
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V (S t ) ← Eπ [R t +1 + γV (S t +1)]
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Dynamic Programming Backup



Bootstrapping and Sampling



Unified View of Reinforcement Learning



Let TD target look n steps into the future

n-Step Prediction



n-Step Return



Large Random Walk Example



1 1
G(2)

2 2
+ G(4)

Combines information from two different 

time-steps

Can we efficiently combine information from all  

time-steps?

One backup

We can average n-step returns over different n

e.g. average the 2-step and 4-step returns

Averaging n-Step Returns



λ-return



TD(λ) Weighting Function



Update value function towards the λ-return

Forward-view looks into the future to compute Gλ
t

Like MC, can only be computed from complete episodes

Forward-view TD(λ)



Forward-View TD(λ) on Large Random Walk



Forward view provides theory 

Backward view provides mechanism

Update online, every step, from incomplete sequences

Backward View TD(λ)



Credit assignment problem: did bell or light cause shock? 

Frequency heuristic: assign credit to most frequent states 

Recency heuristic: assign credit to most recent states 

Eligibility traces combine both heuristics

E0(s) = 0

Et (s) = γλE t− 1(s) + 1(S t = s)

Eligibility Traces



Keep an eligibility trace for every state s

Update value V (s) for every state s

In proportion to TD-error δt and eligibility trace E t (s)

Δ t  = R t +1 + γV (S t +1) −V (S t )

V (s) ← V (s) + αδ t E t  (s)

Backward View TD(λ)





TD(λ) and TD(0)



When λ = 1, credit is deferred until end of episode 

Consider episodic environments with offline updates

Over the course of an episode, total update for TD(1) is the 

same as total update for MC

TD(λ) and MC



MC and TD(1)



Telescoping in TD(1)



TD(λ) and TD(1)



Telescoping in TD(λ)



Forwards and Backwards TD(λ)



Offline updates

Updates are accumulated within episode 

but applied in batch at the end of episode

Offline Equivalence of Forward and 
Backward TD



Online Equivalence of Forward and 
Backward TD



Summary of Forward and Backward TD(λ)



Summary

• Model-Free Learning: 

• We don’t need a perfect model of the environment (transition probabilities, reward functions).  We learn directly from 
experience.

• Monte Carlo (MC) Learning:

• Learns from complete episodes.

• Averages returns to estimate value functions.

• Can be incremental (updating after each episode).

• Unbiased but high variance.

• Temporal Difference (TD) Learning:

• Learns from incomplete episodes (updates after each step).

• Bootstraps (updates estimates based on other estimates).

• Lower variance than MC, but can be biased.

• Exploits Markov property.



Questions?
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