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B Goal:

- Understand how TD learning combines ideas

from MC & DP to estimate value functions efficiently.

B You will learn:
- TD prediction
- TD control
- SARSA
- Q-learning

- Practical advantages of TD methods
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Motivation: Why Temporal Difference?

Problem on MC
until the end of episode
from incomplete trajectories
Problem on DP
« Requires environment model (i.e,, )

Temporal Difference (TD) learns:

iIncomplete trajectories
Without
bootstrapping
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Core Idea of Temporal Difference

TD update:

V(se) « V(se) + “(rt+1 + YV (St41) — V(St))

v Prediction: V(s;)

Original Meaning
‘/ Target: r + J/(St+1) e pull oneself up >
by one's
bootstraps

|-

v' TD Error: § = Target — Prediction

| Do something £
difficult or impossible™

-

- \ by yourself, without help.

v Update: Learning from Prediction Error

1) To succeed by one's own effort

AL 2) No outside assistance | ‘
« re ,&"l i /
? 'SELF-UPDATE 4%
Insight: AAZE 0|28 AA2 /L

AGIO|E BHCh .2

“Bootstrapping learning”

Update current estimate using next estimate.
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TD vs. MC

Approach  M(C TD
Target Ge r+yVv(s’)
Behavior v Update after full v Update every step

episode
v Low bias

v" High variance

v Higher bias

v Lower variance

TD trades bias for
lower variance

A2ZEQO B0 Z29| | 7|4 W= | Hongik University




TD Error

Or = Tppq1 T YV (Ser1) — V(se)

Measurement: how surprising the transition was large error

how surprising
the transition was!

Z Actual
LARGE BE™
ERROR! ygdQ==

Large error - value estimate was inaccurate.

Large § » Surprise - Learning happens

6 A2ZEQO B0 Z29| | 7|4 W= | Hongik University




TD Control 1: SARSA

SARSA (On-policy TD)
The update uses the actual action taken by the current policy.

The name SARSA comes from the transition tuple:

(S,A,R,S',A")
T error Learns what
ro it actually does!
Q(s,a) « Q(s,a) + a(|r +yQ(s',a") — Q(s,a))
— 1. Observe current state s

Ofo|ME7I MX 2 =Tt | 2. Choose action a using a[policy (e.g., e-greedy)}
Algots S erg GHOIE0 . — 3 Receive reward r and next state s’

AH8ot= M0l S Ystrh : : :

4. Choose next action a’ usmg[the policy (e—greedy)]
Uses actual ndxt action — 5. Update Q-value using TD error

— safer learning

v ULHE 7HE MRS BITHE AMIIK D23 S S
v O 25EQI MG Me () BEo|A B2 S0t (O S4)
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TD Control 2: Q-Learning

Q-Learning (Off-policy TD)

v Learn optimal action-value function independent of policy used for exploration.

v' Assumption: Agent will take the best action in the next state

TD error

Update Rule: Learns optimal
Q(s,a) « Q(s,a) + a ([r +ymaxQ(s’,a’) — Q(s, aﬂ) policy regardless of

behavior!

Learning Process:

— 1. Observe current state s
The agent may explore
randomly, but it learns —
the greedy optimal policy. 3. Execute action & observe r and next state s’

2. Choose action a using e-greedy

— 4. Update Q-value using the maximum

Uses greedy next action :
_ optimal but risky possible next value (max Q)
MHN 2 E&(exploration)ys ¢ FA¢ HS
CHE AEfOM = Ls ZEHo A2 &

(o) 20| AgtHErE, 7|5HgL0 29 9 2| Z=2 dH)
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Conceptual Visualization

SARSA - safer policy

{7 Normal step

‘.; Q-learning - greedy optimal path LRI

Cliff | Cliff | Cliff | Cliff | Cliff | CIiff | Cliff | CIiff | Cliff | CIiff
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Bridge to Deep RL

« TD learning is the foundation of modern RL algorithms.
« Most deep RL methods use NN to approximate value functions,

while still relying on TD updates.

From Tabular RL to Deep RL Examples of Deep RL Algorithms
Tabular TD Learning 1) Value-based methods
¥ DQN  Double DQN Dueling DQN
Function Approximation .
‘ 2) Policy-based methods

Policy Gradient REINFORCE

Deep Neural Networks
¥ 3) Actor-Critic methods
Deep Reinforcement Learning A2C A3C

]

v High-dimensional state spaces
v Continuous control problems
v' Large-scale environments
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