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Lecture Outline

1. RL Algorithms: An Overview 

2. Policy Gradients: Main Idea 

3. Algorithms: REINFORCE, Actor-Critic
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Note: Last examinable material! 



RL Algorithms: Three Kinds

3

Value-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q

Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based



RL Algorithms: Three Kinds
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<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based

<latexit sha1_base64="gU/z1iJ0HFGTNzYSJyTpB0rOnLQ="></latexit>

⇡(s) = argmax
a

Q(s, a)

Value-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂



Value Iteration

RL Algorithms: Three Kinds
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<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q

Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂



RL Algorithms: Three Kinds
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Model-Free
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based

Learn policy directly!

<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂



Policy-Based Methods

7

s a
<latexit sha1_base64="CsSAS1YNSpNoDPxKBsNkJuMEnYU="></latexit>⇡✓

<latexit sha1_base64="FoPZL/gqStzRb+DGnKD89J9qrS0="></latexit>

✓ 2 Rd

Gradient-based optimization
<latexit sha1_base64="UCM2yjYMcPgjdVC/bjMMGQ1jPzg="></latexit>

✓t+1 = ✓t + ↵ \rJ(✓t)



Policy-Based Methods
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s a
<latexit sha1_base64="CsSAS1YNSpNoDPxKBsNkJuMEnYU="></latexit>⇡✓

<latexit sha1_base64="FoPZL/gqStzRb+DGnKD89J9qrS0="></latexit>

✓ 2 Rd

Q: But how do we represent the policy?



Example 1: Softmax Policies
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<latexit sha1_base64="8JHaaS0FmGn91EEqYU93ziqCaFs="></latexit>

⇡(a | s, ✓) = eh(s,a,✓)P
b2A eh(s,b,✓)

<latexit sha1_base64="EtpUt2YzRUufTAJqzz8H09Nna+g="></latexit>

h(s, a, ✓) = ✓>x(s, a) State-action features

Softmax Policy



Example 1: Softmax Policies
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Softmax Policy for Discrete Actions

For discrete actions, can use softmax
policy:

π(a|s, θ) .
=

eh(s,a,θ)∑
b eh(s,b,θ)

• Action preference h(s,a, θ) can be
parameterised arbitrarily, e.g. linear in
features

h(s,a, θ) = θ⊤x(s,a)

7



Example 2: Gaussian Policies
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Gaussian Policy

For example:
<latexit sha1_base64="XuEKe7BmXjKihQVz+fzCL6+cPC4="></latexit>

µ(s, ✓) = ✓>x(s) State features

<latexit sha1_base64="6pPdTkM7SG5zTlG9HwTA7V8Y1LY="></latexit>

⇡(a | s, ✓) ⇠ N (µ(s, ✓),�2)



Example 2: Gaussian Policies
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Gaussian Policy for Continuous Actions

For continuous actions, can use Gaussian
policy:

a ∼ N (µ(s, θ),σ2)

• Mean µ can be parameterised
arbitrarily, e.g. linear in features

µ(s, θ) .
= θ⊤x(s)

• Variance σ2 can be fixed or also
parameterised (see book)

8



RL Algorithms: Three Kinds
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Value-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based

Learn policy, use to act Learn value, use to get policy

Learn model, then plan to get policy

Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂

Model-Free



Discussion
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Discussion (2 minutes): 

What is one advantage or disadvantage of any of the above three classes? 

What is one setting you can think of where we should clearly use one of the 
above over the other two?

Value-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q
<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡

Policy-Based Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂

Learn policy, 
use to act

Learn value, use 
to get policy

Learn model, then 
plan to get policy



Policy Optimisation
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Given:                   , interaction with MDP m
<latexit sha1_base64="CwKkvDdGbK4txFHqQBRr5Elmxkc="></latexit>

⇡(a | s, ✓)

Find: optimal choice of 
<latexit sha1_base64="fhndi8NWuKN9P7cwUgXt7jjW6I4="></latexit>

✓

Definition: Policy Optimisation Problem

Q: How do we measure the quality of a given θ?



Policy Optimisation

16

Given:                   , interaction with MDP m
<latexit sha1_base64="CwKkvDdGbK4txFHqQBRr5Elmxkc="></latexit>

⇡(a | s, ✓)

Find: optimal choice of 
<latexit sha1_base64="fhndi8NWuKN9P7cwUgXt7jjW6I4="></latexit>

✓

Definition: Policy Optimisation Problem

Q: How do we measure the quality of a given θ?
Episodic

<latexit sha1_base64="XM3EaMGbNw7Ps80o4/0hLyocp0s="></latexit>

J(✓) = v⇡✓ (s0)



Policy Gradient Algorithms: Main Idea
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Policy Gradient

• Policy gradient algorithms search for a local
maximum in J(θ) by ascending the gradient
of π wrt θ

θt+1 = θt + α∇J(θt)

• ∇J(θ) is the policy gradient

∇J(θ) =
(
∂J(θ)
∂θ1

, · · · , ∂J(θ)
∂θd′

)

10

<latexit sha1_base64="kp7mYWcM4V4rxUgEsO5OncRKuJU="></latexit>

initialise ✓0

for t = 0, 1, . . .

collect data using ⇡✓t

✓t+1 = ✓t + ↵rJ(✓t)

Sketch: Policy Gradient Algorithms

Q: How do we compute this..?



Policy Gradient Theorem
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Policy Gradient Theorem

Policy Gradient Theorem:
For any differentiable policy π, the policy gradient is

∇J(θ) =
∑

s
dπ(s)

∑

a
qπ(s,a)∇π(a|s, θ)

dπ(s) is the on-policy distribution under π:

• For start-state value: dπ(s) =
∑∞

t=0 γ
t Pr{St = s | s0,π}

• For average reward: dπ(s) = limt→∞ Pr{St = s | π} (steady-state dist.)

Note: does not require derivative of environment dynamics p(s′, r|s,a) !

11



Policy Gradient Theorem
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Policy Gradient Theorem: Breakdown

20

Sampling Policy Gradient

Since dπ(s) is on-policy, we can sample approximate gradient:

∇J(θ) =
∑

s
dπ(s)

∑

a
qπ(s,a)∇π(a|s, θ)

= Eπ

[
∑

a
qπ(St,a)∇π(a|St, θ)

]

= Eπ

[
∑

a
π(a|St, θ)qπ(St,a)

∇π(a|St, θ)
π(a|St, θ)

]

= Eπ

[
qπ(St,At)

∇π(At|St, θ)
π(At|St, θ)

]

= Eπ[qπ(St,At)∇ lnπ(At|St, θ)]
12



Policy Gradient Theorem: Breakdown
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Policy Gradient Theorem: Breakdown
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Policy Gradient Theorem: Breakdown
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Policy Gradient Theorem: Breakdown
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Policy Gradient: General Form
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<latexit sha1_base64="kp7mYWcM4V4rxUgEsO5OncRKuJU="></latexit>

initialise ✓0

for t = 0, 1, . . .

collect data using ⇡✓t

✓t+1 = ✓t + ↵rJ(✓t)

Sketch: Policy Gradient Algorithms

<latexit sha1_base64="qKzXQ0rwE8SCOEq8g1ZqLd/bxug="></latexit>

✓t+1 = ✓t + ↵(q⇡(St, At)r ln⇡(At | St, ✓t))

Need to approximate!



Computing / Approximating Two Key Quantities
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<latexit sha1_base64="qKzXQ0rwE8SCOEq8g1ZqLd/bxug="></latexit>

✓t+1 = ✓t + ↵(q⇡(St, At)r ln⇡(At | St, ✓t))

<latexit sha1_base64="qKzXQ0rwE8SCOEq8g1ZqLd/bxug="></latexit>

✓t+1 = ✓t + ↵(q⇡(St, At)r ln⇡(At | St, ✓t))
<latexit sha1_base64="qKzXQ0rwE8SCOEq8g1ZqLd/bxug="></latexit>

✓t+1 = ✓t + ↵(q⇡(St, At)r ln⇡(At | St, ✓t))

since, 

Monte Carlo estimate of  
<latexit sha1_base64="DS3ks+UWVpraH0eFhVZQW6sIqOw="></latexit>

Gt

<latexit sha1_base64="6U/QuvSYV1SlWO6tWyUXFR+ZYyI="></latexit>

E⇡[Gt | St, At] = q⇡(St, At)

<latexit sha1_base64="4aTcNghz9QRj7BOxQMhYvm5bINg="></latexit>

r ln⇡(a | s, ✓) = x(s, a)�
X

a0

⇡(a0 | s, ✓)x(s, a0)
softmax

<latexit sha1_base64="ctclAl3/PvL2WVPebHoZb13njVQ="></latexit>

= (a� µ(s, ✓))x(s)/�2
Gaussian

REINFORCE Algorithm



Algorithm 1: REINFORCE — Pseudocode
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REINFORCE Pseudocode

15

See Tutorial 7REINFORCE

REINFORCE Pseudocode

15

See Tutorial 7



Example: REINFORCE in Corridor
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REINFORCE in Corridor Example

16Episode

Example: Optimal Stochastic Policy in Short Corridor

5

Reward is −1 until
goal state reached

Assume agent cannot
distinguish between
states, only between
left/right action

ϵ = 0.05
(ϵ = 0.1 in book is typo)

High variance!



Mitigating Variance: Fix 1 — Add a Baseline
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<latexit sha1_base64="vGVP2mz/p8vf9lGXqyuv4Wae5nw="></latexit>

✓t+1 = ✓t + ↵[(q⇡(St, At)� b(St))r ln⇡(At | St, ✓t)]

Does not change expectation, but can reduce variance

Typically:
<latexit sha1_base64="Zr4+1Wfryj49YcqUZSll6kGN4v4="></latexit>

b(St) = v̂(St)



Mitigating Variance: Fix 1 — Add a Baseline

30

REINFORCE with Baseline in Corridor Example

18

v̂(St,w) = w (one parameter in v̂)

Example: Optimal Stochastic Policy in Short Corridor

5

Reward is −1 until
goal state reached

Assume agent cannot
distinguish between
states, only between
left/right action

ϵ = 0.05
(ϵ = 0.1 in book is typo)



REINFORCE is Episodic

31

REINFORCE Pseudocode

15

See Tutorial 7
REINFORCE

for each episode 
Only episodic!



Fix: Actor-Critic
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<latexit sha1_base64="2jpPgtBabV3mBZ6/AKnOWimLbgM="></latexit>

✓t+1 = ✓t + ↵[(Rt+1 + �v̂(St+1,w)� v̂(St,w))r ln⇡(At | St, ✓t)]

w
Critic

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="mst6ScYdDQpeMx6OlnhRKSJmvsQ="></latexit>

v̂(St, w)

Actor
θ

<latexit sha1_base64="6bLTl2swpwDaz0cEMbjj6UQwtWg="></latexit>

St

<latexit sha1_base64="WaPyXua+3raVmy960RMGbiC85Mc="></latexit>

⇡(At | St, ✓)



Algorithm 2: Actor-Critic w/ TD(0)

33

Actor-Critic with Semi-Gradient TD(0)

20

Actor-Critic with Semi-Gradient TD(0)

20

Actor-Critic with Semi-Gradient TD(0)

20



RL Algorithms: Three Kinds
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Value-Based
<latexit sha1_base64="wl3ghY+XSIWcE5jf91BfDyWMGWM="></latexit>

Q<latexit sha1_base64="gSr67P4EpZhueLKDsx8WBy/se1Q="></latexit>⇡
Policy-Based

Learn policy, use to act Learn value, use to get policy

Learn model, then plan to get policy

Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂

Model-Free

Actor-Critic



Not Examined: A Simple Model-Based Algorithm

35

Learn model, then plan to get policy

Model-Based
<latexit sha1_base64="UhQAFrzHch50LqrvZz9ReQeLyis="></latexit>

p̂, r̂



Coming Up…

36

Deep Reinforcement Learning

RL beyond MDPs

The Reward Hypothesis, RLHF

MARL / Cognitive RL

Not examined



Reading

- RL book, Chapter 13 (13.1–13.5) 

- Note: End of examinable material. For extra exam revision, see Tutorials 8 & 9. 

- Optional: 

Policy Gradient Methods for Reinforcement Learning with Function Approximation by 
Sutton et al. (1999) 

Simple statistical gradient-following algorithms for connectionist reinforcement 
learning by Williams (1992) 

Proximal Policy Optimization Algorithms by Schulman et al. (2017) 

https://arxiv.org/abs/1707.06347
37

https://arxiv.org/abs/1707.06347

