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| ecture Outline

1. RL Algorithms: An Overview
2. Policy Gradients: Main ldea

3. Algorithms: REINFORCE, Actor-Critic

Note: Last examinable matenial!



RL Algorithms: Three Kinds
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RL Algorithms: Three Kinds

m(s) = argmax Q(s, a)
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RL Algorithms: Three Kinds

Policy-Based

Learn policy directly!



Policy-Based Methods

Gradient-based optimization
/\
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Policy-Based Methods

Q: But how do we represent the policy?



Example 1: Softmax Policies

Softmax Policy

h(S, a, 6) — 9 ZU(S, CL) State-action features



Example 1: Softmax Policies
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Example 2: Gaussian Policies

Gaussian Policy

For example: ’u(57 6’) — { QC(S) State features
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Example 2: Gaussian Policies
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RL Algorithms: Three Kinds

Model-Free

Policy-Based Value-Based

_Q

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

Model-Based

Learn model, then plan to get policy
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Discussion

Policy-Based Value-Based Model-Based
n
Learn policy, Learn value, use Learn model, then
use to act to get policy plan to get policy

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?
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Policy Optimisation

Definition: Policy Optimisation Problem

Given: 7m(a | S, 8), interaction with MDP m

Find: optimal choice of 9

Q: How do we measure the quality of a given 67
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Policy Optimisation

Definition: Policy Optimisation Problem

Given: 7m(a | S, 8), interaction with MDP m

Find: optimal choice of 9

Q: How do we measure the quality of a given 67 —» J(9> — Uﬂ'@ (SO)
Episodic
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Policy Gradient Algorithms: Main Ildea
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Q: How do we compute this..?
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Policy Gradient Theorem

Policy Gradient Theorem:
For any differentiable policy w, the policy gradient Is

VI(O) = ) dx(s) ) Gx(s,a)Vn(als,6)

d.(S) Is the on-policy distribution under m:
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Policy Gradient Theorem

Policy Gradient Theorem:
For any differentiable policy w, the policy gradient Is

VI(O) = ) dx(s) ) Gx(s,a)Vn(als,6)

d.(S) Is the on-policy distribution under m:

e For start-state value: d.(s) => 2y Pr{St =s | So, 7}

e For average reward: d.(S) = limi_ Pr{S: = s | 7} (steady-state dist.)

Note: does not require derivative of environment dynamics p(s’,r|s,a)!
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Policy Gradient Theorem: Breakdown

VIO) =) dx(s)) ax(s,a) Vr(als,0)
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Policy Gradient Theorem: Breakdown

— Z dw(s) Z CJW(Sv CJ) V7T(G|Sv 6))

A

o qu(su (alSt, 0)
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Policy Gradient Theorem: Breakdown

— Z dw(s) Z CJW(Sv CJ) V7T(G|Sv 6))

A

o qu(su (alSt, 0)

N vr(alSt, 0)
4T ; 7T(C1|St7 ‘9) CIW(SD CI) 7T(G|St, (9)

A
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Policy Gradient Theorem: Breakdown

— Z dw(s) Z CJW(Sv CJ) V7T(G|Sv 6))

A

o qu(su (alSt, 0)

N vr(alSt, 0)
4T ; 7T(C1|St7 ‘9) CIW(SD CI) 7T(G|St, (9)
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Policy Gradient Theorem: Breakdown

— Z dw(s) Z CJW(Sv CJ) V7T(G|Sv 6))

A

o qu(su (alSt, 0)

N vr(alSt, 0)
4T ; 7T(C1|St7 ‘9) CIW(SD CI) 7T(G|St, (9)

A

Vﬂ'(At‘St, 6’)_
W(At|5t7 9) _

4:77 CIT('(Sta At)

‘E7T[C]7T(St7 At) V In W(At‘st, (9)]
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Policy Gradient: General Form

Sketch: Policy Gradient Algorithms
initialise 6,
fort=0,1,...

collect data using g,
Need to approximate!

l 1

Orr1 = 0y C]w StaAt)VInﬂ- At | Staet))
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Computing / Approximating Two Key Quantities

Qt_|_1 — (9t —+ Oé(qw(st,At)VHI’ﬂ'(At | St, (915))

QTF(St7At) VInﬂ-(At | Stvet)

Monte Carlo estimate of Gt softmax

= x(s,a) — Zw(a' | s,0)x(s,a’)

since,

- _ Gaussian
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REINFORCE Algorithm




Algorithm 1: REINFORCE — Pseudocode

REINFORCE

Input: a differentiable policy parameterization m(al|s, 8)
Algorithm parameter: step size o > 0

Initialize policy parameter 6 € R (e.g., to 0)

Loop forever (for each episode):
Generate an episode Sg, Ag, R1,...,57_1,Ar_1, Ry, following 7 (-|-, 0)
Loop for each step of the episode t =0,1,...,7T — 1:
G ZZ:tJrl VTR
0« 0+ ay'GVInn(A|S,0)
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Example: REINFORCE in Corridor

Go

Total reward
on episode

averaged over 100 runs

High variance!

| | | | |
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Episode 28



Mitigating Variance: Fix 1 — Add a Baseline

Ori1 = 0; + (g (Se, Ay) — b(S;))ViInm(As | St, 04)]

Typically: b(St> — @(St>

Does not change expectation, but can reduce variance
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Mitigating Variance: Fix 1 — Add a Baseline

10 REINFORCE thh baseline o =27 0. (50)
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REINFORCE is Episodic

REINFORCE

Input: a differentiable policy parameterization m(al|s, 8)
Algorithm parameter: step size o > 0

Initialize policy parameter 0 & Rd/ (e.g., to 0)

Loop forever for each episode * /

Generate an episode Sy, Ag, K1,...,57_1,Ar_1, Rp, following 7 (-|-, 0)
Loop for each step of the episode t =0,1,...,7 —1:

G+ ZZ:H—I Wk_t_le
0+ 0+ ay'GV Inm(A¢S, 0)

Only episodic!
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Fix: Actor-Critic

01 = }
t+1 (915 -+ Oé[(RH_l —+ VU(St—I—lp W) — @(St, W))v lIl W(At ‘ St 6’t)]

W(At ‘ St,é’) @(Staw)
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Algorithm 2: Actor-Critic w/ TD(0)

Input: a differentiable policy parameterization w(al|s, 0)
Input: a differentiable state-value function parameterization v(s,w)
Parameters: step sizes a® > 0, a% > 0

Initialize policy parameter @ € R? and state-value weights w € R? (e.g., to 0)

Loop forever (for each episode):
Initialize S (first state of episode)

[ <1
Loop while S is not terminal (for each time step):
A~ (]S, 0)
Take action A, observe S, R
0 — R+~0(S",w) —0(S,w) (if S is terminal, then 9(S’",w) = 0)

w <+ w4+ aVoVo(S,w)
0 0+a’I6VIinn(A|S,0)
I < ~I1

S 9 23



RL Algorithms: Three Kinds

Model-Free
Policy-Based Value-Based

o n

Learn pO/IC)/, use to act Learn Value, use to get pOllcy

Model-Based

Learn model, then plan to get policy
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A Simple Model-Based Algorithm

Model-Based

Learn model, then plan to get policy
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Coming Up...

Deep Reinforcement Learning The Reward Hypothesis, RLHF

RL beyond MDPs MARL / Cognitive RL

Not examined
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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
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