(=l Foundations of RL
Lecture 9: Modern RL Algorithms
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Enrigue Mallada

Goals:

AGive an overview of Deep RL methods
ADeep Policy Gradient Methods



sources

ACourses from the Experts:
1. Sergey Levine, Deep Reinforcement Learning, Decision Making, and Control (2023)
2. David Silver, Reinforcement Learning (2015)
3. Jared Markowitz, Applied Physics Lab Lectures (2023)

ATextbook:

Richard S. Sutton and Andrew G. Barto. Reinforcement Learning: An Introduction. Available online at
http://www.incompleteideas.net/book/thebook-2nd.html

AOpenAl Spinning Up in Deep RL

AResearch paperill be cited throughout
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What Is Reinforcement Learning?

At each timestep t, the agent:
e Receives observation oy
e Receives scalar reward r;
e Performs action ay
At The environment:

e Receives action ay

e Provides observation oy

e Emits scalar reward r;

Goal: Select the actions that maximize future expected rewards



What isDeepReinforcement Learning?

W@(at‘ot)

A Deep neural network performs
function approximationfor the
agent.

A Greatly increases the versatility ang
scalability of RL




Evolution of DRL Mirrors Evolution of Computer Vision

standard

computer ¥ features 5 mid-level features | classifier
vision (e.g. HOG) (e.g. DPM) (e.g. SVM)
Felzenszwalb ‘08
deep
learning

standard
reinforcement
learning

\

features — = FTnore features ‘) linear policy -

e orvalue func.

deep
reinforcement
learning

Image Credit: Levine UC Berkeley Course
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Anatomy of an RL Agent

Estimate the
return / fit a
model

Run the policy
(generate samples)

; ey
policy

Slide sequence credit: Levine UC Berkeley Course
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The four main types of DRL algorithms

0* = arg m@ax Erpo () {zt: r(s¢, at)}

1. Policy gradients : directly differentiate the objective; perform gradient
ascent on parameterized policy

2. Value-based: no explicit policy representation; instead estimate Q or
value function of the optimal policy

3. Actor -critic : estimate Q or value function of current policy; use it to
Improve policy

4. Model-based: learn parameterized representation of state transition
model, use it either for planning or to improve a policy (e.g., via synthetic
experiences)



Taxonomy of DRL Approaches

(

Policy Optimization

Policy Gradient <——

A2C [/ A3C <—

PPO «—

—

TRFO i

RL Algorithms
Model-Free RL Model-Based RL
Q-Learning Learn the Model
) —> DQN — World Models
DDPG -« ': : /
: —> cs51 — 12A
TD3 « : :
l. —>  QR-DQN ——>  MBMF
SAC -« ': :
| — HER >  MBVE

\

Given the Model

—'{ AlphaZero



https://spinningup.openai.com/en/latest/spinningup/rl_intro2.html

Extensions

AThere are numerous extensions to the basic RL formulation that may be used to
address operational needs:

— meta-learning

ATransfer learningfine-tuning 9 ~--= learning/adaptation

AMulti -task RLlearn multiple tasks at once Vﬁ
AMeta-learning learn to learn 3

- *
Alnverse RLlearn reward function V [:1 -~ 93
AOffline RL learn without a simulator x 7 .

AConstrained RLconstraint on objective (e.d¢.agrangian formulation
ADistributional RL carry distribution through valubased methods

Image credit: C. Finn, P. Abbeel, and S. Levine,
A Mo eagnlostic meta-learning for fast adaptation of
deep ne taXiv:17R3s03400v3 (2017).
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Canonical Examples of DRL

ADeep Qlearning reaches human level on Atari suite

AAlphaZeromasters Chess, Shogi, and Go

AAlphaStar bests human professionals in StarCraft

AOpenAILINZ I N> Ya NRoOo2UAO KIFIYyR (2 az2fogsS wd

ARL for tuning Large Language Models (RL from Human Feedback)
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V. Mnih et al. Humanlevel control through deep

Deep Q Learning for Atari reinforcement learningNature518, p. 529533 (2015).
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The level of professional humans is met on 49 of 57 Atari games with the same network architecture, learning stra

and hyperparameters.
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DQON Learning Breakout




AlphaGo ZeroAlphaZero PolicyGuided Monte Carlo Tree Search
Gttlrea tA1S | KdzYlty 2y FANBE

(p7 V) — f@(S)

Figure 1: Self-play reinforcement learning in AlphaGo Zero.
a Self-play s, s, 8, sy

T
[ =(z—v)*—7"logp +cl/d||?
N(s)
a; = argmax, | Q(s,a) + C(s)P(s,a
gma, | Q(sa) + C(9)Pls,a) L
a Select b  Expand and evaluate € Backup d Play
4 Repeat )
v s 5 i
____@_i_t_fﬁa 0+Uff/ . QAN Q D
T B (IR AN
Q+U A Q+U PLNP _ QN2 &% o Sl 5
7 e (B RN -
N )
A D. Silver et al. Mastering the game of Go without human knowledge.
Nature 550, p 354,359 (2017).
A D. Silver et al. A general reinforcement learning algorithm that masters

chess, shogi, and Go through seléy.Sciencéd/ol. 362 Issue 6419, p 1140
1144 (2019).

13



AlphaStar
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Image credit DeepMind Blog

O. Vinyals et al. Grandmaster
level in Starcraft Il using mudti
agent reinforcement learning.
Nature, 575 350354 (2019).
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https://www.deepmind.com/blog/alphastar-mastering-the-real-time-strategy-game-starcraft-ii

OpenA¥Y { 2f @AYy 3 | wdzoA]1Qa [/ dzS &Al

AkkayasS G4 | f @ {2t OAY
Train in Simulation a Robot HandarXiv:1910.07113
(2019).

A We use Automatic Domain Randomization (ADR) B We train a control policy using reinforcement learning.
to collect simulated training data on an ever-growing It chooses the next action based on fingertip positions
distribution of randomized environments. and the cube state.

Transfer to the Real World

r

D We combine the state estimation network
and the control policy to transfer to the real world.

C We train a convolutional neural network to predict the
cube state given three simulated camera images.

In many applications, transferring from simulation to reality is the dominant challenge.

15



RL for FinelTuning Large Language Models

Reinforcement Learning from Human Feedback (RLHF)

Can you explain to me how RL with human feedback works for language models like | am
five?

Sure! So, imagine you have a robot named Rufus who wants to learn how to talk like a
human. Rufus has a language model that helps him understand words and sentences.

First, Rufus will say something using his language model. For example, he might say "l am
arobot®

Then, a human will listen to what Rufus said and give him feedback on whether it sounded
like & natural sentence a human would say. The human might say, "That's not quite right,
Rufus. Humans don't usually say ‘| am a robot.' They might say “I'm a robot’ or 'l am a
machine.'

Rufus will take this feedback and use it to update his language model. He will try to say
the sentence again, using the new information he received from the human. This time, he
might say "I'm a rabot.”

The human will listen again and give Rufus more feedback. This process will continue until
Rufus can say sentences that sound natural to a human.

Owear time, Rufus will learn how to talk like a human thanks to the feedback he receives
from humans. This is how language models can be improved using RL with hurman
feedback.

Credit:Hugging Face
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https://huggingface.co/blog/rlhf

RL for FinelTuning Large Language Models

Reinforcement Learning from Human Feedback (RLHF)

Prompts & Text Dataset

A

Train Language Model

s
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Credit:Hugging Face
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https://huggingface.co/blog/rlhf

RL for FinelTuning Large Language Models

Reinforcement Learning from Human Feedback (RLHF)

Prompts Dataset
WA dogis...
™ 7 Tuned Language h
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I

Credit: Hugqging Face
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Implementation Tips 1



DRL Implementation

ARequirements

ABasic components

AA few words about parallelization
AOpensource code

Estimate the
return / fit a
model

ener:
; Improve the
policy

O PyTorch

»?

TensorFlow

18



What is required upfront?

A Typically want a lot (£a; 10%) of parallel cores
A GPUs useful for larger network architectures

A Permission, ability to run deep learning software EGSILTr?tf‘ﬁ:h:
A Will need to iterate no one trains their best agent on the first try model

that appropriately captures system dynamics Run the policy
A Level of realism required depends on application (generate samplas)

A Speed required depends on compute; usually need faster thartireal
A Need a clear picture of how the agent will interact with the rest of the system

Improve the
policy

to iterate, test
A Less of a welbstablished recipe than other types of ML
A Lots of factors impact agent performance
A Challenging to bridge sito-real gap



IDEs / Editors

Ah o OA2dzaftée FSSf FNES
comfortable with.

Alt has a particularly accessible debugger,
which | have found useful.

( 2




Required Software Components

AEnvironment

AUsually followOpenAiGym API

AContains simulation of the world the agent is
Interacting with

AAgent

AContains decisiomaking code, including learning
scheme

ANetwork/Model

AOptimized and called by the agent for decision
making

A OAfAOASE 0GhUKSNEDU
AWhatever helper functions are needed

O PyTorch

f

TensorfFlow
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A few words about parallelization

ADRL can be computationally expensive; parallelization
can help.

AWhile GPUs can be useful, many times you can get away
with CPU workers

A The networks are not typically as large as in supervised learning

AThere are numerous ways to parallelize DRL code
A MPI, multiprocessing, pickle passifigpsk Ray, etc.
AThese approaches exhibit tradeoffs in terms of flexibility,

transparency, robustness, scalability, and applicability to
different compute resources.

AMPlis probably the best first thing to try, as it scores
highly in all categories.

U The best option depends on the particular project.
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OpenSource Code

AAs mentioned before, it can be useful to write your own code.

AHowc—;ver, In many cases you can save time by using at least some
21LISY az2dz2NOS OZ2YLRZYySyuao LT ¢e2
route.

AGood open source options include

A OpenAISpinning UpHttps://github.com/openai/spinningu
A Stablebaselines3{itps://github.com/DLRRM/stablebaselines3)y

A RLLibMttps://docs.ray.io/en/latest/rllib/index.htm)

A Unity mbagents fittps://github.com/Unity-Technologies/mhgents

AWnhile the problem sets in this course will require you to work
with the class codebase (to which you will contribute!), you are
free to use whatever you want on your project.

U The best option depends on the particular project.
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https://github.com/openai/spinningup
https://github.com/DLR-RM/stable-baselines3/blob/master/docs/index.rst
https://github.com/DLR-RM/stable-baselines3/blob/master/docs/index.rst
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https://github.com/DLR-RM/stable-baselines3/blob/master/docs/index.rst
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https://docs.ray.io/en/latest/rllib/index.html
https://github.com/Unity-Technologies/ml-agents
https://github.com/Unity-Technologies/ml-agents
https://github.com/Unity-Technologies/ml-agents
https://github.com/Unity-Technologies/ml-agents
https://github.com/Unity-Technologies/ml-agents

Learning a Policy

A The RL Obijective
A Finite vs. Infinite Horizon



Fully observable

Learning a Policy _ (for now)

St, I't

Undiscounted

Goal: find 6* = arg MaX Firpg (7) (for now)
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Learning a Po

St ,

Fully observable
(for now)

licy

I't
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T (at ‘ St ) Fully observable

Learning a Policy _ (for now)
\ A" W W
‘ \ \ \ \’\ \ ! L\{ \\I
A ) d ‘ftiL Lk g
\\ st:\a\c\” pool 0\ - :oao‘hr‘g \ i o
Sg, It | L~ ay
<
Markov Chain on (s, a)
T I A 1
po (s1,a1,...,8T,ar) = p(s1) H o (ag|st) P (Se+1/Se, ag)
t=1

p(St+1 \St, at)7r9 (at+1 ‘St—l—l)

) )
P(St11,a¢41|St,a4) =

@0

—/ —/
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Finite Horizon Case

Undiscounted
(for now)

0* = arg max B pe(r) {Zfr St, At }

t

— arg mgtxz Es, ac)~po(se.ae) [T(St,a¢)] — po(S¢,a¢) is the state-action marginal
t=1

) ) )
P(St+1,a+1[St, a¢) = ‘ ‘

p(St+1 \St, at)7r9 (at—i—l ‘St—l—l)




Infinite Horizon Case (Stationary Distribution)

T
. 1
0" = s mQaX T Z E(St,at)Npe (s¢,a) [T(St’ at)]

t=1
SR N R
‘ ’ St+1 T St St+k
() [® 2
— — —

If ergodic, as T' — oc:

po(s¢,ag) converges to a stationary distribution p

pw=Tpu— (T —I)p=0— pis an eigenvector of T with eigenvalue 1.
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Estimate
the return /
fit a model

Run the policy
(generate samples)
; Improve the
policy

Structure of a DRL Algorithm

A Sample Generation
A Return Estimation / Model Fitting
A Policy Improvement



Algorithms for Learning Policies

(

Policy Optimization

Policy Gradient <——

A2C [/ A3C <—

PPO «—

—

TRFO i

RL Algorithms
Model-Free RL Model-Based RL
Q-Learning Learn the Model
) —> DQN — World Models
DDPG -« ': : /
: —> cs51 — 12A
TD3 « : :
l. —>  QR-DQN ——>  MBMF
SAC -« ': :
| — HER >  MBVE

\

Given the Model

—'{ AlphaZero
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https://spinningup.openai.com/en/latest/spinningup/rl_intro2.html

General RL Learning Cycle

Key consideration:
which part(s) are
expensive?

Estimate the
return / fit a

model

Run the policy

(generate samples)

Improve the 0 «— 0+ aVyJ(6)

policy

Slide sequence credit: Levine UC Berkeley Course
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Expectations and Recursion

t=1

BT rpe(T) [Z r(st, at)]

E

s1~p(s1)

\

|

Q(Sl7 al) L= r(sl7 al) —|_ ESQNp(SQ|Sl,al) [Eagr\nr(a2|52) |:T(827 a2) —|_ ‘SQ] ‘817 a1:|

T(St: ai) = Eslwp{sﬂ [Emw'rr{aﬂsl} [Q(Sls al)|51H

NE

E‘vapg('r) [

I
[

t

— We can improve mg(ay,s1) if we know Q(s1,aq).
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Undiscounted

Definitions: Q and V (for now)
Q-function:
T
Q" (s, a;) = Z E,, [r(st/, ag)|st, at] . total expected future reward from taking a; in s;
#—=t

Value function'

Z Em9 (S¢/, ay ]st} : total expected future reward from s;
t =t

V7™(8t) = Ea,mn(arls,) [Q (S, at)]

Es,~p(s;)|V™(s1)] is the RL objective!
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Using Qfunctions and Value Functions

Method 1 (Q-learning): Improve policy by taking action with highest Q value and
continuously refining Q estimate.

Method 2 (Actor-Critic): Continuously update policy to increase the probability of taking
322R | OGA2yas 6KSNB aF2@ReVAssi RSTFAYSR |

U We will come back to these!
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Types of RL Algorithms

A Considerations for when to use what



The Four Main Types of RL Algorithms

0 = arg max B copgl) ; r(s¢, at)

1. Policy gradientsdirectly differentiate the objective; perform gradient ascent
on parameterized policy

2. Value-based no explicit policy representation; instead estimate Q or value
function of the optimal policy

3. Actor-critic: estimate Q or value function of current policy; use it to improve
policy

4. Model-based learn parameterized representation of state transition model,
use it either for planning or to improve a policy (e.g. via synthetic experiences)
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Policy Gradient

Estimate the

return / fit a J(0) = TNPG(T)[Z”]
model t

VoJ(0) = Ep,(r) [(Zve 10g770(at|5t)> (ZN&&%))]

t=1

N T

Vo J(0) ~ % > (Z Vo log Wg(ai,t|si,t)> <Zr(si,t, ai,t)>

1=1 \t=1

Improve the

U Yields unbiased but high -variance estimates of gradients

Run the policy
(generate samples)

U Variance reduction measures required for practical application
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Value-Based Algorithms

T (s¢, ay) E Em (s, a¢)|st, at] total expected future reward from taking a; in s;
=t

Z Em (s¢r, Ay |st} total expected future reward from s;
¢ =t

SacAL  fit 1 (s) or Q(s,a)

return / fit a
model

Run the policy
(generate samples)

Improve the —
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Actor -Critic: Value Functions + Policy Gradients

AT (st,a;) = Q" (s¢,a,) — V7™ (s¢) : advantage; how much better a; is than expectation

Estimate the
return / fit a
model

Run the policy
(EREEICEEES)

(Parameters ¢)

Improve the
olicy 0 0+ aVyJH)

— Different value targets, advantage estimates may be used to modulate bias-variance tradeoft.

— Pure actor-critic uses bootstrapped value targets; some combination with Monte Carlo usually works best.
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Model-Based RL algorithms

Estimate the
return / fit a learn p(s¢y1/s¢, ay)
model
Run the policy
(generate samples)
; pEvEts
policy

1. Use the model to plan
2. Backpropagate gradients into policy
3. Use the model to learn a value function

I FSg 2LJi7)
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Model-Based DRL (via Backprop)

Estimate the
return / fit a

Run the policy

(generate samples)

; e ey
policy

learn f, such that s;41 ~ fs(se, at)

backprop through f, and r

to train mg(sy) = ay
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Cost Considerations

Real data:
U EXxpensive
U Real-time

Simulated data:

U Often cheap
U Often fast

t i=1
Estimate the \ h f
return / fit a cheap, fast
model
lg st+1 = fo(st, ar)

Run the policy expensive, slow

(generate samples)

; Improve the
policy

6« 6+ aVyJ(6)

cheap, fast

backprop through fy and r to train mg(s:) = ay

\ expensive, slow
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Matching Algorithms with Categories

Aw9LbChw/ 9 o6azxlyAttlé LIRftAOE ANFRASY(HO
A Natural policy gradient

RL Algorithms

!

A Q-learning (DQN) ¢ 3
A Temporal difference learning Hodelrree R ModelBased R
A Fitted value iteration p ‘ S p l )
Policy Optimization Q-Learning Learn the Model Given the Model

A ASynChronous advantage aCtorItIC (A3C) Policy Gradient < > DQN —>| World Models | \—ﬁ AlphaZero
A Soft actokcritic (SAC) | /T e L) |
A Trust region policy optimization (TRPO) o ] ) | o | o e

. . T cac |
A Proximal Policy Optimization (PPO) — | G i

A Dyna
A Guided policy search
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Why are there so many RL algorithms?
/yQi 68 edaid dzas 0KS 068aiK

0 2KIFO A& UKS ao6Saiué |+ LILINE I C EAINCSRVAE Estimate tre
particular problem and the constraints of the retlrglg d/efllt a

user.

1. System characteristics
A Continuous or discrete
A Stochastic or deterministic
A Episodic or infinite horizon
A Where is the complexity?

Run the policy
(generate samples)

2. User constraints ; Improve the

A Sample efficiency policy
A Stability
A Ease of use
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On-Policy vs. OHPolicy

AA key characteristic of a policy is $smple efficiency

ARelated to this, algorithms fall into two broad categories:
. can only learn/improve from data collected using current policy
. can learn/improve using data collected from other policies

AOff-policy algorithms are generally more sample efficient.

Estimate the
return/ fit a
model

Run the policy
(generate samples)

h Improve the
policy
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Sample Efficiency By Method

Off-Policy <= -1 ==p  Onpolicy

More efficient I Less efficient

I
ﬁ

Model-based Model-based Off-policy Actor-critic Onpolicy Evolutionary or
shallow RL deep RL Q-function methods policy gradiengradientfree
learning algorithms  algorithms

Maximizing sample efficiency and minimizing wall time are not the same!

Adapted from Levine CS285
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Considerations: Stability and Ease of Use

ADoes the algorithm | picked converge every time? To something useful?

AFixed point iteration S—
AaAyAYAT Sa SNNBNI 2F FAd éd.éftYlk*;%.\u
ANot guaranteed to converge in nonlinear case P (U

AMinimizes error of fitwill converge
A. SGGSNI Y2RSt R2SayQi ySOSaal NRt

AThe only method that performs gradient ascent on the true objective
AAlso the least samplefficient

45
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Comparison: Assumptions to Consider

ACommon assumption #1i
AAssumed for value function fitting, modehsed methods
AReliance on it can be mitigated through use of recurrence

ACommon assumption #2:
ATypically assumed by pure policy gradient methods, mbdskd RL methods

ACommon assumption #3:
AAssumed by continuous value function learning methods, mbdskd RL

Estimate the
return/ fit a
model

Run the policy
(generate samples)
; I

policy
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Basic Policy Gradient



Fully observable

The Goal of DRL ‘ (for now)

St, I't

Undiscounted

Goal: find 0" = arg meax B py(r) (for now)

48



Finite Horizon

j 0* = arg max . ZT(St: at)

t

T
. 1
* = arg m@aX T ; E(St,at)fvpe(st,at) [T(St, at)] , 1" — 00

T
* = arg mg,x Z E(Et ,a¢)~pg(se,ar) [T(St’ at)]

i—



Evaluating the objective

0* = arg max ] - [

L

t

-

J(0) = Errp, (7) [

J(6)

E r St:at

t

> (st at)] /

] =~ %ZZT(Si,t:&i,t)
N

sum over samples from pg
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Direct Policy Differentiation

0* = argmax Erp, (7 {Z r(st, at)]

t

Ny -

S

J (@)

J0) = By [r(7)] = / po (7)1 (7)dr

T '

Z r(s¢, at)

VQJ(9> — /Vepe(T)T(T)dT —

Vope(T) = po(T)

= po(7)Vglog(ps(T))




Direct Policy Differentiation

Look at joint distribution over history

J(0) = Erpo(r) [T(T)]

0" = arg max J(0)

VoJ(0) = Erp, ()| Vo log pg(7)r(7)]

po(s1,ai,...,sT,ar) = p(s; Hm (at|st)p(sir1lse, ar)

Take | og of both sideseé

log po(7) = log p(s1) Zlogw@ at|st) + log p(St+1/st, ar)

Eval uate gradient e

I}%ﬁ) + ;108 mo(at|st) +1/0%('H_1/|s¢,at)] /7“(7')
T

i V@J(e) — ETNPQ(T) |:<ZV9 logﬂ'g at]st ) <Zfr S¢, A >:|
t=1

t=1

Vo
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Evaluating the Policy Gradient via Sampling

Q

Sampling: J(0) = K, p, (1) [Z 7(St, at)]

1
: N 2@: Z:T‘(Si,t, az-,t) S %
(ZVglogw@ (at|st) ) (Zr S¢, ay >]

t=1 t=1

N T
1
Improve the
VoJ (6 N 2 (t Volog mg(aj ¢|sit) ) <;1 r(Si ¢, t)) solicy

REINFORCE Algorithm

While not converged:

Vo (6) = Errepy(ry

~

Typically wor

1. Sample {7} from 74 (a¢|s;)

2. VoJ(8) = 3, (2, Vo logme(ailsi)) (3, r(si, al))
3. 0 «— 0+ aVyJ(H)
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Evaluating the Policy Gradient via Sampling

Sampling: J(0) = E-

~pe(T)

Zr st,at] ~ ZZ Sztaazt ‘ /

VOJ(Q) — ETNpg (1)

( Z Vo log Wg(atst)> < Z r(S¢, at)>]

t=1
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Partial Observability

Max 4
Max pooling

55
27 \ \\ \
\ \l! 13 13
VL\ =
- - ‘G: i~ 13 ’I - 13 3 - =% h3 dense jens
5 384 384 256
ax 05 4096
1 n

we(atiot)

Can we use the policy gradient in a partially-observed setting?

U Yes. Never used an assumption of policy depending on state; Reward still depends
can just be a mapping conditioned on what we have: on state; WwWEe
1 observe it directly.

N
1
VgJ(@)%NE (E Vo log g a”|ozt><g rszt,azt>
i=1 \ t=1 T

Just substitute observation for state!
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Relation to Maximum Likelihood

T T
(?VHIOgWQ azt|szt ) (ZT Si,ty At )

t=1

N
1
Policy Gradient: VoJ(0) =~ N >

W
1=1

N T
: . 1
Maximum Likelihood: VoJuL(0) = — Z (ng log w@(ai,t|si,t)>

1=1 t=1

\ NN
N\ e\ \
\ \es \ \ \ )
\ X \ \er \ K \ K \ K \ r
\ \ \ \ \ \ \ K \
\ \ \ s \ [\ \ [\ \
) \ \ \ \ [ \ 1
N4~ ! 0 | [ L -
I\ 1 F-1=b [ ’[I o N b e et ‘
: V12 O 8 | S N N |
\ \ \ 304 \ 34 36 o0,
| s o ot
\ \ Ma. Max pook & S
\ \
Stride 0 9
\ s
A\fors -

‘ To(at|ot)

Ot
‘ Supervised
Learning
ag
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Some Intuition

N T

N
1 1
Vo J(0) ~ N > (Yve log g (a,¢|04,¢) (ZT (8,65 a4,t) ) =~ Zve log 7o (7:)7(73)

=1 t=1

N
1
maximum likelihood: VgJy(6) ~ NN Z: o log mo(7;)

REINFORCE Algorithm @

While not converged:

1. Sample {7*} from 74 (a;|s;)
.y ; i\ U Makes good trajectories more likel
2. Vo (0) = 30 (3, Vo logmo(ailsi) (22, (st at)) U Makes gad trajejctories less likely ’

3. 0«— 0+ aVyJ(0) U Formalization of trial and error!
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Example: Gaussian policies

N T
1
VoJ(0) ~ ~ ( Vo log Wg(az-,tsi,t)> (Z r(si,t,az-,t))

4 4
=1 \t=1 t=

[

example: 7,(a¢|st) = N (fneural network(St); Y )

1
log mg(at|st) = —EHf(st) — az||% + const
1 d
Vologmo(ads:) = — 5~ (f(s0) — a) &

REINFORCE Algorithm

While not converged:
1. Sample {7"} from g (a|s;)

2. VoJ(0) = 32, (32, Vologmp(allst)) (32, (si, al))
3. 0«+— 0+ aVyJ(0)
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Recap: Basic Policy Gradient

Estimate the

A Directly differentiates RL objective retumn / fit &
moae

A Can be evaluated via sampling

_ o Run the policy
A Works under partial observability (generate samples)

A Can be seen as making good trajectories
more likely, bad trajectories less likely

Improve the
policy




Problems with policy gradient

A High variance, sample inefficiency



Problem: Variance

N
1
VoJ(0) ~ N E Vologpe(7)r(r)
1=1

Thought experiment: What if we were to add a constant to make the two “good” outcomes 0 reward?

A Problem: policy gradient has high variance!

U Often leads to noisy gradient estimates

Animation credit: Levine UC Course
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Problem: Data Hungry

Off-Policy <= -1- ==p On-policy

More efficient , Less efficient

J(e) — -[T (7-)] ) Model-based Model-based "

Off-policy Actor-critic On-policy Evolutionary or
shallow RL deep RL Q-function methods policy gradient-free
learning gradient algorithms

6* = arg max J(0)

algorithms

Vo (0) = BRI s log po(r)r(r)] ‘

REINFORCE Algorithm

While not converged:
1. Sample {7'} from mo(a[s:) i 28 OFyQid 38 | NBd
2. VoJ(0) =, (X, Vologmg(allsi)) (Y, r(si, al)) U Because NN updates slowly, this can b
3.0 +— 0+ aVeJ(H) highly inefficient!
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Improving Policy Gradient

A Leveraging causality, baselines-péiicy policy gradient



Reducing Variance: Causality

N T
VQJ(H) ~ %Z (ZVelOgWH aztlszt ) (Z T\Si,ty A4t )

1=1 t=1

T
VoJ(0 ;TZZVH log mg(a;,¢|si,t) (Z (Si,t’aafi,t’)>

1=1 t=1 t’'=1

Causality : policy at time t’ cannot affect rewards at time ¢ when ¢ < ¢/

N T T
1 ) T
Vo J(0) ~ N E | E Vo log mg(ay,i[si ) (E :T(Sz’,twaz’,t’)) Qir = (ZT(SW&W))

1 t—1 t’::t t'=t
“reward to go”

1
1 N T
Vol (6) ~ ~ D> > Vologm(ailsi)Qi
=1 t=1 U Smaller gradients, smaller variance!
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Reducing Variance: Baselines

Vo J (0 Zvelogpe )[r(1) — b))

E[Vglogpg(T)b] = /pg(T)Vg log pg(T)bdT = /Vgpg(T)de = bVy /pg(T)dT = bVy /pg(T)dT = bVl =0

U Subtracting a baseline is unbiased in expectation!
U It turns out that the mean reward is a good baseline to use.
t If you want the baseline that reduces variance the most, choose

. _ Elg(r)*r(r)
Elg(r)?]

Note: varies by parameter dimension
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Analyzing the variance

Variance definition: Var[z] = E[z?] — E[z]? U We can also use a neural network to

VoJ(0) = Ervpy(r) [Vologpe(7)(r(7) — D))

estimate a statedependent baseline!
U This is also free of bias (more later).

Var = ETNPQ(T) (Vg log po(7)(r(r) — b))Q] - ETNP@(T) [Volog po(7)(r(7) — b)]Q

this bit is just E . ,,(r)|Ve logpe(T)r(7)]
(baselines are unbiased in expectation)

% = %E[g(ff(r(r) —b)?] = %(W— 2E[g(7)?r(7)b] + b*E[g(1)?])

= —2[Eg(7)*r(7)] + 2bE[g(7)?*] = 0

h— Elg(r)*r(1)] > Expected reward weighted by gradient magnitudes.
Elg(7)?]
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On-Policy Learning: Data Hungry

6* = arg max J(0)

More efficient

Off-Policy <= -1- ==p On-policy

| Less efficient

J(0) = Brspa@)|7(7)] )

Model-based
shallow RL

VoJ(0) = BRIV o log pe (1) (7))

REINFORCE Algorithm

While not converged:

L. Sample {r'} from mo(ay|s:)
2. VoJ(0) = >, (Zt Vg log 779(3%|S%))(Zt T(S%.?a%))
3. 0— 0+ aVyJ(0)

B
Model-based Off-policy Actor-critic On-policy Evolutionary or
deep RL Q-function methods policy gradient-free
learning gradient algorithms
algorithms

We canot get arou

Because NN updates slowly, this
can be highly inefficient!
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Off-policy learning via importance sampling

0* = arg max J(0)

J(e) — ETNPG (1) [T(T)]

What if we don’t have samples from pgy(7),

but instead have samples from a different p(7)?

I(6) = Ernio) | 2250
po(T) = p(s1) H To(at|st)p(St+1/St, at)

Importance sampling:

Benpolf(@)] = [ p(2)f(@)da

- f q“; () G

/(x p(_:z:f (z)dz

q(z)

q(z)

po(r) _ plso) [Ti—, mo(adlse)pfseialse, ar) _ [1,—i mo(aclst)

P‘(S/l) Hthl T(ag|s;)p(Se+1/S¢, at) N H;F:1 T(ag|st)




Off-policy policy gradient

6* = arg max J(6) por (T) Hle o (a|sy)

7(6)

V@/ J(Q/) — E’TNPO(T)

po(T) Hthl mo(ag|sy)

= Erpy(r)[7(7)]

po (T)

Vo log pg (7)r(7)| when 6 #£ 0’
pe(T) 0 gpe()() #*

U Increases variance!

U Need further tricks to make this tenable; will Fgisit.
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Recap: Improving the Policy Gradient

T
it~ E r(sie,ai)
r(7) ;
_/ e Estimate the
- return / fit a
il model
Off-Policy <= -1— ==p On-policy
More efficient . Less efficient

Model-based Model-based Off-policy Actor-critic On-policy Evolutionary or
shallow RL deep RL Q-function methods policy gradient-free
learning gradient algorithms
algorithms

Run the policy

(generate samples)

A Reducing variance
A Leveraging causality
A Adding a baseline Improve the

A Reducing data needs policy
A Off-policy policy gradient

0 <— 0+ aVyJ(0)
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Actor-Critic Algorithms



Recap: Improving the Policy Gradient

AZ;T,t ~ Z r(si, i)

/ Estimate the
P =R W a
return / fit a

model
Off-Policy <= -1— ==p On-policy
More efficient : Less efficient
shalowRL . deepRL - Qiincion  methods  poliey | gradientires Run the policy
learnin radient algorithms
i agoritms (generate samples)
N T
1 AT Improve the
JO) ~—=> ) log mg(a; ¢|s;.+) Q] .
Vo J(0) = N &~ Jve & To\Qq,t154,t )&y ¢ policy
1=1 t=1

0 <— 0+ C}:V{;J(a)

U Actor -critic Is about estimating reward to -go.
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(Further) improving the policy gradient

T
VoJ (6 ;ZZVQ log o (a,t(si,t) (Z (Si,t’aai,t’)>

1=1 t=1 t'=t

reward to go 0 =

Q_ reward tQ go: suma
2,t

2

hese rewards

Qijt: estimate of expected reward if we take action a;; in state s; ; o~y r(sik,air)
t'=t
T Can we gad, QH@E@J[T%MI}M@?
Q(s¢,as) = Z E.,[r(s;, a})|s:,as] : true expected reward-to-go
=t

N T
1 .
VeJ(0) = — Vo log mo(ait|si ) Q(si, ait) L ower variance!
N

i=1 =1
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What about the baseline?

T
Q(s¢, ar) = Z Er,[r(sy,ay)|se, a]: true expected reward-to-go
fi=t
| N7
VoJ(0) ~ N ; ; Vo log mg(aitsi ) (Q(ss,e,ait) — b)

b = average reward

1 Could average over trajectories
b = _ZQ(Sit:aiE) )
N < T T
' Reduce variance more by Qit ~ ) Eny[r(se,av)|st, ad]
V(st) = Ea,nmo(arls) | Q(st|a:)] 4mmmm sing state -dependent o
baseline (gradient still
unbiased)
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Terminology Recap

T
Q" (st,a¢) = Z E, [r(sy,a)|se, a¢]: quality; total expected reward from taking a; in s, fit @™, V", or A"
t'=t
Estimate the
V7T(st) = Eayrmg(ay]s) (@7 (8¢, a¢)]: value; expected total reward from s; return / fit a

model

A" (s, a:) = Q7 (sg,a;) — V7 (s¢) : advantage; how much better a; is than expectation

Updating policy:

1
Vod (0) = > D Vologmo(aiclsi) A (i, i)
=1 =1
Improve the
this estimate can be used to reduce variance! policy

Recall: 6 «— 0+ aVyJ(0)

N T T
1 | | | |
Vol (6) ~ ;2:: Vo log mo(a,¢|s;) (Z (Si,er,@47) — b><— Unbiased but high -variance (single -sample)

t'=t
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Fitting a vz;}lue function

Q7(st,a) = ) Er,[r(sv,av)lse, ] fit Q7, V", or A"

vt Estimate _the
Vﬁ(st) — Eatwﬂ'g(at ED) [QW(St, at)] return / fit a

model
A" (s¢,a¢) = Q7 (s, a) — V7 (sy)
1 N T
VoJ ()~ 1 D) Vologmo(ailsie) A™(sic, air)
=1 #=1

What to fit?

T Improve the
Qﬂ(st, at) = 'T'(Sg, at) + Z Eﬂ-a [T(Stﬂ',at!) ‘St, at} pO“Cy

t!=¢

Q7 (st,ar) ~ (s, ar) + V7 (si41)
AW<St, at) ~ T(St, at) + Vﬁ<St_|_1) — VW(St)

0+ 0+ aVyJ(0)
} Just fit V7 (s;)!
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Policy evaluation fit V™

Estimate the

T return / fit a
Vﬂ (St) — Z Eﬁ'g [T(Sf’: at’)lst] model
t'=t
J(0) = Eg,ps) [V (s1)] Run the policy (generate
samples)

How can we evaluate a policy?

Improve the
Monte Carlo! N_ oSN\ policy
T / 0 +— 0+ aVyJ(0)
VT(sg) ~ Zr(st/,at/)
t'=t

Can’t actually re-set to every state,
T T : : : :
- 1 — so go with single-trajectory estimate
V7™(st) = N Z Z r(sy,ay)

1i=1 t'=t
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Monte Carlo evaluation with function approximation

T
V™(ss) = Zr(st,,aﬂ)
ti=
1 T T
Not quite V™ (s;) = N Z Z r(se,ay)

=

but often good enoug

T
training data: { (si,t, Z r(sit, az’,t")) }

i =t
[ J
Y

Yi.t

supervised regression: L£(¢) = Z HVJ(SZ-) — 1|

o A ®
I'l,{e,\‘

TN, 0 Q%

y/ IO
AN

22V Y
S\ VNV

Neural network can generalize!
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Bootstrapping -

Monte Carlo target: Yit = Z T(Sz',t’,az',t’)

t'=t
T

Ideal target: y; : = Z Eq, lr(sy,ay)|sit] = r(sit,ait) + Zgth Erglr(se, av)[si t41]
¢ =t

Training data become: {(si,t, T(S@',t, aq;,t) + Vg(si,t—kl))}

Yit
: : > U While biased, often better
Supervised regression: L(¢) = Z ||V</ZT (si) — ysz because lower variance!
0

Often referred to as“bootstrapping”
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Policy Gradient to ActoLCritic

REINFORCE Algorithm

While not converged:
1. Sample {7*} from my(ay|s;)

2. VoJ(0) = 3, (X, Velogme(allsi)) (X, r(si,al))
3. 0<— 0+ aVyJ(0)

Batch Actor-Critic Algorithm
While not converged:
1. sample {s;,a;} from 7y (als)

. fit Vg (s) to sampled reward sums

A

2
3. evaluate fl”(si,az-) = r(s;,a;) + VJ(S;) — Vi(si)
4. Vo J(0) = 3, Volog mo(a;]s;) A (s;, a;)
5. 0«— 0+ aVyJ(0)

()
A\\\ s ) \\\\‘

Q!

0 W2
N A
R/ N0

R 002 0 1) 3
PR 0 ® 1PN
‘.#’AA“‘M»«»‘\\'}},,A ‘?
NSNS
i No bias,
Yi,t — § T(Si,t’aai,t’) < h|gher
t'=t variance
or .
Bias,
~ . : m .
Yit = 1(Sit,ait) + V5 (Sit+1) < lower
variance

L(¢) = Z HVJ(SO — yil|?
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Discount Factor



Discount Factors

What if task is infinite horizon?

Yit = T(Sie,A5¢) + ‘A/q? (Sit+1)

L(¢) = Z HVJ(Sz‘) - yi||2

— ‘A/qf can get infinitely large!

Vit 2 1(Sie,a0) + YV (Si441); v € [0,1] (usually 0.95 - 0.99)

1.)7 reduces variance by demphasizing uncertain future events

2.) Decreasing increases bias but reduces variance

3.) Better to get rewards sooner rather than later (might reach terminal state)
4.) What | do now impacts the near future more than the distant future

80



Discounts in the gradient
Vit (S a:0) + YV (Si041); v € [0,1] (usually 0.95 - 0.99)

_ Z HV(;T(Sz’) il U Methods now apply to infinite horizon cases.

Monte-Carlo, no critic:

Vo J(0 szelogﬂe aztlszt)<z (Sztaazt)>

1=1 t=1
With critic:
1 Crar Crar

VoJ () ~ Vs log ol ( (i:1,0) + YV (i.041) = Vi (50))

1=1 t=1

|
A

A" (Si,ta ai,t)
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Actor-critic algorithm Design

A Batch or online, architecture choices
A Architecture choices



Actor-critic algorithms (with discount)
Batch Actor-Critic Algorithm:

While not converged:
1. sample {s;,a;} from 7y (als)
2. fit ‘A/QZT (s) to sampled reward sums
3. evaluate A™(s;,a;) = r(s;, a;) + ”yf/g(s;) - Vg(sz)
4. VoJ(0) = > . Vg log 7o (a;|s;)A™ (s;, a;)

5. 0 «— 04+ aVeJ(0) A Policy Gradient: Need to run to end of episode

A Actor-Critic: Can update in middle of episode

A Unfortunately, need more to make Online Actegritic
 Oldzl t £ & &2NJ X

Online Actor-Critic algorithm:

While not converged:
1. take action a ~ my(als), get (s,a,s’,r)
2. update Vg(s) using target r + Wg(s’)
3. evaluate A™(s,a) = r(s,a) + ‘A/;;T(S’) — A(;T(s)
4. VoJ(0) = > . Vglog mo(als)A™ (s, a)
5. 0 <— 0+ aVyJ(0)
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Parallelization

U Parallelization needed to get enough samples for

Online Actor-Critic algorithm:
batches

While not converged:

U Asynchronous: technically incorrect, but usually
works in practice and faster.

take action a ~ we(a\ ) get (S a, s’ 7”)

update ‘A/qf (s) using target r + ”yV¢ \
evaluate A™(s,a) = r(s,a) + qu (s’) = V5 (s) Work best with batches generated from multiple (parallel) workers
VoJ(0) = >, Vylogmy(als) )A™ (s, a) /

0 «— 0+ aVeJ(0)

Synchronous I I I I Asynchronous
I
Get (s,a,s’,r)
A1 R Ak t
B Update 0 p—
A\ 4

N el B

<€
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Architecture Design

Two Networks

4//A NANTA

W/ @ N\ @ \‘//A
,/r \\’l/
SOANAN

) s
S — e ‘.; —>V¢ (S)
yf'ﬁ{?\\!;;:f‘i‘@!
.\\\"l\"//'

"“. ,,’l 1" “ \'/ ( “}“ ‘
" /;A A\Q\ ‘

One Network

A '//é‘\"‘AWA

QVaY/”,
'l/ “ % \ \'v

V//}"i‘.'/;

‘ \!4/:&\\%.

\\\v"““

u Simple, stable, no shared features

Less stable, but also less features

How to prevent interference between
different objectives?
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Biasvariance tradeoff

A Generalized Advantage Estimation



Critics as statalependent baselines

N T
- 1 o o
Actor-critic: VoJ(6) ~ 1= > > Vologmo(ai,lsi) (r(si,t, 8:.1) + YV (Sier1) — VJ (s,-,t))
i=1 t=1
U Lower variance (from critic)

U Biased (assuming critic is imperfect)

N T
1
Policy gradient: VyJ(0) ~ ~ Z Z Vologmg(a; ¢|si¢) ((Z v (s, ai,t/)> — b)

1=1 1=1 t'=t

U Higher variance (singlsample estimate)

Can we use ‘A/q? without introducing a bias? 0 Unbiased

T
VQJ Z Z VQ 10g T az t‘sz t (( Z ’}/t/_tT(Si’t/, aiyt/)) — ‘A/ggr (Si,t)) U No bias
i=1 i=1 =t U Lower variance!
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Eligibility traces, rstep returns

AT (se, ar) = r(se,ae) + YV (se41) — V (se) Afrc(se,ar) =30 7" tr(sw,ap) — VI (se)
Bias, low variance No bias, higher variance
Can we combine these two to control the trade-off between bias and variance?

Smaller variance

Bigger variance

Cut before variance gets too big!

AT (s¢,ay) = Zii’; vt (s, ap) + 7”‘7@? (Stn) — VJ (st) (Choosing n > 1 often works better)

AR\ N
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Generalized Advantage Estimation

How do we know where to cut? Can we balance multiple cuts?

AZ(St, ay) = E/Z; ’Yt/_t"“(stfa ay ) + ’YnV¢W(St+n) - VJ(St)

ﬂE‘-AE(St: ag) = oy wnﬁ;i(st, a;) Weighted combination of different n-step returns

How should we choose our weights?
Generally prefer reducing variance (cutting earlier) — w,, X A1

AT ag (s, ar) = _VJ(St) + (st ar) + (1 — A) A¢W(St+1) + A(r(st41,ai41) +
V(1 =NV (st12) + Ar(sir2,ai42) + ...

Can rewrite as Actor-critic advantage estimate

AEﬁE(St:at) = Z;O=t(’)()\)t’_t6t; Where 5t' — T(Stf, at:) —|— fyf\/g(st’—{»—l) — V;(St-’) J. Schulman et al. High

Dimensional Continuous
Control Using Generalized

\fy, A both contribute to bias-variance tradeoft! Advantage EsimationarXi

1506.02438
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Summary: ActoiCritic Learning

A Actor-critic algorithms
A Actor: policy
A Critic: value
A Policy evaluation
A Via a value network
A Discount factors
A Enable infinite horizon applications
A Used for variance reduction
A Actor-critic algorithm design
A Batch or Online
A Architecture choices
A State-dependent baselines
A Generalized Advantage Estimation

Run the policy
(generate samples)

fit V[

Estimate the
return / fit a
model

l

Improve the
policy

(9%(9—|-04V9J



Advanced Policy Gradient

A VPG, TROP, PPO



Vanilla Policy Gradient

Algorithm 1 Vanilla Policy Gradient Algorithm

1: Input: initial policy parameters fl,, initial value function parameters ¢y

2 for k=10.1,2,.. do
3 Collect set of trajectories Dy, = {7;} by running policy 7, = x(0;) in the environment.
4:  Compute rewards-to-go R,.
5 Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function Vj, .
6:  Estimate policy gradient as
| T
gk = =T vﬁ- I.L'IE_'; Fﬁ'(ﬂf|sf)|ﬂ* ;“1;.
Dy 39D
' +eDy t=0
7. Compute policy update, either using standard gradient ascent,
Brr1 = B + g,
or via another gradient ascent algorithm like Adam.
&  Fit value function by regression on mean-squared error:
1 z 2\ 2
+ r
@41 = arg min E E ('Lfd,{.‘:';} - Rf) .
- @ |DL|T '
reDy; t=0
typically via some gradient descent algorithm.
9. end for

Spinning Up page

Reduce bias through use of causality,
baselining

Can use Monte Carlo, bootstrapped,
or hybrid (e.g. GAE) advantage
estimates

Monte Carlo estimates are unbiased
but higher variance than boostrapped
Actor-Ciritic refers to the use of at least
some bootstrapping in baseline
network

— On-policy

— Continuous or discrete actions
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https://spinningup.openai.com/en/latest/algorithms/vpg.html

: .. Slide Credit: Levine CS285
Comparing Policies

Policy gradient as policy iteration o -x._ .., [vast,at)
J(8) = T(0) = J(O) — Eagrp(so) [V™ (50) :

= J(0) = Ernpyi(r) ZVtV”" Z V(s ]

= J(O,) 4+ ETNP()/(T) Z ’yt St+1 ol G (St))
[ t=0

= E ’yt'r(st,at)

M2

+ ETNpgl (7)

X V™ ) — V™ (St))]

t=0

TNPe'(T)
| ¢

I
o

2 I1Me

= Errpy(r)

“r(se,ar) + V™ (s¢41) — V™ (St))]

~~
o

= ETN[)HI (T) Z thAT"() S at
Lt=0
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Slide Credit: Levine CS285
Comparing Policies

Policy gradient as policy iteration

(0,) - = ‘T~p9 /(1) [Z 7tA (st,a¢) ]

expectation under 7y j advantage under 7y

E’r~p9/ (1) [Z ’ytAﬂ-o (Sta at)] Z ESthg (St) atNTl'e (at|St) [ tA ¢ (St7 at)]]
t

Tror\ At |S 7
= ZEstho (St) [ atwwe(at|st) [ £ ( tl t)'YtA o(st’at)]]

J mo(at|st)

is it OK to use py(s¢) instead?
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Slide Credit: Levine CS5285
Comparing Policies

lgnoring distribution mismatch?

?
mo (atlst) 4 H [ [rf)'(at|st) t AT ”
ES ~ 1 (St Eat~7r at St Aﬂ-e S ?a ESt St air~Tglat St A 2 S 7a
; o~por )[ o(aclse) Le(at|st) >3 E D2 oailse) | =iais) D

\ J
!
why do we want this to be true? A(gl)
J(0") — J(6) =~ A(Ql) = ' < argmax A(6) 2. Use A7 (s, a;) to get improved policy 7’
0/
0 « arg maxz E - | o (arls:) YE AT (s¢, ap)
6’ z st~po(st) at mo(ai|st) atlst ?

such that Dk, (mgr(at|st)||me(ar|st)) < €

for small enough e, this is guaranteed to improve J(0') — J(0)
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J. Schulman et al. Trust
Region Policy Optimization.

Trust Region Policy Optimization (TRPO) ariv. 1502.05477 (2015),

Spinning Up page

— Aims for fast, monotonic improvement
— Constrains the difference between previous

and current policy across observed states via Yﬂ“
Kullback-Leibler (KL) Divergence. '

R.POLICY'S IN
i - . ! :

-
£

@
Q}\"\‘ X -
N ’

— Optimizes constrained surrogate advantage:

9k—|—1 = argmaxg[,(ﬁk,@) S.t. DKL<9H0]€) S )

mo(als)

o, (als)

L(eka 9) — Es,aNpek A" (Sa a)7 — On-policy

— Continuous or discrete actions

— Approximations required to make a practical algorithm.
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