CS292F StatRL Lecture 5
RL Algorithms

Instructor: Yu-Xiang Wang
Spring 2021
UC Santa Barbara



Homeworks and Project

* Homework 0 “due” tonight
* Sticking to the schedule is highly recommended

* You should start forming project team / ideas now
* Did you check out the list of papers that | sent?



Recap: Lecture 4

* Miscellaneous on MDPs
e Advantage function and performance difference lemma

* Other types of MDPs: finite horizon, undiscounted,
variable horizon...

* We started to talk about RL ~ pu, /O\ - VT
* Model-based algorithms ~ &fiite P@ ) =
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Recap: MDP planning with
access to generative models

* Motivation:
1. Solving MDP faster / approximately with randomized
algs that sample

2. Study sample complexity of RL with unknown
transitions (without worrying about exploration)

* Algorithm of interest: Model-based plug-in
estimator.
* Sample all state-action pairs uniformly. Estimate the
transition kernel.
* Do VI /Pl on the approximate MDP.




Recap: “Monte Carlo” prediction

/ “Monte Carlo” control

 Sutton and Barto notations / terminologies:
Jox Ti - Compite

* “Prediction” < “Policy evaluation”

T_\ ¢

* “Control” < “Policy optimization” [Jo.«. rwe uptith At fext T
* QandV are used to denotes estimates / while g, v |

denotes the true value functions.
* 0 based indexing: Sy, Ay, Ry, S1, Agys Ry, ...
—— g

* ldea: Roll out trajectories and average them
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Recap: Temporal Difference Learning
leewub \f‘&(

* Monte Carlo V() « V(S,) + oG~ V(S))].

Issue: G; can only be obtained after the entire episode!

* The idea of TD learning:
Eﬂ' [Gt] — Eﬂ' [Rt‘st] +% 7T(St—i—l) ]

We only need one step before we can plug-in and gstimate the RHS!

* TD-Policy evaluation Bootstrapping!

V(S) ¢ V(S) + [w - v%?t)]



Recap: TD policy optimization (TD-
fer oy Colcew by A wng Tl
control ) T A
On-pol - SARCAITR A
* SARSA (On-Policy TD-contro 1 -
?\hsﬁ% . Updmctlon by bootstrapping Bellman Equation u {§//37

Q(S, A) + Q(S, A) + oz[R+7Q(S’ A" —Q(S, A)]

*_Choose the next A’ using Q, eg., g., eps-greedy. @,A)’r%rb &(3/4 @(g@
T mxww\ -

* Q-Learning (w TD-control) W % (S)

e Update the Q function by bootstrapping Bellman Optimality éq M

Q(S, 4) « Q(S, 4) + a| R+ ymax, Q(S', a) — Q(S, 4)]
* Choose the next A’ using Q, e.g., eps-greedy, ?@
—_— "
/

Remarks:

 These are proven to converge asymptotically.

* Much more data-efficient in practice, than MC.

* Regret analysis is still active area of research. 7




Recap: Model-free vs Model-

nased RL a\%orithms
PED puds e
e Different function approximati(cens A
> J Q
* Different space efficiency
olsA) 0LA)

* Which one is more statistically efficient?
* More or less equivalent in the tabular case.
 Different challenges in their analysis.



This lecture

* Variants / improvements of Sarsa and Q-learning
e TD-learning with function approximation

* Policy gradient methods



Expected SARSA  cui (i difay
SARS'T o =005 (3

Q(S:, Ay) « Q(S,, Ay) + alR£+l +YE[Q(Si41, A1) | Se1] — Q(ShAt)J
— Q(Si, Ay) + G[Rt+1 + 27_‘(0»|Sz+1)Q(St+1a a) — Q(SuAt)] :
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Expected SARSA

Q(ShAt) — Q(ShAt) + o \\Rb{l + ’}"E[Q(St’fl?At'{'l) | St'{'l] - Q(SbAt)J

— Q(Sp, Ay) + [Rt+1 + ’}"Z”T(a|5z+1)Q(5t.us a) — Q(S¢, At)] ;

Expected Sarsa
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Figure 6.6: Interim and asymptotic performance of TD control methods on the cliff-walking task as a function
of a. All algorithms used an e-greedy policy with € = 0.1. Asymptotic performance is an average over 100,000
episodes whereas interim performance is an average over the first 100 episodes. These data are averages of over
50,000 and 10 runs for the interim and asymptotic cases respectively. The solid circles mark the best interim
performance of each method. Adapted from van Seijen et al. (2009).
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Bias in Q-learning and double Q—

I Q%l (g//f\*
learning et e [”?M%) — Q)
* Q-learning updates @ﬁ*‘ﬁ(\\

Q(Sy, Ay) + Q(Sy, Ay) —|—a[Rt+1 +ymax Q(Sp41,a) — Q(S:, At)}.

C W&[(ﬂ = ok > oy

* Double-Q-learning updates

* Keep track of two Q function estimates @ @ 0
* Toss a coin, if “head”: ar <.V

(77

Q1(St, Ar) < Q1(S, Ay) + Oé[Rt—H + 7@2 (St—|—17 argmax Q1 (S¢+1, a)) — Q1(St, At)]-
o Uy 212, ([
If “tail”: update Q, o | @z
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The problem of large state-space
is still there

* We need to represent and learn SA parametersin Q-
learning and SARSA.

* Sis often large
e 9-puzzle, Tic-Tac-Toe: 9! =362,800, S"2=1.3*10"11
 PACMAN with 20 by 20 grid. S =0(22400), S"2 = 0(27800)

* O(S) is not acceptable in some cases.

* Need to think of ways to “generalize”/share
information across states.



Example: Pacman

Let’s say we discover In naive g-learning, Or even this one!
through experience we know nothing
that this state is bad: about this state:

*
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(From Dan Klein and Pieter Abbeel)



Video of Demo Q-Learning Pacman — Tiny — Watch
All
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Video of Demo Q-Learning Pacman — Tiny — Silent
Train
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Video of Demo Q-Learning Pacman — Tricky —
Watch All
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Why not use an evaluation function?
A Feature-Based Representations

* Solution: describe a state using a
vector of features (properties)

e Features are functions from states to real
numbers (often 0/1) that capture
important properties of the state

 Example features:

e Distance to closest ghost

e Distance to closest dot

* Number of ghosts

« 1/ (dist to dot)?

* |Is Pacman in a tunnel? (0/1)

* |s it the exact state on this slide?

e Can also describe a g-state (s, a) with
features (e.g. action moves closer to
food)



Linear Value Functions

* Using a feature representation, we can write a g function (or value

function) for any state using a few weights:

oV, (s)=wifi(s) + wofs(s) + ... + w,f(s)

e Q,fs,a) =w;fi(s,a) + wyfy(s,a) + ... + w,f.(s,a)
» Advantage: our experience is summed up in a few powerful numbers

* Disadvantage: states may share features but actually be very
different in value!
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Updating a linear value function

* Original Q learning rule tries to reduce prediction
error at s, a:

Q(s,a) « Qfs,a) + a-[R(s,a,s’) +y max, Q(s’,a’) - Q(s,a) ]

* Instead, we update the weights to try to reduce the
error at s, a:

w, <— w;+ o - [R(s,a,s’) +y max,; Q(s’,a’) - Q(s,a) ] 0Q,(s,a)/ow;
= w;+ o - [R(s,a,5") +y max, Q(s’,a’) - Q(s,a) ]fi(s,a)
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Updating a linear value function

* Original Q learning rule tries to reduce prediction error at s, a:

Q(s,a) « Qfs,a) + a - [R(s,a,s’) +y maxy, Q(s’,a’) - Q(s,a) ]

* Instead, we update the weights to try to reduce the error at s, a:

wi <— w;+ a - [R(s,a,s") +y maxy Q(s,a’) - Qs,a) ] 0Qu(s,a)/ow;
= w;+ a - [R(s,a,s") + vy maxy Q(s’,a’) - Q(s,a) ] fi(s,a)

e Qualitative justification:

* Pleasant surprise: increase weights on positive features, decrease on negative
ones

* Unpleasant surprise: decrease weights on positive features, increase on negative
ones
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PACMAN Q-Learning (Linear function
approx.)




Deriving the TD via incremental optimization
that minimizes Bellman errors
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How do we make sense of the
semi-gradient method? e op?
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LSTD: Why doing incremental

opt|m|zat|on when we can
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So far, in RL algorithms

 Model-based approaches

e Estimate the MDP parameters.
* Then use policy-iterations, value iterations.

* Monte Carlo methods:
» estimating the rewards by empirical averages

* Temporal Difference methods:
* Combine Monte Carlo methods with Dynamic Programming

* Linear function approximation in Q-learning

e Similar to SGD
e Learning heuristic function

*Question: What is the policy class II of interest in these methods?



Remainder of the lecture

* Policy gradients methods
* Policy gradient theorem

e Extensions



So far we talked about value
function approximation, and an

induced policy class. Sefs bl
AT o

* We can directly work with a parametric policy class.
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Optimize policy using SGD
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How to estimate the gradient?

* Policy gradient theorem:



Proof of Policy Gradient Theorem



Proof of Policy Gradient Theorem



REINFORCE Algorithm

REINFORCE, A Monte-Carlo Policy-Gradient Method (episodic)

Input: a differentiable policy parameterization 7 (als, @)

Initialize policy parameter 8 € RY

Repeat forever:
Generate an episode Sy, Ao, R1,...,S7_1, Ar_1, Ry, following 7(-|-, 0)
For each step of the episode t =0,...,T — 1:

G < return from step ¢
0 <+ 0+ ay'GVgInm(A|Sy, 0)
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Actor-Critic algorithm

 REINFORCE with a given baseline

e Actor-Critic: Learn the baseline and use the
baseline for “bootstrapping”



Next lecture

* Wrap up RL algorithms

* Exploration: Multi-armed bandits



