Reinforcement Learning:
Review

CS 330



Reminders

Today: Project proposals due

Monday next week: Homework 2 due, Homework 3 out
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The Plan

Reinforcement learning problem
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Q-learning
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object dassnﬂcaﬁon

supervised learning

iid data

large labeled, curated dataset

well-defined notions of success

object mampu\ahon

sequential decision making

action affects next state

how to co
what are t

e

lect

data?
apbels?

what does success mean?



Terminology & notation

S; — state

0; — observation

hserved )

e AL ™ ....Q“.‘ﬂtj St — State
0; — observation

Slide adapted from Sergey Levine



mitation Learning

> training

Images: Bojarski et al. ‘16, NVIDIA

Slide adapted from Sergey Levine

data

)

supervised
learning
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Reward functions
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which action is better or worse? s, a, r(s,a), and p(s’|s,a) define

r(s,a): reward function Markov decision process

tells us which states and actions are better

low reward

Slide adapted from Sergey Levine



The goal of reinforcement learning

{2
{ a3
Markov property

independent of s;_q

Slide adapted from Sergey Levine
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The goal of reinforcement learning

Markov property

independent of s;_q

T
Tg(S1,a1,-.-,8T,ar) = p(s1) Hﬂe(at\st)p(stﬂ\sta a) 0 = arg H1AX ETN’;TQ(T) Z"“(Staat)

Slide adapted from Sergey Levine



What is a reinforcement learning task?

Supervised learning Reinforcement learning
data generating distributions, loss actlonlspace dynalmcs
A task: Ji = {Pi(X), pi(Y‘X);Li} A task: :Ti = {SiJ"qi' pi(sl)' pi(s’|s, a),ri(s, a)}
T T T
state initial state reward

space distribution
a Markov decision process

much more than the semantic meaning of task!



Examples Task Distributions

Atask: T; £ {S;, A;,p;(s1),p;(s'|s,a),1;(s,a)}

Character animation: ;o< maneuvers E K\’ "? '? \r $ ,{és 7{'\“‘73«\ ﬂ%\

r; (S, Q) vary

across garments &
initial states

pi(s1),pi(s’|s, a) vary

Multi-robot RL:

Si, A, pi(s1), pi(s’|s,a) vary
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The anatomy of a reinforcement learning algorithm

compute Q = S:Z:_t ’yt'_t'rt/ (MC policy gradient)

fit a model to

estimate return fit Q4(s,a) (actor-critic, Q-learning)

estimate p(s’|s,a) (model-based)

generate samples

(i.e. run the policy)

0 < 0+ aVyeJ(0) (policy gradient)
improve the policy m(s) = argmax Q4 (s,a) (Q-learning)
optimize my(als) (model-based)




Evaluating the objective

f* = arg max Frrorg (1) Z r(st, at)

J(O) — E’TN’T('Q(T) ZT(Stvat) = %Lir(si,taai,t)
t

|t _ 0

sum over samples from 7y

Slide adapted from Sergey Levine



Direct policy differentiation

0" = argmax Erry(7) o
0 a convenient identity

mo(T)Velogmy(T) = mo(T) Voo (7) = Vg (T)

mo(T)

Vo J(6) Z/Ve’fre(’f)"“(’f)d’f Z/WG(T)W log 7o (7)r(7)dT = Erriry(7) Vo log mo(7)r(7)]

Slide adapted from Sergey Levine



Direct policy differentiation

T
0" = argméixJ(Q) To(S1, a1, . .. ST;aT H (at|st)p(si41|st, a)

1

log of both|sides
J(0) = Erry(r)r(7)] > mo(T)

log mo(7) = log p(s1) + Z log o (at|st) + log p(sit1(st, ar)
VoJ(0) = Errory(r) Ve logme(T)r(7)] t=1

\
! \

) T
Vo |logats1) + Y logmg(ayls:) + log plserrfey. a)
_ t=1

] - _
VoJ(0) = Errory(r) (Z Vo log mg(as|st) ) (Zfr (S¢, az) )

t=1 t=1

Slide adapted from Sergey Levine



Fvaluating the policy gradient

1
recall: J(0) = E_ ., ZT(Staat) ~ N Z Z""(Si,taai,t)
it

t

] - _
VoJ(0) = Errory(r) (Z Vo log mg(as|s;) ) (Zfr (S¢,az) )

| \t=1

fit a model to
estimate return

N T
1
Vo J(0) ~ N Z (Z Vo logmg(a; t|sit)

generate samples
(i.e. run the policy)

0+ 0+ aVeJ(0)

REINFORCE algorithm:

<~ 1. sample {7} from 7y (as|s¢) (run the policy)

2. Vo (0) ~ X, (X, Vo log ma(ailst)) (3, r(sh,al) ; mprove the policy
3.0 0+ aVeJ(6)

Slide adapted from Sergey Levine




Comparison to maximum likelihooao

N T
1
policy gradient: VQJ(Q) ~ N E (E Vo 10g’7T9 A; t|Szt ) (E r Sz taazt )
i=1

t=1

N /T
1
maximum likelihood: VgJwmr,(0) &~ N Z (Z Vo log mg (ai,t|si,t))

1=1 \t=1

4096

pooling 4096

pooling

70 (at ‘St)
training superv.ised mo(a|st)
data learning

Slide adapted from Sergey Levine



What did we just do?

N T
1
VodJ(0) ~ N Z (nglogm (a;.¢]Si.¢) ) (Zr (Sit,4t) )
1=1 t=1 t=1
1 ] —
- N Z ‘Vg log g (Ti),’r(ﬁ;) maximum likelihood: VgJur(0) = ~ Z Vo log my(T;)

1=1

Z Vg logy (az’,t |Si,t)

t=1

good stuff is made more likely

bad stuff is made less likely

simply formalizes the notion of “trial and error”!
REINFORCE algorithm:
> 1. sample {7} from 7y (a;|s¢) (run it on the robot)

2. VoJ(0) = >_. (ZtVGIOgWO(at‘St)) (Ztr(si,a;‘;))
. 3, 0«0+ aVeJ(6)

Slide adapted from Sergey Levine




Policy Gradients

] - _
policy gradient: VgJ(0) = E.r,(r) (Z Vo log mg(as|s;) ) (Zfr (S¢,az) )
t=1 _

t=1

Pros:
+ Simple
+ Easy to combine with existing multi-task & meta-learning algorithms

Cons:

- Produces a high-variance gradient
- Can be mitigated with baselines (used by all algorithms in practice), trust regions
Requires on-policy data
- Cannot reuse existing experience to estimate the gradient!
Importance weights can help, but also high variance




On-policy VS Oft-policy

- Data comes from the current policy - Data comes from any policy

- Compatible with all RL algorithms - Works with specific RL

- Can't reuse data from previous algorithms

policies - Much more sample efficient,

can re-use old data



Small note

N T
1
policy gradient: ﬁ E ( E VQ log 7T9(a,,, t|S7J t)) ( E ’I"(Sz"t,ai,t))
t=1

=1

| NOT L
~ ZZVQ log g (aj,¢|Si,¢) T(ai,t’vsi,t’))

i—1 t=1 G a=ily
= -
~ Z Z Vo log mp(a; ¢|si,t) UGN S’iﬂf’))
i1 t—1 =
\ Y i

Reward “to go”
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The anatomy of a reinforcement learning algorithm

compute Q = 3,,_, 7" ~tr, (MC policy gradient)

fit a model to

estimate return fit Q4(s,a) (actor-critic, Q-learning)

estimate p(s’|s,a) (model-based)

generate samples
(i.e. run the policy)

0 < 0+ aVyeJ(0) (policy gradient)
improve the policy m(s) = argmax Q4 (s,a) (Q-learning)
optimize my(als) (model-based)




Improving the policy gradient

N T T
1 N\ A\
VoJ(0) %N 2 2 Vo 1Og7T9(ai,t\Si,t) (E :T(ai,t’asi,t’))
i—1

\ ;
v
Reward “to go”
oy

(); +: estimate of expected reward if we take action a; ; in state s;

it~ Z (85 47 der ) [St, At

can we get a better estimate? —t

Q(st,ar) = ZtT,:t E., |[r(sy,ap)|st, at]: true expected reward-to-go

N T
1 53
~ N V@ 1Og o (ai,t‘Si’t)Q(Si,ta ai’t)

1=1 t=1

Slide adapted from Sergey Levine



State & state-action value functions

QUdsan)y Y, v FEx (€8 an) [Haas;] totahkeward drivont akligga jtirs s, fit Q™, V™, or AT

fit a model to

V™ (sy) = Eat,wg(aﬂst)[QW (s¢,a¢)|: total reward from s; estimate return

AT (s¢,ar) = Q™ (s¢,a:) — V™ (s¢): how much better a; is

generate samples

(i.e. run the policy)

N T
1 L
Ve (0) ~ ~N L L Vologmg(a; ¢|sit)A™ (Sit,ait)

1=1 t=1

improve the policy

| —

0 < 9-|-OngJ(9)

Slide adapted from Sergey Levine



Value function: V™ (s;) =?

Value-Based RL g function: 07(s,. a,) = 7

Advantage function: A™(s,,a,) =? Reward=1iflcan play it
in @ month, O otherwise

IMPROVISATION TEST EXAMPLES AND IDEAS FOR ROCKSCHOOL GRADE 1DRUMS EXAM
J = titten by Theo Lawrence / TL Music Lessons
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Multi-Step Prediction

- How do you update your predictions about winning
the game?

- What happens it you don't finish the game?

- Do you always wait till the end?




How can we use all of this to fit a better estimator?

Goal; fit V™
ideal target: y; ; = Zf:t Er, [r(se,ay)|si] ~ r(Sit, Q4,t) + W{ﬁg,ﬁﬁﬁﬂ(@wa@z‘)ﬁﬁfﬁf(Sz‘,t+1)

T . . .
Monte Carlo target: y;: = > /., 7(Siv, ;) directly use previous fitted value function!

V7 (s)
parameters ¢

supervised regression: L(¢)

sometimes referred to as a “bootstrapped” estimate

Slide adapted from Sergey Levine



Policy evaluation examples

TD-Gammon, Gerald Tesauro 1992 AlphaGo, Silver et al. 2016
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Figure 2. An illustration of the normal opening position in backgammaon. TD- W .ﬂl.jﬁl IR 4
(Gamman has sparked a near-universal conversion in the way experts play Input Patterns A| haGO | e L_[”¢. AN . &
. . . . Wi ! 5 |
certain opening rolls. For example, with an opening roll of 4-1, most players Figure 1. An illustration of the multilayer perception architecture used in Google DeepMind h WAy $ ¢ Rty -

have now switched fram the traditional move of 13-9, B-5, to TD-Gammon's TD-Gamman's neural network. This architecture is also used in the
FII’EfEI’EﬂEE, 13-9. 24-23. TD-Gamman's analj,faia i given it Tahle 2 papular backpropagation learning procedure. Figure reproduced from [9).

reward: game outcome reward: game outcome

value function V¢”(st): value function V¢“(st):

expected outcome given board state expected outcome given board state



REINFORCE algorithm:
> 1. sample {7'} from mg(a;|s;) (run the policy)

2. Vo J(0) = 3, (3o, Vo logme(ajlsy)) (30, (s}, ap)) fit a model to
e 30— 0+ aVyJ(H) estimate return

online actor-critic algorithm:

generate samples

1. take action a ~ my(als), get (s,a,s’,r) : :
(i.e. run the policy)

2. update qu using target r + ’yf/q? (s")

3. evaluate A™(s,a) = r(s,a) + 'yf/g(s’) — ‘A/qf(s)
4. Vg J(0) ~ Vg logmg(als)A™ (s, a)

5. 0 < 0+ aVyJ(0) improve the policy

N

Slide adapted from Sergey Levine



This was just the prediction part...



Improving the Policy

Q" (a,;s) =V"(s)= A" (s, a)

how good is an
action compared to
the policy?

0 < 0+ aVyJ(0) (policy gradient)

VgJ(0) ~ Vg log my (a\s)}]’”(s, a)

fit Vﬂ- St

fit a model to
estimate return

generate samples

(i.e. run the policy)

‘; improve the policy
T +— 7'




Value function: V™ (s;) =?

Value-Based RL g function: 07(s,. a,) = 7

Advantage function: A™(s,,a,) =? Reward=1iflcan play it
in @ month, O otherwise

IMPROVISATION TEST EXAMPLES AND IDEAS FOR ROCKSCHOOL GRADE 1DRUMS EXAM
J = titten by Theo Lawrence / TL Music Lessons
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Improving the Policy

A7 (s¢,a4): how much better is a; than the average action according to at least as good as any a; ~ mw(a|s;)

arg max,, A™(s¢, a;): best action from sy, if we then follow 7 regardless of what m(a;|s;) is!

(

1 if Ay — al'gInaXy, AW(St, at)

/ _
m(alse) = <\ 0 otherwise

fit V" (St)

fit a model to
estimate return

generate samples
(i.e. run the policy)

improve the policy

Slide adapted from Sergey Levine



Policy Iteration

fit Vﬂ- (St)

fit a model to
estimate return

policy iteration algorithm:

E 1. evaluate A™ (s, a)
2. set ™+ 7’

generate samples
1 if a; = argmax,, A™ (St, at) (i.e. run the policy)

0 otherwise
; improve the policy

(aulse) = {

as before: A™(s,a) =r(s,a) +YE[V™(s")] — V7 (s)

Slide adapted from Sergey Levine



policy iteration algorithm:

Value lteration 1 onluie Q75,0

2. set T 7’

( . " ’ , E !~ / ﬂ- /
/ 1 if a; =@rg max,, Q™ (s, a) Q7(s,a) < 7(s,a) + 7Es np(sjs,a) [V ()]
™ (@ulst) = <\ 0 otherwise | .
ar — policy ﬁ fit a model to

estimate return

A7 (s,a) = r(s,a) + YE[V7(s)] — V7 (s) l

approximates the new value!

arg max,, A™(s¢,a;) = argmax,, Q7 (st, az)

generate samples

(i.e. run the policy)

; improve the policy

value iteration algorithm: V7™(s) « max, Q7 (s, a)
1. set Q(s,a) < r(s,a) + yE[V(s")]
2. set V(s) + max, Q(s,a)

Q™ (s,a) =r(s,a) + yE[V™(s")] (a bit simpler)

skip the policy and compute values directly!

Slide adapted from Sergey Levine



Q learning

Q™ (s,a) < r(s,a) + YEgp(s|s,.a) V" (s')]

(

1 if a; = argmax,, Q™ (s, a) fit a model to

/
T A+ S — < . .
( t‘ t) \ 0 otherwise estimate return

value iteration algorithm: generate samples
(i.e. run the policy)
1. set Q(s,a) < r(s,a) +yE|V(s')]

2. set V(s) «+ max, Q(s, a)
improve the policy

V™(s) + max, Q™ (s, a)

fitted (Q iteration algorithm:
@ 1. set y; < r(s;,a;) +YE[Vy(s))] - approxiate E[V (s))] ~ maxa Q4(s;,a;)

2. set ¢ + argming = Y. [|Qp(si, a;) — yi doesn’t require simulation of actions!




Value function: V™ (s;) =?

Value-Based RL g function: 07(s,. a,) = 7

Q* function: Q*(s,,a,) = ? Reward = 1 if | can play it

. in @ month, O otherwise
Value* function: V*(s;) =7

IMPROVISATION TEST EXAMPLES AND IDEAS FOR ROCKSCHOOL GRADE 1DRUMS EXAM
J = titten by Theo Lawrence / TL Music Lessons
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Fitted Q-iteration Algorithm

full fitted Q-iteration algorithm: Algorithm hyperparameters
% 1. collect dataset {(s;,a;,s;,r;)} using some policy dataset size N, collection policy
@ 2. set y; < r(si,a;) +vmaxa Qy(s;,a;) iterations K
X
\ - 3. set ¢ <— argming % > Qs (si,a;) — yz-HQ eradient steps S

& Qgy(s;a) Result: get a policy T(a|s) from argmax(@Qy (s, a)
\L parameters ¢ 4

by
e
A Ry

'!;‘1.1',"';
£ "?‘ﬁh
A
R

ﬁr

S 5
e

We can reuse data from previous policies!
Important notes: an off-policy algorithm using replay buftfers

This is not a gradient descent algorithm!

Slide adapted from Sergey Levine Can be readily extended to multi-task/goal-conditioned RL



Example: Q-learning Applied to Robotics

1. collect dataset {(s;, a;,s;,r;)} using some policy

2. set Yi < ’r(si,a,,;)

Y maxy Qg (s, al)

Continuous action space?

Simple optimization algorithm ->
Cross Entropy Method (CEM)

. 2
3. set gb%argmlngb%ZiHng —yil
O

AN

or?.

NP

©7le

1. Start with the normal
distribution N(u,0?).

2. Evaluate some parameters 3. Compute the mean and
from this distribution and
select the best (in grey)

std.dev. of the best, add
some noise and goto to 1



QT-Opt: Q-learning at Scale

— T
— —

/ In-memory buffers \

stored data from all
past experiments

{(si;a4,8;) }a

\ /

Slide adapted from D. Kalashnikov

off-policy (s,a,s’, r)

CEM optimizatio

t/ Bellman updaters\\

on-policy (s,a,s’, r)

compute Qr(s,a) =

labeled (s, a, Qr(s,a))

/

g

Training jobs

min ||Qy(s,a) — Qr(s,a)]|’

\

r + max, Qg(s’, a

)
= =,

i

Y
)

minimize » . (Q(s;,a;) — [r(si,a;) + maXg/ Q(s;; ag)])z

QT-Opt: Kalashnikov et al. ‘18, Google Brain



QT-Opt: Setup and Results

96% test success rate!

/ robots collected 580k grasps




Q-learning

Bellman equation:  Q7(s¢,ap) = Egr (15 [T(S, a) +ymaxQ™ (s, a’)]
) aI

Pros:
+ More sample efficient than on-policy methods
+ Can incorporate off-policy data (including a fully offline setting)

+ Can updates the policy even without seeing the reward
+ Relatively easy to parallelize

Cons:
- Lots of “tricks” to make it work
- Potentially could be harder to learn than just a policy



The Plan

Reinforcement learning problem
Policy gradients

Q-learning



Additional RL Resources

Stanford CS234: Reinforcement Learning
UCL Course from David Silver: Reinforcement Learning

Berkeley CS285: Deep Reinforcement Learning



