Value-Based RL

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1:
Actor-critic without the actor



Review: actor-critic with a replay buffer

!/
store s;,a;,s;

off-policy actor-critic algorithm: /\
/ . .

1. get (s;,a;,s;) by taking one step with a ~ my(a|s)
2. evaluate y; = r(s;, a;) + VEarorg(al|s)) [Qg(sg, a’)]
3. update ¢ using Vg 3.7, 1Q7 (55, a:) — will?
. use batch {(s;,a;,s})}2 | from buffer
N HO B v es mrtats Qb e
—T ==ttt

Y = 1(84,a;) + ’YEafwm(awsg)[Qg(S;a a’)|

T

r(s;, a;) + vy maxy Qg(s;, a’) a funny idea:

lifa= argmax@'" S,a
set - mo(als) = { 0 otherwise &%)



The resulting algorithm

!/
store s;,a;,s;

off-policy “critic” algorithm (Q-learning): /\

1. get (s;,a;,s;) by taking one step with a ~ my(a|s)
2. evaluate y; = r(s;,a;) +ymaxy Qg(s;,a’)]

: B
3. update 0 using Vg 27:1 |Qo(si,a;) — yzl|2

use batch {(s;,a;,s;)}2; from buffer

| 1Tifa=argmaxQp(s,a)
mo(als) = 0 otherwise We could just stop here

But it helps to understand more...

Qo(s,a)

parameters 6




Part 2:
Policy iteration and dynamic programming




Policy iteration

fit Q™ or V™
High level idea: ﬁ
estimate return
: : ; : . generate
policy iteration algorithm: i
1. evaluate Q™ (s,a) «—— how to do this? run the policy)

2. set T+ 7’

; improve the

policy

1 if a; = argmaxa,, Q™ (s, ay)
0 otherwise

T 7

' (arst) = {

as before: Q™ (s,a) = r(s,a) +yE[V™(s')]

let’s evaluate V7 (s)!



Dynamic programming

Let’s assume we know p(s’|s,a), and s and a are both discrete (and small)

0.2l0.3l0.4]0.3] 16 states, 4 actions per state

03J03]05[03 o store full V7(s) in a table!
0.4|0.4|0.6[0.4 '
oslosloglos| 7 is 16 x 16 x 4 tensor

bootstrapped update: V7 (s) <= Eavr(als)[7(s,a) + VEg wp(s'|s,a) [V (8')]]

just use the current estimate here

o (ay]sy) = { 1 if a; = argmaxa, Q™ (s, a¢)

0 otherwi ——— deterministic policy 7(s) = a
otherwise

simplified: V7™ (s) < r(s,7(s)) + vEs wp(s'|s.x(s) [V ()]



Policy iteration with dynamic programming

policy iteration:
1. evaluate V7 (s)

2. set T+ 7’

estimate V7

fit a model to
estimate return

‘—>

generate

1 if a; = argmax,, Q™ (s¢, ay)
!/ . t ag ty At
™ (arfs:) = { 0 otherwise sl

run the policy)

policy evaluation: t
policy

g V7T (s) < r(s,m(s)) + 7Es’mp(s’|s,ﬂ'(s))[Vﬂ(sl)] e o

improve the

0.2|0.3|0.4/0.3| 16 states, 4 actions per state
0.3]03)0:510.3|  can store full V™ (s) in a table!
0.4|0.4/0.6|0.4 .

osloslodlos| 7 is 16 x 16 x 4 tensor




Even simpler dynamic programming

, | 1ifa; = argmaxa, Q™ (s¢, ar)
T (atlse) = { 0 otherwise

let’s evaluate Q™ (s)!

skip the policy and compute values directly!

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

a

Qsa) Qe Qea)
Q(s,2) Q(s.a) Q(s.a)
Q(s.a) Q(s.a) Q(s,a)
S Qsa) Qs.a) Qsa)

Q(s,a) Q(s,a) Q(s,a)

Q™ (s,a) < r(s,a) + YEg p(s'|s,a) [V (8")]

fit a model to
ﬁ estimate return

generate
samples (i.e.
run the policy)

‘ improve the
policy

ar policy
V7™ (s) < max, Q™ (s,a)

|

approximates the new value!



Part 3:
Citted value iteration




Fitted value iteration

how do we represent V(s)? s=0:V(s) =02 Q(s)«r(s2)+7Experjsn[V(s)]

big table, one entry for each discrete s s=1:V(s)=0.3 fit a model to
. ‘ l estimate return

neural net function V : § - R i
generate
samples (i.e.
run the policy)

‘ improve the

Vi(s)

policy

E(Q) — % HVQ(S) o mSXQW(Saa)H |S| — (2553)20())(200 Vﬂ-(s) < MaXg Q"T(s,a)

(more than atoms in the universe)

fitted value iteration algorithm: curse of

@ 1. set y; + maxy, (r(s;, a;) + vE[Va(sh)]) dimensionality
2. set 0 <— argming % > i 1Va(si) — yz||2



What if we don’t know the transition dynamics?

fitted value iteration algorithm:
1. set y; < maxa, (r(si, a;) +yE[Vy(s])]) need to know outcomes
2. set 0 < argming 1 3. [[Va(ss) — uil)? for different actions!

Back to policy iteration...

policy iteration: policy evaluation:
1. evaluate Q™ (s, a)

9. set 7 7’ V7(s) < r(s, m(s smp(s'|s,m(s)) [V (87)]
1 if a; = argmax,, Q™ (s¢, ar)
0 otherwise

W’(at|8t) = { Qﬁ(sa a) — T(S: a) -+ ’YES’Np(s’|s,a) [Qﬂ (S,a W(SI))}

can fit this using samples J



Can we do the “max” trick again?

policy iteration: fitted value iteration algorithm:

1. evaluate V7 (s) 1. set y; < maxa, (r(s;,a;) + YE[Vy(s))])

2. set ¢ 7 ' 2. set 0 < argming 3 3, [[Va(si) — vil”
no policy, compute value directly

can we do this with Q-values also, without knowing the transitions?

fitted Q iteration algorithm: doesn’t require simulation of actions!

1. set y; < r(si,a;) +vE[Va(s))] < approxiate E|V (s})] = maxy Qp(s;,a))
2. set 0 < argming % > 1Qo(si,a) — y1||2

- no convergence guarantees for non-linear function approximation (more on this later)



Fitted Q-iteration

full fitted Q-iteration algorithm:

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

@ 2. set y; + r(s;,a;) + Y MaXa/ Qo (s;, a3)
X
3. set 0 < argming % Z@ [Qo(si,a;) — yz||2

Qo (s, a)

parameters 0

parameters

dataset size IV, collection policy

iterations K

gradient steps S



Part 4.
Back to Q-learning



Why is this algorithm off-policy?

full fitted Q-iteration algorithm:

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

2 set y; . @a Qo "D this approximates the value of 7’ at s

2
3. set 0 <— arg mgny ] Z,& ||Q9(Szaa7,) yzll , 1 if a; = argmax,, Q7 (s, at)
™ (at|st) -

0 otherwise

given s and a, transition is independent of 7

Fitted Q-iteration



What is fitted Q-iteration optimizing?

full fitted Q-iteration algorithm:

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

£ 2. set y; < 7(si,a;) +ymaxy Qp(s;, a;) < this max improves the policy (tabular case)
X

3. set 0 <— arg miny % Z,L “QQ(Si;a@') — ysz

|

error &

1 2
E = §E(S’a)wg [(Qg(s,a) — [r(s,a) + ’)/II;E}XQQ(S’,B_,)]) ]
if £ =0, then Qy(s,a) =r(s,a) + ymaxy Qy(s’,a’)

this is an optimal Q-function, corresponding to optimal policy 7’:

1 if a; = arg maxa, qu(sty a;) maximizes reward

0 otherwise sometimes written Q* and 7*

(arls)) = {

most guarantees are lost when we leave the tabular case (e.g., use neural networks)



Online Q-learning algorithms

Qo(s,a) < r(s,a) + ymaxa Qp(s’,a’)

full fitted Q-iteration algorithm:

‘
1. collect dataset {(s;,a;,s})} using some policy estimate return

1

2 set 1; < ’I”(S@, az) + Y maXy! Q@( ,) generate

samples (i.e.

. set @ < argming £ >, [|Qo(s;, a;) — yil|? run the pollcy)

improve the
policy
a = arg max, Qy(s,a)

/ off policy, so many choices here!

online () iteration algorithm:

1. take some action a; and observe (Sq;, a;,s;)
2. y; = r(si,a;) + ymaxa Qg(s], aj

d
3. 00— a%(sz, a;)(Qo(si;a;) — i)



Exploration with Q-learning

online Q iteration algorithm: final policy:

1. take some action a; and observe (s;, a;,s,) ,
1 if a; = argmax,, Qo(se, ay)

2. y; =r(s;,a;) +ymaxy Qg(sg,ag) W(at‘st) - { 0 otherwise

3. 0 60— e si,a;)(Qe(sia;) — yi
dr (5521) (Qo (i, 8:) = 1) why is this a bad idea for step 17?

| 1—€if a; = argmax,, Qo(s¢, ar) “epsilon-greedy”
m(ase) = { e/(|A| — 1) otherwise

m(ag[s) oc exp(Qo(se; ar)) “Boltzmann exploration”

We'll discuss exploration in detail in a later lecture!



Bringing it back together

store s;, a;, s;
Q-learning with replay buffer: /\
1. get (s;,a;,s;) by taking one step with a ~ my(a|s)
2. evaluate y; = r(s;,a;) + v maxy s.,a’
yi =1(si;a;) +7 Qo (s, a’)] _

3. update 6 using V 5 i a;) — Yl
P g Vo Zz_l ||Q9( ) J || use batch {(si,ai, S;)},LB;l from buffer

ro(als) { 1 — € if a = argmax, Qy(s, a)
0 = -
e/(|A] — 1) otherwise If you try to code this up, it almost
certainly won’t work

We'll find out how to make it work
next time!
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