Deep RL with ®@unctions

CS 294112: Deep Reinforcement Learning
Sergey Levine
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How we can make {@arning work with deep networks
A generalized view of{@arning algorithms

Tricks for improving €earning in practice

. Continuous Qearning methods

AGoals

AUnderstand how to implement @@arning so that it can be used with
complex function approximators

AUnderstand how to extend -@@arning to continuous actions
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RecapQ-learning

full fitted Q-iteration algorithm:

1. collect dataset {(s;,a;, s}, r;)} using some policy
Qe(s,a) < r(s,a) + ymaxa Qs(s’,a’)

fit a model to
ﬁ estimate return

generate
samples (i.e.
run the pollcy)
_ ) . _ improve the
online @ iteration algorithm: policy

: !/
1. take some action a; and observe (s;, a;,s;, ;) a = arg maxa Qy(s, a)

2. set yi < 7(si,a;) +ymaxy Qy(s),aj)
. 2
. set ¢« argming £ Y. [|Qe(si a;) — yill

2. y; —T(S"LaaZ) + Y MmaXa QfP( i z)
3. ¢ ¢ — gt (si, i) (Qu(si ) — yi)



2 K0 Qa ¢NPyYy3IK

online () iteration algorithm:

1. take some action a; and observe (s;,a;,s;, ;)
2. y; = r(s;, az-) + vy maxa Qy(s;, a)) \

these are correlated!
3. Qb — Gb (S@, a@)(chﬁ(Sfm az) Yi)

\

isn’t this just gradient descent? that converges, right?

Qlearning Inot gradient descent!

Gb — Qb — CV (Sza az)(Qqﬁ(Sza az) _@z) + 7y MaXy Qq‘)(@

no gradient through target value




Correlated samples in onlinel€arning

online @ iteration algorithm: - sequential states are strongly correlated
@ 1. take some action a; and observe (s;,a;, s, ;) - target value Is always changing
2. 00— O‘ d¢ (S@, aZ)(ch(Sia ai) - [T(Sia a@') -+ 7Y IaXa/ Q¢(S;, a;)])
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synchronized parall€D-learning asynchronous parall€)-learning

get(s,a,s’,fr%—l I I I

update qb — el

get (s,a,s’,r)—l 0 B

update ¢ +— Bl
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Another solution: replay buffers

online Q iteration algorithm: special case with K = 1, and one gradient step

1. take some action a; and observe (s;,a;,s;, ;)

2. oo — O‘ d¢ > (sq, a@)(qu(S@, a;) — [r(sia;) + v maxay qu(s;; a;)])

full fitted Q-iteration algorithm:
any policy will work! (with broad support)

] 0

£ 2. set y; < r(si,a;) +ymaxy Qu(s;],a;) just load data from a buffer here
X

. 1 2 ) i
3. set ¢ < argming 5 ), [[Qs(si, a;) — il still use one gradient step
dataset of transitions

Fitted Qiteration
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Another solution: replay buffers

Q-learning with a replay buffer:

1. sample a batch (S%,ai,s’- ;) from B

2. 0 90—« Zz do (S’M a@)(qu(Sz,az) - [T(Siaai) T 7Y MaXy/ Q¢(S;7 a;)])

but where does the data come from?

YVSSR (2 LISNAZ2RAOIFIffé FSSR (KS NBLX I & 0dzF FSNX

(SJ aa Sla T) ..
dataset oftransmons
OGNBLI | &8 06dzF ¥FS v
off-policy
r .\ Q-learning
- '\ b
W
v

m(als) (e.g., e-greedy)



Putting it together

full Q-learning with replay buffer:

1. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B _
, K =1 is common, thougf
2. sample a batch (S@', a;,s;,r;) from B larger K more efficient

3. ¢ ¢ —ad, T a)(Qslsiyan) — [r(si,ai) + 7 maxa Qu(s), af)))

dataset oftransitions
OGNBLI &8 060
off-policy
Q-learning

mw(als) (e.g., e-greedy)
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online () iteration algorithm:
1. take some action a; and observe (s;,a;,s;, ;)
2.y = T(Sfuaz) + v maXay/ Qqﬁ( s ,‘) \

3. 0 ¢ — (S%aa@)(Qé(Smaz) yi)

use replay buffer

Qlearning Inot gradient descent!

66— % (51,20 Qulsi i) ~or20) + 7 mav Qu(sl ) g:gsb Iles nr?Itllla

no gradient through target value




Q-Learning and Regression

full Q-learning with replay buffer:
1. collect dataset {(s;,a;,s.,r;)} using some policy, add it to B

2. sample a batch (s,l;,a?;,s’- r;) from B
K x

3. p— o — azz Ao “(si,a:)(Qg(si,a;) — [r(si; a;) + ymaxar Qu(s;,

a;)))

one gradient step, moving target

full fitted Q-iteration algorithm:
1. collect dataset {(s;,a;,s;,r;)} using some policy

2. set y; < r(s;,a;) + Y MaXy! Qy(s;, aj)

K x ) 1 2
3. set ¢ <—argming 5 ) . [|Q4s(si,a;) — yil

perfectly welldefined, stableregressim



Q-Learning with target networks

QQ-learning with replay buffer and target network:
1. save target network parameters: ¢’ < ¢
2. collect dataset {(s;,a;,s,r;)} using some policy, add it to B

NXK 3. sample a batch (sl,a?;,s’- r;) from B

4. ¢« Qb_azq, dé (Szvaz)(Qé(S%aa%) [ (s@,a@) + 7Y MaXay Qdﬁ’( Sis ;)])

G NBSGa

R2Yy Qi

@]

uoiBdsalbal pasiniadns

<
LLl

( N>



a/ tf I &a A-learningragsritdm ¢DQN)
(Q-learning with replay buffer and target network:

1. save target network parameters: ¢’ < ¢

2. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B

NXK_ 3. sample a batch (Si,ai,s’- r;) from B
X

4. ¢« Qﬁ_azz b “(s4,a:)(Qo(si;a;) — [r(si; a;) + v maxar Qg (s}, a3)])

?,7 ?,

“classic” deep Q-learning algorithm:

1. take some action a; and observe (s;,a;, s, r;), add it to B

2. sample mini-batch {s;,a;,s’,r;} from B uniformly

3. compute y; = 7"3 + ymaxy/ Qg (S- a-) using target network @)y K =1
4. ¢+ ¢ — OJZ; “dé = (s5,a5)(Qo(s;,a5) — yj)

5. update ¢': copy ¢ every N steps
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Alternative target network

“classic” deep Q-learning algorithm:

> 1. take some action a; and observe (s;, a;,s;,r;), add it to B

2. sample mini-batch {s;,a;,s’,r;} from B uniformly

3. compute y; = 7“3 + Y maxy Q¢z( : ) using target network @)y
4o¢ ¢ —ad Fe(s;a;)(Qslssra;) — u))

§ s

Intuition: I maximal la
get target from heref \\ T~ no lag here

(s,a,s’,7) o (s,a,s,r) ¢ (s,as,r) ¢ (s,as’,r) ¢ (s,a5s,r) o
Feels weirdly uneven, can we always have the same lag?
Popular alternative (similar td°olyakaveraging):

5. update ¢': ¢’ < 7¢" + (1 —7)¢ 7 = 0.999 works well



Fitted Qiteration and GQearning

QQ-learning with replay buffer and target network: DON: N =1, K = 1
1. save target network parameters: ¢’ < ¢
2. collect M datapoints {(s;, a;,s;,r;)} using some policy, add them to B

NXK 3. sample a batch (sz,a?;,s’- r;) from B
4. ¢ < ¢ — @Zz b 2(si,ai)(Qgp(si,a;) — [r(si,a;) + v maxa Qg (s;, aj)])

Fitted Q-learning (written similarly as above):

1. collect M datapoints {(s;,a;, s, ;) } using some policy, add them to B

2. save target network parameters: ¢’ < ¢

N X 3. sample a batch (S@, a;,s;,r;) from B _
1 & , just SGD
4 ¢ — o — azz X = (80, ai)(Qo(sisa;) — [r(si, a;) + ymaxa Qg (s, a3)])



A more general view

Q-learning with replay buffer and target network:
= 1. save target network parameters: ¢’ < ¢

E 2. collect M datapoints {(s;, a;,s;,r;)} using some policy, add them to B
\ @

3. sample a batch (si, a;,s;,r;) from B

4. ¢ <+ ¢ — OJZZ b (Su 3-2)(@(15(5@: 31) — [T(Sia ai) + Y maXy/ qu’ (S;h a;,)])

w process 2

parameters target update

(s,a,s',7) ~ ¢
dataset ottransmons i
OANBLI | & 0o SNE U
IS AN

evict old data

parameters

¢I

process 1: data collection

w(als) (e.g., e-greedy)




A more general view

process 1: data collection

process 2
target update

parameters

Cb’

parameters

(S7 aJ S,J T) ..
dataset oftransitions

OGNBLI | & o SNE 0

I[N

evict old data

w(als) (e.g., e-greedy)

AOnline Qlearning (last lecture): evict immediately, process 1, process 2, and

A
A

orocess 3 all run at the same speed
DON: process 1 and process 3 run at the same speed, process 2 is slow
itted Qiteration: process 3 in the inner loop of process 2, which is in the inner

oop of process 1
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Are the Qvalues accurate?
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Average Reward on Breakout
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Are the Qvalues accurate?

Alien Space Invaders Time Pilot Zaxxon
? 20 |
8 8 DQN estimate
:
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'.g 15 -
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Q wapDouble DQN estimate
T':; = bl ble DQN al
e oubie true value
> ] 0 gy IDQN true value
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Training steps (in millions)



Overestimation in earning

target value y; = r; + maXa' o (S}a a;-)

N

this last term is the problem

imagine we have two random variables: X7 and X
FElmax (X1, X3)| > max(E[X;], F[X3])

Q4 (s’,a’) is not perfect — it looks “noisy”

hence maxa Qg (s',a") overestimates the next value!

note that maxy Qg (s',a’) = Qu (s', argmaxay Qg (s',a’))

value also comes from Q4 action selected according to @)y



Double Qearning

E[max(Xl, XQ)] Z max(E[Xl], E[XQ])

note that maxa Qg (s',a’) = Qg (s', arg maxa Qg (s’,a’))

value also comes from @)y action selected according to @)y
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