Q-Learning in Practice

CS 185/285

Instructor: Sergey Levine
UC Berkeley




Part 1.
Target networks



From last time

!/
store s;,a;,s;

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 Vy 2@21 |Qo(si,a;) — yz||2

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

B 1 — € if a = argmax, Qy(s, a) fi-policy: B>1
my(als) = { e/(|A| — 1) otherwise SRS



What’s wrong?

!/
store s;,a;,s;

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

Q-learning is not gradient descent!

06— (51,2 (@afs ) o120 + 7 s Qofs] D)

no gradient through target value




Q-learning and regression
store s;,a;, s,

Q-learning;: /\

1. get (s;,a;,s;) by taking one step with a ~ mg(a|s)

2. luate y; = r(s;, a; a’ al _
evaluate y . r(s;,a )BJrfymaX Qp(s:,a’)]

3. update 6 using Vo > .7, |Qo(si,a;) — yi|?

use batch {(s;,a;,s:)}2, from buffer
one gradient step, moving target

0+ ¢ — a2 (s;,a;)(Qo(si,a;) — [r(si, a;) + v maxa Qa(s), al)])

full fitted Q-iteration algorithm:

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

2. set y; < r(s;,a; / s., a’
set yi < 7(si, &) Ty maxy) Qo(s;; a;) this doesn’t change during

3. set 0 < argming 3 >, |Qo(si,a;) — vill? “inner” regression SGD loop

perfectly well-defined, stable regression \ l

0+ ¢ — al2(s;,a;)(Qo(si, a;) — [r(ss,a;) + 7 maxar Qg(s], al)])




Q-learning with target networks

store s;,a;, s,

Q-learning with target network: /‘\
1. get (s;,a;,s;) by taking one step with a ~ my(als)

. evaluate y; = r(s;,a;) + fymaxa;, a’)]

2
3. update 0 using V Zil 1Qo(si,a;) — vl
4. every 10,000 steps or so, set 0 « 0

C—

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

targets only change every 10,000 steps
why is this good?

why is this bad?



“Classic” deep Q-learning algorithm (DQN)

Generalized Q-learning with replay buffer and target network:

1. save target network parameters: 6 < 6

N x 3. sample a batch (s;, a;,

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

K X

“classic” deep Q-learning algorithm:

L.

2
3
4.
3

Mnih et al. ‘13

s’) from R
4.0 0—a)_, dQ9 (si,a;)(Qa(si,a;) —

take some action a; and observe (s;,a;,s;), add it to R

. sample mini-batch {s;,a;,s;} from R uniformly

. compute y; = r(s;,a;) + v maxy Q4(s},a;]) using target network Qg

0+ 0—ad, %2 (s;,a,)(Qolsia;) — vi)

. update @: copy 0 every N steps

You'll implement this in HW3!

[r(si,a;) + ymaxa Qa(s;

i)l)



Alternative target network

“classic” deep Q-learning algorithm:

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

2. sample mini-batch {s;,a;, s} from R uniformly
3. compute y; = 7(s;,a;) + ymaxy Qp(s;,a;) using target network Qp
4. 0 <+ 0 — « i dc?ge (Sz: az)(Q@(S'w a'&) yl)

5. update 0 6« 0
Intuition: maximal lag
get target from here T\ ~ T~ no lag here

(s,a,s’) 0 (s,a,s’) 0 (s,a,s) 0 (s,a,s’) 6 (s,a,s’) 0

Feels weirdly uneven, can we always have the same lag?
Popular alternative (similar to Polyak averaging):

5. update 0: 6 < 70+ (1 — 7)0 7 = 0.999 works well



Part 2:
More efficient Q-learning




The general view

Generalized Q-learning with replay buffer and target network: DQN: N=1, K =1
@ 1. save target network parameters: 6 < 6

. collect dataset {(s;,a;,s;)} using some policy, add it to R
@ . sample a batch (s;,a;,s;) from R
. 4. 0—0—a). dQ9 (siya;)(Qo(si,a;) — [r(ss,a;) +7vmaxy Qg(s;,al)])

@ process 2

AT target update

(s,a,s’) 0
~ datasetoftransitons
(“replay buffer”)

LN

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

process 1: data collection

evict old data




A more general view
process 1: data collection w process 2

parameters target update

(s,a,8') . 0
dataset of transitions

(“replay buffer”)

RS

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

evict old data

* Online Q-learning (last lecture): evict immediately, process 1, process
2, and process 3 all run at the same speed

. DIQN: process 1 and process 3 run at the same speed, process 2 is
slow

» Fitted Q-iteration: process 3 in the inner loop of process 2, which is in
the inner loop of process 1



Which settings make it more efficient?

Generalized Q-learning with replay buffer and target network: DQN: N =1, K =1
1. save target network parameters: 6 < 6
2. collect dataset {(s;,a;,s;)} using some policy, add it to R

N><K 3. sample a batch (s;,a;,s;) from R
X

d
4.0+ 60—a) . Q9 (siya;)(Qo(si,a;) — [r(s:,a;) +ymaxa Qg(s;, a;)])
what happens as we increase K7
sometimes called “update-to-date” (UTD) ratio
higher UTD = fast learning (but costs more compute)

too high UTD = “overfitting” (we’ll learn about this in the offline RL lectures!)

what happens as we decrease N7



Value propagation

“classic” deep Q-learning algorithm:

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

2. sample mini-batch {s;, a;,s;} from R uniformly

3. coMPUte ==t siasep—lits—a— using target network Qg

(2

4. 0 «— 0 — szz dﬁ)@g (Sza az)(@@(sza az) yz)
‘w5, update 0: copy 6 every N = 10,000 steps

say (Qg(s,a) = 0 initially for all (s, a) how many steps until we propagate +1 to S?
Idea: what if we use n-step returns?

p - p why is this good?
u = A sy ) oy max o Qals s ay)

why is this bad?



Part 3:
Overestimation in Q-learning



Are the Q-values accurate?
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Are the Q-values accurate?

| Space Invaders - Time Pilot - Zaxxon
? 20 - 25 - A
% g & 8 IDQN estimate
w 15 -
3 15 £ .
Q ouble DQN estimate
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© ‘ ouble DQN true value
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Training steps (in millions)



Overestimation in Q-learning

target value y; = r(s;, a;) + v maxy Q4(s;, aj)

N

this last term is the problem

Q 5

imagine we have two random variables: X; and Xs Y& e

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

Qg(S’, a,) is not perfect — it looks “noisy”
hence maxa Qg(s’,a’) overestimates the next value!

note that max, Qg(s’,a’) = Qz(s’, argmax, Qgz(s’,a’))

value also comes from ()5 action selected according to Q)



Double Q-learning

Elmax (X1, X2)| > max(FE[X;], F[X3])

note that max, Qz(s’,a’) = Qg(s’, argmax, Qz(s’,a’))

value also comes from ()5 action selected according to g

"\ /

if the noise in these is decorrelated, the problem goes away!
idea: don’t use the same network to choose the action and evaluate value!

“double” Q-learning: use two networks: Q a

A
QQA (S’ a) T fYQQB (Slv arg mE}X Q@A (S,a al)) % 7=
a

QQB (Sv a) — Tt 7Q9A (S,: arg H}E}X QQB (Slv a/))

AN /

if the two QQ’s are noisy in different ways, there is no problem



Double Q-learning in practice

where to get two Q-functions? just use the current and target networks!
standard Q-learning: y = r + vQg(s’, arg max, Q5(s’,a’))

double Q-learning: y = r +7Q4(s’, arg maxa ’, a’))

just use current network (not target network) to evaluate action

still use target network to evaluate value!



Generalized double Q-learning

double Q-learning: y = r + vQ4(s’, arg max, Qy(s’,a’))
\__ .

mo(als) =

a’'~mg(a’|s’) [Qé(sla a’)]

if a = argmax QQy(s,a)
0 otherwl

could be anything, including another actor!

“clipped” double Q-learning: y = r + YEqa/ 1y (a/|s) [Mine g1 2 oF3 (s’,a’)]
L Y J

min over an ensemble of (usually 2) target QQ-networks

less common with Q-learning, but very
often used with Q-function actor-critic



Simple practical tips for Q-learning

* Q-learning takes some care to stabilize
* Test on easy, reliable tasks first, make sure your implementation is correct

30 Pong Breakout . . 250 Venture
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154 ¢ 320 [P 320000 .
0 240 i . :, 240000 : \ 150 : :
' " o (N 100
160 160000 11 2 o
-15 . | 80 _ 80000 j" | p i 504.. . W
-304 . : ; 0l | 04t [ o

Figure: From T. Schaul, J. Quan, |. Antonoglou, and D. Silver. “Prioritized experience
replay”. arXiv preprint arXiv:1511.05952 (2015), Figure 7

 Large replay buffers help improve stability
* Looks more like fitted Q-iteration

* |t takes time, be patient — might be no better than random for a
while

 Start with high exploration (epsilon) and gradually reduce

Slide partly borrowed from J. Schulman



Advanced tips for Q-learning

e Bellman error gradients can be big; clip gradients or use Huber
loss

L) = {x2/2 if x| <0

§|x| — 62/2 otherwise

* Double Q-learning helps a lot in practice, simple and no
downsides

* N-step returns also help a lot, but have some downsides

e Schedule exploration (high to low) and learning rates (high to
low), Adam optimizer can help too

* Run multiple random seeds, it’s very inconsistent between
runs

Slide partly borrowed from J. Schulman



Intermission



Part 4
Back to continuous actions



Q-learning with continuous actions

What'’s the problem with continuous actions?

1 if a; =@reg max SB i
W(at\st):{ t Q atQG(t t) this max

0 otherwise

target value ; = r(s.,a) 4 masy; Qg(s, a) ) this max iy .
particularly problematic (inner loop of training)

How do we perform the max?

Option 1: optimization
 gradient based optimization (e.g., SGD) a bit slow
in the inner loop

 action space typically low-dimensional — what
about stochastic optimization?



Q-learning with stochastic optimization

Simple solution:

mgx@(s,a) ~ maX{Q(Saal)a ceey Q(SJaN)}

(a1, ...,an) sampled from some distribution (e.g., uniform) - not very accurate

very popular as an improvement to

? ?
but... do we care? How good does the target need to be anyway: S ctor-critic methods in offline RL

sometimes called sample and rank
or rejection sampling

works OK, for up to about 40

e cross-entropy method (CEM) dimensions

* simple iterative stochastic optimization

* CMA-ES

 substantially less simple iterative stochastic optimization

More accurate solution:



Q-learning with continuous actions

Option 2: learn an approximate maximizer

DDPG deterministic” actor-critic

= approximate Q-learning
maxa Q¢ (s,a) = Qy(s,argmax, Qy(s,a))
idea: train another network pg(s) such that pg(s) ~ arg max, Q4(s,a)

dQy _ dadQs ' very similar to reparameterized

how? just solve 6 <— arg maxg QQ4(s, (s =
+(8, 0(8)) db df da gradient that we learned about before!

new target y; = r; +vQu (s}, ug(s})) = r; +7Qy (s}, arg maxa Qu (s}, a}))

so actor-critic and Q-learning are not that different!



DDPG algorithm summary

DDPG:
1. take some action a; and observe (s;, a;,s’), add it to R
2. sample mini-batch {s;,a;,s’} from R uniformly
3. compute y; = ’r(sj,aj) +vQ3(8}, 1g(s})) using target nets Qg and pg
4. ¢ ¢ — 0423 a5 (85,25)(Qg(s;,a5) — y5)
5040+ 83, G (s)) G (s, nls;)

can improve with clipped double-Q
6. update ¢ and @ (e.g., Polyak averaging)

Ea/mg(arjsy[mingeq1 2y Q. (s',a)]
Off-policy actor-critic:

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

sample mini-batch {s;, a;,s’} from R uniformly

compute y; = T‘(Sj, a;) +7Ea wry [Q5(s’, a’)] using target nets Q5 and pig
L Q=P — azj dé = (s5,a5)(Qg(s),a5) — yj)

0+ 0+8 Zj Vo log mo(a;]s;)Qu(s;, a;) What are some other
improvements we learned about?

o U W N

update ¢ and 6 (e.g., Polyak averaging)



Part 5:
A little bit of theory



Value function learning theory

value iteration algorithm:

0.2{0.3[0.4[0.3
1. set Q(s,a) < r(s,a) + yE[V(s')] 0.3{0.3[0.5{0.3
2. set V(s) < max, Q(s,a) 0.4|0.4| 0.6 0.4

0.5[0.5/0.70.5

does it converge? and if so, to what?

stacked vector of rewards at all states for action a

define an operator B: BV = max, ra + 7.V

AN

matrix of transitions for action a such that 75, ; = p(s’ =i|s = j,a)

V* is a fized point of B V*(s) = max, r(s,a) + yE[V*(s')], so V* = BV*
always exists, is always unique, always corresponds to the optimal policy

...but will we reach it?



Value function learning theory

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

V* is a fized point of B V*(s) = max,r(s,a) + yE[V*(s')], so V* = BV*

we can prove that value iteration reaches V* because B is a contraction

contraction: for any V and V, we have |BV — BV||oc <YV — Vs

gap always gets smaller by ~!
(with respect to oco-norm)

what if we choose V* as V? BV* = V*!

BV = Voo <AV = V¥l

0.2

0.3

0.4

0.3

0.3

0.3

0.5

0.3

0.4

0.4

0.6

0.4

0.5

0.5

0.7

0.5




Non-tabular value function learning

value iteration algorithm (using B): fitted value iteration algorithm:
1.V« BV 1. set y; < maxa, (r(s;,a;) + vE[Vy(s))])
2. set ¢ < argming 2 >, [|Vi(s;) — yil”
fitted value iteration algorithm (using B and II):
1. V« 1IBV \

what does this do?

define new operator II: IIV = argminy/cq 5 Y. [|V'(s) — V(s)|? updated Valile function

V' argminyrca 3 Y 1|V/(s) = (BV)(5)|
BV /

all value functions represented by, e.g., neural nets

IT is a projection onto §2 (in terms of 5 norm)

set € (e.g., neural nets)



Non-tabular value function learning

fitted value iteration algorithm (using B and II): /

B is a contraction w.r.t. co-norm (“max” norm) 1BV — BV||oo <AV = Vs

IT is a contraction w.r.t. £o-norm (Euclidean distance) IV —TIIV||2 < ||V = V||?

but... IIB is not a contraction of any kind

Conclusions:

BV . .
value iteration converges
(tabular case)
fitted value iteration does not
converge

V! -
V not in general

often not in practice



What about fitted Q-iteration?

fitted Q iteration algorithm:
1. set y; — r(s;,a;) + vE[Vs(s))]

2. set ¢ < arg 111 4 % Z,& ||Q¢(Siaai) - Yz‘||2

define an operator B: BQ) = r 4+ 7 max, ()

N

max now after the transition operator

define an operator II: IIQ) = argmingreq 3 »_ |Q'(s,a) — Q(s, a)||?

fitted Q-iteration algorithm (using B and II):
1. Q + 11BQ

B is a contraction w.r.t. oo-norm (“max” norm)

IT is a contraction w.r.t. fo-norm (Euclidean distance)

IIB is not a contraction of any kind Applies also to online Q-learning



A sad corollary

{~ contraction B (but without max)

batch actor-critic algorithm: \

1. sample {s;,a;} from my(als) (run it on the robot ~
P { } o(als) ( ) Yit 2 1(Sit i) + YV (Sit41)
2. fit V§(s) to sampled reward sums
3. evaluate A™(s;,a;) = r(s;, a;) + Vi(s;) — Vi(si) ) 1 . 2
4. VoJ(0) = > . Vglogmg(ai|s;)A™(s;, a;) (¢) = B Z 5 (8i) — i
5. 00+ aVyJ(0) /
An aside regarding terminology l contraction II
V™. value function for policy m fitted bootstrapped policy evaluation doesn’t converge!

this is what the critic does

V*:. value function for optimal policy 7*
this is what value iteration does



What does this mean?

* Fitted value-based methods (Q-learning, Q-function actor-critic) are
often a bit unstable

* |In practice it means that value functions might not converge
* Explains why more hyperparameter tuning is often needed

* There are tricks that make the problem “less bad”

* Target networks really help!
* Replay buffers really help!

* More room for developing new more stable algorithms, and better
understanding the existing ones!
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