Q-Learning

CS 224R



Course reminders

- Today

- Homework 1 due, homework 2 out

- Sending out S100 AWS credits + form for GPU quota.
- Extra Q-learning section (1:30-2:30 pm)

If you want GPUs,

especially for default project



Recap: Some Useful Objects

value function V*(S) - future expected rewards starting at s and following &

Q-function Q”(s, a) - future expected rewards starting at s, taking a, then following 7
V7(st) =

take action a,

unz then run z




Recap: Methods

Online RL with policy gradients

N T T
Run policy to collect . V.. J(0 %i N "V, loo ma(as .S r(s: v a:) | —b
Pl to col 07(0)~ 323 VologTo(asdsed) | { 3 risue aue)

policy reward to go baseline
sample.s log likelihood
from policy

Do more of the above average stuff,
less of the below average stuff.

Improve policy

0 — 0+ V,J(0)

Online RL with actor-critic
1 N T

Vo (0) ~ > > Velogmg(ailsie) A" (sie, a)

1=1 t=1

Estimate what is good and bad, then

do more of the good stuff.
4



Recap: Off-Policy Policy Evaluation

fOnline

(

Improve policy

RL with actor-critic

Run policy to collect
batch of data v

Fit model to estimate

expected return

0 — 0+ V,J(0)
Estimate what is good and bad, then
Qo more of the good stuff.

~

) Estimate V7, Q" or A"

J

1. Sample (s;, a;, S;) from the buffer
2. Sample a;

/
1

~ 1o(-|s;) from current policy

For off-policy version: can we estimate Q-function

using past policy data?
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For any (S, a):

Q"% (s,a) =r(s,a) +

(7

Q™ (s;,a;) ~r(s;,a;) +vQ™ (s}, a;)
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Q;Z(sz-,az-) — Y

] Note: To be accurate, targets y;

need sufficient action coverage



The plan for today

Value-based RL methods
1. Q-learning RL method

a.
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—How to co

cy Iteration

otima

ity equation Part of homework 2!

lect ¢

ata for Q-learning methods

2. Q-learning in practice

d. Target networks
ble DQN
(ep returns

e.

f.

D)oL
N -5

Key learning goals:

- How Q-functions relate to policies

- How to do RL without learning an explicit policy

- How to stabilize Q-learning in practice
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Recall: Definition of Q-values

A thought exercise Q™ (st,80) = XL, By [r(sv, a0 )1, 2]

“total reward we get if we take a; in sq...
.. and then follow the policy 7”

For some policy 7, say you have an accurate estimate QW(S, a) forall s, a

1 if a; = argmax, S¢, A
Define a new policy Tew(at|St) = {O ch;rwiseg Qy(st,a)

2D navigation Current policy & goes *
example right in all states
Initial state I | takes 1 timestep, 2 timesteps
distribution p(s;) | totravel these distances

Reward is 1 at *, O elsewhere

Questions: |s the new policy better, worse, or the same as the original policy?

s it the optimal policy? Why or why not?
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Can we omit policy gradient completely?

Q" (s¢,a;): expected reward from taking a; and subsequently following «

arg max,, Q™ (s¢, a;): best action from s;, if we then follow 7 afterwards at least as good as any a; ~ m(ag|s;)
L regardless of what m(a;|s;) is!
forget policies, let's just do this!
Run policy to collect
1 if a; = argmax, @7 (s¢, a) batch of data ¥

/ _
™ (@ulse) = { 0 otherwise | |
Fit model to estimate

L expected return
as good as

(probably better) improve policy /  Estimate Q"

T < T :

Slide adapted from Sergey Levine



From actor-critic to critic only

Sf—potey-actorerte-wtrreptay-purer Q-learning

> 1. take action a ~ mw(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s,} from buffer R
3. update Qq5 using targets y; = r; + 7Q¢( a’) where a; ~ m(|s;)
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4. define new policy 7(a;|st) = {

1 if a; = argmax, Q¢(st, a)

0 otherwise



From actor-critic to critic only

et ool it ol

1. take action a ~ mw(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s,} from buffer R
3. update qu using targets y; = r; + 7Q¢( a’) where a; ~ m(|s;) <- policy evaluation
A4 ST TN ol S N7 o (oTle \OT (o o7\ lana o = (olc (Note: can do multiple
. v N 7} v O y 7) 1)9 19 % 1 y 1 .
gradient steps here)

S~ H G

4. define new policy m(ay|s;) = {1 if a; = argmaxa Qp(st, ) <- policy improvement

0 otherwise

“Policy iteration”

Can we improve the policy in the Q-function update?
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From actor-critic to critic only

Sf—potey-actorerte-wtrreptay-purer Q-learning

) 1. take action a ~ m(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s,} from buffer R

3. update Q‘* usmg targets-yg—ﬁ—l—e%és—aﬁﬂnh@ea—a—w-@-{-s% Yi = T +7ymax Qo(s,a’)
: :
’L

. H ' N "'. ’I,

4. define new policy 7(a;|st) = {

Q-values for new policy!

1 if a; = argmaxa Qg (s, a)

|

0 otherwise
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From actor-critic to critic only

Q-learning

1. take action a ~ mw(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s,} from buffer R
3. update qu using targets y; = 7i +ymax Qq4(s;,a’)

1 ifa, = 2 Ou(sy. . |
4. define new policy m(as|s;) = {O ;tiérwizzg maa Qo (st 2) Bellman optimality equation

Why does make sense?

Recall: Q(s,a) =r(s,a) + YEg p(.s.a).a~n(|s) [Q7(s,a")] forall (s, a)
-> This holds for any policy # (including the optimal policy 7*)

f 7* is the optimal policy, we also get:

Q™ (s,8) = (5,2) + VEarp(sa) |Max Q™ (s',8)] for all (s, a)

a

— the action * would take in state §’

When we optimize step 3, we are trying to make this equation hold! 12




From actor-critic to critic only

Q-learning

1. take action a ~ w(als), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s.} from buffer R

3. update qu using targets yi = 7i 4y max Qq(s;,a’) Note: Q-learning is

1 ifa; = . |
4. define new policy W(at‘st) — {0 ;ti;wizg max qu(St a)

Why does make sense?

f 7% is the optimal policy, we also get:

Q™ (s,2) = 7(5,2) + 1Barnpjna) |max Q" (5',8")| for all (s, a)

aA

When we optimize step 3, we are trying to make this equation hold!

Will this algorithm converge to optimal Q”*?

Yes, If you maintain a table of Q-values for every state and action. More generally, no. @

Can construct scenarios where it diverges, even with linear Q. But, it can be made to work well -



VWhat kind of data should we collect?

Q-learning

1. take action a ~ w{ajs), get (s,a,s’,r), store in R
2. sample a batch {s;,a;,r;,s.} from buffer R
3. update Q(p using targets y; = r; + Yy max Qq(si,a) Note: Q-learning is

1 if a; = argmaxa Qg (s, a)

4. define new policy 7(a;|sy) = {O Stherwise

want coverage for many actions a

VWhat are good choices for data collection?

1. With probability €, take uniformly random action

r(ayls,) = 1 — ¢ if a; = argmaxa, Q4 (St, ar) “epsilon-greedy”
Y0 €/(J Al — 1) otherwise

Often start with larger €, decrease over training.

2. Take actions with probability proportional to their Q-value.

m(ag|sy) x exp(Qq(st, ar)) "‘Boltzmann exploration”
14



Putting It together

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

@ 2. sample a batch (Sz-,az-,s’- r;) from R K = 1 is common, though
>< ,o .
N 3. ¢ < ¢ — Y Zz dqb (S’L) az)(qu(S,“ az) [T(Sia ai) - Y mMaXg- qu(sr’“ a’)]) Larger K more efficient

1 if a; = argmax, Qs (s, a)

0 otherwise

result: Q4 final policy m(as|s;) = {

N
\ /
dataset of transitions
(“replay buffer”)

N 4

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

off-policy
Q-learning

Slide adapted from Sergey Levine



The plan for today

Value-based RL methods

2. Q-learning in practice
d. Target networks
e. Double DON

f. N-step returns

16



How to make Q-learning stable?

full Q-learning with replay buffer:
1. collect data {(s;,a;,s;,r;)} using some policy, add it to R
2. sample a batch (s;,a;,s;,r;) from R

3. ¢ ¢ —ad, 22 (si,2:)(Qolsi, a) — [r(sia;) + 7y maxa Qu(s),a’)])

\ J
|

this Is @ moving target

K X

can lead to unstable optimization

Can we change the target Q-values more slowly?

. Simple idea: freeze parameters used for the target Q-values, update periodically

Slide adapted from Sergey Levine
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How to make Q-learning stable?

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

1. collect data {(s;,a;,s;,r;)} using some policy, add it to R

N x 2. sample a batch (si, a;,s.,r;) from R | Inner loop is doing
K x supervised learning

3. 66—, 2o (s;,a,)(Qlsiar) — [r(sia;) + ymaxa Qu(s)a))

frozen target network

\ )
|

labels don’'t change in inner loop

Corresponds to DQN algorithm ("deep Q network™)

Mnih et al. Playing Atari with Deep
Reinforcement Learning. 2013.

Along with an actor-critic method,
8 you'll implement this algorithm in HW 2!




Are the Q-values accurate?

Average Reward on Breakout Average Reward on Seaquest Average Q on Breakout Average Q on Seaquest
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Are the Q-values accurate?

| Space Invaders - Time Pilot - Zaxxon
320 ' 2.9
.% 8 DQN estimate
‘.%‘ 15 -
Q 6 . | 1.5 | 4 :
Q T R Double DQN estimate
= 10 | 1.0 m 2 .
« ’ - Man Lol Double DQN true value
> 4 | 0 A DQN true value

0 50 100 150 200 O 50 100 150 200 O 50 100 150 200 O 50 100 150 200
Training steps (in millions)

Slide adapted from Sergey Levine



Overestimation in Q-learning

target value y; = r; + Y MaXa’ qu(s;-, a;-)

AN

this last term is the problem

Q4 (s’,a’) is not perfect — it looks “noisy”
hence max, Qg (s’,a’) overestimates the next value!

note that max,: qu(s’, a') = qu(S’, arg maXaz’ Qqﬁ’(S/? a’))

value also comes from )y action selected according to ()4

Slide adapted from Sergey Levine
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Double Q-learning

note that max, Qe (s',a’) = Qu (s, arg maxa Qu (s',a’))

value also comes from ()4 action selected according to @)

N /

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:

Qo (s,a) <1+ Yo 5 (8/7 arg HlaE}X Qo (Slv a/))

Qo (s,a) <7+ YR¢ A (8/7 ars Hlla,“x Qg5 (Slv a/))

N /

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

Slide adapted from Sergey Levine
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Double Q-learning in practice

where to get two Q-functions?

just use the current and target networks!

standard Q-learning: y = r + v7Q 4 (s', arg maxa Qg (s’,a’))

double Q-learning: y = r + vQ4 (s’, argmaxy @43, a’
¢

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

still use target network to evaluate valuel!

Slide adapted from Sergey Levine
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N-step returns?

Q—learning target: Yjt — T4t -+ Y maXaMH Q¢/ (Sj,t—l—la aj,t+1)

— AN

these are the only values that matter if Q)4 is bad! these values are important if Q¢ 1s good

Recall: fitting value functions with rewards + bootstrapped V

Monte Carlo:
T
using Dt T

How about -> less variance than MC
t+n—1 _
t r+ Vien > lower bias than 1-step bootstrap

. ) .
Bootstrapped: Can we construct these multi-step targets for Q-learning:

: L t+N—1 ¢4/ N
using r+ Uit =Dy YV Tiw T MaXa, o Qo (She4N, 544 N) 24



N-step returns

Q-learning target: vy, = rj; +ymaxXa,,. , Q¢ (Sjt+1,ajt+1)

— AN

these are the only values that matter if Q)4 is bad! these values are important if (04 is good

Can we construct these multi-step targets for Q-learning?

, t+N—1 ¢_¢/
N-step target: e =>.p—; A" rjw+7" maxa,,, v Qu (8) 14N, 85t4N)

these are the rewards for + (far) less biased target values when Q-values are inaccurate

policy that collected the data + typically faster learning, especially early on

- only actually correct when learning on-policy
(not an issue when N=11)

Ways to fix? Most commonly: ignore the problem & still use N> 1
Can also:
- dynamically choose N to only use data that follows current policy
(If data mostly on-policy, action space is small)

- use importance sampling 25



Q-learning in practice?

Q-learning learns to outperform people on most Atari games

Video Pinball
Boxing
Breakout

Star Gunner
Robotank
Atlantis

Crazy Climber
Gopher

Demon Attack
Name This Game
Krull

Assault

Road Runner
Kangaroo
James Bond
Tennis

Pong

Space Invaders
Beam Rider
Tutankham
Kung-Fu Master
Freeway

Time Pilot
Enduro

Fishing Derby
Up and Down
Ice Hockey
Q*bert
H.E.R.O.
Asterix

Battle Zone
Wizard of Wor
Chopper Command
Centipede
Bank Heist
River Raid
Zaxxon

Amidar

Alien

Venture
Seaquest
Double Dunk
Bowling

Ms. Pac-Man
Asteroids
Frostbite
Gravitar

Private Eye
Montezuma's Revenge
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?— Mnih et al. 2015

At human-level or above

Below human-level

Best linear learner
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0 100 200 300 400 500

I
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Q-learning trains robot grasping system
Kalashnikov et al. 2018

Method Dataset Test
QT-Opt (ours) 580k off-policy + 28k on-policy 96 %
Levine et al. [27] | 900k grasps from Levine et al. [27] | 78%
QT-Opt (ours) 580k off-policy grasps only 87%
Levine et al. [27] | 400k grasps from our dataset 67%




VWhen to use one online RL algorithm vs. another?

Chelsea’s advice

PPO & variants \When you care about stability, ease-of-use

VWhen you don't care about data efficiency

DQN & variants When you have discrete actions or low-dimensional continuous actions

SAC & variants When you care most about data efficiency

When you are okay with tuning hyperparameters, less stability



The plan for today

Value-based RL methods
1. Q-learning RL method

a.
o}
C.

Se
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—How to co
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LIty equation

lect ¢

ata for Q-learning methods

2. Q-learning in practice

d. Target networks
ble DQN
(ep returns

e.

f.
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Key learning goals:

- How Q-functions relate to policies

- How to do RL without learning an explicit policy

- How to stabilize Q-learning in practice

28



Next time

Done with online RL methods!

Next week: Offline RL (can we learn behavior from existing datasets?)

Reward learning + start of RL for LLMs

Course reminders

- Today
- Homework 1 due, homework 2 out
- Sending out S100 AWS credits + form for GPU quota.

- Extra Q-learning section (1:30-2:30 pm)
If you want GPUs,

09 especially for default project



