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(Recap) Sarsa: On-policy TD Control

Q(St, Ar) + Q(St, At) + a[Rt-H + YQ(St+1, At+1) — Q(St,At)]

« We canlearn an action-value function in a similar manner as a state-value function.
Instead of considering transitions from state to state, we now consider transitions
from state-action pair to state-action pair

. Rt+1m Rt+2m Rt+3 .« o o
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(Recap) Sarsa: On-policy TD Control

Q (S, At) — Q(St, Ar) + Of[Rt—i—l + YQ(St+1, Aty1) — Q(St,At)]

Sarsa (on-policy TD control) for estimating Q = q.

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s,a), for all s € 87, a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Choose A from S using policy derived from @ (e.g., e-greedy)
Loop for each step of episode:
Take action A, observe R, S’

(e.g., e-greedy)
Q(S, 4) + Q(S, A) + a[R +1Q(S', A') — Q(S, A)]
S+ 85 A« A

until S is terminal




Q-learning: Off-policy TD Control

Q(St, Ar) + Q(S:, Ar) + Of[Rt+1 + Y max Q(St+1,a) — Q(St, At)]

Q-learning (off-policy TD control) for estimating 7 = ,

Algorithm parameters: step size a € (0, 1], small € > 0
Initialize Q(s,a), for all s € 8T7,a € A(s), arbitrarily except that Q(terminal,-) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using policy derived from Q|(e.g., e-greedy)
Take action A, observe R, S’
GRS a[R +ymax, Q(S', 0) - Q(S, 4)]
.<_

until S is terminal

behavior policy

target policy

« The learned action-value function approximates q*
 |f all state-action pairs continue to be updated, Q has been shown to converge

with probability 1 to g*



Clitf Walking Example

« The behavior policy uses e-greedy action selection, with € = 0.1
« Action: up, down, left and right
« Reward is -100 at the Cliff region, otherwise, reward is -1

R=-1

Sarsa path

Q-learning path H

S The Cliff G

R=-100



Clitt Walking Example

Sarsa

205 -
Sum of _5p
rewards Q-learning

dl:II’Ing Remember the behavior policy uses e-greedy action
episode 75 - selection, which occasionally falls off the cliff!
-100 + | [ | | |
0 100 200 300 400 500

Episodes
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Maximization Bias and Double Q-Learning

The estimated values Q(s, a) are often uncertain and distributed some above and
some below zero. The maximum of estimated values induces a positive bias.

Let say the true values of state s and many actions a are all zero, but estimated
values Q(s, a) has positive bias

positive bias is introduced by the “maximum” operator

Q(St, Ar) + Q(St, Ar) + G[Rtﬂ —I—’)fmc?.x Q(Sty1,0)|— Q(StaAt)]

This is because we use the same samples to determine the maximizing action and
to estimate is values!



Maximization Bias Example

Action: left and right

Reward is O when transitioning from A to B; reward is drawn from N (—0.1,1) when
transitioning from B to left.

Taking “left” action from A should always be worse than “right” action

100%

N(=0.1,1) The true value V(right) = 0
,A 0 O 0
75% ¢t E left right D
% left The true value V(left) = —0.1
actions  50% Q-learning
from A , ,
Double Q-learning was biased toward “left”
25%} Q-learning action from A, due to the positive bias!
B8 s St SN S i e i A e e optimal
(13 . . .
1 100 200 300

Episodes
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Double Q-Learning

The estimated values Q(s, a) are often uncertain and distributed some above and
some below zero. The maximum of estimated values induces a positive bias.

This is because we use the same samples to determine the maximizing action and
to estimate is values!

Solution: use two sets of samples to learn two independent estimates Q, and Q,
» (, determines the maximizing action:

A" = argmax Q,(s,a)
a

» @, provides the estimate of its value:

Q2(s,A") = Q2(s,argmax Q, (s, a))

10



Double Q-Learning

R1(St, At) < Q1(St, Ai)+a [R¢+1+’)1Q2 (Stt1,argmax Q1 (Se+1,a)) —Q1(St, At)] -

Double Q-learning, for estimating ()1 =~ Q)2 = g,

Algorithm parameters: step size « € (0, 1], small € > 0
Initialize Q1 (s, a) and Q2z(s,a), for all s € 87, a € A(s), such that Q(terminal, ) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy e-greedy in @1 + @2
Take action A, observe R, S’
With 0.5 probabilility:
Q1(S,A) < Q1(S, A) + a(R + vQ2(8’, argmax, Q1 (5, a)) — Q1(S, A))
else:
Qs(S, A) « Q1(S, A) + Q(R + Q1 (S, argmax, @(S5", a)) — Q2(S, A))
S« 5

until S is terminal

11




Quick Recap: Temporal-Difference Learning

« Temporal-Difference (TD) methods: combine Monte Carlo methods with Dynamic
Programming methods that wait only until the next time step and bootstrap value
functions from existing estimates

V(Se) < V(Se) + a[Res1 + YV (Ser1)| = V(SP]

12



N-step TD Prediction

* n-step TD:

V(S:) « V(Sy) + a[Riy1 + YRy + -+ Vn_lRt+n + YV (St4n) — V(St)]

13



N-step TD Prediction

* n-step TD:
V(S) « V(S) + a[Res1 + YRewz + -+ ¥ 'Repn + YV (Spn) — V(S)]
 Whenn - oo, n-step TD becomes an MC method:

V(S) <« V(S) + a[Rey1 +YRpyz + -+ Y 1Ry = V(5]

1D (1-step) 2-step 3-step -step Monte Carlo

!

14



N-step TD Prediction

Input: a policy =

Algorithm parameters: step size a € (0, 1], a positive integer n

Initialize V' (s) arbitrarily, for all s € 8

All store and access operations (for S; and R;) can take their index mod n + 1

Loop for each episode:
Initialize and store Sy # terminal

T 00 No bootstrapping until time
Loop for t =0,1,2,...: stept+n
| Ift <T, then:

| Take an action according to w(-|S)

| Observe and store the next reward as R;y; and the next state as Sy i1

| If S;y is terminal, then T+ t + 1

| 7+ t—n+1 (7 isthe time whose state’s estimate is being updated)

| If 7>0:

| Ge ey,

| If T4+n<T,then: G+ G+~4"V(S:4n) (Gririn)
| V(S;) « V(S;)+alG—-V(S;)]

Until7=T -1

15



N-step TD Prediction

Sp= 8128282828285 >8>S =585 — 5.5

S0 8528528282828 =5 =8%=5= 8= =S5
No value update

So=8$1 =8 =28=28=8=5—= 585805 =S-S5
S6=851 285285282825 =5=>8%=>8= 8= 38, 5.5
S5 2H 2828528285252 8% =S5 8025 = Sp.-. 5

N-step TD

S6=851=25H 2852858285 =>85=>5=>828%=>80=>5 =55
o= 5128282828285 =8>S =8>S =S-S5

MC

So=S81 =289 =828 8—=8—>5->8= 3= S80S 5.5

16



On-policy n-step Action-Value Methods

« Action-value form of n-step return

Gitin = Rip1+YRiia+ +7Y" 'Ripn +7"Qtan—1(Stin, Atyn), n>1,0<t < T—n,

* n-step Sarsa
Qiyn(St, Ar) = Qeyn—1(St, Ar) + @ |Gripn — Qian—1(St, At)]

« n-step expected Sarsa

GE”-:} = Rt—l—l"" ; __|_,-};n—1Rt_|_n_|_r}rﬂ Z W(H|St+n)Qt+n—l (St—l—n: U—')
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Off-policy n-step Action-Value Methods

Importance-sampling ratio

min(h,T—1)

m(Ak|Sk)
H b(Ak|Sk)

Pt:h =
k=t

Weighted estimated value functions with importance-sampling ratio
Off-policy n-step TD

Vitn(St) = Vign—1(St) + aptittn—1 |Gtten — Vign—1(St)], 0<t< T,

Off-policy n-step Sarsa

Qt—{—n(st: At) = Qt—l—ﬂ,—l(stu At) + apiii:t4n [Gt:t+n — Qt—l—ﬂ,—l(stu At)]

18



Tabular Value Function Learning

TD state-value learning:
V(Se) « V(St) + a[Rer1 + VYV (Se41) — V(S]
Q-learning:

Q(S: Ar) « Q(S, Ap) + a[Reyq + VmC?X Q(Si+1,a) —Q(S:, A

We used a tabular setup: the value is retrieved from a table with a key of
state/state-action pair

What are the limitations?

19



Tabular Value Function Learning

TD state-value learning:
V(Se) « V(St) + a[Rer1 + VYV (Se41) — V(S]
Q-learning:

Q(S: Ar) « Q(S, Ap) + a[Reyq + VmC?X Q(Si+1,a) —Q(S:, A

We used a tabular setup: the value is retrieved from a table with a key of
state/state-action pair

What are the limitations?
» Discrete state/action space
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Tabular Value Function Learning

TD state-value learning:
V(Se) « V(St) + a[Rer1 + VYV (Se41) — V(S]
Q-learning:

Q(S: Ar) « Q(S, Ap) + a[Reyq + Vm;lx Q(Se+1,a) — QS Ap)]

We used a tabular setup: the value is retrieved from a table with a key of
state/state-action pair

What are the limitations?
» Discrete state/action space
» Curse of dimensionality: too many states / state-action pairs stored
in the memory

|S| = (2553)2()0><200

(more than atoms in the universe

21



Tabular Value Function Learning

TD state-value learning:
V(Se) « V(St) + a[Rer1 + VYV (Se41) — V(S]
Q-learning:

Q(S: Ar) « Q(S, Ap) + a[Reyq + Vm;lx Q(Se+1,a) — QS Ap)]

We used a tabular setup: the value is retrieved from a table with a key of
state/state-action pair

What are the limitations?
» Discrete state/action space
» Curse of dimensionality: too many states / state-action
pairs stored in the memory
» Closed world (can't generalize to unseen state/action)

22



Tabular Value Function Learning

TD state-value learning:
V(Se) « V(St) + a[Rer1 + VYV (Se41) — V(S]
Q-learning:

What are the labels Fit an approximator
QS Ap) < Q(S, Ap) + afReyq +y max Q(S¢+1,a )‘ —1Q(Se, A)]]

We used a tabular setup: the value is retrieved from a table with a key of
state/state-action pair

What are the limitations?
» Discrete state/action space
» Curse of dimensionality: too many states / state-action
pairs stored in the memory
» Closed world (can't generalize to unseen state/action)

23



Value Function Approximation

\’?(ST,qb)
~ Y] Y]
IR



Gradient Descent

m Let J(¢) be a differentiable function of
parameter vector ¢ - ;_._:_;.::7-'-;1?:'521‘;:
m Define the gradient of J(¢) to be NN

8J(¢)
3¢1

Vel(P) =

3J(¢)

25



Gradient Descent

m Let J(¢) be a differentiable function of
parameter vector ¢

m Define the gradient of J(¢) to be i

8J(¢)
3¢1

Vel(P) =

8J(¢)
84),,

m To find a local minimum of J(¢)

m Adjust ¢ in direction of -ve gradient

1

where « is a step-size parameter
26



Value Function Approximation by Stochastic Gradient Descent

« Goal: find parameter vector ¢ minimizing mean-squared error between
approximate value function (S, ¢p) and true value function V(S)

() = E[(V*(S) = V (S, $))?]
« Let u(S) denote how much time we spend in each state S under policy m, then

|S]

@) =) wS® -V st Y uE)=1

SES SES

e |ncontrastto
S|

1 N 2
1@) =15 ) [V7(9) - 75, 9)]

SES

27



Value Function Approximation by Stochastic Gradient Descent

« Goal: find parameter vector ¢p minimising mean-squared error between
approximate value function V (S, ¢) and true value function V*(S)

J() = E[(V*(S) = V (S, $))?]
Let u(S) denote how much time we spend in each state S under policy mr, then

|$1

IOEDY

SES

ve(S) — V(s @)]° st z,u(S) =1

SES
We care more about the frequently visited states,

even though the total number of states is huge
181

[v=(s) - 0(s, )]’

€S

INn contrast to

28



On-policy State Distribution

« Let h(S) be the initial state distribution, i.e, the probability that an episode starts at
State §

« Un-normalized on-policy state probability satisfies the following recursions:

1) = h(S) + ) (s Y m(alsIp(sIs', a)
S’ a

29



Value Function Approximation by Stochastic Gradient Descent

m Goal: find parameter vector ¢ minimising mean-squared error
between approximate value fn V(s, ¢) and true value fn v, (s)

J(@) =Ex [(v(S) — 0(S, ¢))?]

m Gradient descent finds a local minimum

1

= aEr [(vz(S) — (5, 9))V,, V(S ¢)]
m Stochastic gradient descent samples the gradient

A¢ = a(vr(S) — U(S, $))V, ¥(S, ¢)

m Expected update is equal to full gradient update

30



What are the Targets of Value Function Approximation?

« We usually have no access to the true value function V*(S) (otherwise, the
problem is solved). Let y(s) be the target of the value function approximator

J(@) = E[(y(S) =V (S, $))?]
« What could be y(s) ?

» Monte-Carlo Method?
» Temporal Difference Method?

31



Recap: Monte-Carlo and Temporal Difference Method

« Monte Carlo (MC) methods: must wait until the end of the episode to learn value
functions (only when the return is known)

V(S:) « V(Se) + a[G, — V(S,)]

« Temporal-Difference (TD) methods: combine Monte Carlo methods with Dynamic

Programming methods that wait only until the next time step and bootstrap value
functions from existing estimates

V(St) < V(Se) + a[Rer1 + ¥V (Ser1) = V(S

« Remember, we said in incremental method:

NewEstimate
« OldEstimate + StepSize X | |

32



Recap: Monte-Carlo and Temporal Difference Method

« Monte Carlo (MC) methods: must wait until the end of the episode to learn value
functions (only when the return is known)

V(S:) < V(Sy) + a|Ge|— V(Se)]

« Temporal-Difference (TD) methods: combine Mo methods with Dynamic
Programming methods that wait only until the next time stepand bootstrap value
functions from existing estimates This could be the target!

N 4

P

V(S) « V(S + alRes1 + ¥V (Sein)|— V(SL)]

« Remember, we said in incremental method:

NewEstimate
« OldEstimate + StepSize X | |

33



Monte-Carlo with Value Function Approximation

Return G, is unbiased, noisy sample of true value V_(S;)

Gradient Monte Carlo Algorithm for Estimating 0 ~ v,

Input: the policy 7 to be evaluated

Input: a differentiable function ¢ : § x R - R

Algorithm parameter: step size a > 0

Initialize value-function weights ¢ € R arbitrarily (e.g., ¢ = 0)

Loop forever (for each episode):
Generate an episode Sy, Ag, R1,S51,A1,...,Rp, St using 7
Loop for each step of episode, t =0,1,...,7T — 1:
¢ — ¢+a|G—0(S,@)| V(S d)

34



Temporal Difference with Value Function Approximation

« QObjective:

J(@) = Ex|(Res1 + YV (Ser1, @) — V (S, ))?]

« What are the gradients?
/(@) = Ex|(Res1 + YV (Str1, ) = V (St $))?]

= Er |(Revs + 17 (Serr, ) = V(S0 $)) (yvv/él, ) - V75, )]

lgnore the dependence of the target on ¢!
This is called semi-gradient method

35



Temporal Difference with Value Function Approximation

Semi-gradient TD(0) for estimating o =~ v,

Input: the policy 7 to be evaluated

Input: a differentiable function 9 : 8t x R? — R such that 9 (terminal,-) = 0
Algorithm parameter: step size a > 0

Initialize value-function weights ¢ € R? arbitrarily (e.g., ¢ = 0)

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A ~ 7(+|S)
Take action A, observe R, S’
¢ — ¢+ a[R+70(S,p) — (S, 9)|Vi(S,P)
S+ 5

until S is terminal

36



How About Action-Value Function Approximation? Same Story!

« Goal: find parameter vector ¢ minimizing mean-squared error between
approximate action-value function Q(S, 4, ¢) and true value function Q, (S, A)

J(@) = E-[(Q=(S,4) — Q(S, A, ¢))?]

Use Stochastic Gradient Descent to optimize ¢:
1 ~ ~
—=VgJ (@) = (0(5,4) = (5,4, 6)) V4 Q(5,4, ¢)

A = (Qn(S,4) — Q(S,4,8)) V4 Q(S, 4, §)

37



How About Action-Value Function Approximation? Same Story!

« Goal: find parameter vector ¢ minimizing mean-squared error between
approximate action-value function Q(S, 4, ¢) and true value function Q, (S, A)

J($) = Er | (0x(5,) - 0(5,4,99) |

For MC:

J(@) = Ex | (6. = 05 A ) |
For TD(O):

J($) = E, [(Rt+1 +YQ(Ses1,Acsr, @) — Q(S,, Ay, ¢))2]

For Q-learning:

2
](¢) — IET[ [(Rt+1 T )4 maaX Q(St+1' a, ¢) — Q(St'At' ¢)> ]

38



Control with Action-Value Function Approximation

d¢~ qx*

Policy evaluation Approximate policy evaluation, §(-,-, ®) ~ gx

Policy improvement e-greedy policy improvement

39



S0 Far, We Discussed an Online Setup of Q-Learning

online Q) iteration algorithm:

2. y; = 7(si,a;) + ymaxa Qu(s),al)

= 1. take some action a; and observe (s;,a;,s,, ;)
3 —0%Qe g 4. Ca) — v
L P~ —« P (si, ;) (Qop(Si,a;) —yi)

Slide adapted from S. Levine

Qs(s,a) < r(s,a) + ymaxy Qu(s’,a)

‘—b

generate
samples (i.e.

fit a model to
estimate return

run the policy)

—

a = argmax, Q4 (s, a)

improve the
policy




Problems in Online Q-Learning

online Q) iteration algorithm:

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

S,a) <= r(s,a) + ymaxy s’ a’

2. yi = T(S?}; az') + Yy maXg- ng(Si’ a;) Q¢( ) ( ) Y Q¢)( )
aqQ fit a model to

3. ¢) A Qb - dq;b (Si’ ai)(QCf’(Si? ai) - Yi) ﬁ estimate return

generate

samples (i.e.
1. Sequential samples are highly correlated run the policy)

(little information gain) ‘t

a = argmax, Q4 (s, a)

improve the
policy

Slide adapted from S. Levine 41



Problems in Online Q-Learning

online Q) iteration algorithm:

= 1. take some action a; and observe (s;,a;,s,, ;)
2. yi = 7(s;,a;) + ymaxa Qyu(s;, al)

3. ¢+ ¢ — a2 (si,2:)(Qy(si a;) — yi)

1. Sequential samples are highly correlated

(little information gain)

2. Targetvalue changes whenever ¢ is updated

Slide adapted from S. Levine

Qs(s,a) < r(s,a) + ymaxy Qu(s’,a)

‘—b

generate

fit a model to
estimate return

samples (i.e.
run the policy)

—

a = argmax, Q4 (s, a)

improve the
policy




Problems in Online Q-Learning

online Q) iteration algorithm:

= 1. take some action a; and observe (s;,a;,s,, ;)
2| yi = 7(s;, ;) + ymaxa Qyu(s;, al) N
3. 99— a%(si, a;)(Qq(si,a;) — [y
dQy(si, a;) o
p<-dp+ta do (ng(Si, a;) —r(s;,a;) — Yy max Qe (s;, ai))

1.

2. Targetvalue changes whenever ¢ is updated

Sequential samples are highly correlated

(little information gain)

3. Gradients don't pass through Qg (s;, a;)

(but it becomes numerically unstable when
propagating gradients through Qg(s;, a;))

Slide adapted from S. Levine

Qs(s,a) < r(s,a) + ymaxy Qu(s’,a)

‘—b

generate
samples (i.e.

fit a model to
estimate return

run the policy)

—

a = argmax, Q4 (s, a)

improve the
policy




Solution 1: Use Replay Buffer to Decorrelate Samples

(87 a7 SI’ T) g
dataset of transitions

(“replay buffer”)

A NG

k

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

 Collect transitions data, using a random policy for exploration (find
unseen states and transitions), and a deterministic policy for
exploitation (obtain most promising states)

44



Solution 1: Use Replay Buffer to Decorrelate Samples

Use any policy to collect experience
(87 aﬂ SI? T) oy
dataset of transitions

(“replay buffer”)

A NG

K

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

 Collect transitions data, using a random policy for exploration (find
unseen states and transitions), and a deterministic policy for
exploitation (obtain most promising states)

« Sample a batch of B = {(s,a,s’,r)} from every collected (s, a, s’, 1),
temporally neighboring (s, a,r) may not be sampled.

45



Solution 1: Use Replay Buffer to Decorrelate Samples

(s,a,s’,7) ~ .
dataset of transitions

~ (“replay buffer”) ‘
. off-policy

T'\'\ L) e

q

full Q-learning with replay buffer:

m(als) (e.g., e—greedy)

% 1. collect dataset {(s;,a;,s;,r;)} using some policy, add it to B
= 2. sample a batch (SZ, a;,s;,r;) from B

Kx

e 3L 00—« Zz do (Sza az)(ch(Sza a’t) [T(Si? ai) + 7 maXar qu,(S;, a;)])

46



Solution 1: Use Replay Buffer to Decorrelate Samples

(s,a,s’,7) —
dataset of transitions

~ (“replay buffer”) — X

off-policy

.}9 I .\..\ '| Q-learning

Some episodes in the replay buffer
are collected by older policies

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

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

= 2. sample a batch (sz, a;,s;,r;) from B

e

- &= 3 Gb — @ — « Zz s (Sz; az)(qu,(S,“ az) [T‘(Sz, az) + Ymaxg/ Qqﬁ( S;s ;)])

47



Fully Fitted Q-lteration vs. Online Q-Learning

online Q) iteration algorithm:

4 1. take some action a; and observe (s;, a;, sg, ;)
2. yi = T‘(Sfi,afi) + Yy maxy ng(sfi:a;',)

d
e 3L P — ad%f(si, a;)(Qg¢(si,a;) —yi)

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

2. set y; (s, a;) + Y MaXa! Qy(s;,az)
X

3. set ¢ < argming % ZZ ||Q¢(Sq:, ai) - .'Yz‘”2

Slide adapted from S. Levine 48

Qs(s,a) < r(s,a) + ymaxy Qu(s’,a)

‘—b

generate

fit a model to
estimate return

samples (i.e.
run the policy)

—

a = argmax, Q4 (s, a)

improve the
policy




Fully Fitted Q-lteration vs. Online Q-Learning

online Q) iteration algorithm:

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

,a) .a) + o ! al
2. yi = 7(s;,a;) + ymaxa Qyu(s;, al) Qs (s,a) « r(s,a) + ymaxy Qu(s’,a’)

o 3. ) ¢ — a%(sia a;)(Qy(si,ai) — yi) ‘

generate

fit a model to
estimate return

samples (i.e.
run the policy)

full fitted Q-iteration algorithm: t
improve the
% 1. collect dataset {(s;,a;,s.,r;)} using some policy policy
o 2.[set yi & r(si,a:) + 7 maxy Qu(s), a) ® = argmasa Qo(5, 2)
X T

. . 2

=3, set ¢ argming 335, [Qo(si,ai) = Vil e still have these problems:
2. Target value changes whenever ¢ is updated
3. Gradients don't pass through Q4(s;, a;)

Slide adapted from S. Levine 49



Solution 2 and 3: Use Target Networks

(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 L
X
4. ¢ < ¢ — Oézz Ao > (siya;)(Qe(si,a;) — [r(si, a;) + v maxar Qg (s}, aj)])

targets don’t change in inner loop!

50
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“Classic” deep Q-learning algorithm (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

ka » 3. sample a batch (Sr,;, a;,s;,r;) from B
X

e am W 4 ) ¢ — OKZZ A (Sz,az)(qu(Szaaz) - [ (Szaaz) + Y IMaxa’ Q¢5’( ,)])

%5 ’L

“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; = frj + 7y maxy/ Qg (s}, a}) using target network Qg K =1
4.« ¢ — szj a4 = (s5,25)(Qo(sj.a;) — yj)

5. update ¢’: copy ¢ every N steps
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DON Surpasses Human Experts on (some) Atari Games
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DON Estimates State-Action Values

+

= Q(S, an)

Convglution Convglution Fully cgnnected Fully cgnnected
'Nu nput
! Q(s, a,)
S R
L -
& o -
. .\ EmQ(s, a,)
» L
) )
@ © \ 2
. o \
L] ®
@ ==
. . o
© o ® e
) !
(3 +O)

With probability (1 — €) = execute max, Q(s,a)
With probability & - execute random action

Image credit P. Agrawal 53



DON Captures High-Value State-Action Pairs

10.9 . - ‘ ‘ ,
10.8 | B

10.7 | N
10.6 | A~ /Y
10.5 | | SREERN ‘
10.4 :
10.3 ¢ , J
1021 7\ A s
101 [/ V

10~/

991 c \/

9.8 ‘ : ‘
0 5 10 15 20 25 30
Frame #
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DON Has a Problem in Overestimating Values

Alien Space Invaders
§ 20
<
&
= 15
w
Q
)
Tﬁd 10
>

0 50 100 150 200

n Wizard of Wor
Q
)
100
IC)
o 8
% e W
© e DQN
s &
—_— Double DQN
S
0 50 100 150 200
Wizard of Wor
4000 Double DQN
o 3000
8
S 2000
wn
1000
DQN
0

0 50 100 150 200
Training steps (in millions)

Zaxxon

Time Pilot

50 100 150 200 O

8 QN estimate
6
4
ouble DQN estimate
2
Double DQN true value
0 DQN true value

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

Asterix

DQN

Double DQN
0 50 100 150 200

Asterix

6000
Double DQN

4000

2000

DQN

0 50 100 150 200
Training steps (in millions)
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Why does DOQN Overestimate Values?

True value and an estimate All estimates and max

Q:(s,a)

4 1
, 1
2 2 LA N !
g | v — v 17
0 - - = 0 ' - — N
Q*(S:a ’_ ‘

-6 -4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
state state

0.(s,a) is the true value function
Q.(s,a) is the estimated value function
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Why does DOQN Overestimate Values?

True value and an estimate All estimates and max

Q.(s,a a |
-6 —4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
state state

Q.(s,a) is the true value function
Q:(s,a) is the estimated value function

O(s,a,) = Q(s, a;) + €,(s)
O(s, ay) = Q(s, ay) + €x(s)

O(s, ay) = Q(s, ay) + ex(s)

max Q(s, a) = max (Q(s, a;) + €,s))

a

assume V(s) = 0O(s, a;) Vi

max QO(s, a) = V(s) + max(e,(s))

a

max Q(s,a) > V(s)
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Why does DOQN Overestimate Values?

True value and an estimate All estimates and max

Q.(s,a) is the true value function
Q:(s,a) is the estimated value function

See the proof in “Deep Reinforcement Learning with Double Q-learning”

if ZQ(Q(s,a) - V(s)) =0 unbiased estimator

but, ,(0(s,a) — V(s))> = C estimation error

A [ C
max Q(s,a) > V(s) + 7 (m: number of actions)
m —

then,

58

O(s,a,) = Q(s, a;) + €,(s)
O(s, ay) = Q(s, ay) + €x(s)

O(s, ay) = Q(s, ay) + ex(s)

max Q(s, a) = max (Q(s, a;) + €,s))

a l

assume V(s) = 0O(s, a;) Vi

max QO(s, a) = V(s) + max(e,(s))

a

max Q(s,a) > V(s)



Recap: Tabular Double Q-Learning

Q1(St, Ar) + Q1(St, Ap)+a [Rt+l‘|")’Q2 (St+1, argmax Q1(S¢+1, 03)) —Q1(St, At)] -

Double Q-learning, for estimating (1 =~ Q2 = ¢,

Algorithm parameters: step size o € (0, 1], small € > 0
Initialize Q1 (s,a) and Q2(s,a), for all s € 8T, a € A(s), such that Q(terminal,-) =0

Loop for each episode:
Initialize S
Loop for each step of episode:
Choose A from S using the policy e-greedy in @1 + Q2
Take action A, observe R, S’
With 0.5 probabilility:
Q1(5,4) + @1(S, 4) + a R ++/Qa(8" argmax, Q1 (5 a) — Q:(5, 4))
else:
Qs(S, 4) « Q2(S, A) + a R+ Q1 (S, argmax, Q(S', a)) — Qa(S, 4))
S« S

until .S is terminal

59



Double Deep Q-Learning

Standard Q-learning:
y=1+ymaxQy (s’ a’) =1 +y0Qy (s’ maxQy(s’,a’))
Double Q-learning:
y=1+yQy (s, maxQy(s’,a’))
Using different value function to reduce overestimation: Q4 for selecting actions

and Q- for evaluating actions.
> a’ that induces overestimated Q,(s’,a’) is less frequently selected
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error

Double Deep Q-Learning

Double Q-learning:

y =1+7Qy (s", maxQy(s’,a’))

Using different value function to reduce overestimation: Q4 for selecting actions

and Q- for evaluating actions.

-

- W P
?’

number of actions

B max, Q(s,a) — V,(s)
m Q'(s, argmax, Q(s,a)) -

61
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Clipped Double Deep Q-Learning

Unfortunately, ue to the slow-changing policy in an actor-critic setting, the current
and target value estimates remain too similar to avoid maximization bias

Clipped Double Q-learning:

y=7r+y_min Q;(s',maxQ4(s’,a"))
S a’

Using different value function to reduce overestimation: Q4 for selecting actions
and the minimum of the two values provided byQg4 and Q4+ for actions.
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Can We Do Better than MC/ TD methods?

 Idea: Obtain more precise target by searching.

« Use Monte-Carlo Tree Search (MCTS) for Q value estimation and action selection at
training time instead of the Q learning update rule.

« Attest time just use the reactive policy network, without any look-ahead planning.
In other words, imitate the MCTS planner.

Deep Learning for Real-Time Atari Game Play
Using Offline Monte-Carlo Tree Search Planning

Xiaoxiao Guo Satinder Singh
Computer Science and Eng. Computer Science and Eng.
University of Michigan University of Michigan
guoxiaofumich.edu baveja@umich.edu

Honglak Lee Richard Lewis Xiaoshi Wang
Computer Science and Eng. Department of Psychology Computer Science and Eng.
University of Michigan University of Michigan University of Michigan
honglak@umich.edu rickl@umich.edu xiaoshiw@umich.edu
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Monte-Carlo Tree Search

1. Selection
e Used for nodes we have seen before
¢ Pick actions according to UCB
2. Expansion
e Used when we reach the frontier
¢ Add one node per rollout
3. Simulation
¢ Used beyond the search frontier
¢ Don't bother with UCB, just pick actions randomly
4. Back-propagation
e After reaching a terminal node

e Update value and visits for states expanded in selection and expansion

Bandit based Monte-Carlo Planning, Kocsis and Szepesvari, 2006
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Start

A4

Set current to S,

Is current a leaf
node?

NO

A4

Check this video:
https://youtu.be/UXW2yZndl7U?si=SOWHGICTB2UVAYEA

Yes

/

Set current to child
node of current that
maximises UCB1(S;)

,Wrent 0?

rollout

s the n; value

NO

A4

For each action
available from
current add a new
state to the tree

rollout

N

Set current to the
first new child node
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Monte-Carlo Tree Search

Repeat while time remains

L» Selection e EXPANSION wm— SiMulation s— Backup

¥y

Tree Rollout
Policy Policy
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Results

Agent B.Rider Breakout  Enduro Pong Q*bert Seaquest S.Invaders
DQN 4092 168 470 20) 1952 1705 581
-best 5184 225 661 21 4500 1740 1075
UuCC 5342 (20)  175(5.63) 558(14) 19(0.3) 11574(44) 2273(23) 672(5.3)
-best 10514 351 942 21 29725 5100 1200
-greedy 5676 269 692 21 19890 2760 680
UCC-I 5388(4.6) 215(6.69) 601(11) 19(0.14)  13189(35.3) 2701(6.09)  670(4.24)
-best 10732 413 1026 21 29900 6100 910
-greedy 5702 380 741 21 20025 2995 692
UCR 2405(12)  143(6.7) 566(10.2)  19(0.3) 12755(40.7) 1024 (13.8) 441(8.1)

Table 2: Performance (game scores) of the off-line UCT game playing agent.

Agent  B.Rider Breakout Enduro Pong Q%*bert Seaquest S.Invaders
UCT 71233 406 788 21 | 8850 3257 354

(B

MCTS planning discovers better actions than deep Q learning. It takes though "a few dayson a
recent multicore computer to play for each game”

Slide credit K. Fragkiadaki
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Similar Idea is Used in Alpha Go / Super-numan Agents

a Selection b Expansion c Evaluation d Backup
‘ ' \ A ! @ : y H ) maxy, Q-+ u(P) . . G+ e o \
4 v b g Q+ulP) Aﬂax :
H—T—1 Wi 1o ey Se e d 64 Coe .4
@ ~.PHAGO )@ 0066 =i e > Pa(ﬁ:) & (ﬁ) LJ':L ﬁ JEF
-NQ- » ; - i ( P P | H
00(’)08‘32 Qe 08 @e |._00:00:27 SN i
Y e Nig'e (+4%) IR R
o ®e ‘So0e -
O.Q.O ' . ‘ ‘
Alnhacs « Checkdifferent implementation of MCTS
2SI « They also use searching during testing

» An awesome video by Noah Brown about test-time
planning:
https://youtu.be/eaAonES8sL U?si=w/mo8gQFXCLU39Y
» We'll talk more about learning with planning in this class
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https://youtu.be/eaAonE58sLU?si=wZmo8gQFJXCLU39Y

Wait! DON Still Has a Problem...

« Standard Q-learning:

y=r+ymaxQ,(s,a)=r+yQ, (s’ ma}erdJ/(s', a'))
a a

y=1+yQyu (s Ir;la,lX|Q¢(S’, a’))

- Using different value function @ for selecting action reduces overestimation.
> a' that induces overestimated Q4 (s’,a") is less frequently selected

« Double Q-learning:

What if the action is continuous?
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Wait! DON Still Has a Problem...

« Standard Q-learning:

y=r+ymaxQ,(s,a)=r+yQ, (s’ ma}erd)r(s', a'))
a a

y=1+yQyu(s" rrzla}xrzd,(s’, a))

- Using different value function @ for selecting action reduces overestimation.
> a' that induces overestimated Q4 (s’,a") is less frequently selected

« Double Q-learning:

What if the action is continuous?

There're many solutions, but the most obvious one may be
learning an action policy for maximizing the value...
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Recap: Reinforcement Learning Aims to Maximize
the Total Reward of an Episode of Interaction

« Atrajectory of interaction in the environment

.. The policy

gl
. p-g(sl: ay,...,sT, HT) — P(Sl) H Wﬂ(at|st)ﬂ(st—l—l‘st: at)
Action a; \ ,

State s;
Reward r;

« Maximize the expected value of the cumulative sum of reward

State s¢4q 0* = arg max Erpo(r) [Z r(st, at)]
Reward 444 t
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Valued-Based and Policy-Based RL

m Value Based

m Learnt Value Function
m Implicit policy
(e.g. e-greedy)
m Policy Based
m No Value Function Value-Based
m Learnt Policy
m Actor-Critic

m Learnt Value Function
m Learnt Policy

Value Function Policy

Actor
Critic

Policy-Based
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vj(6) = J

Policy Gradient

+ Letr(r) = Xer(se ar)]
* L@t](@) = ZT~p9(T)[Ztr(St' at)] = fpe (T)T(T)dT

« Compute gradients of 8 w.r.t to J(8)

Vpe (r)\r(r)dr = f po (T)Vlog pe (1)

|

1
Vlogpg = — Vpyg
Po

73
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Policy Gradient

o Letr(r) =Y,r(sar)]

¢ L@t](@) — Zt~p9(r)[2tr(st' at)] — fPe (T)T(T)dT

« Compute gradients of 8 w.r.t to J(8)

Vj(8) = j Vpe (D71 (t)dt = j pe(T)Vlogpg(7) r(0)dt = E; (1) [V1og pg (T)7(7)]

T

Vlogpe(t) = Vioglp(so) x | | ma(ar Ise) X p(sealse, )]

= Vllogp(sy) + )

T T

logmg (a; |sy) + Z log(s¢41lse, ag)]

t=0 t=0
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Policy Gradient

o Letr(r) =Y,r(sar)]

¢ Let](e) — Zt~p9(r)[2tr(st' at)] — fPe (T)T(T)dT

« Compute gradients of 8 w.r.t to J(8)

Vj(8) = j Vpe (D71 (t)dt = j pe(T)Vlogpg(7) r(0)dt = E; (1) [V1og pg (T)7(7)]

T

Vlogpe(t) = Vioglp(so) x | | ma(ar Ise) X p(sealse, )]

t=0

T T
= V[lo%o) + zt=olog g (as |se) + tholog(st/'(é' a)]
T T
VI(0) = Erepym) [(thowog mo(a |St)> (thor(st: at)) ‘
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Policy Gradient

Let 7(7) = X 7(Se, a)]
Let](e) = ZT~p9(T)[Ztr(St’ at)] = fpe (T)T(T)dT

Compute gradients of 8 w.r.t to J(6)

Vi) = JVPQ(T)T(T)dT = JPH(T)VIOgPH(T) r(0)dt = Erpyr)[V1og pe (D)7 (7)]

T

Vlogpe(t) = Vioglp(so) x | | ma(ar Ise) X p(sealse, )]

t=0

T T
= V[lo%o) + zt=olog g (as |se) + tholog(st/{é' a)]
T T
VI(0) = Erepym) [(thowog mo(a |St)> (thor(st: at)) ‘

The transition function is not needed.
We just need experience!
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Maximizing Action Trajectories using Returns

« Policy Gradients weights gradients with a sum of rewards of the trajectory:

V](Q) = Er~p9(r) [( t=0Vlog Ttg (at |St)> {ztzor(st' at))

The policy is optimized to follow the
trajectory of high-reward episodes

« Policy Gradients learn from “trial and error”
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Maximizing Action Trajectories using Returns

Policy Gradients weights gradients with a sum of rewards of the trajectory:

V](Q) = Er~p9(r) [(thOVlOg Tty (at |St)> <2t=0r(5t’ at)) ]

|dea: approximate expected value by sampling

N T T
Vi(6) ~ %z-ﬂ [( tzonog g (a; Ist)> (thor(st, at))]

REINFORCE algorithm (Monte-Carlo Policy Gradient)

1. sample {7*} from my(a;|s;) (run the polic ,

{m'} o t.t) ( m Y)@_ i < %,///7\2
2. VoJ(0) = »_, (Zt Vi log ﬂ-é’(at|8t)) (Zt T(Stsat)) = e
3. 004+ aVyeJ(0) can
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An Example of Pong

Policy network

raw pixels hidden layer
N> _ probability of
pa v;;. moving UP
X2 “f*m

AV YA AN . .

SEBEL -
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Supervised Learning vs. Reinforcement Learning

forward pass Supervised Learning
> log probabilities (correct label is provided)

-1.2 | -0.36
. block of differentiable compute .
image (e.g. neural net) gradients
1.0 0
backward pass
forward pass Reinforcement Learning
» log probabilities
-1.2 |-0.36 | — sample an action:
. block of differentiable compute .
'mage (e.g. neural net) gradients
0 -1.0

eventual reward -1.0

A

backward pass
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Reinforcement Learning: Optimize the Policy Based
on Trial and Error

 Rollout the policy and collect episodes...

UP UP DOWN DOWN DOWN UP
@ ~® ~® @

@ WIN
uP

@ -®——0 LOSE

@
DOWN._. DOWN-.DDWN._. DOWN'.' UP @ LOSE

WIN

UP




Pretend every action we took here Pretend every action we took
was the correct label. here was the wrong label.
maximize: logp(y, | xi) maximize: (—1) * logp(y,- | %)

DOWN, g DOWN_g UP —
LOSE
LOSE
WIN
| N T ~ We don't need any action labels!
V,U(@O) = < Z‘ Z‘; Jlog my(a® | sOR(zD)

Slide adapted from K. Fragkiadaki
Material Source: https://karpathy.github.io/2016/05/31/rl/ 82



Wait! Policy Gradient Also Has Problems...

REINFORCE algorithm:

1. sample {7} from mg(a¢|s;) (run the policy)

2. Vo (0) = 3, (32, Vo logme(allsi)) (32, r(si, af))
3. 004 aVyeJ(0)
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Wait! Policy Gradient Also Has Problems...

REINFORCE algorithm:

1. sample {7'} from 7gy(a¢|s;) (run the policy)

2. VoJ(0) =~ 3, (3, Ve log ma(allsi))| (3, r(si, al))
3. 0« 0+ aVeJ(0) !

Gradients of each action in the trajectory
are weighted by the sum of rewards
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Wait! Policy Gradient Also Has Problems...

REINFORCE algorithm:

1. sample {7} from mg(a¢|s;) (run the policy)
2. Vo J(0) = 32, (32, Ve logme(ailsi)) (32, r(s, ay))
3. 0+ 0+ aVyJ(0)

@ « The gradient estimator is unbiased, but requires a
very large number of samples to accuratel
=& =) ﬁ i P Y
approximate the true gradient
— « When the number of sample is small, the variance is
= high...
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(Gradients Have High Variance

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

‘ 2. VoJ(0) = >, (3, Velogmg(allsi)) (3o, r(si,al))
e 3.0 0+ aVeJ(0)

—H;w >%

U
==

Gradients of the same
action has high variance!
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(Gradients Have High Variance

REINFORCE algorithm:

“> 1. sample {7} from mg(as|s;) (run the policy)

2. VoJ(0) = ), (Zt Vi log Wg(ai|8i)) (Zt T(Siaai))
3. 004 aVyeJ(0)

=TS
U

==

N Gradients of current actions forced to

account for previous success/failure
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(Gradients Have High Variance

REINFORCE algorithm:

‘ “> 1. sample {7'} from 7my(a¢|s;) (run the policy)

2. VoJ(0) = ), (Zt Vg log Wﬁ(aﬂsi)) (Zt r(s;, a;f))
3. 00+ aVyeJ(0)

success/failure

@ Solution:
= ﬁ « (Causality: let current actions only account for future

V)(8) = Exopyioy | (ZTm0 Viog o (ac Is) ) (B v (s, a,) |

==

N Gradients of current actions forced to

account for previous success/failure
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(Gradients Have High Variance

REINFORCE algorithm:

> 1. sample {7'} from mg(as|s;) (run the policy)

2. VoJ(0) = ), (Zt Vi log Wﬁ(aﬂsi)) (Zt T(Siaai))
3. 004 aVyeJ(0)

Vj(0) = J pe(1)Vlog pe(r) r(v)dr

3% pe (tN)r (") = pg (t9)r (19)

r(@ | I

r(7)
Common sub-optimal trajectory receives
same weightings as rare optimal trajectory
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A More General Solution to Reduce Variance

e Subtract a baseline b

N
YO x5 Y. Viogpe([r() bl

« The gradients don't change
E[Vlog ps(r)b] = j 9o (1)V log pg (1) bdz = J Vo (D)bdr = bV j po(0)bdT = 0

« Subtracting a baseline is unbiased in expectation!
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What about variance?

Var[z] = E[z?] — E[x]?
Vi J(Q) — E’rmpg (1) [Ve log pe (T) (T(T) - b)}

Var = Erp, () [(Velog pe(7) (7(7) = b))?] — Erpy( r)[vé’ log po(7)(r(7) — b)]°

this bit is just E;p,)[Velogpe(T)r(7)]

(baselines are unbiased in expectation)
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What about variance?
Var[z] = E[z?%] — E|z]*
Vi J(Q) — E’rmpg(’?‘) [Vﬁ log pe (T) (T(T) - b)}

Var = Erp,(r)[(Vo log po(7) (7(7) = 8))*] = Errpy( r)[vé’ log py(7)(r(7) — b))

this bit is just E;.,,)[Velogpe(T)r(T)]

(baselines are unbiased in expectation)

d?i/;r _ %E{gmz( ) p)? db (Ela=*7)?] — 2E[g(7)?r()b] + b Elg(1)?)
— —2B[g(r)r(r)] + 20Eg(r)?] = 0

r(n)] This is just expected reward, but weighted
] by gradient magnitudes!
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Other Options of Baselines?

« Constant baseline b =+ ¥\, r(t)

N
YO x5 Y. Viogpe([r(@) bl

» Time-dependent baseline by =+ %L, (1)

1 ~—N T
WO ~ 5. . Viogpelars) [ri(re) — b

« State-dependent baseline by = V™ (s)

1 N T
VI(0) = Nz_zl Zt=1Vlog po(a;|s;) [rt(rt) — bst]
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Off-Policy Policy Gradient with Importance Sampling

T t T
T (ap[se) -
Vo J(0') = Erpyr) | Y Vorlogmar (a]sy) (H - (a!sf)) (Z’r(sf,at;))]
—1 i— o\t |St by
L exponential in 7T'...

let’s write the objective a bit differently...

N T
: : : 1 N
on-policy policy gradient: V,J(0) ~ ~ E E Vo logmo(as¢|si) Qi
i

=1 t=1 \
(Si,f: ai,t) ~ ﬂ-ﬁ'(sta at)

T
. . . 1 APty dit A
off-policy policy gradient: WV, .J(0') ~ ~ E mo (Sit, @ ’f)vg,- log o (ay ¢|si.4) Qi

ﬂ'H(Si,ta a; ¢

o ($40) mor (2 4[s1.0)

Vo log mor (a,4]8i,6)Qi e
t) Wﬂ(ai,tlsi,t) pE "

a|‘|}_1
"ME
NE
5 | 3
pod

ignore this part
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Actor Critic

« Policy Gradient:

V](Q) — Er~p9(r) [( t=OVlog Tty (at |St)> <zt=0r(5t1 at) o b) ]

« Re-write with action value Q. (s, a):

T

V](H) — Er~p9(r) [( VIOg Tty (at |St)> (Qn(st' at) o b)]

t=0
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Actor Critic

» Re-write with action value Q. (s, a):

T

t=0

V](Q) — Er~p9(r) [( VIOg Tty (at |St)> (Qn (St» at) _ b)]

- \

T
th = V(S) 5 VJ(0) = Epopy o [( _OVlog g (ay |St)> (Q"(se, ar) — Vﬂ(s))]
Advantage A" (s, a;)

« Advantage A" (s;, a;) measures how much better action a; is than other actions

- If we learn avalue estimator Vg (s) parameterized by ¢, we obtain:
> Estimated action value Q™ (s, a;) = R(s¢, ap) + ¥V (Se41)
> Estimated advantage A" (s;, a¢) = R(sg, ar) + vV (se1) — Vi (se)
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On-policy Advantage Actor Critic

0. Initialize policy parameters @ and critic parameters ¢ .
1. Sample trajectories {z; = {sf, af}fzo} by deploying the current policy zy(a,| s,) .

2. Fit value function Vq’;(s) by MC or TD estimation (update ¢)

3. Compute action advantagesA”(Sf, af) = R(Sf, ati) + }/Vg(sti ) Vg(sti)

1Y o .
4.VpJ(0) = & = ﬁ Z Z Volog my(a/ | s))A"(s;, a,)
i=1 =1

5.0 —0+aV, J/(6)

two network design

97




On-policy Advantage Actor Critic

0. Initialize policy parameters @ and critic parameters ¢ .
/;> 1. Sample trajectories {7; = {sf, af}rTzo} by deploying the current policy 7y(a, | s,) .
2. Fit value function Vq’;(s) by MC or TD estimation (update ¢)

3. Compute action advantagesA”(Sti, af) = R(Sti, ati) + }/V;;(Sti ) Vg(sti)

1Y o o
4.VpJ(0) = & = ﬁ Z Z Volog my(a/ | s))A"(s;, a,)

i—1 =1 two network design

L 5.0 < 0+aV, J©O)
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Off-policy Actor Critic with Importance Sampling

 Policy gradient objective:

J©= > > reua)

N . T~pg(T) t
 Actor-critic objective:

JO = ) a(sa)
T~pg(T)

 Off-policy Actor-critic objective with importance sampling:

jo = Y | (s, a)

T A¢|S
T"'p@old(r Qold(l tl t)

v
Often ends up in huge change in the policy
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