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Overview

e Actor-Critic Algorithms
* Deterministic Policy Gradient
* Soft Actor-Critic

e Surrogate Objective



Value-Based Methods

e Learn only the Q-function
* Q-function implicitly encodes policy

a* = arg max Q(s,a)

SN




Q-Learning

Often much more sample efficient than policy gradient

Off-policy learning

X Limited to relatively small discrete action spaces
X Does not directly optimize performance
- Lower Bellman error # better performance

X No convergence guarantees with function approximators

2
= arg min E(S a,r,s)~D ((T + 7y max Qk(sfj a/)) _ Q(S, a))
Q 1yl /

a

k-1
Q+

Intractable in large/continuous
action spaces



Policy Gradient

Directly optimize J(7) by estimating gradient VJ ()
General: can be applied to continuous and discrete states and actions
X High-variance gradient estimator — unstable/slow convergence

X Very sample inefficient

ViJ(n)=E E E Vlogr(als) Z Uy — V(s
T s~dr(s)~a~m(als)"~1~p(T|7,80=8,a0=2a) Wogw ajs 7Ty




Taxonomy of RL Algorithms

e Actor-Critic Methods
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Taxonomy of RL Algorithms

e Actor-Critic Methods




Nondifferentiable Objective

" = arg max |J ()
70

nondifferentiable



Policy Gradient

" = arg max |J ()

Vad(m)=E

T~p(T|T)

T

T—1

R(r) Y  Vglogr(ay|st)

t=0

make this
differentiable?
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Policy Gradient

" = arg max J ()

differentiable
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Surrogate Objective

Differentiable surrogate objective — just use gradient ascent!
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Actor-Critic Methods

* Jointly learn both policy and value function
e Use value function to improve policy

Value/Q-Function Policy

Vrd(m)
S|
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Actor-Critic Algorithms

VWJ( ) ESNd ( )]Eamﬂ(a|s)Ep(T|7T;SO:Sva0:a) leogw a| (27 Tt — V7T )

Variance reduction
via bootstrapping

k—1

n-step return: 7 + Yr1 + ’)/27“2 T+ T Y rL_1 + ”)/I{VW(S/{)

bootstrap
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Bootstrapped Policy Gradient

Vid(m) = ESNdW(S)EaNW(MS)Ep(T|7T,So=S,aO

4

—a)

Vrlogm(als) (Z’y re— V7 (s )

VzJ(m) = s (s )anw(a|S)EP(s’|s,a) [Vﬁlogﬂ(a\s) (T + ’YVW(S,) - VW(S))}

R

estimate return baseline
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Bootstrapped Policy Gradient

VWJ( ) ESNd ( )]Eamﬂ(a|s)Ep(T|W750:S7a0:a) leogﬂ a| (27 Tt — V7T )

=

need to rollout

v entire episode

ViJ(m) = s (s )anw(a|S)EP(s’|s,a) [Vﬁlogw(a\s) (T + VVW(SI) - VW(S))}

v

only need to execute
a single timestep
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Actor-Critic Algorithm

Actor = Policy
Critic = Value/Q-function

feedback

Critic

YV ¥
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Actor-Critic Algorithm

* Combine Q-learning and policy gradient
* General and much more efficient algorithm

4|
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Policy Gradient

Vrd(m)

— ESNdW(S)]E

a~(als)

I,

p(T|m,80=s,20=

a)

Vrlogm(als) (ny re — 1>< )
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Policy Gradient

Vrd(m)

— ESNdW(S)]E

a~(als)

I,

p(T|m,80=8,20=

a)

Vrlogrm(als) (Z Y Tt)
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Policy Gradient

Vid(m)=E

Swdw(s)EaNW(ah)Ep(T|7r,s():s,a0:a)

.

Vrlogrm(als)
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Policy Gradient

Vrd(m) = ESNdW(S>EaNTF(a|S)

Vrlogr(als)E,,

/
T|T.S0=s,ap=a) ZV i’

Y
“reward-to-go”

— Qﬂ(sv a)
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Policy Gradient

Vrd(m) = ESNdW(S>EaN7T(a|S) Vrlogm(als)Q"(s,a)]
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Policy Gradient

Why is policy gradient so inefficient?
* Estimating gradient requires estimating the return of policy

e Estimating the return requires rolling out the policy

Vird (1) = B g, (s)EBarn(als) [Vrlogm(als)Q" (s, a)]

Jov

> o'y
t=0

24
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T~p(T|m,80=8,ap=a)



Actor-Critic Algorithm

|dea: Replace Monte-Carlo return estimator with a learned Q-function

Can estimate gradients without collecting new data

Vil (1) = Eg g, (s)Ea~n(als) [Vwbgﬂ (a]s)Q" (s, a)}

v

Q"(s,a) = Q" (s, a)
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Surrogate Objective

Q" (s, a@ Q"(s,a
J(m) ~ J()
e N

differentiable X nondifferentiable

)
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Deterministic Policy Gradient (DPG)

Vrd(7) = Egq, (s)Barr(als) [leogﬁ (a]s)Q" (s, a)

— [

Stochastic Policy: 7T a|s

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

V(1) = Egq, (s)Ba~r(als) | Vrlogm(als)Q™(s, a)}

nondifferentiable

Deterministic Policy: QA = 7T(S)

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

A

VidJ(m) = ESNdW(S) {VWQW(Sa W(S))]

L Fasl@ o
g e

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

A

VidJ(m) = ESNdW(S) {VWQW(Sa W(S))]

LT an @
Va@(sa a)

Directly backprop from Q to 7T

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

Vrd (1) = B, (s)

Monte-Carlo Return Estimator:

ViJ(m)=E

A

SNdﬂ'

(s)E

a~m(als)

[vﬂc}ﬂ(s, 7(s)) \

deterministic
no variance

Vﬂlogw(a]s)Ep(

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]

T|7,80=8,a0=a)

stochastic

Z Wt”'“t

=0

high variance
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Deterministic Policy Gradient (DPG)

A

VidJ(m) = ESNdW(S) {VWQW(Sa W(S))]

How to train Q-function?

v
VaQ (s a)

. Qs.a)

Directly backprop from Q to 7T

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016] 37



Deterministic Policy Gradient (DPG)

Qk+1 = arg min E(

Q

s,a,r,s')~D

(

2
i QHs ) ) - Q)

a

Intractable in continuous
action spaces

* Max over actions needed for learning the optimal Q-function Q*

* Learn Q" instead of ¥

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]




Recursive Definition

Optimal Q-function:

Q*(Sv a) —

Q*(Sa a) —

aa—

True for all policies

"j's’wp(s’\s,a) T(S, a, S/) + f)/ maB;X (Q*(Sl7 a/))

Only true for optimal Q-function

{'S’Np(s’\s,a) [’)”(S, a, S/) + 7Y {‘a’mw*(a’\s’) [Q*(
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Recursive Definition

Optimal Q-function:

Q*(Sv a) —

S /
"Js’wp(s’\s,a) [T(S, a, S ) + 7Y

General policy:

Q" (s,a) =

5 /
ts’mp(s’\s,a) [T(S, a,s’)+ 7y
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Deterministic Policy Gradient (DPG)

Qkﬂ _ arg@min E(s,a,r,s’)wD [((r +YEy o (a (2| [Qk< )D — Q(s, a))Q}

36



Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

1: Q" + initialize Q-function
2 0 < Initianze po|icy

3: D < {0} initialize dataset

4: for iteration k =0,....,.n — 1 do

=4

Sample trajectory 7 according to 7 (s)

5:
6:  Add transitions to dataset D = D U {(s;,a;,r:,s.)}
7. Calculate target values for each sample :

yi = ri + Q" (s, m(s}))
8:  Update Q-function:

Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]
9:  Update policy:

7l = arg max_ Eg,p [Qk"'l(sz-, W(Sz))}
10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

1: Q" + initialize Q-function
2: ¥ ¢ initialize policy

3: 5 — 16; 1n1t1a|1ze aataset

4: for iteration k =0,....,.n — 1 do

=4

Sample trajectory 7 according to 7 (s)

5:
6:  Add transitions to dataset D = D U {(s;,a;,r:,s.)}
7. Calculate target values for each sample :

yi = ri + Q" (s, m(s}))
8:  Update Q-function:

Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]
9:  Update policy:

7l = arg max_ Eg,p [Qk"'l(sz-, W(Sz))}
10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

1: Q" + initialize Q-function
2: ¥ ¢ initialize policy
3: D < {0} initialize dataset

4: for iteration k =0,....,.n — 1 do

=4

Sample trajectory 7 according to 7 (s)

5:
6:  Add transitions to dataset D = D U {(s;,a;,r:,s.)}
7. Calculate target values for each sample :

yi = ri + Q" (s, m(s}))
8:  Update Q-function:

Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]
9:  Update policy:

7l = arg max_ Eg,p [Qk"'l(sz-, W(Sz))}
10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

1: Q" + initialize Q-function
2: ¥ ¢ initialize policy
3: D < {0} initialize dataset

4: for iteration k =0,....,.n — 1 do
5: gample trajectory T a.ccoraing to 7 (s)
6:

Add transitions to dataset D = D U {(s;,a;,r:,s!)}

7. Calculate target values for each sample :
yi = ri +7Q" (s}, m(s}))

8:  Update Q-function:

QF! = arg ming, E(Si,ai:ri,s;)mp [(yz — Q(s;, 3«5))2]
9:  Update policy:

1 = arg max, Egp Q" (s;, 7(s:))]

10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

1: Q" + initialize Q-function
2: ¥ ¢ initialize policy
3: D < {0} initialize dataset

4: for iteration k =0,....,.n — 1 do
Sample trajectory 7 according to 7 (s)
6: transitions to dataset D = D U {(s;,a;,7;,8,)}

5:

7. Calculate target values for each sample :
yi = ri +7Q" (s}, m(s}))

8:  Update Q-function:

QF! = arg ming, E(Si,ai:ri,s;)mp [(yz — Q(s;, 3«5))2]
9:  Update policy:

1 = arg max, Egp Q" (s;, 7(s:))]

10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

—

. Q" < initialize Q-function
. m° < initialize policy
: D < {0} initialize dataset

[ T

4: for iteration k =0,....,.n — 1 do
5. Sample trajectory 7 according to 7*(s)
6:  Add transitions to dataset D = D U {(s;,a;,r:,s.)}

7. Calculate target values for each sample :
yi = ri +7Q" (s}, m(s}))

8:  Update Q-function:

Q;H-l = arg minQ E(Snai,msﬂmp [(yi — Qs 31))2]
9:  Update policy:

1 = arg max, Egp Q" (s;, 7(s:))]

10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

—

. Q" < initialize Q-function
. m° < initialize policy
: D < {0} initialize dataset

[ T

4: for iteration k =0,....,.n — 1 do
5. Sample trajectory 7 according to 7*(s)
6:  Add transitions to dataset D = D U {(s;,a;,r:,s.)}

7. Calculate target values for each sample :
yi = ri +7Q" (s}, 7(s}))

8:  Update Q-function:
Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]

9:  Update policy:

1 = arg max, Egp Q" (s;, 7(s:))]
10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

—

. Q" < initialize Q-function
. m° < initialize policy
: D < {0} initialize dataset

w1

.

. for iteration £k =0,....,n — 1 do
Sample trajectory 7 according to 7 (s)
Add transitions to dataset D = D U {(s;,a;,r:,s!)}

@ o

7. Calculate target values for each sample :
yi = ri +7Q" (s}, m(s}))

8:  Update Q-function:
Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]

9:  Update policy:
1 = arg max, Egp Q" (s;, 7(s:))]
10: end for

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]

44



Deterministic Policy Gradient (DPG)

ALGORITHM: DPG

—

. Q" < initialize Q-function
. m° < initialize policy
: D < {0} initialize dataset

w1

.

. for iteration £k =0,....,n — 1 do
Sample trajectory 7 according to 7 (s)
Add transitions to dataset D = D U {(s;,a;,r:,s!)}

@ o

7. Calculate target values for each sample :
yi = ri +7Q" (s}, m(s}))

8:  Update Q-function:
Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]

9:  Update policy:

1 = arg max, Egp Q" (s;, 7(s:))]
rend 1or

11: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic

Policy Gradient (DPG)

ALGORITHM: DPG

.

@ o

9:

10

11

. Q" < initialize Q-function
. m° < initialize policy
: D < {0} initialize dataset
. for iteration £k =0,....,n — 1 do
Sample trajectory 7 according to 7 (s)
Add transitions to dataset D = D U {(s;,a;,r:,s!)}
Calculate target values for each sample i:
yi = ri + Q" (s, m(s}))
Update Q-function:
Qk+1 = arg minQ E(si,ai,ri,s;)wﬂ [(yz - Q(Sia 31))2]
Update policy:
7l = arg max_ Eg,p [Qk"'l(sz-, W(Sz))}
: end for
: return 7"

Continuous control with deep reinforcement learning [Lillicrap et al. 2016]
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Deterministic Policy

Vﬂ'j(ﬂ-) = ESNCZW(S) {VWQAW(Sa W(S))]

LT an @
Va@(sa a)

Directly backprop from Q to 7T

Deterministic Policy Gradient Algorithms [Silver et al. 2014]
Continuous control with deep reinforcement learning [Lillicrap et al. 2016]

47



Stochastic Policy

A

V(1) = ValEs g (s)Eamn(als) [@”(S» a)]

48



Stochastic Policy

Vird (1) = VaEsq,(s)Bavrals) [@”(S» a)]

Score Function

Y4

Vrd (1) = Egq_(s)Eann(als {Vﬂogw(a]s)@ﬂ(s, a)}

high variance

Better method: reparameterization trick



Reparameterization Trick

A

Vad(m) = ViEs g (s)Earr(als)

Gaussian policy:
m(-|s) = N(pr(s), Xr(s))
Y (s) = diag (a}r(s), o2 (s), )

————r e ——————

Q(s.a)

=
=
A~
z

50



Reparameterization Trick

vﬂj(ﬂ) = V7TIE':SNdW(S)Earwr (a|s) {QW(S a)}

Reparameterization Trick

Y4

Vil (1) = VaBy g (5 Beun(o,1) | @ (5, fn(S) + S (s)e)
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Reparameterization Trick

vﬂj(ﬂ) = V7TIE':SNdW(S)Earwr (a|s) {QW(S a)}

Reparameterization Trick

Y4

Vil (1) = Vel (5 Beun(o,r) |@ (5, fx(S) + S(s)e)
— a



Reparameterization Trick

Vad (1) = VaBsd, s/ Bamr(als) [QW(S» a)]

Reparameterization Trick

Y4

ij(ﬂ) = vﬂEsmdw(S)EewN 0,1) [QW (s, pm(s) + ZW(S)E):

Vil (%) = By s Eeunon) | V2@ (5, in(s) + Srls)e)
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Soft Actor-Critic (SAC)

Vil (1) = By (s)Eeun(o ) | V2@ (5, pin(s) + Sr(s)e)

Va@(sa a)

Reparameterization Trick

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor
[Haarnoja et al. 2018] 54



Soft Actor-Critic (SAC)

ALGORITHM: SAC

ALGORITHM: DPG

. Q° < initialize Q-function
. ¥ < initialize policy
: D < {0} initialize dataset

bD =

(]

4: for iteration £ =0,....,n —1do
5. Sample trajectory 7 according to 7*(als
6:  Add transitions to dataset D = D U {(s;,a;,r;,s.)}

7. Calculate target values for each sample :
Yi =T + ’YEafwk(aqs;) [Qk(s;, a")]
|

8:  Update Q-function:
Qk‘l'l = arg minQ E(si,aﬁ-;r.,;;s;)wﬂ [(yz — Q(Si, az‘))Q]

9:  Update policy:
7t = arg max_ Es,~DEa~nr(als;) [Qk-'_l(si: a))]
10: end for

11: return 7"

1: Q° + initialize Q-function
2. ¥ < initialize policy
3: D < {0} initialize dataset

4: for iteration £ =10,....n — 1 do
5. Sample trajectory 7 according to 7*(s
6: Add transitions to dataset D = Dﬁ%sﬁ-, a;,ri,s;) }
7. Calculate target values for each sample i:
yi = i + Q" (s}, 7(s}))
|

8:  Update Q-function:
Qk-l-l = arg minQ E(si,ai,ri,s;)wi’) [(yz - Q(Sz‘a afa))Q]

9:  Update policy:
7t = arg max, Ee~p Q¥ (s, 7(si))]
10: end for

11: return 7"

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor

[Haarnoja et al. 2018]
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Soft Actor-Critic (SAC)

T

Soft Actor-Critic Algorithms and Applications
[Haarnoja et al. 2019]
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Soft Actor-Critic (SAC)

“ .} "
R

20 hours later
300k samples

B
e . : S =
Soft Actor-Critic Algorithms and Applications
[Haarnoja et al. 2019] 57



Soft Actor-Critic (SAC)

Soft Actor-Critic Algorithms and Applications
[Haarnoja et al. 2019]
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Soft Actor-Critic (SAC)

| 2 hours later
160k samples

e

Soft Actor-Critic Algorithms and Applications
[Haarnoja et al. 2019]




Soft Actor-Critic (SAC)

15000

—— SAC
6000 6000 DDPG
g - e - —— (32
4{)10000 g 4000 / *w.'\‘ AN A é — sqL
& 5 \ o © 4000~ __ TDp3 (cone
g & y 2
> 5000 & 2000 v &
@ = >
= - & 2000
’ i3 - ]
£ L w ‘ !
: e
) 0 - .
0.0 05 1.0mi"i0165step52.0 25 3.0 00 05 10 15 20 25 30 o 6 8 10
million steps million steps
(c) HalfCheetah-v1 (d) Ant-v1 (f) Humanoid (rllab)

Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor
[Haarnoja et al. 2018] 60



Continuous Actions

V() = Vrllsd, (s)Ba~r(als) [QW(S a)}

Val(s,a)

Reparameterization Trick

61



Discrete Actions

V() = Vrllsd, (s)Ba~r(als) [QW(S a)}

Val)(s,a)
x Reparameterization Trick
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Discrete Actions

ij () :V?TIE‘:SNdw(S)E%W7T (als) [QW(S a)}

Ll e

x Reparameterization Trick

Directly compute expectation
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Discrete Actions

A

vﬂ_J(ﬂ-) :VﬂEsmdﬂ(s)EaNﬂ(a|S> {QW(S; a)}

Vil (1) = VaEg g (s) | D_ 7(als)Q" (s, )

Soft Actor-Critic for Discrete Action Settings
[Petros et al. 2019] 64



Discrete Actions

A

S—>
S—>

Soft Actor-Critic for Discrete Action Settings
[Petros et al. 2019]

V(1) = VaBgoq () | ) (als)Q"(s,a)

65



Discrete Actions

Vil (1) = ViEgoa (s

Vo

Soft Actor-Critic for Discrete Action Settings
[Petros et al. 2019]

a

3" r(als)Q" (s, a)

dot product

(Qm(al]s) )
Q™ (a%]s)

\O7(a"}s)

66



Surrogate Objective



Surrogate Objective

N

Vad(m) = Ega.(s)

4“1

“a~7(als)

[Vﬂogw(a\s)@ﬂ(s, a)
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Surrogate Objective

Original objective:

J(m) = U a~7r(a|s) [QW(Sa a)]

Surrogate objective:

A

J(W) — {‘sawﬂ(a\s) [QW(Sa a)]

ii(als) : behavior policy

69



Surrogate Objective

A

J(m) = 4:SNCZM(S) {‘amw(a\s)

N

S

Q" (s, a)]



Surrogate Objective

J(m) = Egq,(s)

“a~7(als)

Q" (s, a)]
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Surrogate Objective

A

A

J(W) — 4“SNQZM(S) 4j‘arwr(a\s) [QW(Sa a)]

7T is trying to maximize return starting in states visited by [}

72



Surrogate Objective

J(m)=E

73



Soft Actor-Critic (SAC)

ALGORITHM : SAC
1: Q" + initialize Q-function
2: ¥ < initialize policy
3: D <« {0} initialize dataset

4: for iteration k =0,....n —1 do
5. Sample trajectory 7 according to w*(als)
6:  Add transitions to dataset D =D U {(s;,a;,s!)}

7. Calculate target values for each sample i:
Yi =T T F}{Ea’mrrk(aﬂs;) [Qk(sgﬂ af)]

8:  Update Q-function:
Q! = arg ming Eg,a e s [ — Q(s1,a,))°] Only take a few grad steps

9:  Update policy: /
7+l = arg max_ Es,~pEa~r(als;) [Qkﬂ(se': a))]
P

10: end 10r

11: return 7™
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Soft Actor-Critic (SAC)

ALGORITHM : SAC

1

2:

oo

4

=
Jl

6:

10:

11:

. Q" < initialize Q-function
7V < initialize policy
: D < {0} initialize dataset

. for iteration £ =0,...,n — 1 do
Sample trajectory 7 according to 7" (als)
Add transitions to dataset D =D U {(s;,a;,s!)}

Calculate target values for each sample i:
Yi =T T F}/E‘a’mrrk(aﬂs;) [Qk(sgﬂ af)]

Update Q-function:
Qk-l—l = arg man E(S{,a{;rf;sg)"“’D [(yz - Q(Sia az))?]

Update policy:

7+l = arg max_ Es,~pEa~r(als;) [Qkﬂ(séa a))]
end for

return ™™
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Behavior Policy

* Behavior policy doesn’t have to correspond to just a single policy
kK ¢ 0 _1 k
p'=An w1}

* Keep data from all previous iterations
* Train policy using data collected from all previous policies

* Much more sample efficient

76



Summary

e Actor-Critic Algorithms
* Deterministic Policy Gradient
* Soft Actor-Critic

e Surrogate Objective
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