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e Why Soft Actor-Critic 7

—> sample eflicient

—> very stable

—> exploration more efficient





https://www.youtube.com/watch?v=FmMPHL3TcrE

e Some general points:

- actor-critic

- off-policy algorithm

- continuous state and action spaces



Entropy-regularized RL setting

H(X) = — Z P (xl-) log P (xl-) = —[E [log P(X)]
=1

r* = argmax B [i}/t (R (8 aps Sy41) + aH (n( | Sr)))]



Entropy-regularized RL setting

Vis) = E [iyt<R (St9at’st+1) +06H(7r< - | SJ)) ‘S0=S]
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Q%(s,a) = E [ZVtR St Ups Spy 1 +a27’tH< | s, ) ‘SOZSaaO:a]
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Equation de Bellman pour Q”(s, a) :

Q”"(s,a) = S,]E,P [R (s,a,s’) }/V”(S’)]

a ~ 1

07 (s, a) = S/]EP [R (s,a,s)+vy <Q”(S’,a’) + aH (71'( -] S’)))]

a ~ 7



Critic

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
L, 2)= E [<Q¢(S,a)—Q”(S,a))]

(S,a,r,s’,d) ~Y \

approximator target



Critic

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
L, 2)= E [(Q¢(S,a)—Q”(S,a))]

(S,a,r,s’,d) ~Y \

approximator target

Q"(s,a) ® R(s,a,s") +7y <Q” (s',a) —alogm(a| s’)) avec d' ~my( |



Critic

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
Lp.2)= E [(qu(s,a)—y(r,s:d))]

(S,a,r,s’,d) ~Y \

approximator target

y(r,s',d) =R (s,a,s") + y(1 — d)<Q¢ (s',ad") —alogn (c’z”’ | S’)) avec d' ~ m, ( - | S’)



Critic
15 trick: Target Networks

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
Lp.2)= E [(qu(s,a)—y(r,s:d))]

(S,a,r,s’,d) ~Y \

approximator target
y(r,s',d)=R(s,a,s") +y(l —d) ((S’, a)—alogn (51" | S’)) avec d' ~ my ( - | S’)
¢targ <P ¢targ T (1 — P )¢ Silver, David, et al. "Deterministic policy gradient

algorithms." International conference on machine learning. PMLR, 2014.



Critic
15 trick: Target Networks

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
Lp.2)= E [(qu(s,a)—y(r,s:d))]

(S,a,r,s’,d) ~Y \

approximator target

y(r,s',d) =R (s,a,s") + y(l — d)(ngWg (s',a")—alognr (Ei’ | S’)) avec d' ~ my ( - | S’)



Value estimates
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Source: Deep Reinforcement Learning with Double Q-learning (Hasselt et al., 2015)



Critic
15 trick: Target Networks

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
Lp.2)= E [(qu(s,a)—y(r,s:d))]

(S,a,r,s’,d) ~Y \

approximator target

y(r,s',d) =R (s,a,s") + y(l — d)(ngWg (s',a")—alognr (Ei’ | S’)) avec d' ~ my ( - | S’)



Critic
21 trick: Clipped Double Q-network —> ¢, and ¢,

Loss function of the Critic: MSBE (Mean Squared Bellman Error)

2
For i=12 : L¢p,2)= E [(Q¢.(S,a)—y(r,8’,d))]
(s,a,r,s’,d)NQZ : \

approximator target

j(s’, a)—alogn (c'i’ | S’)) avec d’ ~ ﬂg( - | S’)

y(r,s',d) =R(s,a,s’) +y(l —d) ( min O, g
j:1,2 targ,



Actor

r* = arg max V”(s)

Objective function of the Actor for each state s:

Vi(s) = E [Q”(s, a) —alog n(a | S)]

aA~T



Actor

r* = arg max V”(s)

Objective function of the Actor for each state s:

V*(s) = E min ngtarg’

N (s,a) — alogmya | s)
a~myl - | s =1,

J



Actor

r* = arg max V”(s)

Objective function of the Actor for each state s:

Vis) = E min on (s,a) —alogrya| s)
army( - 15) | =12 Pl

Pain point: the distribution depends on policy params



Actor

3" Trick : reparameterization

Objective function of the Actor for each state s:

Vi(s) = oy :Q”@ (S, dg(S, 5)) — alog (579(& c) | S)

(s, &) = tanh (py(s) + 0y(s) © &), &~ H(0.])



Actor

3" Trick : reparameterization

Objective function of the Actor:

max E . [ }E%% Oy, (5, dgls, &) — alogmy (dy(s, &) | s)

(s, &) = tanh (py(s) + 0y(s) © &), &~ H(0.D)



average return

average return

Results
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