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Maximum Entropy Reinforcement Learning

* MFE#K MOP 8. BUFTNERABAL—E tranjectory HHIRFE
2K

Targ = Arg max Z E(s,,a)~pn (St at)]
t

* RXBRAFIERT, ERBRENKMLLBIR

T MaxEnt = 18 max Z E(s;,a0)~pr [r(st, @) + aH(m(-[st))]
t
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Soft Q-learning
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Soft Value Functions and Energy-based Model
* EX Soft Q Y
Qeore(Stsat) = re + E(syy . )mps [Z YV (resr+ OH(Thpaene(-I5e41))]

=1

* R Soft {HEE]

1
Vin(st) = o | expl(; Qulse #))de
A

* MARMEEE 711000 7

* 1 k
T MaxEnt(St> at) = eXp(a(Qsoft(stv ar) — Veore(st)))
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Soft Value lteration and Soft Bellman Equation
e JiFBA Soft Q F#L# B Soft Bellman Equation

Qeort(sty at) = re + VEs i ~po[ Veor(st11)]
* AR
Qeore(St; ar)

= f(St, at) + E(St+17--~)Np7r [Z Vl(rt—ﬁ-/ + aH(F*MaxEnt('|5f+/)))]
=1

I’(St, at) + 7E5t+1~Ps[a/H(7r('|5t+1)) + ]Eat+1~7r('|5t+1) [Q?sroft(sﬂrla at+1)]]
r(st; at) + VEs, 1,204 [Qeort(St+15 arr1) — alog m(art1]Se+1)]
)
)

1
= r(st, ar) + WEstH,am[QW(StHa A1) — alog(exp(a(ngft(StH, atr1) — Voor(se+1))))]
iz] b F%St’ at) + VEsy, [V;roft(st—&-l)]
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Soft Value Iteration and Soft Bellman Equation (cont’d)

o TE X Soft Value lteration EF 7, M| 7 j& 2 contraction,

The following proof has also been presented by Fox et al. (2016). Define a norm on Q-values as ||Q; — Qa| =
maXs,a |Q1(s,a) — Q2(s,a)|. Suppose € = [[Q1 — Q2||. Then

log/exp(Ql(s/,a')) da’ < log/exp(Qg(s'.,a/) +¢)da’
= log (exp(s) /cxp Q2(s',a’) da’)
=¢c+ log / exp Qz(a’,a’) da’. (25)

Similarly, log [exp Q1(s’,a’) da’ > —e +log [ exp Q2(s’,a’) da’. Therefore || TQ1 — T Q2| < v = 7/|Q1 — Q2]|. So
T is a contraction. As a consequence, only one Q-value satisfies the soft Bellman equation, and thus the optimal policy
presented in Theorem 1 is unique.

NANJING UNIVERSITY Learning And Mining from DatA




Policy Iteration (from SAC)

* LTELBIKRME 7, EXHRME 7 A 7([s) < exp(QLa(s,), MAE
Q;Toft(s a) 2 Qsoft(s a) V(S a)

° iEMR: fER « 0 Q ZES T KL BEEAMLELR. WH
E..z[log7(als) — Q(s,a) + V(s)] < E,erllogm(als) — Q7(s, a) + V7 (s)]
RNV #m Q" HIXRER, B3
E. (@ (s, a) — log #t(als)] > V" (s)
EtE

(Sb at)
r(5t7 at) + 7E5t+1 [\/T(stJrl)]
r(st, at) + 7E5t+1Eat+1~fr[Q7r(st+1a ary1) — log 7 (ary1|ses1)]

- < Q (s, 21) LaAVDA
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Soft Q-learning: Algorithm

Algorithm 1 Soft Q-learning

0, ¢ ~ some initialization distributions.
Assign target parameters: 0 + 6, ¢ « ¢.
D < empty replay memory.
for each epoch do
for each t do
Collect experience
Sample an action for s; using f*:
a, « f?(&sy) where £ ~ N (0,1).
Sample next state from the environment:
St41 ~ Ps(SH-l\Sg,a:)-
Save the new experience in the replay memory:
D+ DU{(st,as, r(se, ar),8¢41)} -
Sample a minibatch from the replay memory
(st 2", 71" s} ~ D.
Update the soft Q-function parameters
Sample {a#)} 2 ~ gq for each 5521-

Compute empirical soft values Vs‘[m(sﬁil) in (10).

Compute empirical gradient @g./'Q of (11).
Update 6 according to VJg using ADAM.
Update policy
Sample {5("”};‘;, ~ N (0, 1) for each si”.
Compute actions as"]) = f”(f“'j).sf”).
Compute A f% using empirical estimate of (13).
Compute empiricial estimate of (14): Vd,,/',,.
Update ¢ according to V ./, using ADAM.
end for
if epoch mod update_interval = () then
Update target parameters: 0 < 6, ¢ + ¢.
end if
NANJING UNIVERSITY end for
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* Soft HERY VEEELIRTSHITHZ=E LRSS, ELFRIERREDEMN
B, EXFBRED, ERBTEETERERNAEEMET

Qs ?
Vgoft(st) =« log Eqa/ [exp( aqa/(;t,(;t a ))]

* ETHEEHIRMEIEE (-[s) o exp(QL (s, -)) MEMAEEREE, B EPERE
EMETE, 130 MCMC,

* BEWkE, Soft Q-learning 24& Q-learning I~ BI X MLELHEZ BRI E X
Hh softmax (LogSumExp) Xtz Q-learning R4 hardmax };,3115
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Soft Actor Critic
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Soft Value Functions

o HTE% V EEXIESEBTRSMIEE, SAC U Soft Value Function &
A
V(St) = ann[Q(St, at) — log W(3t|5t)]

* Soft Q HYMENELXARE, A
Q(S7 a) = r(57 a) + 7E5t+1 [V(StJrl)]
s KRR MAETHRENEE, ELRE Q' 5. EMREA

exp(QH (st ')))
ZTold (St)

o = atg iy (150
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Objectives

Q. V. n HREEREEASHE=E. MERVM SAC 1, (FELIEH
=AML HEEM V. Q. m ATREIIGRELE

IAD) = Eapl5 (Ve(50) — Barer, [ Qs 1) — log m(arlse))?

A~

Jol6) = Ba il (Qolst: ) — Qlst, 20

exp(Q(st, ')))]

Jx(¢) =Esop [DKL (77/('|5f) Zmold (st)

~

Q(st,ar) = re + VEsiis [V@(St-&-l)]
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SAC: Algorithm

Algorithm 1 Soft Actor-Critic

Initialize parameter vectors 1, 1, 6, ¢.
for each iteration do
for each environment step do
a; ~ my(ays)
St4+1 ~ P(Sty1se, ar)
D« DU {(s,a;,r(s,a),8.41)}
end for
for each gradient step do
V1P — )\vajv(’l/))
0 0; — AoV, Jo(0;) fori € {1,2}
P & — AV dr ()
YT+ (L= 7))

end for

fl)f % end for
N =
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* BREE T EPRFI AT —LKmET 8, F{EF reparameterization trick. EAZISﬁ'ﬁ%‘,
%C¢M%%ﬁa—@k$ Hrp e AM Gaussian RS EIRIE
H—B4 actor L BIREE A

(@) = Esnp,enn[log ms(fo(€: se)[se) — Qalst, (€ 5e))]

e SAC & off-policy B&j%, EILAT{EH Experience Replay 325 sample efficiency.
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Soft Actor-Critic
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52§ (cont'd)
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Figure 3. Sensitivity of soft actor-critic to selected hyperparameters on Ant-v1 task. (a) Evaluating the policy using the mean action
generally results in a higher return. Note that the policy is trained to maximize also the entropy, and the mean action does not, in general,
correspond the optimal action for the maximum return objective. (b) Soft actor-critic is sensitive to reward scaling since it is related to the
temperature of the optimal policy. The optimal reward scale varies between environments, and should be tuned for each task separately.
(c) Target value smoothing coefficient T is used to stabilize training. Fast moving target (large 7) can result in instabilities (red), whereas
slow moving target (small 7) makes training slower (blue).
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Adaptive Temperature

o« BERY o BEMERNENEE, ZAEUEEARRER, SHMNEREND
REE
T MaxEnt = I8 max Z E(s,,a)~pr [r(st, at) + aH(m(+|st))]
t

* HEARMES . JIGIEFHARFZT, Agent ISR RREEHNHENRE
AR RAEFEXRI—NEENEATEERY o HEZ.
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Revisiting SAC

* 1 SAC EERA U AT B

T
max E[Z r(st, at)] s.t. Vt, H(me) > Ho
Ty, TT P

o {ERBNSMRISBARAFEIE, FiREER S FZE ML

max (Elr(s0,a0)] + max (EL...] + maxE[r(sr,ar)]) )

o

1st maximization

second but last maximization

last maximization
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Revisiting SAC (con’t)

° BEE—EMMALEE, AAEAEXNBETE
max E[r(sT, aT)]

= m1>% mé;,_X E(ST@T)NPW [r(sr, aT)] + OzT(H:‘j(st’c.,,t)f\,p7T [— log 7TT(3T|5T)] — 7‘[0)
ar>0 7

= ;212% I%%—X E(sr,ar)~px [r(sT,aT) + atH(rT) — aTHo]

° XEPHEARBRUNAXRBRML 7 M of BEREE ar, MARMLIE
RHITKAESE oF, RBERE of, K o

T = arg max E(sr.ar)~pr (T, aT) + aTH(7T) — a7H0]
O[;— = a‘rg mln E(ST,aT)NpW* [O[TH(T(T) - aTHO]
aT>0
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Revisiting SAC (con't)

B fBAE Q mEHp

Qr_1(st—1,ar—1) = r(s1—1,a7-1) + E[Q(sT, at) — arlog w(aTt|sT)]

Qr_1(sT—1,aT-1) = r(sT—1,a1-1) + H}T%rXE[f(ST, ar)] + aTH(7T)
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Revisiting SAC (con't)

* ZEMEMNL

TT—1

max <E[r(st1, ar—1)] + HTIgX]E[f(ST, ar)])
= max (Qr—1(s7-1,a71-1) — aTH(7T))
= min max (Q_i(s7-1,a7-1) — oFH(7T) + a1 (H(77-1) — Ho))

ar-1>20 TT—1

min max (erfl(sr_l, ar—1) +ar 1 H(rr-1) — aT_17-lo) — aTH(7T)
ar_1>20 771

* FIBIEZEMLL, oF , FHE

* . *
ar | = argam1r;OE(sT71,aT71)pr* [T 1 H(mT_1) — aT—1Ho]
T—-1=Z
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Revisiting SAC (con't)

* WIRAAE o WEHBERA
min J(o) = Ea,or, [—alog me(as|st) — aHol

o RILIEHIREZA SAC MEILRIE, 1§ o BY gradient step FENE| 7 EFTITIZH
BpAT .

&Y o —
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SAC with Automatically Adjusted Temperature

Algorithm 1 Soft Actor-Critic

Input: 0y, 05, ¢
01 «— 91, 02 «— 92
D+ 0
for each iteration do
for each environment step do
ay ~ Ty (ayls;)
St41 p(st+1‘stsat)
D < DU{(st,ar, 7(st; a),8t41) }
end for
for each gradient step do
0; < 0; — AV, Jo(8;) fori € {1,2}
¢ P — /\,,AV¢J,,((/>)
a+a—AVyJ(a)
0; (—T91’+(1—T)01f0ri€ {1,2}
end for
end for
Output: 91, 62, (/)

> Initial parameters
> Initialize target network weights
> Initialize an empty replay pool

> Sample action from the policy
> Sample transition from the environment
> Store the transition in the replay pool

> Update the Q-function parameters
> Update policy weights

> Adjust temperature

> Update target network weights

> Optimized parameters
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