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Fig 1. Naive Actor-Critic: Unstable Learning (All 5 Seeds)
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Fig 3. Advantage Collapse: |advantage| — 0 Freezes the Actor

=== Naive AC |advantage|
=== A2C |advantage|

10 A
=
72}
— 8 -
_H
g
5]
g
— 67
[5)
)
8
5
5 41
<
=
<
]
= 2

0

100 200 300 400 500
Episode

el 2: I A |As] AL (5 seeds, mean + 1std). B (Fh2E AC) FERT 50 8 NIHE; 4164
(A2C) 4FFAEZ(ES, MIERE M T Critic 5§ Actor Z [A1FFEeny B Zh7%.

C)

>

=

2

>,

gMS

)
>
>
L

Horp g —I0 041 = 7o+ YV (S04141) = V(seqr) 255 ¢ +1 2K TD 22, A € 0,1] 2fESE.

fli5:: GAE & TD B2 Lg%
JEJF GAE g n #:

AP =3 "N Bear = 60 + YA a1 + (YA + -
=0

P i
e A=0: A, =6, (85 TD), e, 06Ji%, ERWKB V, EshrE
e A=1: (YN =19, MEFERE TD R2EKHM, FECETETESKA (telescoping) FHT

T—t—1 T—t—1
Ai\zl = Z ’Yl5t+l = Z ’ert-s-l —Vi(se) + 'YTftV(ST) ~Gy—V(s), (&EV(sr)=0)
1=0 =
—_———
Gt

BliEB1tA REINFORCE [y baseline {5, s, &5,



A BUR N |tz oz

0 A, = 6, (¥ TD) B2, Ry

1 A =G, — V(s¢) (Monte Carlo) | 2z, Wz
A€ (0,1) JUAHE(4 RECLE

AAE 2 Ui B 7 i TD SRE(EMe e (Vo RSN E) , i) TD %2R
BT EZEENE. (0N IR T E AT, ALY TR AT R e .
GAE Hyshbafdi

GAE IHRHFEERR TD REFH, NIE 58 M—% )5 rollout, FHRMARZS ml Hi #HE:

Ap_y =674, At:5t+’Y}\At+1 (t=T-2,...,0)

XY Critic YIZEHEER ([HRAGT) -

Rt = At —|— V¢(St>

A BRI, N = 0.95 RZIBIME, TERZHOES T BB #4551 TAE R 4F (Schul-
man et al. 2015, 2017).

Advantage Actor-Critic (A2C): P45

BERFPUA I B — & 4

1. Fix 1 —52% episode rollout + GAE
WS 5 B — Je B J5 T S A B R R S, H GAE (A = 0.95) BREE 6,0 LWL TD J5
2%, H Monte Carlo {22

2. Fix 2 ——mff] R ) 36
# Critic 2% a,, = 1072, Actor 2% ay = 3 x 107* (v, /ag ~ 3) . Critic YERH T H
BFEE Actor 2245 TR, BfifR Actor "FIRTERTIIREN HAERIY V.

3. Fix 3 FHAE 4R
TE Actor $i Rk AR IR AL, BH 1E S W1k FL 340 A o 14 701 -

Loctor = —Aglogmo(ay | ;) — BH[me(- | s0)], B =0.01

4. Fix 4 —Bp) iy
FOH BB L max-norm #3Y (clip = 0.5), B 12N HHRA K 1 Ko B HURNE
SeRESLIL TR
1. Rollout (JEBEEE): HI2MRT mo H1 Vi BI5E—JR, 3ET% (s, a0 70, Vi(s1) o
2. iH5E GAE fR%: ARSHAENRE Ay WHEHRERE R = A, + Vy(s);
3. HALtkH: A (A — A)/(0a +e), REBRIEIRAL



4. Critic W (#52%2%):
2

, BRERE R Ao, 2t

A~

1
Levitic = 5 H qu(st) - R

5. Actor ¥ (fK%:>]%):
Lactor - _At 10g7r9(at | St) - BH[’RP( | 8t)]7 *ﬁggﬁ%EW\QG ﬂ;iﬁo

FhRER

K 3 n T 5 AHEPLRN 7Y mean £ 1 std Yeaa gk A2C M5 ~ 50 filEfEE LT, 55 500
FeEIRF] ~ 310, HhZ e Lot CRSE4Uesl)s Fh AC &2 « fill, PIETE episode 50 Z
JESE A o
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