Muwere.  OFF-PoLicY NEURAL FITTED ACTOR-CRITIC -

Toward a data efficient neural actor-critic 2 L oriq

{r274a—  { MATTHIEU.ZIMMER, YANN.BONIFACE AND ALAIN.DUTECH J@LORIA.FR

INVENTEURS DU MONDE NUMERIQUE

NI

‘\’\r’\% %

PROBLEM METHOD
solving sequential decision problems where an Process (S, A, R,T,~). The critic learns the value-function Q. that describes the
policy based on a reward signal. action to take in which state, by finding the best policy according to @ :
We present an RL algorithm respecting two main . . Tr—1(at|st) 2
= argmin man (1, St,a¢) — | Tt+1 + St41,Tk(S :
requirements while being most data efficient e Qgeasham;ml@ ( o (at|st) )[Q( tr0t) ( e+ 7Qk (S, T ”1)))}
possible : Thil —argmax > Qr+1 (s, mh(st)).
TEFq sy
1. dealing with continuous action and state =
sSpaces, S Il ‘2.a)critcupdate \
2. knowledge added by the designer to the N 1o+ YQ(St41, T(St41)) ¢— T (St41)
agent should be minimal. Environment Perom @ ~ 7 [ critic T [ actor
PRICCUEON f O
Agent L i

‘P IR 4~

I
I
I
| |
I
I
\X J :
/ 72\ A\ |
NTRIBUTION actor s
% |
. | | ik —)I::I==:::+S a St+1 |
Inspired by Fitted Q lieration (FQI) [1] and Deep /‘f)““( collect ) (‘tl *t-) ——————— -7 |
. s . . . AN R
Deterministic Policy Gradients (DDPG) [2], we FV AN I R m(St) - Q(Sta m(st)) |
: : : AR actor BN critic |
formulated a new off-policy, non-linear, off-line, S N \ - |
- . . . | RN \ l
model-free, actor-critic algorithm. Unlike FQI, it HALF CHEETAH SBServe S, T ! \\ /é[AI‘I;\}s\ \ /‘»“4 :
: . . 5NN \ DX
deals with continuous action and state spaces and ] AR . | AN :
_ _ N < >
performs better than DDPG on three experimental 1) interactons ... | .2.b) actor queitéf temmmmm o ’ _(ft_» 4 ﬁS_tZ)_ N

environments.

FAC[3] | DDPG[2] [ NFAC+[4] | CACLA+ | DENFAC |
Offline & Batch X X X
Off-policy X X X
Fitted Critic X X X
A LG 0 R I T H M Actor updated through VQ X X X
Learn Q X X X X
Data: D replay buffer of NV samples, Q) Reset Networks X X
: : . Retrace X
value-function, m;, previous policies, K Targel Neworks -
number of fitted iteration, G number of Batch Normalization X X (+) X (+) X

gradient descent for actor updates,
inverting _gradient strateqgy, reset _critic
strategy

RESULTS

Performances over Cartpole
|

Performances over Acrobot Performances over Half-Cheetah

v DDPG

g0 ] oF 350
fOI‘ k+—11to K dO - E?EET
300F -. CMAES
for (Staataut,THhStH) <D do + v DDPG e
k.t < T't4+1 1400 | e eweg| T DENFAC il e eeae s e
: * 3 | % ! el
if s;+1 ¢ S* then > [ A |8 200 20| 2 —
Gkt < et T YQr—1(Sta1, Tr—1(Se41)) £ 1300 _omes |

discounted sum rewards

end g | R TR B

en . e
A i . CMAES
Rk < Qi1 i T
If T@S@t_critic then 11000_ 250 N 500 75_0 2.50OI 500 % 2000 4'0102 5000 8000
+— randomly initialize critic network | o | e et

| %’“ y Median and quartile of the best registered performance in Acrobot (lower better) and Cartpole
en

" o (higher better) environment during RL learning.
Update critic by minimizing the loss:
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