Pz@SQHB+v L2m" H 6Bii2/ +iQ @* Bi
J ii?B2m wBKK2 -u MM "QMB7 +2- H BM .mi

hQ +Bi2 i?Bb p2 " bBQM,

Jii?B2m wBKK2 -u MM "QMB7 +2- H BM mi2+?X Pz@SQHB+v L2m  H
7Q +2K2Mi G2 "MBM; qQ Fb?QT-LASakyRe- .2+ kyRe-" "+2HQM - aT B
gQ Fb?QT- LASa- kyRe- 1?iiTb,ffbBi2bX;QQ;H2X+QKfbBi2f/22T HMBTDb

> G A/, 2 H®@yR9Rj33e
?2iiTbh,ff? HX "+?Bp2b@Qmp2 i2bX7 f? H@YR9R
am#KBii2/ QM RR .2+ kyRe

> G Bb KmHiB@/Bb+BTHBM v GOT24WB p2 Dmbp2 "i2 THm B/BbBIBTHBN
"+?Bp2 7Q i?72 /2TQbBi M/ /Bbb2KIBEBMBR MNQ@T™+B2® " H /BzmbBQM /2 /
2MiB}+ "2b2 "+?2 /Q+mK2Mib- r?2i?@+B2MMiB}2mM2b#/@ MBp2 m "2+?22 +?22- T
HBb?2/ Q° MQiX h?2 /IQ+mK2Mib MK VW+RK2Z2EF IQKHBbb2K2Mib /62Mb2B;M
i2 +?BM; M/ "2b2 "+? BMbiBimiBQWER BM?8 7M#M2I @b Qm (i~ M;2 b- /2b H
#Q /-Q 7 QK Tm#HB+ Q T ' Bp i2T2HRAB+B @2MT2BIpXib X


https://hal.archives-ouvertes.fr/hal-01413886
https://hal.archives-ouvertes.fr

Off-Policy Neural Fitted Actor-Critic

Matthieu Zimmer Yann Boniface
University of Lorraine University of Lorraine
LORIA, UMR 7503 LORIA, UMR 7503
Nancy, F-54000, France Nancy, F-54000, France
matthieu.zimmer@loria.fr yann.boniface@loria.fr
Alain Dutech
INRIA

LORIA, UMR 7503
Nancy, F-54000, France
alain.dutech@loria.fr

Abstract

A new off-policy, of ine, model-fregactor-critic reinforcement learning algorithm
dealing with continuous environments in both states and actions is presented. It
addresses discrete time problems where the goal is to maximize the discounted sum
of rewards usingtationarypolicies. Our algorithm allows to trade-off between
data-ef ciencyandscalability. The amount o& priori knowledge is kept low by:

(1) using neural networks to learn both the critic and the actor, (2) not relying on
initial trajectories provided by an expert, and (3) not depending on known goal
states. Experimental results compdata-ef ciencyto 4 state-of-the-art algorithms

on three benchmark environments.

This article largely reproduces a previous wol&] by adding a higher dimensional environment, im-
proving control architectures and provides batch normalization for others state-of-the-art algorithms.

1 Introduction

Reinforcement learning (RL) is a framework for solving sequential decision problems, in which an
agent interacts with its environment and adapts its policy based on a scalar rewardZigrRiL [
agents can autonomously learn dif cult tasks, like playing video gar@ls YWhile the basic setting

of RL is currently well established, fully continuous environments for both state and action spaces
need new algorithms to solve more real-world problems. In many realistic tasks, like robotics, it is
time-consuming and costly to produce data. RL agents should thereby exhibit good data-ef ciency,
i.e. exploiting each sample as best as possible, even at the cost of a longer computational time.

The purpose of this work is to design an RL algorithm that: (1) tackles continuous state and action
spaces, (2) is data-ef cient, and (3) uses neural networks to be as generic as possible with eninimal
priori knowledge.

Recently, several RL algorithms for fully continuous environments have been developed with neural
networks control architecture4§, [24]. However, they were focused on task performance rather
than data-ef ciency since they amaodel-freeand data were not too costly to produce. Seeking
for data-ef ciency usually means to useodel-basedalgorithms, like Probabilistic Inference for
Learning COntrol (PILCO)3]. However, PILCO lacks scalability3fl] and model-basedalgorithms

do not always lead to straightforward improvements when using neural networks [8].
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In this work, we present aof ine, model-free off-policy, actor-critic RL algorithm that allows a
trade-off between scalability and data-ef ciency. It is based onttled actor-critic family [1},[33]
and bene ts from the improvements proposed by Deep Deterministic Policy Gradient (DR8|G) [

2 Background

We are interested in RL problems, modeledverkov Decision ProcessddMDP) 1S; A; T; Ri,
where the state spa&and the action spack are continuous. The goal is to seek foraptimal
policy maximizing the expected discounted reward:

hx i
=argmax J( ) =argmax E UOR(s i) 1)
t=0

wheret denotes a time step afik < 1is the discount factor.

When the state spa&is continuous, classical value-function methods like Least-Squares Temporal
Difference (LSTD)P] rely on an estimationo® : S A ! R, the sequential values of actions in
each state: .

hy i

Q (s;a)= E Klioksr St = S;a = a )
k=0
wherer; is the reward obtained at timdrom R following . Beingdata-ef cientmeans to search
for the best policy given the collected samples. An example of a ndatatef cient critic-only
algorithm is Fitted Q Iteration (FQI] [21], which updates the Q function several times using the
Bellman operator as an approximated version of Value Iterdfigh [nstead of iterating over all
states and actions, it relies only on the collected san{gles;; ri+1 ; St+1 ):

X h i 2
Qs = argmin - Q(st;a)  Fen + MaxQi(sw1;a) (3)
QZF t=1 a%2 A

When the action spack is continuous, the use of actor (i.e. a parametric policy) becomes
crucial to overcome the complexity of the argmax search. This often leattdoonlymethods

like Policy Gradient/28], Covariance Matrix Adaptation Evolution Strategy (CMA-ESY] or Trust

Region Policy Optimization (TRPORH]. The major drawbacks aictor-onlymethods are the high
variability of the cost J (because there isariic) and, for gradient-based methods, the plateau effect
and local minima that can lead to poor polici&s17]. On the other handyctor-critic algorithms try

to combine both the advantages of previous methods. The critic learns a value function thus reducing
the variability of the approximation of J and the actor learns the parametric policy, allowing the use
of continuous actions.

We now present three state-of-the-actor-critic algorithms that we will use for comparison in our
experiments (from least to modata-ef cien):

Continuous Actor Critic Learning Automaton (CACLA) is a succesafubr-critic algorithm

[3Q] that uses neural networks for both the critic and the actor. Due to it's online nature and
its on-policyupdates, it cannot achieve good data ef ciency (the collected data is used then
forgotten). In some environments, CACLA performs better than CMALES [29].

Neural Fitted Actor Critic (NFAC) may achieve a better data ef ciency than CACLA since
it uses FQI update8B|. However, the data is forgotten after each end of episode because
the actor featuregn-policyupdate.

Deep Deterministic Policy Gradient (DDPG) is also astor-critic algorithm [18]. It
accomplishes online updates of the policy and Q function, and it reuse previous samples
through itsoff-policyupdate. Based on Neural Fitted Q with Continuous Acti@jsDPDPG

is more scalable due to online updates, targets netwi@gfspd batch normalizatioril[].

The target networks serve to slow down the weights updates to increase the stability of
learning, by soft updating a copy of the policy and the value function.

Recently, two new methods have been proposed to increase the ef ciency of some RL algorithms.



When the dimensions of action spakeare bounded, instead of limiting the output of the
neural policy with a last layer (for instance with a hyperbolic tangent) that squashes the
gradient obtained from the critic, it is preferable to have an unbounded last layer with an
adapted gradient stratedgy [11].

Retrace() is a new strategy to weight a sample fidf-policy learning 0], it provides
low-variance, safe and ef cient updates.

3 Algorithm

Our algorithm, that we name Data Ef cient Neural Fitted Actor Critic (DENFAC), can be seen as a
neural version of ated actor-critic (FAC) algorithm [L]. It contains an approximated version of
both Value and Policy Iteration (for the critic and the actor respectively).

The critic is updated with a FQI update where the argmax operator is replaced by the policy choice.
Moreover, the policy is able to change at each update to approximately t what would be the argmax.

X h i 5
Qx+1 = argmin o(st;a) Q(si;ar) e + Qu(sters k(st+2)) 3 (4)
Q2F (st;at ;ft+$<;51+1 )2D
k+1 = argmax Qu+1 St; k(st) 5 (5)
2F a st 2D

wherec(s;; a;) = min 1, % is the weight associated to a sam{2€][ and 4, is the policy
that gathered the sample. This coupled optimization can be applied multiple times without acquiring

new samples.

DENFAC is anoff-line algorithm, therefore the execution part of one episode consists only of
performing the policy choices and collecting the sam$gsa;; ri+1 ; St+1 ) that are added tD

(the replay buffer). Theff-line part is depicted in Algorithrh]1. The algorithm dsita-ef cient
because it performs a type of FQI. Furthermore, unlike DDPG, it performs updates over the largest
set of data given a computational constraint. This might requires too much computational time
so thedata-ef ciencyvs scalability dilemma can be adjusted through the lengttbof Another
meta-parameter of Algorithin] teset_critic that reset the weight of the critic to another initial
solution, can lead to an even bettita-ef ciencyby allowing the critic to get out of local minima.

A challenging problem in this algorithm is how to handle the growtBoin this work, we consider

D as a First-In First-Out (FIFO) queue. So the agent accesses to its memory of the latest episodes. It
can be enough in some simple environments but it is clearly sub-optimaldatasef ciencypoint

of view. De ning a weight associated to each datd>ofrom the -error might be a solutior23)].
However, in contrast t@23] the -error depends not only on the critic but also of the actor. It is not
clear yet if the sampling fror® should be the same for the actor and the critic.

DENFAC learns a deterministic policy, thus during the execution part an exploration strategy must be
used. It can greatly in uence thdata-ef ciency We do not address this issue in this work. In the
experimental setup, each algorithm uses the same exploration strategy : a Gaussian noise is added to
the actor choice.

FAC | DDPG | NFAC | DENFAC

Ofine & Batch
Off-policy
Fitted Critic
Actor updated through Q
Learn Q
Reset Networks
Retrace
Target Networks
Batch Normalization

Figure 1: Properties of the nearest actor-critic algorithms : FAC [1], DDPG [18] and NFAC [33].



Data: D replay buffer ofN samplesQq value-function, , previous policiesK number of tted
iteration,G number of gradient descent for actor updategerting _gradient strategy,
reset_critic strategy

Result: g the next policy to playQk the next value function

fork 1toK do

for (st;at;Ut;ri+1 ;St+1) 2D do

e+, if sS;+1 2 S
et rer + Qi 1(St+1; « 1(St+1)); otherwise

end

Qk randomly initialize critic networkf reset_critic elseQg 1

Update critic by minimizing the loss:

X k 1(ajst)

L= — min 1, -
- b(ajst)

Ot Qx(st; a) ’

Randomly initialize actor networky

forg 1toGdo

Update the actor policy using the batch gradient:
if inverting_gradienthen

(amax a)z(amax Amin ) if r a < 0

ra=r g, .
: 2 (@ amin )=(@max a@min ); Otherwise
end
1 X ,
r« «= N r aQ(st; @)ja= w(s)f o« k(St)
t=1
end
end

Algorithm 1: Data Ef cient Neural Fitted Actor Critic (DENFAC)

4 Experimental Setup

An experimental comparison of DENFAC, DDPG, CMA-ES, NFAC and CACLA is done into three
environments: Acrobot [26], Cartpole [22] and Half-Cheetah [32].

In Acrobot (double swing-up), the reward function is de ned as (1) +1 if the goal is reached (arm
straight up), (2) the normalized max height of end effector if 500 steps are reached, and (3) O
otherwise.

In Cartpole (inverted pendulum), the reward function is de ned as (1) 0 when the cart position is
betweer{ 0:05;005]and the pole angle betwegnz;; =51, (2) 2 (500 last_step) if it exits
atlast_step (pole angle2 [ ¢; 5] or cart positior2 [ 2:4; 224]), and (3) -1 otherwise.

In Half-Cheetah, the reward functionR(s; a) = vx(s) 0:05 kak3 1 g(s) wherevy(s) is the
speed of the cheetah on x axis aj(d) is 1 if the heel, the or 0 otherwise.

The discount factor is xed to = 0:9 (Acrobot) and = 0:99 (Cartpole and Half-Cheetah). States
are composed of the joint positions/angles and joint position/angle velocities. Dimensi®ns Af
are4 1 (Acrobot),4 1 (Cartpole) an®0 6 (Half-Cheetah).

The neural networks use (1) Adam learning algoritd®],[(2) the leaky recti ed linearity (ReLU)

[6], and (3) batch normalizatiofig]. Critic networks contain 2 hidden layers of 50 and 7 neurons.
The structure of the actor networks is xedtd: 5 1units (Acrobot),l 20 1 units (Cartpole),
and20 20 10 6 units (Half-Cheetah). The last layer of the critic and actor networks is linear.
The actor policy is a truncated Gaussian policy betweg, = 1;amax = 1] with = 0:05
where the mean is determined by the output of the last linear layer. Each weight is initialized from a
normal distributionN (0; 0:01). Batch normalization is applied on each layer for both the actor and
the critic, except on the last two layers.
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Figure 2: lllustration of Acrobot (left), Cartpole (middle) and Half-Cheetah (right) environments
(reproduced from Wikipedia and [B2]).

For each experimental setup, we rst optimize all the meta-parameters of DDPG and then apply
them to DENFAC. To obtain a fair comparison, we also optimized the number of updates performed
by DDPG, and we applied the inverting gradient strategy (when it was better) to make it more
data-ef cient. NFAC and CACLA algorithms are improved with batch normalization, denoted as
NFAC+ and CACLA+ in Figur¢ 3. Only CMA-ES do not use batch normalization for its policy as it
does not rely on the gradient.

Performances over Acrobot Performances over Cartpole
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Figure 3: Median and quartiles of the best registered performance in Acrobot (the lower, the better),
Cartpole (the higher, the better) and Half-Cheetah (the higher, the better) environments during RL
learning with each algorithm. Each experiment has been run 40 times for statistical results.

In order to characterizeata-ef ciencyon Figurg 8, we plot the best performance the agent has done
since the beginning. It can only improve therefore it does not represent the exploration made by each
algorithm. The number of data collected is correlated to the number of episode.

Figure[3 shows that DENFAC quickly develops good policies on each tasks compared to DDPG
(even if DDPG is online). However, unexpectedly DENFAC, which is off-policy, has the same order
of performance that NFAC+, which is on-policy. It let us think that eitheshould not be a simple
FIFO queue, or that the policy update of NFAC+ allows a better exploration.

Surprisingly, theactor-onlymethod CMA-ES achieves very goddta-ef ciencyon those environ-
ments. In higher dimensional environments, it can lack scalalijtip|t here it outperforms online
algorithms like CACLA or DDPG even if they have access to the reward information faster (online
algorithms).



Figure 4: Median and quartiles of the best registered performance Half-Cheetah (the higher, the
better) environments during RL learning with each algorithm.

a |inverting|  mini additional batch| reset
¢ | gradient| batch size updates |K | G |sizeD | critic

DDPG 0.1 No 64 0.001 8

Acrobot

DENFAC 10| 25| 6000 | Yes

Cartpole | _PPPG - 64 0.1 8
DENFAC 10| 25| 3000 | No

DDPG - 64 [0.001] 8
Hall-Cheetah o e Fac ol 10[ 25/ 3000 | No

Figure 5: Best meta-parameters found for DDPG and DENFAC.

CACLA or CACLA+ cannot reach the goal in only 750 episodes on Acrobot. On those environments,
it's the lessdata-ef cientalgorithm but also the faster in computational time. It proves that having a
replay buffer like NFAC, DDPG and DENFAC helps to impradata-ef cient

We did not notice that adding a L2 regularization term in the critic, as done in the original version of
DDPG, improves it in those environments. In some experiments, we also run our algorithm in an
onlinesetting or with target networks, but this did not improve the data-ef ciency, while requiring
more computations (results not shown here).

5 Conclusions and further work

We investigated thdata-ef cencyvs scalability dilemma in three fully continuous environments.
Data-ef cency often implies more computational time spent on each data impeding the scalability.
In some cases, resetting the weights of the neural networks shows evedateef cency All

those additional costs must be negligible compared to the cost of producing data in the environment
otherwise such methods are not appropriate. DENFAC is more data-ef cient than 4 state-of-the-art
actor-critic algorithms in some environments but comes at a higher computational cost. To further
improve DENFAC, it should be analyzed how to replace the FIFO queuB fand if uniform
sampling could be improve@8]. Moreover, DENFAC lacks stability in learning, target networks

did not help, slowing down the change in the policy might increase his stability [24].
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