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Abstract. In this study, we introduced a novel wireless actor-critic
method. Leveraging federated learning, wireless terminals could train
models while ensuring data privacy, eliminating the requirement to
upload raw data to a central server. The recently proposed parallel
reinforcement learning framework allowed wireless terminals to main-
tain multiple instances of the same environment for parallel data gen-
eration. To overcome the challenges posed by the double near-far effect
during model exchange, we exploit the superposition property of wire-
less channels. We conducted experiments on a practical environment to
validate our approach and assessed its performance by adjusting thresh-
old and power parameters. The experimental results demonstrated that
our method could maintain stable signal transmission under specific noise
conditions. The wireless actor-critic method presented a valuable solution
for wireless machine learning model training, with potential applications
in diverse domains. Future work would focus on further optimization,
expansion, and practical validation in diverse real-world scenarios.

Keywords: Actor-critic - parallel reinforcement learning - wireless
reinforcement learning

1 Introduction

Nowadays, wireless terminals (such as tablets, wireless sensors, internet-of-thing
devices, etc.) are producing ever-increasing volume of data [6,8]. The sheer-
volume data is of great value for training machine learning models. However,
due to privacy concerns, the mobile devices may not be preferred to upload
the local data to cloud centers for such model training. Thanks to the recent
advancement of edge computing chips (e.g. RISC-V chips and NVIDIA Pascal),
the emerging federated learning framework is proposed by allowing the wireless
terminals and a central parameter server to orchestrate model training without
sharing the raw data [5,15]. More specifically, the wireless terminals only need
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to exchange the local models and/or gradients with the parameter server in the
federated learning framework [11,14]. The aforementioned merits have inspire
the federated learning to be widely utilized in a large variety of intelligent ser-
vices, such as, keyword prediction [2,4], ubiquitous-health [1,3], and semantic
learning [13,16].

When the federated learning framework is used for reinforcement learning
tasks, a recent parallel reinforcement learning (PRL) framework is proposed by
allowing the wireless terminals to maintain multiple instances of the same envi-
ronment [7,9]. Then, each wireless terminal can interact with the local instance of
environment for parallel generation of training data. Besides, recent advances in
reinforcement learning have successfully leveraged the artificial neural networks
to parameterized policy and value function. In the context of PRL framework,
the parameters of policy and value networks are exchanged between the central
server and multiple wireless terminals.

The ever-increasing scale of neural networks demands for high-speed connec-
tions to exchange model updates between the wireless terminals and the server.
Over-the-air computing leverages the superposition property of wireless chan-
nels to achieve the high-speed model exchange. However, the double near-far
effect during model exchange can weaken the received signal strength. In this
work, we investigate the uplink communication for the wireless PRL framework.
More specifically, we develop a wireless actor-critic method that can overcome
the double near-far effect. Our salient contributions are summarized as follows.

— We develop an uplink communication protocol that allows the wireless termi-
nals to upload the local model updates to the server per several local recur-
sions. Moreover, the wireless terminals are allowed to upload local model
updates via orthogonal channels and uncoded pulse amplitude modulation to
overcome the double near-far effect of the over-the-air computing.

— We combine actor network and critic network into one neural network to
further reduce the communication overhead during the uplink transmission.

Numerical experiments are used to verify the performance of our proposed
wireless actor-critic method.

Organization. The remaining work is organized as follows. The system model
is provided in Sect. 2, and the wireless actor-critic method is proposed in Sect 3.
Numerical results and concluding remarks are respectively presented in Sect 4
and Sect 5.

2 Preliminary: Markov Decision Process

An MDP is denoted by a quintuple as (S, A, P, R,~), where S denotes the state
space, A denotes the action space, P = {[p>*'] € RISIXISl|s s € S,a € A} col-
lects all action-dependent transition probabilities, R(S¢, A;) denotes the instan-
taneous reward function at step ¢ and is assumed bounded by 7 (i.e., |R(S¢, A¢)| <
7), and ~y is the discount factor.
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Let 7(als) denote the policy that determines the probability of taking action
a € A at state s € S. The quality of a policy 7 is measured by the expected
accumulated reward given an initial state s € S, while following policy 7 to take
future actions—that is, the state-value function

T—t—1

V(s) = B[ > 77 R(Siir, Arir)
7=0

S, = st] (1)

where A;yr ~ 7(+|St4-) and s; € S with 0 < ¢ < T —1 with T as total steps per
episode.
Moreover, the action-value function (a.k.a., @-function) as

T—-t—1

Q" (st at) = E[ Z VT R(Stqr, Avger) |St = 81, Av = ay |- (2)
=0

Based on (1) and (2), we obtain
V7(st) = Z m(at|st)Q" (st, at). (3)
at€A

When the policy is parameterized by 6P, the state-value function is denoted
by J(6P) = V™ (sp). The objective of the considered MDP is obtain an optimal
policy 6% that maximizes J(0P) as

0% = arg max J(6P). (4)

Based on the policy gradient theorem [12], the gradient of J(0) is derived as

VJ(0) =E [ 3" ValalSi; 67)Q™ (S, a)} (52)
ac A

— B[V log (] S1; 0")Q" (S, a)] (5b)

“B[ 3 Y R(Sir A )V log (Ar]S1:67) (5¢)
7=0

where (5b) is based on V7 (a|St; 6P) = w(alSt; 0P)V log m(alS; 0P) with random-
ness of policy absorbed into the expectation operator.

Note that the term >-77 (4" R(St4r, Arr)V1og w(Ay|Sy; 0P) in (5) is an unbi-
ased estimator of policy gradient V.J(6P). However, it is reported that such gradi-
ent estimator Y7 7" R(St4r, Artr)V log m(A¢|Sy; 0F) experiences an increasing
variance with the time horizon. Therefore, the value function V7 (S;) is used for
variance reduction of the policy gradient estimator [10]. Since the expectation
E[} e Vr(a|S; 6P)V7™(S;)] = 0, we obtain an unbiased variance-reduced esti-
mator of policy gradient as

V(") = EH _z:_ R(Styr, Atyr) — VW(St)}VIOg m(Ae[Se; 07) | (6)
=0
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Since the value of V™(S;) in (6) is challenging to obtain, we leverage the
neural network to approximate the value as V7 (S;) & V7 (S;; 8") where 6” is the
model parameter of the value network. Hence, the estimator of policy gradient
is obtained as

T—t—

VIO) = [ D B(Siir Aver) = V7(5:0")| Viog m(AilSi:07)  (7)

7=0
where the model parameter 1) is obtained via least-square minimization as

T—-1 T-t-1

% [ Z (Stqrs Apgr) = V(S QU)] 2' (8)

t=0 7=0

Remark 1. Several different methods can be used to estimate the value function
[10]. Here, we choose a straightforward approach by using the nonlinear function
approximation as in (8).

3 System Model and Problem Description

Worker /

P © P O'vV(SJ‘ 3 9:1-)

Worker n

Worker N

Fig. 1. An illustration of WPRL system.

3.1 Problem Description

We consider a wireless parallel reinforcement learning (WPRL) system that con-
sists of a server and N workers. The workers maintain different instances of the
identical episodic MDP described in Sect. 2. Nevertheless, the workers upload the
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local model parameters (i.e., policy network 6 and value network ) in the uplink
and receive the global model parameters in the downlink over wireless channels
as shown in Fig. 1. The objective of the WPRL system is to allow workers to
coordinately learn a common policy network 6 and value network .

Define the state action—reward trajectory of worker n per iteration k as
(S Al s B L. Based on the state-action-reward trajectory of worker
n, cach worker n estimates the local policy gradient and local value gradient per
iteration k, respectively, as

T—-1 T—-t-1

nk—Z[ > RS dir) - VT(STs67)| Vg m(A7ISTi67)  (9)

and
T—1 T—t—1

Vie = D0 | D0 RSt AL) = VTSI 00| VYIS0, (10)

Based on (9) and (10), each worker n can recursively update the model
parameters as

05+170};+1 = f(@fz,lwﬁz,kaz?eZ) (11)
where the function f(-) is one of the off-the-shelf solver, e.g., Adam and SGD.

3.2 Signal Model

In the downlink, we assume that the server can broadcast the policy model 6%
and value model 6} over reliable channels. As shown in Fig. 1, the received signal
of the server in the uplink is

N

n=1

05
o] -

where & € {p, v}, b = B dlill1, ok = Palilly, and 2 = [z sll]2,
respectively denote the vector of channel coefficients, the vector of power control
variables, and the vector of the real-part additive white Gaussian noise (AWGN)
with mean zero and covariance matrix o2I. More specifically, the terms h,, [,
Pn.klt], and 2y k[i] are respectively the ith element of h,, i, the ith element of
Dn.k» and the ith element of z,, . When Rayleigh fading is considered, each hy, x[7]
follows an independent and identically distributed (i.i.d.) circularly symmetric
complex Gaussian distribution CN (0,5;%) with the propagation distance &, j
and the pathloss exponent a. The operator ® is the Hadamard product of two
matrices.

Using uncoded pulse amplitude modulation, the local policy gradients can be
detected from the amplitude of received signals at the server. Our objective is
to quantify the required energy to obtain a certain accuracy in the over-the-air
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computing; therefore, we introduce a long-term energy cost constraint for all
workers as

;@mKZZHpnm |QQCHHQ (13)
k=1n=1
where pg is the upper bound of energy for training.

Note that each channel can experience deep fading that requires significant
large amount of transmit power to guarantee the reliable detection at the server.
More specifically, when the amplitude |h,, ;[¢]| is below a predetermined thresh-
old hg (i-e., |hn k[i]| < ho), the channel ¢ of worker n is assumed to experience
deep fading and is not used for information transmission. Denote the channel
scheduling vector of worker n per iteration k by 1, x = [1,.1[i]]*,, where each
term 1,, x[¢] equals to 1 when the channel 7 of worker n is used at iteration k, and
0 otherwise. Therefore, the expectation of channel scheduling indicator Iln,k[ ]
is obtained as B[1, [i]] = Pr{|hni[i]] > ho} = exp(—£5 ;h3). The terms of 67
of each worker n are uploaded via different radio resource elements® In the con-
text of over-the-air computing, different workers can experience different channel
conditions for the same channel. Therefore, each worker n needs to factor in the
channel scheduling probability to align the terms of 6 , with a same factor as

hy, i ld)

o oI 14)

pn,k[l] = pn,kcn,kln,k[ ]

where py, is the channel alignment factor per iteration k, ¢, 1= exp(£2 ,hd) is
the inverse of expected channel scheduling indicator of worker n per 1terat10n k,
and h . [i] is the conjugate of hy, i[i].

Substltutlng (14) into (12) and scaling with 1/p,, x, the estimator to the global
policy gradient is obtained as

N
1
= N Z Cnklni © eﬁ’k + znk (15)

where x € {p,v} and 2z, = % ZT]:[:I Zn k105 e/ P

Taking expectation over both sides of (15), we observe that éﬁ is an unbiased
estimator to corresponding model parameters 67 with z € {p,v}. After obtaining
(15), the server broadcasts the model parameters (6} and 6}) to all workers over
reliable channels.

3.3 Wireless Actor-Critic Algorithm

In Sect. 3, we have discussed the signal model for information exchange. Since
the vanilla actor-critic method is sensitive to the disturbance of channel noise, we

! The resource elements denote different time-frequency blocks that are orthogonal to
each other. In the WPRL system, the workers upload the local policy gradients over
the set of resource elements during the uplink transmission.
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propose to leverage the federated average aggregation where the workers perform
several local recursions before upload the model parameters to the server over
wireless channels. The detailed procedures are summarized in the following table.

Algorithm 1. Wireless Actor-Critic Algorithm
1: fork=1,...,00do

2: The server broadcasts the model parameters éf and é}; to all workers
3: Each worker n estimates the channel coefficient vector h, ; and the inverse of
channel scheduling probability c,
4: Each worker n sets the channel alignment factor as
721k < \ﬂnk[l O xl? (16)
T PTIOZ 2

where z € {p, v}
5: Each worker n performs the channel alignment in (14)

6: Each worker n uploads to the server the local normalized gradient 7,x/|j0% &l

T The server performs gradient alignment by using [I10% xll/p, .JA_; and updates
model via (11)

8: end for

4 Numerical Results

In this section, we designed robust experiments to confirm the function of the
algorithm and verify the effectiveness of the proposed algorithm.

4.1 Experimental Settings

Simulation Environment. We design experiments on the LunarLander-v2
environment, the goal of which is to control a lunar lander and successfully land it
on the lunar surface without crashing or running out of fuel. The lander is subject
to gravity and has a limited amount of fuel. The state space of LunarLander-v2
typically includes the position, velocity, direction, angular velocity of the lander,
and whether the landing legs are in contact with the ground, etc. The action
space consists of discrete actions to control the lander, such as firing the main
engine, firing the left or right engine, or taking no action.

Parameter Setup. We set the discount factor to be 0.99, the number of itera-
tions to be 5,000, the number of workers to be 100, the pathloss exponent to be
2.2, the noise to be 1 x 1071 mW, the number of nodes in the hidden layer is
256, and the location of the server is 30 meters to 50 meters. Our neural network
is trained with the Adam optimizer with learning rate is set to 3 x 1072 and the
momentum parameters are set as (0.9,0.999).
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4.2 Results

We validate the effectiveness of our method on LunarLander-v2 by tuning the
threshold and power parameters.

100 B
50 1

——Pmar =4 W ||
——DPmaz = 4.5 W
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-200 f ——Pmaz = 5.5 W|4
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Fig. 2. Convergence behaviors of the investigated wireless actor-critic algorithm.

Under the experimental environment settings in Sect. 4.1, we adjusted the
threshold parameter hg in the communication process, and carried out rein-
forcement learning on LunarLander-v2. Figure2(a) showed that when hy was
greater than 1079 and less than 10~%, the algorithm can maintain effective con-
vergence characteristics. When the threshold is less than or equal to 1079, the
algorithm diverges. At the same time, if the threshold is too large, such as 1074,
It may cause the model to converge prematurely, the average return value is low.

In addition, we choose hy = 10~% under the same parameter environment
to study the effect of power variation on the performance of the method. The
experimental results are shown in Fig.2(b). From the experimental results, it
can be seen that when p,., = 4 W, the network shows a divergent trend in
the later stage of training. When pj,q, is greater than or equal to 5 W, the
average reward curve tends to converge stably during operation. On the whole,
the greater the power, the more stable the performance of the algorithm, and
the more stable the convergence of the results.

Figure 3 shows the results of the obtained reward under different threshold
ho. It can be seen that when the threshold is greater than 10~% and less than
104, the reward has a clear trend of change, and within this range, there is an
approximate optimal threshold (i.e., 107°), the reward reaches the peak.

The experimental results prove that the uplink communication protocol we
designed can successfully overcome the double near-far effect of the over-the-
air computing, and the network we designed, that is, the network model that
combines the actor network and the critic network, successfully reduces the com-
munication overhead during the uplink transmission, and achieves the best per-
formance when the power value is 5.5 W and the threshold is 10~%. This shows
that our method can find an optimal hy under the above experimental settings.
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Fig. 3. Obtained reward under different threshold hg.

5 Concluding Remarks

In this paper, we mainly study the uplink communication protocol of the wire-
less PRL framework, and we propose a novel actor-critic approach, which uses
orthogonal channels and non-coded pulse amplitude modulation to upload local
model updates, and successfully overcomes the double near-far effect of the over-
the-air computing. At the same time, we combine actor network and critic net-
work into one neural network to further reduce the communication overhead
during the uplink transmission. Extensive experiments show that our method
can achieve excellent performance in the LunarLander simulation environment,
which proves that our method can maintain stable signal transmission under
certain noise conditions, thereby improving the reliability of wireless parallel
reinforcement learning. In the future, we will continue to explore on this basis
to improve the practicability and performance of the model.
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