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Abstract—This paper studies the problem of joint beamforming
and power allocation in ad-hoc mmWave networks. Over the
shared spectrum, a number of multi-input-multi-output links at-
tempt to minimize their own supply power by adapting individual
transmit powers and beamformers in a self-organized manner.
With a two-stage framework of decentralized strategy searching,
we address a family of distributed optimization problems with
non-convex objectives and coupling-strategy dependent quality-
of-service constraints. The proposed scheme allows each link to
iteratively adapt its power level in a sub-stage of Generalized Nash
Equilibrium (GNE) search, and its beamforming filters in a sub-
stage of Minimum Mean Square Error (MMSE)-based receiver
shaping, respectively. Our convergence analysis of GNE provides
the theoretical guarantee for the convergence of the proposed
algorithm. Simulation results show that with our proposed scheme,
local link state information suffices to obtain a near optimal
overall performance without any need for further acquiring the
interference channel state information.

Index Terms—Multiple-input multiple-output, generalized Nash
equilibrium, multi-link, energy-aware, MSE criterion

I. INTRODUCTION

In typical mmWave applications for urban outdoor coverage,
large distributed antenna arrays in the form of various types
of Base Stations (BSs) and small-cell Access Points (APs)
are densely deployed. This leads to a prohibitive cost for
the conventional backhaul infrastructure, which relies on fiber
optical cables for connections between the BSs/APs and the
core network [1]. Since it is possible to construct high-rate
Multiple-Input-Multiple-Output (MIMO) links with a dominant
Line-of-Sight (LoS) component over short distances among the
BSs/APs, the low-cost wireless backhaul for cellular systems
becomes a highly desirable solution [2].

In practice, the wireless backhaul confronts the challenges
of inter-data stream (e.g., inter-link) interference management
and significant increase in the power consumption of the dedi-
cated Radio Frequency (RF)-chains. From the implementation
perspective, conventional interference management is typically
based on centralized control, e.g., by the cloudified baseband
unit pools or cluster-based BS controllers, since sufficient
channel information of each link needs to be collected from the
BSs/APs for physical-layer coordination. However, due to the
ad-hoc characteristics of small cells, BSs/APs may be limited in
information exchange capabilities, especially when it happens
across tiers and among cells [3]. Hence, self-organized link
control for wireless backhaul is desired, where each BS/AP
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adapts its receive beamformer and transmit power to the radio
environment with minimum information exchange. For this
reason, a number of studies have attempted to tackle the joint
allocation problem over the MIMO interference channel as
standard non-cooperative games (e.g., [4]). However, when the
strategy space of one link is coupled with the strategy of
the other interfering links, complex theoretical tools such as
GNE and quasi-variational inequality [5] become necessary for
finding the solutions to the established games.

This paper studies the problem of energy-aware resource
allocation in mmWave communication with ad-hoc links (i.e.,
wireless backhaul), where a decentralized solution is preferred.
We propose a decentralized joint power-beamformer allocation
scheme based on the search of a GNE. Compared with those
works employing game theoretic tools for joint power and
beamforming control [6]–[9], our study does not rely on specific
assumptions such as non-coupling strategy constraints [6], a
special network topology [7] or the special structure or proper-
ties of the payoff/constraint functions [8], [9]. To alleviate the
burden of information exchange for interference alignment, our
proposed solution is organized in two iterative stages, namely,
the stage of generalized Nash game-based power allocation
and that of local information-based decoding vector adaptation.
Our proposed scheme only requires standard interference mea-
surement and channel estimation over each link. The proposed
algorithm is implementation-friendly and our simulation results
show that it quickly converges at a negligible performance
degeneration cost, compared with the optimal joint allocation
algorithms for multiple links/cells based on full coordination.

II. NETWORK MODEL AND PROBLEM FORMULATION

Consider the wireless backhaul in a fixed-topology network
over the mmWave band, where N Serving Stations (SS) trans-
mit to their Destination Stations (DS) simultaneously. Each
SS (DS) is equipped with K (L) transmit (receive) chains.
At a given time instance, SS n transmits a single symbol sn,
precoded using a normalized K-dimensional precoding vector
wn. Let xn = wnsn be the precoded symbol (‖xn‖2 = 1). For
link n ∈ N = {1, . . . , N}, the received signal is

yn =
√
PnHn,nxn +

∑
i 6=n

√
PiHi,nxi + ηn, (1)

where Pn is the total transmit power of SS n, Hi,n is the
L×K channel matrix between SS i and DS n, and ηn is an L-
dimensional complex-value i.i.d. additive Gaussian white noise



with variance σ2
n, ηn ∼ CN (0, σ2

nI). Let un denote the L-
dimensional receive filter vector used by DS n. We assume that
each DS employs linear receiver ŝn = uH

nyn. We also assume
that the MIMO channels are flat-fading, and each SS adopts
the same power over a set of resource blocks, during which
the channel gains remain constant. The Signal-to-Interference-
plus-Noise-Ratio (SINR) at DS n can be expressed as

γn =
Pn‖uH

nHn,nwn‖2∑
i 6=n Pi‖uH

nHi,nwi‖2 + σ2
n

. (2)

We aim to jointly adapt the beamforming vectors and the
transmit powers over each link for energy efficiency while
guaranteeing the required Quality of Service (QoS) levels.
When centralized coordination is not available, it is natural to
consider the set of generic link-centric optimization problems:

∀n∈N : min
Pn,un,wn

cn(Pn, P−n) (3)

s.t. qn(Pn,un,wn, P−n,u−n,w−n)≥qn, (3a)

Pn ≤ Pn ≤ Pn, ‖wn‖ = 1, (3b)

where P−n and u−n (w−n) are the joint power and Rx(Tx)-
beamforming vectors of the links other than n. cn(Pn, P−n)
is the local cost to measure the energy efficiency of the link.
Let p = (Pn, P−n). Generally, cn(p) is monotonically in-
creasing in Pn and is independent of the beamforming vectors.
qn(p,un,wn,u−n.w−n) is the measured QoS level of link
n. qn can be defined, for example, as the channel capacity
proportional to log2(1 + γn) following (2), the bit error rate
as a function of γn [10], or the probability of successful trans-
mission [11]. qn is the QoS threshold for link n, and Pn (Pn)
is the maximum (minimum) transmit power of SS n. Without
loss of generality, we assume that qn(p,un,wn,u−n.w−n) is
monotonically increasing in Pn and decreasing in Pi (∀i 6= n).

III. A TWO-STAGE APPROACH TO THE GENERALIZED
ALLOCATION PROBLEM

A. Stage I: Game-Theoretic Solution for Power Allocation

We first consider that the Tx/Rx-beamformers are fixed for all
links. Then, the generic local allocation problem in (3) becomes

∀n ∈ N : min
Pn

cn(Pn, P−n) (4)

s.t. qn(Pn, P−n|[ui]i∈N , [wi]i∈N ) ≥ qn, (4a)

Pn ≤ Pn ≤ Pn, (4b)

where the feasible strategy set of link n is coupled with P−n:

Pn ∈ Pn(P−n) = {Pn : Pn ≤ Pn ≤ Pn, qn(Pn, P−n) ≥ qn}.

Thereby, we can denote the strategy set of the game as a point-
to-set mapping P(p) =

∏N
n=1 Pn(P−n). The formulation of

the generalized Nash game is completed by defining the utility
function of player n as un(Pn, P−n) = −cn(Pn, P−n), and we
can describe the generalized game by the following 3-tuple:

G = 〈N , {Pn(P−n)}n∈N , {un(Pn, P−n)}n∈N 〉 . (5)

SS n sets un , wn ,
Pn =Pn and ε > 0

Transmit pilot with Pn

Receive Ackn ∈ {0, 1}
from DS n

Ackn = 0

Pn = Pn
Compute P ′n

according to (6)

|P ′n−Pn|≤ε
Listen to

SS-Notification
Channel (SS-NC)

Transmit over
SS-NC (blocking) Is SS-NC busy?

Update Pn = P ′n

Terminal: SS
n output Pn

Yes

Yes

No

No

No

Yes

Yes

No

Algorithm 1. Asynchronous power update for link n with fixed beamformers.
Ackn = 0 is sent by DS n upon infeasible QoS. SS n notifies the other links
of the completion of iteration by evacuating from the SS-Notification channel.

By definition, an NE of game G is a strategy profile
p∗ = (P ∗n , P

∗
−n) when ∀n ∈ N , P ∗n is the simultaneous

solution to the local problems given in (4). By the theory
of generalized Nash games [5], to ensure the existence of a
GNE, we typically need Pn(P−n) to be non-empty, closed
and convex, and cn(Pn, P−n) to be quasi-convex in Pn on
Pn(P−n), ∀n ∈ N . However, this condition may not be
satisfied for the generic local problem, as we are considering
with (4). Then, the standard KKT condition-based methods for
identifying the GNE [5] may not apply, and we need to find
alternative approaches for search of the GNE.

Suppose that player n ∈ N adopts an asynchronous strategy-
updating scheme based on local best response. By monotonicity
of un(Pn, P−n) and qn(Pn, P−n), This is equivalent to

Pn(t+1)=argmin
Pn
{Pn : qn(Pn, P−n(t))≥qn, Pn∈ [Pn, Pn]},

(6)
where Pn is adapted based on the QoS feedback qn. Using
(6), we develop an asynchronous power updating scheme in
Algorithm 1. Theorem 1 shows that Algorithm 1 is guaranteed
to either converge to a GNE, or identify the non-existence of
a GNE if some of the local QoS thresholds are impractical.

Theorem 1. Assume that G satisfies the following ∀n ∈ N :
(a) un(·) is continuous and monotonically decreasing in Pn.
(b) qn(Pn, P−n) is continuous, monotonically increasing in

Pn and decreasing in each Pi (∀i ∈ N/{n}).
By initializing ∀n ∈ N with Pn(0) = Pn, and an accuracy
parameter ε > 0, Algorithm 1 terminates in finite iterations to
either find an ε-GNE1 or report non-existence of a GNE.

Proof: Consider a sequence {p(t)}Tt=0 derived following
(6) with p(0) = [P 1, . . . , PN ]T. The local optimality is reached
within [Pn, Pn] when qn(Pn(t), P−n(t)) = qn. We begin
by examining the feasibility of p(0) and the monotonicity of
{p(t)}Tt=0. If ∀n ∈ N , Pn(0) is feasible. Then, by the definition
of NE and monotonicity of un(Pn, P−n), p(0) is a GNE.

1At an ε-GNE (P ∗n , P
∗
−n), no player can increase its utility by more than ε

with ∀Pn ∈ P(P ∗−n), namely un(Pn, P ∗−n)−un(P ∗n , P ∗−n) ≤ ε, ∀n ∈ N .



Otherwise, if Pn(0) is infeasible, i.e., qn(Pn, P−n(t)) < qn,
by monotonicity of qi(Pi, P−i), ∀i ∈ N , Pi(1) ≥ Pi(0), where
the strict inequality holds for at least one link n.

Consider two strategies p(t) and p(t + 1) in {p(t)}Tt=0,
satisfying ∀n ∈ N : Pn(t+1) ≥ Pn(t). Then, by monotonicity
of qn(Pn, P−n), ∀n ∈ N : Pn(t+ 2) ≥ Pn(t+ 1). Otherwise,
if ∃n : Pn(t+2) < Pn(t+1), with Pi(t+1) ≥ Pi(t), ∀i 6= n,

qn = qn(Pn(t+1), P−n(t)) > qn(Pn(t+2), P−n(t+1)), (7)

which contradicts with the feasibility condition in (6). There-
fore, {p(t)}Tt=0 is monotonically increasing. Meanwhile, all
the strategies in [Pn(t), Pn(t + 1)) are infeasible against the
minimum possible adversary strategy P−n(t).

By monotonicity of qn(Pn, P−n), if any player n finds an
infeasible Pn(T ) at time T ≥ 1, it ends up with Pn(T ) =
Pn. This indicates that no feasible solution exists. Otherwise,
a monotonically increasing sequence {p(t)}∞t=0 exists (it might
converge in finite time). By compactness of P(p), we have

lim
t=∞

p(t) = p∞ ∈
∏
n∈N

[Pn, Pn]. (8)

By construction of the strategy sequence as well as continu-
ity of qn(Pn, P−n), p∞ is feasible and q(P∞n , P∞n ) = qn.
Assume that for player n some feasible strategy P̂n exists
s.t. u(P̂n, P∞n ) > u(P∞n , P∞n ). Then, by monotonicity of
un(Pn, P−n) and qn(Pn, P−n), we have P̂n < P̂∞n and
q(P̂n, P

∞
n ) < q(P∞n , P∞n ) = qn, contradicting our assumption

that P̂n is feasible w.r.t. P∞−n. By definition, p∞ is a GNE.
Finally, if (8) exists, by continuity of

∏
n∈N [Pn, Pn], ∃t <

∞, s.t. ∀t′ ≥ t, ‖p(t′) − p∞‖∞ < ε, where by definition and
continuity of un(Pn, P−n), p(t) is an ε-GNE.

B. Practical Case of the Energy-aware Problem in mmWave
Infrastructure Networks

We provide an instantiation of the generic energy-aware
game, where each link aims to minimize its supply power.
According to [12], the link supply power is mainly determined
by the linear baseband power consumption and the nonlinear
power consumption of the Power Amplifier (PA) due to input
saturation at the RF chain, which takes the form of an S-shaped
function of the transmit power. We adopt the following model
for cn(Pn, P−n) in the local problem described in (3):

cn(Pn) =

{
µ− 1

α log
(
Pn/Pn − 1

)
, if Pn > Pn,

µ− 1
α log

(
Pn/Pn − 1

)
, if Pn ≤ Pn,

(9)

where Pn is the maximum achievable transmit power (due to
PA saturation) of SS n, Pn is the minimum effective transmit
power, µ is the shifter parameter to reflect the impact of the
baseband power, and α is the slope parameter to reflect the PA
characteristics. The piece-wise expression of cn(Pn) is adopted
to capture the power level required for maintaining the circuit.

Consider that the QoS of link n is measured as a non-
decreasing function of γn, qn(γn), based on (2). Equivalently,

the QoS constraint in (3a) can be rewritten w.r.t. (Pn, P−n) as:

Pn‖uH
nHn,nwn‖2−γn

(
‖uH

nηn‖2+
∑
i 6=n

Pi‖uH
nHi,nwi‖2

)
≥ 0,

(10)
where γn indicates the minimum allowable SINR that cor-
responds to qn in (3a). Note that the strategy coupling of
the instantiated game exists in the QoS constraint instead of
the cost function. By exploiting the structure of the link-cost
function (9), we can show in Corollary 1 that the NE strategies
obtained with Algorithm 1 align with the socially optimal
power allocation, by constructing a generalized potential game.

Corollary 1. Assume that ∀n ∈ N , un(Pn, P−n) =
−cn(Pn, P−n) is independent of P−n (see also (9)). Then, if a
GNE p∗ is reached with Algorithm 1, p∗ is socially optimal.

C. Stage II: Iterative Beamforming Based on Decentralized
Power Adaptation

Now, we consider that the powers of all the links are updated
using Algorithm 1 in a one-shot GNE game. To ensure that the
receiving filter of DS n, un (n ∈ N ), satisfies the general-
ized QoS requirement in (3a) with fixed Tx-beamformers, we
introduce the local MSE-based criterion for designing un:

u∗n = argmin
un

{
MSEn = E

{
‖ŝn − sn‖2

}}
, (11)

where ŝn = uH
nyn following (1). Suppose that ∀n ∈ N , sn

is an independent zero-mean complex Gaussian signal. For the
SS-DS link n to minimize MSEn, we need ∂MSEn/∂un=0.
After some algebraic manipulation, we obtain

u∗n =
√
Pn
(
PnHn,nwnw

H
nH

H
n,n +Rn

)−1
Hn,nwn, (12)

where Rn =
∑
i 6=n PiHi,nwiw

H
i H

H
i,n + σ2

nI denotes the
covariance matrix of the interference plus noise at DS n.
Acquiring the MMSE receiving filter in (12) only needs local
channel estimation and standard interference measurement at
the DS. Therefore, u∗n can be computed independently at each
DS as long as the transmit powers and the Tx-beamformers of
the links remain unchanged. We consider that the QoS of link n
is measured as a function of the SINR γn in (3a), for instance,
as given in (10). By the fact MMSEn = E{‖s‖2}/(1+γn) [13],
adopting the MMSE receiving filter in (12) helps to reduce Pn
for any given (w1, . . . ,wN ) at the equality condition of (3a).
This leads to the findings in Theorem 2.

Theorem 2. Assume that the distributed resource control
problem in (4) has a feasible solution for fixed Tx-beamformers.
Then, if an SINR-based QoS metric qn(γ) is adopted, the
iterative update of powers and Rx-beamformers, by sequentially
applying (12) and Algorithm 1, is guaranteed to converge.

Proof: Omitted due to space limit.
Assume that Hi,n and (Pi,ui,wi) are unknown to link n,

(∀i 6= n). Then, with an SINR-based QoS constraint (e.g.,
(10)), a myopically optimal Tx-beamforming solution w∗n can
be attained by treating the overall interference from the other



Algorithm 2 Two-stage search for joint power allocation and
Tx-Rx beamforming
Require: ∀n∈N : set Pn=Pn and random (un,wn). Select χ > 0.

1: repeat
2: ∀n ∈ N : P ′n ← Pn, u′n ← un and w′n ← wn

Stage 1:
3: ∀n ∈ N : update Pn following Algorithm 1 with ui and wi

(i ∈ N )
Stage 2:

4: for all ∀n ∈ N do
5: Update un according to (12) with Pi, u′i and w′i (i ∈ N )
6: Update wn only once with the myopic matched filter (13)
7: end for
8: until ∀n ∈ N : ‖un−u′n‖ ≤ χ or ∃Pn ∈ N , Pn is infeasible in

Stage 1

links as stationary noise, and then maximizing the perceived
signal-to-noise ratio by solving

w∗n = argmax
wn
‖uH

nHnwn‖2 s.t. ‖wn‖2 = 1, (13)

which is derived from (2). This leads to the well-known form
of the matched filter for a single link, and the myopic solution
w∗n to (13) can be obtained as the eigenvector corresponding to
the maximum eigenvalue of HH

nunu
H
nHn. With (13) and our

findings in Theorem 2, we are ready to propose a two-stage
joint power and beamforming control scheme in Algorithm 2.

IV. SIMULATION RESULTS

We note that the static Tx-beamformer in Algorithm 2 can
be replaced by other iterative methods using inter-link coordi-
nation. To evaluate the efficiency of Algorithm 2 (“Matched
Filter Tx-BeamForming (BF)”) using iterative MMSE Rx-
beamforming and GNE-based power adaptation, we introduce
two baseline algorithms of joint resource allocation for perfor-
mance comparison: “Iterative Zero Forcing (ZF)” [14] and the
globally optimal “Coordinated Tx-BF” [15], both of which are
based on fully coordinated beamformer-power control. We also
compare two iterative Tx-beamforming schemes with different
inter-link information sharing levels in the proposed framework:
“Local-MSE Tx-BF” and “Coordinated-MSE Tx-BF” [16]. In
our experiments we randomly place each SS/DS in the plane
with roughly equal distance between the neighbor stations. We
ensure that the inter-link interference is mainly caused by the
tier-1 neighbor stations of each DS, such that a sufficiently
good SINR (e.g., 20dB) can be achieved at each link. we set
the number of antennas of both the SS and the DS to be 8, and
the spectrum efficiency of link n is measured as log(1 + γn).

As shown by the overlapping curves in Figures 1(a) and 1(b),
our proposed algorithm with static Tx-beamformer achieves
the same level of performance as the reference algorithm
of fully “Coordinated Tx-BF” as well as the two iterative
Tx-beamforming schemes with different information exchange
levels. This indicates that by separating the power allocation
process from the beam pattern formation, we can compensate
the lack of information about the interfering channels and the
Tx-beamforming strategies of the other links, and obtain a near
optimal performance. In contrast, the “Iterative ZF” scheme
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Fig. 1. Performance comparison for different allocation schemes with Monte
Carlo simulation. (a) Sum of supply power vs. link number. (b) Sum of
spectrum efficiency vs. link number. (c) Number of iterations to convergence
vs. link number. (d) Normalized running time to convergence vs. link number.

with coordination is not able to achieve the same level of
performance as the proposed algorithm when the number of
links exceeds the number of antennas, since the performance
of ZF is limited by the degrees of freedom of the interference
channels. In Figures 1(c) and 1(d), the overlapping curves
indicates that within the two-stage framework of joint power
and beamforming control, our proposed scheme achieves the
lowest time complexity, while the more coordination needed
for iterative Tx-beamforming, the more complex the algorithm
becomes. However, after separating power control from beam-
former control, the increased complexity of the Coordinated-
MSE Tx-BF does not lead to a significant improvement of the
network performance.

V. CONCLUSION

We investigated the problem of energy-efficient joint power
and beamforming control in an ad-hoc MIMO system under
strategy-coupling QoS constraints, which corresponds to the
practical scenario of wireless backhauls in mmWave networks.
A two-stage, decentralized allocation scheme was proposed
based on iterative adaptation of the MMSE receiver and the
formulation of a generalized non-cooperative power allocation
game. Theoretical findings regarding the algorithm convergence
for the generalized Nash game for power allocation were
presented under a general setting (e.g., with non-convex QoS
constraints and cost functions). When certain properties are
satisfied by the utility/QoS functions of the links, the game-
based scheme is suitable for a wide range of practical allocation
problems. Our simulation results showed that after separating
the process of beam pattern control from power control, the
power allocation stage becomes the dominant factor in the
performance of the network, and the performance degradation
of the myopic Tx-beamforming scheme is negligible.
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