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Abstract: MIMO over-the-air computation (MIMO-AirComp) is a recently proposed technique
that leverages the superposition property of the multiple access channel to compute the target
multifunction of various applications. This article presents how the MIMO-AirComp principle can
be applied to the state estimation problem using distributed sensing data. The representative target
function is explicitly formulated as a nomographic function matched to the structure of the multiple
access channel with the proper processing function. The proposed framework efficiently computes
the target multifunction by coordinating local preprocessing at each node, aggregation through the
wireless channel, and postprocessing at the fusion center. We analyze and demonstrate that the
proposed approach significantly improves the computation throughput for the distributed estimation
application. Specifically, the proposed MIMO-AirComp framework outperforms the conventional
separated communication and computation approach when the network system relies on noisy
measurements obtained by the densely deployed sensors.

Keywords: over-the-air computation; MIMO; distributed estimation

1. Introduction

Many estimation applications rely on real-time data collection and processing from
spatially deployed wireless devices, which are used for time-critical inference and deci-
sions [1–3]. In particular, some emerging services, such as surveillance, networked control,
and distributed artificial intelligence, are interested in computing a target function using
distributed measurements rather than collecting all individual measurements from an enor-
mous number of devices [4–6]. Furthermore, some latency-critical control systems require
a very low delay to estimate the system state in the order of 1–10 ms with a large number
of nodes 102–103 [7]. Thus, these services primarily need high computation throughput,
defined as the rate of computing outputs from nodes to a Fusion Center (FC), rather than
the communication throughput of conventional wireless networks [8]. The FC (the nodes,
respectively) can be an access point, base station, parameter server, or central controller
(the user equipment, edge device, and sensor, respectively), depending on the application
domain [1,9].

Even with new techniques, a conventionally separated communication and computa-
tion principle encounters fundamental challenges due to the stringent throughput/delay
requirements and the heavy computational load due to the limited spectrum bandwidth
with resource-constrained devices [2,5,10]. For instance, the 5G standardization has re-
cently introduced new wireless communication and computing techniques such as massive
Multiple-Input Multiple-Output (MIMO), millimeter-wave, network slicing, and edge com-
puting [4,11]. However, despite these breakthrough technologies, practical 5G networks
only achieve an average data rate of around 150–200 Mb/s with a delay of 10–100 ms [12].

One of the interesting information-theoretical results shows that the superposition
property of the multiple access channel enables efficient aggregation of the distributed
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signals [5,13]. For instance, the simultaneous transmission automatically computes a linear
combination of the measurements, exploiting the interference among the signals. Thus, the
wireless channel operates as a distributed computer for various target functions of emerging
applications. The over-the-air computation (AirComp) has been developed to leverage the
inherent broadcast nature of the wireless channel to efficiently fuse the distributed data [14].
In particular, the recently proposed MIMO-AirComp enables multifunction computation
through spatial multiplexing while improving the link reliability under a harsh channel
condition [15,16]. The MIMO-AirComp is a new communication and computation design
approach to improve the computation throughput while reducing the spectrum usage and
the delay for the massive Internet of Things (IoT).

This article bridges the gap between the MIMO-AirComp and distributed estima-
tion applications. We present how the representative target function of the distributed
estimation problem is converted to the nomographic function with the proper processing
function. The proposed framework consists of the preprocessing function of each node,
the collaborative aggregation of the wireless channel, and the postprocessing function of
the FC. The analysis and preliminary results demonstrate that such a design improves
the computation throughput of the distributed estimation. Furthermore, we show the
operating condition for using the proposed MIMO-AirComp compared to the conventional
separated design approach for the overall system performance.

Most existing works investigate the optimization problem of the transmit and receive
beamforming gain to minimize the computation error of the AirComp [15,17–19]. Some
recent surveys have only provided a general overview of the AirComp for various applica-
tions [12,20]. On the other hand, several distribution estimation techniques have mainly
focused on the design of the local processing function without considering the communica-
tion aspects [21,22]. In contrast, this paper explicitly considers the target function of the
distributed estimation problem with the MIMO-AirComp framework.

The rest of the paper is organized as follows. Section 2 briefly presents the techni-
cal background of the MIMO-AirComp. In Section 3, we present the MIMO-AirComp
framework to compute various target multifunctions over the fading channel. Section 4
illustrates how the proposed MIMO-AirComp framework efficiently computes the target
function of the distributed estimation. Section 5 evaluates the performance of the proposed
approach compared to the conventional separated approach. Finally, we conclude the
paper in Section 6.

2. MIMO-AirComp Fundamentals

We consider K wireless nodes, each having a set of data yk = [yk,1, . . . , yk,Ly ]
> ∈

RLy , ∀k ∈ {1, . . . , K} and a single FC as depicted in Figure 1. This paper assumes a
centralized star network topology, where all K nodes contend to send data to the FC, which
is the data sink. Each node generates Ly heterogeneous sensing measurements. Multiple
antenna arrays are equipped on all devices, where each node has Ntx transmit antennas,
whereas the FC has Nrx receive antennas. Assuming symbol-level synchronization, all
nodes concurrently send their symbol vectors via their arrays.

The application aims to compute L f target functions using all of the set of data
D = {yk,l | yk,l , ∀k = 1, . . . , K, l = 1, . . . , Ly}

f(D) : RK×Ly → RL f . (1)

In theoretical computer science, every real-valued multivariate function can be repre-
sented in its nomographic form as a function of a finite sum of univariate functions [15,23].
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Definition 1 (Nomographic Function). The function rl(d1,l , . . . , dK,l), ∀l ∈ {1, . . . , Ld} is a
nomographic function, if there is a set of preprocessing functions αk,l : R→ R, ∀k ∈ {1, . . . , K}, ∀l ∈
{1, . . . , Ld} and a postprocessing function βl : R→ R, ∀l ∈ {1, . . . , Ld}, such that

rl(d1,l , . . . , dK,l) = βl

(
K

∑
k=1

αk,l(dk,l)

)
, ∀l ∈ {1, . . . , Ld} . (2)

 Node ⊗

⊗

⊗

Raw data
Transmit 

beamformming

 Node

 Node

Multiple-
access channel

Receive 

beamformming
Target function

⊕

⊗

⊗
Noise

⊗

⊗

µ1

d2

dK

µ2

H1

H2

HKµK

n

ν

d̂
 

MIMO-AirComp

f̂ ≈ f

y1

y2

yK

Post-processingPre-preprocessing

Node

ŝ
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Figure 1. System diagram of the proposed MIMO-AirComp framework consisting of the local
preprocessing of nodes, the aggregation of the wireless channel, and the postprocessing at the FC.

The AirComp allows the devices to simultaneously transmit their signal vectors to
harness the superposition property of the interference in order to compute the nomographic
function [13,14]. Thus, it theoretically completes the computation of the nomographic
function of the distributed data in one single time unit (i.e., in a symbol level).

Any continuous function of n variables can be represented as a summation form
with a maximum of (2n + 1) nomographic component functions [23]. In other words,
the AirComp requires at most (2n + 1) channels to compute any function of n variables.
However, many emerging applications still face fundamental technical challenges due to
the stringent throughput/delay requirements over the limited spectrum bandwidth. In
Section 4, we explicitly convert the target function of the distributed estimation to the
nomographic function with proper processing functions.

3. The Proposed MIMO-AirComp Framework

Figure 1 illustrates the detailed operations of the proposed MIMO-AirComp frame-
work to compute various target functions over the fading channel with additive noise. The
target function is computed by exploiting the collaboration between multiple nodes, the
wireless channel, and the FC. Each node preprocesses the raw measurement to input to the
aggregation function of the wireless channel, whereas the FC applies the postprocessing
function on the superimposed received signal.

• Preprocessing at the node: The local preprocessing function of the nodes converts
the raw data yk ∈ RLy to the multimodal symbol vector dk ∈ RLd in order to input
the MIMO-AirComp. The application-dependent function φk : RLy → RLd is applied
to the raw data yk and generates sk to distribute the computation load of the target
function. In addition, the source encoder η : RLd → RLd is the element-wise mapping
from data sk to the transmit symbol dk, such that the symbol is used to compute the
target function through the MIMO-AirComp. Thus, the input symbol vector to the
MIMO-AirComp with the preprocessing becomes

dk = η(φk(yk)) . (3)
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• MIMO-AirComp: Let us denote d = ∑K
k=1 dk as the desired vector of the MIMO-

AirComp for ease of exposition. The overall operation of the MIMO-AirComp is to
apply the transmit beamforming matrix µk ∈ CNtx×Ld to each preprocessed signal dk
and the receive beamforming matrix ν ∈ CNrx×Ld to the received signals [15]. The
fading channel model consists of the MIMO channel matrix Hk ∈ CNrx×Ntx for the link
from node k to the FC and the additive white Gaussian noise vector with independent
identically distributed elements n ∈ CN (0, σ2

cnI). Each MIMO channel is subject
to independent identically distributed Rayleigh fading, modeled as independent
identically distributed complex Gaussian random variables with zero mean and unit
variance. Then, the received symbol vector by the FC is

d̂ = νH

(
K

∑
k=1

Hkµkdk + n

)
, (4)

which is the superimposed received signal sent by each node over the fading channel.
Thus, the MIMO-AirComp essentially converts the set of the transmitted symbol of all
nodes {dk}K

k=1 to d̂ ∈ RLd .

• Postprocessing at the FC: The postprocessing function of the FC estimates the target
vector f ∈ RL f by using the aggregated received vector d̂ ∈ RLd . It first applies the
source decoder η−1(·) in order to extract ŝ ≈ ∑K

k=1 sk, where ŝ is the vector required
at the application layer. Then, the application-dependent function ψ(·) is applied
to ŝ ∈ RLd to obtain the estimated target vector f̂ ∈ RL f . Thus, the postprocessing
function of the FC is

f̂ = ψ(η−1(d̂)), (5)

where ψ : RLd → RL f can be a highly nonlinear function dependent on the application.

The computation task of processing K signals is divided into (K + 1) small tasks φ1(·), . . . ,
φK(·), ψ(·) for the nodes and the FC, respectively. It greatly reduces the computation
complexity of the FC, especially when K is large.

While similar system models are presented in [15,16], the core components of the pre-
processing and postprocessing functions are not well defined for practical applications. Our
proposed system model decomposes the preprocessing function (the postprocessing func-
tion, respectively) into the application-dependent preprocessing function (the application-
dependent postprocessing function, respectively) and the source encoder (source decoder,
respectively).

3.1. Source Encoder/Decoder

Much of the existing AirComp research assumes that the source data of the nodes
follow the standard normal distribution with zero mean and unit variance, dk ∈ N (0, I) [15,
17,18]. One of the simplest source encoders is to convert the source data with the standard
normal distribution. Thus, the source encoder η(·) normalizes the random variable sk as

dk = (sk − s)�
√

σ2
ed + ε, (6)

where s ∈ RLd and σ2
ed ∈ RLd are the element-wise mean and variance of sk of all nodes,

respectively, ε is the small constant vector, and� is the element-wise division. The constant
vector ε prevents the numeric problem when the variance converges to 0, such as the
consensus problem [10,24]. Note that the state estimation application computes the mean
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s and variance σ2
ed of sk based on the specification or experimental measurements. By

considering Equation (6), the source decoder η−1 then becomes

ŝ =
√

σ2
ed + ε ◦ d̂ + νH

(
K

∑
k=1

Hkµks

)
, (7)

where ◦ is the element-wise product.

3.2. Optimization

In Equation (4), the transmit and receive beamforming attempts to reduce the distor-
tion of the received vector with respect to the desired vector d by compensating the fading
MIMO channel with additive noise. Note that the receive beamforming is applied to both
the aggregated received K symbol vectors and the noise. The mean square error (MSE) is
commonly used as the performance metric to evaluate the distortion of the received vector
compared to the desired one. Thus, the joint beamforming optimization problem of the
MIMO-AirComp has the objective of minimizing the MSE, subject to the constraints in the
transmit and receive beamforming matrix; namely,

min
µ,ν

‖ d− d̂ ‖2
2 (8)

µ ∈ µ̃, ν ∈ ν̃, (9)

where µ̃ and ν̃ are the feasible sets of the transmit and receive beamforming matrices,
respectively. Several recent works have considered the similar optimization problem of the
transmit and receive beamforming gains [15,17–19].

4. Distributed Estimation using MIMO-AirComp

This section discusses the integration of the proposed MIMO-AirComp framework to
estimate the system state from spatially distributed sensor readings [12,21].

We consider multiple sensors that measure a time-invariant variable and transmit it
to the FC. The FC is responsible for processing the sensors’ data to extract an interesting
parameter. We assume a random variable x ∈ RLx being observed by K sensors that
generate measurements yk ∈ RLy of the form

yk = Ckx + vk, ∀k = 1, . . . , K, (10)

where Ck ∈ RLy×Lx is the observation matrix, and vk ∈ N (0, Rv,k) is a white Gaussian
noise with covariance matrix Rv,k ∈ RLy×Ly of node k.

The objective of the state estimation problem is to obtain an estimate of x given
all the measurements y = [y>1 , . . . , y>K ]

> ∈ RKLy . Note that the length of the desired
vector is Ld = Lx. Let us denote the estimate of x based on all measurements {yk}K

k=1
(respectively, only the measurement yk) by x̂ (respectively, x̂k). The conventional minimum
MSE estimation problem uses the linear estimator x̂ = Gy, where the estimator is linear
with the state measurements [21]. The linear estimation of x becomes

P−1x̂ =
K

∑
k=1

P−1
k x̂k, (11)

where P ∈ RLx×Lx (resp. Pk ∈ RLx×Lx ) is the error covariance corresponding to x̂ (resp. x̂k).
The error covariance satisfies

P−1 =
K

∑
k=1

P−1
k − (K− 1)R−1

x , (12)
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where Rx ∈ RLx×Lx is the covariance of x [22]. In Equation (11), each estimate x̂k is
weighted by the inverse of the error covariance matrix. The higher the confidence we have
in a particular sensor, the higher the trust we place in its measurement.

In Equation (11), the weighted estimation P−1
k x̂k of node k is

P−1
k x̂k = C>k R−1

v,k yk, (13)

where x̂k only depends on the local parameters of Pk, Ck, and Rv,k and the local measure-
ment yk [22]. Thus, the form of the global estimator of Equation (11) follows the linear form
with the measurement yk.

The estimation problem is solved if the FC has access to all local measurements of
sensors at every time step. However, this conventional separated communication and
computation approach is not the preferred implementation due to the high communication
and computation loads. In particular, the FC needs to handle matrix operations whose
size grows in proportion to the number of sensors in the global estimator of Equation (11).
Thus, we attempt to transmit the sensing reading after some local processing rather than
transmitting raw measurements to reduce the computational burden.

Equation (11) essentially shows that what we need at the FC is a weighted mean of the
local estimates P−1

k x̂k. By inputting Equation (13) into Equation (11), the target estimated
state x̂ forms the nomographic function. Thus, the proposed framework computes the
linear estimation x̂ over the MIMO channel as

x̂ = P︸︷︷︸
ψ

η−1


νH




K

∑
k=1

Hkµkη(C>k R−1
v,k︸ ︷︷ ︸

φk

yk) + n





, (14)

where dk = η(C>k R−1
v,k yk) ∈ RLx is the input multimodal symbol vector after the local

preprocessing, and ψ = P is the application-dependent postprocessing function.
The proposed distributed estimator using the MIMO-AirComp consists of a three-step

procedure:

1. First, all nodes generate the input multimodal symbol vector dk through the local
preprocessing function η(C>k R−1

v,k yk).

2. Then, the MIMO-AirComp applies the appropriate transmit beamforming matrix
µk of node k and the receive beamforming matrix ν of the FC to compute d̂ while
compensating for the channel fading and noise.

3. Finally, the FC estimates x̂ after the postprocessing operation Pη−1(·) to the aggregated
received vector d̂.

The proposed MIMO-AirComp framework reduces the computation complexity of
the FC by delegating some computational load to the nodes. Each node runs the matrix
multiplication Wkyk, where Wk = C>k R−1

v,k ∈ RLx×Ly is the precomputed weight matrix.
Then, the source encoder applies the element-wise division to sk ∈ RLd . Since each node
only needs to compute a linear combination of its sensing vector as the local preprocessing
function, this low-complexity algorithm can be implemented on typical wireless embedded
systems with low energy consumption [25]. Furthermore, the wireless channel enables the
automatic matrix summations involved in the global estimation due to its superposition
property. In addition, the communication delay is also very small, as all nodes simultane-
ously transmit their scaled state measurements. The result with the star topology can be
generalized for the arbitrary graphs with the lines of the average consensus algorithms
(see, e.g., [26]).
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5. Performance Evaluation

This section investigates how the proposed MIMO-AirComp framework performed
for distributed estimation. For numerical experiments, we considered the conventional
localization scenarios of mobile vehicles, where the target vehicle determined its position
by measuring the direction and/or range to nearby beacon nodes whose positions were
known [27]. The target vehicle estimated the position using the received signal strength
of the wireless signals transmitted by K beacon nodes [28]. We placed the target vehicle
at x = [20 10]>, whereas the K beacon nodes were randomly deployed in the range of
100 m× 100 m around the target position. The linear observation model of the position
estimation of beacon k is

ỹk =

[−1 0
0 −1

]
x + bk + vk, ∀k = 1, . . . , K, (15)

where bk ∈ R2 is the position vector of beacon k, and vk ∈ R2 is the measurement noise.
By defining the debiased measurement state yk = ỹk − bk, Equation (15) has the form
comparable to Equation (10). Each beacon only multiplied the (2× 2) matrix with the
(2× 1) vector as the local preprocessing and ran the element-wise division of the (2× 1)
vector as the source encoder. In addition, a sliding window average was used to reduce the
impact of the measurement noise on the position estimation.

To minimize the computation error, the differential geometry was used to derive the
close-to-optimal transmit and receive beamforming gains of the MIMO-AirComp [15]. We
used the solution of the weighted centroid of points on a Grassmann manifold as the joint
beamforming matrix of the MIMO-AirComp framework.

We compared the proposed approach to a conventional separated communication and
computation approach, where the global estimation of Equation (11) uses all individually
received measurements through the Time Division Multiple Access (TDMA) scheme. The
link reliability of the TDMA scheme was set to the block error rate of the 5G physical
uplink control channel [29]. We note that this scheme provided extremely reliable commu-
nication performance for our considered range of network parameters. Furthermore, the
measurement collection delay using the TDMA scheme was proportional to the number
of nodes. For a fair comparison, the TDMA scheme allowed updating the position states
when it received more than three beacon signals by considering the previously received
information.

For the numerical analysis, we defined the performance metric called the service delay
based on the settling time of a dynamical system [30]. The service delay Ts is the elapsed
time for the system curve to reach and remain within a specified error norm bound δ to the
ideal value r:

Ts = min{t > 0 : ‖x(t′)− r‖ ≤ δ‖r‖ , ∀t′ ≥ t}. (16)

The inverse of the service delay 1/Ts is analogue to the computation throughput. The
network parameters such as the reliability and node density heavily affect the service delay.
Furthermore, we showed the performance of the state estimation in terms of the root mean
square error (RMSE) of the estimated state to the target position after 5 s.

We analyzed the service delay and the RMSE of the proposed framework for the
various number of nodes, antenna configurations, channel noise, and measurement noise.
We considered various channel noises with variance σ2

cn = 1, 0.5, which corresponded
to the average SNR between 0dB and 3dB with the maximum transmit power. We also
considered various measurement noises with covariance matrix Rv,k = σ2

snI. For simplicity,
we considered the block fading channels, where the wireless channels remained unchanged
within each time slot but may change from one slot to another. We assumed that the
channel coefficients over different time slots were generated from a stationary and ergodic
stochastic process. In each time slot, the channel coefficients were generated following
Rayleigh fading with unit variance. We set the maximum beamforming gain µ ≤ 1, the
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MIMO configuration Ntx = Nrx = 3, and the error norm bound δ = 0.01, unless otherwise
stated. We calculated the service delay and the RMSE using 1000 Monte Carlo simulation
results, where each simulation ran 10 s with 10 ms unit time.

Figure 2 plots the estimated position states x̂1 and x̂2 by using MIMO-AirComp and
TDMA with different numbers of beacon nodes K = 4, 20 over time. We set σ2

cn = 1
and σ2

sn = 0.9. The solid bold lines present the actual position in two-dimensional space.
Both schemes stabilized in all scenarios but at different rates, heavily depending on the
node density.

(a) Estimated position state x̂1. (b) Estimated position state x̂2.
Figure 2. Estimated position states x̂1 and x̂2 of the MIMO-AirComp and TDMA with different
numbers of beacon nodes K = 4, 20 over time.

For the small number of nodes K = 4, the overall estimated states of the TDMA
were slightly better than those using the MIMO-AirComp. On the other hand, the MIMO-
AirComp provided a faster convergence of the estimated states compared to that of the
TDMA scheme when the number of nodes K = 20 was large. Moreover, the MIMO-
AirComp considerably reduced the stationary error without having significant oscillation.
In each time step, the MIMO-AirComp efficiently aggregated the sensing data of many
beacon nodes. The TDMA, on the other hand, was almost independent of the node
population, since it updated the position states in each received beacon information. The
MIMO-AirComp showed a significant improvement in the state estimation performance
with K = 20. We analyzed further details of the static estimation performance on the service
delay and RMSE by considering the impact of the channel and measurement noise, the
node population, and the antenna configuration.

Figure 3 shows the average service delay and RMSE using MIMO-AirComp and
TDMA with different parameters σ2

cn = 0.5, 1 and σ2
sn = 0.3, 0.9 for the various numbers of

nodes K = 4, . . . , 20. One interesting observation was that the MIMO-AirComp and TDMA
provided considerably different behavior as a function of different node populations. While
the MIMO-AirComp improved the service delay and the RMSE to meet the error bounds
as K increased, the TDMA scheme showed an approximately constant service delay and
RMSE, even after adding more nodes. This was because the MIMO-AirComp with a large K
essentially suppressed the noise variance due to the wireless channel and the measurement
in each time slot. On the other hand, the TDMA scheme mainly reduced the channel noise
at the cost of the time delay.
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Figure 3. Average service delay and RMSE of the MIMO-AirComp and TDMA with different
parameters σ2

cn = 0.5, 1 and σ2
sn = 0.3, 0.9 for various numbers of beacon nodes K = 4, . . . , 20.

The higher amount of sensing noise σ2
sn = 0.9 naturally degraded the service delay

and the RMSE of the MIMO-AirComp and the TDMA more than with the lower amount
of sensing noise σ2

sn = 0.3. Under both types of sensing noise σ2
sn = 0.3, 0.9, the TDMA

scheme outperformed the MIMO-AirComp for the small number of nodes K ≤ 10, while
the MIMO-AirComp performed better for a large number of nodes K > 10.

The TDMA scheme provided a similar service delay and RSME even with different
amounts of channel noise σ2

cn = 0.5, 1, since it achieved extremely reliable link performance
under the harsh channel condition σ2

cn = 1. On the other hand, the low amount of channel
noise σ2

cn = 0.5 considerably reduced the service delay and the RMSE of the MIMO-
AirComp compared to that with the higher amount of channel noise σ2

cn = 1. In particular,
the MIMO-AirComp remarkably outperformed the TDMA scheme when the sensing noise
σ2

sn = 0.9 was high but the channel noise was low, σ2
cn = 0.5 for K ≥ 6. On the other hand,

under the harsh channel condition σ2
cn = 1, both the average service delay and the RMSE

of TDMA were prominent compared to that using the MIMO-AirComp for the limited
number of nodes K ≤ 10.

The TDMA reliably delivered the sensing data over the harsh wireless channel at the
cost of the time delay to collect each measurement dependent on the node population. While
the global estimation of Equation (11) reduced the impact of the sensing noise, the time
delay still heavily affected the overall service delay and the RMSE. On the other hand, the
MIMO-AirComp compensated for both the channel and measurement noise by aggregating
the sensing data each time, while it was still vulnerable to the channel noise. The noise
suppression gain of the MIMO-AirComp was strong under the favorable wireless condition
(i.e., low amount of channel noise) and weak under the hostile one (i.e., high amount
of channel noise). The adverse effects of the different wireless conditions diminished
with the increased node population. Thus, the performance gain of the MIMO-AirComp
compared to the TDMA increased when the network consisted of a large number of noisy
measurements under the fair channel condition. Our framework efficiently computed the
target multifunction relying on massive IoT networks, where the densely deployed wireless
nodes are typically built on low-cost sensors.

Next, we investigated how the MIMO configuration affected the service delay and the
RMSE of both the MIMO-AirComp and TDMA for the limited number of beacon nodes.
Figure 4 presents the average service delay and the RMSE using MIMO-AirComp and
TDMA with different Ntx = Nrx = 3, 4, 5 for various amounts of channel noise σ2

cn =
0.1, . . . , 1. We set σ2

sn = 0.6 and K = 6. The TDMA scheme provided an almost flat service
delay and RMSE independent of the channel noise and the MIMO configuration, since it
already achieves extremely reliable performance even with Ntx = Nrx = 3. On the other
hand, the average service delay and the RMSE using the MIMO-AirComp increased linearly
with the channel noise. Adding more MIMO antennas Ntx = Nrx = 4, 5 considerably
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reduced both the average service delay and the RMSE of the MIMO-AirComp by effectively
compensating for the harsh channel condition.
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(a) Average service delay.
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(b) RMSE.
Figure 4. The average service delay and the RMSE of the MIMO-AirComp and TDMA with different
Ntx = Nrx = 3, 4, 5 for various amounts of channel noise σ2

cn = 0.1, . . . , 1.

6. Conclusions

This article presented the MIMO-AirComp framework to efficiently compute the target
multifunction of various applications while reducing the spectrum utilization and delay
of wireless networks. The representative target function of the distributed estimation was
explicitly converted to the nomographic function, which was matched to the structure of
the multiple access channel with proper processing functions. The proposed framework ef-
ficiently computed the nomographic function by collaborating with the local preprocessing
at each node, the signal aggregation of the wireless channel, and the postprocessing at the
fusion center. The MIMO-AirComp framework with a large number of nodes suppressed
the noise impact of both the wireless channel and the measurement, while the convention-
ally separated communication and computation approach mainly reduced the impact of
the channel noise at the cost of the time delay to collect measurements. Specifically, the
proposed approach achieved a high computation throughput compared to the conventional
approach when the network relied on a large number of noisy measurements obtained by
distributed sensors under the fair channel condition.
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