
19570 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 23, NO. 12, DECEMBER 2024
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Abstract— In this work, we investigate federated edge learning
over a fading multiple access channel. To alleviate the com-
munication burden between the edge devices and the access
point, we introduce a pioneering digital over-the-air computation
strategy employing q-ary quadrature amplitude modulation,
culminating in a low latency communication scheme. Indeed,
we propose a new federated edge learning framework in which
edge devices use digital modulation for over-the-air uplink
transmission to the edge server while they have no access to the
channel state information. Furthermore, we incorporate multiple
antennas at the edge server to overcome the fading inherent in
wireless communication. We analyze the number of antennas
required to mitigate the fading impact effectively. We prove a
non-asymptotic upper bound for the mean squared error for
the proposed federated learning with digital over-the-air uplink
transmissions under both noisy and fading conditions. Leveraging
the derived upper bound, we characterize the convergence
rate of the learning process of a non-convex loss function in
terms of the mean square error of gradients due to the fading
channel. Furthermore, we substantiate the theoretical assurances
through numerical experiments concerning mean square error
and the convergence efficacy of the digital federated edge learning
framework. Notably, the results demonstrate that augmenting the
number of antennas at the edge server and adopting higher-order
modulations improve the model accuracy up to60% .

Index Terms— Blind federated learning, digital modulation,
federated edge learning, over-the-air computation.

I. INTRODUCTION

I N RECENT years, the surge in mobile device utiliza-
tion coupled with advancements in sensing and machine
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learning technologies has facilitated the easy acquisition of
mobile data to train machine learning models. Despite this,
the heterogeneous and decentralized nature of these data
poses a significant challenge. This is particularly evident if
one wants to guarantee the optimal performance of models
trained locally on individual devices when applied to data
from other devices. One potential solution is centralizing data
from various devices to a cloud repository for collaborative
model training. However, this strategy is often impractical due
to substantial communication costs, data privacy issues, and
different device hardware specifications [1].

An alternative approach gaining traction is federated learn-
ing (FL), wherein a central node aggregates local models from
numerous devices to formulate a more refined global model
while maintaining data privacy by keeping datasets localized
on respective devices. In this scenario, the edge server (ES)
oversees the progression of the global model [2], [3]. Devices
compute local model updates utilizing their respective data and
send them to the ES, aggregating these updates to enhance the
global model. This methodology has been further developed
into federated edge learning (FEEL), integrating FL with edge
computing to reduce communication overhead by facilitating
the transmission of models to an ES for aggregation into a
cohesive model [4].

However, this approach has limitations. As the number
of devices engaged in FEEL increases, or as the dimen-
sions of local gradients expand, the wireless resources at
the network, such as bandwidth and time, may become
strained [5]. To mitigate this, over-the-air computation (OAC)
has been proposed [6]. This technique concurrently allocates
resources to all users, utilizing the waveform superposition of
wireless signals [7]. Furthermore, traditionally OAC employs
precise analog signal precoding to facilitate the computation
of specific functions over-the-air, such as arithmetic means
or weighted sums, thereby enhancing efficiency in the use
of the resources of the wireless channel [8], [9]. However,
most previous studies have focused on analog modulations for
OAC and FEEL. Digital modulations would be much more
favorable due to their widespread use and error-correction
coding capabilities.

Here, we aim to design a new FEEL scheme, where the
edge device uses digital modulation instead of the tradi-
tional analog modulation for communication via the OAC
technique. Adopting digital modulation in OAC and retain-
ing the benefits of the analog approach allows us to move
one step towards deploying OAC with current wireless
technologies and to address the FEEL challenges, such as
communication costs and data privacy, without waiting for the
(perhaps economically hard to think) re-introduction of analog
communications.
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Fig. 2. Block diagram illustrating the communication model for FEEL at the n-th communication subchannel. The gradients gn
1 , gn

2 , . . . , gn
K are first

quantized using operator Qq(·), and then go through an encoder, Eq(·), and the pre-processing function, φ. Then, all edge devices transmit the modulated
signals sn

1 , sn
2 , . . . sn

K over the MAC resulting in the received vector yn, which is degraded by the noise zn and the wireless channel effects hn. The received
signal by Nr antennas is yn, which undergoes a receiver beamforming vector, un, at the ES. Then, the resultant signal is passed through the post-processing
function ψ to obtain n-th element of the received vector r, i.e., rn. Finally, rn is decoded by the decoder Dq(·) to yield the estimated function ĝn.

performance of over-the-air computation. To this end, follow-
ing the transceiver design without CSI at edge devices [16],
[17], we set un =

PK
k=1 hn

k /Nrσ2
h, which yields

ŝn =
KX

k=1

∥hn
k ∥2

σ2
hNr

sn
k +

KX
k,k′,k ̸=k′

⟨hn
k , hn

k′⟩
σ2

hNr
sn

k′ +
KX

k=1

⟨hn
k , zn⟩

σ2
hNr

.

(8)

Next, let us consider that hn
k and hn

k′ are statistically inde-
pendent.3 Then, for a large number of antennas, Nr ≫ 1, the
signal terms approaches to [31]

∥hn
k ∥2/Nr ≈ σ2

h, (9a)
⟨hn

k , hn
k′⟩/Nr ≈ 0, (9b)

⟨hn
k , zn⟩/Nr ≈ 0, (9c)

where σ2
h is the variance of channel coefficients. Then, by sub-

stituting Eqs. (9) into Eq. (8), we obtain

ŝn ≈
XK

k=1
sn

k , n ∈ [N ]. (10)

Next, the ES applies the post-processing function of ψ on the
received vector ŝ to denormalize it as,

r = ψ(ŝ) =
√

βŝPK
k=1 |Dk|

. (11)

Finally, the ES uses the decoder D to obtain the global gra-
dient descent direction, i.e., ĝ = D(r). This communication
architecture is summarized in Figure 2. Note that in (10), it is
assumed that a large enough Nr can counteract the effects

3In case hn
k and hn

k′ are correlated, the second term corresponds to an
interference error that does not disappear and induces bias error. Let σ2

k,k′ be
the covariance between channels of node k and k′. Regardless of sn

k′ , the
performance of OAC is degraded proportional to the ratio of σ2

k,k′/σ2
k .

Suppose the normalized covariance matrix of the nodes channel deviates
from the identity matrix. In that case, the error subsequently increases, i.e.,
σ2

k,k′ ≈ σ2
k then the expected value of the induces bias ēn

int increases,
where ēn

int :=
∑K

k,k′,k ̸=k′ σ2
k,k′s

n
k /σ2

h for n ∈ [n]. To better capture the
statistical behavior of the error, we need to analyze the random variables in
the interference terms. Regardless of the statistical dependence of hn

k and
hn

k′ , Lemma 3 shows how fast the tails of the random variable in interference
deviate from their expected values.

of fading and channel noise. The details and analysis of how
many antennas are needed for this approximation are discussed
in Section IV.

Remark 1: The approximation in (10) is a fundamental
aspect of our proposed blind transceiver scheme, which aligns
with the principles underlying Massive MIMO systems [31]
whose feasibility in 5G technologies is promising [32].

Remark 2: The ES needs to estimate the receiver beam-
forming vector u. However, estimating the accumulative
channel gains from all nodes towards each antenna hinders
the estimation of individual channel gains hk. In other words,
this approach reduces the channel estimation overhead, a more
noticeable decrease with an increase in the number of devices
K or the number of the ES antennas Nr. Indeed, this overhead
is invariant concerning K. Moreover, given that hk follows a
CN (0, σ2

hINr
) distribution, accordingly, un obtain a Normal

distribution as CN (0, K
Nr

INr
). Consequently, for sufficiently

large Nr, i.e., Nr ≫ 1, the receiver beamforming vector tends
towards an identity vector, facilitating its estimation.

In the next section, we propose the architecture of the
encoder Eq and decoder D in detail.

III. CHANNELCOMPFED: ENCODING AND DECODING

The core concept of ChannelCompFed involves integrating
ChannelComp with FEEL to enhance communication effi-
ciency via digital modulation. To this end, we must design the
digital encoders and decoders of the system model to provide
a low-latency aggregation for the FEEL problem (diagram
depicted in Figure 2). This section explains the necessary
coding and decoding schemes for its implementation.

A. Encoder and Decoder

This subsection describes how to design the encoder and
decoder of ChannelCompFed. For ease of explanation, we con-
sider the scenario where the number of antennas at ES, Nr,
is large enough to compensate for the channel effects, and local
datasets are assumed to have uniform sizes, i.e., |Dk| = |D|/K
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Fig. 3. Monte Carlo numerical evaluation of the summation function, for
10 trials versus the analytical results from Theorem 1 for δ = 0.01 over
different numbers of antennas, Nr . The channel coefficients and channel
noise generated by N(0, σhINr ) and CN (0, σzINr ), respectively, are
σh = σz = 1. Figure 3(a) shows the empirical MSE of ŝn, analytical upper
bound on the error in (23), and expected value in (24) form Theorem 1, for
K = 200 edge devices. Figure 3(b) shows the empirical and analytical upper
bound on the MSE of gradient ĝ from Proposition 3, for K = 20 edge devices
whose elements of their gradients, gk , generated uniformly at random from
U [−2, 2].

well. Moreover, by increasing the number of antennas Nr, the
MSE decreases, which is expected due to Theorem 1. This
observation is consistent with the theoretical approximation
of the MSE in Proposition 3.

Finally, we compute the average performance under the
quantization gradient and performance under the true gradient
in (19). To this end, we generate edge device gradients gk

uniformly at random from U [0, 32] for two cases of K =
50 and K = 400 edge devices. Then, the gradient’s continuous
values are quantized by q = 256 levels and transmitted by
QAM 64 over the noisy MAC in (18). Also, the number of
parameters is set to be N = 104. This experiment is repeated
by changing the distribution of gradients to U [0, 64] to see the
effects of ∆g on the quantization error.

Figure 4 shows Monte Carlo numerical evaluation of the
average gradient estimation in (19) with true gradient for
1000 trials versus the analytical results from Proposition 2.
As noted by Remark 4, by increasing the number of edge
devices K, the quantization error decreases, and Channel-
CompFed performs almost equally to vanilla SGD. Moreover,
the computation error is positively related to the maximum
value for a gradient element, and increasing the maximum
value of the gradient results in a higher error. This observation
is consistent with the theoretical approximation of the MSE
in Proposition 2.

B. Federated Edge Learning

We assess the performance of the proposed digital blind
FEEL scheme, i.e., edge devices have no access to the CSI,

Fig. 4. Monte Carlo numerical evaluation of the average gradient estimation
in (19) with true gradient, for 100 trials versus the analytical results from
Proposition 2. Here, we consider q = 256 and N = 104 for two cases of
K = 50 and K = 400 edge devices. The gradients gk generated uniformly
at random from U [0, 64] and U [0, 32].

in terms of the learning of accuracy with respect to the test
dataset. We analyze two scenarios: first, including the impact
of the number of antennas on the convergence in both homo-
geneous and heterogeneous data distributions for the FEEL;
second, to show the level of improvement for various orders
of digital modulations. The machine learning task is image
classification for the MNIST [36] dataset and CIFAR-10 [37].
We use the ADAM optimizer [38] to train convolutional neural
network (CNN), and the size of the local mini-batch is set to
be 128. In the training process, edge devices run 3 epochs
per communication round for T = 100 global communication
rounds.

The FEEL network structure follows the communication
model presented in Section II-B with K = 20 edge devices.
The channel coefficients and noise for all sub-channels are
generated according to hn

k ∼ CN (0, σ2
hIN ) and zn ∼

CN (0, σ2
zIN ).

For the homogeneous data distribution, the training dataset
randomly distributes into K disjoint local datasets, each
assigned to an edge device. The local datasets consist of
samples with the same labels assigned to each edge device
to model heterogeneous data distributions.

The architecture is designed for image classification tasks
and comprises two 2D convolutional layers with 20 and
40 filters, both utilizing a 7 × 7 kernel and ReLU activation.
These are followed by 2×2 max-pooling layers. Subsequently,
we have a fully connected layer with 2560 units and ReLU
activation. A dropout layer with a rate of 0.2 is included
for regularization. The output layer is fully connected with
10 units and employs a softmax activation function. The model
employs sparse categorical cross-entropy as the loss function.
The total number of parameters is N = 5, 086, 010. Note
that this architecture is used for both datasets, and the only
difference is the size of the input layer, which is 28×28 for the
MNIST and 32 × 32 for the CIFAR-10 datasets, respectively.

The performance of the proposed digital scheme is com-
pared to the baseline (error-free) and blind FEEL scheme
proposed in [17]. In the error-free scheme, there is no noise
or fading; therefore, the ES receives perfect copies of the
model updates. Moreover, the analog FEEL scheme follows
similar communication in Eq. (8) while using analog amplitude
modulation instead of the SumComp in our scheme.
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To satisfy all the constraints in Lemmas 2, 3, and 4,
the number of antennas needs to be greater than all the
inequalities, i.e.,

Nr > max
n4γ2

n

ϵ2
1

ln
�2K

δ1

�
,

8(K − 1)2γ2
n

ϵ2
2

ln
�2(K − 1)

δ2

�
,

8σ2
zK2

σ2
hϵ2

3

ln
�2(K − 1)

δ2

�o
. (52)

For further simplifications, we can set δ1 = δ/3, δ2 =
(1 − 1/K)δ/3, and δ3 = (1 − 1/K)δ/3, which leads to

δ1 + δ2 + δ3 6
δ

3
(1 + 1 + 1 − 2

K
) 6 δ. (53)

Moreover, we obtain the following lower bound for Nr:

Nr > max
n4γ2

n

ϵ2
1

,
8(K − 1)2γ2

n

ϵ2
2

,
8σ2

zK2

σ2
hϵ2

3

o
ln

�6K

δ

�
.

Next, let us rewrite ϵ1, ϵ2, and ϵ3 as follows.

ϵ1 =
σh

σzK
ϵ′′, (54a)

ϵ2 =
σh(K − 1)√

2σzK
ϵ′′, (54b)

ϵ3 =
1√
2γn

ϵ′′, (54c)

for some positive value ϵ′′ > 0. Hence, we have that ϵ1 + ϵ2 +
ϵ3 < ϵ′′( σh√

2σz
+ 1√

2γn
). Then, by setting ϵ = ϵ′′cn/

√
2, where

cn = σh/σz + 1/γn, we obtain the following expression for
Nr:

Nr >
8γ2

nσ2
zK2

σ2
hϵ2c2

n

ln
�6K

δ

�
.

This proves Eq. (25). Then, for the expected value in Eq. (24),
from [44, Theorem 1.6.2], we know that the expected values
of the bounded random variable, en, can also be bounded as
follows:

E[|en|] 6
4Kγn√
Nrcn

(
√

π + ln (6K)). (55)

Thus, we conclude the proof for Theorem 1.

D. Proof of Lemma 2

We first define the variable Yℓ for ℓ ∈ [Nr] as follows:

Y k
ℓ :=

1
σ2

h

(hn
k,ℓ)

2, ∀k ∈ [K], n ∈ [N ], (56)

which yields
PNr

ℓ=1 Y k
ℓ /Nr = ∥hn

k ∥2/Nrσ2
h. Due to the

Normal distribution assumption on hn
k,ℓ from Section II-B, Y k

ℓ

is sub-exponential with parameters (2, 4). Consequently, since
the variables Y k

ℓ are independent for (ℓ, k) ∈ [Nr] × [K], the
average

PNr

ℓ=1 Y k
ℓ /Nr has Chi-squared distribution with Nr

degrees of freedom. To bound this variable, we use Lemma 5.
Lemma 5 ([45, Lemma 1]): Let (Y1, . . . , Yn) be iid Nor-

mal random variables. We set Y =
Pn

i=1 Y 2
i − n. Then, the

following inequalities hold for any positive t:

P
�

Y > 2
√

nt + 2t
�

6 exp (−t), (57a)

P
�

Y 6 −2
√

nt
�

6 exp (−t). (57b)

By applying Lemma 5, the variable
PNr

ℓ=1 Y k
ℓ /Nr is bounded

below as ����PNr

ℓ=1 Y k
ℓ

Nr
− 1

���� > c1, k ∈ [K], (58)

with probability at most exp (−Nrc2
1/4) + exp (−Nrc2

1/2) 6
2 exp (−Nrc2

1/4) for each term. Invoking the union bound, the
probability that at least one of the events in Eq. (58) occurs
is at most

KX
k=1

Pr
�����PNr

ℓ=1 Y k
ℓ

Nr
− 1

���� > c1

�
6 K × 2 exp (−Nrc2

1/4).

Hence, all the terms for the variable
PNr

ℓ=1 Y k
ℓ /Nr are bounded

above as ����PNr

ℓ=1 Y k
ℓ

Nr
− 1

���� 6 c1, k ∈ [K], (59)

with probability at least 1−2K exp (−Nrc2
1/4). Accordingly,

for the error en
sig, we can use Eqs. (44) as follows:

|sn − sn
sig| =

���� KX
k=1

�PNr

ℓ=1 Y k
ℓ

Nr
− 1

�
sn

k

����,
6

���� KX
k=1

���PNr

ℓ=1 Y k
ℓ

Nr
− 1

���sn
k

���� 6 c1

KX
k=1

|sn
k |,

= c1γn, (60)

where the first inequality is the triangle inequality, and the
second inequality uses the upper bound in Eq. (59). Also, γn

is defined as

γn :=
XK

k=1
|sn

k |. (61)

To bound en
sig from above by ϵ1, we have to bound c1 to be

c1γn 6 ϵ1, or, equivalently, c1 6 ϵ1/γn. As a result, the error
term is upper bounded by ϵ1, i.e., en

sig 6 ϵ1, with probability
at least 1 − δ1 as long as the following inequality on δ1 is
satisfied:

K × 2 exp (−Nrc2
1/4) 6 δ1. (62)

Hence, we rearrange the expression in Eq. (62) to have Nr on
the left side hand of the inequality, i.e.,

Nr >
4γ2

n

ϵ2
1

ln
�2K

δ1

�
, (63)

where the last inequality is fulfilled due to c1 being upper
bounded by ϵ1/γn. Therefore, the proof is concluded.

E. Proof of Lemma 3

Let us define the variable Xℓ for ℓ ∈ [Nr] as follows,

X
(k,k′)
ℓ :=

1
σ2

h

hn
k,ℓh

n
k′,ℓ, for k, k′ ∈ [K], n ∈ [N ]. (64)

Consequently, we have

1
Nr

XNr

ℓ=1
X

(k,k′)
ℓ =

1
Nrσ2

h

⟨hn
k , hn

k′⟩. (65)
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Considering that hn
k,ℓ/σh and hn

k′,ℓ/σh are Normal random

variables, the product of them in Eq. (64) makes X
(k,k′)
ℓ sub-

exponential with λ = 2 [41, Lemma 2.7.7]. Therefore, the
direct results of applying Lemma 1 to the term 1

Nrσ2
h

⟨hn
k , hn

k′⟩,
gives us the following upper bound��� 1

Nr

XNr

ℓ=1
X

(k,k′)
ℓ

��� 6 c2, (66)

with the probability at least 1 − 2exp(−Nrc2
2/8). Hence,

to make sure that |sn
int| is bounded by ϵ2 with probability

at least 1 − δ2, we have

|sn
int| =

��� KX
k,k′,k ̸=k′

⟨hn
k , hn

k′⟩
Nrσ2

h

sn
k′

��� 6
KX

k,k′,k ̸=k′

��� 1
Nr

X
(k,k′)
ℓ

���|sn
k′ |,

6 (K − 1)c2

XK

k
|sn

k |. (67)

Then, let us define γn :=
PK

k |sn
k |, such that

(K − 1)c2γn 6 ϵ2 ⇒ c2 6
ϵ2

(K − 1)γn
. (68)

Using the same arguments from Appendix D, the condition in
Eq. (66) can be satisfied for all k, k′ ∈ [K] with probability
at least

1 − (K − 1) × 2 exp (−Nrc2
2/8). (69)

Then, the number of required antennas Nr needs to fulfill the
inequality below:

(K − 1) × 2 exp (−Nrc2
2/8) 6 δ2,

−Nrc2
2/8 6 ln

� δ2

2(K − 1)

�
,

Nr >
8
c2

2

ln
�2(K − 1)

δ2

�
. (70)

Afterward, by substituting Eq. (68) into Eq. (70), we obtain

Nr >
8(K − 1)2γ2

n

ϵ2
2

ln
�2(K − 1)

δ2

�
. (71)

Using Eq. (71), we conclude the proof.

F. Proof of Lemma 4
Let Wℓ be defined as

Wℓ :=
hn

k,ℓ

σh

zn
ℓ

σh
, ∀k ∈ [K], n ∈ [N ], (72)

where ℓ ∈ [Nr]. Here, hn
k,ℓ/σh and zn

ℓ /σh are two
sub-Gaussian random variables with parameters 1 and σ2

z/σ2
h,

respectively. Thus, Wℓ is a sub-exponential random variable
with parameter λ = 2 × 1 × σz/σh [46]. Similar to Eq. (66)
in Appendix E, we apply Lemma 1 to bound the summationPNr

ℓ Wℓ as follows��� 1
Nr

XNr

ℓ=1
Wℓ

��� =
��� 1
Nrσ2

h

⟨hn
k , zn⟩

��� 6 c3, (73)

with probability no less than 1−2 exp (−Nrσ2
hc2

3/8σ2
z). There-

fore, en
noise is bounded from above as follows

|en
noise| =

��� XK

k=1

⟨hn
k , zn⟩

σ2
hNr

��� 6 Kc3 6 ϵ3. (74)

Hence, c3 6 ϵ3/K.

Then, by using the union bound similar to Appendix D, for
all k items of en

noise, we have 2K exp (−Nrσ2
hc2

3/8σ2
z) to be

lower than δ3, which leads to

Nr >
8σ2

z

σ2
hc2

3

ln
�2(K − 1)

δ3

�
. (75)

By setting c3 = ϵ3/K, we obtain

Nr >
8σ2

zK2

σ2
hϵ2

3

ln
�2(K − 1)

δ3

�
. (76)

Thus, we can conclude the proof.

G. Proof of Proposition 3

To obtain an upper bound on the MSE of g, we use the
triangular inequality to split the channel and quantization
errors as follows:

∥g − ĝ∥2 6 ∥g − g̃∥2 + ∥g̃ − ĝ∥2, (77)

where the first error term is due to the quantization error, and
the second term represents the channel errors. Considering the
fact that the elements of gradient g are bounded by value ∆q ,
the expected value of the first term is bounded as

E[∥g − g̃∥2] 6
N∆2

q

3Kq2
. (78)

To upper bound the absolute error of the gradient g̃ and ĝ,
we first need to obtain an upper bound on the error of
every element. Due to the channel fading and noise, the
transmitted gradient over sub-channel n-th, i.e., g̃n

k in Eq. (37)
is contaminated with error. Hence, the estimated gradient can
be written as

ĝn =
1
K

Dq

� XK

k=1
Eq(g̃n

k ) + ech

�
,

=
1
K

Re
� XK

k=1
Eq(g̃n

k ) + ech

�
+

2b

K

 
Im

� 1
K

KX
k=1

Eq(g̃n
k ) + ech

�
+ 2b+1

2

!
+

2b − 1
2

,

= g̃n +
1
K

Re(ech) +
2b

K
· Im (ech). (79)

As a result, for the error eg := |ĝn − g̃n|, we have

|ĝn − g̃n| =
1
K

|Re(ech) + 2b · Im (ech)|,

6
1
K

|Re(ech)| +
2b

K
|Im (ech)|. (80)

Then, for Nr > 8σ2
zK2

σ2
hϵ2 ln

�
6K
δ

�
Theorem 1, we can bound the

error as follows

|ĝn − g̃n| 6
1
K

(ϵ + 2bϵ) =
(2b + 1)

K
ϵ. (81)

Afterward, we use Eq. (81) to obtain an upper bound on the
whole gradient as

∥g̃ − ĝ∥2 6 N(22b + 1 + 2b+1)
ϵ2

K2
6 2Nq

ϵ2

K2
. (82)

By defining ϵ2
fad := 2Nqϵ2/K2, we can complete the proof

for Eq. (26). Next, to obtain an upper bound for the expected
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value, we use the same argument in Eq. (81) from Appendix C
for bounded variables in |ĝn − g̃n|, which leads to the
following:

E[|ĝn − gn|] 6 4
(
√

q + 1)γn√
Nrcn

(
√

π + ln (6K)). (83)

Hence, for the norm of g − ĝ, we have

E[∥g − ĝ∥2] 6 16
qN maxn γ2

n

Nr minn c2
n

(π + 2 ln (6K)2),

6 16
qNγ2

max

Nrc2
min

(π + 2 ln (6K)2). (84)

Finally, by taking expectation over both sides of Eq. (77) and
substituting the upper bound in Eq. (84), we obtain

E[∥g − ĝ∥2] 6 σ2
u,q + 16

qNγ2
max

Nrc2
min

(π + 2 ln (6K)2). (85)

This concludes the proof.

H. Proof of Proposition 4

The proof herein follows the same procedure used in [19],
[22], and [23]. By using Assumption 2, we can write the fol-
lowing upper bound for the loss functions of two consecutive
communication rounds:

L(g(m + 1)) − L(g(m)) 6 −η⟨g(m), ĝ(m)⟩+ η2L

2
∥ĝ(m)∥2.

Here, we have w(m + 1) = w(m) − ηĝ(m). Taking the
expectation from both sides of an inequality, we get the
following

E
�
L(g(m + 1)) − L(g(m))

�
6 −η⟨g(m), E[ĝ]⟩

+
η2L

2
E

�
∥ĝ(m)∥2

�
,

= −η∥g(m)∥2 +
η2L

2
E

�
∥ĝ(m)∥2

�
,

6 −η∥g(m)∥2 +
η2L

2
�
(σ2

ch + σ2
q ) + θ̄

�
,

where the first equality is due to Assumption 4, and the
inequality comes from the upper bounds on the variance of
the quantization error and gradient variance in Assumptions 3
and 4, respectively. Also, to obtain the inequality E[∥g −
g̃∥2] 6

N∆2
q

Kq2 , we used Popoviciu’s inequality [47] for the
variance of bounded variables, |gn

k | 6 ∆q for k ∈ [K]. Then,
by performing a telescoping sum over the communication
rounds and subtracting the L(g∗) from both sides of the
inequality, we get the following.

L(g(1)) − L(g∗) > L(g(1)) − E[L(g(T ))],

= E
� TX

m=1

L(w(m)) − L(w(m − 1))
�
,

>
TX

m=1

E
�
L(w(m)) − L(w(m − 1))

�
,

> (−η +
η2L

2
)E

h XT

m=1
∥g(m)∥2

i

+
η2LT

2
(σ2

ch + σ2
q + θ̄). (86)

Finally, rearranging the last inequality concludes the proof.

I. Latency Analysis

To derive the latency for the fading channel, the transmis-
sion rate-distortion function of the communication scheme is
needed. In particular, to calculate the rate-distortion function
for a fading channel with bandwidth B, taking into account
an MSE distortion measure, the following formula from [39]
is used:

R(σ2
d) = max[B ln

�σ2
s

σ2
d

�
, 0], (87)

where σ2
s is the signal power and σ2

d is the distortion. In our
MIMO fading channel scenario in (8), the distortion σ2

d after
beamforming and averaging is expressed as:

σ2
d−Analog =

σ2
z

NrKσ2
h

+
(K − 1)σ2

int

3Nr
, (88)

σ2
s−Analog =

KX
k=1

|sn
k |2/K, (89)

where σ2
int =

PK
k,k′,k ̸=k′ E[|sn

k sn
k′ |]. Hence, to quantify the

latency for analog OAC, the equation is formulated as follows:

Tana :=
TsN

R(σ2
d-Analog)

=
Ts

B

N

ln(σ2
s-Analog/σ2

d-Analog)
, (90)

where Ts represents the duration of an OFDM symbol, and N
indicates the model size, i.e., the number of model parameters.

For ChannelCompFed to adhere to a similar rate-distortion
function, it experiences distinct distortions, described by:

σ2
d-CompFed =

∆2
q

q2K
+

(1 + q)ẽ2
r

K2
, (91a)

σ2
s-CompFed =

KX
k=1

|sn
k |2/K

��� 2q2

q + 1

���, (91b)

where
∆2

q

q2 represents the quantization error and 2q2

q+1 arises

from the fact that QAM modulation consumes 2q2

q+1 less power
than its analog counterpart. The error term ẽr is the same as
the error term defined in (22) while the variance σz needs
to be replaced by σ2

d−Analog. Consequently, the latency for
ChannelCompFed is given by:

TCompFed :=
TsN

R(σ2
d-CompFed)

=
Ts

B

N

ln(σ2
s-CompFed/σ2

d-CompFed)
,

Thus, the latency reduction ratio of ChannelCompFed over its
analog counterpart is defined as:

γ :=
TCompFed

Tana
=

ln(σ2
s-Analog/σ2

d-Analog)
ln(σ2

s-CompFed/σ2
d-CompFed)

. (92)

As q increases in (91a) and (91b), the latency reduction
ratio γ approaches one, indicating asymptotic performance
equivalence. However, ChannelCompFed can facilitate low
latency communication at low quantization levels, although
with higher quantization errors.
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