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ABSTRACT In edge intelligence networks, various applications exist based on different users and datasets.
To realize intelligence, many works design various edge learning models to process these data. However,
different types of users and models have negative influence on the learning performance, even degrad-
ing the learning gain. To address these issues, we propose a learning-aware optimization model with
probabilistic scheduling. First, we design users scheduling to reveal the relationships between resource
allocation and learning performance. Then, we also develop a fast proximal linearized algorithm in the
large-scale communication networks. Next, we derive tasks scheduling in asymptotic cases to improve
resource utilization efficiency. At last, extensive experimental results corroborate that probabilistic scheduling
and multi-objective learning models improve the distinct edge learning gain efficiently compared with the
state-of-the-art benchmark algorithms.

INDEX TERMS Edge intelligence, probabilistic scheduling, parallel frameworks, fast proximal linearized
algorithms.

I. INTRODUCTION

W ITH the rapid growth of the Internet-of-Things (IoT),
massive machine-type communication network is a

main connection of IoT devices, edge servers, and cloud
platforms, enabling collaboration over edge infrastructures.
However, maintaining stable communication in large-scale
IoT networks requires efficient resourcemanagement, such as
low-latency communication, energy-efficient optimization,
adaptive device scheduling, and sophisticated load balancing
mechanisms [1], [2], [3]. While various IoT devices generate
massive and heterogeneous data, transmitting these amounts
of raw data not only results in a heavy communication burden
but also decreases resource utilization efficiency [4], [5].
This has given rise to edge intelligence, integrating learning
models with edge computing techniques [6].

However, edge intelligence platforms face significant chal-
lenges in data collection under resource-limited networks.
Efficient data collection requires intelligent processing to
obtain quality while minimizing resource consumption. In the
edge networks, processing various data is a significant chal-
lenge in edge learning systems [7], [8]. While they are easy

to implement, such systems are usually slower in adapting to
various data types. Therefore, multi-objective learning tasks
are used commonly to involve optimizing various conflicting
objectives and balance different learning tasks. This requires
the need that balances learning accuracy, resource utilization
efficiency and so on, adaptive for edge networks.

A. RELATED WORKS AND MOTIVATION
In the literature, there have been some prior works investigat-
ing the communication-constrained schemes from different
perspectives. In conventional wireless communication sys-
tems, the sum-rate maximization and max-min fairness
schemes are two typical schemes, allocating resource effi-
ciently under the throughput maximization principles [9],
[10], [11]. Nonetheless, these two schemes only consider the
wireless channel state information and do not account for the
machine learning factors, so they may result in the poor learn-
ing performance. To address this issue, [12], [13] proposed a
learning centric power allocation (LCPA) model. The LCPA
model involves multi-objective learning tasks to process vari-
ous data and provide a trade-off between communication and
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learning. Moreover, [14] also designed a task-oriented com-
putation scheme to maximize the gain between sensing, and
communication, and computation. Nevertheless, these works
lack an analysis of scenarios where learning is integrated with
dense IoT networks.

In a dense IoT network, co-channel interference (CCI)
is an important factor affecting resource allocation, since
activating all connectivity at the same time would yield poor
data rates due to the interference among large-scale networks’
communications. Thus, the works [13], [15], [16], [17] have
proposed scheduling metrics to decrease the CCI influence.
However, these scheduling algorithms lack deep integration
between data learning and the dense IoT network, degrading
communication and learning efficiency.

To address these issues, we propose a resource allocation
model with probabilistic scheduling. This optimizationmodel
mainly includes a learning model fitting process, probabilis-
tic scheduling strategy, and power allocation. Specifically,
since the multi-objective optimization model involves var-
ious learning tasks, the proposed optimization objective is
fitted by historical datasets to guide the IoT-edge commu-
nications under learning-oriented principles. A probabilistic
scheduling strategy is adopted to reinforce the coupling
between leaning and resource allocation. On the one hand,
we derive an users scheduling for a single-objective optimiza-
tion to improve learning performance, and also design a fast
proximal linearized algorithm with probabilistic scheduling
(FPLA-PSH) for solving large-scale optimization efficiently.
On the other hand, we design a multi-objective optimiza-
tion model with tasks scheduling in asymptotic orthogonality
cases to improve resource utilization efficiency. However, this
multi-objective optimization model is a non-convex and non-
smooth problem due to the shared nature of wireless power
constraints, it is hard to jointly optimize various learning tasks
and resource allocation. Therefore, it is essential to require a
fundamental decomposition for parallel optimization.

B. SUMMARY OF RESULTS
In this paper, we mainly consider multi-objective learning-
oriented problems with probabilistic scheduling. By utilizing
the alternating direction method of multipliers (ADMM),
we first develop a fast proximal linearized algorithm with
probabilistic scheduling. Next, we design a parallel algorithm
to solve the multi-objective learning case. Lastly, extensive
experimental results demonstrate the performance of the pro-
posed schemes. In brief, the significant contributions of the
paper are summarized as follows:

• A learning-oriented optimization model with probabilis-
tic scheduling is proposed to guide communication-
efficient data collection. The optimization objective is
fitted from large amount of historical datasets to predict
the optimized resources for learning tasks.

• A FPLA algorithm with users scheduling is devel-
oped to establish the relationship between learning and
resource allocation.Moreover, a fast proximal linearized
algorithm is designed to solve large-scale problems.

FIGURE 1. System model of probabilistic scheduling at the edge.

• Aparallelized algorithmwith tasks scheduling is derived
to improve resource utilization efficiency. Specifically,
decomposing and eliminating auxiliary variables real-
izes highly parallelization and ensure convergence.

C. OUTLINE
The remainder of this paper is organized as follows. Section II
describes the system model and formulates a multi-objective
optimization problem. Section III and Section IV design
FPLA and parallel algorithms to solve large-scale and multi-
objective optimization subproblems, respectively. Section V
discusses the experimental results, and finally, Section VI
draws the conclusion.
Notations: Scalars are denoted by italic regular letters

while vectors and matrices are denoted by lower- and upper-
case bold letters, respectively. D is a diagonal matrix whose
diagonal entries are specified by the diagonal ones of channel
gainmatrixG. The symbol 1 indicates a vector with all entries
being unity, and 0 represents a vector with all entries being
zeros. CN (0, ϱkI) stands for a complex Gaussian distribution
with mean vector 0 and variance matrix ϱkI . The distribution
B(p) follows a Bernoulli distribution with probability p.

II. SYSTEM MODEL AND PROBLEM FORMULATION
In this section, we first design a data transmission pipeline at
an edge node. Then, we analyze the probabilistic scheduling.
Finally, we formulate a learning-oriented problem.

A. SYSTEM MODEL
As depicted in Fig. 1, the edge system consists of an edge
node and a pool of potential users. Specifically, there exist
a global task group I with I tasks, N antennas and a global
user group K with K users. By I learning tasks, K users can
be separated into I user groups {K1, K2, · · · , KI }, which
can obtain I groups of various datasets at the same time.
Overall, the pipeline encompasses data transmission, users
probabilistic scheduling, resource allocation, tasks proba-
bilistic scheduling, and variousmodel learning. Different user
groups generate various data and transmit these data to an
edge node via the uplink of a massive connection, with each
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group contributing to specific data. The edge server utilizes
the collected data to train different models, containing convo-
lutional neural network (CNN) [18], support vector machine
(SVM) [19], 110-layer deep residual network (ResNet110)
[20], and a cloud-point neural network (PointNet) [21].
There exist a massive connectivity optimization problem

at this edge, so we mainly focus on the wireless connectiv-
ity scheduling policy of how efficiently activates this dense
network for the optimized learning performance. Our goal is
to choose a subset of connectivity to activate in any given
transmission period so as to maximize some network utility
function of the achieved long-term average rates [15]. In this
respect, we first define wk ∈ {0, 1} as a scheduling indicator,
where wk = 1 represents the activated communication for
user k and wk = 0 otherwise. Therefore, the achievable
rate Rk for the k th user is given by

Rk = log2

1 +
Gk,kpk∑

ℓ∈K\k
wkGk,ℓpℓ + σ 2

 , ∀k ∈ Ki. (1)

where pk denotes the transmit power of the k th user, σ 2

denotes the variance of Gaussian noises, and Gk,ℓ represents
the composite channel gain from the ℓth user to the edge
server when decoding data of the k th user, computed as
Gk,k = ρk∥hk∥22 if ℓ = k , and Gk,ℓ = ρℓ|hHk hℓ|

2/∥hk∥22
if ℓ ̸= k , with hk ∈ CN×1 being the complex-valued channel
fast-fading vector from the k th user to the edge server and ρk
being the path loss of the k th user. And then, the total number
of samples obtained for the ith task is

Dri =

∑
k∈Ki

⌊
BTRk
Vi

⌋
+ Ai ≈

∑
k∈Ki

BTRk
Vi

+ Ai, (2)

where B is the bandwidth in Hz that is assigned to this system,
T is the total transmission time in second, Vi is the number
of bits for each data sample and Ai is the initial number of
historical samples for task i.
Remark 1 (Parameter Fitting and Dada Shifts [12], [13]):

Consider a sequence of training datasets {D1
i , D

2
i , · · ·, D

Q
i }.

For each dataset Dmi , we train the model to convergence and
record the resulting loss ℓm. Using the pairs {Dmi , ℓm}

Q
m=1, the

parameters (ai, bi) of the expected learning lossmodel, which
is typically chosen based on empirical observations in similar
settings,

2i(Dmi | ai, bi) ≈ ai
(
Dmi
)−bi (3)

are fitted by minimizing the nonlinear least squares error:

min
ai>0,bi>0

1
Q

Q∑
m=1

∣∣ℓm − 2i
(
Dmi | ai, bi

)∣∣2 . (4)

The learning error 2i(Dmi | ai, bi) is universal for all
deep learning models, satisfying the following properties:

percentage, monotonic decreasing, and gradient decreasing.
From the statistical perspective, a can be given by

ai =

(
Tg
2

+
Tr(U iV−1

i )

2Wi

)
Wi,

where Wi is the number of parameters, Tg is the temperature
parameter from the Gibbs distribution formulation, and U i,
V i contain the second-order and first-order derivatives of the
generalization error. As the number of training samples goes
to infinity, the weighting parameter ai depends on the model
complexity. While bi → 1 holds as Dmi → ∞, bi can be
tuned to capture dataset-specific correlations in finite-sample
regimes.

While sudden or gradual distribution shifts at edge nodes
happen, the dataset D is transformed as a new dataset
D′

}, as the same likelihood function ln p(D′
|π , µ, 6), where

π , µ, 6 denote prior, mean, and covariance distributions,
respectively, and we can maximize the likelihood func-
tion ln p(D′

|π , µ, 6) to obtain the optimization parameters
(π , µ, 6), being adaptive to sudden or gradual distribu-
tion shifts. Sampling a sequence of new training samples
{(Dmi )

′, ℓ′
m}

Q
m=1 from the new dataset D′, the parameters

(a′
i, b

′
i) of the expected learning loss model can be tuned by

minimizing the nonlinear least squares error (4).

B. PROBLEM FORMULATION
This paper aims to investigate the multi-objective learning
tasks and large-scale communication networks’ influence
on learning performance, by jointly optimizing efficient
resource allocation and multi-objective learning tasks.
We first employ (3) as an objective to minimize the learning
errors, where the tuning parameters (ai, bi) consider the
model complexity and the non-independent-and-identically
dataset, respectively. Also, we use (3) to capture the learning
loss shape [22], [23]. Specifically, we obtain (ai, bi) via fitting
the learning error to match the training data very well [12].
Given the learning parameters {ai, bi}, we then formulate a
resource allocation problem:

P1 : min
p, {Uk, i}k∈K, i∈I

max
ωi∈{0, 1}, i∈I

ρi × ai
(
Dri
)−bi

s.t.
∑
k∈K

wkpk = P, pk ≥ 0, k ∈ K, (5a)

wk ∈ {0, 1}, k ∈ K, (5b)

ωi ∈ {0, 1}, i ∈ I, (5c)

Uk, i = P(Rk > γ, wk = 1, ωi = 1), (5d)

where ρi is a weighting factor (ρi ≥ 1) which approximates
the learning error. (5a) is obtained by [12], since a larger∑

k∈K wkpk always improves the performance. As shown
in (5b) and (5c), the scheduling indicators wk = 1 and
ωi = 0 represents that user k is chosen by learning task i
for transmission and wk = 0 or ωi = 0 otherwise. Moreover,
(5d) is the scheduling probability to deliver sufficient trans-
mission performance, where wk denotes a random variable
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following a Bernoulli distribution B(Uk, i). To successfully
decode the updates from user k , the achievable rate Rk > γ

and wk = 1 represent the influence of channel gain and
participating users on learning performance, respectively.
Remark 2 (Probabilistic Scheduling Policy): Traditional

scheduling algorithms only depend on channel state infor-
mation and fail to account for the impact of node location
distribution on learning performance [15], [16]. To deal with
this issue, we design a probabilistic scheduling approach,
incorporating channel distribution variations and leveraging
the spatial distribution of users’ locations. During a com-
munication round t , to update the power parameter pk from
user k to the edge, user k should be scheduled by the edge.
The probability of a generic scheduled depends on a number
of stochastic processes, e.g., the random spatial distribution
of the edge/user locations and small-scale fading, thus we
define (5d), termed the scheduling probability, to characterize
the transmission performance.

Compared with [13], P1 involves various learning tasks
with probabilistic scheduling policy, which includes users
scheduling and tasks scheduling. To get insight on the
relationship between scheduling and learning, we analyze
single-task and asymptotic two specific cases to design
efficient resource allocation algorithms. On the one hand,
we consider a single task case, i.e., ω1 = 1 holds, (5d) is
rewritten as

Uk = P(Rk > γ, wk = 1), (6)

where Uk denotes the successful transmission of each user.
On the other hand, we consider the asymptotic case, i.e.,
wk = 1 and Rk > γ hold, then (5d) is rewritten as

Ui = P(ωi = 1). (7)

The scheduling probability of task i is also given by

λi =

I∑
i=1

ωiUi. (8)

Therefore, we next derive users and tasks scheduling cases to
design resource allocation algorithms, respectively.

III. USERS SCHEDULING CASE: FAST PROXIMAL
LINEARIZED ALGORITHM
In this section, we first design an users scheduling. Then,
we propose a fast proximal linearized algorithm.

A. USERS SCHEDULING
We have formulated a multi-objective optimization prob-
lem P1. However, P1 exhibits strong coupling between the
learning and communication objectives. Moreover, its use
of auxiliary variables and linearized constraint approxima-
tions tends to slow down convergence in large-scale net-
works. To address these issues, we reformulate the problem
into a single-objective learning-oriented form and propose
a variable decomposition technique for efficient solving.

Based on P1, we first formulate this single-objective opti-
mization problem as

P2 : min
p, {Uk }k∈K

ρ × a
(
Dr
)−b

s.t. (5a), (5b), (5d).

Since P2 is still non-convex, we introduce additional vari-
ables δ to separate interference terms and then rewrite P2 as

P3 : min
p, δ, {Uk }k∈K

8(p|δ)

s.t.
∑

ℓ∈K\k

wℓGk,ℓpℓ + σ 2
= δk ,

(5a), (5b), (5d), (9a)

with

8(p|δ) ≜ ρ × a

(∑
k∈K

BT
V
wk log2

(
1 +

Gk,kpk
δk

)
+ A

)−b

.

However, it is highly challenging for P3 to optimize a
distribution. Thus, by deriving the relationship between the
distribution and the learning objective, and by leveraging its
effect on the learning rate, we obtain a distributed solution
to P3. We assume that the updates are independent-and-
identically distributed and using the law of large numbers,
and then obtain the expression of (6) as follows:

Uk = lim
t→∞

1
Kt

t−1∑
ℓ=0

K∑
k=1

1 {wk (ℓ) = 1, Rk (ℓ) > γ }︸ ︷︷ ︸
ν(t)

, (10)

where ν(t) is defined as the updating step for scheduling vari-
ables p. To establish the relationship between the scheduling
probability and learning error in P3, we derive Theorem 1 as
follows.
Theorem 1 (Bounded learning errors): For any conver-

gence precision ϵ, the learning error under the probabilistic
scheduling policy enables to achieve an ϵ gap after T rounds
of communication, i.e.,

8(p(T )|δ(T )) − 8(p∗, δ∗) ≤ ϵ, (11)

if T is satisfied as follows:

T ≥
log(ϵ/I )

log(1 − (1 − ϵn)Uk )
, (12)

where ϵn = min(8(p(T )|δ(T )), 1) ∈ (0, 1) denotes the error
level of P1, and p∗, δ∗ represent the optimal variables when
P1 is minimized.

Proof: See Appendix A.
Theorem 1 demonstrates the general convergence property

of learning in wireless networks. Given convergence preci-
sion ϵ, optimizing this probability distribution (10) is able to
reduce the number of learning iterations required. However,
(10) represents a limiting expression and general formula that
are computationally intractable. Therefore, combining (10)
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with the definition of ν(t), we make the following approxi-
mation of ν(t) in practice.

ν(t + 1) =
t

t + 1
ν(t) +

∑K
k=1 1 {wk (t) = 1, Rk (t) > γ }

K (t + 1)
.

(13)

We next develop an unbiased estimation framework based
on Assumption 1 to analyze the validity of (13).
Assumption 1 (Stability assumption [17]): The joint pro-

cess {1{wk (t) = 1,Rk (t) > γ }}
K
k=1 is stationary.

Assumption 1 is standard in the analysis of stochastic network
optimization and holds under common fading channel models
with stationary scheduling policies. Given Assumption 1,
we give the unbiased estimation result of (13) as follows.
Proposition 1 (Unbiased estimation): Under Assump-

tion 1 and the recursive equation (13), Uk defined in (10) is
equal to the steady-state expectation of ν(t) and the instanta-
neous update ratio, i.e.,

Uk = E[ν(t)] = E

[
1
K

K∑
k=1

1{wk (t) = 1,Rk (t) > γ }

]
.

(14)

Proof: See Appendix C.
From Proposition 1, it can be concluded that (13) is

an unbiased estimator for (10). It allows us to shift our
analytical focus from the limiting time average in (10),
which is defined over an infinite horizon, to the steady-state
expectation in (14). This expectation is often more tractable
for subsequent optimization and performance analysis using
tools from stochastic optimization and queuing theory.
Remark 3 (The updating step): The equation (13) defines

the factor ν(t) as a time-averaged estimator of the parameter
update success probability, which is iteratively refined using
the status of each transmission. Under favorable channel
conditions, user updates are consistently received, leading
to an increase in ν(t). Conversely, in disadvantageous com-
munication scenarios, the value of ν(t) adaptively declines.
This reduction deliberately imposes a more conservative
update process. The mechanism is that unreliable commu-
nications yield fewer successful updates to the edge server,
consequently causing only minor adjustments to the global
variable. Governed by this lowered ν(t), local updates are
restrained from abrupt changes, thereby maintaining align-
ment with the global state.
To sum up, the probabilistic scheduling decision is analyt-
ically determined, with extremely low computational com-
plexityO(1). Moreover, the binary variable w is generated by
Bernoulli distributionB(ν(t+1)) in the practical applications.
Also, it is noted that our probabilistic scheduling strategy is
fair with respect to different users.

B. FAST PROXIMAL LINEARIZED ALGORITHM
We have derived the relationship between the probability
distribution and the learning rate, and decoupled the influence
of scheduling. However, when the number of users scales to a

large size, conventional ADMM algorithm severely increases
computational complexity. To address this issue, we design
a fast proximal linearized algorithm, to efficiently solve P3
[24]. For a detailed exposition of the FPLA algorithm, we first
present Assumption 2.
Assumption 2 (Smoothness1 [12], [13]): The function

8(p|δ) satisfies the following conditions:
1) 8(p|δ∗) isLp-smooth, i.e., ∥∇x8(x|δ∗)−∇y8(y|δ∗)∥2 ≤

Lp∥x − y∥2 for any x, y. In particular, we set Lp =

λmax
(
∇

2
x8(x|δ∗)

)
, where λmax (X) represents the

largest eigenvalue of X .
2) 8(p∗

|δ) isLδ-smooth, i.e., ∥∇x8(p∗
|x)−∇y8(p∗

|y)∥2 ≤

Lδ∥x − y∥2 for any x, y. In particular, we set Lδ =

λmax
(
∇

2
x8(p∗

|x)
)
.

where δ∗ and p∗ denote the current values stored, respectively.
Assumption 2 establishes the Lipschitz smoothness of8(p|δ)
with respect to both optimization variables, which enables
the application of gradient-based acceleration techniques to
its minimization. Based on this property, we next derive the
Augmented Lagrangian Function (ALF) for Problem P2 in
Proposition 2.
Proposition 2 (The ALF of P2): We can obtain two relax-

ing ALFs about p and δ, respectively.

L
(
p|∇yp8(yp(t + 1)|δ(t)), p(t), zp(t), δ(t); α(t), β(t)

)
= ⟨∇p8(yp(t + 1)|δ(t)), p⟩ +

∑
k∈K

αk (t)
∑

ℓ∈K\k

wℓGk,ℓpℓ

+ µ(t)

〈(∑
k∈K

zpk (t)−P

)
1, p

〉
+ β(t)

∑
k∈K

pk

+ µ(t)
〈
(G− D)T

(
(G− D)(ŵ • zp(t)) − zδ(t) + σ 21

)
,

ŵ • p⟩ +
1
2

(
Lpθ (t) + µ(t)λp

) ∥∥p− zp(t)
∥∥2
2 (15)

and

L
(
δ|∇yδ8(p(t+1)|yδ(t + 1)), p(t+1), δ(t), zδ(t); α(t), β(t)

)
= ⟨∇δ8

(
p(t + 1)|yδ(t + 1)

)
, δ⟩ −

∑
k∈K

αk (t)δk

+ µ(t)
∑
k∈K

δk

 ∑
ℓ∈K\k

wℓGk,ℓzpℓ
(t) + σ 2

− zδk (t)


+

1
2

(Lδθ (t) + µ(t)λδ) ∥δ − zδ(t)∥22, (16)

where

yp(t + 1) = (1 − θ(t))p(t) + θ (t)zp(t), (17a)

yδ(t + 1) = (1 − θ (t))δ(t) + θ (t)zδ(t), (17b)

θ (t + 1) =
1
2

(
−θ2(t) +

√
θ4(t) + 4θ2(t)

)
, (17c)

with λp ≥ 2K
(
∥G−D∥2 + 1

)2, λδ ≥ 2, and the sequence of
penalty parameters {µ(t)} given by µ(t) = 1/θ (t).

1The Lipschitz smoothness holds due to its universal learning error model
aiD

−bi
i in the high volatility and device heterogeneity cases.
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TABLE 1. Algorithm parameters and settings [24].

Proof: See Appendix C.
Proposition 2 demonstrates that (17a) and (17b) accel-

erate the update of 8(p|δ) by employing a look-ahead
gradient mechanism [12]. Moreover, the quadratic regu-
larizers

(
Lpθ (t) + µ(t)λp

)
/2
∥∥p− zp(t)

∥∥2
2 and

(
Lδθ (t) +

µ(t)λδ

)
/2∥δ − zδ(t)∥22 are introduced to linearize the aug-

mented Lagrangian terms. To ensure the convergence result,
we have now listed all required technical assumptions and
added Table 1 to explain the meaning of important algo-
rithmic parameters. As long as the parameters are set in
Table 1, the optimization algorithm is guaranteed to converge.
However, the linearization structures in Proposition 2 slow
down the overall convergence. Therefore, we design an
accelerated algorithm to address this issue [24]. Specifically,
we first compute the partial derivatives with respect to the rel-
evant variables, and then apply a gradient descent algorithm.

1) UPDATE OF p WITH FIXED VARIABLES

L
(
p
∣∣ ∇yp8

(
yp(t + 1) | δ(t)

)
, p(t), zp(t), δ(t); α(t), β(t)

)
admits a closed-form solution with respect to p. The solu-

tion is given by

zp(t + 1) = max
(
z̃p(t + 1) − ν(t)

(
1 − w(t)

)
, 0
)
, (18)

where each entry of w(t) ≜ [w1(t), . . . ,wK (t)]T follows a
Bernoulli distributionB(ν(t)), and the k th element of z̃p(t+1)
is given by

z̃pk (t + 1)

=

{(∑
ℓ∈K

BT
V
wℓ log2

(
1 +

Gℓ,ℓypℓ
(t + 1)

δℓ(t)

)
+ A

)−b−1

·

bρaBTwkGk,k
ln(2)V

(
δk (t) + Gk,kypk (t + 1)

) −

∑
ℓ∈K\k

αℓ(t)wkGℓ,k

− µ(t)
∑

ℓ∈K\k

(( ∑
m∈K\ℓ

wmGℓ,mzpm (t)

+ σ 2
− zδℓ

(t)
)
wkGℓ,k

)
− β(t) − µ(t)

(∑
k∈K

zpk (t)−P
)

+
(
Lpθ (t) + µ(t)λp

)
zpk (t)

}
/(

Lpθ (t) + µ(t)λp
)
. (19)

Combining (19) with the look-ahead gradient tech-
nique [12], we further update p as

p(t + 1) =
(
1 − θ (t)

)
p(t) + θ (t)zp(t + 1). (20)

2) UPDATE OF δ WITH FIXED VARIABLES
The ALF of P2 also admits a closed-form solution with
respect to δ. The solution is given by

zδ(t + 1) = max
(
z̃δ(t + 1), σ 21

)
, (21)

where the k th element of z̃δ(t + 1) can be computed as

z̃δk (t + 1)

=

{
−bρaBTVwkGk,kpk (t + 1)

ln 2

(
yδk (t + 1) + Gk,kpk (t + 1)

)
× yδk (t + 1)

×

(∑
ℓ∈K

BTwℓ

V
log2

(
1 +

Gℓ,ℓpℓ(t + 1)
yδℓ

(t + 1)

)
+ A

)−b−1

− αk (t) − µ(t)
( ∑

ℓ∈K\k

wℓGk,ℓzpℓ
(t) + σ 2

− zδk (t)
)

+
(
Lδθ (t) + µ(t)λδ

)
zδk (t)

}/(
Lδθ (t) + µ(t)

)
. (22)

Combining (19) with the look-ahead gradient algorithm [12],
we update δ as

δ(t + 1) =
(
1 − θ (t)

)
δ(t) + θ (t)zδ(t + 1). (23)

3) UPDATE RELATIVE DUAL VARIABLES
We can obtain an optimized solution directly with respect to
dual variables:

αk (t + 1) = αk (t) + µ(t)
( ∑

ℓ∈K\k

wℓGk,ℓzpℓ
(t + 1)

+ σ 2
− zδk (t + 1)

)
, (24a)

β(t + 1) = β(t) + µ(t)

(∑
k∈K

zpk (t + 1)−P

)
. (24b)

It is obvious that optimizing power consumption and
mitigating interference in large-scale networks improve the
capability and quality of data collection at edge systems.
In terms of computational complexity, it is evident that the
FPLA algorithm exhibits a low per-iteration cost of O(K ).
Moreover, the algorithm partially accelerates the convergence
rate from O(1/τ ) to O(1/τ 2). This acceleration makes the
approach particularly attractive, as it allows the use of larger
Lipschitz constants Lp and Lδ [24].

We now present the proposed FPLA-PSH algorithm in
detail as Algorithm 1. In particular, Lines 3-7 perform a paral-
lelized update across the variable blocks p and δ to accelerate
convergence, Line 8 updates the probabilistic scheduling
variable ν(t), Lines 9 and 10 update the dual variables, and
Lines 11 and 12 update the weight parameters. The algorithm
terminates when the change in the solution p(t) falls below a
prescribed tolerance ε, and outputs the optimized solution p̂.
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Algorithm 1 FPLA-PSH Algorithm in Single-Objective
Cases
Input: Setting (N , K , P, T , B, σ 2, (ρ, a, b, A)), user set

K, channels {hk}, channels gain matrix G, gain diagonal
matrix D, λp ≥ 2K (∥G− D∥2 + 1)2, the error tolerance
ε, [pT , δT ]T ≜ [xTp , xTδ ]

T andM ≜ {p, δ}.
Output: The optimized solution p̂.
1: Initialize t = 0, xp(0) = zp(0) = P/K × 1, xδ(0) =

zδ(0) = (G−D)xp(0)+σ 21, α(0) = 1/K×1, β(0) = 1,
µ(0) = θ (0) = 1, ν(0) = 0;

2: repeat
3: for b ∈ M in parallel do
4: Update yb(t + 1);
5: Update zb(t + 1);
6: Update xb(t + 1);
7: end for
8: Update ν(t + 1) as per (13);
9: Update α(t + 1) as per (24a);

10: Update β(t + 1) as per (24b);
11: Update θ (t + 1) as per (17c);
12: Update µ(t + 1) = 1/θ(t + 1);
13: t = t + 1;
14: until ∥p(t) − p(t − 1)∥2 ≤ ε;
15: p̂ = xp(t).

IV. TASKS SCHEDULING CASE: PARALLEL ALGORITHM
We have solved users scheduling optimization problem.
However, the coupling between users and tasks scheduling
impedes the learning performance, thus we derive an asymp-
totic case in the absence of CCI to further get deeper insights
on the tasks scheduling cases [25], [26]. Specifically, the
interference amplification, i.e., Gk,ℓ → 0(k ̸= ℓ), tends to
infinity almost surely via the law of large numbers when the
number of antennas N approaches to infinite (N → ∞).
Then, we simplify the user data-rate as

Rk = log2

(
1 +

Gk,kpk
σ 2

)
,

and give the number of collected samples as

Dri =

∑
k∈Ki

BTRk
Vi

=

∑
k∈Ki

BT
Vi

log2

(
1 +

Gk,kpk
σ 2

)
. (25)

Here, we eliminate probabilistic scheduling since the key
characteristic of this specific scenario is that the number
of antennas is much greater than the number of users, i.e.,
K ≪ N . This is a small-scale users’ case, and the co-channels
maintain orthogonality, eliminating the interference influ-
ences. Putting (25) into P3 yields

P4 :min
p

max
i∈I

8i(pi|σ
2)

s.t.
∑
k∈K

pk = P, (26a)

where pi ≜
[
p1, p2, · · · , p|Ki|

]T and p≜
[
pT1 , pT2 , · · · , pTI

]T
with

8i(pi|σ
2) ≜ ρi × ai∑

k∈Ki

BT
Vi

log2

(
1 +

Gk,kpk
σ 2

)
+ Ai

−bi

.

It is obvious that how multi-objective learning tasks influ-
ence resource allocation efficiently.

We next introduce additional variablesPi to decompose the
power constraint (26a), and obtain a set of sub-problems in
parallel. Accordingly, P4 is transformed as

P5 : min
{pi}

I
i=1

u+
1
2c

(u− um)2

s.t. ωi8i(pi|σ
2) ≤ u, ωi ∈ {0, 1}, (27a)∑

k∈Ki

pk = Pi, pk ≥ 0, ∀i ∈ I, (27b)

∑
i∈I

Pi = P, (27c)

where um ≜ max
i∈I

8i(pi|σ
2) denotes the worst learning error,

c is a penalty parameter, u ∈ [0, 1] is a slack variable
and has the interpretation of classification error level, (27b)
and (27c) come from (26a), which is divided into I blocks
in parallel [13]. The objective function of P5 is the epigraph
function with a penalty, constraint (27a) denotes the epigraph
form of the objective function in P4, here um ≤ u.
Using a similar approach to solve P2, the ALF of P5 is

given by

L({pi}
I
i=1, {Pi}

I
i=1, u; {λi}

I
i=1, {βi}

I
i=1)

= u+
1
2c

(u− um)2 +

∑
i∈I

λi

(
8i(pi|σ

2)−u
)

+

∑
i∈I

βi

∑
k∈Ki

pk − Pi

+
µ

2

∑
i∈I

∑
k∈Ki

pk − Pi

2

.

It is hard to update {Pi}i=1, ··· , I since the resource optimiza-
tion for various learning tasks exhibits coupling. Therefore,
we derive Proposition 3 to address this issue.
Proposition 3 (Parallelization [13], [14]): Given ALF,

we can make the following iteration concerning variables Pi:

Pi(t) ≜ 1T pi(t) −
1
I

(
1T p(t)−P

)
. (28)

The relative dual variables {βi}
I
i=1 are updated by

β(t + 1) = max
(
β(t) +

µ

I

(
1T p(t + 1)−P

)
, 0
)

, (29)

and βi(t + 1) = β(t + 1), for all i = 1, · · · , I .
Proposition 3 effectively develops an efficient parameter

update metric in parallel. Proposition 3 also shows that we
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can eliminate (27c) by (28), efficiently. Thus, the ALF of P2
can be divided into a set of sub-functions, given by

Li
(
pi; λi, β

)
= λi

(
8i(pi|σ

2)−u
)

+ β

∑
k∈Ki

pk − Pi(t)


+

µ

2

∑
k∈Ki

pk − Pi(t)

2

.

We next compute partial derivatives of Li
(
pi; λi, β

)
with

respect to relative variables, and then apply the gradient
descent method in parallel.

A. UPDATE pi WITH OTHER VARIABLES FIXED IN
PARALLEL
It can be seen that Li

(
pi; λi, β

)
is differentiable with respect

to pi, and the corresponding gradients are

∇piLi
(
pi; λi, β

)
=

[
∂L1
∂p1

,
∂L2
∂p2

, · · · ,
∂L|Ki|

∂p|Ki|

]T
,

with its k th element being

∂Li
∂pk

=

−biλiρiai

∑
k∈Ki

BT
Vi

log2

(
1 +

Gk,kpk
σ 2

)
+ Ai

−bi−1

BTGk,k
ln(2)Vi(σ 2 + Gk,kpk )

)
+ β + µ

∑
k∈Ki

pk − Pi(t)

 ,

then we apply a gradient descent method to obtain

pi(t + 1) = max
(
pi(t) − η∇piLi

(
pi(t); λi(t), β(t)

)
, 0
)
.

(30)

Proposition 3 shows that the term
∑

k∈Ki
pk (t) − Pi(t) is

replaced by 1(t), which is independent of additional vari-
ables Pi(t). Moreover, it implies that Proposition 3 can speed
up the convergence of our algorithm.

B. UPDATE RELATIVE DUAL VARIABLES
We can obtain an optimized solution directly, given by

λi(t + 1) = min
(
max

(
λi(t) + η

(
8i(pi(t + 1)|σ 2)

−u(t)) , 0) , 1) . (31)

And, the dual variable β(t + 1) can be updated by (29).

C. UPDATE u WITH OTHER VARIABLES FIXED
By use of gradient descent method, we obtain

u(t + 1) = u(t) − η

(
1 −

∑
i∈I

λi(t + 1) +
u(t) − um

c

)
.

(32)

Algorithm 2 Parallel Algorithm for Multi-Objective
Learning Tasks

Input: Setting (I ,N ,K ,P,T ,B, σ 2,Ai), channels {hk}, sets
{Ki} for i ∈ I, gain diagonal matrix D, learning rate η

and the error tolerance ε.
Output: The optimized solution p̂.
1: Initialize t = 0, p(0) = 1, λ(0) = 1, β(0) = 1,
u(0) = 1;

2: repeat
3: for i ∈ I in parallel do
4: Update pi(t + 1) as per (30);
5: Update λi(t + 1) as per (31);
6: end for
7: Update β(t + 1) as per (29);
8: Update u(t + 1) as per (32);
9: t = t + 1;

10: until ∥p(t) − p(t − 1)∥∞ ≤ ε .
11: p̂ = p(t).

TABLE 2. The simulated parameters’ setting [12], [13], [25].

It is evident that the selection of a learning-oriented
objective, depending on task difficulty, improves resource
utilization efficiency at the edge, which increases the achiev-
able learning gain. In terms of computational complexity, it is
proportional to K primal variables, I + 1 dual variables, and
one auxiliary variable. Here, K primal and I dual variables
can be in parallel due to multi-objective optimizations. More-
over, parallel acceleration is to speed up the algorithm further.
Consequently, the total complexity isO(τ (K/I + 2)), due to
I parallel tasks. Now, we show Algorithm 2 in detail. Specifi-
cally, Lines 3-6 incorporate task-based parallel modules, and
Lines 7-8 describe information aggregation modules.

V. SIMULATION RESULTS AND DISCUSSIONS
This section provides simulation results to evaluate the
proposed algorithm performances. We set the simulated
parameters, as shown in Table 2 unless specified otherwise.
In particular, Rows 1-4 and Rows 5-9 represent the wireless
and learning parameters, respectively. The transmit times
T are set as 10 s, 20 s, and 200 s for three different simu-
lated cases: single-task (i.e., SVM), two-task (i.e., SVM and
CNN6) and four-task (i.e., SVM, CNN6, ResNet110, and
PointNet) cases, respectively.

In our simulations, we employ the workstation with the
Hygon C68-3250 CPU and 8-core processors configuration
and use Matlab to conduct 100 Monte Carlo simulations.

VOLUME 7, 2026 2901



XIE et al.: ENERGY-EFFICIENT AND LEARNING-AWARE EDGE INTELLIGENCE

FIGURE 2. The maximum error of different learning tasks versus the total transmission time T .

FIGURE 3. Maximum error of different learning tasks versus transmit power P (W ).

Moreover, we also assign threads according to the number
of learning tasks for parallelization implementation.

A. USERS SCHEDULING PERFORMANCE
This subsection presents the relationships between the
learning and resource allocation in different algorithms.
Besides our proposed learning-oriented algorithms (i.e.,
Algorithm 1), we also simulate other benchmark schemes:
1) Max-min fairness scheme (Max-min for short) [10];
2) Sum-rate maximization scheme (SRM for short) [11];
3) MM-based LCPA (MM for short) scheme [12];
4) Distributed LCPA scheme (DLCPA for short) [13].
Figure 2 depicts the maximum errors versus the total trans-

mission time. Specifically, Fig. 2(a) shows that the learning
error of the proposed algorithm gradually decreases with
increasing transmit time and consistently remains below other
curves. It benefits from probabilistic scheduling algorithms,
which decreases the influence of co-channel interference,
then obtains more training data under joint communication.
Compared with [13], the proposed model design a proba-
bilistic scheduling metric, enabling the stochastic channel
distribution. Moreover, Figs. 2(b)-(c) also achieves compara-
ble performance in two-task and four-task cases, respectively.
Beyond the scheduling algorithm, it also benefits from that

the designed algorithm is adaptive to the min-max learning
model, ensuing the optimized model selection.

Figure 3 shows the maximum errors versus the transmit
power. Specifically, Fig. 3(a) demonstrates a monotonically
decreasing trend of learning errors, while the proposed
algorithm also maintains a superiority among all bench-
mark curves. This improvement mainly stems from enhanced
data collection with higher power budgets. Moreover, the
proposed model adopts a learning-oriented communication
scheme and allocates data-collection resources according to
the selected worst-case learning task. Similarly, Figs. 3(b)-(c)
also exhibit consistent trends in two-task and four-task cases,
respectively. It also benefits from probabilistic scheduling
and learning-oriented communication.

Figure 4 describes the maximum errors versus the number
of antennas. Specifically, Fig. 4(a) shows a monotonically
decreasing trend of learning errors. Moreover, the gap of
the maximum errors between the proposed model and other
models progressively narrows with increasing number of
antennas. It is because that the co-channel interference
decreases when the number of antennas increases gradu-
ally and therefore leads to a good learning performance.
Similarly, Figs. 4(b)-(c) also exhibit consistent trends in
two-task and four-task cases, respectively. It is mainly
because that the proposed model adaptively optimizes for
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FIGURE 4. Maximum error of different learning tasks versus the number of antennas N.

FIGURE 5. Mean squared errors vs. the number of iterations in four tasks cases, with T = 200 s and the learning step η = 1 × 10−3.

the worst-case case, leading to a marginal performance
gain.

B. TASKS SCHEDULING PERFORMANCE
This subsection mainly describes the relationships between
the learning and differ learning tasks in the asymptotic case.
The number of users is set as |K1| = · · · = |KI | = 2. To
evaluate the convergence process, we define a mean squared
error (MSE) as

MSE

≜ ∥p(t) − p(t − 1)∥2 + ∥δ(t) − δ(t − 1)∥2 + |∥p(t)∥1 − P|

+ ∥(G− D)p(t) − δ(t) + σ 21∥2. (33)

Figure 5 depicts the MSE computed by (33) versus the
number of iterations. On the one hand, we observe from
Fig. 5(a) that Algorithm 1 with acceleration outperforms that
without it in terms of convergence speed. The reason is due
to the accelerated convergence rate (O(1/τ 2)) for the pro-
posed algorithm. Similarly, Figs. 5(b)-5(d) illustrate that the
accelerated algorithm also benefits from faster convergence.
On the other hand, Fig. 5(d) shows that the performance
of Algorithm 2 suffers from a slower mean squared error
than Algorithm 1. Moreover, Figs. 5(a)-5(c) show that when
Algorithm 1 reaches convergence, its mean squared error
decreases as the number of antennas increases. The reason
behind these observations is that the influence of interference
diminishes with an increasing number of antennas. There-
fore, the optimization problem transforms from nonconvex

FIGURE 6. The learning performance in the asymptotic case.

P1 to less nonconvex P4, making Algorithm 1 achieve
near-optimal solutions with high probability. Specifically,
when the number of antennas N approaches to infinite,
Algorithm 1 converges to a closed-form optimal solution.
To get deeper insights on the learning performance, Fig. 6

describes the maximum errors versus the number of antennas
in the asymptotic case. Specifically, Fig. 6(a) shows that the
curve of Algorithm 2 is consistently below one of DLCPA
algorithms in the two-task case. It is because that the inter-
ference of Algorithm 2 is close to 0, resulting in a higher
learning gain than DLCPA algorithms. Moreover, when the
number of antennas increases, the gap between Algorithm 2
and DLCPA algorithms gradually decreases. The reason is
that the channel interference decreases when the number
of antennas increases. Comparing with Fig. 6(a), Fig. 6(b)
also observes the similar performance in the four-task case.
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FIGURE 7. Comparison of average transmit power and average CPU time.

Moreover, the gap in Fig. 6(b) is larger than one of Fig. 6(a).
It is because that Fig. 6(b) has more users and communication
channels, resulting in a higher interference than Fig. 6(a).

Figure 7 presents the performance of the power allocation
scheme and CPU running time in the asymptotic case, respec-
tively. On the one hand, Fig. 7(a) shows that allocating much
more power resources to the ResNet110 and PointNet tasks
than other two tasks, because there are usually millions of
parameter between these two models and training them is
more difficult, especially for ResNet110. Moreover, the opti-
mization process shifts the point from ResNet110 to PointNet
as transmission time increases, since this method reduces
the error rate of ResNet110 drastically with increasing sam-
ple size, the error of PointNet exceeds that of ResNet110.
However, the CNN6 and SVM parameter scale is rela-
tively small, thus power allocation among these two models
change little with transmission time, especially for SVM.
On the other hand, Fig. 7(b) shows that Algorithm 2 for
the single-task case has a shorter CPU time than the MM
algorithm developed in [12]. The reason is due to the
low computational complexity (O(K )) for the proposed
algorithm. Moreover, Fig. 7(b) also shows that the CPU
time of Algorithm 2 remains almost the same as the number
of tasks from two to four cases, compared with the single
task case. The reason behind this observation is that the
per-iteration complexity of our parallel algorithm is almost
O(K ) for each task.
Figure 8 shows the performance of the transmit power in

the four-task case. On the one hand, Fig. 8(a) presents that
MLE decrease gradually as the transmit power increases.
It is because that the number of collected training samples
increases with a larger allocated power. Moreover, our algo-
rithms maintain the lower MLE than other algorithms. It ben-
efits from the probabilistic scheduling algorithm. Therefore,
we conclude that our probabilistic scheduling algorithms
improve the efficiency of the transmit power. On the other
hand, Fig. 8(b) shows that our algorithms allocate almost the
power to ResNet110 during optimization. It is because that
ResNet110 has more network parameters than other tasks and
requires more power to transmit data for training. When the
learning error of ResNet110 is lower than that of PointNet,
the system allocates some power to PointNet. Although a

FIGURE 8. Comparison during different tasks.

fraction of power is allocated to CNN6 and SVM, the learning
error decreases significantly compared with PointNet. Here,
the training data of PointNet is a 3D point clouds dataset,
which is large and difficult to be transmitted, thus the decline
of learning error is not obvious for PointNet.

VI. CONCLUSION
The learning-aware optimization model with probabilistic
scheduling has been proposed to balance learning perfor-
mance and resource allocation. First, the users scheduling
algorithm has been developed to reveal the relationship
between resource allocation and learning performance.More-
over, a fast proximal linearized algorithm is designed to solve
the large-scale optimization problems. Then, tasks scheduling
in asymptotic cases is derived to improve resource utilization
efficiency. Extensive experimental results have shown that
the probabilistic scheduling could efficiently improve learn-
ing gains and resource utilization ratios. The fast and parallel
algorithms enabled large-scale users and different learning
tasks efficiently.

APPENDIX A
PROOF OF THEOREM 1
From the t th to the (t + 1)th iteration, the expected increment
in the dual function in (A.1a) and (A.1b), as shown at the
bottom of the next page, where8∗(·) is dual functions of8(·),
up,uδ are relative dual variables of p, δ, and v(up(t),uδ(t)) =[
p(t)T , δ(t)T

] [
up(t)T ,uδ(t)T

]T denotes the global change to
be kept consistent. Moreover, (A.1a) follows Assumption 3
[17] and

8∗(up(t),uδ(t))=
∑
k∈K

8∗(0; v(up(t),uδ(t)), uk,p(t), uk,δ(t)).

Since 8(·) is Lm-smooth, 8∗(·) is 1/Lm-strongly convex.
Hence, there exist a scalar β ∈ (0, 1), such that

8∗(up(t),uδ(t)) −

∑
k∈K

18∗(1u∗
k,p, 1u

∗
k,δ;

v(up(t),uδ(t)), uk,p(t), uk,δ(t)) (A.2a)

≤ β
[
8∗(u∗

p,u
∗
δ ) − 8∗(up(t),uδ(t))

]
, (A.2b)
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where β ∈ (0, 1), and v(up,uδ) = pHup + δHuδ . As such,
we have the following:

8∗(u∗
p,u

∗
δ ) − 8∗(up(t + 1),uδ(t + 1))

≤ 8∗(u∗
p,u

∗
δ ) − 8∗(up(t),uδ(t))

+ (1 − β)Uk
[
8∗(up(t),uδ(t))

−

∑
k∈K

18∗(1u∗
k,p, 1u

∗
k,δ; v(up(t),uδ(t)), uk,p(t), uk,δ(t))

]
≤ [1 − (1 − β)Uk ]8∗(u∗

p,u
∗
δ ) − 8∗(up(t),uδ(t)) (A.3a)

≤ [1 − (1 − β)Uk ]t 8∗(u∗
p,u

∗
δ ) − 8∗(up(0),uδ(0)).

(A.3b)

The result then follows by upper boundingR.H.S of (A.3b).

APPENDIX B
PROOF OF PROPOSITION 1
From Eq. (13), we obtain the following expression.

(ℓ + 1)ν(ℓ + 1)−ℓν(ℓ) =

∑K
k=1 1 {wk (ℓ) = 1, Rk (ℓ) > γ }

K
.

Summing above equation from ℓ = 0 to ℓ = t − 1 and
performing some algebraic manipulation yields ν(t) of (10).
To proof the steady-state expectation, we first define ν′(ℓ)

as

ν′(ℓ) ≜
1
K

K∑
k=1

1{wk (ℓ) = 1,Rk (ℓ) > γ }.

Substituting ν′(ℓ) into (10) yields:

Uk = lim
t→∞

1
Kt

t−1∑
ℓ=0

(
K · ν′(ℓ)

)
= lim

t→∞

1
t

t−1∑
ℓ=0

ν′(ℓ)︸ ︷︷ ︸
ν(t)

. (B.1)

The final expression, limt→∞
1
t

∑t−1
ℓ=0 ν′(ℓ), is precisely the

long-term time average of the process ν(t).
By Assumption 1, ν(t) is a stationary and ergodic process.

For such a process, the time average converges almost surely

(and thus in the sense of the limit shown) to the ensemble
expectation. Hence,

lim
t→∞

1
t

t−1∑
ℓ=0

ν′(ℓ) = E[ν(t)],

where the expectation E[ν(t)] is constant over time due to
stationarity.

Therefore, we have established the equality:

Uk = lim
t→∞

1
t

t−1∑
ℓ=0

ν′(ℓ) = E[ν(t)],

which completes the proof, confirming the equivalence
between (10) and (14).

APPENDIX C
PROOF OF PROPOSITION 2
It can be seen that minimizing P3 is obtained with the iden-
tifications

A ≜

[
G̃− D̃ −I
1T 0T

]
, A1 ≜

[
G̃− D̃
1T

]
, A2 ≜

[
−I
0T

]
,

where G̃ ≜
[
G(1, :)T • w(t) · · · G(K , :)T • w(t)

]T
and D̃ ≜

[
D(:, 1) • w(t) · · · D(:,K ) • w(t)

]
. So (5a)

and (9a) can be equivalent to the following equation.

Ax = r,

where r ≜
[
−σ 21T P

]T and x ≜
[
pT δT

]T
. Moreover, the

ALF of P2 can be rewritten as follows:

f (x) ≜ 8(x) + ⟨λ,Ax− r⟩ +
µ

2
∥Ax− r∥22,

where λ ≜
[
αT β

]T and 8(x) ≜ 8(p|δ).
Next, we consider f (x) with n = 2 blocks of

variables. The state-of-the-art solver for P2 is a proxi-
mal fast linearized ADMM with parallel splitting which
updates each block [24]. We start with writing one of

8∗(up(t + 1),uδ(t + 1)) − 8∗(up(t),uδ(t))

≥ Uk

[∑
k∈K

18∗(1u∗
k,p, 1u

∗
k,δ; v(up(t),uδ(t)), uk,p(t), uk,δ(t))

+

∑
k∈K

18∗(1uk,p(t), 1uk,δ(t); v(up(t),uδ(t)), uk,p(t), uk,δ(t))

−

∑
k∈K

18∗(1u∗
k,p, 1u

∗
k,δ; v(up(t),uδ(t)), uk,p(t), uk,δ(t))

]
(A.1a)

≥ (1 − β)Uk

[∑
k∈K

18∗(1u∗
k,p, 1u

∗
k,δ; v(up(t),uδ(t)), uk,p(t), uk,δ(t))−8∗(up(t),uδ(t))

]
−8∗(up(t),uδ(t)) (A.1b)
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ALFs L
(
p|∇yp8(yp(t + 1)|δ(t)), p(t), zp(t), δ(t); α(t), β(t)

)
as follows:

L
(
p|∇yp8(yp(t + 1)|δ(t)), p(t), zp(t), δ(t); α(t), β(t)

)
= ⟨∇p8(yp(t + 1)|δ(t)), p⟩ + µ(t)⟨AT1 (Azx(t) − r), p⟩

+
Lpθ (t) + µ(t)λp

2
∥p− zp(t)∥22 + ⟨λ(t),A1p⟩

= ⟨∇p8(yp(t + 1)|δ(t)), p⟩ +

∑
k∈K

αk (t)
∑

ℓ∈K\k

wℓ(t)Gk,ℓpℓ

+ µ(t)

〈(∑
k∈K

zpk (t)−P

)
1, p

〉
+ β(t)

∑
k∈K

pk

+ µ(t)
〈
(G− D)T

(
(G− D)(w(t) • zp(t)) − zδ(t)+σ 21

)
,

w(t) • p⟩ +
Lpθ (t)µ(t)λp

2

∥∥p− zp(t)
∥∥2
2 (C.1)

where Lp is Lipschitz constant of ∇p8(p|δ(t)) in Lemma 2,
zx ≜

[
zTp zTδ

]T
and yp(t+1) is updated by (17a) to accelerate

8(p|δ(t)). Here, λp ≥ 2∥A1∥
2
2 should be satisfied, so we can

obtain

λp ≥ 2K (∥G− D∥2 + 1)2≥2
(
∥w(t)∥2∥G− D∥2 +

√
K
)2

≥ 2
(
∥G̃− D̃∥2 + ∥1∥2

)2
≥ 2∥A1∥

2
2.

Then, we also write another ALF L(δ|∇yδ8(p(t + 1)|
yδ(t+1)), p(t+1), δ(t), zδ(t); α(t), β(t)) as follows:

L
(
δ|∇yδ8(p(t+1)|yδ(t+1)), p(t + 1), δ(t), zδ(t); α(t), β(t)

)
= ⟨∇δ8(p(t + 1)|yδ(t + 1)), δ⟩ + µ(t)⟨AT2 (Azx(t) − r), δ⟩

+
Lδθ (t) + 2µ(t)

2
∥δ − zδ(t)∥22 + ⟨λ(t),A2δ⟩

= ⟨∇δ8(p(t + 1)|yδ(t + 1)), δ⟩ −

∑
k∈K

αk (t)δk

+ µ(t)
∑
k∈K

δk

 ∑
ℓ∈K\k

wℓGk,ℓzpℓ
(t) + σ 2

− zδk (t)


+
Lδθ (t) + 2µ(t)

2
∥δ − zδ(t)∥22, (C.3)

where Lδ is a Lipschitz constant of ∇δ8(p(t + 1)|δ)
in Lemma 2 and yδ(t + 1) is updated by (17b) to
accelerate 8(p(t + 1)|δ). Here, it is seen obviously that
λδ ≥ n∥A2∥

2
2 = 2.
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