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Abstract—Deep learning plays increasingly important role in
future wireless network management and optimization. Existing
training methods such as label-based supervised learning and
label-free learning have inherent limitations. The performance
of supervised learning is limited by labels, while label-free
training methods require extensive exploration. To address these
limitations, this article proposes a novel mixture of gradients
(MoG) method, which integrates gradients from different sources
within the training process in order to improve the conver-
gence performance of neural networks (NNs). Particularly, MoG
is a modular, plug-and-play solution requiring no structural
modifications to existing NNs. Its implementation necessitates
only minor modifications to the loss function, where the label-
based supervised loss is combined with a label-free loss through
weighted summation. The label-free loss can be either unsuper-
vised loss or reinforcement learning loss. This flexibility allows
seamless integration into nearly all NN-based methods, making
it applicable to a wide range of wireless optimization problems
with minimal implementation cost. Extensive simulations across
multiple classic wireless scenarios demonstrate that MoG can
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significantly enhance the performance of NN decision-making,
leading to higher transmission rates.

Index Terms—Deep learning (DL), mixture of gradient (MoG),
training paradigm, wireless network optimization.

I. INTRODUCTION

W IRELESS network optimization focuses on rationally
allocating network resources to meet service demands

and maximize system performance [2], [3]. With the rapid
development of 6G networks, emerging services demon-
strate unprecedented diversity and personalization, including
millisecond-level delay for Industrial Internet of Things (IoT),
ultrahigh throughput in extended reality (XR), and million-
device connectivity for digital twin systems [4], [5]. Confronted
with diverse service requirements, traditional optimization meth-
ods encounter exponential growth in computational complexity
within complex wireless environments, struggling to satisfy
the real-time response requirements. Deep learning (DL) has
recently emerged as a promising paradigm in signal detection,
user access control, and radio resource management, leveraging
its capacity for end-to-end nonlinear mapping [6], [7], [8].
For instance, convolutional neural networks (CNNs) excel
at extracting local features from data, enabling them to
effectively identify key frequency information from spectrum
maps [9].Recurrentneuralnetworks (RNNs), adept atprocessing
time-series data, enhance channel estimation accuracy by
capturing temporal dependencies within signals [10]. In
ultradense network scenarios, graph neural network (GNN)-
based frameworks have demonstrated improved throughput
and spectral efficiency through modeling the correlations
between channel state information and network topology [11].
Crucially, network performance is not only determined by the
inherent strengths of the neural network (NN) architecture but
is also significantly influenced by the training methodology
employed. Specifically, supervised learning (SUP) often suffers
from overfitting due to its reliance on labeled datasets [12],
whereas reinforcement learning (RL) faces inherent challenges
in balancing exploration efficiency with convergence stability
within complex wireless environments [13]. These training-
level performance bottlenecks ultimately limit the applicability
of DL solutions in various scenarios in 6G networks.

Unlike classical convex optimization algorithms that
maintain broad applicability across communication network
scenarios by virtue of their mathematical generality [14],
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current advancements in training methods for learning-based
wireless networks are typically realized through problem-
specific designs to achieve enhanced performance in particular
scenarios. This inherent specialization constrains their gen-
eralization capabilities across diverse network environments.
Although recent studies have sought to improve model
robustness by introducing penalty terms in loss functions
or regularization based on physical models [15], [16], such
improvements remain constrained by their prior assump-
tions regarding wireless environment statistics. Consequently,
existing training paradigms face generalization bottlenecks
under varying network conditions. When fundamental network
characteristics evolve, previously effective training approaches
may suffer significant performance degradation or even com-
plete failure [17], [18]. This scenario dependency primarily
originates from excessive sensitivity to network features [19].
While emerging meta-learning frameworks have demonstrated
potential for adaptive optimization strategy adjustment in
wireless communication systems [20], [21], their practical
implementation faces challenges due to deployment complex-
ity caused by dual-level optimization structures. Although
problem-specific training techniques work well in 4G/5G
networks, the explosive growth of diversified and personalized
scenarios in 6G networks poses efficiency challenges for
such scenario-specific designs [22]. This evolution necessitates
the development of a NN enhancement technique applicable
across various communication scenarios, essential for fulfilling
6G networks’ stringent service performance requirements.

Therefore, it is of great interest in developing a train-
ing framework that is decoupled from model architectures
and problem-agnostic. Fortunately, advances in artificial
intelligence (AI) have demonstrated promising innovations
in training mechanisms. For instance, knowledge distil-
lation (KD) techniques have achieved generalized model
performance enhancement through teacher-student collabora-
tive learning frameworks that implement knowledge transfer
at the loss level [23]. The core value of such methods
lies in their ability to integrate different training information
through well-designed loss functions, while preserving the
original network architecture, thereby providing insights for
overcoming existing training paradigm constraints. However,
there are still challenges in applying these methods to wireless
networks, as they typically require pretrained teacher mod-
els during knowledge transfer. Furthermore, current training
methods have not comprehensively addressed gradient coor-
dination between supervised and unsupervised information,
which limits the improvement of NNs’ cognitive and decision-
making capacities in complex wireless environments. Notably,
the effectiveness of addressing this issue has already been
validated in the AI field [24].

In this article, we propose a novel generalized training
paradigm based on current NN architectures and training meth-
ods in wireless networks, called mixture of gradient (MoG),
which is widely applicable to various problems in wireless
communication systems. The focus of this article does not aim
to enhance the performance of a specific scenario and problem,
but rather strives to provide a comprehensive, universally
applicable framework designed to accommodate a wide range
of communication scenarios. Specifically, for various network

optimization problems, we first employ existing optimization
algorithms to generate a collection of high-quality solutions,
which serves as the labeled training dataset. A supervised
loss term is constructed based on the discrepancy between
these labeled data and the decision solutions output by the
NN model. Subsequently, we develop label-free unsupervised
loss or RL loss according to the optimization objectives and
model outputs. These loss components are linearly combined
with the supervised loss through weighting coefficients, form-
ing a novel loss function for optimizing NN parameters.
This training paradigm naturally achieves gradient mixing by
simultaneous backpropagation of multisource loss. The main
contributions of this article are as follows.

1) For future learning-based wireless network, we pro-
pose an innovative MoG training paradigm that
achieves scenario-agnostic performance enhancement
for NN-based algorithms by integrating existing training
methods. This method serves as a general and simple
technique, which is completely unconstrained by NN
architecture and specific problem characteristics.

2) The proposed MoG method, as a plug-and-play solution,
can be implemented by simply modifying the loss
function. Only the gradient source needs to be changed
during training, which does not cause any additional
computation for forward inference and does not require
additional training data.

3) Extensive experiments conducted in several classic wire-
less network optimization scenarios show that compared
with traditional training methods, the proposed MoG
method improves the decision-making performance of
mainstream NN models, thereby significantly enhancing
the sum rate of wireless systems.

The preliminary version of this work was published in
[1], which only focused on continuous optimization in a
single scenario. This paper considers different optimization
problems in a broader range of wireless network scenarios and
involves more existing training methods, fully demonstrating
the effectiveness and generality of the proposed scheme.

The remainder of this article is organized as follows. In
Section II, the system model and problem formulation are
presented. We propose a MoG-based training paradigm for the
network optimization problem in Section III, followed by the
extensive simulation results presented in Section IV. Finally,
Section V concludes this article.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we investigate two landmark problems:
1) power control in device-to-device (D2D) networks and
2) resource block (RB) allocation in cellular networks, which
are described in detail as follows.

A. Power Control in Device-to-Device Networks

We consider a D2D network with K single-antenna
transceiver pairs randomly distributed on a 2-D plane, as
shown in Fig. 1. The network comprises K direct-link chan-
nels, each established between a distinct transceiver pair for
communication. However, there are K × (K − 1) cross-link
channels due to shared spectrum resources, which impairs
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Fig. 1. System model of D2D network.

Fig. 2. System model of cellular network.

the expected data transmission. This network feature requires
proper allocation of the transmission power to ensure efficient
communication between the designated communication pairs.

The optimization objective of power control is to maximize
the sum rate across all pairs in the network, which is defined
as follows:

Problem 1:

max
p1,...,pK

K∑

i=1

log2

(
1 + |hi,i|2pi∑

j �=i |hj,i|2pj + σ 2

)
(1)

s.t. 0 ≤ pi ≤ 1 ∀i (1a)

where pi represents the transmission power allocated to the
ith link’s sender, and hi,j denotes the channel state between
the sender of the ith link and the receiver of the jth link. σ 2

corresponds to the noise power at the receiver. The logarithmic
function in the objective represents the Shannon capacity of
each link, reflecting the theoretical maximum transmission rate
achievable under this SINR.

B. Resource Blocks Allocation in Cellular Networks

This scenario examines the uplink transmission in a cel-
lular network, where a base station (BS) serves K randomly
distributed user equipments (UEs) within its coverage area.
It is assumed that the BS has N orthogonal RBs that will
be allocated to active UEs. The orthogonality of the RBs
means that parallel transmissions using different RBs will not
interfere with each other. However, the number of UEs in a
cell is often larger than the number of RBs to improve spectral
efficiency. This imbalance makes it necessary to allocate a
single RB to multiple transmission links at the same time,
which inevitably leads to channel interference between links
sharing the same RB. In the example of Fig. 2, direct-link

channels 1 and 2 share the same RB, and the other direct-link
channels share the same RB.

Similarly, the optimization objective of RB allocation is to
optimize the sum rate over all UEs in the cell, which is defined
as follows:

Problem 2:

max
x1,...,xK

K∑

i=1

log2

(
1 + |hi,i|2pi∑

i �=j xi,j|hi,j|2pj + σ 2

)
(2)

s.t. xi,j ∈ {0, 1} ∀i, j (2a)

pi = f (·) ∀i (2b)

where xi = [xi,1, . . . , xi,K], xi,j denotes the RB selection of
UE i and UE j. Specifically, xi,j = 1 indicates that the two
UEs use the same RB for data transmission, while xi,j = 0
indicates that different RBs are used. It should be noted that
for UEs sharing the same RBs, power control is reformulated
as an optimization problem, consistent with that discussed in
the previous section. Given that the main focus of this part is
the allocation of RBs, a predetermined optimization algorithm
f (·) [25] is used to allocate the power to the UEs after the
selection of RBs.

III. MIXTURE OF GRADIENTS FOR WIRELESS NETWORK

The proposed MoG is a simple integration of existing
methods, so it is necessary to first provide a comprehensive
overview of the NN training techniques currently used in the
field of wireless networks.

A. Different Training Methods for Wireless Network

The rapid development of DL has given rise to several
NN training methods, including SUP based on data labels,
unsupervised learning (UNSUP) without data labels, and RL
utilizing reward mechanisms, and this section will present how
different training methods optimize the parameters of NNs and
discuss their features.

1) SUP, as a training method that requires the high-quality
solution y∗ of optimization objective as the label, has
been widely used in early NN-based wireless network
optimization algorithms. During SUP training of an
NN, the model’s output y = F(x; θ) must closely
approximate the target label y∗, so the model parameters
θ in the mapping function F are updated according to
the following equation:

θ = θ − α∇y‖y∗ − y‖2
2∇θF(x; θ) (3)

where α is learning rate and x is the input of NN.
Despite its simplicity and effectiveness, the practical
application of SUP faces two persistent challenges:
1) obtaining high-quality solutions as labels and 2)
overfitting. Unlike the field of computer vision, which
benefits from abundant, high-quality datasets, wireless
communication systems are frequently confronted with
nonconvex optimization problems that pose substantial
difficulties in acquiring labeled training data. Despite
this challenge, the solutions generated by conventional
algorithms can be leveraged to serve as labels [26].
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However, this approach inherently constrains the poten-
tial of NNs. Exclusive reliance on SUP fundamentally
restricts NNs from exceeding the performance of their
training labels, as the learning process is bounded
by the inherent limitations of algorithmic frameworks.
Moreover, since the training goal of SUP is to min-
imize the distance between the output and the label,
the performance of the NN drops dramatically if the
distribution of y∗ corresponding to the test environment
is different from that of the labels, which is known as
overfitting. However, it can also be shown that SUP can
make the NN learn the features and distributions of the
solutions corresponding to the labels, which is one of
the inspirations for the proposed method.

2) UNSUP offers a robust method for training NNs by
recasting the optimization problem into a differentiable
loss function. This approach directly updates the NN
parameters by applying the chain rule, which sig-
nificantly simplifies the training process and has the
potential to discover complex patterns in the data that are
not easily detected through SUP [27]. By adopting the
UNSUP approach, the NN is more inclined to identify
and utilize the underlying structure of the dataset during
the training process, resulting in a more robust and
generalized model. Take the optimization goal (1) as
an example, the parameters of the NN can be updated
through the following chain derivation:

θ = θ + α∇pH(p|h)∇θF(h; θ) (4)

where H(p|h) = ∑K
i=1 log2 [1 + ([pi|hi,i|]/[

∑
j �=i pj|hj,i|

+ σ 2])], p = F(h; θ). Compared to other methods,
UNSUP not only eliminates the reliance on labeled data
but also mitigates the influence of the randomness of
exploration on the training efficiency of NNs. However,
given the nonconvex nature of (1), optimization of the
power vector p via gradient descent may converge to a
local optimum without assurance of global convergence.
Therefore, a feasible strategy to improve the efficiency
of UNSUP training can involve the refinement of the
directional information between the current power vector
p and the optimal solution p∗.

3) RL updates the NN parameters based on the sum rate
that can be reached at the current state by letting the
NN interact with the wireless environment continuously,
so that the action of the NN can obtain higher returns.
The two optimization problems in the wireless networks
we focus on are characterized by continuous and high-
dimensional action spaces, respectively, which pose
significant challenges for value-based RL algorithms.
Such algorithms require explicit discretization of all
actions and extensive exploration in the action space to
evaluate every possible choice. This leads to substantial
training and storage costs, and often results in difficulty
converging. Therefore, in this article, we discuss two
commonly used and classical policy-based RL algo-
rithms: 1) policy gradient (PG) [28] and 2) deterministic
PG (DPG) [29], which explore directly in the policy
space and naturally handle continuous actions. Despite
the absence of a necessity for labeled data in both RL

algorithms and UNSUP techniques, a unique advantage
of RL over UNSUP is its independence from the differ-
entiability of the optimization function. RL algorithms
estimate agent performance directly through reward
signals and utilize this assessment to iteratively update
policy parameters. Briefly, policy-based RL methods
leverage gradient estimates of expected returns to guide
the optimization process without focusing on the specific
form of the optimization objective. This is in contrast
to UNSUP that require direct analytical gradients of the
objective function for optimization, a requirement that
is circumvented in the RL paradigm.

As a classic policy-based RL algorithm, PG updates the θ as
follows:

θ = θ + αR∇θ logF(x; θ) (5)

where R is the value of reward. For the above two concerned
problems, R is the sum rate of the system. A distinctive feature
of PG can be seen in (5), i.e., PG does not directly output a
deterministic y, but rather outputs a distribution of y, which is
sampled to obtain a specific y.

Unlike PG, DPG directly learns a deterministic strategy that
outputs a single optimal action in a given state rather than a
probability distribution of the action. In the DPG, the θ are
updated as follows:

θ = θ + α∇yV(y|x; θv)∇θF(x; θ) (6)

where V is the value NN used to evaluate the reward of the
y output by F under x. A distinctive feature of DPG can be
seen in (6), in addition to the actor NN F a value NN V also
needs to be trained, and according to [29] the parameters θv

of V are updated as θv = θv − α‖V(y|x; θv) − R‖.
Although policy-based RL algorithms show higher explo-

ration efficiency compared to value-based methods, the
intrinsic complexity of exploration remains a critical chal-
lenge. Specifically, these algorithms guide the exploration
process by adjusting the policy parameters in the direction
of expected reward increase. PG methods introduce stochas-
ticity by sampling from a probability distribution of actions,
while DPG methods adopt a deterministic approach, choosing
actions that are predicted to maximize expected returns.
Despite these well-designed optimization methods, the lack
of explicit labels for guidance means that the NN still needs
to undergo a large number of iterations to refine its policy
and thus accumulate higher cumulative rewards. Although the
iterative approach of DPG is more directional than simple ran-
dom sampling, it may not always lead to optimal exploration.
The NN is still required to delicately balance the exploration of
novel actions against the exploitation of previously identified
rewarding actions. Overall, the policy-based RL algorithm
retains a certain amount of randomness in exploration, which
can help NNs find optimal policies in some cases, but has the
potential to reduce efficiency.

As a result, despite the advancements in exploration tech-
niques, policy-based RL algorithms continue to face the
challenge of rationalizing the exploration-exploitation tradeoff.
Leading NNs toward an action space where high-performance
solutions are more likely to be available is a promising option
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that can significantly improve the performance of RL-based
methods.

Based on the above analysis, we summarize the comparison
of existing training methods in Table I.

B. Implementation of MoG Based on Existing DL Methods

As mentioned in previous discussions, KD has been
proposed, which improves the training effect by integrating
various supervised information. Specifically, KD enhances the
performance of the smaller, less complex student model F by
enabling it to mimic the behavior of a larger, high-performance
teacher model G. This is achieved by jointly minimizing the
divergence in output distributions between the teacher and
student models, alongside the loss function of the student
model. As a result, the parameter set θ of the student model
F undergoes iterative refinement, assimilating the knowledge
distilled from the teacher model. This process facilitates the
student model’s approximation of the teacher’s performance
as follows:

�y=F(·) = �hard(y, t) + β�soft(y, g) (7)

θ = θ − α∇y �∇θF( · ; θ) (8)

where y and g are the outputs of the student model F and
the teacher model G, respectively. � is the loss function,
which consists of �hard(y, t) that measures the distance between
the student’s output and the true label t, and �soft(y, g) that
measures the distance between the student’s output and the
teacher’s output, weighted by the factor β. θ represents the
parameters of the student model F .

The extensive practical applications of KD demonstrate
that combining two distinct loss functions can significantly
enhance NN performance, with the efficacy of this method-
ology being thoroughly validated through empirical evidence.
It is important to note that the differences between these loss
functions primarily come from the origin of the labels, which
essentially provide diverse gradient information for parameter
optimization of the NNs. Based on the above analysis, the
integration of existing training methods may be effective in
solving problems in the field of wireless networks. Therefore,
we integrate SUP loss based on algorithm labels into a
framework usually associated with UNSUP or RL that does
not rely on labels, becoming a new training paradigm called
MoG. The details of MoG are described below.

As described in Section III-B, in SUP, labels are generated
by a predefined algorithmic method aimed at minimizing
the discrepancy between the NN’s output y and the target
output y∗. In UNSUP, the NN is optimized to maximize the
objective function, while in RL, it is optimized to increase the
expected reward. Implementing MoG based on these methods
is very simple, i.e., weighted combination of the loss term
of SUP with UNSUP and RL, thus achieving a mixture of
different gradients during parameter update.

Adding a supervised term to the loss function of UNSUP,
the parameters are updated as follows:

θ = θ + α∇y

(
H(y|x) + β

∥∥y − y∗∥∥2
2

)
∇θF(x; θ) (9)

where H(y|x) is the objective function to be maximized, β

is a coefficient balancing the unsupervised objective with the
supervised term.

The parameter update process of the PG algorithm can be
reformulated as follows:

θ = θ + α
(

R∇θ logF(x; θ) + ∇yβ
∥∥y − y∗∥∥2

2∇θF(x; θ)
)
.

(10)

Similarly, after the addition, the parameter update equation
of the DPG algorithm can be represented as follows:

θ = θ + α∇y

(
V(y|x; θv) + β

∥∥y − y∗∥∥2
2

)
∇θF(x; θ) (11)

with V representing the value function parameterized by θv.
A careful analysis of (9)–(11) reveals that the direction of

the gradient update for the NN is related to the output vector y.
The main difference between the various NN architectures
is the intrinsic mechanism used to extract features from the
data, rather than the form of the output. Consequently, the
proposed MoG training paradigm is generalizable, being com-
patible with a range of NN architectures including multilayer
perceptrons (MLPs), CNNs, GNNs.

When referring to the power control problem described in
Section II-A, the parameter update of NN can be expressed as
follows:

θ = θ + α∇p

(
H(p|h) + β

∥∥p − p∗∥∥2
2

)
∇θF(h; θ) (12)

θ = θ + α
(

R∇θ logF(h; θ) + ∇pβ
∥∥p − p∗∥∥2

2∇θF(h; θ)
)

(13)

θ = θ + α∇p

(
V(p|h; θv) + β

∥∥p − p∗∥∥2
2

)
∇θF(h; θ) (14)

where H(p|h) = R = ∑K
i=1 log2 [1 +

([|hi,i|2pi]/[
∑

j �=i |hj,i|2pj + σ 2])], p∗ is the high-quality
solution obtained by existing optimization algorithms, the
input of NN is the channel state matrix h, and the output is
the power control vector p.

Similarly, for the RB allocation problem, the parameter
update process can be expressed as follows:

θ = θ + α
(

R∇θ logF(h; θ) + ∇Xβ
∥∥X − X∗∥∥2

2∇θF(h; θ)
)

(15)

θ = θ + α∇X

(
V(X|h; θv) + β

∥∥X − X∗∥∥2
2

)
∇θF(h; θ) (16)

where R = ∑K
i=1 log2 [1 + ([|hi,i|2pi]/[

∑
i �=j xi,j|hi,j|2pj +

σ 2])], X∗ is the high-quality solution obtained by existing
optimization algorithms, the input of NN is the channel state
matrix h, and the output is the RB allocation vector X. It is
worth noting that the nondifferentiability of the optimization
objective makes UNSUP unusable, so we did not provide the
expression corresponding to (9).

The above description shows that when applying MoG
to specific problems, only minor modifications to existing
methods are needed, without involving complex targeted
designs. For easier understanding, we have drawn a flowchart
of MoG, as shown in Fig. 3. The benefits of such approach
have been substantiated in Section IV, where performance
enhancements are comprehensively demonstrated. This novel
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TABLE I
COMPARISON OF EXISTING NN TRAINING METHODS FOR WIRELESS NETWORKS

Fig. 3. Proposed MoGs framework, where �UNSUP/RL denotes the loss function for traditional UNSUP and RL, and �SUP denotes the supervised loss.

strategy leverages the strengths of different learning mecha-
nisms, potentially leading to significant improvements in the
domain of wireless communication systems.

C. Discussion of MoG

In the proposed MoG training paradigm, high-quality
labeled datasets can be regarded as the teacher distribution.
By supplementing the supervised term constructed from the
labels to UNSUP and RL, the model performance can be
improved. The training process of MoG can be seen as
introducing a mechanism similar to KD in UNSUP and
RL. The effectiveness of this scheme can be analyzed from
the following aspects. First, the labels used in SUP are
usually the optimal or high-performing suboptimal solutions.
During the parameter update process, the NN continuously
narrows the distance between the output and the label, thus
being able to approach the performance of the label solu-
tion [30]. Although in the classic KD process, the direction
of knowledge transfer is from a large-scale teacher model
to a small student model, this strategy of optimizing NN
parameters by imitating high-performance distributions has
been proven to have wide applicability [31]. In the MoG
training method, the label data used is generated by existing
algorithms, rather than from large-scale teacher NNs. Similar
to the output of the teacher model, the high-quality solutions
provided by algorithms also contain complex optimization
information, which is difficult to obtain through autonomous
exploration in UNSUP or RL. Moreover, the optimal solution
in the label explicitly provides a gradient direction close to
the global optimum for training. The introduction of algorithm
labels is similar to supplementing prior knowledge in the
model training process, thus reducing ineffective exploration.
From another perspective, compared to the traditional single

Fig. 4. Example of NN parameter optimization. (a) Shows the reason
why MoG outperforms UNSUP or RL, and (b) shows the reason why MoG
outperforms SUP.

training pattern, using both SUP and UNSUP/RL simultane-
ously is equivalent to providing a more diverse information
source for parameter updating [32]. SUP provides clear label
information, helping NNs find the best gradient direction for
the current training samples. At the same time, UNSUP or
RL drives NNs to learn the inherent structure of data. By
setting the weights of supervised terms properly to balance
the proportions of different loss terms, the role of label
information and autonomous exploration can be fully utilized.

Furthermore, during the training process, the NN aims not
only to minimize the difference with the label distribution
but also to maximize the reward of RL or minimize the
loss of UNSUP. This joint optimization strategy is designed
to ensure that while the NN assimilates the advantages
of the optimization algorithm’s solutions, it also satisfies
the optimization objective of UNSUP/RL. This approach is
equivalent to introducing an additional regularization term
during training, which can prevent over-reliance on the
optimization algorithm’s solutions and maintain the model’s
generalizability [33].
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In order to intuitively demonstrate the reason for the
performance improvement brought by MoG, we draw a simple
example as shown in Fig. 4. The black dots in the figure
indicate the initial point of NN training, the dots with different
shades of colors indicate the optimized trajectories of NN
training using different methods. The optimization direction
is indicated by the darkening of the color, and the trian-
gles indicate the convergence positions. As can be seen in
Fig. 4(a), for a given initial position, using the UNSUP or
RL methods may converge to the local optimum along the
gradient descent, whereas MoG is more likely to converge to
the global optimum since it utilizes the positional information
of the optimum embedded in the labels. However, due to
the limitation of the number of labels used for training, the
NN trained by SUP inevitably has some optimization error
between its convergence position and the global optimum,
as shown in Fig. 4(b). In other words, there will always be
a certain inherent distance between the convergence position
provided by the labels and the global optimum in the case of
limited data amount [30], [34]. In this case, the UNSUP or RL
component in the MoG can help the NN to better converge to
the optimal point. It should be noted that the given example is
only a simple qualitative illustration, and a rigorous theoretical
justification of the proposed method is still challenging.

IV. SIMULATION RESULTS

In this section, we present a comprehensive evaluation to
substantiate the effectiveness and broad applicability of the
proposed method. The performance of MoG is systemati-
cally examined through extensive experiments encompassing
diverse optimization challenges and multiple NN architectures,
as outlined in the previous sections. For clarity and precision
of the exposition, the training patterns are categorized into two
different types based on the data sources: 1) dataset pattern
and 2) RL pattern. The dataset pattern trains the model on
static, predetermined datasets, whereas the RL pattern trains
through the interaction of the model with wireless network
environment. The optimization goals of these two patterns
are completely identical. We deploy two NN architectures,
MLP and GNN, based on related studies [11], [26], and imple-
mented them using Pytorch 2.0.0 and DGL 0.6.0, respectively.
For the power control problem, we use the state-of-the-art
optimization algorithm FPLinQ [25] to obtain the label, and
for the RB allocation problem, we use a search algorithm to
obtain the optimal solution as the label. Both use the channel
state information as the input to the NN and the output of as
the respective optimization variables. Throughout the training
phase, the stochastic gradient descent (SGD) optimizer is
utilized for the adjustment of model parameters.

A. Performance Evaluation of Power Control

First, in order to visually show the training trajectories of
the various methods and to illustrate the advantages of the
proposed method in guiding the NN toward the global opti-
mum, Fig. 5 is plotted. This figure builds the MoG framework
based on UNSUP and SUP, with training conducted on MLP.
The number of user pairs K is set to 20, and the amount of
training data is 5000. Fig. 5(a) presents the normalized mean

Fig. 5. Comparative convergence analysis. (a) Shows the variation of NMSE
during the training process for the different methods, and (b) shows the
variation of the sum rate during the training process for the different methods.

square error (NMSE) for the outputs of the model compared
to the labels across both the training and test datasets. Notably,
the UNSUP method, which is trained without the use of
labeled data, has the smallest difference in NMSE between
the training and test sets. This result is readily comprehensible
because in the absence of label data, the model is less likely to
overfit the training set, which often helps the model generalize
to a global optimum. Despite the absence of labeled data, the
model’s outputs still exhibit a convergence toward the labels as
training progresses, reflecting the capability of UNSUP to edge
closer to the optimal solution through autonomous exploration
of the data’s inherent structure. In sharp contrast, the SUP
method, which relies exclusively on labeled data, exhibits the
largest difference in NMSE between the training and test sets,
a result that is consistent with expectations. The proposed
MoG achieves the lowest NMSE on the test set, even though
its NMSE on the training set is slightly higher compared to
SUP. This indicates that MoG possesses a superior capacity
to approximate the global optimum, which is attributed to its
effective integration of the strengths inherent in both UNSUP
and SUP approaches.

Fig. 5(b) depicts the ultimate performance metric of the
model on both the training and test sets, i.e., the sum rate
of systems. It is obvious that MoG achieves the highest sum
rate on the testing set. Remarkably, MoG concurrently obtains
the highest sum rate on the training set as well, a result that
is different from the one observed in Fig. 5(a). This outcome
proves that the straightforward SUP does not represent the
most effective way for a model to learn knowledge from
labeled data in addressing the classic issues of wireless
networks. While the performance of UNSUP is not outstanding
in this case, significant performance enhancements can be
obtained by merging UNSUP and SUP in the MoG paradigm.

In the following contents, to comprehensively illustrate the
performance of various methods, we present simulation results
from diverse NN architectures and training patterns to show
the viability of the proposed MoG framework. In particular,
for the power control problem, we give three strategies for
setting the distillation weight β, which will be employed
in the subsequent simulations: fixed weights (MoG w/ fixed
β), increasing weights with training (MoG w/ increasing β),
and decreasing weights with training (MoG w/ decreasing β).
Specifically, when training the MLP in dataset pattern, for
fixed weights, we set β to 10; for increasing weights, we set
the initial value of β to 1 and multiply it by 1.2 for every 2
epochs, with an upper limit of 10; for decreasing weights, we
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Fig. 6. Performance comparison of MLP training in dataset pattern. (a)–(c) Show the convergence of different methods for training MLP in dataset pattern,
the sum rate variation with the number of users, and the sum rate variation with the number of training data, respectively.

Fig. 7. Performance comparison of GNN training in dataset pattern. (a)–(c) show the convergence of different methods for training GNN in dataset pattern,
the sum rate variation with the number of users, and the sum rate variation with the number of training data, respectively.

set the initial value of β to 20 and multiply it by 0.8 for every
20 epochs. When training the GNN, for fixed weights, we set
β to 10; for increasing weights, we set the initial value of β

to 1 and multiply it by 1.2 for each epoch, with an upper limit
of 20; for decreasing weights, we set the initial value of β to
100 and multiply it by 0.75 for each epoch.

Fig. 6 shows the performance of various training methods
applied to MLP within the dataset pattern. Unless otherwise
specified, we assume that K = 20, and the training and test
sets contain 2000 and 1000 samples, respectively. Fig. 6(a)
demonstrates the convergence performance of the MLP when
trained under the dataset pattern, showing that MoGs outper-
form both SUP and UNSUP. Notably, MoG with decreasing β

exhibits optimal performance and convergence rate. Fig. 6(b)
examines the adaptability of MLP to varying user counts, also
showing that MoGs ensure optimal performance. It can be
observed that as the number of users increases, the sum rate
first rises and then shows a decline. The rise in the sum rate
is attributed to the fact that the theoretical maximum the sum
rate increases with the number of users, which corresponds
to an increase in the upper bound of the sum rate achievable
by the model. However, as the number of users continues to
increase, the complexity of power allocation increases. In the
face of increasing complexity, the representation capabilities
of MLPs are insufficient to effectively solve the problem. This
inadequacy leads to a widening of the gap between the model
output and the optimal solution, and hence to a degradation of
performance. Fig. 6(c) explores the sum rate under different
training dataset sizes, where MoGs still show a performance
advantage. SUP outperforms UNSUP for smaller datasets.

However, as the number of data increases, the performance
gap between UNSUP and SUP narrows.

Fig. 7 presents a comparative analysis of the performance
when training a GNN using diverse methods within the
dataset pattern. Unless otherwise specified, we assume that
K = 40, and the training and test sets contain 1000 and
500 samples, respectively. Fig. 7(a) presents the convergence
performance of the GNN, which shows that MoGs outperform
the benchmark methods and the MoG with decreasing β

achieves optimal performance and convergence speed. UNSUP
converges to a better final performance compared to SUP,
but the convergence speed is slower. Fig. 6(b) explores the
robustness of GNN to varying user quantities, and MoGs still
have performance advantages. In addition, it can be observed
that SUP is better with fewer users, while UNSUP outperforms
SUP as the number of users increases. Unlike the phenomenon
observed in Fig. 6(b), the GNN does not show a performance
decline with an increase in user numbers, which can be
attributed to its enhanced representational capabilities in com-
parison to the MLP. Fig. 7(c) shows the GNN’s performance
under different training dataset sizes. Consistent with the MLP
results, MoGs provide optimal performance in most dataset
sizes. SUP demonstrates an advantage with smaller datasets,
while UNSUP outperforms SUP as the dataset expands. Within
different MoGs, the MoG with a fixed β and the MoG with an
increasing β are more suitable for smaller datasets, whereas
the MoG with a decreasing β is better suited for larger
datasets.

Within RL pattern, we employ DPG algorithm as a bench-
mark and set up MoG based on it. When training the MLP,
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Fig. 8. Performance comparison of MLP in RL pattern. (a) and (b) show
the convergence of different methods for training MLP and the variation of
the sum rate with the number of users in RL pattern, respectively.

Fig. 9. Performance comparison of GNN in RL pattern. (a) and (b) show
the convergence of different methods for training GNN and the variation of
the sum rate with the number of users in RL pattern, respectively.

for fixed weights, we set β to 1; for increasing weights, we
set the initial value of β to 1 and multiply it by 1.2 for
every 5000 episodes, with an upper limit of 2; for decreasing
weights, we set the initial value of β to 20 and multiply it
by 0.75 for every 5000 episodes. When training the GNN,
for fixed weights, we set β to 10; for increasing weights,
we set the initial value of β to 1 and multiply it by 1.2
for every 2000 episodes, with an upper limit of 20; for
decreasing weights, we set the initial value of β to 100 and
multiply it by 0.75 for every 2000 episodes. Fig. 8(a) shows
the convergence performance of MLP in RL pattern where
K = 10. The results indicate that MoGs outperform SUP in
terms of final performance. While the final performance of
RL method is close to that of MoGs, its convergence rate is
significantly slower. In Fig. 8(b), the performance of MLP is
evaluated across varying user counts within the RL pattern.
MoGs consistently exhibit optimal performance, while SUP is
the least effective. Moreover, within the narrower user range
represented in the figure, no performance degradation with
increasing number of users is observed.

Fig. 9(a) presents the convergence trajectory of GNN in RL
pattern where K = 40. It is observed that the convergence
speeds of MoGs and SUP are comparable. However, the final
performance achieved by MoGs is obviously superior to that
of SUP. Notably, the RL method fails to converge, indicating
its incompatibility with GNN structures for this particular
problem setting. In Fig. 9(b), the performance of GNN is
evaluated across varying user counts within the RL pattern.
Similar to the training results of MLP, the performance metrics
of both MoGs and SUP improve with the increase in users,
and MoGs consistently outperforms the SUP. Given the RL
method’s failure to converge in the concerned scenario, it con-
sistently performs poorly. This consistently poor performance

Fig. 10. Convergence comparison based on PG.

reflects the limitations of the RL method when applied to the
GNN architecture in this issue.

B. Performance Evaluation of Resource Block Allocation

In the subsequent contents, we conduct a comprehensive
evaluation of the proposed MoG with respect to the RB
allocation problem. Different from the power control problem
discussed before, the optimization target for RB assignment is
inherently nondifferentiable, and thus cannot use UNSUP for
training. Consequently, we adopt the RL pattern for evaluation.
In order to fully validate the effectiveness of the proposed
MoG, we employ PG and DPG algorithms as benchmarks,
respectively, on which MoG is constructed. Unlike the content
presented earlier, this section does not show the outcomes of
training for a range of weighting strategies. Instead, it presents
the results obtained using the optimal strategy identified. This
adjustment is predicated on the observation that, within the
context of RB allocation tasks, it is difficult for different
weighting strategies to consistently demonstrate a performance
advantage under different conditions. Nonetheless, it is impor-
tant to note that the most effective weighting strategy identified
through the comparative analysis significantly outperforms
the performance of the benchmark algorithms. The specific
settings of the three weight strategies are as follows: 1) for
fixed weights, we set β to 1; 2) for increasing weights, we
set the initial value of β to 1 and multiply it by 1.5 for every
104 episodes, with an upper limit of 10; and 3) for decreasing
weights, we set the initial value of β to 10 and multiply it by
0.4 for every 104 episodes. Moreover, since the application of
GNN architectures in solving the RB allocation problem has
not been widely explored and has received limited attention
in the research community so far. As a result, we only utilize
MLP architecture for addressing this problem, which facilitates
a more concentrated investigation into the performance of the
proposed MoG scheme in this context.

Figs. 10 and 11 show the training results within PG frame-
work. Specifically, Fig. 10 provides a comparative analysis
of the convergence performance of different methods, where
the user count is set at 6 and the number of RBs is fixed
at 3. The solid line depicted in the figure represents the
mean performance achieved through multiple trainings under 8
different random seeds, while the shaded area depicts the range
of performance variability. Notably, the MoG demonstrates
superior performance compared to the benchmark algorithms.
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Fig. 11. Performance comparison based on PG. (a) and (b) show the sum
rate of MoG based on PG and other methods under different user and RB
numbers.

Fig. 12. Convergence comparison based on DPG.

Furthermore, PG method outperforms SUP and exhibits the
most rapid convergence speed among the methods evaluated.

Fig. 11 gives a comparative evaluation of the performance
across various methods, accounting for the difference in the
number of users and RBs. Specifically, Fig. 11(a) sets the RB
count at two, and Fig. 11(b) fixes the user number at six. The
results indicate that MoG outperforms other methods, with
SUP showing the poorest outcomes. Notably, the performance
gap between MoG and PG is marginal. This may be attributed
to the operational mechanics of PG framework, where the
model updates its parameters using a single training sample
at each iteration, constraining the batch size to 1. Such a
constraint is suboptimal for SUP, which typically requires
the selection of an appropriate batch size—often ranging
from several dozens to hundreds—customized to the specific
scenario in order to optimize the training results.

Figs. 12 and 13 present the training results within DPG
framework. Specifically, Fig. 12 provides a comparative analy-
sis of the convergence performance of various methods, where
the user count is set at 6 and the number of RBs is fixed at 3.
Similarly, the solid line depicted in the figure represents the
mean performance achieved through multiple trainings under 8
different random seeds, while the shaded area depicts the range
of performance variability. The results demonstrate that MoG
exhibits superior performance compared to the benchmark
algorithms. Furthermore, the final performance of DPG and
SUP are observed to be nearly identical in this scenario.
However, it is noteworthy that DPG achieves a more rapid
convergence speed. This acceleration, though, is accompanied
by an increased amplitude of oscillation, indicating greater
variability in the convergence path when compared to the more
consistent approach of SUP.

Fig. 13. Performance comparison based on DPG. (a) and (b) show the sum
rate of MoG based on DPG and other methods under different user and RB
numbers..

Fig. 14. Comparison of training stability.

Fig. 13 presents a comparison of the performance across
various methods, accounting for the difference in the num-
ber of users and RBs. Specifically, Fig. 13(a) sets the RB
count at 2, while Fig. 13(b) fixes the user number at 7.
The results consistently indicate that MoG outperforms the
benchmark algorithms. Notably, within DPG framework,
MoG’s performance superiority is more significant. This
performance improvement can reasonably attributed to the
training approach employed by DPG framework, which
involves the selection of a data batch from the replay buffer for
each iteration of parameter updates. This approach effectively
exploits the potential performance capabilities of SUP, thereby
facilitating the amplification of training efficacy through the
application of weighted combinations within MoG paradigm.

To enable a comprehensive evaluation of the proposed
method’s performance characteristics, we present the
following analytical visualizations. Fig. 14 demonstrates
experimental outcomes specifically designed to assess the
method’s robustness and operational consistency across
different conditions. To this end, the model is trained
independently using one hundred distinct random seeds,
and the performance distributions for various methods are
recorded. Within PG framework, the performance of MoG
constructed by combining PG and SUP is the best, while
PG demonstrates superior performance than SUP. Notably,
although the performance variance of MoG (as indicated by
the amplitude of the oscillations) is slightly larger than other
methods, it is still within an acceptable range of no more
than 2%. Under the DPG framework, MoG also maintains its
position as the most effective among the evaluated methods.
The performance gap between DPG and SUP is relatively
narrow, while DPG exhibits a notably higher degree of
performance fluctuation compared to the other methods. This
means that while DPG may achieve performance comparable
to SUP, its results are much less stable. In the case of the
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Fig. 15. Convergence performance in extreme cases.

Fig. 16. Influence of label quality on performance.

largest deviation, oscillations of more than 50% are observed,
which seriously affects reliability in practical application
environments. In addition, it can be seen that the performance
of SUP varies greatly under different RL frameworks.

Fig. 15 shows the convergence curves of different methods
in an extreme case where the performance of DPG and PG
deteriorates significantly. The performance degradation of the
RL methods under a specific random seed indicates their insta-
bility, which corresponds to the performance lower limit shown
in Fig. 14. In this figure, the most inferior performance within
PG framework is ascribed to SUP, and within DPG framework,
the nadir is represented by RL. It is observed that under
the particular random seed, MoG still achieves commendable
performance results despite the fact that the performance of the
benchmark algorithm drops significantly below average. This
is especially notable within the DPG framework, where MoG
preserves a high level of performance, even as the performance
of RL experiences a pronounced decline. This phenomenon
could be attributed to the capacity of MoG to integrate multiple
gradient sources, thereby avoiding the convergence to local
optima in these extreme cases, which is a challenge faced by
benchmark algorithms.

In the above results, we utilize the optimal solutions derived
from search algorithm as labels for RB allocation task, which
evidently provides a performance guarantee for SUP. A natural
question arises: how much does label quality affect the
effectiveness of the training? In this investigation, we employ
optimal actions obtained from solution spaces of different sizes
as labels for training (in the considered scenario involving 6

users and 3 RBs, the complete action space has a total of
729 actions). We graph the performance of different training
methods alongside the performance of the label solutions, as
depicted in Fig. 16. The value of the x-axis in the figure
represents the range of actions for which labels are searched,
e.g., an x-axis of 100 means that 100 different actions are
randomly selected from the action space, and the optimal
action among them is used as the label. It can be seen that
in the absence of optimal solutions as labels, the performance
of SUP deteriorates significantly, while the performance of
MoG remains comparable to RL. Notably, even when the
label performance falls below that achieved by RL, it does
not substantially degrade the performance of MoG. It is only
with the employment of the optimal solution as a label that
MoG secures a significant performance advantage over the
benchmark methods, and the performance of SUP is also
notably enhanced.

This observation shows a limitation of MoG in addressing
the RB allocation issue, i.e., the necessity of using the
optimal solution as the training label. Conversely, for the
previously mentioned power control task, despite the labels
being generated by state-of-the-art optimization algorithms,
they cannot be assumed to represent the optimal solution.
Nevertheless, they still achieve satisfactory training outcomes.
The differential impact of label quality on these two tasks
deserves further exploration.

V. CONCLUSION

In this article, we have proposed a novel MoG training
paradigm, aiming to improve the performance of learning-
based methods in wireless communication systems. MoG
integrates supervised and unsupervised gradients within the
training process, which can be achieved simply by modify-
ing the loss function. Simulation results in several classical
wireless network scenarios confirm that MoG can significantly
improve the performance of various NN models, without the
expense of additional training data and inference overhead.
The proposed MoG provides a flexible and efficient training
framework that enhances NN-based methods across diverse
wireless optimization problems. For future works, we will
extend MoG to more complex wireless communication tasks
and more advanced DL architectures.
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