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PPO-Based deep reinforcement learning
framework for dynamic resource allocation
and network slicing in 5G mobile networks

Fatima A. Hikmat, and Mouayad A. Sahib

Abstract—This study proposes a new intelligent framework to
cope with the challenges involved with dynamic resource allocation
in the 5G network environment based on Proximal Policy
Optimization (PPO), which is one of the most successful Deep
Reinforcement Learning (DRL) techniques. We have reformulated
resource allocation as a Markov Decision Process (MDP). Here, the
"'state" represents the current status of the network in terms of
demand, interference, and channel quality. At the same time, the
"Action" represents the allocation decision made for each service
slice in terms of spectrum, capacity, and time. The proposed model
focuses on balanced dynamic resource allocation across three main
segments: eMBB, URLLC, and mMTC, through ensuring that
QoS requirements for each segment are met without impact to the
overall system performance. Our simulation results have
demonstrated excellent performance by the proposed algorithm
when compared to traditional algorithms (i.e., GA, PSO, Q-
Learning, and Round Robin). In our results, we showed a
throughput increase of approximately 180 Mbps, energy efficiency
of 0.91 bps/joule, a Fairness Index of 0.88 overall performance
improvement between 12% to 15%. As a result of the simulation
results, we believe that the PPO-MDP Framework is a good,
realistic option for optimizing the use of resources within a
dynamically segmented environment, thus improving the ability of
a 5G system to efficiently and sustainably respond to a variety of
service demands.

Keywords—5G  Network Slicing; Deep Reinforcement
Learning; Proximal Policy Optimization; Dynamic Resource

Allocation; Artificial Intelligence in Telecommunications;
Network Management

I. INTRODUCTION

VER the past few years, the scope of connected devices

has been growing at an unprecedented pace, mainly thanks
to new technologies, including augmented reality (AR),
autonomous vehicles, and the Industrial Internet of Things
(10T). This has compelled the growth to be a strain on the fifth-
generation (5G) wireless communication systems that are
currently required to offer ultra-high throughput, very low
latency, and huge connectivity across a wide range of service
demands [1]. Network slicing is now one of the major
innovations of 5G networks to meet these targets. It allows a
coexistence of many logical slices, such as Enhanced Mobile
Broadband (eMBB), Ultra-Reliable Low-Latency
Communications (URLLC), and massive Machine-Type
Communications (mMMTC), on a common physical
infrastructure, with each maintaining its own Quality of Service
(QoS) guarantees [2]. Although slicing has brought about
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flexibility, the problem of successfully and dynamically
allocating resources among slices remains a challenging one.
The 5G environment is not static; traffic on the network is
unpredictable, the interference level can change over time, and
network conditions are constantly evolving [3]. Ordinary
metaheuristic algorithms that include Genetic Algorithms (GA),
Particle Swarm Optimization (PSO), and traditional Q-Learning
do not well adapt to the high-dimensionality and dynamism of
the 5G networks [4]. In order to address those shortcomings,
recent studies have been redirected towards Deep
Reinforcement Learning (DRL), which allows intelligent
distribution of resources by means of interaction with the
network environment [5]. The Proximal Policy Optimization
(PPO) has shown itself to be more efficient and stable than
classical policy gradients, such as DDPG and A2C, by avoiding
massive policy updates with the help of a clipped surrogate
objective, which provides stable convergence even in high-
dimensional time-varying tasks [6], [7]. PPO has been
introduced to 5G and B5G applications between 2023 and 2025,
including striving to allocate power, to control spectrum, and
slice networks [8]. The agent, which views the network as a
Markov Decision Process (MDP), monitors network states
(demand, interference, quality of channels), acts (allocation of
power, bandwidth, time-slots) and is rewarded balancing
throughput, latency and energy efficiency, such that effective
exploration-exploitation trade-offs can be achieved [13].
Expanding upon this, the current paper suggests a PPO-based
adaptive resources distribution framework of 5G slicing to
effectively operate the eMBB, URLLC, and mMTC slices, and
still be flexible with the help of regular base station information
exchange. In complex multi-slice environments, simulations
have proven that the performance is stable, and resources are
efficiently used [9], [10].

RELATED WORK OF DRL

Conventional optimization and classical machine learning
methods used to allocate resources in 5G are not flexible to
highly dynamic environments, which is one of the reasons why
Deep Reinforcement Learning (DRL) is adopted to make
decisions autonomously and in the long-term [11]. Early DRA-
based plans exhibited decentralized control of resources and
alleviation of interference with a very strict constraint on
latency, but were restricted to certain dimensions or contexts
[12]. Later papers have emphasized the capability of DRA to
support autonomous slicing and local decision-making without

Baghdad, Iraq (e-mail:
uoitc.edu.iq).

fatima.asaad.gs@uoitc.edu.ig, mouayad.sahib@

© The Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY 4.0,
https://creativecommons.org/licenses/by/4.0/), which permits use, distribution, and reproduction in any medium, provided that the Article is properly cited.


https://creativecommons.org/licenses/by/4.0/

2

a complete understanding of the system [13], joint beam
steering and power coordination in sub-6 GHz and mmWave
systems, but with no multi-resource coordination [14].
Subsequently, DRL models of both hierarchical and actor-critic
varieties were used to model dynamic power control and
beamforming in time-varying channels, which can deal with
continuous actions but without the full orchestration of
resources in terms of their QoS provision [15]. PPO-based
systems enhanced the convergence and latency of MEC-enabled
systems but failed to coordinate spectrum, power, and time-slot
resources [16]. Multi-agent Q-learning and DQN methods
improved the user connection and interference in ultra-dense
networks, but with no joint allocation across dimensions [17].
Computation offloading in MEC and loT systems done via
DRL-enhanced performance, but it was still computational and
not holistic integration of radio resources [18]. Multi-agent and
federated reinforcement learning also solved the problem of
privacy and spectrum access and emphasized the importance of
an integrated approach to QoS-sensitive management among
heterogeneous standards [19]. Predictive-weighted DRA
enhanced the convergence speed and the utilization efficiency
of 5G networks, focusing on synchronous resource coordination
[20], whereas multi-agent DRA beamforming policies enhanced
robustness in channel aging in massive MIMO systems without
considering the overall cross-slice optimization [21]. DQN-
LSTM collaborative beamforming plans enhanced the SINR
and interference reduction without a comprehensive multi-
resource control [22]. Intelligent QoE- and delay-conscious
slice allocation schemes were presented by active reward
learning, but in application-specific deployments [23]. ME-
ddpg ME-ddpg achieved a balance between delay and
throughput in industrial 5G-TSN actors without coordination
among multi-slots [24]. Surveys conducted on DRA parameters
sensitivity emphasized the role of learning-rate optimization but
were algorithm-focused [25]. More recent hierarchical edge-
based DRA systems improved throughput and service
continuity in 5G-advanced and 6G systems, though did not offer
joint power, spectrum, and temporal resource management [26].

RELATED RESEARCH ON ADAPTIVE RESOURCE
MANAGEMENT IN 5G NETWORK SLICING

The recent research on intelligent resource management and
network slicing has been using reinforcement learning to
enhance the QoS in 5G networks. The first actor/critic DRR-
based strategies dynamically managed slice resources within
vehicles networks, improving SLA compliance, but only
capable of managing a single resource and slice equity [27].
Game-theoretic methods based on hierarchy minimized the
tradeoffs between latency and Aol, but they lacked support of
DRL or multi-resource scheduling [28]. Slice admission
reinforcement learning enhanced acceptance rates and
resilience, but did not optimize the physical-layer and adapt
dynamically [29]. The chain reconfiguration of the service
functions with the help of DRL provided stable operation in
different slice conditions, but the allocation of multiple
resources, which includes power, spectrum, and time, was still
not achieved [30]. WSN solutions based on lightweight
reinforcement efficiently controlled the bandwidth, but was not
applicable to multi-slice 5G environments [31]. The strategies
of auction and optimization enhanced efficiency and terminal
satisfaction but were heuristic with no adaptive DRL
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incorporated [32]. DRL spectrum allocation in dense 10T proved
to be an efficient way to share resources, but it was only able to
optimize single resources [33]. In 2025, the incorporation of
multi-agent DRL frameworks with actor-critic and game-
theoretic applications resulted in the enhancement of slice
prioritization and VNF migration, the improvement of QoS
under SLA constraints but without efficient joint optimization
of time, energy, and spectrum, and the lack of fairness [35]. The
hypergraph-based interference of the DRL model was suggested
to be effective in managing spectrum in dense healthcare 10T
networks, but was still restricted to single-resource control [33].
5G slicing Comprehensive DRA models were used to tackle the
5G slicing problem in eMBB URLLC, eMBB and mMTC
scenarios, where the modulation and multiple-access schemes
of 5G were adaptable to meet the traffic and channel conditions,
enabling extreme efficiency as well as learning-based
adaptation, albeit mainly optimizing throughput and slice-
specific performance [34]. Partially observable Markov
decision process (POMDP)-based strategies allowed the joint
computation and bandwidth optimization to minimize latency
and enhance throughput, but not adaptive DRL policies and
multi-slice coordination [36].

TABLE |
COMPARATIVE SUMMARY OF RELATED WORKS ON DRL- BASED
RESOURCE MANAGEMENT IN 5G NETWORK SLICING

Joint
Resource Fairness & Comparison
Multi- Optimization Ener with
Ref Slice (Prt))wer, Elilr%{e\'/av;?( Efficige)écy Traditional
Spectrum, ,Qos Algorithms
Time)
[35] v X v (SAC) X X
[27] v X v X X
[28] v v X X X
delay only)
[29] X X v (STAC) X X
[30] v X X X X
[33] x v Spectrum | v x x
only)
[34] v X X X X
[36] v v (Compute X X X
+
Bandwidth)
Proposed | vv/ v v (PPO- vv vv v v (GA,
Work (Power + MDP) PSO, Q-
Spectrum Learning,
+ Time) RR)

THE GENERAL RESEARCH
RESEARCH

GAP ADDRESSED BY OUR

Despite advances in DRL for 5G/6G resource allocation, there
remains a need for an integrated framework that synchronously
optimizes power, time slots, and spectrum while ensuring high
throughput and multi-criteria QoS across network slices. This
work addresses this gap with an advanced PPO-based DRL
framework, featuring a state-space capturing eMBB, URLLC,
and mMTC dynamics and a multi-objective reward function
balancing throughput, latency, energy efficiency, and QoS
satisfaction. Extensive simulations demonstrate superior
performance over conventional methods under diverse network
conditions. The paper is structured as follows: Section 2
introduces the system model and problem formulation, Section
3 details the DRL framework, Section 4 presents experimental
evaluation, and Section 5 concludes with insights and future
directions.
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II. SYSTEM MODEL
2.1. Network Architecture and Slicing Framework

Resources (Power,
Spectrum, Time Slots)

| Action !

| State_,. ; ! +

Actor ) eMBB ”;‘\D
) |

i i URLLC (Y
¥ — Adv= Q(s,a) - V(s) .

: mMTC 40}
Action ‘ : :
. TMs) _: Reward
| State — < ‘

Critic
‘ Slitg e RS s et

Fig. 2.1. System Model

We assume a single-cell 5G NR system operating at 3.5 GHz
and bandwidth of 100 MHz with 273 resource blocks and 30
kHz subcarrier separations, which is in line with 3GPP [9].
Three network slices are supported: eMBB (100-200 Mbps,
<10 ms latency, 99% reliability, 10-50 users), URLLC (50—
100 Mbps, <1 ms latency, 99.99% reliability, 5-20 users), and
MMTC (10-20 Mbps, <100 ms latency, 99.9% reliability, 50—
200 users). This simulation offers a realistic multi-slice model of
testing DRL-based allocation of dynamic resources

2.2. Resource Model and Constraints

The system manages three types of resources simultaneously:
Power Resources: Total transmit power budget Pmax =
23 dBm distributed across slices:

Y3 Pi < Pmax, Pi > 0V;€ (1)
{eMBB ,URLLC, mMTC}
Resource Blocks: Total available RBs Nyz = 273 allocated to
slices:

YiRB; < Ngg, RB; € z* €V, )
Time Resources: Time-sharing factors for each slice:
3TS; =1, 0<TS;<1€V; (3)

2.3. Channel and Traffic Model

The channel model incorporates distance- dependent path
loss, shadow fading, and fast fading. The Signal-to-
Interference-plus-Noise Ratio (SINR) for user k in slice ii is

_ Pi | hi,k|2
Vike = linter *lintrat NoB (4)
Where: h;, is the complex channel gain, I;,., is inter-cell
interference, I;,,;,I1S intra-cell interference, N, = —174 dBm/
Hz is the noise power spectral density, and BBis the
bandwidth. Traffic arrivals: eMBB is self-similar with a Pareto
distribution, URLLC has periodic burst traffic, and mMTC is a
Poisson sporadic arrival process.
2.4. Optimization Problem Formulation
We formulate the resource allocation as a constrained stochastic
optimization problem aiming to maximize the long-term
expected cumulative reward while satisfying QoS constraints:
Primary Optimization Objective:
max Eq [XtZov* R(st,ar)] (5)

where: 7 Is the resource allocation policy

given by:

= y €[0,1] is the discount factor

R(s;, a;)ls the immediate reward at time t
= s, Is the system state

= qa, isthe allocation action

Subject to QoS Constraints:E[T.ypz] = TR, ,

max min
LURLLC ']E[RmMTC] = RmMTC 4

ElLyrircl <

Where:TeMBB =100 MbpSYLURLLC =1 ms, RmMTC =10 MbpS.

Resource Constraints: Y3 Pi < Pmax, Y3RB; < Ngg , 23TS; =1
- - - (6)

Slice Isolation Constraints: I;; < Iy, Vi#]j

where [; ; is the interference between slices i and j

I1l. PROPOSED PPO-BASED DRL FRAMEWORK

3.1. Markov Decision Process Formulation

We formulate the dynamic resource allocation problem as a
Markov Decision Process (MDP) defined by the tuple
(S5,A,P,R,y):

3.1.1. State Space Design

The state space S € RS captures comprehensive network
dynamics:
e Demand Indicators: Current traffic demands for
eMBB, URLLC, mMTC

e Channel Conditions:  Average
slice y’eMBB,y"URLLC,y mMTC

SINR per

e Allocation Status: Current resource allocation ratios
e Queue Dynamics: Buffer occupancy states per slice
o Network Load: Overall system load factor

e QoS Metrics: Violation counts and satisfaction rates
e Resource Utilization: Current utilization efficiency

3.1.2 Action Space Design

The action space A € [0,1]® represents normalized resource
allocation ratios:
a = [aempp, AyrLLC » amMTC]T'Zi a =1 7
These continuous actions are converted to discrete resource
allocations:
P =a; Pnax »

RB; = la;-Ngg| , TS;=gq

3.1.3 Reward Function Design

The multi-objective reward function incorporates four key
performance metrics with carefully tuned weights:

R(s,a) =wl: fT(T)—w2- fL(L) +w3- fE(E) + w4 fQ(Q)

®)
where: fT(T): Normalized throughput utility function
e fL(L): Latency penalty function
o fE(E): Energy efficiency metric
e fQ(Q): QoS satisfaction indicator with
empirically optimized weights: wl =

0.36,w2 = 0.29,w3 = 0.21,w4 = 0.14w1l =
0.36,w2 = 0.29,w3 = 0.21,w4 = 0.14
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3.2.1. Neural Network Architecture

The proposed PPO agent employs two neural networks: the
Actor network mg (als): learns the policy mapping states to
actions. Critic network vy (s): estimates the value of each state
to stabilize training. Both are fully connected feed-forward
networks with ReLU activations in hidden layers.

1) Actor Network
The actor network outputs a probability distribution
over possible actions given the state s € R*®

z=W;s+b,  ,h =max(0,z) €))
Zy = W2 h1 + bz ,hz = max(o, Zz) (10)
z3 = Wshy, + by ,mg (als) = softmax(z;) (11)

where b, W; are the biases and weights of the
network. Normalized output probabilities for the three
slice ratios (eMBB, URLLC, and mMTC) are
guaranteed by the Softmax layer.

2) Critic Network
The critic estimates the expected value of each state as

(12)

Although the output layers of the two networks are different, the
critic outputs a scalar value, whereas the actor produces a 3-
dimensional probability vector, they both have the same hidden
structure ([128, 64]).

vp(s) = wymax (0, wymax(0,w;s + by) + by) + b

3.2.2. Policy Optimization

Proximal Policy Optimization (PPO) is utilized to train the actor
and critic networks in a reliable and optimal manner. Rather
than taking big jumps in terms of policies, PPO adopts the
clipped surrogate objective to achieve controlled and monotonic
improvements in policies.

1) Probability Ratio
__me(a¢|St)

ne(0) = 76 01a(At|St) (13)
This ratio measures how much the new policy g differs from
the previous policy my ., When choosing the same action a, at
state s,
g (a;|s,) : probability of selecting an action a, under the
current policy.
Ty o1a (A:|S;) probability under the previous iteration.

When r:(8) = 1,Both policies behave identically; higher or
lower ratios indicate deviation.

2) Advantage Estimation (GAE)

A= Z?:_ot_l(w\)l [rt+1 +v V®(5t+[+1) -V (D(St+1)] (14)
The advantage A, quantifies how much better the chosen action
a; performed compared to the critic’s expected value.

Where A.denotes the estimated advantage value at time step t
| is an index variable representing future time steps (starting
from| = 0); y is the discount factor that controls the importance
of future rewards; and A is the smoothing factor used in the
Generalized Advantage Estimation (GAE) method to balance
bias and variance. The summation continues until the end of the
episode (T), and each term contributes less as | increases due
to the exponential decay (yA)!.

3) Clipped Surrogate Objective
Lewp (8) = Etfmin(re(8)A,, clip(ry (8),1 — €, 1+ €)A,)]
(15)
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This is the core PPO loss function. It ensures that the policy does
not change too aggressively between updates.
e The function clip() keeps the ratio 7, (8) within a safe
range[l —¢€,1 + €].

e A, guides whether to increase or decrease the
probability of the chosen action.

This formulation prevents the algorithm from taking any
destructive gradient steps and hence provides stable learning.

4) Value Function Loss

Ly (®) = Et[Vo(s) — (e +yvp (sx)))?]  (16)
It is this term that trains the critic network to reduce the
prediction error between estimated and actual returns.
Vy(se): current prediction of state value.
e +Yvp (Sp41): target value computed from observed reward
and next state. Minimizing this squared difference makes the
critic a better baseline for the actor.

5) Entropy Regularization
Legnr(8) = —B Et[Ximg(a;lse) logmg (ailsy) ] (17)
Entropy promotes exploration by penalizing confident
policies.3:The entropy coefficient, which influences the balance
between exploration and exploitation.A higher entropy value
means the agent is considering various actions, and as learning
advances, the entropy values naturally reduce, signifying
convergence towards a stable policy. Total Objective Function
Leotar = Lewp + CoLy + CeLpyr (18)
All of the goals are combined into a single optimization target
in the final PPO loss. C, and C, weighing coefficients to balance
entropy and value loss. The networks of actors and critics are
updated by reducing L;,:q; Employing stochastic gradient
descent (SGD) guarantees steady and seamless convergence.

3.2.3. Training Methodology

Agent

Policy
State " (Actor Network) Action
SINR POHCy Power Allocation
Network Load Update
Queue Length Spectrum:/

r Slice Resource Block

pe DRL Algorithm Assignment
QoS Violation (Proximal Policy

Time-Slot
Allocation

Count Optimization-PP0)

Resource

Utilization

Reward

Environment Weighted Multi-objective Reward
Parameters r=0.36 x Throughput - 0.25 x La

tency + 0.14 x Energy Efficiency
+ 0.14 x QoS Satisfaction

Environment

Additional

5G Network Slicing Environment (eMBB, URLLC, mMTC)
Simulated SG NR Network
Channel & Traffic Variations
Queue Dynamics and Interference

Fig. 2.2. Dynamic Multiple Resource Allocation in 5G Network Slicing
Utilizing a PPO-based Deep Reinforcement Learning Training Framework.

Each training session follows the PPO interaction loop: The
network state (' s;) is monitored in real time, containing slice
demands, SINR, interference, and queue levels, whereas the
actor network produces a probabilistic action that decides hew
ratios of resource allocation among slices.

a; ~ g (aglsy) (19)
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Each action a; = [@empr, AurLL » Gmmrc) Determines the
percentage of power, RBs, and time-slots assigned to each slice.

1) Environment Response:
Upon receiving a, The environment transitions to the next state
and produces a scalar reward:
fenv(St,at) = e, Seqq (20)
ry = orTy — ap Ly + agEe + agQ¢ 2D
Integration in the reward function consists of throughput,
latency, energy efficiency, and the QoS balance. aT, al, aE,
a@Q - are weighting coefficients obtained through MATLAB
implementation to make the performance metrics fair.
Advantage Calculation: The value of performance in relation to
the expectation of the critic, with the use of Generalized
Advantage Estimation (GAE), is the advantage value At, which
measures the quality of performance of an action as determined
by the critic.

A = ZLT:_()t_I(VA)l [Terr 7 Vo =V g(Se41)]

2) Parameter Updates
After computing advantages, both actor and critic parameters
are updated using stochastic gradient-based optimization:
ek+1 = ek + aactorveLCLlP ’ (23)
Dx+1 = Dg — AeriticVoLly (24)
is the clipped surrogate objective ensuring policy

(22)

Lepip
stability.
Ly: is the value loss function that minimizes the prediction
error of the critic,

Quctor»  Acrivic - are learning rates defined in the PPO
parameters of the MATLAB code.

3) Stability Control
To avoid excessive policy updates, gradients are clipped at 0.5:
”VGLtotal” <05 (25)

Moreover, training is terminated early if the Kullback-Leibler
(KL) divergence between the old and new policies exceeds a
threshold:

D1 (g o1allmg) > 1.5 x 0.02 (26)
This condition ensures the new policy remains close to the old
one, maintaining monotonic improvement and preventing over-
fitting.

3.3. Policy Optimality

The PPO agent can interact with the 5G slicing environment by
iteration, starting with near-random actions on allocation
because of untrained parameters 8 result in high entropy and
unsteady rewards; as the algorithm goes, refined value
evaluations V(s,) allow the benefit function A.to optimize the
reforms of the policy, but the clipping mechanism maintains the
steady improvement by avoiding sudden changes in the policy.
|r.(@)—1|<e€ 27)
The constraint imposes monotonic learning, since the updating
of the policies is non-degrading, but as the estimates of the
advantages approach zero and the entropy goes to zero, the
agent is in the exploitation phase, and the agent is converging to

an optimal policy mapping.
mo * (als) = arg max E[X{_oy" 7l (28)

6

Where m, * is the optimal allocation policy used to maximize
cumulative reward subject to QoS and energy constraint.
Convergence has been empirically observed to occur when the
KL-divergence decreases to its threshold, episodic reward levels

off, and the total return levels off, which indicates that the
allocation of resources dynamically is close to optimal.

TABLE-II
ESSENTIAL NOTATIONS AND HYPERPARAMETERS OF THE PPO-BASED
DRL FRAMEWORK

Symbol Description Typical Value / Role
State vector representing the
< 15 -DIMENSIONAL
S network condition (power, INPUT
bandwidth, latency)
A Action representing the Three discrete options.
allocation decision
Value function estimated b
vo (5) the critic network / Scalar output.
Advantage value computed .
A, using GAE (Generalized U(s)quLr;i\F;ePO
Advantage Estimation) ) )
Gamma Discount factor determining 0.99
Y importance of future rewards )
Lambda GAE parameter controlling 0.95
A bias-variance trade-off )
Epsilon Learning rates for actor and 02
£ critic networks )
Entropy regularization 1x107™* and
QAgctor » Aeritic coefficient to encourage 3x107*
exploration Respectively
Gradient clipp
Beta ng threshold to stabilize 0.01
B training
c PPO clipped surrogate 05
objective function )
L () Value loss function for critic Ensures stable policy
improvement
L Updated policy after each Minimizes estimation
v iteration error
Policy function defines the
Policy at probability of selecting an Improves total return
iteration (k+1) action a when the system is
in a given states
als) Defined and updated
by the actor network

Note: For clarity, only the most important hyper parameters and mathematical
symbols are mentioned. To keep things succinct and academically focused,
secondary constants (like batch size or number of epochs) are left out.

IV. RESULTS AND DISCUSSION

TABLE Il
SIMULATION PARAMETERS

35 GHz carrier,
bandwidth, 273 RBs
23 dBm total transmit power,
dynamic allocation

Rayleigh fading with path loss and
shadowing

Slice-specific traffic patterns with
dynamic loads

200 episodes, 100 steps per
episode, 10 PPO epochs

5G NR Specifications: 100 MHz

Power Management:

Channel Model:

Traffic Models:

Training Parameters:

TABLE IV
BASELINE METHODS FOR COMPARISON

Genetic Algorithm (GA):

Population-based evolutionary

optimization
Particle Swarm Optimization ~ Swarm intelligence approach
(PSO):
Q-Learning: Traditional reinforcement learning
Round Robin: Equal resource distribution baseline
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Fig.4.1. DRL Training Performance

The suggested PPO-based model trains the dynamic resource
allocation of eMBB, URLLC, and mMTC slices, and the first
volatility of rewards stabilizes with a reduction in actor-critic
losses. The Actor suggests actions and the Critic gives feedback,
which ensures stable policy updates, exploration and
exploitation as well as the estimate of the state-value. The
findings show an efficient, consistent policy of allocating
resources to ensure QoS and balanced performance of all 5G
slices.[30]
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Fig.4.2. Method performance Comparison

The figure 4.2 demonstrates the effectiveness of various
methods on three key metrics: throughput, latency, and quality
of service (QoS) satisfaction. As one can observe, the DRL-PPO
algorithm is far superior to the old algorithms such as GA, PSO,
Q-Learning, and Round Robin. PPO has the most throughput
and the least latency; it is also the one with the highest QoS.
This demonstrates that it will be able to reconcile competing
objectives by learning incessantly rather than implementing set
solutions.

QoS Satisfaction by Slice
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Fig. 4.3. QoS Satisfaction by Slice
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The figure 4.3 shows the achieved QoS satisfaction rates of the
PPO algorithm in each slice eMBB, URLLC, and mMTC and
indicates a high level of performance (= 0.92), with the mMTC
achieving the highest one (0.954) with the ability to tolerate
delays and stable resource consumption, then eMBB (0.939)
despite its high bandwidth rates, and the lowest (0.929) as of the
URLLC, because of its strict latency sensitivity.

Dynamic Resource Allocation
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Fig.4.4. Dynamic Resource Allocation

The figure 4.4 depicts the time-dependent allocation of
resources between eMBB, URLLC, and mMTC during PPO
training, indicating stable and adaptive allocation patterns in
line with the needs of the slice: eMBB occupies more resources
since its allocation is important to the throughput, URLLC
occupies intermediate resources since its allocation is critical to
the strict latency requirements without over-provisioning, and
mMTC occupies less resources, but sufficient since its delay
tolerance can cope with it; the results allow concluding on the
effectiveness of resource management and long-term multi-slice
continue.

Training Convergence
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Fig. 4.5 Training Convergence

The figure 4.5 illustrates the evolution of the reward in PPO
training during the process, in which the early changes
correspond to exploration and policy learning, and the transition
to exploitation leads to the convergence of the reward at a
positive and stable average, which validates the gradual
convergence and effective learning of an effective dynamic
asset allocation policy in the 5G environment.

Overall Performance Summary
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Fig. 4.6. Overall Performance Summary



PPO-BASED DEEP REINFORCEMENT LEARNING FRAMEWORK FOR DYNAMIC RESOURCE ALLOCATION AND NETWORK SLICING (...) 7

The figure 4.6 provides an in-depth analysis of the general
performance of this system compared to traditional practices.
Regarding almost all the metrics of performance, such as
throughput, latency, QoS, efficiency, and fairness, the DRL-
PPO algorithm is better in its performance. The given model,
therefore, achieves a high efficiency and equity in the
distribution of resources, which provides the model with a
feasible and efficient solution to changing 5G environments.

QoS Across Load Scenarios
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Fig. 4.7. QoS Across Load Scenarios

This figure 4.7 depicts the level of satisfaction with quality of
service (QoS) under three different load conditions: light,
medium, and heavy. The PPO algorithm evidently upheld the
highest QoS levels across all scenarios, whereas the
performance of both GA and PSO worsened considerably under
high loads. This conduct shows that PPO manages variations in
resource demand intelligently through dynamic reallocation,
considering slice priorities (eMBB, URLLC, mMTC). The
proposed system is characterized by a high degree of load
adaptability, all the while ensuring a stable service level.

Throughput Comparison
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Fig. 4.8. Throughput Comparison

Thie figure 4.8 is an attempt to compare the throughput of the
proposed DRL-PPO system with other methods, such as GA,
PSO, Q-Learning, and Round Robin. It can be seen that PPO
showed the best throughput (approximately 185 Mbps), and the
performance gradually declined with all other approaches, with
the lowest being the Round Robin algorithm (approximately
100 Mbps). Such a difference indicates the ability of the PPO
algorithm to utilize spectrum and energy resources more
effectively because of self-adaptation to network conditions. On
the other hand, traditional methods are based on a
predetermined allocation or non-renewable probabilistic search
that makes them less efficient in dynamic conditions of 5G
networks.

DRL Performance Improvement
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Fig. 4.9. DRL Performance Improvement

The results presented in this figure provide a quantitative
comparison of the benefits of using the PPO algorithm over
competing algorithms. The proposed algorithm provides
approximately a 25 percent increase over GA, 23 percent over
PSO, 35 percent over Q-Learning, and 45 percent over Round-
Robin. The results also show that the use of Deep
Reinforcement Learning allowed the algorithm to significantly
improve performance metrics (throughput, energy efficiency,
latency, and fairness in resource allocation) by up to 45 percent
in high interference conditions.

Numerical Results and Comparative Analysis

Table 5 presents a quantitative comparison of the proposed
DRL-PPO algorithm against other traditional methods (GA,
PSO, Q-Learning, and Round Robin) using key performance
indicators. The graphical analyses show the average results from
the three scenarios (light, medium, and heavy load), and these
values were derived from those averages.

TABLE V
QUANTITATIVE COMPARISON OF THE PROPOSED DRL-PPO ALGORITHM
AGAINST OTHER TRADITIONAL METHODS (GA, PSO, Q-LEARNING,
ROUND ROBIN) USING KEY PERFORMANCE INDICATORS

. DRL- . Round

Metric PPO GA PSO  Q-Learning Robin
Throughput

(Mbps) 180 150 145 130 110
Throughput
(Mbps) 0.94 0.86 0.84 0.81 0.78
Energy Efficiency
(bit/J) 0.91 0.82 0.80 0.76 0.70
Fairness Index 0.88 0.79 0.77 0.73 0.70

V. CONCLUSION AND FUTURE WORK

This paper has introduced a DRL model of multi-dimensional
resource allocation using PPO in 5G network slicing. The
suggested model was exhibited to be a high potential in real time
allocation of spectrum, power and time slots, which optimize
the throughput, latency, energy efficiency and fairness in
different network conditions. PPO demonstrated high
adaptability and policy stability compared to the traditional
approaches (GA, PSO, Q-Learning, RR) since it had a
controlled update mechanism and consequently was a strong
solution in multi-slice 5G and beyond-5G setups.Future
applications will reach the framework to multi-cell coordination
and interference management, edge computing links, federated
learning-driven distributed optimization, adaptive topology-
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conscious control, and low-latency inferences using hardware
accelerator to help extend the framework further to scalability
and real-time performance.
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