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Abstract. With the rapid growth of network services, traditional static bandwidth
allocation schemes can no longer meet the demands of multi-user, dynamic, and
QoS-sensitive applications. Ensuring both efficiency and stability in bandwidth al-
location remains a significant challenge, especially under high variability and uncer-
tainty conditions. To address this, we propose a novel algorithm named Uncertainty-
Constrained Stability-aware Deep Reinforcement Learning (UCS-DRL) for dynamic
bandwidth allocation. UCS-DRL adopts a dual-policy architecture: a task policy
that learns optimal bandwidth allocation decisions, and a stability policy guided
by uncertainty-aware value estimation to identify and mitigate potential risky or
unstable behaviors during deployment. Furthermore, the framework incorporates
a curiosity-driven exploration mechanism based on Random Network Distillation,
which enhances exploration efficiency by encouraging the agent to visit informative
and under-explored states. Experimental results show that UCS-DRL achieves high
bandwidth utilization and service quality while reducing policy volatility and risky
actions, balancing performance and robustness in dynamic bandwidth allocation.

keywords: Dynamic Resource Allocation, Reinforcement Learning, Uncertainty
Estimation, Stability-aware Control, Dual-policy Framework.

1. Introduction

In the context of the rapid development of smart substations, power systems are placing
higher demands on the efficiency of bandwidth allocation and the intelligence of schedul-
ing in communication networks[1]. The variety of services deployed within substations
is continuously increasing[2]: on one hand, applications such as remote monitoring, relay
protection signal transmission, and real-time equipment status reporting require stable and
continuous bandwidth, with high sensitivity to transmission delay and reliability; on the
other hand, event-driven services such as fault alarms and emergency command dispatch
often generate large volumes of data in a short time, exhibiting strong time-criticality
and transient high-bandwidth consumption. With emerging applications such as 4K/8K
high-definition video[3], VR/AR-assisted inspection, and remote interactive maintenance,
network traffic volume and dynamics are further intensified. Under such an environment
characterized by concurrent multi-service operations and significantly different traffic pat-
terns, how to achieve efficient, precise, and dynamic bandwidth allocation—while ensur-
ing quality of service for diverse applications and overall system reliability—has become
a key challenge for communication networks in smart substations[4].
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Traditional bandwidth allocation strategies exhibit significant limitations in such com-
plex service environments[5]. However, they cannot adapt in real time to competition
among services and frequent traffic fluctuations, often leading to inefficient utilization
or imbalanced allocation of resources. When sudden traffic surges occur, these methods
usually fail to adjust promptly, resulting in congestion or interruption of critical services;
conversely, in low-load scenarios, they often lead to bandwidth redundancy and waste.
Meanwhile, modern networks, particularly smart substations, impose multiple constraints
on bandwidth scheduling[6], such as those of latency, throughput, packet loss, and fair-
ness, which are often conflicting. Traditional methods typically optimize a single objec-
tive, making achieving comprehensive trade-offs across multiple metrics difficult. More
critically, real-world networks are subject to diverse uncertainties, including sudden traffic
demands, link quality fluctuations, and external disturbances, and traditional strategies of-
ten fail to maintain stability under abnormal conditions. This shortcoming is particularly
severe in critical infrastructures such as intelligent substations, where failure of allocation
strategies at crucial moments may directly disrupt the stable and continuous operation of
the power grid[7].

Recently, reinforcement learning (RL) has been widely applied in network schedul-
ing and resource management[8]. It gradually optimizes strategies through interaction
with the environment and has strong adaptability and generalization capabilities. In par-
ticular, policy gradient methods (such as PPO[9]) and value iteration methods (such as
DQN[10]) demonstrate good learning capabilities in complex state spaces. However, most
existing RL methods generally neglect to model the stability and uncertainty of policy
deployment[11], leading to potential uncontrollable decisions by the trained policy when
faced with unexpected scenarios such as sudden traffic spikes or abnormal states, thereby
impacting service stability and network stability.

To address these challenges, we propose Uncertainty-Constrained Stability-aware Deep
Reinforcement Learning (UCS-DRL) that explicitly incorporates uncertainty constraints
to ensure stable and reliable policy deployment. UCS-DRL constructs a dual-module col-
laborative training framework comprising a task and stability policies. In UCS-DRL, the
task policy employs the Deep Deterministic Policy Gradient(DDPG) method to achieve
efficient bandwidth utilization. It features a pluggable interface to accommodate other
high-performance policy structures. The stability policy incorporates a multi-scenario
uncertainty bounding mechanism that integrates optimistic, pessimistic, and most likely
behavioral scenarios. UCS-DRL enables a more comprehensive characterization of the
potential fluctuation range in policy outputs and allows for proactive identification of
extreme risk boundaries before action execution. Additionally, UCS-DRL combines a
curiosity mechanism to expand the policy exploration space and enhance generalization
capabilities in unknown states. Dynamically deploying UCS-DRL in the controller effec-
tively improves throughput and service reliability while controlling end-to-end latency
and deployment risks, achieving stable, efficient, and intelligent bandwidth resource allo-
cation. Experimental results show that our method outperforms baselines in key metrics
such as throughput, latency reduction, and adaptation capability, demonstrating superior
performance and practical engineering value.

Our contributions are summarized as follows:
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• We propose the UCS-DRL that achieves efficient and stable dynamic bandwidth allo-
cation through a collaborative training framework of task and stability policies under
uncertainty constraints.

• We design a pluggable task policy module to enhance resource allocation efficiency
while maintaining training stability and convergence performance.

• We construct a stability policy based on multi-scenario uncertainty modeling that con-
siders optimistic, pessimistic, and most likely behavioral estimates, balancing con-
straint and adaptability in policy output space.

• We combine internal policy uncertainty evaluation with external exploration signals
from random network distillation to improve environmental awareness, policy gener-
alization, and deployment robustness under distribution shifts.

The remainder of this paper is organized as follows: Related works are given in Sec-
tion 2. The problem is modeled in Section 3. The details of UCS-DRL are explained in
Section 4. The experiments and results are presented and analyzed in Section 5. Eventu-
ally, the paper ends in Section 6 with conclusions.

2. Related Work

2.1. Traditional Bandwidth Scheduling Methods

In early network bandwidth scheduling, allocation strategies were primarily based on
static rules that divided bandwidth by user type, service priority, service level, or traffic
weight[12]. For example, static scheduling mechanisms such as Weighted Round Robin
(WRR)[13] and Weighted Fair Queuing (WFQ)[14] are widely used in traditional network
devices, offering advantages such as simple implementation, low computational com-
plexity, and controllable scheduling overhead. However, these methods heavily rely on
manually designed rules, making it challenging to maintain efficient resource utilization
and service quality assurance in complex business models and dynamic network con-
ditions. To overcome the shortcomings of static methods in adapting to environmental
changes, researchers have proposed a series of dynamic scheduling algorithms based on
heuristic ideas. For example, Shortest Path First (SPF)[15] and Fastest Bandwidth Lowest
Delay[16] strategies are applied in the joint selection of paths and bandwidth to improve
overall network throughput and task completion efficiency. Meanwhile, fuzzy logic con-
trol has also been introduced into network resource scheduling, enhancing the decision-
making flexibility of schedulers in uncertain environments. A typical example is the Fuzzy
Bandwidth and Delay Guaranteed Routing Algorithm(FBDRA)[17] models bandwidth
requirements and delay tolerance through a fuzzy inference system, thereby improving
the satisfaction rate of QoS metrics while maintaining system stability. Although these
heuristic methods demonstrate good practicality and performance in small-to-medium-
sized network environments, they exhibit poor generalization capabilities and scalability
when faced with real-world scenarios such as high-dimensional state spaces, heteroge-
neous multi-service requirements, and complex topological dynamic changes[18]. This
has provided research motivation for developing more intelligent and adaptive scheduling
algorithms.
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2.2. Traffic Prediction and Proactive Resource Allocation

To address the traffic dynamics caused by concurrent multi-service operations in smart
substations, researchers increasingly focused on proactive resource allocation methods[19]
based on traffic prediction in recent years. Unlike traditional scheduling mechanisms that
rely on real-time status feedback, proactive scheduling anticipates future traffic trends
over a certain period and preemptively reserves bandwidth. It adjusts resources, enhancing
the capability to guarantee service quality for critical applications. For instance, periodi-
cally reported equipment status data and scheduled video inspection tasks exhibit strong
temporal regularity, making them suitable for high-precision traffic prediction through
time series modeling[20]. For unexpected events such as fault alarms and protective ac-
tions, their occurrence probabilities and data volumes can be predicted by combining
historical fault patterns with operational conditions, using statistical learning or machine
learning methods. Previous studies have employed traditional time-series analysis meth-
ods such as ARIMA and Hidden Markov Models (HMM) for industrial communication
traffic prediction. Recently, deep learning models including Long Short-Term Memory
(LSTM)[21], Gated Recurrent Units (GRU), and Transformer[22] have demonstrated su-
perior capabilities in capturing complex nonlinear traffic characteristics. Nevertheless,
most existing methods still rely on offline training, making them difficult to adapt to the
dynamic changes of substation operating environments. Moreover, they seldom consider
the impact of prediction errors on the robustness of resource allocation, which limits their
practical effectiveness in real-world systems.

2.3. Reinforcement Learning

With the development of deep reinforcement learning technology, its application in intel-
ligent network control has received increasing attention[23]. Reinforcement learning has
the ability to “learn through interaction,” enabling it to gradually approach optimal strate-
gies through trial-and-error exploration mechanisms[24]. It is naturally suited to network
scheduling problems characterized by high-dimensional state spaces, complex system
dynamics, and sparse rewards. In existing research, value-based methods such as DQN
(Deep Q Network) have been widely used in discrete bandwidth allocation and routing
selection scenarios[25]. For example, by encoding path and bandwidth allocation actions,
a Q-network is trained to obtain the policy with the maximum cumulative reward, thereby
optimizing system throughput or load balancing effects. Researchers have adopted pol-
icy gradient methods such as PPO (Proximal Policy Optimization) for scheduling sce-
narios with continuous actions to achieve refined resource control and rapid response
adjustments[26]. In addition, to improve exploration efficiency and generalization capa-
bilities, some studies have combined intrinsic incentive mechanisms such as Random Net-
work Distillation(RND)[27] and Intrinsic Curiosity Module(ICM)[28] to guide agents to
focus on insufficiently explored state regions and avoid falling into local optima. In multi-
objective scheduling scenarios, some studies have introduced multi-task reinforcement
learning architectures, incorporating multiple metrics such as bandwidth utilization, la-
tency, service quality, and stability risks into a unified reward function to improve the
system’s overall performance[29].

In real-world network deployments, ensuring policy safety and robustness is criti-
cal. Safe reinforcement learning addresses this through constraint-based optimization and
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uncertainty-aware methods[11]. Representative approaches like Penalized Proximal Pol-
icy Optimization (P3O)[30] formalize safety as cost constraints, while Robust RL frame-
works [31,32] enhance robustness by explicitly accounting for model uncertainty or ad-
versarial disturbances. Building on these foundations, our work introduces an uncertainty-
constrained mechanism to jointly optimize performance and safety in network control.

Fig. 1. Network topology: a ring backbone with tree-structured access networks, high-
lighting one representative access node and its connected end devices

3. System Model and Problem Formulation

3.1. System Model

We investigate the problem of dynamic bandwidth allocation at the access layer in smart
substation communication networks. Considering that highly reliable ring-based back-
bone networks are widely adopted in practical engineering to ensure network connectiv-
ity, while actual bandwidth contention primarily occurs within the tree-structured sub-
networks connected to nodes on the ring, we focus on the local bandwidth scheduling
scenario under a single node. In this architecture, a communication node on the ring con-
nects to multiple end devices—such as high-definition video cameras, protection relays,
condition monitoring sensors, and local monitoring hosts—via local access links. These
devices share the upstream link bandwidth of the node, forming a typical “multi-source
to single-sink” traffic aggregation pattern.

To more realistically simulate such scenarios, we construct the network topology
shown in Fig. 1 in a simulation environment. The topology consists of a ring-based back-
bone network, with several end-user nodes connected under each switching node, forming
a ring-tree hybrid structure. We focus on one representative node in the network, connect-
ing multiple end devices — including high-priority protection devices, high-bandwidth
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video surveillance equipment, medium-priority status sensors, and a local monitoring host
capable of data aggregation and command dispatch. These devices share an upstream
link via a local switch to access the ring network, with the total link bandwidth set to
Btotal = 100 Mbps. Due to significant differences among services in delay sensitivity,
data volume, and transmission continuity, the absence of an effective scheduling mecha-
nism may lead to delays or packet loss for critical services due to bandwidth contention.

During the simulation, the system periodically collects real-time status information of
each traffic flow, including transmission rate, queue length, end-to-end delay, and packet
loss, serving as input for the bandwidth allocation policy. This sensing mechanism is im-
plemented by deploying lightweight monitoring modules at local nodes, without requir-
ing global topology information, thus meeting substations’ localized and low-overhead
scheduling requirements. Based on these local state feedbacks, the scheduler dynami-
cally adjusts the bandwidth allocation for each traffic flow to ensure quality of service for
high-priority applications while improving overall resource utilization efficiency. At each
time step, the intelligent controller can obtain the following network state information:
each user’s bandwidth request volume di(t); each link’s delay qdelayl (t); the user’s actual
bandwidth usage in the previous cycle ui(t− 1); and the user’s service priority pi. These
observations are obtained through port queues, forwarding table statistics, or probe mech-
anisms via the switching device interface, with specific calculations as follows:
Bandwidth request estimation: Use the queue rate to estimate user i instantaneous band-
width request:

di(t) ≈
∆Qi(t)

∆t
=

Qi(t)−Qi(t−∆t)

∆t
. (1)

Link delay estimation: Use the controller to actively detect the delay of link l:

qdelayl (t) =
1

2
·RTTl(t), (2)

where RTTl(t) measured by ICMP or probe packets.
Estimated actual bandwidth usage: The user’s actual bandwidth usage in the previous

cycle is estimated based on the byte change recorded in the forwarding table:

ui(t− 1) =
∆Bytesi(t− 1)

∆t
. (3)

Through the above system design, we establish a simulation network environment that
supports multi-user access, features dynamic link states, and reflects realistic bandwidth
scheduling requirements. This environment serves as a foundational platform for training
and evaluating reinforcement learning algorithms. Based on the typical “ring-tree” hybrid
topology of smart substations, this model fully incorporates the service heterogeneity,
traffic burstiness, and delay sensitivity present in practical communication scenarios, ef-
fectively capturing the complexity and uncertainty inherent in bandwidth scheduling at
the access layer of power systems.

3.2. Problem Formulation

Based on the aforementioned system model, we formalize the bandwidth allocation task
as a reinforcement learning problem and models it as a Markov Decision Process (MDP)[33].
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At each discrete time step t, the controller needs to make a round of bandwidth alloca-
tion decisions based on the current network state to achieve optimal resource scheduling
while ensuring network stability and user service quality. Let the set of terminal users be
U = 1, 2, ..., N .
State space S: The system state at time step t is st, which includes user bandwidth re-
quirements, link quality, historical usage, and priority, i.e.:

st = {d(t), q(t), u(t), p} . (4)

Action space A: The controller selects bandwidth allocation actions based on the current
state.

at = [a1(t), a2(t), ..., aN (t)], s.t.

N∑
i=1

bi(t) ≤ Btotal, bi(t) ≥ 0 . (5)

Reward function R: Measures the effectiveness of current bandwidth allocation, satis-
fies user bandwidth requirements (satisfaction), maintains good link quality, and utilizes
bandwidth resources as efficiently as possible (resource utilization):

Rt = λ1 ·Rth(t)− λ2 ·Rlat(t) + λ3 ·Rada(t) , (6)

where:

Rth(t) =
1

N

N∑
i=1

bi(t)

di(t) + ε
(7)

represents throughput score (positive). A value of this indicator closer to 1 denotes that it
better meets user’s need.

Rlat(t) =
1

L

L∑
i=1

qdelayl (t)

qmax
(8)

indicates delay penalty (negative), where L represents the number of links that are actively
probed by the controller. This item is a value between 0 and 1. The higher the value, the
more severe the delay.

Rada =
1

N

N∑
i=1

I(ai(t) ∈ Astable
i (t)) (9)

denotes the adaptation score (positive). A higher score indicates better adaptation, which
is defined by two key behaviors: bandwidth allocation aligned with actual link capacity,
and allocation actions remaining within predefined policy confidence boundaries under
dynamic network conditions.
State transition function P : determined by dynamic changes in the network, including
link load fluctuations, traffic release, and sudden congestion, and exhibits a certain degree
of uncertainty.
Discount factor γ ∈ (0, 1): indicates the discount for future rewards.

The ultimate objective is to solve for that optimal policy that maximizes the desired
long-term cumulative discount reward:

π∗ = argmax
π

E
[∑

γtrt

]
. (10)
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The complexity of this problem lies in the fact that the user demand changes rapidly,
the link state fluctuates frequently, and the traditional static bandwidth allocation pol-
icy is difficult to adapt. The introduction of a reinforcement learning framework can uti-
lize the continuous interaction process between the controller and the environment to
autonomously learn adaptive dynamic strategies and achieve fine-grained and efficient
allocation of bandwidth resources.

4. Methodology

4.1. Overview

To address dynamic bandwidth allocation challenges, we propose UCS-DRL, a stability-
aware deep reinforcement learning algorithm based on uncertainty constraints, designed
for intelligent and robust scheduling of network resources. The algorithm adopts a dual-
policy coordination framework, integrating a task policy for performance optimization
with a stability policy for risk-constrained decision-making. By jointly evaluating task re-
wards and behavioral risks, UCS-DRL ensures high network performance while enhanc-
ing deployment robustness. The task policy leverages high-performance reinforcement
learning architectures to generate efficient bandwidth allocation sequences. The stabil-
ity policy employs a multi-scenario uncertainty bounding mechanism[34], adapted from
project risk analysis, to estimate policy behavior under optimistic, pessimistic, and most
likely conditions - ensuring performance remains within stable operational margins. To
mitigate over-constraint and encourage exploration of informative states, we integrate a
curiosity-driven exploration mechanism that enriches the data space without compromis-
ing stability. Guided by the task policy, the stability policy, enhanced with uncertainty-
aware risk screening and curiosity exploration, serves as the final decision module. The
two policies are functionally complementary and trained asynchronously, forming the
core of UCS-DRL. The algorithm’s workflow is illustrated in Fig. 2, and its pseudocode
is presented in Algorithm 1.

4.2. Task Policy

A performance-oriented efficient policy optimization mechanism. We use the deep de-
terministic policy gradient algorithm (DDPG)[27] as the core policy framework to achieve
dynamic perception and response control of network status. DDPG is an actor-critic-based
reinforcement learning algorithm suitable for high-dimensional, continuous control tasks,
making it ideal for bandwidth allocation with adjustable granularity.

For modeling, we encode the current network state as a vector st, including key vari-
ables such as user demand, link quality, previous allocation records, and user priority.
The actor network takes st as input and outputs a continuous action vector at, i.e., the
bandwidth allocation recommendation. To ensure the feasibility of actions, a softmax op-
eration is applied and multiplied by the total bandwidth Btotal to satisfy the bandwidth
constraint.

DDPG improves training stability via target networks and experience replay. The critic
network is updated using the Bellman equation to estimate the Q-value function:

Q(st, at) = rt + γQ′(st+1, µ
′(st+1)) , (11)
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Fig. 2. Illustration of overall architecture of UCS-DRL that primarily consists of four
components: the environment,the task policy utilizing the off-policy algorithm, the stabil-
ity policy employing the actor-critic framework, and the data space

where µ′(s) and Q′(s, a) are the target actor and critic networks, respectively, and rt is
the immediate reward based on bandwidth matching and link stability. The actor network
is optimized by maximizing the expected Q-value gradient:

∇θµJ ≈ E
[
∇aQ(s, a|θQ)|a=µ(s)∇θµµ(s|θµ)

]
. (12)

UCS-DRL effectively enhances the performance of bandwidth allocation strategies while
maintaining action continuity.

4.3. Stability Policy

Stability-oriented value constraint policy mechanism. After the reinforcement learning
agent has constructed a policy with high task performance but possible stability risks, the
next step is to further guide it to generate a policy with higher stability while ensuring per-
formance. In the bandwidth allocation problem proposed in this paper, stability is reflected
in the resource allocation process by avoiding key link overload and ensuring the service
continuity of high-priority tasks. Therefore, we introduce a stability policy framework to
impose soft stability constraints during the training process to constrain the direction of
policy updates. Specifically, the stability policy acts as an auxiliary critic that estimates
the long-term risk of state-action pairs, penalizing decisions that could lead to future insta-
bility (e.g., persistent congestion or service interruption). The penalty term is dynamically
weighted and incorporated into the policy gradient update, allowing the agent to contin-
uously trade off between maximizing task rewards and minimizing stability violations
during training. The stability policy framework is designed based on a value function
optimization architecture, utilizing a dual-network structure: the actor network outputs
deterministic actions, while the evaluator network assesses the value of state-action pairs.
Additionally, we introduce a constrained evaluator network[35] that integrates real-time
stability costs into the traditional value function, i.e.:

Qrc = r + γmax
a′

Qrc(s
′, a′)− c , (13)
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where r is the immediate reward, c is the immediate cost incurred due to violations of
bandwidth constraints (such as overload, conflicts, or unmet priorities), and γ is the dis-
count factor. The constraint value function influences the actor’s policy through gradient
updates, enabling it to perceive and avoid potential stability risks during the decision-
making process. During training, both the constraint commentator network and the target
network adopt soft update strategies to ensure training stability. The agent policy is opti-
mized based on the gradient of the constraint value function, thereby achieving a resource
allocation policy that balances efficiency and stability. The resulting policy effectively
controls the expansion direction of the data space, making the reinforcement learning
model more controllable and stable during bandwidth scheduling, particularly suitable
for dynamic and complex network environments.

4.4. Uncertainty Constraints and Diversity

In reinforcement learning-driven bandwidth allocation problems, uncertainty in the envi-
ronment and policy may lead to risky behaviors such as resource conflicts, performance
degradation, or policy overfitting. To address this, we introduce an uncertainty constraint
mechanism that combines the multi-scenario uncertainty bounding method in project
management to dynamically evaluate the lower bound threshold of task performance,
thereby balancing the agent’s pursuit of performance while constructing a secure data
space. The mechanism bounds performance uncertainty by integrating optimistic, pes-
simistic, and most-likely scenario evaluations, providing a probabilistic safeguard against
over-optimistic policy updates. Specifically, we use the Beta distribution model to calcu-
late the task performance threshold µr, which is updated every K episodes during train-
ing. Based on the maximum, minimum, and average values of episodic returns within
that cycle, we derive three scenario-based estimates: To(optimistic) reflects the maxi-
mum achievable throughput under ideal network conditions such as minimal interference
and full resource availability; Tp(pessimistic) represents the minimum sustainable per-
formance under worst-case disturbances including congestion or traffic bursts; Tm(most
likely) captures the expected performance under typical operational loads and serves as
the baseline for stable allocation. These estimates are then used to compute the following
formula:

µr =
To + 4Tm + Tp

6
. (14)

This dynamic threshold is used to filter samples in the experience pool, controlling the
quality of the data space and guiding the policy to maintain high bandwidth allocation ef-
ficiency under stability constraints. To alleviate the inhibition of policy exploration capa-
bilities caused by excessive constraints, we introduce an intrinsic motivation mechanism
to encourage agents to actively explore unknown state spaces.There have been many ex-
cellent results in exploration, such as the curiosity-driven mechanism ICM [36] and the
never give up (NGU) [37]. The way of intrinsic reward-driven exploration in reinforce-
ment learning mainly realizes these exploration algorithms. In our experiments, we em-
ploy Random Network Distillation (RND) [38] to score states for novelty. RND consists
of a fixed set of random feature extraction networks f(s) and a learnable network f̂(s),
where the prediction error represents the unfamiliarity of the state:

rcuriosityt = ∥f(st)− f̂(st)∥2 . (15)
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Curiosity rewards are linearly weighted into task rewards to form the final optimization
goal:

rfinalt = rtaskt + λcuriosity · rcuriosityt . (16)

The task policy dominates sampling and updates the policy network, while the stability
policy performs offline constraint screening on behavior samples to form candidate strate-
gies for deployment. The curiosity module is embedded in the task policy in the form of
rewards, encouraging agents to move beyond their normal behavior areas and form a
healthy data flow cycle. Ultimately, the controller will use only strategies that meet both
performance and stability requirements for actual network bandwidth allocation tasks.

Algorithm 1 Uncertainty-Constrained Stable Deep Reinforcement Learning
1: Input: Network topology E

Initialize constraint critic network Qc(s, a|θQc) and actor µ(s|θµ)
Initialize target constraint network Q′

c and µ′

Replay buffer R, the task policy πtask, the stability policy πstable, the list ep min return list ,
the task performance constraint threshold ep min return in Algorithm 2

2: Output:πstable

3: for episode = 1,N do
4: Initialize a random process N for action exploration
5: Receive initial observation state s0
6: for t = 1,T do
7: Select action at = µ(st|θµ)+Nt according to the current policy πstable and exploration

noise
8: Execute action at and observe reward rt, cost ct, next state st+1

9: Calculate curiosity rewards: rcuriosityt = ∥f(st)− f̂(st)∥2
10: Calculate total rewards: rtotal = rt + β · rcuriosity
11: if rt ≥ ep min return then
12: Πstable = Πstable ∪ (st, at, rtotal, ct, st+1)
13: end if
14: Set yi = rtotal + γ ∗Q′

c(si+1, µ
′(si+1|θµ

′
)|θQ

′
c)− ci

15: Update constraint critic by minimizing the loss: L = 1
N

∑
i

(
yi −Qc

(
si, ai | θQc

))2
16: Update the actor policy πstable using the sampled policy gradient
17: Update the target network:

θQ
′
c = τθQc + (1− τ)θQ

′
c

θµ
′
= τθµ + (1− τ)θµ

′

18: end for
19: end for

In the Algorithm 1, it’s crucial to highlight that we utilize the task performance thresh-
old calculated with uncertainty as a screening criterion (Line 9-11) for the target data
space. Additionally, we incorporate the immediate cost as a soft stability constraint within
the expected Q value in the stability policy(Line 12). This process culminates in the gen-
eration of a stability data space that takes task performance considerations into account.
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Algorithm 2 Uncertainty Constraint Mechanism
1: Input: The list ep min return list consisting of the minimum per-episode returns of K

episodes is used as input
2: Output: The expected minimum return per episode ep min return as a task performance

constraint for the next K episodes
3: Sort the list ep min return list in ascending order in place
4: Tp = ep min return list [0]
5: To = ep min return list [−1]
6: Tm = avg(ep min return list)
7: ep min return = (Tp + Tm × 4 + To)/6

5. Experiments and Results

5.1. Experimental Setups

To validate the effectiveness and robustness of the proposed uncertainty-constrained sta-
ble deep reinforcement learning bandwidth allocation algorithm (UCS-DRL) in real-world
network scenarios, we conducted systematic simulation experiments. All experiments
were conducted on a unified hardware platform and simulation environment to ensure fair-
ness in comparison and reproducibility of the results. The experiments were conducted in
two phases: training and deployment. During the training phase, we conducted training in
cycles of 100 steps per round, totaling 1,000 training cycles, and recorded algorithm per-
formance changes every 10 rounds to observe convergence trends. During the deployment
phase, we selected the converged strategies from the algorithms, conducted independent
tests, recorded the average metric results per round, and statistically analyzed the final
stable performance to demonstrate practical deployability.

In terms of hyperparameter settings, the discount factor γ is set to 0.98, and the batch
size is set to 128. The soft update coefficient τ of the target network is set to 0.005, while
the learning rate of the actor network is set to 3 × 10−4 and that of the critic network is
set to 3 × 10−3. Additionally, the number of hidden layers for both the actor and critic
networks is 2. A curiosity exploration mechanism based on Random Network Distillation
(RND) is introduced to assist in expanding the training data space for the policy, with the
exploration reward ratio set to 0.01.

5.2. Baselines

In order to comprehensively evaluate the performance of the UCS-DRL algorithm, we
have selected three representative comparison methods, covering static resource alloca-
tion strategies, fuzzy logic control methods, and typical deep reinforcement learning al-
gorithms. These methods are widely used in bandwidth scheduling and QoS routing opti-
mization and other related research fields, and have a good representative comparison.
Static:A static scheduling policy with fixed proportional bandwidth allocation.
DDPG[27]: A classical deep reinforcement learning method.
IFRA-GLB[39]: A method based on fuzzy logic and reinforcement learning.
UCS-DRL: An innovative algorithmic framework proposed in this paper.
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5.3. Results and Analysis

Reward Curve Analysis. Fig. 3 illustrates the cumulative reward curves over training
episodes for the proposed UCS-DRL method and two baseline algorithms, DDPG and
IFRA-GLB. In the initial stages of training, all methods exhibit substantial reward fluc-
tuations, which is attributed to the agent’s exploratory behavior in an uncertain environ-
ment. As training progresses, however, the proposed UCS-DRL approach demonstrates
a significantly faster convergence rate and achieves a higher asymptotic reward plateau
compared to the baselines. This superior performance highlights the effectiveness of in-
corporating uncertainty-based constraints into the decision-making process, enabling the
agent to avoid high-variance or sub-optimal actions early in training and thus acceler-
ate learning.Moreover, the stability of the reward curve in the later episodes aligns closely
with the stabilization of key network performance metrics such as throughput and latency,
indicating that the designed reward function accurately reflects real-world system perfor-
mance. The shaded regions around each curve represent the standard deviation across
multiple runs, further confirming that UCS-DRL not only achieves higher average re-
wards but also maintains greater consistency and robustness during training. In contrast,
both DDPG and IFRA-GLB show slower convergence and lower final performance, un-
derscoring the advantage of the uncertainty-aware framework in guiding more efficient
and reliable policy optimization.

Fig. 3. Reward curves of different algorithms during training

Throughput performance. UCS-DRL demonstrates stable and continuous perfor-
mance improvement throughout the training process. As shown in Fig. 4, the average
network throughput increases steadily from an initial 20 Mbps to a final stabilized value
of 94.5 Mbps, achieving approximately 94.5 percent of the total link capacity of 100
Mbps. This result significantly outperforms the baseline methods. DDPG and IFRA-GLB
stabilize at around 82 and 86 Mbps, respectively. At the beginning of training, the agent’s
policy is suboptimal due to lack of experience. This leads to inefficient bandwidth alloca-
tion, underutilized links, and low throughput. However, UCS-DRL exhibits faster conver-
gence and smaller fluctuations in the later stages compared to the benchmark algorithms.
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This behavior indicates that the curiosity-driven exploration mechanism effectively en-
courages the agent to explore underutilized state action spaces, helping to avoid prema-
ture convergence to local optima. The task oriented policy framework guides the DDPG
based actor critic structure to prioritize high impact actions. These include allocating suf-
ficient bandwidth to high priority protection flows while opportunistically serving high
bandwidth video streams. This guidance accelerates policy optimization. The integration
of uncertainty aware risk control further prevents over allocation to bursty or unreliable
flows, maintaining high link utilization without inducing congestion. The sustained high
throughput achieved by UCS-DRL reflects its ability to dynamically balance exploration
and exploitation, efficiently utilize available bandwidth, and adapt to time-varying traffic
patterns. This makes it particularly suitable for smart substation networks, where both
high resource efficiency and service reliability are critical.

Fig. 4. Throughput performance comparison under different methods

Latency performance. UCS-DRL effectively avoids over-scheduling of highly loaded
links by introducing uncertainty constraints and a risk-aware control mechanism. As illus-
trated in Fig. 5, the average latency of UCS-DRL decreases steadily from an initial 100 ms
to 25 ms during the early training phase. Eventually, it converges to approximately 22.3
ms with minimal fluctuation. This smooth convergence indicates that the agent quickly
learns an efficient bandwidth allocation policy that prioritizes delay-sensitive services
while maintaining system stability under uncertain traffic conditions. In contrast, DDPG
and IFRA-GLB exhibit significant oscillations in latency during the late stages of train-
ing. DDPG, which relies solely on reward shaping without explicit risk modeling, tends
to over-exploit high-throughput paths, leading to temporary congestion and bursty la-
tency spikes. IFRA-GLB, although it considers global load balancing, fails to account
for traffic uncertainty and sudden bursts (e.g., fault alarms or video stream initiation),
resulting in unstable performance and delayed response to dynamic changes. Moreover,
UCS-DRL’s uncertainty-aware design enables proactive bandwidth reservation for crit-
ical services based on predicted traffic patterns and confidence intervals. This not only
prevents buffer overflow in high-priority queues but also reduces unnecessary waiting
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time for time-sensitive data, which are essential for mission-critical applications in smart
substations.

Fig. 5. Latency performance comparison under different methods

Adaptation performance. A higher Adaptation Rate indicates better system capabil-
ity in dynamically adjusting to network conditions while adhering to stability and reliabil-
ity constraints. These include avoiding high packet loss links, respecting bandwidth lim-
its, and preventing congestion. UCS-DRL achieves outstanding performance in this met-
ric. By incorporating a multi-scenario uncertainty bounding mechanism and a risk lower
bound filtering operation during policy evaluation, UCS-DRL effectively suppresses ac-
tions with high uncertainty. This ensures that the selected actions are not only efficient
but also compliant with operational stability requirements. As shown in Fig. 6, UCS-DRL
maintains an average Adaptation Rate of approximately 97.5% in the test deployment
phase, significantly outperforming DDPG (87.9%) and IFRA-GLB (91.4%). Further anal-
ysis reveals that the embedded risk control mechanism not only enhances the stability of
the learned policy during deployment but also guides the training process toward the “high
benefit low risk” region of the solution space. This demonstrates the effective synergy be-
tween reinforcement learning and stability-aware constraints. Unlike DDPG, which often
generates aggressive actions under uncertainty, UCS-DRL prioritizes reliable and feasible
decisions, making it well suited for mission-critical power communication environments.

5.4. Ablation study

Ablation study analysis on the curiosity-driven module reveals that removing the RND
module leads to significant performance degradation, manifested through reduced explo-
ration efficiency, slower convergence speed, and deteriorated policy quality. As shown in
Fig. 7, without RND, the model exhibits delayed exploration progress during early train-
ing (0-400 episodes), with insufficient state-space coverage causing the policy to converge
to local optima. While the complete model stabilizes after approximately 400 episodes,
the ablated version fails to achieve comparable performance even after 1000 episodes,
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Fig. 6. Adaptation rate comparison in the deployment phase

demonstrating higher decision variance and lower adaptability. These results verify that
in dynamic bandwidth allocation scenarios, the RND module effectively promotes com-
prehensive exploration of the network state space through its state novelty scoring mech-
anism, thereby preventing the resource allocation strategy from becoming overly conser-
vative due to stability constraints. The prediction error-driven intrinsic reward provides
essential exploratory momentum for optimizing bandwidth allocation strategies. By dis-
covering non-typical resource allocation patterns, it significantly enhances the policy’s
adaptability and robustness in complex network environments, establishing itself as a key
component in maintaining an efficient data flow cycle for bandwidth allocation.

Fig. 7. Performance comparison of ablation studies
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5.5. Deployment Evaluation Results

To further evaluate the generalization and stability of the trained policies, we conduct
a comprehensive evaluation in the test phase, where the learned models are applied to
previously unseen traffic scenarios. The performance is assessed across four key metrics:
throughput, average latency, bandwidth utilization, and adaptation rate. Results are sum-
marized in Table 1. Our proposed UCS-DRL algorithm outperforms all baseline methods
across all metrics. It achieves a throughput of 91.3 Mbps and a bandwidth utilization of
91.3%, demonstrating efficient resource scheduling under diverse traffic patterns. More
importantly, UCS-DRL achieves an adaptation rate of 95.2%, significantly higher than
DDPG (87.9%) and IFRA-GLB (91.4%), indicating its strong ability to avoid risky ac-
tions—such as overloading links or violating bandwidth limits—while maintaining high
performance. In terms of latency, UCS-DRL achieves the lowest average delay of 23.7 ms,
which is critical for time-sensitive services in smart substations. This reflects its effective-
ness in prioritizing high-priority flows and avoiding congestion through proactive band-
width allocation. Fig. 8 presents a bar chart comparing the performance of all methods
across the four evaluation metrics in the test phase. While static policy methods achieve
moderate results in known scenarios, they lack adaptability and fail to respond effectively
to dynamic and unseen conditions. In contrast, learning-based methods, particularly UCS-
DRL, exhibit superior generalization and robustness due to its uncertainty-aware design
and risk-constrained learning framework. These results confirm that UCS-DRL not only
learns an efficient scheduling policy during training but also generalizes well to new sce-
narios, achieving a favorable balance between performance and stability. This makes it
highly suitable for intelligent bandwidth management in complex and dynamic substa-
tion communication environments.

The above experimental results show that UCS-DRL has superior performance in
terms of throughput efficiency, service delay control and adaptability, which proves the
adaptability, stability and engineering practicability of the proposed algorithm in the com-
plex dynamic network environment. Its task-stability dual-policy cooperative mechanism
and uncertainty-aware design jointly construct a set of bandwidth allocation policy frame-
work with learning capability, stability control, and stable output capability, which has
good potential for promotion in future networks.

Table 1. Comparison of Algorithm Performance

Algorithm Throughput (Mbps) Latency (ms) Utilization (%) Adaptation (%)

Ours 91.3±1.2 18.6±0.8 87.9±0.9 97.5±0.6
IFRA-GLB 78.4±2.1 26.7±1.5 74.1±1.7 91.4±1.2
DDPG 83.7±1.8 22.3±1.2 81.5±1.4 87.9±1.5
Static 86.1±0.9 20.1±0.7 84.2±0.8 83.6±1.8

6. Conclusion

In this paper, we address the key challenge of balancing high performance with oper-
ational stability in dynamic bandwidth allocation by proposing a stable deep reinforce-
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Fig. 8. Algorithm performance comparison in the deployment phase

ment learning algorithm. Our method employs a pluggable dual-policy framework: a
performance-oriented task policy that maximizes bandwidth utilization and allocation ef-
ficiency, and a stability policy that constrains high-risk decisions via multi-scenario uncer-
tainty modeling (optimistic, pessimistic, and most likely) and a value-based conservative
critic, thereby directly mitigating the instability risks inherent in RL-based control. To
enhance exploration and avoid local optima, we integrate a curiosity-driven mechanism
that guides the agent toward unfamiliar states in early training, improving policy general-
ization. The reward function jointly optimizes throughput, delay, and stability adaptation
rate, enabling balanced learning between performance and deployment robustness.

We evaluate our approach in a simulated multi-user environment. Extensive experi-
ments demonstrate that our method outperforms baselines in both task performance and
stability maintenance, significantly reducing policy violations during resource allocation.
Ablation studies confirm the critical contributions of the curiosity module and uncertainty
estimation mechanism. Importantly, our framework imposes minimal constraints on the
base policy and is highly compatible with diverse task settings. We also acknowledge
limitations including simulation-based validation and focus on single-node scheduling.
Future work will explore multi-agent reinforcement learning for cross-node coordination
and test the method on physical network hardware and more complex topologies.
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