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Abstract:
Modern IP networks face significant challenges in main‐
taining performance under dynamic and diverse traf‐
fic conditions. Traditional congestion control algorithms,
such as TCP Reno, Cubic, and even recent reinforcement
learning (RL) methods like PPO and DQN, often respond
uniformly to packet loss, failing to distinguish between
congestion‐induced losses and those arising from wire‐
less interference or hardware failures. This paper intro‐
duces AHMA (Adaptive Hierarchical Meta‐Agent) — a
novel two‐stage intelligent congestion control frame‐
work that integrates a Bayesian Transformer‐based clas‐
sifier with a Meta‐Evolutionary Reinforcement Learning
(Meta‐ES‐RL) controller. AHMA first classifies the cause
of the packet loss in real‐time, and then dynamically
selects an optimized control strategy based on classifi‐
cation confidence. Using a synthetically generated NS‐
3 dataset of 1,000 labeled flow samples, we evaluate
AHMA’s performance against PPO, DQN, TCP Cubic, and
TCP Reno across key metrics. Experimental results show
that AHMA achieves a decision accuracy of 92%, reduces
packet loss to 8.56% with improved throughput, and
decreases latency, outperforming all baseline methods.
This approach represents a significant advancement in
adaptive, cause‐aware congestion management, with
strong potential for deployment in next‐generation high‐
performance IP and 5G networks.

Keywords: Adaptive Congestion Control, Bayesian Trans‐
former, Congestion‐Induced Losses, IP Network Opti‐
mization,Meta‐Reinforcement Learning, Packet loss clas‐
sification

1. Introduction
Congestion control is a vital aspect of modern IP

network performance, especially as digital commu‑
nication systems continue to evolve toward higher
speeds, lower latencies, andmore dynamic topologies.
Conventional congestion control algorithms such as
TCPReno, TCPCubic, andTCPBBR are designed based
on simple assumptions: they interpret any form of
packet loss or increased round‑trip time (RTT) as evi‑
dence of congestion. These reactive strategies reduce
sending rates upon detecting loss irrespective of its
actual cause [1–3], as illustrated in Figure 1. However,
this assumption often leads to suboptimal perfor‑
mance in complex network environments, especially

Figure 1. Traditional approach to congestion control

in heterogeneous or wireless networks, where loss
may result from interference, mobility, or physical
layer disruptions rather than congestion itself.

The misclassiϐication of loss events results in
unnecessary throttling of throughput, elevated
latency, and a degradation in quality of service
(QoS) [5, 6]. These problems are further ampliϐied
in real‑time applications, such as video streaming,
telemedicine, autonomous driving, and augmented
reality, where consistent throughput and minimal
delay are mission critical [9]. To address these
challenges, researchers have explored machine
learning (ML) and reinforcement learning (RL)
techniques that can intelligently learn and adapt
congestion control behaviour based on real‑time
observations [11–13].

Several RL‑based methods have emerged,
consisting of deep Q‑networks (DQN), proximal
coverage optimization (PPO), and actor‑critic
fashions [14, 15]. While these models demonstrate
superior performance over traditional protocols
in controlled scenarios, they suffer from a critical
limitation: the inability to differentiate between
various causes of packet loss. Consequently, they
apply the same corrective action regardless of
whether the loss is caused by congestion, wireless
noise, or hardware faults.

To deal with this gap, we advise a novel hybrid
method known as the adaptive hierarchical meta‑
agent (AHMA). The AHMA architecture introduces
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a two‑stage learning system that separates loss
classiϐication from control policy selection. The ϐirst
stage employs a Bayesian Transformer classiϐier to
accurately detect and classify the cause of packet
loss in real time. The second stage integrates a
meta‑evolutionary reinforcement learning (Meta‑ES‑
RL) agent that dynamically adapts its congestion con‑
trol strategy based on context, as well as classiϐication
conϐidence.

To validate the proposed framework, we devel‑
oped a synthetic dataset using NS‑3 network simu‑
lations [23], modeling diverse loss scenarios, includ‑
ing congestion, wireless errors, and link failures. Fea‑
tures such as RTT, queue length, signal‑to‑noise ratio
(SNR), and drop patterns were captured and labeled
for supervised training and policy evaluation. Our
experimental results demonstrate that AHMA outper‑
forms both classical and RL‑based congestion control
algorithms in terms of throughput, latency, packet loss
rate, and decision accuracy.

The proposed work provides a context‑aware
and adaptive solution for modern congestion control,
offering robust performance across a wide range of
network conditions. By bridging the gap between loss
classiϐication and intelligent rate control, this work
paves the way for deploying truly smart and reli‑
able congestion control in next‑generation high‑speed
networks.

2. Related Work
Congestion control is a foundational aspect of

reliable data transmission across IP‑based networks.
Network trafϐic continues to scale with applications
such as cloud computing, video streaming, and IoT,
and managing congestion in a dynamic and hetero‑
geneous environment has become more complex and
performance‑critical. This section reviews the evo‑
lution of congestion control from traditional algo‑
rithms to modern ML‑based approaches, highlighting
the limitations of each and identifying the research
gap addressed by the proposed AHMA (adaptive hier‑
archical meta‑agent) framework.

2.1. Traditional Congestion Control Protocols

The ϐirst generation of congestion control strate‑
gies relied heavily on feedback mechanisms like
packet loss and RTT to infer network congestion. TCP
Reno introduced the idea of additive increase and
multiplicative decrease (AIMD), assuming that every
packet drop indicates congestion [4]. Though they
were robust for early wired networks, TCP Reno and
its variants (e.g., TCPNewReno)were not designed for
wireless or mobile environments, where losses could
result from other phenomena, such as link errors or
intermittent connectivity.

TCP Cubic, the default congestion control algo‑
rithm in Linux, offers better performance over long fat
networks by editing the congestion window growth
function [2, 10]. BIC TCP and Cubic TCP aimed
to improve TCP fairness and scalability in high‑
speed networks, but these loss‑based protocols still

treat all packet loss as congestion, often resulting
in unnecessary throughput reductions and increased
delays in wireless networks [8].

TCP BBR represented a departure from loss‑based
methods by using explicit bandwidth and RTT estima‑
tion to drive the congestion control process. Though it
was more proactive, BBR has been shown to be overly
aggressive under certain conditions and can cause
starvation for other TCP ϐlows, especially in mixed‑
trafϐic environments.
2.2. Congestion Control in Wireless and Hybrid Net‐

works

Wireless and hybrid networks introduce new
dimensions of complexity to congestion control.
Packet losses in these networks often stem from
factors like fading, interference, and mobility,
which are not related to congestion. TCP Westwood
attempted to address this by estimating available
bandwidth using ACK rates, but still relied on
simpliϐied models of network behavior [7].

TCP Veno introduced delay‑based loss differen‑
tiation by analyzing RTT variations to distinguish
between congestion and random loss. Similarly, TCP
Vegas and TCP Illinois incorporated delay measure‑
ments into their window adjustment logic. However,
these delay‑based strategies are sensitive to jitter and
cannot reliably identify the cause of packet loss in all
conditions.

Numerous heuristic methods have been proposed
to differentiate congestion loss from non‑congestion
loss in wireless networks. These include the Loss Dis‑
crimination Algorithm (LDA), ZigZag, and Spike, each
leveraging combinations of RTT, delay, and through‑
put [27]. Despite some success in speciϐic contexts,
these solutions often rely on hand‑tuned thresh‑
olds and cannot generalize across different network
scenarios.
2.3. Machine Learning‐Based Congestion Control

Recent advances in ML have led to the
development of data‑driven congestion control
algorithms [24]. Early ML‑based approaches included
decision trees and support vector machines trained
on simulation data to infer optimal window sizes.
However, these supervised methods require labeled
data and struggle to generalize in real‑time settings.

Reinforcement learning (RL) introduced a new
paradigm in which agents learn to optimize through‑
put and minimize delay by interacting with the net‑
work. Remy, PCC (Performance‑oriented Congestion
Control), and Orca are early examples in which con‑
trol policies are learned ofϐline and deployed online.
Aurora, a neural RL‑based congestion control frame‑
work, demonstrated that deep networks can effec‑
tively learn congestion strategies end‑to‑end.

Deep RL algorithms like DQN (deep Q‑networks)
and PPO (proximal policy optimization) have been
applied to congestion management tasks [16, 17].
DQNmodels learn value‑based policies using network
observations, while PPO reϐines policy gradients to
balance stability and exploration, as shown in Table 1.
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Table 1. Comparison between ML‐based methods

Metric AHMA(Proposed) PPO DQN
Loss cause accuracy High (Bayesian Transformer Classiϐier) Not cause‑aware Not cause‑aware
Decision accuracy Highest (Cause‑Aware) Medium Lower
Adaptation speed Fast (RL + Classiϐier Feedback) Medium Slower
Packet loss (%) Lowest Higher Higher
Throughput (Mbps) Highest Medium Lower
Latency (ms) Lowest Medium Higher

These models have achieved notable performance
improvements in controlled testbeds. However, they
still face major challenges [25].
• They do not distinguish between different causes of
loss.

• They assume that all performance degradation
results from congestion.

• They are data‑hungry and require extensive tuning.
2.4. Classification of Packet Loss

Some research efforts have explored the classiϐica‑
tion of loss causes using ML classiϐiers. Decision trees,
Naive Bayes classiϐiers, and ensemble methods have
been trained on simulation datasets to label packet
loss events [21]. These models typically use features
like RTT, loss rate, queue length, and link quality
metrics.

However, existing classiϐiers often lack uncertainty
modeling and are not designed for real‑time integra‑
tion with congestion control systems. Their predictive
decisions are treated as deterministic, which is risky
in dynamic environments with high noise levels.

Bayesian neural networks and probabilistic mod‑
els have recently emerged as tools for uncertainty‑
aware classiϐication. These approaches can estimate
conϐidence levels for each prediction, allowing for
more robust decision‑making under uncertain condi‑
tions. Despite their promise, they have seen limited
application in network congestion control.
2.5. Meta‐Learning and Evolutionary Strategies

Meta‑learning, or learning to adapt quickly across
tasks, has been widely adopted in domains like
robotics and gameAI, but has seldombeenused innet‑
working [18, 19]. Meta‑RL enables agents to transfer
knowledge from past experiences to new, unseen sce‑
narios, reducing training time and increasing adapt‑
ability.

Evolutionary strategies (ES) are another class
of optimization algorithm that is well‑suited for
sparse reward settings and non‑differentiable envi‑
ronments [20]. ES methods explore the policy space
via stochastic sampling and update policies based on
ϐitness evaluations, offering scalability and robust‑
ness. The combination of meta‑learning with ES has
shown promise in few‑shot learning contexts, but
remains underexplored in networked systems.
2.6. Research Gap and Positioning of AHMA

Despite signiϐicant progress in ML‑based conges‑
tion control, existing methods lack three key features:

(1) loss‑cause classiϐication, (2) uncertainty‑aware
decision‑making, and (3) adaptive policy selection
basedon context. Our proposedAHMA framework ϐills
this gap by introducing a modular architecture that
combines a Bayesian Transformer for loss classiϐica‑
tion with a Meta‑ES‑RL agent for adaptive congestion
control.

AHMA is capable of
• Distinguishing between congestion, wireless, and
hardware loss causes;

• Estimating prediction conϐidence and avoiding risky
control actions; and

• Dynamically selecting optimized policies for each
type of loss scenario.
By integrating these features, AHMA provides

a robust, scalable, and intelligent congestion con‑
trol solution tailored for dynamic and heteroge‑
neous IP networks. This positions AHMA as a novel
contribution at the intersection of classiϐication,
meta‑reinforcement learning, and adaptive network
control.

In the next section, we detail the system architec‑
ture and implementation of AHMA, followed by our
experimental methodology and evaluation results.

3. Overview of Congestion Control Using
AHMA

Traditional congestion control protocols, includ‑
ing TCP Reno, Cubic, and BBR, rely in most cases
upon packet loss or RTT variations as congestion sig‑
nals. These methods treat all packet losses as signs
of congestion and react by reducing the sending rate.
While this is assumption is effective in homogeneous
wired networks, it fails in real‑world scenarios, where
packet loss may have various other causes, including
wireless interference, signal degradation, or hardware
failures.

The proposed framework, AHMA (adaptive hier‑
archical meta‑agent), addresses this limitation by
introducing a two‑stage intelligent congestion con‑
trol architecture. AHMA enhances decision‑making
by ϐirst classifying the cause of packet loss and
then selecting a policy based on this context. This
enables differentiated responses to different types of
network issues, improving throughput, stability, and
fairness.

AHMA is composed of two core components:
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Figure 2. Reprentation of network parameters

3.1. Bayesian Transformer Loss Classifier:

This deep learning model processes real‑time net‑
work statistics—such as RTT, queue length, packet
loss patterns, and SNR (if wireless), as illustrated in
Figure 2,—to classify the type of packet loss (e.g., con‑
gestion, wireless, hardware).
• It uses Bayesian inference to estimate prediction
uncertainty.

• Its output includes both a loss cause label and a
conϐidence score.

3.2. Meta‐Evolutionary Reinforcement Learning (Meta‐
ES‐RL) Controller:

Based on the classiϐier’s output and conϐidence,
this agent selects an optimal congestion control
strategy.
• Meta‑learning allows for rapid adaptation to new
network conditions.

• Evolutionary strategies allow for robust exploration
without gradient dependency.

• Tailored responses to different loss causes slows
down only during congestion but maintains its rate
during wireless loss.
Key features of AHMA include

• Differentiating between loss causes, instead of treat‑
ing all loss equally.

• Using uncertainty‑aware decision‑making to avoid
risky actions.

• Enabling fast adaptation in dynamic environments
via meta‑RL.

• Compatibility withmodern IP andwireless network
stacks.
In summary, AHMA combines intelligent loss clas‑

siϐication and context‑aware control policy selection
to provide a robust, adaptive solution for conges‑
tion control. It signiϐicantly outperforms traditional
and learning‑basedmethods, particularly in heteroge‑
neous or error‑prone networks.

4. Research Methodology
This section outlines the methodology used to

design, implement, and evaluate the proposed AHMA
framework for intelligent congestion control. The
research methodology is structured around three
core stages: dataset generation, model design and
integration, and performance evaluation through
simulation.
4.1. Dataset Generation Using NS‐3

To train and evaluate the classiϐier and RL agent
in AHMA, we generated a labeled dataset using the
NS‑3 (NetworkSimulator 3) environment. The simula‑
tion topology consisted of three types of network loss
scenarios:
4.1.1. Congestion Loss:

Simulated by overloading network buffers using
high‑bandwidth TCP trafϐic, resulting in queue over‑
ϐlow and packet drops.
4.1.2. Wireless Loss:

Modeled using error models like RateErrorModel
and signal degradation through modiϐied SNR values
to emulate channel fading and interference.
4.1.3. Hardware‐Induced Loss:

Emulated by scheduling sudden link failures or
device shutdowns during active transmission.

Each simulation captured real‑time metrics
including round‑trip time (RTT), queue length, signal‑
to‑noise ratio (SNR), throughput, ACK timing, and
packet drop events. Packet losses were labeled based
on their source, creating a multi‑class dataset suitable
for supervised learning.
4.2. Bayesian Transformer‐Based Loss Classifier

The ϐirst module of AHMA is a Bayesian Trans‑
former classiϐier designed to determine the root
cause of packet loss. Unlike traditional classiϐiers,
the Bayesian Transformer not only outputs a pre‑
dicted loss class (congestion, wireless, or hard‑
ware), but also provides uncertainty estimates. These
uncertainty‑aware predictions allow the system to
defer or moderate its decisions when conϐidence
is low, thereby increasing its reliability in noisy
environments.
Standard Transformer Attention:

Attention(Q, K, V) = softmax(QKT/√d_k)∗VQ
= XW_Q,K = XW_K, V = XW_V.

(1)

Where X: input tokens.
W_Q, W_K, W_V: learnable weight matrices.
d_k : dimension (size) of the key vector 𝐾
Loss Function (ELBO ‑ Evidence Lower Bound):

L = E_{q(W)}[log p(D |W)]−KL(q(W) || p(W)) (2)

Where
p(D|W): likelihood of data given weights
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KL: Kullback–Leibler divergence between poste‑
rior and prior

The classiϐier was trained using the NS‑3 dataset
with cross‑entropy loss and dropout‑based Bayesian
approximation. Input features include temporal
sequences of RTT, queue length, and SNR values.
The attention mechanism in the Transformer helps
capture temporal correlations that traditional models
might overlook [22].

4.3. Meta‐Evolutionary RL Controller

The second module is a meta‑evolutionary
reinforcement learning (Meta‑ES‑RL) agent. This
controller is meta‑trained across different network
environments to enable fast adaptation to unseen
scenarios. During deployment, the RL agent selects an
appropriate congestion control policy based on the
classiϐier’s output and conϐidence score.

Learn a meta‑policy 𝜋_𝜃(a|s, T𝑖) that performs well
after quick adaptation to a new task.

min_θ E_{Ti ∼ p(T)}[L_{Ti}(θ−α∇_θ L_{Ti}(θ))] (3)

Where
θ: initial policy parameters
L_{T𝑖}: task‑speciϐic loss (e.g., negative return)
α: inner loop learning rate
To train the agent, we chose evolutionary strate‑

gies (ES) due to their gradient‑free nature and
robustness in sparse or noisy environments. The
reward function was carefully designed to optimize
for high throughput, low packet loss, and minimal
delay.

4.4. Integration and Decision Pipeline

AHMA operates in real time by ϐirst invoking the
classiϐier upon packet loss detection. Depending on
the predicted cause and associated conϐidence, the
meta‑RL agent selects or modiϐies its control policy
dynamically. For example, if the loss is due to wire‑
less errors and conϐidence is high, the agent avoids
unnecessary rate reduction; for conϐirmed conges‑
tion, however, it aggressively reduces the sending
window.

4.5. Evaluation Metrics

The methodology concludes with a performance
evaluationusing simulation runsunder controlled and
mixed‑loss conditions. We compare AHMA’s perfor‑
mance against PPO, DQN, TCP Cubic, and TCP Reno
using the following metrics:
• Decision Accuracy (%): Correctly identiϐied loss
cause.

• Packet Loss (%): Total lost packets per scenario.
• Throughput (Mbps): Data successfully delivered.
• Average Latency (ms): End‑to‑end delay.

These experiments validate AHMA’s effectiveness
in dynamic and heterogeneous network environ‑
ments.

Figure 3. Representation of Network Parameters

5. Proposed Architecture
The proposed architecture, known as AHMA

(adaptive hierarchical meta‑agent), presents a
novel two‑layer learning‑based congestion control
framework. It is designed to intelligently manage
data transmission in IP networks by distinguishing
between different causes of packet loss and adapting
congestion control strategies accordingly. The
architecture combines Bayesian deep learning for
loss classiϐication with meta‑reinforcement learning
(Meta‑RL) for adaptive policy selection.

5.1. System Overview

AHMA consists of two major components: a
Bayesian Transformer‑based loss classiϐier and a
meta‑evolutionary reinforcement learning controller.
These components work together in a modular, hier‑
archical fashion. When packet loss is detected, AHMA
ϐirst determines its cause using the classiϐier. Based
on this prediction and the associated conϐidence, the
system then invokes the Meta‑RL agent to apply a
tailored control policy.

5.2. Bayesian Transformer Loss Classifier (Layer 1)

This component serves as the decision‑making
entry point. It processes real‑time network fea‑
tures, such as RTT (round‑trip time), queue length,
packet inter‑arrival time, signal‑to‑noise ratio (SNR)
in wireless networks, and acknowledgment delay
patterns.

Using a Transformer neural architecture enhanced
with Bayesian inference, the classiϐier predicts the
cause of packet drop,whether due to congestion,wire‑
less interference, or hardware failure, as shown in
Figure3. Thekey innovation lies in its uncertainty esti‑
mation capability, which is achieved through dropout‑
based Monte Carlo sampling.

The classiϐier outputs
• A categorical label (congestion, wireless, or hard‑
ware) and

• A prediction conϐidence score (between 0 and 1)
If the classiϐier conϐidence is high, the system acts

directly on the prediction. If it is low, AHMA applies
a cautious policy or defers the decision, enhancing
stability in noisy environments.

130



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

Table 2. Outcome comparison

Algorithm Decision Accuracy (%) Packet Loss (%) Throughput (Mbps) Avg Latency (ms)
AHMA 92 2.5 8.6 10
PPO 78 4.8 7.2 18
DQN 70 6.1 6.5 25
TCP Cubic N/A 8.3 5.9 30
TCP Reno N/A 10.5 5.2 35

Figure 4. Overview of Bayesian Transformer

5.3. Meta‐Evolutionary RL Controller (Layer 2)

Once the cause of loss is identiϐied, the Meta‑RL
agent selects or adapts a control strategy. The con‑
troller is trainedusing evolutionary strategies,making
it suitable for environments where gradients are difϐi‑
cult to compute.

The RL agent:
• Adapts to new loss scenarios using few‑shot
learning.

• Optimizes a reward function that balances through‑
put, latency, and packet loss.

• Selects from a portfolio of pre‑trained control
policies.

• Generalizes from past experiences by integrating
meta‑learning and quickly adjusting to varying net‑
work behaviors.

5.4. End‐to‐End Decision Process

The full AHMA workϐlow is as follows:
• Detect a packet loss event.
• Extract network features and classify the cause
using Layer 1.

• Based on the classiϐication and conϐidence, select
the appropriate policy using Layer 2.

• The policy adjusts the sending rate or congestion
window dynamically.
This intelligent, hierarchical framework enables

context‑aware congestion control, outperforming tra‑
ditional and RL‑only approaches in heterogeneous
and dynamic network conditions.

6. Results
To assess the performance of the proposed AHMA

(adaptive hierarchical meta‑agent) framework, we

Figure 5. Packet loss comparison

carried out considerable simulation experiments
using the NS‑three community simulator. The
simulations involved varying network conditions,
including congestion‑induced loss, wireless errors,
and hardware‑induced link failures. AHMA was
compared against conventional TCP variants (TCP
Reno, TCPCubic) andmodern reinforcement learning‑
based methods (DQN and PPO).

A labeled dataset of 1,000 samples was gener‑
ated through multiple NS‑3 runs, capturing metrics
such as RTT, queue length, SNR, and packet drop
rate. The Bayesian Transformer classiϐier trained on
this dataset achieved a decision accuracy of 92% in
correctly classifying the cause of packet loss. This
outperformed baseline classiϐiers, such as decision
trees and SVMs, which averaged around 78‑80% accu‑
racy. In terms of control performance, AHMA demon‑
strated signiϐicant improvements across key metrics,
as shown in Table 2:

Packet Loss Rate: 8.56%, compared with 11.77%
(PPO), 13.91% (DQN), 16.05% (TCP Cubic), and
19.26% (TCP Reno), as observed in Figure 5.

Throughput: AHMA achieved an average of
8.6 Mbps, outperforming PPO (7.2 Mbps), DQN
(6.5 Mbps), TCP Cubic (5.9 Mbps), and TCP Reno
(5.2 Mbps), as observed in Figure 6.

Latency: The average end‑to‑end delaywith AHMA
was 10 ms, the lowest among all compared models, as
observed in Figure 7.

The system’s ability to differentiate causes of loss
allowed AHMA to avoid unnecessary rate throttling in
wireless or hardware fault scenarios, thus maintain‑
ing higher throughput and stability. Additionally, the

131



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

Figure 6. Throughput comparison

Figure 7. Delay comparison

meta‑evolutionaryRL component enabled rapid adap‑
tation to changes in network state and outperformed
static RL agents that required retraining.

Overall, the experimental results validate AHMA
as a highly adaptive and intelligent congestion con‑
trol solution for complex and heterogeneous network
environments, as illustrated in Figure 4.

7. Conclusion
This paper introduced AHMA (Adaptive Hierar‑

chical Meta‑Agent), a novel AI‑driven framework for
intelligent congestion control in IP networks. Unlike
traditional and modern learning‑based methods that
treat all packet loss uniformly, AHMA incorporates a
two‑stage architecture that distinguishes the cause of
packet loss and applies context‑aware control policies
accordingly.

The ϐirst layer of AHMA uses a Bayesian Trans‑
former classiϐier to analyze real‑time network fea‑
tures and accurately predict the root cause of packet
loss, whether it be congestion, wireless interference,
or hardware failure. The second layer employs a
meta‑evolutionary reinforcement learning (meta‑ES‑
RL) controller that dynamically selects or adapts a
congestion control policy based on the classiϐier’s pre‑
diction and conϐidence.

Through extensive simulation using NS‑3,
AHMA was evaluated against baseline algorithms,

including TCP Reno, TCP Cubic, DQN, and PPO. The
results demonstrated that AHMA achieves higher
decision accuracy, lower packet loss rates, improved
throughput, and reduced latency across diverse
network conditions. Its ability to avoid unnecessary
throttling in non‑congestive scenarios and adapt
quickly to changing environments highlights its
robustness and efϐiciency.

By integrating Bayesian deep learning with meta‑
reinforcement learning, AHMA offers a scalable and
intelligent approach to congestion management in
next‑generation IP networks. Thiswork paves theway
formore adaptive and cause‑aware network protocols
that learn independently, especially in environments
where loss patterns are complex and unpredictable.

Futureworkwill focus on deploying AHMA in real‑
world testbeds, expanding its scope to multi‑ϐlow sce‑
narios, and exploring hardware acceleration for real‑
time inference. Additionally, integrating explainable
AI techniques into the AHMA pipeline can further
enhance transparency and trust in mission‑critical
applications.
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