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1. Introduction

Congestion control methods are critical for ensuring network stability, balanced resource
allocation, fast throughput, and minimal switch queuing delays. Numerous alternatives have
been offered; nonetheless, TCP remains the dominant Internet and LTE communications
protocol, with the majority of congestion control systems based on TCP [2]. Despite its
extensive use, research has revealed limits in dynamic contexts that differ from those for
which it was initially developed [3-7]. These issues are visible in cellular and wireless
networks, where TCP, particularly Cubic—the default on many devices—frequently
misinterprets stochastic packet losses as congestion, resulting in performance reduction [7].
To address this, researchers have investigated novel congestion management techniques
based on a domain-specific design philosophy, in which solutions are adapted to specific
network circumstances, utilizing their distinct properties to improve performance [6]-[9]. The
difficulty of properly updating the Cwna in resource-constrained networks, such as wireless
networks and 10T, is further complicated by intrinsic constraints in bandwidth, computing
power, and battery life, as well as their highly dynamic nature [10]-[12]. TCP's deterministic
nature contributes to Cwnd synchronization difficulties and increases congestion losses,
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especially in wireless multi-hop networks with node mobility that constantly changes
communication pathways [11], [13]. To solve these issues, numerous TCP versions have
been proposed, including PCC [14] and Copa [15]. However, these methods are based on
fixed-rule procedures, which frequently fail to adapt to quickly changing network conditions.
To address this shortcoming, machine learning learning-based transport protocol offered here
that dynamically optimizes congestion window updates.

Unlike previous machine learning-based transport protocols, this technique trains the model
while also using existing mechanisms to calculate the next Cwna Value. Several transport
protocols have been devised, both with and without machine learning, to construct network-
aware solutions [8], [18], [19]. However, contemporary systems have yet to properly leverage
network intelligence. Optimally updating Cwna improves throughput and fairness while
reducing packet loss and delay. The proposed transport protocol achieves these goals by
learning from various end-to-end and in-network indicators. The significant contributions are
as follows: Designed and implemented a novel congestion management protocol that uses
partial network knowledge to train a machine learning model, resulting in improved network
performance above previous techniques [20, 21]. The suggested model calculates the next
Cwnd value, which is a key and highly dynamic parameter in reliable telecommunications. To
determine its efficacy, an exhaustive study was performed, comparing the proposed model to
various transport protocol implementations. Some of them were created expressly for
wireless networks [6, 18], while others [22]-[25] are extensively used across a variety of
platforms. The performance study, which is based on emulations of real-world traces from
Verizon and T-Mobile, as well as deployment on the GENI testbed [26], shows that the
proposed model consistently increases bandwidth and decreases latency across numerous
scenarios. Furthermore, we investigate the parameters of machine learning models and assess
their fairness performance, demonstrating that it is less aggressive than other transport
protocols. Furthermore, we examine the effects of partial network visibility and show that our
model can function successfully with few or no in-network congestion signals. Furthermore,
it is demonstrated that the sender may learn effective congestion window adjustment tactics
across a variety of network settings and dynamically adapt to changing circumstances. The
remainder of the paper is organized as follows: Section Il examines related studies and
crucial processes for comparison. Section 11l explains our framework and its key features.
Section IV describes our issue formulation and procedure design, followed by a result
analysis in Section V. Finally, Section VI summarizes the article and offers future research
areas.

2. Related Work

Congestion control and avoidance have received a lot of attention in the literature because of
their importance in maintaining reliable data transfer. Recently, machine learning-based
techniques have demonstrated potential in addressing the difficulty of optimum congestion
window prediction. This section focuses on how these solutions differ from our suggested
protocol. Congestion control is a basic component of TCP, which has resulted in various
advancements. Some notable examples include TCP Vegas [24], Compound [27], Fast [28],
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ExLL [29], BBR [25], and Data Center TCP (DCTCP) [8]. Unlike previous systems, which
modify the Cwnd based on packet loss, BBR uses round-trip time (RTT) and delivery rate
metrics to govern data transmission speed. While this helps BBR alleviate the bufferbloat
issue, it frequently exceeds connection capacity, resulting in significant queuing delays [18].
Other protocols, such as Compound [27] and Fast [28], prioritize packet loss reduction but
rely on preset fixed rules to control network circumstances. As a result, struggle in networks
that need fast adaptation. In contrast, our system overcomes this constraint by using machine
learning to dynamically forecast the optimal Cwnd update at each transmission event.
Machine Learning (ML) has lately acquired popularity for tackling a variety of network
operational difficulties [30]. Many of these systems are intended for resource-constrained
networks, such as 10T [10] and WANETSs [11], [13], [31], whilst others cater to a larger
variety of architectures [5], [14], [32]. Recent end-to-end congestion control methods, like
Remy [5], PCC [14], and PCC-Vivace [33], specify objective functions to optimize decision-
making processes on a regular basis. Remy [5], for example, uses offline training under
various network situations to establish the best mapping for sender behavior. These mappings
are precomputed and stored in a lookup table, thus the system can only adjust to changing
network conditions by recalculating the table. In contrast, PCC [14], PCC-Proteus [34], and
PCC-Vivace [33] all execute real-time optimizations. PCC flexibly responds to changing
network circumstances by constantly looking for the most effective ways to change the
transmitting rate. However, these online optimization algorithms are frequently sophisticated,
resulting in large delays in precisely calculating network parameters. Copa [15] takes a
similar utility-based approach, using a delay-based congestion management algorithm to
change the Cwnd based on whether the current transmission rate is above or below a
predetermined target rate. This technique allows for quick convergence to fair transmission
rates, even in the presence of severe flow fluctuation. Similarly, our protocol implements a
utility-based structure while improving flexibility. This enables for specialized optimizations
while maintaining utility customization flexible and adaptable to particular requirements.
Several transport protocols rely on Explicit Congestion Notification (ECN) to give network-
level feedback. For example, DCTCP [8] adjusts ECN's Red Early Drop levels to provide
high throughput and burst tolerance while retaining low queue occupancy, hence reducing
latency. Other protocols, such RCP [36], XCP [37], and D3 [9], modify switch behavior to
offer feedback on transmission rates. More contemporary techniques, such as NATCP [38]
and HPCC [39], use switches (or a centralized organization in the case of NATCP) to
transmit bottleneck link circumstances. ABC [18] improves ECN by employing explicit
accelerate and brake signals, which enable for transmission rate modifications. Swift [40]
enhanced communication by introducing congestion control based on network latency.
Similar to ABC, the suggested approach makes use of network-level information. Rather than
changing packet headers, it gets data from a network controller, such as a measurement agent
or SDN controller, which collects device use information. This removes the deployment
issues associated with altering packet structures or network hardware. It uses solely client-
side updates and a network statistics collector. Unlike ECN-based techniques, which rely on
network information for operation, it can function well without network-level feedback.

https://internationalpubls.com 114



Advances in Nonlinear Variational Inequalities
ISSN: 1092-910X
Vol 28 No. 7s (2025)

Furthermore, when network feedback is provided, its insights extend beyond a single bit in
the TCP header, providing more detailed information for congestion control.

3. Methodology

The concept of virtual parallelism in TCP is follows the simulation of different parallel data
streams to tackle the problem of under-utilization of bandwidth. It performs modification of
the mechanism of the Additive Increase Multiplicative Decrease (AIMD) of TCP Reno.
When tested for 100 Mbps bottleneck link scenario at RTT of 80 ms, and a 0.02 percent rate
of packet loss, MulTCP utilizes the bandwidth effectively that would otherwise unused in
TCP Reno. However, when MulTCP operates with a large number of parallel streams (N), it
can negatively impact the throughput of TCP Reno flows, indicating poor synchronization
and reduced fairness to TCP Reno. The TCP-FIT [24] scheme addresses this problem with
dynamic adjustment of the value of N. However, the adjustment is not always timely or
accurate, which motivates the development of a new approach—this research proposes a
decision tree-based TCP algorithm. In TCP Inigo [25], the RTT of each ACK is used for
estimating the level of congestion of network. For every ACK received, the decision scheme
follows a specific rule to guide congestion control.

RTTobserved = RT Tobserved + 1 (l)
and if : RTT > RT Tobserved *+ Gihresn (2)
then: RTTs jae= RTTs jae + 1 3)

RTTmin is lowest limit of RTT. It is approximate propagation delay of network. RTTobserved IS
observed RTT. RTTiae is observed RTT times that is exceeding the RTT threshold. dtnresh is
the delay threshold of queue. If K is the middle buffer size threshold, and the C representing
the middle link bandwidth:
Dthresh = K/C (4)

BFFS: Buffer Free Space Size, CL: Congestion level
Partial Network Availability (PNA): It informs about the available (bandwidth) resources in
the network. It indicates the spare capacity of the network, in a similar way to [37]. For any
link j, given C its capacity and cr the current traffic rate, we define the spare capacity on such
a link, scj, as (C-cr )/C . Then, given w links on the path between a source and a destination,
we define P NA as follows:

PNA = min(scy, sc2, ..., SCw)
PNA is easy to compute and accessible by a vast number of protocols and network
measurement applications.

In the proposed work presented in this article a smart decision mechanism approach based on
machine learning is used to decide the level of congestion CL as the output variable using the
value of RTT, BFSS and PNA as shown in table 1. It follows the rules that decides the CL as
high if RTT is high (Max) ‘AND’ BFSS is low (‘Min’) ‘AND’ PNA is low (‘Min’). It means
if large delay (RTT) is observed or free space in buffer is low then it may be assumed that
congestion level is high (‘Max’). Under the case of high CL as per the equation (1), (2) and
(3) additional wait time (delay) is inserted prior to send next packet. The inserted delay is
incremented until the CL do not reaches medium (‘Mid’) level. Using the rule based shown in
table 1 the machine learning tool under MATLAB software is used to develop three models
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known as Decision tree (DT), K-nearest neighbor (KNN), Naive Bayes (NB) and Fuzzy
Logic (FL) structure.

TABLE1l. RULES FOR PROPOSED MACHINE LEARNING DECISION MODEL BASED CL
ESTIMATION UNDER TCP

RTT | BFSS PNA CL RTT | BFSS PNA CL RTT BESS PNA CL
Min Min Min Max Mid Min Min Max Max Min Min Max
Min Min Mid Mid Mid Min Mid Mid Max Min Mid Max
Min Min Max Min Mid Min Max Mid Max Min Max Mid
Min Mid Min Mid Mid Mid Min Mid Max Mid Min Mid
Min Mid Mid Mid Mid Mid Mid Mid Max Mid Mid Mid
Min Mid Max Mid Mid Mid Max Mid Max Mid Max Mid
Min Max Min Min Mid Max Min Mid Max Max Min Mid
Min Max Mid Mid Mid Max Mid Max Max Max Mid Max
Min Max Max Min Mid Max Max Min Max Max Max Max

3.1 Decision Tree (DT)

DT is a non-parametric supervised learning system with a hierarchical tree structure made up
of a root node, branches, internal (decision) nodes, leaf internal (decision) nodes. It begins at
the root node, with branches leading to internal nodes that evaluate features and generate
subsets. The leaf nodes, known as terminal nodes, reflect the dataset's results. A decision
tree's flowchart structure improves decision-making while also offering a clear depiction of
decisions. It employs a divide-and-conquer technique combined with a greedy search to
locate optimal split sites, splitting data iteratively from top to bottom until the majority of
records are classified. Smaller trees typically reach pure leaf nodes (single-class data points),
whereas larger trees frequently have data fragmentation, raising the danger of overfitting. To
avoid this, pruning eliminates branches of minor feature importance, lowering complexity.
Cross-validation is used to assess performance, and the CART algorithm selects the optimal
split using Gini impurity. Gini impurity assesses the chance of misclassifying a randomly
selected data point, with a lower value being preferable. A pure set belonging to a single class
has a Gini impurity of 0.

Gini Impurity = 1 — Y;(p;)?
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Figure 1: Decision tree structure for
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The decision tree developed by using rule base of table 1 is shown in figure 1. Here { X1, X2,
x3} are input variable {RTT , BFSS, PNA} and the output is CL having three possible class
label value as 1,2 or 3 i.e. LOW, MED or HIGH. This decision tree model is developed in
MATLAB using Statistics and Machine Learning Toolbox.

3.2 K-Nearest Neighbor (KNN)

K-NN algorithm is a straightforward, supervised technique under machine learning for
categorizing new data query on the basis of its resemblance to existing data. It saves the
dataset and classifies additional points at runtime without making any assumptions about the
underlying data, hence it is non-parametric. In this article, K-NN is used to classify data. CL
is divided into three categories: low, medium, and high. Given a new data point with x1
(RTT), x2 (BFSS) and x3 (PNA), K-NN determines which category it belongs to on its
resemblance to previous data. Following steps are followed to develop KNN decision model:
1. Selection of number of neighbors (K).

2. Calculate distance between K neighbors.

3. Choose the K nearest neighbors.

4. Determine the number of data points in each CL category among the K neighbors.

5. Put new data into category with the most neighbors.

3.3 Kernel Based Naive Bayes Classifier

A Naive Bayes classifier is a simple probabilistic type classifier that uses Bayes'. It calculates
the probability of a class using independent features, even if they are connected. For example,
if RTT is "High" and BFSS is "Low," the classifier may predict the class as "High." Despite
assuming independence, Naive Bayes works well with little training data. In this article, we
employ a Kernel-based Naive Bayes classifier. Kernels are weighting functions used in
nonparametric estimation to estimate the density functions of random variables. Non-
parametric estimators make estimates based on all data points, as opposed to parametric
estimators, which have a fixed framework. Here X is the input feature set of RTT and BFSS
as (xi= X1, X2...,xn) and C is the set of CL level (class label) such that c;e{Low, Med, High}.

c= r;rllgg P(cjl X1, Xz...Xp) (6.1)
P(x1, %Xz ... %p | ¢) = [IiP(xi | ¢5) (6.2)
P(xi | ) = == 01 K(xp, Xit) (6.3)
K(a, b) = kernel function = \/%_ne% (6.4)

P(xilcj) is the probability of the CL equal to level x; given that the input RTT and BFSS
belongs to class label c;j estimated using training data (X,C). Here Kernel is a Gaussian
function kernel with mean zero and variance 1, N : number of the input ata X belonging to
class j which is equal ¢j, xiii is the feature value of the CL in the i position of the iii" input X
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= (X1, X2i ... xni) In class j , and h is a bandwidth used as smoothing parameter. To optimally
estimate the conditional probabilities, h is optimized on the basis of training dataset.

3.4 Fuzzy Logic
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Figure 3b: Membership Function Figure 3c: Rule base fuzzy logic evaluation
mechanism.

Fuzzy logic is the simple and straightforward machine learning model based on rule base
made by human experience. In this article the fuzzy logic system is developed to decide the
congestion level using fuzzy algebra with respect to input value of three inputs as X={RTT,
BFSS,PNA}={x1, X2, x3} as shown in figure 3a. The input and output variables are
partitioned Gaussian into membership function as shown in figure 3b. In fuzzy logic all the
input value is distributed among all membership function (Min, Mid, Max) at specific
probability and final output is evaluated as weithed sum of all the fuzzy rules to find most
compromising solution as shown in the figure 3c.

4. Results

The implementation is performed on MATLAB software using Instrument Control toolbox
and Machine learning toolbox. The TCP protocol functions are used to implement different
codes for server port and client for. Two different instances of MATLAB run separately on
same computer in parallel mode to create server and client side environment. A standard
topology single dumbbell link (figure 4a) is implemented; n represents number of clients

https://internationalpubls.com 118




Advances in Nonlinear Variational Inequalities

ISSN: 1092-910X
Vol 28 No. 7s (2025)

]

s

C 3

c 2

- C E ..
o g
TR
P L B
cCe - . -
§ _ server write to client 3
' L]
S I:: 5I.

e

Figure 4a: Data flow instant during
writing data from server to client3.

LTJ'QH

o
o,
0,

Y senver read from client 3

ay

Figure 4b: Data flow instant during
reading data from client 5 to server.

Table 2: Results summary for applying different machine learning models

k-fold | Accuracy misclassification obs/sec train
cost time
Decision Tree | cross validation 2 33% 18 6200 0.839
3 40.70% 16 4000 0.842
4 33% 18 3400 0.857
5 44% 15 2600 0.901
hold out validation 25% 50% 3 3300 0.93
35% 55.60% 4 3000 1.48
45% 50% 6 3900 0.95
50% 46% 7 2600 1.187
Kernel Naive | cross validation 2 44.40% 15 2300 0.966
Bayes 3 59% 11 1500 1.136
4 59.30% 11 1400 1.141
5 59% 11 890 1.157
hold out validation 25% 66.6% 2 680 1.176
35% 66.70% 3 2200 1.218
45% 58% 5 1400 1.274
50% 54% 6 3500 1.202
KNN cross validation 2 63% 10 2100 2.256
3 51.9% 16 1500 2.341
4 59.3% 11 1500 1.378
5 55.6% 12 1400 1.329
hold out validation 25% 66.7% 2 2500 1.476
35% 66.5% 3 2800 1.432
45% 58.3% 5 4200 1.422
50% 61.50%% |5 5100 1.4112
Fuzzy Logic cross validation 2 53% 10 1100 2.526
3 61.9% 9 2500 1.491
4 68.3% 2 5200 1.013
5 51.6% 7 4400 1.025
hold out validation 25% 56.7% 4 1500 1.261
35% 46% 7 3800 1.132
45% 69.3% 2 5100 1.312
50% 51.50% 6 3200 1.041
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(Clientl to Client4) at one end (left side) and (Client5 to Clien4) at another end (right side)
which send or receive data through the server using sharing of common bottleneck single link
of buffer size one BDP. Figure 4a and 4b showing two different events during write operation
(packet transmission from server to client 3) and read operation (packet transmission from
client 5 to server) through the router R1 and R2. All the machine learning models are
developed using machine learning toolbox and integrated with TCP/IP interface under
instrumentation toolbox under MATLAB software. The weather data of pressure value
imported through csv file is randomly transmitted and received through the dumb bell shape
link. Total 40 packets are transmitted over the interface and the accuracy of various ML
models under different settings are evaluated and summarized in table 2. The parameter that
are set during learning of ML models are number of k-fold validation as {2,3,4 and 5} folds,
percent hold out validation (25%, 35%, 45% and 50% ) and performance is measured in
terms of Accuracy, misclassification cost, observations per seconds (obs/sec) and training
time.
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Figure 5: Plots showing performance as Figure 6: Average read /write time (top)
(a) Delay (b) Read time (d) delay server transmission time (bottom)
to client (e) read time client (f) write
time client.
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Highest accuracy obtained for holdout validation cases compared to k-fold validation cases.
Fuzzy logic gives highest accuracy value of 69.3% at 45% training data kept at hold out for
validation. It shows that the performance of ML models is not simple by default parameters.
All ML methods have different domain of parameter set at which it gives best performance.
Lowest misclassification cost is also exhibited by fuzzy logic at same hold out value.
Decision tree takes low training time but possess very low accuracy hence not suitable for
this process. The fuzzy logic at highest accuracy also shows second highest value of
observation per second. Performance over the phae of transmission of data is shown in figure
5 as the plots demonstrating performance as (a) Delay (b) Read time (d) delay server to client
(e) read time client (f) write time client. The summarized value shown in the figure 6 as the
average read /write time (top) transmission time (bottom) during the transmission of data
packets between different clients through the common server.

5. Conclusions

In this research, we present a machine learning-based TCP protocol that learns from both
end-to-end and intra-network data. Our evaluation, which uses different ML implementation
and real-world traces, shows that the proposed scheme performs well across a wide range of
network conditions, achieving faster transmissions, lower delays, and packet loss rates than
most existing protocols in the majority of tested scenarios. We also examined stability and
fairness, demonstrating that it is less aggressive than other protocols when competing with
various transport methods and instances of itself from many sources. Furthermore, our
findings show that integrating network-layer information considerably improves the
performance of the network congestion condition that is accessible at the source. For
example, the learning policy's trade-off between exploration and exploitation has an impact
on performance. Furthermore, in network conditions that differ greatly from those examined
in our evaluation—such as satellite or data center networks—its performance may vary.
Despite the positive results, one critical unanswered issue remains: can the machine learning
model utilized be effectively ported to different network scenarios? Al and machine learning
researchers are actively working on knowledge transfer and machine learning's wider
generalizability. Investigating their relevance to congestion control might yield significant
insights for adjusting to a broader range of network situations.
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