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Abstract— Packet loss is a critical factor affecting the performance, reliability, and Quality of Service (QoS) of
modern communication networks. Accurate packet loss prediction enables proactive congestion management, efficient
resource allocation, and improved network reliability. With the rapid growth of 5G/6G networks, Internet of Things
(IoT), cloud computing, and Software-Defined Networking (SDN), traditional statistical and machine learning
techniques have become insufficient for modelling the complex temporal characteristics of network traffic. Long
Short-Term Memory (LSTM), a deep learning architecture designed for sequential data, has emerged as an effective
solution due to its ability to capture long-term dependencies and nonlinear traffic patterns. This review presents a
comprehensive analysis of LSTM-based packet loss prediction techniques by examining conventional prediction
methods, recent deep learning models, comparative performance, application domains, research challenges, and future
research directions. The review highlights the effectiveness of LSTM while identifying current limitations and
emerging opportunities for developing intelligent, adaptive, and efficient packet loss prediction frameworks for next-
generation communication networks.
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1. Introduction

The rapid growth of modern communication networks, including the Internet of Things (IoT), cloud computing,
Software-Defined Networking (SDN), and fifth- and sixth-generation (5G/6G) wireless networks, has significantly
increased the demand for reliable and efficient data transmission [19]. As network traffic continues to grow in
complexity and volume, maintaining consistent Quality of Service (QoS) and Quality of Experience (QoE) has
become a major challenge [1], [7]. Among the various network performance issues, packet loss remains one of the
most critical factors affecting communication reliability [57]. Packet loss occurs when one or more data packets fail to
reach their intended destination during transmission, resulting in degraded network performance, increased latency,
reduced throughput, and poor user experience. [22]. Applications such as video streaming, online gaming, Voice over
Internet Protocol (VoIP), telemedicine, and autonomous systems are particularly sensitive to packet loss, making its
prediction and mitigation essential [18], [61].

Accurate packet loss prediction enables network administrators to anticipate congestion and implement proactive
traffic management strategies before network degradation occurs [57]. Traditional approaches generally detect packet
loss after it has already happened, limiting their effectiveness in preventing performance deterioration [22]. Predictive
models, on the other hand, estimate future packet loss based on historical network behaviour, allowing intelligent
routing, congestion avoidance, dynamic resource allocation, and adaptive transmission control[19]. As modern
networks generate continuous streams of temporal data, predicting packet loss has become a time-series forecasting
problem that requires advanced analytical techniques capable of modelling complex sequential dependencies[2], [5].

In recent years, deep learning has emerged as a powerful solution for network traffic analysis due to its ability to
automatically learn complex patterns from large-scale data without extensive manual feature engineering[3], [10].
Unlike conventional machine learning algorithms, deep learning models can effectively capture nonlinear relationships
and temporal dependencies present in network traffic [19]. Among various deep learning architectures, Long Short-
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Term Memory (LSTM) networks have gained considerable attention because of their ability to retain long-term
information and overcome the vanishing gradient problem commonly encountered in traditional Recurrent Neural
Networks (RNNs)[63]. These characteristics make LSTM particularly suitable for packet loss prediction, where
historical traffic conditions significantly influence future network behaviour [22].

The primary objective of this review is to provide a comprehensive analysis of LSTM-based packet loss prediction
techniques reported in the recent literature [57]. This paper reviews conventional statistical and machine learning
approaches before examining the evolution of deep learning methods, particularly LSTM architectures [22].
Furthermore, it compares existing methodologies, datasets, evaluation metrics, and application domains while
identifying current research challenges, limitations, and future research directions [36]. By presenting a structured
overview of the existing body of knowledge, this review aims to serve as a valuable reference for researchers and
practitioners working in intelligent network traffic prediction.

The remainder of this paper is organised as follows. Section 2 presents the fundamental concepts of packet loss,
including its causes, performance impact, Packet Loss Rate (PLR), and its relationship with QoS and QoE[1], [7],
[18]. Section 3 reviews conventional packet loss prediction techniques based on statistical and machine learning
methods [22], [57]. Section 4 discusses the fundamentals of Long Short-Term Memory networks and their application
to packet loss prediction [63]. The subsequent sections analyse recent literature, compare existing approaches, identify
research gaps, discuss future research opportunities, and conclude the review.

2. Fundamentals of Packet Loss

Packet loss refers to the failure of one or more data packets to successfully travel from the source to the destination
during network communication [19]. In packet-switched networks, data are divided into smaller packets that traverse
different paths before being reassembled at the receiving end [22]. When packets are dropped due to transmission
errors or network limitations, the receiving device either requests retransmission or experiences missing information,
depending on the communication protocol [57]. Excessive packet loss reduces communication efficiency and
negatively affects both network performance and user satisfaction [1], [7].

Several factors contribute to packet loss in modern communication networks. Network congestion remains the most
common cause, occurring when routers and switches receive more packets than they can process, resulting in buffer
overflow and packet dropping [18], [61]. Hardware failures, faulty cables, damaged network interfaces, and
malfunctioning routing devices may also lead to packet loss [19]. Wireless communication introduces additional
challenges such as signal interference, fading, weak signal strength, and environmental obstacles that increase
transmission errors [47]. Furthermore, software configuration errors, routing protocol failures, overloaded servers,
cyberattacks such as Distributed Denial-of-Service (DDoS), and insufficient bandwidth can significantly increase
packet loss in large-scale networks [57].

The impact of packet loss extends beyond simple data retransmission. High packet loss increases communication
delay, decreases throughput, wastes bandwidth, and introduces jitter that affects real-time applications [18]. Interactive
services such as video conferencing, online gaming, and Voice over Internet Protocol (VolP) are particularly
vulnerable, as packet loss can produce audio distortion, video freezing, interrupted communication, and degraded user
experience [1], [7]. In industrial automation, healthcare systems, and autonomous transportation, excessive packet loss
may compromise operational reliability and system safety [61].

Packet Loss Rate (PLR) is a widely used metric for evaluating network reliability [57]. It represents the proportion of
lost packets relative to the total number of transmitted packets over a specified period [22]. PLR is mathematically
expressed as the ratio of lost packets to transmitted packets, usually presented as a percentage [57]. A lower PLR
indicates a more reliable communication channel, whereas higher values suggest network congestion, instability, or
communication failures [19]. PLR is commonly employed as both a performance indicator and a prediction target in
intelligent network management systems [57].

Packet loss directly influences both Quality of Service (QoS) and Quality of Experience (QoE) [1], [7]. QoS focuses
on objective network performance parameters such as throughput, delay, jitter, bandwidth utilisation, and packet
delivery reliability [18]. In contrast, QoE represents the subjective perception of end users regarding service quality
and application performance [1]. Maintaining low packet loss is therefore essential for ensuring high QoS while
simultaneously improving users' overall experience across multimedia streaming, cloud services, IoT applications, and
next-generation communication networks [7], [61].

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM66379 | Page 2



https://ijsrem.com/

e
‘jIJSREl:{‘
5-en 87 International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 07 | Jul - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

3. Conventional Packet Loss Prediction Techniques

Before the emergence of deep learning, packet loss prediction primarily relied on statistical modelling and
conventional machine learning techniques [57]. These approaches aimed to estimate future network conditions based
on historical observations and predefined mathematical relationships [22]. Although these methods achieved
satisfactory performance in relatively stable network environments, their ability to model highly dynamic and
nonlinear traffic patterns remained limited [19].

Among statistical approaches, the Autoregressive Integrated Moving Average (ARIMA) model has been widely used
for forecasting network traffic and packet loss [57]. ARIMA analyses historical time-series data to identify temporal
trends and predict future values using autoregressive and moving-average components [22]. While ARIMA performs
well for linear and stationary datasets, its prediction accuracy decreases significantly when network traffic exhibits
sudden fluctuations or nonlinear behaviour [19].

Markov Models have also been extensively applied to packet loss prediction by representing network conditions as a
sequence of probabilistic state transitions [57]. These models estimate future packet loss based on the current network
state and predefined transition probabilities [22]. Although Markov-based methods are computationally efficient and
mathematically interpretable, they often assume memoryless transitions, limiting their ability to capture long-term
dependencies present in modern network traffic [19].

Hidden Markov Models (HMMs) extend traditional Markov Models by introducing hidden states that cannot be
directly observed but are inferred from observable network measurements [57]. HMMs have demonstrated improved
capability in modelling uncertain and stochastic network behaviour [22]. However, their performance depends heavily
on accurate parameter estimation and predefined probability distributions, making them less suitable for highly
dynamic communication environments [19].

With the advancement of artificial intelligence, machine learning techniques became increasingly popular for packet
loss prediction [57]. Decision Tree algorithms classify network conditions by constructing hierarchical decision rules
based on traffic features [22]. They provide fast prediction and high interpretability but are prone to overfitting when
dealing with complex datasets [19]. Support Vector Machines (SVMs) identify optimal decision boundaries for packet
loss classification and regression problems and often perform well with limited datasets [57]. However, SVM
performance depends on kernel selection and parameter tuning, making large-scale implementation computationally
expensive [22].

Ensemble learning algorithms such as Random Forest improve prediction accuracy by combining multiple decision
trees, thereby reducing variance and improving generalisation [57]. Random Forest demonstrates strong robustness
against noisy network data but requires increased computational resources as the number of trees grows [22]. More
recently, Extreme Gradient Boosting (XGBoost) has gained attention for its ability to achieve high predictive accuracy
through gradient boosting optimisation [57]. XGBoost effectively captures nonlinear relationships and handles missing
data efficiently, however, extensive hyperparameter tuning and increased model complexity remain practical
challenges [19].

Despite their contributions, conventional statistical and machine learning methods exhibit several limitations [57].
Most algorithms require manual feature engineering, struggle to capture long-term temporal dependencies, and
experience reduced performance when network traffic becomes highly dynamic and nonlinear [22]. These limitations
have encouraged researchers to explore deep learning techniques capable of automatically learning hierarchical
representations from sequential network traffic data [19].

4. LSTM for Packet Loss Prediction

Recurrent Neural Networks (RNNs) were developed to process sequential data by maintaining information from
previous time steps through recurrent connections [19]. Unlike traditional feed forward neural networks, RNNs utilise
internal memory to model temporal relationships within time-series data, making them suitable for applications such
as speech recognition, natural language processing, financial forecasting, and network traffic prediction [22].
However, conventional RNNs suffer from the vanishing and exploding gradient problems during training, preventing
them from effectively learning long-term dependencies in lengthy sequences [63].

Long Short-Term Memory (LSTM) networks were introduced to overcome these limitations by incorporating
specialised memory cells and gating mechanisms that regulate information flow [63]. An LSTM cell consists of three
primary gates: the forget gate, input gate, and output gate [57]. The forget gate determines which historical
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information should be discarded, the input gate controls the storage of new information, and the output gate decides
which information is propagated to the next hidden state [22]. This architecture enables LSTM networks to preserve
important information over long sequences while selectively forgetting irrelevant data, thereby significantly improving
prediction performance [63].

The working principle of LSTM involves sequentially processing network traffic observations while continuously
updating the internal memory state [57]. At each time step, the model receives current network features, combines
them with historical information stored in the memory cell, and generates predictions for future packet loss [22].
Through iterative training using backpropagation through time (BPTT), LSTM learns complex temporal relationships
that conventional statistical and machine learning models often fail to capture [63]. Consequently, LSTM effectively
models dynamic network behaviour characterised by nonlinear traffic fluctuations, congestion events, and varying
communication conditions [57].

LSTM has become particularly suitable for packet loss prediction because network traffic inherently exhibits temporal
dependencies, where previous network conditions strongly influence future performance [19]. Parameters such as
packet arrival rate, queue occupancy, bandwidth utilisation, transmission delay, jitter, and congestion levels evolve
continuously over time rather than independently [22]. LSTM's ability to retain long-term contextual information
enables accurate modelling of these evolving patterns, resulting in improved packet loss prediction under diverse
networking scenarios, including IoT systems, cloud computing, SDN, wireless communication, and emerging 5G and
6G networks [57].

Compared with conventional statistical models and traditional machine learning algorithms, LSTM offers several
significant advantages [63]. It automatically learns complex feature representations directly from raw sequential data,
reducing the need for manual feature engineering [57]. Its capability to capture nonlinear relationships and long-term
dependencies improves prediction accuracy under highly dynamic network conditions [19]. Furthermore, LSTM
demonstrates strong adaptability across diverse communication environments and large-scale datasets [22]. These
advantages have established LSTM as one of the most widely adopted deep learning architectures for intelligent
packet loss prediction and proactive network traffic management [63].

5. Literature Review

[1] Yao et al. developed a data-driven framework for TCP that achieved flexible quality of service (QoS) control in
mobile data networks. Their framework established foundational principles for adaptive network management in
heterogeneous mobile environments. The authors demonstrated through extensive experimentation that their approach
effectively balanced multiple QoS objectives while maintaining TCP compatibility.

[2] Das et al. introduced a decoder-only foundation model for time-series forecasting. Their model demonstrated the
potential of transformer architectures in capturing temporal dependencies across network traffic patterns. The authors
showed that their foundation model achieved superior performance compared to traditional forecasting approaches
through extensive empirical validation.

[3] Zhou et al. proposed a machine learning-based framework for dynamic selection of congestion control algorithms.
Their framework significantly advanced the field by enabling context-aware algorithm switching based on real-time
network conditions. The authors validated their approach through comprehensive experiments showing improved
network performance across diverse scenarios.

[4] Xia et al. presented a multi-objective reinforcement learning perspective on internet congestion control. Their work
addressed the complex trade-offs inherent in network optimization by considering multiple performance objectives
simultaneously. The authors demonstrated that their reinforcement learning approach effectively balanced competing
objectives in dynamic network environments.

[5] Nie et al. contributed to the forecasting domain by demonstrating that time series data could be effectively
represented using limited vocabulary sizes in transformer models. Their work achieved long-term prediction
capabilities with remarkable efficiency. The authors showed that their approach maintained high accuracy while
significantly reducing computational requirements.
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[6] Du et al. introduced a unified congestion control framework that accommodated diverse application preferences
and network conditions. Their framework provided a comprehensive solution for varying quality-of-service
requirements across different applications. The authors validated their framework through extensive experiments
showing adaptability to diverse network scenarios.

[7] Yao et al. extended their previous work by incorporating deep reinforcement learning (DRL) to optimize QoS over
mobile networks. Their unified framework demonstrated significant improvements in network performance through
adaptive learning mechanisms. The authors showed that their DRL-based approach achieved superior performance
compared to traditional methods in mobile environments.

[8] Tian et al. addressed the critical challenge of fairness generalizability in learning-based congestion control through
their Jury framework. Their work ensured equitable resource allocation across heterogeneous network environments.
The authors demonstrated through rigorous experimentation that their framework achieved fair resource distribution
without compromising overall efficiency.

[9] Hong et al. advanced long-term multi-energy load forecasting by developing Patchformer, a patch and transformer-
based approach that captured both local and global patterns effectively. Their model achieved state-of-the-art
performance in energy load prediction tasks. The authors showed that their patch-based approach effectively captured
multi-scale temporal patterns in energy data.

[10] Rahmatinia and Hosseini-Seno implemented an attention-based deep learning model for multi-horizon prediction
of load, price, and wind power generation. Their model demonstrated the versatility of transformer architectures across
diverse forecasting applications. The authors validated their approach through comprehensive experiments showing
accurate predictions across multiple prediction horizons.

[11] Han et al. introduced Anole, which pragmatically blended classic and learning-based algorithms in congestion
control. Their hybrid approach achieved superior performance through complementary strengths of traditional and
modern techniques. The authors demonstrated that their blended approach effectively leveraged the advantages of both
algorithmic paradigms.

[12] Zhou et al. developed Antelope, a framework for dynamic selection of congestion control algorithms that
operated at the network protocol level. Their framework enabled real-time adaptation to changing network conditions.
The authors showed through extensive experimentation that their framework achieved significant performance
improvements across diverse network conditions.

[13] Lu et al. refined multivariate forecasting with adaptive temporal-contextual learning through their ARM
framework. Their framework effectively captured both temporal and contextual dependencies in multivariate time
series data. The authors demonstrated that their adaptive approach achieved superior performance compared to static
forecasting methods.

[14] Liao et al. presented Astraea, which focused on achieving fairness and efficiency in learning-based congestion
control through innovative architectural designs. Their framework addressed the persistent challenge of maintaining
fairness while optimizing for efficiency. The authors validated their approach through comprehensive experiments
showing balanced performance across fairness and efficiency metrics.

[15] Niu et al. explored attention mechanisms as robust representations for time series forecasting. Their work
established attention-based representations as effective features for forecasting tasks. The authors demonstrated that
attention mechanisms provided robust and interpretable representations for time series data.

[16] Wu et al. developed Autoformer, which leveraged decomposition transformers with auto-correlation for long-
term series forecasting. Their approach achieved state-of-the-art performance through innovative architectural design.
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The authors showed that their decomposition-based approach effectively captured both trend and seasonal components
in time series data.

[17] Wu et al. introduced AutoPlex for inter-session multiplexing congestion control in large-scale live video services.
Their work addressed the unique challenges of real-time multimedia delivery across multiple sessions. The authors
demonstrated that their multiplexing approach effectively managed multiple concurrent video streams.

[18] Xu et al. proposed congestion control as a service framework for low-latency mobile uploading. Their approach
provided on-demand congestion control capabilities for latency-sensitive applications. The authors validated their
framework through experiments showing significant latency reductions in mobile upload scenarios.

[19] Wei et al. provided a comprehensive survey on the renaissance of congestion control with machine learning.
Their review documented the evolution from classical to learning-based approaches in congestion control. The authors
synthesized the state-of-the-art and identified key research directions for future investigation.

[20] Jiang et al. performed analysis and improvement of the delay-based Copa congestion control algorithm. Their
work contributed significantly to the theoretical understanding of delay-sensitive protocols. The authors proposed
enhancements that improved Copa's performance in diverse network conditions.

[21] Zhang and Yan developed Crossformer, which utilized cross-dimension dependency for multivariate time series
forecasting. Their model effectively captured dependencies across different dimensions of multivariate data. The
authors demonstrated through extensive experiments that their cross-dimensional approach achieved superior
prediction accuracy.

[22] Mishra et al. proposed a delay-driven machine learning scheme for TCP data flow performance enhancement.
Their scheme demonstrated significant improvements in data flow efficiency through delay-aware optimization. The
authors validated their approach through experiments showing enhanced TCP performance in variable network
conditions.

[23] Emara et al. introduced Eagle, which refined congestion control by learning from expert algorithms. Their
approach demonstrated how learning from established algorithms could improve congestion control performance. The
authors showed that their expert-guided learning approach achieved superior performance compared to purely
learning-based methods.

[24] Fan et al. presented EchoCC, which refined learning-based congestion control with a WordBook mechanism.
Their innovative approach enhanced the adaptability of learning-based congestion control systems. The authors
demonstrated through experiments that their WordBook mechanism effectively captured and utilized historical
network patterns.

[25] Tian et al. developed Spine, an efficient DRL-based congestion control system with ultra-low overhead. Their
system addressed the computational constraints of real-time network operations while maintaining high performance.
The authors validated their approach through extensive experiments showing minimal overhead with superior
performance.

[26] Xing et al. applied patch channel-mixing transformer models to electricity load forecasting. Their approach
effectively captured both temporal and channel-wise dependencies in electricity data. The authors demonstrated that
their patch-based approach achieved accurate load predictions across multiple time horizons.

[27] Rahmatinia and Seno enhanced NTMA with simultaneous multi-QoS parameter prediction using transformer-
based deep learning. Their approach enabled comprehensive QoS prediction across multiple parameters
simultaneously. The authors showed that their multi-task learning approach effectively predicted various QoS metrics
with high accuracy.
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[28] Zhou et al. developed FEDformer, which incorporated frequency-enhanced decomposed transformers for long-
term series forecasting. Their model achieved superior performance through frequency domain analysis. The authors
demonstrated that their frequency-enhanced approach effectively captured periodic patterns in time series data.

[29] Li et al. proposed FPN-fusion, an enhanced linear complexity time series forecasting model. Their model
achieved competitive performance with reduced computational complexity. The authors showed that their approach
maintained high accuracy while significantly reducing training and inference times.

[30] Lan and Oermann introduced Gateformer, advancing multivariate time series forecasting through temporal and
variate-wise attention with gated representations. Their model effectively balanced attention across temporal and
variate dimensions. The authors demonstrated through experiments that their gated attention mechanism achieved
superior performance across multiple forecasting benchmarks.

Table 5.1 Tabular form Literature Review

Sr.No | Author Name | Year Jounral/Conference Key Findings

Proposed Gemini, a divide-
and-conquer learning-based
internet congestion control
framework that decomposes

31 Yang et al. 2023 IEEE INFOCOM 2023 congestion  control into
smaller sub-problems,
achieving practical

deployment and improved
network performance.

Developed GLoSyformer,
a global-local synergistic
. . transformer that enhances
International Joint Conference

32 Zhao et al. 2025 on Neural Networks (IICNN) multivar‘iate time—ser'ies
forecasting by capturing

both global and local

dependencies.
Proposed Hadaformer,
International Seminar  on | which employs Hadamard
1 Li et al. 2005 Comput?r Technolq gy, | attention ‘ to redu‘ce
Mechanical and  Electrical | computational complexity
Engineering (ISCME) while maintaining  high
forecasting accuracy.
Introduced InfoST, an
IEEE International Conference ;nfomat1c;(n—t?eoretlcl .
34 Khanal et al. 2025 on Data Mining Workshops ramework _for - evajuating

(ICDMW) spatio—tempor.al pre'diction
models  with  rigorous

performance metrics.

Developed InParformer,

an evolutionary

... . , | decomposition transformer

AAAI Conference on Artificial . p- .

35 Cao et al. 2023 . with interactive parallel
Intelligence . .

attention  that improves

long-term time-series

forecasting performance.
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36

Abbasloo

2023

arXiv

Presented a comprehensive
benchmark  of  Internet
congestion control
algorithms,

standardized

providing
evaluation
for

methodologies future

research.

37

Liu et al.

2023

arXiv

Proposed iTransformer, an
inverted
architecture that achieves
competitive
forecasting
with lower computational
complexity.

transformer

time-series
performance

38

Xu et al.

2024

IEEE International Conference
on Communications (ICC)

Developed
kernel-level

KerDgn, a
deep
reinforcement
congestion
algorithm

learning
control
reduces
improves

that
latency  and

network efficiency.

39

Du et al.

2025

IEEE/ACM Transactions
Networking

on

Proposed Libra, an
adaptive congestion control
framework  capable  of
handling diverse application
requirements and varying

network conditions.

40

Huang et al.

2025

Conference
Learning

International
Machine
Computing
(ICMLCA)

on
and
Applications

Introduced LWaveNet,
learnable

transforms

combining
and
attention  to

wavelet

differential
improve multi-scale time-
series forecasting accuracy.

41

Dong et al.

2024

IEEE Smart World Congress
(SWO)

Developed MAI-Unet, a
multi-scale attention
that

long-term

interactive  network
enhances
multivariate time-series

forecasting performance.

42

Jia et al.

2024

ACM Web Conference

Proposed a hybrid
control
algorithm that effectively

mitigates RTT jitter and

congestion

improves network stability
under dynamic conditions.

43

Bai et al.

2025

IEEE International Conference
on Acoustics, Speech and Signal
Processing (ICASSP)

Introduced MetaCon, a
meta-reinforcement

learning-based  congestion
control framework capable
of rapidly
changing

adapting to
network
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environments.

Investigated mixer networks
for irregular multivariate
Klotergens et . . time-series forecasting,

g 2025 Semantic Scholar (Preprint) . .\ £
al. demonstrating competitive

prediction performance on

44

irregular datasets.

Proposed ModernTCN, a
pure convolution-based
architecture that achieves
45 Luo and Wang | 2024 Semantic Scholar (Preprint) forecasting performance
comparable to transformer
models with lower

complexity.

Developed a constrained

reinforcement learning

. approach for multi-objective

46 Liu et al. 2021 IEEE Global Communications network congestion control

Conference (GLOBECOM) . .

effectively balancing

multiple performance
objectives.

Proposed Muses, a

lightweight learning-based
congestion control
47 Zhong et al. 2022 IEEE INFOCOM framework designed for
resource-constrained mobile
devices with  improved
efficiency.

Introduced Non-stationary
Transformers, addressing

. Advances in Neural Information | non-stationary  time-series
48 Liu et al. 2022 . .
Processing Systems (NeurIPS) forecasting through
specialized transformer

architectures.

Proposed  OLinear, a
lightweight linear
forecasting model based on
49 Yue et al. 2025 arXiv orthogonal transformations,
achieving competitive
accuracy with low
computational cost.

Introduced One Fits All,
demonstrating that

. , pretrained language models
Ad N 1 Infq t
50 Zhou et al. 2023 vaniees i eural fniormation can achieve state-of-the-art

P ing Syst NeurIPS .
rocessing Systems (NeurIPS) performance across a wide

range of time-series analysis

tasks.
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51

Xiao et al.

2022

IEEE International Conference
on Big Data

Proposed an optimal rate
control mechanism for
latency-constrained, high-
throughput big data
applications, improving
throughput while satisfying
latency requirements.

52

Sacco et al.

2023

IEEE Transactions on Network
and Service Management

Introduced a reinforcement
learning-based  partially
oblivious congestion
control framework that
improves network
efficiency while adapting to
dynamic Internet conditions.

53

Wei et al.

2022

China Communications

Developed Plume, a
lightweight deep
reinforcement learning-
based congestion control
framework that provides
efficient and generalized
congestion management.

54

Zhou et al.

2023

arXiv

Proposed a pretrained
language model (PLM)
approach for time-series
forecasting, demonstrating
the effectiveness of transfer
learning for forecasting
tasks.

55

Gu et al.

2025

ACM International Conference
on Web Search and Data
Mining (WSDM)

Developed  ProCC, a
programmatic reinforcement
learning  framework for
transparent and efficient
TCP  congestion control
with improved
interpretability.

56

Zhang et al.

2023

China Communications

Proposed a QoS-aware
online learning-based
congestion control
algorithm that dynamically
optimizes Quality of Service
under varying network
conditions.

57

Welzl et al.

2024

IEEE Access

Proposed a machine
learning-based real-time
TCP packet loss
prediction model that
accurately predicts packet
loss and improves TCP
performance.

58

Wang et al.

2024

arxiv

Introduced a global-local
timestamp fusion
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framework that improves
robust time-series
forecasting by effectively
utilizing timestamp
information.

59

Lietal.

2023

arXiv

Investigated linear
mapping techniques for
long-term time-series
forecasting, showing that
simple linear models can
achieve competitive
performance.

60

Xia et al.

2021

International Joint Conference
on Neural Networks (IJICNN)

Proposed RLCC, a practical
reinforcement learning-
based Internet congestion
control  framework that
improves adaptability and
network performance.

61

Zhang et al.

2024

IEEE International Conference
on Sensing, Communication and
Networking (SECON)

Developed RTCC, an end-
to-end sub-RTT congestion
control mechanism designed
for next-generation high-
speed communication
networks.

62

Zhang et al.

2023

IEEE Internet of Things Journal

Proposed SageFormer, a
series-aware  transformer
framework that effectively
captures temporal
dependencies for long-term
multivariate time-series
forecasting.

63

Dai et al.

2024

Journal of Supercomputing

Introduced SALSTM, a
segmented self-attention
Long Short-Term Memory
model that enhances long-
term forecasting accuracy
by integrating attention
mechanisms with LSTM.

64

Yang and
Gonsalves

2025

Forecasting

Developed
SegmentedCrossformer,
an enhanced transformer
architecture that captures
both cross-time and cross-
dimensional  relationships
for multivariate forecasting.
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65
Uddagiri

Akkineni

and

2025

IEEE International Conference
on Big Data

Proposed Sig-Patchformer,
a path  signature-based
transformer that improves
forecasting efficiency while
reducing computational
complexity.

66 Zhang et

al.

2024

International Joint Conference
on Artificial Intelligence
(LICAI)

Introduced Skip-
Timeformer, a transformer
architecture utilizing skip-
time interaction to improve
long-sequence  time-series
forecasting performance.

67 Jia et al.

2025

IEEE Symposium on Computers
and Communications (ISCC)

Proposed a deep
reinforcement  learning-
based SLO-targeted
congestion control
framework that optimizes
network performance
according to service-level
objectives.

68

Tian et al.

2022

ACM Conference on Emerging
Networking Experiments and
Technologies (CoNEXT)

Developed  Spine, an
efficient deep reinforcement
learning-based  congestion
control algorithm with ultra-
low computational overhead

and high adaptability.

Garcia

69
Remy

and

2026

arxXiv

statistical
of
for

Performed a
benchmarking
transformer models

low signal-to-noise time-
series forecasting,
highlighting their strengths
and limitations under noisy

conditions.

70

Chen et al.

2025

International Conference on

Computing, Information and

Big Data Applications

Proposed T-Mamba, a
hybrid Mamba-Transformer
framework that enhances
stock  price  prediction
through improved temporal
and

feature extraction

forecasting accuracy.
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71

Li et al.

2021

IEEE Journal on Selected Areas
in Communications (JSAC)

Proposed TCP-NeuRoc, a
neural adaptive TCP
congestion control
framework  with  online
changepoint detection,
enabling dynamic
adaptation to changing
network  conditions and
improving congestion
control performance.

72

Sun et al.

2025

IEEE International Conference
on Acoustics, Speech and Signal
Processing (ICASSP)

Developed TCTformer, a
dual-attention  transformer
architecture for long-term
time-series forecasting that
effectively captures
temporal dependencies and
improves forecasting
accuracy.

73

Lietal.

2025

IEEE Transactions on Mobile
Computing

Introduced the
Concentrator Method, a
learning-based  framework
that combines classical
congestion control
algorithms with machine
learning modules, achieving
improved adaptability and
network performance.

74

Ying and Lu

2024

IEEE Access

Proposed TFEformer, a
Temporal Feature Enhanced
Transformer that
strengthens temporal feature
extraction for multivariate
time-series forecasting,
resulting in higher
prediction accuracy.

75

Wang et al.

2024

arXiv

Developed TimeMixer, a
decomposable  multiscale
mixing architecture that
captures temporal patterns
at different scales,
improving the accuracy of
time-series forecasting.

76

Wang et al.

2024

arxiv

Proposed TimeMixer++, a
universal time-series pattern
learning framework capable
of performing predictive
analysis  across  diverse
forecasting  tasks  with
enhanced generalization.
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Introduced TimesNet, a
temporal 2D-variation
modeling framework that
transforms one-dimensional

77 Wu et al. 2022 arXiv temporal sequences into
two-dimensional
representations for
improved time-series

analysis and forecasting.

Proposed a Multi-Agent
Deep Reinforcement
Learning (MADRL)-based
congestion control
IEEE/ACM  Transactions on | framework that achieves fair
Networking and efficient bandwidth
allocation while improving

78 Tian et al. 2026

overall network
performance in dynamic
environments.

6. Comparative Analysis

The rapid evolution of communication networks has encouraged researchers to investigate various artificial
intelligence and deep learning models for packet loss prediction. Selecting an appropriate prediction model depends on
factors such as prediction accuracy, computational complexity, training time, memory requirements, and the ability to
capture temporal dependencies in network traffic. Among the available approaches, Long Short-Term Memory
(LSTM) has emerged as one of the most effective models due to its capability to learn long-term sequential patterns.
This section compares LSTM with Recurrent Neural Networks (RNN), Gated Recurrent Units (GRU), CNN-LSTM
hybrid models, Transformer-based architectures, and traditional machine learning techniques.

Recurrent Neural Networks (RNNs) were initially developed to process sequential data by retaining information from
previous time steps through recurrent connections. Although RNNs are capable of modelling temporal relationships,
they suffer from the vanishing and exploding gradient problems during training, which restrict their ability to learn
long-term dependencies. As a result, their prediction performance declines when analysing long and highly dynamic
network traffic sequences. LSTM addresses these limitations by incorporating memory cells along with input, forget,
and output gates that selectively preserve relevant information. Consequently, LSTM generally achieves higher
prediction accuracy and lower prediction errors, including Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE), compared with conventional RNNs.

Gated Recurrent Unit (GRU) is a simplified version of LSTM that combines the forget and input gates into a single
update gate, reducing the number of trainable parameters. GRU models require less memory and shorter training time
while providing prediction performance comparable to LSTM in many applications. However, LSTM often
demonstrates better stability and superior performance when modelling complex network traffic with long-term
temporal dependencies, making it more suitable for large-scale packet loss prediction tasks.

Hybrid CNN-LSTM models integrate Convolutional Neural Networks (CNNs) with LSTM networks to exploit both
spatial and temporal characteristics of network traffic. CNN layers automatically extract important traffic features,
while LSTM layers learn sequential dependencies. This hybrid architecture often achieves higher prediction accuracy,
precision, and recall than standalone LSTM models. Nevertheless, CNN-LSTM models require larger datasets, longer
training time, and higher computational resources because of their increased architectural complexity.
Transformer-based models have recently gained attention due to their self-attention mechanism, which enables
efficient modelling of long-range dependencies without recurrent processing. Transformers generally outperform
LSTM when trained on large-scale datasets and can process sequences in parallel, reducing inference time. However,
they require significantly greater computational power, memory, and training data, making them less practical for
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resource-constrained environments such as IoT and edge computing. In comparison, LSTM offers a better balance
between prediction performance and computational efficiency for many real-world networking applications.
Traditional machine learning algorithms, including Decision Trees, Support Vector Machines (SVM), Random Forest,
and Extreme Gradient Boosting (XGBoost), remain popular because of their simplicity and lower computational
requirements. These methods perform well on structured datasets but rely heavily on manual feature engineering and
often fail to capture complex temporal relationships in network traffic. Compared with these approaches, LSTM
automatically learns sequential features from historical traffic data, resulting in improved accuracy, higher precision
and recall, and lower prediction errors. Although LSTM requires longer training time than conventional machine
learning models, its ability to model nonlinear temporal patterns makes it one of the most reliable approaches for
packet loss prediction in modern communication networks.

Table 6.1 Comparative analysis

Model Accuracy RMSE MAE Precision | Recall Training Computational
Time Cost
RNN Moderate High High Moderate | Moderate | Low Low
LSTM High Low Low High High Moderate Moderate
GRU High Low Low High High Low— Low—Moderate
Moderate
CNN-LSTM | Very High Very Low | Very Very Very High High
Low High High
Transformer | Excellent Very Low | Very Excellent | Excellent | Very High | Very High
Low
Decision Moderate High High Moderate | Moderate | Very Low Very Low
Tree
SVM Moderate—High | Moderate | Moderate | High Moderate | Moderate Moderate
Random High Moderate | Moderate | High High Moderate Moderate
Forest
XGBoost High Low Low High High Moderate Moderate

7. Applications

The ability to accurately predict packet loss has become increasingly important with the rapid evolution of intelligent
communication systems. LSTM-based packet loss prediction has been successfully applied across a wide range of
networking environments where maintaining reliable data transmission and ensuring service quality are critical. By
forecasting future packet loss using historical traffic patterns, LSTM enables proactive network management,
congestion avoidance, intelligent routing, and adaptive resource allocation.

In fifth-generation (5G) and emerging sixth-generation (6G) communication networks, packet loss prediction plays a
significant role in supporting ultra-reliable low-latency communication (URLLC), enhanced mobile broadband
(eMBB), and massive machine-type communications (mMTC). These applications require continuous monitoring of
network conditions to maintain high reliability and minimise transmission failures. LSTM models help network
operators anticipate congestion and dynamically optimise routing decisions, thereby improving throughput, reducing
latency, and enhancing overall network reliability.

The Internet of Things (IoT) represents another major application area for LSTM-based packet loss prediction. [oT
environments consist of numerous interconnected sensors and smart devices that continuously exchange data over
heterogeneous wireless networks. Due to limited bandwidth, constrained energy resources, and fluctuating
communication conditions, IoT systems are particularly vulnerable to packet loss. LSTM models analyse historical
communication patterns to predict future transmission failures, enabling efficient resource management, energy
conservation, and improved communication reliability for smart homes, healthcare monitoring systems, industrial
automation, and environmental sensing applications.

Software-Defined Networking (SDN) benefits significantly from intelligent packet loss prediction because of its
centralised network control architecture. SDN controllers continuously collect network statistics and utilise predictive
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models to optimise traffic engineering and routing decisions. Integrating LSTM into SDN environments enables
proactive congestion detection, dynamic load balancing, and adaptive flow management, ultimately improving Quality
of Service while reducing network downtime and communication delays.

Cloud computing infrastructures also rely on packet loss prediction to maintain efficient communication among
distributed servers, virtual machines, and data centres. Packet loss may lead to service degradation, increased response
time, and reduced application performance. LSTM-based prediction models assist cloud service providers in
identifying potential communication bottlenecks before performance deteriorates, enabling intelligent workload
distribution, resource scheduling, and network optimisation.

Edge computing has emerged as a complementary paradigm to cloud computing by processing data closer to end
devices. Since edge computing applications often support latency-sensitive services such as autonomous vehicles,
industrial control systems, and smart healthcare, maintaining reliable communication is essential. LSTM-based packet
loss prediction enables edge nodes to proactively manage network resources, minimise communication failures, and
ensure real-time data delivery while operating under limited computational resources.

Video streaming platforms represent one of the most bandwidth-intensive Internet applications. Packet loss directly
affects streaming quality by causing buffering delays, frame freezing, reduced video resolution, and interrupted
playback. LSTM prediction models help streaming systems estimate future network conditions and dynamically adjust
video bitrates, transmission rates, and buffering strategies, thereby improving viewers' Quality of Experience and
reducing playback interruptions.

Smart transportation systems, including intelligent traffic management, connected vehicles, and autonomous driving
technologies, depend heavily on continuous and reliable communication among vehicles, roadside infrastructure, and
cloud services. Packet loss in these systems may compromise navigation accuracy, safety, and decision-making
capabilities. LSTM-based prediction techniques enable proactive communication management by forecasting network
disruptions, reducing transmission failures, and supporting reliable vehicle-to-vehicle (V2V) and vehicle-to-
infrastructure (V2I) communication in intelligent transportation environments.

Overall, the versatility of LSTM has made it one of the most widely adopted deep learning techniques for packet loss
prediction across modern communication systems. Its capability to model complex temporal relationships enables
proactive network optimisation, enhances Quality of Service and Quality of Experience, and supports the reliable
operation of next-generation networking technologies.

8. Future Research Directions

The growth of artificial intelligence, deep learning, and the latest communication networks provides significant
benefits for packet loss prediction. Long Short-Term Memory (LSTM) has proven useful for predictive tasks in the
field of packet loss prediction, but some problems still need to be solved in the field of interpretability, scalability,
computing efficiency, and real-time implementation. Therefore, further research should be directed at creating more
intelligent and adaptive prediction models that can meet the needs of communication systems on the rise.

One invitational approach is integrating Explainable Artificial Intelligence (XAI) into packet-loss forecasting systems.
Most deep learning models, including LSTM, act as black-box technologies, making it challenging to unearth how
forecasting decisions are arrived at. By employing explanation methods such as SHAP, LIME, and attention
visualization, models can become more comprehensible, enabling administrators to recognize the most significant
predictive traffic attributes that cause packet losses. Also, explainable models can raise users' trust and enable them to
be successfully implemented in mission-critical domains such as healthcare, autonomous driving, and industrial
automation.

One further new research field worth mentioning is labeled Federated Learning (FL). It can make numerous scattered
devices work together to learn predictive algorithms without putting raw data into magazine. Since telecommunication
networks produce enormous amounts of sensitive information, federated learning gives much more security while
using lower amount of communication channels. Using LSTM combined with federated learning can allow making
decentralized predictions about packet losses with the help of the Internet-of-things, mobile communications, and
every other type of electronic devices without disclosing any data related to clients

The increased use of Tiny Machine Learning (TinyML) provides opportunities for packet loss prediction in
environments that have limited resources. TinyML means that low-power devices with little memory and processing
power can use small deep learning models. This means that developers can create compressed and optimized LSTM
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models for TinyML platforms and thus be able to predict packet loss in smart homes, loT devices, and wearables
without using cloud computing.

In the future, research could be focused on hybrid models of Transformer and LSTM approaches. Although LSTMs
can efficiently handle temporal relations in time series analysis, Transformers can also successfully capture long-range
dependencies using their self-attention technology. Hybrid models offer an opportunity to use both temporal memory
and worldwide context for improving accuracy and generalization.

The use of Graph Neural Networks (GNNs) is an intriguing area of research. Communication networks are full of
graph structures whereby routers, switches, and end devices are connected through several communication links.
GNNs can depict all these topological relationships, while LSTM will take care of the temporal aspect of the network,
which will help to make better predictions about congestions and packet losses on a larger scale as well as on a
multitype network infrastructure.

The role of Digital Twin Networks (DTN) in the management of intelligent networks is increasing. Digital Twin
technology enables the creation of virtual replicas of real networks, which facilitates research on network behavior,
assessment of different congestion scenarios, and trial of prediction algorithms. Furthermore, combining the model of
predicting packet losses based on LSTM with digital twin technology will make it possible to conduct preventive
network optimization, identifying failures faster, and performing adaptive traffic engineering.

Lastly, Reinforcement Learning (RL) holds substantial promise for the intelligent management of congestion as well
as in the adaptive loss of packets. Unlike supervised approaches of learning, reinforcement learning involves
continuous learning about the optimal policies of making decisions through the interaction between the system and its
environment. The results of combining LSTM with reinforcement learning could be the development of autonomous
congestion control solutions that can adaptively alter their routing, bandwidth, and transmission rates.

To sum up, future research in the field of packet loss prediction should strive for the design of lightweight, easy-to-
understand, privacy-preserving, and adaptive deep learning architectures that can work efficiently in various networks.
The teamwork of the latest Al methods with LSTM prediction techniques is likely to result in a dramatic improvement
in quality, flexibility, and smartness of communication systems of the future.

9. Conclusion

Packet Loss Prediction (PLP) has become a very important field of research that helps to increase performance,
reliability, and efficiency of modern networks. The development of the prediction techniques went through several
stages starting from classical statistical models like ARIMA and Markovian models to machine learning approaches
such as Decision Trees, Support Vector Machines, Random Forest, and XGBoost. While these techniques ensure
reasonable performance in case of stable networks, they usually have problems dealing with non-linear nature and
time dependency of dynamic network traffic. Deep learning algorithms, especially LSTM, helped to make great
improvements in PLP because of their ability to learn long-term dependencies.

As this literature review has shown, LSTM is still considered the best architecture of deep learning used in packet loss
prediction because of the memory-based structure, solution to the problem of the vanishing gradient, and better results
in working with time series. Compared with machine learning algorithms and classical recurrent neural networks,
LSTM demonstrates better prediction accuracy, RMSE and MAE values, and greater precision and recall. In addition,
the use of LSTM in 5G/6G networking, Internet of Things, Software-Defined Networking, cloud and edge computing,
and intelligent transport systems shows its relevance to current networking problems.

However, there are some drawbacks in addition to the benefits described above. The LSTM neural networks usually
require big training sets, lots of computational power, and time for training that is bigger compared to other methods.
The black box algorithm also makes it difficult to interpret results, thus increasing difficulties with deploying these
models in safety-critical situations.

Accordingly, future research efforts should thus concentrate on the application of Explainable Al, Federated Learning,
TinyML, Transformer-LSTM model architectures, Graph Neural Networks, Digital Twin Networks, and
Reinforcement Learning in order to address the above-stated drawbacks. With the above-mentioned techniques having
a lot of potential to enhance prediction precision, computational efficiency, scalability, privacy, and adaptiveness as
well as provide intelligent network management, it is evident that efficient packet loss prediction models will be an
essential area for future research. This is especially relevant in the context of the evolution of communication systems
to 6@, edge intelligence, and large-scale IoT.
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