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Abstract

Proactive resource allocation is critical for ensuring high availability and efficiency in dynamic, het-
erogeneous cloud-edge environments. This paper presents a practical and extensible framework for
workload prediction and autoscaling, with a focus on virtual Content Delivery Networks (vCDNSs).
We rigorously evaluate a diverse set of forecasting models, including statistical (Seasonal ARIMA),
deep learning (LSTM, Bi-LSTM), and online learning (OS-ELM), using extensive real-world workload
traces from a production CDN. Each model is assessed in terms of prediction accuracy, computational
cost, and responsiveness to support short-term autoscaling decisions. Predicted workloads are fed
into a queue-based resource estimation model to drive proactive provisioning of CDN cache servers.
Experimental results show that LSTM-based models consistently deliver the highest accuracy, while
lightweight methods such as S-ARIMA and OS-ELM offer efficient, low-overhead alternatives suit-
able for real-time adaptation or fallback. We further explore adaptive model selection strategies and
trade-offs between accuracy, cost, and reactivity. The proposed framework enables accurate, low-
rejection autoscaling with minimal overhead and is broadly applicable to other cloud-edge services
with predictable workload dynamics.

Keywords: workload modeling; workload prediction; resource allocation; prediction framework;
ARIMA; LSTM; OS-ELM; CDN

1. Introduction

Large-scale applications deployed across distributed cloud-edge infrastructures, hereafter referred
to as cloud-edge applications, must dynamically adapt to fluctuating resource demands in order to main-
tain high availability and reliability. Such adaptability is typically achieved through elasticity, wherein
the system automatically adjusts its resource allocation based on workload intensity. Operationally,
elasticity is commonly realized via auto-scaling mechanisms that enable application components to
autonomously scale either vertically (adjusting resource capacity of individual instances) or horizon-
tally (modifying the number of component instances), thereby ensuring efficient and resilient service
provisioning. Traditional auto-scaling approaches (e.g., those provided by default in commercial
platforms such as Amazon AWS' and Google Cloud?) are reactive, adjusting resources only after
performance thresholds are breached. In contrast, proactive auto-scaling aims to anticipate future
workload changes and preemptively allocate resources accordingly. This predictive capability hinges
on accurate workload forecasting, typically enabled by machine learning or statistical models trained
to capture patterns in resource demand [1-3] — a task that is inherently challenging, as it requires not
only sophisticated forecasting techniques but also a deep understanding of workload dynamics and
their temporal evolution.

https:/ /aws.amazon.com/ec2/autoscaling /

2 https:/ /cloud.google.com/compute/docs /autoscaler
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Workloads in cloud-edge applications are predominantly driven by external request patterns
and are often geographically distributed to satisfy localized demand. To effectively model such
workloads, key performance indicators, such as “the number of client requests to an application” [3] or
the corresponding volume of generated network traffic, are commonly employed. These workload
traces are typically captured as time series [4], enabling temporal analysis and forecasting. Classical
statistical models, particularly AutoRegressive Integrated Moving Average (ARIMA) and its variants,
Seasonal ARIMA (S-ARIMA)[5] and elastic ARIMA[6], have been widely used for this purpose. These
methods have demonstrated reasonable predictive accuracy at low computational cost across a variety
of workload types [6-8]. In addition, modern machine learning (ML) techniques, particularly Recurrent
Neural Networks (RNNs), have been extensively applied to workload modeling and prediction due to
their ability to capture complex, non-linear temporal patterns. These models offer improved accuracy
over traditional approaches for both short- and long-term forecasting [9,10], making them well-suited
for dynamic and bursty workload scenarios.

However, in distributed systems such as cloud-edge environments, operational data streams
are inherently non-stationary, i.e., they exhibit temporal dynamics and evolve over time due to both
external factors (e.g., changes in user behavior, geographical load variations) and internal events (e.g.,
software updates, infrastructure reconfiguration) [11-13]. This evolution often results in a mismatch
between the data used to train prediction models and the data encountered during inference, a
phenomenon commonly known as concept drift [14]. As a consequence, the accuracy of predictive
models deteriorates over time, necessitating regular retraining. Both ARIMA and RNN-based models
rely on access to up-to-date historical data for training and updates. While effective, maintaining these
models across large scale distributed systems, where millions of data points are processed per time unit,
poses significant challenges in terms of scalability, timeliness. To address these issues, online learning
techniques have emerged and been integrated into various modeling algorithms, such as Online
Sequential Extreme Learning Machine (OS-ELM) [15], Online ARIMA [16], and LSTM-based online
learning methods [17]. These approaches enable models to incrementally adapt to streaming data
using relatively small updates, making them well-suited for dynamic environments where workloads
and system conditions evolve over time. Among these techniques, OS-ELM has gained attention due
to its ability to combine the benefits of neural networks and online learning while maintaining low
computational complexity, which enhances its practicality in large-scale cloud-edge systems.

Building on this foundation, we present a framework for constructing predictive workload
models designed to support proactive resource management in large-scale cloud-edge environments.
The framework is validated through a practical use case involving CDNSs, a class of applications
characterized by highly variable and large-scale traffic patterns. To accommodate the multi-timescale
nature of CDN workloads, we systematically investigate both offline and online learning methods. The
evaluation spans a range of modeling techniques, including statistical forecasting, Long Short-Term
Memory (LSTM) networks, and OS-ELM, all trained on operational CDN datasets. Further, these
models are integrated into a unified prediction framework intended to provide workload forecasting
capabilities to autoscalers and infrastructure optimization systems, enabling proactive and data-driven
scaling decisions. We conduct a thorough performance evaluation based on prediction accuracy,
training overhead, and inference time, in order to assess the applicability and efficiency of each
approach within the context of the CDN use case. Ultimately, the goal of this work is to develop a
robust and extensible framework for transforming workload forecasts into actionable resource demand
estimates, leveraging system profiling, machine learning, and queuing theory.

The main contributions of this work are as follows:

(i) A comprehensive workload characterization and pattern based on operational trace data collected
from a large-scale real-world CDN system.

(i)  The development of a predictive modeling pipeline that combines statistical and machine learning
methods, both offline and online, to capture workload dynamics across different time scales.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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(iii) A unified framework that links workload prediction with resource estimation, enabling proactive
auto-scaling in cloud-edge environments.

(iv)  Empirical validation of the framework on real-world CDN traces, measuring prediction fidelity,
computational efficiency, and runtime adaptability.

The remainder of the paper is organized as follows: Section 2 surveys related work; Section 3
introduces the targeted application, i.e., the BT CDN system?, its workload, and workload modeling
techniques utilized in our work; Section 4 introduces datasets, outlines workflows and methodologies,
and presents the produced workload models along with an analysis of results; Section 5 presents a
framework composed of the produced workload models and a workload to resource requirements
calculation model; Section 6 discusses future research directions; and Section 7 concludes the paper.

2. Related Work

Understanding system performance, application behavior, and workload characteristics is fun-
damental to enabling elasticity and proactive resource allocation. Consequently, these topics have
received extensive attention in the literature over the past decade, as reviewed in several comprehen-
sive surveys [3,18,19]. This section discusses related work with a particular emphasis on workload
modeling and prediction techniques, as well as auto-scaling mechanisms.

2.1. Workload Modeling and Prediction

Workload modeling and prediction in large-scale distributed applications and datacenters’ infras-
tructure has been addressed earlier using classical statistical models such as auto-regression, Markov
models, and Bayesian models [7,20,21]. Rossi et al. [20,21] propose a Hybrid Bayesian Neural Network
(HBNN) that integrates a Bayesian layer into an LSTM architecture to model both epistemic and
aleatoric uncertainty in CPU and memory workload prediction. Using variational inference, the model
outputs a Gaussian distribution over future demand, enabling computation of confidence-based upper
bounds for proactive resource allocation. Experiments on Google Cloud trace data show that HBNN
achieves comparable point prediction accuracy to standard LSTM while reducing overprovisioning and
total predicted resources for the same QoS targets. Also targeting proactive workload prediction, the
work in [22] first clusters virtual machines (VMs) into different groups exhibiting particular workload
patterns. The authors next build a Hidden Markov model-based method leveraging the temporal
correlations in workloads of each group to predict the workload of each individual VM. The method is
claimed to possibly improve the prediction accuracy up to 76% compared to traditional methods using
only individual server level (i.e., single time series based methods). Sheng et al. propose a Bayesian
method in [23] to predict the average resource utilization in terms of CPU and memory for both
long-term intervals (e.g., up to 16 hours) and consecutive short-term intervals (e.g., every 2 minutes).
Through experiments with Google’s data traces, the proposed method is shown to achieve a high
accuracy regardless of the degree of workload fluctuation and to outperform existing auto-regression
and filter-based methods. With the same targeted domain as the focus in this present work, we employ
S-ARIMA to model the workload of a CDN cache server [7]. The obtained predictive model basically
meets our main requirement of workload predictions for the targeted CDN. Moreover, the preliminary
results including the workload analysis, the statistical workload model and the application model
present in the work lay a foundation for our extension in this present study:.

Apart from classical statistical methods, ML techniques have recently been widely adopted for
workload prediction in the highly distributed computing platforms [24-26]. Kumar et al. propose an
online workload prediction model based on the ELM technique [24]. The model adopts the rapid yet
high accurate learning process of ELM to forecast the workload arrival in very short time intervals.
Extensive experiments using Google workload traces show that the proposed ELM outperforms
the state-of-the-art techniques, including ARIMA, Support Vector Regression (SVR), by surprisingly

3 https:/ /www.bt.com/about
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reducing the mean prediction error from 11% up to 100%. Another online resource utilization predictive
model using spare Bidirectional LSTM (Bi-LSTM) is proposed in [25]. The authors improve the learning
time of a classical Bi-LSTM by constructing a fewer-parameter Bi-LSTM model that is more efficient for
online prediction. The model is evaluated through experiments with Google and PlanetLab data, and
the results show that besides a high prediction accuracy, the model’s training time is reduced by 50% —
60% compared to the classical Bi-LSTM model. The aforementioned techniques rely on the analysis of
just a single server or application workload, which are probably working inefficiently in the context of
highly distributed cloud-edge platforms. With a consideration of the user mobility behavior in such
cloud-edge computing environments, Nguyen et al. propose a location-aware workload prediction
model for edge datacenters (EDCs) [26]. The proposed multivariate-LSTM-based model exploits the
correlation in workload changes among EDCs within close proximity to each other so as to forecast
the future workload for each of them. It is finally proven, through experiments, to achieve a robust
performance with considerably improved prediction accuracy compared with other recent advanced
methods.

2.2. Elasticity in Large-Scale Cloud-Edge Systems

Aiming at reliable, cost- and energy-efficient computing platforms, diverse techniques and
methodologies have been devised to implement elasticity or auto-scaling (sub)systems. Existing
implementations rely on either a rule-based or a model-based approach in tackling the elasticity in
a reactive or proactive manner. While the rule-based approach has been more popular and widely
adopted in many commercial products thanks to its straightforward deployment and high reliability,
the proactive one, backed by aforementioned modeling and prediction techniques, is shown to be
more complicated and advanced, hence drawing more attention from the research community.

By adopting the rule-based elasticity, commercial cloud-based resource providers simply offer a
user interface enabling clients to define performance metric thresholds of, e.g., resource utilization,
rejection rates, or service response times, and corresponding scaling plans to be executed. Based on
these settings, resources are then automatically allocated for the applications in order to reactively
adapt to their performance changes. Examples for this approach include Kubernetes [27] and Amazon
AWS [28] which rely on their own rule-based autoscalers to perform applications” horizontal auto-
scaling.

A recent work proposing a hybrid proactive auto-scaling mechanism, namely Chameleon, has
been presented in [29]. Its auto-scaling framework incorporates multiple proactive methods coupled
with a reactive mechanism to facilitate the resource allocation. The framework adopts time series
analysis to forecast the arriving load intensity and relies on queuing theory to estimate resource
demands. The authors of the work next propose Chamulteon, an enhanced version of Chameleon,
enabling the coordinated scaling of microservice applications [30]. The Chamulteon auto-scaling
framework is implemented with two sub-functions: a reactive one to perform scaling tasks for the
microservices respecting the resource demand in short time intervals, and a proactive one relying
on workload prediction to proactively perform such tasks in longer time intervals. The framework
is shown to outperform notable autoscalers through experiments using real world data traces, and
conducted in various environments with different virtualization technologies.

In a related effort, Bhardwaj ef al. [31] introduces a performance-aware resource allocator that
learns resource-to-performance mappings online and incorporates uncertainty through ARMA-based
load forecasting with 90% confidence bounds. Its modular design supports both multi-tenant and
microservice workloads and demonstrates improved utility and tail latency compared to existing
baselines. Building on the theme of SLO-driven autoscaling, Jeon et al. [32] proposes a system tailored
for fixed-size on-premises ML inference clusters, allowing developers to specify latency SLOs directly.
Faro dynamically autoscale inference job replicas to maximize cluster-wide utility, integrating with Ray
Serve on Kubernetes, and achieves significantly fewer SLO violations, i.e, 2.3 to 23 x improvement
over prior methods under real-world workloads. Complementing these works, Liu et al. [33] addresses
elasticity challenges in serverless platforms by decoupling prediction from scheduling to reduce
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overhead and employing dual-staged scaling to enable fast, low-cost resource adjustments. This
design improves deployment density and resource utilization while significantly reducing cold start
latency and scheduling costs compared to state-of-the-art schedulers. In another extreme, Nguyen
et al. [34] present a location-aware proactive elastic controller for dynamic resource provisioning
targeting latency-intolerant mobile edge applications. Their controller comprises four components: a
multivariate LSTM-based location-aware workload predictor capturing correlations across adjacent
edge data centers (EDCs); a queuing-theory-based performance modeler; a group-based resource
provisioner for scaling resources at each EDC; and a weighted round-robin load balancer for real-time
user request distribution. Extensive experiments with real user-mobility data demonstrate significant
improvements in scaling capability and resource provisioning efficiency over state-of-the-art reactive
controllers.

3. CDN Systems and Workloads

This section examines workload modeling and prediction for large-scale distributed cloud-edge
applications, with CDNs serving as a real-world case study. We analyze the architecture and operational
workload characteristics of a production-scale multi-tier CDN system operating globally, identifying
key spatiotemporal patterns. Based on these insights, we then explore both time series statistical
modeling approaches, specifically S-ARIMA, and ML techniques — including LSTM-based RNNs and
OS-ELM - as candidates for robust predictive models.

3.1. A Large-Scale Distributed Application and Its Workload

CDN:s efficiently distribute internet content using large networks of cache servers (or caches),
strategically placed at network edges near consumers. This content replication benefits all stakeholders,
i.e., consumers, content providers, and infrastructure operators, by improving Quality of Experience
(QoE) and reducing core network bandwidth consumption. Modern CDNSs are increasingly architected
as virtualized infrastructures, deploying software-resolved caches (vCaches) in containers or VMs
across cloud-edge resources. This virtualization facilitates the flexible and rapid deployment of multi-
tier caching networks for large-scale virtual CDNs (vCDNSs) [7]. Leveraging the hierarchical nature
of networks, this multi-tier model significantly enhances CDN performance [35-37]. For instance,
Figure 1 illustrates a conceptual model of BT’s production vCDN system, where vCaches are deployed
across hierarchical network tiers (T1, Metro, Core).

Content
Providers

Internet
T1 MSAN Metro Outer Core Inner Core

Figure 1. A conceptual model of a hierarchical virtual CDN system.

To provide a concrete basis for our analysis, this paper investigates the BT CDN and its operational
workloads. This CDN employs a hierarchical caching structure where each cache possesses at least one
parent cache in a higher network tier, culminating in origin servers as the ultimate source of content
objects. Content delivery adheres to a read-through caching model, i.e, a cache miss triggers a request
forwarding to successive upper vCaches until a hit is achieved or the highest tier vCache is reached.
Should no cache hit occur within the CDN, content objects are retrieved from their respective origin
servers and are subject to local caching for subsequent demands.

Workload datasets collected from the BT CDN are analyzed and modeled for prediction, as
detailed in Section 4. Consistent with the read-through model, workload at core network vCaches is
significantly higher than at edge vCaches, a characteristic evident in our exploratory data analysis and
visually represented in Figure 2. Furthermore, our analysis reveals a distinct daily seasonality in the
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workload data: minimum traffic volumes are recorded between 01:00 and 06:00, while peak traffic
occurs from 19:00 to 21:00. This pattern aligns with typical user content access behaviors and reinforces
conclusions from our prior investigation into BT CDN workload characteristics [7].

el

Core Cache
Edge Cache 1
Edge Cache 2
Edge Cache 3

o

Traffic (bps)
5

(V.
0.0 v Y

20180100 15180103 180108 480107 5480109 80111 L04B.0113 480115
Time

Figure 2. Example datasets of cache workload.

3.2. Statistical Workload Modeling

For time series analysis, especially with seasonal data, S-ARIMA is a well-established and com-
putationally efficient method for constructing predictive models [5,7]. Given the pronounced daily
seasonality identified in the BT CDN workload datasets, we employ S-ARIMA to generate short-term
workload predictions.

As described in [5], an S-ARIMA model comprises three main components: a non-seasonal part,
a seasonal part, and a seasonal period (S) representing the length of the seasonal cycle in the time
series. This model is formally denoted as SARIMA(p,d, q)(P, D, Q)[S]. Here, the hyperparameters
{p,d,q} specify the orders for the non-seasonal auto-regressive, differencing, and moving-average
components, respectively, while { P, D, Q} denote these orders for the seasonal part. S-ARIMA models
are constructed using the Box-Jenkins methodology, which relies on the auto-correlation function (ACF)
and partial auto-correlation function (PACF) for hyperparameter identification. Model applicability
is then validated using the Ljung-Box test [38] and/or by comparing the time series data against
the model’s fitted values. Finally, the Akaike Information Criterion (AIC) or Bayesian Information
Criterion (BIC) serves as the primary metric for optimal model selection.

3.3. Machine Learning based Workload Modeling

In contrast to traditional statistical methods, ML techniques derive predictive models by learning
directly from data, without requiring predetermined mathematical equations. Given the necessity
for solutions that support resource allocation and planning across varying time scales, and that
meet stringent requirements for practicality, reliability, and availability, we employ two specific ML
candidates for our workload modeling: LSTM-based RNNs and OS-ELM.

3.3.1. LSTM-Based RNN

Artificial Neural Networks (ANNs) are computational models composed of interconnected
processing nodes with weighted connections. Based on their connectivity, ANNSs broadly categorize
into two forms [39]: Feed-forward Neural Networks (FNNs), which feature unidirectional signal
propagation from input to output, and Recurrent Neural Networks (RNNs), characterized by cyclical
connections. The inherent feedback loops in RNNSs enable them to maintain an internal “memory" of
past inputs, significantly influencing subsequent outputs. This temporal persistence provides RNNs
with distinct advantages over FNNs for sequential data. In this work, we adopt two prominent
RNN architectures, LSTM and Bidirectional LSTM (Bi-LSTM), widely recognized for their efficacy in
capturing temporal dependencies within time series data.

*  LSTM: With the overall rapid learning process and the efficiency in handling the vanishing
gradient problem, LSTM has been preferred and achieved record results in numerous complicated
tasks, e.g., speech recognition, image caption, and time series modeling and prediction. In essence,
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an LSTM includes a set of recurrently connected subnets; each contains one or more self-connected
memory cells, and three operation gates. The input, output and forget gates respectively play
the roles of write, read and reset operations for memory cells [40]. An LSTM RNN performs its
learning process in a multi-iteration manner. For each iteration, namely epoch, given an input
data vector of length T, the vectors of gate units and memory cells, with the same length, are
updated through a two-step process including the forward pass recursively updating elements of
each vector one by one from the 1% to the T element, and the backward pass carrying out the
update recursively in reverse direction.

®  Bi-LSTM: It is an extension of the traditional LSTM in which for each training epoch, two indepen-
dent LSTMs are trained [41]. During training, a Bi-LSTM effectively consists of two independent
LSTM layers: one processes the input sequence in its original order (forward pass), while the
other processes a reversed copy of the input sequence (backward pass). This dual processing
enables the network to capture contextual information from both preceding and succeeding
elements in the time series, leading to a more comprehensive understanding of its characteristics.
Consequently, Bi-LSTMs often achieve enhanced learning efficiency and superior predictive
performance compared to unidirectional LSTMs.

3.3.2. OS-ELM

OS-ELM is distinguished as an efficient online technique for time series modeling and prediction.
It delivers high-speed forecast generation, often achieving superior performance and accuracy com-
pared to certain batch-training methods in various applications. OS-ELM’s online learning paradigm
allows for remarkable data input flexibility, processing telemetry as single entries or in chunks of
varying sizes.

Unlike conventional iterative learning algorithms, OS-ELM’s core principle involves randomly
initializing input weights and then rapidly updating output weights via a recursive least squares
approach. This strategy enables OS-ELM to adapt swiftly to emergent data patterns, which often
translates to enhanced predictive accuracy over other online algorithms [42]. In essence, the OS-ELM
learning process includes two fundamental phases:

(i) Initialization: A small chunk of training data is required to initialize the learning process. The
input weights and bias for hidden nodes are randomly selected. Next, the core of the OS-ELM
model including the hidden layer output matrix and the corresponding output weights are
initially estimated using these initial input parametric components.

(ii) Sequential Learning: A continuous learning process is applied to the collected telemetry iteratively.
In each iteration, the output matrix and the output weights are updated using a chunk of new
observations. The chunk size could be different through iterations. Predictions can be obtained
continuously after every sequential learning.

Comprehensive details regarding OS-ELM implementation, including calculations and proce-
dures, are available in [15].

4. Workload Modeling and Prediction

This section provides a detailed account of our approach to workload modeling and prediction for
large-scale distributed cloud-edge applications. We begin by describing the real-world dataset collected
from a core BT CDN cache, which serves as the empirical foundation for our analysis. Subsequently, we
outline the comprehensive workflow guiding our data processing, model construction, and prediction
phases. We then establish our methodology, detailing crucial steps from data resampling and training
dataset selection to multi-criteria continuous modeling and rigorous model validation. Finally, we
present and discuss the experimental results, including performance evaluations across various models
and metrics.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.1. Dataset

The experimental foundation of this work relies on a workload dataset collected from multiple
cache servers of the BT CDN [43]. This dataset spans 18 consecutive months between 2018 and 2019,
providing time series data with a one-minute interval. Each data point represents the workload,
specifically traffic in bits per second (bps), served by the cache servers.

For our experiments, we specifically utilize the dataset collected at a single cache in the core BT
network layer, where the highest degree of workload is consistently observed.

4.2. Workflow
The comprehensive workflow for our workload modeling and prediction process is illustrated in
Figure 3.
Dirglﬁgli;;s [ ggﬂ;lhné;s ] [ Optimization Configuration J

] | | l

Workload Workload Workload Workload Application
Collector Characterizer Modeler Predictor Autoscaler
Production
System v l l
il '

Historical Data Characteristics / Features Workload Models Predictions

(BT CDN)

Figure 3. A workflow of workload data collection - modeling - prediction - application scaling.

The process begins with the workload collector, which instruments production system servers and
infrastructure networks across multiple locations to gather metric and Key Performance Indicator
(KPI) measurements as time series data. Subsequently, an exploratory data analysis (EDA) is regularly
performed offline on the collected data to gain insights into workload and application behaviors,
identify characteristics, and reveal any data anomalies for cleansing.

Knowledge derived from the EDA is then fed to a workload characterizer, responsible for extracting
key workload features and characteristics. This extracted information directly informs the parameter
settings for modeling algorithms within the workload modelers. Multiple workload modelers, employing
various algorithms, train and tune models to capture the governing dynamics of the workloads, storing
these models for identified states in model descriptions.

Finally, a workload predictor utilizes these model descriptions, incorporating semantic knowledge
of desired application behavior, to interpret and forecast future states of monitored system workloads.
Workload predictors are typically application-specific, request-driven, and serve as components in
application autoscalers or other infrastructure optimization systems.

Further details about the workflow pipeline, including the mapping of the conceptual services
to architecture components as well as a concrete example of usage of the framework is available in
Section 5.1.

4.3. Methodology

To effectively accomplish workload modeling and prediction for the BT CDN, it is firstly required
an initial analysis of the application structure together with an EDA on its telemetry as described in
Section 3.1. Such analysis is crucial for establishing a robust methodology. Accordingly, this section
details the key procedures of our designated methodology.

4.3.1. Resampled Datasets

To support near real-time horizontal auto-scaling with short-term workload predictions, we
target a 10-minute prediction interval. While earlier studies reported high variability in VM startup
times across platforms [44], recent advances in virtualization and orchestration technologies have
significantly reduced these delays, often bringing VM and container initialization into the sub-minute
range [45—47].
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Nevertheless, in practical large-scale systems such as our virtualized CDN deployment, end-to-
end readiness encompasses more than just infrastructure spin-up, i.e., it also includes application
warm-up, cache synchronization, and routing stabilization, which may still require several minutes
before the instance becomes fully effective. Furthermore, our empirical analysis of the CDN workload
reveals limited fluctuation at sub-hour granularity, with clear and recurring daily cycles (see Figure 2).
Given these observations, we evaluate prediction models using two resampling intervals: 10 minutes
and 1 hour. These datasets, referred to as the original datasets, enable us to study the trade-offs between
prediction granularity, system responsiveness, and modeling efficiency.

4.3.2. Appropriate Size of Training Datasets

Our analytical results on the original datasets demonstrate that using appropriately sized data
chunks for training yields models with superior workload pattern capturing and predictability, com-
pared to training on entire original datasets. This observation is consistently aligned with both our
previous work [7] and other relevant studies [13,48].

Consequently, we divide each original dataset into multiple data chunks, constructing distinct
models for each using our selected techniques. We systematically tested various chunk sizes and
selected the one yielding the most accurate predictions on average. For a fair comparison across all
adopted modeling techniques, we employed a single, universally applicable chunk size for model
construction, validation, and evaluation in this work. Specifically, we chose chunk sizes of two months
for the 10-minute dataset and four months for the 1-hour dataset. These processed segments are
hereafter referred to as data chunks (e.g., 10-minute data chunk, 1-hour data chunk), serving as our
training datasets for workload modeling.

4.3.3. Multi-Criteria Continuous Workload Modeling

As detailed in Section 3, our work employs multiple modeling techniques to construct predictive
workload models, leveraging their distinct advantages. We apply S-ARIMA and OS-ELM to both
10-minute and 1-hour training datasets. LSTM is applied exclusively to the 1-hour dataset, while
Bi-LSTM is used for the 10-minute dataset.

Each technique serves a specific role: S-ARIMA offers a lower training cost with an expectation of
reasonable accuracy compared to LSTM-based methods. LSTM-based techniques are anticipated to
yield the highest predictive accuracy. OS-ELM, conversely, is the fastest in both training and prediction,
making it the preferred candidate for near real-time auto-scaling or as a fallback when other models
are unavailable. Bi-LSTM is specifically chosen for the 10-minute dataset due to its ability to efficiently
capture patterns without explicit seasonality, outperforming standard LSTM in such contexts.

Models built using 1-hour and 10-minute training datasets are subsequently referred to as 1-hour
models and 10-minute models, respectively (e.g., 1-hour SSARIMA models, 10-minute OS-ELM models).

For real-world scenarios, our approach emphasizes a continuous modeling and prediction process
where models are frequently updated with newly collected data to maintain accuracy over time. To
achieve this, we employ a sliding window mechanism to segment the original datasets into training
chunks. Given that our chosen chunk sizes are two months for the 10-minute dataset and four months
for the 1-hour dataset (as presented in Section 4.3.2), we set a one-month step for this sliding window to
extract these data chunks. This means models are utilized for predictions for a maximum of one month
before being updated with fresh data, reflecting a practical cycle for continuous model refinement.
While actual deployments might require more frequent updates (e.g., weekly or daily), our chosen step
provides a robust evaluation framework. Ultimately, for each selected modeling technique, a distinct
set of models is constructed, with one model corresponding to each data chunk derived from the entire
original datasets.

4.3.4. Model Validation

The predictability of the constructed models is validated using the rolling forecast technique
which produces one-step predictions iteratively. For each ML model, a series of real data values,
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corresponding to a number time-steps, is given to retrieve the next time-step prediction in each
iteration. Different from that, a SSARIMA model produces a next time-step prediction itself and then
is tuned with the real data value observed at that time-step so as to be ready for the forthcoming
predictions.

To illustrate the model validation, we perform predictions, precisely out-of-sample predictions,
continuously for every 10 minutes in one day and every one hour in one week using each of the
10-minute models and the 1-hour models, respectively. In other words, we collect workload predic-
tions for 144 consecutive 10-minute time periods and 148 consecutive 1-hour periods for each of the
corresponding models. Next, the set of predictions obtained by each model is compared to a test dataset
of real workload observations extracted from the corresponding original dataset at the relevant time
period of the predictions. This means in order to facilitate such a comparison for each case of model
construction, after retrieving a training dataset, a test dataset containing a number of consecutive data
points at the same periods is also reserved.

Because every ML model requires an input data series to produce a prediction, in order to
accomplish the model validation, we form a validation dataset by appending the test dataset to the
input series of the last epoch of the training process. Next, a sliding window of size m is defined on
the validation dataset to extract a piece of input data for every prediction retrieval from the model,
where m denotes the size or the number of samples of the input series for each training epoch, which
is generally called the size of the input of an ML model. The structure of such a validation dataset
together with a sliding window defined on it is illustrated in Figure 4.

— sliding window
yan

0 T 0 0 I

an input of an ML model test dataset of size n

Figure 4. A validation dataset and its sliding window

In case of S-ARIMA, our implementation requires a model update after each prediction retrieval,
thus we keep updating the model with observations in the test dataset one by one during the model
validation process.

4.4. Experimental Results

With the selected chunk sizes of two months and four months (see Section 4.3.2), we obtain two
sets of 16 10-minute and 14 1-hour data chunks from the corresponding 10-minute and 1-hour original
datasets. For every single data chunk, three modeling techniques are applied to generate different
models.

¢ S5-ARIMA: The 1-hour S-ARIMA models are constructed with a seasonality S = 24 so as to capture
the daily traffic pattern. This value of seasonality is also applied to 10-minute models, which
implies a consideration of 4-hour traffic patterns, because no explicit seasonality is observed
within hours from 10-minute data chunks through our EDA. The rest of hyperparameters are
identified using the method presented in Section 3.2.

¢  LSTM-based: Because quite simple patterns exist in every entire 1-hour and 10-minute dataset,
we use only one single hidden layer for both LSTM and Bi-LSTM algorithms with 24 and 32
neurons, respectively. The number of input neurons is fixed at 40 for both algorithms. Learning
rates are also fixed during the training process of the two algorithms. Experiments show that
Bi-LSTM converges faster at 150 epochs than LSTM at 270 epochs.

*  OS-ELM: We also apply one single hidden layer to the training algorithm for all cases. Due to the
strong seasonality in the workload, 1-hour OS-ELM models are constructed simply with 48 input
neurons and 35 hidden neurons for all cases, while these hyperparameters of 10-minute OS-ELM
models are varied case by case.
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In order to confirm the variants of resulting models due to the random initialization in ML
techniques as well as to establish a confidence in the collected models, we execute 10 runs on each com-
bination of a technique and a data chunk, i.e., 10 variants of model are collected for each combination,
and then utilize all these variants to perform predictions. Note that all the runs are executed in servers
with the same configuration and without GPU support, which are deployed in a computer cluster. The
accuracy of every model is assessed based on the prediction results and illustrated through a typical
error metric, namely the symmetric mean absolute percentage error (SMAPE) which has been widely
used to evaluate the accuracy of regression models [49-51] and is given by:

sMAPE = Ly Wim Bl g0,
n & (il +13:1)72
where n denotes the size of the set of data points, and y; and #j; denote the observation and the
prediction at time i, respectively. Apparently, a small value of SMAPE indicates the high accuracy in
terms of the predictability of a model.

To summarize, each original dataset yields a corresponding result set comprising the trained
models, their predictions, prediction errors, and associated training and inference times. Accordingly,
we derive two result sets: one for the 10-minute dataset and another for the 1-hour dataset. Each
result set includes multiple models built on different training chunks, and due to space constraints, we
highlight only two representative subsets per result set for detailed analysis and comparison.

Specifically, we select two representative model groups: (i) the best-case models, consisting of one
top-performing model per technique (S-ARIMA, LSTM-based, and OS-ELM), and (ii) the worst-case
models, which exhibit the poorest performance among their respective types. For the 10-minute result
set, models built using the 3" and 10" data chunks, corresponding to [Mar-Apr 2018] and [Oct-Nov
2018], respectively, are shown in Figures 5 and 6. Similarly, for the 1-hour result set, the selected
models are the 15 and 9%, illustrated in Figures 9 and 10.

Each figure includes a full view of predictions across the test period (Figures 5a, 6a, 9a and 10a)
and a zoomed-in view (Figures 5b, 6b, 9b and 10b) to support more granular comparisons. To further
assess model accuracy and robustness, we present a summary of prediction errors across all models in
Figures 8 and 12, respectively. Additionally, the mean prediction error across 10 independent runs for
each model type is reported in Figure 13.
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Figure 5. Performance of the three 10-minute models in the worst scenario (data chunk of [Mar-2018 — Apr-2018])
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4.4.1. Performance Comparison within Each Modeling Technique

As illustrated in Figures 5, 6, 9, and 10, each dataset exhibits seasonality, yet distinct traffic patterns
emerge across different time periods. These variations in workload behavior validate our approach
of training models on smaller, time-localized data chunks rather than the full dataset, enabling more
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accurate short-term predictions. The figures also highlight noticeable performance differences among
models of the same type trained on different chunks. For instance, in the case of 10-minute models,
those trained on data from Mar-Apr 2018 consistently underperform compared to models trained
on Oct-Nov 2018, as seen in Figures 5 and 6. A similar trend is observed for the 1-hour models in
Figures 9 and 10. These discrepancies are further quantified through the prediction error metrics
shown in Figures 8 and 12.

Takeaway. The observed variability in workload behavior across different time periods, even within the same
seasonal cycle, supports the effectiveness of training models on time-localized data chunks. This approach enables
the models to better capture short-term dynamics and leads to improved prediction accuracy compared to training
on the full dataset.

4.4.2. Cross-Technique Performance Evaluation Across Modeling Methods and Training Data

To enable informed model selection for proactive scaling under diverse operational scenarios, it is
essential to compare models constructed using different prediction techniques and training data.

From the comparative illustrations in Figures 8, 12, and 13, it is evident that LSTM-based models
consistently outperform other techniques in most cases. Specifically, over 90% of the 10-minute and
1-hour LSTM models exhibit prediction errors below 6% and 7.25%, respectively. In contrast, OS-
ELM models show the highest errors among the three techniques, with prediction errors reaching
approximately 9% and 13% for the same proportions of models. While S-ARIMA models typically
deliver slightly lower accuracy compared to LSTM, they still produce reliable predictions with similarly
low error bounds and occasionally surpass LSTM in specific cases.

To visualize error variability across multiple runs and confirm model robustness, we adopt box
plots in Figures 8 and 12. Notably, SSARIMA models yield constant prediction errors across runs, as
expected from their deterministic statistical formulation that does not involve randomness during
training. In contrast, ML-based models exhibit variation in errors due to their stochastic training
process, i.e., each model is initialized with random parameters and optimized iteratively.

The dispersion in prediction errors is most evident in the 1-hour models: LSTM shows a narrow
error spread of 1.5%, while OS-ELM exhibits a broader spread of up to 5% (see Figures12b,c). These
bounds still indicate acceptable and consistent predictive performance, reinforcing the reliability of the
models for our use case.

Across all modeling techniques, the average prediction error remains below 8% in nearly all
configurations, with best-case errors dropping below 3% (see Figure 13). Consequently, both S-ARIMA
and LSTM emerge as suitable candidates for reliable workload forecasting in support of proactive
autoscaling. While OS-ELM exhibits higher error rates, its performance is still considered adequate in
scenarios where low-latency retraining or rapid adaptation to drift is prioritized, as discussed further
in the next section.

Although the 10-minute and 1-hour models are trained with different data granularities and serve

different objectives, a rough comparison reveals that 10-minute models tend to yield more accurate
predictions than their 1-hour counterparts when evaluated on similar-sized test sets. This may be
attributed to smaller fluctuations in workload within short time intervals, which reduce the deviation
between predictions and actual values, ultimately leading to lower error rates.
Takeaway. LSTM-based models offer the highest prediction accuracy across most cases, with S-ARIMA
delivering comparable performance in some scenarios. OS-ELM models exhibit slightly higher prediction errors
but remain within acceptable bounds for practical use. Overall, the results confirm that both statistical and
learning-based models can reliably capture workload patterns, with 10-minute models often outperforming
1-hour models due to finer-grained temporal resolution.

4.4.3. Training Time and Prediction Time of the Models

Besides the prediction accuracy, the training and prediction time of the model candidates are
two other key factors to be considered in our use case. In order to facilitate the comparisons on such
processing time among the models, we have collected all these measurements during our experiments
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and present them in Figures 7 and 11. Although such processing time certainly depends on the
configurations of the working machines, including e.g., CPU, GPU and RAM, we present our collected
results for a basic reference purpose. In this work, the processing time is measured and reported in
seconds. The prediction time shown in the figures is the total computing time required for making
all the 144 and 168 predictions using the 10-minute and 1-hour models, respectively. Note that in
case of S-ARIMA models this prediction time excludes the time required for the model tuning after
every prediction (as discussed in Section 4.3.4). In fact, from our experiments each of the model tuning
requires approximately 11 seconds and 4 seconds on average for each case of the 10-minute and 1-hour
models, respectively. Although the time for model tuning is quite significant compared with the
prediction time, for our use case it is still acceptable because we are considering and utilizing the
10-minute and 1-hour ahead predictions.

As illustrated in Figures 7a and 11a, model training time dominates the overall computational
cost across all evaluated techniques. Among the three, LSTM-based models exhibit the highest training
overhead, as expected, whereas OS-ELM demonstrates the fastest training performance. Specifically,
LSTM and Bi-LSTM models are approximately 15-20x and 40-80x slower than S-ARIMA in the
10-minute and 1-hour configurations, respectively.

For the 1-hour models, OS-ELM maintains a consistent training time of around 0.4 seconds
across all workloads, attributed to the use of a fixed hyperparameter configuration. In contrast, the
10-minute models involve varying hyperparameter settings, resulting in moderate fluctuations in
OS-ELM training time — from below one second to just over three seconds. Nonetheless, OS-ELM
remains significantly more efficient, with training times that are 40x to several hundred times lower
than those of the corresponding S-ARIMA models.

A notable observation in Figure 11a concerns the training time of the first two 1-hour S-ARIMA
models, both trained on data chunks of nearly identical size (2,880 samples). Interestingly, a single-
parameter increment in the non-seasonal auto-regressive component and the seasonal moving-average
component results in the first model requiring approximately 10x longer training time than the second.
A similar effect explains the comparatively short training time of the fifth model. In contrast, this
sensitivity to model hyperparameters is not evident in Figure 7a for the 10-minute models, even when
trained on significantly larger datasets (over 8,000 samples). Notably, due to the increased training
data volume, the average training time for 10-minute models is approximately 6-8 x longer than that
of 1-hour models —excluding the aforementioned 1-hour models with unusually low training times.

Across both the 10-minute and 1-hour model sets, prediction times remain relatively consistent
within each model type, as each model applies a fixed amount of computation per prediction. As
shown in Figures 7b and 11b, Bi-LSTM incurs roughly twice the prediction time of standard LSTM
models. This is attributed to the bidirectional architecture, which nearly doubles the computational
effort, despite producing fewer predictions (144 for 10-minute models) compared to LSTM (168 for
1-hour models).

The reduced number of predictions in the 10-minute models also contributes to the lower overall

prediction times observed for SSARIMA and OS-ELM in comparison to their 1-hour counterparts.
Notably, Figure 11b reveals that the prediction time of each S-ARIMA model exceeds that of the
corresponding LSTM model. This suggests that a single inference step in LSTM, primarily involving
activation through one hidden layer, requires less computation than the statistical forecasting step in
S-ARIMA.
Takeaway. Among the evaluated models, OS-ELM consistently demonstrates the fastest training and prediction
times, positioning it as highly suitable for scenarios requiring rapid adaptation or addressing concept drift.
Its minimal training overhead (often over 40x faster than S-ARIMA and orders of magnitude faster than
LSTM-based models) facilitates efficient model updates without significant delay. In contrast, while LSTM and
Bi-LSTM offer strong predictive capabilities, their higher training costs may limit responsiveness in real-time
settings demanding frequent retraining.
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5. Resource Allocation

Workload models provide understanding about the application workload characteristics and
behaviors, hence being able to be utilized to provide workload predictions as demonstrated in the pre-
vious section. With mechanisms of workload-to-resource transformation, such workload predictions
in turn can be used to estimate and/or compute resource demands of the applications beforehand
so as to enable the proactive resource allocation — a key functionality required for the realization of
proactive application auto-scaling or system elasticity. This section presents a layered architecture of
our workload prediction framework realizing the workflow shown in Figure 3, a workload-to-resource
transformation model, and describes the incorporation of all the above constructed models in order
to form a workload predictor serving the auto-scaling component or the application autoscaler with
workload predictions. A discussion on the execution of each model under particular scenarios is also
revealed.

5.1. Prediction Framework

Figure 14 illustrates the architecture of our prediction framework consisting of various com-
ponents structured in five layers, which constitutes a foundation of the auto-scaling system for the
CDN. An automation loop is defined to control the operations of the components so as to automatically
construct and update workload models and serve requests for workload predictions. Components in
three lower layers dealing with data analysis and modeling are implemented using Python because of
feature-rich libraries, both built-in and add-on, attached to its API. The predictor, the autoscaler, and
their supporting components in the upper two layers are implemented using Java to be compatible
and fully integrated with an automated system for reliable resource provisioning built in RECAP [52].
Below are further details of each layer and its functional building blocks.

e Data: the bottom layer of the framework includes a data storage realized by an InfluxDB*
where collected workload time series from the CDN are persisted and served. The workload
characterizer and the EDA are two functional blocks outside the automation loop, which are
executed manually to prepare complete usable workload datasets and to serve workload modelers

with datasets, features, and parameter settings or model configurations.
*  Modeler: the layer incorporates the workload modelers realized using different techniques

and algorithms offered through Python modules and APIs, including S-ARIMA (in statsmodels®

module [53]), LSTM and Bi-LSTM (in Keras®) and OS-ELM.
e  Service: this service layer accommodates the workload models provided by the modeler layer.

Each model is wrapped as a RESTful service, and then served its clients through a REST API

implemented using Flask-RESTful’.
*  Predictor: the key component of this layer is a workload predictor built upon a set of service

adapters facilitating access to the corresponding prediction services running in the lower layer.
The adapter is interfaced with the underlying REST API through blocks enabling configuration

and connection establishment.
¢ Client: the layer hosts client applications (e.g., the autoscaler and particular application optimiz-

ers) querying and consuming the workload predictions generated by the underlying predictor.
There is a management and orchestration (MO) subsystem designated to allow users or operators
to configure, control, manage and orchestrate the operations as well as the life cycle of compo-
nents within the framework. This MO is running across two top layers in order to synchronize
the operations between clients and the predictor and to adapt the requirements of clients to the
configuration and/or the operations of the predictor.

https:/ /www.influxdata.com
https:/ /www.statsmodels.org
https:/ /keras.io

https:/ /flask-restful.readthedocs.io
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Components in the modeler, service and predictor layers constitute the core of the automation
loop. Each workload modeler in the modeler layer is designed to be able to construct different
models using different datasets, including the 1-hour and 10-minute datasets retrieved from the data
storage, and various data features and parameter settings recommended by the process of workload
characterization and EDA. The automation loop requires the CDN system to be continuously monitored
for a regular workload data collection so as to enable refreshing the constructed models with recent
workload behaviors. Accordingly, after producing initial workload models based on historical data,
the modelers are responsible for periodically updating the models with new data at run-time based on
given schedules.

Application | )
Autoscaler u Client
n Configuration _
Service Adapter Predictor
Connector
‘ REST API
[ l [ [ Service
S-ARIMA LSTM Bi-LSTM OS-ELM Modeler
e
Workload Data
Storage Characterizer

Figure 14. An architecture of the workload prediction framework

To flexibly serve requests for workload predictions from applications of different type and/or
running on different platforms, the models are encapsulated according to the microservice architecture
[54] and then exposed to clients through a REST API Gateway implemented in the service layer. On
top of the service layer, an (predictor) adaptation layer is proposed with a predictor providing client
applications with predictions retrieved from the underlying services. A predictor is designed and
customized so as to serve every client request with an aggregated value of predictions retrieved from
an ensemble of a set of prediction models. Configurations for such an ensemble are established through
the MO.

For the sake of simplicity and transparency in the utilization of the underlying prediction ser-
vices, a set of service adapters is implemented to provide native APIs in order to accommodate the
implementation of the aforementioned main predictor as well as any client applications or even any
other versions of a predictor demanding workload predictions from any single model or any ensemble
of the models. Note that there could be multiple predictors implemented in this predictor layer using
different technologies (Python, Java, etc.) and/or different configurations for the model ensemble.
Accordingly, various sets of adapters are also provided. It is obvious that the adoption of microser-
vices and the adaptation layer in the proposed architecture of our prediction framework enables the
extensibility and adaptability of the framework to the arrival of new client applications as well as new
workload models.
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5.2. Workload Model Execution

It is observable that the constructed models come with different characteristics, costs and perfor-
mances. The performances of the models are also fluctuated for different training datasets. Leveraging
every single model or some ensemble of these models to achieve accurate predictions in different
conditions under different scenarios is really needed. This work aims at a proactive auto-scaling
system which highly relies on short-term workload predictions. Accordingly, there comes a need for
the model selection procedures which can exploit the models’ accuracy, but must be simple, fast and
low complexity. In this section, we discuss the usage of the constructed models in general while the
decision on the model selection and implementation for real cases is left to the realization of predictors.
It is worth noting that the below illustration is obtained from the models for our CDN use case, but the
discussion is generally applied to any scenarios of using our workload models.

Because of the low prediction error rates, S-ARIMA and LSTM-based models are two candidates
to be used as the single model for predictions in most of the cases. One simple but practical approach
is to randomly select one model to use at the beginning, and continue measuring the error rates of
the two models for a fixed number of prediction steps, and then switch to use the one yielding lower
prediction errors. Such a switching between models is performed during life cycle of the two models
before new models are constructed and ready to use. Note that the approach is applied to every pair
of models constructed using the same training dataset.

The approach of leveraging an ensemble of workload models also takes S-ARIMA and LSTM-
based models into consideration. The simplest method is to apply aggregated functions computing
the minimum, maximum or average value of the predictions obtained from the two models. This
logic is implemented within the predictors so as to return the aggregated value as the workload
prediction to the autoscaler. Taking the maximum value implies the acceptance of some degree of
resource redundancy, hence highly likely minimizing the service-level agreement (SLA) violations.
Contrarily, taking the minimum value brings advantages in resource saving which is crucial for
resource-constrained EDCs. For those reasons, an assessment on the trade-off between the resource
cost and the penalty for SLA violations is needed to flexibly make decision on which predictors to be
used in real scenarios.

Another simple aggregation method that we aim to implement in the framework is to adapt the
workload prediction computation to the continuous evaluation of the error rates of the two models
over time. Specifically, a weighted computing model is applied to perform a linear combination of the
sets of predictions provided by the two models together with corresponding weighting coefficients.
Coefficients are adaptively adjusted based on the error rates of the models. Note that we target at a
simple and fast mechanism of coefficient adjustment for our use case of an auto-scaling system in this
work. Let wj and w}* denote the predictions given by the S-ARIMA and LSTM-based models at time
t, respectively; and ¢} and c}' denote the coefficients applied to the corresponding predictions. The
workload prediction w; produced by the ensemble model is given by:

wy = wjc; + wy'ct!
wherec; +cf' =1,¢; =1~ a5 +t o and ¢/ =1- Ei%, where ¢} and e} are the mean absolute
error (MAE) of the S-ARIMA and LSTM-based models respectlvely, and the MAE is measured as the

difference between the predictions and the actual observations, which is given by:
1 n
MAE = W Yo Y- — el
i=1

where y;_; and 7;_; denote the observation and the prediction at time (¢ — 7) respectively, and 7 is the
number of prediction steps to be considered.

Apparently, this weighted computing model simply gives a higher significance to a model
that performs better than the other on average in the past n prediction steps, hence the greater
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weight/coefficient. Figure 15 illustrates the results obtained by our ensemble model leveraging on
such a weighted computing model for two different scenarios that have been presented above in
Figures 9 and 10. Table 1 shows the prediction errors of the two selected individual models and the
ensemble model with n = 1 for all the aforementioned cases.

Table 1. Prediction error (SMAPE) of the models

. 10-minute models 1-hour models
Scenario
S-ARIMA Bi-LSTM Ensemble S-ARIMA LSTM Ensemble
Best 2.60 2.04 2.02 3.82 3.79 3.17
Worst 11.00 9.55 9.98 8.09 6.77 6.44

1e11 le1l
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Figure 15. Performance of the 1-hour ensemble model

Because the gaps in terms of the performance of LSTM-based and S-ARIMA models are quite
small, no significant improvement is achieved by the ensemble model. Nevertheless, the ensemble
model is applicable with an acceptable performance in different cases. In the worst scenario of
10-minute models, the ensemble model fails to leverage the great performance of Bi-LSTM, hence
producing the higher error rate than the single Bi-LSTM. This shows that in the cases of highly
fluctuating workload the selected models (S-ARIMA and LSTM-based) alternately outperform each
other. It is thus recommended to stick to the LSTM-based models, which yield the best performance in
most of the cases, instead of using the proposed ensemble model for decision making support.

Predictive models, especially ML models, suffer the performance degradation in terms of the
prediction accuracy due to various reasons, namely model drift, during their life cycle [55-57], thus
require a periodic re-construction after some time periods when new datasets are collected or a
unacceptable accuracy, defined by the the applications or business, is observed in prediction results. In
such a case, due to a long training time (see Figure 7a and 11a) and the requirement of a large dataset
for accurate modeling, LSTM-based models could be disqualified from the ensemble. In other words,
we can switch to use the single S-SARIMA model until a new qualified LSTM-based model is ready to
be added to the ensemble. Note that besides the relative low training time, our S-SARIMA models are
updated with new observations if existed right after producing every prediction, hence having a high
possibility to retain a longer life cycle than LSTM-based models.

Because of the lowest accuracy, OS-ELM models are the last option when the S-ARIMA and LSTM-
based models are unavailable for some reasons. In addition, OS-ELM models come with extremely
low training time and decent degrees of accuracy represented by a below 9% (for 10-minute models)
and 13% (for 1-hour models) error rates in most of the cases, hence suitable for applications without
strict constraints in workload prediction or resource provisioning. Capable of online learning, OS-ELM
models are refreshed with new observations during their life cycle, i.e., no need for a re-construction.
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Therefore, with the acceptable error rates OS-ELM models could be an appropriate candidate for
near real-time auto-scaling system that requires workload predictions in minutes; or at least there
are still some gaps in time for OS-ELM models to be utilized, for example, when both S-ARIMA and
LSTM-based models are under construction or in their updating phases.

Takeaway. Effective model selection and combination strategies are critical for reliable short-term workload
prediction in dynamic environments. While LSTM-based and S-ARIMA models provide high accuracy, their
performance may fluctuate across datasets. A lightweight ensemble approach, e.g., weighted averaging based on
recent error history, offers robustness with minimal complexity. In highly volatile settings, sticking with LSTM
may be preferable. For real-time adaptability during model retraining or drift, OS-ELM serves as a fast, low-cost
fallback, enabling continuous prediction with acceptable accuracy.

5.3. Workload to Resource Requirements Transformation and Resource Allocation

To accomplish the autoscaler in our framework, a model of workload to resource requirements
transformation is required to compute the amount of resource needed to handle certain workload
at specific points in time. This model is realized as the key logic in the autoscaler, and the results in
terms of the amount of resource produced by the autoscaler is enacted through a resource provisioning
controller of the caching system of the CDN operator. The core of the model is a queuing system
derived from our previous work presented in [34]. In this model, the amount of resource represents the
number of server instances to be deployed in the system by the controller. This work aims at a simple
model only for an illustrative purpose, i.e., a demonstration of the applicability and feasibility of the
constructed models as well as the proposed framework, because at the moment it is impossible to
obtain a full system profiling and fine-grain workload profiles from production servers of any CDNSs,
inclusive of BT CDN.

5.3.1. System Profiling

Video streaming services including video on demand and live video streaming are forecast to
dominate the global Internet traffic with about 80% of the total traffic [58,59]. Among them, Netflix
and YouTube are the two popular large streaming service providers in the world which leverage
CDN:s to boost their video content delivery [60,61]. Accordingly, for the sake of simplicity in our
workload-to-resource modeling, we assume that the collected workload data in this work represents
the traffic generated by caches when serving video contents to users via streaming applications or
services. Therefore, most of parameter settings utilized in our model are derived based on the existing
work of application/system profiling and workload characterization of these two content providers.
As shown in [61], the peak throughput of a Netflix server is 5.5 Gbps, which is assumed to be the
processing capability of a server instance of our considered CDN. Note that this is the throughput of
a catalog server that could be lower than the one of a cache server deployed in Netflix or any CDN
providers nowadays.

In addition, existing work including [61-63] pointed out that these two content providers adopt
the Dynamic Adaptive Streaming over HTTP (DASH [64,65]) standard in their systems. With DASH, a
video is encoded at different bit rates to generate multiple “representations” of the video with different
qualities in order to adaptively serve users using various devices and attached to network infrastruc-
tures with different qualities in terms of speed, bandwidth, throughput, etc. Each representation is then
chunked into multiple segments with a fixed time interval, which are fed to the user devices. A user
device downloads, decodes and plays the segments one by one; and such a segment is considered as a
unit of content to be cached at CDNs. There have been different implementations of the time interval
in commercial products, for example, 2 seconds in Microsoft Smooth Streaming and Netflix system
and 10 seconds in Apple Inc. HTTP Live Streaming as shown in [66,67]. For our workload-to-resource
modeling, we utilize the time interval of 2 seconds for every segment cached and served by the CDN.
Moreover, recent years has observed the growing popularity of high-definition (HD) contents that
require high bit rate encoding. Thus, this paper assumes the video contents served by the CDN are
with 1080p resolution (i.e., Full HD contents), hence, encoded at 5800 Kbps as per the implementation
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of Netflix [68]. This means in our model the size of a segment is 11.6 Mbits. With the throughput of 5.5
Gbps, the estimated average serving time per segment is about 2.1 msec.

Studies on user experience show that a below 100 msec server response time (SRT) gives users
a feeling of an instantly responding system and is required by highly interactive games including
first-person shooter and racing games [69-71]. Assuming BT CDN serves the video contents to users
in the UK and around Europe with a requirement of high quality of service, i.e., an approximately
100 msec SRT. With the network latency of about 30 — 50 msec on the Internet throughout a continent
[69,72], by neglecting other factors, e.g., client buffering, TCP hand-shaking and acknowledgements,
we roughly estimate the acceptable limit of the serving time per segment at 50 msec for a server
instance in our model. In case the segments are served by a CDN’s local (edge) cache located closer
than 100 miles away from the users, with the network throughput of 44 Mbps estimated by Akamai
[35], time for a user to download a segment is estimated at 264 msec. To ensure every next segment
arrives at the user device within 2 seconds, the upper limit of the serving time can be relaxed to
1700 msec, assuming requests for the segments received by the cache server before the segments are
processed and returned. Note that longer acceptable serving time indicates a low resource demand.
Therefore, it is worth considering such a high limit of serving time because this is practical for CDN
operators in the sense that the local cache utilizes the edge resource which is costly and limited. All
these parameter settings are summarized in Table 2.

Table 2. Parameters used in the workload-to-resource model.

Parameter Value Description

Core server instance

Ts 2.1ms Average serving time

T 50 ms Maximum acceptable serving time
Edge server instance

Ts 21 ms Average serving time

T 1700 ms Maximum acceptable serving time

5.3.2. Workload-to-Resource Transformation Model

The model is constructed to estimate the number of server instances required to serve the arrival
workload with an aim at securing predefined service-level objectives (SLOs), e.g., the targeted service
response time or the service rejection rate. All server instances at a certain DC are assumed to have the
same hardware capacity, hence delivering the same performance. It is also assumed that at any given
time there is only one request being served by a specific instance, and the subsequent requests are
queued. To this end, a caching system at a DC is modeled as a set of m instances of M/M/1/k/FIFO
queues, where m denotes the total number of server instances. Let T, and T; be the acceptable
maximum service response time defined by the SLOs and the average response time required to
perform a single request in a server instance, respectively; and let k denote the maximum number of
requests that a server instance can admit under a guarantee that they are served within an acceptable
serving time, then k is given by: k = LTT—’:J

Besides the predefined SLOs, from the infrastructure resource provider’s perspective, the average
resource utilization threshold is also defined, above which the resource utilization of a cache server
in constrained to remain. This threshold is set to 80% in our experiments. The given values of the
threshold together with the workload arrival rate and the current number of available server instances
are the inputs to the transformation model in order to estimate the desired number of instances that
should be allocated for each time interval using the equations defined for the M/M/1/k queue [73].

5.3.3. Experimental Results

We conduct experiments in two scenarios with different configurations of server instances pro-
vided by the underlying infrastructures to the CDN. Specifically, the caching server system is assumed
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to be deployed in a high-performance core DC or in a low-performance edge DC with limited resource
capacity. Capability of server instances in corresponding DCs is illustrated through parameter settings
defined in Table 2.

Figure 16 illustrates the estimation of resource demands under two aforementioned parameter
settings according to the workload observed from cache servers at the monitored network site of
BT CDN. It is observable that in order to serve the same amount of workload, thanks to the high
performance equipment, the number of server instances allocated in the core DC (below 50 instances)
is significantly lower than that of the edge DC (up to approximately 360 instances). Figure 17 depicts
the resource estimation, in terms of the number of server instances, based on the workload prediction
results made by the 1-hour ensemble model (shown as resource allocation through the blue line) and
its counterpart corresponding to the real observed workload (shown as resource demand through
the red line) within the same time period. Resulted from the highly accurate predictions given by
the proposed model, the estimated resource allocation, shown in Figure 17, enables the auto-scaling
system to elastically provision an amount of resources closely matched the current resource demands
in a proactive manner.
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Figure 16. Workload-to-resource transformation

Experimental results also show under-provisioned and over-provisioned states of the auto-scaling
system at some points in time, illustrated through Figure 17, where the number of allocated server
instances is lower and higher than the actual demand, respectively. Due to the workload prediction
models always come along with certain error rates, i.e., it is impossible to obtain 100% accurate
predictions all the time, such deviations between the resource demand and the resource allocation
are inherently inevitable. However, the deviations obtained from our experiments are insignificant,
thus do not induce any noticeable impact to the system’s reliability. To confirm this argument, we
further collect the service rejection rates from the experiments. Figure 18 illustrates the average service
rejection rates according to the resource allocation behaviors under experimental scenarios with core
DC and edge DC settings. In general, the observed average rejection rates are pretty low, just up to
approximately 1% and 0.001% corresponding to the use of server instances in the core and edge DCs,
respectively. Such low rejection rates prove the efficiency and reliability in resource allocation of the
auto-scaling system, which once again confirms the high prediction accuracy of our predictive model.
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Figure 18. Service rejection rates

Given the same targeted server utilization, the caching system at the edge DC allocates many more
server instances than the one at core DC as discussed above. With such a high number of allocated
server instances, the edge-DC caching system can obviously serve many more requests simultaneously,
resulting in a lower service rejection rate. In essence, the service rejection rate is proportional to,
but conflicts with the server utilization [8,34], because the expectation usually includes a high server
utilization together with a low rejection rate; hence, one would sacrifice the service rejection rate
to improve server utilization, and vice versa. As evident through the experimental results in both
scenarios, our autoscaler persistently guarantees a predefined high server utilization at 80% while
retains such low service rejection rates. This facilitates an efficient and reliable caching system or the
overall CDN system. With the cheap and “unlimited” resources at the core DCs, the service rejection

rate of a CDN system deployed at such a core DC can be improved by lowering the targeted resource
utilization, i.e., a provision of a larger number of server instances.

Takeaway. A lightweight queue-based transformation model effectively bridges workload predictions to resource
allocation decisions, enabling accurate and efficient autoscaling. Despite using simplified profiling assumptions,
the model delivers close-to-optimal provisioning for both edge and core CDN environments, as evidenced by low
service rejection rates (< 1%). This demonstrates the practical viability of combining predictive modeling with
queue-theoretic resource estimation in latency-sensitive, resource-constrained caching systems.
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6. Discussion

While the evaluated models, particularly LSTM-based and S-ARIMA, demonstrate strong predic-
tive accuracy across most cases, especially with 10-minute datasets, occasional performance degrada-
tion is observed under highly volatile workload conditions (e.g., Figures 5 and 9). These cases highlight
the limitations of current models in capturing abrupt shifts and suggest that more sophisticated
techniques, such as deep neural networks or ensemble-based methods, could enhance robustness.
However, any gains in accuracy must be carefully weighed against the additional computational and
operational overhead these methods introduce.

In practice, large-scale distributed systems like CDNSs frequently contend with workload and
concept drift in operational data streams [11-13]. While “offline” ML models consistently yield
higher predictive accuracy in most scenarios (particularly those with strong seasonality and recurring
patterns), their performance can degrade over time due to this drift. Maintaining their reliability,
therefore, requires periodic retraining, which often incurs significant computational overhead and delay.
This highlights the complementary strengths of online learning. Among the evaluated techniques,
OS-ELM emerges as a particularly compelling candidate due to its ability to retrain quickly and deliver
low-latency predictions with minimal overhead. These properties make it well-suited for highly
responsive resource management scenarios, such as autoscaling containerized CDN components (e.g.,
vCaches), where sub-minute provisioning decisions are critical.

In addition to short-term forecasting, this work also initiates an exploration of long-term workload
prediction, spanning months to years. Long-term prediction is required by multiple use cases and/or
stakeholders including BT in our large RECAP® project [52] in order to accommodate the future
resource planning and supplying in both hardware and software. Our current approach is to apply
S-ARIMA to different resampled datasets with monthly or yearly interval. Results require further
evaluation from stakeholders for a longer time, hence, are not presented in this paper. LSTM could
also be a candidate, but building LSTM models using a large dataset or the entire collected dataset is
extremely time-consuming and out of the scope of the paper, hence subject to the future work.

As observed from Section 5.3, we are using a coarse-grained model/profile of a service system
together with various assumptions in our estimation of the resource demands. Even though the
assumptions have been made based upon existing studies on real applications/systems, our estimation
can be considered as a basic reference for limited and specific cases in which resources are homogeneous
and no diversity in traffic is experienced. Nowadays, every CDN system accommodates a mix of
content services such as web objects and applications, video on demand, live streaming media, and
social media hence its workload includes different types of traffic. Therefore, more complex and
fine-grained models are required. To meet this requirement, more effort has been put on collecting data
deep inside heterogeneous computing systems in cloud-edge environments to build such fine-grained
system profiles of the CDN as well as its workloads so as to achieve more accurate estimations in
resource demands. Moreover, we are aiming at an extension of our work to cover the modern 5G
communication systems sharing similar properties with the CDN, for instance, the support of different
types of traffic and the use of heterogeneous resources in cloud-edge computing.

7. Conclusions

Proactive resource allocation enables systems to anticipate workload fluctuations and provision
resources in advance, offering significant advantages over reactive approaches in terms of latency,
availability, and cost-efficiency. These benefits are especially critical in cloud-edge environments, where
heterogeneous infrastructure and geographically distributed deployments introduce new challenges
for elasticity and resiliency.

This paper presents a practical framework for predictive autoscaling, grounded in real-world
CDN traces. We rigorously evaluate several forecasting models - statistical (S-ARIMA), deep learning

8 https:/ /recap-h2020.github.io/
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(LSTM, Bi-LSTM), and online learning (OS-ELM) — and demonstrate that models such as LSTM
and S-ARIMA can effectively capture seasonal and temporal workload patterns, while maintaining
acceptable training and execution times. Importantly, OS-ELM offers a low-latency, low-cost alternative
with online learning capability, making it a valuable fallback when heavyweight models are under
training or inapplicable due to changing workloads. Predicted workloads are translated into resource
requirements using a queuing-theoretic model, enabling timely and accurate provisioning of CDN
cache servers. Experiments show that the resulting autoscaling achieves low rejection rates (< 1%)
while maintaining high resource utilization, even under edge resource constraints.

The proposed framework has also been integrated into the RECAP [52] architecture, where it
supports predictive resource provisioning in distributed cloud applications, demonstrating its practical
feasibility and adaptability across deployment settings.
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