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Abstract

In the digital era, cloud-based video transcoding services are essen-
tial for platforms like Netflix and YouTube, relying on virtual ma-
chines for efficient processing. While prior research has primarily
explored performance evaluation, limited attention has been given
to the resilience of these services against emerging disruptions.
This paper aims to predict the processing rate of video transcod-
ing services to evaluate the resilience of small, medium, and large
VMs within a cloud environment by applying four regression mod-
els. Findings reveal that a mixed regression model incorporating
covariates, their interactions, and polynomial terms provides the
most accurate prediction of performance and resilience. Among the
VMs, the small VM exhibits the highest resilience, sustaining robust
performance across varying conditions, with mean time to failure
identified as the key factor in its sustained operation. These insights
underscore the significance of predictive models for forecasting re-
silience, supporting proactive decisions for preventive maintenance
and fault-tolerant design to reduce cloud service downtime.
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1 Introduction

Cloud computing [6] is essential for modern video transcoding
services, allowing users to seamlessly convert multimedia files into
various formats for streaming platforms, social media, and other
applications. Companies like Netflix, YouTube, and Amazon Prime
rely on these cloud-based solutions to efficiently manage the large
volumes of content processed daily. Virtual machines (VMs)[17] are
extensively employed in cloud environments for video transcoding
due to their flexibility and scalability, allowing them to effectively
meet dynamic demands. However, VMs are susceptible to a variety
of failures[14], such as hardware breakdowns, software glitches,
network disruptions, and cyberattacks. In the event of such failures,
the mean time to repair (MTTR) remains a crucial factor in main-
taining overall service resilience, as prolonged repair times can lead
to significant delays and disruptions in transcoding operations.
Previous research on video transcoding services has explored
the influence of various factors such as cloud platforms [10, 18], net-
work conditions [16], CPU bottlenecks [4], and service demand [3]
on response time. More comprehensive analyses have also been
conducted using predictive models for load balancing [5] or for
reliability and availability optimization [8] to enhance transcoding
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time. While these studies have contributed significantly to cloud
computing evaluation, they often overlook the combined effects
of factors such as VM variability, dynamic arrival times, and the
mean time to failure (MTTF) and MTTR on system performance.
Moreover, resilience assessments in existing research lack predic-
tive capabilities to dynamically forecast performance preserved and
lost under adversarial conditions. This gap underscores the need for
a more holistic approach that integrates dynamic resilience evalua-
tion to better anticipate and mitigate potential service disruptions.

This paper addresses this gap by applying regression models
to predict the performance of video transcoding services across
three distinct VM types (small, medium, and large) under varying
conditions, evaluating their resilience in adversarial scenarios. We
simulate diverse service request arrival times and alter MTTF and
MTTR values to emulate realistic cloud computing environments,
estimating the processing rate for each scenario. To model service
performance, we utilize multiple linear regression (MLR), multiple
linear regression with interaction (MLRI), polynomial regression
(PR), and mixture regression (MR). These models are employed
to calculate resilience metrics, enabling resilience forecasting that
can guide decision-making for optimal resource allocation and
enhanced service availability.

The remainder of this paper is organized as follows: Section
2 gives a background on cloud-based video transcoding services.
Section 3 describes resilience engineering and common resilience
metrics. Section 4 presents the regression models to predict sys-
tem performance. Section 5 illustrates the proposed modeling ap-
proaches. Section 6 discusses the findings and future research plans.

2 Cloud-Based Video Transcoding Services

Video streaming [20] has become a fundamental part of modern
internet usage, powering platforms like YouTube, Netflix, Amazon
Prime, and many others to deliver high-quality media content to bil-
lions of users worldwide. To ensure smooth playback across a wide
range of devices—including smartphones, tablets, smart TVs, and
desktops—and to adapt to varying network conditions, a process
known as video transcoding is employed. This process is crucial
for converting raw video files into multiple formats, resolutions,
and bit rates to meet the technical specifications of each device
and ensure optimal viewing quality. Given the immense volume of
video content generated daily, from user-created videos to feature-
length films, performing transcoding locally is often impractical
and inefficient. Cloud computing [6] provides an ideal solution to



this challenge, offering scalable and flexible infrastructure capable
of managing the intensive workloads involved in video transcoding.

One of the key components of cloud computing infrastructure
is [17] the VMs, which are isolated virtualized environments that
run on shared physical hardware, offering the flexibility to perform
various computing tasks. In video transcoding, VMs are assigned
to process the video streams by encoding them into the neces-
sary formats. These VMs come in small, medium, and large sizes,
each with varying computational power, memory, and storage ca-
pabilities. A small VM might be sufficient for transcoding a short,
low-resolution video, whereas a large VM would be required to pro-
cess high-definition or 4K content. Once a service request for video
transcoding is submitted, the cloud provider allocates a suitable VM
based on the workload, and the VM transcodes the video into the
requested format. Upon completion, the video is sent back to the
user for streaming or download. The performance of this process
depends heavily on the VM’s capabilities and the speed at which
it can process and deliver the transcoded video, which determines
the overall response time.

However, like any computing system, VMs are susceptible to
failures, which can arise from hardware malfunctions, software
crashes, or network interruptions, leading to disruptions or de-
lays in the video transcoding process. Moreover, the MTTF and
MTTR are critical factors that affect the availability and reliability
of transcoding services. Prolonged downtime can lead to significant
delays, negatively impacting the user experience. Therefore, it is
crucial to assess the resilience of VMs, focusing on how quickly
they can recover from failures and continue delivering content.

3 Resilience Engineering

Resilience [7] is the ability of a system to continue providing ser-
vices during degraded operations and to rapidly recover high per-
formance after experiencing such degradation. The concept of per-
formance varies depending on the domain, but it is typically under-
stood as the system’s ability to meet its goals. For example, in the
context of video transcoding services, resilience can be measured
in terms of response time, which is the time it takes for the system
to process and return a video. When a system experiences failures
such as hardware issues or network slowdowns, the response time
may increase, indicating a degradation in performance. Resilience
may then be measured by how well the system can minimize this
increase in response time during the failure and how quickly it can
restore normal processing speeds once the issue is resolved.

Figure 1 illustrates changes in performance over time, including
a canonical resilience curve (solid line) with four key stages [11]:
(i) preparing to preserve performance in case a disruption occurs at
time t4, (ii) absorbing the disruption to maintain functionality until
reaching a performance minimum at time tpin, (iil) recovering
to a new steady-state performance at time f,, and (iv) adapting
processes and designs to enhance future resilience. Additionally,
Figure 1 highlights two other trends commonly seen in real-world
scenarios: improved performance (dashed line) and more complex
degraded performance (dotted line) resulting from multiple shocks.
In systems such as cloud computing, multiple shocks frequently
occur, where disruptions might cascade across components and
amplify the negative impact on overall performance.
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Figure 1: Conceptual resilience curve.

To quantify system resilience and summarize performance over
time, resilience metrics [1] have been proposed to evaluate how
a system performed during past disruptions. These metrics are
usually computed using historical data, which helps engineers and
decision-makers to (i) improve future designs by addressing known
vulnerabilities, (ii) develop strategies for likely disruptions, (iii) set
resilience goals and policies, and (iv) enhance communication and
coordination for faster responses. The most common metric used
for resilience assessment is the performance preserved (PP) [2]

PP - rr P(t)dt (1)

tq

which measures the area under the curve between the disruptive
time t; and the recovery time ¢,, computing the cumulative perfor-
mance P over time, where higher values are preferred. The perfor-
mance lost (PL) is also commonly computed to measure the area
above the curve [19] as

PL = P(t)(tr — tg) - jt’ P(t)dt )

tq

which represents the accumulated performance lost during recovery
periods, and therefore, lower values are preferred.

In the context of cloud-based video transcoding service, these
metrics can be applied predictively by setting t; as the expected
time for a system disruption, such as a VM failure or network issue.
Similarly, ¢, is defined as the estimated time when the system is
expected to fully recover and resume normal video transcoding op-
erations. This allows for proactive resilience assessment, predicting
performance loss from shocks of varying intensity and estimating
performance recovery based on specific actions taken, which helps
to minimize downtime and ensure continuous service availability.

4 Predictive Models

Regression models [9] are statistical techniques well-suited for pre-
dicting the performance of cloud-based video transcoding by cap-
turing the relationship between input variables, such as workload
characteristics, and output performance metrics, such as the pro-
cessing rate reflecting how quickly a single service request can be
completed by a VM. Models based on regression techniques applied
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in resilience assessment [13] include (i) multiple linear regression,
(if) multiple linear regression with interaction, (iii) polynomial re-
gression, and (iv) a mixture of these three techniques, where the
residuals are assumed to be normally distributed.

Multiple linear regression (MLR) predicts the performance P of
VMs based on its linear relationship with explanatory factors as

P(imrr = Po + >, BiX;j(i) (3)
=1

where fy is the baseline change in performance, X;(i), X2(i),. .
Xm(i) are the m covariates representing the factors impacting VMs
performance such as MTTF, MTTR, and arrival time, and f1, f2,. . .,
Pm are coefficients characterizing the intensity of these covariates.
Multiple linear regression with interaction (MLRI) models the
performance of VMs based on the interaction between covariates

PGi)merr = Po + D BiXi() + > > BiameryXi(DXi(D)  (4)
j=1 =1 k=j+1

where Bk is the coefficient characterizing the intensity of the
interaction between covariates X; and Xj.

Polynomial regression (PR) characterizes the performance of VMs
based on their linear relationship with covariate X of degree j

w m
P(iypr = Po + D) > Bjj+k Xk (@Y (5
Jj=1k=1
where o is the maximum degree of the polynomial and ;. is
the impact of the covariate on performance.
Mixture regression (MR) models the performance of VMs by com-
bining the other three regression methods discussed above

P(i)yR = ﬂ0+z Z BimeipXj X)) + > D7 B X ()

Jj=1k=j+1 Jj=1k=1
(6)

which accounts for the individual effects of covariates, their inter-
actions, and polynomial degrees.

To estimate the numerical values of  parameters in the models,
least squares estimation (LSE) [12] is used. This method identi-
fies parameter values that minimize the difference between the
actual performance P data and the predicted P data in each time
interval i, using a portion of the actual data for model fitting. To
validate and compare the model’s performance on a given dataset,
goodness-of-fit measures [15] are computed. Common measures
include (i) root mean squared error (RMSE), which measures the
average magnitude of prediction errors during training, with lower
values indicating better model accuracy, (ii) predictive root mean
squared error (PRMSE), which evaluates the model’s prediction
accuracy on unseen data during testing to assess its generalizability,
and the (iii) adjusted coefficient of determination (rg dj)’ which ac-
counts for the number of predictors in the model to provide a more
accurate measure of how well the model explains the variability in
the data during training. In practice, no single model consistently
outperforms others across all metrics. As a result, model selection
often depends on subjective judgment, with preference given to

models that demonstrate lower errors and higher ri dj°

5 TIllustrations

This section evaluates the predictive models presented in Section 4
by comparing their ability to forecast the performance of cloud-
based video transcoding services using goodness-of-fit measures.
The regression models provide accurate predictions of individual
VM performance under varying conditions, enabling a detailed
analysis of response times specific to each machine type. This ap-
proach allows the assessment of the resilience of VMs, which might
guide the optimization of performance and resource allocation to
enhance overall video transcoding resilience.

Experiments were conducted by sending 50 individual service
requests, one at a time, to three distinct VMs (small, medium, and
large) while varying key factors such as request arrival time (AT)
between 5-15 seconds, MTTF, and MTTR. These factors served as
the respective covariates X1, X2, and X3 in the predictive models
and were adjusted according to rates found in the literature [14] to
enable a comprehensive analysis of how each machine responds
under different conditions. The response time (Resp. T) of each VM
was recorded, and the processing rate (Proc. R), computed as the
inverse of the response time, was used as the performance variable P
to be predicted by the models since it reflects how quickly each VM
can handle a service request. Table 1 provides an example of how
this data was structured to serve as input for the predictive models.
To optimize the regression models, the dataset was normalized by
dividing all values of each variable by its highest recorded value
across all intervals. Once model parameters were estimated using
the experimental data, forecasting the future performance of a
cloud-based video transcoding service became straightforward:
with knowledge of the MTTF, MT TR, and request arrival time for
the selected VM, the expected processing rate could be confidently
predicted using the model.

5.1 Example I: Model Fitting and Validation

Forward and backward stepwise selection procedures [9] were em-
ployed to identify the most relevant subset of covariates that best
characterized the data. This process involved iteratively adding or
removing covariates from a base model, as well as incorporating
interactions between covariates and varying polynomial degrees, to
improve prediction accuracy. The primary measure of improvement
was the PRMSE criterion, ensuring that each modification to the
model enhanced its predictive capability. The model development
followed these algorithmic steps: (i) Initially, regression models
with no covariates (or all covariates) were constructed. (ii) LSE was
then applied using random 50% samples of the data for training
models and estimate parameters, followed by computing goodness-
of-fit measures for model validation. (iii) The models were tested
to predict the remaining 50% of the data not used for model fitting
to assess the model’s predictive accuracy. (iv) Covariates were pro-
gressively added or removed until the minimum PRMSE value was
reached. This process was repeated until no further improvement
in PRMSE could be achieved by adjusting the covariates.

Table 2 presents the covariates (X), interactions between covari-
ates (denoted by an asterisk *’), and polynomial degrees included
in each model that minimized the PRMSE. For example, the optimal
mixture regression (MR) model that achieved the lowest PRMSE
for the small VM incorporated the three individual covariates X;



Silva et al.

Table 1: Input data for predictive models

Small VM Medium VM Large VM
Exp. (i) | AT (s) MTTF (h) | MTTR (h) | Resp. T (s) | Proc. R (s) MTTF (h) | MTTR (h) | Resp. T (s) | Proc. R (s) MTTF (h) | MTTR (h) | Resp. T (s) | Proc. R (s)
1 5 3.45677 0.01282 177.14490 0.00565 0.45550 0.02388 204.95417 0.00488 2.58310 0.14334 622.00740 0.00161
2 10 2.06384 0.01355 179.77843 0.00556 3.47076 0.14991 658.66319 0.00152 1.78315 0.24518 988.66555 0.00101
3 15 0.31848 0.02271 212.76847 0.00470 0.31108 0.14398 637.32746 0.00157 2.94786 0.05802 314.87727 0.00318
50 5 3.75535 0.15389 685.01747 0.00146 5.02563 0.07665 394.93395 0.00253 1.61163 0.33190 | 1300.83098 0.00077

(arrival time), X2 (MTTF), and X3 (MTTR), as well as interactions
between X * X3 and Xj * X3 * X3, along with quadratic terms for X
and X3 (i.e., XZ2 and X32). Table 2 also provides the number of param-
eters in each model and the corresponding goodness-of-fit values,
which are penalized for the number of parameters to adjust for
model complexity. The best-performing model, highlighted in bold,
demonstrates the lowest errors (RMSE and PRMSE) and the high-
est predictive capability (rz dj)' The results suggest that all models
performed well, achieving low errors and high ri 4; values, which
indicates that the selected covariates are highly correlated with VM
performance. However, mixture regression models that included
both individual covariates, their interactions, and higher-order poly-
nomials consistently outperformed other models, demonstrating
superior goodness-of-fit measures and achieving ri dj > 0.85 across
all cases, which indicates that MR effectively captures the observed
performance trends of VMs.

To visually assess the best model fit on the performance dataset,
Figure 2 compares the empirical data with the MR-fitted model for
each VM, as MR proved to be the best model overall across all three
cases. The black line represents the actual performance of each VM,
showing the normalized processing rate dataset, while the gray
line represents the predictions made by the model. Bullet markers
indicate the data points used for training, and asterisk markers
denote the testing samples used to compute the predictive accuracy
measures. Figure 2 shows that for the small VM, one predicted
data point at interval 37 deviates significantly from the actual data,
indicating a potential outlier or a region where the model struggles
to capture the true performance dynamics. A similar deviation is
observed in interval 43 for the large VM, which could indicate a
sensitivity in the model to certain conditions, such as unexpected
variations in MTTF or MTTR. In contrast, all predicted data points
of the medium VM aligned closely with the actual performance,
suggesting that the model predictions are accurate, capturing the
underlying trends in the data. Overall, the performance of the MR
model is robust, with occasional minor deviations, reinforcing its
ability to predict VM performance while highlighting areas where
further refinement could improve accuracy.

5.2 Example II: Resilience Metrics

To validate how well the MR model assesses the resilience of the
VMs based on the predicted video transcoding processing rates
over time, the resilience metrics outlined in Section 4, such as
performance preserved (PP), Equation (1), and performance lost
(PL), Equation (2), were computed by discretizing the integrals into
summations over the time intervals. These metrics are calculated
both using the actual data to reflect the true resilience of the system
and in a predictive manner using the MR model’s forecasts, allowing

for a comparison between the model’s predicted resilience and the
system’s actual resilience.

Table 3 presents the relative error of the predictive resilience met-
rics for the MR model. The results indicate that the MR model effec-
tively predicted the performance preserved (PP) and performance
lost (PL) for the cloud-based video transcoding services analyzed,
with a relative error of less than 0.16 across all three VMs studied.
This highlights the robustness of mixture regression models in re-
silience engineering, positioning them as an accurate method for
anticipating disruptions, tracking recovery trends, and predicting
future system resilience. By offering reliable forecasts of resilience
metrics, the MR model enables a proactive approach to system man-
agement, facilitating the early identification of vulnerabilities and
better preparation for potential disruptions. Furthermore, for the
experiments conducted, results show that the small VM seems to
be more resilient compared to the medium and large VMs. This con-
clusion is drawn from the higher performance preserved and lower
performance lost observed for the small VM, indicating its ability
to maintain a more stable processing rate under the conditions
considered. The small VM resilience suggests it is better equipped
to absorb disruptions and recover quickly, making it a potentially
more reliable option in scenarios where maintaining continuous
service is critical. This emphasizes the value of resilience metrics in
comparing system performance across different resources, aiding
in the selection of optimal configurations for cloud-based services.
Moreover, applying regression models to predict performance en-
sures that resilience is not only evaluated retrospectively but also
proactively integrated into future operations, helping to minimize
downtime and enhance overall system robustness.

5.3 Example III: Sensitivity Analysis

Now that the model is built, we can adjust the parameters to assess
resilience for other scenarios. For example, we focus on the small
VM, as it offers the best performance, and set the arrival time (AT)
to 1s, indicating that service requests will arrive more frequently
than during model fitting. We then perform a sensitivity analysis
by varying the MTTF from 1 to 10 hours and the MTTR from 0 to
1 hour, maintaining values consistent with those used for model
fitting and testing, as illustrated in Table 1. Using these inputs,
we predict the processing rate for transcoding videos when AT is
1s, and assess system resilience by calculating the performance
preserved and lost. Figure 3 illustrates this process.

Figure 3 shows that performance preserved decreases with higher
MTTR and lower MTTF, while performance lost increases. How-
ever, when MTTF is high, performance remains stable even with
longer repair times. This suggests that for the scenarios considered,
MTTF has a greater impact on resilience than MTTR, highlighting
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Table 2: Models validation on data from the three types of VMs

VM Model Covariates Parameters | RMSE | PRMSE rlzl dj
MLR | X1, X0, X3 4] 02047 | 0.2856 | 0.7086
Small MLRI X1, X2, X3, X1 % X2, X1 % X3,X1 * X % X3 7 | 0.1657 0.2900 | 0.7733
PR X1, X2, X3, X5, X5 6| 00936 [ 02885 | 09314
MR X1, X2, X3, Xz * X3, X1 * Xp * X3, X7, X7, X7 9] 0.0821 | 0.2202 | 0.9384
MLR | X1,X0, X3 4] 01664 | 0.1778 | 0.5339
Medium MLRI X1,X2,X3,X1 * Xo, X1 % X3, X1 % Xo * X3 7 | 0.1089 0.2395 | 0.7754
PR X1, X2, X3, X7, X2, X5 7 | 0.0899 0.1531 | 0.8471
MR X1, X, X3, X1 % X, X1 * X3, X3 % X3, X2, X3 9 0.0770 | 0.1249 | 0.8690
MLR | X1,X0, X3 4] 0.1532 | 0.2635 | 0.7089
Large MLRI X1,X2,X3,X1 * X0, X1 % X3, X9 % X3,X1 * X2 % X3 8 | 0.1281 0.2524 | 0.7711
PR X1, X2, X3, X7, X2, X2 7 | 0.1340 0.2366 | 0.7634
MR X1, X2, X3, X1 % X3, X3 * X3, X1 * Xp * X3, X3, X7 9 0.0673 | 0.1902 | 0.9262
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Figure 2: Mixture regression model fit using a random 50% of the dataset from each VM for training

Table 3: Actual and predicted resilience metrics

VM Model Data PP PL
Actual 17.6973 | 31.3027
Small MR Predicted 20.4067 | 28.5933

Relative Error 0.1531 0.0866

Actual 14.9083 | 34.0917
Medium | MR Predicted 14.3022 | 34.6978
Relative Error | 0.0406 | 0.0177
Actual 16.3321 | 32.6679
Large MR Predicted 18.8499 | 30.1500

Relative Error 0.1541 0.0770

the importance of maximizing MTTF to maintain system perfor-
mance despite potential delays in repair. Maximizing MTTF can

be achieved through preventive maintenance, fault-tolerant design,
automated monitoring, efficient load balancing, and regular system
updates to extend the time between failures and enhance system re-
silience. Once again, this is where predictive models prove valuable
by identifying trends in system performance, enabling proactive
actions to be taken before disruptions arise.

6 Conclusion

This paper presented regression models to predict the performance
and resilience of cloud-based video transcoding services, focus-
ing on metrics like performance preserved and lost. We explored
multiple linear regression (MLR), multiple linear regression with
interaction (MLRI), polynomial regression (PR), and a mixture re-
gression (MR) model that combines these techniques. The models
were validated through 50 experiments on small, medium, and large
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Figure 3: Sensitivy analysis of resilience metrics

virtual machines (VMs) by varying service arrival times, MTTF,
and MTTR. Results showed that the MR model performed best,
effectively incorporating covariates, interactions, and polynomial
terms to predict processing rates and resilience metrics. The small
VM proved more resilient, maintaining stable performance under
varying conditions, with sensitivity analysis revealing MTTF as the
most significant factor impacting its performance. This highlights
the significant value of predictive models in forecasting resilience,
enabling proactive decisions to optimize MTTF through preventive
maintenance and fault-tolerant design, minimizing downtime, and
improving resource allocation for cloud services.

Future research will explore more complex VM configurations
and operational conditions to improve model generalization, in-
tegrate real-time monitoring and dynamic resource allocation to
optimize resilience, and develop hybrid models combining machine
learning and traditional techniques to enhance prediction accuracy.
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