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Abstract. Finding smaller versions of large datasets that preserve the
same characteristics as the original ones is becoming a central problem in
Machine Learning, especially when computational resources are limited,
and there is a need to reduce energy consumption. In this paper, we apply
clustering techniques for wisely selecting a subset of datasets for training
models for time series prediction of future workload in cloud computing.
We train Bayesian Neural Networks (BNNs) and state-of-the-art prob-
abilistic models to predict machine-level future resource demand distri-
bution and evaluate them on unseen data from virtual machines in the
Google Cloud data centre. Experiments show that selecting the training
data via clustering approaches such as Self Organising Maps allows the
model to achieve the same accuracy in less than half the time, requiring
less than half the datasets rather than selecting more data at random.
Moreover, BNNs can capture uncertainty aspects that can better in-
form scheduling decisions, which state-of-the-art time series forecasting
methods cannot do. All the considered models achieve prediction time
performance suitable for real-world scenarios.

Keywords: Cloud Computing · Workload Prediction · Clustering · Bayesian
Neural Network · Deep Learning.

1 Introduction

As many companies are migrating their services to the cloud, the demand for
resources in cloud computing platforms is continuously growing, with a market
size of USD 545.8 billion in 2022 and expected to grow to USD 1,240.9 billion by
2027 [26]. To make more efficient use of limited resources, predicting near-term
demand is becoming ever more important. Providers aim to maximise their profit
while correctly predicting customers’ requests and managing resources efficiently
while limiting the environmental impact of CO2 emissions and pollution [1].

Time series prediction of future workload in cloud computing has been widely
studied for more than twenty years [11,10,8,42]. Recent research has shifted to
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probabilistic forecasts to provide a more comprehensive picture and to help
resource scheduler decisions [27,28]. Time series probabilistic forecast allows
providers to consider uncertainty and noise while guaranteeing high accuracy.

The emergence of Deep Learning (DL) and Big Data has introduced new
approaches for enhancing the ability to generalize using large datasets to train
more sophisticated and precise prediction models [6,38]. However, when com-
putational resources for training Deep Learning (DL) models are limited, it is
important to carefully select the data used for training. The goal is to find a
smaller subset of the original dataset that retains its characteristics. This allows
a model to be trained with the same accuracy as when using a larger dataset
but with reduced energy consumption and faster training time. Unsupervised
clustering3 has been proven to be a powerful tool for dividing workload datasets
into several groups and training independent forecasting models for each of them
[13,49].

In this paper, we use clustering approaches to group workload datasets into
groups that share similar patterns. Then, we select a subset of datasets from
each cluster for training DL probabilistic predictive models to accurately and
jointly forecast CPU and memory usage demand distributions and compare it
to a random selection of the non-clustered training sets. We analyse the perfor-
mance of a Hybrid Bayesian Neural Network (HBNN) [38], and state-of-the-art
predicting models DeepAR [40] by Amazon and Temporal Fusion Transformer
(TFT) [23] by Google.

From the output probability distribution, we compute confidence intervals.
We use their upper bounds to estimate the total predicted resources needed to
meet the demand with a level of confidence and relate it to the percentage of
correctly predicted requests. We evaluate the predictive methods using 29-day
load datasets of 2,500 machines from a Google Cloud cell [48].

In particular, our contributions in this paper are as follows:

– We investigate the performance of state-of-the-art time series forecasting
architectures such as DeepAR and TFT that, to the best of our knowledge,
are applied for the first time in the context of cloud workload prediction.

– We provide an analysis and comparison of a wide range of clustering methods
suitable for dealing with cloud workload time series.

– We show how a clustering approach leverages the prediction capabilities
of DL probabilistic forecasting models, offering a trade-off between accu-
racy and limited computational resource. An accurate selection of training
datasets allows a provider to reach the same accuracy in less than half the
time, requiring less than half the datasets.

– We preprocess the datasets and make them available for reproducibility.

The rest of the paper is organized as follows. Section 2 describes the back-
ground and related work in this field. In Section 3, we describe the forecasting
models. Section 4 presents the experimental results based on a real-world Google
Cloud trace. Finally, Section 5 concludes the paper and discusses future work.

3 To avoid confusion, we will use ’cluster’ to refer to a subcollection of data identified
in the workload trace files, and ’cell’ to refer to a collection of computational nodes.
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2 Background and Related Work

In this section, we discuss the problem of data reduction, specifically on the clus-
tering approaches in this paper, with a focus on cloud computing applications.

2.1 Data Reduction

There are several methods for data reduction, including feature selection, nu-
merosity reduction, and dimensionality reduction [47]. These methods aim to
obtain a smaller version of the dataset while preserving its information value.
In workload forecasting in Cloud Computing, feature selection is difficult due
to a lack of information in unlabelled workload traces [2], and dimensionality
reduction techniques can lack explainability [37].

This work focuses on numerosity reduction, which aims to reduce the num-
ber of training samples. Coresets are a popular approach for reducing training
data, but their formation can be complex [15]. Simple random sampling [46]
is an easy way to reduce training data size, but it does not guarantee that all
possible patterns are selected. Stratified sampling [31] overcomes this problem
by dividing samples into subgroups before sampling, but identifying the relevant
characteristics or attributes that define the subgroups (strata) in cloud workload
traces is generally hard due to lack of information [2], so it is difficult to apply
it directly to the problem.

2.2 Unsupervised Clustering

Clustering is an unsupervised method that aims to divide a set of unlabeled data
items into uniform groups or clusters. The goal is to create clusters where points
are most similar within the group and least similar to those in other groups.
K-Means is a method that partitions the dataset into K clusters by minimizing
the sum of the squared distances between the data points and their centroids.

Time series can be seen as data in high-dimensional spaces where each times-
tamp is a feature. However, time series can suffer from the curse of dimen-
sionality [5], where the increase in distance measurement negatively impacts
distance-based algorithms such as K-means clustering. Many approaches have
been proposed to deal with time series clustering.

Principal Component Analysis Principal Component Analysis (PCA) is
one of the most popular statistical methods for reducing dataset dimensionality
[32,45]. The data are transformed linearly into a new orthogonal coordinate
system with fewer dimensions that preserves most of the variance of the original
data. Due to its high interpretability, especially when data are mapped into two
dimensions to identify clusters of correlated data points, it became a popular tool
in time series analysis [21,22]. PCA can be used to reduce the dimensionality of
the time series before applying K-Means.
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Variational Recurrent Auto-Encoder The Variational Recurrent Auto-
Encoder (VRAE) is a model that maps time series data to a latent vector repre-
sentation of probability distribution in an unsupervised fashion [12]. It combines
the representation learning power of a variational auto-encoder with the ability
of recurrent neural networks to deal with sequential data. The network’s parame-
ters are learned by jointly optimizing the sum of the Kullback-Leibler divergence
between the distribution learned in the latent space and a Gaussian distribution
plus the reconstruction error. The variational component of the VRAE can han-
dle larger time series data without slowing down the learning process. This model
has been widely applied in anomaly detection and forecasting time series appli-
cations [33,50] and can be used to reduce the dimensionality of time series and
apply K-Means on the latent space.

Self-Organising Maps A Self-Organizing Map (SOM) or Kohonen map is an
unsupervised machine learning technique introduced by Kohonen [18]. It is an
artificial neural network trained with competitive learning to create a lower-
dimensional representation of the input data. The objective of the training is to
convert an input space into a two-dimensional map space. SOMs are inspired by
the brain map for visual and sensory information and can produce a map as a
method for dimensionality reduction that is a nonlinear generalization of PCA.
SOMs can be used as a clustering technique and have been widely applied in
time series contexts, including forecasting applications [9,41,4].

Dynamic Time Warping In the context of time series, the centroid can be
computed as the arithmetic mean of each timestamp of all the time series grouped
into a cluster. However, Euclidean distance has often been proven less effective
and accurate than elastic metrics [29,30]. A popular one is the Dynamic Time
Warping (DTW) [34], which can handle time series of different lengths and is
invariant to dilation in time. DTW Barycenter Averaging (DBA) is used [35] as
the distance metric. DTW offers the opportunity to apply the K-Means algorithm
directly to the time series data at the cost of extra complexity. It has been used
in various time series applications, including sensor-based signal classification in
healthcare [44] and forecasting [24,36,49].

3 Workload Prediction Models

Our aim is to help a resource manager to configure available computational
resources by using an estimation of the future demand for resources from a
predictive model based on the historical workload data.

For the purposes of this paper, we have narrowed our analysis to three DL
probabilistic forecasting models outlined in this section. This decision was made
due to the significant computational resources required for extensive experimen-
tation. However, we believe these models are sufficient to validate our results.
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HBNN A Bayesian Neural Network (BNN) is a type of neural network with
probabilistic weights optimized using Bayes-by-backprop [7]. A variation of BNN,
called Hybrid BNN (HBNN), only has a Bayesian last layer as a trade-off between
training time and epistemic uncertainty modelling [19], i.e. the uncertainty due to
the small size of the datasets or the lack of knowledge of the model parameters
[16]. This model has been successfully used for workload prediction in cloud
computing [38]. The full model includes a 1D convolution layer, two Long Short-
Term Memory (LSTM) layers, and three dense layers, with only the last layer
being Bayesian. The output layer is two Gaussian distributions for CPU and
memory demand forecasts. The loss function is the negative log-likelihood, and
the model captures aleatory uncertainty due to the noise in the input data. The
network is implemented using Keras and TensorFlow Probability libraries.

DeepAR DeepAR is a time series probabilistic forecasting model using auto-
regressive RNNs proposed by Amazon [40]. It is trained on one or more target
time series produced by the same or related processes. The model approximates
these processes and uses them to forecast the evolution of the target time series.
The model estimates the parameters of a Gaussian distribution to produce a
probabilistic forecast and is trained by minimizing the log-likelihood function
via the Adam algorithm. The model is implemented using the PyTorch Fore-
casting library with hyperparameter optimization using Optuna. The output of
the models consists of seven quantiles of the distribution from which the mean
and standard deviation of the Gaussian distribution are calculated.

Temporal Fusion Transformer Temporal Fusion Transformer (TFT) is an
attention-based Deep Neural Network designed by Google for time series fore-
casting [23]. It can be applied to multi-horizon forecasting and includes compo-
nents such as an LSTM encoder-decoder layer and a variable selection network
for feature selection. The multi-head attention mechanism highlights the most
relevant parts of the input window for prediction. The network is optimized us-
ing quantile loss as the loss function and is jointly optimized using multiple time
series from different distributions. TFT has outperformed DeepAR in electricity
demand and traffic forecasting applications. The output of the models consists of
seven quantiles of the distribution from which the mean and standard deviation
of the Gaussian distribution are calculated.

4 Experiments

The studies in this section investigate the effectiveness of using clustering-based
training data selection for cloud workload prediction. The optimal number of
clusters for each clustering technique is determined experimentally, and a subset
of datasets is selected randomly or with representatives from each cluster. This
subset is used to train predictive models, with the number of datasets varied to
compare the models in terms of Mean Squared Error (MSE) and Mean Absolute
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Error (MAE). The models are also compared based on confidence intervals to
evaluate the quality of probabilistic forecasts, and runtime performance and
energy saving are evaluated.

Dataset The machine-level workload datasets used in the experiments come
from the real-world Google Cloud Trace 2019 [48], which records resource uti-
lization of tasks for 29 days on eight cells worldwide. The data is compiled from
the Instance Usage table of Google trace using Google BigQuery, with missing
records ignored and average CPU and memory demand aggregated in 5-minute
intervals, similarly to [14,20].

The datasets are used to train Deep Learning models to predict future re-
source demand. Each dataset has 8352 data points, with CPU and memory
burden multiplied by a weight proportional to the run time period inside the
window, as done in [17,38]. The distribution of the datasets is Gaussian, and the
time series are stationary according to the Augmented Dickey-Fuller test.

Experimental Setup The experiments were conducted using Ubuntu 20.04,
a 2.60GHz Intel®Xeon®Gold 6240 CPU, and a 48 GB NVIDIA Quadro RTX
8000 GPU, using historical workload data from Google Cloud Trace 2019. The
workload is predicted for a time interval of 10 minutes ahead, which is sufficient
for most applications [25,3]. The datasets are split into training and test sets,
with the first 80% ( 23 days) of each dataset used for training and the remaining
20% ( 6 days) used for evaluation. An exhaustive hyperparameter search is con-
ducted to find the best hyperparameters for the Deep Learning models. More
details on the implementation, hyperparameters, and clustering techniques can
be found in the open-source GitHub repository4.

Clustering Evaluation This section describes the evaluation of clustering,
where the exact number of clusters is unknown. The performance of the al-
gorithm is evaluated by varying the number of clusters, K. The elbow curve
method [43] is a popular method for finding the best K, based on the distortion
score, which is the sum of squared distances of points from cluster centres. As
K increases, the distortion score decreases, but overfitting can occur. The elbow
curve method selects K where there is an elbow in the distortion curve. The
Silhouette score [39] confirms the results of the elbow method.

The methods used to select the datasets are as follows:

– Random: The Random method selects training datasets randomly without
using clustering methods.

– PCA: The PCA method reduces the dimension of the datasets using the first
two principal components and applies K-Means to the latent space, with the
best K found to be 7 using the elbow method.

4 https://github.com/andreareds/clustered-reduction-cloud-workload

https://github.com/andreareds/clustered-reduction-cloud-workload
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– VRAE: The VRAE method trains a VRAE algorithm to minimize recon-
struction error and uses the encoder to reduce dataset dimensionality, with
K-Means applied to the encoded space and the best K found to be 5.

– SOM: The SOM method trains multiple SOMs with varying map sizes and
selects the best size using the elbow method, with the best configuration
found to be a 2x3 map with 6 clusters.

– DTW: The DTW method applies DTW directly on the workload datasets
based on the DBA distance function, with resampling used to reduce com-
putation cost and the best K found to be 4.

Clusters are computed using the first 80% of each dataset to avoid leakage in
forecasting, while the last 20% is used as the test set.

Point estimate Accuracy After clustering the time series, a certain number
of datasets L are selected to train the predictive models, with dimensionality
reduction used for clustering only. As a baseline, L datasets are randomly selected
among all available ones, while when the series are clustered, an equal number
of datasets are selected for each cluster such that the total number is L. The
models are trained by varying L between 50 and 2000 and tested on datasets not
used for training. The first evaluation is in terms of MSE and MAE, computed
with respect to the mean of the predicted Gaussian distribution.

We plot the MSE of the memory prediction for DeepAR and TFT for all the
clustering approaches by varying the number of datasets (whose scale is loga-
rithmic) in Fig. 1. From the plot, we can see that once the number of datasets
increases sufficiently, all the approaches, including the baseline, converge to sim-
ilar metrics values. However, the clustering approaches allow the models to reach
the same performance with much less data and, consequently, fewer computa-
tional resources compared to a random selection of the datasets. In Table 2 in
Appendix A, we list the results in terms of MSE and MAE for all clustering
approaches for the models trained with 500, 1000 and 2000 datasets.

Experiments show that, independently of the clustering techniques used for
training, the HBNN has an MSE and MAE at least five times higher than the
ones conducted by the state-of-the-art methods DeepAR and TFT. This is be-
cause the HBNN is a much simpler network, incapable of learning patterns from
several time series, compared to more complex architectures. DeepAR and TFT
achieve similar performance in MSE and MAE for all the considered clustering
techniques for both CPU and memory demand.

While TFT previously outperformed DeepAR in electricity demand and traf-
fic forecasting [23], for our cloud prediction, it is not possible to conclude which
is the best DL model. We believe it is due to the absence of covariates of the
resource demand to train the model, an essential component used by the variable
selection network of the TFT.

From these experiments, we can see how all the clustering-based selection
techniques significantly boost the performance of DeepAR and TFT compared
to a random selection of the training data when increasing the number of train-
ing datasets, showing the benefits of clustering the datasets before training
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when the computational resources are limited. For example, DeepAR-Random
reaches 0.014 with 1,000 training datasets, while DeepAR-DTW requires only
200 datasets to reach the same MSE. Moreover, DeepAR-Random trained with
1,000 datasets has an CPU and memory MSE 7% and 14% higher than the
respective MSEs achieved by DeepAR-DTW.

On the contrary, HBNN does not benefit much from a clustered selection
of the training datasets. DTW and SOM are the best approaches among all
the clustering techniques. This is because DTW has been designed for dealing
with time series, while the other approaches are more general and data structure
independent. Instead, PCA and VRAE achieve an unsatisfactory score from a
point estimate point of view for DeepAR and TFT because the clustering is not
applied directly to the time series but to the learned latent space. However, these
dimensionality reduction approaches seem more effective for simpler models such
as HBNN. This is likely because HBNN is a simpler model compared to DeepAR
and TFT, with the best clustering method being dependent on the predictive
models utilized.

50 100 200 500 1000 2000
Number of datasets

0.011

0.012

0.013
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0.015
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0.017

M
em

or
y 
M
SE

DeepAR-Random
DeepAR-SOM
DeepAR-DTW
TFT-Random
TFT-SOM
TFT-DTW

Fig. 1.MSE comparison of DeepAR and TFT for the memory demand. DTW and SOM
are the best clustering-based selection approaches and allow the models to achieve the
same MSE with fewer training datasets compared to a random selection. When the
number of datasets is high, the MSE of all the approaches converge. The x-axis is in a
logarithmic scale.

Confidence Intervals Evaluation In this section, we evaluate the forecast-
ing models with the metrics defined in [38]. This evaluation aims to assess the
prediction’s quality if we want to exploit the prediction for resource allocation
and virtual machine provisioning problems. Given the mean and the standard
deviation of a Gaussian distribution, we can compute confidence intervals of the
prediction and quantify the number of predicted resources based on the upper
bound (UB) of the confidence interval to compare the predictive models.

The considered metrics are as follows:
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– Success Rate (SR): the percentage of correctly predicted requests, i.e. the
percentage of actual requests that are within the UB of the prediction.

– Overprediction (OP): the percentage of overprediction computed as the
difference between the UB of the confidence interval and ground truth for
those predictions which exceed the real demand of resources.

– Underprediction (UP): the percentage of underprediction computed as
the difference between ground truth and the UB of the confidence interval
for those predictions which are below the real demand of resources.

There are important differences between HBNN and state-of-the-art mod-
els. HBNN reaches an SR very close to the target confidence level (2% points
above the target), while DeepAR and TFT are over 15% points below. This can
be seen graphically in Fig. 2, where we measure the SR with a training size
of 1000 datasets while varying the confidence level of the predicted probabil-
ity distribution of memory for the best clustering approaches and the baseline.
This is due to the predicted standard deviation of the model. The numerical
results are listed in Table 3 in Appendix B. While the Bayesian layer of the
HBNN is capable of modelling the epistemic uncertainty of the prediction and
the uncertainty of the prediction is quantified by the magnitude of the standard
deviation, DeepAR and TFT are overconfident in the prediction, with a much
lower standard deviation, capable of modelling only the noise of the data. A
similar discussion can be extended to the UP because this metric is related to
the percentage of unmatched requests, with a portion of those much lower for
the HBNN compared to the other two methods, making it more reliable for high
Quality of Service (QoS) applications. Interestingly, the UP of the CPU demand
is lower for DeepAR and TFT, meaning that the upper bound of the prediction
is quite close to the ground truth. For this reason, the prediction requires fur-
ther processing to improve its performance. On the other hand, a high standard
deviation makes the UB of the prediction much higher, thus increasing the OP,
which is up to 5 times lower for DeepAR and TFT compared to the HBNN.

Regarding the clustering approaches, as in the previous results on the point
estimate accuracy, DTW and SOM approaches are the best clustering methods
to select the datasets for training, with a better SR, OP and UP of up to 6%
compared to a random selection of the datasets for state-of-the-art method. The
HBNN, again, is not benefiting much from a clustering-based selection. The
differences between the clustering methods decrease as the number of datasets
used in training increases.

When we use the majority of the datasets in training, it does not matter
whether the datasets are selected randomly or via a clustering approach. This
can be seen in Fig. 3 for the OP of memory for DeepAR and TFT models while
varying the number of datasets. This proves that when a high amount of data is
available, an accurate selection of training data that considers different patterns,
i.e. different distributions of the training input, is essential to achieve a good
trade-off between performance and computational cost. DTW and SOM are the
clustering approaches which reduce both the UP and OP for both DeepAR and
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TFT models, confirming that time series-based clustering approaches are more
suitable for grouping similar datasets according to their patterns.
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Fig. 2. Memory SR comparison of DeepAR, TFT and HBNN as a function of the
confidence level with models trained with 1000 datasets. The model is the most accurate
when the curve is closest to the line y = x. DTW and SOM-based selections improve
the SR compared to the random selection of datasets.

Runtime Performance Analysis Another critical aspect of the predictive
models in Cloud Computing applications is related to the runtime performance,
which is critical for the deployability of the models in real-world scenarios. We
are interested in measuring both the time necessary to train a model and the
time to make a prediction once the model is trained.

First, we measure the training time of the models while using the selected
datasets from the clusters. We plot the training time by varying the number of
training datasets L in Fig. 4. We consider the average training time, which is
affected by the amount of input data and not by how its selection is performed.
Increasing the number of training datasets, i.e. the training data, increases the
time for the model to converge, with some fluctuations whose causes include the
random initialization of the network and the batch order fed in the backpropa-
gation optimization. However, from the plot, it is clear that DeepAR converges
two times faster, independently of the clustering approach used.

The Bayesian layer is much slower to train because of the reparametrization
trick applied in each epoch, and it scales poorly compared to the state-of-the-
art methods, which have been designed to be jointly trained with multiple time
series. Moreover, the libraries used to implement HBNN and state-of-the-art
methods are different, with Keras slower than PyTorch.

If we relate the training time to the accuracy, we can see that clustering ap-
proaches allow us to reach the same performance with a much lower number of
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Fig. 3. Memory OP comparison of DeepAR and TFT. If DTW and SOM are applied,
a much lower number of datasets is required to get the same OP compared to a random
selection of the datasets. The x-axis is in a logarithmic scale.

training datasets. As a result, to achieve the same MSE, a random selection re-
quires many more datasets, compared to training based on clustering approaches,
with reduced computational cost and, consequently, energy-saving. Table 1 lists
the time-saving in percentage. This is computed as the difference in training
time between the random selection of the datasets and the best clustering ap-
proach used to train the model, where the cluster-based model achieves at least
the same MSE accuracy.
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Fig. 4. Training time curve as a function of the number of datasets. On the left, all
three models are plotted. On the right, we plot only DeepAR and TFT to show the
differences between the two models. The training time increases when we increase L,
but TFT grows slower when the number of datasets increases, compared to the other
methods. The x-axis is in a logarithmic scale.

We also measure the inference time of HBNN, DeepAR and TFT to predict
one sample. All the DL models are fast, with 0.1 ms required for prediction using
the HBNN. DeepAR takes 2.16 ms, while TFT requires 20.10 ms. The differences
depend on the complexity of the architecture. Although the inference time among
the three models is significantly different, with the HBNN 200 times faster than
the TFT, it is on the order of ms, negligible compared to the 10 minutes ahead
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Table 1. Time saving for all the models trained with the best clustering approach
w.r.t. a random selection of the training datasets, with the baseline trained using 2000,
1500 and 1000 datasets. The training size of the clustering is selected as the minimum
size required to achieve an MSE less or equal to the MSE achieved by the baseline.

CPU Memory

Training Size
Baseline

Model
Training Size
Clustering

Time
Saving (%)

Training Size
Clustering

Time
Saving (%)

2000
HBNN 200 75.63 400 67.23
DeepAR 400 34.82 500 32.65
TFT 500 8.48 500 8.49

1500
HBNN 200 69.15 400 58.51
DeepAR 200 31.75 300 29.31
TFT 400 6.41 500 5.83

1000
HBNN 100 65.22 300 50.73
DeepAR 200 22.26 200 22.26
TFT 200 4.80 500 3.00

forecast. Inference time is also independent of the clustering approach because
once the model is trained, the time depends only on the number of parameters
and the complexity of the network.

Therefore, with similar performance in terms of point estimate accuracy and
the considerations on the confidence intervals computed from the predicting
probability distributions, DeepAR is preferable to the TFT because both the
training time and the inference time are lower.

For the clustering algorithms, SOM is the fastest method under both train-
ing and inference time, while the training phase for DTW is computationally
expensive. We include runtime performance of these techniques in Appendix C.

We can conclude that SOM offers the best trade-off between accuracy and
runtime performance.

5 Conclusion

Resource demand prediction is a challenging task for cloud computing managers.
An accurate training data reduction is necessary when computational resources
are limited and to reduce energy consumption.

This paper analyses the accuracy of forecasting models in predicting future
demand distribution of CPU and memory in the latest Google Cloud Trace, com-
paring state-of-the-art models with BNNs that capture prediction uncertainty.

Clustering algorithms are applied to aggregate datasets with similar pat-
terns and select good representatives among available datasets, reducing training
time compared to random selection. Results show that clustering-based selection
achieves the same accuracy with fewer data and time series clustering methods
such as DTW and SOMs are more effective. Confidence intervals are computed
from the output distribution to relate prediction confidence to the rate of cor-
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rectly predicted requests. State-of-the-art methods achieve better point estimate
accuracy but are often overconfident.

At the same time, HBNN can quantify epistemic uncertainty, providing a
trade-off between accuracy and successful resource requests, but allocating more
resources. The models’ runtime performance is analysed for practical deployment
in real-world scenarios, with the DeepAR method trained with datasets selected
with SOMs offering the best trade-off between cost and accuracy.

In future work, we will extend the clustering algorithms for dealing with time
series and extend these to a multi-step ahead prediction. Finally, the aim is to
use the predictions in resource allocation algorithms to preconfigure the machine
in cloud cells in advance, providing a high QoS level.
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Appendix A Point Estimate Accuracy Results

Table 2 shows the MSE and MAE for CPU and memory demand prediction
with L = 500, L = 1000 and L = 2000 for all predicted models trained with the
clustering techniques.
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Table 2. MSE and MAE for CPU and memory demand with different training sizes (500, 1000 and 2000).
In bold, for each model, the best clustering technique.

Training Size 500 Training Size 1000 Training Size 2000
CPU Memory CPU Memory CPU Memory

Model Clustering MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

HBNN

Random 0.13 0.291 0.103 0.255 0.085 0.229 0.12 0.278 0.075 0.217 0.079 0.212
PCA 0.098 0.253 0.122 0.274 0.09 0.233 0.073 0.216 0.071 0.217 0.071 0.215
VRAE 0.158 0.314 0.099 0.253 0.157 0.27 0.081 0.228 0.073 0.215 0.081 0.231
SOM 0.114 0.271 0.124 0.281 0.163 0.319 0.107 0.257 0.082 0.22 0.085 0.226
DTW 0.106 0.259 0.07 0.21 0.125 0.283 0.07 0.206 0.078 0.228 0.081 0.219

DeepAR

Random 0.014 0.094 0.015 0.091 0.014 0.093 0.014 0.09 0.015 0.097 0.013 0.082
PCA 0.026 0.13 0.014 0.088 0.025 0.126 0.014 0.088 0.013 0.088 0.011 0.077
VRAE 0.024 0.124 0.016 0.095 0.014 0.095 0.014 0.09 0.014 0.094 0.013 0.081
SOM 0.014 0.096 0.014 0.088 0.017 0.103 0.011 0.08 0.012 0.085 0.011 0.079
DTW 0.022 0.12 0.012 0.082 0.013 0.09 0.012 0.083 0.013 0.089 0.011 0.078

TFT

Random 0.02 0.114 0.016 0.096 0.014 0.093 0.014 0.09 0.014 0.097 0.012 0.084
PCA 0.024 0.124 0.014 0.088 0.021 0.116 0.013 0.086 0.013 0.087 0.011 0.078
VRAE 0.016 0.101 0.015 0.092 0.014 0.094 0.015 0.093 0.014 0.094 0.013 0.082
SOM 0.017 0.104 0.013 0.087 0.017 0.103 0.011 0.08 0.012 0.085 0.011 0.08
DTW 0.014 0.094 0.012 0.084 0.012 0.089 0.012 0.082 0.013 0.089 0.011 0.079
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Appendix B Confidence Intervals Evaluation Results

We display numerical results for SR, OP and UP in Table 3 using 500 and 1000
datasets in training for HBNN, DeepAR and TFT models for a 95% confidence
interval. Under these metrics, a clustering-based selection improves the perfor-
mance compared to training with a random selection of the datasets, with DTW
and SOM performing best overall, especially for state-of-the-art probabilistic
methods.

Table 3. CPU and Memory demand prediction statistics (Success Rate, Overpredic-
tion and Underprediction in percentage) of HBNN, DeepAR and TFT with 500 and
1000 training datasets at 95% confidence. In bold, for each model, the best clustering
technique.

CPU Memory

Training size Model Clustering SR (%) OP (%) UP (%) SR (%) OP (%) UP (%)

500

HBNN

Random 98.06 220.67 19.38 99.85 125.11 5.08
PCA 98.83 179.26 27.99 99.19 136.20 10.79
VRAE 98.29 180.61 23.17 98.91 151.32 11.30
SOM 97.62 220.24 64.51 98.15 140.13 16.38
DTW 98.25 173.61 27.02 98.92 140.82 9.88

DeepAR

Random 72.65 42.86 18.60 74.61 29.66 16.42
PCA 71.88 43.85 18.92 74.22 29.29 15.10
VRAE 72.49 40.71 18.45 74.66 29.66 15.92
SOM 76.28 35.08 16.05 77.44 25.74 11.97
DTW 76.85 38.90 15.94 77.63 26.55 11.42

TFT

Random 72.56 42.9 18.85 75.45 30.35 16.36
PCA 72.84 45.56 19.24 76.04 29.83 15.25
VRAE 73.72 41.91 18.47 76.92 30.62 16.22
SOM 78.42 36.75 16.22 80.81 27.55 11.81
DTW 78.43 39.70 15.96 80.09 27.27 11.08

1000

HBNN

Random 98.35 139.93 10.30 99.49 80.99 2.57
PCA 98.54 170.5 22.25 99.08 130.48 3.82
VRAE 98.53 125.04 12.82 98.98 105.31 2.75
SOM 97.64 141.81 37.20 98.33 90.05 6.41
DTW 98.29 123.46 12.94 99.44 100.14 4.78

DeepAR

Random 73.94 33.63 14.00 75.88 23.38 12.61
PCA 73.23 42.07 17.43 75.65 28.26 14.19
VRAE 73.81 33.55 14.64 75.94 24.58 12.85
SOM 77.74 27.86 12.28 78.83 20.55 9.18
DTW 78.28 32.59 12.75 79.05 22.33 9.17

TFT

Random 73.85 33.73 14.20 76.77 23.92 12.60
PCA 74.14 43.95 17.74 77.44 28.86 14.37
VRAE 75.03 34.65 14.65 78.21 25.46 13.15
SOM 79.84 29.34 12.43 82.23 22.13 9.09
DTW 79.82 33.38 12.76 81.55 22.98 8.90
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Appendix C Clustering Runtime Performance

We measure the fitting and prediction time of the four clustering approaches.
Each technique includes a different training procedure. PCA includes reducing
the feature space and computing the K-Means on the top of the latent space.
Similarly, VRAE consists of the joint training of the encoder and decoder, the
encoder is then used to map the time series to a latent space, and K-Means
is applied on top of it. SOM requires the training of the neurons of the map
that will be used for the prediction. Finally, the DTW is comparable to the
K-Means algorithms, with a different distance metric which is computationally
more expensive. We list the time performance in Table 4.

Table 4. Fitting and inference time of the clustering approaches. In bold, the best
fitting and inference time.

Clustering Method Fitting Time [s] Inference Time [s]

PCA 158.6 0.965

VRAE 185.6 1.744

SOM 7.8 0.177

DTW 2010.7 0.682
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