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Abstract

With the ever-growing reliance on cloud computing, efficient resource allocation is crucial
for maximising the effective use of provisioned resources from cloud service providers.
Proactive resource management is therefore critical for minimising costs and striving for
net zero emission goals. One of the most promising methods involves the use of Artificial
Intelligence (AI) techniques to analyse and predict resource demand, such as cloud CPU
utilisation. This paper presents MambaNet0, a Mamba-based cloud resource prediction
framework. The model is implemented on Google’s Vertex AI workbench and uses the
real-world Bitbrains Grid Workload Archive-T-12 dataset, which contains the resource
usage metrics of 1750 virtual machines. The Mamba model’s performance is then evaluated
against established baseline models, including Autoregressive Integrated Moving Average
(ARIMA), Long Short-Term Memory (LSTM), and Amazon Chronos, to demonstrate its
potential for accurate prediction of CPU utilisation. The MambaNet0 model achieved a 29%
improvement in Symmetric Mean Absolute Percentage Error (SMAPE) compared to the
best-performing baseline Amazon Chronos. These findings reinforce the Mamba model’s
ability to forecast accurate CPU utilisation, highlighting its potential for optimising cloud
resource allocation in contribution to net zero goals.

Keywords: cloud computing; Artificial Intelligence; time-series forecasting; Mamba; net
zero emissions

1. Introduction
Cloud computing has become an integral component of the information technology

landscape, providing on-demand access to virtually infinite computing power to businesses
and individuals alike [1]. Its flexible and scalable nature makes it the perfect foundation for
a modern digital infrastructure. The paradigm has driven innovation, becoming a crucial
part in the development of multiple fields such as Artificial Intelligence (AI), Big Data,
and the Internet of Things (IoT) [2]. As a result, its widespread adoption has transformed
traditional Information Technology (IT) practices and reshaped how companies of all sizes
operate. However, this transformation has brought to the forefront new challenges that
must be addressed to ensure the long-term sustainability and efficiency of this essential
technology [3]. The volatile nature of cloud workloads makes it difficult to estimate the
required resources, often leading to a mismatch between the provisioned resources and
their actual usage [4]. These underutilised servers consume significant amounts of energy,
resulting in unnecessary financial costs and carbon emissions [5].
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1.1. Motivation

As the adoption of cloud computing continues to experience exponential growth
worldwide, it becomes increasingly difficult to ensure optimal utilisation of provisioned
resources in the cloud [6]. With constant flux in the demand for computational resources
at any given time, it is difficult to accurately gauge the specifications needed. This inabil-
ity to perfectly predict the demands runs the risk of either under-provisioning or over-
provisioning resources. Under-provisioning can potentially lead to a drop in application
quality or complete service failure. Conversely, over-provisioning results in unnecessary
operational costs and poses significant environmental concerns. The massive adoption of
cloud computing has led to data centres taking up to 2% of global electricity consumption,
in turn, making them responsible for massive amounts of carbon emissions [7]. The practice
of over-provisioning resources exacerbates this, as unutilised computational power repre-
sents an unnecessary waste of both cost and energy [8]. Although cloud service providers
offer dynamic provision scaling, it is a rather reactive approach that relies on a threshold
being exceeded before additional resources are requested. Addressing this inefficiency is a
priority, as many nations, such as the United Kingdom, have committed to achieving net
zero emission goals within the next few decades [9].

Nowadays, AI has become a pivotal force driven by breakthroughs in Generative
AI (GenAI) and related digital technologies, especially Large Language Models (LLMs),
and has also seen a massive surge in popularity for different domains such as computing,
education, healthcare, finance, transportation, Natural Language Processing (NLP), and re-
tail [10–12]. The growing demand for training and operating these complex AI models has
made them enormous consumers of cloud resources [13]. While AI contributes a significant
part of cloud energy consumption and resource waste, its predictive capabilities offer a
promising solution to these problems [14]. By accurately forecasting resource usage, AI
models can proactively scale resource provisioning in real time, minimising both opera-
tional costs and environmental impact [15,16]. This has led to multiple studies focusing on
predicting CPU utilisation as the main feature to reduce inefficiency, given that CPU is a
significant energy consumer in cloud servers [17].

1.2. Main Contributions

The main objective of this paper is to address inefficiencies in cloud resource manage-
ment by proposing an AI framework that delivers accurate predictions of cloud resource
usage, which would result in reduced energy waste and carbon emissions. Therefore, this
paper proposes MambaNet0, a novel framework for CPU utilisation time-series forecast-
ing. The proposed system leverages the Mamba State Space Model (SSM), an architecture
designed to efficiently handle long sequential data. The main contributions of this paper are

• To propose the new MambaNet0 framework that utilises the Mamba model to forecast
cloud resource usage, optimising its efficiency to reduce waste of energy.

• To deploy and validate the framework on the Google Cloud’s Vertex AI environment.
• To evaluate the performance of the proposed framework using error metrics against

other baseline models.

2. Related Work
This section explores relevant works on the topic of cloud resource management

optimisation through AI-based time-series forecasting.
Due to the inefficient nature of resource provisioning in the cloud, there has been a

multitude of studies on improving the predictive accuracy of AI models to forecast resource
demands. Past studies in time-series forecasting for cloud resource management have used
models such as Autoregressive Integrated Moving Average (ARIMA), Recurrent Neural



Future Internet 2025, 17, 480 3 of 13

Network (RNN), and Long Short-Term Memory (LSTM), with more recent studies exploring
pre-trained time-series models like Amazon Chronos [18]. These works serve as a baseline
to evaluate the performance of the proposed framework of this paper. Table 1, presented
below, highlights the differences between the proposed model and previous works.

Table 1. Comparison of MambaNet0 with existing AI-driven time-series forecasting approaches.

Work Model Environment Metrics Dataset

Calheiros et al. [19] ARIMA CloudSim RMSD, NRMSD,
MAD, MAPE

Wikipedia Founda-
tion

Dunggan et al. [20] RNN CloudSim MAE, MSE PlanetLab

Tang et al. [21] LSTM Kubernetes RMSE Web and database
service load trace

Velu et al. [6] DeepAR Google Colab MAE, MSE, MAPE Bitbrains

Wang et al. [18] Amazon Chronos Amazon SageMaker MAE, MSE, MAPE Bitbrains
MambaNet0
(This Paper)

Mamba Vertex AI MAE, RMSE,
SMAPE Bitbrains

Abbreviations: RMSD: Root Mean Squared Deviation; NRMSD: Normalised Root Mean Square Deviation; MAD:
Mean Absolute Deviation; MAPE: Mean Absolute Percentage Error; MAE: Mean Absolute Error; MSE: Mean
Squared Error; RMSE: Root Mean Squared Error; SMAPE: Symmetric Mean Absolute Percentage Error.

Calheiros et al. [19] utilised the traditional ARIMA model to create a cloud workload
prediction module. The study focuses on achieving good Quality of Service (QoS) for cloud-
based applications with proactive provisioning of cloud resources, while maintaining
cost-effectiveness. This was achieved by having the ARIMA model predict the estimated
resource required by cloud applications and allocate it accordingly. An average accuracy of
91% was achieved while preserving QoS according to established standards [19]. However,
due to the ARIMA model being a linear model, it is limited in its ability to capture non-linear
dependencies and unexpected spikes that are ever-present in highly volatile workloads
found in everyday cloud servers. Additionally, due to the study’s reactive approach, it can
only respond to fluctuations after they occur, potentially degrading QoS.

Dunggan et al. [20] investigated the ability of RNN models to provide accurate short-
term predictions for CPU utilisation. The paper states that AI and Machine Learning (ML)
methods are more favourable at predicting non-stationary data due to their robustness
and adaptability, especially compared to traditional methods. Moreover, as the volume of
available internet traffic data continues to grow, these methods are expected to improve
even further with respect to their prediction accuracy [20]. This research focuses primarily
on predicting CPU utilisation within short periods, using only two timesteps to forecast
future values. Although this proved sufficient in achieving their target application, this
configuration limits the model’s ability to learn long-range temporal patterns, which could
lead to a significant increase in accuracy [20].

Tang et al. [21] address the limitations of the ARIMA model with regard to its reliance
on static patterns in its historical data through Fisher, a cloud load prediction model de-
signed to provide efficient and accurate predictions. Their model utilises Bidirectional
LSTM for load predictions, as its non-linear nature allows it to better handle dynamic pat-
terns. The framework also contains a metric selection module for dimensionality reduction,
filtering irrelevant metrics in order to achieve efficient results. Despite its improved accu-
racy compared to the model discussed previously, this research also focuses on short-term
accuracy, as it limits its forecast horizon to the next time slot. This shortcoming would be
problematic for proactive resource management, as it requires a longer forecast horizon to
allow time for resource allocation.
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Velu et al. [6] developed CloudAIBus, a testbed for optimising resource allocation in
cloud environments using the DeepAR model. This study underscores the importance of
proactive resource allocation methods by evaluating the framework’s QoS and energy costs,
along with the predictive accuracy of the model. The goal of this approach is to ensure
efficient use of resources in handling fluctuating cloud workloads [6]. However, the model
is computationally intensive, especially since the processing time scales with the size of
the data due to its RNN architecture [6]. This scalability issue could limit the model from
utilising the long sequential data available from cloud workloads.

Wang et al. [18] introduced the AmazonAICloud framework, using Amazon’s pre-
trained Chronos model to forecast CPU utilisation, which improves resource efficiency
and promotes cloud sustainability. Their study explored the potential of pre-trained mod-
els through their ability to outperform traditional baseline models like ARIMA, LSTM,
and DeepAR. The findings of the paper highlighted the limitations of traditional mod-
els, which struggle with non-stationary time-series data that can often be found in real-
world cloud environments [18]. Due to Chronos having a transformer-based architecture,
the model will lead to scalability issues when dealing with extremely long sequential data.
As the attention mechanism will consider all its inputs when processing, its computational
complexity will scale with the length of the data used as input [22].

Critical Analysis

As seen in Table 1, there have been multiple works that address inefficient resource
management through the use of AI models. With research from Calheiros et al. [19],
Dunggan et al. [20], and Tang et al. [21], promising and highly accurate results have been
achieved from their predictions with traditional models. However, their assumption of time-
series data being stationary could limit the performance of their models in real-world cloud
scenarios. Velu et al. [6] and Wang et al. [18] addressed these issues with their frameworks
by catering more to non-stationary data, utilising pre-trained deep learning models with
the ability to better recognise trends and seasonality. However, the models used in both
studies introduce significant computational struggles that could limit their scalability to
improve their predictions in large cloud environments. This research aims to further
improve forecast accuracy and scalability by taking advantage of the Mamba’s state space
architecture, which is designed to handle complex sequential data with superior efficiency,
making it suitable for proactive real-time resource management. With the MambaNet0
framework implemented into Google Cloud’s Vertex AI, it can proactively forecast the CPU
utilisation of cloud applications and directly adjust their configuration to reduce inefficient
resource allocation [23].

3. Methodology: MambaNet0 Framework
This section details the MambaNet0 framework and the methodology used to train the

model. This includes a description of the Mamba model, the architecture of the proposed
framework, the dataset used for training, the model training process, and the evalua-
tion metrics.

3.1. Mamba

Mamba is an SSM that was developed to address the inefficiency of attention-based
models such as the Transformer architecture when it comes to long sequential data [24]. Un-
like its attention-based counterparts, Mamba’s architecture employs a selective state-space
layer that allows it to decide whether to maintain or discard specific information [24]. This
mechanism helps the model avoid the performance and memory constraints of considering
all tokens simultaneously. Although Mamba was developed for language modelling, its
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core strength in handling long-range dependencies and linear scaling computation showed
promise in predicting time-series data, which are long and sequential by nature [24].

3.2. MambaNet0 Framework

The proposed MambaNet0 framework is a novel system for proactive CPU utilisation
forecasting designed to minimise inefficient cloud resource allocation. The architecture and
workflow of the framework in a real-world scenario are illustrated in Figure 1.

Figure 1. The architecture of the MambaNet0 framework.

The operation begins with users interacting with the services provided by the cloud
applications. These interactions are sent in as requests through Amazon’s Application Pro-
gramming Interface (API) Gateway, which is then relayed to the cloud controller. The cloud
controller provides computational resources to virtual machines that offer these services
to users while monitoring resource usage simultaneously. The cloud controller would
then store these workload traces in a bucket on Google Cloud Storage (GCS), where they
can be easily retrieved. The CPU usage forecaster would then take the data into the Ver-
tex AI environment, where the data is analysed, cleaned, and resampled for the model.
The trained Mamba model then takes the processed data and makes predictions for future
resource usage. Afterwards, the predictions are sent back to the cloud controller, which
then provides the predicted resource requirements to the virtual machines.

3.3. Parameters and Configuration

Table 2 lists the configurations used for model training. This set of configurations
represents the optimal parameters found after a series of experiments that maximise the
model’s performance within the available hardware constraints. The model utilises three
Mamba layers, each containing 16 hidden dimensions. The input shape for each training
batch is [16, 10, 1], where 16 represents the batch size, 10 is the timesteps used for training,
and 1 is the number of features used. The model was configured with a forecast horizon
of 30 timesteps, which means it will predict the subsequent 30 future CPU utilisation
values. This results in the size of the model output having the shape [16, 30], providing
30 predictions for each of the 16 batches. For optimisation, the Adam optimiser was used
with an initial learning rate of 0.001. A learning rate scheduler was also implemented,
adjusting the learning rate by a factor of 0.5 if the validation loss did not improve for
10 consecutive epochs.
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Table 2. Parameters and configuration used in training.

Parameter Configuration

Hidden Layer: 3 Mamba layers

Hidden Dimension: 16

Input Size: 16 × 10 × 1

Forecast Horizon: 30

Output Size: 16 × 30

Optimiser: Adam

Learning rate: 0.001

Scheduler: Patience = 10 and factor = 0.5

3.4. Model Training Process

Algorithm 1 illustrates the pseudocode of the process. The model training process is
conducted using a supervised learning approach, in which a Mamba-based neural network
is trained to forecast future CPU utilisation values based on historical data. First, historical
cloud data D is obtained from GCS and undergoes preprocessing, where the missing data is
filled and divided into training and test data, Dtraining and Dtest. Afterwards, both Dtraining

and Dtest are loaded onto a data loader, assigning each value in batches. The model is
then initialised with the configuration seen in Table 2. The process can be formulated as a
univariate time-series forecasting problem, with CPU usage from the dataset as the input
feature. The training data with the shape [16, 10, 1] is passed into the model through an
input layer. The input vector can be denoted as a batch of input sequences Xt:

Xt = [xt−9, xt−8, . . . , xt] (1)

where Xt is the sequence of the last 10 timesteps of CPU utilisation values. This layer
projects the single-feature data into a higher-dimensional space defined by the hidden
dimension parameter dmodel. The shape of the data becomes [16, 10, 16] (dmodel = 16),
which is passed sequentially through the three Mamba layers. Inside each Mamba block,
the information is processed through the SSM, which filters and compresses the sequential
data into a hidden state vector. The output of the final Mamba layer is then passed onto an
output layer that projects the hidden dimensions onto the forecasts, resulting in predictions
with the shape [16, 30]. The output vector can be denoted as a batch of output sequences Yt:

Yt = [xt+1, xt+2, . . . , xt+30] (2)

where Yt is the sequence of the predicted CPU utilisation values for the next 30 timesteps.
The model’s parameters are optimised during training by minimising the MSE loss function.
The MSE is the average squared error from the predicted values and the actual values.
The equation for MSE can be seen below as Equation (3).

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (3)

MSE was chosen as the optimisation function due to its ability to indicate the perfor-
mance of a model through its sensitivity towards large errors [25]. The Adam optimiser
is used to fine-tune the model’s parameters along with a learning rate scheduler to help
adjust the learning rate during the training process. Once training is complete, the model is
evaluated in the test set using the MAE, RMSE, and SMAPE metrics.
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Algorithm 1 Pseudocode of MambaNet0’s training algorithm.

1: Load data D from GCS
2: Dtraining, Dtest ← DataProcessor(D)
3: Trainingbatch, Testbatch ← DataLoader(Dtraining, Dtest)
4: Initialise model M with parameters P
5: for epoch in range(E) do
6: Inputbatch, Targetbatch ← Trainingbatch
7: Predictionstraining ← M(Inputbatch)
8: Lossbatch ← Loss(Predictionstraining, Targetbatch)
9: Update model parameters using Adam

10: Adjust learning rate if necessary
11: end for
12: Inputbatch, Targetbatch ← Testbatch
13: Predictionstest ← M(Inputbatch)
14: Resultstest ← EvaluationMetrics(Predictionstest, Targetbatch)

3.5. Dataset

The dataset used was the Bitbrains GWA-T-12 dataset, which contains the performance
metrics of 1750 virtual machines, spanning over a period of three months. The available
metrics consist of CPU usage, provisioned CPU capacity, provisioned memory, memory us-
age, disk read/write throughput, and network received/transmitted throughput. A sample
of the dataset can be seen in Table 3.

To highlight the gap between the used CPU capacity and the provisioned CPU capacity,
the values of these two features from the 1750 available virtual machines were aggregated
and plotted in Figure 2. The graph displays a stark difference between the two values,
with the provisioned capacity being constantly higher than needed, indicating an almost
constant state of over-provisioning. This is further supported through data analysis, where
the average CPU usage was approximately 4,699,483 MHz, while the average provisioned
CPU capacity was around 42,553,551 MHz, highlighting the extremely inefficient nature of
resource utilisation in cloud computing.

Figure 2. Comparison between provisioned CPU capacity and actual CPU usage.

Table 3. A sample of the Bitbrains dataset.

Timestamp CPU
Cores

CPU
Provisioned

[MHZ]

CPU
Usage
[MHZ]

CPU
Usage [%]

Memory
Provisioned

[KB]

Memory
Usage
[KB]

Disk Read
[KB/s]

Disk
Write
[KB/s]

Network
Received

[KB/s]

Network
Transmitted

[KB/s]

1372629804 2 5851.998 87.779 1.500 8,218,624.0 1.034× 106 160.866 21.733 0.266 1.467

1372630104 2 5851.998 29.259 0.500 8,218,624.0 4.585× 105 0.000 2.333 0.200 1.000

1372629804 2 5851.998 27.309 0.466 8,218,624.0 1.845× 105 32.066 4.200 0.133 1.067
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Table 3. Cont.

Timestamp CPU
Cores

CPU
Provisioned

[MHZ]

CPU
Usage
[MHZ]

CPU
Usage [%]

Memory
Provisioned

[KB]

Memory
Usage
[KB]

Disk Read
[KB/s]

Disk
Write
[KB/s]

Network
Received

[KB/s]

Network
Transmitted

[KB/s]

1372629804 2 5851.998 23.407 0.400 8,218,624.0 7.829× 104 0.000 0.866 0.067 1.000

1372629804 2 5851.998 19.506 0.333 8,218,624.0 1.677× 105 0.000 0.200 0.133 1.000

3.6. Data Preprocessing

To prepare the historical cloud workload dataset for model training, data preprocessing
is performed. First, missing values in the time-series data are identified and addressed
using forward filling, where if a value di from time step i is missing, the value di−1 from the
previous timestep will be used to fill in to maintain continuity. Subsequently, the data is
normalised using standard scaling, which transforms the data to have a mean of zero and a
standard deviation of one (µ = 0, σ = 1). The dataset is then resampled into a consistent
and uniform frequency, as the Bitbrains dataset has an inconsistent sampling rate. This
ensures an appropriate time-series structure for model training, while also reducing noise
in the data.

4. Performance Evaluation
This section explains the experimental setup, the baseline models used, the evaluation

metrics, and the results.

4.1. Experimental Setup

The proposed MambaNet0 framework was implemented on Google Cloud’s Vertex
AI, along with the baseline models, to ensure a consistent and adjustable experimental
environment. Vertex AI is an AI development platform that offers scalable computational
resources and Machine Learning Operations tools (MLOps) to help streamline the model
management and deployment process [26]. The training and evaluation of this experiment
were conducted using Jupyter Notebook version 6.5.7 within the Vertex AI Python 3.10.18
environment. GCS was also used for storing the historical data that will be used by the
models to train and predict cloud resources.

4.2. Baseline Models

This section outlines the baseline models used, along with the parameters utilised on
each model. The performance of the Mamba model that was implemented in Vertex AI is
compared with three baseline models: ARIMA [19], LSTM [21], and Amazon Chronos [18].

4.2.1. Autoregressive Integrated Moving Average (ARIMA)

ARIMA is the combination of the autoregressive model and the moving average
model, along with the inclusion of a differencing operator, which helps make the time
series stationary by reducing the reliance on past values [27]. The model is widely used
in time-series forecasting due to its proven capabilities to handle non-stationary data [27].
The parameters used for the ARIMA(p,d,q) model are ARIMA(10,1,0), where the autore-
gressive term (p = 10) is the number of timesteps used for making prediction, the degree of
differencing (d = 1) denotes the number of times data was differenced to achieve stationarity,
and the moving average term (q = 0) indicates the size of the moving average.

4.2.2. Long Short-Term Memory (LSTM)

LSTM is a type of RNN that specialises in long sequential data due to its ability to
maintain information [27]. Each LSTM layer contains cells that capture and store data,
enabling it to learn and filter relevant information over long sequences [27]. This is achieved
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through gates, a sigmoidal neural network layer that determines the flow of information
between each cell [27]. The parameter of the model utilised consists of an LSTM layer,
configured with four cells, and processed input sequences with a window size of 10.

4.2.3. Chronos

Chronos is a set of pre-trained time-series forecasting models that utilise transformer-
based architecture, taking a probabilistic approach to time-series forecasting and tokenising
their inputs similar to Large Language Models (LLMs) [28]. As Mamba’s design was to
address the limitations of transformer-based models, Chronos serves as a great baseline
for comparison when performing on long sequential data. To ensure computational fea-
sibility without utilising expensive hardware such as a Graphics Processing Unit (GPU),
the Chronos small model was used.

4.3. Evaluation Metrics

This section discusses the evaluation metrics used to measure the accuracy of the
proposed models and the baseline models. The metrics used consist of MAE, RMSE,
and SMAPE. MAE is the average sum of errors from the predicted values and the actual
values [29]. This is a straightforward metric that represents the accuracy of the forecast.
The equation for MAE can be seen below as Equation (4).

MAE =
1
n

n

∑
i=1
|yi − ŷi| (4)

where yi is the value at i, ŷi is the predicted value at i, and n is the number of data points.
RMSE is the square root of the average squared error [29]. Due to the fact that the error
values are squared, the RMSE is more sensitive to large errors, which helps highlight
incorrect forecasts. The equation for RMSE can be seen below as Equation (5).

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (5)

where yi is the value at i, ŷi is the predicted value at i, and n is the number of data points.
SMAPE is the average absolute percentage error, where the denominator used is the average
of the predicted and actual values, rather than just the actual value. This approach provides
a symmetrical balance to both under-prediction scenarios and over-prediction scenarios,
while also addressing the issue when the actual value is zero [30]. The equation for SMAPE
can be seen below as Equation (6).

SMAPE =
1
n

n

∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|)/2

(6)

where yi is the value at i, ŷi is the predicted value at i, and n is the number of data points.

4.4. Results

Table 4 presents the performance of the Mamba model in comparison to the chosen
baseline models. Each model was configured with a forecast horizon of 30 timesteps
ahead to accommodate the requirements for the forecast and the cloud server configuration
process. Figure 3 displays the predictions made by the MambaNet0 framework compared
to the true values.
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Figure 3. Resulting CPU usage prediction from the model compared to the actual CPU usage.

Table 4. Comparison of predicted and observed CPU utilisation across the forecast horizon.

Work Model MAE RMSE SMAPE

Calheiros et al. (2014) [19] ARIMA 136.693 216.295 24.82

Tang et al. (2018) [21] LSTM 132.06 214.13 23.84

Wang et al. (2025) [18] Chronos 5.987 9.796 6.411

MambaNet0 (this paper) Mamba 3.932 4.758 4.477

The traditional baseline models, ARIMA and LSTM, displayed a similar level of
accuracy, with LSTM slightly outperforming ARIMA on all metrics. Although LSTM
showed stronger performance than ARIMA, its resulting MAE of 132.06 suggests poor
overall accuracy. This is further supported by its RMSE of 214.13, which likely indicates
significant forecast errors caused by sudden spikes or unexpected fluctuations within the
data. With SMAPE being relatively high for both ARIMA and LSTM at 24.82 and 23.84,
respectively, they exhibit a significant deviation in the predictions from the true values,
which suggests their unsuitability in cloud resource forecasting.

Chronos, on the other hand, demonstrated a remarkable leap in performance compared
to the other baseline models. Its forecast results with a lower MAE of 5.987 and an RMSE of
9.796, underscoring its ability to provide accurate predictions. With a lower SMAPE of 6.411,
Chronos solidifies itself as an effective approach to cloud resource forecasting, highlighting
the effectiveness of transformer-based architectures with lengthy sequential data.

Likewise, Mamba showcased even superior performance, outperforming all baseline
models across all metrics. It achieved the lowest MAE of 3.932, RMSE of 4.758, and SMAPE
of 4.477. This performance gap represents a significant leap, seeing an approximate 34%
reduction in MAE and 51% in RMSE when compared to the best-performing baseline
model, Chronos. This magnitude of improvement could suggest an advantage introduced
by the advances made from Mamba’s architecture. It could stem from Mamba’s selective
SSM, which allows the model to filter and compress relevant information while discard-
ing noise better than the transformer-based architecture of Chronos. This might have
enabled the Mamba model to have better retention of relevant historical patterns, thus
providing more accurate predictions. Furthermore, similar MAE (3.932) and RMSE (4.758)
demonstrate Mamba’s robustness in error distribution. Since RMSE amplifies large error
values, the small difference between MAE and RMSE indicates the success of Mamba in
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mitigating large prediction errors. This highlights the model’s ability to forecast sudden
spikes and troughs that traditional models like ARIMA and LSTM consistently struggle
with. Furthermore, the low SMAPE value of 4.477 reinforces its effectiveness at providing
accurate and consistent predictions, demonstrating its potential in precise and proactive
resource allocation.

5. Conclusions and Future Directions
This study proposes a new AI-driven cloud resource forecasting framework called

MambaNet0, a system for efficient cloud resource provisioning. Through its utilisation
of the Mamba model to predict future resource usage, MambaNet0 enables proactive
resource allocation for cloud servers to help mitigate inefficient resource provisioning.
The framework was implemented and evaluated in Google Cloud’s Vertex AI environment,
where it outperforms established baseline models like ARIMA, LSTM, and Chronos by
achieving 29% improvement in SMAPE against the top baseline model. These results
underscore the potential of the Mamba model in providing accurate predictions for cloud
resource utilisation, which would lead to a reduction in operational costs, along with
supporting environmental and net zero goals.

Future Directions

This section discusses possible future directions that could be expanded upon in
MambaNet0. While this study has successfully demonstrated the effectiveness of the
MambaNet0 framework in providing accurate CPU utilisation forecasts, there are multiple
avenues of future work to explore:

• The natural next step for this research would be the integration of the MambaNet0
predictive framework with a resource allocation system. While this paper focuses on
validating the model’s forecasting capabilities, a complete solution requires a system
that would deploy these predictions to the cloud environment. Future work could
explore a resource allocation scheme, such as the online auction mechanism [31].
This integration could take advantage of MambaNet0’s predictions to formulate a
complete solution that could deliver an improvement in cloud resource utilisation,
reduce over-provisioning costs, and improve social welfare in its distributions.

• The framework’s generalisability can be confirmed by evaluating its performance on
diverse time-series datasets from various cloud providers, which would validate its
robustness and adaptability in real-world environments.

• The framework’s versatility could be further validated by extending its forecasting
capabilities to other cloud resources, such as memory usage, disk I/O, and network
traffic. This would confirm its effectiveness beyond CPU utilisation prediction.

• Moreover, the framework’s environmental impact could be quantified using a digital
twin of a cloud environment. By simulating daily energy consumption based on
MambaNeto’s forecasts, this approach would precisely measure potential reductions
in energy waste and carbon emissions, directly assessing the framework’s contribution
to cloud sustainability [32].

• The Mamba architecture’s flexibility presents an opportunity to create hybrid models.
Integrating Mamba with complementary forecasting techniques could leverage their
combined strengths to achieve even greater predictive accuracy.
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