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Abstract. One of the significant challenges in Function-as-a-Service (FaaS) is
the unpredictability of function runtimes, which can lead to cost overruns and
performance degradation when deploying applications across multiple cloud
providers. This paper presents a Machine Learning (ML)-based predictor in-
tegrated into the Orama Framework, which combines static code metrics (Hal-
stead complexity measures) with empirical performance data to estimate func-
tion runtimes directly from the source code. Three neural network architectures
(Dense, LSTM, and BLSTM) were evaluated, with the BLSTM achieving the
highest accuracy (R2 = 0.91) and a 20% lower MSE compared to the baselines.
The predictor is available via API and through a graphical interface within the
Orama Framework, supporting deployment planning, multi-cloud comparisons,
and cost-performance optimization for serverless applications.

1. Introduction

Serverless computing has emerged as one of the leading paradigms for developing and
deploying microservice-based applications. In this model, Function-as-a-Service (FaaS)
[Schleier-Smith et al. 2021] enables the execution of functions on demand with automatic
scalability, eliminating the need for infrastructure management. However, the unpre-
dictability of function runtime remains a major challenge. In multi-cloud environments,
unexpected delays can compromise SLAs, degrade user experience, and lead to signifi-
cant additional costs. Recent studies indicate that variations of only a few milliseconds
per execution can result in substantial financial losses when accumulated over time.

The runtime of serverless functions is influenced by multiple factors, includ-
ing code complexity, runtime environment, memory configuration, scaling policies, and
provider-specific characteristics such as those of AWS Lambda, Google Cloud Functions,
Azure Functions, and Alibaba Function Compute. Despite its importance, developers of-
ten lack tools that accurately estimate runtime before deployment or that allow informed
comparisons among providers. Traditional benchmarking approaches face limitations, in-
cluding low reproducibility, limited support for multiple providers, and difficulty captur-
ing contextual variations, which can lead to inefficient resource allocation and suboptimal
deployment decisions. Predicting runtime in serverless systems is challenging because
many factors interact in unpredictable ways.This complexity makes it difficult to design
models that capture consistent and reliable. patterns.



To address these limitations, this work extends the Orama Framework
[de Carvalho et al. 2023, Carvalho et al. 2024] with a runtime predictor based on Ma-
chine Learning (ML) techniques. The solution leverages static code metrics, particularly
Halstead complexity measures, combined with empirical benchmarking data previously
collected by Orama, allowing runtime estimation directly from the function’s source code.
This integration enables comparative analysis among multiple providers without requir-
ing prior execution, supporting decision-making in multi-cloud environments and reduc-
ing the risk of cost overruns. This solution is aimed at solution engineers, providing them
with insights to select the most suitable cloud provider to support a given application.

In addition to the methodology for integration and dataset generation, we present
the results of experiments with three neural network architectures (Dense, LSTM, and
BLSTM), evaluated in terms of generalization ability and prediction accuracy. The
BLSTM architecture stood out, achieving R2 = 0.91 and up to 20% lower MSE compared
to the other models. Finally, the predictor was incorporated into the Orama Framework
through unified APIs and an interactive graphical interface, allowing users to submit FaaS
functions, define load parameters, and obtain real-time runtime estimates by provider.

The remainder of this paper is organized as follows. Section 2 presents the main
concepts behind Orama’s prediction tool. Section 3 describes the methodology used for
dataset generation and model training. Section 4 discusses the related work. Section 5
presents the experimental results, and Section 6 concludes the paper and outlines future
work.

2. Background

Runtime evaluation in FaaS environments poses challenges requiring instrumentation,
automated testing, metric collection, and statistical analysis across cloud providers,
configurations, and usage patterns. Traditional benchmarking tools often fail due to
limited multi-cloud support, insufficient metric granularity, and lack of reproducibil-
ity. To overcome these issues, specialized infrastructures such as the Orama Frame-
work [de Carvalho et al. 2023] were developed to enable controlled experimentation and
systematic knowledge extraction in serverless computing.

2.1. The Orama Framework

Orama [Carvalho et al. 2024]1 is a modular and extensible framework designed to facili-
tate benchmarking experiments in FaaS environments, enabling the evaluation of function
performance across multiple cloud providers in a controlled, reproducible, and scalable
manner.

The architecture of Orama comprises several modules responsible for various
stages of the experimental process, including function provisioning, execution orches-
tration, metric collection, statistical analysis, and report generation. The tool supports
primary FaaS services, including AWS Lambda, GCF, AZF, and AFC. It allows config-
uration of variables such as allocated memory, invocation frequency, concurrency level,
source region, and function input parameters. The data collected through Orama served as
the foundation for training the runtime prediction models presented in this work. Orama’s

1https://github.com/unb-faas/orama



flexibility and extensibility also made it an ideal platform for integrating ML techniques,
as discussed in the following subsection.

2.2. Machine Learning

ML [Mitchell 1997] is fundamental to modern computational systems, with applica-
tions spanning finance, healthcare, manufacturing, and cloud computing. Its strength
lies in identifying patterns in large datasets and making predictions without explicit pro-
gramming. In FaaS platforms, ML is increasingly relevant for optimizing performance,
forecasting costs, and enabling automated deployment strategies across multiple clouds.
Among ML approaches, supervised, unsupervised, and reinforcement learning stand out
[Almuqati et al. 2024, Dai et al. 2024]. Supervised learning, especially regression, is
beneficial for predicting runtimes, as seen in the Orama framework, which estimates func-
tion runtime based on source code features.

To build Orama’s predictor, three neural network architectures specialized in re-
gression on structured, high-dimensional data were evaluated: Dense (Fully Connected)
[Jiang et al. 2022], LSTM (Long Short-Term Memory) [Tan 2021], and BLSTM (Bidi-
rectional LSTM) [Radman and Suandi 2021]. Simpler models such as Decision Trees and
Random Forest Regressors were evaluated in preliminary experiments; however, they did
not yield satisfactory results, which motivated the adoption of models capable of capturing
more complex relationships among the features. Dense networks handle non-sequential
inputs and serve as a strong baseline. LSTM models capture long-term dependencies in
sequential data. BLSTM extends this by processing sequences bidirectionally for a richer
context. Although effective in regression tasks, these models rely on high-quality input
data, necessitating rigorous preprocessing to ensure consistency and proper formatting.
The following section covers these refinement techniques essential for learning meaning-
ful patterns and achieving accurate predictions.

2.3. Data Preprocessing

Effective data preprocessing is crucial in ML, as it impacts model accuracy and general-
ization. Real-world data often contains missing values due to gaps in data collection or
errors in data collection. These can be handled by deletion, imputation using the mean or
median, or advanced methods such as K-nearest neighbors (KNN). Categorical variables
must be converted into a numerical form using techniques such as one-hot encoding for
nominal data or ordinal encoding when categories have an inherent order.

Normalization and outlier treatment are also key steps. Features on different scales
can hinder learning, so methods such as min-max scaling [Bishop and Nasrabadi 2006]
and z-score standardization [Garcı́a et al. 2015] are employed. Outliers are detected by
the interquartile range (IQR) method [Barbato et al. 2011], and can be removed or ad-
justed to prevent bias. Lastly, correlation analysis and dimensionality reduction improve
efficiency. Highly correlated features may cause overfitting, so Pearson’s correlation helps
identify them [Franzese et al. 2018].

2.4. Model Evaluation

Evaluating a ML model is critical to ensure accurate and reliable performance in real-
world scenarios. This process measures the model’s ability to capture underlying data



patterns and helps identify issues such as bias, variance, or data leakage. Using train-
ing, validation, and test datasets with appropriate performance metrics allows systematic
model selection, tuning, and deployment based on empirical evidence.

Performance metrics are crucial for evaluating model effectiveness, particu-
larly in regression tasks. Standard metrics include Mean Absolute Error (MAE)
[Chai et al. 2014], which measures the average absolute difference between predictions
and actual values; Mean Squared Error (MSE) [Akmal et al. 2024] and Root Mean
Squared Error (RMSE) [Chai et al. 2014], which penalize larger errors; Mean Absolute
Percentage Error (MAPE) [Akmal et al. 2024], which expresses errors as percentages;
and the coefficient of determination (R2) [Akmal et al. 2024], which measures explained
variance. Each metric provides distinct insights, and together they form a comprehen-
sive evaluation framework. Visualizations complement these metrics by revealing per-
formance variability and alignment. Boxplots show distribution characteristics, while
predicted-versus-observed plots help detect underfitting, overfitting, or data issues. Com-
bined, these analyses guide further optimization through hyperparameter tuning, regular-
ization, and architectural adjustments to enhance accuracy and generalization.

2.5. Model Optimization
Model optimization is a crucial phase in ML development, focused on enhancing predic-
tive accuracy and generalization by fine-tuning various model components. This process
primarily involves hyperparameter tuning, where configuration settings not learned during
training, such as learning rate, network architecture, batch size, and regularization coef-
ficients, are systematically selected through external search methods. While traditional
techniques, such as grid and random search, exhaustively or randomly explore the hyper-
parameter space, they can be computationally prohibitive in high-dimensional scenarios.
More sophisticated approaches, including Bayesian optimization and tools like Hyperopt
[Kurniawan et al. 2024], leverage probabilistic models to efficiently identify hyperparam-
eter configurations that minimize validation loss and improve generalization with fewer
evaluations.

Beyond hyperparameter tuning, model optimization encompasses architectural
modifications such as adjusting network depth and width, incorporating dropout to miti-
gate overfitting, and applying regularization methods like L1 and L2 penalties to control
model complexity. These combined strategies aim to balance bias and variance, yield-
ing models that generalize robustly across diverse datasets. Building upon prior stages
of the ML pipeline, data preprocessing, model evaluation, and optimization, it is evident
that the quality and relevance of input features are foundational to success. In software
engineering contexts, exemplified by the Orama Framework, models rely on metrics ex-
tracted directly from source code, capturing structural and complexity attributes essential
for predicting performance or fault proneness. The following section outlines techniques
for extracting code metrics, which are crucial for enabling effective, context-aware ML
within the Orama pipeline.

2.6. Source Code Metrics Generation
Source code metric extraction enables the transformation of software artifacts into struc-
tured, quantifiable data that can be used as input for ML models. Among various existing
techniques, lexical-based metrics have gained significant traction due to their simplicity



and language-agnostic nature. These metrics rely on analyzing the source code statically,
without requiring execution or dynamic instrumentation, which makes them efficient and
scalable. By capturing properties such as code length, vocabulary size, and syntactic
richness, lexical metrics provide a meaningful abstraction of code complexity that can be
leveraged for predictive tasks in software engineering.

One of the most widely recognized lexical metric systems is the Halstead
[Halstead 1977, Khan and Nadeem 2023] complexity measures, introduced by Maurice
Halstead. This technique involves counting distinct and total operators (n1, N1) and
operands (n2, N2) in a given code fragment. From these basic counts, several derived
metrics are calculated, including program vocabulary, length, volume, difficulty, and ef-
fort. For instance, the volume reflects the amount of cognitive information needed to
implement the code and is calculated as shown in Equation (1):

V = (N1 +N2) · log2(n1 + n2) (1)

These derived measures encompass not only structural properties but also the po-
tential cognitive effort required for understanding or modifying the code.

Compared to other techniques, such as cyclomatic complexity [McCabe 1976] or
line-of-code counts [Barry et al. 1981], Halstead metrics offer a more nuanced and ex-
pressive view of the code’s intrinsic complexity. While cyclomatic complexity focuses
solely on control flow and branching structures, Halstead’s approach captures a broader
range of syntactic elements, making it more suitable for ML pipelines that benefit from
diverse and fine-grained features. Additionally, their static nature enables fast computa-
tion and applicability across various languages and programming styles, making them an
ideal choice for scalable and automated metric extraction within frameworks like Orama.

This background section has presented key concepts underlying the Orama Frame-
work, including its reliance on ML techniques and the extraction of source code metrics
to serve as informative features. Understanding the interplay between data preprocess-
ing, model evaluation, optimization, and the effective generation of lexical code metrics,
such as those of Halstead, establishes a solid foundation for building accurate and robust
performance predictors. Within this context, the following section outlines the method-
ology employed to construct the performance predictor for FaaS environments within the
Orama Framework, detailing the use cases and scenarios, data collection, model training,
validation processes, and feature engineering that drive its predictive capabilities.

3. Methodology

The construction of the runtime predictor for FaaS functions within the Orama Framework
began with the definition and normalization of a set of cross-platform use cases. Table 1
presents these use cases, along with the mapping of their equivalent services across each
cloud provider evaluated (AWS, Google Cloud, Microsoft Azure, and Alibaba Cloud).
This standardization aims to ensure comparability across heterogeneous platforms, reduce
bias introduced by differences in naming conventions or native resources, and enable the
automated reuse of experiments. Three types of use cases were defined: Calculator, API
for Object Storage, and API for DBaaS, as shown in Table 1. All cloud providers had the



corresponding use cases implemented in Orama, with the exception of Alibaba Cloud,
which was unable to automate the API for DBaaS use case despite repeated efforts.

Table 1. Use Cases used to train the Orama’s predictor.

Use Case Description AWS Google Cloud Azure Alibaba
Cloud

Calculator

A simple calculator that al-
lows basic arithmetic op-
erations and, in doing so,
triggers the FaaS technol-
ogy stack of the provider.

Lambda GCF AZF AFC

API for Object Storage

An API with 3 endpoints
to List, Insert, and Delete
JSON objects. The data
is stored in the provider’s
respective Object Storage
service.

Lambda + S3 GCF + Cloud
Storage

AZF + Blob
Storage

AFC + Object
Storage Ser-
vice

API for DBaaS

An API with 3 endpoints
to List, Insert, and Delete
JSON objects. The data is
stored in a Database as a
Service (DBaaS).

Lambda + Dy-
namoDB

GCF + Fire-
store

AZF + Cos-
mosDB

not imple-
mented

For each use case implementation on each provider, code complexity metrics were
extracted based on the Halstead metrics family. This process was automated via an in-
ternal service named Halsteader, integrated into the Orama stack. The extracted metrics
(e.g., length, vocabulary, difficulty, volume, and estimated effort) were synthesized and
organized in Table 2. It is possible to verify that significant differences exist in the func-
tion’s source code, as Azure functions, for example, exhibit structural variations compared
to functions developed for other providers, which explains the discrepancies observed in
the metric values.

Code metrics alone do not capture variations induced by infrastructure, cold starts,
scaling policies, or provider-specific resource limits. To incorporate such factors, empir-
ical results from previously conducted benchmark campaigns using the Orama Frame-
work, published in prior studies, were reused. These results include runtimes observed
under multiple concurrency levels, workload sizes, and regional configurations.

Table 2. Use Cases’ Halstead Metrics Extracted from The Source Codes.
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AFC calculator 9 7.5 1.50 28.22 52.43 0.01 2.91 3.00 4.50 4.50 4.50
AZF calculator 212 52 44.02 1208.49 53194.54 0.40 2955.25 23.00 101.00 29.00 111.00
GCF calculator 5 5 1.00 11.61 11.61 0.00 0.64 2.00 2.00 3.00 3.00
Lambda calculator 9 7.5 1.50 28.22 52.43 0.01 2.91 3.00 4.50 4.50 4.50
AFC api4os 53 21 3.19 232.93 740.13 0.08 41.12 4.00 26.00 17.00 27.00
AZF api4os 302 90 23.62 1960.54 46303.33 0.65 2572.41 22.00 156.00 68.00 146.00
GCF api4os 26 16 2.10 104.95 221.64 0.03 12.31 4.00 13.00 12.33 13.00
Lambda api4os 44 24 4.21 234.73 1758.85 0.08 97.71 6.67 21.83 17.33 22.33
AFC api4dbaas — — — — — — — — — — —
AZF api4dbaas 96 34 9.05 518.82 7550.96 0.17 419.50 9.33 48.33 24.67 47.67
GCF api4dbaas 21 14 2.50 79.95 199.89 0.03 11.10 5.00 12.00 9.00 9.00
Lambda api4dbaas 29 14 2.81 131.44 661.34 0.04 36.74 4.33 14.83 10.50 14.17



Figure 1. Dataset composition process.

Figure 1 illustrates the workflow used to compose the dataset for training the pre-
dictor. The process consists of four sequential macro phases: Experiments → Consol-
idated Results (for all three use cases) → Halstead Metric Extraction → Final Dataset
with 332,191 entries. In the Experiments phase, controlled executions are orchestrated in
a reproducible manner across the four cloud providers, using the Orama Framework. The
Consolidated Results phase aggregates contextual metadata (region, payload size, num-
ber of invocations) and the elapsed time of each execution. Subsequently, the Halstead
Metric Extraction step injects static code attributes generated by Halsteader. Finally, all
attributes are integrated and harmonized into an analytical tabular dataset, aligned by use
case and provider keys, and prepared for preprocessing and modeling steps.

Figure 2. Training process.

The ML pipeline used to build the predictor is depicted in Figure 2. This pipeline
comprises the stages: Preprocessing → Modeling → Optimization → Training → Eval-
uation → Decision. During Preprocessing, outlier removal, missing value imputation,
categorical encoding of providers, and scaling of numerical attributes (including Halstead
metrics) are performed. The Modeling stage evaluates various families of regression mod-
els (e.g., Dense, LSTM, and BLSTM) using all features in the dataset. The Optimization
stage applies a multi-objective hyperparameter search, considering both mean squared
error and cross-provider robustness. The Training stage produces candidate models (us-
ing 70% of dataset for training and 30% for validation), which are then assessed in the
Decision stage. If the predefined performance criteria are met, the model is frozen and
versioned; otherwise, a feedback loop returns to the Preprocessing stage for adjustments
in feature engineering, data filtering, or sample balancing.

Figure 3 presents the updated architecture of the Orama Framework, which incor-
porates two new services: (i) Halsteader, responsible for static code analysis and genera-
tion of Halstead metrics; and (ii) Predictor, which consumes the trained model to estimate
expected runtimes per provider and concurrency level. Although the backend provides
unified APIs for automating experiments and querying predictions, the need for enhance-
ments to the graphical interface has been identified. The proposed improvement involves



Figure 3. The new architecture of the Orama Framework, composed of the pre-
viously defined components [de Carvalho et al. 2023], with the addition of
Halstead and Predictor components.

the development of an interactive interface that enables users to submit the source code
of a FaaS function, define load parameters, and obtain comparative runtime estimates
across AWS, Google Cloud, Azure, and Alibaba Cloud. This functionality is considered
essential for enabling studies in portability, cost-performance analysis, and multi-cloud
planning. To better situate our methodology within the existing body of research, the fol-
lowing section discusses related works on runtime prediction in FaaS, emphasizing how
our approach builds upon or diverges from previous efforts.

4. Related Works
Several studies in the literature address runtime prediction in cloud computing, partic-
ularly in Serverless environments such as FaaS. In [Tomaras et al. 2023], the SLOPE
framework uses neural networks to estimate the number of instances needed based on
past executions. When no prior data is available, it applies a graph-edit-distance method
to find similarities among applications. Although SLOPE reduced operational costs by up
to 66.25%, its scope is limited due to reliance on container-based infrastructures, which
not all providers adopt. Unlike SLOPE, the Orama framework uses client-side experi-
mental data, making its predictions more reflective of real-world conditions.

FaaStest [Horovitz et al. 2019] optimizes cost and runtime in FaaS through a hy-
brid ML approach that learns service behavior and selects the best platform dynamically.
It also reduces cold start latency, achieving over 50% cost savings and 90% improvement
in response time. However, it lacks runtime prediction based on source code, a key feature
offered by Orama for supporting deployment decisions.

TrIMS [Dakkak et al. 2019] enhances neural network inference in FaaS by re-
ducing data transfer overhead using a distributed persistent memory system across GPU,
CPU, and cloud. It achieves up to 24 times lower latency and 8 times higher throughput,
but does not address source code–based runtime prediction, as Orama does.

FuncMem [Pandey and Kwon 2024], implemented in OpenWhisk, manages
memory by prioritizing non-blocking asynchronous requests and dynamically reschedul-
ing functions. It significantly reduces cold start latency (63.48%) and runtime (54.93%),



and improves throughput. However, it is limited to OpenWhisk environments, whereas
Orama supports major cloud providers, including AWS, GCP, Azure, and Alibaba.

The ML-FaaS framework [Filippini et al. 2025] utilizes ML to predict resource
usage and system overload in FaaS through function profiling. It achieves 97% accuracy
in overload prediction but does not include a predictor based on source code complexity,
which is central to Orama’s approach.

Existing approaches have demonstrated effective strategies for cost optimization,
reducing cold starts, and predicting resources in FaaS. However, most solutions either
rely on infrastructure-level metrics, are restricted to specific platforms, or do not incor-
porate application source code analysis. The Orama Framework addresses these gaps
by leveraging client-side execution data and source code complexity to predict runtime
across multiple cloud providers, offering a more generalizable and deployment-oriented
solution for performance prediction in real-world serverless scenarios.

5. Results
This section presents the evaluation results of the runtime prediction models integrated
into the Orama Framework. The performance of three neural network architectures
(Dense, LSTM, and BLSTM) was compared using MSE and R2. These metrics were cal-
culated using cross-validation in the dataset’s validation set (30% of the dataset). Since
the data used for validation are contained within the dataset, use cases different from
those in training may yield estimates with low accuracy. The inclusion of new use cases
requires retraining the model, taking the new context into account, in order to improve the
tool’s accuracy.

Figure 4. Loss in Dense, LSTM, and BLSTM models.

As illustrated in Figure 4, all three models showed convergence during training,
with the Dense and BLSTM architectures demonstrating more stable and rapid reductions
in loss. While LSTM models initially struggled with higher variance, their performance
improved after several epochs due to their capacity to capture long-term dependencies in
the extracted metrics.

Figures 5 and 6 present boxplots of the MSE and R2 scores for each model. The
BLSTM model achieved the lowest median MSE and the highest R2, indicating superior



Figure 5. MSE Boxplot for Dense, LSTM, and BLSTM models.

accuracy and generalization across use cases and cloud platforms. The Dense model
followed closely, whereas the LSTM model exhibited slightly higher prediction errors and
greater variability, likely due to its sensitivity to input sequence length and complexity.

Figure 6. R2 Boxplot for Dense, LSTM, and BLSTM models.

Figure 7 plots the observed versus predicted runtimes for the best-performing
model (BLSTM). The data points closely align with the diagonal, confirming strong pre-
dictive agreement. Minor deviations are observable in edge cases with high complexity
or uncommon combinations of Halstead metrics and provider behaviors; however, the
predictor maintains robustness across the dataset overall.

Figure 7. Observations vs. Predictions in BLSTM model.

The results confirm the effectiveness of using lexical code metrics to predict FaaS
runtimes. Among the evaluated models, the BLSTM architecture stood out for its superior
accuracy and generalization. Its ability to process code sequences bidirectionally allows it
to capture richer contextual relationships, which are essential for modeling performance-
related patterns in source code. Due to its consistent performance across scenarios, the
BLSTM model was adopted as the foundation for the new Predictor component in the
Orama Framework.



6. Conclusion and Future Works

This work presented a ML–based predictor integrated into the Orama Framework to es-
timate the runtime of serverless functions across major FaaS platforms. By combining
Halstead code metrics with empirical benchmarking data, the solution enables accurate
runtime predictions directly from source code, improving deployment planning in multi-
cloud environments. Among the evaluated models, the BLSTM architecture achieved the
best performance (R2 = 0.91 and 20% lower MSE than baselines). The predictor, now
available through unified APIs and a graphical interface, allows users to upload FaaS code
and obtain real-time runtime estimates per provider.

Future work includes extending predictions to execution costs, supporting ad-
ditional languages and providers, and evaluating advanced neural architectures such as
BERT and LLaMA to enhance the semantic understanding of code and further improve
accuracy. Expanding the dataset with new use cases and refining the user interface are
also planned to broaden the applicability of the predictor.
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