
1

Meta-Learning for Time Series-based Tasks in
Software Engineering

Federico Di Menna, Luca Traini, and Vittorio Cortellessa

Abstract—Time series analysis is widely employed in soft-
ware engineering (SE) for various critical activities, including
capacity planning, anomaly detection, and performance testing.
However, effectively incorporating time series analysis into SE
processes can require extensive experimentation or specialized
expertise, which may not often be readily accessible to software
engineers. Meta-learning offers a promising avenue to reduce
human intervention by automating several aspects of the time
series analysis process, such as selecting the most appropriate
algorithm. Although this approach has shown promising results
across various time series domains, its applicability and potential
impact within SE contexts still remain largely unexplored.

In this paper, we report the first empirical evidence on the
effectiveness of meta-learning for time series–based SE tasks.
First, we introduce MALIAS, a framework inspired by the meta-
learning principles, which leverages over 700 time series features,
a random forest model, and best practices such as dimensionality
reduction and hyper-parameter tuning, to automatically select
and run the best-performing algorithm for a given software time
series. Then, we instantiate this framework for three distinct
time series-based SE tasks–forecasting of software telemetry data,
anomaly detection in online software systems, and steady-state
detection in software performance testing–and we conduct an ex-
tensive evaluation across six different real-world datasets. Results
show that MALIAS algorithm selection yields net improvements,
over individual algorithms, up to +17.7 percentage points (pp) for
forecasting, up to +20pp for anomaly detection, and up to +19.8pp
for steady-state detection. Furthermore, when compared to other
automated approaches, such as established AutoML frameworks,
MALIAS consistently outperforms them across all the considered
tasks with very high statistical significance (p<0.0001), while
showing competitive training and testing times, despite hetero-
geneous results. These findings highlight the potential of meta-
learning for time series analysis in SE, paving the way for its
broader adoption in both research and practice.

Index Terms—Meta-Learning, Software Time Series, AIOps,
Anomaly Detection, Time Series Forecasting, Software Perfor-
mance Testing

I. INTRODUCTION

Time series are extensively used for modeling a wide range
of phenomena, spanning fields from climatology to economics
and beyond [6]. Due to its versatility, the field of time series
analysis has significantly grown over recent decades with
the introduction of countless algorithms designed for tasks
such as forecasting, classification, and anomaly detection [7]–
[9]. These advancements have also started to gain attention
within the Software Engineering (SE) domain [4], [10]–[16].
In particular, researchers have begun to employ time series
analysis across a variety of SE tasks, often related to several
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Fig. 1. Distribution of best-performing algorithms on six software time series
datasets (WSD3k [1], AFD [2], AIOPS [3], WSD [1], JMD [4], VMD [5])
spanning three different SE tasks (Time Series Forecasting, Anomaly Detec-
tion, Steady-state Detection). Each pie chart shows the percentage of instances
in which each algorithm ranked first in performance compared to the other
algorithms.

critical software quality assurance activities. For example, time
series forecasting has been employed to predict future software
telemetry data [12]–[14], thus supporting crucial activities
such as resource capacity planning [10], [11], [17], [18],
software self-adaptation [19], [20] and more [21]–[23]. Time
series anomaly detection has been utilized to automatically
identify unexpected issues in online software systems and pre-
vent major failures [15], [24]–[26]. Time series classification
have been employed to address the inherent trade-off between
result quality and execution time in software performance
testing [4], [27]–[29].

Despite these developments, the effective application of time
series analysis in SE remains fundamentally constrained by
several critical challenges. One of the main difficulties lies in
selecting the most appropriate algorithm for the target time
series data. Indeed, the effectiveness of time series analysis
algorithms often greatly varies depending on the characteristics
of the data. This issue is particularly pronounced in SE
contexts, where time series may represent diverse software
metrics (e.g., response times, software faults, CPU utilization)
whose behavior is often highly variable [30] and influenced
by external factors such as workload dynamics [31]. We
observed clear evidence of this phenomenon in our previous
empirical studies [12], [13], where we found that SARIMA
[32]–a well-established algorithm for time series forecasting–
performed suboptimally on most types of software telemetry
data, whereas it proved to be particularly effective on a
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few specific types. Figure 1 provides further evidence of
this problem. The figure illustrates how frequently different
algorithms achieve the top performance across six time series
datasets spanning three distinct SE tasks: forecasting software
telemetry data, anomaly detection in software systems, and
steady-state detection in performance testing. Each pie chart
shows the proportion of time series instances within a dataset
for which each algorithm achieved the best performance. The
figure clearly demonstrates that no single algorithm consis-
tently achieves the best performance in more than 50% of the
cases. Consequently, even if one selects the algorithm that
is on average the best for a specific SE task, it will still
lead to suboptimal outcomes in more than half of the time
series instances. This situation underscores the importance of
carefully choosing the most suitable algorithm. However, this
process may require specialized expertise and/or extensive ex-
perimentation, which may not be readily available to software
engineers seeking to incorporate time series analysis into their
SE processes.

Over the years, the data science literature has proposed
various approaches to automating the selection of algorithms
for time series analysis. These approaches typically fall under
the umbrella of meta-learning [33], leveraging descriptive
features extracted from time series data to predict the most
suitable algorithm. While such approaches have demonstrated
effectiveness across several time series domains [33]–[36],
their efficacy within SE remains largely underexplored. Indeed,
the application of meta-learning has the potential to provide
substantial benefits across a wide range of SE activities. Yet,
there is still little empirical evidence on whether–and to what
extent–it can improve time series-based SE tasks.

In this work, we aim to fill this knowledge gap by con-
ducting the first empirical investigation on the effectiveness
of meta-learning in time series–based SE tasks. To this end,
we design MALIAS (MetA LearnIng for softwAre time-
Series), a meta-learning framework that dynamically selects
the best algorithm based on the characteristics of the time
series and the SE task at hand. MALIAS first extracts about
700 features from each time series and employs these features
to train a random forest model that predicts the performance
of different algorithms. This process follows best practices in
machine learning, such as dimensionality reduction and hyper-
parameter tuning. The predicted algorithm performance are
subsequently employed in the inference phase to automatically
select and run the best algorithm for each given time series.
We evaluate MALIAS on 8,561 real-world software time
series from six publicly available datasets. For forecasting,
we selected datasets aimed at predicting future telemetry data
of online software systems [1], [2]. For anomaly detection,
we utilized datasets containing telemetry data from online
software systems with labeled time steps marking known
software issues [1], [3]. Lastly, for classification, we lever-
aged datasets addressing the steady-state detection problem
[5], [37], which is commonly used to enhance the cost-
effectiveness of software performance testing [4], [28], [38].
Results show that, when compared to the best performing
algorithm for each dataset, MALIAS provides net improve-
ments of +17.7 percentage points (pp) and +9.5pp for time

series forecasting, +20.7pp and +3.1pp for anomaly detection,
and +9.8pp and +19.8pp for steady-state detection. Our results
also highlight that a MALIAS instance trained in one domain
cannot be readily transferred to another one as a pre-trained
solution, as it requires an initial training phase on a set of
time series collected from the target domain. Furthermore,
MALIAS outperforms two well-known AutoML frameworks
with very high statistical significance (p < 0.0001). However,
regarding training and testing times, its efficiency varies across
tasks, achieving the fastest execution only on time series
forecasting training and on steady-state detection testing.

Our main contributions are as follows:
• A first empirical evidence of the effectiveness of meta-

learning for time series-based SE tasks, based on an
evaluation of MALIAS across six real-world time series
datasets, spanning three different SE tasks.

• A comparative evaluation of MALIAS with two estab-
lished AutoML frameworks in terms of effectiveness and
efficiency.

• Source code, experimental scripts, and results of
MALIAS publicly available [39] to support both devel-
opers and researchers.

II. BACKGROUND AND RELATED WORK

A. Time Series-based Tasks in SE

The concept of time series has been widely employed in
SE domain due to its flexibility in modeling software-related
phenomena that evolve over time. Time series analysis tasks
can be broadly divided in three main categories: time series
forecasting, anomaly detection, and time series classification.
Below, we report examples of application of time series
analysis in SE for each of these three categories.

1) Time Series Forecasting (TSF): TSF aims at predicting
future values of a temporally ordered sequence by learning
patterns and structures inherent to the historical observations,
typically accounting for temporal dependencies, trends, sea-
sonality, and noise within the data. TSF has been extensively
applied in the SE domain, with methods ranging from ARIMA
models [10], [17], [21] to neural networks [12], [13], [23],
[26]. A large body of research in this area focuses on fore-
casting telemetry data from online software systems—such
as software performance metrics (e.g., memory/CPU usage,
response time) [12]–[14], [23], [26] or system workloads [17],
[18], [20]—to support activities like capacity planning [17],
[18], self-adaptation [19], and software rejuvenation [23].

Beyond software telemetry data, TSF has also been used to
model the temporal evolution of software systems in terms of
growth [40], [41], reliability [21], [22], bug report trends [10],
and technical debt accumulation [11].

In this work, we focus on the prediction of software teleme-
try data as a case study to evaluate MALIAS, since forecasting
telemetry data is one of the most common applications of TSF
in SE. Figure 2a illustrates a real example of TSF applied
to predicting the workload of an Azure serverless function
[2]. The figure shows the number of function invocations over
time at ten-minute intervals. A TSF model (Chronos [42]) is
employed to generate predictions for the next 50 future values,
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(a) Time Series Forecasting of workload in a
serverless environment [2].
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(b) Time Series Anomaly Detection of
software telemetry data from AIOps dataset
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Fig. 2. Illustrative examples of practical scenarios involving time series-based tasks in software engineering.

namely from the time step “t+ 1” to “t+ 50”. The grey line
denotes the model’s input context, the red dashed line indicates
the forecasted values, and the ground truth is depicted in black.

2) Time Series Anomaly Detection (TSAD): Anomaly de-
tection involves identifying data points, patterns, or segments
within a time-ordered sequence that significantly deviate from
the expected behavior or underlying structure of the previously
encountered data in the time series. Detecting anomalous data
points within a set of observations is a critical capability in
SE [26], [43]. This is particularly important in modern online
software systems, where software undergoes continuous code
changes [44] and is subject to highly variable workloads [31],
making such systems more susceptible to unexpected issues
[45], [46]. As a result, the adoption of anomaly detection tech-
niques for software telemetry data has significantly increased
in recent years, enabling the early identification of faults [24]
and performance degradations [26], [47]. Applications span
over different domains such as spacecraft software [25], dig-
ital IT infrastructures [24], and microservices-based systems
[48]. This growing interest has even led to the development
of specialized TSAD benchmarks tailored for SE, such as
TimeSeriesBench [15]. TimeSeriesBench employs a curated
collection of software telemetry datasets with known anoma-
lies, accompanied by associated algorithms and a standardized
process for evaluation and comparison. According to this
benchmark, state-of-the-art approaches for TSAD in SE are
predominantly based on deep learning models [15].

Figure 2b illustrates examples of known anomalies in
software telemetry data from the AIOps dataset [3]. The
anomalous data points are highlighted in red.

3) Time Series Classification (TSC): TSC refers to cat-
egorizing entire sequences or segments of time series data
into predefined classes based on learned temporal patterns
and characteristics. A typical application of TSC in software
engineering is the so-called steady-state detection problem in
performance testing [5], [37].

This problem is particularly relevant in software that run on
virtual machines that support Just-In-Time (JIT) compilation,
such as Java, where performance measurements during the
early iterations of test executions are often unstable due to
runtime warm-up effects of JIT compilation. Such variability
makes these early measurements unsuitable for rigorous per-
formance evaluation.

Figure 2c illustrates this phenomenon using the fasta bench-
mark from the computer language benchmarks game [5],
where the x-axis denotes successive benchmark executions and
the y-axis indicates its execution time. In this example, the
system reaches a steady state around the 600th iteration.

To detect the onset of steady-state behavior at runtime,
researchers have developed a variety of techniques based
on TSC. These approaches classify incoming segments of
performance measurements as either “steady” or “non-steady,”
using either statistical heuristics [28], [29] or deep learning
models [4], [27], and are typically employed to dynamically
halt warm-up iterations at runtime during performance testing.

B. Time Series and Meta-Learning

Several previous studies have empirically demonstrated that
there is no universally best algorithm for time series analysis
[9], [12], [13], [49]–[51]. As a result, a common practice
is to rely either on the domain expertise of data analysts
or on extensive empirical evaluation of available models
to identify the algorithm that yields the best performance.
However, expert knowledge is not always readily accessible,
and exhaustive experimentation can be impractical due to time
and cost constraints.

In light of these challenges, researchers have begun explor-
ing automated approaches for selecting the best-performing
models, leveraging the principles of meta-learning [33]–[35],
[52]–[59]. These approaches typically involve extracting de-
scriptive features from time series data and training a predictor
to identify the most suitable algorithm based on those features.
For instance, Prudêncio et al. [34] introduced a method in
which a meta-learner is trained to solve a classification prob-
lem, predicting the best algorithm for TSF. Shahoud et al. [35]
proposed DSTMS, a descriptive schema for energy time series
data, designed to support effective algorithm selection for
energy forecasting activities. Smith and Miles [33] formulated
the algorithm selection task originally proposed by Rice [60]
as a learning problem, demonstrating its applicability across
various domains, including TSF. Talagala et al. [36] proposed
the FFORMS framework, which classifies forecasting models
based on over 30 time series features (e.g., trend, seasonality,
autocorrelation).

Building on the intuition of these works, this paper intro-
duces MALIAS, a meta-learning approach specifically tailored
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to the SE domain. To the best of our knowledge, none of the
previous studies have explored meta-learning for time series-
based tasks in SE.

III. APPROACH

We present MALIAS (MetA LearnIng for softwAre time-
Series), a meta-learning framework designed to select and run
the most effective algorithm for a given time series-based SE
task.

A. Overview

MALIAS leverages a large number of time series features—
which we refer to as meta-features—to select the most suitable
algorithm for a given time series. To make this selection,
MALIAS learns how each algorithm performs across indi-
vidual time series based on their corresponding performance
metrics, which we refer to as target metrics. These target
metrics may vary depending on the task. For instance, they
may be error-based in the case of TSF tasks (e.g., SMAPE),
or accuracy-based in the case of TSC tasks (e.g., Fβ score). At
its core, MALIAS employs a Random Forest regressor model
that, given the set of meta-features for a time series, predicts a
vector of target metric values m⃗ = ⟨m1,m2, . . . ,mk⟩, where
each mi denotes the predicted target metric for candidate
algorithm i on the provided time series. This prediction vector
is then used to select the best-performing algorithm for the
given SE task.

Figure 3 provides an overview of our approach, which
consists of two stages: (i) an initial training stage and (ii)
an application stage. The training stage begins with a set of
training time series and a pool of k candidate algorithms.
MALIAS executes each of the k algorithms on the training
time series to obtain their respective target metrics. Simulta-
neously, it extracts meta-features from each time series. These
meta-features, along with the corresponding metrics, are used
to train a Random Forest model that learns to predict the vector
of target metric values m⃗. This process yields a trained meta-
learner capable of estimating algorithm performance based on
the time series meta-features.

The application stage represents the practical usage scenario
of MALIAS. Given a previously unseen time series, MALIAS
first extracts the corresponding meta-features and then uses
them as input to the meta-learner to predict the performance
of the k candidate algorithms—namely, the vector of target
metrics m⃗. Afterwards, MALIAS selects the best algorithm
based on the predicted target metrics m⃗ and executes it on-the-
fly. Depending on the specific SE task, the relevance of each
meta-feature might change based on the relationship with the
task target metric. For this reason, the proposed framework
is task-dependent, namely a specific instance of MALIAS is
uniquely dedicated to a specific SE task.

B. Meta-Features and Target Metrics

MALIAS collects hundreds of meta-features for each time
series. Table I provides an illustrative example subset of
the extracted features types. The actual features used in our

TABLE I
AN ILLUSTRATIVE SUBSET OF EXTRACTED FEATURE TYPES

BY NAME AND DESCRIPTION.

Feature type Description

fft coefficient Coefficients of the one-dimensional discrete Fourier trans-
form of the time series.

change quantiles Aggregated measure of changes in the time series within
a corridor defined by lower and upper quantiles.

agg linear trend Divide the time-series into equal chunks, compute an
aggregate value for each chunk, then fit a linear regression
to those chunk-averages against the chunk-index (0, 1, ...).

symmetry looking Boolean flag that indicates whether the distribution of the
time-series “looks symmetric” by checking if the differ-
ence between its mean and median is small compared to
its overall range.

large standard deviation Boolean indicator of whether the standard deviation of the
series is large relative to its range.

autocorrelation Computes the correlation between the time series and its
lagged (shifted) copy at a given lag.

energy ratio by chunks Ratio of the energy (sum of squares) contained in a chunk
of the time series to the energy of the whole series, across
several segments.

quantile A selected quantile (e.g., 10th, 20th percentile) of the time
series values, summarizing the distribution.

mean The arithmetic average of the time series values, summa-
rizing central tendency.

standard deviation The standard deviation of the time series values, summa-
rizing dispersion around the mean.

. . .

work are specific instantiations of those types, created by
selecting particular parameter values. For instance, a specific
fft coefficient feature can be defined by setting the coefficient
parameter to 10 and the attr parameter to abs, thereby
returning the real component of the complex value. As shown
in the table, these features spread from the basic statistical
properties (e.g., quantile, autocorrelation) to more complex
ones, such as frequency domain features [61]. The extraction
process results in up to 771 distinct features1 for each time
series. Considering the substantial amount of extracted meta-
features, we decide to apply a feature selection step for
narrowing the selection to the most relevant meta-features for
each specific task. Specifically, the feature selection technique
is composed of two sequential filters. The initial filter aims
to mitigate multicollinearity by removing redundant features
that exhibit high similarity. In order to do that, the Pearson
correlation coefficient is calculated among all the pairs of
features, and those that have a correlation coefficient greater
than 0.8 are ignored. We set the filtering cutoff value to 0.8
based on the commonly accepted convention that correlation
coefficients exceeding 0.8 indicate probable collinearity [62],
[63]. We refer to this step as ρ-filter. The second filtering
step is performed using a Recursive Feature Elimination (RFE)
[64] strategy, leveraging the feature importance score of the
Random Forest model. The resulting features constitute the
final set of meta-features that MALIAS will use to choose the
best algorithm for the time series.

The target metrics represent the output of the Random
Forest regressor integrated within MALIAS, namely the vector
m⃗ = ⟨m1,m2, . . . ,mk⟩. MALIAS supports vectors of varying
sizes depending on the number of k candidate algorithms avail-
able for the task. Additionally, the policy for recommending
the best algorithm changes depending on the type of target

1https://tsfresh.readthedocs.io/en/latest/text/list of features.html
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Fig. 3. MALIAS Overview.

metric (and corresponding task). For instance, in the case of
TSF and error-based metrics, MALIAS selects the algorithm i
that minimizes mi. Conversely, for TSC/TSAD and accuracy-
based metrics, MALIAS selects the algorithm i that maximizes
mi.

IV. GOAL AND RESEARCH QUESTIONS

The goal of the study is to investigate whether—and to
what extent—meta-learning can support algorithm selection
for time-series-based SE tasks. In other words, we want to
understand whether learning the relationship between time
series meta-features and algorithm target metrics can aid
such selection. The context is represented by three distinct
time series-based SE tasks, involving a total of six different
datasets, and 14 time series analysis algorithms. The study
addresses the following research questions (RQs):

RQ1 Does MALIAS effectively select TSF algorithms that
improve forecasting of software telemetry data? We want
to understand whether, and to what extent, MALIAS
yields improvements over individual TSF algorithms in
forecasting software telemetry data. If MALIAS does not
outperform these baselines, its practical utility may be
limited.

RQ2 Does MALIAS effectively select TSAD algorithms that
improve anomaly detection in software systems? We
investigate whether, and to what extent, MALIAS outper-
forms individual TSAD algorithms in detecting software
anomalies.

RQ3 Does MALIAS effectively select TSC algorithms that im-
prove steady-state detection in software performance test-
ing? We examine whether, and to what extent, MALIAS
provides better steady-state detection than individual TSC
algorithms.

RQ4 To what extent does MALIAS generalize across datasets
of different domains? We investigate to what extent
MALIAS generalizes to datasets from domains different
from those on which it was trained. This reflects a
scenario in which MALIAS is first pre-trained on data
from one domain and then deployed in a zero-shot setting

to automatically select the most suitable algorithm for a
time series from a previously unseen domain.

RQ5 What is the impact of the meta-features on MALIAS
effectiveness? First, we present an ablation study to
validate our feature selection strategy. Subsequently, we
investigate the most important meta-features employed
by MALIAS for algorithm selection and quantify their
impact.

RQ6 How does MALIAS perform relative to other automated
machine learning approaches? We aim to assess how
MALIAS performs in comparison with other similar ap-
proaches that automatically select or integrate algorithmic
predictions. Specifically, we compare MALIAS against
two established AutoML frameworks and three variants
of MALIAS using different meta-learners.

In the subsequent sections, we first outline the study context
(Section V), which describes in detail the three distinct time
series-based SE tasks used to evaluate MALIAS, including
the datasets, algorithms, and the evaluation metrics (i.e., target
metrics) used for each task2. We then present the study setup
(Section VI), which defines the general procedure used to
train and evaluate MALIAS, the metrics used to quantify
its improvements over the baselines, and the methodologies
employed to answer each RQ. Finally, we discuss the results
(Section VII).

V. STUDY CONTEXT

We evaluate MALIAS across three SE tasks, each repre-
senting a distinct type of time series analysis: time series
forecasting (TSF), time series anomaly detection (TSAD),
and time series classification (TSC). Specifically, MALIAS is
assessed on (i) forecasting of software telemetry data (TSF),
(ii) anomaly detection in online software systems (TSAD),
and (iii) steady-state detection in software performance testing
(SSD), which is framed as a TSC task.

A. Time Series Forecasting (TSF)

Datasets. For this task, we employ two publicly available, real-
world datasets of software telemetry data: (i) Azure Functions
Dataset (AFD) [2] and (ii) Web Service Dataset (WSD) [1].
AFD contains time series data representing the number of
Azure Functions3 invocations recorded for a 14-day period,
aggregated at one-minute intervals. We initially preprocessed
the AFD time series to aggregate the data into ten-minutes
intervals, thereby reducing the length of each time series
to 2,016 data points and consequently decreasing the com-
putational cost of the experiments. Additionally, we focus
on a subset of 288 functions exhibiting elevated workload
variability, identified by examining the distribution of AFD
time series values. Additional technical details are included

2Note that each task involves a different set of datasets, evaluation metrics,
and algorithms. For instance, a TSC algorithm cannot be used to forecast soft-
ware telemetry data because it outputs a class label rather than a continuous
numerical value.

3https://learn.microsoft.com/en-us/azure/azure-functions/
functions-overview.
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in our replication package [39]. The second dataset (WSD)
contains time series data that represent software telemetry
data collected from three top-tier Internet companies providing
large-scale web services (e.g., Baidu, Sogou, and eBay). This
dataset has been widely adopted in previous time series-related
SE studies [15], [65], [66]. The WSD dataset also includes
synthetic time series; however, we chose to exclude them from
our evaluation, as our goal is to assess the TSF capability
of MALIAS solely on real-world software telemetry data. As
a result of this filtering step, we obtain a total of 210 time
series. Additionally, to mitigate the computational cost of our
experiments, we truncate each time series to the first 3,000
values. For clarity, we refer to this reduced version of the
dataset as WSD3k.

Algorithms. We consider six candidate algorithms for TSF to
evaluate MALIAS, covering the three most common classes
of TSF models: classical statistical methods, recurrent neural
networks (RNNs), and time series foundation models [13].
As representative of classical statistical model, we select
SARIMA [32], given its widespread popularity and adoption
in recent studies [12], [13], [67], [68]. From the RNN class,
we include : Fully-Connected RNN (FC-RNN) [69], Long
Short-Term Memory (LSTM) [70] and Gated Recurrent Unit
(GRU) [71]. They are specifically designed to address time
dependencies among input data, making them suitable for
tasks involving sequential data. Moreover, recently introduced
pretrained foundation models have demonstrated impressive
effectiveness and flexibility, with the possibility to be used
as zero-shot forecasters. From this category, we select two
state-of-the-art time series foundation models: TimesFM [72]
and Chronos [42]. Summarizing, our model selection for TSF
considers six distinct models: SARIMA, FC-RNN, LSTM,
GRU, TimesFM, and Chronos.

Evaluation. For this task, MALIAS is evaluated in performing
multi-step-ahead univariate time series forecasting. We analyze
the effectiveness of each forecasting model using the rolling
origin evaluation technique [50], where the testing portion
of each time series is partitioned into smaller overlapping
sliding windows (i.e., forecasting segments), and each model
is subsequently tasked with generating predictions for all
such segments. Each time series is initially partitioned into
training, validation, and testing subsequences, using an 80-
10-10 split strategy. The training set (TStrain) is used to
fit the model, the validation set (TSval) is used to tune the
parameters of the SARIMA model (and is ignored for the
other models), and the testing set (TStest) is used to evaluate
model performance—specifically, to obtain the target metrics.
The prediction horizon is set to H = 50 future time steps. The
length of the input window (ℓ) varies according the specific
category of considered model [12], [13]; the input window
for RNN-based models is set to match the forecasting horizon
(ℓ = 50 in our setting), while the approaches that do not
require any training, and instead perform zero-shot predictions
(SARIMA, Chronos and TimesFM), use a maximum input
sequence length of 512 time steps. Testing set windowing
produces 102 50-length windows for AFD and 201 windows
for WSD time series.

We evaluate each forecasting algorithm by adopting the
Symmetrical Mean Absolute Percentage Error (SMAPE) [12],
[50] on each testing set (TStest). SMAPE values range from
0% to 200%, where 0% and 200% indicates perfect and
worst forecasting accuracy, respectively. For each time series,
SMAPE is calculated at each forecasting step h (0 ≤ h < H),
and the final score of each model in obtained by averaging over
all H steps (mean SMAPE). Hence, this results in a mean
SMAPE value for each time series and forecasting model,
which together make up the target metrics of MALIAS.

B. Time Series Anomaly Detection (TSAD)

Datasets. We conduct TSDA experiments using two software
time series datasets: (i) the Web Service Dataset (WSD), which
was also used in the TSF task, and (ii) AIOPS [3]. Both
datasets consist of software time series with labeled data
points annotated as anomalies. From the WSD dataset, we
consider exclusively real-world software time series, excluding
synthetic ones. We also exclude time series without anomalies,
yielding a total of 161 WSD time series out of 510 initial
time series. The resulting time series have a varying length
ranging from 30,806 to 43,327 data points. The AIOPS dataset
contains anomaly-labeled time series concerning software
telemetry data, including a total of 29 time series collected
from big companies (e.g., Sougo, eBay, Baidu, and Tencent)
each involving thousands of data points as well. Although
the AIOPS dataset is composed of relatively small number of
series, the length of each series included in AIOPS dataset
ranges from 17,568 to 299,053 data points. In our view,
this dataset represents an interesting complementary scenario,
characterized by a small number of monitored components
observed over an extended period, thereby yielding a large
number of data points within each time series. For this reason,
we decided to include it in our study. Both WSD and AIOPS
datasets are widely employed in the TSAD SE literature [15],
[73], [74]. Each time series of WSD and AIOPS is pre-
partitioned into equal-sized 50-50% parts, one used for training
(TStrain) and one for testing (TStest).
Algorithms. We select five TSAD algorithms, each repre-
senting a distinct methodological family, as classified by Liu
et al. [65]. We include LSTM-ADα [75], a specific adaptation
of LSTM-based model for performing the anomaly detec-
tion task on sequential data, and Autoregressive (AR) model
[76], both categorized as prediction-based models. We also
consider EncDec-AD [77], an LSTM-based encoder-decoder
approach belonging to the reconstruction-based category, and
the Frequency-enhanced Conditional Variational Autoencoder
(FC-VAE) [78] model classified within the VAE-based family.
Ultimately, we include FITS model [79], a lightweight 10k-
parameters model for time series analysis, categorized as a
general-purpose time series model.
Evaluation. The experimental setting of the TSAD task is
based on the standard procedure proposed in the TimeSeries-
Bench [15] benchmark. The effectiveness of each TSAD
algorithm is evaluated on each testing instance TStest using
the Area Under the Precision-Recall Curve (AUC-PR) [80],
which serves as the target metric for this task. AUC-PR is
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widely adopted in TSAD tasks within SE [15], particularly
because it effectively handles the typically imbalanced nature
of such datasets. It captures the trade-off between precision
and recall across varying classification thresholds. The AUC-
PR value ranges from 0 to 1, with higher values indicating
better performance in identifying positive class instances–i.e.,
anomalies. To account for inherent detection latency in real-
world applications, we adopt the refined version of the AUC-
PR metric by applying a 3-step delay adjustment provided by
the benchmark framework [15]. This adjustment is a latency-
aware evaluation strategy that considers an anomaly to be
successfully detected if it is identified within three time steps
following its occurrence.

C. Steady-State Detection (SSD)

Datasets. For the SSD task, we leverage two datasets from
prior related studies: the dataset introduced by Barrett et al.
[5], referred to as Virtual Machines Dataset (VMD), and the
dataset employed by Traini et al. [4], referred to as Java Mi-
crobenchmark Dataset (JMD). To the best of our knowledge,
these constitute the most comprehensive publicly available
datasets for steady-state detection. VMD includes 3,660 time
series collected from 46 microbenchmarks encompassing 8
distinct JIT-equipped Virtual Machines. The microbenchmarks
cover a variety of programming languages, including Java, C,
PHP and Python, and their executions are repeated over two
different hardware configurations and two operating systems.
Each time series is composed of 2,000 data points, and is
annotated with the specific time step at which the steady-state
is reached—marking the completion of the warm-up phase. We
removed the time series extracted using PyPy, as the majority
did not reach steady-state. JMD is the most extensive publicly
available datasets of Java Microbenchmark Harness (JMH)
performance measurements [37], containing measurements
from 586 JMH microbenchmarks spread across 30 established
open-source Java software systems. The dataset includes 10
time series for each microbenchmark, each one involving
3,000 consecutive microbenchmark iterations annotated with
the specific iteration at which the steady state is attained.

We preprocess both VMD and JMD datasets to frame this
task as a binary time series classification problem. Namely,
each time series has been divided in smaller overlapping
segments. Each segment is labeled as unsteady (negative class)
if it contains at least one warm-up iteration; otherwise, it is
marked as steady (positive class). In addition, we only included
in the evaluation the time series that achieved steady state
behavior, yielding a total number of 2,654 time series from
VMD and 5,219 time series from JMD. To mitigate measure-
ment redundancy across segments, we adopt a segmentation
strategy with an adaptive step size [4]. Furthermore, we em-
ploy a customized resampling strategy designed to balance the
number of steady and unsteady segments while maintaining a
representative distribution across all microbenchmarks [4].
Algorithms. For the model selection, we reuse three state-of-
the-art TSC algorithms that have been employed in a previous
study for SSD [4], [27]: (i) Fully-Convolutional Network
(FCN) [53], (ii) Omni-Scale Convolutional Neural Network

(OSCNN) [81] and Rocket [82]. Both FCN and OSCNN
are neural networks; the first one includes several stacked
convolutional layers, while OSCNN is based on the Omni-
Scale block introduced by Tang et al. [81]. Rocket combines
convolutional kernels with a cross-validated Ridge Classifier
[83] to perform the classification.

Evaluation. We perform the SSD experiments based on the
procedure highlighted in prior work [4]. Specifically, the pro-
cess combines an initial training phase, involving a supervised
learning process over a set of training time series, and a
subsequent inference stage over the testing set, employing a 5-
fold cross-validation process. The splitting strategy accounts
for data leakage prevention: for the JMD dataset, it ensures
that the segments pertaining to the same benchmark are always
located within the same fold, while for VMD, the time series
related to the same VM are always located in the same fold.
We evaluate the TSC algorithms using the Fβ score, which
serves as the target metric for SSD. We set the β value to 0.2
to prioritize precision over recall. This choice is motivated by
the need to penalize more false positives than false negatives,
as false positives have shown to have a more detrimental effect
in the practical usage of SSD in performance testing [4].

VI. STUDY SETUP

In this section, we detail the experimental procedure used
for evaluating MALIAS, along with the adopted metrics and
implementation details.

A. Experimental Procedure

We evaluate the effectiveness of MALIAS on the three
time series-based tasks introduced in the previous section.
For each task, we use two datasets and configure MALIAS
to include all candidate algorithms outlined in Section V.
Notably, the pool of candidate algorithms is fixed for each
task. For each dataset, the procedure involves an initial training
stage followed by the application stage. We emphasize that
the operational procedure of MALIAS is consistent across
all the datasets and tasks. In that, the time series within
each dataset are partitioned into training and testing (i.e.,
application) subsets. More specifically, the splitting strategy
relies on a 5-fold cross-validation process, where each dataset
is evenly partitioned into five disjoint subsets. In each iteration,
four folds are used for training, while the remaining fold is
used for testing the model. We iterate this process five times,
ensuring that each fold is used exactly once for testing. This
cross-validation setup eliminates bias toward a specific training
subset by systematically varying the training data, ensuring
that all samples are used for testing across different folds.
Additionally, 20% of the time series are randomly selected
within the four non-test folds to form a validation set. This
validation set is employed for performing the feature selection
and the hyperparameter tuning. Notably, the number of time
series instances varies substantially across datasets—ranging
from 29 (AIOPS) to 5,219 (JMD)— to allow evaluating
the effectiveness of MALIAS under a wide range of data
availability conditions.
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Before starting the MALIAS training and evaluation pro-
cess, we executed the k candidate algorithms for each of three
tasks over their respective full datasets, to collect a k-length
vector m⃗ of target metrics for each time series. Afterwards,
we extract the meta-features for each time series instance.

In each cross-validation iteration, target metrics and meta-
features from the training folds are used to train the Random
Forest model, while the testing fold provides the data for
MALIAS evaluation.

As described in Section V, both TSF and TSAD experiments
involve partitioning each time series instance into a training
portion (TStrain) and a testing portion (TStest). In line with
the practical use of MALIAS, we extract the time series
meta-features exclusively from TStrain. In contrast, the tar-
get metrics (SMAPE or AUC-PR) represents the algorithms’
performance on TStest.

For SSD tasks, when evaluating a time series, the extraction
of the meta-features is performed on another time series
belonging to the same microbenchmark. This experimental
design choice aims to mirror a realistic usage scenario of
SSD, where a microbenchmark is first executed once to gather
its time series meta-features and, subsequently, MALIAS
leverages these meta-features to automatically select the best
algorithm for all future executions of that microbenchmark.
In contrast, the target metrics (Fβ scores) represent the per-
formance of algorithms on the segments derived from the
evaluated time series, as described in Section V.

During the training stage, the supervised learning process
of the Random Forest model (meta-learner) is structured as
follows: for each time series, the meta-features serve as the
input to the meta-learner, while the corresponding target met-
rics are normalized using a min-max strategy and concatenated
to form the output vector m⃗, which serves as the target output
of the meta-learner. In the application phase, the inference
process follows a similar procedure: given a set of meta-
features extracted from an unseen time series, the meta-learner
predicts the corresponding vector m⃗ containing the target
metric values for each algorithm. MALIAS then selects the
algorithm with the most favorable predicted target metric.
For TSAD and SSD, MALIAS selects the algorithm with the
highest target metric values, as these correspond to accuracy-
based scores (i.e., AUC-PR and Fβ). For TSF, MALIAS selects
the algorithm with the lowest target metric values, since these
correspond to error-based scores (i.e., SMAPE).

Our experimental design prevents data leakage through strict
separation of series used for training MALIAS and target test
series. Specifically, each dataset is partitioned into three non-
overlapping subsets: a training subset for the Random Forest
fitting, a validation subset for driving the feature selection and
hyperparameter tuning steps, and a test subset for evaluating
MALIAS predictions. This partitioning is enforced across a 5-
fold cross-validation procedure, ensuring that each time series
serves as a test instance exactly once. Thus, feature selection
and hyperparameter optimization steps are implemented within
MALIAS and automatically executed in the same way across
all the datasets based on the validation set performance met-
rics. As a direct consequence, applying the same process to
different datasets yields different selected features and model

hyperparameters. Our evaluation procedure rigorously reflects
a real-world usage scenario in which a set of in-domain
historical time series is sufficient to train and deploy MALIAS,
which automatically performs feature extraction and selection
as well as hyperparameter optimization.

Implementation details of our experimental procedure are
provided in Appendix A.

B. Evaluation Metrics

We assess the effectiveness of MALIAS by focusing on
two complementary aspects: (i) the frequency with which
MALIAS yields improved or degraded performance compared
to other time series analysis algorithms, by reporting the
corresponding Improvement Rates, and (ii) the magnitude of
performance deviation by comparing the Target Metrics and
the Oracle Performance Gap. In the following sections, we
provide a detailed explanation of each of these evaluation
metrics.

Improvement Rates. The first measure concerns the fre-
quency with which MALIAS achieves better performance than
other time series analysis algorithms. In that, we compute the
following evaluation metrics for each pairwise comparison:

• Improvement (%): This measure represents the percentage
of time series instances in which MALIAS outperforms
the compared algorithm.

• Regression (%): This measure represents the percentage
of time series instances in which MALIAS provides
worse performance than the compared algorithm.

• Net Improvement (pp): The arithmetic difference be-
tween the Improvement and the Regression percentages in
percentage points (pp). This value reflects the net success
frequency provided by MALIAS.

Target Metrics. We report summary statistics of the target
metric values for our approach and other time series analysis
algorithms. As detailed in Section V, we use the SMAPE score
for TSF, the AUC-PR values for TSAD, and the Fβ score for
SSD. Specifically, we present the mean values of these metrics
using bar plots, along with the .95 confidence intervals (CIs).
To assess whether the observed differences between MALIAS
and the other algorithms are statistically significant, we apply
the Wilcoxon signed-rank pairwise test with Holm-Bonferroni
correction. Statistical significance levels are annotated on the
bar plots using the following notation: p ≤ 0.05 (*), p ≤ 0.01
(**), p ≤ 0.001 (***) and p ≤ 0.0001 (****).

Oracle Performance Gap (OPG). We also assess the relative
performance gap of MALIAS compared to an oracle-based
approach [84], which always selects the optimal algorithm
for each time series instance. The concept of an oracle
is commonly used in the evaluation of dynamic ensemble
selection methods [85], [86]. If MALIAS perfectly selects
the best algorithm for each time series instance, then it will
match the oracle performance. It is worth noting that the oracle
performance represents an upper bound for MALIAS in the
case of TSAD and SSD tasks, and a lower bound in the
case of TSF. We refer to this measure as the OPG score,
which quantifies the relative performance loss with respect
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to the oracle. Let S denote the performance achieved by
MALIAS (i.e., mean SMAPE for TSF, mean AUC-PR for
TSAD, and mean Fβ for SSD), and let S∗ represent the
ideal performance of the oracle. We define the OPG score
as: |S∗−S|

S∗ × 100. This measure (where lower values are
better) reflects how closely MALIAS approaches the optimal
performance achievable within the given experimental setup.

C. Methodologies for the Research Questions

In the following, we describe the methodologies used to
answer each research question.

RQ1. To answer this RQ, we execute MALIAS following
the cross-validation strategy outlined in Section VI-A. Specif-
ically, at each iteration, we first perform feature selection and
hyperparameter tuning using the training and validation folds.
We then evaluate the predictions generated by MALIAS on
the test fold using SMAPE. The feature selection procedure
results in 39 meta-features for the AFD dataset and 20 for
the WSD3k dataset. After obtaining the final set of SMAPE
values, we compute: (i) the Improvement Rates of MALIAS
relative to the six considered TSF algorithms—SARIMA, FC-
RNN, LSTM, GRU, TimesFM, and Chronos; (ii) the statistical
significance of the differences in the Target Metrics using the
Wilcoxon signed-rank test; and (iii) the Oracle Performance
Gap (OPG).

RQ2. The evaluation process follows the same cross-validation
strategy employed in RQ1. The feature selection process leads
to 9 meta-features for AIOPS, and 112 for WSD dataset.
The anomaly detection capabilities of MALIAS are evaluated
using AUC-PR. The evaluation is carried out by analyz-
ing the improvement rates of MALIAS over five baseline
TSAD algorithms—LSTM-ADα, AR, EncDec-AD, FC-VAE,
and FITS—along with the mean AUC-PR values and OPG
scores.

RQ3. To evaluate MALIAS for SSD, we once again adopt
cross-validation, where the task performance is evaluated
using Fβ score. The feature selection step eventually yields
8 meta-features for JMD and 5 for VMD. We compare the
performance of MALIAS with that of three SSD algorithms,
namely Rocket, FCN and OSCNN. The final comparison is
made by considering the improvement rates, mean Fβ scores,
and the OPG scores.

RQ4. To answer this research question, we train MALIAS
on the meta-features and target metrics of one dataset and
evaluate its performance on another dataset related to the
same task. Specifically, as our experimental setup includes two
datasets per task, we first train MALIAS on one dataset and
subsequently test it on the other. For instance, in the TSF
task, we train MALIAS on the AFD dataset and evaluate it
on WSD3k, and vice-versa. We follow the same procedure
for all three time series-based tasks: TSF, TSAD, and SSD.
We refer to this variant of our approach as MALIAS gen.
After obtaining the SMAPE values (for TSF), AUC-PR values
(for TSAD), and Fβ scores (for SSD) of MALIAS gen, we
compute the net improvements compared to two baselines: (i)
a standard instance of MALIAS (i.e., trained on the training set

from the same dataset), and (ii) the best-performing baseline
algorithm for the specific task and dataset. As in earlier re-
search questions, net improvement is defined as the percentage
difference between instances where MALIAS gen outperforms
the baseline and those where it underperforms.
RQ5. To address this research question, we first validate our
feature selection strategy through an ablation study against
four alternative approaches: (i) using the complete feature set,
(ii) k-random feature selection, (iii) k-best based on the F-test
for regression, and (iv) k-best based on Mutual Information
Regression (MIR) [87], with k denoting the feature retention
threshold set to the mean cardinality of feature subsets iden-
tified by our strategy.

Subsequently, we analyze the individual contributions of
different meta-features. We use the Random Forest feature
importance scores computed during training as a proxy for
their impact on MALIAS algorithm selection. Given the large
number of considered meta-features, we restrict the analysis
to the most influential ones. We start by discussing the five
topmost meta-features for each dataset, reporting the mean
importance score (across the k folds) and their standard
deviations. Subsequently, for each dataset, we isolate the most
important meta-feature and analyze how MALIAS selection
rate of the algorithms varies across its values. Finally, we
visually report few exemplary instances to discuss the specifics
of MALIAS in the software engineering context and clarify
why it is more effective than the static selection.
RQ6. To answer this RQ, we compare MALIAS against
automated machine learning approaches. We selected the
baselines based on two specific criteria: (i) the approaches
should automatically leverage multiple algorithms to produce
their predictions, and (ii) they should support all three time
series-based tasks considered in our study, namely time series
forecasting, time series anomaly detection, and time series
classification, consistent with the capabilities of MALIAS.
We therefore consider widely-used AutoML frameworks that
support time series analysis, as they constitute a practical
plug-and-play solution for real-world use. Specifically, we
performed a systematic exploration of GitHub repositories,
by querying with the keyword “AutoML” and limiting the
results to the top 20 most-starred projects with more than
500 forks. Subsequently, we manually inspected the results
and selected the suitable candidates. Our main inclusion
criterion in the selection process was the native availability
of dedicated APIs for manipulating time series data, as well
as the capability of supporting all the three tasks that are
considered in MALIAS evaluation. Frameworks were included
only if actively maintained (i.e., not archived). The complete
list of AutoML frameworks we examined is available in the
replication package. Following this screening process, two
relevant open-source AutoML frameworks were identified as
baselines: (i) AutoGluon4 and (ii) FLAML5. These frameworks
represent our best choice among the possibilities, considering
our selection criteria. They both have been also employed
in previous works concerning time series analysis [88], [89].

4https://auto.gluon.ai/stable/index.html
5https://microsoft.github.io/FLAML/
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TABLE II
IMPROVEMENT RATES OF MALIAS OVER BASELINE TSF ALGORITHMS

Azure Functions Dataset (AFD) Web Service Dataset (WSD3k)
MALIAS vs. Model Improvement (%) Regression (%) Net Improvement (pp) Improvement (%) Regression (%) Net Improvement (pp)

MALIAS vs. Chronos 40.3% 22.6% +17.7 14.3% 4.8% +9.5
MALIAS vs. TimesFM 44.4% 23.6% +20.8 68.6% 25.7% +42.9
MALIAS vs. GRU 51.4% 28.8% +22.6 78.1% 18.6% +59.5
MALIAS vs. RNN 60.1% 31.6% +28.5 79.0% 18.6% +60.5
MALIAS vs. LSTM 64.9% 33.0% +31.9 76.7% 18.1% +58.6
MALIAS vs. SARIMA 81.6% 17.7% +63.9 78.6% 19.0% +59.5

AutoGluon uses models bagging and stack ensembling, lever-
aging the predictions of each individual algorithm as ex-
tra features in the fitting stage and, at prediction time, it
averages the predictions of all these individual models to
generate the final prediction scores. FLAML selects a set
of candidate learning algorithms and defines a corresponding
hyperparameter search space for each one. It then performs
training and validation across these candidates and selects the
model that achieves the best evaluation score for prediction.
Although FLAML supports stacked ensembling with multiple
estimators, this option is disabled in its default configuration.
Based on the target task, the AutoML frameworks select
the appropriate data preprocessing and validation strategies,
such as stratified sampling for classification and temporal
splitting for forecasting. Complete experimental pipelines of
both AutoGluon and FLAML, including their configuration
and runtime computation, are provided in Appendix B.

As a complementary analysis, we expanded the comparison
by including additional baselines that more closely reflect
the behavior of MALIAS. Specifically, we introduced three
variants of MALIAS that use different meta-learning algo-
rithms in place of the Random Forest model: (i) Decision Tree
(MALIASDT ), (ii) K-Nearest Neighbors (MALIASKNN ), and
(iii) Linear Regression (MALIASLR). The feature selection
procedure has been aligned with the methodology used for
MALIAS. Hyperparameters have been tuned through a Grid-
Search and based on the validation score. Complete hyper-
parameters search space for each baseline is reported in our
replication package [39].

We compare MALIAS with all the baselines using one
representative dataset per task. Specifically, we employed the
Azure Functions Dataset (AFD) for TSF, the AIOPS dataset
for TSAD and Virtual Machines Dataset (VMD) for SSD.
As for the previous research questions, we report, for each
approach, the improvement rates along with the distribution
of the metric scores for each task: SMAPE for TSF, AUC-PR
for TSAD, and Fβ for SSD. For the comparison with AutoML
frameworks, we also analyze the time spent by each approach
in carrying out the training and testing phases for each time
series.

VII. RESULTS

In this section, we present our research questions, describe
the methodology used to address them, and discuss the results.

A. RQ1: Does MALIAS effectively select TSF algorithms that
improve forecasting of software telemetry data?

Table II shows the improvement rates of our approach
relative to baseline TSF algorithms. The results clearly demon-
strate the advantage of adopting MALIAS for TSF of soft-
ware telemetry data. MALIAS improves SMAPE across a
significant portion of the evaluated time series instances, with
improvements observed in 40.3% to 81.6% of instances for
AFD, and 14.3% to 79% of instances for WSD3k. However,
it also leads to regressions in up to 33% of instances for
AFD and up to 25.7% of instances for WSD3k. Nevertheless,
MALIAS ultimately achieves a substantial net improvement
over all baseline algorithms, ranging from +17.7 percentage
points (pp) to +63.9 pp in AFD, and from +9.5 pp to +60.5
pp in WSD3k.

TABLE III
MALIAS SELECTION RATE IN TSF DATASETS.

Dataset #TS Selection Rate (%)
Chronos TimesFM GRU RNN LSTM SARIMA

AFD 288 37.2 % 31.9 % 19.8 % 8.3 % 2.1 % 0.7 %
WSD3k 210 81.0 % 5.7 % 3.3 % 2.4 % 5.2 % 2.4 %

The highest is reported in bold, the second-highest is underlined.

MALIAS

Chronos

Tim
es

FM
GRU

LSTM
RNN

SARIM
A

0%

20%

40%

60%

SM
AP

E

***
****

****
****

****
****

(a) Azure Functions Dataset
(AFD).

MALIAS

Chronos

Tim
es

FM

SARIM
A

RNN
GRU

LSTM
0%

2%

5%

8%

10%

SM
AP

E

**
****

****
****

****
****

(b) Web Service Dataset
(WSD3k).

Fig. 4. Mean SMAPE for MALIAS and TSF algorithms; annotations indicate
Wilcoxon signed-rank test results.

Figure 4 reports the mean SMAPE of MALIAS and TSF
algorithms, along with their 0.95 confidence intervals. We
observe that MALIAS achieves the lowest mean errors on
both datasets, reporting a mean SMAPE of 37.89% for AFD
and 6.78% for WSD3k. The results of the Wilcoxon signed-
rank test highlight a very high statistical significance in the
differences between the SMAPE values produced by MALIAS
and those by other TSF algorithms, with p < 0.001 across
all MALIAS-baseline comparisons. This result indicates a
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consistent improvement over all baseline TSF algorithms on
both datasets.

To better understand these improvements, we analyze the
algorithm selections made by MALIAS. Table III presents the
selection rates of algorithms chosen by MALIAS across both
TSF datasets. We observe that the distribution of selection
rates differs significantly between the two datasets. For the
AFD dataset, the selections are more diverse: Chronos is
the most frequently selected model (37.2%), followed by
TimesFM (31.9%) and GRU (19.8%). In contrast, the WSD3k

dataset exhibits a more skewed selection pattern, with Chronos
being selected 81% of the times. All other models are cho-
sen less than 10% of the times. Interestingly, even though
MALIAS predominantly selects Chronos, it still achieves an
overall improvement of +9.5 pp over Chronos (as shown in
Table II).

We also observe an alignment between the algorithm selec-
tion rates by MALIAS and the distribution of best-performing
models depicted in Figure 1. For instance, the top-3 best-
performing TSF models on the AFD dataset match the three
most frequently selected algorithms by MALIAS. Similarly,
for WSD3k, the best-performing model, Chronos, is also the
one most frequently selected by MALIAS. However, we also
notice a significant mismatch between these percentages. For
example, MALIAS selects Chronos 81% of the time, even
though it is the best-performing model in just 39% of cases.
This discrepancy potentially explains the OPG values of 5.05%
for WSD3k and 16.86% for AFD shown in Table IV. These
results highlight that MALIAS has not reached oracle-level
performance, suggesting there remains room for improvement.

To illustrate why MALIAS selection improves forecasting
accuracy, we present two representative cases comparing the
forecasts generated by both MALIAS and Chronos, as the lat-
ter represents the best-performing TSF algorithm on average.
We isolate a single forecasting window in each plot for a more
interpretable visualization. Figure 5 illustrates an example
from WSD3k in which MALIAS automatically selects LSTM
as the most suitable TSF algorithm. As shown in the figure,
the predictions produced by LSTM better capture the evolution
of the series than those produced by Chronos, reducing the
SMAPE from 5.89% to 4.45%. Similarly, Figure 6 presents an
example from the AFD dataset in which the model selected
by MALIAS (GRU) accurately captures the underlying trend,
achieving a substantial SMAPE reduction from 49.98% to
17.97% compared with Chronos. Unlike a traditional approach
based on a single algorithm, which would likely use Chronos
because of its superior average performance, MALIAS au-
tomatically selects the model best suited to each individual
time series, even when that model performs suboptimally on
average across the dataset. These examples also evidence that,
although zero-shot foundation models appear highly promising
for forecasting, as also evidenced in previous studies [13],
simpler models with domain-specific training procedures still
perform better in certain settings.
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Fig. 5. Visual comparison of Chronos vs MALIAS (choosing LSTM) for
generating forecasts (Example of Window #1 from WSD3k dataset). Red
background indicates forecasts where the percentage absolute error is higher
than 5%. Instance ID=83.
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Fig. 6. Visual comparison of Chronos vs MALIAS (choosing GRU) for
generating forecasts (Example of Window #30 from AFD dataset). Red
background indicates forecasts where the percentage absolute error is higher
than 30%. Instance ID=5c063c...5250.

Answer to RQ1: MALIAS algorithm selection consis-
tently improves the performance of individual TSF algo-
rithms, with very high statistical significance (p < 0.001).
MALIAS yields a net improvements of +17.7 pp and +9.5
pp when compared to the best-performing TSF baseline.

B. RQ2: Does MALIAS effectively select TSAD algorithms that
improve anomaly detection in software systems?

Improvement rates for TSAD are presented in Table V.
We observe that the percentages of improvements are always
higher than regressions. Specifically, for the AIOPS dataset,
MALIAS delivers a net improvement ranging from +20.7 pp
(vs. FCVAE) to +93.1 pp (vs. FITS). The percentages of
regressions, which range from 3.4% to 27.6%, are indeed
considerably lower than those of improvements, which range
from 34.5% to 96.6%. In the WSD dataset, we observe
improvements ranging from 23% to 59% and regressions from
19.9% to 34.8%. As a result, MALIAS achieves net improve-
ments between +3.1 pp and +31.7 pp on WSD instances.

TABLE IV
OPG OF MALIAS ACROSS TASKS.

Task Target Metric MALIAS OPG (%)

TSF SMAPE AFD
16.86 %

WSD3k

5.05 %

TSAD AUC-PR AIOPS
5.15 %

WSD
7.86 %

SSD Fβ
VMD

2.63 %
JMD

3.24 %
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TABLE V
IMPROVEMENT RATES OF MALIAS OVER BASELINE TSAD ALGORITHMS

AIOPS Dataset Web Service Dataset (WSD)
MALIAS vs. Model Improvement (%) Regression (%) Net Improvement (pp) Improvement (%) Regression (%) Net Improvement (pp)

MALIAS vs. LSTMADα 34.5% 3.4% +31.0 23.0% 19.9% +3.1
MALIAS vs. FCVAE 48.3% 27.6% +20.7 41.0% 31.7% +9.3
MALIAS vs. AR 75.9% 10.3% +65.5 57.1% 25.5% +31.7
MALIAS vs. EncDecAD 86.2% 13.8% +72.4 45.3% 34.8% +10.6
MALIAS vs. FITS 96.6% 3.4% +93.1 59.6% 28.0% +31.7

TABLE VI
MALIAS SELECTION RATE IN TSAD DATASETS.

Dataset #TS Selection Rate (%)
LSTM-ADα FCVAE AR EncDecAD FITS

AIOPS 29 62.1% 24.1% 13.8% 0% 0%
WSD 161 52.8% 22.4% 11.8% 8.7% 4.3%

The highest is reported in bold, the second-highest is underlined.

As shown in Table VI, the model most frequently selected
by MALIAS is LSTM-ADα, although the FCVAE model is
also chosen in over 20% of the instances in both datasets. No-
tably, this task involves the smallest number of time series—
190 in total. Despite the limited size of the training and
validation datasets, MALIAS consistently produced effective
algorithm recommendations, outperforming all baseline TSAD
models. One possible explanation for this result is that the
large number of data points within each time series (up to 299k
in this case) enables the extraction of statistically robust and
informative features, partially compensating for the limited
number of training instances.
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(b) Web Service Dataset (WSD)
Fig. 7. Mean AUC-PR for MALIAS and TSAD algorithms; annotations
indicate Wilcoxon signed-rank test results.

Figure 7 presents the mean AUC-PR scores for MALIAS
and the baseline TSAD algorithms. On the AIOPS dataset,
MALIAS achieves the highest mean AUC-PR score (0.71).
Among the baseline algorithms, the most accurate for AIOPS
is FCVAE, with a mean AUC-PR of 0.67. MALIAS out-
performs all the TSAD baselines with statistical significance
(p < 0.05), with the sole exception of FCVAE. On the
WSD dataset, MALIAS also achieves the highest AUC-PR
(0.350), although the performance differences with the base-
lines are less pronounced. For example, the best-performing
TSAD baseline, LSTM-ADα, achieves an AUC-PR of 0.346.
Statistically significant improvements are observed only over

FITS and AR (p < 0.0001). Table IV presents the OPG score
achieved by MALIAS, showing a gap of 5.15% in AIOPS
instances and a gap of 7.86% for WSD.

Answer to RQ2: MALIAS algorithm selection consis-
tently improves the performance of individual TSAD
algorithms, delivering a net improvement of +20.7 pp for
AIOPS and +3.1 pp for WSD against the best-performing
baseline.

C. RQ3: Does MALIAS effectively select TSC algorithms
that improve steady-state detection in software performance
testing?

Table VII shows the improvement rates achieved by
MALIAS compared to each baseline SSD algorithm. In both
the VMD and JMD scenarios, MALIAS consistently delivers
higher improvement percentages than regressions. Specifically,
for the VMD dataset, improvements range from 24.9% to
61.3% of the time series instances, whereas regressions are
observed in only 15% to 19.5% of instances. This results in
net improvements ranging from +9.8 pp to +41.8 pp. Similarly,
for the JMD dataset, improvements span from 33.2% to 59.2%,
with net improvements between +19.8 pp and +28 pp. These
findings highlight the consistent effectiveness of MALIAS for
the SSD task.

Figure 8 reports the mean Fβ score for each approach in
JMD and VMD datasets. We notice that MALIAS always
achieves the best mean Fβ score (0.860 for JMD and 0.839
for VMD) and that it outperforms all the other baseline SSD
algorithms with very high statistical significance (p < 0.0001).
For Table IV, we also find that MALIAS nearly approaches
oracle-level performance with OPG of only 2.63% for VMD
and 3.23% for JMD.

Concerning the selection rates reported in Table VIII, we
observe that Rocket is the most frequently selected model
for the VMD dataset (58.1%). This aligns well with the
results shown in Figure 1, where Rocket emerges as the
best-performing SSD algorithm in 49% of the time series
instances. Interestingly, for the JMD dataset, we notice a
different trend: OSCNN becomes the most frequently chosen
model by MALIAS (53.7%), despite Rocket remaining the
most frequent best-performing model on JMD, as indicated in
Figure 1. This discrepancy can be attributed to the learning
process being guided by the target metric values rather than
by success frequency. Nonetheless, even in the JMD dataset,
MALIAS still provides a substantial net improvement over
Rocket (+19.8 pp), as well as better Fβ scores, with very high
statistical significance (p < 0.0001).
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TABLE VII
IMPROVEMENT RATES OF MALIAS OVER BASELINE SSD ALGORITHMS.

Virtual Machines Dataset (VMD) Java Microbenchmark Dataset (JMD)
MALIAS vs. Model Improvement (%) Regression (%) Net Improvement (pp) Improvement (%) Regression (%) Net Improvement (pp)

MALIAS vs. Rocket 24.9% 15.0% +9.8 39.4% 19.6% +19.8
MALIAS vs. OSCNN 49.5% 19.3% +30.2 33.2% 12.6% +20.6
MALIAS vs. FCN 61.3% 19.5% +41.8 59.2% 31.2% +28.0
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(b) Virtual Machines Dataset
(VMD)

Fig. 8. Mean Fβ scores for MALIAS and SSD algorithms; annotations
indicate Wilcoxon signed-rank test results.

TABLE VIII
MALIAS SELECTION RATE IN SSD DATASETS.

Dataset #TS Selection Rate (%)
Rocket OSCNN FCN

JMD 5,219 40.1 % 53.7 % 6.2 %
VMD 2,654 58.1 % 26.9 % 15.0 %

The highest is reported in bold, the second-highest is underlined.

Answer to RQ3: MALIAS algorithm selection con-
sistently improves the performance of individual SSD
algorithms with very high statistical significance (p <
0.0001), delivering net improvements of +9.8 pp (VMD)
and +19.8 pp (JMD) when compared to the best-
performing baseline.

D. RQ4: To what extent does MALIAS generalize across
datasets of different domains?

TABLE IX
NET IMPROVEMENTS OF MALIAS gen .

Task Testing
Dataset

Training
Dataset

MALIAS gen vs.
best-performing model (pp)

MALIAS gen vs.
MALIAS (pp)

TSF WSD3k AFD -6.2 (vs. Chronos) -15.7
TSF AFD WSD3k -0.7 (vs. Chronos) -18.1

TSAD AIOPS WSD -10.3 (vs. FCVAE) -44.8
TSAD WSD AIOPS -6.8 (vs. LSTMADα) -8.1

SSD JMD VMD +0.8 (vs. Rocket) -19.6
SSD VMD JMD -3.8 (vs. Rocket) -13.8

Table IX reports the net improvements of MALIAS gen

compared to both a standard MALIAS instance and the
best-performing baseline algorithm. When compared to the
standard MALIAS instance, we observe that MALIAS gen

consistently yields negative net improvements. This indicates
that the proportion of time series instances where MALIAS
gen improves MALIAS performance is lower than those where
it worsens it. Specifically, net improvements range from -
8.1 to -44.8 pp. This suggests that the relationship between
meta-features and target metrics is closely tied to the char-
acteristics of a specific dataset. Compared against the best-
performing baseline algorithm, we observe slightly better net
improvements, though they remain predominantly negative.
The only exception is the JMD dataset, where MALIAS gen

yields a marginal net improvement of +0.8 pp. In all other
cases, MALIAS gen results in negative net improvements
ranging from -0.7 to -10.3 pp. While these results highlight
a limitation in the ability of MALIAS to transfer the learned
knowledge across different datasets, this does not affect its
effectiveness once an initial training phase has been performed
using in-domain software time series, as observed in the other
RQs. We consider this lack of generalizability across domains
an important finding, as it suggests that the domain-specific
characteristics heavily influences the learning phase.

Answer to RQ4: The prediction capabilities of MALIAS
do not generalize across datasets from different do-
mains. MALIAS gen exhibits lower performance com-
pared to both the standard MALIAS instance and the
best-performing baseline.

E. RQ5: What is the impact of the meta-features on MALIAS
effectiveness?

Table X reports the net improvement differences obtained
comparing our feature selection with the four alternative
strategies. We set the retention threshold k = 30 for the k-*
alternative strategies to approximate the average number of
meta-features retained by our selection strategy. Notably, neg-
ative values indicate an accuracy degradation compared with
our feature selection strategy. Results exhibit a mixed pattern
of gains and losses depending on the dataset and selection
strategy. Overall, all alternatives introduce a net performance
degradation, ranging from -0.1 to -19.2 pp, suggesting that
the proposed feature selection strategy—composed of ρ-filter
and RFE—leads to superior aggregate performance across all
evaluated scenarios. Our feature selection strategy also yields
substantial speedup in the application cost of MALIAS; for
example, when executing MALIAS on the JMD dataset (SSD)
using the optimal hyperparameter configuration, applying our
feature selection leads to a 96% reduction in average mean
training time per fold and a 24% reduction in average testing
time.
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TABLE X
ABLATION STUDY USING DIFFERENT FEATURE SELECTION PROCEDURES

FOR MALIAS. REPORTED VALUES REPRESENT NET IMPROVEMENTS
OVER OUR FEATURE SELECTION STRATEGY; DIFFERENCES < 0.1 ARE

DENOTED BY “–”.

Net Improvement Diff.
TSAD SSD TSF

AIOPS WSD VMD JMD AFD WSD3k Overall

Complete Set -11.0 ⇓ 0.8 0.4 0.4 -4.0 ⇓ - -13.5 ⇓
k-random -11.1 ⇓ 1.1 - -3.1 ⇓ -3.6 ⇓ -2.6 ⇓ -19.2 ⇓
k-bestFregr - 3.5 0.3 -5.8 ⇓ -3.0 ⇓ -2.4 ⇓ -7.4 ⇓
k-bestMIR -1.4 ⇓ 7.5 0.1 0.3 -1.9 ⇓ -4.8 ⇓ -0.1 ⇓

Next, we discuss the most influential meta-features affecting
MALIAS selection. Figure 10 reports the mean importance
scores–across the k folds–of the five topmost meta-features,
along with their standard deviation, for each dataset across the
three time series-based tasks. Overall, we notice that the meta-
features vary across datasets. For instance, Figure 10a shows
that AFD dataset is impacted by Augmented Dickey–Fuller
(ADF) statistics, which are not present in the top 5 meta-
features of WSD3K . Similar patterns can be observed in
Figures 10b and 10c. This heterogeneity becomes even more
pronounced when examining all the datasets without regard
to task. For example, the Longest Strike Above Mean
meta-feature appears exclusively in AIOPS dataset. These
results suggest that MALIAS is not able to find a universal
rule that consistently holds across datasets within each task,
thereby supporting and explaining the observed limitations in
generalization reported in RQ4. Although no task exhibits
identical top five meta-feature sets across the two consid-
ered datasets, some shared characteristics can nevertheless
be observed. For example, the Longest Strike Below
Mean meta-feature heavily impacts both AFD and WSD3K .
Figure 9 reports the selection rates of the SSD algorithms

L M H
Abs. Sum of Changes

Rocket

OSCNN

FCN

64% 65% 44%

20% 22% 37%

15% 11% 17%

VMD

L M H
Index Mass Quantile (q=0.1)

<1% 46% 74%

98% 46% 14%

<1% 7% 11%

JMD

Fig. 9. Heatmaps showing how the value distribution of the top-ranked feature
relates to its selection rate across algorithms for each SSD dataset. Colors
intensity reflects the percentage values reported in the map.

while varying the values of the most important meta-feature
according to the importance score of the Random Forest.
Notably, such meta-feature is different for each dataset and
it is automatically detected by MALIAS during the training
process. As meta-feature values may follow markedly different
distributions, we discretize each meta-feature distribution in
the dataset into three ranges—L (low), M (medium), and H
(high)—by partitioning it into three equal-frequency quantile
bins. We observe that, based on the meta-feature values,
MALIAS distributes the selection across models differently.
For instance, for VMD, the results suggest that Rocket is
more suitable than all the others when the Abs. Sum of
Changes assumes low (L) and medium (M) values. For

JMD, we observe that OSCNN is predominantly selected when
Index Mass Quantile (q=0.1) is low (L), while for
high values (H) the selection rate of Rocket is considerably
the highest.

For completeness, our replication package [39] reports se-
lection rates for all the other datasets considered in this study.

By examining the impact of MALIAS meta-features, we can
also discuss its specifics in SE context while clarifying why
it is more effective than a fixed-algorithm strategy. For TSF,
Figure 10a illustrates that the Longest Strike Below
Mean—defined as the longest below-mean subsequence—
heavily impacts the selection on both AFD and WSD3K ,
suggesting that it is a relevant characteristics to properly decide
which algorithm to use. Longer below-mean subsequences
may indicate substantial changes in the series behavior, a
common phenomenon in runtime metric fluctuations of real-
world software systems under constantly varying load [31].

As highlighted in Figure 9, in the context of SSD, the most
important meta-features are Absolute Sum of Changes
(ASC), for VMD, and Index Mass Quantile (q=0.1)
(IMQ), for JMD (see Figure 9). ASC represents the sum over
the absolute value of consecutive changes in the series. High
warm-up spikes in performance tests may increase cumulative
changes over time due to measurement instability [37]. Figure
11 illustrates two representative practical examples from the
VMD dataset: N-body exhibits fewer warm-up iterations but
higher spikes, resulting in larger sum of changes (5.81),
whereas the Fannkuch Redux benchmark shows a longer
warm-up phase with lower peaks, resulting in a total sum of
changes of 0.70. Notably, MALIAS correctly selects the best
model—i.e., OSCNN for N-body and Rocket for Fannkuch
Redux—in these cases, in line with the selection trend shown
in Figure 9.

Concerning JMD, IMQ is mainly used for driving the
selection (Figure 9). IMQ is defined as the (normalized)
position i in a time series where a given percentage (in this
case 10%) of the total data lies to the left. Intuitively, this
meta-feature is expected to capture differences among warm-
up phases characterized by distinct fluctuation patterns. To
evidence this concern, we report two distinctive examples from
JMD dataset in Figure 12, where warm-up behaviors are very
different. Log4j2 execution clearly shows higher execution
times recorded after the warm-up phase, leading to a IMQ of
0.46. Instead, JGraphT reports a relatively stable trend with
intermittent spikes distributed throughout the entire series. In
this case, the IMQ is 0.1, corresponding to the first 10% of
the series. MALIAS succesfully selects the best model in both
the cases, consistently with the rates reported in Figure 9.

These examples emphasize how MALIAS specifically fits
the SE context, cleverly leveraging the series meta-features
based on the domain and the task. Notably, we did not inject
any explicit information related to the specific task in addition
to the historical series and target metrics. All the knowledge
is directly learned from the target metrics (e.g., binary labels
for SSD) provided during the training phase, which inherently
encode the objective of the task in the specific SE context.
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Fig. 10. Top-5 meta-features importance scores computed by MALIAS across folds for each dataset, with bar length representing the mean (µ) and error
whiskers denoting the standard deviation (σ).
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Fig. 11. ASC values across different warm-up behaviors. In the filled area, we
report how the step-by-step changes cumulatively increase along the series.
The red dashed line denotes the ground-truth steady-state index.
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The red dashed line denotes the ground-truth steady-state index.

Answer to RQ5: The most influential meta-features
affecting MALIAS selection largely vary across datasets
and time series-based tasks, motivating the observed lim-
itation in generalization reported in RQ4. By examining
how MALIAS distributes the model selection based on
the meta-feature values in the SSD task, we found some
interesting connections between the most important meta-
features and the specific software behavior.

F. RQ6: How does MALIAS perform relative to other auto-
mated machine learning approaches?

Table XI reports the improvement rates achieved by
MALIAS in comparison with the AutoML baselines. When
performing the TSF task, MALIAS improved by +73.6pp
over AutoGluon and +66 pp over FLAML. In the TSAD
task, MALIAS reported all wins over the 29 timeseries in the
AIOPS dataset compared with AutoGluons (+100pp), and a
net improvement of +93.1pp compared with FLAML. In the
SSD task, the net improvements achieved by MALIAS are
smaller but consistently positive, with gains of +16.8pp com-
pared with AutoGluon and +11.3pp with FLAML on the VMD
dataset. Notably, the SSD experiment reveals that the number
of regressions—defined as the time series where MALIAS
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Fig. 13. Mean scores for MALIAS and AutoML frameworks; annotations
indicate Wilcoxon signed-rank test results.

TABLE XI
COMPARISON BETWEEN MALIAS AND AUTOML FRAMEWORKS.

MALIAS vs. Improvement (%) Regression (%) Net Improvement (pp)

TSF - Azure Functions Dataset (AFD)
AutoGluon 86.8% 13.2% +73.6
FLAML 83% 17% +66

TSAD - AIOPS Dataset
AutoGluon 100% 0% +100
FLAML 96.6% 3.4% +93.1

SSD - Virtual Machines Dataset (VMD)
AutoGluon 51.1% 34.2% +16.8
FLAML 47% 35.7% +11.3

underperforms compared with the baselines—exceeds 30% of
the dataset, which represents a substantially higher rate with
respect to the other tasks. Overall, MALIAS outperformed
both AutoML baselines across all the three tasks. Figure
13 presents bar plots with the distribution of performance
metrics for each task. In TSF and TSAD tasks, it is evident
that the baseline scores are considerably lower than the ones
obtained with MALIAS. However, in the SSD task, all the
three approaches achieved a mean Fβ score over 80%, thus
suggesting similar performance. Nonetheless, as annotated in
the same figure, the Wilcoxon test returned very high statistical
significance (p < 0.0001) among all the comparisons.

The principal differences between MALIAS and the Au-
toML baselines lie in their training procedures and algorithm
selection strategies. In this setting, MALIAS is trained over
a pool of time series drawn from the same domain on which
it is subsequently evaluated (i.e., same dataset), whereas the
AutoML baselines select the optimal model solely based on
the time series under analysis. Additionally, MALIAS uses
time series characteristics and metric values for carrying out
the selection, while the AutoML frameworks primarily rely on
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multiple algorithm predictions for this purpose. The findings
suggest that utilizing cross-series information within the same
domain is an effective approach to guide algorithm selection,
and that this process can be effectively driven in light of the
characteristics of the target series.

TABLE XII
COMPARISON OF TRAINING AND TESTING TIMES BETWEEN MALIAS

AND AUTOML.

Task Training time Testing time

MALIAS AutoGluon FLAML MALIAS AutoGluon FLAML

TSF 158 391.42 200.58 11.65 4.16 29.26
TSAD 1,733 720.76 1,791.11 39.49 2.11 1.81
SSD 34 1.19 38.07 0.05 0.27 0.09

Times are reported in seconds, averaged per time series.

Table XII reports training and testing times for MALIAS,
AutoGluon and FLAML. In the TSF task, the results indicate
that MALIAS attains a faster training time, averaging 158
seconds per time series, corresponding to a 59% decrease
relative to AutoGluon (391 s) and a 21% decrease relative to
FLAML (201 s). In carrying out TSAD, AutoGluon achieved
the fastest training time, with an average of 721 seconds per
time series. In percentages, this reduces by 58% the MALIAS
training time (1,733 s) and by 60% the FLAML training time
(1,791 s). For SSD, AutoGluon remains the fastest option
with an average training time per time series of 1.19 seconds,
decreasing by 95% the time required by MALIAS (34 s)
and by 97% the training time required by FLAML (38 s).
Overall, FLAML reports training times very close to those of
MALIAS, likely due to the time budget configuration, which
was derived from MALIAS average training duration. Table
XII also reports the testing times. Across the evaluated tasks,
all the approaches exhibit heterogeneous testing performance.
In the TSF task, it records a runtime of 12 seconds, higher
than AutoGluon (4 s) but considerably lower than FLAML
(29 s). For TSAD, MALIAS required 39 seconds per time
series, which is longer than both baselines; however, in the
SSD task, it achieved the lowest inference time (0.05 s),
outperforming both AutoGluon (0.27 s) and FLAML (0.09
s). These results suggest that the efficiency of each approach
is task-dependent, and that the runtime behavior is influenced
by the characteristics of the underlying dataset or task config-
uration, rather than by a consistent computational advantage.
In summary, during the training stages MALIAS proved to be
the most efficient for the TSF task, while AutoGluon reported
significantly lower times in TSAD and SSD scenarios. In the
testing phase, each approach appeared to be the most efficient
in at least one specific task. However, the net improvements
and scores indicate that the actual effectiveness of MALIAS
is significantly higher than that of the baseline methods.

To complement our analysis, Table XIII compares the
proposed RF-based MALIAS (i.e., MALIASRF ) with three
baselines using alternative regression models in terms of
net improvements (percentage points). Results are reported
for the same subset of datasets used for AutoML analysis.
For instance, MALIASKNN in the AIOps dataset (TSAD)
reports a degradation in terms of net improvements of -
19.4 pp compared to MALIASRF . Overall, we observe that

MALIASRF constitutes a robust alternative compared to all
the other strategies. Results for MALIASDT implementa-
tions report degradations for all the datasets, ranging from
-2 to -35.9 pp. For MALIASKNN , performance deteriorates
across all datasets except VMD in SSD, where a marginal
improvement of +0.8 pp is observed. Similarly, MALIASLR

exhibits performance degradation on all scenarios. Overall,
these results indicate that MALIASRF consistently provides
the strongest performance among the evaluated alternatives,
making it the most effective choice in this setting.

TABLE XIII
COMPARISON OF THREE ALTERNATIVE MALIAS IMPLEMENTATIONS AND

THE RF-BASED ONE. FOR EACH DEGRADATION COMPARED TO THE
RF-BASED IMPLEMENTATION, WE REPORT A RED DOWNARROW.

Net Improvement Diff.
MALIASRF vs. TSF – AFD TSAD – AIOPS SSD – VMD

MALIASDT -14.8 ⇓ -35.9 ⇓ -2 ⇓
MALIASKNN -9.3 ⇓ -19.4 ⇓ 0.8
MALIASLR -3.4 ⇓ -7 ⇓ -6.8 ⇓

Answer to RQ6: In terms of effectiveness, MALIAS con-
sistently outperforms both AutoML baselines (AutoGluon
and FLAML) across all the tasks, with results demonstrat-
ing very high statistical significance (p < 0.0001). How-
ever, regarding training and testing times, its efficiency
varies across tasks, achieving the fastest execution only
in the TSF training and SSD testing settings.

VIII. PRACTICAL IMPLICATIONS

In this study, we empirically demonstrate the effectiveness
of meta-learning in supporting time series analysis for software
engineering activities. We emphasize that all datasets used
in this work come from real-world systems operating under
natural conditions, ensuring that our findings reflect authentic
behavior rather than artifacts of simulation or synthetic data.
Although our results indicate that an instance of MALIAS
trained in one domain cannot be directly transferred to another,
the approach remains promising for practical use. In particular,
our findings show that, after being trained on in-domain
software time series (i.e., same dataset), MALIAS can be
successfully applied to previously unseen time series for each
of the tasks considered in our study. This suggests that its
applicability in real-world SE environments is feasible. In
such environments, organizations often collect several time
series representing different software components or runtime
characteristics (e.g., memory usage or response time). A subset
of these time series could be used to train the meta-learner
of MALIAS. The resulting MALIAS instance could then
be applied to select the most suitable time series analysis
algorithm for previously unseen software time series collected
within the same IT infrastructure. Moreover, MALIAS does
not require manual tuning or specialized expertise, as its
training and application pipeline is fully automated, including
feature selection and hyperparameter tuning.

This section discusses how the proposed approach can be
integrated into real-world software engineering processes for
the three time series-based tasks considered in this study.
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A. Forecasting of Software Telemetry Data

Time series forecasting is widely adopted for monitoring
real-world applications during post-deployment [12], [13],
[26]. Based on our results, meta-learning proves highly bene-
ficial for enhancing the forecast quality of software telemetry
data. To operate, MALIAS requires a set of training time series
to fit the meta-learner. In real-world scenarios, where software
systems are instrumented through Application Performance
Monitoring (APM) tools, obtaining such data is straightfor-
ward due to the large number of software components that
are continuously monitored [24], [90]. For instance, in a
microservices system, an organization could use the telemetry
data collected from a predefined subset of microservices to
train MALIAS and subsequently apply the trained instance
to automatically select the most suitable TSF algorithm for
forecasting the telemetry data of the remaining microservices.
Periodic retraining on recent data can help mitigate concept
drift caused by system evolution. We envision that the ap-
plication of meta-learning can provide substantial benefits in
software engineering activities that involve forecasting soft-
ware telemetry data. For instance, more accurate forecasting
may lead to better-informed capacity planning [18] and more
effective self-adaptation in software systems [19].

B. Anomaly Detection in Software Systems

MALIAS has also demonstrated strong effectiveness in time
series anomaly detection, where its capability to dynamically
select the most appropriate algorithm has enhanced the iden-
tification of software anomalies. The practical application of
MALIAS to TSAD follows a process similar to that described
for TSF. The main difference is that, for TSAD, MALIAS
requires labeled anomalies in the training time series, which
may entail some initial manual labeling effort. However,
organizations often maintain records of historical software
anomalies in dedicated repositories [91], which can be used for
this purpose. Moreover, many conventional TSAD approaches
already rely on supervised learning and therefore assume the
availability of labeled anomalies. Overall, our findings suggest
that meta-learning may provide practical benefits in real-world
software anomaly detection.

C. Steady-State Detection in Software Performance Testing

Prior work in software performance testing has demon-
strated that the use of deep learning models can support the
detection of the steady state of performance, thus enabling a
reasonable balance between result quality and testing time [4],
[27]. However, even in such cases, selecting the optimal model
remains a challenging task. As shown in Figure 1, different
models may offer varying levels of accuracy depending on
the characteristics of the performance measurements. Our
experimental results indicate that meta-learning can enhance
the accuracy of steady-state detection, suggesting its potential
for deployment in real-world software performance testing
scenarios. In such scenarios testing suites often comprise
hundreds of performance tests [45], [92], [93], practitioners
can therefore select a representative subset of these tests to

collect the time series required to train MALIAS. This process
first involves executing each selected test for a sufficiently
large number of iterations (e.g., 2,000 [5]) and then applying
existing offline steady-state detection techniques [5], [37], [94]
to derive ground-truth steady-state labels for the resulting time
series. These labeled time series can subsequently be used to
train MALIAS. The training process may be performed once
or repeated periodically using recent data to mitigate concept
drift caused by codebase evolution. During practical use of
MALIAS on an unseen performance test, a practitioner should
first run a pilot test execution or leverage past test results to
obtain a representative time series from which meta-features
can be extracted. These meta-features can then be provided to
MALIAS, which selects the most suitable SSD algorithm to
be used in future test executions for dynamically terminating
warm-up iterations at runtime. As such, meta-learning can help
achieve a better trade-off between the quality of test results
and testing time [38].

IX. THREATS TO VALIDITY

Construct Validity. A primary threat concerns the choice of
meta-features and time series analysis algorithms employed
in the study. We mitigate this threat by using large number
of time series features (771) and by considering algorithms of
various kinds. Specifically, the selected pool of algorithms en-
sures heterogeneity of models within each task, spanning time
series foundation models, neural networks, other ML–based
approaches, and statistical techniques. The choice of the target
metrics also affects the outcomes achieved in this work.
However, our selection is grounded in the practical usage
scenario of each task and is aligned with common literature
practices [4], [15], [50].

Some of the time series-based tasks considered in this study
may support more complex software engineering activities.
For instance, forecasting software telemetry data can support
broader activities, such as system self-adaptation and capacity
planning. In this work, however, we do not evaluate the impact
of MALIAS on such activities, as doing so would require a
dedicated and comprehensive study accounting for the differ-
ent components involved and their potential influence on the
overall outcome (e.g., the planner and actuator components of
a self-adaptive system [95]). We leave this investigation as an
interesting direction for future work.

Internal Validity. The implementation of each candidate algo-
rithm introduces potential limitations and affects the accuracies
reported in this study. We aimed to mitigate this threat by
relying on widely employed ML libraries and by adhering the
implementation guidelines and tools established in prior work
[4], [12], [13], [15]. Another concern involves the different op-
erational and data access approaches of AutoML frameworks
relative to MALIAS. For instance, AutoGluon trains multiple
models and combines them to produce the final predictions,
whereas FLAML trains multiple models but selects only one
for inference. By contrast, MALIAS uses a Random Forest
model (meta-learner) trained on external time series from
the same domain to select a single algorithm, which is then
used to train the model and generate predictions for the
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target time series. It is clear that an inherent trade-off exists
between the methodologies; although MALIAS exploits cross-
series information offline, deployment trains only the selected
model, excluding cross-model information. AutoML frame-
works retrain all candidates per series, potentially increasing
deployment costs but enabling cross-model exploitation. Such
methodological differences prevent us to perfectly align the
two experimental procedures. We tried to mitigate this concern
in RQ6 by expanding the comparative analysis to include
additional baselines that more closely reflect the behavior of
MALIAS.
External Validity. The findings reported in this paper may
not generalize to time series extracted from other domains
or employed for other tasks, as they might have different
characteristics and the impact of the meta-feature might
change accordingly. To mitigate this threat, our evaluation
encompasses two different datasets of real-world time series
for each time series-based SE task considered, for a total of
six datasets. Notably, the selected datasets are heterogeneous
in terms of measured components and application domain. For
example, JMD includes performance tests across 30 open-
source projects, while AIOPS contains telemetry data from
several top-tier Internet companies.

Additionally, MALIAS has been evaluated using univariate
time series, and its capacity to model high-dimensional cou-
pled features has yet to be established.

X. CONCLUSION

In this paper, we introduce MALIAS, a meta-learning
framework evaluated across three distinct SE tasks using six
publicly available datasets of real-world software time se-
ries. MALIAS builds on established meta-learning paradigms,
while the novelty of our work lies in providing the first em-
pirical evidence of the effectiveness of meta-learning for time
series-based software engineering tasks. Results show that
MALIAS consistently outperforms both the best-performing
models and two well-established AutoML frameworks across
all considered tasks. This improvement can be attributed to
MALIAS ability to automatically identify the most suitable
time series analysis algorithm given the specific characteristics
of the data. The implementation of MALIAS is publicly avail-
able, facilitating reproducibility and enabling future research
and practitioners to reuse and adapt our approach. Notably,
the design of MALIAS is task-agnostic, which enables its
extension to time series-based tasks beyond those considered
in this study.

Despite the significant improvements delivered by
MALIAS, our study highlighted challenges in generalizing
its predictive capability across datasets from different
domains. Specifically, our findings indicate that MALIAS
cannot effectively function as a pre-trained approach in
zero-shot settings and requires domain-specific training for
optimal performance. This limitation opens opportunities for
future research to explore meta-learning techniques tailored
explicitly for transfer learning in time series-based SE tasks.
We encourage further investigation into approaches that can
address these generalization challenge, which will drive our
future research agenda.
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APPENDIX A
ADDITIONAL IMPLEMENTATION DETAILS

We rely on established ML libraries—such as TensorFlow
and HuggingFace—to implement TSF algorithms. The TSAD
experiments are implemented based on the EasyTSAD suite
[15], which offers a configurable experimental framework
encompassing all the considered anomaly detection algorithms
and evaluation metrics. The SSD experiments are imple-
mented reusing the data extraction, training and testing scripts
provided by previous related work [4], [27], [37], utilizing
the same experimental setting and parameters. Concerning
the MALIAS implementation, the feature extraction module
is based on TsFresh6, resulting in up to 771 features for
each time series. The random forest regressor, along with
the feature selection and hyper-parameter tuning phases, are
implemented using the scikit-learn library. Further implemen-
tation details are available in the replication package [39].
The total amount of time required for conducting the en-
tire experimental process—including the algorithms execution
and MALIAS evaluation—is approximately one week. The
complete experimentation was performed on a a Linux server
equipped with 40 Intel(R) Xeon(R) 2.30GHz CPUs and 78Gb
of RAM.

APPENDIX B
AUTOML FRAMEWORKS EXPERIMENTAL SETUP

Experimental Configuration. Given the extensive configura-
bility of AutoGluon and FLAML, we preserved their default
settings to approximate a realistic out-of-the-box usage sce-
nario. At the same time, the experimental setup must ensure a
meaningful and balanced comparison between MALIAS and
the selected AutoML frameworks, which inherently support a
broader range of algorithms and more powerful optimization
capabilities. AutoGluon includes a set of pre-defined validated
configurations—termed presets—designed to achieve varying
performance levels; we employed the medium_quality
preset to ensure a model pool comparable to that of MALIAS.
Under this setting, the framework exploited eight models for
TSF and eleven models for TSAD and SSD, excluding the
stacked ensemble. As the presets parameter inherently controls
the computational effort, no explicit time budget was imposed
on the training process for this framework. AutoGluon natively
supports the TSF task through the TimeSeriesPredictor
class, whereas the TSAD and SSD tasks were executed using
the TabularPredictor class with the task type set to
binary. FLAML does not support a presets-like parameter,
so we handled the computational cost and the search space
using the time budget, defined as the maximum amount of
seconds granted for executing the selection process over a
single series. For each task, the FLAML training time budget
was set to the average training time spent by MALIAS, com-
puted per time series. FLAML automatically adjusts its model
selection and hyperparameter optimization strategies according
to the specified time budget. For the TSF task, FLAML was
configured with the ts_forecast task type to learn from

6https://tsfresh.readthedocs.io/en/latest/.Accessed on July 4, 2025.

past data and predict the next time horizon. Given the use
of rolling-origin cross-validation, predicting multiple testing
windows required refitting FLAML on the same time series,
which aligns with how the framework handles sequential
forecasts. However, performing multiple fittings from scratch
would create an unfair comparison with the other approaches
that do not require such repetition. Therefore, we adopt a
minimal configuration for this refitting process, restricting its
time budget to one second and applying refitting solely to the
best estimator selected by FLAML during the training phase.
Additionally, we disable FLAML’s internal validation during
this stage. The TSAD and SSD tasks are performed by setting
the classification parameter as task type, using the time
series window data points as individual features. The evalu-
ation metric used for algorithm selection was automatically
determined by each AutoML framework according to the task
type.

To clarify the experimental configuration differences be-
tween MALIAS and AutoML frameworks, Figure 14 illus-
trates how each of them accesses data and use candidate
models during training and inference phases. The figure shows
that, while AutoML frameworks require training all candidate
models for each target series, MALIAS leverages an initial
offline training to reduce the computational cost during appli-
cation, requiring only the selected model to be trained during
its practical usage. In contrast, AutoGluon and FLAML both
train the entire candidate pool each time they are used on a
new time series.
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Fig. 14. Illustration of how MALIAS and AutoML frameworks leverage time
series data and candidate models to generate predictions in our experimental
setting. The example demonstrates a hypothetical time series task evaluated
across three candidate models.

Execution Times. The training procedure of MALIAS re-
quires executing all candidate algorithms over the training
pool of time series, plus the fitting process of the selected
algorithm for the target time series. To shed light on its
efficiency within the context of meta-learning, we compare its
training and testing time with those of the selected AutoML
frameworks. In that, Section VII-F reports the average training
and testing times per time series for each approach and dataset.
For each k-fold iteration, the training cost of MALIAS is nor-
malized by the number of time series within the corresponding
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testing fold, yielding the unit cost associated with a single
series.

We computed the training time of MALIAS (TM
train) as:

TM
train =

TextF + TM-fitF

ktest
+ TfitA

where ktest is the number of time series included in the testing
fold of the dataset, TextF indicates the average time required
to extract all the features and target metrics across the training
folds, TM-fitF refers to the total time spent for the feature
selection, hyper-parameter tuning and the training of the meta-
learner embedded in MALIAS, while TfitA is the average time
required for training the algorithm selected by MALIAS when
applied to a specific time series. TextF and TM-fitF are computed
in average over the five cross-validation iterations. The testing
time of MALIAS (TM

test) is defined as the average time required
by the chosen algorithms for generating the predictions when
applied to a single time series, following the evaluation process
described in Section V. In particular: for TSF, the testing time
corresponds to the duration required for generating the testing
windows for each time series (i.e., 102 50-length windows in
the AFD dataset); for TSAD, it corresponds to the time needed
to compute anomaly scores for the testing portion of the time
series (50% of the AIOPS series data points); and for SSD, it
is defined as the time required to classify segments of length
100 for each microbenchmark execution (fork) in the VMD
dataset.

AutoGluon and FLAML, instead, were applied indepen-
dently to each time series, with training and testing times
computed as the average across all series.

Training and testing times for MALIAS (TM
train and TM

test),
together with the corresponding times for AutoGluon and
FLAML, are reported in Table XII in Section VII-F.


