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A B S T R A C T

Many deep learning models for time series process input using sliding
windows without including time as an explicit variable. In high-frequency
contexts requiring real-time analysis, window hyperparameters demand
careful calibration and errors propagate rapidly in autoregressive forecasts.
In practice, models are typically supplied with a continuous stream of new
observations to improve accuracy, but this renders them fragile when data
are missing or delayed. This dissertation proposes an alternative approach
for synthesizing seasonal time series through deep learning models that
leverage geometric representations of time. The first contribution is an in-
vertible transformation, called Helical Time Encoding (HTE), that maps time
onto a higher-dimensional space where seasonal periodicity and temporal
progression are geometrically embedded. The second is the Generation
with the Timestamp Trick (GenTT) framework, which exploits time repre-
sentations with properties analogous to HTE to train models capable of
generating time series by considering only timestamps, without storing
historical data or processing ordered sequences. GenTT implementations
use multilayer perceptron networks, enabling deployment on resource-
constrained devices without hardware acceleration and reducing energy
consumption by over three orders of magnitude compared to recurrent
models. We validated the GenTT framework for forecasting and anomaly
detection tasks using conditional generative adversarial networks (GANs)
and variational autoencoders (VAEs). In seasonal time series forecasting,
GANs avoided the error propagation typical of long-term autoregressive
predictions. For anomaly detection, VAEs generated expected values from
learned seasonal patterns, ensuring predictions robust to both recent outliers
and missing data. A variant of these models, developed for the TARGET
Instant Payment Settlement (TIPS) service, enables real-time anomaly detec-
tion in high-frequency payment streams while supporting selective updates
to handle model drift. Integrating this approach into a failure detection
system for instant payment infrastructure facilitates explainable diagnostics
that reduce analysis time and allow immediate incident response.

Keywords: Anomaly Detection, Generative Deep Learning, Instant Payment
Systems, Seasonal Time Series, Time Encoding
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I N T R O D U C T I O N A N D B A C K G R O U N D

The longest forecast doesn’t start with a single step.





1
P R O B L E M S TAT E M E N T

Modern systems generate large volumes of time series data, the
analysis of which is essential for decision-making. Deep learning has
demonstrated significant capabilities in handling such data. However,
current approaches face practical limitations when applied to real-
time scenarios involving high-frequency time series in distributed
edge environments. This chapter examines these challenges and
formulates the research questions guiding this dissertation.

1.1 context and motivation

Industries collect data to improve products, processes, and services.
When ordered chronologically, such data form time series [75]. Time
series data are ubiquitous across diverse domains, including finance,
IT operations, healthcare, manufacturing, energy, and transporta-
tion [39, 85, 466].

Real-world time series driven by human activity often exhibit sea-
sonal patterns reflecting behavioral regularities. High-frequency data
typically display multiple overlapping cycles: hourly observations
may contain daily, weekly, and annual seasonality [176]. These multi-
seasonal structures appear in digital services (web traffic [139], social
media [273], communications [7]), commercial operations (retail sales,
call centers, ATM transactions), healthcare (hospital admissions), and
utilities (electricity and water consumption) [176]. Such patterns fol-
low user behavior cycles, with daily peaks during business hours,
reduced nighttime activity, and weekly rhythms. Telemetry work-
loads exhibit similar dynamics, as monitoring data inherently reflect
underlying activity patterns [484].

The Internet of Things (IoT), where devices communicate au-
tonomously, has exponentially increased the volume and velocity
of time series data [6], making manual analysis infeasible [16, 278].

3



4 problem statement

Time series data mining automates the extraction of actionable knowl-
edge [109, 128, 332], with forecasting and anomaly detection being
key tasks across diverse domains.

Time series forecasting accounts for correlations among tempo-
rally proximate observations, seasonal variations, and underlying
trends [217]. It supports decision-making by mitigating risks and
enhancing operational efficiency across numerous domains, includ-
ing intelligent transportation systems for demand prediction and
resource allocation [381], energy consumption planning [94], and
retail sales optimization [328].

Anomaly detection aims to identify unusual or unexpected pat-
terns, although the precise formulation of this task varies across
domains [85]. Applications range from healthcare, such as detecting
cardiac arrests in cardiology [10], to specialized niches like detecting
structural defects in jet turbines [427]. In settings where human re-
view is feasible, anomaly detection enables domain experts to focus
on relevant events rather than manually inspecting massive data
volumes.

However, certain domains impose strict temporal requirements.
In modern IT operations, telemetry data are collected at sub-second
frequencies from distributed, virtualized infrastructures via real-time
streaming [384]. The scale, velocity, and complexity of these data
require automated systems capable of reacting promptly [4, 488] or
preventing issues [168, 220] to avoid wasted resources and minimize
troubleshooting costs.

Instant payment systems represent a particularly demanding case.
The payment industry is progressively eliminating temporal barri-
ers, extending operating hours toward 24/7/365 availability while
reducing the time between transaction initiation and settlement,
shifting toward real-time processing. Disruptions in such infras-
tructures translate directly into financial losses and reputational
damage [484]. Modern systems such as TARGET Instant Payment
Settlement (TIPS) [335] are designed as distributed architectures [11,
56] to meet zero-downtime service requirements. While such designs
ensure scalability and resilience, they introduce additional layers of
abstraction.
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Managing the operational complexity of such distributed systems
exceeds the capacity of traditional roles such as site reliability en-
gineers [36] and DevOps teams. This has driven research toward
artificial intelligence for IT operations (AIOps) [224], which aims to
prevent issues proactively while reducing manual effort in moni-
toring, root cause analysis, and recovery. AIOps is a heterogeneous
research field with contributions across multiple specialized domains,
including anomaly detection [89, 226, 306], resource provisioning [89,
306], root cause analysis (RCA) [226], and remediation [226, 242]. The
principal challenges in AIOps stem from the characteristics of opera-
tional data, which are often noisy, generated at high frequency, exhibit
high dimensionality, lack labeled anomalies, and whose patterns fre-
quently shift due to hardware, software, or platform updates [484].

In recent years, deep learning has attracted renewed attention
from both academia and industry for time series tasks [180, 310,
311], as it offers distinct advantages over classical statistical [37]
and machine learning methods [48, 111, 355]. Deep architectures
can handle large-scale, high-frequency data, and their performance
systematically improves with larger datasets [15, 190]. Moreover,
they can naturally process heterogeneous and unstructured data
within a unified, end-to-end differentiable framework optimized
through backpropagation [270]. These properties make deep learning
particularly effective in handling noisy data and variations typical of
real-world environments [142, 158, 417].

1.2 research statement

Deep learning approaches for time series predominantly process
sequential data, using historical windows of observations to predict
future values [213]. While effective, this paradigm often treats time
implicitly as an ordering dimension rather than an explicit structural
component. We focus on seasonal time series, highlighting aspects
of the sequential processing paradigm that require an alternative
perspective:

• Challenges of the window-based paradigm. Forecasting accu-
racy in high-frequency time series degrades as the prediction
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horizon extends due to the accumulation of errors [69, 181, 470].
Multi-step forecasting approaches [129, 393, 453] attempt to
mitigate this but rely on recent observations, limiting extended
long-range forecasting. Moreover, the performance of these
models is sensitive to windowing hyperparameters [33, 131,
152, 222, 478]. Selecting the optimal lookback window involves
a complex trade-off. Windows that are too short miss long-term
dependencies, while excessively long windows introduce noise
and computational overhead [61, 333].

• Limited flexibility of generative time series models. Unlike
generative models in computer vision [49, 329, 345] that syn-
thesize images without prior specific examples, many current
time series generative models [169, 252, 425, 458] rely on se-
quential processing. They typically inherit the sliding window
constraints of discriminative architectures [26], offering limited
inference flexibility despite their potential for data augmenta-
tion and uncertainty estimation [50, 422].

Moreover, deploying deep learning models in real-time distributed
systems that require continuous availability, such as instant payment
infrastructures, presents specific operational challenges:

• Computational constraints at the edge. Real-time infrastruc-
tures demand immediate decision-making. Centralized deep
learning processing may introduce prohibitive latency [333],
while resource-constrained edge nodes cannot execute complex
models or maintain extensive historical data [180, 358]. Existing
solutions often force a trade-off between the accuracy of deep
models and the efficiency of lightweight statistical methods [75,
160, 180, 217].

• Observability gaps and explainability requirements. Current
monitoring systems often operate in isolated data silos, storing
metrics separately across different tools and platforms, and fail-
ing to connect technical metrics with business processes [211,
319]. This fragmentation complicates failure detection in dis-
tributed systems where dependencies extend beyond organi-
zational boundaries [161]. Anomaly detection is increasingly
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used for failure management but remains insufficient without
diagnosis [311, 476]. Black-box models lacking explainability
generate alert fatigue [249], while classical post-hoc explainable
artificial intelligence (XAI) techniques impose computational
costs incompatible with real-time requirements [137, 274, 337].

This research explores new approaches for generative deep learn-
ing models to synthesize seasonal time series through pointwise
conditional generation rather than sequential processing.

To achieve this aim, the study is structured around three main
objectives: (i) design a mechanism that, by exploiting invertible time
encodings that explicitly represent seasonal patterns, enables genera-
tive deep learning models to synthesize seasonal time series without
relying on sequential preprocessing; (ii) evaluate the effectiveness
of this approach for forecasting and anomaly detection tasks, com-
paring performance against state-of-the-art approaches in controlled
experiments; and (iii) validate the proposed approach in real-world
high-frequency scenarios, conducting experiments on real-time time
series of instant payment systems in resource-constrained environ-
ments.

This dissertation is framed by the following research questions:

RQ1 What geometric representations of temporal information can
simultaneously encode seasonal periodicity and temporal pro-
gression while maintaining invertibility to recover the original
temporal information?

RQ2 What mechanisms leverage temporal encodings to enable gen-
erative deep learning models to synthesize seasonal time series
by conditioning on time representations rather than sequential
historical observation windows?

RQ3 How does geometric time encoding affect prediction accuracy
in deep learning architectures for long-term seasonal time series
forecasting?

RQ3a To what extent does geometric time encoding influence the
autoregressive multi-step-ahead forecasting performance
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of fully connected, convolutional, and recurrent architec-
tures when used as an auxiliary feature?

RQ3b How do generative adversarial networks (GANs) with
geometric time encoding compare to autoregressive and
rolling forecasting approaches in terms of accuracy and
computational efficiency across extended horizons?

RQ4 How do variational autoencoders (VAEs) with geometric time
encoding compare to sliding window prediction-based ap-
proaches in terms of detection performance and resource effi-
ciency for anomaly detection in seasonal time series?

RQ5 How do generative models with geometric time encoding per-
form for streaming anomaly detection in high-frequency instant
payment systems under resource constraints compared to state-
of-the-art prediction-based models?

RQ6 How do generative models with geometric time encoding com-
pare to enterprise anomaly detection solutions in terms of
accuracy, timeliness, and business impact assessment for failure
detection in distributed instant payment infrastructures?

Research questions RQ1 and RQ2 establish the theoretical foun-
dations, while RQ3 through RQ6 evaluate specific instantiations
of the proposed mechanism across different architectures (GANs,
VAEs), tasks (forecasting, anomaly detection), and application do-
mains (benchmark datasets, instant payment systems).

1.3 research contribution

The main contributions of this thesis fall into three categories:
novel theoretical approaches, experimental validation on benchmark
datasets, and applied research in the instant payment domain. Ta-
ble 1.1 maps each contribution to its corresponding research questions
and publications.

Our primary theoretical contributions are:

• An invertible representation, called Helical Time Encoding
(HTE), that explicitly captures periodicity and progression of
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Thesis Part Specific Contribution RQ Ref.

Novel
Approaches

Formalization of HTE to explicitly represent periodic-
ity and temporal progression in seasonal time series. RQ1 [324]

Design of the GenTT framework for conditional syn-
thesis of seasonal time series without sliding-window
preprocessing.

RQ2 [324]

Experimental
Validation

Validation of conditional GANs with GenTT using
HTE for long-term seasonal time series forecasting. RQ3 [324]

Validation of conditional VAEs with GenTT using
HTE for prediction-based anomaly detection in sea-
sonal time series.

RQ4 [325]

Applied
Research

Evaluation of GenTT-based approach with HTE for
real-time anomaly detection in high-frequency in-
stant payment time series in resource-constrained
environments.

RQ5 [322, 323]

Formulation of a failure detection problem in dis-
tributed instant payment infrastructures and applica-
tion of a MoGE solution based on GenTT with HTE.

RQ6 [322, 323]

Abbreviations: HTE: Helical Time Encoding; GenTT: Generation with the Timestamp Trick;
MoGE: mixture of generative experts.

Table 1.1: Summary of thesis contributions.

seasonal time series through a geometric mapping on a helix,
positioning observations in a higher-dimensional space where
temporal relationships become spatial relationships.

• A generative framework called Generation with the Timestamp
Trick (GenTT) that exploits explicit seasonal encodings (such
as HTE) for the conditional synthesis of time series. The frame-
work constrains generative models to output a time representa-
tion alongside target observations, leveraging this information
to reconstruct the time series from independently generated
single observations. This shift, from treating time as an implicit
ordering dimension to encoding it as an explicit condition-
ing variable, enables the model to learn the joint distribution
P(y, h) between observations y and their time representation



10 problem statement

h. Consequently, dependency on sliding window preprocess-
ing is eliminated, enabling history-free inference where time
representations condition the latent space.

We instantiate the GenTT framework using HTE as the time repre-
sentation and two generative models for different time series tasks:

• An implementation of conditional GANs based on an multilayer
perceptron (MLP) architecture for long-term forecasting. By
generating complete seasonal periods in a single inference step,
this approach eliminates the autoregressive error accumulation
typical of sequential models. Experimental results indicate that
this method yields competitive or superior performance com-
pared to established models in long-horizon scenarios where
recent observations are unavailable.

• An implementation of conditional VAE for anomaly detection
following the prediction-based paradigm. This method creates
a stable seasonal baseline independent of recent, potentially
anomalous inputs, making it robust to noise and missing data. It
is efficient, reducing energy consumption and carbon emissions
compared to sliding-window approaches, making it suitable
for sustainable edge computing with real-time, high-frequency
data.

Beyond benchmarking the proposed approaches against state-of-
the-art models for forecasting and anomaly detection, we demon-
strate the applicability of the GenTT framework in real-world instant
payment systems. Specific contributions in this domain include:

• The extension of the GenTT framework to a mixture of ex-
perts architecture, called mixture of generative experts (MoGE),
that enables selective model update mechanisms to avoid com-
plete retraining when model drift occurs. We compared this
architecture with state-of-the-art prediction-based methods for
streaming anomaly detection in resource-constrained environ-
ments.

• The formulation of a failure detection problem in distributed
clearing and settlement mechanism (CSM) infrastructures. We
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introduced a compact representation of instant payment trans-
actions that maps the various phases of the SEPA Instant Credit
Transfer (SCT Inst) process onto distributed infrastructure com-
ponents. This captures the holistic operational state of the sys-
tem and enables the assessment of the business impact of inci-
dents.

• The development of an explainable anomaly detection frame-
work that integrates GenTT to address the failure detection
problem in distributed CSM infrastructures. By enabling early
detection of service degradation and localization of faults in
distributed system components, this framework provides ac-
tionable insights that directly guide IT operators’ remediation
efforts and facilitate the assessment of the business impact of
incidents.

The work presented in this thesis bridges theoretical foundations
and practical implementations. Contributions span several research
areas: (i) temporal encoding techniques for time series, (ii) generative
models for time series synthesis, (iii) time series forecasting and
anomaly detection using deep learning, (iv) artificial intelligence for
IT operations (AIOps) in financial infrastructures, and (v) explainable
artificial intelligence (XAI) approaches for anomaly detection.

1.4 structure of the thesis

Chapter 2 defines basic concepts and notation, while Chapter 3 re-
views related work. The thesis is organized into three main parts, as
shown in Table 1.1, with each part comprising chapters that detail
individual contributions.

Part ii groups the novel approaches devised to address the first
two research questions:

• Chapter 4 formalizes the HTE, defining its properties and its
integration into deep learning architectures.

• Chapter 5 presents the GenTT framework, which leverages
seasonal time encoding and generative models to offer an alter-
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native to sequential processing through conditional generation,
eliminating the need for sliding window preprocessing.

Part iii groups the chapters related to the experimental validation
of two generative models instantiating the GenTT framework with
HTE for forecasting and anomaly detection tasks:

• Chapter 6 evaluates the impact of using HTE in deep learning
architectures for forecasting and introduces the HTE-cGANs
model. HTE-cGANs is compared against state-of-the-art base-
lines in two scenarios: long-term forecasting without recent
data availability, and sliding-window forecasting with recent
data availability.

• Chapter 7 presents the RTAD-cVAE model for prediction-based
anomaly detection. It evaluates the model’s performance in
both semi-supervised and unsupervised settings against sta-
tistical, machine learning, and deep learning baselines, testing
robustness to missing data scenarios and evaluating energy
efficiency compared to sliding-window approaches.

Part iv demonstrates the operational viability of the proposed
approach within a real-world instant payment system:

• Chapter 8 instantiates the GenTT framework with HTE within
a mixture of experts (MoE) architecture tailored for stream-
ing anomaly detection of high-frequency time series data in
resource-constrained environments. This architecture enables
selective model retraining to manage concept drift.

• Chapter 9 formulates the failure detection problem in dis-
tributed CSM infrastructures. It introduces an explainable
anomaly detection framework that leverages domain-specific
feature engineering to bridge technical metrics with business
processes, and proposes a concrete implementation based on
the GenTT framework to address failure detection in real-time.

The thesis concludes with Chapter 10, which summarizes contri-
butions, limitations, and real-world impact, and Chapter 11, which
outlines theoretical extensions and applications beyond seasonal fore-
casting and anomaly detection.
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This chapter establishes the theoretical foundations for this disser-
tation. We begin by introducing time series and defining anomalies
in temporal data, then present the generative models used in our
approach. Finally, we describe the metrics used to assess forecast-
ing and anomaly detection performance, emphasizing series-aware
metrics that account for the temporal structure of anomalies.

2.1 time series

A time series is a sequential collection of data points indexed in
temporal order [151]. Time series data capture the evolution of phe-
nomena over time and are used in diverse domains, including finan-
cial markets, environmental monitoring, and system performance
tracking.

Time series are classified as univariate or multivariate based on
the number of variables observed at each time point.

A univariate time series (UTS) tracks a single variable over time.
For example, recording hourly temperature levels constitutes a UTS.
Formally, a UTS X with t timestamps is represented as:

X = (x1, x2, . . . , xt) (2.1)

where xi denotes the observation at timestamp i → T = {1, 2, . . . , t}.
A multivariate time series (MTS) simultaneously tracks multiple

interdependent variables. Each variable exhibits temporal dependen-
cies (influenced by its own past values) and spatial dependencies
(influenced by other variables) [248]. For instance, simultaneously
recording hourly temperature, humidity, and air pressure constitutes
an MTS. Formally, an MTS X with d dimensions is represented as:

X = (X1, X2, . . . , Xt) (2.2)

13
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where Xi = (x1
i , x2

i , . . . , xd
i ), and xj

i denotes the observation of the j-th
variable at timestamp i.

Time series can be decomposed into components that capture
distinct behavioral patterns [81]:

• Trend: represents the long-term directional movement, captur-
ing sustained growth, decline, or stability. Trends may be linear
or nonlinear; for instance, population dynamics often follow
complex patterns driven by demographic and socioeconomic
factors.

• Seasonality: captures regular, periodic fluctuations occurring at
fixed intervals such as daily, weekly, or yearly cycles. Energy
consumption, for example, exhibits seasonal patterns influenced
by weather conditions and geographic location.

• Cyclical variations: describe medium to long-term oscillations
with variable duration and amplitude that differ from the fixed
periodicity of seasonality. Economic cycles, including expan-
sions and contractions, exemplify this component.

• Remainder: consists of irregular, unpredictable fluctuations not
attributable to other components, including random noise and
anomalous events such as system failures or natural disasters.

2.2 time series forecasting

Time series forecasting aims to predict future values of a target vari-
able yi,t for entity i at time t. A standard one-step-ahead forecasting
model takes the form:

ŷt+1 = f (yt↓k:t, xt↓k:t, s), (2.3)

where ŷt+1 denotes the forecast, yt↓k:t represents historical target
observations over a lookback window k, xt↓k:t contains exogenous
inputs, s captures static metadata, and f (·) is the learned prediction
function. While this formulation focuses on univariate forecasting, it
extends naturally to multivariate cases [241, 348, 357].
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Many applications require predictions across multiple future time
steps rather than just one-step-ahead, enabling decision-makers to
visualize trends and optimize actions over an entire horizon. Multi-
horizon forecasting extends the one-step-ahead formulation:

ŷt+ε = f (yt↓k:t, xt↓k:t, ut↓k:t+ε, s, ε), (2.4)

where ε → {1, . . . , εmax} is the forecast horizon, ut represents known
future inputs (e.g., calendar features), and xt denotes inputs observ-
able only historically. Multi-horizon forecasting approaches can be
categorized as iterative or direct methods [285, 391].

Iterative (or recursive) approaches use autoregressive (AR) archi-
tectures [238, 349] that recursively feed predicted values into future
time steps. The model generates multiple trajectories through re-
peated sampling, with final forecasts obtained by averaging. While
straightforward to implement (training is identical to one-step-ahead
models), iterative methods accumulate errors over longer horizons
and assume that all inputs except the target are known at inference
time.

Direct methods address the shortcomings of iterative approaches
by producing all horizon forecasts in a single pass and leverag-
ing both observed inputs and known future inputs. These methods
produce forecasts for all horizons simultaneously using sequence-
to-sequence architectures [254]. An encoder summarizes past infor-
mation, while a decoder combines this summary with known future
inputs (e.g., calendar features) to generate predictions. This approach
uses all available information directly, avoiding error accumulation,
but requires specifying a maximum forecast horizon at training time.

In operational settings, forecasting models are typically deployed
using a sliding window approach. At each time step t, the model
uses a fixed-size window of recent observations yt↓k:t to generate
predictions for one or multiple future horizons. As new observations
become available, the window slides forward: the oldest observation
is removed, the newest observation yt+1 is added, and the model
produces updated forecasts using the refreshed window yt↓k+1:t+1.
For instance, at time t, a model might predict [ŷt+1, ŷt+2, ŷt+3] using
observations yt↓k:t; then at time t + 1, it predicts [ŷt+2, ŷt+3, ŷt+4]
using the updated window yt↓k+1:t+1 that incorporates the newly



16 background

observed yt+1. Unlike iterative methods, this approach always uses
actual observed values rather than previous predictions as inputs,
preventing error accumulation across successive forecasting steps.

2.3 anomaly detection in time series

In the anomaly detection literature, the term “anomaly” is often
used interchangeably with “outlier” and related terms that vary
depending on the domain and application. Although there is no
universal consensus on the definition of an anomaly [57], a classical
definition for outliers is provided by Hawkins [155], who describes
outliers as observations that deviate so much from others as to
suggest that they were generated by a different mechanism.

To avoid terminological ambiguity, we adopt a practical definition
from the analyst’s perspective. We associate outliers with noise, i.e.,
erroneous or undesired data that are not inherently interesting and
can therefore be eliminated or corrected to improve data quality [341,
398]. In contrast, we define anomalies as unusual but interesting
phenomena that we want to detect and analyze [3]. When such
phenomena become a “new normal” that we incorporate into the
model after detection, we call these observations novelties [38, 342,
394].

In the specific context of time series data, an anomaly is defined
as a data point at a specific time step that exhibits unexpected be-
havior significantly different from previous time steps. A widely
adopted classification distinguishes among point, contextual, and col-
lective anomalies [60], though definitions may vary across different
application domains. In time series:

• A point anomaly refers to a data point that deviates signifi-
cantly from the overall distribution. For example, an extreme
fluctuation in stock prices exemplifies a point anomaly.

• A contextual anomaly, also referred to as a conditional
anomaly [380], occurs when a data point is anomalous within a
specific temporal context, even though it might appear normal
in the overall dataset. This type of anomaly is common in time
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series. For instance, in traffic monitoring, elevated traffic be-
tween 3:00 and 4:00 constitutes a contextual anomaly, whereas
the same traffic volume would be normal between 12:00 and
13:00.

• A collective anomaly represents a set of data points that col-
lectively exhibit abnormal behavior or trend over time, even
though individual data points might not be anomalous in iso-
lation. This type of anomaly can often be identified only by
analyzing the entire data sequence. An example is a marked
increase in heart rate after learning the normal pattern.

Anomaly detection is the research area that studies the identi-
fication of anomalous observations through data-driven methods,
models, and algorithms [342]. Based on the learning strategy, time
series anomaly detection methods can be classified as supervised,
semi-supervised, unsupervised, and self-supervised [180]:

• Supervised learning assumes that the training dataset contains
instances labeled as normal or anomalous. This approach is
rarely applicable in practice because anomalies are often un-
known a priori.

• Semi-supervised learning assumes that the training dataset
contains labeled instances of only one class (either normal or
anomalous).

• Unsupervised learning requires no labeled data; instead, it
relies on inherent data characteristics to identify anomalies.

• Self-supervised learning trains models using pseudo-labels de-
rived from unlabeled data itself, by predicting unobserved parts
from observed ones, then applies the learned representations
to downstream tasks.

Regardless of the training strategy, the output of an anomaly detec-
tion model can be either an anomaly score or a label [85]. An anomaly
score quantifies the deviation of an observation from its expected
value, with computation specific to each model. Labels, conversely,
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provide discrete classification of observations as normal or anoma-
lous. Labels are often used for immediate reporting in monitored
systems and can be generated either directly by a binary classification
algorithm or derived by applying a threshold to a score produced by
a detection algorithm; observations exceeding the specified thresh-
old are deemed anomalous. In scenarios requiring differentiated
actions or notifications for various anomaly conditions, labels may
also comprise multiple classes.

2.4 generative models for time series data mining

A generative model learns the underlying distribution of data to
generate new plausible examples. In time series applications, genera-
tive models serve multiple purposes: augmenting limited datasets
with synthetic samples, imputing missing or corrupted data, denois-
ing signals, and enabling privacy-preserving data synthesis through
differential privacy mechanisms.

Generative models for time series data mining leverage diverse ar-
chitectures, including VAEs [202], GANs [141], diffusion-based mod-
els [163], and large language models (LLMs) [52, 412]. This disser-
tation focuses on VAEs and GANs for time series forecasting and
anomaly detection tasks. The following subsections describe the
standard architectures of these models.

2.4.1 Variational Autoencoders

An autoencoder (AE) is an unsupervised neural network architecture
designed for dimensionality reduction. It consists of an encoder and a
decoder that jointly learn an encoding-decoding scheme minimizing
reconstruction error:

(e↑, d↑) = arg min
(e,d)→E↔D

Ex↗pdata(x) [L (x, d(e(x)))] , (2.5)

where E and D denote the families of encoders and decoders, and
L measures the reconstruction error between the input x and its
reconstruction d(e(x)).
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While a traditional AE could generate new data by sampling from
its latent space and decoding, this approach is hindered by an ir-
regular latent space structure, often due to overfitting. Reliable data
generation requires the latent space to exhibit continuity and com-
pleteness: nearby latent points should decode to similar data, and
samples drawn from the latent distribution should yield meaningful
outputs.

A variational autoencoder (VAE) [201] addresses these limitations
by regularizing the latent space through probabilistic modeling. The
encoder maps inputs to the parameters of a variational distribu-
tion qφ(z|x) (typically a diagonal Gaussian) in a latent space, while
the decoder samples from this distribution to reconstruct the input.
Assuming latent variables z follow a fixed prior distribution p(z)
(typically N (0, I)), the generative process is expressed as:

pθ(x) =
∫

pθ(x|z) p(z) dz. (2.6)

However, marginalizing over z is generally intractable for complex
decoders pθ(x|z). VAEs introduce a tractable solution by approximat-
ing the intractable posterior pθ(z|x) with the variational distribution
qφ(z|x) through learned approximate inference, while the decoder
models the likelihood pθ(x|z).

The training objective maximizes the evidence lower bound
(ELBO):

LVAE(φ, θ; x) = Eqφ(z|x)
[

log pθ(x|z)
]

↓ KL
(
qφ(z|x) ↘ p(z)

)
, (2.7)

where the first term encourages accurate reconstruction, and the
second term regularizes the latent space by aligning the approximate
posterior with the prior distribution. This formulation provides a prin-
cipled framework for uncertainty quantification. Maximizing LVAE
with respect to (φ, θ) is equivalent to minimizing the Kullback-Leibler
(KL) divergence between the approximate posterior and the true pos-
terior pθ(z|x), since log pθ(x) = LVAE + KL

(
qφ(z|x) ↘ pθ(z|x)

)
.

In practice, the expectation over qφ(z|x) is made differentiable
through the reparameterization trick, expressing z as:

z = µφ(x) + σφ(x)≃ ε, ε ↗ N (0, I), (2.8)



20 background

allowing gradients to propagate through stochastic nodes during
training. For discrete data, the reconstruction term is typically im-
plemented as binary cross-entropy loss; for continuous data, mean
squared error is commonly used (assuming a Gaussian likelihood
with fixed variance). Stochastic gradient ascent methods (e.g., Adam)
are employed to maximize the ELBO.

The conditional variational autoencoder (cVAE) extends the VAE
framework by conditioning both the encoder and decoder on ad-
ditional information c, such as class labels, attributes, or other con-
textual variables. This conditioning enables controlled generation
and reconstruction guided by specific conditions. The encoder maps
input data to a conditional latent distribution qφ(z|x, c), while the
decoder reconstructs the input from a sampled latent vector and the
conditioning information pθ(x|z, c).

The training objective for cVAEs follows the same principle as
standard VAEs, maximizing the conditional ELBO:

LcVAE(φ, θ; x, c) = Eqφ(z|x,c)
[

log pθ(x|z, c)
]

↓ KL
(
qφ(z|x, c) ↘ p(z)

)
. (2.9)

In many implementations, a hyperparameter β is introduced to
weight the KL divergence term (as in β-VAEs), balancing reconstruc-
tion accuracy with latent space regularization. This hyperparameter
can be tuned to prioritize either reconstruction fidelity or adherence
to the prior distribution, depending on application requirements. The
reparameterization trick is similarly applied to enable end-to-end
training through gradient-based optimization.

2.4.2 Generative Adversarial Networks

GANs [141] employ an adversarial framework comprising two com-
peting neural networks: a generator G that creates synthetic data, and
a discriminator D that distinguishes between real and fake samples.
During training, the generator progressively improves its ability to
produce realistic samples, while the discriminator becomes increas-
ingly skilled at identifying fakes. This adversarial process continues
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until the discriminator can no longer reliably distinguish generated
samples from real data.

The training objective is theoretically formulated as a minimax
game:

min
G

max
D

V(D,G) = Ex↗PX
[logD(x)]

+ Ez↗PZ
[log (1 ↓D(G(z)))] , (2.10)

where PX is the distribution over the real data domain X, and PZ is
the distribution over the latent domain Z.

In practice, to address vanishing gradient issues during early
training phases, the generator loss is often reformulated to max-
imize logD(G(z)) (non-saturating loss) rather than minimizing
log(1 ↓D(G(z))). Consequently, the discriminator loss LD and the
practical generator loss LG are formulated as:

LD = ↓ 1
m

m

∑
i=1

[
log

(
D(x(i))

)
+ log

(
1 ↓D

(
G(z(i))

))]
, (2.11)

LG = ↓ 1
m

m

∑
i=1

log
(
D

(
G(z(i))

))
, (2.12)

where m denotes the batch size.
GANs have demonstrated remarkable success in generating high-

quality data across diverse domains, including image synthesis, style
transfer, and image completion. In time series applications, GANs
have been successfully employed for audio generation, sequence fore-
casting, and imputation. However, GANs present three main training
challenges: non-convergence, vanishing gradients that prevent gen-
erator learning, and mode collapse, where the generator produces
samples with limited diversity, focusing on a specific subset of the
data distribution rather than capturing its full complexity. Several
variants of the original GAN architecture have been proposed to
address these issues [145, 401]. Conversely, VAEs offer more stable
training dynamics, though their approximation mechanism may com-
promise output quality relative to GANs.
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The conditional generative adversarial network (cGAN) extends
the GAN framework by conditioning both the generator and dis-
criminator on additional information c, such as class labels, temporal
information, or other contextual variables. This conditioning enables
controlled generation of synthetic data that adheres to specific con-
straints or attributes. The generator takes both a noise vector z ↗ PZ

(typically N (0, I)) and the conditioning information c as inputs to
produce synthetic samples, while the discriminator evaluates whether
a given sample is real or generated, also conditioned on c.

The training objective for cGANs extends the minimax formulation
to incorporate conditioning. Given pairs of real data and conditions
(x, c) sampled from the data distribution Pdata, the objective becomes:

min
G

max
D

V(D,G) = E(x,c)↗Pdata
[logD(x|c)]

+ Ez↗PZ

c↗Pc

[log (1 ↓D(G(z|c)|c))] . (2.13)

This conditional formulation allows cGANs to generate diverse out-
puts aligned with specific input conditions, making them particularly
effective for tasks requiring fine-grained control over the generated
data characteristics.

2.5 evaluation metrics

Evaluating model performance requires metrics tailored to the spe-
cific characteristics of the task. For forecasting, we present standard
metrics that quantify prediction accuracy. For anomaly detection, we
distinguish between point-based metrics, which evaluate individual
time points, and series-aware metrics that account for the temporal
continuity of anomalous events. The latter are particularly important
when anomalies span multiple consecutive time steps, as accurate
detection of event onset and extent is critical for effective real-world
monitoring systems.
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2.5.1 Forecasting Metrics

Forecasting performance is typically evaluated using metrics that
quantify the discrepancy between predicted and actual values. We
present the most widely adopted metrics in time series forecasting
literature: mean absolute error (MAE), mean squared error (MSE),
root mean square error (RMSE), and mean absolute percentage error
(MAPE).

Let y = (y1, y2, . . . , yn) denote the actual time series values and
ŷ = (ŷ1, ŷ2, . . . , ŷn) denote the predicted values over n time points.

MAE measures the average absolute deviation between predictions
and actual values:

MAE =
1
n

n

∑
i=1

|yi ↓ ŷi|. (2.14)

MAE provides an intuitive measure of average prediction accuracy,
with all errors weighted equally regardless of magnitude.

MSE quantifies the average squared deviation between predictions
and actual values:

MSE =
1
n

n

∑
i=1

(yi ↓ ŷi)
2. (2.15)

MSE penalizes larger errors more heavily than MAE through
quadratic weighting, making it sensitive to outliers while remaining
differentiable.

RMSE, the square root of MSE, restores the error to the original
data units:

RMSE =

√
1
n

n

∑
i=1

(yi ↓ ŷi)2. (2.16)

MAPE expresses prediction error as a percentage of actual values:

MAPE =
100
n

n

∑
i=1

∣∣∣∣
yi ↓ ŷi

yi

∣∣∣∣ . (2.17)

MAPE enables scale-independent comparison across datasets with
different magnitudes. However, it is undefined when yi = 0 and can
be biased toward underestimation when actual values are large.
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2.5.2 Anomaly Detection Metrics

Point-based metrics are widely used in anomaly detection, but due
to the inherent continuity and temporal dependencies of time series
data, they may not adequately capture performance when anomalies
span multiple time steps. In real-world applications, accurately de-
tecting the onset of an anomaly event is essential for timely alerting.
Consequently, researchers have proposed series-aware metrics to bet-
ter evaluate detection performance. In this section, we present the
main evaluation metrics for time series anomaly detection.

2.5.2.1 Point-based Metrics

Point-based metrics, originally developed for information retrieval
and binary classification, evaluate anomaly detection performance
at individual time points. These metrics include Precision, Recall,
F1-score, and Matthews correlation coefficient (MCC), which are
computed based on the elements of the confusion matrix [385]:

• true positive (TP): anomaly points correctly identified as anoma-
lies.

• true negative (TN): normal points correctly identified as nor-
mal.

• false positive (FP): normal points incorrectly identified as
anomalies.

• false negative (FN): anomaly points incorrectly identified as
normal.

Precision quantifies the accuracy of anomaly predictions by mea-
suring the proportion of correctly identified anomalies among all
points flagged as anomalous:

Precision =
TP

TP + FP
. (2.18)

High precision indicates few false alarms, which is important in
applications where false positives are costly or disruptive.
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Recall measures the model’s ability to detect actual anomalies by
calculating the proportion of true anomalies that are successfully
identified:

Recall =
TP

TP + FN
. (2.19)

High recall ensures that most anomalies are detected, which is essen-
tial when missing anomalies could have severe consequences.

F1-score provides a balanced assessment by computing the har-
monic mean of Precision and Recall:

F1 = 2 · Precision · Recall
Precision + Recall

. (2.20)

This metric is particularly useful when both false positives and false
negatives must be minimized simultaneously.

The Matthews correlation coefficient (MCC) provides a compre-
hensive measure of classification quality that accounts for all four
confusion matrix elements:

MCC =
TP · TN ↓ FP · FN√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)
. (2.21)

MCC ranges from -1 to +1, where +1 indicates perfect prediction,
0 represents random performance, and -1 suggests complete dis-
agreement between predictions and ground truth. Unlike F1-score,
MCC incorporates true negatives, making it particularly reliable for
imbalanced datasets where the majority class (normal instances) sig-
nificantly outnumbers anomalies.

However, when anomalies span multiple consecutive time steps,
these point-based metrics may inadequately capture the model’s
ability to detect entire anomalous events [174].

2.5.2.2 Point Adjustment

To better reflect the continuous nature of real-world anomalies, point
adjustment (PA) treats an entire anomalous event as correctly de-
tected if at least one point within the event is flagged as anoma-
lous [445]. Using PA makes the evaluation more event-oriented, ef-
fectively increasing recall for anomalous events. However, PA can be
overly lenient, potentially overestimating model performance [415].



26 background

Event-wise point adjustment (EWPA) [172] refines the evaluation
by treating each anomalous segment as a single, indivisible entity.
Rather than evaluating individual points, this method considers en-
tire events: each anomalous segment contributes only once to the TP
or FN count, regardless of its duration. This prevents disproportion-
ate weighting of longer anomalous events in the overall evaluation.

Reduced-length PA [367] further refines EWPA evaluation by in-
corporating a severity coefficient based on anomaly duration. By
penalizing or rewarding detections based on event duration, this
approach mitigates bias in evaluating segments of varying lengths
and provides a more nuanced performance assessment.

2.5.2.3 Sequential Adaptability Metrics

PA-based variants improve upon pointwise metrics but may not fully
capture temporal characteristics such as early or delayed detections.
Sequential adaptability metrics [136, 174, 395] evaluate the temporal
alignment between predicted and actual anomalies. We present two
prominent approaches: range-based metrics and proximity-aware
time series anomaly evaluation (PATE).

Range-based Metrics

Real-world anomalies often manifest as continuous intervals rather
than isolated points. Range-based metrics [395] evaluate detection
performance over these intervals by measuring both detection occur-
rence and coverage quality.

Given a set of true anomalous intervals R = {R1, . . . , RNr} and
predicted intervals P = {P1, . . . , PNp}, range-based recall (RecallT)
balances two components: whether an anomaly is detected at all
(existence) and how completely it is covered (overlap). It is defined
as:

RecallT(R, P) =
1

Nr

Nr

∑
i=1

[
α · ExistenceReward(Ri, P)

+ (1 ↓ α) · OverlapReward(Ri, P)
]
, (2.22)
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where α → [0, 1] controls the trade-off between these two aspects. The
ExistenceReward(Ri, P) equals 1 if any predicted interval overlaps
with Ri, and 0 otherwise. The OverlapReward(Ri, P) quantifies the
proportion of Ri covered by predictions, potentially incorporating
positional weighting and penalizing fragmentation when multiple
small predictions cover a single true interval.

Range-based precision (PrecisionT) penalizes spurious predictions
by measuring how well predicted intervals align with true anomalies:

PrecisionT(R, P) =
1

Np

Np

∑
j=1

OverlapReward(Pj, R). (2.23)

Similarly to Eq. 2.20, the series-aware F1-score (F1T ) is calculated
as the harmonic mean of PrecisionT and RecallT.

Proximity-Aware Time Series Anomaly Evaluation

Proximity-aware time series anomaly evaluation (PATE) [136] extends
evaluation beyond exact temporal alignment by introducing buffer
zones around true anomalies. Pre-buffers capture early detections,
while post-buffers account for delayed detections. Each predicted
point is classified into one of four categories:

• True-detection: overlaps with a true anomaly interval.

• Pre-buffer detection: falls within the pre-buffer (early detection).

• Post-buffer detection: falls within the post-buffer (delayed de-
tection).

• Outside: lies beyond all anomaly intervals and buffers (false
alarm).

Undetected anomalies are categorized as either total or partial
misses. PATE assigns time-varying weights wTP(t), wFP(t), and
wFN(t) based on temporal distance from true anomalies, gradually
reducing credit for detections farther from the actual event. Weighted
precision and recall are computed as:

Precisione,d(θ) =
∑T

t=1 wTP(t)
∑T

t=1
[
wTP(t) + wFP(t)

] , (2.24)
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Recalle,d(θ) =
∑T

t=1 wTP(t)
∑T

t=1
[
wTP(t) + wFN(t)

] . (2.25)

To provide threshold-independent evaluation, PATE computes
weighted Precision-Recall curves across different thresholds θ for
each combination of pre-buffer e → E and post-buffer d → D. The area
under each curve (AUC-PRe,d) is averaged across all buffer configu-
rations:

PATE =
1

|E| · |D| ∑
e→E

∑
d→D

AUC-PRe,d. (2.26)

This approach allows for the evaluation of detection performance
across multiple temporal sensitivities, thereby providing a robust
assessment of timing accuracy.

2.5.2.4 Affiliation Metrics

Affiliation metrics [171] measure how closely predicted anomalies
align with their nearest ground-truth events, providing a parameter-
free, probabilistic evaluation framework.

The affiliation approach partitions the timeline based on proximity
to ground-truth anomalies. Each time point is associated with its
nearest ground-truth event, creating affiliation zones Ij around each
true anomaly gtj. For predictions falling within zone Ij, denoted
as pred ⇐ Ij, affiliation computes directed distances that measure
alignment quality:

Dprecision,j = dist
(
(pred ⇐ Ij), gtj

)
, (2.27)

Drecall,j = dist
(

gtj, (pred ⇐ Ij)
)
, (2.28)

where the directed distance function is defined as:

dist(X, Y) =
1
|X|

∫

x→X
min
y→Y

|x ↓ y| dx. (2.29)
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These distances quantify how far predicted points deviate from
true anomalies (precision) and how far true anomalies are from their
nearest predictions (recall).

To provide interpretable scores, affiliation converts distances into
probabilities by comparing detection performance against a random
baseline. The per-event precision probability is computed as:

Pprecision,j =
1

|pred ⇐ Ij|

∫

x→(pred⇐Ij)
Fprecision,j

(
dist(x, gtj)

)
dx, (2.30)

where Fprecision,j represents the survival function obtained by sam-
pling random points within pred ⇐ Ij. This probabilistic formulation
indicates how much better the model performs compared to chance.

Overall affiliation-based precision and recall are obtained by aver-
aging per-event probabilities:

Pprecision =
1
|S| ∑

j→S
Pprecision,j, (2.31)

Precall =
1
n

n

∑
j=1

Precall,j, (2.32)

where S denotes the set of ground-truth intervals with at least
one affiliated prediction, and n is the total number of ground-truth
events.

2.5.2.5 Threshold-independent Metrics

Most anomaly detection methods produce continuous anomaly
scores rather than binary labels. Converting scores to binary pre-
dictions requires selecting a threshold, introducing subjectivity and
inconsistency across evaluations. Threshold-independent metrics
evaluate performance across all possible thresholds, providing com-
prehensive assessment without arbitrary cutoff selection.
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Area Under the Receiver Operating Characteristic Curve

The receiver operating characteristic (ROC) curve represents the
trade-off between true positive rate (TPR) and false positive rate
(FPR) across varying thresholds, reflecting the model’s ability to
separate anomalies from normal observations at different decision
boundaries, where

TPR =
TP

TP + FN
, (2.33)

FPR =
FP

FP + TN
. (2.34)

The area under the receiver operating characteristic curve
(AUC-ROC) [120] summarizes this discrimination capability in a
single scalar value:

AUC-ROC =
∫ 1

0
TPR(FPR) dFPR. (2.35)

AUC-ROC ranges from 0 to 1, where 1 indicates perfect classification,
0.5 represents random performance, and values below 0.5 suggest
systematic misclassification. Higher values indicate more effective
differentiation between normal and anomalous patterns, making this
metric useful for general assessment of classification capability.

Area Under the Precision-Recall Curve

In imbalanced datasets, typical of anomaly detection where normal
instances greatly outnumber anomalies, precision-recall (PR) curves
offer a more informative evaluation than ROC curves. By plotting
Precision against Recall across thresholds, they focus on performance
for the minority (anomalous) class. The area under the precision-
recall curve (AUC-PR) provides a threshold-independent measure of
the model’s ability to achieve both high precision and recall, making
it especially useful in rare-event detection.
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Volume Under the Surface

While ROC and PR curves eliminate threshold dependency, they re-
main point-based metrics that may inadequately assess performance
on continuous anomalous events. A model detecting only a single
point within an extended anomaly can still achieve high area un-
der the curve (AUC) scores, potentially misrepresenting practical
effectiveness.

The volume under the surface (VUS) [41, 316] extends traditional
AUC by introducing a buffer parameter that accounts for the contigu-
ous nature of time series anomalies. Rather than evaluating perfor-
mance at a single scale, VUS computes AUC across multiple buffer
sizes, constructing a performance surface that captures detection
quality at different temporal resolutions. This approach quantifies
both temporal and amplitude differences between predicted and true
anomaly signals, providing holistic assessment of detection perfor-
mance.

For a buffer size b, let AUC(b) denote the threshold-free metric
computed with that buffer (e.g., AUC-ROC(b) or AUC-PR(b)). VUS
integrates these values over a range of buffer sizes:

VUS =
∫ bmax

bmin

AUC(b) db, (2.36)

yielding separate formulations for ROC and PR contexts:

VUS-ROC =
∫ bmax

bmin

AUC-ROC(b) db, (2.37)

VUS-PR =
∫ bmax

bmin

AUC-PR(b) db. (2.38)

In practice, buffer sizes are sampled discretely, and the integrals
are approximated through summation:

VUS-ROC ⇒
Nb

∑
i=1

AUC-ROC(bi)∆bi, (2.39)
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VUS-PR ⇒
Nb

∑
i=1

AUC-PR(bi)∆bi, (2.40)

where {bi}Nb
i=1 represents the selected buffer sizes and ∆bi denotes

the spacing between consecutive values. Higher VUS values indicate
better performance, as they reflect consistently high detection quality
across multiple temporal resolutions and buffer configurations, pro-
viding a robust assessment of how well predictions align with true
anomaly signals.

2.5.2.6 Operational Metrics

While traditional metrics evaluate overall detection accuracy, oper-
ational metrics assess practical deployment considerations such as
event detection rate, detection speed, false alarm frequency, and rank-
ing quality. These metrics are critical for streaming anomaly detection
in real-time systems where timely, accurate responses are essential.

Event Detection Rate

The event detection rate (EDR) measures the proportion of distinct
anomaly events that are successfully detected. An anomaly event is
defined as a contiguous sequence of anomalous points in the ground-
truth signal ytrue. An event is considered detected if at least one
point within its duration is flagged as anomalous in the predicted
sequence ypred. Formally, let E = {E1, E2, . . . , Em} denote the set of
m ground-truth anomaly events. Then:

EDR =
1
m

m

∑
i=1

1
(
⇑ t → Ei : ypred(t) = 1

)
, (2.41)

where 1(·) is the indicator function returning 1 if the i-th event
is detected and 0 otherwise. The EDR thus quantifies event-level
recall rather than point-level accuracy, emphasizing whether each
anomalous episode is detected at least once. Higher EDR values indi-
cate stronger coverage of true anomaly events, even if only partially
detected.
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Mean Time to Detect

The mean time to detect (MTTD) quantifies the average delay between
anomaly occurrence and detection, measuring system responsive-
ness. This metric is essential when detection speed directly impacts
operational outcomes.

For n detected anomalies, MTTD is computed as:

MTTD =
1
n

n

∑
i=1

(Tdetect,i ↓ Ttrue,i), (2.42)

where Ttrue,i denotes when the i-th anomaly occurred and Tdetect,i
denotes when it was first detected. Lower MTTD values indicate
rapid detection, enabling prompt response to important events.

To provide sampling-frequency-agnostic evaluation, MTTD can
alternatively be expressed in observation units rather than temporal
units:

MTTDobs =
1
n

n

∑
j=1

(idxdetect,j ↓ idxtrue,j), (2.43)

where idxtrue,j represents the sequence index where the j-th
anomaly begins, and idxdetect,j is the index of the first detected anoma-
lous point after that onset.

False Alarm Rate

In continuous monitoring systems, excessive false alarms diminish
operational utility and lead to alert fatigue. The false alarm rate (FAR)
quantifies the frequency of spurious alerts over time:

FAR =
# false positives in time window

duration of time window
. (2.44)

The FAR is typically expressed as false alarms per hour or per day.
Lower FAR values indicate fewer spurious alerts, improving system
trustworthiness and reducing unnecessary investigation costs.
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Precision-at-k

Precision-at-k (Precision@k) evaluates the quality of top-ranked de-
tections. Given predictions ordered by anomaly score, this metric
measures the proportion of true anomalies among the top k flagged
instances:

Precision@k =
|true anomalies ⇐ top-k predictions|

k
. (2.45)

Higher Precision@k values indicate effective concentration of true
anomalies at the top of the ranking, enabling analysts to prioritize
investigations efficiently and minimize wasted effort on false alarms.



3
R E L AT E D W O R K

While centered on generative models and temporal representations,
this research contributes broadly to time series data mining and artifi-
cial intelligence for IT operations (AIOps) in financial infrastructures.
This chapter provides an overview of foundational work across four
interconnected areas: time encoding methods, deep learning architec-
tures for forecasting, deep learning approaches to anomaly detection,
and AIOps techniques for failure management [50, 75, 234, 235, 311,
466].

Section 3.1 examines methods for capturing and representing tem-
poral information, progressing from handcrafted features to learnable
embeddings. Section 3.2 surveys deep learning architectures for time
series forecasting, presenting the main architectural paradigms. Sec-
tion 3.3 reviews deep learning approaches to anomaly detection,
categorizing methods by their underlying principles. Finally, Sec-
tion 3.4 explores the emerging field of AIOps, focusing on failure
management techniques and explainable anomaly detection methods.

3.1 time encoding for time series

In many real-world domains, such as finance [228], retail [189, 340,
371], and weather forecasting [300, 307], temporal data accompany
observations. Incorporating temporal information into models helps
capture long-range dependencies and cyclical patterns, enabling more
accurate predictions [192].

Time encoding methods capture and represent temporal infor-
mation by treating time embeddings as independent features. Early
approaches relied on handcrafted features tailored to the downstream
tasks [31, 73, 212]. These methods typically involved decomposing
timestamps into components (e.g., month, day, hour), assigning an
embedding to each component, and summing these embeddings to

35
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obtain the final time representation [418, 431], or appending temporal
attributes, such as sine and cosine encodings for cyclical variables [58].

While simple, handcrafted methods are resource-intensive, require
domain-specific expertise, and are limited to capturing only prede-
fined temporal patterns [192]. Consequently, they often fail to capture
the full complexity of temporal relationships, particularly in data
exhibiting seasonal variations or irregular patterns [65]. Subsequent
research, progressing from handcrafted features to learnable rep-
resentations, has exploited and extended the concept of positional
encoding introduced in Transformer architectures [412]. These tech-
niques, primarily applied in natural language processing [290, 320,
416], have been adapted for continuous time representation in time
series [268, 442].

Functional time encoding (FTE) are a generalized version of time
encoding methods that offer advantages such as better management
of long-range dependencies and adaptive weighting of temporal
information. They transform temporal input into multi-dimensional
embeddings using predefined linear and nonlinear transformations.
Representative works include Time2Vec [192] and Functional Time
Representation [441]. Time2Vec extends the concept of positional
encoding for continuous time representation in time series through
neural decompositions [133, 138], using learnable frequencies and
phases to adaptively capture multiple periodicities. In contrast, Xu
et al. [441] introduce a functional feature map that incorporates the
time interval between events into high-dimensional spaces.

Time encodings provide a general-purpose representation of time
applicable to existing models such as recurrent neural networks
(RNNs) and long short-term memorys (LSTMs) [143] or integrated
into attention-based architectures [431]. However, when time series
exhibit structural irregularities, FTE methods show limited expres-
sive capacity effectively to model such patterns due to their reliance
on predefined transformations primarily designed for periodic com-
ponents. To overcome these limitations, emerging research direc-
tions draw inspiration from deep function learning [271], employing
learnable nonlinear transformations to adaptively model temporal
information and capture irregular trends, sudden changes, and over-
lapping periodicities [65].
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3.2 time series forecasting with deep learning

Temporal modeling is fundamental to practical applications, spanning
domains from climate [294] and healthcare [404] to retail optimization
[44] and financial markets [9]. Classical approaches rely on parametric
models grounded in domain expertise, including AR processes [46],
exponential smoothing techniques [132, 426], and structural time-
series models [153]. In contrast, contemporary machine learning
methods offer data-driven alternatives that automatically discover
temporal patterns [5], becoming increasingly vital as data availability
and computational resources expand.

Deep learning has emerged as a promising approach, motivated by
major achievements in reinforcement learning [370], computer vision
[210], and natural language processing (NLP) [97]. Neural networks
incorporate architectural inductive biases [30] that reflect dataset char-
acteristics, enabling automatic learning of complex representations
[34] without extensive manual feature engineering. The proliferation
of open-source frameworks [2, 318] has further democratized deep
learning by simplifying training procedures and enabling flexible
customization of network architectures and optimization objectives.

Most deep learning approaches frame forecasting as supervised
learning over sliding windows [213, 313]. Deep neural networks
learn predictive relationships through nonlinear transformations that
construct intermediate representations [34]. An encoder genc(·) com-
presses historical information into a latent representation zt, which a
decoder gdec(·) then uses to generate predictions. The choice of archi-
tecture determines what temporal patterns the model can capture.

Multilayer Perceptrons

The concept of artificial neural networks (ANNs), first introduced by
McCulloch and Pitts [289], was inspired by biological neural process-
ing, with neurons processing information in parallel. MLP represents
the most fundamental feed-forward architecture, consisting of three
components: an input layer, one or more hidden layers, and an output
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layer. Network depth, determined by the number of hidden layers,
distinguishes shallow from deep learning models.

Each layer contains neurons with trainable connection weights that
the learning algorithm updates to map input-output relationships.
Unlike recurrent architectures, MLPs maintain only forward connec-
tions between neurons. Early applications to time-series forecasting
in the 1990s [162] demonstrated their potential as universal function
approximators, offering the flexibility to adapt to data without pre-
defined assumptions. MLPs handle multivariate inputs and outputs
flexibly but are constrained by static mappings [389]. However, these
studies also highlighted two critical challenges: determining optimal
network structure and hyperparameters remains complex with sub-
stantial performance impact, and rigorous validation procedures are
essential to establish advantages over classical methods.

Preprocessing steps significantly influence performance, with sim-
pler models using carefully selected input variables often outper-
forming complex architectures. Ensemble approaches combining
multiple MLPs have demonstrated improved accuracy. A fundamen-
tal limitation is that MLPs treat each input independently, failing to
capture temporal ordering. This motivates specialized architectures
like RNNs and convolutional neural networks (CNNs) that explicitly
encode temporal structure [351].

However, recent work has challenged the necessity of complex se-
quential architectures, with MLP-based models like TSMixer [62] and
TiDE [91] demonstrating that simple designs with effective mixing
operations can match or outperform state-of-the-art recurrent and
attention-based models on several benchmarks.

Convolutional Neural Networks

Originally designed for image data [210], CNNs [219] have been
adapted for time-series through causal convolutions [43, 312], de-
fined as convolutional filters that use only past information for pre-
dictions. CNNs excel at extracting features from high-dimensional
grid-structured data through the convolution operation: a sliding
filter that creates feature maps capturing repeated patterns across



3.2 time series forecasting with deep learning 39

different data regions. This distortion invariance, i.e., the ability to
extract features regardless of position, makes CNNs suitable for one-
dimensional sequential data [43].

The architecture typically comprises convolutional layers for
feature extraction, pooling layers for spatial reduction, and fully-
connected layers for aggregation. Three key principles distinguish
CNNs: local connectivity (each neuron connects only to a local recep-
tive field), shared weights (neurons in the same layer share convolu-
tion parameters), and translation equivariance. These properties sub-
stantially reduce trainable parameters compared to fully-connected
networks, improving training efficiency [43]. Stacking multiple con-
volutional layers enables the network to learn multi-scale temporal
representations [450].

A key limitation is that CNNs can only access information within
their receptive field (i.e., the lookback window determined by the
network architecture). To efficiently capture long-range dependencies
without excessive parameters, modern architectures employ dilated
convolutions [22], which exponentially increase the temporal span
covered by each successive layer. The WaveNet architecture [312]
exemplifies this approach, enabling coverage of 2l time steps at layer
l.

Inspired by WaveNet [312], temporal convolutional networks
(TCNs) [22] represent a specialized CNN architecture for sequen-
tial modeling. TCNs employ two distinguishing features: causal
convolutions prevent information leakage from future time steps,
and the architecture processes sequences of arbitrary length while
producing equal-length outputs. Dilated causal convolutions expand
the receptive field without resolution loss (eliminating pooling re-
quirements) [464], while residual connections enable increased depth
for handling extensive historical contexts.

Comparative studies [22] demonstrate several TCN advantages
over generic RNNs: lower memory requirements through shared con-
volutional filters, parallel processing of long input sequences (versus
sequential RNN computation), and more stable training that avoids
vanishing gradients. These characteristics have driven increasing
TCN adoption for time-series forecasting applications.
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Recurrent Neural Networks

RNNs [106] were developed as a temporal variant of ANNs that
connect each time step with previous observations to model temporal
dependencies, providing native support for sequential data with
dynamic dependency learning [284, 331, 423]. The network processes
one observation at a time, learning both patterns between inputs
and outputs and internal patterns within the observation sequence.
Unlike MLPs that ignore temporal relationships, RNNs maintain
memory of prior information and its relevance for forecasting.

Unlike CNNs, RNNs do not require an explicit lookback window;
they theoretically have infinite memory. At each time step, the net-
work updates its hidden state zt based on the previous state zt↓1
and current inputs. Early implementations in the late 1980s explored
various approaches to providing neural networks with memory [100].
The Jordan RNN [185] inspired the Elman RNN [106], which forms
the foundation of modern recurrent architectures.

RNNs have been extensively applied to sequence modeling [140],
achieving strong results in NLP [461] and success across diverse
forecasting applications including financial markets [199], wind speed
prediction [463], and solar radiation forecasting [421], with notable
performance in competitions such as M4 [281].

Early RNN variants suffered from vanishing and exploding gra-
dients [35, 140, 164], limiting their ability to learn long-range de-
pendencies. LSTM networks [165] address these issues through a
gating mechanism that controls information flow. LSTMs use three
gates (input, output, and forget gates) to regulate what information
to store, use, or discard from a separate cell state. This architecture
enables stable learning over extended temporal sequences and has
become the standard recurrent unit for time-series forecasting [331,
349]. Variants such as echo state networks (ESNs) [179] and gated
recurrent unit (GRU) [72] offer alternative gating mechanisms with
different computational trade-offs.

RNNs share conceptual similarities with Bayesian filters [350]: both
recursively update a hidden state over time, with RNNs learning to
approximate state transition and error correction steps simultane-
ously through data-driven training [255].
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Attention Mechanisms and Transformers

Attention mechanisms [20, 72] advanced sequence modeling by en-
abling networks to dynamically focus on relevant time steps, regard-
less of temporal distance. Unlike RNNs that compress all history into
a fixed-size state, attention computes weighted combinations of past
features, where weights are generated based on the relevance of each
time step to the current prediction.

Transformer architectures [97, 412] leverage self-attention to
achieve state-of-the-art performance across multiple domains and
have been successfully adapted for time-series forecasting [238, 254,
326, 363]. In forecasting applications, attention-based models have
demonstrated superior performance over comparable recurrent net-
works. Attention provides two key advantages: models can directly
access significant past events (e.g., holidays or promotions in retail
forecasting), and they can learn regime-specific temporal dynamics
by applying distinct attention patterns to different contexts [254].

A key limitation of standard attention mechanisms is their
quadratic computational complexity with respect to sequence length,
which becomes prohibitive for extended temporal sequences. To ad-
dress this scalability challenge, several efficient variants have been
proposed: LogTrans employs LogSparse attention [238], Reformer
uses locality-sensitive hashing [204], Informer introduces ProbSparse
attention to focus on dominant queries [486], and Autoformer re-
places attention with autocorrelation mechanisms [432].

Mixture of Experts

MoE architectures decompose learning tasks across specialized expert
networks, each focusing on different aspects of the data. Originally
introduced by Jacobs et al. [178], MoE models employ a gating mech-
anism to dynamically route inputs to appropriate experts, whose
outputs are subsequently aggregated. This modular structure enables
efficient scaling and specialization, particularly valuable for capturing
diverse temporal patterns within complex datasets.



42 related work

The gating network determines expert selection through various
strategies. Dense MoE variants compute weighted combinations of
all expert outputs, while sparse approaches activate only a subset.
Shazeer et al. [359] proposed Sparsely-Gated MoE with thousands of
feed-forward subnetworks, achieving substantial capacity increases
with minimal computational overhead. Subsequent work improved
stability and efficiency [223, 227], with V-MoE [223] incorporating
sparse activation within vision transformer architectures.

For multi-task scenarios, Ma et al. [276] demonstrated that shared
expert weights across tasks improve generalization, while task-
specific experts capture domain-particular patterns. This principle
extends naturally to time series, where experts can specialize in dif-
ferent temporal regimes, seasonal behaviors, or external conditions.

Sleeping experts represent a specialized variant where only cer-
tain experts produce outputs under predetermined conditions [40,
127]. Devaine et al. [96] applied this concept to electricity demand
forecasting, using sequential convex aggregation to weight active
experts based on calendar conditions such as working days, holidays,
or seasonal variations. This deterministic gating based on tempo-
ral conditions differs from learned gating mechanisms but offers
interpretability through explicit expert-condition associations.

MoE architectures provide several advantages for time series mod-
eling: experts specialize in distinct temporal patterns or seasonal
behaviors, the gating mechanism offers interpretability by revealing
pattern-expert associations, and sparse activation reduces compu-
tational overhead while maintaining model capacity for complex
dependencies. Recent applications demonstrate improved forecast-
ing accuracy with reduced parameter counts [266, 362]. In financial
applications, MoE models support anomaly detection and pattern
recognition for fraud monitoring [186].

Graph Neural Networks

Graph neural networks (GNNs) enable spatiotemporal forecasting
by explicitly modeling relationships between multiple time series
as graph structures [70, 244, 436, 462]. While deep learning models
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like LSTNet [213] and TPA-LSTM [363] capture nonlinear temporal
patterns effectively, they often overlook or model only implicitly the
rich dynamic spatial correlations between time series. GNN-based
approaches address this limitation by explicitly incorporating graph
structures that delineate the strength of interconnections between
variables [184].

GNN-based forecasting models operate by learning both spatial de-
pendencies (inter-variable relationships) and temporal dependencies
(intra-variable patterns). Spatial modeling typically employs spectral
GNNs, spatial GNNs, or hybrid approaches to capture correlations be-
tween time series. Temporal modeling captures dependencies within
individual time series through recurrent, convolutional, or attention-
based mechanisms in either time or frequency domains [183].

The fusion of spatial and temporal modules can follow different
architectural patterns: discrete factorized models process spatial and
temporal dependencies independently, discrete coupled models inte-
grate both within a unified process, while continuous models employ
neural differential equations to abstract the underlying dynamics [74,
119].

Composite and Hybrid Models

Despite deep learning’s success in many domains, pure neural ap-
proaches historically underperformed simple statistical methods in
forecasting competitions [175, 282]. Two key issues were identified:
overfitting in low-data regimes [280], and sensitivity to input prepro-
cessing [349, 357].

TBATS [93] automates the modeling of complex, evolving seasonal-
ity by integrating Fourier representations with exponential smoothing
and Box-Cox transformations. While potentially computationally in-
tensive, this state-space approach offers greater flexibility than rigid
harmonic regression by allowing seasonal patterns to change over
time. Prophet [397] further democratizes forecasting through config-
urable, interpretable frameworks accessible to domain experts.

Hybrid statistical-neural models [331, 375] address these limitations
by combining classical time-series models with deep learning, typi-
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cally by using neural networks to generate parameters for statistical
models at each time step. This approach incorporates domain knowl-
edge through well-established statistical structures while leveraging
deep learning’s capacity to learn complex patterns. The ES-RNN
[375], winner of the M4 competition, exemplifies this strategy by
using exponential smoothing [426] to capture non-stationary trends
while an RNN learns additional effects.

Hybrid models can be non-probabilistic (producing point forecasts
by combining statistical equations with neural network outputs) or
probabilistic (using neural networks to generate parameters for pre-
dictive distributions). For instance, deep state space models [331]
employ neural networks to produce time-varying parameters for
linear state space models, performing inference via Kalman filtering
[187]. This separation of stationary and non-stationary components
reduces preprocessing requirements and improves generalization,
particularly for small datasets.

Beyond statistical-neural hybrids, architectural hybrids combine
multiple deep learning components to leverage complementary
strengths [195, 338]. LSTNet [213] integrates CNNs for local feature
extraction with recurrent layers for long-term dependencies, while
DeepAR [349] combines autoregressive structures with RNNs for
probabilistic forecasting.

Generative Models

Generative modeling offers an alternative paradigm for time-series
forecasting by learning to synthesize realistic temporal patterns.
GANs [141] have been adapted to sequential data by integrating tem-
poral architectures within adversarial training frameworks, where a
generator produces synthetic sequences while a discriminator distin-
guishes real from generated data.

TimeGAN [458] integrates unsupervised adversarial learning with
supervised autoregressive modeling to maintain temporal coherence
in generated sequences. The architecture processes static features
(time-invariant characteristics) and temporal features through an
embedding network producing latent codes. Supervised loss en-
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forces consistency between real and synthetic latent representations,
while adversarial training ensures distributional fidelity. Evaluations
across financial markets, energy consumption, and medical event data
demonstrated improvements over earlier temporal GANs variants
such as RCGAN [110] and C-RNN-GAN [292].

Long sequences present computational challenges due to dimen-
sionality growth. SigCWGAN [252] mitigates this through the Sig-
nature Wasserstein-1 metric, capturing temporal dependencies with
reduced computational cost compared to standard Wasserstein dis-
tances. Its conditional autoregressive feed-forward generator maps
historical observations and noise to future sequences, achieving
strong results on financial indices.

Domain-specific objectives can be incorporated through decision-
aware frameworks. DAT-CGAN [387] employs multi-Wasserstein
losses over decision-relevant quantities for financial portfolio opti-
mization, jointly training discriminators on both raw returns and port-
folio statistics. Additional approaches include QuantGANs [425] for
financial approximation and hybrid architectures combining LSTM,
CNN, and MLP components [169, 237].

Despite advances in capturing distributional properties and long-
range dependencies, GAN-based forecasting faces notable limita-
tions. Training stability remains challenging compared to discrimina-
tive approaches, particularly for extended sequences [50]. Moreover,
adoption in forecasting applications lags behind computer vision
domains [422]. Current research increasingly explores GANs for
data augmentation and scenario generation rather than direct point
forecasting, where they complement discriminative models.

3.3 time series anomaly detection with deep
learning

Time series anomaly detection methods are generally categorized into
three main groups: statistical approaches, classical machine learning
techniques, and deep learning methods [13]. Statistical approaches
establish probabilistic models, such as AR and Moving Average mod-
els [37], offering simplicity and theoretical grounding but relying
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on restrictive assumptions about data distributions and linear corre-
lations that may not hold in complex scenarios. Classical machine
learning methods, including Local Outlier Factor (LOF) [48], DB-
SCAN [111], and One-Class support vector machine (SVM) [355],
learn patterns from subsets of time series data to make predictions
on unseen portions. However, both traditional statistical and classical
machine learning approaches struggle to capture the complex struc-
tural relationships and temporal dependencies inherent in large-scale,
high-dimensional time series data [471]. Deep learning has emerged
as a powerful alternative, demonstrating superior performance across
diverse scenarios [15, 466]. Deep anomaly detection methods exhibit
robust linear and nonlinear modeling capabilities, effectively han-
dling data scalability challenges while extracting temporal features
from complex datasets [267, 342, 480].

Deep learning methods for time series anomaly detection exploit
different principles to distinguish normal from anomalous patterns.
Many approaches repurpose architectures originally developed for
time series forecasting (see Section 3.2) by analyzing discrepancies
between predicted and actual values. These forecasting-based meth-
ods provide intuitive interpretability and excel in real-time scenarios
where normal patterns are abundant [172], though they struggle with
rapid changes and extended anomalous sequences [445].

Reconstruction-based methods learn compressed representations
through encoder-decoder architectures, producing high errors for
unseen anomalies. They generalize well across anomaly types and
provide interpretable error signals for fault localization [446], but risk
overfitting when trained on contaminated data, potentially learning
to reconstruct the very anomalies they should detect [14].

A pervasive challenge across all paradigms is class imbalance,
where anomalies constitute only a small minority of observations.
Generative methods address this by synthesizing samples to augment
limited training data [125, 256]. Beyond augmentation, generative ap-
proaches are increasingly integrated directly into detection pipelines.
VAEs provide likelihood-based scoring with statistical grounding,
while GANs capture high-order distributional structures [141, 201],
though both require careful hyperparameter tuning and can face
training instabilities [353].
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Density-based approaches employ normalizing flows (NFs) to
model complex distributions through invertible transformations,
enabling rigorous probabilistic anomaly assessment [88]. However,
they face the curse of dimensionality and demand substantial clean
training data to avoid distorted probability estimates [305]. Con-
trastive learning methods discover discriminative features through
self-supervised comparison of augmented data views, proving par-
ticularly effective when labeled anomalies are scarce [148]. Their
performance, however, depends critically on augmentation strategy
design [452].

Forecasting-based Approaches

Deep learning architectures originally developed for time series fore-
casting can be effectively adapted for anomaly detection. These meth-
ods operate on the principle that prediction errors remain small for
normal patterns but increase significantly for anomalous sequences.
The anomaly detection process involves computing an anomaly score
based on the discrepancy between predicted and actual values, which
is then compared against a predetermined threshold. Threshold selec-
tion presents a critical challenge, as different thresholding strategies
significantly impact detection performance [172, 233, 382].

Forecasting architectures leverage their inherent temporal model-
ing capabilities for anomaly detection. Recurrent architectures, such
as LSTMs and GRUs, capture long-term dependencies through in-
ternal states, enabling detection of anomalies that deviate from ex-
tended temporal patterns [255]. Ergen et al. [108] combined LSTM
with one-class SVM for variable-length multivariate sequences, while
AQADF [261] employs hybrid attention mechanisms to capture both
global trends and local fluctuations. Despite their effectiveness, RNNs
face computational limitations due to sequential processing and po-
tential gradient instability with very long sequences [343].

CNN-based methods, particularly TCNs with dilated convolutions,
offer computational efficiency through parallel processing while main-
taining large receptive fields [312]. DeepAnT [297] demonstrates this
approach by combining a TCN-based predictor with an anomaly
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detector for large-scale unlabeled data, while CAD [366] enhances
multivariate detection through multi-task learning. Empirical studies
show that well-tuned CNNs can match or outperform more com-
plex architectures on several benchmarks [304], though they require
predetermined window sizes and assume temporal stationarity [118,
379].

GNN-based methods extend forecasting to multivariate scenarios
by explicitly modeling spatial inter-variable dependencies along-
side temporal dynamics. GDN [95] pioneered attention-based graph
structures for anomaly detection, while subsequent methods incor-
porated causal modeling: CGAD [121] employs transfer entropy
for causal graph construction, and GCAD [269] leverages Granger
causality to identify deviations in causal relationships. Hybrid ar-
chitectures such as HGTMA [130] integrate graph convolutional net-
works (GCNs) with Transformers for comprehensive spatiotemporal
modeling, while Graph-MoE [170] uses mixture-of-experts frame-
works for adaptive pattern capture. Although these methods provide
enhanced interpretability through attention mechanisms and causal
analysis, they introduce significant computational complexity [364]
and require meaningful inter-variable relationships to perform effec-
tively [407].

Reconstruction-based Approaches

Reconstruction-based methods learn the distribution of normal time
series data by encoding inputs into a compressed latent representa-
tion and subsequently reconstructing them. These models are typi-
cally trained exclusively on normal data, resulting in low reconstruc-
tion errors for normal patterns but high errors for anomalous inputs.
The reconstruction error, commonly measured using MSE, serves as
the anomaly score. These approaches rely primarily on AEs, GNNs,
and Transformer architectures.

AEs comprise an encoder that compresses time series segments
into lower-dimensional latent representations and a decoder that
reconstructs the original input. Various architectures including CNNs,
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RNNs, and fully connected networks (i.e., MLP) have been employed
to implement AEs for anomaly detection.

Early approaches established foundational techniques using stan-
dard architectures. MSCRED [472] constructs multi-scale feature
matrices through convolutional encoders with ConvLSTM and atten-
tion mechanisms to model inter-sensor correlations. Kieu et al. [198]
propose ensembles of sparsely-connected recurrent AEs for temporal
feature extraction. Subsequent methods enhanced robustness through
adversarial training strategies, including USAD [14] and APAE [142].
Architectural refinements have focused on improved temporal mod-
eling: RAMED [360] and TSAE [302] adapt recurrent structures by
varying decoding lengths and separating short- and long-term com-
ponents. CAE-Ensemble [55] and PAMFE [473] leverage probabilistic
AE architectures to capture both global trends and local details. SVD-
AE [456] integrates singular value decomposition with asymmetric
AE architectures for modeling complex multivariate patterns.

Advances include dual-branch designs and optimization-based
approaches. Song et al. [378] and AEVAE [154] employ genetic
algorithm-based optimization and dual-branch architectures to re-
fine reconstruction quality. These AE-based methods offer simplicity
and interpretability through direct reconstruction error measure-
ments [25]. However, they face challenges, such as overfitting when
training data are insufficiently curated, potentially learning to recon-
struct anomalies [105], and a failure to capture long-range dependen-
cies critical for global context modeling [239].

Recent developments integrate GNNs and Transformer architec-
tures to capture inter-variable relationships and long-range temporal
dependencies. STGAT-MAD [469] combines GNN and LSTM compo-
nents for joint spatial-temporal modeling. MIXAD [200] introduces
memory networks that preserve normal spatiotemporal patterns
through memory attention mechanisms, enhancing both detection
performance and interpretability.

Transformer-based approaches have demonstrated significant ad-
vances in modeling global context. Anomaly Transformer [446]
employs self-attention mechanisms with specialized Anomaly-
Attention modules to distinguish normal and anomalous patterns.
PAFormer [21] utilizes parallel attention through Global Enhanced
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Representation and Local Perception modules to learn global-local
distribution variance. MAN-QSM [483] leverages pairwise associa-
tions and sequence-level information via anomaly masking mecha-
nisms. Uni-AD [157] and TranAD [408] combine self-attentive auto-
regression with adversarial and meta-learning strategies for improved
robustness across variable-length inputs.

Hybrid architectures offer enhanced accuracy and robustness by
effectively capturing both local details and long-range dependen-
cies [130]. GCFormer [438] discovers causal spatiotemporal relation-
ships through attention mechanisms, enabling rapid identification
of critical series during anomalous events. MEMTO [377], EdgeCon-
vFormer [263], and ADFormer [468] incorporate memory-guided
updates, dynamic graph convolution, and fusion learning to handle
overgeneralization and subtle pattern variations. GDFormer [265]
proposes global dictionary representations to address limited recep-
tive field limitations in standard Transformers.

While traditional approaches provide simplicity and direct
anomaly scoring, they may lack global context modeling capabil-
ities [25]. These architectures excel at modeling global context and
complex inter-variable dependencies, with Transformers providing
enhanced long-range modeling and graph modules offering im-
proved interpretability through explicit spatial dependency represen-
tation. However, the performance comes at increased computational
cost, requiring careful hyperparameter tuning and substantial com-
putational resources during training and inference.

Generative-based Approaches

Generative models learn the underlying distribution of normal time
series data to identify anomalies through probabilistic modeling. Un-
like deterministic reconstruction-based methods that focus on the
magnitude of reconstruction residuals, generative approaches explic-
itly model the data generation process, computing anomaly scores
based on likelihood estimates or reconstruction probabilities [201].
The two primary architectures are VAEs and GANs.
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VAE-based methods employ probabilistic encoder-decoder architec-
tures trained with the ELBO, balancing reconstruction accuracy with
latent space regularization through KL-divergence. Representative
approaches include OmniAnomaly [386], which combines stochastic
recurrent networks with GRU cells and planar normalizing flows, and
GRELEN [479], which integrates GNNs for inter-sensor relationships.
GGM-VAE [147] employs Gaussian Mixture priors to better charac-
terize multimodal distributions. Domain-specific methods demon-
strate effectiveness in applications ranging from IoT security [173] to
biomedical signal analysis [459]. VAEs provide robust probabilistic
scores, prevent overfitting through latent regularization [98], and sup-
port adaptive thresholding [317]. However, balancing reconstruction
and KL-divergence terms requires careful tuning, and overly smooth
reconstructions may reduce sensitivity to minor anomalies [47].

GAN-based methods employ adversarial training where generators
produce synthetic normal samples while discriminators distinguish
real from generated data. Predominantly inspired by AnoGAN [353],
time series methods mainly use LSTM-based architectures. GAN-
AD [231] models multivariate sensor data while employing princi-
pal component analysis (PCA) for dimensionality reduction, MAD-
GAN [232] combines discrimination and reconstruction losses across
multiple window sizes, and TadGAN [134] introduces cycle con-
sistency loss for improved reconstruction. Alternative architectures
include BeatGAN [485], which employs one-dimensional CNNs for
enhanced robustness in ECG analysis, DCT-GAN [243], which com-
bines dilated CNNs with Transformers for multi-scale temporal cap-
ture, and transformation-based approaches like PowerPlantGAN [77],
which converts time series to distance images. Additional methods in-
corporate ensemble techniques. LSTM-GAN-XGBoost [448] combines
adversarial training with gradient boosting for real-time detection,
while MARU-GAN [287] employs seq2seq architectures to capture
extended historical context for collective anomalies. GANs yield
sharper reconstructions than VAEs [141] and detect subtle anomalies
through discriminative learning [134]. However, they face training
instability with potential mode collapse [347], sensitivity to sliding
window parameters [26], and increased computational costs.
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Hybrid architectures leverage complementary strengths from multi-
ple paradigms. LSTM-VAE-GAN [309] integrates VAE encoders with
adversarial training to generate low-dimensional embeddings for im-
proved reconstruction. TAnoGAN [29] combines LSTM-based genera-
tion with discriminative latent features, detecting anomalies through
reconstruction loss and distribution conformity. DAEMON [66] en-
hances robustness by constraining autoencoder outputs with ad-
versarial components, while DiffGAN [430] incorporates learnable
denoising processes beyond fixed diffusion schedules [163]. Methods
integrating GNN components [76, 239] further capture inter-variable
relationships alongside temporal dynamics. The choice between these
approaches requires balancing training stability, computational cost,
and temporal characteristics of the target application.

Density-based Approaches

Density-based anomaly detection methods model the probability dis-
tribution of time series data and identify anomalies as observations
occurring in low-density regions. The fundamental principle is to
estimate the likelihood of observations and flag those with abnor-
mally low probability as anomalous, leveraging the distinct statistical
characteristics that separate anomalies from normal patterns.

NFs have emerged as a significant framework for density estima-
tion in this context. NF constructs an invertible transformation that
maps complex data distributions to simpler base distributions, typi-
cally multivariate Gaussians. This enables direct probability assess-
ment of observations. During training, the model learns to maximize
the likelihood of normal data; during inference, observations with
likelihood below a threshold are classified as anomalies.

Probabilistic modeling has been integrated with deep architec-
tures to enhance detection capabilities. NSIBF [123] combines LSTM
networks with Bayesian filtering to track latent state uncertainties
over time. For multivariate time series, several methods leverage
graph structures to capture inter-variable dependencies. GANF [88]
employs Bayesian networks to model static dependency structures,
whereas MTGFlow [487] introduces dynamic graph structure learn-
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ing to adapt to evolving relationships and entity-specific characteris-
tics. GNF [277] integrates Transformers with GNNs within the NF
framework to capture both temporal dynamics and feature correla-
tions. AFNF [144] applies decomposition strategies and attention
mechanisms to model conditional densities over time series compo-
nents explicitly. Additionally, SCNF [451] combines graph neural
networks with GRUs to jointly optimize imputation and detection,
improving robustness.

Density-based approaches offer rigorous probabilistic anomaly
scoring with strong theoretical foundations [48], naturally handling
complex multimodal distributions and subtle anomalies that simpler
methods may overlook. The integration of advanced architectures
such as Transformers and GNNs effectively addresses spatiotempo-
ral complexities in multivariate settings [76]. However, these meth-
ods face significant computational demands, particularly with NF
models requiring complex architectures and iterative transforma-
tions [203]. They also require substantial amounts of clean training
data, as contamination can distort learned distributions and degrade
performance [305]. Furthermore, despite their statistical rigor, density-
based methods may provide less intuitive explanations compared to
reconstruction-based approaches, potentially limiting interpretability
for domain experts [249].

Contrastive Learning-based Approaches

Contrastive learning approaches [148] apply self-supervised learning
principles to anomaly detection by learning discriminative representa-
tions through comparison of data transformations. The fundamental
strategy involves generating multiple views of the same time series
through data augmentation: positive pairs consist of the original
series and its lightly modified versions, while negative pairs include
heavily distorted or shuffled segments. The learning objective en-
courages the model to produce similar embeddings for positive pairs
while maximizing distance between negative pairs. This process cre-
ates a representation space where normal patterns cluster together,
while anomalies are positioned farther apart. The contrastive loss it-
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self can serve as an anomaly score, with normal observations yielding
low loss values and anomalies producing higher scores.

Several architectures have been developed within this framework.
DCDetector [452] employs a dual-attention mechanism in a Trans-
former architecture to enhance separation between normal and
anomalous patterns without requiring reconstruction objectives. Con-
trastAD [229] leverages anomaly-induced temporal transformations
to enforce distinct latent representations for different pattern types.
TriAD [388] extends this approach by incorporating self-supervised
learning across time, frequency, and residual domains to capture
normal data characteristics more comprehensively. TiCTok [188] in-
troduces a specialized token encoder that transforms raw time series
into latent embeddings, using contrastive loss directly for anomaly
scoring. PCRTA [392] improves detection by training models to iden-
tify various temporal disturbances, operating on the principle that
samples difficult to classify are more likely anomalous.

The primary advantage of contrastive learning methods lies in
learning from unlabeled data, extracting robust features that capture
subtle distinctions between normal and anomalous patterns [64, 156].
The contrastive loss provides a natural anomaly score, simplifying
the detection pipeline. However, performance depends heavily on
augmentation design and negative sample selection [196, 435]. Poorly
designed augmentations can fail to capture relevant pattern varia-
tions, while inadequate negative sampling may not provide sufficient
discriminative signal. Additionally, processing numerous positive
and negative pairs demands substantial computation and memory,
particularly for long sequences or high-dimensional data. Despite
these challenges, contrastive approaches demonstrate strong poten-
tial for anomaly detection when labeled data are limited [167], though
designing augmentation strategies and negative sampling remain
active research areas [90].

3.4 artificial intelligence for it operations

IT system monitoring inspects measurable events and outputs to
determine proper operation. Traditional monitoring relied on expert-
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defined thresholds, where exceeding these values indicated unex-
pected behavior. However, the scale and complexity of modern IT
operations have rendered threshold-based methods impractical, ne-
cessitating automated monitoring.

Real-world systems generate large volumes of log data continu-
ously, encompassing functional logs (application functionality) and
non-functional logs (system operations, performance, security). These
data are inherently dynamic, generated during process execution and
dependent on runtime values, with new logs frequently added dur-
ing development cycles. Log data are typically unlabeled, presenting
challenges for traditional monitoring approaches.

Artificial intelligence for IT operations (AIOps) lacks a univer-
sally accepted definition, remaining a largely unstructured, cross-
disciplinary area. Despite definitional variations, AIOps commonly
aims to provide complete visibility into IT operational states, thereby
enhancing customer services [311]. The field emerged from the in-
tersection of machine learning, big data, streaming analytics, and IT
operations management [224], driven by the need to prevent and re-
solve issues proactively while reducing manual effort in tasks such as
monitoring, anomaly detection, RCA, and recovery. These approaches
infer a system’s internal state from external outputs, a concept known
as observability [89, 306]. Dedicated roles such as site reliability engi-
neers [36] and DevOps practitioners [221] have emerged to cope with
increasing complexity, though automated approaches still face limi-
tations in adaptability and scalability when handling large volumes
of real-time data. Current AIOps solutions depend on training data
quality and require trust in tools whose outputs may lack explainabil-
ity, while introducing infrastructure complexity and incurring high
implementation and maintenance costs [311].

Research in this field typically focuses on failure management [205,
295], which minimizes failure occurrence and impact, and resource
provisioning [89, 306], which optimizes allocation. This work focuses
on failure management through proactive (failure avoidance [236,
437]) and reactive (failure tolerance [311]) approaches. Failure tol-
erance encompasses detection [14, 386, 445], RCA [246, 258], and
remediation [257, 420]. Anomaly detection is the predominant ap-
proach for failure identification [310], assuming failures manifest as
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irregular patterns across observable indicators such as key perfor-
mance indicators (KPIs), metrics, logs, and traces. However, when an
anomaly detection system triggers an alert, the operator requires an
explanation.

A comprehensive explanation should address anomaly localization,
diagnosis, and remediation. Techniques addressing at least one aspect
are defined as explainable anomaly detection (XAD) techniques [249],
overlapping with XAI [99]. While explanations are straightforward
with traditional statistical methods, they become considerably more
complex with nonlinear models, where even developers may struggle
to trace decision paths. Systems that provide understanding to de-
signers are considered interpretable, while those that make outputs
comprehensible to users are explainable [291].

Explainable AI systems are operational necessities in critical con-
texts such as financial infrastructures. This requirement stems from
multiple imperatives: building user trust, enabling effective debug-
ging, identifying potential biases, and meeting regulatory compliance.
From a system management perspective, clear explanations enable
operators to assess alert criticality, reduce false positive fatigue, and
take appropriate corrective actions [249]. The use of predictive an-
alytics [288] and integration of XAI techniques [92, 344] represent
recent trends, moving toward Automated RCA solutions [314, 410,
476], which enable rapid identification of problem causes, thereby
accelerating recovery and reducing downtime. The following subsec-
tions overview AIOps techniques and XAD methods applicable to
time series.

Proactive and Reactive Failure Management

AIOps systems rely on time-series analysis to maintain service avail-
ability through proactive failure prediction and reactive anomaly de-
tection. Proactive methods estimate failure probability from current
states, enabling preemptive interventions such as workload migra-
tion or resource provisioning. Early research focused on hardware
reliability using SMART attributes, with Bayesian approaches [150]
and SVMs on sliding sensor windows [301] improving detection
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rates. Temporal modeling advanced through Hidden Markov and
Semi-Markov models on error logs [346, 481], while RNNs demon-
strated superior capability in predicting hardware health and re-
maining useful life [439, 482]. System-level prediction has employed
nearest-neighbor methods on application logs [250] and autoregres-
sive integrated moving average (ARIMA) models with fault trees for
availability forecasting [59].

When preemptive action is infeasible, reactive detection becomes
essential. Early techniques included k-Nearest Neighbors, k-Means
clustering, and one-class SVMs. However, the curse of dimension-
ality causes these methods to perform suboptimally as dimensions
increase. Classical statistical methods such as ARIMA and exponen-
tially weighted moving average (EWMA) [339] detect deviations by
modeling linear temporal relationships, though they struggle with
seasonality and sudden shifts. Extreme value theory, exemplified by
SPOT [369], addresses tail distribution anomalies without manual
threshold tuning. Supervised frameworks like Opprentice [260] and
EGADS [216] apply Random Forests to extracted features, but label
scarcity has driven adoption of unsupervised deep learning. Genera-
tive models, particularly VAEs, detect anomalies via reconstruction
probability: Donut [445] handles missing data in seasonal KPIs, while
Bagel [245] incorporates conditional temporal information.

Analyzing metrics independently yields excessive false alarms,
necessitating MTS approaches capturing temporal and cross-metric
dependencies. PCA-based methods separate normal subspaces from
anomalies [214]. Modern architectures include MSCRED [472], us-
ing Convolutional LSTMs on system status matrices, and Omni-
Anomaly [386], employing stochastic recurrent networks. USAD [14]
introduces adversarial training for high-dimensional stability, while
GNNs such as GDN [95] model topological dependencies to learn
causal structures.

Recent advances leverage LLMs for fault diagnosis and RCA, with
systems automatically matching incidents to handlers and generating
explanatory narratives [68]. Domain-adapted models employ mixture-
of-adapter strategies [146], while holistic frameworks decompose
complex tasks using network-specialized LLMs [149]. Evaluation
frameworks enable assessment through controlled fault injection [67,
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361]. Microservice architectures benefit from approaches leveraging
multimodal data sources (logs, metrics, and traces) for effective fault
localization [477]. Multivariate log-based frameworks aggregate fea-
tures from distributed nodes for cluster-wide detection [475], while
integrated approaches provide precise diagnostic capabilities [419].
AI-driven predictive failure analysis has evolved from statistical meth-
ods to sophisticated architectures, including LSTMs, Transformers,
and GNNs, enabling proactive maintenance and automated recov-
ery [194, 321].

Explainable Anomaly Detection

Understanding both model functioning and output meaning has
become critical as complexity grows and deployment extends to high-
stakes contexts [215, 315]. Explanations must be tailored to different
audiences: narratives for IT operators may not suffice for AI design-
ers [291]. Four primary explanation strategies exist [457]: feature
importance highlights attributes driving decisions [191, 274, 308]; fea-
ture values provide rule-based logic such as threshold violations [28,
207, 298, 376]; data point comparison contrasts anomalies with nor-
mal instances [209, 247, 374]; and structure analysis examines internal
distributions [225, 279, 365]. We categorize techniques by when ex-
plainability is introduced: in-model, pre-model, or post-model [249].

A system is interpretable when its internal mechanisms can be
inspected directly. Inherently interpretable in-model approaches are
transparent by construction, contingent upon simulability, decom-
posability, and algorithmic transparency [259]. Common techniques
include decision trees, linear regression, rule-based systems, and
Gaussian processes. Composition-based Decision Trees [208] extract
detection rules for univariate time series without manual hyperpa-
rameter tuning, though requiring labeled data. Regularized Logistic
Regression with Elastic Net [215] handles streaming multivariate
time series for short-term predictions but struggles with long-term
dependencies. Hybrid models like STRIC [467] balance complexity
and transparency by combining interpretable linear filters with deep
temporal networks.
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When systems function as black boxes, explanations can still be gen-
erated through separate explanation systems [32]. Pre-model (ante-
hoc) techniques optimize feature selection or representation before
detection, operating on the premise that investigation effort scales
with feature count [368]. Symbolic representations using Piecewise
Aggregate Approximation [330] enhance interpretability through
dimensionality reduction and enable human-in-the-loop analysis,
though limited to symbolic-based detectors. Deviation convolution-
based models [352] learn characteristic shapes of normal patterns, fa-
cilitating visualization but potentially missing less frequent patterns.
Dimensionality reduction techniques like PCA and independent com-
ponent analysis (ICA) improve computational efficiency but sacrifice
interpretability by transforming features into components no longer
clearly discernible, highlighting the trade-off between complexity
reduction and transparency.

Post-model (post-hoc) techniques generate explanations after train-
ing and inference, operating model-agnostically by correlating inputs
and outputs [274]. InterFusion [248] employs Markov chain Monte
Carlo (MCMC) sampling to identify anomalous metrics in streaming
multivariate time series, yet lacks adaptability to evolving distribu-
tions. DAEMON [66] leverages reconstruction errors in Adversarial
AEs to pinpoint contributing features. Attention mechanisms in
LSTMs [51] provide feature importance and relationship mapping.
Modified Kernel Shapley additive explanations (SHAP) [137] adapts
Shapley values for GRU-based AEs to identify contributing time
windows, assuming feature independence. Feature value-based meth-
ods convert decisions into human-readable logic: TSXplain [298]
connects statistical features with deep network outputs to generate
natural language, while EXAD [376] approximates deep models via
decision trees to extract Disjunctive Normal Form rules. Visualiza-
tion strategies are effective for sequential data. ARIMA models with
Virtual Reality tools [8] visualize residuals against predictions. The
Automata Violation Analyzer [18] compares observed sequences with
those expected from reference automaton models. Spatiotemporal
visualization frameworks [286] correlate traffic anomalies with time
and location using Z-scores of kernel density values.
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For opaque models, integrating domain-specific constraints into
the detection pipeline improves interpretability, termed Informed
Machine Learning [414]. Business rules combined with surrogate
models explain fuel consumption anomalies [27], Dynamic Bayesian
Networks encode physical constraints for autonomous driving [373],
and hierarchical clustering incorporates expert knowledge for net-
work traffic analysis [296]. These strategies enable validation against
established principles, enhancing confidence in detected anomalies.



Part II

N O V E L A P P R O A C H E S

Time is not a line—it’s a spiral.
Generate sets, not sequences.





4
H E L I C A L T I M E E N C O D I N G F O R S E A S O N A L T I M E
S E R I E S

Handcrafted feature engineering for time series is labor-intensive,
requires domain expertise, and yields rigid representations that of-
ten fail to capture complex temporal dynamics [65]. While time-
encoding methods such as Time2Vec [192] provide expressive tem-
poral embeddings that improve model performance, they typically
lack interpretability or invertibility. This chapter proposes HTE, a
model-agnostic geometric encoding that maps onto a helix in a higher-
dimensional space (RQ1). The encoding maps temporal relationships
by positioning observations in a space where seasonality is embedded
in the geometry, ensuring orthogonality between cyclic dynamics and
linear progression. This structure ensures topological alignment: sea-
sonally equivalent observations remain geometrically proximal, and
invertibility guarantees the deterministic recovery of the temporal
phase.

4.1 helical time encoding representation

Helical Time Encoding (HTE) [324] represents a seasonal time series
as a trajectory on a helix to explicitly encode recurring patterns and
temporal progression in geometric space.

Given a time series {yt}T
t=0 with yt → Rd, each timestamp-

observation pair (t, yt) is mapped to a point in (d + 3)-dimensional
space as follows:

ht = [yt, x(t), y(t), z(t)]. (4.1)

The components x(t), y(t), z(t) of the vector ht represent the para-
metric coordinates of a helix defined as:

x(t) = cos
(

2πt
λ

+ ϕ

)
, (4.2)
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y(t) = sin
(

2πt
λ

+ ϕ

)
, (4.3)

z(t) = p(t) + ϑ. (4.4)

The constant λ determines which seasonal pattern is mapped to
one complete helix rotation, defining the base resolution of the tem-
poral encoding. The coordinates x(t) and y(t) establish temporal
proximity relationships, ensuring that times t and t + kλ (for integer
k) have identical (x, y) coordinates and differ only in the z-component.
The progression function p(t) tracks evolution across different he-
lix rotations, capturing both long-term trends and cycle variations.
The parameters ϕ and ϑ represent the phase and vertical offsets,
respectively.

Figure 4.1 illustrates HTE for a univariate seasonal time series. In
the Cartesian representation (Figure 4.1a), observations P1 and P2
have no explicit temporal relationship despite being located at the
same relative point within a seasonal pattern. The helical represen-
tation (Figure 4.1b) vertically aligns these observations at the same
helical phase.

4.2 properties of helical time encoding

HTE exhibits five properties that characterize its geometric structure
and define how temporal information is distributed across spatial
dimensions:

P1. Seasonal Periodicity. The (x, y) coordinates provide a periodic
mapping where observations separated by integer multiples
of λ share identical circular coordinates. This creates a topo-
logical alignment where seasonally equivalent observations are
mapped to the same position on the transverse plane, indepen-
dent of their absolute temporal distance.

P2. Temporal Progression. The z-component, controlled by the pro-
gression function p(t), captures the irreversible flow of time
and inter-seasonal dynamics. This dimension enables distinct
seasonal cycles sharing the same periodic phase to be differen-
tiated, preserving global temporal order.
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(a) Observations P1 and P2 occupy the same relative position within their respective
seasonal patterns but lack an explicit relationship in this representation, with
timestamps t on the x-axis and observed values on the y-axis. Dotted vertical
lines partition the series into seasonal periods.

(b) In the helical representation, observations P1 and P2 are
explicitly aligned at the same helical phase. Observation
values are shown via heatmap coloring.

Figure 4.1: Representation of a univariate seasonal time series with HTE.
Marker shapes indicate different patterns in the seasonal time
series.
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P3. Multi-scale Proximity. Euclidean distances in the helical space
represent a composite similarity metric. Observations that are
close in both seasonal phase and absolute time maintain small
geometric distances, while seasonally similar but temporally
distant observations remain proximal in the (x, y) subspace but
are separated along the z-axis.

P4. Component Separability. The encoding decomposes temporal in-
formation into orthogonal periodic (x, y) and progressive (z)
components. This separation allows cyclic features (seasonal-
ity) and linear features (trend or evolution) to be processed as
distinct information channels.

P5. Phase Recovery. The projection of the helix onto the two-
dimensional (x, y) plane enables deterministic retrieval of the
seasonal phase. While the absolute timestamp requires the
z-component, the relative position of an observation within
its seasonal cycle can be reconstructed using only the (x, y)
coordinates and inverse trigonometric functions.

4.3 integration with deep learning architectures

Integrating HTE into deep learning frameworks enhances the learn-
ing of temporal dynamics. Depending on the architecture, the encod-
ing serves either as auxiliary context for sequential models or as a
geometric structure for generative approaches.

4.3.1 Augmenting Sequential Models

In standard regression-based forecasting models, such as RNNs,
CNNs, or MLPs, HTE is concatenated to observed variables to enrich
the input feature space. Here, the encoding acts as a strong inductive
bias. By explicitly providing the cyclic coordinates (x, y), the network
avoids learning periodic functions from raw indices, enabling it to
focus on modeling residuals and local anomalies. Furthermore, the
z-component provides a normalized reference for trend progression,
resolving the issue of unbounded temporal values that often destabi-
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lize gradient descent in long-term series. In this context, ht anchors
the hidden states of the model to a temporal context, facilitating the
capture of long-range dependencies.

4.3.2 Enabling Generative Paradigms

Integrating HTE into generative models alters the modeling
paradigm. While sequential models rely on the conditional prob-
ability P(yt|yt↓k, . . . , yt↓1), the properties of HTE allow modeling
the joint distribution of observations and time P(y, h).

By mapping the temporal domain onto a helical curve in higher-
dimensional space, the forecasting problem is reformulated from
sequence extrapolation to conditional generation on geometric co-
ordinates. HTE transforms the time series into a set of independent
data points distributed in (d + 3)-dimensional space. Consequently,
if a generative model learns the mapping between the helical co-
ordinates and the observation distribution, it can synthesize data
points based solely on their location on the helix. This property is
fundamental to the framework presented in Chapter 5, as it enables
the generation of observations without historical input windows at
inference time.
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G E N E R AT I O N W I T H T H E T I M E S TA M P T R I C K

Generative models for time series often rely on sequential process-
ing, requiring sliding windows of historical data for synthesis. This
chapter presents Generation with the Timestamp Trick (GenTT), a
framework that reformulates time series synthesis as a conditional
generation task by leveraging explicit time encodings (RQ2). While
the framework operates with any encoding that explicitly represents
seasonal patterns and is invertible, we present it using HTE. The
framework trains models to learn the joint distribution of observa-
tions and temporal representations, constraining the generator to
output temporal indices alongside target variables. This enables the
reconstruction of sequential order from independently generated
samples, shifting from sequential extrapolation to direct temporal
conditioning and thereby allowing history-free inference, where fu-
ture observations are generated solely from their temporal position
without requiring historical context.

5.1 time series preprocessing

Consider a seasonal time series with d variables observed at regular
time intervals, assuming at least one known seasonal pattern of length
λ (e.g., daily, weekly, or annual). We denote this time series as:

{yt}T
t=0 =










y1,0

y2,0
...

yd,0




,





y1,1

y2,1
...

yd,1




, . . . ,





y1,T

y2,T
...

yd,T










, (5.1)

where T is the total length of the time series, yi,t is the observation
of the i-th variable at time t, and yt is a d ↔ 1 vector of observations
at time t. If d = 1, the time series is univariate; otherwise, it is
multivariate.
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To generate temporally situated data, the components x(t) and y(t)
of the vector ht (see Eq. 4.1) must be learned and generated alongside
the target observations. Leveraging the component separability prop-
erty P4, we treat these coordinates as target features. The training
set is thus represented by the concatenation of these two geometric
features with the observed variables:










yt

x(t)
y(t)










T

t=0

=
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



y1,T
...

yd,T

x(T)
y(T)










. (5.2)

5.2 conditional generation

In the GenTT framework, the helical vector ht from Eq. 4.1 acts as
the structural backbone. While x(t) and y(t) are generated, the re-
maining component z(t) serves as a condition. Conditioning can be
extended with a component c(t) : Z ⇓ C, which enables modeling
higher-order seasonal patterns by partitioning data based on distinct
temporal characteristics (e.g., day-of-week or holidays). This allows
the model to capture structural variations within the primary sea-
sonal pattern. The discrete conditions C = {c1, c2, . . . , c|C|} can be
specified based on domain knowledge.

During training and inference, components c(t) and z(t) serve as
conditioning inputs. The condition c(t) enhances the seasonal period-
icity property P1 by enabling explicit modeling of different pattern
categories, while z(t) exploits the temporal progression property P2
to capture the evolution of the time series.

The helical representation provides a geometric structure that
makes temporal proximity explicit (property P3), allowing the gen-
erative model to learn the patterns of the underlying probability
distribution. Recurrent patterns emerge naturally from the interac-
tion between the helical coordinate system and the learning process.
The model observes repeated associations between helix coordinates
and value distributions during training, learning to generate samples
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that respect both the expected patterns for given coordinates and the
temporal structure.

In the training phase, observations are treated as independent sam-
ples from a distribution rather than sequential data. Generated data
points constitute vectors in Rd+2 distributed across the seasonal pe-
riod λ. The coordinates x̂ and ŷ, generated alongside target features,
serve as temporal anchors for reordering independently generated
observations. Once trained, the generative model can synthesize new
observations by conditioning solely on timestamp-derived param-
eters for future time points, eliminating the need to access recent
observed values.

5.3 the timestamp trick

Since generated samples are produced independently, they lack inher-
ent temporal ordering. The timestamp trick constrains the generative
model to output the x and y coordinates alongside target observa-
tions, exploiting the phase recovery property P5 of HTE. This allows
the reconstruction of temporal indices from the generated coordinates
(x̂, ŷ), enabling the sequential arrangement of the samples.

When projecting the helix onto the xy-plane, we observe discrete
points distributed along a circle’s circumference, as shown in Fig-
ure 5.1. Due to the surjective mapping between the helix and the
circumference, the coordinates identifying a point P correspond to
the observation’s position within the seasonal pattern.

Given generated coordinates P = (x̂, ŷ), we first recover the an-
gular position using the arctan 2 function, which provides the angle
between the positive x-axis and point P:

α = arctan 2(ŷ, x̂) mod 2π. (5.3)

The modular operation ensures the angle falls within the valid range
[0, 2π).

The corresponding index ε within the seasonal pattern is obtained
by mapping the continuous angular position to discrete time indices:

ε = round
(

α · λ

2π

)
mod λ. (5.4)
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Figure 5.1: Projection of the helix onto the xy-plane. The angle between the
positive x-axis and point P enables the computation of the index
for sample reordering.

The modular operation constrains the time index to [0, λ). For exam-
ple, if one helix rotation represents a daily pattern in seconds, the
index ε corresponds to the number of seconds from midnight.

After obtaining ε for each observation, we sort the gener-
ated samples by their temporal indices to establish the ordering:
{(ŷ(1), ε(1)), . . . , (ŷ(m), ε(m))} where ε(1) ⇔ ε(2) ⇔ . . . ⇔ ε(m).

The final time series is obtained by partitioning the temporal do-
main [0, λ) into b uniform bins and aggregating samples within each
bin using functions such as the mean or median.

5.4 sampling strategy and temporal coverage

Since samples are generated randomly, the reconstructed time series
may contain temporal gaps. To ensure complete temporal coverage,
all temporal bins must receive at least one generated sample.
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The number of bins b depends on the sampling frequency ν:

b =
λ

ν
(5.5)

Assuming the generator produces temporally uniform samples,
justified by the uniform distribution of training data, each sample has
an equal probability of falling into any bin. The probability P(m, b)
that at least one sample falls into each bin is:

P(m, b) =
b!
bm


m
b


(5.6)

where {m
b} denotes the Stirling number of the second kind.

For practical implementation, we set m = b · s, where s is a smooth-
ing factor controlling the trade-off between computational overhead
and prediction smoothness. For example, with b = 72 and s = 15,
we achieve P(m, b) ⇒ 0.99998, making empty bins negligible. When
multiple samples fall into the same bin, aggregation via the mean
reduces random fluctuations, resulting in smoother predictions.

5.5 framework applications

The GenTT framework can be applied to various seasonal time series
tasks. This section describes its extension to forecasting and anomaly
detection, demonstrating the end-to-end workflow. For implementa-
tion details, refer to Appendix a.

5.5.1 Forecasting

GenTT differs from traditional deep learning forecasting paradigms
in that historical observations are used only during training. At
inference time, the latent vector is conditioned only on timestamp-
derived features c(t) and z(t), as illustrated in Figure 5.2.

This approach modifies standard machine learning pipelines (Fig-
ure 5.3). Data preparation aggregates raw time series into temporal
buckets to ensure uniform sampling. During preprocessing, HTE
and day-of-week labeling extract timestamp-derived features. Unlike
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Figure 5.2: Overview of conditional forecasting with GenTT. During train-
ing, the model learns the distribution of observations for given
timestamps. At inference time, forecasts are generated using
conditional labels derived from timestamps.
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(a) Preprocessing pipeline: time series timestamps are encoded as two additional
artificial features.

(b) Postprocessing pipeline: temporal indices ε are decoded from predictions, obser-
vations are reordered, and aggregated to obtain the final forecast.

Figure 5.3: Data processing pipeline modifications required by the GenTT
framework.

sliding window methods that segment time series into overlapping
subsequences, observations are processed individually in batches
without temporal windowing.

The model is trained on individual observations conditioned on
their timestamp-derived features, learning the seasonal distribution
without sequential context. During inference, the model synthesizes
predictions as individual observations. Postprocessing reconstructs
the temporal sequence by applying the inverse helical mapping to
reorder generated samples, then aggregates individual predictions to
produce the final forecast.
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Figure 5.4: Prediction-based anomaly detection with the GenTT framework.
Once forecasts are obtained, anomaly detection is performed
using residuals between predictions and observed values as
anomaly scores.

5.5.2 Anomaly Detection

For anomaly detection, GenTT generates a seasonal baseline rep-
resenting expected behavior, forming a prediction-based anomaly
detection approach (Figure 5.4). The workflow follows the same data
preparation and training procedures as forecasting.

By conditioning the generator on future timestamps, the model
produces the probability distribution of expected values at those
points based on learned seasonal structure rather than potentially
anomalous input values. As the model learns dominant patterns of
the data distribution during training, it naturally filters out transient
outliers during generation.

After synthesis and temporal reordering, anomaly scoring com-
putes a distance metric between the actual observation yt and the
generated baseline ŷt. Large distances indicate divergence between
observed and expected behavior. This approach eliminates the need
for lookback buffers, enabling real-time monitoring with reduced
latency.



Part III

E X P E R I M E N TA L VA L I D AT I O N

Structure reveals both path and error.
High impact, low footprint.
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T I M E S E R I E S F O R E C A S T I N G

Forecasting time series over extended horizons is constrained by
sliding window architectures and the accumulation of autoregres-
sive errors. This chapter instantiates the GenTT framework using
HTE and cGANs to reformulate seasonal time series forecasting as
conditional generation on a helical representation. The geometric
encoding makes seasonal patterns explicit, allowing models to learn
position-value relationships rather than sequential dependencies. The
framework converts independent samples into coherent forecasts and
supports the direct prediction of entire seasonal periods without re-
quiring recent observations at inference time. This chapter addresses
RQ3 by evaluating HTE in two forecasting paradigms: as an auxiliary
feature augmenting traditional sequential architectures (RQ3a), and
as the core temporal representation within the GenTT framework
(RQ3b).

6.1 introduction

Time series forecasting supports decision-making across multiple
domains, including weather systems, energy grids, public health
monitoring, and urban mobility. For instance, in Intelligent Trans-
portation Systems for smart cities, demand forecasting informs ve-
hicle allocation and routing decisions that reduce congestion and
lower carbon emissions [182, 251, 381], contributing to environmental
sustainability [230]. Long-term forecasting, extending from days to
years depending on system dynamics [78, 334], enables proactive
resource allocation and early warning systems [432]. Classical sta-
tistical methods like ARIMA [45] and machine learning approaches
like XGBoost [63] remain effective when distributional assumptions
hold and on simpler univariate problems [206, 283]. However, they
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struggle with nonlinear relationships, missing data, and extended
horizons as system complexity scales.

Deep learning approaches have emerged to address these limita-
tions through flexible function approximation [160, 354] and native
support for multivariate inputs [204, 213, 238, 255, 313, 349, 486].
Transformer architectures have particularly advanced the field by
capturing long-range dependencies [52, 97]. However, standard ma-
chine learning forecasting relies predominantly on sliding windows,
where historical observations are required to predict future values as
the window shifts through the series. This approach requires exten-
sive hyperparameter tuning of the window size and faces efficiency
constraints when modeling long-term dependencies, as the context
window creates a trade-off between information retention and com-
putational cost. Furthermore, recursive prediction strategies in these
architectures often lead to error accumulation over long horizons.

To address these structural limitations, we propose the HTE-cGANs
model, an instantiation of the GenTT framework using cGANs with
HTE, which reformulates seasonal forecasting as conditional gener-
ation. Rather than learning patterns implicitly from sequences, our
approach explicitly represents periodicity and temporal progression
through geometric coordinates in a helical space. This representation
enables the generation of future observations derived solely from
timestamp features, eliminating the strict dependency on recent his-
torical values during inference. By treating training data as individual
observations conditional on their geometric position rather than as
sequential windows, the encoding removes the need for window
size optimization while enabling inference that generates complete
seasonal periods in a single step.

We validate our approach on taxi demand prediction [101, 193, 240,
264, 293, 403, 454, 455, 465] and influenza forecasting, demonstrating
competitive performance against established baselines, particularly
in scenarios where recent observations are unavailable. Section 6.2
describes the experimental setup, Section 6.3 presents the results, and
Section 6.4 discusses findings, implications, and limitations. Finally,
Section 6.5 examines threats to validity.
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6.2 experimental setup

We formalize the long-term forecasting problem as predicting the
next m seasonal periods {ŷt}T+mλ

t=T+1 given a historical time series
{yt}T

t=1, where λ denotes the seasonal period length. At inference
time, predictions must be generated without recursive access to pre-
vious predictions or future observations (yT+1, yT+2, . . .), whereas
during training, the model has access to the complete historical
dataset.

This formulation differs from practical implementations with slid-
ing windows, which typically require recent observed values during
prediction to prevent error accumulation through autoregressive
chains. Our approach eliminates the runtime requirement for new
observations: no sliding windows, autoregressive context, or rolling
origin updates are needed when generating forecasts. The model
learns the joint distribution of observations and their temporal posi-
tions during training, then generates future values conditioned only
on timestamp-derived features.

We evaluate the proposed forecasting approach on two real-world
seasonal time series: Influenza-like Illness incidence and NYC Taxi
Demand.

6.2.1 Datasets

Our experiments consider two distinct seasonal forecasting problems
representing different temporal scales and application domains. Ad-
ditionally, we created a synthetic dataset to conduct ablation studies
aimed at evaluating the model’s ability to capture multiple seasonali-
ties and trend.

influenza-like illness (ili). The ILI dataset contains surveil-
lance data from the United States Centers for Disease Control and
Prevention [409], recording the incidence of symptoms consistent
with influenza. These data enable the monitoring of seasonal flu activ-
ity, supporting timely public health responses and resource planning.
We selected the period from 2002 to 2021, which includes weekly



82 time series forecasting

observations exhibiting annual seasonality and an upward trend.
Following previous works [432], we used a 7:1:2 chronological split.
However, to compare generative and autoregressive models under
equal information access conditions and eliminate advantages stem-
ming from more recent ground truth data, only the most recent 95
observations from the past two years are considered in the test set
for evaluation metric calculation.

nyc taxi demand (nyc tlc). Taxi demand forecasting repre-
sents a smart city application where accurate demand prediction
enables optimal vehicle allocation [327, 396, 405, 429, 447]. Yellow
taxi trip records from Manhattan (January–March 2016, 91 days total)
were used [79]. Following prior works [449], data are aggregated into
20-minute intervals. The time series exhibits both daily and weekly
seasonality. The dataset is split chronologically: 73 days for training,
18 days for testing. To evaluate model robustness, two additional
NYC TLC training set variants were created: TRN-1, containing the
first 43 days before the test set, and TRN-2, derived from TRN-1 with
2% randomly distributed outliers introduced.

synthetic time series (synthts). This dataset consists of a
synthetic univariate time series covering two years with a regular
20-minute sampling frequency. The dataset exhibits clear intra-daily
seasonality, simulating patterns that repeat on a daily basis. Weekly
seasonality is also introduced, with higher values during weekends
compared to weekdays. The dataset incorporates a linear increasing
trend over time, representing a general value increase throughout
the observation period. To enhance realism, random noise modeled
as a normal random variable was added to simulate unpredictable
fluctuations. Figure 6.1 shows the complete time series.

6.2.2 Baseline Methods

To evaluate HTE as an additional feature for baseline methods, we
implemented standard versions of MLPs, CNNs, and LSTMs net-
works using TensorFlow. Implementations assess the impact of the
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Figure 6.1: Synthetic time series (SynthTS) used in the ablation study.

proposed representation as an additional feature alongside training
data. We used default parameters for comparison. The MLP uses a
dense layer with 512 units and ReLU activation; the CNN employs a
one-dimensional convolutional layer with 256 filters; and the LSTM
consists of a single layer with 32 units. All models were trained with
the Adam optimizer, mean squared error loss, and early stopping.

We then validate GenTT implementations using GANs with HTE,
comparing them against state-of-the-art methods on NYC TLC and
ILI datasets in two prediction modes.

For experiments on the NYC TLC dataset, benchmarking was per-
formed against nine state-of-the-art methods, including traditional
statistical approaches and machine learning techniques: (1) Historical
Average, (2) ARIMA [45], (3) Linear Regression, (4) Ridge Regres-
sion [166], (5) Random Forest [253], (6) eXtreme Gradient Boost-
ing (XGBoost) [63], (7) MLP, (8) Origin-Destination-based Temporal
Graph Attention Network (OD-TGAT) [449], and (9) ST-ResNet [474].
These models generated forecasts using the most recent observed
values at prediction time, leveraging up-to-date data to inform their
predictions.

For experiments on the ILI dataset, a different evaluation strategy
was adopted: no baseline model had access to actual observed data
beyond the initial window. All forecasts were produced in an iterative
(autoregressive) manner, using only previously predicted values as in-
put for subsequent predictions. This setting simulates long-term fore-
casting scenarios where ground truth data are unavailable after the
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Figure 6.2: HTE-cGANs architecture showing generator G synthesizing data
points from latent vector z, conditioned on c(t) and z(t), and
discriminator D evaluating real and generated samples.

initial window. Comparisons were made against Autoformer [432],
Informer [486], Reformer [204], and standard Transformer, using the
implementations provided by the Autoformer authors [390].

6.2.3 Evaluation Metrics

Standard forecasting metrics MAE and RMSE were used to enable
direct comparison with existing literature [432, 449]. For the definition
of these metrics, refer to Section 2.5.1.

6.2.4 Implementation details

We instantiate the GenTT framework by combining conditional
GANs [141] with HTE, yielding the HTE-cGANs model. The ar-
chitecture (Figure 6.2) comprises a generator G and discriminator D.
The generator synthesizes the joint distribution of observations and
their temporal coordinates by taking a latent noise vector z ↗ N (0, I)
and temporal conditions c(t) and z(t) as input, then outputting both
target variables and periodic coordinates required for the timestamp
trick. The discriminator evaluates sample authenticity, distinguishing
real observations from generated ones.
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Component Parameter Value

Conditioning Labelling function c(t) Day-of-week
Progression function p(t) –

Generator

Units / Layers [64, 64]
Activation function ReLU
Latent space dimensions 5
Optimizer Adam
Learning rate 0.0003
β1, β2, ε 0.5, 0.999, 1e-07

Discriminator

Units / Layers [128, 64, 32]
Activation function ReLU
Dropout [-, 0.3, 0.3]
Optimizer Adam
Learning rate 0.0005
β1, β2, ε 0.9, 0.999, 1e-07

Table 6.1: HTE-cGANs hyperparameters and training configuration for the
NYC TLC dataset.

The generator concatenates the latent vector with c(t) and z(t)
before feeding them through MLP layers. Specific architectural hy-
perparameters, including the number of dense layers, are dataset-
dependent as detailed in Tables 6.1 and 6.2.

We exploit the modularity of HTE by using only the components
necessary to capture each dataset’s temporal structure. For NYC
TLC data, which exhibits daily and weekly patterns, we model the
daily cycle on the helix while allowing the network to capture intra-
day variations. Since this series lacks clear trends, we omit the z-
component of the helix, simplifying the architecture. For ILI data,
annual seasonality maps to one complete helical rotation. We capture
temporal progression through:

p(t) =
t ↓ t0

Υ
(6.1)
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Component Parameter Value

Conditioning Labelling function c(t) –
Progression function p(t) Yearly progression

Generator

Units / Layers [128, 256, 512]
Activation function ReLU
Latent space dimensions 4
Optimizer Adam
Learning rate 8.542e-03
β1, β2, ε 0.847, 0.999, 1e-07

Discriminator

Units / Layers [128, 64, 32]
Activation function ReLU
Dropout [-, 0.3, 0.3]
Optimizer Adam
Learning rate 1.369e-05
β1, β2, ε 0.915, 0.999, 1e-07

Table 6.2: HTE-cGANs hyperparameters and training configuration for the
ILI dataset.

where t0 denotes the reference timestamp (first day of the training
year) and Υ provides yearly normalization. This dataset requires no
additional conditioning on c(t).

6.3 results

This section evaluates HTE’s contribution to forecasting accuracy
across two paradigms. We first assess how this time representation
enhances traditional sequential architectures when used as an auxil-
iary input feature (RQ3a). We then examine the HTE-cGANs model
within the GenTT framework, comparing its performance against
established baselines (RQ3b). Following the accuracy evaluation, we
systematically investigate the contribution of individual encoding
components through ablation studies, examine robustness under de-
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graded training conditions, analyze hyperparameter sensitivity, and
computational performance.

6.3.1 Helical Encoding as Sequential Model Augmentation

We first investigate if HTE improves forecasting performance when
incorporated as an additional feature in MLP, CNN, and LSTM deep
learning architectures. Table 6.3 presents results for models trained
on univariate time series with and without HTE on the reduced TRN-
1 dataset, across multiple window configurations. Error reduction is
consistent across all architectures when HTE is included. For CNN
models, MAE improvements range from 29.7% to 53.8%, while LSTM
architectures achieve reductions between 33.7% and 38.3%. MLP mod-
els exhibit more variable behavior, with improvements ranging from
22.8% to 60.9% depending on configuration. Results also indicate that
window hyperparameter selection substantially affects performance.
Multi-step forecasting horizons (72 steps) frequently yield lower error
rates than single-step predictions across configurations, suggesting
that longer horizons reduce error accumulation.

6.3.2 Conditional Generation with HTE-cGANs

This section evaluates HTE integration within the GenTT framework
through the HTE-cGANs model. We compare generative forecasting
performance against established baselines, followed by systematic
analysis of model components, robustness, hyperparameter sensitiv-
ity, and computational requirements.

6.3.2.1 Forecast Accuracy Comparison

Table 6.4 shows results on the ILI dataset where baseline methods
perform long-term predictions autoregressively without access to
subsequent ground truth observations. HTE-cGANs achieves a 42.2%
MAE reduction (from 1.1378 to 0.6582) and 35.3% RMSE reduction
(from 1.3063 to 0.8453) compared to the best-performing baseline,
Autoformer.
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w/o HTE with HTE

Model Lags Horiz. CNN ker. MAE RMSE MAE RMSE

CNN

504 1 3 0.8748 1.1263 0.5903 0.8151

504 72 72 0.7210 0.9795 0.3639 0.4844

72 1 3 1.2089 1.4693 0.8499 1.0884

72 72 72 1.1229 1.4096 0.5183 0.6837

LSTM

504 1 NA 0.8092 1.0681 0.4989 0.7093

504 72 NA 0.6237 0.7993 0.3757 0.4921

72 1 NA 1.1461 1.4181 0.7051 0.9331

72 72 NA 0.5861 0.7751 0.3885 0.5309

MLP

504 1 NA 0.8939 1.0717 0.6903 0.9334

504 72 NA 0.7973 0.9832 0.3325 0.4552
72 1 NA 1.7917 2.0255 1.2763 1.5297

72 72 NA 0.9467 1.1119 0.3704 0.4945

Table 6.3: Impact of HTE on traditional forecasting architectures with vary-
ing window widths (lags) and forecasting horizons on the NYC
TLC TRN-1 dataset. The best values are in bold.

Table 6.5 presents taxi demand forecasting results. HTE-cGANs
achieves a 70.7% RMSE reduction compared to OD-TGAT (from
0.7926 to 0.2322), though MAE remains comparable (0.1696 vs 0.1602).
The substantial reduction in RMSE relative to the modest change in
MAE indicates that large individual errors have decreased, as RMSE
is more sensitive to large deviations than MAE. Unlike baseline
models, HTE-cGANs generates predictions directly from timestamp
features without requiring recent observations at inference time.

6.3.2.2 Ablation Study

To isolate the contribution of individual HTE components, we con-
ducted systematic ablation experiments on a synthetic dataset exhibit-
ing three temporal characteristics: monotonic trend, weekly season-
ality, and alternating daily patterns for weekdays versus weekends.
The full HTE-cGANs configuration incorporates helical coordinates
x(t), y(t) for temporal ordering via the timestamp trick, conditioning



6.3 results 89

Model I O MAE RMSE

Transformer

36 24 1.6732 1.9172
36 36 1.7506 1.9852
36 48 1.6715 1.8930
36 60 1.7547 1.9650

Informer

36 24 2.1226 2.3729
36 36 2.0426 2.2770
36 48 1.9872 2.2172
36 60 2.0410 2.2720

Reformer

36 24 1.7388 1.9540
36 36 1.6511 1.8625
36 48 1.8247 2.0202
36 60 1.8352 2.0173

Autoformer

36 24 1.1378 1.3063
36 36 1.2966 1.5117
36 48 1.3256 1.5198
36 60 1.3218 1.5149

HTE-cGANs - 52 0.6582 0.8453

Table 6.4: HTE-cGANs forecasting accuracy comparison with sliding-
window transformer models on the ILI dataset with various pre-
diction lengths O → {24, 36, 48, 60} and a fixed input length I of
36 observations. Baseline models operate in autoregressive mode
without access to ground truth during inference. The best values
are in bold.
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Model MAE RMSE

Historical Average 0.2267 1.2214
ARIMA 0.2033 0.9927
Linear Regression 0.1763 0.9027
MLP 0.1801 0.9072
Ridge Regression 0.1793 0.8862
Random Forest 0.1922 0.9191
XGBoost 0.1848 0.8915
ST-ResNet 0.1628 0.8374
OD-TGAT 0.1602 0.7926
HTE-cGANs 0.1696 0.2322

Table 6.5: Forecasting accuracy comparison on the NYC TLC dataset. Base-
line models use sliding windows of recent observations for pre-
diction. The best values are in bold.

variable z(t) capturing cycle progression and trend, and conditioning
variable c(t) distinguishing day types.

Table 6.6 shows that each component removal resulted in mea-
surable performance degradation. Removing c(t) increased MAE by
33% and RMSE by 37%, indicating loss of day-type discrimination
while preserving trend and weekly patterns. Omitting z(t) produced
a 102% MAE increase and 95% RMSE increase, demonstrating failure
to capture the monotonic trend despite retaining seasonal structure.
Eliminating helical coordinates x(t), y(t) resulted in the most severe
degradation (282% MAE increase, 246% RMSE increase), producing
temporally disordered outputs. Figure 6.3 illustrates these functional
deficiencies qualitatively, showing how the complete model recon-
structs all temporal structures while ablated variants exhibit specific
pattern failures.
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Model variant MAE RMSE

HTE-cGANs 6.3999 7.9184
w/o c(t) 8.5107 10.8748
w/o z(t) 12.9533 15.4718
w/o x(t), y(t) 24.4730 27.3608

Table 6.6: HTE-cGANs ablation study results. Forecasting accuracy across
model variants demonstrates progressive degradation when HTE
components are systematically removed. Lower values indicate
better performance.

Figure 6.3: Qualitative comparison of the forecasts of the HTE-cGANs
model variants on the final week of the test set of the SynthTS
dataset.

6.3.2.3 Robustness Analysis

We evaluate model stability under two degraded training scenarios:
reduced data availability and noisy observations. Table 6.7 presents
performance on the TRN-1 configuration (60% of original training
data) and TRN-2 configuration (TRN-1 with 2% randomly distributed
outliers).

The reduced training set resulted in moderate degradation (7.5%
MAE increase, 9.0% RMSE increase), reflecting diminished pattern
exposure. The additional noise injection caused limited further degra-
dation (2.7% MAE increase, 2.1% RMSE increase relative to TRN-1),
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Training Configuration MAE RMSE

Full Training Set 0.1696 0.2322
Reduced Set (TRN-1) 0.1824 0.2531
Noisy Set (TRN-2) 0.1873 0.2585

Table 6.7: Robustness evaluation of HTE-cGANs under reduced training
data and noisy conditions on the NYC TLC dataset. Lower values
indicate better performance.

suggesting that the adversarial training procedure learns distribu-
tional patterns that exhibit some tolerance to individual outliers.

6.3.2.4 Hyperparameter Sensitivity

Figure 6.4 shows hyperparameter optimization results across 200
trials for both datasets. The optimization reveals dataset-dependent
optimal configurations, with learning rate and the Adam optimizer’s
β1 parameter emerging as particularly influential for training stability.
Architecture parameters (hidden units, latent dimensions) scale with
problem complexity and input dimensionality.

The smoothing factor analysis (Figures 6.5 and 6.6) examines the re-
lationship between sample averaging and prediction stability. Higher
smoothing factors aggregate more generated samples per temporal
bin, producing more stable predictions as illustrated in Figure 6.7.
The optimal factor depends on seasonal period length and required
temporal granularity.

6.3.2.5 Computational Performance

Table 6.8 presents training and inference metrics measured on a
MacBook Air M1 with 8GB RAM. The MLP-based architecture en-
ables training and deployment on consumer hardware without GPU
acceleration.

Figure 6.8 shows the relationship between smoothing factor and
inference time. The NYC TLC dataset requires slightly higher compu-
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(a) Hyperparameter search for NYC TLC dataset.

(b) Hyperparameter search for ILI dataset.

Figure 6.4: Hyperparameter optimization results for the HTE-cGANs model
after 200 trials across both datasets.

tational overhead due to its temporal frequency (20-minute intervals
over 18 days) compared to ILI’s weekly resolution.

6.4 discussion

The experimental results provide insights into forecasting with HTE
and its implementation through conditional generative models. This
section discusses the main findings, contextualizing performance
characteristics and discussing practical implications.

6.4.1 Performance Characteristics and Error Analysis

The HTE-cGANs model achieves a 70.7% reduction in RMSE com-
pared to OD-TGAT on taxi demand forecasting while maintaining
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(a) MAE.

(b) RMSE.

Figure 6.5: Effect of smoothing factor on HTE-cGANs forecasting accuracy
for the NYC TLC dataset.
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(a) MAE.

(b) RMSE.

Figure 6.6: Effect of smoothing factor on HTE-cGANs forecasting accuracy
for the ILI dataset.
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(a) s = 15 (1,080 samples).

(b) s = 100 (7,200 samples).

Figure 6.7: Qualitative comparison of smoothing factor on HTE-cGANs
prediction consistency across ten independent generations of
the same time series. Higher sampling density produces more
consistent predictions across runs.
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(a) NYC TLC dataset.

(b) ILI dataset.

Figure 6.8: Impact of smoothing factor on HTE-cGANs inference time.
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Metric NYC TLC ILI

Avg. Seconds/Epoch 0.672 0.483
Num epochs 255 23
Avg. Memory Usage (%) 35.1 38.5
Avg. CPU Usage (%) 60.4 63.2

Table 6.8: Computational performance metrics recorded during training of
HTE-cGANs on MacBook Air M1, 8GB RAM.

comparable MAE. This asymmetric improvement, characterized by
a substantial RMSE reduction accompanied by a modest change in
MAE, indicates a decrease in error variance rather than a uniform
reduction in error magnitude. Two factors contribute to this stabil-
ity: first, generative models learn distributional patterns that exhibit
inherent tolerance to individual outliers; second, HTE anchors pre-
dictions to historical seasonal patterns, enabling the model to recover
accurately once values return to learned ranges after transient devia-
tions.

The analysis of forecast residuals (Figure 6.9) reveals that prediction
errors are concentrated on Good Friday (25 March 2016), which
exhibits atypical demand patterns. Since the training set contains no
other instances of this specific holiday, the model treats it as a regular
Friday without additional conditioning. Excluding Good Friday from
the evaluation yields further improvement, with MAE decreasing
from 0.1696 to 0.1599 and RMSE from 0.2322 to 0.2106. Performance is
therefore limited primarily by the presence of unrepresented pattern
types rather than systematic forecasting deficiencies.

For ILI forecasting under simulated scenarios where future ground
truth is unavailable, the model achieves a 42.2% reduction in MAE
and a 35.3% reduction in RMSE compared to Autoformer. This advan-
tage stems from the elimination of autoregressive error propagation:
whereas sequential models compound prediction errors across time
steps, the generative approach produces each forecast independently
based on timestamp features. This characteristic renders the ap-
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(a) Predicted versus actual taxi demand.

(b) Prediction residuals (actual minus forecasted values).

Figure 6.9: Forecasts of HTE-cGANs on the NYC TLC dataset. Good Friday
represents an atypical pattern not captured in c(t), resulting in
lower-than-predicted demand.
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proach suitable for scenarios requiring extended forecasting horizons
or where waiting for incremental observations is impractical.

6.4.2 Sequential Processing versus Conditional Generation

Sequential forecasting architectures construct input-output pairs
through windowing, a process that requires sufficient historical con-
text for each prediction. The proposed approach eliminates this de-
pendency by encoding individual observations with explicit geo-
metric coordinates, where temporal relationships manifest as spatial
relationships within the helical structure. This transformation enables
the model to learn from the complete training dataset as independent
observations rather than artificially constrained window segments.

This paradigm addresses a limitation of previous GAN-based
forecasting attempts, where sliding window preprocessing imposed
sequence length constraints that hindered the learning of long-term
dependencies. By replacing windowing with geometric encoding,
generative models achieve competitive forecasting performance. This
suggests that prior limitations stemmed from preprocessing choices
rather than an inherent unsuitability of the generative framework for
temporal prediction.

The input augmentation experiments with HTE (Table 6.3) demon-
strate that HTE also benefits sequential architectures when incorpo-
rated as an additional feature, producing consistent improvements
across MLP, CNN, and LSTM models. This indicates that explicit
temporal representation enhances pattern recognition in standard
deep learning architectures without requiring structural modifica-
tions, reinforcing the finding that the quality of temporal encoding
substantially affects forecasting performance across paradigms.

6.4.3 Feature Engineering and Domain Transferability

Models such as OD-TGAT incorporate domain-specific features, in-
cluding spatial dependencies, Fourier components, weighted moving
averages, and neighboring destination data. In contrast, HTE-cGANs
achieves competitive performance using only aggregated demand
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values and HTE, demonstrating that explicit geometric temporal
representation can substitute for elaborate feature engineering in
seasonal contexts.

The ablation study (Table 6.6) validates this design choice, demon-
strating that each component of the encoding (helical coordinates
for order, z(t) for trend, and c(t) for specific conditions) is essential.
Removing any single component results in functional failure, confirm-
ing that the model relies on the complete geometric representation to
resolve trend and seasonality rather than implicitly recovering them
from partial data. This simplicity potentially enhances transferability
across domains, as the approach requires only the identification of
the dominant seasonal period rather than the construction of domain-
specific features.

The helical coordinates serve dual purposes: conditioning the gen-
erator during training to learn position-value relationships, and fa-
cilitating the temporal reconstruction of independently generated
predictions through the timestamp trick. This represents a functional
shift in how temporal information is used, from sequential context
to geometric conditioning, enabling the elimination of autoregressive
dependencies during inference.

6.4.4 Training Stability and Evaluation Methodology

Unlike computer vision, where consensus exists on evaluation metrics
for GANs, the time series domain lacks a shared standard [42]. Loss
functions are often architecture-specific and non-generalizable, while
the choice of metrics for evaluating quality and diversity of generated
temporal data remains fragmented, making objective comparison
between different generative models difficult [422]. Moreover, from
a training perspective, GANs present three main challenges: non-
convergence, vanishing gradients, and mode collapse.

To address these challenges, we first monitored the number of gen-
erated points in each temporal bucket. Given the uniform sampling
assumption of GenTT, this metric verifies that the model covers the
entire time series without collapse. Additionally, we monitored stabil-
ity using complementary metrics: the Wasserstein distance evaluates
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how well generated samples match the target distribution, while
MAE quantifies forecast accuracy during training. Together, these
signals allow prompt identification of learning failures and enable
early stopping.

6.4.5 Hyperparameter Complexity and Window Optimization

Sequential forecasting methods require the optimization of sliding
window parameters, including window width, stride, and prediction
horizon. Tables 6.3 and 6.4 show that these parameters substantially
affect prediction quality, with performance variations exceeding 50%
across configurations. Insufficient window sizes result in the loss of
temporal information, while excessive sizes increase noise sensitivity
and computational cost. Identifying optimal configurations typically
requires extensive experimentation and domain expertise. These
findings demonstrate that an identical architecture configuration
yields significantly different performance levels depending solely on
the input and output window selection.

The proposed approach mitigates these optimization challenges by
requiring only knowledge of the seasonal period, which is typically
available a priori in seasonal forecasting applications. This reduc-
tion in the hyperparameter space shifts the optimization focus to
architecture and training parameters rather than data preprocessing
decisions. The comprehensive use of historical data as independent
observations enables more robust pattern recognition without the
risk of information loss associated with suboptimal window sizing.

6.4.6 Relationship to Existing Temporal Encoding Methods

HTE provides deterministic vector representations conceptually simi-
lar to Time2Vec but introduces explicit geometric constraints based on
known seasonal patterns. While Time2Vec offers flexibility through
learnable periodic functions, the deterministic geometric structure of
HTE enables specific functional capabilities: one-shot seasonal period
generation, order-agnostic prediction with post-hoc reordering via
the timestamp trick, and the elimination of sliding window depen-
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dencies. This design trades generality for functional advantages in
seasonal contexts, positioning the approach as a specialized rather
than universally applicable solution.

6.4.7 Computational Characteristics and Deployment Considerations

The MLP-based architecture enables training and deployment on con-
sumer hardware without GPU acceleration (Table 6.8), with training
times under one minute per epoch on both datasets. The primary
computational advantage manifests during inference: independence
from recent observations eliminates the need for continuous data in-
gestion and rolling window updates. This is particularly beneficial in
high-frequency forecasting scenarios where repeated autoregressive
computations become prohibitive.

The smoothing factor analysis (Figures 6.5 and 6.6) reveals the
trade-off between prediction stability and computational cost. Higher
smoothing factors aggregate more generated samples per temporal
bin, producing more consistent predictions at increased computa-
tional expense. The optimal factor depends on the seasonal period
length and the required temporal granularity. While the simultane-
ous generation of large forecast sequences may saturate memory on
resource-constrained devices, streaming implementations that yield
predictions incrementally can effectively address this limitation.

6.4.8 Robustness Profile and Pattern Coverage

Performance degrades moderately under reduced training data (Ta-
ble 6.7), as diminished observation coverage prevents complete sea-
sonal pattern learning. This degradation is proportional to data loss
rather than abrupt, indicating that the model maintains reasonable
predictive accuracy even with moderately reduced datasets. The re-
quirement for sufficient pattern coverage is inherent to distributional
learning approaches.

Noise injection produces minimal additional degradation beyond
that caused by reduced data. This resilience stems from distribu-
tional learning: generative models capture underlying patterns rather
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than fitting individual observations, providing natural robustness to
outliers compared to sequential models that may overfit anomalous
observations within training windows.

The response to atypical seasonal patterns reveals operational
boundaries. Residual analysis shows that prediction errors concen-
trate on days exhibiting patterns absent from the training data (e.g.,
Good Friday). When such atypical instances are excluded from the
evaluation, performance improves substantially, indicating that the
model performs well when test patterns align with learned distribu-
tions. This characteristic is inherent to data-driven approaches and
highlights the importance of representative training data.

Unlike sliding window methods that require preprocessing and
iterative predictions, the model generates forecasts directly from
timestamp-derived conditions. This eliminates warm-up periods and
provides inherent robustness to missing recent observations during
inference.

6.4.9 Domain Applicability and Multi-Seasonality

The approach shows promise for domains involving human activities
with clear seasonal cycles, such as retail sales, web traffic, social media
activity, energy consumption, and communication patterns. These
domains share observable multiple seasonality [176] amenable to
geometric encoding such as HTE.

The implementation addresses multiple seasonalities by mapping
one dominant pattern to the helix while using additional condition-
ing mechanisms (c(t), z(t)) to capture secondary periodicities and
trends. For multivariate signals, the approach assumes shared pri-
mary seasonality across variables. Domains lacking clear seasonal
structure or exhibiting predominantly irregular patterns fall outside
the intended scope of this application.

6.5 threats to validity

The proposed approach targets time series with observable, consis-
tent seasonality and is designed for scenarios where seasonal pat-
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terns remain stable and long-term forecasting is prioritized. The
model currently lacks online learning capabilities, requiring retrain-
ing when patterns evolve substantially. For applications where recent
observations are readily available and short-term forecasting suffices,
traditional sequential methods may remain preferable due to their
maturity and optimization.

6.5.1 Internal Validity

Standard GANs prioritize architectural simplicity but introduce train-
ing instability requiring hyperparameter tuning. Figure 6.4 demon-
strates that learning rate and Adam’s β1 parameter affect conver-
gence, necessitating careful configuration per dataset. This sensitivity
may limit reproducibility without detailed hyperparameter reporting.
More stable generative architectures could reduce tuning require-
ments but were not explored in this work.

The smoothing factor introduces an additional hyperparameter
affecting the prediction stability-computational cost trade-off. While
analysis reveals systematic relationships between smoothing fac-
tor and performance metrics, optimal selection remains dataset-
dependent. The experiments employ grid search within computa-
tionally feasible ranges, potentially missing optimal configurations
outside explored bounds.

6.5.2 External Validity

The evaluation focuses on two application domains (urban trans-
portation and public health) with well-defined seasonal patterns.
Performance characteristics in domains with irregular seasonality or
rapidly evolving patterns remain unexplored. The approach assumes
seasonal stability over the forecasting horizon.

The comparison against baseline methods on ILI forecasting simu-
lates scenarios where future ground truth is unavailable by forcing
autoregressive prediction. However, baseline methods were origi-
nally designed for operational settings where recent observations
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are accessible. This comparison demonstrates advantages in specific
constrained scenarios.

6.5.3 Construct Validity

The approach requires a priori knowledge of the dominant seasonal
period. The experiments assume correct seasonal period identifica-
tion, though misspecification could degrade performance. In domains
where this information is unavailable or ambiguous, preliminary sea-
sonality analysis becomes necessary.

HTE explicitly represents one seasonal pattern while relying on
the neural architecture to learn additional periodicities implicitly. The
relative importance of explicitly encoded versus implicitly learned
patterns, and the conditions under which implicit learning suffices,
remain incompletely characterized.

6.5.4 Conclusion Validity

The model architecture, training procedure, and evaluation protocols
introduce multiple sources of variability. While hyperparameter opti-
mization identifies robust configurations, generative model training
stochasticity may produce variable results across runs. Additionally,
forecasting evaluation metrics such as MAE and RMSE capture point
prediction accuracy but do not assess prediction interval coverage,
probabilistic calibration, or uncertainty quantification. This choice re-
flects standard forecasting evaluation practices for direct comparison
with existing literature for the considered datasets.



7
T I M E S E R I E S A N O M A LY D E T E C T I O N

Anomaly detection in time series is challenging in edge environments
where rapid, resource-efficient inference is required. Prediction-based
methods incur high computational overhead and latency in high-
frequency scenarios due to the need to update sliding windows
as new observations arrive. Furthermore, no single anomaly de-
tection algorithm is universally effective across domains without
adaptation [85, 356]. This chapter addresses RQ4 by instantiating
the GenTT framework for anomaly detection on seasonal time series.
We introduce RTAD-cVAE, an architecture combining cVAEs with
HTE. Unlike standard approaches that continuously generate short
predictions, our method directly generates long-term expected pat-
terns, enabling the immediate evaluation of incoming data against
pre-computed reference baselines. We evaluate RTAD-cVAE against
established baselines in both semi-supervised and unsupervised set-
tings, demonstrating its energy efficiency and robustness to missing
data.

7.1 introduction

Anomaly detection is essential across finance, cybersecurity, manufac-
turing, healthcare, smart cities, smart grids, and earth sciences [60, 180,
466]. The proliferation of sensors has generated higher-dimensional
data characterized by noise, non-stationarity, and seasonality. These
factors, compounded by incomplete or missing observations, compli-
cate the distinction between true anomalies and natural variations.

Classical methods such as k-Nearest Neighbors [126], LOF [48],
DBSCAN [111], isolation forests [262], and one-class SVMs [355] de-
tect anomalies through distance or density measurements between
data points. While computationally efficient for many applications,
these approaches are not designed to capture temporal dependen-

107
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cies and complex patterns inherent in time series data. Additionally,
distance-based methods may be hindered by the curse of dimension-
ality in high-dimensional spaces, where distance metrics become less
discriminative.

Real-time anomaly detection commonly employs prediction-based
methods that require waiting for new values to generate subsequent
forecasts and demand continuous processing of historical windows.
However, these models accumulate prediction errors as forecast hori-
zons extend [284], limiting their effectiveness to short-term peri-
ods [181, 393, 470]. Reconstruction-based methods leverage access to
complete observations to detect deviations, but while this allows for
accurate pattern reconstruction, it introduces detection delays that
may be unacceptable in real-time contexts [466].

The proposed anomaly detection approach with RTAD-cVAE de-
couples inference from the conventional sliding window mechanisms
of prediction-based methods. By leveraging the geometric properties
of HTE, the model generates expected baselines independently of
recent history, facilitating zero-latency anomaly detection through di-
rect distance computations. This design ensures real-time operation,
robustness to missing data, and computational efficiency suitable
for edge deployment. Section 7.2 describes the experimental setup,
Section 7.3 presents the results, Section 7.4 discusses performance
characteristics and operational considerations, and Section 7.5 exam-
ines threats to validity.

7.2 experimental setup

We address anomaly detection in seasonal time series under the fol-
lowing operational constraints: independence from historical data at
inference time, robustness to partial or missing streaming observa-
tions, computational efficiency for commodity hardware, and offline
operation capability. This section presents datasets, baseline methods,
evaluation metrics, and implementation details.
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Dataset Origin Dimensions Size Anomalous obs.

SynMul16 Synthetic 16 346k 15%

Dodgers Loop Sensors Real-world 1 4k 6%

NYC Taxi Real-world 1 10k 10%

Real Tweets (AMZN) Real-world 1 16k 10%

Real Tweets (FB) Real-world 1 16k 10%

Real Tweets (GOOG) Real-world 1 16k 9%

MIT-BIH Arrhythmia Real-world 14 167k 1%

Table 7.1: Summary of datasets used for the empirical validation of RTAD-
cVAE.

7.2.1 Datasets

We evaluated RTAD-cVAE using five univariate seasonal time series
from publicly available datasets, one synthetic multivariate dataset
designed to test scalability and robustness, and one cardiac dataset to
assess applicability boundaries when seasonality is absent (Table 7.1).

SynMul16 is a synthetic dataset comprising 16 channels generated
using the GutenTAG tool [424]. It spans 20 days with observations at
5-second intervals, yielding 345,600 timestamps. Anomalies include
mean shifts, amplitude and variance changes, platform shifts, extrema
events, and frequency perturbations. This dataset is used primarily
to evaluate computational performance on MTS.

The Dodgers Loop Sensors dataset captures traffic patterns
recorded by loop sensors near the Los Angeles Dodgers stadium.
The data cover 25 weeks with measurements at 5-minute intervals,
exhibiting strong weekly seasonality influenced by game schedules
and attendance patterns. Anomalous behaviors arise from special
events, incidents, and unusual crowd dynamics.

The NYC Taxi dataset, from the Numenta Anomaly Benchmark
(NAB), contains 10,320 observations of taxi passenger counts at half-
hourly intervals. The series displays daily and weekly seasonal com-
ponents, with anomalies corresponding to unusual events affecting
transportation demand, such as major holidays, weather events, and
public gatherings.
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The Real Tweets dataset, also from NAB, comprises three UTS
tracking Twitter mention volumes for Google (GOOG), Facebook
(FB), and Amazon (AMZN). Each series contains ⇒ 16,000 observa-
tions at 5-minute intervals. Anomalies reflect significant corporate
events, product launches, news announcements, and viral phenomena
triggering abnormal mention rates.

The MIT-BIH Arrhythmia database serves as a stress test for non-
seasonal data, providing multivariate cardiac signals. Individual
heartbeats were extracted and concatenated across 14 patients to
form a composite MTS of 1,163 observations.

7.2.2 Baseline Methods

We compared RTAD-cVAE with statistical approaches, classical ma-
chine learning, and deep learning architectures.

For SynMul16, we performed an unsupervised evaluation compar-
ing our model with Median Absolute Deviation (MAD-AD) [177],
Prophet [397], Calibrated One-class classifier for Unsupervised Time
Series Anomaly detection (COUTA) [444], and Deep Isolation Forest
(DIF) [443].

For the Dodgers Loop Sensors benchmark, we adopted an unsu-
pervised setting and compared our model with Isolation Forest (iFor-
est) [262], one-class SVM (OCSVM) [355], Piecewise Median Anomaly
Detection (Piecewise AD) [411], LSTM-FD [124], LSTM-AD [284], and
AD-LTI [434].

For NYC Taxi, we evaluated our model in a semi-supervised
setting using both point-based and event-based metrics. We com-
pared our approach with forecasting methods—Moving Average
(MA), Seasonal Integrated Moving Average (SIMA), Seasonal ARIMA
(SARIMA), Multi-SARIMA [383], and TBATS [93]—as well as
anomaly detection approaches such as DeepAnT [297], Skyline [372],
and Numenta [4, 218].

For Real Tweets, we compared our method with TadGAN [134]
and AER [428] from the Orion benchmark.

For MIT-BIH Arrhythmia, we compared our method in a semi-
supervised setting with TimesNet [431], TranAD [408], and Anomaly
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Transformer [446], using the implementations provided by the Dee-
pOD [443, 444].

7.2.3 Evaluation Metrics

Evaluation metrics for anomaly detection vary significantly across
the literature. Some studies use point-based metrics [297], where
each detected point is evaluated independently. Others adopt point
adjustment (PA) [434], where detecting at least one anomalous point
within a window constitutes a true positive (TP). Other studies use
event-wise point adjustment (EWPA) [383, 428], which treats entire
windows as single anomalies. Several works also employ threshold-
free evaluation using AUC-ROC.

To ensure a fair comparison with the literature, we adopted the
metrics used in each respective baseline study. We use the subscript e
to denote metrics calculated via PA at the event level (i.e., Precisione,
Recalle, F1e). We also conducted additional experiments using range-
based variants of Precision and Recall (β = 1, front bias). All metric
definitions are provided in Section 2.5.2.

7.2.4 Implementation Details

We implemented two RTAD-cVAE configurations based on the archi-
tecture in Figure 7.1. For UTS, the encoder uses an MLP with hidden
layers of 128 and 64 units, projecting to a 5-dimensional latent space.
For the multivariate variant, we increased the capacity using hidden
layers of 256, 128, and 64 units, with a 16-dimensional latent space.
Both variants use the Adam optimizer with a learning rate of 10↓3.

To prevent posterior collapse, we applied KL annealing during the
initial 30 epochs, progressively increasing the KL weight from 0 to β.
We trained the models for 300 epochs, using a batch size of 32 for UTS
and 64 for the multivariate configuration. The reconstruction loss was
calculated using MSE. We monitored training stability through the
validation loss and used early stopping based on the reconstruction
error.
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Figure 7.1: The RTAD-cVAE architecture for seasonal time series generation
within the GenTT framework.

We calculated anomaly scores using the Manhattan distance and
determined thresholds using dataset-specific strategies: peaks-over-
threshold [369] for SynMul16; z-score normalization [19] for NYC
Taxi and MIT-BIH; and fixed thresholds for Real Tweets (0.7 for
AMZN, 0.3 for FB, 0.7 for GOOG).

7.3 results

In this section, we evaluate the performance of RTAD-cVAE across
multiple datasets in both semi-supervised and unsupervised scenar-
ios. We assessed detection accuracy against established baselines,
investigated component contributions through ablation studies, and
analyzed architectural sensitivity, robustness, scalability, and energy
efficiency.

7.3.1 Anomaly Detection Performance

We evaluated RTAD-cVAE across datasets with varying seasonal
characteristics, comparing it with statistical, machine learning, and
deep learning baselines.
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Method TP FP FN Precisione Recalle F1e

SARIMA 2 1464 3 0.0014 0.4000 0.0027

SIMA 3 1587 2 0.0019 0.6000 0.0038

TBATS 3 1391 2 0.0022 0.6000 0.0043

Multi-SARIMA 4 1425 1 0.0028 0.8000 0.0056

SIMA+SARIMA 3 1072 2 0.0028 0.6000 0.0056

MA 2 654 3 0.0030 0.4000 0.0061

SIMA+Multi-SARIMA 3 475 2 0.0063 0.6000 0.0124

MA+SARIMA 2 131 3 0.0150 0.4000 0.0290

MA+Multi-SARIMA 2 93 3 0.0211 0.4000 0.0400

NumentaTM 4 178 1 0.0220 0.8000 0.0428

RTAD-cVAE 5 0 0 1.0000 1.0000 1.0000

Table 7.2: Comparison of semi-supervised detection performance on the
NYC Taxi dataset using point adjustment (PA) metrics. true pos-
itive (TP), false positive (FP), and false negative (FN) represent
event counts. Best values in bold.

7.3.1.1 Semi-supervised Detection

The NYC Taxi dataset serves as a benchmark with strong daily and
weekly seasonality. We performed the evaluation at two levels: event-
level detection (identifying anomalous temporal segments) and point-
level detection (flagging individual observations).

At the event level, RTAD-cVAE correctly identified all five anomaly
events without any false positives. As shown in Table 7.2, statistical
models generated hundreds of false alarms while detecting only a
subset of true anomalies. The best baseline, Numenta, achieved a
precision of 0.0220 and a recall of 0.8000, missing one anomaly event
and flagging 178 normal segments as anomalous.

Regarding point-based metrics, RTAD-cVAE attained an F1 score
of 0.394 (precision: 0.430, recall: 0.363). Table 7.3 shows that compet-
ing methods exhibited extremely low recall. RTAD-cVAE provided a
more balanced operating point. Figure 7.2 presents a t-SNE projec-
tion of the learned three-dimensional latent space. The visualization
reveals a clustering structure corresponding to temporal patterns,
demonstrating that RTAD-cVAE learned meaningful representations
of the weekly seasonality.
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Method Precision Recall F1

Twitter ADVec 0.000 0.000 0.000
Skyline 0.000 0.000 0.000
DeepAnT 1.000 0.002 0.004
NumentaTM 0.850 0.006 0.012
Numenta 0.770 0.007 0.014
RTAD-cVAE 0.430 0.363 0.394

Table 7.3: Comparison of semi-supervised detection performance on the
NYC Taxi dataset using point-based metrics. Best values in bold.

Figure 7.2: t-SNE projection of the latent space learned by RTAD-cVAE on
the NYC Taxi dataset. Each category represents a different day
of the week.
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Method Precision Recall F1

Anomaly Transformer 0.0028 0.5493 0.0056
TranAD 0.0056 0.8028 0.0112
TimesNet 0.0090 0.8451 0.0179
RTAD-cVAE 0.0033 0.9156 0.0066

Table 7.4: Comparison of semi-supervised detection performance on the
MIT-BIH Arrhythmia dataset using point-based metrics. Best
values in bold.

The MIT-BIH Arrhythmia dataset demonstrates the boundaries of
seasonal-based anomaly detection. Due to the absence of seasonal
patterns, RTAD-cVAE achieved a precision of 0.0033, while recall
remained at 0.9156 (Table 7.4). This result confirms that our approach
requires seasonality to constrain predictions. Without such structure,
the model defaults to high sensitivity at the cost of specificity.

7.3.1.2 Unsupervised Detection

In unsupervised settings, where labeled anomalies are unavailable
during training, RTAD-cVAE demonstrated competitive performance
on benchmarks with strong seasonal characteristics.

The SynMul16 synthetic multivariate dataset allows for a controlled
evaluation with 16 channels. Table 7.5 presents range-based precision
and recall metrics. RTAD-cVAE achieved an F1 score of 0.1449, with
the highest recall compared to competing methods. Methods such
as COUTA and DIF attained a precision exceeding 0.90 but detected
fewer anomalous ranges. Prophet achieved comparable behavior to
RTAD-cVAE but with lower precision and recall.

The Dodgers Loop Sensors dataset features real-world traffic
monitoring with weekly seasonality. Table 7.6 shows that RTAD-
cVAE achieved an AUC-ROC of 0.980, outperforming all baselines.
Methods such as iForest and OCSVM performed poorly, with an
AUC-ROC near 0.5. Figure 7.3 qualitatively illustrates the detec-
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Method PrecisionT RecallT F1T

Prophet 0.3636 0.0765 0.1264
MAD-AD 0.7941 0.0717 0.1315
DIF 0.9091 0.0714 0.1325
COUTA 0.9365 0.0714 0.1328
RTAD-cVAE 0.3992 0.0984 0.1449

Table 7.5: Comparison of unsupervised detection performance on the Syn-
Mul16 dataset using range-based metrics. Best values in bold.

Figure 7.3: Forecast and detected anomalies by RTAD-cVAE on the Dodgers
Loop Sensors dataset: actual values (blue), predicted baseline
(red), detected anomalies (red markers), ground-truth anomalies
(shaded regions).

tion results of RTAD-cVAE, showing a smooth seasonal baseline that
adapts to weekly patterns while maintaining sensitivity to deviations.

For the Real Tweets dataset, Table 7.7 presents the event-level
metrics. Performance varied across signals: for AMZN, RTAD-cVAE
achieved a precision of 1.000 and an F1 score of 0.667, although AER
attained higher event recall (i.e., EDR). On the FB signal, RTAD-cVAE
outperformed both TadGAN and AER. On GOOG, all methods tied
with an F1 of 0.800.

7.3.2 Ablation Study

To validate component contributions, we systematically removed
temporal conditioning and smoothing to assess their impact on re-
construction accuracy. We performed this evaluation on NYC Taxi,
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Method AUC-ROC

iForest 0.535
OCSVM 0.591
Piecewise AD 0.751
LSTM-FD 0.829
LSTM-AD 0.859
AD-LTI 0.923
RTAD-cVAE 0.980

Table 7.6: Comparison of unsupervised detection performance on the
Dodgers Loop Sensors dataset using threshold-independent met-
rics. Best value in bold.

Signal Method FP FN TP Recalle Precisione F1e

AMZN
TadGAN 0 3 1 0.250 1.000 0.400
AER 1 1 3 0.750 0.750 0.750
RTAD-cVAE 0 2 2 0.500 1.000 0.667

FB
TadGAN 4 0 2 1.000 0.333 0.500
AER 3 0 2 1.000 0.400 0.571
RTAD-cVAE 0 0 2 1.000 1.000 1.000

GOOG
TadGAN 0 1 2 0.667 1.000 0.800
AER 0 1 2 0.667 1.000 0.800
RTAD-cVAE 0 1 2 0.667 1.000 0.800

Table 7.7: Comparison of unsupervised detection performance on the Real
Tweets dataset using point adjustment (PA) metrics. true positive
(TP), false positive (FP), and false negative (FN) represent event
counts. Best values in bold.
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Hyperparameter Value

Encoder units 256, 128
Decoder units 128, 256
Latent size 16
Learning rate 0.0002
KL annealing epochs 15
KL annealing factor 1.0
Smoothing factor s 20

Table 7.8: Baseline hyperparameters of the RTAD-cVAE model.

limiting training to 30 epochs without early stopping to isolate com-
ponent effects from optimization dynamics.

Removing temporal conditioning (categorical information about
day of week and time of day) increased the MAE by 0.96% relative to
the full model. This difference was statistically significant (p < 10↓8),
confirming a measurable contribution to reconstruction accuracy.

The smoothing factor s, which controls the generated samples per
temporal bucket, proved more crucial. Setting s = 1 (i.e., removing
smoothing) increased the MAE by 59.32% (p < 10↓47). This demon-
strates that timestamp reconstruction and aggregation are essential
for producing stable baselines suitable for anomaly detection.

Figure 7.4 illustrates the effect of the smoothing factor. With s = 10
(Figure 7.4a), individual generations exhibited substantial variability.
With s = 100 (Figure 7.4b), aggregation dramatically reduced variabil-
ity, yielding smooth, consistent baselines that accurately represented
the seasonal structure.

7.3.3 Hyperparameter Sensitivity

We conducted a sensitivity analysis to explore the impact of model
hyperparameters. The baseline configuration (Table 7.8), derived from
a tree-structured Parzen estimator, served as the reference point.
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(a) s = 10.

(b) s = 100.

Figure 7.4: Ten seasonal period generations of RTAD-cVAE with different
smoothing factors. Higher s reduces variability, stabilizing de-
tection baselines.

We identified distinct configurations for UTS and MTS. UTS bene-
fited from a smaller latent space (2–4 dimensions) and a two-layer
architecture (128, 64 units) to prevent overfitting. Conversely, mul-
tivariate scenarios necessitated increased representational power to
capture cross-channel dependencies. This was achieved using a 16-
dimensional latent space and a deeper, three-layer architecture (256,
128, 64 units).

Training dynamics also differed. Multivariate models benefited
from lower learning rates (⇒ 2↔ 10↓4) and stronger KL regularization
(annealing factors near 1.0) to prevent posterior collapse. Univariate
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Figure 7.5: Hyperparameter sensitivity of RTAD-cVAE on the NYC Taxi
dataset. Darker blue indicates lower MAE.

models preferred weaker KL regularization, focusing on accurate
reconstruction without excessive prior constraints.

Figure 7.5 presents a parallel coordinates visualization for NYC
Taxi (darker blue indicates lower MAE). The results demonstrate that
the lowest reconstruction error corresponds to smaller architectures
(128, 64 units) and intermediate learning rates. Figure 7.6 shows the
corresponding analysis for SynMul16, where higher dimensionality
shifts the optimal configurations toward deeper networks (256, 128,
64 units) and expanded latent spaces.

We also analyzed the sensitivity to training set size on the NYC Taxi
dataset (Figure 7.7). Using just 25% of the training data captured most
of the achievable performance gains compared to the 10% baseline.
Increasing the size to 50% yielded further modest improvements,
while using the full dataset provided marginal benefits beyond 50%.

Regarding the smoothing factor s, we observed mild improvements
near s ⇒ 20 and s ⇒ 140 on SynMul16, but F1 remained stable from
10 to 160 (Figure 7.8).
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Figure 7.6: Hyperparameter sensitivity of RTAD-cVAE on the SynMul16
dataset. Darker blue indicates lower MAE.

Figure 7.7: Effect of training set size on RTAD-cVAE MAE (NYC Taxi
dataset).
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Figure 7.8: Impact of smoothing factor s on RTAD-cVAE anomaly detection
metrics (SynMul16 dataset).

Threshold selection analysis compared F1 score distributions across
thresholding approaches (Figure 7.9). Decomposition-based thresh-
olding and z-score normalization both performed well with stable,
high F1 scores. Peaks-over-threshold showed higher variance, suggest-
ing sensitivity to distributional assumptions, while median absolute
deviation consistently underperformed.

7.3.4 Robustness Analysis

To assess noise robustness, we injected Gaussian noise at varying
intensities. Figure 7.10 displays the F1 distributions at 10%, 30%,
and 50% of the feature standard deviation. The model maintained
a stable median F1 across all tested levels, demonstrating that sea-
sonal baseline generation remains effective even under substantial
noise. However, variance increased at higher noise levels (particularly
at 50%), indicating that while the median performance is robust,
individual edge cases may degrade.
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Figure 7.9: F1 score distributions for different thresholding methods used
with RTAD-cVAE.

Regarding missing data, we randomly removed observations at
rates of 5%, 15%, and 25%. As shown in Figure 7.11, performance re-
mained stable up to 15% missingness. This robustness arises from the
conditional generation strategy, which produces seasonal baselines
independently of observed data availability. Performance degraded
noticeably at 25% missingness, where the reduced number of training
examples impacted both learning and threshold calibration.

7.3.5 Scalability Analysis

We analyzed how training and inference times scale with system
parameters. Training time (Figure 7.12a) grew slowly as the feature
count increased. This favorable behavior results from the MLP ar-
chitecture and the compact latent representation, which does not
expand proportionally with input dimensionality. Inference time (Fig-
ure 7.12b) remained nearly constant across tested dimensions. This
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Figure 7.10: RTAD-cVAE noise robustness: F1 distributions at 10%, 30%,
and 50% noise levels.

Figure 7.11: RTAD-cVAE missing data robustness: F1 distributions at 5%,
15%, and 25% missingness.
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is a significant advantage: once the model is trained, generating sea-
sonal baselines involves sampling from the latent prior and decoding,
a process whose complexity depends on the network architecture
rather than the input dimensionality.

Conversely, inference time increased with the seasonal period
length λ (Figure 7.13). This behavior is expected, as longer peri-
ods require generating more temporal buckets. However, absolute
times remained modest even for multi-day periods. For extremely
long periods, the smoothing factor s can be adjusted to prevent
excessive sample generation. Indeed, s acts as the primary compu-
tational control, enabling trade-offs between baseline stability and
inference speed. Figure 7.14 illustrates its impact: prediction time
(Figure 7.14a) increased proportionally with s, while post-processing
time (Figure 7.14b) grew rapidly due to sorting and aggregation costs.
However, as baseline predictions are generated offline, this cost does
not introduce latency during real-time anomaly detection. Given that
detection performance remains stable across a wide range of s, val-
ues between 20 and 50 offer the best balance between computational
efficiency and baseline quality.

7.3.6 Energy Consumption and Computational Efficiency

To assess the energy and environmental footprint, we conducted a
streaming simulation on the SynMul16 dataset using a MacBook Air
M1 (8GB RAM). We compared RTAD-cVAE with a sliding-window
autoregressive long short-term memory (AR-LSTM). Both systems
processed data at a 5-second resolution, but their operational logic
differed: RTAD-cVAE performed a single long-horizon forecast at the
start of each seasonal period, whereas AR-LSTM required full model
inference every 5 seconds.

The resulting energy differential was substantial. RTAD-cVAE
exhibits a single energy spike during the initial baseline generation,
followed by negligible consumption during anomaly scoring. In
contrast, AR-LSTM shows continuous power draw. Over a 24-hour
period, RTAD-cVAE consumed 8.257 ↔ 10↓5 kWh, while AR-LSTM
required 0.1037 kWh, representing a 1255-fold reduction (Figure 7.15).
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(a) Training time vs dimensionality.

(b) Inference time vs dimensionality.

Figure 7.12: RTAD-cVAE training and inference time scaling with data di-
mensionality (one-day period).
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Figure 7.13: Effect of seasonal period length λ on RTAD-cVAE inference
time.

This efficiency reduces the carbon footprint: daily CO2 emissions
were 2.731 ↔ 10↓5 kg for RTAD-cVAE compared to 0.0343 kg for
AR-LSTM (Figure 7.16).

Figure 7.17 illustrates the underlying resource utilization. RTAD-
cVAE exhibits a single CPU spike and a constant, low memory foot-
print, whereas AR-LSTM necessitates frequent CPU spikes and a
larger, variable memory buffer to maintain historical data. Such char-
acteristics make RTAD-cVAE well-suited for battery-powered edge
devices, resource-constrained IoT deployments, and scenarios where
minimizing the carbon footprint is a priority.

7.4 discussion

The evaluation demonstrates that RTAD-cVAE delivers effective
anomaly detection across seasonal time series while ensuring com-
putational efficiency and low energy consumption. The framework
achieves real-time processing by generating long-term baseline pre-
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(a) Prediction time vs s.

(b) Postprocessing time vs s.

Figure 7.14: Effect of smoothing factor s on RTAD-cVAE processing times
(one-day period).
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Figure 7.15: Comparison of cumulative energy usage between RTAD-cVAE
and AR-LSTM over 15 minutes on SynMul16.

Figure 7.16: Comparison of cumulative CO2 emissions between RTAD-
cVAE and AR-LSTM over 15 minutes on SynMul16.
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Figure 7.17: CPU and RAM resource usage over one minute on SynMul16.
RTAD-cVAE exhibits a single CPU spike, whereas AR-LSTM
spikes every 5 seconds.
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dictions offline, then performing only lightweight comparison opera-
tions as new data arrives.

7.4.1 Detection Performance and Operational Boundaries

In semi-supervised scenarios, RTAD-cVAE consistently outperformed
baselines on the NYC Taxi dataset, achieving the highest scores in
both event-level and point-level evaluations. Similarly, on the Dodgers
Loop Sensors dataset, it obtained the highest AUC-ROC among the
tested methods, demonstrating its effectiveness for data with strong
weekly seasonality. However, the evaluation on the non-seasonal
MIT-BIH Arrhythmia dataset validated the operational boundaries of
the approach. These results confirm that the model strictly requires
a seasonal structure to function correctly, effectively defining the
intended application scope of the framework.

In unsupervised settings, the framework maintained competitive
performance. On the Real Tweets dataset, the results aligned with
established generative methods, showing that RTAD-cVAE captures
seasonal patterns as effectively as more complex adversarial or en-
semble approaches. On SynMul16, the framework yielded the highest
F1-score, indicating a favorable balance between detection sensitivity
and false positive control in high-dimensional synthetic scenarios.

Overall, RTAD-cVAE aligns with state-of-the-art anomaly detection
performance while providing distinct operational benefits: long-term
forecasting capabilities, real-time processing efficiency, and reduced
computational overhead. This positions the framework as a viable al-
ternative for seasonal time series, particularly in resource-constrained
environments.

A limitation of RTAD-cVAE is that it does not automatically adapt
to abrupt concept drift [122]. This issue can be mitigated through
MLOps practices, such as frequent retraining and drift detection
metrics to assess data divergence [53, 406]. The lightweight architec-
ture facilitates rapid retraining cycles. Chapter 8 discusses further
optimization using MoE architectures for partial model retraining
strategies.
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7.4.2 Computational Efficiency and Environmental Impact

Quantitative measurements showed a 1255-fold reduction in energy
consumption compared to AR-LSTM sliding window approaches:
RTAD-cVAE consumed 8.257 ↔ 10↓5 kWh versus 0.1037 kWh re-
quired by AR-LSTM during a 24-hour operation period. This ef-
ficiency stems from the long-term prediction approach based on
GenTT, which generates robust long-horizon forecasts. By concen-
trating the computational effort during the initial baseline genera-
tion rather than performing short-term sliding window predictions,
RTAD-cVAE limits CPU activity to a single initial spike, followed by
minimal load during anomaly scoring.

The environmental impact assessment revealed corresponding ben-
efits: RTAD-cVAE produced 2.731 ↔ 10↓5 kg of CO2 emissions com-
pared to 0.0343 kg for the sliding window approach. When projected
across large-scale monitoring systems or extended timeframes, these
reductions translate into substantial environmental benefits, making
RTAD-cVAE particularly suitable for long-term monitoring where
energy consumption represents a significant cost.

7.4.3 Robustness and Data Quality Tolerance

RTAD-cVAE demonstrated resilience to common data quality issues,
maintaining stable performance under increasing noise and missing
data. Our results indicate that the learned latent representations suc-
cessfully capture seasonal patterns, which remain identifiable despite
local perturbations. The model maintained stable performance with
up to 15% randomly distributed missing observations, with reliability
degrading only when missingness exceeded 25%.

This tolerance arises from the generative model’s ability to learn
underlying seasonal patterns from the overall distribution of the
training data rather than relying on precise point-by-point corre-
spondences. Consequently, the latent space representations are less
susceptible to local missing values, ensuring reliable detection even
in environments where perfect data quality cannot be guaranteed.
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7.4.4 Scalability Profile

The scalability analysis revealed favorable computational characteris-
tics. Training time grew slowly relative to dimensionality, suggest-
ing that the RTAD-cVAE architecture effectively leverages shared
representations across dimensions. This avoids the computational
explosion typically associated with processing high-dimensional time
series.

Inference time remained largely constant regardless of input dimen-
sionality. This constitutes a significant advantage over methods where
prediction complexity grows with the feature count. The dimension-
independence stems from the generative approach, where complexity
depends primarily on the temporal bucket count.

However, we identified the smoothing factor as the primary compu-
tational bottleneck for nodes with limited RAM. In high-dimensional
scenarios, large smoothing factors can create memory pressure. While
this can be addressed through generation process optimizations, it
remains an important consideration for deployment in resource-
constrained environments.

7.4.5 Architectural Components and Configuration

The ablation study confirmed the contribution of the proposed com-
ponents. While explicit temporal conditioning improved reconstruc-
tion accuracy, the smoothing mechanism proved to be the most critical
element. Removing the smoothing factor (setting s = 1) resulted in a
59.32% increase in MAE, demonstrating that aggregating stochastic
samples is necessary to stabilize the generated baselines.

The hyperparameter sensitivity analysis showed that univariate
seasonal data benefit from simpler configurations with lower regular-
ization, which allow the model to capture patterns without overfitting.
Conversely, multivariate time series require higher-capacity models
with stronger regularization to capture inter-dimensional dependen-
cies. Additionally, the analysis of thresholding methods indicated
that decomposition-based and z-score methods offer greater stability
compared to peaks-over-threshold.
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7.5 threats to validity

The proposed anomaly detection approach targets time series with ob-
servable, consistent seasonality and is designed for scenarios where
seasonal patterns remain relatively stable. To prioritize real-time
processing and minimal computational overhead, the model oper-
ates without online learning capabilities, instead requiring retraining
when patterns evolve substantially.

The computational advantages during inference, particularly the
independence from recent observations, are most relevant in high-
frequency monitoring scenarios, battery-powered edge devices, or
when data acquisition delays are prohibitive. In contexts where tem-
poral or computational constraints are absent, traditional sequential
methods may remain preferable due to their maturity and adaptive
capabilities.

7.5.1 Internal Validity

We evaluated multiple thresholding strategies and reported the best
performance for each dataset. This selection process introduces an
optimistic bias, as the optimal method was identified ex post. In
operational deployments, practitioners must select a thresholding
mechanism a priori, potentially choosing one that underperforms on
their specific data distribution. Consequently, real-world detection
performance may be lower than the experimental findings if the
selected thresholding strategy is suboptimal.

The field of anomaly detection lacks consensus on evaluation pro-
tocols, label definitions, and threshold calculation methods. Existing
benchmark datasets have been criticized as trivial, mislabeled, or
unrealistic [433], with manual labeling susceptible to subjective judg-
ments due to the absence of unified formal definitions of anomalies.
While we acknowledge these concerns regarding benchmark quality,
we employed these commonly used datasets to enable direct compar-
ison with competing methods in the literature. Part iv evaluates the
approach on real-world payment system data, providing validation
beyond academic benchmarks in an industrial setting.
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7.5.2 External Validity

The evaluation focuses on datasets with identifiable seasonal pat-
terns across multiple domains, such as transportation, social media,
traffic monitoring, and synthetic benchmarks. The MIT-BIH Arrhyth-
mia results demonstrate expected performance degradation on non-
seasonal data, as the framework is intentionally designed to exploit
the structure of seasonal time series.

7.5.3 Construct Validity

The experiments assume correct seasonal period identification; mis-
specification of this parameter degrades performance. Results demon-
strate effectiveness when primary seasonality is known and strong.
For multivariate time series, the current implementation assumes
signals share at least one common seasonal pattern to enable times-
tamp reconstruction. When common seasonality is absent, individual
models must be trained for each signal.

7.5.4 Conclusion Validity

Model architecture, training procedure, and evaluation protocols
introduce multiple sources of variability. While hyperparameter op-
timization identified robust configurations, the stochastic nature of
generative model training may produce variable results across runs.
The energy consumption analysis compared RTAD-cVAE against AR-
LSTM under specific conditions: 5-second resolution, 24-hour period,
MacBook Air M1 hardware. While the 1255-fold reduction is sub-
stantial, precise efficiency gains may vary with different resolutions,
seasonal periods, or hardware platforms.





Part IV

A P P L I E D R E S E A R C H

Theory must survive the real world.
Where milliseconds determine success.





8
S T R E A M I N G A N O M A LY D E T E C T I O N I N I N S TA N T
PAY M E N T S

Prediction-based anomaly detection methods are well-suited for
real-time applications as they provide immediate detection capa-
bilities [172, 180, 434]. However, in high-frequency time series such
as instant payment volumes, forecast accuracy degrades as the pre-
diction horizon extends due to error accumulation [181, 393, 470],
while sliding window models tend to adapt to and mask emerg-
ing anomalies. Instant payment data exhibit high-frequency noise
and unpredictable spikes that challenge standard predictive models.
Addressing RQ5, this chapter extends the generative framework pro-
posed in Chapter 7 into a MoE architecture tailored for this domain.
We propose a design where multiple conditional generative models
serve as specialized experts. This approach mitigates error accumu-
lation and prevents anomaly adaptation. Furthermore, it enables
partial model retraining by updating specific experts independently,
maintaining the computational efficiency required for high-frequency
streaming anomaly detection in resource-constrained edge environ-
ments.

8.1 introduction

In real-time systems, correctness depends on both result accuracy and
delivery timeliness; delayed responses may render outputs ineffective
or hazardous [54]. The financial sector increasingly operates under
such constraints. Instant payment systems, for instance, eliminate
settlement delays and enable continuous, near-instantaneous fund
transfers [103].

CSMs constitute the key infrastructure for instant payments, en-
abling settlement between payment service providers (PSPs) of end
users. The SCT Inst represents a harmonization effort for instant

139
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payment systems across Europe [117]. The primary CSM infrastruc-
tures compliant with the SCT Inst scheme [87] are RT1 [80, 102] and
TIPS [113, 335]. These systems process millions of transactions daily,
settling each within milliseconds.

Processing such high-frequency volumes requires immediate re-
sponsiveness to maintain operational integrity. Traditional batch
processing introduces latency, delaying identification and negatively
affecting metrics such as MTTD and mean time to respond (MTTR).
This challenge is particularly acute in resource-constrained environ-
ments where accuracy competes with efficiency. While lightweight
edge processing offers advantages in latency reduction, energy ef-
ficiency, and data privacy [358], storage limitations impose strict
trade-offs. For instance, sliding windows may be too short to cap-
ture long-term patterns, whereas incremental processing often lacks
sufficient seasonal context.

Existing methods face distinct limitations in this context. Statisti-
cal methods often struggle with nonlinear high-frequency patterns,
while deep learning models frequently demand computational re-
sources exceeding operational constraints for continuous real-time
inference. Furthermore, sliding window-based approaches risk ab-
sorbing anomalies into their history, effectively masking abnormal
behavior.

We propose a MoE architecture based on GenTT with HTE for
streaming anomaly detection in high-frequency time series within
resource-constrained operational environments. The architecture ad-
dresses key deployment challenges: operation in virtualized envi-
ronments without GPU acceleration, robustness to missing or sparse
training data, functioning during data unavailability periods, and
reducing training time and energy consumption through selective
expert updates rather than complete retraining when model drift
occurs.

The remainder of this chapter is organized as follows. Section 8.2
contextualizes instant payment systems within the broader payment
infrastructure. Section 8.3 presents the proposed MoE architecture.
Section 8.4 describes the experimental setup, benchmarking VAE
and GAN instantiations against prediction-based methods using
real-world TIPS payment volumes with publicly declared anomalies.
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Section 8.5 reports the results, and Section 8.6 discusses findings and
limitations.

8.2 instant payment systems

Payment systems are fundamental infrastructures for modern
economies, enabling banks, financial institutions, public adminis-
trations, businesses, and citizens to conduct transactions involving
fund transfers, thereby settling obligations between payers and bene-
ficiaries [489].

Payment systems can be classified by their settlement method into
net and gross systems [303]. Net settlement systems base settlement
on net positions calculated as the sum of amounts received minus
amounts paid. Gross settlement systems settle the gross amount
of each individual payment order. Traditionally, gross settlement
systems handle large-value fund transfers between banks in real
time, hence the term real-time gross settlement (RTGS) systems [83,
84]. An RTGS system is typically designed as a large centralized
system prioritizing service quality in terms of latency and reliability.

However, traditional RTGS architecture is not well-suited for large
volumes of retail payments [11]. The retail payment market still relies
on batch-based clearing systems, which group multiple payments
and send a single payment request to the RTGS, allowing thousands
of retail payments to complete with one transaction executed by the
RTGS.

While netting infrastructures handle high transaction volumes,
their latency can extend to hours or days, and money exchange is
limited to commercial bank working hours. Consumers increasingly
expect convenient and faster services, such as making internet pur-
chases anytime and anywhere, including evenings, weekends, and
holidays when most traditional electronic payment systems are non-
operational. Suppliers seek assurance of immediate payment upon
selling goods and services.

An instant payment1 addresses both needs as a transaction in-
volving multiple participants that completes within seconds and can

1 Also known as real-time, immediate, rapid, or retail fast payment.
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occur from any location, 24 hours a day, 7 days a week, 365 days a
year.

As of May 2024, instant payments are available in 80 countries [413],
with global transactions reaching 195 billion in 2022 (a 63.2% increase
from 2021) and projected to hit 511.7 billion by 2027 [1]. India dom-
inates with 46% of global volume (89.5 billion transactions, 76.8%
year-over-year growth), followed by Brazil (29.2 billion, 228.9% year-
over-year growth), China (17.6 billion), Thailand (16.4 billion), and
South Korea (8 billion).

In Europe, instant payment transactions are expected to grow from
13.2 billion in 2022 to 34.2 billion by 2027, driven by strong adoption
in the Netherlands, Sweden, Finland, and Denmark [1, 115]. The EU
Instant Payments Regulation [116] mandates availability across all
27 member states at costs equal to or lower than standard transfers,
further accelerating adoption.

Although no truly global instant payment systems exist, numerous
domestic systems operate successfully within individual countries or
regions, facilitating cross-border transactions. The key infrastructure
is the CSM, which enables settlement between PSPs of end users. In
Europe, two main CSMs, RT1 [80] and TIPS [113, 335], comply with
the SCT Inst scheme [87].

This dissertation focuses on TIPS, which operates on reactive ap-
plication principles and leverages a distributed, event-driven archi-
tecture capable of processing an average of 500 payments per second,
with peak capacities reaching 2,000 payments per second [11, 56].
While instant payment systems typically operate within specific ju-
risdictions, TIPS represents an exception in Europe by supporting
multiple currencies.

Since February 2024, the Sveriges Riksbank RIX-RTGS real-time
gross settlement system has been fully integrated into TIPS [112],
extending its reach beyond the euro area to include Swedish krona.
This connection enables payments through Swish (the Swedish mo-
bile payment solution) using the single instructing party settlement
model [114].

The following section introduces a MoE model with generative
models based on GenTT and HTE for detecting anomalies in volumes
of settled instant payments. The case study involves instant payments
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in Swedish krona, for which publicly reported anomalies from Swish
are available [135]. The proposed solution enables real-time anomaly
detection with low resource requirements and is optimized for de-
ployment after model drift.

8.3 mixture of generative experts with helical time
encoding

We propose a hard-gated MoE architecture where each expert is a
conditional generative model specialized on distinct temporal pat-
terns, such as specific days of the week. A hard routing mechanism
determines which expert activates for each input, with conditions
managing exceptions such as holidays or paydays.

This design leverages HTE properties to capture both seasonality
and trends while ensuring continuity between patterns predicted by
different experts, enabling effective long-term seasonal time series
forecasting with smooth transitions. A key advantage is targeted up-
dates when model drift affects specific patterns, requiring retraining
only the relevant expert rather than the entire model.

8.3.1 Problem Definition

We address anomaly detection in high-frequency data streams from
instant payment systems, specifically identifying unusual drops in
transaction volumes. This requires real-time processing of arriving
data points with minimal computational resources and low detection
latency.

A data stream consists of an unbounded sequence of observations
arriving sequentially over time, represented as

{x1, x2, . . . , xt, . . .},

where xt denotes the observation at time step t. Unlike fixed-length
datasets, streams have no predefined endpoint and continuously
produce new data points.

Anomaly detection in data streams involves real-time identifica-
tion of observations or subsequences exhibiting substantial deviations
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Figure 8.1: Architecture of the hard-gated MoGE with HTE. The model
receives timestamp vector τ and latent vector z as inputs and
generates time series predictions as output.

from expected patterns as data arrives. We approach this as an itera-
tive forecasting problem with prediction-based models, continuously
forecasting expected future values and comparing them with actual
observations, flagging significant deviations as potential anomalies.

8.3.2 Mixture of Generative Experts Architecture

Originally proposed by Jacobs et al. [178], the mixture of experts
(MoE) architecture distributes computational tasks among multiple
specialized subnetworks, employing a gating network to selectively
activate appropriate experts for each input, whose predictions are
then combined to form the final output. In scenarios where only a
subset of experts is active for any given prediction, this strategy is
known as specialized or sleeping experts [40, 127].

Our proposed architecture, mixture of generative experts (MoGE),
integrates sleeping expert activation with the GenTT framework. The
prediction model comprises k generative experts, a rule-based gating
function g(·) that selects the active expert for each prediction, and
a combination mechanism f (·) that leverages HTE properties to
generate the final forecast (Figure 8.1).
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Figure 8.2: Partitioning of a univariate time series based on function π(ε).
Each color represents a specific pattern type.

8.3.2.1 Generative Experts

Each i-th expert model is a conditional generative model following
the GenTT framework using HTE. The expert takes as input a latent
vector z and the condition c(ε) on timestamp ε defined by HTE:

fi(z, c(ε)) (8.1)

The properties of HTE enable capturing global temporal progres-
sion even though individual expert models observe only a fragment
of the time series. This enables consistent final forecasts capturing
both seasonal and trend components. Each expert i is trained inde-
pendently on the data subset:

Di = {(εj, yj) → D : π(εj) = i}, (8.2)

where π(εj) : Z ⇓ {1, 2, ..., k}. For instance, Figure 8.2 shows par-
titioning of a time series for 7 experts, where function π(εj) returns
the day of the week, assuming the week starts on Monday (denoted
by 1) and ends on Sunday (denoted by 7).

8.3.2.2 Gating Function

The gating function g(·) determines which expert is most suitable
for a given input timestamp. It is a deterministic function defined for
each timestamp εi → τ:
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g(εi) = π(εi) (8.3)

For each input timestamp, only one model is used while others
remain inactive. The forecast for input timestamps τ = (ε1, . . . , εn)
and associated latent vectors z = (z1, . . . , zn) is the temporal concate-
nation of individual expert predictions:

f (τ, z) =
n

i=1
fg(εi)(zi, c(εi)) (8.4)

where


denotes concatenation of predictions.

8.4 experimental setup

We detect anomalies in high-frequency data streams by identifying
drops in settled instant payment volumes from a CSM perspective.
When transaction counts in a time bucket are unusually low, this may
indicate issues with a SCT Inst participant or problems in the CSM
itself. We used a real time series from TIPS [11, 56, 335] involving
payments in Swedish krona, for which Swish maintains a public
registry of incidents where transactions are impacted [135].

Experiments were conducted in constrained environments where
computational and storage resources are limited, and each incoming
observation must be evaluated in near real-time. The approach em-
ploys prediction-based anomaly detection with iterative long-term
forecasting, which provides interpretable results and allows instanta-
neous evaluation of incoming observations.

Two instantiations of the proposed MoGE architecture, MoGE-
cGANs and MoGE-cVAE, are compared against baseline methods
that perform predictions in both autoregressive and simulated real-
time forecasting scenarios with sliding windows.

8.4.1 Dataset

The dataset contains ⇒ 508,000 observations of payment volumes
settled in TIPS for the Swedish krona (SEK) currency, sampled at 15-
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Figure 8.3: Volumes settled in TIPS over time for SEK currency in the test
set, with known anomaly intervals highlighted.

second intervals over 89 days (Figure 8.3). This time series presents
missing data due to maintenance activities at Swish [135].

We split the dataset into development and test sets: the first 37 days
comprised the development set, while the remaining days formed
the test set. From the development set, the first 30 days were used
for training, with the remainder serving as validation.

This dataset is significant because some anomalies resulted from
publicly reported disturbances affecting major Swedish banks, pro-
viding ground truth for model evaluation [135]. We considered only
anomalies affecting at least 20 transactions per second. The validation
set contains 1 anomalous window with 4 anomalous points. The test
set contains 19 anomalous windows, totaling 602 anomalous points
(⇒ 0.20% of the test set).

8.4.2 Evaluation Criteria

We consider both threshold-free metrics–AUC-PR, AUC-ROC, PATE,
VUS-PR, VUS-ROC, Precision@k–that measure discriminative abil-
ity between anomalous and normal observations, and threshold-
dependent metrics–MCC, range-based metrics (β = 1, front bias),
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Model Type References

LSTM Deep learning [165]
Prophet Statistical [397]
TBATS Statistical [93]
TSM Deep learning [62]
TiDE Deep learning [91]

Table 8.1: Baseline models compared with the proposed MoGE architec-
tures.

and affiliation–that measure classification performance in decision
settings. Additionally, we evaluate functional metrics comparing op-
erational performance: false alarm rate (FAR), event detection rate
(EDR), and mean time to detect (MTTD) (for detected events). Metric
definitions are provided in Section 2.5.2.

8.4.3 Baselines

We compare the proposed MoGE models against five baseline meth-
ods comprising both statistical and deep learning approaches (Ta-
ble 8.1): Time-Series Mixer (TSM) [62], Time-series Dense Encoder
(TiDE) [91], Prophet [397], TBATS [93], and long short-term memory
(LSTM) [165].

For all models, iterative autoregressive forecasting was performed
across the entire test set without being informed of or retrained on
newly arriving data. For TSM, TiDE, and LSTM models, we also eval-
uated predictions using a sliding window approach that simulates
real-time deployment, where the model generates forecasts at each
time step using a fixed-size window of recent observations. In this
scenario, as new observations arrive, the window slides forward (re-
moving the oldest observation and adding the newest), and forecasts
are generated without retraining.
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8.4.4 Anomaly Detection

The anomaly score for an incoming observation is computed by
measuring the difference between predicted x̂t and actual value xt
only when actual values are lower than predicted:

s(xt, x̂t) =





x̂t ↓ xt if xt < x̂t

0 otherwise,
(8.5)

where s(·) denotes the anomaly score.
This scoring approach specifically targets drops in payment vol-

umes, which are our primary concern. We assign zero score when
observed values exceed expected values, which typically occur during
normal usage spikes, helping to handle random fluctuations while
focusing on payment drops indicating potential issues.

To determine decision thresholds, we adopt two standard criteria
computed on a separate validation set. The first is the F1-optimal
threshold, defined as

t↑F1
= arg max

t
F1(t), (8.6)

which balances precision and recall and is appropriate when false
positives and false negatives have comparable cost. The second is
Youden’s J statistic [460], defined as

t↑J = arg max
t

[TPR(t)↓ FPR(t)] , (8.7)

which identifies the threshold maximizing overall separability be-
tween normal and anomalous instances in terms of TPR and FPR.

8.4.5 Implementation Details

We instantiate two implementations of our MoGE architecture: MoGE-
cGANs uses conditional GAN as experts, and MoGE-cVAE instanti-
ates conditional VAE models as experts. Both implementations use
the same hard gating mechanism and incorporate HTE but differ in
generative model structure. Both models use a smoothing factor of
300 for predictions and were implemented in TensorFlow.
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For MoGE-cVAE experts, both encoder and decoder employed fully
connected layers with dimensions [256, 128] and [128, 256] respec-
tively, using ReLU activation. We optimized the ELBO with mean
squared error reconstruction loss and Kullback-Leibler (KL) diver-
gence regularization. To prevent posterior collapse, we implemented
KL annealing with a warmup period of 50 epochs and maximum
KL weight of 0.5. Training used the Adam optimizer with learning
rate 5 ↔ 10↓4, gradient clipping at norm 1.0, and batch size 32 for 300
epochs. The model incorporated a delayed warmup strategy, main-
taining zero KL weight for the first 10 epochs before linear annealing.
Free bits regularization (0.5 bits per latent dimension) was applied to
encourage meaningful latent representations.

The generator architecture for MoGE-cGANs experts consisted of
two hidden layers of 64 units each with ReLU activation, while the
discriminator employed three hidden layers [256, 128, 64] with ReLU
activation and dropout (rate 0.3) for regularization. Adversarial net-
works were trained using binary cross-entropy loss. We employed the
Adam optimizer with learning rate 10↓4 for both networks, training
for up to 1000 epochs with batch size 32 and early stopping.

Baseline methods were implemented using Darts [159]. All mod-
els incorporated cyclic day-of-week encoding as future covariates to
capture weekly seasonality patterns. For sliding window forecasting
models, we evaluated three temporal window configurations: (i) bal-
anced 1-day lookback with 1-day ahead forecast (5760 input/output
steps), (ii) long-context short-horizon prediction using 1-day look-
back for 5-minute ahead forecasts (5760 input, 20 output steps), and
(iii) short-term autoregressive forecasting with 20-step windows for
both input and output.

For LSTM models, we used a single-layer architecture with 25
hidden units and no dropout. TiDE models employed a single-layer
encoder-decoder structure with hidden dimension 128, temporal
attention width 4 for both past and future contexts, and dropout
rate 0.1. TSM used 2 conditional mixer blocks with hidden size
64, feedforward size 64, ReLU activation, and LayerNorm. All deep
learning models scaled features via reversible instance normalization.
Training employed the Adam optimizer with initial learning rate 10↓4

and exponential decay (γ = 0.999) to ensure stable convergence. All
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models were trained with early stopping monitoring validation loss
(patience 10, minimum improvement 10↓5) and gradient clipping at
norm 1.0. Standard training runs used up to 200 epochs with batch
size 256.

8.5 results

Machine learning forecasting models are evaluated under two distinct
strategies. In the iterative autoregressive approach, the model pro-
duces multi-step forecasts by repeatedly feeding its own predictions
back as inputs, allowing long-horizon forecasting without requiring
new observations. In the sliding window approach, the model uses
a fixed-size window of recent actual observations to generate fore-
casts; as new observations arrive, the window slides forward, and
the model produces updated forecasts using the refreshed data. His-
torical forecasts using the sliding window approach are computed
by simulating this strategy over the validation period, sequentially
generating independent forecast blocks until no further input data
remain. Prophet, TBATS, and the two proposed models (MoGE-cVAE
and MoGE-cGANs), which cannot leverage recent observations, are
evaluated only on long-term autoregressive forecasting.

8.5.1 Sliding Window Forecasting Accuracy

Table 8.2 presents threshold-independent metrics, revealing distinct
differences in observation separation performance across architec-
tures and input/output window configurations. Figure 8.4 evaluates
the precision of top-ranked detections.

TiDE-1D1D demonstrates the strongest performance across most
threshold-independent metrics (AUC-ROC 0.9960, AUC-PR 0.7060,
VUS-PR 0.1987, PATE 0.7292) and ranks first in all top-ranked deci-
sions. TSM-1D1D exhibits comparable though slightly inferior per-
formance, while achieving marginally higher VUS-ROC (0.8062). In
contrast, LSTM-1D1D proves inadequate with 1-day input and output
windows.
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Model AUC-PR AUC-ROC PATE VUS-PR VUS-ROC

LSTM-1D1D 0.0037 0.5256 0.0047 0.0082 0.3928

LSTM-1D5M 0.1606 0.6249 0.1816 0.0702 0.7285

LSTM-5M5M 0.1536 0.6018 0.1747 0.0719 0.7297

TiDE-1D1D 0.7060 0.9960 0.7292 0.1987 0.8051

TiDE-1D5M 0.3697 0.9301 0.3854 0.1797 0.7999

TiDE-5M5M 0.0771 0.5684 0.1309 0.0328 0.7164

TSM-1D1D 0.6147 0.9923 0.6236 0.1824 0.8062
TSM-1D5M 0.2024 0.6955 0.2259 0.0779 0.7612

TSM-5M5M 0.0599 0.5720 0.1235 0.0348 0.7183

Table 8.2: Sliding window forecasting threshold-independent metrics for
LSTM, TiDE, and TSM models with varying input and output
window configurations.

The transition to 5-minute output granularity (1D-5M) produces di-
vergent outcomes: while TiDE experiences substantial degradation in
all Precision@k metrics, both LSTM-1D5M and TSM-1D5M maintain
competitive Precision@100 scores (0.79 and 0.92 respectively).

Configurations employing 5-minute input and output windows
underperform across all architectures, with the exception of LSTM-
5M5M, which achieves better precision on the highest-ranked anoma-
lies compared to TiDE-5M5M and TSM-5M5M using the same input
and output windows.

Table 8.3 presents operational results using both F1-optimal thresh-
old t↑F1

and Youden index t↑J calculated on the validation set. Models
using t↑F1

consistently outperform the Youden index, which produces
impractically high false alarm rates (3.5-36 FAR/h) and poor preci-
sion (<1%).

Considering individual anomalous observations (points) and using
the F1-based threshold, TiDE-1D1D achieves the highest overall per-
formance with MCC 0.6632, followed by TSM-1D1D (MCC 0.6314).
However, these models fail to detect all anomaly events (EDR <
1), whereas all models with 1D5M and 5M5M input/output win-
dows achieve complete event detection. Among these, LSTM-1D5M
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LSTM TiDE TSM

Metric 1D1D 1D5M 5M5M 1D1D 1D5M 5M5M 1D1D 1D5M 5M5M

t↑
F 1

MCC 0.0418 0.2584 0.3094 0.6632 0.4957 0.2456 0.6314 0.3488 0.2348

PrecisionT 0.0186 0.1635 0.4264 0.2670 0.2664 0.2427 0.2970 0.2247 0.2206

RecallT 0.0020 0.8170 0.8384 0.2944 0.8332 0.7020 0.3087 0.8737 0.7262

F1T 0.0037 0.2725 0.5653 0.2800 0.4037 0.3607 0.3027 0.3574 0.3384

Pprecision 0.4152 0.7995 0.8696 0.7511 0.8117 0.8658 0.7627 0.8058 0.8913

Precall 0.2818 0.9975 0.9973 0.6802 0.9999 0.9977 0.6582 0.9975 0.9978

PF1 0.3357 0.8876 0.9291 0.7139 0.8960 0.9271 0.7066 0.8915 0.9416

FAR/h 5.2619 0.1279 0.0306 0.1351 0.2533 0.0869 0.1343 0.0508 0.1054

EDR 0.0526 1.0000 1.0000 0.5263 1.0000 1.0000 0.5789 1.0000 1.0000

MTTDobs
↑ 22.0000 0.1053 0.3158 1.7000 0.3684 0.4211 2.0000 0.3158 0.4211

t↑
J

MCC 0.0412 0.0631 0.0775 0.2250 0.1698 0.0460 0.2552 0.0382 0.0507

PrecisionT 0.0066 0.0038 0.0065 0.0029 0.0041 0.0047 0.0035 0.0018 0.0056

RecallT 0.0055 0.9093 0.8992 0.8917 0.9061 0.7833 0.8627 0.8982 0.7796

F1T 0.0060 0.0076 0.0129 0.0057 0.0082 0.0094 0.0070 0.0037 0.0111

Pprecision 0.4541 0.5679 0.5749 0.5290 0.5552 0.5722 0.5174 0.5398 0.5831

Precall 0.4163 0.9988 0.9988 1.0000 1.0000 0.9994 1.0000 0.9998 0.9994

PF1 0.4343 0.7240 0.7297 0.6920 0.7140 0.7277 0.6819 0.7011 0.7365

FAR/h 7.4446 5.2950 3.4838 8.4025 11.5439 7.4034 6.0428 36.2331 5.9897

EDR 0.0526 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000

MTTDobs
↑ 16.0000 0.0000 0.0000 0.1053 0.0000 0.0000 0.4211 0.0000 0.0526

↑ MTTD is computed only over detected events. EDR indicates the fraction of anomaly events
detected. When EDR = 0, MTTD is undefined.

Table 8.3: Sliding window forecasting threshold-dependent metrics using
F1-optimal threshold (t↑F1

) and Youden index (t↑J ) for LSTM, TiDE,
and TSM models.
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Figure 8.4: Proportion of true anomalies among top-k observations ranked
by anomaly score for sliding window forecasting models, evalu-
ated at k → {100, 300, 500}.

achieves the lowest MTTD, while LSTM-5M5M achieves the lowest
FAR/h (0.0306).

These findings suggest that models with better theoretical separa-
bility do not necessarily correspond to superior operational perfor-
mance when threshold-based decisions are required.

8.5.2 Iterative Autoregressive Forecasting Performance

Long-term iterative autoregressive forecasting is evaluated for LSTM,
TiDE, and TSM models (using previous outputs as inputs without
waiting for new real-time observations), alongside Prophet, TBATS,
and the two proposed models, MoGE-cVAE and MoGE-cGANs.

Figure 8.5 shows that the ranking capability for classifying ob-
servations degrades substantially for all LSTM and TSM variants.
AutoTBATS also fails to manage high-frequency data and seasonal
complexity over time.

Figure 8.6 shows that these models degrade over time because
they accumulate errors (as with Prophet or TSM) or fail to capture
seasonality and trend (as with LSTM in the worst cases).
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Figure 8.5: Proportion of true anomalies among top-k observations ranked
by anomaly score for iterative autoregressive forecasting models,
evaluated at k → {100, 300, 500}.

Figure 8.6: AUC-PR calculated in streaming mode over time, day by day,
for long-term iterative autoregressive forecasting models.
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Model AUC-PR VUS-PR AUC-ROC VUS-ROC PATE

LSTM-1D1D 0.0020 0.0074 0.4932 0.4890 0.0029

LSTM-1D5M 0.0020 0.0075 0.4956 0.4950 0.0028

LSTM-5M5M 0.0056 0.0081 0.7832 0.4558 0.0056

Prophet 0.2746 0.0457 0.9188 0.7281 0.2855

TBATS 0.0020 0.5071 0.5000 0.5031 0.5023

TiDE-1D1D 0.5272 0.1058 0.9698 0.5877 0.5355

TiDE-1D5M 0.8731 0.1963 0.9939 0.6022 0.9010

TiDE-5M5M 0.0130 0.0192 0.6065 0.4847 0.0176

TSM-1D1D 0.0129 0.0369 0.9174 0.8837 0.0179

TSM-1D5M 0.0081 0.0092 0.7246 0.4313 0.0088

TSM-5M5M 0.0027 0.0154 0.5507 0.4793 0.0053

MoGE-cGAN 0.8861 0.2589 0.9995 0.8601 0.8967

MoGE-cVAE 0.9300 0.2518 0.9996 0.7178 0.9314

Table 8.4: Iterative autoregressive forecasting threshold-independent met-
rics for all evaluated models.

Table 8.4 shows that MoGE-cVAE achieves the best performance in
terms of AUC-PR, AUC-ROC, and PATE, followed by MoGE-cGANs
and TiDE-1D5M. This ranking persists when models are deployed
with static thresholds, as shown in Table 8.5. MoGE-cVAE emerges
as the best overall model, followed by MoGE-cGANs.

Comparing with Table 8.3, MoGE-cVAE achieves performance
competitive with or superior to sliding window models that have
access to more recent observations. While access to recent data might
help models adapt to new changes in real-time, in this context it
exposes them to strong oscillations in payment volumes that disturb
predictions, an issue from which MoGE models are immune, similar
to Prophet. However, unlike Prophet, predictions accumulate fewer
errors over time, resulting in a more robust baseline.

8.5.3 Resource Utilization

Deep learning models were trained with GPUs, but detection op-
erations were deployed on virtual machines (VMs) with limited re-
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Metric LSTM Prophet TiDE TSM MoGE-cGAN MoGE-cVAE

t↑
F 1

MCC 0.0315 0.4921 0.8312 0.0498 0.8508 0.8874
PrecisionT 0.0113 0.8000 0.5326 0.0096 1.0000 0.7419

RecallT 0.0009 0.3365 0.5280 0.2934 0.5686 0.7959
F1T 0.0017 0.4737 0.5303 0.0186 0.7250 0.7680
Pprecision 0.3757 0.9792 0.9898 0.6723 1.0000 0.9873

Precall 0.4934 0.3684 0.7894 0.6232 0.6840 0.9473
PF1 0.4266 0.5353 0.8783 0.6468 0.8123 0.9669
FAR/h 4.7312 0.0016 0.0370 5.8024 0.0000 0.0088

EDR 0.0526 0.3684 0.7895 0.5263 0.6842 0.9474
MTTDobs

↑ 16.0000 2.0000 1.6667 25.3000 8.6923 2.0556

t↑
J

MCC 0.0490 0.0670 0.3337 0.0811 0.4578 0.4008

PrecisionT 0.0032 0.0044 0.0147 0.0013 0.0187 0.0109

RecallT 0.7472 0.8713 0.8531 0.8163 0.9305 0.9681
F1T 0.0063 0.0088 0.0290 0.0026 0.0366 0.0216

Pprecision 0.4659 0.7523 0.8094 0.5989 0.8582 0.8210

Precall 0.9319 0.9474 0.9261 1.0000 1.0000 1.0000
PF1 0.6212 0.8386 0.8638 0.7492 0.9237 0.9017

FAR/h 101.3589 68.2206 3.3905 52.1425 1.7878 2.4713

EDR 0.8421 0.9474 0.8947 0.9474 1.0000 1.0000
MTTDobs

↑ 0.2500 0.1667 0.3529 0.0556 0.1579 0.0526
↑ MTTD is computed only over detected events. EDR indicates the fraction of anomaly events

detected. When EDR = 0, MTTD is undefined.

Table 8.5: Iterative autoregressive forecasting threshold-dependent metrics.
For brevity, only the best configurations for LSTM, TiDE, and
TSM are shown (LSTM-5M5M, TiDE-1D5M, TSM-1D1D).
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Figure 8.7: CPU usage per minute during inference on the first 384 obser-
vations (1 hour at 15-second sampling frequency) on a VM with
1 CPU, 2GB RAM, and no GPU.

sources (1 CPU, 2GB RAM, no GPU) to evaluate performance under
realistic constraints typical of production environments.

Figure 8.7 shows CPU usage over the first 384 observations (1 hour
with 15-second sampling frequency) comparing one of the smaller
models (LSTM-1D5M) that fits in memory against the MoGE-cVAE
model.

Figure 8.8 presents the energy consumption and emissions foot-
print during inference, comparing iterative and sliding window fore-
casting models.

Table 8.6 presents model sizes and parameter counts. The MoGE
architectures maintain relatively compact sizes, with MoGE-cGANs
at 295 KB (32,725 total parameters across 7 experts) and MoGE-cVAE
at 1.089 MB (241,045 total parameters across 7 experts).

8.5.4 Qualitative Analysis

Figures 8.9 through 8.14 present a qualitative comparison of forecast
outputs across different model configurations. The visualizations



8.5 results 159

(a) Energy consumption (b) Emissions

Figure 8.8: Environmental footprint of models on the univariate SEK dataset
in terms of energy consumption and emissions during inference,
comparing iterative autoregressive and sliding window forecast-
ing approaches.

reveal distinct behavioral patterns regarding how each model handles
seasonal structures, trends, and anomalous observations.

MoGE-cVAE (Figure 8.9) and MoGE-cGANs (Figure 8.10) both
successfully capture the fundamental seasonal structure and maintain
consistent amplitude throughout the forecast horizon. MoGE-cGANs
produces sharper predictions with higher variability, whereas MoGE-
cVAE generates slightly smoother outputs that better represent the
central tendency of the data distribution.

Sliding window forecasting models adapt rapidly to incoming
observations. For instance, as illustrated in Figure 8.11, the LSTM-
1D5M model incorporates anomalous data into its input window,
causing the forecast to track the anomaly rather than maintaining a
stable baseline. While this behavior initially allows for the detection of
the anomaly’s onset, it compromises the integrity of anomaly scoring,
as the residual error remains low even during significant deviations,
thereby achieving low point-based error metrics. Furthermore, this
adaptation obscures the determination of when the anomaly has
concluded and when normal conditions have been restored.
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Figure 8.9: Comparison of actual and predicted time series with detected
anomalies using MoGE-cVAE. The model maintains a stable
reconstruction of the seasonal pattern.

Figure 8.10: Comparison of actual and predicted time series with detected
anomalies using MoGE-cGANs, showing sharper variability in
the forecast.
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Model Name Total Parameters Model Size (MB)

AutoTBATS – 115.521
LSTM-1D1D 3,442 0.014
LSTM-1D5M 3,442 0.014
LSTM-5M5M 3,442 0.014
Prophet – 23.965
TSM-1D1D 104,750,355 419.001
TSM-1D5M 173,295 0.693
TSM-5M5M 58,495 0.234
TiDE-1D1D 981,650,248 3926.601
TiDE-1D5M 10,803,868 43.215
TiDE-5M5M 1,505,068 6.020
MoGE-cGAN [1] 32,725 0.295
MoGE-cVAE [2] 241,045 1.089

[1] 7 experts, each with 4,675 params (⇒ 43 kB)
[2] 7 experts, each with 34,435 params (⇒ 159 kB)

Table 8.6: Parameter counts and model sizes for the evaluated anomaly
detection architectures.

In contrast, other models performing long-term forecasting without
updates from new observations exhibit performance that degrades
differently over time. Prophet (Figure 8.12) suffers from significant
trend divergence. While the model accurately captures the seasonal
periodicity, the extrapolation of the estimated trend leads to a distinct
upward drift in the baseline. Consequently, the forecast deviates
substantially from the actual volume levels over the long horizon,
resulting in periods of consistent overestimation.

TSM, when operating with 1-day input and output windows in
iterative mode (Figure 8.13), suffers from rapid accumulation of er-
ror after the initial days. Rather than maintaining a stable structure,
the model exhibits distinct seasonal instability, characterized by a
progressive amplification of the wave amplitude. This distortion
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Figure 8.11: Sliding window forecasting with LSTM using 1-day input and
5-minute output windows (LSTM-1D5M). The forecast closely
tracks the anomaly (red zone), demonstrating excessive adap-
tation to recent inputs.

Figure 8.12: Long-term forecasting with Prophet, showing baseline drift
and trend divergence resulting in overestimation.
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Figure 8.13: Long-term autoregressive forecasting with TSM using 1-day
input and output windows (TSM-1D1D). The model fails to
maintain stable variance, resulting in erroneous seasonal am-
plification.

leads to exaggerated peaks and troughs that do not reflect the ac-
tual data distribution, resulting in significant alternating periods of
overestimation and underestimation.

Conversely, the TSM model utilizing 1-day input and 5-minute out-
put windows, also operating in autoregressive mode (Figure 8.14), ex-
hibits severe signal degradation. The model produces overly smooth
predictions that rapidly collapse toward the mean, failing to sustain
any meaningful seasonal or intra-day variations.

8.6 discussion

The experimental results provide insights into the performance
characteristics, operational trade-offs, and limitations of the pro-
posed MoGE architecture for streaming anomaly detection in high-
frequency payment systems.
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Figure 8.14: Long-term autoregressive forecasting with TSM using 1-day
input and 5-minute output windows (TSM-1D5M), showing
severe amplitude attenuation and a complete loss of temporal
structure.

8.6.1 Forecast Horizon and Anomaly Detection Effectiveness

The experiments reveal that the forecast horizon length affects
anomaly detection capabilities. Models with excessively short fore-
cast horizons (e.g., 5 minutes) tend to adapt too readily to incoming
patterns, including anomalous ones, making them ineffective for
detection. This behavior is evident in Figure 8.11, where the slid-
ing window forecasting model adjusted its predictions to match the
anomalous drop rather than maintaining a stable baseline.

Conversely, models employing iterative autoregressive forecasting
over extended periods accumulate noise and error, although they
maintain better resistance to anomaly adaptation. Specifically, TSM
exhibits seasonal instability and variance amplification (Figure 8.13),
while Prophet suffers from trend divergence (Figure 8.12). The most
stable configuration among baselines utilizes a 1-day historical con-
text, which offers a balance between temporal stability and anomaly
sensitivity. However, this configuration requires a complete day of
historical data for future predictions, representing a trade-off be-
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tween accuracy and data dependency that may not be acceptable in
all operational contexts.

The MoGE models circumvent this trade-off by generating fore-
casts directly from timestamp-derived features without requiring
recent observations. This enables stable anomaly detection without
the risk of adapting to anomalous patterns while avoiding the er-
ror accumulation and variance instability associated with iterative
approaches.

8.6.2 Comparative Performance Analysis

MoGE-cVAE achieves the strongest overall performance in long-
term forecasting scenarios with no access to recent observations,
yielding an AUC-PR of 0.9300, an AUC-ROC of 0.9996, and a PATE
of 0.9314. MoGE-cGANs demonstrates competitive performance with
an AUC-PR of 0.8861 and an AUC-ROC of 0.9995. Both models
substantially outperform baseline methods in threshold-independent
metrics, with TiDE-1D5M representing the closest competitor among
traditional architectures (AUC-PR 0.8731, AUC-ROC 0.9939).

The performance advantage of MoGE models persists even when
compared to sliding window forecasting models that had access
to recent observations. While long-term forecasting without recent
data reduces the risk of adapting to anomalous patterns, it typically
increases sensitivity to noise. However, models with access to recent
observations in this high-frequency payment context are exposed to
strong oscillations that disturb predictions. The MoGE architecture
demonstrates resilience to both upward spikes and noise fluctuations,
providing immunity to these disturbances while maintaining lower
error accumulation over time compared to both sliding window
approaches and Prophet.

Given that transaction volume is represented through temporal
bucketing, where each observation aggregates multiple transactions,
point-based metrics provide a meaningful evaluation for streaming
anomaly detection in this context. The observed performance differ-
ences in point-based metrics, therefore, reflect relevant operational
characteristics for the deployment scenario.
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8.6.3 Sensitivity to Window and Threshold Configuration

The experiments reveal that architectural performance is highly sen-
sitive to input and output window configurations. The same architec-
ture exhibits substantially different behaviors depending on window
parameters, as demonstrated by the performance variation observed
across LSTM configurations. This window sensitivity presents an op-
erational challenge, as optimal configurations are dataset-dependent
and require extensive hyperparameter searches. The MoGE architec-
ture addresses this challenge by operating without sliding windows,
requiring only the specification of the primary seasonal period, which
is typically known a priori in seasonal forecasting applications.

The evaluation demonstrates that threshold-independent metrics
and threshold-dependent operational metrics capture different as-
pects of model performance. In operational deployment, models
require specific thresholds to function in real-time anomaly detection,
and the impact of threshold selection becomes evident in production
settings. Models with superior ranking capability do not necessarily
translate to superior operational performance when threshold-based
decisions are required.

The MoGE-based models demonstrate robustness to threshold se-
lection, maintaining performance when thresholds calculated on the
validation set were applied to the test set. Among autoregressive
baseline models, only TiDE-1D1D achieves comparable stability un-
der operational threshold constraints, while other architectures show
greater performance degradation when transitioning from ranking-
based evaluation to threshold-based deployment.

8.6.4 Operational Deployment Considerations

The resource requirements of MoGE implementations support their
deployment in resource-constrained environments, including edge
devices. Table 8.6 shows that MoGE-cGANs and MoGE-cVAE utilize
32,725 (295 KB) and 241,045 (1.089 MB) parameters, respectively.
These storage requirements are significantly lower than those of
dense encoder baselines such as TiDE-1D1D, which exceeds 3.9 GB.
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Figure 8.7 indicates that MoGE-cVAE maintains stable CPU us-
age during inference on a standard virtual machine (1 CPU, 2 GB
RAM), in contrast to the recurrent utilization spikes observed in the
sliding window LSTM-1D5M model. The reduced computational
requirements translate to lower energy consumption. As illustrated
in Figure 8.8, MoGE-cVAE exhibits lower cumulative energy con-
sumption and carbon emissions compared to the LSTM baseline over
projected 6-month and 1-year periods.

This energy differential is substantial. In multivariate scenarios, the
efficiency advantages of generative approaches over sliding window
methods would be more pronounced, as demonstrated in Chapter 7
where experiments on 16-dimensional dataset revealed a 1255-fold
reduction in energy consumption.

Unlike traditional MoE architectures that activate multiple experts
and require complex soft-gating mechanisms, the MoGE framework
employs rule-based hard-gating driven by calendar and temporal
features. This design choice provides deterministic expert selection
and explicit traceability, which are operational requirements in finan-
cial compliance contexts where model decisions must be auditable.
The temporal encoding’s effectiveness is demonstrated through the
model’s ability to maintain coherence across different experts, en-
abling the modular architecture to assign expert responsibilities based
on temporal characteristics without learned routing mechanisms.

The generative architecture enables predictions to be produced
without immediate dependence on recent observations, which allows
operational continuity during periods of data unavailability or trans-
mission interruptions. Furthermore, the modular expert structure
allows for selective retraining in response to drift, reducing opera-
tional maintenance requirements compared to monolithic models.

8.6.5 Generative Model Comparison

The comparison between MoGE-cVAE and MoGE-cGANs reveals
complementary strengths. GAN-based experts produce sharper, more
realistic predictions that better capture fine-grained temporal varia-
tions. However, this characteristic can be disadvantageous in noisy
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high-frequency contexts, where overly detailed reconstruction may
reduce anomaly detection sensitivity by modeling noise as signal.

VAE-based experts produce smoother reconstructions that better
represent distributional central tendencies. While this results in re-
duced fidelity to individual observations, it provides a more stable
baseline for anomaly detection in high-frequency time series with
substantial noise. The smoothing effect effectively filters normal vari-
ability while maintaining sensitivity to significant deviations, result-
ing in superior overall anomaly detection performance as evidenced
by the experimental results.

8.6.6 Limitations

The MoGE architecture does not incorporate online learning mech-
anisms. When temporal patterns evolve due to concept drift, the
affected experts require retraining. While selective expert retraining
is more efficient than updating an entire monolithic model, it still
necessitates periodic model updates and cannot adapt continuously
to gradual pattern evolution. The rule-based hard-gating mecha-
nism, while providing deterministic and auditable expert selection,
lacks the adaptability of learned soft-gating approaches that could
potentially adjust expert routing based on emerging patterns. Ap-
plications requiring continuous adaptation to evolving distributions
may benefit from hybrid approaches that incorporate online learning
mechanisms or adaptive gating strategies.
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FA I L U R E D E T E C T I O N I N I N S TA N T PAY M E N T
I N F R A S T R U C T U R E S

Traditional monitoring systems often operate in isolated silos, storing
metrics separately across different tools and platforms [211, 319]. In
distributed systems, this fragmentation prevents holistic infrastruc-
ture visibility, as individual component alerts fail to reveal system-
level issues, complicating anomaly detection and prolonging incident
response times. This chapter presents a failure detection framework
built on GenTT that addresses these observability gaps (RQ6). We
extract meaningful features from the SCT Inst process based on ISO
20022 messages and formulate failure detection as an anomaly de-
tection problem on these engineered features. This approach enables
early detection of issues both within and external to the distributed
infrastructure while providing operators with actionable explana-
tions to assess business impact and localize failures in real-time,
bridging the gap between technical metrics and business processes.

9.1 introduction

The evolution toward real-time payment processing is transform-
ing both modern economies and payment infrastructure manage-
ment. Unlike traditional batch-processing systems, instant payments
operate continuously without business days, available around the
clock. Each transaction settles within seconds. A malfunction lasting
just a few seconds in a CSM could immediately affect hundreds of
customers, as no buffer period exists for addressing issues before
transaction completion.

To ensure quality of service with zero-downtime expectations, mod-
ern RTGS systems such as TIPS rely on distributed architectures [11,
56]. While offering benefits in scalability, availability, and reliability,
this decentralized design introduces operational complexity com-

169
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pared to traditional RTGS systems through increased abstraction
layers and component interdependencies. When failures occur, local-
izing root causes and assessing business impact across the distributed
infrastructure becomes critical.

Operational management solutions relying on manual intervention
by IT operators are no longer feasible at this scale. AIOps [224] so-
lutions reduce manual effort in monitoring, anomaly detection, root
cause analysis, and recovery. However, their effectiveness depends on
data quality and domain-specific adaptation. Monitoring solutions
collecting telemetry data often fail to capture semantic relationships
between technical metrics and business processes, hindering accurate
business impact assessment of technical anomalies. This observabil-
ity gap is particularly evident in financial payment infrastructures
where dependencies extend across organizational boundaries, de-
laying MTTR due to difficulties in localizing root causes within the
broader settlement process.

We present a failure detection framework based on anomaly de-
tection applied to processing times between consecutive ISO 20022
message exchanges. By mapping these temporal features to distinct
processing phases, we create a compact representation of the system
state that bridges infrastructure observability and business process
visibility. The framework treats detected anomalies as indicators of
potential failures, employing an explainability-by-design approach
that integrates domain knowledge to enable failure localization, inci-
dent classification, and business impact estimation. This approach
complements traditional monitoring systems by detecting service
degradation invisible at the component level, differentiating between
internal and external issues, and delivering actionable explanations
that guide remediation before escalation.

The remainder of this chapter is organized as follows. Section 9.2
describes the SCT Inst scheme and the ISO 20022 message flow from
which temporal features are computed. Section 9.3 formalizes the
failure detection problem and presents the proposed framework.
Section 9.4 describes the real-time feature extraction architecture,
experimental testbed design, datasets, evaluation metrics, and im-
plementation details. Section 9.5 reports experimental findings from
both testbed scenarios and a real-world network service provider
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(NSP) incident, while Section 9.6 discusses advantages, limitations,
and potential future developments.

9.2 the sepa instant credit transfer scheme

The SEPA Instant Credit Transfer (SCT Inst) scheme [117] represents
a significant harmonization effort for instant payment systems across
Europe. This scheme establishes a target maximum execution time of
5 seconds and imposes stringent availability requirements, as services
adhering to SCT Inst rules must be available 24/7 on all calendar
days.

An SCT Inst transaction directly involves four key parties: the
payer who initiates the transfer (Originator), the payer’s PSP that
processes the instruction (Originator PSP), the recipient’s PSP that
credits the funds (Beneficiary PSP), and the recipient who receives
the payment (Beneficiary).

These transactions are facilitated through CSMs, comprising one or
more entities performing clearing and settlement functions. Clearing
encompasses information exchange and determination of final settle-
ment positions, while settlement involves extinguishing obligations
defined during clearing. The two principal CSM organizations com-
pliant with the SCT Inst scheme are RT1 [102] and TARGET Instant
Payment Settlement (TIPS) [86, 335].

The maximum execution time of 5 seconds is measured from the
moment the Originator PSP receives the instruction until it receives
confirmation (positive or negative) of settlement. If the Originator
PSP has not received any confirmation message within 10 seconds of
the timestamp, it must immediately restore the Originator’s account
by lifting the reservation of the amount.

In a typical scenario where two PSPs participate in the same CSM,
the SCT Inst settlement process begins when the Originator requests
the Originator PSP (typically a commercial bank) to execute an in-
stant payment. After reserving the transfer amount in the Origina-
tor’s account, the Originator PSP transmits the order to the CSM,
which dispatches the instruction to the Beneficiary PSP and awaits
acceptance or rejection.
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The Beneficiary PSP performs a series of checks before sending an
acceptance or rejection notification to the CSM, which relays it back
to the Originator PSP. If the payment is accepted, the Beneficiary
PSP makes the funds available in the Beneficiary’s account, and
the Originator PSP debits the reserved amount. Conversely, if the
payment is rejected, the Originator PSP must inform the Originator
of the Beneficiary PSP’s decision.

From a technical perspective, each step of the SCT Inst process
corresponds to a message following the global standard for financial
messaging ISO 20022 [402]. We create new features by computing
processing times between relevant message exchanges in the SCT Inst
process visible to the CSM. By combining these processing time
features with the volume of settled instant payments, we create a
compact representation of payment system state. The next section
describes the formulation of a failure detection problem leveraging
this representation.

9.3 a failure detection framework for clearing and
settlement mechanisms

Processing times across SCT Inst phases provide unique observability
of distributed components in an instant payment system. Delays in
message exchange often indicate infrastructure issues; by coupling
processing time information with settled payment volumes, we can
represent the holistic operational state of the payment infrastruc-
ture, bridging the gap between technical infrastructure metrics and
business process visibility.

This section presents a framework for preemptive failure detection
in CSM infrastructures. We first formalize the problem as an anomaly
detection task with two objectives: identifying irregular system be-
havior and characterizing its origin and severity. We then show how
to construct a compact system state representation from transaction
processing times and volumes. The resulting framework combines
detection and explanation capabilities to provide IT operators with
actionable insights during incident response.
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9.3.1 Problem Formulation

We define the failure detection problem in a clearing and settlement
mechanism (CSM) infrastructure as identifying failures before they
escalate into incidents. We approach this as an anomaly detection
task, assuming failures manifest as irregular patterns in observable
metrics, such as increased processing times or reduced settled pay-
ment volumes, indicating the platform’s diminished ability to fulfill
its core service function.

Formally, let Sη = {s1, s2, . . . , sm} denote a multivariate time series
of metrics observed at frequency η, where each observation sk → Rd

at time k. An observation sk is anomalous if at least one of its d
components deviates significantly from expected behavior.

The fundamental challenge is to determine, in near real-time (i.e., at
time k + ε, where ε is a negligible time interval), whether the current
operational state is anomalous and, if so, to identify the originating
infrastructure component and assess potential severity.

This challenge decomposes into two distinct subproblems:

1. Anomaly detection: estimating the function f : Rd ⇓ {0, 1} that
determines whether an observation sk is anomalous, where
A = {sk → Sη : f (sk) = 1} denotes the set of all anomalous
observations;

2. Anomaly characterization: given a detected anomaly a → A,
estimating the function g : A ⇓ L ↔ S . For instance, if
L = {A1, A2}, g determines whether a originates within the
CSM infrastructure (a → A1) or from external factors (a → A2),
where A1, A2 ↖ A form a partition of A, and assigns a severity
level in S to assess potential impact.

Upon completing these phases, the system provides explanations
for identified anomalies that guide IT operators’ investigations by
offering insights into the distributed system’s state. For instance, A1
encompasses anomalies caused by misconfigurations or hardware
failures within the CSM infrastructure, while A2 includes anomalies
arising from external factors such as network issues or participant-
related problems.
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9.3.2 System State Representation

To enable preemptive failure detection, we assume the existence of a
time series Sη capturing relevant operational patterns of the instant
payment system. Constructing such a representation requires select-
ing informative features and aggregating them efficiently for real-
time processing. This section presents the feature selection rationale
and the aggregation methodology transforming irregular transaction
data into a regular time series suitable for anomaly detection.

9.3.2.1 Processing Time Features

From a technical perspective, an instant payment transaction consists
of standardized ISO 20022 messages exchanged between participat-
ing entities. The CSM engages twice during processing: first in the
conditional phase (validation, fund reservation, and notification to
the beneficiary participant) and later in the settlement phase. The
relevant messages are pacs.008 and pacs.002, where pacs.008 initiates
a request while pacs.002 responds to it.

In the standard settlement model, a transaction can have four
possible final states: settled, expired due to timeout, rejected by the
beneficiary, or failed due to validation errors or insufficient liquidity.
Our framework considers only settled payments, providing sufficient
information to establish a baseline model and calculate all processing
time features. As illustrated in Figure 9.1, three processing phases
are defined: the duration of the conditional phase within the CSM
(Phase A), the cumulative time spent outside the CSM awaiting the
beneficiary’s reply (Phase B), and the time within the CSM for the
settlement phase (Phase C).

An instant payment is formally defined as a tuple

p = (ϱ1, ϱ2, ϱ3), (9.1)

where:

• ϱ1 approximates Phase A duration, computed as the time dif-
ference between the CSM sending the pacs.008 message to the
beneficiary bank and the CSM receiving the pacs.008 message
from the originator bank;
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Figure 9.1: Core SCT Inst message flow highlighting the three processing
phases whose durations serve as features for anomaly detection.

• ϱ2 approximates Phase B duration, computed as the time differ-
ence between the CSM receiving the pacs.002 message from the
beneficiary bank and the CSM sending the pacs.008 message to
the beneficiary bank;

• ϱ3 approximates Phase C duration, computed as the time differ-
ence between the CSM sending the pacs.002 messages to both
the originator and beneficiary banks and the CSM receiving the
pacs.002 message from the beneficiary.

These processing times provide valuable operational insights into
system behavior. The sum ∑3

i=1 ϱi estimates a lower bound for total
transaction processing time, while ∑i→{1,3} ϱi represents time spent
across CSM components. For instance, unexpected increases in pro-
cessing times ϱ1 or ϱ3 may indicate failures in internal CSM infras-
tructure components, while anomalies in ϱ2 processing times could
suggest external failures involving participants or network connec-
tivity problems.
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9.3.2.2 Time Series Construction through Data Aggregation

Since instant payments occur at irregular intervals, individual trans-
action data are transformed into a regular time series including both
processing time information and settled payment volume.

A time series of n settled transactions is defined as:

S = {(ti, pi)}n
i=1 = {(ti, ϱ1i, ϱ2i, ϱ3i)}n

i=1, (9.2)

where the i-th observation (ti, pi) represents the instant payment pi
settled at time ti.

To create a regular time series representation, S is resampled into
m bins using a fixed sampling rate η, where the number of bins is
determined by m = ↙(ω ↓ α)/η∝ with α ⇔ t1 as the start timestamp
and ω ′ tn as the end timestamp. The resampled time series is
defined as:

Sη =

(εk, p̃k, vk)

m
k=1 (9.3)

Within this resampled series, each bin bk covers the time interval[
α+(k↓ 1)η, α+ kη

)
, and the corresponding aggregated observation

is defined by:

• εk = α + (k ↓ 1)η is the representative timestamp for the k-th
bin;

• p̃k = (ϱ̃1, ϱ̃2, ϱ̃3) is the aggregated processing times for instant
payments within bin bk, computed using either the mean or
median;

• vk = |bk| represents the volume of settled payments within bin
bk.

Hence, each observation sk = (p̃k, vk) → R4 of the time series Sη

captures aggregated processing times and payment volume for the
k-th time bin.

9.3.3 Explainable Anomaly Detection

The anomaly detection framework consists of two complementary
components addressing the subproblems defined in Section 9.3.1: a
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detector identifying potential system failures by assigning anomaly
scores to aggregated observations, and an explainer characterizing
detected anomalies by determining severity and localization, enabling
business impact assessment.

9.3.3.1 Anomaly Detector

The anomaly detector produces normalized anomaly scores in [0, 1]
for each feature. The detector f̂ evaluates each new observation
sm+1 from the data stream and produces an anomaly score vector
am+1 → [0, 1]4:

am+1 = f̂ (sm+1), (9.4)

with values closer to 1 indicating greater deviation from normal
behavior. Subsequently, a binary anomaly label vector ym+1 → {0, 1}4

is derived from the score vector:

yj
m+1 = 1[aj

m+1 > θ j] (9.5)

where θ j is a threshold parameter for feature j and 1[·] is the indi-
cator function. Each component yj

m+1 = 1 indicates that feature j
is anomalous in the new observation. Both am+1 and ym+1 serve as
inputs to the explainer component.

9.3.3.2 Anomaly Explainer

The semantic meaning of the proposed features enables the inter-
pretation of anomaly detector outputs through failure localization
and incident severity classification, facilitating business impact as-
sessment.

Failure Localization

The explainer leverages feature mapping to distributed system com-
ponents to identify failure origins. It takes the binary anomaly label
vector ym+1 and applies predefined localization rules RL to deter-
mine where in the system architecture the failure likely originated:

ĝL(ym+1) ⇓ L. (9.6)
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The feature space inherently supports localization because dif-
ferent features naturally map to different system components. For
instance, anomalies in ϱ̃1 or ϱ̃3 suggest internal CSM failures (A1),
while anomalies in ϱ̃2 indicate external failures (A2).

Incident Severity Classification

The explainer also provides incident severity classification by analyz-
ing anomaly score combinations across features. The classification
function is represented as:

ĝS (am+1, ym+1) ⇓ S , (9.7)

where the output is a severity level from set S , based on domain
knowledge RS about the relationship between feature deviation
patterns and incident severity.

Business Impact Assessment

In distributed payment systems, business impact can vary widely
even when technical severity appears similar, due to contextual fac-
tors such as timing (e.g., peak versus off-hours) and duration (brief
spikes versus prolonged disturbances).

By providing both failure localization L and incident severity classi-
fication S , the framework allows operational teams to assess business
consequences and determine appropriate response strategies, pri-
oritizing responses based on business impact rather than technical
metrics alone.

For instance, an incident classified as major severity with internal
localization (A1) requires direct intervention, while the same severity
incident with external localization (A2) necessitates coordination with
external service providers.

9.4 experimental setup

We evaluated the proposed failure detection framework on TIPS [11,
56, 335] to assess its ability to (1) detect system failures, (2) localize fail-
ures, and (3) classify incident severity. The evaluation includes both
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production data from a NSP incident and controlled experiments
with systematic anomaly injection in a TIPS testing environment.

9.4.1 Real-Time Feature Computation Architecture

Real-time feature computation requires dedicated infrastructure to
process payment message traces as they occur. As illustrated in
Figure 9.2, an event-driven architecture is implemented comprising
multiple distributed components for data collection, transformation,
aggregation, and storage.

Figure 9.2: Real-time feature extraction architecture. Application nodes
generate message traces, which are collected by Beats agents
and processed by Logstash nodes. Messages flow through Kafka
for buffering, where ksqlDB correlates messages to compute
processing times. The processed features are then indexed in
Elasticsearch for both storage and real-time analysis.

The extraction begins at application nodes within the TIPS infras-
tructure, where ISO 20022 payment message traces are captured by
Elastic Beats agents and forwarded to a Logstash cluster for initial
preprocessing. An Apache Kafka cluster provides message buffering
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to handle variable transaction volumes without data loss. The core
feature computation occurs in ksqlDB, which performs real-time
stream processing to calculate processing times (ϱ1, ϱ2, ϱ3) by match-
ing corresponding messages and computing their time differences.

Processed features are indexed in Elasticsearch in two forms: raw
data for historical analysis and model training, and aggregated met-
rics (with frequency η) for real-time anomaly detection. The aggrega-
tion process incorporates transaction volume feature (v), completing
the multivariate time series representation of system behavior. This
distributed architecture supports horizontal scaling of each compo-
nent based on workload requirements, ensuring the feature extraction
process maintains performance even during peak transaction periods.

9.4.2 Experimental Testbed Design

To systematically evaluate the failure detection framework across
different scenarios, an experimental testbed was developed that gen-
erates realistic instant payment traffic with controlled anomaly injec-
tion capabilities. As shown in Figure 9.3, the testbed consists of two
external simulators representing originator and beneficiary banks
connected to a test instance of the TIPS platform mirroring the pro-
duction environment.

These simulators, positioned in a network external to TIPS infras-
tructure (TIPSnet) to realistically model latency introduced by NSPs,
exchange payment messages following processing flows identical to
real transactions. The simulator is configured with message probabil-
ity distributions matching production traffic patterns, implementing
a multi-threaded application emulating multiple originators continu-
ously generating payment streams at realistic volumes.

During test execution, controlled disturbances are injected into
key TIPS components shown in Figure 9.3, including message router,
message broker, and settlement core. This testbed enables simulation
of various anomaly types, from processing slowdowns and network
issues to simultaneous multi-component failures.

To ensure reproducibility and tracking, both traffic generation
and anomaly injection are orchestrated through automated Ansible
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Figure 9.3: Architecture of the instant payment experimental testbed. Exter-
nal simulators representing the originator and beneficiary banks
connect to the TIPS testing environment. Payment messages flow
through the message queue and router to the core components.
Anomalies can be injected at various points in the processing
flow.

playbooks. Message traces from these simulations are processed
through the feature pipeline in Figure 9.2, creating datasets stored in
Elasticsearch indices.

9.4.3 Datasets

The architecture presented in Section 9.4.1 enabled the construction
of two datasets: one containing production traces during a NSP
incident, and another containing controlled experiments from the
testbed with systematic anomaly injection.

The first dataset consists of transaction traces collected during Au-
gust 2023, including a major NSP incident on 11 August impacting
most TIPS participants for ⇒ 15 minutes, causing processing slow-
downs and payment timeouts. This production incident provides an
authentic validation case under genuine operational conditions.

The second dataset derives from controlled experiments on the
internal testbed, reproducing anomalous scenarios rare or difficult to
isolate in production. This dataset contains ⇒ 242,000 observations
sampled at 15-second intervals (⇒ 42 days), of which the test set
spans 19 days and comprises four testbed scenarios:
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T1. Mild internal stress (⇒ 7 min). Stress applied to a core compo-
nent of TIPS to evaluate sensitivity to performance degradation.

T2. Stress on multiple internal components (⇒ 5 min). Several TIPS
core components stressed in parallel with moderate load.

T3. External participant disturbances (⇒ 16 min). Disturbances im-
pacting transactions from multiple participants outside TIPS
simulated to assess discrimination between internal and exter-
nal failure origins.

T4. Heavy internal stress (⇒ 21 min). Multiple TIPS core com-
ponents subjected to severe degradation, causing significant
impact on transaction processing.

9.4.4 Evaluation Metrics

For evaluation, we employed both threshold-independent metrics (i.e.,
AUC-PR, AUC-ROC, PATE, VUS-PR, and VUS-ROC) and threshold-
dependent metrics (i.e., MCC, range-based metrics, and affiliation
metrics). We also computed operational metrics such as FAR and
EDR, and for detected events only, MTTD. Metric definitions are in
Section 2.5.2.

Additionally, to assess agreement between model anomaly char-
acterization and ground truth annotations by domain experts, we
employed Cohen’s kappa coefficient [82]. This metric quantifies con-
cordance between two sets of labels beyond chance. The coefficient is
calculated as:

κ =
po ↓ pe

1 ↓ pe
(9.8)

where po represents observed agreement between model outputs
and ground truth labels, while pe denotes expected agreement under
random classification. Chance agreement pe is computed based on
marginal distributions of both predicted and true labels [12].
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9.4.5 Implementation Details

For the anomaly detector component, we compare an instance of the
MoGE-cVAE architecture (presented in Section 8.3) with the anomaly
detection capabilities of Elastic Machine Learning (EML) [104]. Elas-
tic’s anomaly detection uses a hybrid ensemble learning approach
combining clustering, time series decomposition, Bayesian distribu-
tion modeling, and correlation analysis [104]. The engine establishes
a probabilistic baseline from historical data while dynamically adapt-
ing to new observations, computing deviation scores for each time
bucket with multi-stage noise reduction and statistical significance
ranking. We utilize the same explainer component for anomaly char-
acterization.

9.4.5.1 Anomaly Detector Component

We trained MoGE-cVAE experts, where conditional VAEs have an
encoder with two layers [256, 128] and a decoder with layers [128,
256]. Training uses MSE as reconstruction loss and KL penalty with
annealing. Optimization is performed with Adam optimizer, batch
size 32, and KL warmup policy. Performance is evaluated using MAE
and Wasserstein distance.

For hyperparameter selection with a compute budget of 15 trials,
we used randomized grid search over 64 candidate hyperparameter
combinations. The search space included KL annealing (maximum
factor: 0.3–0.5), Adam learning rate (1 · 10↓4, 5 · 10↓5), latent dimen-
sions {3, 6}, and free-bits {0.0, 0.5}. Experts were ranked using MAE
and Wasserstein distance. For deployment, we selected one expert
per category based on this ranking. Table 9.1 shows selected experts,
where epoch denotes early-stop epoch within its corresponding run.

We compared MoGE-cVAE with two Elastic machine learning
configurations. The first configuration is a multi-metric model (EML-
M) jointly analyzing the four features (ϱ̃1, ϱ̃2, ϱ̃3, v) without influencers,
using low_sum detector for v and high_mean for ϱ̃1, ϱ̃2, ϱ̃3. The second
is a partitioned multi-metric model (EML-MP), introducing day-of-
week as both partition_field and influencer, creating a sub-model
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Category LD LR KLF FB KWS KWE Epoch

0 3 0.0001 0.3 0.0 10 80 30
1 3 0.0001 0.5 0.0 0 80 16
2 3 0.0001 0.3 0.5 10 80 16
3 3 0.0001 0.3 0.5 10 80 31
4 3 0.0001 0.3 0.5 10 40 49
5 3 0.0001 0.3 0.5 10 80 15
6 3 0.0001 0.3 0.5 10 80 39

Abbreviations: LD: latent dimension, LR: learning rate, KLF: maximum KL factor, FB: free
bits, KWS: KL warmup start epochs, KWE: KL warmup duration epochs.

Table 9.1: Selected expert hyperparameters per category. The epoch indi-
cates the early-stop epoch within the selected run.

for each day. Both variants adopt a model memory limit of 500 MB
and a model pruning window of 30 days.

Experiments were conducted in an unsupervised learning setting
using aggregation frequency η = 15 seconds. For Elastic models, two
threshold configurations were evaluated based on risk indicators: a
high threshold corresponding to scores exceeding 70, and a critical
threshold for scores exceeding 90. For MoGE-cVAE, custom thresh-
olds were employed based on semantically meaningful values specific
to each feature: a reduction of more than 100 payments compared
to expected values for payment count feature v, latency exceeding
10ms for processing time features ϱ̃1 and ϱ̃3, and latency exceeding
1s for queue time feature ϱ̃2.

9.4.5.2 Anomaly Explainer Component

To instantiate the explainer component for experimental validation,
two simple rulesets RL and RS are defined based on TIPS architec-
tural knowledge. Localization ruleset RL = {L1, L2} distinguishes
between internal and external failure origins by analyzing patterns
in binary anomaly label vector:

L1. Internal. When anomalies occur in processing times ϱ̃1 or ϱ̃3
without corresponding anomalies in ϱ̃2, this pattern suggests
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that TIPS internal components experience delays while exter-
nal communication remains unaffected, indicating an internal
failure origin.

L2. External. When anomalies appear exclusively in processing
time ϱ̃2 while ϱ̃1 and ϱ̃3 remain normal, this indicates TIPS pro-
cesses messages normally but external entities exhibit delayed
responses, suggesting an external failure origin.

Incident severity classification ruleset RS = {S1, S2} maps
anomaly patterns to incident severity levels:

S1. Minor. Anomalies in processing times (ϱ̃1, ϱ̃2, or ϱ̃3) without
corresponding volume drops indicate performance degradation.
We classify these as minor incidents.

S2. Major. Anomalies impacting settled payment volume v indicate
major incidents.

For practical implementation, we synthesize rulesets RL and RS
using masks on binary label vector yk → {0, 1}4 for each observation
produced by the anomaly detector. To capture operational signifi-
cance of specific anomaly patterns, we encode the binary label vector
into a single integer code preserving both anomaly pattern and rela-
tive severity.

We define an anomaly code using weighted binary encoding:

ck =
4

∑
j=1

wj · yj
k, (9.9)

where wj are predefined weights assigned to each feature. By care-
fully selecting these weights, we ensure codes naturally reflect opera-
tional severity ordering. For instance, using weights w = [8, 4, 2, 1]
for features [v, ϱ̃1, ϱ̃2, ϱ̃3] respectively, we obtain the mapping shown
in Table 9.2.

This encoding scheme provides several advantages for facilitat-
ing operator interpretation and incident categorization: it uniquely
identifies each anomaly pattern, preserves severity ordering through
weight selection, and enables efficient pattern matching for explain-
ability rules.
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yv
k yϱ̃1

k yϱ̃2
k yϱ̃3

k Code L S BI

0 0 0 0 0 None None No
0 0 1 0 2 External Minor No
0 1 0 1 5 Internal Minor No
1 0 1 0 10 External Major Yes
1 1 0 1 13 Internal Major Yes

Table 9.2: Anomaly encoding scheme mapping binary label vectors to sever-
ity classes. Weights [8, 4, 2, 1] ensure codes reflect increasing sever-
ity while preserving pattern distinction, with semantic meaning
correlated to business impact (BI). Each row shows whether an
anomaly is detected (1) or not (0) for each feature.

9.5 results

This section presents experimental results obtained from both testbed
scenarios and the NSP case study. Controlled testbed experiments
enabled systematic evaluation across failure conditions challenging to
reproduce in production. The NSP incident validates the framework’s
capability to distinguish between internal and external failure origins
in a real-world scenario, where post-incident root cause analysis
confirmed that network connectivity issues at the NSP level disrupted
communication between TIPS and multiple participants.

9.5.1 Testbed Scenarios

The testbed evaluation assessed detection performance across four
controlled failure scenarios (T1–T4). We first report threshold-
independent metrics to evaluate the models’ ability to sepa-
rate anomalous from normal observations, followed by threshold-
dependent metrics and anomaly characterization results.

Table 9.3 presents threshold-independent metrics averaged across
all testbed scenarios and features. These metrics assess separability
between normal and anomalous patterns without requiring threshold
selection.
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Metric EML-M EML-MP MoGE-cVAE

AUC-PR 0.7947 0.7649 0.9907
AUC-ROC 0.9911 0.9410 1.0000
PATE 0.7977 0.7643 0.9917
VUS-PR 0.2978 0.2283 0.3242
VUS-ROC 0.7059 0.6844 0.8414

Table 9.3: Threshold-independent metrics averaged across all testbed sce-
narios and features. These metrics evaluate anomaly separability
without requiring threshold selection.

Table 9.4 reports threshold-dependent metrics averaged across
all testbed scenarios and features. These metrics evaluate detection
performance at specific operating points determined by threshold
configurations described in Section 9.4.5.1.

Figure 9.4 illustrates anomaly characterization results for scenar-
ios T3 and T4, showing how different models classify observations
according to the encoding scheme defined in Table 9.2. The visual-
ization enables comparison of model outputs against ground truth
annotations established by domain experts.

Table 9.5 quantifies the agreement between model-predicted
anomaly characterizations and ground truth annotations using Co-
hen’s kappa coefficient (Eq. 9.8). This metric measures concordance
beyond chance agreement, providing insight into how well each
model’s explanations align with expert-annotated failure localization
and severity classifications.

9.5.2 Case Study: Network Service Provider Incident

The NSP incident evaluation assesses framework performance on a
real production incident with publicly known ground truth. This in-
cident, occurring in August 2023, affected connectivity between TIPS
and multiple participants for ⇒ 15 minutes, providing an authentic
validation case under genuine operational conditions.

Table 9.6 presents threshold-independent metrics for this case study.
Both models achieve strong separability between normal and anoma-
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Metric EML-M
(Critical)

EML-M
(High)

EML-MP
(Critical)

EML-MP
(High)

MoGE-cVAE
(Custom)

MCC 0.6603 0.6569 0.6516 0.4057 0.9446
PrecisionT 0.4913 0.4613 0.4998 0.0958 0.8201
RecallT 0.6179 0.7133 0.7412 0.7500 0.8492
F1T 0.5442 0.5547 0.5612 0.1635 0.7662
Pprecision 0.8703 0.7672 0.9031 0.5968 0.9822

Precall 0.6250 0.8302 0.7500 0.7686 1.0000
PF1 0.8500 0.7925 0.9435 0.6437 0.9908
FAR/h 0.0401 0.0984 0.0626 0.6450 0.0049
EDR 0.6250 0.8125 0.7500 0.7500 1.0000
MTTD↑

obs 0.6667 17.2500 0.2778 0.0000 0.3750
↑ MTTD is computed only over detected events. EDR indicates the fraction of anomaly

events detected. When EDR = 0, MTTD is undefined.

Table 9.4: Threshold-dependent metrics (point-based, range-based,
affiliation-based, and operational) averaged across all testbed
scenarios and features. Each column corresponds to a specific
(model, threshold) configuration.

Model Threshold

High Critical Custom

EML-M 0.393 0.409 N/A
EML-MP 0.166 0.396 N/A
MoGE-cVAE N/A N/A 0.837

N/A: not applicable.

Table 9.5: Cohen’s kappa coefficient measuring agreement between pre-
dicted anomaly characterizations and ground truth annotations
across models and thresholds. Higher values indicate stronger
concordance with expert-annotated failure localization and sever-
ity classifications.
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(a) Scenario T3: MoGE-cVAE and EML-M show agreement in classifying the exter-
nal major event (code 10), while EML-MP consistently underestimates severity,
classifying it only as external minor (code 2).

(b) Scenario T4: MoGE-cVAE and EML-M demonstrate accurate agreement with
ground truth for the internal major event (code 13), while EML-MP exhibits
delayed classification of the same event.

Figure 9.4: Anomaly characterization comparison for selected testbed sce-
narios using encoding weights w = [8, 4, 2, 1] for features
[v, ϱ̃1, ϱ̃2, ϱ̃3]. Gray trace shows ground truth, dashed blue repre-
sents MoGE-cVAE classifications, dashed orange shows EML-M
classifications (critical threshold), and dashed green indicates
EML-MP classifications (critical threshold).
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Metric EML-M MoGE-cVAE

AUC-PR 0.9294 0.9182
AUC-ROC 0.9996 0.9670
PATE 0.9507 0.9265
VUS-PR 0.7267 0.4424
VUS-ROC 0.7171 0.7520

Table 9.6: Threshold-independent metrics for the NSP incident case study,
averaged across features.

lous observations, with EML-M showing slightly higher performance
on most metrics.

Table 9.7 reports threshold-dependent metrics at specified oper-
ating points. Results reveal notable differences in operational per-
formance: MoGE-cVAE achieves lowest detection latency (0.5 ob-
servations) and produces no false alarms, while EML-M with high
threshold detects all events but with longer delays (12 observations)
and higher false alarm rate.

Figure 9.5 illustrates anomaly characterization comparison, show-
ing how models classify observations according to failure localization
and severity encoding scheme. MoGE-cVAE maintains closer tem-
poral alignment with ground truth throughout incident duration,
whereas EML-M exhibits delayed initial detection and generates
additional noise during recovery phase.

Agreement between model predictions and ground truth, quanti-
fied by Cohen’s kappa coefficient, confirms these observations: EML-
M with critical threshold achieved κ = 0.198, EML-M with high
threshold achieved κ = 0.724, and MoGE-cVAE with custom thresh-
old achieved κ = 0.839. These values indicate MoGE-cVAE provides
anomaly characterizations more consistent with expert annotations.
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Metric EML-M
(Critical)

EML-M
(High)

MoGE-cVAE
(Custom)

MCC 0.2347 0.8026 0.9120
PrecisionT 0.3333 0.8833 1.0000
RecallT 0.0108 0.3522 0.5100
F1T 0.0210 0.4426 0.5429
Pprecision 0.9978 0.9994 1.0000
Precall 0.4975 0.9994 1.0000
PF1 0.9964 0.9994 1.0000
EDR 0.5000 1.0000 1.0000
FAR/h 0.0811 0.0811 0.0000
MTTD↑

obs 36.0000 12.0000 0.5000
↑ MTTD is computed only over detected events. EDR indicates the fraction of anomaly

events detected. When EDR = 0, MTTD is undefined.

Table 9.7: Threshold-dependent metrics for the NSP incident, averaged
across features and evaluated at specified threshold configura-
tions. Each column corresponds to a specific (model, threshold).

9.6 discussion

The experimental results validate the efficacy of the feature engineer-
ing approach for failure detection in instant payment infrastructures.
This section discusses the effectiveness of the anomaly detection
framework, its comparative advantages over traditional monitoring
approaches, and the explainability aspects of the proposed solution.

9.6.1 Effectiveness of the System State Representation

Processing times between consecutive ISO 20022 message exchanges
can be effectively engineered into meaningful features through a
systematic approach that considers message volumes and processing
durations. By treating each transaction as a sequence of standardized
messages, temporal intervals between consecutive messages reveal



192 failure detection in instant payment infrastructures

Figure 9.5: Anomaly characterization for the NSP incident case study using
encoding weights w = [8, 4, 2, 1] for features [v, ϱ̃1, ϱ̃2, ϱ̃3]. Gray
trace shows ground truth, dashed blue represents MoGE-cVAE
classifications, and dashed orange shows EML-M classifications
(high threshold). MoGE-cVAE demonstrates stronger agreement
with ground truth, while EML-M exhibits delayed detection and
increased noise in later phases.

operational efficiency of different system components and process
phases.

When aggregated across multiple transactions, these processing
times create a compact representation of the payment system’s holis-
tic state. Unlike traditional infrastructure metrics operating in isolated
data silos, this approach captures end-to-end transaction flows span-
ning component boundaries. Features inherently map to different
process phases executed on different system components, enabling a
semantic layer bridging technical infrastructure metrics with business
process visibility.

The value of this feature engineering approach is demonstrated
through its ability to detect anomalies corresponding to observed dis-
turbances across various failure modes, validated in both real-world
incidents and controlled simulations. Across all testbed scenarios,
MoGE-cVAE achieved high anomaly separability (see Table 9.3), out-
performing Elastic models. Similarly, for the NSP incident, models
demonstrated strong separability performance (see Table 9.6). Fea-
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tures successfully capture irregular behaviors in payment systems
by identifying increases in processing times or reductions in set-
tled payment volumes, which serve as indicators of potential system
failures.

9.6.2 Problem Formulation and Detection Performance

In SCT Inst, significant observability challenges arise from distributed
systems spanning multiple transaction participants, where no single
actor has complete transaction visibility. The CSM perspective is
particularly valuable because it provides a centralized vantage point
to observe interactions between multiple distributed participants in
the payment ecosystem. This positioning enables detecting failures
manifesting at system integration level, which might be invisible to
individual components operating normally.

By analyzing patterns across multiple engineered features simulta-
neously, the system can identify subtle changes in operational behav-
ior preceding failures. MoGE-cVAE demonstrates strong operational
performance across both testbed scenarios and the NSP incident,
compared to detection rates of 62.5–81.25% for Elastic models in
testbed scenarios. Furthermore, MoGE-cVAE achieved the lowest
FAR of 0.0049 false alarms per hour in testbed scenarios and zero
false alarms in the NSP incident, significantly outperforming Elastic
configurations. This low false alarm rate minimizes alert fatigue for
operators monitoring infrastructure.

9.6.3 Advantages over Traditional Monitoring

Traditional monitoring excels at resource utilization tracking and
assessment of individual system component health and performance
but faces fundamental limitations when dealing with incidents in-
volving external elements or system integration issues. The proposed
approach complements traditional monitoring systems by providing
a business-oriented semantic layer bridging technical infrastructure
metrics and operational impact assessment. Appendix b shows how
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the proposed framework integrates with existing monitoring infras-
tructures.

The NSP incident illustrates these limitations: such incidents mani-
fest as business-level anomalies (reduced settled payments) without
corresponding infrastructure alerts, where component-level moni-
toring shows normal operation while integrated service experiences
significant degradation. The proposed framework addresses this
observability gap by leveraging features spanning component bound-
aries and capturing end-to-end transaction flows. In this real-world
scenario, MoGE-cVAE demonstrates its ability to accurately detect
and temporally align with ground truth events.

The framework’s computational efficiency represents another sig-
nificant advantage. Unlike AIOps solutions processing thousands
of real-time metrics, the proposed feature engineering focuses on
four compact features representing business-relevant system states,
making it computationally lightweight while maintaining high se-
mantic value. This efficiency is achieved without sacrificing detection
quality, as evidenced by performance metrics across all evaluation
dimensions.

9.6.4 Explainability and Anomaly Characterization

Interpretation of detected anomalies is achieved through an
explainability-by-design approach, contrasting with post-hoc ex-
planation methods attempting to explain opaque model decisions
after detection. The key to this interpretability lies in the semantic
richness of engineered features, inherently mapping to different
process phases executed on different system components. Simplified
modeling of transactions facilitates straightforward interpretation of
results by IT operators.

The framework enables failure localization by analyzing combina-
tions of detected anomalies to identify whether incident origins are
internal or external to the payment system. This capability is funda-
mental to effective incident response, immediately guiding operators
toward appropriate system components or external dependencies re-
quiring attention. The natural mapping between features and system
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components eliminates the need for complex interpretation algo-
rithms or specialized domain knowledge to understand problem
locations. Different combinations of anomalies within multivariate
time series features provide initial discrimination to understand
where the problem is occurring and guide IT operators toward the
root cause.

Quantitative assessment of anomaly characterization quality
through Cohen’s kappa coefficient demonstrates the framework’s ca-
pability in providing actionable explanations. MoGE-cVAE achieved
substantial agreement with expert annotations (κ = 0.837 for testbed
scenarios and κ = 0.839 for NSP incident), compared to Elastic mod-
els (best performance: κ = 0.409 for testbed scenarios and κ = 0.724
for NSP incident). These results indicate that framework explanations
align closely with domain expert interpretations of failure localization
and severity.

Incident severity classification is achieved through domain knowl-
edge integration enabling business impact assessment. The frame-
work classifies incident severity based on actual business impact
rather than technical severity alone, providing clear explanations
guiding operator responses. As illustrated in Figure 9.4, MoGE-cVAE
correctly distinguished between external minor events (code 2) and
external major events (code 10) in scenario T3, while also accurately
classifying internal major events (code 13) in scenario T4. This ca-
pability enables more nuanced and appropriate response strategies
compared to binary anomaly detection approaches, recognizing that
anomalies do not always signify incidents with business impact.

Accurate forecasting enables thresholds with clear operational
meaning. For instance, thresholds can be defined based on inter-
pretable criteria such as volume falling below a specific level or
latency exceeding defined values (e.g., 10 ms or 1 second). Combined
with the proposed problem formulation, this yields outputs that are
clear, simple, and interpretable for operators.

The explainability of this framework accelerates operators’ daily
investigations by providing immediate access to reconstructed trans-
action flows, eliminating the need for laborious manual correlation
of messages across distributed system components. This reduction in
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cognitive load enables effective incident response without requiring
deep technical expertise about underlying system architecture.

9.6.5 Operational Advantages

Once deployed, the model operates autonomously by inferring day
type labels (e.g., weekday) from timestamps to condition the la-
tent vector, requiring no explicit user input. This enables single-shot
estimation of observation distributions for future days, allowing real-
time comparison with streaming data for immediate outlier detection.
The model can be continuously retrained on new data to adapt to
emerging trends.

Independence from recent observations offers practical operational
advantages. Unlike sequential models requiring continuous historical
windows, the pointwise generative approach remains functional even
when recent data are unavailable or incomplete. This characteris-
tic reduces prediction lag by generating forecasts directly without
requiring data accumulation.

The MLP-based architecture enables efficient training and infer-
ence. This simplicity yields advantages in model management, main-
tenance, resource allocation, and energy consumption. The capacity
for long-term predictions further enhances these benefits by reduc-
ing computational requirements compared to models continuously
processing incoming data streams.

9.6.6 Limitations and Future Directions

The current approach cannot anticipate failures occurring without
preceding warning signs, such as complete network disconnections
immediately terminating all connections. Such events provide no
gradual performance degradation for advance detection, highlighting
the need for complementary monitoring mechanisms operating at
the infrastructure layer.

The approach does not directly identify root causes but, by enabling
failure localization, reduces time required to initiate root cause anal-
ysis (RCA), which aims to map an incident to its underlying fault.
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Future research could explore combining insights from the proposed
approach with traditional infrastructure monitoring data to facili-
tate comprehensive RCA. By correlating business-level anomalies
with low-level system metrics, this integration may enable automated
remediation strategies responding to detected incidents without man-
ual intervention.

While implementation focused on the CSM perspective, the un-
derlying anomaly detection framework demonstrates considerable
flexibility and may be adapted for other SCT Inst process actors, such
as individual PSPs. This adaptation would create opportunities for
multi-level monitoring across different ecosystem participants, po-
tentially enabling more precise failure localization when incidents
originate outside CSM infrastructure.

Another promising extension involves integrating the approach
with LLMs to enhance operational usability through natural language
interfaces. Such integration could provide operators with enriched
explanations incorporating additional contextual information and
recommended corrective actions in natural language, reducing tech-
nical expertise required for effective incident response. This direction
aligns with emerging trends in AIOps emphasizing human-AI col-
laboration for operational intelligence.





Part V

C O N C L U S I O N S A N D P E R S P E C T I V E S

Beyond forecasting and detection.
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C O N C L U S I O N S

This dissertation examines the potential of generative deep learning
for seasonal time series synthesis via the GenTT framework, focusing
on forecasting and anomaly detection. We propose an alternative
to sequential processing based on sliding windows, leveraging ex-
plicit geometric time encodings to enable history-free conditional
generation.

While sliding window methods are effective in many scenarios,
they face practical limitations, including sensitivity to hyperparam-
eter tuning and error accumulation in long-horizon forecasting.
These constraints are critical in high-frequency multivariate time
series, where real-time processing requires lightweight and scalable
solutions.

The research pursued three main objectives: designing a mecha-
nism to enable generative models to synthesize seasonal time series
without sequential preprocessing; evaluating this approach against
state-of-the-art methods; and validating the framework in real-world
high-frequency instant payment scenarios under strict operational
constraints. By formalizing a geometric representation of time, we de-
veloped a framework capable of non-sequential generation, which en-
abled the construction of real-time, explainable anomaly detection sys-
tems that bridge technical metrics with business impact assessment.

10.1 summary of main findings

We demonstrated that accurate synthesis of seasonal time series
through the proposed GenTT framework offers a viable and often
superior alternative to traditional sequential methods, particularly for
high-frequency and noisy data. We instantiated the framework using
two generative architectures: GAN-based models, which produced
sharp, realistic predictions suitable for forecasting, and VAE-based
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models, which provided robust baseline estimation advantageous for
anomaly detection in high-noise environments.

This work addressed the following research questions:

• Geometric representation of temporal information (RQ1). We for-
malized HTE, an invertible encoding mapping timestamps to
positions on a helix, where seasonal recurrence corresponds
to angular proximity and temporal progression to axial dis-
placement. This deterministic geometric structure ensures
observations at similar seasonal phases remain proximal
regardless of chronological distance, enabling the model to
exploit seasonal patterns through spatial relationships.

• Conditioning mechanisms for generative synthesis (RQ2). We de-
signed the GenTT framework, which leverages time encodings
such as HTE to enable deep learning models to synthesize
seasonal time series by conditioning on temporal represen-
tations. This introduces an alternative approach where time
is treated as an explicit conditioning variable rather than an
implicit ordering dimension, enabling independent observation
generation and eliminating sliding window preprocessing
during both training and inference.

• Impact on deep learning architectures (RQ3a). Empirical evalu-
ation demonstrates that HTE consistently improves pattern
recognition capabilities across MLP, CNN, and LSTM archi-
tectures when applied to seasonal time series forecasting. The
consistency of these improvements indicates that benefits
derive from the temporal representation itself rather than
architecture-specific optimizations.

• Long-term forecasting performance (RQ3b). GenTT-based models
achieved competitive or superior performance in long-term
forecasting scenarios compared to established autoregressive
approaches. This advantage stems from eliminating com-
pounding errors: while autoregressive models propagate initial
inaccuracies, our conditional generation approach predicts
complete seasonal periods in a single inference step based
solely on timestamp-derived conditions.
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• Anomaly detection performance (RQ4). The GenTT framework
demonstrated substantial advantages over prediction-based
sliding window approaches in both detection performance and
resource efficiency. The framework achieved a 1,255-fold reduc-
tion in energy consumption compared to autoregressive LSTM
methods while maintaining stable performance with up to 15%
missing data and showing high resilience to noise. Training
time scaled efficiently with dimensionality, and inference time
remained independent of input dimensions, rendering the
approach suitable for edge computing environments where
minimizing continuous computational overhead is essential.
Furthermore, the system is naturally immune to contamination
from recent outliers.

• Real-time streaming anomaly detection (RQ5). Validation on
high-frequency instant payment systems confirmed the GenTT
framework’s practical viability in resource-constrained envi-
ronments. The modular MoGE architecture enables selective
model updates when concept drift occurs, reducing both
training time and energy consumption compared to complete
model retraining.

• Failure localization and impact assessment (RQ6). Application
to instant payment infrastructures demonstrated that the
anomaly detection framework built on GenTT facilitates early
detection of service degradation and failure localization across
distributed components. Furthermore, its explainability pro-
vides real-time insights to guide remediation efforts and assess
business impact.

10.2 critical discussion

Empirical evidence confirms that HTE combined with generative
models effectively captures temporal dependencies through geo-
metric constraints, guiding models toward temporally consistent
outputs without requiring lookback windows. This suggests that the
encoding successfully embeds the necessary temporal structure for
accurate prediction.
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The improved long-term performance of the GenTT-based model
compared to autoregressive approaches stems from preventing error
accumulation through independent conditional generation. While
sliding window methods face a trade-off between window size and
context retention, our approach leverages the entire historical dataset
during training to learn global patterns. This framework eliminates
the latency-accuracy trade-off inherent to sliding windows and re-
moves the complexity of optimizing window size parameters.

Computational advantages are particularly pronounced in high-
frequency streaming scenarios. Timestamp encoding enables both
accurate baseline generation and zero-latency anomaly detection by
decoupling contextual requirements from response time. By eliminat-
ing window-based processing, the hyperparameter search space is
reduced, as window-related parameters such as lookback size, stride,
and overlap are no longer present.

Furthermore, history-free inference provides operational resilience:
predictions can be generated solely from timestamps without main-
taining historical buffers or requiring ordered data streams. The
lightweight MLP-based architecture enables deployment on con-
sumer hardware without GPU acceleration, making advanced gener-
ative modeling accessible in edge environments.

10.3 limitations

The primary limitation of the proposed method is its dependence on
explicit seasonality. The approach requires a priori specification of the
seasonal period, a domain knowledge requirement that traditional
methods might discover automatically or implicitly. While this infor-
mation is typically available in seasonal forecasting applications, the
framework does not currently include automated methods for period
determination. Consequently, the approach is less suitable for non-
seasonal time series or data with highly irregular, non-cyclic patterns.

Although high-frequency time series often exhibit multiple
complex seasonalities (e.g., daily, weekly, and annual patterns), the
current implementation focuses on encoding a primary seasonal
cycle. While the framework can theoretically accommodate multiple
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periodicities through composite encodings, experiments primarily
validated the method on series where a dominant seasonality could
be explicitly identified.

Additionally, eliminating sliding windows, while advantageous for
long-term stability and efficiency, precludes immediate adaptation
to the most recent observations. This characteristic is beneficial in
stable contexts where temporary fluctuations should not influence the
baseline, but it disadvantages the system when immediate adaptation
to rapid concept drift is required. In highly dynamic environments,
hybrid mechanisms or periodic retraining strategies are necessary to
address significant distributional shifts.

10.4 implications and impact

The research presented in this thesis has direct implications for
real-time infrastructure. The proposed methods are being adopted
within TIPS, the instant payment settlement service of the Eu-
rosystem. Driven by the Instant Payments Regulation [116], the
onboarding of new currencies including the Swedish krona [112] and
Danish krone [490], the extension to the Western Balkans [23], and
cross-currency settlement capabilities [71, 336], the expansion of the
TIPS scope makes robust real-time failure detection essential. In such
time-critical environments where infrastructure issues immediately
impact end users, rapid failure localization and business impact
assessment are vital.

Beyond the financial domain, the GenTT framework holds broader
interdisciplinary potential. The increasing prevalence of high-
frequency sensors across sectors, including smart grids, intelligent
transportation systems, healthcare monitoring, and cybersecurity,
creates growing demand for lightweight, energy-efficient anomaly
detection solutions. The proposed generative approach, capable
of running on resource-constrained hardware with a lower carbon
footprint than sliding window methods, offers a sustainable path
for deploying advanced AI at the edge. Furthermore, GenTT could
also be extended to creative domains dealing with periodic signals,
such as audio generation.
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F U RT H E R R E S E A R C H D I R E C T I O N S

The GenTT framework extends beyond seasonal time series forecast-
ing and anomaly detection. This chapter outlines future research
directions, covering theoretical and methodological enhancements as
well as applications in cybersecurity, signal processing, and creative
arts.

Generative Residual Decomposition for Non-Seasonal Dynamics

To extend GenTT to non-seasonal or weakly periodic data, a gen-
erative residual learning approach could leverage the components
learned through encodings such as HTE, while delegating stochastic
residuals to foundation models or time series-adapted LLMs. This
approach would augment GenTT with the expressive capacity of
pre-trained transformers for irregular dynamics. This would reframe
synthesis as a neural signal decomposition task, extending applica-
bility to mixed-dynamic domains such as biomedical signals and
energy systems.

Furthermore, GenTT is suitable for uncertainty quantification.
Since the inference process generates a set of samples per seasonal
period, this empirical distribution can be directly leveraged to esti-
mate aleatoric uncertainty. Instead of collapsing samples into single
values per bucket, the framework can output empirical quantiles to
define prediction intervals. This enables the generation of statistically
calibrated confidence bands with guaranteed coverage probabilities
without requiring architectural modifications.

Theoretical Formalization and Geometric Extensions

Although the geometric intuition behind HTE is empirically robust,
formalizing these properties within manifold learning theory repre-

207



208 further research directions

sents a promising direction. A formal proof that the helical embed-
ding disentangles cyclic temporal dynamics in a structured geometric
space would strengthen the theoretical foundation, facilitating stable
conditional distributions for observations. Theoretical challenges in-
clude determining the expressiveness of the mapping (i.e., the class
of seasonal functions it can faithfully represent) and establishing
identifiability conditions that guarantee injectivity under irregular
sampling or overlapping multi-scale periodicities.

Additionally, alternative geometric representations could replace
HTE within the GenTT framework. For instance, toroidal encodings
could capture multiple nested periodicities simultaneously, while
polar coordinate systems might offer computational advantages. Ex-
ploring progression functions p(t) inspired by delay embedding
techniques from dynamical systems theory could further enhance
the framework’s ability to capture dynamics in complex time series.

Disentangled Latent Representations for Interpretability

Beyond the feature-based explainability presented in Chapter 9, in-
trinsic interpretability can be achieved through latent space disen-
tanglement. This involves enforcing constraints via regularization
techniques, such as β-VAE formulations or mutual information maxi-
mization, encouraging the model to map distinct dimensions of the
latent vector z to semantically meaningful factors of variation.

A disentangled latent space would enable controlled interventions
on the learned representation. By systematically perturbing individ-
ual latent dimensions, we could simulate counterfactual scenarios,
such as investigating how an anomaly would manifest under dif-
ferent intensity levels. This would transform the generative model
from an opaque synthesizer into an interpretable simulator, where
explanations derive directly from the underlying generative factors.

Automated Hyperparameter Optimization

While the proposed framework eliminates sliding window hyper-
parameters, architectural parameters such as network depth and
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latent space dimensionality still require optimization. Manual model
selection is time-consuming and prone to bias. Integrating Neural
Architecture Search (NAS) [107] to automate the search for optimal
architectures would streamline model development.

Time Series Disaggregation

Primary applications of GANs in time series have focused on data
augmentation or imputation [24, 125, 183]. However, GenTT could
offer an approach to temporal disaggregation, i.e., increasing time
series frequency while preserving temporal dynamics and integral
constraints. By adjusting the sampling strategy to generate more
points per seasonal period and defining finer temporal bins during
aggregation, the framework could produce higher-frequency time se-
ries that respect the dynamics captured during training. Unlike naive
upsampling methods that uniformly distribute aggregate values, this
generative approach would yield temporally informed disaggrega-
tion that approximates original high-frequency patterns.

Low-and-Slow Attack Detection

The independence of GenTT from recent observations would be ad-
vantageous for detecting stealthy attacks that slowly degrade system
performance. Traditional sliding window-based approaches often
adapt to gradually increasing attack traffic, interpreting malicious
patterns as legitimate trends (as shown in Figure 8.11, where models
with smaller sliding windows closely track anomalies, exhibiting ex-
cessive adaptation to recent inputs). In contrast, the proposed method
generates predictions based on patterns learned during training, re-
maining resistant to real-time manipulation.

Consider a slow-rate denial-of-service attack [299, 440] that in-
creases resource consumption gradually to avoid threshold-based
alarms. While a sliding window-based model might incorporate this
increase into its baseline, the GenTT-based approach maintains pre-
dictions anchored to historical normal behavior. This would provide



210 further research directions

early warning capabilities for low-and-slow attacks and quality-of-
service degradation that often evade adaptive detection systems.

Synthetic Data Generation and Model-Based Compression

The GenTT framework enables the on-demand generation of long
synthetic time series. For instance, in the instant payment scenario,
site reliability engineers can generate specific temporal patterns,
such as expected transaction volumes for particular days, to validate
system capacity and load balancing strategies.

Additionally, the model could serve as a compact representation
of the data for model-based compression. Rather than storing large
historical datasets, the trained generator could be deployed to gener-
ate realistic observations on demand. This is particularly valuable for
distributed load testing: lightweight models produce traffic patterns
locally, reducing storage needs and network bandwidth consumption
while maintaining original statistical properties.

Music Generation and Loopable Audio Synthesis

The capability of GenTT to generate periodic patterns could be ex-
tended to music generation. The musical instrument digital interface
(MIDI) format could be treated as a multivariate time series where
each channel represents a different instrument. In this context, rep-
resentations such as HTE would capture the periodicity inherent in
musical loops. This approach would enable two distinct applications:
generating loopable music where patterns repeat with subtle varia-
tions, and extending musical sequences while maintaining harmonic
consistency.



Part VI

A P P E N D I X

Your turn to generate.





a
S O F T WA R E I M P L E M E N TAT I O N

This appendix details the implementation of the GenTT framework
for seasonal time series forecasting and anomaly detection.

Figure a.1: Architecture of the GenTT framework. Core generative models
and time encodings support time series synthesis for forecasting
and anomaly detection tasks. Experiment tracking tools provide
infrastructure for model development and evaluation.

As illustrated in Figure a.1, the codebase is organized into hi-
erarchical components based on functionality. At the core is the
time encoding layer implementing HTE, which serves as input to
the cGAN and cVAE. These models support both forecasting and
anomaly detection tasks; the latter extends the forecasting archi-
tecture. The implementation relies on TensorFlow [400], leveraging
computational graphs and GPU acceleration for training.

The experiment tracking system integrates MLflow [275] for log-
ging model parameters, metrics, and artifacts; Optuna for hyper-
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parameter optimization; and TensorBoard [399] for computational
graph inspection and training visualization. This integration enables
reproducible experimentation and systematic comparison across con-
figurations and datasets.

Future extensions include additional generative architectures such
as diffusion-based models, alternative temporal encoding schemes
(e.g., toroidal and polar representations), and support for tasks be-
yond forecasting and anomaly detection.



b
I N T E G R AT I O N W I T H M O N I T O R I N G
I N F R A S T R U C T U R E

This appendix details the integration of the GenTT framework
into the Elastic stack [17] for real-time anomaly detection in the
TIPS infrastructure. The proposed architecture combines an ETL
pipeline for telemetry ingestion, a GPU-enabled environment for
model training, a centralized tracking server for model management,
and Kibana [197] for visualization.

Figure b.1: Integration architecture of the GenTT framework within a moni-
toring infrastructure. Data flows from tracing logs through the
ETL pipeline (Logstash, ksqlDB) to Elasticsearch. The business
logic component handles model training and inference, interacts
with the tracking server for model lifecycle management, and
pushes predictions back to Elasticsearch.

Data flow begins with the streaming extraction of ISO 20022 tracing
data from distributed application nodes, as illustrated in Figure b.1.
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Source-level filtering and Logstash [272] preprocess the data, while
ksqlDB [491] handles complex message correlation to reconstruct
complete transactions (Chapter 9). Reconstructed transactions are
enriched with derived features such as processing times (ϱ1, ϱ2, ϱ3) and
indexed in Elasticsearch, enabling both analysis and model training.

Model training occurs within a dedicated GPU environment in-
terfacing with a central tracking server (MLflow [275]). This server
logs experiment metadata including parameters, metrics, and model
lineage; stores trained model binaries in an artifact repository; and
provides an interface for experiment comparison and model registry
management. The training module periodically queries Elasticsearch
for recent historical data to retrain or fine-tune the GenTT model,
adapting to evolving seasonal patterns. Training metadata is logged
to the tracking server, and validated models are tagged and deployed
to the registry for production inference.

Predictions are written to local files, read by Filebeat, and for-
warded to an Elasticsearch index. Anomaly scores are computed in
real time by comparing predictions against actual observations. This
integration leverages native Elasticsearch anomaly detection capabili-
ties by applying dynamic thresholding directly to calculated anomaly
scores and utilizing built-in alerting functionality. Kibana dashboards
visualize results in real time, allowing operators to monitor system
behavior and assess detected anomalies.
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