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Benchmarking Self-Supervised Log Embeddings Across Log Modalities and Evalu-
ation Targets

Hongliang Zhong

Department of Industrial and Materials Science

Chalmers University of Technology

Abstract

Log data are increasingly used to support monitoring, troubleshooting, anomaly
detection, and operational decision making in software, industrial, and process sys-
tems. These records contain heterogeneous information, including structured fields,
message text, event sequences, timestamps, and numerical values. Embedding meth-
ods can convert such records into fixed-dimensional vectors for downstream analysis,
but the usefulness of an embedding depends on which parts of the original input
unit remain accessible after representation construction.

Evaluating log embeddings is challenging because log data do not form a single
homogeneous modality. Input units can range from individual rows to fixed windows
and larger operational traces, and each scale exposes different event-level, sequence-
level, numerical, and behavioural structure. At the same time, downstream scores
can reflect only one aspect of an embedding space. A classifier score, retrieval result,
clustering metric, numerical probe, weak outcome target, or runtime measurement
may therefore lead to different conclusions about the same representation.

The aim of this thesis is to benchmark and analyse log embeddings across heteroge-
neous log settings, with emphasis on what different representation methods preserve.
The study compares strong transparent baselines with self-supervised learned em-
beddings based on reconstruction, contrastive, and hybrid objectives. Four datasets
are used to cover structured row-level logs, operational row and window logs, block-
level system event sequences, and process-oriented subprocess logs. The embeddings
are evaluated using probes, retrieval, clustering, numerical recovery, weak outcome
targets, and runtime.

The results show that log embedding quality is conditional on the relation between
the input unit, the available observable structure, and the evaluation target. Simple
baselines remain strong when the target is close to explicit fields, tokens, counts, or
numerical summaries. Learned embeddings provide clearer benefits when the target
depends on context or relations across events. The main conclusion is methodolog-
ical: log embeddings should be evaluated as profiles of preserved information, with
method selection grounded in the intended analysis use.

Keywords: log embeddings, representation learning, self-supervised learning, log
analysis, benchmark evaluation, operational logs
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1

Introduction

Log embeddings are treated in this thesis as representation choices for heterogeneous
operational records. The introduction frames the problem setting, motivates the
benchmark, defines the research questions, and outlines the scope and structure of
the study.

1.1 Background

Modern software, industrial, and cyber-physical systems continuously record opera-
tional behaviour. These records include software logs, event traces, alarms, process
events, sensor-related values, maintenance information, and other system obser-
vations. They are used for monitoring, troubleshooting, anomaly detection, opera-
tional analysis, predictive maintenance, and decision support [36, 3, 4]. In industrial
settings, such data are often collected for supervision and operation first, and only
later reused for machine-learning workflows and analytical decision support [17].

These operational records are not a single data type. Logs appear as structured
rows, semi-structured messages, ordered event sequences, textual templates, times-
tamped records, and process traces. Practical systems often combine several of these
forms [19, 36]. Meaningful system behaviour can therefore be expressed through
fields and messages, through event order and numerical values, or through temporal
patterns across cases, windows, and trajectories.

Representation construction is therefore a central part of log analysis. Once logs
are grouped and encoded for machine learning, only part of the recorded behaviour
remains directly accessible to downstream models. Prior work on log parsing shows
that there is no single parser that performs best across all log datasets [37], and that
representation choices can affect downstream anomaly-detection performance [18].
These findings motivate studying log embeddings as representation choices whose
usefulness depends on log modality, input unit, and evaluation target.
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1.2 Problem Framing

The central problem addressed in this thesis is the evaluation of what different log
embeddings preserve. Constructing an embedding is only one part of the repre-
sentation problem; judging its usefulness requires attention to the information that
remains accessible after encoding. A representation that is useful for one analysis
target may discard information needed for another. For example, a representation
can preserve event identity while losing numerical state information. Another repre-
sentation may support anomaly classification while producing weak neighbourhood
structure, or encode local sequence patterns without preserving interpretable global
clusters.

This problem is amplified by the heterogeneity of log data. Structured row-level
logs, event-sequence logs, process-oriented event logs, and operational logs with
numerical values expose different kinds of information. These differences become
more pronounced when records are represented at different behavioural scales. A
benchmark that uses only one log type or one input unit can therefore make a method
appear generally effective when it is only well matched to a specific modality-target
combination.

Evaluation is a second part of the problem. In many practical settings, labels are
limited, incomplete, or describe only one aspect of the data [19, 3]. A single classifier
score or anomaly-detection metric cannot show whether a representation captures
reusable structure or only target-specific signals. The thesis therefore treats strong
baselines and multiple evaluation views as part of the representation problem, with
the related literature discussed further in Chapter 2.

1.3 Motivation

The motivation for this thesis is the gap between the availability of log data and the
ability to judge whether a representation is useful for analysis. Operational systems
already produce records that describe events, states, components, messages, and
numerical values. Once these records enter a machine-learning pipeline, however,
their usefulness depends on how they are grouped, encoded, and evaluated. A
representation that appears successful under one target may still hide information
that matters for another form of analysis.

This creates a practical selection problem. In operational log analysis, an analyst
must decide whether explicit fields, event counts, sequence summaries, or text fea-
tures are sufficient, or whether a learned encoder is worth the added training cost
and complexity. The answer depends on the target: classification, retrieval, clus-
tering, numerical recovery, weak outcome prediction, and runtime-constrained use
place different demands on the same embedding. The benchmark in this thesis is
motivated by that decision point and compares simple and learned representations
across several evaluation views.
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1.4 Aim and Research Questions

The aim of this thesis is to benchmark and analyse log embedding methods across
multiple log modalities, input units, and evaluation settings.! The thesis com-
pares strong baseline representations with self-supervised reconstruction-based, con-
trastive, and hybrid embedding methods. The focus is on what different embeddings
preserve, how their performance depends on modality and target choice, and how
evaluation views reflect different aspects of representation quality.

The thesis is guided by the following research questions (RQs):

RQ1: To what extent do log embeddings preserve event-level, sequence-level, be-
havioural, and numerical structure across different log datasets and input
units?

RQ2: How do strong baseline representations compare with reconstruction-based,
contrastive, and hybrid self-supervised embeddings across dataset settings?

RQ3: How consistent are probe, retrieval, clustering, numerical, and weak outcome
evaluations in ranking log embeddings?

The main contributions are:

e a benchmark pipeline for evaluating log embeddings across heterogeneous log
datasets and input units;

e a comparison between strong baseline representations and self-supervised
learned embeddings;

« a multi-view evaluation covering probes, retrieval, clustering, numerical recov-
ery, weak outcomes, and runtime.

1.5 Scope and Delimitations

This thesis focuses on benchmarking log embedding methods at the representa-
tion level. The study assumes that logs are already available in a structured or
partially structured form. Log parsing is therefore outside the main experimental
scope. Existing event identifiers, templates, categorical fields, timestamps, numeri-
cal attributes, and contextual identifiers are used when available. Preprocessing is
used to construct suitable embedding inputs; the quality or improvement of parsing
algorithms is not evaluated.

!The thesis project repository is available at https://github.com/Lyra-z/
log-to-vec-thesis.git.


https://github.com/Lyra-Z/log-to-vec-thesis.git
https://github.com/Lyra-Z/log-to-vec-thesis.git

1. Introduction

The study also assumes that the prepared benchmark data are sufficiently com-
plete and consistent for representation learning. Missing values, corrupted records,
timestamp errors, duplicate handling, data-quality repair, and uncertainty intro-
duced by sensor or logging failures are outside the experimental scope. These issues
are important in deployed operational systems, but the present work isolates the
representation and evaluation problem after usable log records have been prepared.

The experiments are limited to unsupervised and self-supervised embedding settings.
Labels, when available, are used only for evaluation and not for training. The thesis
does not aim to develop a new log parser, a production anomaly detector, or a general
foundation model for operational data. Both synthetic and real-world datasets are
included: synthetic datasets provide controlled structural or latent information,
while real-world datasets provide less controlled evaluation conditions. The findings
should therefore be interpreted as benchmark evidence within the selected settings,
with limited claim to generality across all log embedding tasks.

1.6 Thesis Structure

The thesis is organised as follows:

o Chapter 2 introduces the conceptual and methodological background for log
representation construction, embedding method families, and multi-view eval-
uation.

o Chapter 3 presents the benchmark datasets and describes the log modality,
input unit, and evaluation role of each dataset.

o Chapter 4 describes the benchmark pipeline, embedding methods, training
objectives, evaluation protocol, and experimental settings.

o Chapter 5 reports the empirical results across log representation settings and
evaluation focuses.

o Chapter 6 discusses the findings in relation to the research questions, practical
implications, and validity threats.

o Chapter 7 concludes the thesis.
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Background and Related Work

The benchmark builds on three concepts: the unit represented by an embedding,
the information used to construct that embedding, and the evaluation view used to
inspect it. This chapter defines these concepts and positions the study in relation
to log analysis, representation learning, and benchmark evaluation.

2.1 Log Units and Representation Choices

The term log modality is used here for the dominant form in which recorded be-
haviour is made available to a model. Examples include structured rows, event
sequences, textual messages, numerical fields, and process-event traces. A single
dataset can contain several modalities at once: one record may include an event
identifier, a timestamp, a message template, a severity field, and numerical payload
values.

The input unit is the object represented by one embedding. It may be a single
event record, a fixed window, or a larger operational episode such as a block trace,
process case, or subprocess instance. This choice determines the behavioural scale
of the representation. A row-level unit emphasises fields attached to one event.
A sequence or window exposes local order, repetition, duration, and transition pat-
terns. Sequence-based log analysis methods make this ordering explicit by modelling
logs as event sequences and using event context to identify abnormal or meaningful
behaviour [10].

A log representation specifies how the selected unit is converted into a machine-
learning input. An embedding is a fixed-dimensional vector representation of that
unit. The embedding may preserve event identity, local sequence patterns, process
context, numerical state, message content, or combinations of these sources. The
method families described below differ in which input information they use and in
how they shape the resulting embedding space.
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2.2 Temporal and Numerical Structure in Logs

Operational logs often have a temporal structure even when they are not modelled
as conventional time series. A timestamped event log records what happened and
when it was recorded. An event sequence records order, repetition, and local con-
text. A process trace or subprocess instance records a bounded operational episode.
Numerical payloads, sensor-related values, durations, and counters add state infor-
mation that can change over time. These properties make time part of the meaning
of many log records, extending its role beyond an index used for sorting.

The transition from record to representation determines which temporal relations
remain available to a model. Row-level representations expose the fields of a single
event but provide limited context about what came before or after it. Window-
level and sequence-level representations expose local order, transitions, and repeated
patterns. Block-level and subprocess-level units describe larger operational episodes,
where event counts, activity sets, duration, and outcome labels can all become
relevant. Input-unit construction is therefore a temporal representation choice as
well as a data-preparation step.

Time-series representation learning provides useful concepts for analysing temporal
neighbourhoods, temporal dependencies, and numerical dynamics [30, 35]. These
ideas are relevant to log embeddings because many input units contain ordered
events, durations, counters, or sensor-related values. In a log-embedding benchmark,
such structure can be evaluated by asking whether the embedding preserves event
order, transition information, duration, sequence length, or numerical state.

2.3 Log Embedding Method Families

Embedding methods differ in two main respects: the input information available to
the representation and the objective used to organise the embedding space. Each
method family carries an implicit assumption about what should be preserved. Base-
line methods assume that observable fields, counts, lexical content, or summary
statistics already contain recoverable structure. Learned methods train an encoder
to compress or organise the selected input unit through a self-supervised objective.
Hybrid methods combine objectives when both input preservation and neighbour-
hood organisation are intended.

2.3.1 Baseline Embeddings

Baseline embeddings are non-neural representations built from observable input fea-
tures. They provide a reference for how much structure is already available before
a learned encoder is introduced. This role is important in log data because many
targets are closely connected to explicit identifiers, repeated event templates, struc-
tured numerical values, or informative message tokens.

6



2. Background and Related Work

Baseline features usually come from three sources: structured fields, sequence sum-
maries, and text. For structured log rows, categorical fields such as event identifiers,
components, severity levels, states, and resources can be represented with one-hot
or count-based encodings. Numerical fields can be scaled directly or summarised
over a sequence or window.

For sequence-like input units, event counts describe which events occur, n-gram
counts describe short local patterns, and transition counts describe adjacent event
changes. For text fields and message templates, sparse lexical features represent the
words or tokens present in the sample. Term frequency—inverse document frequency
(TF-IDF) weighting increases the weight of terms that are frequent in a sample but
less common across the dataset [27].

Sparse categorical, count, n-gram, and TF-IDF features can be high-dimensional.
Singular value decomposition (SVD) is used to produce dense fixed-dimensional
embeddings [8]. These baselines are transparent because their information source is
explicit, which makes them useful for interpreting whether a learned method adds
information beyond observable structure.

2.3.2 Neural Encoder and Decoder

Learned embedding methods are organised around an encoder, with optional heads
depending on the training objective. The encoder maps the selected input unit to a
fixed-dimensional vector. The decoder or prediction head maps the encoder output
back to reconstruction targets when reconstruction is used. A projection head can
be added during contrastive training to compute the contrastive loss while leaving
the final embedding source unchanged.

The encoder choice depends on the input unit and on the relations that should be
expressible. A multilayer perceptron (MLP) is suitable for a single structured row
represented by categorical, textual, and numerical feature vectors [26]. Recurrent
encoders such as the gated recurrent unit (GRU) process ordered inputs step by
step and maintain a hidden state over the sequence [5]. Transformer encoders use
self-attention to model relationships between positions in a sequence [32].

These architectures support different log inputs. MLPs suit compact row represen-
tations, recurrent encoders suit ordered sequences, and Transformers can be used for
event-token sequences, field-token sequences, and window-level log representations.
The architecture helps determine whether the embedding behaves as a row rep-
resentation, a sequence representation, or a representation of interactions between

fields.

2.3.3 Reconstruction-based Embeddings

Reconstruction-based embeddings use an encoder-decoder architecture. The en-
coder maps an input sample to a latent representation, and the decoder reconstructs

7
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the input from this representation. The encoder output is used as the embedding.
This follows the autoencoder principle of learning compact representations through
reconstruction [12].

For log data, reconstruction can target categorical fields, numerical values, message
tokens, event identifiers, or ordered event sequences. Masked reconstruction hides
selected parts of the input and trains the model to recover them from the remaining
context. This objective is related to denoising autoencoders and masked language
modelling [33, 9].

Reconstruction encourages the embedding to retain information needed to reproduce
the observable record. Its relevance depends on the relation between the reconstruc-
tion target and the later evaluation target. When evaluation is close to reconstructed
fields, reconstruction is well aligned with the downstream view. When evaluation
depends on unobserved behaviour or weak outcomes, reconstruction can preserve
input detail without fully organising the embedding around that target.

2.3.4 Contrastive Embeddings

Contrastive embeddings are learned by comparing related and unrelated samples.
A common design uses an encoder and a projection head. Two augmented views
of the same input are treated as a positive pair, while views from different inputs
are treated as negative examples. Training encourages positive pairs to be close
and negative examples to be separated in the projected space. This principle is
used in contrastive predictive coding and later contrastive representation learning
methods [24, 2].

For log data, contrastive views can be created through weak perturbations such
as token dropout, field masking, event dropout, span masking, or sequence crop-
ping. For sequential data, temporal neighbourhoods and local subsequences can
also provide self-supervised signals [30, 35]. Contrastive learning places emphasis on
relative similarity. Its effectiveness depends on whether the augmentations preserve
the meaning of the input unit while still creating a training signal that separates
useful neighbourhoods. In log settings, augmentation design becomes part of the
representation assumption: dropping an event, masking a field, or cropping a se-
quence implies that the remaining view should still represent the same underlying
unit.

2.3.5 Hybrid Embeddings

Hybrid embeddings combine reconstruction-based and contrastive objectives in one
model. The reconstruction objective encourages the representation to preserve re-
coverable input information, while the contrastive objective shapes similarity rela-
tions between augmented views. The final embedding is normally taken from the
shared representation before the objective-specific heads. Hybrid learning is useful
when information preservation and neighbourhood organisation are both relevant.

8



2. Background and Related Work

The two objectives can emphasise different information, so their effect needs to be
evaluated empirically.

2.4 Evaluation of Log Embeddings

After an embedding has been constructed, evaluation asks what information remains
accessible and how the embedding space is organised. No single view captures all
properties of a representation. A probe tests target recovery, retrieval examines local
neighbourhoods, clustering describes global grouping, and numerical probes assess
retained continuous state information. The benchmark therefore treats evaluation
as a profile of representation properties, with each view defining one part of the later
metric design.

2.4.1 Probe Evaluation

Probe evaluation asks whether target information is accessible from frozen embed-
dings. A simple supervised model is trained on top of the embeddings, while the
embedding model itself remains fixed. Classification probes are used for categori-
cal targets, such as event categories, anomaly status, behaviour classes, or process
activities. Regression probes are used for continuous targets, such as duration, risk
level, sequence length, or numerical payload values.

Linear classifier probes are common because they test whether a target can be
recovered through a simple decision boundary [1]. A high probe score indicates that
the target information is available to a lightweight downstream model. It does not
imply that samples with the same target form clear clusters or that the embedding
is organised around that target.

2.4.2 Retrieval Evaluation

Retrieval evaluation asks whether local neighbourhoods in the embedding space cor-
respond to meaningful similarity. Given a query embedding, the nearest embeddings
are retrieved from a reference set, and their labels or attributes are compared with
the query. If the embedding space is organised around the evaluated target, similar
samples should appear among each other’s nearest neighbours.

Precision at k measures the fraction of the k retrieved neighbours that match the
query target [23]. Jaccard overlap can also be used when the target is a set, such as a
set of subprocess activities. Higher values indicate better neighbourhood agreement.

2.4.3 Clustering Evaluation

Clustering evaluation asks whether the embedding space contains global groups that
correspond to known categories. A clustering algorithm is applied without using the
target labels, and the resulting cluster assignments are compared with the labels.
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Adjusted Rand index (ARI) compares cluster assignments with reference labels while
correcting for chance [13]. A value of 1 indicates perfect agreement, values near 0
indicate chance-level agreement, and negative values can occur. Normalised mutual
information (NMI) measures shared information between cluster assignments and
labels [29]. Silhouette score measures how close samples are to their assigned cluster
compared with other clusters [25]. Higher values are better for all three metrics.

Clustering scores need careful interpretation for log embeddings. A representation
may preserve probe-accessible or local-neighbourhood information even when global
clusters are weak. This is especially likely when labels are imbalanced, factors
overlap, or behaviour changes continuously.

2.4.4 Classification and Regression Metrics

Classification and regression metrics quantify the targets used in probes and task-
oriented evaluations. Classification probes and task-oriented evaluations use F1
score, precision, recall, area under the receiver operating characteristic curve (AU-
ROC), and area under the precision-recall curve (AUPRC). Precision measures the
fraction of predicted positive samples that are correct, while recall measures the frac-
tion of true positive samples that are found. F1 is the harmonic mean of precision
and recall. AUROC measures how well a score ranks positive samples above nega-
tive samples across classification thresholds [11]. AUPRC summarises the precision—
recall curve and is often informative when the positive class is rare [7]. For these
metrics, higher values are better.

Numerical probes use regression metrics to assess whether continuous information
remains recoverable from the embedding. R? measures how much target variance is
explained by the prediction. A value of 1 indicates perfect prediction, 0 corresponds
to predicting no better than the target mean, and negative values indicate worse
performance than this baseline. Mean absolute error (MAE) measures the average
absolute prediction error, so lower values are better. Spearman correlation measures
rank association between predicted and true values; higher positive values indicate
better preservation of numerical ordering.

2.4.5 Task-oriented and Weak Outcome Evaluation

Task-oriented outcome evaluation asks whether an embedding supports labels con-
nected to practical analysis goals, such as anomaly detection, failure prediction, or
operational response classification. These labels connect representation quality to
possible use cases, while still giving only a partial view of the embedding.

In log datasets, an outcome label may be attached to a session, case, process, or
system state, while the embedded sample may describe only part of that context.
The label may also be coarse, noisy, or influenced by information that is not avail-
able in the embedded sample. Such labels are treated as weak outcome targets.
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They provide auxiliary evidence and are interpreted together with probes, retrieval,
clustering, numerical recovery, and runtime.

2.5 Related Work and Benchmark Positioning

Prior work on log analysis has mainly developed along three connected lines. The
first concerns log parsing and dataset construction. Benchmark resources such as
Loghub and Loghub-2.0 provide structured datasets and parsing results for repro-
ducible log analysis [36, 16], while LogAl provides a toolkit for log analytics work-
flows [4].

The second line concerns task-oriented log analysis, especially anomaly detection
and system behaviour modelling. DeepLog is an early example of using event se-
quences for anomaly detection [10]. Broader surveys identify preprocessing, model
architecture, input representation, and evaluation design as recurring factors in deep
log anomaly detection [19].

A third line concerns benchmark validity and the role of comparison methods. Lan-
dauer et al. report that common log anomaly-detection datasets may contain sig-
nals detectable by simple techniques [20]. Similar concerns have been raised in other
machine-learning settings, where learned models can appear stronger when competi-
tive simple methods are absent [6]. These findings are relevant here because baseline
representations provide evidence about observable log structure. They help deter-
mine how much information is already available before more complex embedding
methods are introduced.

Time-series representation learning provides related background for temporal con-
text, numerical state, and sequence-level representation [30, 35]. This thesis uses
that connection to interpret logs with order, duration, windows, and numerical fields.
The study remains positioned in log embedding evaluation. It evaluates frozen em-
beddings before task-specific modelling, compares baseline and self-supervised rep-
resentations, and uses several evaluation views to separate representation behaviour
from the performance of one downstream model.
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3

Datasets

This chapter describes the datasets used in the benchmark and defines their ex-
perimental roles. The emphasis is on the form of each log source, the input unit
constructed from it, and the evaluation targets supported by the available fields.

3.1 Dataset Selection and Benchmark Role

Four datasets are selected to cover different forms of log representation. The result-
ing benchmark includes input units ranging from individual event records and fixed
windows to block traces and subprocess instances. Table 3.1 summarises the source,
input unit, scale, and role of each dataset.

The two synthetic datasets provide controlled settings in which the relationship be-
tween observable log records and evaluation targets is known by design. The PLC-
like Log dataset represents row-level structured logs with coherent relationships
between event types, components, severities, payload fields, and rendered messages.
SynlOL represents operational event logs generated from latent behaviour dynam-
ics, which makes it possible to evaluate behaviour labels, transition structure, and
numerical state variables. These datasets support controlled comparison, but they
are not intended to replace evidence from real operational logs.

The two real datasets provide complementary benchmark settings. HDFS repre-
sents a widely used system-log dataset with block-level event sequences and coarse
anomaly labels. The IoT-Enriched Event Log represents a process-oriented event
log in which subprocess activity sequences are connected to operation context and
weak process outcomes. Together, the four datasets allow embeddings to be eval-
uated under different input-unit constructions, from individual records to grouped
windows and trace-like instances. Figure 3.1 summarises how these sources map to
the input units and evaluation structure used in the benchmark.

The overview shows that the benchmark is not organised around dataset size alone.
Each dataset contributes a different input-unit structure and evaluation role, which
is why later chapters report results by representation setting.
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ture: event fields, activity content, order, transitions, nu-
merical state, duration, anomaly labels, and weak outcomes.

Figure 3.1: Relationship between benchmark datasets, input units, and evaluation
structure.

Table 3.1: Overview of the benchmark datasets.

Dataset Source Input unit Scale Role

PLC-like Log Synthetic Structured log row 50,000 rows Row-level semantic and anomaly-related structure
SynlOL Synthetic Event row and event window 76,800 events Latent behaviour, transition, and numerical structure
HDFS Real system log  Block-level event sequence 575,061 blocks Anomaly-related structure in system logs

IoT-Enriched Event Log Real process log Subprocess activity sequence 3,117 subprocesses Operation-related and weak outcome structure

3.2 PLC-like Log

A programmable logic controller (PLC) is used in industrial automation and con-
trol systems [14]. The PLC-like Log dataset is a synthetic structured log dataset
generated for the benchmark. It resembles local log events that may be produced
by a programmable controller or an industrial control environment. Each sample is
one timestamped structured log row, with identifiers, timestamp information, event
descriptors, severity level, rendered message text, structured JavaScript Object No-
tation (JSON) payload, and labels. The dataset supports the evaluation of row-level
semantic and anomaly-related structure.

The event-level structure is defined through a fixed vocabulary covering controller
state, process measurement, actuation, alarm handling, communication, watchdog
monitoring, configuration, maintenance, and production-cycle events. The com-
plete event vocabulary and the corresponding payload fields are provided in Ap-
pendix A.1 and Appendix A.2, respectively. The dataset uses four severity levels:
INFO, WARNING, ERROR, and CRITICAL. Severity and alarm-related event types are
motivated by industrial alarm-management settings, where alarms and events indi-
cate abnormal conditions, equipment-related issues, or situations requiring opera-
tional attention [15].

The categorical fields are not generated independently. To make the generated rows
structurally coherent, the generator defines relationships between event types, com-
ponents, severity levels, and payload content. As a result, event types are associated
with compatible components and event-specific payload structures. The structured
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payload is stored as compact JSON, and the message field is generated from event-
specific templates using the payload and row-level context. Each event therefore
contains both machine-readable structured fields and human-readable log text.

Table 3.2 summarises the generated dataset. Normal rows are labelled as nor-
mal, while selected event types define anomaly-related labels. Temperature alarms,
pressure alarms, communication errors, and unsafe controller stops are mapped to
anomaly categories such as thermal alarm, pressure alarm, communication fault,
and unsafe stop.

Within the benchmark, this dataset serves as a row-level representation setting. It
tests whether embeddings capture the semantic relations present in structured fields
and rendered messages. Since the dataset is synthetic, the results are interpreted
as evidence from a controlled industrial-control-inspired setting, not as a direct
measurement of deployment performance in a real PLC environment.

Table 3.2: Descriptive statistics of the PLC-like Log dataset.

Statistic Count Percentage
Log rows 50,000 -
Event types 14 -
Message templates 42 —
Components 12 -
Normal rows 43,318 86.64%
Anomalous rows 6,682 13.36%

3.3 SynlOL

Synthetic Industrial Operational Logs (SynIOL) is a synthetic industrial operational
log dataset generated from controlled latent operational dynamics. The underlying
behaviour structure is known, while each observable event is represented as a struc-
tured log record. This design supports analysis of whether embedding methods can
recover behaviour-related structure from observable event sequences.

The dataset has a two-level design. At the row level, each event is treated as
one input unit. At the window level, consecutive events within a trajectory are
grouped into log windows. These two views separate individual-event representation
from behaviour- and transition-oriented sequence representation. They also expose
different forms of information relevant to temporal analysis, including event-local
fields, ordering relations between events, and behaviour patterns across a window.

Each SynlOL trajectory represents one simulated operational episode and provides
the main sequential unit of the dataset. A trajectory consists of multiple behaviour
segments, and adjacent segments may be connected by transition regions. Each
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segment is generated from one latent behaviour family. The dataset contains five
behaviour families. These behaviours are summarised in Table 3.3.

Table 3.3: Latent behaviour families in SynIOL.

Behaviour family Operational interpretation Main pattern
Fast Stable Recovery A disturbed system returns to a stable condition relatively quickly. Fast recovery
Delayed Recovery The system recovers more slowly or with partial interruption. Slow recovery
Oscillating Instability The system alternates between improvement and regression. Oscillation
Cascading Failure Degradation propagates across components over time. Component cascade

Normal Stable Operation The system remains in a low-risk state with generally healthy components. Normal operation

SynlOL separates fields available to embedding methods from fields retained only
for evaluation. The observable part of each event is designed as a structured opera-
tional log record. This follows the general event-log perspective, in which events are
recorded with attributes such as case identifiers, activities, timestamps, resources,
and additional data fields [31]. In SynIOL, the observable fields include the trajec-
tory identifier, event index, timestamp, event type, component, severity, observed
state, message, sensor value, and control value.

The event vocabulary covers monitoring events, control-related events, warning
and error events, communication-related events, diagnostic events, recovery actions,
retry operations, maintenance checks, and healthy-status reports. The full event
vocabulary and its functional interpretation are provided in Appendix A.3.

The hidden evaluation fields describe the latent process state used to generate the ob-
servable events. These fields include the behaviour label, behaviour variant, segment
identifier, transition flag, source and target behaviour during transitions, transition
progress, risk level, load level, recovery progress, component health values, and the
primary affected component. These fields are not used as model input, but they
are retained so that row-level and window-level evaluation targets can be derived
consistently.

The generation process includes noise and observation uncertainty. The observed
severity and state are not deterministic copies of the hidden operational state. They
may be delayed, noisy, or affected by false-positive and false-negative observations.
The generator also supports irrelevant event noise, numerical noise, component
noise, and multiple noise configurations. The benchmark uses three versions: clean,
moderate noise, and high noise. They share the same latent design but differ in the
amount of observational noise. Table 3.4 summarises these versions, and Table 3.5
summarises the generated dataset scale.

SynlOL provides the main setting for analysing temporal, behavioural, and numeri-
cal structure. Behaviour labels and transition flags test whether embeddings retain
latent process organisation. Numerical targets, such as risk level, load level, recovery
progress, and component health values, test whether continuous operational state
remains recoverable from the representation. The noise versions allow the same
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embedding methods to be compared under progressively weaker correspondence be-
tween the hidden state and the observed log record.

Table 3.4: SynlOL dataset versions.

Version Description

Clean Low observational noise and clear correspondence be-
tween latent state and observed logs

Moderate noise Increased irrelevant events, numerical noise, and obser-
vation uncertainty

High noise Stronger noise and weaker correspondence between latent
state and observed logs

Table 3.5: Descriptive statistics of the SynIOL dataset.

Statistic Count Percentage
Events 76,800 -
Trajectories 120 -
Events per trajectory 640 -
Transition events 9,107 11.86%

3.4 HDFS

The Hadoop Distributed File System (HDFS) is a distributed file system designed
for large-scale data storage and processing [28]. HDF'S logs have been extensively
used in log analysis and anomaly detection research [36]. The HDFS log dataset
was originally generated in a private cloud environment using benchmark workloads,
and anomaly labels were assigned using handcrafted rules [34].

A key property of this dataset is its block-level structure. Log messages can be
grouped by block identifier, and each block trace is associated with a binary ground-
truth label indicating whether the block is normal or anomalous. This makes the
dataset suitable for evaluating whether embeddings preserve anomaly-related struc-
ture in structured system logs. However, the binary label is coarse and does not
describe fine-grained operational behaviours or latent failure mechanisms.

The structured HDF'S logs are obtained from Loghub-2.0, which provides improved
log templates compared with the earlier Loghub release [16]. Since Loghub-2.0 does
not directly include the original anomaly labels, the block-level labels from the
original Loghub release are used together with the structured Loghub-2.0 records in
this benchmark.

Table 3.6 summarises the scale and label imbalance of the HDFS dataset. According
to the Loghub-2.0 parsing results, the structured records contain 46 unique event
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templates, represented as EventId values in the benchmark. These event identi-
fiers form the main symbolic vocabulary for the block-level event sequences. The
benchmark uses a 100,000-sample block-level subset because of the scale of the full
dataset. The construction of this subset is described in Chapter 4.

HDEFS contributes a real system-log sequence setting. Its main role is to test whether
embeddings preserve anomaly-related information in block-level event sequences.
The strong class imbalance and coarse binary labels limit the interpretation of the
results. A high score on this dataset indicates that the representation supports
the available anomaly label, but it does not by itself explain the underlying failure
mechanism.

Table 3.6: Descriptive statistics of the HDFS dataset.

Statistic Count Percentage
Structured log lines 11,167,740 —
Unique block IDs 575,061 -
Normal blocks 558,223 97.07%
Anomalous blocks 16,838 2.93%
Normal log lines 10,884,910 97.47%
Anomalous log lines 282,830 2.53%
INFO log lines 10,805,922 96.76%
WARN log lines 361,818 3.24%

3.5 IoT-Enriched Event Log

The IoT-Enriched Event Log is a process-mining event log generated from a physi-
cal smart factory model. The log was created using the DataStream/SensorStream
eXtensible Event Stream (XES) extension and contains process events enriched with
Internet of Things (IoT)-related information [21, 22|. The original release is pro-
vided as a collection of XES event-log files and includes both a native version with
data quality issues and a cleaned version in which these issues are removed. The
benchmark uses the cleaned event log.

The dataset has a hierarchical process-log structure. It contains top-level process
events, subprocess events, and IoT-enriched contextual information. The main pro-
cess log describes high-level operations executed by machine resources, while subpro-
cess instances describe lower-level activities associated with these operations. Each
subprocess instance contains an ordered activity sequence, the corresponding par-
ent activity, resource information, subprocess duration, and a success/failure label
derived from the parent operation state.

The original dataset also includes sensor-related information and semantic descrip-
tions based on a domain ontology. The structured version used here focuses on
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event-log embedding, so sensor time series and ontology-based reasoning are outside
the scope of the benchmark input.

The structured version is the smallest dataset in the benchmark. Despite its lim-
ited size, it provides an industrial process-oriented setting in which each sample is
represented by an ordered subprocess activity sequence. Table 3.7 summarises the
dataset statistics.

Table 3.7: Descriptive statistics of the loT-Enriched Event Log dataset.

Statistic Count Percentage
Subprocess samples 3,117 -
Unique subprocess activity templates 236 -
Templates linked to one parent activity 211 89.41%

The template distribution indicates a strong template-driven structure, while the
dataset still includes cases where similar subprocess sequences appear in different
operational contexts. This makes the dataset useful for evaluating whether embed-
dings organise subprocess sequences according to operation- and template-related
structure. The success/failure label is treated as a weak process-level outcome. It is
not used as the primary definition of subprocess-level similarity, since successful and
failed subprocesses are not always clearly separable from their activity sequences
alone.
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Study Design

The experimental design separates representation construction from downstream
evaluation. This chapter describes the pipeline, input units, embedding methods,
training objectives, evaluation protocol, and shared settings.

4.1 Benchmarking Pipeline

The study is designed as a frozen-embedding benchmark. Fach method first maps
a prepared input unit to a fixed-dimensional vector, and the resulting embeddings
are then evaluated without updating the embedding model. This separation keeps
representation learning distinct from downstream evaluation and allows baseline and
learned methods to be compared under the same protocol.

The benchmark is implemented as a modular pipeline with separate stages for
dataset preparation, baseline embedding construction, learned-model training, em-
bedding extraction, and embedding evaluation. Figure 4.1 illustrates the main work-
flow of the benchmarking. Auxiliary stages for synthetic data generation, orches-
tration, reporting, and seed aggregation support the experiments, but they are not
treated as separate design components.

The pipeline follows the same comparison rules across all dataset settings. Dataset
preparation writes training, validation, and test files in a common artefact struc-
ture. Baseline feature extractors, scalers, vectorisers, dimensionality-reduction mod-
els, token vocabularies, and learned encoders are fitted only on the training split.
Validation and test splits are transformed with the fitted objects. Evaluation la-
bels, hidden variables, identifiers, and target fields are excluded from embedding
construction and learned-model training. These rules reduce the risk of leakage and
ensure that evaluation targets are used only after embeddings have been produced.

4.2 Dataset Preparation and Input Units

Dataset preparation converts each source into the input unit used for embedding
construction. The real log datasets require additional processing before entering the
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Figure 4.1: Benchmark workflow showing the whole experimental process.
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main benchmark pipeline, even when the original files already contain structured
fields.

For HDFS, structured log lines are grouped by block identifier to construct block-
level traces. Each trace stores the ordered event identifiers and the corresponding
block-level anomaly label. A 100,000-sample block-level subset is then constructed to
keep repeated training and evaluation feasible while retaining the normal/anomaly
label distribution.

For the IoT-Enriched Event Log, the raw XES event logs are merged and converted
into subprocess-level rows. Each row represents one subprocess instance and stores
the ordered subprocess activity sequence, parent-operation metadata, subprocess
event count, duration, timestamps, and the weak success/failure outcome. These
processed HDF'S and IoT files are the input datasets consumed by the main pipeline.

The pipeline preparation stage then applies the common benchmark layout. It writes
training, validation, and test splits, separates observable input fields from metadata
and evaluation labels, and stores the prepared files used by the embedding stages.
The same preparation stage also defines the input units for each dataset setting.

For SynlOL, row-level samples and fixed event windows are created within the
pipeline from the generated trajectories. Row-level preparation treats each gen-
erated event as one sample. Window-level preparation groups consecutive events
within each trajectory using a window size of 32 and a stride of 8. Trajectory-level
grouped splitting keeps related rows or windows from the same trajectory in the
same split, preventing neighbouring windows from appearing across train and test
partitions.

For the remaining datasets, the input unit is selected according to the structure of
the log source and the corresponding evaluation target. Table 4.1 summarises the
input unit and split rule for each dataset setting.

Table 4.1: Prepared input units and split rules.

Dataset setting Input unit Main observable input Split rule

PLC-like Log Structured log row  Event fields, message, JSON payload Stratified by label type

HDFS Block trace Ordered EventId sequence Stratified by block label
ToT-Enriched Event Log Subprocess instance Ordered subprocess activity sequence and event count Stratified by weak failure label
SynlIOL row Event row Event fields, state, message, sensor/control values Grouped by trajectory
SynIOL window Fixed event window Field, message, and numeric sequences Grouped by trajectory

4.3 Baseline Embeddings

Baseline embeddings provide non-neural reference representations. They make the
amount of directly recoverable structure visible before self-supervised encoder train-
ing is introduced. Strong baseline performance is therefore interpreted as evidence
that part of the evaluated structure is already present in explicit observable features.
Table 4.2 summarises the baseline families used in each dataset setting.
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Table 4.2: Baseline embedding methods.

Dataset
setting

Feature source

Baseline methods

PLC-like Log

Structured fields; message
text; payload text and numeric
payload values

Structured one-hot; message
TF-IDF; payload TF-IDF +
numeric; combined strong

HDFS

Event identifier sequence;
sequence length; rare-event
statistics

Event-count SVD; event TF-IDF
n-gram SVD; sequence statistics

ToT-Enriched

Subprocess activity sequence;

Subactivity count SVD;

Event Log subprocess event count subactivity TF-IDF SVD;
subactivity n-gram SVD;
sequence complexity

SynlOL row Categorical fields; message Categorical SVD; message

text; sensor/control values

TF-IDF SVD; numeric summary;
combined baseline

SynlOL window

Event sequence; component,
severity, state, and numeric
sequences

Event count SVD; event TF-IDF
SVD; event n-gram SVD;
structured summary; combined

baseline

All baseline transformations are fitted on the training split. Categorical fields are
encoded with one-hot representations. Text and event-sequence features use term
frequency—inverse document frequency (TF-IDF) or count vectorisation. Sequence-
statistics baselines use numeric summaries such as length, unique-token counts, rare-
event counts, or numeric sequence summaries. When the fitted feature space is larger
than the target embedding size, truncated singular value decomposition (SVD) is
used to produce 64-dimensional dense embeddings. The same fitted transformations
are then applied to validation and test samples.

4.4 Learned Embedding Methods

The learned embedding design follows the input units defined during dataset prepa-
ration. FEach learned model maps one prepared input unit to a 64-dimensional
embedding. The architecture choices reflect the structure of the corresponding in-
put: row encoders are used for single structured events, while sequence encoders
are used for block traces, subprocess instances, and SynlOL windows. Exact input
representations, architecture settings, objectives, prediction heads, and embedding
sources are listed in Appendix Tables A.4-A.6.

The learned methods represent common self-supervised encoder and objective
choices. This keeps the analysis focused on how these choices behave under the
same benchmark protocol, with limited architectural confounding. Row encoders
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test whether compact structured events can be compressed from explicit fields, text,
and numerical values. GRU and Transformer sequence encoders test whether or-
dered input units benefit from recurrent or attention-based context modelling.

The objective variants cover four representation assumptions. Reconstruction ex-
amines input preservation. Masked reconstruction examines contextual recovery.
Contrastive training examines neighbourhood organisation under weak perturba-
tions. Hybrid training combines preservation and similarity shaping. These choices
keep the learned methods simple and make their behaviour easier to interpret against
strong non-neural baselines. Figure 4.2 shows the resulting design in terms of input
unit, encoder type, embedding source, and training objective.

Reconstruction
Row-level input Row encoder OIS PR
fields, text, MLP or field- Masked re-
numbers token Transformer construction
64-dimensional context recovery
frozen embedding }7 Contrastive
Sequence- Sequence encoder neighbourhood
level input GRU or structure
ordered event units Transformer Hybrid
combined signal

Figure 4.2: Reference learned-method design used to compare row and sequence
encoders under shared self-supervised objectives.

PLC-like Log. The PLC-like setting uses row-level inputs. One encoder combines
structured event information, textual content, and numerical payload values before
projecting the combined representation to the embedding space. For reconstruction-
based training, prediction heads are attached for the observable row components. A
Transformer-based row model converts the same PLC-like log row into field and text
tokens; the classification-token output of the encoder is used as the row embedding.

HDFS. For HDFS, the prepared block trace forms the input sequence. Token
and positional embeddings are passed through a Transformer sequence encoder,
after which masked mean pooling produces a single block representation. A final
projection gives the embedding used in evaluation. The reconstruction objective
predicts event tokens from either the full or masked sequence representation.

IoT-Enriched Event Log. The [oT setting operates on subprocess instances.
A Transformer sequence encoder processes the ordered subprocess activities, and
the pooled sequence output is combined with a projected numeric context feature.
The final projection produces the subprocess embedding. Masked activity-token
prediction supplies the reconstruction signal.

SynIOL. SynlOL uses both row-level and window-level learned embeddings. Row
models encode one generated event at a time by combining structured fields, mes-
sage information, and numerical values. Window models first construct an event
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representation for each position and then model the ordered window with either a
bidirectional GRU or a Transformer. Their reconstruction heads predict observable
event-level components at sequence positions.

4.5 Training Objectives and Augmentations

The implemented learned methods use four training variants: full reconstruction,
masked reconstruction, contrastive training, and masked-contrastive hybrid train-
ing. Their benchmark instantiations define the prediction targets, masking rules,
augmentation rules, and loss terms used during training. Method-specific masking
and augmentation probabilities are reported in Appendix Table A.7.

For reconstruction variants, categorical and token predictions use cross-entropy.
Textual row targets are reconstructed as bag-of-words targets with binary cross-
entropy. Numerical targets use mean squared error (MSE), weighted by 0.25. The
reconstruction loss is:

/:*reconstruction = ECE + CBCE +0.25 £MSE7

where Log is used for categorical fields and event tokens, Lgcg is used for bag-of-
words text targets, and Lj;sp is used for numerical targets. For masked reconstruc-
tion, the loss is computed only on the masked components where applicable.

For contrastive variants, each sample is converted into two augmented views. The
normalised temperature-scaled cross-entropy (NT-Xent) loss is used:

Leontrastive = . 2Eleog QEXP(Sim(Zii Zp(i))/T) 7
2B =1 j=1,j#i eXp(Slm(Zi’ Zj)/T)

where B is the batch size, z,(; is the positive view paired with z;, sim is cosine
similarity after normalisation, and 7 = 0.2. Hybrid methods use:

£hybrid = £reconstruction +0.2 Lcontrastive-

The loss weights and temperature are fixed across the experiments. They are treated
as shared benchmark settings to keep method comparisons consistent across dataset
outcomes.

4.6 Embedding Extraction

Embeddings are extracted for the training, validation, and test splits after model
training. Extraction uses the uncorrupted prepared samples, without masking, aug-
mentation, or sequence cropping. The embedding is always taken from the encoder-
side representation before reconstruction heads or contrastive projection heads. Se-
quence models use the pooled and projected sequence representation. Extracted
learned embeddings are normalised to unit length, so the evaluated vector repre-
sents the encoder output used for downstream evaluation.
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4.7 Embedding Evaluation

The evaluation stage applies a common protocol to the extracted embeddings. Probe
models are fitted only on top of frozen embeddings, while retrieval and clustering di-
agnostics are computed directly in the embedding space. The protocol combines su-
pervised probes, nearest-neighbour retrieval, clustering diagnostics, numerical prob-
ing, and weak-outcome checks according to the dataset setting, as summarised in
Table 4.3.

Table 4.3: Evaluation views across dataset settings.

Dataset setting Probe Retrieval Clustering Numeric probing ‘Weak outcome
PLC-like Log v v v v Triage and fault category
HDFS v v v Diagnostic sequence length Anomaly label
IoT-Enriched Event Log v v - v Failure label
SynlOL row v v v v

SynlOL window v v v v -

Categorical probes use logistic regression with balanced class weights, and numer-
ical probes use ridge regression. Probe inputs are standardised with training-split
statistics. Retrieval uses train embeddings as the reference set and test embeddings
as queries, with cosine distance and k& € {1,5,10}. IoT retrieval additionally re-
ports mean subprocess activity-set Jaccard overlap. Clustering uses K-means on
the test split, with the number of clusters matched to the evaluated target and 20
initialisations.

Evaluation targets are selected according to the input unit and dataset role. PLC
targets cover event, component, triage, anomaly, and numerical payload information.
HDFS focuses on the block-level anomaly label, with sequence length used as a
diagnostic numerical target. IoT targets cover activity, resource, duration, retrieved
activity overlap, and the weak failure outcome. SynlOL targets cover event-level
attributes, behaviour identity, transition status, numerical state, and window-level
behaviour summaries. Weak outcome targets are interpreted together with the other
evaluation views, since they can reflect only part of the information available in an
input unit.

4.8 Experimental Settings

Experiments are run on the Alvis cluster. Learned-model jobs use GPU nodes,
while dataset preparation, baseline construction, evaluation, reporting, and seed
aggregation run as CPU-only jobs. Reporting the computing environment supports
reproducibility and provides context for runtime comparisons.

The common data, embedding, training, and cluster settings are listed in Ta-
bles 4.4, 4.5, and 4.6. The same split ratio, embedding dimension, and random seeds
are used across dataset settings unless the input unit requires a specific grouped split.
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Table 4.4: Experiment configuration.

Setting

Value

Train/validation/test split
Random seeds
Embedding dimension

70/15/15
42, 61, 2026
64

Table 4.5: Training configuration.
Setting Value
Optimizer AdamW
Learning rate 1x1073
Weight decay 1x1074
Maximum epochs 100

Validation frequency
Early stopping

Every 5 epochs

4 validation checks without improvement

Minimum improvement 1x1074

threshold

Gradient clipping Maximum norm 5.0
Dropout 0.1

Row-model batch size 512
Sequence-model batch size 256

Extraction batch size 512

Table 4.6: Cluster configuration.

Setting Value

Cluster Alvis

Scheduler SLURM

Learned-model jobs One NVIDIA T4 GPU per job
GPU memory 16 GB per T4 GPU

CPU allocation

System memory allocation

CPU-only stages

4 CPU cores per GPU
72 GB or 192 GB per GPU, depending on node type

Dataset preparation, baselines, evaluation, reporting,

seed aggregation
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4. Study Design

Together, these settings define the common experimental conditions used when com-
paring methods. They also make the runtime results interpretable as benchmark
measurements under a shared computing environment, not as hardware-independent
estimates.
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Study Results

The empirical results are organised by log representation setting. This organisation
makes the main patterns easier to interpret in relation to input units, observable
structure, evaluation targets, and runtime.

5.1 Result Reporting and Analysis Strategy

Throughout this chapter, table values are reported as means over the evaluated
random seeds. Standard deviations are shown after + and omitted when they round
to 0.000.

The analysis focuses on result patterns across settings and evaluation views. The
main comparisons concern baseline strength, learned-method gains, temporal con-
text, disagreement between evaluation views, and runtime.

5.2 Structured Row-level Logs

The PLC-like Log setting represents structured row-level logs. Fach sample contains
explicit event fields, message text, payload information, and numerical values. This
setting tests whether embeddings add value when much of the evaluated structure
is already present in observable row fields.

Tables 5.1 and 5.2 report the task-oriented metrics first, followed by structure, nu-
merical recovery, and runtime.

Several row-level PLC-like embeddings reach near-ceiling task performance. The
combined strong baseline, structured one-hot baseline, and MLP autoencoder obtain
perfect or near-perfect scores on the task-oriented metrics in Table 5.1. In this
structured row-level setting, explicit fields and payload information already contain
much of the signal used by the evaluated targets.

The structure-oriented results in Table 5.2 separate the methods more clearly. The
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Table 5.1: PLC-like Log task-oriented results. Bold indicates representative strong
results.

Family Method Triage F1 Triage P@5 Event P@5 Anom. P@Q5 Event F1 Comp. F1 Fault F1 Down. Triage F1
Baseline Combined strong 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Baseline  Structured one-hot 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Baseline Payload TF-IDF + numeric  0.937+0.009  0.9954-0.001 1.000  0.99540.001 0.999  0.680+0.013  0.937+0.009 0.937+0.009
Baseline Message TF-IDF + SVD 0.937£0.009  0.99540.001 1.000 0.99540.001 1.000  0.958+0.008 0.93740.009 0.937£0.009
Learned MLP autoencoder 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Learned Row contrastive encoder 0.997+0.006  0.99940.001 1.000 0.99940.001 1.000 1.000  0.997+0.006 0.997+0.006
Learned Masked row autoencoder 0.946+0.007  0.99740.001 1.000 0.997+0.001 1.000 1.000  0.946+0.007 0.946+0.007
Learned ~Masked-contrastive hybrid ~ 0.9384+0.008  0.99740.001 1.000  0.99740.001 1.000 1.000  0.938+0.008 0.938+0.008
Learned  Field-token Transformer 0.937+0.009  0.997+0.001 1.000  0.99740.001 1.000  0.991£0.009  0.937+0.009 0.937+0.009

Table 5.2: PLC-like Log embedding structure, numerical recovery, and runtime.
Bold indicates representative strong results.

Family Method Event-family ARI Triage ARI Component ARI Anom. ARI Num. R> Num. Spearman Runtime (min)
Baseline Combined strong 0.674+0.029 0.12940.102 0.4174+0.015 0.12940.102 1.000 1.000 0.053
Baseline  Structured one-hot 0.59540.023 0.124 0.730+0.106 0.124 0.079 0.09440.011 0.003
Baseline Payload TF-IDF + numeric 0.35840.035 0.274+0.145 0.366+0.012  0.27440.145 1.000 1.000 0.035
Baseline Message TF-IDF + SVD 0.16540.020  -0.081£0.007 0.1224+0.038  -0.081+£0.007  0.096+0.066 0.291£0.013 0.018
Learned MLP autoencoder 0.591£0.058  0.096+0.019 0.59240.012 0.096+0.019 0.938+0.018 0.9651+0.014 1.54340.312
Learned Row contrastive encoder 0.10540.022  -0.004+0.012 0.0484+0.002  -0.004+0.012  0.725+0.017 0.793+0.009 1.6274+0.066
Learned Masked row autoencoder 0.6394+0.072  0.076+0.053 0.545+0.045  0.076+0.053  0.61440.026 0.72940.021 1.983+0.847
Learned Masked-contrastive hybrid 0.49940.072  0.07740.064 0.34440.136  0.077+0.064  0.605+0.013 0.70940.010 2.360+0.741
Learned  Field-token Transformer 0.329+0.081 0.070£0.050 0.31440.160  0.07040.050  0.4404-0.065 0.603£0.055 19.47143.148

combined strong baseline, payload TF-IDF with numeric features, and MLP autoen-
coder give the strongest numerical recovery because they preserve the continuous
payload directly. The MLP autoencoder performs well here because the PLC-like
input is a compact row-level record and the reconstruction objective keeps the nu-
merical fields close to the input. Clustering is less uniform. Structured one-hot
gives the highest component clustering, while the combined strong baseline gives
the highest event-family clustering.

5.3 Operational Row and Window Logs

SynlOL provides a controlled operational-log setting in which row-level and window-
level embeddings can be compared under the same latent behaviour design. The row-
level view evaluates how much behaviour, transition, and numerical information can
be recovered from individual generated events. The window-level view adds local
temporal context by grouping consecutive events within a trajectory.

The row-level results in Table 5.3 focus on targets that remain discriminative across
the clean, moderate-noise, and high-noise versions. Low-level event-field metrics are
not included because they are near ceiling for most methods.

Behaviour and transition scores decrease as noise increases. Numerical recovery stays
high for the numeric summary and combined baselines because these baselines retain
the relevant continuous fields explicitly. This helps explain why the row autoencoder
does not provide the same advantage as the MLP autoencoder in the PLC-like
setting. For SynlOL, the numerical target is already captured by simple numeric
features, while behaviour and transition targets depend more on combinations of
categorical fields and local context. Among learned row-level methods, masked field
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Table 5.3: SynlOL row-level representative results. Bold indicates representative
strong results.

Family Method Behav. F1 Behav. PQ@5 Trans. F1 Trans. PQ5 Num. R?> Behav. ARI Runtime (min)
Clean

Baseline Categorical SVD 0.569+0.003 0.498+0.010  0.530£0.010  0.804+0.009  0.831+0.009 0.339+0.013 0.010
Baseline Combined baseline 0.644+0.004 0.602+0.012  0.553+0.008 0.83440.003 1.000  0.236+0.012 0.04640.001
Baseline Message TF-IDF SVD 0.38740.002 0.343+0.004  0.52840.006  0.794+£0.003  0.39040.005  0.000+0.004 0.031
Baseline Numeric summary 0.46340.008 0.46240.010  0.345%0.005  0.819£0.003 1.000 0.24840.012 0.006
Learned Row autoencoder 0.62140.003 0.603+0.012  0.5604+0.005  0.8324+0.004 0.9954+0.001 0.12640.007 1.042-+0.005
Learned Row contrastive encoder 0.62740.005 0.58240.011 0.616+0.006  0.830£0.003  0.944%0.009 0.01940.003 1.074%0.079
Learned = Masked-contrastive hybrid 0.67340.005 0.62440.008  0.598+0.018  0.837+0.003  0.9704+0.008  0.131+0.186 1.291+0.225
Learned Masked field reconstruction 0.680+0.011 0.630+0.009  0.599+£0.021 0.839+0.003  0.967+0.008  0.01840.001 1.079+0.206
Moderate noise

Baseline Categorical SVD 0.52540.010 0.44240.013  0.504£0.008  0.795+0.007  0.693+0.004 0.233+0.023 0.006
Baseline Combined baseline 0.617+0.009 0.546+0.014  0.513+0.008 0.825+0.006 1.000  0.221+0.051 0.03840.001
Bascline Message TF-IDF SVD 0.36340.013 0.30940.006  0.51440.009  0.789+0.005  0.30040.008  0.000+£0.002 0.026
Baseline Numeric summary 0.45340.011 0.42040.008  0.360£0.009  0.814+0.005 1.000 0.2224-0.029 0.005
Learned Row autoencoder 0.59340.007 0.545+0.014  0.52740.004  0.823+0.006 0.99640.001  0.077+0.025 0.97140.013
Learned Row contrastive encoder 0.59640.003 0.5334+0.015 0.607£0.013  0.822£0.006  0.945%0.008 0.01540.011 1.021+0.004
Learned Masked-contrastive hybrid 0.62140.007 0.5544+0.015  0.5714+0.014  0.823+0.005  0.9614+0.006  0.005+0.003 1.500+0.189
Learned Masked field reconstruction 0.625+0.005 0.558+0.016  0.58540.002 0.825+0.006  0.958+0.008  0.012+0.001 1.11240.273
High noise

Baseline Categorical SVD 0.46740.011 0.39040.009  0.478%0.005  0.802£0.005  0.558+0.007  0.155+0.011 0.006
Baseline Combined baseline 0.566+0.011 0.476+0.006  0.488+0.007 0.815+0.002 1.000  0.169+0.021 0.03740.001
Baseline Message TF-IDF SVD 0.33940.006 0.29540.002  0.50440.007  0.792+0.005  0.22340.011  -0.004+0.003 0.026
Baseline Numeric summary 0.43540.010 0.37540.002  0.346%0.009  0.808+0.001 1.000 0.194+0.015 0.005
Learned Row autoencoder 0.54840.010 0.47340.005  0.504£0.006  0.814+0.002 0.995  0.066+0.011 0.97140.008
Learned Row contrastive encoder 0.53540.012 0.46240.004 0.564+0.008  0.814£0.003  0.951£0.005  0.00740.008 1.025+0.011
Learned = Masked-contrastive hybrid 0.55240.014 0.47840.005  0.5434£0.003  0.815+0.002  0.95840.007  0.007+0.009 1.215+0.384
Learned Masked field reconstruction 0.5574+0.008 0.481+0.004  0.55240.008 0.816+0.002  0.947+0.001 0.0104:0.001 1.01440.169

reconstruction gives the strongest behaviour scores, and the row contrastive encoder
gives the strongest transition F1.

The window-level results in Table 5.4 use the same representative targets and add
primary-component probing. Compared with individual rows, fixed windows expose
local order and repeated behaviour patterns. This gives the embedding methods
more context for behaviour and transition recovery.

Behaviour and transition scores are generally higher in the window-level setting
than in the row-level setting. This indicates that fixed windows contain useful local
context that is not available from single rows.

Structured summary and combined baseline are the strongest baseline entries across
most window-level targets because they preserve aggregated window information di-
rectly. The learned methods vary by metric: masked-contrastive hybrid is strongest
on behaviour retrieval in the clean setting, masked event reconstruction is strongest
on behaviour clustering, and contrastive or Transformer encoders reach the highest
behaviour F1 in some noisy settings. These differences show that the window-level
setting does not favour one learned objective uniformly.

5.4 Block-level System Event Sequences

HDFS represents block-level system event sequences. This setting tests whether
embeddings preserve anomaly-related information in ordered event-template traces,
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Table 5.4: SynlOL window-level representative results. Bold indicates representa-
tive strong results.

Family Method Prim. Comp. F1 = Behav. F1 Behav. P@Q5 Trans. F1 Trans. P@5 Num. R? Behav. ARI Runtime (min)
Clean

Baseline  Combined baseline 0.680£0.020 0.752+0.006 0.714+£0.002  0.8004+0.018  0.785+0.004 0.990  0.50640.006 0.070
Bascline Event count SVD 0.248+0.019  0.533+0.022 0.422+£0.002  0.56440.003  0.608+0.004  0.74240.033  0.21840.022 0.006
Baseline  Event n-gram SVD 0.289+0.018  0.513+0.015 0.411£0.007  0.5614£0.018  0.607£0.002  0.72940.028  0.22540.012 0.014
Baseline Event TF-IDF SVD 0.250£0.022  0.528+0.021 0.421£0.002  0.58040.003  0.605£0.007  0.7554+0.034 0. 0.006
Baseline Structured summary 0.684+0.019 0.750+0.004 0.722+0.008 0.800+0.016 0.801+0.006 0.990 0.050
Learned  Contrastive encoder 0.662+0.024  0.764+0.011 0.638+0.010  0.742+0.019  0.749£0.017  0.97540.002 2.356+0.029
Learned Masked-contrastive hybrid 0.335+£0.040 0.777+0.018 0.700+0.010  0.765+0.041 0.786+0.013  0.973+0.004 .397+0.049 2.578+0.201
Learned Masked event reconstruction 0.45240.040  0.759+0.011 0.694+0.003 0.7924+0.017  0.772+0.004 0.9924+0.001 0.529+0.016 0.601+0.049
Learned  Sequence autoencoder 0.679+£0.013  0.750£0.006 0.691+£0.003  0.74440.008  0.751£0.009 0.9904+0.002  0.51640.008 0.788+0.186
Learned ~ Transformer encoder 0.535+0.087  0.764+0.014 0.6820.001 0.758+0.016  0.727+0.014  0.970-£0.003  0.433-+0.086 2.634:£0.040
Moderate noise

Baseline  Combined baseline 0.646+0.024  0.732+0.023 0.684+0.026 0.7334+0.017  0.736+0.008 0.98140.001 0.447+0.026 0.069
Baseline Event count SVD 0.248+0.012  0.523+0.018 0.411£0.012 55240.025  0.586+0.007  0.72340.011 0.180+0.019 0.006
Baseline Event n-gram SVD 0.241£0.010  0.50440.021 0.386+0.020 0.590£0.007  0.70440.007  0.20240.027 0.014
Baseline Event TF-IDF SVD 0.252+0.007  0.52040.019 0.407+0.011 0.588+0.004  0.7354£0.010  0.18840.023 0.006
Baseline Structured summary 0.650+0.029 0.724+0.021 0.687+0.024  0.727£0.019 0.747+0.007 0.981+0.001 0.446+0.026 0.049
Learned  Contrastive encoder 0.636+£0.026  0.758+0.016 0.606+0.008 0.7704+0.019  0.738+0.013  0.9724+0.005  0.22840.144 2.324+0.033
Learned Masked-contrastive hybrid 0.345£0.057  0.76140.009 0.648+0.015  0.736+0.032 0.757+£0.010  0.9674+0.002  0.39440.041 2.613£0.200
Learned Masked event reconstruction 0.416+0.041  0.758+0.021 0.656+£0.008  0.75440.036  0.727+0.004 0.988+0.002 0.457+0.039 0.587+0.023
Learned  Sequence autoencoder 0.649+0.021  0.74540.036  0.662+0.020  0.727+0.031 0.710£0.010  0.988+0.002 0.456+0.036 0.671+£0.084
Learned Transformer encoder 0.485+0.051  0.775+0.012 0.659+0.016  0.75440.008  0.722+0.011 0.971£0.003  0.408+0.041 2.608+0.025
High noise

Bascline  Combined baseline 0.640+0.016 0.7114+0.018 0.621+0.009 0.739-0.005  0.703+0.003 0.966-+0.004 0.402+0.027 0.069+0.001
Baseline Event count SVD 0.274£0.016  0.487+0.019 0.3660.006 5734£0.014  0.582+0.004  0.630£0.034  0.12340.018 0.006
Baseline Event n-gram SVD 0.265+0.001  0.468+0.020 0+0.008 8+0.009  0.5884+0.003  0.611£0.030  0.12240.024 0.014
Baseline Event TF-IDF SVD 0.276+£0.010  0.4854+0.014 0.364+0.012 2+0.016  0.58440.006  0.640£0.034  0.129£0.020 0.006
Baseline Structured summary 0.638+0.014 0.711+0.021 0.621+0.009  0.730£0.008 0.706+0.001 0.965+0.004 0.399+0.025 0.049
Learned Contrastive encoder 0.625+0.028  0.73740.020 0.595£0.019  0.73440.017  0.724£0.020  0.9684+0.004  0.22340.012 2.368+0.016
Learned Masked-contrastive hybrid 0.374£0.005  0.721+0.021 0.616+£0.017  0.7334+0.045 0.749+0.010 0.963  0.35740.011 2.590+0.210
Learned Masked event reconstruction 0.426+0.021  0.723+0.015 0.613+£0.015  0.72840.015  0.702+0.011  0.9804+0.001 0.407+0.039 0.611+0.074
Learned ~ Sequence autoencoder 0.646+0.022  0.7194+0.021 0.618+0.015  0.706+0.016  0.676+0.001 0.984:+0.003  0.399-+0.024 0.608+0.005
Learned Transformer encoder 0.511£0.033  0.727+0.012 0.603£0.009  0.72240.008  0.682+0.007  0.96840.004  0.38240.010 2.638+0.019

while also showing whether high anomaly scores correspond to coherent embedding
structure.

Tables 5.5 and 5.6 separate anomaly-oriented performance from embedding-space
structure and sequence-length recovery.

Table 5.5: HDF'S task-oriented results. Bold indicates representative strong results.

Family Method Anom. F1 AUROC AUPRC Recall Precision Overall P@5 Anom. PQ5
Baseline Event-count SVD 0.957+0.003 0.973+0.005 0.929+0.010 0.9444+0.010 0.891+0.011 0.998 0.926+0.009
Baseline Event TF-IDF n-gram + SVD 0.9454+0.004  0.9774+0.006  0.939+0.007  0.946+0.011  0.84640.010 0.9964+0.001  0.89740.010
Baseline = Sequence statistics 0.550+0.004  0.789+0.014  0.161+0.017  0.816+0.026  0.117£0.004 0.9814+0.001  0.62740.022
Learned Hybrid masked-contrastive sequence  0.925+£0.016 0.979+0.008 0.944+0.006 0.941£0.013  0.78340.054 0.99440.001 0.86540.011
Learned Masked event autoencoder 0.9304+0.013  0.9754+0.004  0.936+0.013  0.940£0.011  0.802+0.046 0.996  0.890+£0.007
Learned Sequence autoencoder 0.968+0.002  0.975+£0.006  0.934£0.009 0.9424+0.011 0.932+0.011 0.996+0.001 0.924+0.006
Learned  Sequence contrastive encoder 0.890£0.029  0.975%0.011 0.884£0.059  0.9374+0.009  0.682+0.082 0.995 0.8624-0.003

For HDFS, the task-oriented metrics in Table 5.5 are high for several embeddings.
Event-count SVD and sequence autoencoder have the strongest anomaly F1, while

the hybrid masked-contrastive sequence model has the highest AUROC and AUPRC.

The structure-oriented metrics in Table 5.6 give a different ranking. Label ARI
remains low across all methods despite high retrieval and anomaly scores. Sequence-
length recovery is highest for sequence statistics and event-count SVD because both
retain direct information about event counts or block length. The learned sequence
models encode event order and reconstruction or contrastive information in a fixed-
size vector, but they are not optimised to preserve exact sequence length. This
explains why learned methods can perform well on anomaly metrics while losing to
simple baselines on the sequence-length probe.
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Table 5.6: HDFS embedding structure, sequence recovery, and runtime.

indicates representative strong results.

Bold

Family Method Label ARI Label NMI Silhouette Seq. R* Runtime (min)
Baseline Event-count SVD -0.001£0.005  0.001£0.001 0.775+0.079 0.986+0.024 0.039
Baseline Event TF-IDF n-gram + SVD 0.062+0.002 0.036+0.003 0.450  0.81040.062 0.093+0.001
Baseline Sequence statistics 0.014£0.002 0.009+0.006 0.441£0.351 1.000 0.023
Learned Hybrid masked-contrastive sequence  0.002+0.019  0.0254+0.002  0.356£0.014  0.836+£0.046 19.530+1.081
Learned Masked event autoencoder -0.009£0.005  0.001£0.001 0.5984+0.030  0.831£0.049 3.219£1.245
Learned Sequence autoencoder 0.019+0.048  0.013+0.001 0.748+0.014 0.873+0.029 1.433+0.193
Learned Sequence contrastive encoder -0.008£0.010  0.018+0.015  0.3114+0.013  0.826+0.065 22.5104+2.033

5.5 Process-oriented Subprocess Logs

The IoT-Enriched Event Log represents process-oriented subprocess logs. Each in-
put unit is an ordered subprocess activity sequence with operation context, duration,
and a weak failure outcome. This setting separates semantic activity recovery from
numerical duration recovery and weak outcome prediction.

Tables 5.7 and 5.8 separate semantic retrieval and activity recovery from duration,

failure,

and runtime metrics.

Table 5.7: IoT-Enriched Event Log semantic and retrieval results. Bold indicates
representative strong results.

Family Method Jaccard@5 Jaccard@10 Activity F1 Activity P@Q5 Resource F1 Main Act. F1 Main Act. P@5
Baseline Sequence complexity 0.179£0.010  0.174+0.010  0.478+0.009 0.442+0.041 0.478+0.009 0.218+0.008 0.361+0.012
Baseline Subactivity count SVD 0.985+0.002 0.980+0.002 1.000 1.000 1.000 0.740+0.019 0.892+0.006
Baseline Subactivity n-gram SVD 0.925+0.005 0.918+0.006  0.964+0.011 0.940=+0.002 0.964+0.011 0.714+0.012 0.833+0.007
Baseline Subactivity TF-IDF SVD 0.9854+0.002 0.980+0.002 1.000 1.000 1.000 0.748+0.009 0.892+0.003
Learned Hybrid masked-contrastive 0.976+0.003 0.967£0.002  0.997+0.003 0.996+0.002 0.997+0.003 0.739+£0.018 0.892+0.011
Learned Masked subactivity autoencoder  0.975:+0.003 0.968+0.003 1.000 0.999+0.001 1.000 0.749+0.015 0.891+0.007
Learned  Subprocess contrastive encoder 0.976+0.001 0.969£0.001  0.995+0.003 0.994+0.003 0.995+0.003 0.724+0.017 0.89240.009

Table 5.8: IoT-Enriched Event Log duration, failure, and runtime. Bold indicates
representative strong results.

Family Method Duration R? Duration MAE Duration Spearman Failure AUROC Failure AUPRC Failure F1 Runtime (s)
Baseline  Sequence complexity 0.154+0.096 10.335£0.779 0.50940.069 0.687+0.116 0.089+0.049  0.46240.002 0.008
Baseline Subactivity count SVD 0.562+0.173 3.703+0.368 0.903+0.015 0.763+0.062 0.064+0.018  0.470£0.018  0.100+£0.001
Baseline  Subactivity n-gram SVD 0.534+0.154 3.928+0.342 0.89340.020 0.756+£0.054 0.058+0.015  0.45740.027  0.117+0.003
Baseline Subactivity TF-IDF SVD 0.549+0.160 3.768+0.343 0.903+0.017 0.730=£0.090 0.058+0.025 0.462+0.024 0.101+0.001
Learned Hybrid masked-contrastive 0.545+0.185 4.41940.468 0.886+0.023 0.790+£0.058 0.099+0.028  0.463+0.015  38.267+0.786
Learned Masked subactivity autoencoder 0.504+0.145 4.932+0.162 0.87340.018 0.815+0.057 0.189+0.048 0.480+0.026  6.07340.634
Learned ~ Subprocess contrastive encoder 0.552+0.183 4.492+0.512 0.89140.021 0.799+0.026 0.095+0.048  0.47040.005  24.126+4.795

For the IoT-Enriched Event Log, the strongest semantic and retrieval results come
from subactivity-based representations. Subactivity count SVD, subactivity TF-IDF
SVD, and masked subactivity autoencoder are the strongest methods in Table 5.7.
The ranking is consistent with the dataset structure, where activity-module and
resource-type targets are closely tied to the observed subactivity sequence.

The duration and failure targets in Table 5.8 rank methods differently. Duration
recovery is strongest for subactivity-based baselines, while masked subactivity au-
toencoder has the strongest failure-related scores among the reported methods. The
difference indicates that semantic activity recovery, duration recovery, and failure

prediction use different parts of the representation.
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5.6 Cross-setting Result Patterns

The setting-level results above show that method rankings change with the evaluated
information type. The main observations are summarised in Table 5.9.

Table 5.9: Cross-setting summary by evaluation focus.

Evaluation focus Relevant settings Observed pattern

Explicit field and activity recovery PLC-like Log, SynlOL row, IoT Structured, count, TF-IDF, and combined baselines are often strong
Numerical and duration recovery PLC-like Log, SynIOL, HDFS, IoT Numeric summaries and sequence statistics perform well

Context and transition recovery SynlOL windows, HDFS Window and sequence models gain from local order and surrounding events
Weak outcome prediction HDFS, IoT Outcome scores can be high without clear global clusters

Neighbourhood and clustering structure All settings Probe and retrieval scores do not always match clustering scores

Runtime All settings Baselines are cheaper; learned models vary more

This cross-setting view closes the results chapter by collecting the main empirical
patterns.
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Discussion

This chapter connects the benchmark findings to the research questions, practical
method selection, and threats to validity.

6.1 Answers to the Research Questions

RQ1: Preserved log structure. The results show that log embeddings preserve
structure selectively. Explicit field, activity, text, and numerical targets are often
preserved well by representations that retain observable input structure directly.
Contextual targets, such as behaviour, transition, and anomaly-related sequence
patterns, benefit more from input units that include surrounding events. Weak
outcomes add another layer of uncertainty because they may reflect only part of
the recorded behaviour. These patterns support the view that preserved structure
depends on the input unit, the target, and the observable sources available to the
embedding.

RQ2: Baseline and self-supervised embeddings. Strong baselines remain nec-
essary comparison points. Count-based, TF-IDF, structured-field, and numerical-
summary representations perform well when the target is close to observable fields,
event frequencies, activity tokens, or simple sequence summaries. Learned embed-
dings are useful in selected settings, especially when reconstruction or sequence
modelling helps combine fields, represent local context, or capture relations across
events. Their advantage is conditional: model complexity is justified when it im-
proves the evaluation view that matters for the intended use.

RQ3: Consistency between evaluation views. The evaluation views do not
produce one stable ranking of methods. Probe, retrieval, clustering, numerical prob-
ing, weak outcome evaluation, and runtime expose different properties of the same
embedding space. A representation can support accurate target recovery while show-
ing weak global clustering, or it can preserve numerical information while giving
weaker behavioural separation. This disagreement is a main result of the bench-
mark. Embedding quality is better interpreted as a profile of properties than as a
single score.
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6.2 Interpretation of the Main Result Patterns

The competitive performance of baselines is itself informative. It indicates that sev-
eral benchmark targets are strongly connected to observable log structure. Explicit
fields, event counts, activity tokens, lexical content, numerical payloads, sequence
length, and duration summaries can carry enough information for many evaluation
targets. In these cases, a representation does not need to infer hidden structure
before it becomes useful; it mainly needs to retain the relevant observable signal in
a stable vector form. Similar concerns have been raised in log anomaly detection
and broader machine-learning benchmarks, where simple methods can reveal signals
that learned models do not need to discover from scratch [20, 6].

The results also clarify where learned embeddings become more useful. Their
strongest role appears when the target depends on context or relations across events.
Window-level and sequence-level inputs provide evidence about local order, tran-
sitions, repeated patterns, and surrounding events that isolated rows cannot fully
express. This helps explain why learned methods are more convincing for behaviour,
transition, and anomaly-related sequence targets than for targets that are already
close to single fields or direct summaries.

Weak outcome targets require careful interpretation. High anomaly or failure scores
do not by themselves imply that the embedding space is globally organised around
the same label. Outcome labels may reflect only part of the information contained
in a block trace, window, or subprocess instance. Evaluating several views makes
this limitation visible.

The disagreement between metrics is informative. Probe scores show whether
a target can be recovered by a lightweight supervised model. Retrieval scores
show whether local neighbourhoods contain similar samples. Clustering scores test
whether the same target appears as a broader geometric organisation. Numerical
probes and runtime add further constraints. When these views disagree, the result
should not be treated as noise in the benchmark; it indicates that the embedding
preserves some properties of the input unit more clearly than others.

6.3 Implications

For practical log analysis, method selection should start from the input unit, the
available fields, and the target of interest. If the target is close to event counts,
structured identifiers, activity tokens, text, or numerical summaries, a transparent
baseline may be sufficient and easier to inspect. Learned embeddings are more
compelling when the target requires combinations of fields, local temporal context,
relations across events, or compact sequence representations.

Benchmark design should therefore include strong baselines, frozen-embedding eval-
uation, and several complementary metrics. A single downstream score can hide
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whether the representation preserves numerical state, local neighbourhoods, global
groups, or weak outcome information. Runtime should also be reported, since base-
lines are consistently cheaper while learned models add training cost, configuration
choices, and hardware dependence.

6.4 Threats to Validity

Evaluation targets. The conclusions depend on the selected targets. Alternative
probe labels, retrieval labels, numerical variables, or weak outcome definitions could
change some method rankings. The benchmark evaluates usefulness for the selected
downstream views, not intrinsic embedding quality in general.

Data quality and temporal irregularity. The experiments assume that the
benchmark inputs have been prepared into usable structured or sequence-level
records. Real operational logs may contain missing fields, corrupted messages, dupli-
cated events, inconsistent identifiers, delayed records, clock drift, irregular sampling
intervals, or timestamp errors. These issues can strongly affect embedding quality
because they change field availability, event order, window construction, duration
estimates, and numerical summaries. The reported results therefore describe repre-
sentation behaviour under prepared benchmark conditions.

Synthetic datasets. PLC-like Log and SynlOL are generated datasets. They
provide controlled labels and known structure, but their generation processes may
favour methods that match the designed fields, noise process, or sequence patterns.
HDFS and loT-Enriched Event Log add real-data settings, but they do not cover all
log domains. Dataset scarcity and concentration around a small number of public
log datasets remain known issues in log anomaly detection research [19].

Dataset scale and coverage. The real datasets differ strongly in scale and struc-
ture. HDFS is large and highly imbalanced, while IoT-Enriched Event Log is much
smaller and process-oriented. These differences help test multiple log settings, but
they also limit how far the results can be generalised.

Randomness and model configuration. The learned models depend on random
initialisation, batching, sampling, masking, and augmentation. Multiple seeds are
reported where applicable, but three seeds cannot cover all training variability. The
results also use one main configuration per method, so rankings may change under
different learning rates, batch sizes, early-stopping settings, temperatures, hybrid
loss weights, or augmentation probabilities. This is especially relevant for contrastive
and hybrid methods.

Fixed representation size. Most embeddings are compared at a common dimen-
sionality. This supports controlled comparison, but it may not be optimal for every
method family. Some baselines may naturally prefer sparse or higher-dimensional
forms, while some learned methods may benefit from larger latent spaces.
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6. Discussion

Computing environment and runtime. Runtime is hardware- and
configuration-dependent. Different GPUs, CPU allocations, memory limits, batch
sizes, and implementation choices may change execution time. The reported run-
time values are measurements under the experimental configuration used here, not
hardware-independent estimates.
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Conclusion

This chapter summarises the main findings, gives final remarks, and outlines future
work.

7.1 Summary of Findings

The benchmark did not identify a universally strongest embedding family. Its main
finding is that embedding performance changes with the information made avail-
able by the input unit and with the property selected for evaluation. Transparent
baselines are often sufficient for targets tied to explicit fields, tokens, counts, or nu-
merical summaries. Learned encoders are more useful when the target depends on
contextual or relational structure across events.

The study also shows the value of evaluating embeddings through several views.
Probe, retrieval, clustering, numerical, weak-outcome, and runtime results describe
different aspects of the same representation. Treating these results together gives a
clearer basis for method selection than relying on one downstream metric alone.

7.2 Concluding Remarks

Taken together, the study frames log embedding as a representation-selection prob-
lem. Method choice should follow the intended analysis use and the information
that must remain accessible after encoding.

7.3 Future Work

Future work should extend the benchmark with more real-world log domains, larger
operational datasets, and task-specific downstream workflows. Further experiments
should test broader hyperparameter and augmentation settings, study multimodal
encoders more explicitly, and design evaluation targets that better separate event-
level, sequence-level, numerical, and behavioural structure.
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7. Conclusion

Another direction is to connect frozen-embedding evaluation with deployed analysis
pipelines. This would make it possible to study how representation quality affects
alert triage, maintenance support, process monitoring, and other operational tasks
after task-specific models and human decision processes are introduced. Future
benchmarks should also examine data-quality repair, temporal irregularity, and un-
certainty handling, since these factors can substantially affect log representations in
operational environments.
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Appendix

A.1 PLC-like Log Event Vocabulary

Table A.1 lists the event vocabulary used in the PLC-like Log dataset. Each event
type is associated with a fixed event identifier and a short description of its opera-
tional meaning.



A. Appendix

Table A.1: Event vocabulary used in the PLC-like Log dataset.

Event type Eventld Description

SYSTEM_START E589964 PLC runtime or main controller startup
after power-on or restart checks.

SYSTEM_STOP E6AC533  Controller stop request or runtime
transition into stopped state.

SENSOR_READ EC1BOCD Periodic process measurement from a
compatible field sensor.

ACTUATOR_CMD E69CAD3 Command issued to a physical actuator or
drive.

ALARM_TEMP ED9214E  Temperature limit violation raised by
sensor or safety logic.

ALARM_PRESSURE E023574 Pressure limit violation raised by sensor or
safety logic.

ALARM_CLEAR EC3E297  Acknowledgement or reset of a previously
active alarm.

COMMUNICATION_OK E29878A Healthy communication heartbeat or
restored fieldbus link.

COMMUNICATION_ERROR E7T2EACE  Fieldbus, rack, or heartbeat communication
fault.

WATCHDOG_TICK E22CA18  Controller scan watchdog service event.

CONFIG_CHANGE E870B56 Operator or configuration manager changed
a process parameter.

MAINTENANCE_MODE EA22941 Automatic production suspended for
manual maintenance or inspection.

PRODUCTION_CYCLE_START E3F8798 Production cycle entered its active run
phase.

PRODUCTION_CYCLE_END EE83056 Production cycle completed or left its active

run phase.

A.2 PLC-like Log Payload Fields

Table A.2 summarises the event-specific payload fields used in the PLC-like Log
dataset. The payload is stored as compact JSON and provides structured contextual
information for each event type.
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Table A.2: Payload fields used in the PLC-like Log dataset.

Event type Payload fields

SYSTEM_START None.

SYSTEM_STOP stop_reason, interlock_status

SENSOR_READ measurement, value, unit, signal_quality
ACTUATOR_CMD command, position, target_position, state
ALARM_TEMP value, threshold, excess, zone

ALARM_PRESSURE value, threshold, excess, line

ALARM_CLEAR alarm_code

COMMUNICATION_OK remote_rack, latency_ms, retry_count, protocol
COMMUNICATION_ERROR remote_rack, latency_ms, retry_count, protocol
WATCHDOG_TICK scan_time_ms, jitter_ms, watchdog_limit_ms
CONFIG_CHANGE parameter_name, old_value, new_value, recipe_id
MAINTENANCE_MODE station_id

PRODUCTION_CYCLE_START station_id, recipe_id

PRODUCTION_CYCLE_END cycle_result, cycle_duration_ms, station_id,
recipe_id

A.3 SynlIOL Event Vocabulary

Table A.3 lists the event vocabulary used in SynlOL. The vocabulary is designed
to cover common functional categories in industrial monitoring and control envi-
ronments. The event names are intentionally abstract and are not tied to specific
physical variables such as temperature or pressure. This design reduces the risk that
a latent behaviour can be inferred from a single overly specific event token, and in-
stead encourages evaluation based on temporal, contextual, and component-related
structure.

A.4 Learned Embedding Configuration

Table A.4 summarises the input representation and encoder used for each learned
embedding setting. Table A.5 lists the corresponding architecture settings. Ta-
ble A.6 reports the objective, head, and embedding-source settings. Table A.7 re-
ports the masking and augmentation settings.
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Table A.3: Event vocabulary used in SynlOL.

Event type Functional Interpretation
category

STATUS_CHECK Monitoring Periodic status or heartbeat
check.

VALUE_READ Monitoring Process or telemetry value
reading.

SETPOINT UPDATE Control Update of a control target or
setpoint.

CONTROL__COMMAND Control Dispatch of a control

instruction.

ACTUATOR _RESPONSE

Control feedback

Response or acknowledgement
from an actuator.

WARNING__RAISED

Abnormal condition

Warning-level operating
deviation.

ERROR_DETECTED

Abnormal condition

Detected abnormal condition
or process deviation.

COMM__DELAY Communication Communication latency or
delayed packet sequence.
NETWORK_TIMEOUT Communication Timeout or watchdog
expiration in communication.
DIAGNOSIS_START Diagnosis Start of a diagnostic or
fault-isolation routine.
RECOVERY__ACTION Recovery Execution of a recovery or
stabilization action.
RETRY__OPERATION Retry Repeated operation after a
transient issue.
MAINTENANCE_ CHECK Maintenance Scheduled inspection or

maintenance validation.

HEALTH_ OK

Healthy status

Report that the component or
subsystem remains healthy.
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Table A.4: Learned embedding input and encoder settings.

Dataset setting Input representation Encoder
PLC-like Log Row-level structured event fields, Row MLP or field-token
message tokens, payload-text tokens, Transformer

and payload numeric values

HDF'S

Block-level event identifier sequence

Transformer sequence
encoder

ToT-Enriched

Subprocess activity sequence plus

Transformer sequence

Event Log subprocess event count encoder with numeric
context
SynlOL row Row-level event fields, message tokens, Row MLP

and sensor/control values

SynlOL window

Ordered event representations within a
fixed window

Bidirectional GRU or
Transformer window
encoder
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Table A.5: Learned embedding architecture settings.

Encoder setting Applies to Configuration
Row MLP PLC-like Log; Categorical embeddings 16; token
SynlOL row embeddings 64; numeric projection 32;

ReLU activation; dropout 0.1; embedding
dimension 64

PLC row model
size

PLC-like Log

Hidden dimension 192; maximum message
length 32; maximum payload-text length
24; vocabulary size 4000; optional
field-token Transformer with 2 layers, 4
heads, model dimension 128, GELU
activation, dropout 0.1

SynlOL row SynlOL row Hidden dimension 128; maximum message

model size length 24; vocabulary size 2000; embedding
dimension 64

Sequence HDFS; IoT; Token and positional embeddings; masked

Transformer SynIOL window mean pooling; 1 Transformer layer; 4

Transformer attention heads; GELU activation; dropout

0.1; embedding dimension 64

Sequence model HDF'S; IoT; Model dimensions 96, 128, and 64,

size

SynIOL window

respectively; maximum sequence lengths
128, 96, and 32, respectively; vocabulary
size 2000

Projection head

Contrastive
sequence models

Two-layer GELU projection head;
projection dimension 64

Numeric context

IoT

Normalised subprocess event count
projected and concatenated with the
pooled sequence representation
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Table A.6: Learned embedding objective and head settings.

Setting

Objectives

Prediction heads

Embedding source

PLC-like Log

Full reconstruction;
masked
reconstruction;
contrastive; hybrid;
field-token
Transformer hybrid

Categorical heads,
numeric head, message
bag-of-words head,
payload-text bag-of-words
head

Row encoder output;
CLS-token projection for
field-token Transformer

HDFS

Full sequence
reconstruction;
masked event
reconstruction;
contrastive; hybrid

Event-token head at
sequence positions

Masked-mean pooled
Transformer output after
embedding projection

TIoT-Enriched

Masked subactivity

Subactivity-token head at

Pooled Transformer

Event Log reconstruction; sequence positions output concatenated
contrastive; hybrid with projected numeric
context, then embedding
projection
SynIOL row Full reconstruction; Categorical heads, Row encoder output
masked field numeric head,
reconstruction; message-token head
contrastive; hybrid
SynIOL Full window Per-position categorical Masked-mean pooled
window reconstruction; heads, numeric head, GRU or Transformer
masked event message-token head output after embedding
reconstruction; projection

contrastive; hybrid;
Transformer hybrid
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Table A.7: Learned embedding masking and augmentation settings.

Input type

Masked reconstruction

Contrastive augmentation

PLC rows

Event type 0.10; component 0.05;
severity 0.05; payload fields 0.10;
message tokens 0.15; payload
tokens 0.10; numeric fields 0.10

Same field and token masking;
numeric jitter with standard
deviation 0.05

SynlOL rows

Event type 0.10; component 0.05;
severity 0.05; state 0.05; message
tokens 0.15; numeric fields 0.10

Message-token masking, one
masked categorical field in one
view, numeric jitter with
standard deviation 0.05

HDFS Event tokens masked with Token masking 0.15; event
sequences probability 0.15 dropout 0.10; span masking
0.10; crop probability 0.10
IoT Subactivity tokens masked with Token masking 0.15; token
subprocesses probability 0.15 dropout 0.10; span dropout
0.10; crop probability 0.15
SynIOL Sequence fields masked with Message-token masking 0.15;
windows probability 0.15; message tokens span masking up to 8 events;

0.15; numeric fields 0.10

numeric jitter with standard
deviation 0.05
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