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“In the first fire-engines, a boy was constantly employed to open
and shut alternately the communication between the boiler and the
cylinder [...]. One of those boys [...] observed that, by tying a
string from the handle of the valve which opened this
commumnication to another part of the machine, the valve would
open and shut without his assistance, and leave him at liberty to
divert himself with his playfellows. One of the greatest
improvements that has been made upon this machine [...] was in
this manner the discovery of a boy who wanted to save his own
labour.”

— Adam Smith, The Wealth of Nations, Book I, Chapter 1 (1776)
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Abstract

Neural time-series methods hold increasing promise for improving how man-
ufacturing systems operate, enabling more accurate monitoring, earlier fault
detection, and better-informed operational decisions. Human-in-the-loop archi-
tectures extend this further, pairing machine learning with human expertise to
refine and guide how analytical pipelines perform in practice.

Building such pipelines, however, surfaces a range of challenges. Industrial
systems record machine states, buffer levels, and event logs for operational
supervision, not to produce clean training sequences. The data entering neural
time-series pipelines are often irregular in time and incomplete across variables,
while most neural methods assume regularly sampled and densely observed
inputs.

The aim is to relate how observation conditions arise in manufacturing
systems to where neural methods encode assumptions about time and absence,
and thereby ground method selection in the observation process for human-in-
the-loop (HITL) decision-support settings.

A simulation study of a discrete manufacturing system shows how ordinary
production-structure mechanisms generate temporally uneven, asynchronous,
and dependent traces under controlled assumptions. A structured survey
examines how neural methods for irregular and incomplete time series differ in
their treatment of time and absence within the modeling pipeline. The main
contribution is methodological: comparison should begin from the observation
process, treating irregular sampling and missingness as distinct properties with
different implications for representation, evaluation, and method selection in
HITL decision-support settings.
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Chapter 1

Introduction

This chapter introduces the background, vision, problem framing, aim, research
questions, and scope of the thesis, and outlines its structure.

1.1 Background

Manufacturing performance is shaped, in part, by the quality of operational
decisions [1]. Operators decide when to let production proceed, intervene, or
inspect, but rarely with direct visibility into the underlying physical process.
Those choices are made through mediated records (machine states, alarms,
event logs) and their usefulness depends on what the records make visible,
when, and how reliably their temporal structure can be read [2]. A first-pass
yield falling steadily while the machine reports normal state, throughput holds
at target, and no individual measurement leaves its tolerance band is not yet a
fault; it is a pattern visible only when production counts, inspection outcomes,
and inline measurement traces are read together against their usual rhythm.
Reading such a pattern means reading the record against time: what appeared
when, what came before, and what went unrecorded.

The infrastructure that produces these records is already in place, because
automation requires it. Sensors feed programmable logic controller (PLC) con-
trollers at millisecond timescales, while supervisory control and data acquisition
(SCADA) systems and historians aggregate that stream for human oversight
through deadbanding and time-averaging [3]-[5]. The scale is far beyond the
span of routine operator attention; sensor counts in large industrial plants
can reach into the millions [6], [7]. Established analytics, such as condition
monitoring, work well within their design assumptions [8], [9]: stable operat-
ing conditions and predetermined fault signatures. They are correspondingly
weaker on patterns that were not anticipated in advance, and on signals that
only become legible when records across the stack are read together.

What follows from this is a different posture toward the existing infrastruc-
ture. The sensors, controllers, and historians already produce a continuous
trace of the production system; yet the use of that record for decision support
beyond routine control remains limited, a missed opportunity.
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Figure 1.1: Human-in-the-loop (HITL) manufacturing Al: the target system.
An AT layer identifies complex patterns in records, extending what the infor-
mation infrastructure alone can surface to engineers and operators.

1.2 Vision

The vision this thesis works toward is a production environment where engineers
and operators read complex patterns in the records their plants already generate,
with neural analytics surfacing what unaided observation cannot. In the human-
in-the-loop (HITL) manufacturing artificial intelligence (AI) system this thesis
works toward, a skilled engineer or operator works with neural analytics rather
than without them. In practice this means surfaced signals: an anomaly score
that has crossed a threshold appearing in a monitoring dashboard, a flagged
event in a maintenance queue, or a predicted bottleneck forming upstream
before it becomes visible to unaided observation. The system surfaces the
pattern; the engineer reads it against operational context, decides whether
to intervene, and remains the locus of accountability for that decision. The
judgment, the contextual reasoning, and the final action remain with the
human. The analytical scope is the combined-record setting from Section 1.1:
pipelines drawing from across the observation stack rather than a single stream.
The operational insight HITL is meant to support depends on patterns visible
across that combined view.

HITL is not a concession to current AI maturity; it is a design choice. Safety,
accountability, and contextual judgment are structural parts of how production
systems remain reliable [10]-[12]. The same posture has been studied in clinical
medicine [12], [13], where high-stakes decisions and incomplete information
make human oversight of model outputs a similar design requirement, and
applied to industrial fault diagnosis [14]. The broader target system is sketched
in Figure 1.1.
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1.3 Problem Framing

The production systems that generate those records were not designed with
AT in mind [15], [16]. They were built for control and supervisory visibility,
and the system stack is heterogeneous across factories, production lines, and
individual machines. What is recorded, at what resolution, and in what format
reflects control requirements rather than modeling assumptions. Testing neural
methods in running operations adds a further constraint: production time
carries direct opportunity cost and safety requirements limit the controlled
evaluation needed to characterize system behavior under fault conditions. A
deeper constraint is the absence of labels: the conditions most consequential
for operations (a developing bottleneck, or a process shift that precedes a fault)
are precisely those not anticipated in advance. Neural methods address this in
principle through unsupervised and self-supervised approaches [17]-[19], but
only if the records can be brought to those methods in a form that preserves
what they encode.

Manufacturing records are not neutral raw data. They are mediated traces
produced by observation infrastructure operating on control logic. A machine
may record only state changes while a related signal is sampled on a different
schedule; both describe the same production system, but under incompatible
timing logics. The resulting records are often irregular, asynchronous, and
incomplete relative to the regular-grid assumptions of many neural time-series
methods [17]-[20]. Many records arise from event-triggered rather than clock-
driven observation. While standard data-quality frameworks treat sparsity as a
defect, event-driven sparsity is better read as an infrastructure property of the
observation regime [5], [21]. Log-format records require an explicit parsing step
before temporal analysis can begin, and that choice is not neutral [22], [23];
in practitioner surveys, timestamp integrity consistently ranks as the primary
quality concern in operational data [24].

The most common responses to irregular or incomplete records (gap-filling
and temporal smoothing) do not allow a model to distinguish a true observation
from a reconstructed one, discarding the information the absence itself carries
[25]. When missing ratios are high, incorrect imputation introduces systematic
bias into the processed record [26], [27]. Absence in manufacturing records
frequently reflects the observation infrastructure itself (event-driven acquisition
and logging design) rather than random data-quality failure [28], [29]: what is
not recorded can be as informative about system state as what is. Operational
records are also structurally imbalanced, and data quality assurance is not
well incorporated into production systems despite the volume of data they
generate [30]. A model trained on records whose temporal structure has
been misrepresented generates signals whose apparent precision conceals an
unreliable observational basis. The problem is not that the records are bad; it
is that they are not in the form a model expects, and the way they are brought
to that form can misrepresent what they encode.
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1.4 Aim and Research Questions

Within the trajectory sketched in Section 1.2, this licentiate commits to one
step on the path to that vision: characterizing the records-to-representation
interface where manufacturing observation conditions meet neural modeling
assumptions. Upstream lie the infrastructure and sensing layers that generate
records: sensors, PLC controllers, SCADA systems, and historians; downstream
lie the operator workflows and decision-support contexts in which a trained
model surfaces signals to a human. This thesis addresses neither; it addresses
what the records look like when they arrive at a model and what assumptions
a model places on those records. The aim is stated at that interface.

This licentiate thesis aims to develop an understanding of how manufacturing-
side observation conditions relate to neural time-series modeling assumptions.
The enquiry has two parts: the first concerns the manufacturing side, the
second the model side.

research question 1 (RQ1) What time-series characteristics can arise from
a simulated discrete manufacturing system?

RQ1 addresses the manufacturing side of the interface [4], [31]: before
comparing how neural methods handle manufacturing records, it is necessary
to examine the observation conditions from which those records arise. Two
representation characteristics are of particular relevance on the model side:
irregular sampling, in which records arrive at uneven or state-driven intervals
rather than on a regular grid, and observational missingness, in which values
that would be expected are absent [17]-[20].

research question 2 (RQ2) How do neural time-series methods differ in
their treatment of irregular sampling and observational missingness?

How a pipeline handles these characteristics, whether through interpolation,
masking, or another form of treatment, carries assumptions about timing and
availability that shape what a model can learn [18], [20]. Together, the two
questions span the formation of time-series records on the manufacturing side
and their handling on the model side [15], [20], addressing the records-to-
representation interface as the prerequisite step for HITL manufacturing Al
The licentiate takes that step: it characterizes which observation conditions
arise from discrete manufacturing and how representation choices encode
assumptions about them, so later benchmarking and deployment can proceed
with the interface understood rather than assumed.

1.5 Scope and Delimitations

The thesis covers the relation between observed manufacturing time-series
conditions and neural modeling assumptions. Its empirical focus is on su-
pervisory time-series signals from simulated discrete manufacturing, which
provides a generative setting where observation conditions are inspectable un-
der known structural assumptions; discrete manufacturing is chosen because its
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event-driven, buffer-mediated temporal structure is the primary source of the
observation conditions studied here. On the model side, the scope is limited to
neural time-series methods that address irregular sampling and/or observational
missingness [18], [20], the class of methods increasingly applied to manufac-
turing records in practice, and where the interaction between representation
choices and modeling assumptions is most consequential.

Several topics are outside the present scope. The thesis does not propose a
new architecture, rank model families universally, or include high-dimensional
modalities such as images or unstructured text. It also does not address
downstream decision processes, control-loop integration, or fully autonomous
operation. The target system is human-in-the-loop, and the present contribution
sits upstream of the decision interface itself. Non-neural methods, including
Markov approaches and process mining, remain established baselines for event-
native logs and should feature in later benchmark studies, but are outside the
present scope. Spatial and graph-relational methods, such as spatial-temporal
graph neural networks over sensor or machine topologies, are likewise outside
scope. They address a related but distinct observation condition, namely known
relational structure between channels, which warrants separate characterization.

1.6 Thesis Structure

e Chapter 2 builds the frame of reference from manufacturing observation
infrastructure through representation and neural temporal modeling to
controlled evaluation.

e Chapter 3 operationalizes the frame of reference through the two nested
studies and their procedures.

e Chapter 4 summarizes the two appended papers and their individual
findings.

e Chapter 5 synthesizes the findings across the research questions and
reflects on the aim, limitations, future directions, and contributions.

e Chapter 6 states what the evidence shows and where its scope ends.






Chapter 2

Frame of Reference

This chapter builds the conceptual route from manufacturing as it is cur-
rently operated and observed toward manufacturing with augmented decisions.
Figure 2.1 guides that route, and the chapter moves through operational manu-
facturing, the infrastructure that observes it, how observations are represented,
how representations are modeled in time, and how all of that is evaluated.

2.1 Manufacturing as an Operational System

2.1.1 Production as coordinated flow

Manufacturing is the coordinated production of goods across linked operations,
often through long chains of heterogeneous steps [1], [4]. Figure 2.2 illustrates
this for the automotive case, where body, powertrain, chassis, and interior
streams proceed in parallel before converging at final assembly, where they must
meet in the correct order and configuration. This coordination challenge is
especially visible in built-to-order settings, where parallel streams must remain
synchronized despite product variation.

Even for simpler products, production requires coordinated tooling, trans-
port equipment, workers, control systems, and maintenance [1], [4], [34]. In
practice, these elements are arranged in workstations, cells, lines, factories, and
broader production networks. Manufacturing is not a single isolated transforma-
tion step, but a coordinated system of interdependent operations in which local
changes (in machine condition, scheduling, transport, or operator intervention)
can propagate outward across the production system.

2.1.2 Operational interpretation through mediated views

Operational personnel such as operators, engineers, supervisors, or maintenance
staff see manufacturing through information provided by systems such as
manufacturing execution system (MES), process-monitoring tools, and event
logs [4], [15], [35]-[37]. What becomes available for interpretation is already
selective and mediated: it reflects those aspects made visible through the
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Manufacturing with augmented decisions
I I I

Observation Records to Temporal Controlled
Infrastructure Representations Modeling Evaluation
representation learning under bounded comparison

mediated traces for learning assumptions claims

| I |
Manufacturing as an Operational System

Figure 2.1: Conceptual guide to Chapter 2: base = current manufacturing
practice, pillars = the four enabling concepts, roof = the target vision of
augmented decision-making.

technical and organizational means by which manufacturing is supervised, not
the underlying process in any direct sense.

A machine-state transition may be detected very quickly, while maintenance
and scheduling decisions may follow on longer timescales, from minutes to
hours. Each layer operates on a different clock, and manufacturing behavior is
observable at multiple temporal scales [31]. At process level, relevant changes
may occur very quickly, for example in sensing, control, actuation, and machine-
state transitions. At supervisory and operational levels, information is often
gathered, updated, and acted upon more slowly, shaped by machine cycles,
operator responses, maintenance actions, scheduling decisions, and broader
production coordination. Between process behavior and later analysis sits
an observation infrastructure that determines what becomes visible, when it
becomes available, and in what recorded form.

The next section focuses on that observation infrastructure and on how it
turns process evolution into records available for analysis.
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Figure 2.2: Concurrent and converging sub-processes in automotive manufac-
turing [32], [33].

2.2 Manufacturing Observation Infrastructure

2.2.1 Process, observation, and record

A vibration sensor mounted on machine components can continuously record
vibration signals, which may change as operating conditions or faults develop.
A controller log notes when a machine enters a failure state. These records, not
the motor or the machine directly, are what later enters analysis. Characterizing
the observation infrastructure through which selected aspects of manufacturing
process behavior become available, and the relation those records bear to the
underlying system, is a prerequisite for modeling.

The current signal from a motor can provide information relevant to its
mechanical condition, but it does not by itself fully specify that condition. A
controller alarm records that certain logic conditions were met, not the full
trajectory that led there. The gap between what happens and what is stored
makes it useful to distinguish the process, the observation, and the record
[38]. The process is the underlying manufacturing cyber-physical system (CPS)
(a system coupling physical operation with sensing, embedded control, and
supervisory software) with its physical and logical dynamics. Observation is
the infrastructural chain through which selected aspects of that process become
detectable. The record is the stored temporal trace produced through that
chain.

Modern manufacturing systems combine physical production resources with
mechanical and electrical equipment, embedded electronics, and control logic.
Material flows and operational coordination link these elements. In contempo-
rary settings, many are usefully understood as manufacturing CPS, because
physical operation is coupled to sensing, embedded control, communication,
supervisory software, and higher-level information systems [10], [38], [39]. The
framing implies that the interaction between the physical process and the
digital infrastructure, not the physical process alone, generates the temporal
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traces used later for analysis. A given controller alarm records that certain
logic conditions were met, not the full trajectory that led there; a historian
trace records the values the infrastructure retained, not the full state evolution
the system underwent. Manufacturing systems are only partially supervised,
and many states of interest become visible only through proxies.

2.2.2 Layered infrastructure and recorded time

2.2.2.1 Layered architectures and their record types

Industrial system layer Recorded observation in practice
Layer
ayer - N R
Company management object enterprise summaries
L5 o2 . b~ time horizon months—years
strategy, coordination, oversight available via enterprise / cloud
N AN J
- N R
Beftiess sl object orders, schedules, inventory
. p' . g - time horizon hours—months
planning, logistics, inventory control available via ERP / business DB
N AN J
- t N . R
object execution events, batch
L3 Operations management || records
execution, dispatch, traceability time horizon seconds—hours
available via MES / historian
N VL )
4
- N (. N
Supervisory control object alarms, trends, operator
L2 itoring, alarm handli tor [+ SYems
monitoring, alarm handling, operator time horizon seconds—minutes
SHBECH: available via SCADA / HMI
- J
4
(. N
object sampled values, controller
Sensing & control states

L1

> . . e
measurement, actuation, control logic time horizon milliseconds—seconds
available via device / controller

t > J
( )
Physical process object none; not yet stored
material transformation, motion, -  time horizon continuous
energy flow available via not yet stored
N 2R J

Figure 2.3: Layered path from system to record, adapted from [4]. The figure
reads from the process level at the bottom to enterprise systems at the top.

One common way to describe such infrastructure is through layered au-
tomation and information architectures such as Purdue and enterprise-control
system integration standard (ISA-95)/TEC 62264. As summarized in Figure 2.3,
the infrastructure spans from the physical process to enterprise systems, with
each layer serving a distinct operational purpose and producing a distinct
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class of record [4], [38], [40]. Rates across the stack span orders of magnitude.
PMU standards mandate at least 30 frames per second in power infrastructure
[41], while wind-turbine supervisory control and data acquisition (SCADA)
systems typically average one sample per 10 minutes across 20-30 sensors per
turbine [42]. These are cited as bracketing references rather than manufactur-
ing instances: both rely on the same Purdue/ISA-95-style layered acquisition
stack, and the cadence span they reveal is representative of the dynamic range
manufacturing acquisition shares. Cadences across the stack span at least four
orders of magnitude in common industrial practice.

ISA-95 serves here as an organizing framework, not as an exclusive boundary
of data collection: deployment varies substantially by industry, plant scale,
and vendor history, and a uniform implementation is not feasible across sites
because interpretation of the standard strongly affects the outcome [3], [43]. In
practice, records may also come from local controller logs, retrofitted sensing
systems, laboratory instrumentation, maintenance systems, or manual report-
ing pipelines. The broader point is that manufacturing data usually becomes
available through pre-existing operational platforms built for control, supervi-
sion, and planning, whose original purposes predate any downstream artificial
intelligence (AI) use [26], [39], [44]. The four ISA-95 categories of enterprise-
control information exchange (production definition, capability, schedule, and
performance) are structured operational records, not raw sensor streams, and
any pipeline that ingests them needs to handle their structured semantics
accordingly [43].

The deployment of IIoT and 5G network infrastructure accelerates data
accumulation but reinforces rather than eliminates temporal irregularity, since
sensors continue to log on change rather than on a fixed schedule, and managing
heterogeneous multi-source data at scale is itself an open research challenge in
Industry 4.0 contexts [45]-[47].

2.2.2.2 Recorded time and timestamp semantics

Historians do not simply record every value at every instant. Industrial histori-
ans typically operate in exception-reporting mode, writing a new value only
when the signal changes beyond a configurable threshold. In the Rockwell
FactoryTalk historian, three parameters govern this behavior: FzxcMaz defines
the maximum time allowed between successive writes regardless of value change;
FExzcMin defines the minimum interval between writes to suppress noise; and
EzxcDev defines the minimum change in value required to trigger a write at all
[48]. Event-driven controllers obey the same logic. Event-driven controllers can
require substantially fewer samples for the same control task: in one reported
case, an event-driven implementation used roughly a quarter of the samples a
1 kHz time-driven controller would have produced over the same window [49].
Sparse records are therefore the intended output of the observation infrastruc-
ture, not a data-quality failure. The same compression mechanism that keeps
historian storage and network traffic manageable during data collection also
operates during live deployment: a model that learns from exception-reported
traces learns from gaps that obey the same policy as the gaps it will encounter
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in production [50].

The observation path shapes the record further through time adjustments,
interface conventions, and other system-specific transformations such as buffer-
ing, aggregation, synchronization, retention, and storage policies [4], [34], [51].
Time is not merely an ordering coordinate; it is part of record meaning. The
OPC Unified Architecture (OPC UA) historical access specification distin-
guishes source timestamps, recorded when the originating device observed the
value, from server timestamps, recorded when the historian received it: the
two may differ whenever clock drift is present or when outage-recovery inserts
reconstructed values after the fact [52], [53]. Beyond this source-versus-server
distinction, timestamps may be coarse relative to the events they register, and
human-entered records can inadvertently carry incorrect timestamps when a
recorder’s proximity to a prior event creates confusion about which moment is

being logged [24].

Clock skew between networked devices adds a further layer: even small drift
rates distort the temporal proximity between records from different sources,
blurring the signal patterns that models are expected to learn [7], [54]. The
same synchronization challenge extends to IoT deployments more broadly,
where traditional imputation techniques are not designed for the restricted
connectivity and processing constraints of sensor systems [26]. A controller-
time occurrence, a historian write time, and a recovered value inserted after
an outage each carry a different interpretive status [53]. Observability is
partly an infrastructural achievement: what becomes visible depends on how
process behavior, sensing, timing, storage, and integration are coupled. For
temporal industrial records, data quality can be understood along three named
axes: accuracy (measurement precision and validity), availability (completeness,
consistency, and absence of loss), and timeliness (delivery within acceptable
latency relative to the event) [55]. All three are constrained by the observation
infrastructure described above and can fail independently: a record may be
timely yet inaccurate, or accurate yet too delayed to inform the decision it was
meant to support.

The result of this chain is the manufacturing record that later enters
analysis. It may contain sampled measurements, controller states, alarms,
logged transfers, execution events, and related operational traces. Alarm and
event logs are not structurally equivalent to numeric sensor streams: they
range from structured comma-separated values through semi-structured key-
value pairs to unstructured human-readable messages with heterogeneous event
types [56], and this structural difference implies different representation and
processing strategies from those applied to continuous measurements. Such
records are not raw process reality but infrastructurally produced traces whose
timing, availability, and meaning have already been shaped by the observation
path. In the emerging digital twin paradigm, where virtual replicas of physical
systems are updated continuously from sensor streams, this challenge becomes
a system-level requirement: the twin is only as current as the data that feeds
it, and that data arrives asynchronously and sparsely [47].
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Table 2.1: Core notation used in §2.3 and throughout the remainder of the
thesis.

Symbol Meaning

D = {(¢i, yi, ci)}fvzl Observed event record: the full set of timestamped triples
from all channels

t; Timestamp of event i

Yi Recorded value or state of event

¢ e{1,...,C} Channel identifier of event ¢

N Total number of recorded events in D

C Number of channels

t= (1), -5 tK)) Reference time axis: ordered union of distinct observation
times across channels

K Number of distinct instants on t

X € RExC Value matrix of the aligned representation

M € {0,1}K*¢ Observation mask; My, =1 if channel ¢ was observed at ¢y,
0 otherwise

Atk =ty — te—1) Inter-event gap on the reference time axis

fo Learned model mapping with parameters 6

2.3 From Records to Representations

This section examines how a manufacturing record becomes a model-ready
object and why the choices made in that step matter for what a temporal
model can learn. Table 2.1 collects the notation used throughout this section
and the chapters that follow.

2.3.1 Representation as problem formulation

Representation choices are not preprocessing decisions tucked in before the
model; they fix what the model is allowed to treat as observation, absence, and
continuity. Consider pre-aligning machine-state and buffer-level traces on a
common time axis, for example using time-series alignment or forward-filling to
handle gaps. The model now sees smooth, gap-free inputs: the gaps themselves
may have been informative. More precisely, no matter how cleverly a gap
is filled through interpolation, the fill cannot certify whether an anomalous
event occurred during that interval [50]. The gap is resolved representationally
but remains a blind spot epistemically, and a model trained on the same
infrastructure-induced gaps it will later encounter in deployment is learning
from absences that follow the same observation policy, not from errors.
Representation choices determine which temporal relations a model can
learn from, and do more than the label “preprocessing” suggests. A recorded
manufacturing trace is not automatically a model-ready time series. Choices
about alignment, interpolation, masking, and encoding determine what counts
as temporal structure for the model. Temporal discretization, for example,
requires choosing both a bin width and an aggregation rule, and both choices
determine which within-bin dynamics the model can ever observe [20].
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The point is not simply that data must be formatted. It is that the model
never receives the manufacturing process directly, and it does not receive the
record in any untouched sense either. It receives a represented temporal object
whose structure already traces back to decisions about time axes, channel
integration, missingness handling, and task construction. Those decisions affect
not only convenience, but also which temporal relations remain available for
learning and what later comparison claims can reasonably mean.

Manufacturing records are typically stored as discrete snapshots, state
changes, alarms, transactions, or other logged events rather than as a continuous
record of process evolution. Different channels operate at different rates, and
industrial acquisition commonly mixes periodic polling with event-triggered
logging [11], [57], [58]. Since manufacturing systems evolve through concurrent
and condition-dependent processes, relevant changes occur when the necessary
conditions are reached. These include state transitions and material transfers,
and the disruption states surrounding them: failures, repairs, blocking, and
starvation [31], [38]. Irregular timing and cross-channel asynchrony arise in the
process and observation chain itself, not only later as preprocessing problems.

Manufacturing records are also heterogeneous in meaning, in data type, and
in timing. A sampled sensor value, a machine-state transition, a completed
transfer, and a genealogy relation can all appear in the same corpus, yet
they refer to different aspects of manufacturing activity [16], [31], [38]. That
heterogeneity extends to data type: binary alarm states and categorical machine-
state transitions coexist with continuous sensor readings in the same pipeline,
and type-naive processing treats them as interchangeable when they are not
[59], [60]. These are best treated as distinct observation types with different
interpretive roles. The record already contains interpretive structure before it
enters representation or learning [15].

2.3.2 Observation conditions in aligned records

Figure 2.4 illustrates the situation. A machine-state log records transitions
at t=180 s, t=310 s, and t=515 s; a buffer-level log records values at t=180 s
and t=310 s but has no event at t=515 s. These are three distinct situations:
the channels update asynchronously (neither observed on the other’s schedule),
the inter-event gaps are non-uniform, and the buffer channel is absent at
t=>515 s on the aligned axis even though that instant belongs to the shared time
axis. Collapsing them into one “missing data” problem loses the distinction
between them. Irreqular sampling, asynchrony, and observational missingness
are therefore the three observation conditions central to this thesis; they arise
from different sources and require different handling strategies [4], [61].

To reason about that step more precisely, it is useful to begin from a
minimally committed event-style description of the recorded trace, given in
Equation 2.1.

D= {(tivyiuci)}ij\;lv (21)

where ¢; is a timestamp, y; is a recorded value or state, and ¢; € {1,...,C}
identifies the channel or record type that produced it. This form clarifies that
one channel being observed at a certain time does not imply simultaneous
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Figure 2.4: Two asynchronous channels aligned to their union of observation
instants t (right). The buffer has no event at t=515, so M3 »=0: mask M keeps
value absence distinct from time irregularity. Here @ marks no recorded value,
distinct from a recorded zero.

observation of all other channels. The triple structure makes no assumption
about how many channels observe simultaneously or whether events cluster in
time [4], [11]. A reference axis can then be formed from the distinct recorded
times, as shown in Equation 2.2.

t=(t), . LK), {ta Hey = sort (unique({t;};*,)), (2.2)

The axis t orders the observation timestamps of records across channels chrono-
logically. It makes no assumption that all channels were observed at each
instant; it establishes a common timeline against which channels can be placed.

The record can then be projected onto that axis. For each instant ¢(;), a
value matrix X records what was observed and a binary mask M records which
channels contributed, as in Equation 2.3.

(X, M) = Align(D;t), X e REXC M e {0,1}5*¢, (2.3)

where My . = 1 indicates that channel ¢ was observed at time (), while
My, . = 0 indicates that no value is available there on the chosen axis [62].

This notation is useful because it helps distinguish three observation con-
ditions that are often collapsed too early. Irregular sampling concerns the
geometry of the time axis itself; the gaps Aty = t(x) — t(1—1) between recorded
instants are uneven rather than fixed. Asynchrony concerns non-coincident
updates across channels or sources. Observational missingness, by contrast,
concerns value absence conditional on a chosen axis or representation [18], [61].
These conditions are related, but they are not interchangeable. A record can
therefore be irregular even if every observation event is fully specified, several
channels can be individually well observed yet remain asynchronous with one
another, and a representation can be regular in time while still containing
substantial value-wise absence.

Where value-wise absence does occur, the standard taxonomy in the missing-
data literature distinguishes three mechanisms by what the probability of
absence depends on [63], [64]. Under missing completely at random (MCAR),
absence is independent of both the observed values and the absent value. Under
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missing at random (MAR), absence may depend on observed values but not
on the absent value given what is observed. Under missing not at random
(MNAR), absence depends on the absent value or on quantities not among
the recorded variables. In manufacturing records produced by event-triggered
acquisition, the absence of an entry My . = 0 at a non-event instant is by
construction tied to whether the generating event occurred (the very thing the
channel would have recorded), and so cannot satisfy the independence required
by MCAR or the conditional independence required by MAR. This structural
dependency will recur in §3.2.1.2 as the basis of Study 1’s redirection finding.

2.3.3 Interpretive consequences of representation choices

Absence in a record can carry information about how the system behaves. A
silent channel in a machine log may indicate a sensor or acquisition problem, or
that the machine never entered a state that would trigger logging. In a designed
event-triggered system, silence may carry information about system behavior.
A missing sensor sample differs in interpretive status from an unlogged event
[15], [31]. Absence is not always best interpreted as failure or corruption. A
silent channel may reflect source logic rather than malfunction. An omitted
event may mean that the system never entered a certain state. A sparse trace
may follow a designed event-triggered policy rather than broken sensing. This
does not mean that every absence is meaningful, nor that imputation is always
inappropriate. It means that incompleteness can carry information about
process behavior, source policy, or infrastructure behavior, and that the analyst
has to decide whether that information is preserved, modeled, or suppressed
[15], [28].

Once records have been aligned, synchronized, or otherwise adjusted, timing
distortions and data-quality consequences often become more explicit. Align-
ment decides what counts as simultaneous. Windowing decides where one
analytical unit begins and ends. Forward filling assumes persistence. Interpola-
tion introduces between-observation behavior that was not directly observed.
Event abstraction changes what qualifies as an event in the first place. Syn-
chronization across SCADA, machine, historian, and enterprise records decides
which timestamps, identifiers, and semantics are treated as commensurate.
These operations do not merely tidy data; they shape which temporal relations
remain available to the model and which have already been smoothed, col-
lapsed, or introduced upstream [65]-[67]. The practical magnitude of this effect
is visible in log-based anomaly detection: swapping the upstream log parser
while keeping model and task fixed reduces the F1 score (harmonic mean of
precision and recall) from 0.755 to 0.609 [22], [23]. That gap is larger than
most architectural gains reported in that literature: a concrete illustration that
representation choices matter more than the label “preprocessing” implies.

In manufacturing, records from different acquisition channels rarely arrive
as a unified sequence. A controller event log, a historian trace, and an order
record may cover the same production window yet differ in sampling rate,
timestamp semantics, and event granularity. Combining them forces alignment
decisions before modeling begins. In one setting, it may be appropriate to
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treat the combined record as one joint temporal object. In another, it may
be more defensible to preserve the partial independence of sources and expose
their couplings only through the chosen representation. What counts as the
same sequence across machines, runs, or conditions is not given for free.
Representation is an integral part of problem formulation, not merely a
peripheral preprocessing step [15], [20]. It determines what the model is allowed
to treat as observation, absence, simultaneity, and continuity, and thus helps
define what the learning problem is. Different temporal relations are also
observed with different degrees of directness: temporal order may be directly
recorded, while continuity between observations is usually not; state changes
may be explicit, while cross-channel alignment may have to be reconstructed.
When records from several sources are synchronized, the resulting representation
may appear cleaner than the observational situation ever was. In that sense,
preprocessing can reshape the phenomenon under study rather than merely
tidy it. The multimodal machine-learning literature frames this more directly:
for heterogeneous industrial data, the category boundary (what counts as a
channel, an event, or a missing value) is itself an analytical decision, and no
commonly applied dataset or standardized construction procedure exists for
comparing results across settings [68]. Data-centric AI makes the same point
from a different angle, treating data construction as part of the ATl method
rather than its antecedent [69]. For this thesis, that is the main reason the
transition from record to representation matters: it is one of the primary places
where assumptions enter before temporal modeling and evaluation [15].

2.4 Neural Temporal Modeling

2.4.1 Temporal modeling as a learning problem
2.4.1.1 Objectives and assumption placement

Temporal modeling involves learning from ordered sequences of observations to
infer outputs or future states. Depending on the objective, the model produces
a forecast, a detection score, a reconstruction, an imputed value, a latent
embedding, or a class label for an observed episode [70]—[72]. Each objective
relies on a different aspect of temporal structure: forecasting on autocorrelation
and trend, detection on internalized expected behavior, reconstruction and
imputation on cross-channel couplings, and representation learning on what the
encoding retains. Objective definition and method choice are interdependent.
The useful orienting distinction is where modeling assumptions about time
and observation are placed. Traditional methods (spectral analysis, filtering,
autoregressive integrated moving average (ARIMA), and state-space models)
place strong assumptions in the representation or in an explicit dynamical
model, and are most effective when those assumptions fit the data [70]-[72].
Neural sequence models relax some of those structural assumptions and can
represent more complex dependencies, but require that the represented temporal
object already carries enough signal for the learning task. Both families are
parametric, but traditional methods embed structural assumptions in a small
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number of interpretable parameters, whereas neural methods distribute them
across high-dimensional weight spaces learned from data. Whether architectural
complexity translates into performance gains depends on what the represented
data require. In standard forecasting benchmarks covering traffic, energy, and
weather data, simple linear models have outperformed much more complex
Transformer-based architectures by 20-50%. The reason is not that the more
complex models are poorly designed; it is that the temporal structure of
those datasets favors linear extrapolation over learned attention [73]. The
illustrative point transfers because the lesson is about assumption fit rather
than domain content: whenever the represented temporal object does not call
for the inductive bias an architecture supplies, headline complexity does not
translate into performance. The useful comparison between these families
is therefore not architectural novelty but assumption placement: where the
commitment to regularity, continuity, or observation structure is made, and
whether that commitment fits the record.

2.4.1.2 Manufacturing-specific constraints

Manufacturing modeling objectives sit inside that same assumption-fit picture,
with their own constraints on what the data require. In manufacturing, tem-
poral modeling objectives arise in familiar and recognizable forms. A model
may be asked to anticipate future process development, detect departures
from expected behavior, reconstruct partially observed system state, estimate
unobserved values, learn a representation that makes runs or operating regimes
comparable, or assign labels or scores to episodes. Applying these objectives
directly to manufacturing records is not straightforward, however. Data volume
and label availability do not usually scale together. Industrial systems generate
substantial temporal records through routine supervision, control, and trace-
ability. Yet analytically useful labels are often incomplete, delayed, ambiguous,
or costly to establish. Fault onset may be uncertain, interventions may weakly
document what happened, and maintenance histories do not always align with
the time-series episode later used for learning [44], [54], [74]. This gives particu-
lar importance to unsupervised or semi-supervised objectives such as anomaly
detection, reconstruction, imputation, and representation learning, which can
exploit large volumes of weakly annotated or unannotated records while still
supporting monitoring and interpretation [15], [16]. These objectives are not
interchangeable, however: imputation-based anomaly detection aims to enlarge
reconstruction errors at anomalous points, whereas imputation for missingness
recovery aims to minimize reconstruction error uniformly. A method optimized
for one objective may systematically underperform on the other even when
both are described as imputation [75].

A forecast can help an operator detect when a process may be heading toward
failure or an anomalous regime, enabling timely intervention. A detection score
surfacing an early deviation can trigger an inspection. These outputs are not
operational decisions in themselves, but they can support one. A reconstructed
state or learned representation can help compare episodes or interpret process
behavior when direct observation is partial. Downstream manufacturing use is
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Figure 2.5: Four families of neural temporal-modeling methods, ordered by
where each places its assumptions about time and observation.

assembled from discrete analytical components rather than delivered by one
complete model.

The downstream usefulness of a model depends not only on architectural
flexibility but on whether the represented temporal object preserves the distinc-
tions the task depends on. If timing is collapsed too early, absences are given the
wrong meaning, or asynchronous channels are forced into artificial simultaneity,
later outputs may appear precise while resting on a weakened observational
basis. For the present thesis, that point sets the scope clearly: the contribution
remains upstream, studying a precondition for later monitoring, detection, and
interpretation-oriented use rather than a complete decision-support pipeline.

At the most basic level, a neural unit computes

a=¢(w'z+0b), (2.4)

where z is the input, w and b are learned parameters, and ¢ is a nonlinear
activation. In this thesis, the relevant point is not the internal mechanics of
neural networks as such, but that the model never receives the manufacturing
process directly. It receives an input x whose order, spacing, alignment, masking,
and observation structure already trace back to upstream choices [4], [15], [61].
Temporal models are therefore treated less as a catalogue of architectures and
more as different ways of learning from a represented temporal object shaped
by those upstream choices.

2.4.2 Families of temporal-modeling commitments

Neural sequence models differ less in their headline architecture than in where
they ask irregularity to be handled: at the input, inside the recurrence, or
in continuous latent dynamics. Figure 2.5 arranges four families along that
axis. At the left, signal-processing methods resolve timing upstream in the
representation; at the right, irregular-time neural methods keep it live inside the
learning problem. The arrangement is descriptive, not evaluative: each family
rests on different prior commitments: how timing is handled, how observations
are aligned, whether continuity is assumed, how dependence is modeled, and
what counts as an observation [18], [76].
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Classical signal-processing methods (Signal methods, leftmost card) often
place their key assumptions in the signal model or representation by exploiting
known properties or structure of the signal. Fourier and wavelet transforms,
filtering, and related tools are powerful when the represented record already
behaves like a reasonably regular measured signal [77], [78]. They typically
presuppose approximate stationarity over the analysis window. In manufactur-
ing, that fit is strongest for continuous diagnostics such as vibration, current,
temperature, or flow, where the data object is already close to a sampled signal.
In such cases, upstream regularization has already determined which timing
variation will be treated as meaningful structure and which will be treated
as noise. Conclusions drawn from these methods depend not only on the
method itself, but also on whether the record was first reshaped into something
signal-like [57], [58], [79].

Statistical time-series models and state-space model (SSM) (second card)
place more of the commitment in an explicit temporal and observation model.
ARIMA-type models describe autocorrelation in sampled sequences, while state-
space formulations separate hidden system evolution from noisy observation
[70]-[72]. State-space formulations typically also place a Markov assumption
on the hidden state. These models are closer than pure spectral tools to the
problem of imperfect observation. However, layered logging, channel asynchrony,
and semantically mixed records still force the analyst to decide what should
count as hidden state, what should count as observation noise, and how timing
enters the observation model. Their usefulness depends on whether those
simplifying commitments still match the represented record [19], [72].

General neural sequence models (third card) such as recurrent neural net-
work (RNN), sequence convolutional neural network (CNN), and Transformer-
style models can learn complex temporal dependencies without specifying an
explicit dynamical system, with much of the inductive bias encoded in the
chosen input representation and architecture [72], [80], [81]. Yet the input they
receive has already fixed choices about ordering, spacing, alignment, masking,
and encoding [25], [62]. Their flexibility should therefore not be mistaken for
an absence of assumptions. These models also presuppose that the represented
data form a sequence, that is, an ordered and discretely indexed series. They
inherit the regularity and contiguity this representation imposes, even when
the underlying record is event-driven. They learn over a constructed temporal
object, and their behavior remains conditioned by how that object was formed.

Some irregular-time neural methods (rightmost card) keep more of the
observation structure inside the learning problem itself, rather than first con-
verting irregular observations into regularly spaced reference points [18], [19],
[82]. Some encode elapsed time and masks directly in the input. Others adapt
updates to time since the last observation. Continuous-time or event-native
variants place more of the main commitment into hidden dynamics between
observations. These variants typically presuppose well-behaved, for example
locally Lipschitz, evolution so that ODE solvers and continuous latent flows
are well-defined. That assumption fits sampled physical signals but is poorly
aligned with categorical or step-changing discrete channels. Related work also
treats imputation as part of learning rather than as a fixed preprocessing step
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[19], [83]. Even here, upstream decisions still matter, because one must still
decide what counts as an observation event, what counts as a gap, and whether
absence is modeled as defect, signal, or both. These methods preserve more
of the observational structure inside the model, but they do not eliminate the
need for representational judgment.

Large language models have been proposed as a general-purpose temporal
modeling approach. Recent evaluations indicate they perform at or below
specialized alternatives on numerical time series: in one systematic ablation,
removing the language-model component improved or matched results across the
majority of tested few-shot settings [84], [85]. The gap stems from tokenization
and architecture choices that favor text over numerical precision. Their clearest
current manufacturing role is as an orchestration and explanation layer, not as
the core model operating on raw sensor records: decomposing diagnostic tasks,
retrieving domain knowledge, and generating operator-readable explanations of
model outputs [14], [86]. Purpose-built time-series foundation models trained
on numerical temporal data are a stronger candidate for that core modeling
role [87], [88].

For this reason, the present section treats temporal modeling as learning over
represented traces rather than as an architecture survey. Once those observation
and representation commitments are treated as part of the learning problem,
model comparison can no longer be interpreted as architecture alone. The
next section turns to evaluation as the place where those earlier commitments
become claim boundaries.

2.5 Controlled Evaluation

2.5.1 Controlled evaluation and its rationale

Controlled evaluation means assessing systems under conditions deliberately
specified by the evaluation design, rather than under whatever conditions the
available data happen to provide. The analyst defines what varies between
compared runs, what is held constant, and what property the comparison is
meant to reveal. The value of that specification is that it reduces the number of
explanations available for any observed difference: a performance gap is more
likely to reflect method capability and less likely to reflect data provenance,
target construction, or protocol choices [19], [89], [90].

In the development of machine learning systems for autonomous driving,
simulation environments are widely used to test perception and planning
systems: a synthetic environment provides ground-truth labels at scale, enables
systematic variation of rare events, and allows faster iteration cycles than
real-world collection. The parallel to manufacturing is structural rather than
domain-specific: in both settings, fault or edge conditions are rare in operation,
safety-critical to evaluate, and expensive to provoke in the live system, so
simulation serves the same epistemic role of bounding what can be claimed
under controlled conditions before the system leaves the controlled setting.
Methodologically, this is the same logic as controlled experimentation in any
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engineering discipline: specify the test conditions, vary what you want to test,
and hold everything else constant so that the result means something [91], [92].

One anomaly detector may have been evaluated on a regular sampled time-
series representation, while another was evaluated on event-aligned observations
with explicit handling of missingness and time gaps. Both may be described as
anomaly detectors for machine data, yet they are not being evaluated under
the same informational conditions. When manufacturing time-series methods
are compared without such control, the result depends on more than model
family alone: it also depends on how the temporal record was represented,
how targets were defined, and under what protocol the comparison was carried
out. Evaluation is not a neutral final step; it is part of how the problem itself
is constructed. What is ultimately evaluated is not manufacturing reality in
an untouched sense, but a represented task under specified observational and
protocol conditions [15], [93].

In manufacturing, apparently similar learning problems may be built from
quite different temporal objects. Reported performance can reflect not only
method capability, but also how the benchmark made temporal structure
available in the first place.

Industrial environments can generate substantial amounts of data, but labels
are often incomplete, maintenance histories are uneven, infrastructures differ
across sites, and the same signal can take on different meaning under different
operating regimes [34], [38], [44]. These conditions make rigorous comparison
difficult for further reasons beyond method capability alone. Benchmark
outcomes can be shaped as much by target construction, split logic, and metric
choice as by the model being tested. In SWaT (Secure Water Treatment), one
of the most-cited industrial CPS benchmarks, 51 recorded attributes divide
into 25 sensors and 26 actuators [94], [95]. Actuator states and sensor readings
carry different observation and imputation logics, so a pipeline that does
not distinguish them risks treating discrete control states under assumptions
appropriate only to continuous measurements. In SECOM (semiconductor
manufacturing), 1,567 examples include only 104 failures (6.6%) [96], with
more than 40% of features carrying missing values [97], a configuration that
the broader literature treats as the canonical example of records not yet ready
for direct ML application.

2.5.2 Controlled artifacts and claim boundaries

In controlled evaluation settings, observation choices, label semantics, and
model/protocol parameters are stated, and the state-transition structure under
study is also made visible. In synthetic, simulated, or experimental settings,
these elements can be specified and inspected directly [2], [98], [99]. Con-
trolled evaluation does not replace real industrial data or establish deployment
readiness. Its role is narrower: it helps clarify what a method is learning
from, what kinds of variation are being held fixed or varied systematically,
and what kind of claim the resulting score can reasonably support [4], [62],
[83]. A further constraint applies at the detection level: reconstruction-error
methods cannot detect anomalies whose deviation from expected behavior falls
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within the normal reconstruction envelope. When an anomaly is small enough
that its reconstruction error is indistinguishable from normal-data error, the
method will not surface it regardless of architectural sophistication [100]. This
constraint connects directly to the exception-reporting mechanism discussed
above: historian deadband compression is designed to suppress small-amplitude
value changes, which are precisely the changes that small or gradual anomalies
produce.

A benchmark for industrial machine-state forecasting need not replicate
every plant detail, but it should preserve the temporal structure and missingness
patterns relevant to the forecasting task, and ideally retain key inter-variable
dependencies. Benchmark validity should therefore be judged against intended
use [18], [72], [101]. The intended use in this thesis is methodological rather
than deploymental: to support clearer comparison of representations and
temporal models under manufacturing-relevant observation conditions. From
that perspective, a useful benchmark does not need to reproduce every detail of
a plant. It needs to preserve the system and observation properties that matter
for the comparison being made, including system coupling and asynchronous
or multirate observation structure. It also needs to state label semantics and
allow operating variability to be changed systematically [98], [99], [102]. Labels
are imposed, not discovered. In XJTU-SY (a bearing degradation dataset),
the failure time is defined as the moment vibration amplitude exceeds 20 g,
an operational safety threshold rather than a measurement of physical failure
onset [103]. In MetroPT, one of three labeled catastrophic failures produced
no observable sensor signal, because the fault type (oil leak) was invisible to
available instrumentation [104]. Benchmark scarcity compounds the challenge:
in a formal review of six candidate industrial datasets for failure prediction,
only two met stated qualification criteria [96]. A benchmark that appears
realistic while suppressing these mechanisms may be less informative than a
simpler one that keeps them visible.

Simulation is therefore especially useful for methodological comparison and
not for literal plant replication [2], [101]. In manufacturing, discrete-event
simulation (DES) and Petri net (PN) are natural tools because many relevant
phenomena are event-driven, concurrent, buffer-mediated, and resource-coupled
[2], [5]. They make arrivals, completions, failures, repairs, blocking, and starva-
tion visible in the model structure, while also making synchronization relations
traceable. That makes them suitable not only for generating traces, but for
preserving the kinds of mechanisms through which manufacturing observation
conditions arise under controlled assumptions. Paper I (Appendix 1) follows
this approach directly, building a parametrizable Synthetic Simulated Envi-
ronment (SSE) for discrete manufacturing in which the observation conditions
studied in this chapter (buffering, concurrency, event-driven state changes, and
multirate observation) arise from known structural assumptions, and in which
failure events and buffer levels are available as labeled ground truth. The
simulation does not replicate a specific plant; it preserves the mechanisms that
matter for the comparison.

Figure 2.6 summarizes this logic. The figure is not meant to suggest that
controlled evaluation is sufficient for deployment. Its point is that relative claims
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Figure 2.6: The controlled-evaluation chain (top) and the implicit assumptions
each stage carries (bottom).

first become defensible when intended use, controlled artifact, and evaluation
protocol have been linked. At that stage, the comparison is no longer between
architectures in the abstract, but between methods evaluated under stated
assumptions about observation, representation, and task construction.

Protocol design therefore remains part of the methodological problem rather
than an administrative detail. Train—test splits, masking schemes, subsampling
rules, discretization choices, label windows, and metric selection all affect
what a reported score means [67], [82], [90], [102]. In C-MAPSS (turbofan
degradation), the collection design produces one measurement snapshot per
flight, a windowing decision made upstream that determines what temporal
resolution the model can ever access [105]. A model tested on a densely
regularized representation is not being evaluated under the same informational
conditions as one tested on event-aligned masked observations. A detector
scored on broad fault windows is not solving exactly the same problem as one
judged on earlier or more precise targets. Controlled testing can therefore
support bounded and credible claims, but not unrestricted claims of universal
superiority [47], [106].



Chapter 3

Methodology

This chapter operationalizes the frame of reference from Chapter 2 through
two complementary studies that move from manufacturing-side observation
conditions to model-side assumptions. The thesis applies Design Research
Methodology (DRM) [107] as its design logic. Detailed experiment variants,
parameter settings, and paper-format protocol records remain in the appended
papers.

3.1 Methodological framing

3.1.1 Philosophical stance and reasoning mode

The philosophical stance is pragmatist in Creswell’s sense: method selection
is governed by fitness for purpose and what works for the research problem,
not by loyalty to a single epistemological tradition [108]. The reasoning mode
throughout is abductive: neither theory-first nor data-first, but a recursive
process of inference to the best explanation in which the theoretical framing of
the problem was progressively sharpened through empirical confrontation [109],
[110]. This is consistent with the DRM stage structure: Research Clarification
is, by design, the phase that produces the problem formulation as its output,
not a phase that tests a pre-specified hypothesis [107].

3.1.2 Choice of DRM and alternatives considered

The thesis uses one design logic and two nested studies with study-specific
procedures. Study 1 constructs a bounded case generating manufacturing-side
traces under controlled assumptions. A bounded generative case specifies its
structural and temporal assumptions explicitly, making the conditions under
which observations arise inspectable. Study 2 maps how neural methods
represent and handle irregular timing and observational missingness once such
records enter the learning pipeline.

The broader problem of applying neural methods to manufacturing involves
many challenges this thesis does not address (Section 1.5); the focus here on

27
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the records-to-representation interface follows from the RC finding described in
Section 3.2.1.2. The research began from a working hypothesis that simulation
would serve as a direct testbed for neural method comparison; running the
simulation produced the finding that event-drivenness is a structural constraint
on method applicability, which confirmed irregular timing and observational
missingness as the right interface to study and redirected the licentiate scope
accordingly.

The stance is engineering-oriented and pragmatic in its method choice
[107], [111]. Knowledge claims are framed to support later design work rather
than to establish a universal theory. Study 1 supports mechanism-level claims
about how irregular and incomplete observations arise in a controlled simulated
production setting. Study 2 supports analytical claims about how existing
neural methods place assumptions about time and missingness. Together, the
studies provide the basis for relating manufacturing-side observation conditions
to model-side assumption placement.

DRM was selected for two reasons: its epistemological commitments fit
the engineering-pragmatic stance, and its staged structure matches the shape
of the problem [107]. DRM was developed specifically for engineering design
research whose goal is to produce prescriptively useful knowledge; it is not a
generic empirical or theoretical framework. This is appropriate here because
design problems are inherently ill-defined [112]: the problem formulation is an
output of Research Clarification, not a precondition for it, which distinguishes
DRM from design science research [113], where a pre-specified artifact and
problem are assumed at the outset. Its staged progression formalises the move
from understanding a problem to improving practice, making the transition
from descriptive to design knowledge explicit and traceable rather than implicit.
The research questions reflect this staging directly: research question 1 (RQ1)
is a Research Clarification question about what observation conditions arise in
discrete manufacturing, and research question 2 (RQ2) is a Descriptive Study I
question about how each neural method commits to time and absence handling;
together they occupy exactly the first two DRM stages. The alternative of
proceeding directly to a controlled method comparison was foreclosed by an
early finding: without first characterizing the observation conditions, any com-
parison design would rest on unexamined assumptions about what the data
are. A methodology without an explicit problem-clarification stage struggles
to accommodate this; DRM’s Research Clarification (RC) stage is the vehi-
cle through which Study 1’s finding redirected the licentiate’s scope. Three
alternatives were considered and set aside:

e Pure controlled experimentation assumes a well-formed evaluation
design already exists; the RC finding showed that this assumption was
premature.

e Design science research centers on artifact construction, which falls
outside the scope of a licentiate positioned at RC and Descriptive Study
I (DS-I) within a longer programme.

e A standalone systematic literature review could not have produced
the mechanism-level manufacturing-side finding of Study 1.
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Figure 3.1: DRM operationalization for the licentiate. Solid boxes (RC, DS-I)
fall within the present scope; dashed boxes (PS, DS-II) are future work.

No alternative framework offers an equivalent staging concept; DRM was
selected on that basis.

3.1.3 DRM stages and licentiate scope

DRM distinguishes Research Clarification (RC), Descriptive Study I (DS-I),
Prescriptive Study (PS), and Descriptive Study II (DS-II) [107], [111]. Figure 3.1
shows the four stages, their inputs and outputs, and the licentiate scope (RC
and DS-I).

DRM’s staged progression from problem clarification through descriptive
and prescriptive studies provides the organizing logic for the two nested studies
and makes the transition from descriptive to design knowledge traceable.

The engineering-oriented and pragmatic stance bounds knowledge claims to
what is instrumentally useful for later design decisions. It licenses mechanism-
level claims, such as that event-drivenness is a structural constraint or that a
given method family places its core assumption at a particular pipeline stage.
It also accepts that a simulated system is not a real plant and that a structured
survey is not exhaustive, provided the evidence is sufficient for the intended
design work [107], [111].
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3.2 Study design and procedures

The two studies operationalize the RC and DS-I stages of DRM outlined
above. Table 3.1 maps the aim and research questions to the two studies, the
procedures each uses, and the evidence each produces.

Table 3.1: Research-question and study mapping.

Study 1 Study 2
Research question RQ1 RQ2
DRM stage RC DS-I
Paper P1 P2
Procedure Simulation Structured survey
Evidence Controlled traces Method map

Study 1 addresses RQ1 by producing controlled traces under stated struc-
tural assumptions, making observation conditions inspectable and later model-
comparison claims interpretable. It clarifies what kinds of irregular, asyn-
chronous, and dependent traces can arise in the simulated setting. Study 2
addresses RQ2 by synthesizing how neural methods handle irregular sampling
and missingness, and where in the pipeline they do so. Together, the two
studies provide the basis for relating data-generation conditions to assumption
placement [107], [110]. Study 1’s RC finding, that event-drivenness is a struc-
tural constraint entering at the representation stage, determines which niche
of neural methods Study 2 must cover; without that finding, Study 2’s scope
(irregular and incomplete time series) would be an unsupported assertion.

3.2.1 Study procedures
3.2.1.1 Study 1: procedure and model specification

Study 1 uses a simulated discrete manufacturing system to generate inspectable
temporal traces under stated structural assumptions. The study represents the
system as a directed acyclic graph (DAG) of production assets and material-flow
dependencies [106], [114]. At each node, a Timed Petri net models event-driven
flow and resource constraints, while a finite-state machine (FSM) governs
operational states. A Petri net represents a discrete-event system as a bipartite
graph of places (holding tokens that represent resources or buffer contents)
and transitions (events that fire when their input places hold sufficient tokens,
redistributing tokens to output places). A Timed Petri net augments transitions
with firing durations, making the timing of state changes part of the model
rather than an external annotation. A finite-state machine (FSM) represents
per-node operational state (idle, producing, blocked, or failed) as one of a
finite set of labelled states, together with the event-triggered rules governing
transitions between them. The combination places production-network flow
and resource logic in the Timed Petri net layer and per-node operational status
in the FSM layer. Timed Petri nets are used rather than agent-based or other
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discrete-event simulation (DES) formalisms because their established formal
semantics for concurrency, blocking, and resource coupling in manufacturing
flow make the generated observation conditions directly traceable to production-
system structure [5], [115]. The simulation follows DES logic: events such
as production completion, blocking, failure, repair, and maintenance change
node states, propagate through the flow structure, and generate timestamped
records [2], [5].

The environment is instantiated in the appended paper as a controlled
demonstrator case. In this licentiate, the demonstrator serves as a controlled
generative setting in which uneven timing, asynchronous channel updates, and
cross-node dependence become visible in traces such as machine states and
buffer levels. Detailed parameterization, event scheduling logic, and run-specific
settings are reported in the appended paper.

The primary data products are timestamped multivariate traces modeled
under stated structural and temporal assumptions. These traces are used
descriptively to inspect non-uniform inter-event spacing, blocking-related burst—
gap patterns, and dependency propagation across nodes [62]. Traceability
is supported by documented model structure, defined event types, reported
baseline configuration, and retained timestamped outputs.

3.2.1.2 Study 1: RC finding: event-drivenness as a structural con-
straint

Study 1 began from a working hypothesis that simulation would provide a
testbed for direct neural method comparison: the intended design was to
construct the simulation, generate traces, and then run method comparisons on
it directly. Running the simulation, however, produced a finding that redirected
the scope of the licentiate: the event-driven character of discrete manufacturing
observation is a hard structural constraint on neural method applicability. In
Dubois and Gadde’s terms, this constitutes a direction and redirection: the
matching of theoretical framing against empirical material revealed that the
original comparison design rested on unexamined assumptions about the data,
redirecting the research toward the constraint itself as the primary finding
of the RC phase [110]. This constraint enters at the representation stage,
before model selection or training, and is not resolved by preprocessing. It is a
property of the data-generation process, not an incidental data-quality issue.

The mechanism is as follows. The same system components produce two
kinds of observable channels: event-driven transitions (machine state transitions,
failures, blockings, and repairs) and value-type measurements (buffer levels
and throughput rates). Each channel type is captured through a distinct
observation scheme. When their records are merged onto a shared reference
time axis, the result is a heterogeneous stream that is neither a pure event
sequence nor a regular multivariate time series. Three properties of this stream
matter:

e the reference time axis is event-triggered and non-uniform;

e channels update asynchronously at their own event times;
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e apparent value absence in the aligned representation is an observation-
regime artifact, not sensor failure.

The pattern of apparent missingness is driven by the event process and is
therefore structurally missing not at random (MNAR) (in the sense defined in
§2.3.2) [20], [25]. Event-drivenness and observational missingness frame the
same structural constraint two ways. Weerakody et al. note that missing data
and irregular data are “often used interchangeably” in the time-series literature
[25]. Shukla and Marlin show formally that discretising an irregularly sampled
series onto a regular grid produces missing values wherever no event fell in a
time bin [20]. The review in Study 2 therefore covers both model families (those
that operate on irregular event streams and those that address observational
missingness) because they address the same underlying structural problem from
different representational starting points. Standard formalisms from the event-
sequence tradition, including temporal point processes, Hawkes processes [116],
and their neural extensions, treat the merged observation as a pure marked
event stream: they handle event-driven timing correctly but have no mechanism
for value-type channels that carry defined states between events. Standard
time-series formalisms treat value absence as missing data under conventional
assumptions and apply interpolation, imputation, or masking to a regularized
grid: they can represent irregular gaps but lose the event-driven structure
of the reference axis and misattribute the structurally MNAR missingness to
data-quality issues rather than observation regime. Neither standard handling
accommodates the inter-modality structure without modification; the problem
sits between the two families.
The contribution of Study 1 within the thesis is discussed in Chapter 5.

3.2.1.3 Study 2: search and selection protocol

Figure 3.2 shows the five-stage survey procedure applied in Study 2: seed
assembly, iterative snowballing, corpus screening, grouping by dominant method
feature, and structured characterization.

Study 2 followed a structured survey procedure centered on iterative snow-
balling in the sense of Wohlin [117]. A seed set was assembled from targeted
keyword searches in major scholarly indexes and from prior surveys on irregular
and incomplete time series [20], [25], [26], [118]. These prior surveys were used
as seeds rather than as substitutes for the review. Each is bounded in a way
that does not align with the problem framing of this thesis: some have older
coverage that predates a substantial body of recent neural methods, and others
delimit their scope by architecture family rather than by the structural observa-
tion problem. Existing reviews do not center on the records-to-representation
interface as their organizing concept, which is why an own review centered on
that framing was required, and why the seeds were used as entry points into
the citation network rather than as a finished corpus.

Snowballing was preferred over a conventional PRISMA-style keyword search
because the field uses inconsistent terminology across communities (irregular
time series, missing data, event-driven observations, sparse asynchronous se-
quences) and pre-specified search strings would have missed papers that address
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Figure 3.2: Study 2 survey procedure across five stages: seed assembly, iterative
snowballing via forward and backward citation search, screening to an eligible
set, grouping into method families, and structured characterization.

the same structural problem under different labels [117], [119]. In machine
learning model papers, citing a prior work as a quantitative baseline implies
shared datasets, evaluation metrics, and problem scope. This is a stronger
semantic connection than generic academic citation. Following backward and
forward citation chains from seed papers known to benchmark against each
other recovers the papers that address the same problem formulation through
that comparison network [117]. This produces a concept-centric review in
Webster and Watson’s sense: the shared benchmark problem is the concept,
and papers connected by direct experimental comparison address that concept
in practice [120]. The review continued until each additional pass yielded only
papers covering model families already fully represented in the corpus, applying
the criterion of theoretical saturation [121] to the citation graph; the stopping
rule is empirical adequacy, not an arbitrary iteration count.

Candidate papers were screened first by title and abstract and then by full
text when needed.

Inclusion required a neural method for sequential observations or event
streams, explicit treatment of irregular timing and/or variable-wise missingness
in the modeling pipeline, and empirical evaluation [83]. Exclusion covered non-
neural approaches, preprocessing-only handling of irregularity, papers without
empirical evaluation, and papers outside the review scope. Snowballing is a
recursive procedure rather than a sequence of linear passes: each seed paper is
the root of a search tree whose branches are formed by backward references
(the works it cites) and forward citations (the works that cite it). Each newly
included paper becomes a node from which the same backward-and-forward
expansion is repeated, so the corpus grows along a tree-structured traversal
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of the citation graph rather than through a fixed number of database queries.
A branch was terminated when continued expansion produced only papers
covering method families already fully represented in the corpus; the corpus as
a whole was considered saturated when all open branches met this termination
criterion. Because the procedure is recursive and branch-local rather than
batched, it does not yield a meaningful “number of passes” in the PRISMA
sense; the appropriate replication artifact is the seed set together with the
inclusion and exclusion criteria, which together determine the tree the procedure
traverses. Seed searches combined terms for observation structure (irregular
sampling, observational missingness, asynchrony) with terms for method family
(neural time series, temporal point process, sequence model, continuous-time);
the seed set itself is reported in the appended paper.

3.2.1.4 Study 2: evidence and safeguards

Methodological safeguards included explicit inclusion and exclusion criteria,
documented seed-set sources, iterative snowballing records, and a fixed charac-
terization template for cross-paper comparison [117], [120]. Coding consistency
was maintained through sequential application of the fixed template with sys-
tematic cross-reference to previously coded entries; characterization was carried
out by a single coder without inter-rater reliability checking, which is acknowl-
edged as a limitation. These safeguards ensure that method characterization is
faithful to reported designs and that synthesis groupings reflect actual method
mechanisms rather than ad hoc categorization.

3.2.1.5 Study 2: characterization and synthesis

Included papers were coded using a common characterization template, and
the appended survey paper includes representative excerpts illustrating that
template. For each method, the coding captured six dimensions [18], [20],
defined in Section 4.2.3.1. The guiding question was where assumptions about
irregularity and missingness enter the learning pipeline.

The synthesis proceeded in two stages. First, we decompose the modeling
pipeline into the layers where a method places its assumptions about irregular
timing and observational missingness. The input encoding turns raw observa-
tions into the representation the model consumes. The discrete-time recurrent
update propagates a state across gaps between observations. The continuous-
time latent dynamics evolve the state on a continuous time axis irrespective of
when observations arrive. The training objective encodes assumptions about
timing or absence directly in the loss. These layers are not alternatives but
successive opportunities for an assumption to enter the model; a single method
typically commits at one or two of them and leaves the others implicit.

Second, for each layer the included methods were grouped into a small
number of categorical approaches that share a mechanism for handling irregu-
larity or missingness at that layer. At the input encoding layer, for example,
methods divide into approaches that discretize onto a regular grid with mask-
ing, approaches that augment each observation with explicit time-gap features,
and approaches that treat the input as a marked event stream. Analogous
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categorizations were produced at the discrete-time (DT) recurrent-update layer,
the continuous-time (CT) latent-dynamics layer, and the training-objective
layer. Each category was then analyzed for the kind of observation regime it
implicitly assumes and the structural information it preserves or discards.

This two-level structure (layers as loci of assumption placement, categories
as the recurring mechanistic choices within each layer) is what enables the
comparison RQ2 requires. It locates each method not just where in the pipeline
it acts, but which type of commitment it makes at that location relative to
alternatives at the same layer.

Alongside the layered analysis of methods, the synthesis also recorded
recurring observation regimes used in evaluation, including event-driven streams,
decision-driven clinical sampling, telemetry with disruptions, and synthetic
trajectories.

The primary data product is a structured map of neural method choices
and their observation-process assumptions.

3.3 Research quality

Research quality across the chapter rests on traceability between five elements:
the problem framed in Chapters 1 and 2, the DRM design logic, the nested
study procedures, the evidence each study produces, and the claims made
from that evidence [90], [107]. Table 3.1 and Figure 3.1 provide that trace,
while Section 3.2 states what each study can support and how procedures are
structured. Chapter 4 reports the study outputs descriptively, and Chapter 5
performs the joint interpretation.

Construct validity. For Study 1, the construct of interest is the observa-
tion conditions that arise in discrete manufacturing: irregular timing, channel
asynchrony, and structurally dependent missingness. The controlled gener-
ative case captures these directly, because the constructs are properties of
the observation process and the traces are the direct output of that process
under stated structural assumptions. For Study 2, the construct of interest is
assumption placement within the learning pipeline. The six coding dimensions
(Section 3.2.1.5) correspond to distinct pipeline stages and rest on established
taxonomies of sequential modeling [70], [122].

Internal validity. For Study 1, the primary internal validity threat is that
observed trace characteristics may reflect parameterisation choices rather than
structural properties of the model. This threat is partially mitigated by the
controlled generative case design: the structural properties of interest, namely
event-triggered timing, asynchronous channel updates, and MNAR missingness,
follow from the formal semantics of the Timed Petri net and FSM combination,
not from specific parameter values. Whether the constraint’s severity varies
with system scale, buffer capacity, or failure rates is a genuine open question;
systematic parameter variation is left to later prescriptive and evaluative work.
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External validity. Study 1’s controlled demonstrator represents discrete
job-shop-type manufacturing with buffered workstations, event-driven state
transitions, and finite-capacity queues. The structural conclusion, that the co-
existence of event-driven and value-type channels generates the inter-modality
problem, generalises to any discrete manufacturing system where these two
channel types operate on different observation logics, regardless of scale or topol-
ogy. Continuous-process and hybrid manufacturing systems are outside scope,
as noted in Chapter 1, because their observation regimes differ fundamentally.

Reliability. Characterization for Study 2 was carried out by a single coder
without inter-rater reliability checking; this is a genuine limitation, and the
method groupings and synthesis conclusions reflect one analyst’s reading. The
primary consistency mechanisms were the fixed six-dimension characterization
template, applied in identical form to every included paper, and sequential
cross-referencing of each new entry against previously coded papers to maintain
stable interpretation of shared dimensions. The iterative Wohlin snowballing
structure provided a further consistency check at the inclusion stage: the same
inclusion and exclusion criteria were applied at three decision points in each
level of tree expansion (reference-list screening, title and abstract screening,
and full-text screening), and this sequence was repeated consistently across all
levels of expansion until saturation. Borderline cases (papers that partially met
inclusion criteria) were resolved at the full-text screening stage; the decisions
are documented in the appended survey paper. These mechanisms constrain
but do not eliminate the single-coder limitation: they ensure that the template
was applied consistently and that inclusion decisions followed stated criteria,
but they do not substitute for independent coding. Replication would require
the same seed set, independent application of the inclusion and exclusion
criteria, the same characterization template applied to the resulting corpus,
and comparison of grouping outcomes across coders.

Limitations. Study 1 does not compare neural methods (out of scope at the
RC stage); it characterizes the observation conditions that any comparison
would need to address. The controlled demonstrator’s external validity is
limited to the class of discrete manufacturing systems described above. Study 2
coverage may not be exhaustive: the snowballing protocol begins from a
seed set and is subject to the coverage of the indexed sources; non-English
papers were not systematically included. The synthesis groupings by dominant
modeling commitment are analyst-constructed categories and should be read
as an organizing frame, not an ontology.



Chapter 4

Summary of Appended
Papers

This chapter briefly summarizes what the two appended papers establish within
the scope of this licentiate. Paper I reports the manufacturing-side generative
case, and Paper II reports the model-side landscape. The chapter is descriptive;
synthesis is reserved for Chapter 5. Table 4.1 provides an overview of the two
papers, their relation to the research questions, and their role in the thesis.

Table 4.1: Overview of the appended papers and their thesis role.

Paper Study object Main finding Why it matters for the
thesis
Paper I  Discrete- Production structure Provides the controlled
manufacturing SSE  generates uneven timing, manufacturing-side case used
burst—gap behavior, and to answer RQ1

cross-node dependence in
simulated traces

Paper II  Survey of neural Method families differ in Provides the model-side map
irregular-time where they place used to answer RQ2 and
methods assumptions about time connect observation

gaps, missingness, and latent conditions to representation
evolution choices

Together, the two papers cover both sides of this interface. Paper I addresses
RQ1 by showing how production structure shapes the manufacturing record
before any model sees it. Paper II addresses RQ2 by showing that comparing
neural methods by where each places its observation-handling assumption is
more informative for manufacturing contexts than comparing by architecture
label alone.
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4.1 Paper I: Simulated Environment

Title: Synthetic Simulated Environment for Discrete Manufacturing Systems:
A Demonstrator through a Computational Modeling Approach
Paper I provides the controlled manufacturing-side case used to address

RQL.

4.1.1 Problem

Paper I addresses how relevant time-series characteristics can arise from produc-
tion structure in a controlled discrete-manufacturing setting. The paper starts
from the observation that evaluation of artificial intelligence (AI) methods in
manufacturing may be more informative when the data preserve operational
structure such as production flow, buffering, and event order [2], [123]. In
discrete manufacturing, recorded traces are determined by production flow,
buffering, concurrency, and event-driven state changes [2], [5]. Within the
thesis, this corresponds directly to RQ1: What time-series characteristics can
arise from a simulated discrete manufacturing system?

4.1.2 Approach

Paper I (Appendix 1) develops a parameterized SSE for discrete manufacturing
in which material flow is modeled as a directed acyclic graph (DAG) with
node-level Timed Petri net and finite-state machine (FSM) logic. Timed Petri
nets can represent manufacturing flow, concurrency, and resource constraints
with explicit state-transition and resource-dependency semantics [115]. The en-
vironment is implemented in PyTorch and generates labeled multivariate traces
of machine states and buffer levels under controlled structural assumptions.

4.1.3 Results

The demonstrator produces two labeled multivariate outputs: machine op-
erational states and buffer levels over time. In the reported configuration,
these outputs are generated from a five-node production network with unit
local production capacity, finite output buffers, and stochastic cycle, failure,
and repair behavior. The configuration makes it possible to inspect how local
production dynamics appear as coupled temporal records.

The traces suggest a coupling mechanism in which a block at one node can
influence adjacent nodes by propagating interaction patterns and state changes
across the network [5], [34].

4.1.3.1 Observed trace properties

The simulated traces exhibit four properties relevant to downstream modeling.
They are temporally dependent and mutually dependent across variables,
and may be discrete-valued and irregularly sampled depending on the data-
generating process. Table 4.2 summarizes the observable time-series properties
and the manufacturing mechanisms that produce them.
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Table 4.2: Observed trace properties in the SSE demonstrator.

Property Generating Output type Sample record
mechanism pattern

Integer-valued buffer Finite buffer Bounded integers 0—1—5—4

levels capacity

Four-state machine FSM state Four-state idle — producing —

traces transitions categorical blocked

Non-uniform Event-driven Irregular At At =180 s, 130 s, 205 s

inter-event times scheduling

Burst—gap state Downstream Variable-duration  short producing bursts

patterns blocking states separated by blocked

intervals
Cross-node DAG connectivity Correlated downstream congestion
correlations multivariate traces appears in upstream

state and buffer updates

The main reported result is that a specified inter-event process can generate
bursty, non-uniform event spacing and that cross-variable dependencies arise,
demonstrating how these dynamics can be tied to production mechanisms in
the modeled network [5], [36]. For the present licentiate, these are treated
as manufacturing-side observation conditions made visible under controlled
assumptions. The simulation produces labeled, parameterized traces of machine
states and buffer levels with the observation properties listed in Table 4.2.

4.2 Paper II: Survey of Neural Methods

Title: Learning from Time Series with Irregular Sampling and Missingness: A
Survey
Paper II provides the structured model-side survey used to address RQ2.

4.2.1 Problem

Paper II addresses RQ2. Many neural methods presuppose regular sampling and
dense observation, whereas manufacturing cyber-physical system (CPS) often
produce records with non-uniform observation times and variable-wise absence
patterns. The survey therefore treats irreqular sampling and observational
missingness as distinct properties of the observation process, with different
implications for representation, learning, and evaluation [20].

Prior methods for incomplete time series include end-to-end models trained
directly on missing data and classical imputation-based approaches such as
expectation-maximization or last-observation-carried-forward. Continuous-time
latent-variable models offer an alternative by explicitly representing irregular
temporal dynamics. Without a common vocabulary, comparing across them
is comparing unlike things. The specific survey problem is fragmentation
across families, terminology, datasets, and evaluation protocols [75], [78], [83],
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which makes comparison difficult. Prior surveys [20], [25], [26], [118] organize
methods primarily by application domain or architecture label. Paper 11
organizes methods by where in the pipeline each handles time and absence,
rather than by application domain or architecture label as in [20], [25], [26],
[118]. This is RQ2.

4.2.2 Approach

Paper IT uses a structured snowballing survey [117] restricted to neural methods
that treat irregular timing and/or missingness within the modeling pipeline.
The reviewed methods are compared using the six-dimension characterization
framework introduced in Section 3.2.1.5, applied uniformly across the surveyed
corpus.

4.2.3 Results

The survey produces four main results: an observation-process framing with
a canonical representation, a characterization framework for neural learning
pipelines, a mapping of method families and representation strategies, and an
overview of recurring observation regimes and benchmark practices.

4.2.3.1 Characterization framework

The characterization framework identifies six recurring dimensions that record
where methods place assumptions about time, variable absence, supervision,
and between-observation dynamics [26], [62], [118]. The first is domain, the
application context in which the method was developed. The second is objective,
which fixes what is optimized and what counts as supervision. The third is
input encoding, the representation strategy that determines what computational
object the learner receives and which observation-process signals, including
masks, time gaps, and event tuples, remain explicit after encoding. The fourth is
backbone, the primary mechanism for aggregating and propagating dependencies
among encoded observations. The fifth is latent evolution, which specifies
whether and how temporal dynamics are modeled between observations. The
sixth is learning paradigm, the statistical training formulation: discriminative,
likelihood-based, variational, adversarial, or contrastive.

The six dimensions are approximately orthogonal but frequently coupled
in practice: many methods pair interpolation with a recurrent backbone, or
combine mask-aware encoding with a reconstruction objective. For the present
work, this framework provides the structured basis for mapping each method’s
position in the model-side answer to RQ2.

4.2.3.2 Method families and representation strategies

On this basis, the surveyed literature is organized into five method families,
grouped by their treatment of temporal structure, missing data, and latent
dynamics [70], [83].
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The first family comprises input-side encoder or encoder-decoder models that
address missing data and irregularity during representation learning, before
downstream sequence modeling. Strategies within this family include event-
set formulations that retain original event tuples and timestamps; canonical
alignment with explicit mask and time-gap augmentation; imputation prior to
backbone processing; discretization that declares a new regular time axis; time
reparameterization that synthesizes values at reference points; and continuous-
path interpolation. What unifies the family is that the backbone receives a
representation in which timing and availability information has already been
absorbed, retained, or discarded.

The second family is gap-aware sequence models, which augment step-
wise architectures to handle variable inter-observation intervals and irregular
sampling. Two sub-patterns recur: transition-semantics adaptation, in which
gap-dependent decay or time-modulated gating determines how latent state
persists across variable-length intervals; and observation-interface adaptation,
in which mask-conditioned or inline-imputed updates control how partial inputs
enter the recurrent cell. Attention-based discrete-time (DT) variants handle
irregularity through time-aware or interval-aware similarity in the attention
kernel rather than through state persistence.

The third family is continuous-time (CT) latent models, which treat ob-
servations as samples from a latent path defined over real time. Sub-variants
include:

e Latent ordinary differential equation (ODE) formulations infer
initial conditions and integrate dynamics between observation times.

e Recurrent—continuous hybrids apply a continuous integrator between
events and a discrete update at each event time.

o Controlled differential equation (CDE)-based formulations con-
vert the interpolated observation path into a continuous driving signal
for the latent dynamics.

e Stochastic differential equation (SDE) formulations add diffusion-
driven stochastic uncertainty.

e Structured state-space model (SSM) parameterizations derive
inter-observation transitions in closed form.

The event-time modeling family treats event timing as part of the predictive
target, aiming to forecast when future events will occur rather than treating
timestamps only as preprocessing input. These methods model the conditional
intensity of a temporal point process (TPP), trained by a likelihood that jointly
rewards high intensity at observed event times and penalizes excess intensity
in intervals without arrivals. The family is naturally suited to logs, alarms,
and other data where inter-arrival time carries signal that coarser temporal
aggregation would suppress.

The fifth family comprises imputation and generative models, which are
defined by learning to reconstruct or generate missing and latent values through
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generative objectives. Reconstruction targets may be deterministic, evidence
lower bound (ELBO)-based variational, generative adversarial network (GAN)-
based adversarial, or diffusion-based; in each case, missing values or their
distributions become the supervision signal rather than a preprocessing problem.

Many methods in the surveyed literature combine innovations across families,
for example interpolation-to-ODE pipelines that couple input encoding and
CT dynamics in the same model, so the five-family organization is best read as
a pragmatic grouping by dominant modeling emphasis. Table 4.3 summarizes
the key distinctions across these families. At the thesis level, this organization
shows that method choice is not architectural alone: it determines where
assumptions about irregular timing and missingness are concentrated in the
learning pipeline.

Table 4.3: Conceptual comparison of major method families in Paper II.

Method family Time Missingness Assumption Why it
locus matters
Input-oriented Time exposed Masks and Input repre- Observation
encoders in inputs gaps retained sentation patterns
visible
Gap-aware sequence Gaps modify = Masks and State Fits
models state updates recency transition asynchronous
explicit traces
Continuous-time State evolves  Partial Latent Between-
latent models between observations dynamics sample
observations update evolution
trajectory
Event-time models Time modeled Absence read Problem Fits logs and
as events as no event framing alarms
Imputation and Time handled Missing Learning Imputation or
generative models by backbone  values become objective uncertainty
supervision focus

The survey also records recurring representation strategies across these
families, including event-tuple formulations, aligned-grid encodings with masks
and gaps, and imputation- or interpolation-based variants [75]. These choices
matter descriptively because they determine which parts of the observation
process remain visible downstream [38], [82].

4.2.3.3 Observation regimes and datasets

Across the surveyed application literature, a pipeline-oriented view picks out
four recurring observation regimes, each with its own modeling requirements

[83]:

e Event-driven processes (EVT). Data arrive as discrete occurrences
in continuous time.

¢ Episodic decision-driven settings (EPS). Clinical or operational
decisions order the measurements.
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e Continuous or multi-source telemetry (CON/MUL). Data are
nominally periodic but subject to outages and asynchrony.

e Trajectory-based simulation settings (TRJ/SYN). Data are gener-
ated from known continuous-time dynamics and subsampled to produce
irregular observation patterns.

These categories are analytical groupings rather than a partition; real datasets
often combine properties of more than one, and each is introduced in detail
below.

In event-driven processes (EVT), data arrive as discrete occurrences in
continuous time and inter-event time carries intrinsic signal; irregularity is not
a degraded version of a regular record. The primary modeling stress falls on
the learning objective and time semantics: event-time objectives that jointly
model occurrence time and mark type align naturally with this regime, whereas
coarse temporal aggregation can suppress the fine-scale structure that carries
information. Financial limit-order-book streams, represented by the LOBSTER
(Limit Order Book System: The Efficient Reconstruction) dataset [124], are a
canonical example; their relevance here is structural, since like manufacturing
event logs they consist of timestamped marked events whose inter-arrival times
themselves carry the signal of interest.

In episodic decision-driven settings (EPS), measurements are ordered by
clinical or operational decisions, and the resulting observation pattern often
reflects the underlying system or patient context. Absence may indicate
improvement or stability rather than missing data, making the observation
mask potentially informative under missing at random (MAR) or missing not
at random (MNAR) mechanisms. What matters most here is input encoding;:
representations that retain the observation mask and timing metadata as
first-class inputs are better positioned to preserve the signal carried by the
observation pattern. PhysioNet Challenge 2012 [125] and MIMIC-III (Medical
Information Mart for Intensive Care) [126] are the canonical EPS benchmarks
in the survey. Their relevance to manufacturing is conditional: like operator-
initiated inspections or condition-triggered measurements, clinical observations
are decision-driven, so the timing of an observation can itself encode information
about the underlying state. Where manufacturing measurements are clock-
driven rather than decision-driven, the analogy breaks down and other regimes
apply.

In continuous or multi-source telemetry (CON/MUL), data are often in-
tended to be collected regularly, but acquisition can become irregular because
sensors are sampled asynchronously or at different times. The dominant con-
straint here is interpolation quality and gap-aware backbone robustness. A
recurring concern noted in the survey is that protocols which induce irreg-
ularity by randomly removing entries from an otherwise dense record may
underrepresent the structured contiguous outages that appear in real deploy-
ments. PEMS-BAY (Performance Measurement System, Bay Area) [127] is the
representative CON/MUL benchmark; this matches manufacturing SCADA
and historian streams in being nominally periodic but subject to network
outages, sensor dropouts, and asynchronous updates.
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In trajectory-based simulation settings (TRJ/SYN), data are generated
from known continuous-time dynamics and subsampled to produce irregular
observation patterns, enabling controlled tests of interpolation, extrapolation,
and density sensitivity. For this regime, the modeling load shifts to CT dynamics
assumptions and solver behavior, since the ground truth is a latent trajectory
and observation density is a sampling design parameter. A recognized limitation
of this regime is external validity: observation times are typically independent
of latent state in TRJ/SYN benchmarks, whereas in EPS regimes they are
coupled to it. MuJoCo (Multi-Joint dynamics with Contact)-style physics
simulations [128] are the canonical TRJ/SYN example.

Because the same nominal learning task can stress different pipeline compo-
nents depending on which regime the benchmark instantiates, Paper II argues
that regime details should be reported as part of benchmark specification
rather than treated as a neutral background condition. The survey records
representative datasets for these regimes, including PhysioNet Challenge 2012
[125], MIMIC-III [126], PEMS-BAY [127], LOBSTER [124], and MuJoCo-style
synthetic trajectories [128].

4.2.3.4 Benchmark protocols and recurring issues

The survey records several recurring protocol patterns that affect comparison,
including sampling regularity, benchmark dynamics, and whether irregularity
is intrinsic or evaluation-induced [82].

The first is informative observation intensity: in decision-driven regimes,
how often a variable is measured may correlate with the state of the underlying
system, so models may benefit from using observation density or time-since-last-
observation in addition to observed values. Methods that encode timing and
masks explicitly can potentially exploit this signal; methods that homogenize
observation density through discretization, masking, or upstream imputation
may suppress it.

A second limitation is protocol-induced comparability: benchmark choice,
inclusion criteria, and evaluation measures can shape what is assessed and
how results are compared. Masking-as-ground-truth imputation, which creates
evaluation targets by artificially removing observed entries, couples the result
to the specific masking scheme rather than the natural observation mechanism.
Timestamp discretization collapses within-bin timing and shifts the modeled
object from the original event record to a new aligned grid. Induced irregularity,
formed by subsampling from a dense regular record, tests robustness to a known
corruption model rather than to intrinsic event-triggered or decision-driven
sampling. Paper II records these as benchmark parameters that vary across
studies and shape what is compared.

The third is sensitivity and transfer: methods may perform well under one
sampling regime or domain yet may not generalize across rates, heterogeneity,
or settings. Paper II also records sensitivity to encoding choices, limited
robustness, and restricted transfer as recurring challenges. For the present
work, these results provide the model-side description of where assumption
choices enter once observations are represented for learning.



Chapter 5

Discussion

This chapter brings together the results of the two appended studies and
develops a synthesis. It begins with answers to the two research questions,
then a synthesis, the relation to the aim and vision, the limitations, future
directions, and contributions.

5.1 Reflection on research questions, synthesis,
and aims

The thesis converges on a structural point: the moment a manufacturing
record is aligned, interpolated, or masked, the model’s access to the original
observation conditions changes, and that change has consequences for what
any reported performance comparison can mean.

5.1.1 Answers to the research questions

This licentiate addresses one methodological interface from two directions.
research question 1 (RQ1) examines what kinds of observation conditions can
arise on the manufacturing side before records enter a learning pipeline, while
research question 2 (RQ2) examines how neural methods handle two central
conditions once those records are represented for learning. The discussion
begins with the most specific level of result: what the thesis answers to these
two questions are, and what was learned from each answer within the scope
defined in Section 1.4.

RQ1 (Section 1.4): What time-series characteristics can arise from
a simulated discrete manufacturing system? In Paper I's setting,
production-system dynamics generate temporally dependent and non-stationary
traces, with irregular temporal behavior arising through event-driven timing and
sampling effects. More specifically, buffering, inter-machine coupling, and event-
driven scheduling generate non-uniform inter-event intervals, blocking-related
burst—gap dynamics, asynchronous updates across channels, and cross-node
dependence in the resulting traces. Within the studied setting, the answer
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to RQL1 is therefore that learning-relevant observation conditions can arise
from production logic itself, rather than only from later data cleaning, storage
defects, or ad hoc preprocessing [15].

RQ2 (Section 1.4): How do neural time-series methods differ in
their treatment of irregular sampling and observational missingness?
Paper II shows that neural methods differ primarily in where they place
assumptions about time and absence within the learning pipeline. Some
methods place the main commitment in the input representation, for example
through encoding of time gaps or masks. Others place it in discrete-time
state updates, continuous-time latent dynamics, or learning objectives such as
imputation, reconstruction, generation, or event modeling. Within the same
setting, the survey supports a parallel answer for RQ2: relevant differences
between neural methods are better understood through assumption placement
than through architectural labels alone [20], [82].

5.1.2 Synthesis

The two answers in Section 5.1.1 form one connected chain: production systems
generate behavior; observation infrastructure turns selected parts of that
behavior into records; representation choices then turn those records into
model-processable temporal objects; and neural methods place assumptions
about time, absence, and between-observation dynamics at different points
within that pipeline. Meaningful comparison therefore requires the full chain,
from generation conditions to representation and evaluation, to be kept visible
[20], [80].

Absence is not always recording failure; two concrete cases make this
distinction operational for method selection. A machine that never enters a
fault state produces no alarm log entry: that silence is informative, because it
reflects operational behavior rather than recording failure. A vibration sensor
that drops out during high-amplitude events, by contrast, produces gaps that
are data-quality problems, because the absence reflects infrastructure limitation
rather than process state. After alignment onto a common time axis, both
appear as absent values in the same column. The choice of whether to impute,
mask, or model each as an explicit absence is difficult to make on principled
grounds without knowing which kind of absence it is.

5.1.3 The records-to-representation interface as a struc-
tural site

A further structural observation follows from reading the two studies together
against the broader catalogue of observation conditions developed in Chapter 2.
Each method family characterized in Paper II is tractable under the observation
conditions its assumption set admits, and each locates its assumptions at a
different pipeline locus. Continuous-time latent models commit to continuity
assumptions that categorical and event-coded channels do not satisfy; event-
time models commit to point-process semantics that continuous sensor traces
do not satisfy; input-side encoders commit to a chosen alignment policy that
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absorbs timing information before the backbone receives it. Each family is
well-formed within its own admissible regime and less so outside it. The
observation conditions catalogued in Sections 2.3.2 and 2.4 (including multiple
notions of recorded time, semantic heterogeneity across record types, cross-node
asynchrony without a shared reference axis, and the irregularity and missingness
studied here) are not jointly covered by any single surveyed family. Records
carrying several of these conditions simultaneously require any single-family
pipeline to resolve the residual conditions upstream of the model. Recent multi-
modal encoders address semantic heterogeneity at the input layer, but do so
under representational choices that still locate timing and absence assumptions
at a single pipeline locus; the joint-coverage question is therefore not resolved
by representational scope alone.

This mismatch sharpens with the heterogeneity of the records the pipeline
combines: where records share a uniform timestamp regime and a single
record type, the conditions catalogued in Chapter 2 do not coexist within the
data, and the assumption-set mismatch within any single method family is
correspondingly less acute.

Chapter 2 catalogues further characteristics of real-world manufacturing
records, for instance parser sensitivity across heterogeneous source formats [22],
[23], that this thesis did not analyze in the same depth as irregular timing and
observational missingness. Even the two characteristics that were analyzed
already constrain what a model can assume about its inputs, so covering a
broader portion of the assumption space within a single pipeline is expected to
be challenging at this transition rather than straightforward.

5.1.4 Relation to aim and vision

Read against the aim stated in Section 1.4, the synthesis in Sections 5.1.1-5.1.3
is where the licentiate’s central claim becomes visible, and within the stated
scope, the aim was met. The two studies together characterize one named
interface (between the observation conditions discrete manufacturing systems
generate and the assumptions neural time-series methods place on the records
they receive) and show that the families surveyed do not jointly cover the
catalogued conditions at that interface.

Read against the human-in-the-loop (HITL) vision in Section 1.2, the
contribution is upstream and conditional. The vision the licentiate works
toward is a production environment in which engineers and operators read
patterns across combined records with analytics that respect how those records
were generated; reaching it requires monitoring methods, decision-support
interfaces, deployment infrastructure, and operator workflows the present
licentiate does not address [12]. What it does deliver is one precondition for
that path: a structural reading of the records-to-representation interface that
lets later monitoring, anomaly-detection, and interpretation work be set up
with the interface understood rather than assumed [31]. Successor work in the
directions of Section 5.4 takes the next steps from here.
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5.2 Limitations

The main limitations follow from the synthesis’s treatment of the problem and
from the incompleteness of the information it can establish.

First, the manufacturing-side contribution rests on a discrete manufacturing
simulation context, rather than in a broader real-world manufacturing setting.
Paper I makes production structure, buffering, coupling, and event-driven
behavior inspectable under stated assumptions, which is precisely why it is
useful for the present licentiate. However, that same strength also limits
the transfer of its findings. The study does not cover the full diversity of
manufacturing topologies, process physics, sensing strategies, or plant-specific
logging policies. Nor does it instantiate the full observation stack through which
industrial records are produced. Its claims should be read as explanatory and
mechanism-oriented, not as predictive of all manufacturing settings. Beyond
simulation scope, the thesis addresses two observation conditions (irregular
timing and missingness). Operational manufacturing data carries additional
structural challenges outside the present scope:

e class imbalance, in which normal operation heavily outweighs fault states;
e machine-to-machine variability across nominally identical equipment; and

e label scarcity from rare fault events and retrospective maintenance
records.

Further challenges include:
e measurement noise from sensing and transmission;
e sensor drift and recalibration over equipment lifetimes; and

e non-stationary behavior or concept drift under tool wear, recipe changes,
and operating-regime shifts [30], [129]-][132].

These are named structural properties of industrial monitoring data, not
exceptional deviations, and they represent a further gap between the present
scope and deployment-ready modeling.

Second, the model-side contribution reflects the scope and limitations of the
reviewed literature. Although Paper II follows a structured and transparent
survey procedure, it cannot be fully exhaustive in a rapidly moving field with
overlapping terminology and fragmented application areas. In addition, much
of the broader empirical literature on irregular and incomplete time series has
been developed in a limited set of benchmark domains, especially healthcare
[72], [93]. In the PhysioNet 2012 dataset, for example, the mean missing rate
across variables exceeds 80%, with some variables absent more than 95% of the
time at any given timestamp [133]. The quantitative sparsity is comparable
to what manufacturing alarm logs exhibit, but the semantics differ: clinical
absence reflects decision-driven measurement, while manufacturing absence
frequently reflects exception-reported logging or outage. The meaning of timing
gaps, masks, and absences cannot be assumed to transfer unchanged even when
the represented tensors look similar.
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A connected limitation concerns the structural observation made in Sec-
tion 5.1.3. Chapter 2 catalogues observation conditions beyond irregularity
and missingness: multiple notions of recorded time, semantic heterogeneity
across record types, and cross-node asynchrony without a shared reference axis.
The present empirical work examines only the first two. The structural claim
in Section 5.1.3 therefore rests on the surveyed assumption space applied to
the catalogued conditions, not on direct empirical evidence that single-pipeline
neural modeling fails under all coexisting conditions. The claim is a struc-
tural reading of the assumption space, not a feasibility verdict on specific
manufacturing learning tasks.

Third, the thesis remains descriptive and integrative rather than compar-
ative in the strong empirical sense. It clarifies this interface, but it does not
yet test multiple method families under one fully controlled manufacturing
observation regime. As a result, no claim is made here about which method
is superior under stated manufacturing conditions, nor is it determined how
strongly particular representation choices affect downstream performance in a
controlled benchmark [62], [93], [107]. That gap is not a weakness relative to
the stated aim, but it is a real boundary on what can be concluded from the
present licentiate.

Fourth, the thesis clarifies this interface and offers decision-making insights,
but stops short of full industrial decision-support validation. The present
licentiate addresses one upstream requirement for that vision but does not
yet address plant-level deployment constraints, human-machine interface de-
sign, maintenance decision processes, or operational validation. The strongest
supported claims remain methodological and conditional: they concern how
observation conditions can arise, how methods place assumptions, and why the
interface between these two is a precondition for credible comparison [12], [36],
[93], [134], [135].

5.3 Practical Implications

The recommendation that follows from this licentiate is to treat the observation
regime as a deliberate design input to a manufacturing learning pipeline, on
the same footing as the model architecture or training objective: it concerns
what the data are, not only what they contain. The four regimes named in
Section 4.2.3.3 may give an engineer a starting point. The mappings below
should be read as structural alignments between regime and assumption set,
not as benchmarked recommendations.

Alarms, state transitions, and work orders are often timestamped events
whose inter-arrival times may carry signal, placing them in the EVT regime
where event-time modeling provides an appropriate family of assumptions. Tem-
peratures, vibration traces, and torque profiles can often be read as samples from
underlying continuous dynamics, closer to TRJ/SYN where continuous-time
latent models are worth considering. supervisory control and data acquisition
(SCADA) streams and historian traces are nominally periodic but may be
interrupted by outages, asynchronous updates, or logging irregularities, resem-
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bling CON/MUL; gap-aware sequence models with mask-retaining encoders
provide a relevant starting point. Condition-triggered inspections and planned-
maintenance reports have decision-coupled timing, aligning them with EPS,
so methods developed on clinical electronic health record (EHR) benchmarks
may be informative. However, quantitative sparsity does not imply semantic
transfer, and decision-coupled timing may also bring labels or intervention
effects with it.

Analytics that comprehensively support engineers, as the vision in Sec-
tion 1.2 outlines, may draw on event-coded alarms, continuous telemetry, and
inspection records at once by surfacing unknown patterns, and the operational
signal is typically visible only across that combined view. A one-model-fits-all
architecture for this setting is not evident among the surveyed families, and
case-by-case analysis of which assumption set fits which record remains neces-
sary. This licentiate contributes a prior step toward that analysis: a vocabulary
for naming the regime, a structural mapping of which assumption sets may
fit which regime, and the recognition that mixed-regime records can turn the
records-to-representation stage into a modeling problem of its own.

5.4 Future Directions

The future work that follows from this licentiate addresses the unresolved issues
identified in Sections 5.2 and 5.3. It can be grouped into three directions,
ordered from extending the descriptive basis, through making comparison itself
a design problem, to connecting both to downstream manufacturing tasks.

Broadening the manufacturing-side condition space. The first direction
extends the controlled generative case used here to a wider range of production
structures, observation policies, and timestamp semantics, including source-
dependent availability patterns [53], [136]. Richer simulated settings together
with experimental and industrial traces would allow controlled assumptions to
be compared against observed practice, testing how far the present interface
view travels across different manufacturing observation regimes.

Comparison and benchmark design as a methodological problem. The second
direction uses the present descriptive understanding to inform how comparison
itself is set up. Useful manufacturing benchmarks should preserve, or at
minimum report, the observation assumptions that bear on later comparison
[90], [99], [102]: timing structure, masking logic, record construction, timestamp
meaning, and the relation between generated conditions and represented objects.
On that basis, controlled comparative studies should treat representation choices
and assumption placement as explicit study factors [36], [93], [102], examining
how encoding, masking, interpolation, discretization, and objective design
interact with specific observation regimes. A specific candidate response is to
treat the records-to-representation transition as an explicit modeling stage with
separately statable assumption boundaries, composed with time-dependent
learning over the resulting representation rather than folded into a single end-
to-end model. Paper II’s input-side encoder family partially embodies this
factoring; whether it is more defensible than alternatives such as continuous-
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time latent models absorbing the same function differently is an open empirical
question, and a defensible benchmark setup is a prerequisite for answering it.

Connection to downstream manufacturing tasks. The third direction con-
nects the present framework to data-driven manufacturing tasks such as mon-
itoring and anomaly detection, especially under heterogeneous signals and
limited labeling conditions [18], [74]. In that setting, the relation between
representation, target construction, and operational usefulness becomes em-
pirically testable, and provides a more defensible path toward later claims
about artificial intelligence (AI)-supported interpretation than transferring task
formulations unchanged from benchmark domains with different observation
semantics. A related open question concerns where large language models
and time-series foundation models fit within manufacturing Al pipelines, with
current evidence suggesting purpose-built time-series foundation models trained
on numerical temporal data are stronger candidates for the core modeling role
than generic large language model (LLM) [84], [87], [88], while LLM may serve
as an orchestration layer [14], [86].

Moving closer to stronger practical claims will require evidence about how
records are generated and interpreted in real operational settings, how model
outputs relate to engineering judgment, and how representation choices affect
practical use [44], [47], [99]. The present licentiate is best used as a foundation
for that later benchmark, experimental, and application work, and not as a
substitute for it.






Chapter 6

Conclusions

This licentiate thesis clarifies a methodological interface between manufacturing
cyber-physical systems and neural time-series analysis. A controlled simulation
study and a structured survey of neural methods address it from the data-
generation and modeling sides, respectively.

The thesis makes three specific contributions:

e On the manufacturing side, it shows that ordinary production-structure
mechanisms in the simulated discrete-manufacturing setting studied here
can generate temporally uneven, asynchronous, and dependent traces
such as machine states and buffer levels.

e On the model side, it distinguishes irregular sampling from observational
missingness as related but distinct properties of recorded data, and
shows that this distinction matters for how neural methods should be
represented, compared, and evaluated.

e In synthesis, it connects the manufacturing-side case to neural approaches
through the records-to-representation interface, letting methods be com-
pared by how they represent time, value availability, and between-
observation dynamics rather than by architecture labels, and shows
that at this transition, the surveyed method families’ assumptions do not
jointly cover the catalogued conditions.

Taken together, the thesis recasts the records-to-representation interface
from a preprocessing antecedent into a modeling site. Production structure
generates temporally uneven traces under stated assumptions; neural methods
carry their timing and absence commitments in different places, each admitting
only part of the conditions the combined records carry.
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