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Abstract
Business processes increasingly run in sensor-rich environments, where Internet-of-Things devices
record physical behavior as raw, continuous measurements. Such data is a promising input for process
mining, but process discovery expects an event log of named activities, whereas sensors provide only
timestamped values and no activity alphabet. Constructing this alphabet is the real bottleneck: existing
methods either rely on domain experts to define the relevant activities, or derive them automatically as
opaque clusters or stochastic labels that cannot be checked against the sensor data. We study process
discovery from raw sensor values without labels, domain mappings, or analyst input. Our key idea is to
synthesize the activity alphabet rather than cluster or guess it: each activity is an explicit logical rule
over sensor behavior. We segment the stream, describe each segment with interpretable path-signature
features, and use Syntax-Guided Synthesis (SyGuS) to derive, for each segment class, a rule that is
verified against the data by construction. The abstraction is therefore a glass box: rather than trusting
an opaque model, one can check why each activity was formed and what sensor conditions define
it, and optionally attach a human-meaningful name to each rule afterwards. A standard algorithm
then discovers a process model over these rules. We evaluate the synthesized activities on two public
datasets (HACCP and SWaT). Despite using no domain knowledge, the discovered activities cover
almost all of the data and, on one dataset, outperform an expert-guided abstraction method, while
remaining behind it in the other cases.

1. Introduction
Business processes are increasingly executed in sensor-rich physical environments. In manufac-
turing, logistics, and healthcare, Internet-of-Things (IoT) devices continuously record physical
behavior as timestamped measurements, such as position, pressure, temperature, and motion [1].
In principle, this data is a rich source for process mining, the family of techniques that ana-
lyze operational processes from event data [2]. Its most fundamental task, process discovery,
constructs a process model from observed executions and thereby makes the control flow of a
process explicit. Bringing process discovery to sensor-observed physical processes would make a
large and growing class of systems accessible to process analysis.

However, sensor data is not the kind of input that process discovery expects. Classical discovery
requires an event log in which every event refers to a case, an activity, and a timestamp [3].
IoT devices supply only the timestamp: they emit continuous, multivariate streams with no
activity names, no case boundaries, and, crucially, no activity alphabet. Before any model can be
discovered, the raw stream must be turned into events through event abstraction, which maps
fine-granular physical observations onto coarse-granular activity instances [4]. Constructing this
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alphabet, rather than discovering control flow over a given one, is the real bottleneck of process
mining on IoT data.

Today this step is paid for either with domain knowledge or with interpretability. Surveys of
event abstraction show that the combination most relevant to IoT, unsupervised abstraction
over continuous sensor data, is the least explored [4, 5]. Supervised and expert-guided methods
assume that the relevant activities are already known and merely need to be recognized [6, 7].
Recent unsupervised methods avoid this assumption but produce alphabets that cannot be
inspected: cluster identifiers are opaque [8], LLM-generated labels are stochastic and not verifiable
against the sensor data [9], and rule-based detectors can only fire on activities an expert already
annotated [10]. In all cases, there is no formal, checkable link between an activity and the sensor
behavior it claims to represent. This link matters because the activity alphabet is what every
later step builds on: process discovery, conformance checking, and any decision drawn from
the model inherit the meaning of its activities. When that meaning cannot be inspected and
verified against the sensor data, an analyst cannot tell whether a discovered activity corresponds
to a genuine physical regime or is merely an artifact of segmentation and abstraction, and the
resulting model cannot be trusted to represent the observed process.

This paper. We address this missing link directly. We study process discovery from raw sensor
values when no activity alphabet is given, with no labels, no domain mappings, and no analyst
decisions. The hard part, and the focus of this paper, is constructing the activity alphabet itself ;
once it exists, process discovery reduces to a standard downstream step. Our key idea is to
synthesize the activity alphabet rather than cluster or guess it: each activity is an explicit logical
rule over sensor behavior, such as position increases while pressure stays stable, instead of a
cluster index or an LLM string. We segment the stream, describe each segment by interpretable
features that capture how sensor values move and interact over time (using path signatures [11]),
and apply syntax-guided synthesis (SyGuS) [12] to derive, for each segment class, a Boolean
predicate that covers its examples and excludes the others. This keeps the whole abstraction a
glass box: there is no learned embedding to trust and no opaque score, only named features and
explicit logical rules. Because every rule is returned together with the specification it provably
satisfies, an analyst can check why each activity was formed and what sensor conditions define
it, rather than trust the procedure that produced it. The same rules also give a domain expert a
concrete basis to attach human-meaningful activity names after discovery, so naming becomes
an optional post-processing step rather than a prerequisite. A standard discovery algorithm
then builds a process model over this interpretable, auditable alphabet. This paper makes the
following contributions:

• We propose a domain-knowledge-free discovery pipeline that combines path-signature
features with SyGuS to synthesize an interpretable rule alphabet and induce a sensor-
derived event log (Section 3).

• We evaluate the discovered activities on two public sensor datasets (HACCP and SWaT)
and compare them to an expert-guided method [7]. Even without any expert input, our
activities cover almost all of the data and, on one dataset, are more accurate than the
expert-guided method, while remaining behind it in the other cases (Section 4).

The remainder of the paper is organized as follows. Section 2 introduces the necessary
preliminaries and positions our work against related event-abstraction approaches. Section 3
presents the synthesis pipeline. Section 4 reports the evaluation, and Section 5 discusses results,
limitations, and open challenges.



2. Background
In this section, we introduce the necessary background for the paper. We first define the basic
objects used in the formalization (Section 2.1). Then, review related work (Section 2.2).

2.1. Preliminaries
We first introduce the basic objects that define the input and output setting: sensor data, event
data, and process models.

Definition 2.1 (Sensor data). Let 𝑑 ∈ N>0 be the number of sensor variables. A raw sensor log
is a sequence 𝑋 = (𝑥0, . . . , 𝑥𝑁−1) with 𝑥𝑡 ∈ R𝑑 for each timestamp 𝑡 ∈ {0, . . . , 𝑁 − 1}. The
component 𝑥𝑗

𝑡 is the raw sensor value of sensor 𝑗 at timestamp 𝑡.

Sensor variables may be continuous, discrete, or binary before encoding. This paper assumes
that preprocessing maps them into real-valued vectors. We use integer sample indices as the
time base.

Definition 2.2 (Event data). Let 𝐴 be a finite activity alphabet. An activity is one element
𝑎 ∈ 𝐴. An event is a tuple 𝑒 = (𝑎, 𝜏−, 𝜏+), where 𝑎 is an activity and 𝜏−, 𝜏+ are start and end
timestamps. A trace is a finite sequence of events. An event log is a multiset of traces.

A case is one process instance represented by one trace. A case boundary separates two
process instances in a sensor log. Classical process discovery receives an event log. In the present
setting, 𝐴 is not given and must be constructed from sensor behavior before discovery. We write
the activity projection of a trace for the sequence of activity labels obtained by ignoring event
timestamps.

Definition 2.3 (Process model). A process model 𝑀 over an activity alphabet 𝐴 defines a
language ℒ(𝑀) ⊆ 𝐴*. Each word in ℒ(𝑀) is an activity sequence that the model permits.

2.2. Related Work
Event abstraction in process mining. Integrating IoT and process mining requires bridging
low-level sensor data and high-level process concepts [1], and surveys consistently identify this
abstraction gap as the central obstacle [5, 13]. The taxonomy of van Zelst et al. [4] shows that most
event-abstraction techniques are supervised and few address continuous data; supervised methods
such as the behavioral activity patterns of Mannhardt et al. [14] require domain knowledge, and
throughout, the activity vocabulary is provided or curated rather than synthesized from the
data.

Abstracting IoT sensor data into event logs. Work that targets sensor data directly splits
along two dimensions: how interpretable the resulting activities are, and how much human input
they require. Clustering-based methods are unsupervised, and thus closest to our setting, from
smart-home event streams [15] to continuous industrial and smart-product streams [8, 16, 17].
These methods do describe each cluster by statistics, centroids, or characteristic shapes, so
they are not wholly opaque. The difference is one of form: cluster membership is implicit and
relational, a segment’s activity is decided by which centroid it is nearest to, so the boundary
between activities is never stated and can only be recovered from the fitted model. An interval
rule instead makes that boundary explicit, as a condition on named features that can be read
off and checked on a single segment in isolation. Mapping clusters to named activities, or
even selecting which features to cluster on, also still relies on a manual, domain-knowledge
step [16, 17]. Conversely, the methods closest to ours in spirit produce interpretable, rule-like
activity definitions: Seiger et al. interactively guide an analyst to detect and label activity



Figure 1: Overview of the different preprocessing, abstraction, synthesis, and discovery steps.

executions and derive reusable sensor patterns [6], later generating complex-event-processing
rules for online detection [10], while Sensor2EventLog [7] maps sensor behavior to named states
through a machine-teaching loop. All three, however, obtain these rules from domain knowledge
and analyst decisions; LLM labeling [9] is similarly convenient but yields labels rather than
explicit rules that can be checked against the sensor data. Even closer to us in representation,
Nadim et al. [18] extract decision-tree patterns, explicit conditions over variables, as events, but
under supervision (a KPI-based labeling) and for causality analysis rather than the unsupervised
synthesis of an activity alphabet. We adopt Sensor2EventLog as our quantitative baseline, as it
is the most recent and directly comparable, but require none of its teacher loop or domain rules.
In short, no prior approach combines the unsupervised setting of clustering with the interpretable
activity definitions of the rule-based methods, which is precisely the gap we address.

Building blocks: signatures and predicate synthesis. We represent each candidate segment
of the sensor stream by path-signature features [11], an established feature-extraction method
for multivariate time series [19] and sensor-based tasks [20]. Because each such feature has a
concrete meaning (for example, a per-sensor increment or a cross-sensor interaction), it can
serve as a named feature space rather than an anonymous model input. This is what makes a
rule-based alphabet worthwhile: where prior work feeds these features into a black-box classifier
that returns a score, we synthesize over them an explicit predicate per activity, a condition,
stated only in named features, that can be read, tested on a single segment, and later assigned a
human-meaningful name. Constructing the alphabet is then a synthesis problem: syntax-guided
synthesis [12] with SMT-based solvers [21, 22] and example-driven invariant learning [23] find
predicates separating labeled examples. Whereas such predicate synthesis is normally used to
explain or guard choices at decision points that already exist, we use it to construct the activity
alphabet itself.

Positioning. Our contribution differs along three axes: supervision (no labels, domain rules,
or analyst decisions, unlike [14, 7, 10]); interpretability (each activity is an explicit interval
predicate over named sensor features that can be checked on a single segment, unlike the opaque
cluster identifiers of [15, 8] or free text LLM LLM labels [9]); and representation (activities
are synthesized as rules fit to the data rather than supplied as a curated vocabulary). To
our knowledge, this combination of an unsupervised setting, continuous sensor data, and an
interpretable, rule-based activity alphabet is not offered by existing work.

3. Pipeline
This section presents the discovery procedure. The procedure follows the structure shown in
Figure 1. It transforms raw sensor values into a process model through (1) preprocessing,
(2) segmentation, (3) feature construction, (4) partition search, (5) rule synthesis, (6) trace
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Figure 2: Connected sensors produce raw time series, which preprocessing maps to comparable features.

construction, and (7) process discovery. The procedure combines path signatures with SyGuS to
construct the missing activity alphabet.

3.1. Raw Data Acquisition
The input is a raw sensor log 𝑋 = (𝑥0, . . . , 𝑥𝑁−1). Each vector 𝑥𝑡 contains the values recorded
at timestamp 𝑡. No activity labels are available. Thus, the input is a raw multivariate stream,
not yet a classical event log.

In the running example, 𝑥𝑡 = (𝑝𝑡, 𝑞𝑡) contains position 𝑝𝑡 and pressure 𝑞𝑡. The raw log records
a path through the two-dimensional sensor space. The path is not yet a trace. It contains neither
events nor activity names.

3.2. Preprocessing and Feature Scaling
Raw sensor logs cannot be used directly given that missing samples, heterogeneous units, and
different value ranges make changes across channels difficult to compare. Therefore, preprocessing
creates a stable feature space in which later segmentation and rule synthesis depend on sensor
behavior rather than on measurement scale.

Preprocessing maps 𝑋 to a preprocessed log ̃︀𝑋 = (̃︀𝑥0, . . . , ̃︀𝑥𝑁−1). The preprocessing function
handles missing values, normalizes sensor scales, and may add delta channels. If preprocessing
changes the number of channels, we denote the resulting dimension by ̃︀𝑑. The preprocessing
parameters, such as scaling constants and selected derived channels, are fitted once on the
training log and stored as part of the learned procedure. They must be reused for validation logs
so that interval predicates remain in the same feature space. Preprocessing does not add domain
knowledge. It only makes sensor variables comparable for later segmentation and synthesis. The
mapping from connected sensor measurements to comparable feature channels is summarized in
Figure 2.

Sensor variables may use incompatible units. For example, position and pressure may have
different numerical ranges. A large range in one sensor should not dominate change point
detection. Scaling therefore preserves the temporal structure while reducing unit effects. The
time channel used for signatures is normalized to local segment time; absolute duration remains
available as an envelope feature.
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Figure 3: Change point detection highlights colored segment boundaries, and signature-aware abstraction
extracts path features from each segment.

3.3. Candidate Change Point Detection
Change point detection partitions ̃︀𝑋 into candidate sensor segments. It computes boundaries

0 = 𝜏0 < 𝜏1 < · · · < 𝜏𝑚 = 𝑁.

These boundaries define segments 𝑠𝑖 = ̃︀𝑋𝜏𝑖:𝜏𝑖+1 for 𝑖 ∈ {0, . . . ,𝑚− 1}.
The change point detector is a candidate generator. It uses an offline change point method [24,

25]. The detector should favor mild over-segmentation, since subsequent labeling and trace
construction can merge repeated labels when the subsegments remain rule-equivalent. This
mitigates the log-level impact of occasional spurious boundaries, whereas a missed boundary
may conflate distinct activities and obscure the underlying process structure.

In the running example, this step produces three segments. The first segment contains
rightward movement. The second segment contains pressure increase. The third segment
contains leftward movement. Still, all segments are unlabeled.

3.4. Signature-Aware Segment Abstraction
Each segment is then converted into a feature vector. For each segment 𝑠𝑖, the feature map 𝜑
computes envelope features and truncated signature features. Envelope features describe value
ranges. Signature features describe movement along the segment. The right side of Figure 3
highlights one candidate segment as a path and the feature vector extracted from it.
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Figure 4: Grammar-aware merging groups signature feature examples from repeated segment occurrences
into classes.

Following Chevyrev and Kormilitzin [11], the signature of a path 𝑃 : [𝑎, 𝑏] → R𝑞 is the sequence
of iterated integrals

𝑆(𝑃 )𝑎,𝑏 =
(︁
1, 𝑆1(𝑃 )𝑎,𝑏, . . . , 𝑆

𝑞(𝑃 )𝑎,𝑏, 𝑆
1,1(𝑃 )𝑎,𝑏, 𝑆

1,2(𝑃 )𝑎,𝑏, . . .
)︁
.

For a word (𝑖1, . . . , 𝑖ℓ) over path coordinates, the corresponding term is

𝑆𝑖1,...,𝑖ℓ(𝑃 )𝑎,𝑏 =
∫︁

𝑎<𝑢1<···<𝑢ℓ<𝑏
𝑑𝑃 𝑖1

𝑢1 · · · 𝑑𝑃 𝑖ℓ
𝑢ℓ
.

A truncated signature keeps only terms up to a fixed level 𝐾.
For signature computation, the discrete samples in 𝑠𝑖 are converted into a piecewise-linear

interpolation 𝑥̄𝑖 : [0, 1] → R̃︀𝑑. The time-augmented path

𝑃𝑖(𝑢) = (𝑢, 𝑥̄𝑖(𝑢)) , 𝑢 ∈ [0, 1],

is then used for signature computation. Level-one signature terms are total increments. Level-two
signature terms capture signed areas and cross-sensor order. Duration is included separately
among the envelope features. Thus, 𝜑(𝑠𝑖) can represent direction, duration, and coordination
between sensors without letting raw time scale dominate mixed signature terms.

This representation connects sensor measurements to rule synthesis. Raw values alone are too
fine-grained to serve as activity labels. Segment features provide the finite examples used by
SyGuS. The running example yields features such as duration, minimum position, maximum
position, position increment, pressure increment, and a signed area term.

3.5. Grammar-Aware Segment Merging
Segment merging groups compatible segment occurrences into segment classes. Let s =
(𝑠0, . . . , 𝑠𝑚−1) be the candidate segment occurrence sequence and let 𝐼 = {0, . . . ,𝑚− 1} be its
occurrence indices. The merging step searches for a partition ℰ = {𝐸1, . . . , 𝐸𝑘} of 𝐼. Each class
𝐸𝑖 should be explainable by one rule in the grammar 𝒢.

The partition is abductive: the observations are the feature vectors 𝜑(𝑠𝑖), the theory is the
grammar 𝒢 and the hypotheses correspond to segment classes. The search space is constrained
rather than spanning arbitrary partitions. Let ∼𝑐 be a symmetric compatibility relation over
segment occurrences, fixed by the method from selected envelope and signature features. A
candidate class 𝐸𝑖 is compatible if all pairs of occurrence indices in 𝐸𝑖 satisfy ∼𝑐. A partition
is admissible if every class is compatible and, for each class, a Boolean expression generated
by 𝒢 can separate its examples from the examples of the other classes. The one-class partition
is admissible only if all segment occurrences are pairwise compatible under ∼𝑐. The preferred
explanation uses the fewest classes among admissible partitions.
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From an algorithmic perspective, this step constitutes a grammar-aware partition search. It
may reuse the SyGuS solver from the subsequent stage as a feasibility oracle. The synthesis step
that follows then produces a final rule for each selected class.

This step determines the size of the activity alphabet and introduces new activities only when
necessitated by the feature space and the grammar. In the running example, the compatibility
relation distinguishes three movement patterns, yielding three behavioral segment classes. Across
repeated executions, segments with equivalent behavior are consistently assigned to the same
class.

3.6. SyGuS Rule Synthesis
In a SyGuS problem, a grammar 𝒢 defines the syntactic form of candidate expressions, a formula
𝜓 defines the semantic specification, and the solution is an expression 𝑒 ∈ ℒ(𝒢) satisfying 𝜓.
Here, the variables of the expression are the named coordinates of 𝜑(𝑠), and the Boolean fragment
of 𝒢 generates predicates over segment features.

Rule synthesis constructs one rule for each segment class. For class 𝐸𝑖, the positive examples
are

Pos𝑖 = {𝜑(𝑠ℎ) | ℎ ∈ 𝐸𝑖}.

The negative examples are
Neg𝑖 = {𝜑(𝑠ℎ) | ℎ ∈ 𝐼 ∖ 𝐸𝑖}.

SyGuS solves the specification

∃𝑒𝑖 ∈ ℒBool(𝒢) : (∀𝑝 ∈ Pos𝑖 : den(𝑒𝑖)(𝑝) = ⊤) ∧ (∀𝑛 ∈ Neg𝑖 : den(𝑒𝑖)(𝑛) = ⊥) ,

where ℒBool(𝒢) is the Boolean fragment generated from the rule start symbol and den(𝑒𝑖) is
the predicate denoted by expression 𝑒𝑖. The variables of 𝑒𝑖 are the named coordinates of the
feature vector. The resulting rule is 𝑅𝑖 = den(𝑒𝑖). The grammar 𝒢 can use interval predicates
over named segment features. This keeps the rules interpretable. The semantic constraints are
finite because they range over segments rather than timestamps; the search itself is finite when
the grammar depth and candidate constants are bounded.

In the running example, SyGuS can synthesize three rules. One rule covers positive position
increments and near-zero pressure increments. One rule covers near-zero position increments
and positive pressure increments. One rule covers negative position increments and near-zero
pressure increments. These rules become the activity alphabet ℛ.
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Figure 6: Rule activations are collapsed into a sensor-derived activity projection.

3.7. Case Detection and Trace Construction
Trace construction converts rule activations into traces. Each segment occurrence 𝑠𝑖 receives
the unique label 𝜆(𝑖) = 𝑅𝑗 for which 𝑅𝑗(𝜑(𝑠𝑖)) = ⊤. Known case boundaries split the segment
occurrence sequence before collapse. They act as hard constraints: if a known case boundary
falls within a candidate segment, the segment must be split, or the segmentation procedure
must be constrained to respect this boundary. Consecutive repetitions of the same rule are then
collapsed only within each case. A maximal case-local block 𝑠ℓ, . . . , 𝑠𝑟 with label 𝑅𝑗 becomes
one timestamped event (𝑅𝑗 , 𝜏ℓ, 𝜏𝑟+1).

When case boundaries are not given, recurrence of a start-candidate rule can serve as an
exploratory case heuristic. The start candidate may be the first observed rule in the stream or a
rule selected by a fixed frequency or periodicity heuristic. The choice uses only the synthesized
rule sequence and should therefore be treated as an explicit assumption of the induced log. Later
evaluation must test whether this heuristic matches meaningful process instances.

In the running example, the activity projection of the segment labels is ⟨𝑅1, 𝑅2, 𝑅3⟩. If the
same process instance repeats the pressure and left-movement pair as rework, the projected
trace may become ⟨𝑅1, 𝑅2, 𝑅3, 𝑅2, 𝑅3⟩. If the repetition belongs to a different process instance,
it becomes part of another trace. Such traces reveal loops to process discovery only when
repetitions occur within the same case.

3.8. Process Discovery
Process discovery is applied to 𝐿𝑋 . The input is now an event log over 𝐴 = ℛ; Process discovery
operates on activity projections, while event timestamps remain preserved in the log. Accordingly,
any discovery algorithm that is compatible with this induced event-log representation can be
employed. A concrete implementation may use the Inductive Miner [26].

This step produces the model component 𝑀 of the solution. The model language ℒ(𝑀)
describes permitted sequences of synthesized rules. The resulting model is exploratory because
its activity semantics are derived from sensor behavior rather than from analyst labels.

For the running example, a sequential model permits 𝑅1 followed by 𝑅2 followed by 𝑅3. If
a case includes the pressure–left pair as a rework loop, the discovered model can capture this
behavior. Visible transitions are annotated with synthesized rule activities, while structural or
silent transitions may remain unlabeled.
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Table 1
Benchmark setup for the Sensor2EventLog comparison.

Dataset Batches Train Test Sensors Ref. states Disc. acts.

PM_HACCP_PASTEURIZATION 968 581 387 8 6 6
SWaT.A4_A5_Jul_2019_P1 4 2 2 5 2 3

4. Evaluation
The evaluation compares our single-shot pipeline against Sensor2EventLog [7]. Sensor2EventLog
uses a machine-teaching loop. A human teacher selects process states, adds event-rule features,
reviews diagnostics, and refines rules. Our benchmark removes this teacher loop. Our benchmark
uses zero teacher iterations, zero domain rules, zero rule additions, and zero rule edits. The
evaluation results can be found here 1

The benchmark follows a knowledge-agnostic protocol. The pipeline receives raw sensor
columns and fixed domain-independent parameters and the pipeline does not receive activity
names during discovery. The pipeline does not receive Sensor2EventLog thresholds, i.e., no
𝑄𝑖𝑛 > 𝜏𝑄, no 𝑇 > 70, no LIT101diff_smooth < 0, and no LIT101stability > 0.8. Reference states
are employed only after the discovery phase, where they are used to score the discovered rules
according to the metrics defined in Sensor2EventLog. Table 1 summarizes the benchmark setup.

The evaluation uses the same dataset targets as Sensor2EventLog. The HACCP dataset
contains 968 batches. The HACCP split uses 581 training batches and 387 test batches. The
HACCP input contains 8 sensor columns and 6 reference states. The SWaT P1 run uses the
normal-operation window from 2019-07-20T04:35:00+00:00 to 2019-07-20T06:50:00+00:00. The
SWaT P1 formatting uses 4 equal contiguous pseudo-batches, i.e., 2 training pseudo-batches and
2 test pseudo-batches. The local SWaT workbook contains a P1_STATE column. This column is
used only after discovery to compute anonymous state-level diagnostics.

The coverage metrics follow Sensor2EventLog. Let 𝑇𝑦 be the timestamp set with reference
state 𝑦. Let 𝑟(𝑚)

𝑡 ∈ {0, 1} be the activation of rule 𝑅𝑚 at timestamp 𝑡. Coverage measures the
share of state 𝑦 captured by rule 𝑅𝑚. Precision measures the share of activations of rule 𝑅𝑚

that occur inside state 𝑦. Effectiveness is the geometric mean of coverage and precision.

Cov(𝑦,𝑅𝑚) =
∑︀

𝑡∈𝑇𝑦
𝑟

(𝑚)
𝑡

|𝑇𝑦| + 𝜖
, Prec(𝑦,𝑅𝑚) =

∑︀
𝑡∈𝑇𝑦

𝑟
(𝑚)
𝑡∑︀𝑇

𝑡=1 𝑟
(𝑚)
𝑡 + 𝜖

Eff(𝑦,𝑅𝑚) =
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Cov(𝑦,𝑅𝑚) · Prec(𝑦,𝑅𝑚).
1https://github.com/chimenkamp/IoT-Only-Process-Discovery-



Table 2
HACCP comparison with Sensor2EventLog rule metrics.

Approach Rules Iter. Domain Coverage Precision Effect.

Ours 6 0 0 0.749250 0.739081 0.700088
Sensor2EventLog 4 3 4 0.963000 0.970000 0.966309

Table 3
Best matching HACCP rule for each reference state on the test split.

State Rule State sup. Rule sup. Overlap Coverage Precision Effect.

Idle A03 127391 79225 56566 0.444035 0.713992 0.563060
Fill A01 127579 63680 63445 0.497300 0.996310 0.703892
HeatUp A05 242321 188866 188611 0.778352 0.998650 0.881647
Hold A02 346526 651618 346318 0.999400 0.531474 0.728804
Cool A04 243033 189360 189131 0.778211 0.998791 0.881629
Discharge A02 127469 651618 127240 0.998203 0.195268 0.441494

The reported state score uses the best matching discovered rule for each reference state. The
reported mean score averages these best-rule scores over the reference states.

The state-explainability metric also follows Sensor2EventLog. State explainability for one state
equals the maximum coverage achieved by any rule for that state. This value is computable only
when reference-state labels are present. When timestamp accuracy is reported, each discovered
rule is mapped to its majority reference state on the training split and this mapping is then
applied to timestamp-level rule activations on the test split. Table 2 reports the aggregate
HACCP comparison.

Our pipeline discovers 6 activities from 5,551 training segments. It evaluates on 3,699 test
segments resulting in a mean test coverage of 0.749250, a mean test precision of 0.739081 and a
mean test effectiveness of 0.700088.

After teacher refinement, Sensor2EventLog achieves superior HACCP rule metrics, with a
mean coverage of 0.963000, mean precision of 0.970000, and mean effectiveness of 0.966309. This
represents gains of 0.213750 in coverage, 0.230919 in precision, and 0.266222 in effectiveness
relative to our method. Such differences are anticipated given the benchmark design: Sen-
sor2EventLog leverages three teacher iterations and four domain rules, while our approach relies
on neither. Table 3 reports the per-state HACCP scores.

The HACCP state scores show the main abstraction trade-off. The labels A01–A06 identify
discovered interval predicates.

For example, a discovered rule of the form 𝑧(end(𝑄𝑖𝑛)) ≤ 2 ∧ 𝑧(sig(𝑇 )) ∈ [−2.5, 2.62] describes
segments where the final value of the 𝑄𝑖𝑛 sensor is not unusually high and the temperature-
signature feature remains within a broad normal range.

The rules for HeatUp and Cool are highly precise. The HeatUp rule achieves 0.778352 coverage
and 0.998650 precision, while the Cool rule reaches 0.778211 coverage and 0.998791 precision.
In contrast, the Hold and Discharge states share rule A02 as their best rule. Although this
shared rule provides high coverage for both states, it yields low precision for Discharge (0.998203
coverage and 0.195268 precision).

The induced HACCP log is almost fully labeled by the discovered rules, with a test segment
rule applicability of 0.999730. This indicates that 99.9730% of test segments receive exactly
one rule label, leaving only 0.000270 unlabeled.The held-out process model achieves a fitness of
0.999036 under the implemented conformance check, demonstrating that the induced HACCP
traces are almost entirely accepted by the discovered model. Table 4 reports the SWaT values
supported by the local artifacts.

The local SWaT workbook contains raw P1 sensor streams, controller/status columns, and



Table 4
SWaT P1 comparison with the values supported by the local artifacts.

Approach Acc. Coverage Precision Effect. Applic. Iter. Domain

Ours 0.805089 0.561759 1.000000 0.749506 0.866667 0 0
Sensor2EventLog HMM 0.760000 – – – – 2 2
Sensor2EventLog K-means 0.940000 – – – – 2 2

a P1_STATE column. It does not contain the prepared batch_id column used by the public
Sensor2EventLog implementation. Therefore, the run uses equal contiguous pseudo-batches for
process mining formatting and P1_STATE only after discovery for scoring.

In the SWaT setting, our approach discovers three activities from 15 training segments and
evaluates on 15 test segments. The post-hoc train-mapped timestamp accuracy is 0.805089.
On the held-out SWaT state present in the test split, the best rule achieves 0.561759 coverage,
1.000000 precision, and 0.749506 effectiveness. Test applicability reaches 0.866667, while the
held-out process-model fitness is 0.625000.

Sensor2EventLog reports SWaT accuracy after teacher refinement. In the HMM configuration,
accuracy improves from a baseline of 0.580000 to a final value of 0.760000, while the K-
means configuration increases from 0.700000 to 0.940000. Both configurations employ two
teacher iterations and two domain rules. Additionally, Sensor2EventLog reports that all SWaT
states exceed a state explainability of 0.780000 after refinement. In comparison, our SWaT
diagnostic accuracy is 0.045089 higher than the reported HMM result and 0.134911 lower than
the reported K-means result. These values should not be interpreted as a direct reproduction of
the Sensor2EventLog SWaT setup, as our local run relies on pseudo-batches and anonymous
workbook states.

The benchmark supports a conservative interpretation. The HACCP results demonstrate
that a single-shot rule alphabet can recover meaningful state-related structure without relying
on domain rules. At the same time, they show that the human-guided Sensor2EventLog loop
achieves substantially higher rule metrics under the same label-based evaluation. The SWaT
results further indicate that a single-shot rule alphabet can recover state-related structure in a
second sensor system, although the K-means-based Sensor2EventLog configuration still attains
higher accuracy after teacher refinement. Accordingly, this comparison should be understood
as a fair benchmark of a knowledge-agnostic setting, rather than as a claim that single-shot
discovery can replace teacher-guided refinement.

5. Discussion
Summary: The evaluation demonstrates the feasibility of a single-shot abstraction from raw
sensor values. In the HACCP setting, the approach discovers six sensor-derived activities without
the use of domain rules. These activities label 99.9730% of the HACCP test segments. The
best-rule HACCP scores reach 0.749250 mean coverage, 0.739081 mean precision, and 0.700088
mean effectiveness. The held-out HACCP process-model fitness is 0.999036. These values
demonstrate that the pipeline recovers substantial state and control-flow structure before any
human refinement.

The benchmark also confirms the value of domain knowledge. Sensor2EventLog reaches
0.963000 mean coverage, 0.970000 mean precision, and 0.966309 mean effectiveness on HACCP.
This result is higher by 0.213750 coverage points, 0.230919 precision points, and 0.266222
effectiveness points. The difference follows from the setting because Sensor2EventLog uses 3
teacher iterations and 4 domain rules.

The SWaT run extends the evidence beyond HACCP. It discovers 3 activities without domain
rules and labels 86.6667% of held-out test segments. Using the workbook’s P1_STATE column



only after discovery, the run reaches 0.805089 train-mapped timestamp accuracy, 0.561759
coverage, 1.000000 precision, and 0.749506 effectiveness on the held-out state present in the test
split. This diagnostic accuracy exceeds the 0.760000 reported for the Sensor2EventLog HMM
configuration but falls short of the 0.940000 achieved by the K-means configuration. Accordingly,
our result should be interpreted as a knowledge-agnostic baseline rather than as a substitute for
teacher-guided eventization.

Limitations The evaluation uses reference states only after the discovery phase. This preserves
the knowledge-agnostic setting but implies that semantic interpretation remains post hoc. The
discovered activity identifiers correspond to interval predicates rather than human-interpretable
activity names. For instance, the HACCP results indicate that Hold and Discharge share the
same best rule. While this is informative as an abstraction diagnostic, it also highlights that
formally valid rules may merge states that a domain expert would prefer to keep distinct.

Finally, process-model fitness is evaluated on the event log induced by the synthesized rules.
High fitness therefore indicates that the discovered control-flow model accepts the induced rule
traces, rather than that the abstraction captures all physically meaningful state distinctions.
Accordingly, rule metrics, model fitness, and domain interpretation should be considered jointly.
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