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Abstract. Object-Centric Process Mining (OCPM) often discovers models that
are too dense and complex for effective human comprehension. To address this
challenge, this work proposes a novel framework for the automated
decomposition and aggregation of Object-Centric Petri Nets (OCPNs). The
framework is based on the principles of high cohesion and low coupling. First,
the Composite Cohesion Metric is introduced to measure the relational strength
between object types from three distinct perspectives: behavioral
synchronization, structural composition, and empirical log-based co-occurrence.
By mapping these measures to a weighted graph and applying modularity-based
community detection, the overall model is partitioned into semantically coherent
sub-process modules. Finally, an Aggregated Net is constructed to offer a high-
level architectural view of the system. The proposed framework is evaluated
using the standard Order Management benchmark. The results demonstrate that
the approach used successfully structures the process into distinct logical
execution layers. The approach correctly assigns resource objects to their
functional modules. The proposed framework significantly reduces the
complexity of the model without affecting its global validity.

Keywords: Object-Centric Process Mining, Object-Centric Petri Nets, Process
Decomposition, Process Architecture, Cohesion and Coupling.

1 Introduction

Process mining is a discipline that helps organizations understand and optimize real-world
processes using event data. It provides a set of techniques to discover descriptive models, check
the conformance of prescriptive models, and improve processes based on the event data they
generate [1], [2].

Traditional process mining techniques assume that each event in a log corresponds to exactly
one process instance (a unique case identifier). This case-centric view is insufficient for enterprise
systems (e.g., ERP and SCM). In these environments, business processes involve multiple
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interacting objects of different types — such as ORDERS, ITEMS, PACKAGES, and CUSTOMERS — with
complex one-to-many and many-to-many relationships. Forcing these interactions into a single
case notion often leads to convergence (where one case is copied across many objects) and
divergence (where many different object behaviors are flattened into a single trace). These issues
lead to incorrect analysis [3].

Object-Centric Process Mining (OCPM) [3], [4] addresses this limitation. It enables the
discovery of expressive process models, such as Object-Centric Petri Nets (OCPNs) [5], from
Object-Centric Event Logs (OCELSs) [6]. However, the enhanced expressiveness of OCPNs comes
at the cost of complexity. Models discovered from real-world systems often contain many
interacting object types with high connectivity. These models frequently become too complex and
dense for effective human comprehension. Furthermore, a straightforward decomposition
approach, such as creating a single module per object type, often severs logical connections
between objects that inherently belong together. For instance, in an e-commerce system, separating
ORDERS from ITEMS would destroy the semantic integrity of the process. Therefore, a simplification
strategy that respects the underlying architectural semantics of the system is required.

This article presents a novel framework for an efficient, object-aware decomposition and
aggregation of OCPNs. The software engineering principles of high cohesion and low coupling
[7] and modular information hiding [8] guide this framework. The approach used groups object
types that are strongly related structurally, behaviorally, and empirically into cohesive sub-process
modules. Figure 1 illustrates the proposed framework. It takes the overall model and log as input
and constructs a hierarchical business process architecture. The process consists of three phases:
Cohesion Quantification, Structural Decomposition, and Model Aggregation.

INPUTS
””” OCEL .
' (Event Log)
""""""""" Cohesion Quantification
________________ (SR, CI,LCD)
' OCPN Model . OUTPUTS
' (Level 2) |
TR S Y e
Decomposition 1 De&c;gmgzed
(Louvain Clustering) :
| (Level 1)
Y

Model Aggregation I

,,,,,,,,,,,,,,,,

Figure 1. Overview of the proposed framework

The research method follows the following main activities:

1. First, introduce the Composite Cohesion Metric that quantifies the relational strength
between object types. To obtain a holistic measure, combine three metrics covering distinct
perspectives: the behavioral Synchronization Ratio (SR), the structural Composition Index
(CI), and the empirical Log-Based Co-occurrence (LCO). The data-driven perspective is
pivotal for dealing with the complexity of processes. Real execution records often reveal
that structurally similar connections differ in actual significance. For instance, two types of
objects may have high (SR) and (CI) scores even if their interaction rarely occurs in reality
[3].

2. Next, use the Louvain community detection method [9] to partition the complex OCPNs into
meaningful sub-process modules. Within each module, the internal logic is visible, whereas
the external synchronization is encapsulated within interface transitions. This modularity-
based method is chosen since it aligns with the principles of cohesion and coupling. It does
not require prior knowledge regarding the number of clusters.
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3. Finally, to obtain a holistic view of the system, introduce the Aggregated Net. This high-
level model is derived directly from the decomposed modules and their interface transitions.
The analyst looks at the Aggregated Net to understand the global topology and dependencies
between interacting modules.

In general, a three-level hierarchical analysis framework is proposed that includes: the
Aggregated Net (level 0) as a high-level architectural view, the Decomposed System (level 1) as
a modular execution view, and the Original OCPN (level 2), which remains the mathematical
foundation for execution validity and global conformance checking.

The remainder of this article is organized as follows. Section 2 situates the work within the state-
of-the-art. Section 3 provides the basic definitions of object-centric event logs and Petri nets.
Section 4 introduces an e-commerce scenario that serves as the running example. Section 5
constitutes the core of the article. It details the decomposition and aggregation framework. Section
6 is devoted to experimental results and discussion. Finally, Section 7 concludes the article and
suggests future research perspectives.

2 Related Work

The complexity of discovering and checking conformance for large and complex process models
and event logs has long been a challenge in process mining. To address this, divide-and-conquer
strategies have been extensively studied [10]-[20].

2.1 Complexity Management in Traditional Process Mining

An interesting decomposition framework is presented in [11]. The author proposed a so-called
valid decomposition of the process model to enable the decomposition of process discovery and
conformance checking problems. He showed that such problems can be split into smaller sub-
problems that can be analyzed easily, and their results combined into solutions for the original
problems. This foundational work was further refined and complemented in the literature [12]—
[14]. Similarly, traditional trace clustering techniques [16] attempt to reduce complexity by
grouping similar process instances. However, these strategies are often designed for flattened event
logs or result in artificial partitions. That is, the decomposed nets do not represent a logical
functional division of the system.

In [15], a natural compositional conformance checking approach for Multi-Agent Systems
(MAS) is proposed. Nested Petri Nets (NP-nets) [21] are used, in which tokens in a system net
represent agents with their own internal workflow nets. They formally demonstrated that the
fitness of the global multi-agent system can be verified by projecting the overall event log onto the
system net and individual agent sub-nets and checking each projection in isolation.

Although the aforementioned methods effectively reduce computational load, they are designed
for flattened case-centric models. They do not account for the complexity of multiple interacting
object lifecycles. An overview of the challenges that arise when object lifecycles of different types
interact in one-to-many or many-to-many relationships is detailed in [22].

2.2 Complexity Management in Object-Centric Process Mining

Object-Centric Process Mining (OCPM) allows the discovery of expressive process models, such
as Object-Centric Petri Nets (OCPNs) [5], from Object-Centric Event Logs (OCELs) [6].
However, the enhanced expressiveness of object-centric models comes at the cost of complexity
due to the high connectivity between object types.

In [17], the authors demonstrated the significance of multi-level information in hierarchical
process mining. They showed how abstraction hierarchies can simplify analysis. This research
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extends the concept to the object-centric domain, offering a three-level hierarchical analysis
framework that bridges architectural abstraction and executable semantics.

Recent contributions have specifically addressed the challenge of managing complexity through
object type analysis. In [18], Markov Directly-Follow Multigraphs are introduced to cluster object
types. This method does not take into account structural one-to-many dependencies or empirical
co-occurrence frequencies—factors that are central to the composite cohesion metric.

In a parallel direction, multi-dimensional data operations—Ilike drill-down and roll-up—are
proposed for OCPM [19], [20]. These methods focus on the operational granularity at the log level.
They do not deal directly with the decomposition of OCPNs, which are the standard Petri net
extension used in the field. The proposed framework fills this gap by establishing an architectural
modularization of OCPNs guided by the software engineering principles of cohesion and coupling.

In summary, existing methods only partially solve the problem of OCPM complexity. None of
them fully combine behavioral synchronization, structural composition (specifically variable arcs),
and empirical log-based evidence into a cohesive software engineering framework. The research
discussed in this article fills this gap by providing a three-level hierarchical decomposition of
OCPN:s.

3 Preliminaries

This section recalls the foundational definitions required for the proposed framework. Let D be a
set. Denote by P (D) the power set of D. Assume the existence of pairwise disjoint universes for
objects Up,, object types Uy, activities U, and events Uy,

Real-world processes often involve multiple interacting objects (e.g., an order, a customer, and
a package) that cannot be flattened into a single case notion without losing data. In object-centric
process mining, a single event may be associated with multiple objects of different types.

Definition 1 (Object-Centric Event Log). 4An object-centric event log is a tuple L =
(E,0,0Type,Act,0bj), where:

o FE C U,y is a finite set of events;

* 0 S Uy is a finite set of objects;

o 0Type:0 — Uy is a function mapping each object to its type;

o Act:E - Uy is a function mapping each event to an activity,

e Obj:E — P(0) is a function mapping each event to a (non-empty) set of involved objects.

Labeled Petri Nets (LPNs) are used as the underlying process modeling formalism. In this
formalism, transitions are labeled with observable activities or the silent label t.

Definition 2 (Labeled Petri Net). 4 labeled Petri net is a tuple N = (P, T, F, 1), where:

P is a finite set of places,

T is a finite set of transitions such that PN'T = @,

F € (P X T) U (T X P) is the flow relation (set of arcs),

I: T - Uyuer U {1} is a labeling function mapping transitions to visible activities or the
silent label t.

Object-Centric Petri Nets (OCPNs) extend labeled Petri nets by explicitly associating places
with object types. This extension enables the joint modeling of multiple interacting object
lifecycles.

A defining characteristic of the OCPN formalism is the variable arc. Unlike ordinary arcs,
variable arcs allow a transition to consume and produce a variable number of tokens in a single
firing. This mechanism allows OCPNs to capture one-to-many relationships.

Definition 3 (Object-Centric Petri Net). An object-centric Petri net is a tuple ON =
(N,pType, Varc), where:
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e N =(P,T,F,I) is a labeled Petri net;
o pType:P = U, is a function mapping each place to a single object type;
® Ve € F is the subset of variable arcs.

The formal execution semantics (markings and firing rules) are not discussed here as the
approach used analyzes OCPNs exclusively from a structural perspective complemented by
empirical evidence from event data.

4 Running Example: An E-commerce Process

The approach is illustrated using a simplified e-commerce scenario that will serve as a running
example throughout the article. The example involves multiple interacting object types, namely:
CUSTOMER, ITEM, MERCHANT, and COUPON. It exhibits both one-to-one and one-to-many
relationships. This makes it representative of real-world object-centric processes. Section 4.1
presents an example with an object-centric process model and Section 4.2 shows the corresponding
event data. The challenge is briefly discussed in Section 4.3.

4.1 Object-Centric Process Model

Figure 2 illustrates an OCPN V. It models the lifecycle of four object types: CUSTOMER, ITEM,
MERCHANT, and COUPON. Places in V' are typed by object types, while transitions represent
business activities.

‘OITEM OCUSTOMER .MERCHANT ®COUPONJ
place process ecelve receive
@ order @ payment [ coupon _“O* order _bO
4
oo m / -0

Q\

mspect
|tem

Figure 2. An OCPN XV for an e-commerce process with ITEM (light gray), CUSTOMER (gray),
MERCHANT (dark gray), and COUPON (hatched) object types

The process begins when a customer places an order for a set of items. This is modeled by the
transition ‘place order’, which consumes a single CUSTOMER token and an arbitrary number of ITEM
tokens. Such behavior captures a one-to-many relationship between customers and items. The
subsequent activity ‘process payment’ synchronizes the same object types.

After the payment is processed, the lifecycle splits. On the one hand, items are sent for inspection
by a merchant. This is modeled by the transition ‘inspect item” which synchronizes a single item
with a single merchant. On the other hand, the customer may optionally receive a coupon through
the transition ‘receive coupon’. This activity involves the CUSTOMER and COUPON object types and
is not related to items. A silent transition is used to model optional behavior without introducing
additional activities.

Finally, once all items are inspected, the customer receives the order along with all the
corresponding items via the ‘receive order’ transition.
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This OCPN WV illustrates (1) variable arcs that bind CUSTOMER to ITEM in a one-to-many
relationship, (2) the divergence of paths between ITEM and CUSTOMER during inspection, and (3)
the silent transition (7) making the coupon interaction optional.

4.2 Object-Centric Event Log

The OCEL fragment L in Table 1 illustrates an execution of the e-commerce system modeled in

Figure 2.

Table 1. Fragment of an Object-Centric Event Log (OCEL). Columns correspond to CUSTOMER, ITEM,

MERCHANT, and COUPON object types.

Event ID Activity CUSTOMER ITEM MERCHANT CouPON
€o1 place order cst, {i1, iz} — -
€02 process payment csty {i1, iz} - -
€03 place order cst, {iz} - -
€04 process payment cst, {iz} - -
€os place order cst {is s, i6} - -
€06 process payment csty {is s, i6} - -
€7 inspect item - {i1} mch, -
€03 inspect item - {iz} mch, -
€09 receive order cst, {iz} - -
e inspect item - {i,} mch, -
eq1 receive order csty {i1, iz} - -
ey inspect item - {is} mch, -
€13 inspect item - {is} mch, -
€14 inspect item - {ic} mch, -
eys place order cst, {i-} - -
€16 process payment cst, {i-} - -
ey7 place order csts {ig, io} - -
eg process payment csts {ig,ig} - -
19 receive order sty {is, is5,ig} - -
ez place order cste {i10, 111,112, i13} - -
€51 process payment cste {i10, 111,112, i13} - -
€2 inspect item — {i-} mch, -
€23 inspect item - {ig} mch, -
€24 inspect item - {ig} mch, -
€5 inspect item - {i10} mch, -
€6 inspect item - {i11} mch, -
€7 inspect item - {i12} mch, -
ez receive order cst, {i;} - -
€9 receive order cstg {ig,io} - -
€30 inspect item - {i13} mch, -
e3q place order cst, {i14} - -
ez, process payment cst, {i14} - -
e33 place order cstg {i15, 116, 117} - -
€34 process payment cstg {i1s, 116,117} - -
ess receive coupon cstg — - cp1
€36 inspect item - {i14} mch, -
es; inspect item - {is} mch, -
esg inspect item - {i16} mch, -
€39 inspect item - {i17} mch, -
€40 receive order cstg {i15, 116, 117} - -
€41 receive order cst, {i14} — —
€4 receive order cste {i10, 111, 112, i13} - -
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The fragment captures the lifecycle of the four object types — CUSTOMER, ITEM, MERCHANT, and
CoupPON — with object instances {cst;,..., cstg}, {iq,..., ii7}, {mchy, mch,}, and {cpq},
respectively. Each event in the log records an executed activity together with the set of involved
object instances. These records involve varying numbers of items. For instance, event ey, records
customer cst; placing an order for two items, whereas event e, records an order for four items.

Inspection events (e.g., eg7 and e;y) show that items are handled individually by merchants.
CoupoN-related behavior appears only once in the log, where customer cstg receives a coupon in
event e3s. Although this interaction is present in the process model, its infrequent occurrence in
the log indicates weak empirical coupling between CUSTOMER and COUPON.

4.3 Challenge

This scenario illustrates that even a simplified real-world process involves complex interactions
between multiple object types. Furthermore, it demonstrates that analyzing such systems through
a single perspective is insufficient to capture the full process reality. For instance, considering only
the model structure risks obscuring the frequency of execution. Hence, overstating the significance
of rare interactions such as receiving a coupon.

This observation leads to the central research question: How can diverse relational strengths be
quantified and integrated to automatically decompose the model into simpler, semantically
coherent, and manageable sub-processes?

5 Decomposition and Aggregation of OCPNs

This section proposes a framework to decompose complex OCPNs into semantically coherent sub-
processes and derive an aggregated architectural view.

The methodology proceeds, as discussed in the Introduction, in four steps. First, quantify the
relational strength between object types using a multi-perspective cohesion metric. Second, map
these measurements to a weighted graph to identify semantic clusters using community detection.
Third, utilize these clusters as a blueprint to decompose the original OCPN into sub-process
modules. Fourth, to obtain a holistic view of the system, introduce the Aggregated Net. This high-
level architectural model, formalized as a classical Petri net, is derived directly from the
decomposed modules and their interface transitions.

5.1 Measuring Composite Cohesion

Let ON = ((P,T,F,1),pType, Varc) be an OCPN and let L = (E,0,0Type,Act,0bj) be an
OCEL. To measure the relational strength between object types, the necessary sets are first defined.
E(ot) is defined as the set of events associated with an object type ot € Uy:

E(ot) ={e € E | 30 € Obj(e): oType(o) = ot}. (1)

E(ot) represents the specific subset of the log relevant to the lifecycle of object type ot. In addition,
tType(t) is the set of object types connected to transition t:

tType(t) = {pType(@) |[p € PA((p,t) EF V (t,p) EF)} )
and T(ot) is the set of transitions associated with a specific object type ot € Ugyy:
T(ot) ={t €T | ot € tType(t)}. 3)

For instance, consider the OCPN JV in Figure 2 and the log L in Table 1. For the transition ‘place
order’ and the object type ITEM:
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tType(place order) = {CUSTOMER, ITEM}
T(ITEM) = {place order, process payment, inspect item, receive order}

“

Furthermore, considering the object types of CUSTOMER and COUPON in the event log L, the sets
of associated events are:

E(CUSTOMER) = {€g1, ) €06, €09) €11) €15 +++» €21, €28) €29, €31, ++r» €35, €40y -+ » €42} 5)
E(CouPoN) = {e3s}.

The measure of Cohesion (Coh) is the degree to which different object types are linked. To
obtain a holistic measure, three metrics are defined covering distinct perspectives: the
synchronization ratio, the composition index, and log-based co-occurrence.

5.1.1 Synchronization Ratio

The Synchronization Ratio (SR) measures the degree of behavioral synchronization between two
object types. It is defined as the Jaccard index of their transition sets. In other words, the proportion
of transitions shared by two object types relative to the total number of distinct transitions that
involve at least one of them. The Synchronization Ratio of two object types ot;, ot; € Uy, is

defined as follows:

_ |T(Oti) ﬂT(Otj)l

= otpot(ory)] < 101 ©

SR(O ti' Otj)
A value close to 1 is a strong sign of behavioral cohesion. Returning to the OCPN IV, let us
consider the object types CUSTOMER and ITEM. The sets of associated transitions are:

T(CusTOMER) = {place order, process payment, receive coupon, receive order}
T(ITEM) = {place order, process payment, inspect item, receive order}

There are three transitions in the intersection of these sets and five transitions in the union. So:

SR(CUSTOMER, ITEM) = % = 0.6. (7)

This cohesion score shows that their lifecycles are partially different. The customer may receive
a coupon while the items are under inspection. In contrast, SR(CUSTOMER, MERCHANT) = 0. This
means that CUSTOMER and MERCHANT never synchronize on a shared activity.

The SR naturally captures the degree to which objects are behaviorally linked. However, from
the perspective of process semantics, one-to-one and one-to-many relationships are fundamentally
different. Treating these two situations identically leads to suboptimal clustering results.
Synchronization involving a variable arc (i.e., one-to-many relationship) implies that one object
instance simultaneously determines the execution of multiple instances of another type. This is a
much stronger bond than the simple one-to-one interaction represented by ordinary arcs.
Therefore, the Composition Index (CI) is introduced to take into account these dependencies.

5.1.2 Composition Index

The Composition Index (CI) identifies structural cohesion that comes from one-to-many
relationships. It detects the presence of at least one transition t that has both a normal arc and a
variable arc. Formally, the composition index of two object types ot;, ot; € Uy, is defined as
follows in expression (8).
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1, if3t €T, Ip;,pj; € P such that
(Pi, t) € F\Var, (pjr t) € Vare,

{pType(p:), pType(p;)} = {ot;, ot;}.
0, otherwise.

CI(Oti,Otj) = (8)

In object-centric process models, many-to-many relationships are typically handled through
intermediate object types [22]. Direct many-to-many synchronization via multiple variable arcs
lacks clear execution semantics in the OCPN formalism [5]. For instance, a many-to-many

relationship between ORDER and PACKAGE (or ROUTE) is modeled transitively through an
. . . one-to-many one-to-many
intermediate object type ITEM as follows: ORDER ———— ITEM «———— PACKAGE . The

Composition Index ( CI ) identifies these one-to-many structural building blocks (where
CI(ORDER, ITEM) = 1 and CI(PACKAGE, ITEM) = 1).

The CI is deliberately defined as binary. This choice is based on the difference between the
business process architecture and the execution volume. In OCPNs, a variable arc shows a
fundamental structural dependency, while the number of tokens used is a runtime property. The
architectural relationship between the ORDER and ITEM types stays the same, no matter how many
items are in an order.

In the OCPN XV, for instance, the transition ‘place order’ consumes a single token from the
Customer place via an ordinary arc and an arbitrary number of tokens from the Item place via a
variable arc. Therefore:

CI(CUSTOMER, ITEM) = 1. 9)

Another example is how CUSTOMER and COUPON are related. Although they synchronize at the
transition ‘receive coupon’, both connect via ordinary arcs. Thus, CI (CUSTOMER, COUPON) = 0.

Note that the Synchronization Ratio and Composition Index effectively measure the theoretical
potential for interaction, but they remain static model-based measures. They do not account for the
frequency of real executions. Two object types may yield high SR and CT scores even if their
interaction rarely occurs in reality. To bridge this gap between model structure and process
execution, a data-driven metric must be added to validate the empirical significance of these
relationships.

5.1.3 Log-Based Co-occurrence

The Log-Based Co-occurrence (LCO) metric provides a data-driven way to measure empirical
cohesion. It uses the Jaccard index to quantify how often two object types occur in the same event.
The L.CO metric of two object types ot; and ot; is defined as:

|E(oti)nE(otj)|

LCO(OtifOtj) = |ECot)UE(ot;)|

€ [0,1]. (10)

An example is the object types of CUSTOMER and COUPON in the event log fragment L (see
Table 1). These types co-occur only in one event, e;s, where customer cstg receives coupon cp;.
As a result, |[E(CusTOMER) N E(CouPoN)| = 1. The customers appear in a total of 25 events,

whereas the coupon appears in only 1 event. So, the size of the union is|E(CUSTOMER) U
E(CouproN)| = 25. This means that:

L.CO(CUSTOMER, COUPON) = 2—15 ~ 0.04. (11)

This low score shows that although CouPON is structurally linked to CUSTOMER in the module
(via transition ‘receive coupon’), their empirical bond is weak.
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5.1.4 Composite Cohesion Score

This article proposes to combine the behavioral (SR), structural (CI), and empirical (LCO) metrics
into a single composite cohesion score (Coh) to obtain a holistic measure of relational strength.
This integration allows the framework to balance theoretical model dependencies with real-world
execution evidence. The overall cohesion between two object types ot; and ot; is defined as a
weighted linear combination:

COh(Oti,Otj) = Wi - SR(Oti,Otj) + w; - CI(Oti,Otj) + wj - LCO(Oti,Otj), (12)

where w;, w,, and w; are user-configurable weights that determine the relative importance of
each perspective. The weights satisfy:

Y3_ wp=1w,€[0,1]. (13)

In this article, an equal weighting strategy (w; = w, = w3 = 1/3) is used as the default setting.
This choice is based on the idea that behavioral synchronization, structural dependencies, and real-
world evidence are equally significant indicators of semantic cohesion. It avoids biasing the
decomposition toward a single perspective.

Since all constituent metrics are symmetric, Coh(ot;, ot;) = Coh(ot;, ot;). Table 2 shows the

scores calculated for the pairs of objects in the running example.

Table 2. Computed cohesion scores for object pairs in the running example

Object Pair Behavioral Structural Empirical Composite
(ot;, 0t;) SR CI LCO Coh
(Cust, Item) 0.60 1.00 0.57 0.72
(Cust, Coupon) 0.25 0.00 0.04 0.10
(Item, Merch) 0.25 0.00 0.41 0.22
(Cust, Merch) 0.00 0.00 0.00 0.00
(Item, Coupon) 0.00 0.00 0.00 0.00
(Coupon, Merch) 0.00 0.00 0.00 0.00

5.2 Clustering Object Types

Once the cohesion scores are quantified, the Object Cohesion Graph can be constructed to model
the structural relationships between object types. This graph acts as a map of the process
interactions. The nodes represent object types, and edges represent the strength of their cohesive
bond. High-weight edges show object types that should likely form a single cluster. Weak edges
indicate potential interfaces between clusters.

Figure 3 illustrates the Object Cohesion Graph for the running example. Note how the edge
between CUSTOMER and ITEM is visually heavy (w = 0.72). It suggests a cohesive cluster. In
contrast, the COUPON is only loosely attached (w = 0.10).

COUPON MERCHANT

0.10 0.22

CUSTOMER 0.72 ITEM

Figure 3. Object Cohesion Graph for the e-commerce running example
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Formally, the Object Cohesion Graph is defined as follows in Definition 4.

Definition 4 (Object Cohesion Graph). Let ON = ((P,T,F,1),pType, Varc) be an OCPN. The
Object Cohesion Graph of ON is a weighted undirected graph G = (Sgt, €, w), where:

o Sot = {pType(p) | p € P} € Uy is the finite set of object types within ON;

o & = {{ot;,0t;} € Sy | Coh(ot;, 0t;) > 0} is a finite set of undirected edges,

o w:&-[0,1] is a weight function such that, for every {ot; ot;} € €, w({ot;,0t;}) =
Coh(ot;, ot;).

This graph serves as input to the Louvain community detection algorithm [9]. It partitions the
object types into disjoint clusters based on the modularity measure [23], [24]. Initially, each object
type is assigned to its own community. The algorithm then iteratively executes two phases:

1. Local Optimization: For each node ot, the algorithm evaluates the local modularity gain
produced by moving ot to the community of each of its neighbors. The highest positive
gain is applied. This step iterates until the modularity score cannot be improved any further.

2. Community Aggregation: The communities detected in the first phase are collapsed into
super-nodes. The edges between these new nodes are formed by summing the weights of
the edges between the internal nodes of the corresponding communities.

These two phases are repeated iteratively on the reduced graph until no further positive local
modularity gain can be achieved. The resolution parameter (y) can be tuned to adjust the
granularity of the resulting communities.

The output is a partition C = {Cy, ..., C,} of the set Sy such that U{L,C; = Sor and C; N C; =
@,Vi # j.

Each cluster C; represents a highly cohesive group of objects that will form the basis of a sub-
process module. For the running example (with a high resolution, y = 1.5, to separate weak links),
the algorithm yields three clusters:

C = {{CUSTOMER, ITEM}, {MERCHANT} , {COUPON}¢ . (14)
¢, c2 Cs

By aggregating the edge weights between these clusters, the high-level structure can be
visualized (Figure 4). This cluster-level view simplifies the topology. It shows that cluster C; =
{CUSTOMER, ITEM} acts as the core process hub by interacting with the MERCHANT and COUPON

clusters.
[6’1 : {CUSTOMER, ITEM} J;U_zz—{ C2 : {MERCHANT} J

0.10.

~

Cs : {CouPON}

Figure 4. Visualization of the cluster interactions derived from the running example

5.3 Object-Aware Decomposition

A partition C that comes from the clustering phase serves as the blueprint for decomposing the
model. Each cluster C; is transformed into an independent sub-process module. To achieve this,
the original OCPN is projected onto the identified clusters. This requires classifying the transitions
based on the locations (clusters) of their associated object types.
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Let ON = ((P,T,F,l),pType, V,rc) be the original OCPN. Then it is possible to classify the
set of transitions T relative to the clusters as follows:

o Internal Transitions: A transition t is internal to a cluster C; if all its connected object types
belong exclusively to that cluster. Formally:
TS

int

={teT|tType(t) €C;}. (15)
These transitions represent behavior that is entirely local to the module.

o Interface Transitions: A transition t is an interface transition if it connects object types
belonging to distinct clusters. The set of interface transitions is:

C:
Tiface = T\CiLéC’Tinlt . (16)
These transitions act as synchronization points between modules.

Based on this classification, the following decomposed system is defined.

Definition 5 (Decomposed OCPN System). Let C = {C4, ..., C,,} be the object type partition. The
Decomposed OCPN System is a set of modules Soy = {ONj, ..., ONy}. Each module ON; is a
subnet associated with cluster C; and is defined as a tuple ON; = ((P;, T;, F;, 1;), pTypei, Virc),
where:

o P, ={p€P|pType(p) € C;} is the set of places typed by the cluster,
o T;= TSy {t € Tiface | tType(t) N C; # B} is the set of internal transitions and relevant

mn
interfacé transitions;

o F,=Fn(((P;XT;)VU(T; X P,)) is the flow relation restricted to T; and P;;

o [l = l|y, is the labeling function restricted to T;;

o pType; = pTypelp, is the place typing function restricted to P;;

o Vi = Ve NF;is the subset of variable arcs within the module.

Note that cohesion scores are computed specifically between object types. They are not defined
between module interfaces at level 1 in the decomposed OCPN system because interfaces represent
replicated synchronization transitions rather than object types.

It i1s important to distinguish between the structural and behavioral aspects of interface
transitions. Structurally, these transitions are replicated across the connected modules.
Semantically, these replicas represent a single shared synchronization event. An interface
transition can only fire if it is enabled in all participating modules simultaneously.

Under this interpretation, the collection of decomposed modules maintains the behavior of the
original OCPN. Internal transitions remain local to their respective modules, whereas interface
transitions are execution points where modules synchronize. Consequently, the original OCPN can
be reconstructed up to behavioral equivalence by synchronizing the replicated interface transitions.

Applying Definition 5 to the partition C = {C,, C,, C3}, which was derived from the clustering
phase in Section 5.2, yields three distinct OCPN modules (N, N;, and NV3), as illustrated in
Figure 5.

The Order Fulfillment Module (IN7) corresponds to the core lifecycle of CUSTOMER and ITEM
instances. It includes the internal transitions ‘place order’, ‘process payment’, and ‘receive order’.
It also contains the interface transitions ‘inspect item’ and ‘receive coupon’ which are connected
exclusively to the ITEM and CUSTOMER places, respectively. The MERCHANT and COUPON places
remain invisible to this module.

The Merchant Module (N,) illustrates the behavior of the service provider. It has only the
MERCHANT place and the interface transition ‘inspect item’. This represents the merchant’s view of
the inspection process.
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The Coupon Module (N3) separates the logic associated with the optional coupon. It consists of
the COUPON place and the ‘receive coupon’ transition.

To enable synchronization, the interface transitions, depicted as dashed rectangles, are replicated
across these modules. The flow relations (F;, F,, F3) ensure that each module remains structurally
self-contained while preserving the global process semantics.

N

------ 1
I receive |
, coupon
7
” Interface

place process I receive 1 receive
. — .
( ) order payment X order

%\O

1
N ; Interface
2

[
7

~ ¥
I inspect 1
| item !

Figure 5. Decomposition of the OCPN V' shown in Figure 2. The modules JV;, V5, and V3 correspond to
the clusters C; = {CUSTOMER, ITEM}, C, = {MERCHANT}, and C3 = {COUPON}, respectively.

5.4 Model Aggregation

While decomposition reduces complexity by separating cohesive sub-processes, a holistic
perspective is required to comprehend the global business process architecture. To this end, the
Aggregated Net, a high-level abstraction, is established directly from the decomposed system.

The Aggregated Net is structured as a classical Petri net. It mainly serves as a topological map
of inter-module interactions. It abstracts away internal control-flow logic and variable arc
semantics to focus exclusively on inter-module interactions. The flow relation is defined as
bidirectional. This ensures that interface transitions act as synchronization points where modules
coordinate their execution without being consumed or terminated.

Definition 6 (Aggregated Net). Let Soy = {ONj, ..., ON,} be the decomposed OCPN system
derived from the original net ON, and let Tis,ce De the set of interface transitions. The Aggregated
Net is a Petri net Nygg = (Pagg, Tagg) Fagg), where:

®  Pygg = {ONy, ..., ONy} is the set of places, where each place corresponds to a sub-process
module;

®  Tagg = Tiface is the set of interface transitions,

® Figg is the flow relation. For every module ON; and every interface transition t € Tagg, if
t is part of ON;, then both an input and an output arc are created between the module
place and the transition. Formally:

Fagg = U, {(ONu0), (6,0N) | € € Ti N Togg ). 17)

Pagg
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In the aggregated model, a token in place ON; means that the corresponding sub-process module
is active. The bidirectional arcs create a synchronization constraint. An interface transition t can
only fire if all the modules that are connected to it are active.

Figure 6 illustrates the Aggregated Net derived from the running example. It makes the structure
of interaction very clear. The central module JV; interacts with JV;, via ‘inspect item’ and with V3
via ‘receive coupon’.

receive |——a N3
coupon {Coupon}
{CuSTOMER, ITEM} 1\
inspect Nz
item — {MERCHANT}

Figure 6. V4, An Aggregated Net derived from V' of Figure 2

5.5 Multi-Level Process Analysis

The original model, the decomposed system, and the aggregated abstraction form a three-level
hierarchy for process analysis. This hierarchy enables moving from a map of inter-module
interactions to execution-level details without losing overall context. The hierarchy can be
formalized as follows.

Level 0: The Architectural View (Aggregated Net). This top level shows a clean, classical
Petri net structure. It abstracts away the internal control-flow logic and the complexities of variable
arcs. The analyst looks at the Aggregated Net to understand the global topology and dependencies
between interacting modules. For instance, Figure 6 clearly identifies that the COUPON process is
an optional side-branch of the order fulfillment.

Level 1: The Modular View (Decomposed OCPN System). The analyst “drills down™ to look
at the internal logic of the sub-process by choosing a macro-place at Level 0. The analyst can see
the internal logic, but the external synchronization is hidden inside interface transitions. For
instance, if the analyst selects the macro-place IV; in Figure 6 (Level 0), they will see the detailed
module V] in Figure 5 (Level 1). In this case, the sequence from ‘place order’ to ‘receive order’
is shown, while the synchronization with modules V;, and JV; is abstracted by the interface
transitions ‘inspect item’ and ‘receive coupon’.

Level 2: The Global Semantics (Original OCPN). While difficult to visualize for complex
processes, the original OCPN remains the mathematical foundation for execution validity and
global conformance checking.

6 Experimental Results and Discussion

The effectiveness of the proposed framework is evaluated using the Order Management process
[25]—a well-known example from the OCEL 2.0 standard. The process includes an OCEL and its
corresponding discovered OCPN. There are 21008 events, 11 activities, and 10840 objects across
6 object types in the OCEL. This dataset is suitable for evaluation because it exhibits complex
interactions between objects. These include one-to-many relationships (e.g., one order having
multiple items) and resource involvements (e.g., employees handling packages).

To validate the approach, a Python implementation” was developed. The tool leverages the
PMAPy library [26] to work with object-centric event data. It also uses the NetworkX library and
the python-Louvain module to construct graphs and partition the process into clusters.

T The implementation and dataset of the experiments are available at: https:/github.com/khalilmecheraoui/ocpm-cohesion-
decomposition.git
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6.1 Cohesion Scores

The experiment begins by extracting the structural definitions from the OCPN to explicitly
distinguish between ordinary arcs and variable arcs. This distinction is essential for calculating the
Synchronization Ratio (SR) and the Composition Index (CI). Table 3 illustrates the configuration
extracted from the Order Management process.

Table 3. Structural configuration of the Order Management OCPN. The symbol ff denotes a variable arc,
while T denotes an ordinary arc.

Activity Customers Orders Items Products Packages Employees
place order T T (i i) - -
- T

confirm order )

)
pay order - T
T

payment reminder -

pick item - -

item out of stock — -

reorder item - —

create package — —

send package — —

package delivered — —

> D D] D] S| 2| 2| | | >

=S| D D D S o - D 2D D
|

= = D] > = - -

- - 5| -

failed delivery - -

The six object types involved in the process are shown in the columns of Table 3: CUSTOMERS,
ORDERS, ITEMS, PRODUCTS, PACKAGES, and EMPLOYEES. The rows of the table correspond to the
process activities. The table explicitly highlights the nature of the structural connection between
each activity and its associated objects.

A notable feature of this model is observed in the ‘send package’ activity. The latter connects
to the EMPLOYEES object type through a variable arc. This indicates a complex resource interaction
pattern, such as when a group of employees handles a single package.

The implemented tool calculated the pairwise cohesion scores by analyzing the Order
Management event log (available through the Ocelot platform*) and the structural configuration
depicted in Table 3 (extracted from the corresponding object-centric Petri net) using equal weights
(w1 = w, = w3 = 1/3) for the composite cohesion score. This configuration ensures a balanced
contribution from behavioral, structural, and empirical perspectives. Table 4 defines the Object
Cohesion Graph illustrated in Figure 7. In this graph, the thickness of the edges is related to the
cohesion scores.

The resulting cohesion scores highlight the efficacy of the composite score in capturing diverse
relationships. For instance, the pair (ITEM, PRODUCT) has a perfect cohesion score of 1.00. This
indicates maximal synchronization across all perspectives. It accurately indicates that products and
items are semantically inseparable in this process. Similarly, pairs involving EMPLOYEES and ITEMS
or PRoDUCTS received high scores (0.84). This is driven by the frequent behavioral interaction of
employees with items and products.

The pair (EMPLOYEE, PACKAGE) is associated with a score of 0.57. Despite a lower log co-
occurrence LCO = 0.22, the maximal Composition Index (CI = 1.00) successfully captured the
structural assignment of employees to package processing. This demonstrates the capability of the
framework to identify resource dependencies.

¥ https://ocelot.pm/
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Table 4. Computed cohesion scores for all object pairs in the Order Management process. Equal weights
(wg = 1/3) were applied.

Object 1 Object 2 SR CI LCO Composite (Coh)
Employees Packages 0.50 1.00 0.22 0.57
Employees Customers 0.11 0.00 0.11 0.07
Employees Orders 0.09 0.00 0.10 0.06
Employees Items 0.73 1.00 0.78 0.84
Employees Products 0.73 1.00 0.78 0.84
Packages Customers 0.00 0.00 0.00 0.00
Packages Orders 0.00 0.00 0.00 0.00
Packages Items 0.36 1.00 0.18 0.51
Packages Products 0.36 1.00 0.18 0.51
Customers Orders 0.50 0.00 0.61 0.37
Customers Items 0.18 1.00 0.19 0.46
Customers Products 0.18 1.00 0.19 0.46
Orders Items 0.36 1.00 0.31 0.56
Orders Products 0.36 1.00 0.31 0.56
Items Products 1.00 1.00 1.00 1.00
‘‘‘‘‘‘ 0.07

0.56 0.84
CUSTOMER f - 0.37 - - ORDER 1.00
\ -
. 0.56 0.84 -
e PRODUCT 0.57
S0.08 © Tost

Figure 7. Object Cohesion Graph for the Order Management process. Edge thickness is strictly
proportional to the cohesion score.

The pair (CUSTOMER, ORDER) received a score of 0.37. The structural composition was zero
(indicating a one-to-one relationship). However, the Synchronization Ratio SR = 0.50 and
empirical evidence (LCO = 0.61) indicated a strong commercial bond. This is sufficient to keep
them clustered in the next step.

6.2 Decomposition Results

The Louvain community detection algorithm (with a standard resolution y = 1.0) was applied to
the weighted Object Cohesion Graph. This led to the object types being split into a Logistics
Cluster C, and a Commercial Cluster C,, where:

C, = {ProbucTs, ITEMS, PACKAGES, EMPLOYEES}
C, = {CUSTOMERS, ORDERS}.

(18)
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By projecting the original OCPN onto these clusters, two corresponding process modules were
obtained. The Logistics Module (which is derived from C;) is highly cohesive and has most of the
process logic. It consists of seven internal transitions: ‘pick item’, ‘item out of stock’, ‘reorder
item’, ‘create package’, ‘send package’, ‘package delivered’, and ‘failed delivery’. In addition to
these internal transitions, it has four interface transitions: ‘place order’, ‘confirm order’, ‘pay
order’, and ‘payment reminder’. A significant finding is the correct grouping of EMPLOYEES with
the objects they handle.

The Commercial Module (which is derived from C,) does not have any internal transitions.
Instead, it synchronizes with the Logistics Module through four interface transitions: ‘place order’,
‘confirm order’, ‘pay order’, and ‘payment reminder’.

6.3 Impact of Metric Weighting

The extreme weight configurations demonstrated the importance of the multi-perspective
approach. The tool was run with high Behavioral weight (w; = 0.9), high Structural weight
(w, = 0.9), and high Empirical weight (w3 = 0.9). The weights that were not dominant stayed
at 0.05. The resulting pairwise cohesion scores and clusters are shown in Table 5.

Table 5. Comparison of composite cohesion scores and clusters. C: CUSTOMERS, O: ORDERS, I: ITEMS, PR:
PrRoODUCTS, E: EMPLOYEES, PA: PACKAGES

Composite Cohesion (Coh)
Behavioral SR | Structural CI | Empirical LCO
Pair Balanced
(w; =0.9) (w, =0.9) (w3 =0.9)

(Packages, Orders) 0.00 0.00 0.00 0.00
(Packages, Customers) 0.00 0.00 0.00 0.00
(Packages, Products) 0.39 0.93 0.23 0.51
(Packages, Items) 0.39 0.93 0.23 0.51
(Packages, Employees) 0.51 0.94 0.28 0.57
(Orders, Customers) 0.48 0.06 0.57 0.37
(Orders, Products) 0.39 0.93 0.35 0.56
(Orders, Items) 0.39 0.93 0.35 0.56
(Orders, Employees) 0.09 0.01 0.09 0.06
(Customers, Products) 0.22 0.92 0.23 0.46
(Customers, Items) 0.22 0.92 0.23 0.46
(Customers, Employees) 0.11 0.01 0.10 0.07
(Products, Items) 1.00 1.00 1.00 1.00
(Products, Employees) 0.74 0.98 0.79 0.84
(Items, Employees) 0.74 0.98 0.79 0.84

{C, O} {C, O, I, PR} {C, O} {C, O}
Clusters Found

{E, I, PR, PA} {E, PA} {E, I, PR, PA} {E, I, PR, PA}

The analysis demonstrated that relying mostly on the Synchronization Ratio (w; = 0.9)
produced a valid partition within this particular dataset ({CUSTOMERS, ORDERS} and {ITEMS,
ProDUCTS, EMPLOYEES, PACKAGES}). However, the cohesion scores are not representative of the
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system because this metric lacks both the structural nuance and the empirical execution evidence
required to differentiate relationships in more complex scenarios.

When the Structural Composition Index (CI) is dominant, the implementation failed to separate
the commercial objects {CUSTOMERS, ORDERS} from the logistics objects {EMPLOYEES, ITEMS,
PrRoDUCTS, PACKAGES}. The results show that the ITEMS objects that employees physically handle
are moved from the logistics cluster to the commercial cluster due to the strong variable arcs
connecting them to the ORDERS objects. The resulting decomposition describes what the order
contains, rather than Zow the process is executed.

Finally, relying only on data from the real world is not sufficient. The pair (PACKAGES,
EMPLOYEES) has a low empirical cohesion of 0.28. This score is low because these objects do not
always appear in the same events. The composite metric complements the low empirical score
(0.22) with a behavioral score and maximal structural score (CI = 1.00), resulting in a composite
score of 0.57. This ensures that resources remain correctly bound to their modules.

This comparison shows the necessity of a multi-perspective configuration.

6.4 Aggregated Process Model

To illustrate the global topology of the Order Management process, Figure 8 shows the
corresponding Aggregated Net (Level 0). This high-level abstraction represents the decomposed
modules as macro-places and the interface transitions as synchronization points. It abstracts away
the internal control-flow details of the underlying sub-processes.

place order
confirm order -/\"'\-ogismcs
Neommercial {PRoODUCT,
{CUSTOMER, ITEM,
ORDER} PACKAGE,
pay order EMPLOYEE}
payment reminder

Figure 8. An Aggregated Net derived from the Order Management process

This Aggregated Net serves as a topological map. The commercial module (N, mmercial)
synchronizes with the logistics module (Vogigiics) through four shared transitions. The bidirectional
arcs show that both modules must be involved in the interface transitions. At this level, the order
of execution (for instance, “place order” must come before “pay order”) is not encoded. The
internal control-flow logic in the decomposed modules (Level 1) ensures that these causal
dependencies are followed. This preserves the semantics of the global process while offering a
simplified architectural view.

6.5 Discussion

A primary contribution of this work is the capability to disentangle complex object interactions
into semantically coherent sub-process modules while preserving the global execution context. In
the Order Management benchmark evaluation, the framework successfully grouped resource
objects (EMPLOYEES) with the business objects they manipulate (PACKAGES, ITEMS, and PRODUCTS).
This provides a more realistic representation of the underlying system. Furthermore, the algorithm
automatically identified the functional boundary between the “Commercial Front-End”
(CusTOMERS, ORDERS) and the “Logistical Back-End” (PRODUCTS, ITEMS, PACKAGES, EMPLOYEES).
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This domain distinction emerged naturally from the composite cohesion metric. It validates that
the combination of behavioral, structural, and empirical perspectives aligns with real-world
business semantics.

The generation of the Aggregated Net (Level 0) offers a powerful abstraction mechanism. This
high-level model helps analysts understand the global orchestration logic and how modules
interact with each other before diving into the granular control-flow details of specific sub-
processes.

The validity of the proposed framework is highlighted by the following facts:

e The generation of the Aggregated Net (Level 0) provides a significant structural
simplification of the business process architecture. In the experiment, the Level 0 view
simplified a model with 6 interacting object types and 11 activities into just 2 macro-
module places (Neommercial a0d Nogisiics) connected via 4 interface transitions. This view
effectively abstracted away internal places and ordinary control-flow arcs.

e The execution equivalence between the decomposed modules (Level 1) and the original
net (Level 2) is structurally enforced through interface transition replication (Definition 5).
Since interface transitions function as joint synchronization constraints that fire only when
simultaneously enabled across connected modules, the execution behavior is strictly
preserved.

While the evaluation on the OCEL benchmark demonstrates technical feasibility, current results
rely on a standard simulation dataset. Conducting mathematical proofs represents an essential
avenue for future work.

7 Conclusion

Managing the complexity of object-centric process models presents a significant challenge in
process mining. This article introduces a novel framework for the automated decomposition and
aggregation of Object-Centric Petri Nets (OCPNs). A Composite Cohesion Metric is introduced
that balances three distinct perspectives: behavioral synchronization (SR), structural composition
(CI), and log-based empirical co-occurrence (LCO). The resulting pairwise cohesion scores form
an Object Cohesion Graph, which serves as input for the Louvain community detection algorithm.
The latter partitions object types into logical clusters. By projecting the original OCPN onto these
clusters, decomposed process modules can be obtained that provide a logical modular execution
view of the system. Finally, the constructed Aggregated Net provides a high-level abstraction
representing a simplified view of the global business process architecture. An analyst can use this
simple net to understand how the global topology works and how different modules depend on
each other.

Future work will concentrate on three main directions. First, it is necessary to extend the
empirical validation of the proposed framework to large-scale, real-world enterprise event logs
(e.g., from commercial ERP systems). Second, Al techniques can be used to automate the process
of setting cohesion weights. This would enable the framework to adaptively optimize the scoring.
Eventually, modular conformance checking support could be added to the framework. The aim is
to significantly reduce computational complexity and improve the precise localization of
deviations.

Data Availability Statement

The dataset analyzed during the current study is publicly available in the OCEL Standard
repository: https://www.ocel-standard.org/event-logs/simulations/order-management/
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