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Abstract. Traditional process mining analyzes case-centric processes
where cases evolve in isolation. However, in real-world processes, most
events involve multiple objects. Object-centric process mining supports
processes where objects are intertwined, but results in larger datasets
that quickly face scalability challenges. While online process mining
with limited memory can address this, existing approaches are re-
stricted to traditional process mining. We propose a framework for
stream-based object-centric process discovery, supporting object-centric
directly-follows graphs, object-centric Petri nets, and temporal object
type models. The publicly accessible implementation is evaluated using
open-access object-centric event logs. The runtime evaluation shows that
the stream item processing time grows linearly with the buffer size, but
is feasible for high data velocity. The structural comparison to offline
models shows the significant importance of cache management strategies
that match the process characteristics for the quality of the resulting
process models.

Key words: Object-Centric Event Streams, Online Process Discovery,
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1 Introduction

Process mining generates insights into processes by analyzing event data from
information systems [16]. Traditional techniques focus on single case identifiers,
limiting their ability to capture real-world organizational processes involving
multiple objects that are involved in shared events [9]. Object-centric process
mining has gained popularity by enabling the analysis of processes involving
multiple objects with shared events [17]. This paradigm shift allows analyzing
complex organization-wide processes where objects of different types participate
in various activities. However, storing event data for case-centric processes al-
ready poses scalability challenges [20]. For object-centric processes designed to
capture comprehensive system behavior, this challenge intensifies. Object-centric
event data, including events with objects, attributes, and object-to-object rela-
tions, results in significantly larger data volumes, making single-file storage, as
assumed by current offline approaches, often infeasible. To address this scala-
bility challenge, online analysis of object-centric processes is needed. We pro-
pose a streaming framework for object-centric process discovery that operates
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Table 1: Excerpt of the running example object-centric event log, showing the
event-to-object relations (left) and the object-to-object relations (right).

Time }Erj)zent Activity i Object Type _— Time |Source|Target|Qualifier

Order|Item|Parcel 6.1.25|p1 A “labeled”
mer label

1.1.25|e; Place order|cy 01 01,102

2.1.25]es Pick item 01 12

3.1.25|e3 Pick item 01 i1

4.1.25|eq Package 01 pL

5.1.25|es Label Iy

on object-centric event streams. Our approach adapts existing models to work
with limited memory footprints while maintaining essential characteristics for
meaningful process insights. To visualize the problem and explain our frame-
work, we introduce a running example of an order management process where
orders are placed, items picked, orders packed in parcels, and labels created. La-
bels connect to parcels via object-to-object relations. The resulting events and
object-to-object relations in Table 1 follow the OCEL 2.0 standard [4]. All pro-
cess characteristics of the OCEL 2.0 standard are supported, which includes the
features described in the OCED standard [10].

It is easy to see that these tables will quickly gain a size that is difficult to
store in one file and even harder to analyze at once, particularly with many orders
arriving at a fast pace in real-world scenarios. To obtain insights into processes
where data arrives at such high velocity, new streaming-based approaches are
needed. Here, we focus on a common first analysis step: process discovery.

This paper makes five contributions: (1) we define object-centric event data
streams; (2) we define intermediate buffers that capture relevant process behavior
with fixed memory footprints; (3) we propose cache replacement strategies and
object (type) priority policies for buffer management; (4) we adapt the discov-
ery algorithms of three prominent object-centric process models, Object-Centric
Petri Nets (OCPN), Object-Centric Directly-Follows Graphs (OC-DFG), and
Temporal Object Type Models (TOTeM), to operate on the proposed streaming
representations as a publicly accessible implementation®; and (5) we evaluate
our stream-based approach using publicly accessible object-centric event logs.

2 Related Work

The presented work belongs to the field of process discovery [1] within process
mining [16]. The goal in process discovery is to discover a process model that
describes the real process behavior captured in event data, for which different
formats exist, such as OCEL 2.0 [4] or event knowledge graphs [8]. To describe
the behavior of real-world processes, which tend to contain multiple objects and

! https://github.com/loeseke/object-centric-streaming-discovery
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consist of interacting sub-processes, especially object-centric process models have
been developed in recent years. The TOTeM model focuses on temporal relations
between object types [14]. Directly-follows graphs and their object-centric vari-
ant describe the precedence of activities [3]. Additionally, the identifier-sound
object-centric process trees [18] and object-centric causal nets, along with their
respective discovery approaches, have been recently proposed. A commonly used
model is the object-centric Petri net [17] for which extensions like object-centric
Petri nets with identifiers [11] have been introduced.

Existing object-centric discovery algorithms assume that all the data can
be analyzed at once in an offline setting. For traditional process mining, ex-
tensive data volume and high velocity have already been addressed by multiple
researchers. Van Zelst et al. propose the Stream-Based Abstract Representa-
tion (S-BAR) architecture for discovering process models from case-centric event
streams using buffered abstract representations [20]. Also, online conformance
checking approaches have been proposed [19]. Burattin et al. demonstrate that
buffering fixed-size event windows is inefficient, proposing instead to condense
information into specialized streaming data structures that abstract essential
model components [6], similar to the S-BAR approach. Our framework uses the
same concept. Extending upon the streaming Heuristics Miner [6], Hassani et al.
develop the StrProM approach, which achieves better processing times at simi-
lar space requirements [12]. Other approaches support certain fitness guarantees
[13] or work with unordered event streams [2]. Various cache replacement policies
have been adapted for streaming process mining, including traditional recency
and frequency-based approaches that determine which buffered information to
retain under memory constraints [15].

However, existing streaming process discovery research focuses on traditional,
case-centric process mining. So far, the issue of extensive data volume and veloc-
ity has not yet been addressed for object-centric process discovery. To address
this research gap, we propose an object-centric streaming-based process discov-
ery approach that can discover three object-centric process models.

3 Preliminaries

An object-centric event log describes events from the universe of events Ue,
with activity labels from U, and timestamps from Uyyne. An event can have
attributes from Ugy, and can be connected to objects from Ugyy;. Objects belong
to an object type from Ug,ype. Given non-overlapping universes, Definition 1
describes an object-centric event log matching the OCEL 2.0 format [4].

Definition 1 (Object-Centric Event Log [4]). An Object-Centric Event Log
(OCEL) is a tuple L = (E,O,EA,OA, E20,020, Ttime, Tact; Tobjtype Teatypes
Toatypes Teaval s 7Toaval) where

- E C U,y is a set of events; O C Uy is a set of objects;

— FEA C Uuyr is a set of event attributes; OA C Uy 15 a set of object attributes;
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- F20 C E X Ugyar X O is a set of qualified event-to-object relations

- 020 C O x Ugyar x O is a set of qualified object-to-object relations

— Teime : B — Ugime maps each event to a timestamp

— Tact : = Uger maps each event to an activity

— Tobjtype : O = Ugiype maps each object to an object type

— Teatype : BEA — Uqer maps each event attribute to an activity

— Toatype : OA = Uptype maps each object attribute to an object type

— Teaval : (E X EA) 4 Uyq maps an event attribute to a value

— Toaval : (O X OA X Ugime) 7 Upar maps an object attribute to a value

In an OC-DFG, the graph’s nodes represent activities, and its arcs are each
associated with an object type. An arc is present if and only if the target activity
can directly follow the source activity for an object of the given object type.
Additionally, nodes and arcs can be annotated with frequencies or durations.
For concrete definitions, we refer to [3].

An OCPN is a bipartite graph of transitions that represent activities and
places that are associated with object types. These places restrict the allowed
behavior of the Petri net for the given object type. Places can contain tokens
that represent objects if they match the associated object type of the place.
Firing a transition (representing that an event happens) consumes tokens for
all involved objects from input places and creates tokens in all output places.
Arcs can be marked as variable arcs, which allows them to consume or produce
multiple tokens at once. For concrete definitions, we refer to [17].

The TOTeM model is a graph with
object types as nodes and arcs be- 0 parcel
tween object types if and only if ob- a)
jects of these types are connected,
which means they share an event or
have an object-to-object relation [14].
It describes three characteristics of
connected object types of a process.
First, the log cardinality describes
how many objects of one type are con-
nected to how many objects of an-
other type. So in Figure 1, a log cardi-
nality of 1..x from order to item means
that one order is connected to at least 1 (but possibly multiple) items. Whereas
the log cardinality is 1 from item to order because each item belongs only to one
order. Second, the event cardinality describes how many objects of each object
type are involved in events of the source object type. An event cardinality of 0..1
from order to item would mean that there are events for the order objects that
involve no or exactly one item, but there are no events for orders with multiple
items. Third, the temporal relation describes how the lifespans of connected ob-
jects are related. There are five types of temporal relations: during (W), during
inverse (O), precedes (»), precedes inverse (>), and parallel (||). A during (H)
relation from type item to type order describes that the lifespans of items are

Shipping label

1
0
1
0

v

Fig. 1: TOTeM mined with our frame-
work for the running example. Anno-

tated arcs with log cardinalities and
event cardinalities in brackets below.
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fully contained within the lifespan of connected orders. So there are events with
the order before the first event for related items, and there are events with the
order after the last event of the item. A precedes (») relation from parcel to
label describes that parcels exist, i.e., occur in events, before the label, and the
label appears in events at a later point in time than the parcel’s final event. The
inverse relations describe exactly the inverse behavior. The parallel (]|) relation
is the default temporal relation when there is no clear lifespan relation of objects
of the connected object types. For precise definitions, we refer to [14].

4 Object-Centric Event Streams

To discover object-centric process models from event streams, we first need to
define object-centric event streams. Object-centric event streams are potentially
infinite streams of object-centric stream items. Each stream item can represent
events, 020 updates, and object-attribute changes. This allows covering all char-
acteristics of OCED, all of OCEL 2.0, and most of the features captured in event
knowledge graphs. We define object-centric event streams in Definition 2.

Definition 2 (Object-Centric Event Stream). An object-centric event
stream S € (Utime X ES x 02085 x OAUS)* is a possibly infinite sequence of
timestamped stream items with:

— the set of events ES = P(Uget X P(Ugstr X Upar) X P(Uobj X Uotypes X Uguat)),
— the set of 020 updates 0208 = P(Uogp; X Uotype X Uguar X Uopj X Uotype ), and
— the set of possible object-attribute updates OAUS = P(Ugpj X Ugstr X Upar).

Let S(i) denote the stream item at position i € N in S. The stream is partially
ordered based on time, such that for i,5 € N, S(i) = (t;, ES;, 02085;, OAUS;),

This formalization of object-centric event streams enables multiple events,
020 updates, or object-attribute updates to occur concurrently within one
stream item. In contrast to van Zelst et al.’s S-BAR architecture [20], our stream-
ing framework considers the concrete timestamps of stream items, which serve
as input for model annotation and cache-replacement policies. Currently, our
method does handle lateness or missordering but assumes a correct order based
on the timestamps.

The behavior stored in object-centric event logs can also be represented in
object-centric event streams. Our publicly accessible implementation supports
the transformation of OCEL 2.0 event logs into object-centric event streams.
The first steam item for the running example event log from Table 1 would be:
(41.1.25”, {(“Place order”, 0, {(cy, “Customer”, “”), (o1, “Order”, “7), (i1, “Item”,
), (iz, “Teem”, ") 1)}, 0, 0)

We use the empty string as the E20 qualifier since the running example does
not qualify E20 relations. Since no O20 updates or object-attribute updates
occur at this time, the respective sets in the stream-item tuple are empty.
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Fig. 2: Overview of proposed streaming framework for the online discovery of
object-centric process models.

5 Streaming Framework for Object-Centric Discovery

Our proposed framework to discover object-centric process models from object-
centric event streams uses six model buffers that serve as an intermediate rep-
resentation to capture relevant process characteristics to enable the discovery of
OC-DFGs, OCPNs, and TOTeMs. The concept of intermediate buffers with a
fixed memory size is similar to case-based streaming frameworks like S-BAR [20].
The size of the buffers can be selected by process owners and is fixed. With each
new object-centric event stream item arriving, the model buffers are updated, or
an entry is added to the buffers. If the buffer is already full, the cache replace-
ment strategy decides which buffer element to replace. The cache replacement
strategies are unaware of the object-type-specific characteristics, which can lead
to an unbalanced distribution of object types in the buffers. To compensate for
this, process owners can optionally select object-centric priority policies. These
can influence which buffer element is replaced based on object (type) charac-
teristics observed in the log. The optional buffer synchronization ensures that
information about objects or object types, which are deleted completely from
one buffer, is also deleted from all other buffers. Figure 2 shows an overview of
the framework.

5.1 Model buffers

The model buffers are designed to capture the relevant information to construct
the three object-centric process models. Note that some buffers, like the object,
arc, and event-activity buffer, store information separated by object type. This
means that each buffer element only contains information related to one object
type. These buffers can be split up into object-type-specific buffers if all object
types are known initially. Since this assumption may not hold, the framework
and our implementation use buffers with mixed object types by default. But the
framework and our implementation also support individual type buffers. The
benefit of type-specific buffers is that one can adjust the desired replacement
strategies in more detail to the characteristics of the object type.
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Table 2: Mixed OC-DFG node and arc buffers of size 5 are updated for event ey
from Table 1. New buffer items are highlighted. (Place Order noted as P10r).

Object Buffer Arc Buffer
Object|Object type|Activity|Last seen|| |Arc Object|Object type Target-activity| Activity
frequency duration
0|c1 Customer [P1Or [1.1.25 0{(null, P10r)|c1 Customer [0.25 null
1|01 Order P1Or |1.1.25 1| (null, P10r) |01 Order 0.25 null
21 Item PlOr |1.1.25 2|(null, P1Or) |41 Item 0.25 null
3|i2 Item PlIOr |1.1.25 3|(null, P1Or) iz Item 0.25 null
4 4

OC-DFG Buffers To discover an OC-DFG, one needs to know which activities
can directly follow another activity for a certain object type. Similar to the case-
based setting [20], we use two buffers to compute and store this information. With
every new object-centric stream item that contains an event, we first update the
object buffer and then the arc buffer. The object buffer stores for each object its
object type, the last activity that was seen, and the last time it was seen. If an
object of an incoming event is already in the buffer, the buffered information is
updated; otherwise, a new buffer entry is added.

The arc buffer describes which directly-follows relations were observed for
which object (and object type). It also tracks the frequency of the target activity
and the duration from the previous event. The arc buffer is updated for each
object of arriving events based on the information in the object buffer. If an
arriving object is not present in the object buffer, we assume it is the first
occurrence of that object and create an initial arc (null, [activity of the event))
for the activity. Otherwise, we add an arc from the buffered last-seen activity
of the object to the activity of the current event to the buffer and compute
the duration based on the last-seen timestamp and the current one. The target
activity frequency is computed by ——0b—— Fobj i event 1O avoid the convergence
issue common to case-centric approaches. Since one new line is added per object,
this allows us to compute the total target activity frequency by simply summing
up the values in the frequency column per arc. Table 2 shows the resulting two
buffers after processing the first event stream item.

The OC-DFG can then be computed by simply grouping the arcs per object
type in the arc buffer, summing up the values in the frequency column, and
averaging the durations. Thereby, we obtain an OC-DFG annotated with node
frequencies and arc durations and frequencies. The arc frequencies correspond to
the number of occurrences of each arc in the arc buffer and are thus constrained
by the chosen buffer size.

OCPN Buffers The OCPN discovery approach, proposed by Van der Aalst
and Berti [17], first discovers case-centric Petri nets per object type and then
merges them. For the combination step, it is important to make sure that
activities that can involve multiple objects of a certain object type are as-
signed variable arcs for that type. Given the OC-DFG, which can be com-
puted using the object and arc buffer, we can also compute Petri nets for
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each object type. For each object type, we create a case-centric directly-follows
graph from the OC-DFG by removing all nodes and arcs that do not relate to
the object type. Then we use a variant of the

Inductive Miner that discovers a Petri net from Table 3:  Event-activity
directly-follows graphs, which is also implemented ~buffer after updates for e;
in PM4Py [5]. The only remaining information and es from Table 1.
needed to create an OCPN is which activities can

. . Event-Activity Buffe
consume multiple objects of the same type to as- Lvent-Activity Butter -
X X o Activity|Object type|Single obj
sign variable arcs. The event-activity buffer pro- [G/BIOr  [Customer |True
vides this information. For each arriving event, it  |1|PIOr |Order True
stores the activity, and for each involved object |2/P1Or [ltem False
. . . 3|Pilt Order True
type, it stores whether multiple objects of that |;pic  |ftem True

type were involved or not.

TOTeM Buffers The TOTeM miner [14] ex-

pects three types of information: (1) The first and last event of each object,
to compute the objects lifespan and then the temporal relations, (2) the tuples
of connected objects and their object types to compute the log cardinality, and
(3) applicable cardinalities between involved object types for each event.

The temporal-relation buffer stores timestamps for objects’ first-seen and
last-seen events. If objects of incoming events are not yet in the buffer, a new
entry with the timestamp as the value for the First and Last columns is added;
otherwise, only the Last column is updated.

The log-cardinality buffer is updated
for both events and O20 updates. For
each pair of objects in the O20 or event, a

Table 4: Temporal realtion buffer af-
ter event e; from Table 1.

new element is added to record that these Temporal-Relation Buffer

two objects are connected. This allows us Object|Object type|First |Last

to identify for each object type if their ob- [ o Customer |11.1.25/1.1.25

jects are connected to 0, 1, or multiple ob- | o1 Order 1.1.2511.1.25

jects of another type. 2i1 Item 1.1.25/1.1.25
The event-cardinality buffer saves for |3/;, Ttem 1.1.251.1.25

each event and each directed pair of in- |4

volved object types all allowed event car-
dinalities that match this event. So if multiple objects of the target type are
contained, only 1..x and 0..x are stored and not 0 or 1. To compute the event
cardinality for a directed arc in the TOTeM model, we can then select the most
precise cardinality for a pair of connected types based on a minimum support
threshold for the buffered cardinalities. Thereby, one can compute TOTeM mod-
els from these three buffers. Figure 1 shows the resulting TOTeM model for the
running example.

5.2 Cache Replacement Strategies

When an incoming stream item results in new entries for a buffer that has
already reached its maximum capacity, one of the existing entries must be re-
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Table 5: Log and event-cardinality buffers after event e; from Table 1.

Log-Cardinality Buffer Event-Cardinality Buffer
Undirected object-type pair|Undirected object pair|| [Directed object-type pair|Event ID|Event cardinalities
0|(Customer, Order) (c1, o01) 0|(Customer, Order) 0 {1,0..1, 1., 0..%}
1|(Customer, Item) (e1, 71) 1|(Order, Customer) 0 {1, 0.1, 1..x, 0..x}
2| (Customer, Item) (c1, i2) 2|(Customer, Item) 0 {1..x, 0..x}
3|(Item, Order) (41, o1) 3|(Item, Customer) 0 {1, 0..1, 1., 0..%}
4|(Item, Order) (i2, 01) 4|(Order, Item) 0 {1..%, 0.}

placed. There are well-studied cache replacement strategies, also used by other
streaming frameworks [20], that we offer in our framework as well. What follows
is a list of supported strategies and which items they remove. Note that the
cache replacement strategies do not consider any behavioral differences between
objects or object types, but only the elements’ position, or update/arrival time.

— FIFO: the first item that was inserted

— RR: the item is chosen randomly

— LFU: the item used the least amount of times

— LFU-DA: the item used the least amount of times and simultaneously resid-
ing in the buffer the longest

— LRU: the item that was used least recently

5.3 Priority Policies

Object-centric priority policies consider process characteristics of objects or ob-
ject types, allowing users to influence replacement likelihood based on these
characteristics. Users can prioritize replacing the one with the highest or lowest
value for a given characteristic. If activated, rankings are normalized relative to
other objects/types and weighted with the cache replacement strategy rankings.
The following characteristics are supported in our implementation:

— Stride per object: Average time between events involving a given object

— Stride per object type: Average time between an object type’s events

— Lifespan per object: Total time between an object’s first and last event

— Lifespan per object type: Average lifespan of objects per type

— Objects per event per type: Average number of objects in events of an
object type

— Objects per type: Count of unique objects per type

— Events per type: Total observed events with E20 relations per object type

— Custom: Static, user-specified ranking of object types

5.4 Buffer Synchronization

After updating model buffers with incoming stream items, the streaming frame-
work performs optional coupled removal to synchronize all model buffers by re-
ducing buffer items to those belonging to objects or object types that appear in
all buffers. This cleanup step ensures optimal memory utilization and maintains
consistency across all streaming data structures.
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6 Evaluation

This evaluation investigates how well

. Accuracy Recall -1.0
and fast our proposed streaming none ERIBE o5 oo B 588 o B3 051 I
framework can discover object-centric min stide per OT MM 0 48 g 2oz s
max stride per OT -[UEEIEF 0.57 0.57 (L] 0.76 0.33 0.33 ’
mOdelS, Compared. to the one that min lifespan per OT - 0.68 0.48 0.48 0.76  -0.63 0.51 10.20(0.20| 0.58
would have been mined without mem- £ maxiitespan per o7 (DA ace oY o onfly o
Ory hmitations in an Oﬁ:line set- ‘;; min #objects per event -/ /- 0.68 0.57 0.57 -0.63 0.51 0.33 0.33(0.76
. . . .E_C__’ max #objects per event - 0.68 0.57 0.57 -0.63 0.51 0.33 0.33 0.63 -04
tlng' We used our pUb11C1y aCCESSlble min #objects per OT -0.59 0.68 0.48 0.48 0.48  -0.38 0. E210.20(0.20|
on implementation Oor our Irame- max #objects per OT 0.57 057 J0.76[F 0.33 0.33
Pyth 1 tat f f
WOI'k and tWO pubhcly accessible eVent min #events per OT -0.68 0.68 0.48 0.48 0.48  -0.51 0. 10200 02
. . max #events per OT MO 57 0.57 m ﬂmo 330. 33m
logs, namely the container logistics
. 2 a & e 23
log (CL) and the Age of Empires 2 €3 2
log (AoE). The log stats are as fol- Cache policy

IOVYS for CL (AOE)E 14,013 (361,935) Fig. 3: Cache replacement and priority
objects, 7 (25) object types, 35,413 policies’ impact on structural similarity

(34,860) events, 14 (829) activities, of online and offline TOTeM on CL.
15,926 (33,407) O20 updates, and

13,052 (0) attribute updates. The framework comes with a CacheMonitor and
RuntimeMonitor class that records, for example, performance, buffer utilization,
and object type distribution within the buffers. Using these classes, we performed
a variety of evaluations and visualized them, which can be seen on GitHub. Here,
we focus on the structural similarity analysis and a runtime analysis.

For the structural analysis, we compared online models for different buffer
sizes with the process model mined offline on the full log as the ground truth,
thereby investigating the impact of the buffer size on the structural similarity.
We computed recall, accuracy, and precision for the online model. This showed
that the overall structural similarity improves with bigger buffer sizes until a
plateau is reached. The precision was constantly 1. By increasing buffer size,
good accuracy and recall values can be reached, as shown in Figure 4. We eval-
uated the impact of different combinations of cache policies and priority policies

Avg. time per event or 020 update [ms]
-
i

2090909999099 909999
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AARNMMITNNBORRNBRS S
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3
R
Size of each model buffer Size of each model buffer

— recall ~ accuracy —= LCaccuracy —— FIFO, PP none, CR False —— LFU-DA, PP max stride per OT, CR True
~-- precision ---- TRaccuracy == ECaccuracy LRU, PP min #events per OT, CR True

Fig. 4: TOTeM model similarity on CL Fig. 5: Runtime on CL log, priority pol-
dataset using FIFO. icy (PP), buffer synchronization (CR).
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on the structural similarity. Figure 3 shows the severe impact for a buffer size
of 125. Further investigations are needed to identify which settings are most
suited for streams with certain characteristics. The runtime evaluation shows
that the framework’s implementation is able to handle incoming stream items
reasonably fast (in about 2.5ms) even with object-centric priority policies and
buffer synchronization enabled, as shown for the TOTeM runtime in Figure 5.

7 Discussion and Conclusion

The proposed streaming framework successfully discovers object-centric pro-
cess models from event streams using fixed-size buffers and provides flexibility
through multiple cache strategies and object-centric priority policies.

However, the framework and its evaluation also come with limitations. The
used Inductive Miner variant on directly-follows graphs does not give the same
guarantees as the original Inductive Miner, limiting the theoretical guarantees
of this proposed framework. The evaluation is currently limited to a structural
comparison with offline models. With future advances in object-centric research,
a semantic/language-based comparison would be more effective in evaluating the
similarity of models. Additionally, other use cases for streaming-based object-
centric discovery should also be evaluated, following streaming-based evalua-
tion goals [7]. For example, streaming-based discovery has been shown to be
well-suited for processes with concept drift, since they tend to prioritize recent
information due to the limited buffer size. This motivates publicly accessible
object-centric event logs with concept drift. Our evaluation reveals that strategy
selection significantly impacts model quality, with performance varying consid-
erably based on underlying event data characteristics. Investigating the relation
between object-centric process characteristics, like a high degree of interaction
or an uneven object distribution between object types, and the outcome for dif-
ferent replacement strategies could be a valuable guide for practitioners in the
future. These limitations should be addressed in future research.

In conclusion, this work establishes the first streaming framework for object-
centric process discovery, bridging the gap between traditional streaming process
mining and object-centric process mining. The substantial impact of strategy se-
lection on model quality emphasizes the need for guided configuration approaches
and theoretical guarantees in future extensions.

Acknowledgment upon was funded by the German Federal Ministry of Re-
search, Technology and Space under grant number 01IS25011. The responsibility
for the content of this publication lies with the authors.
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