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Abstract

With the deep integration of machine learning and cybernetics technologies in business process man-
agement (BPM), robust anomaly detection in object-centric process mining is crucial for enhancing
operational efficiency and quality within enterprises.Existing anomaly detection approaches predom-
inantly rely on flattened event logs, which overlook multi-object interactions and their complex
dependency relationships, thereby limiting the capability to model intricate business processes. In
contrast, Object-Centric Event Logs (OCELs) associate events with multiple objects, enabling the
modeling of multi-object interactions and complex dependencies inherent in real-world processes.
However, current Graph Neural Network (GNN)-based anomaly detection methods primarily focus
on structural features while neglecting the critical temporal dynamics of process execution. To bridge
this gap, this paper proposes a Temporal Graph Convolutional AutoEncoder (TGCAE) for robust
anomaly detection in object-centric process mining. TGCAE effectively captures structural dependen-
cies between process execution instances via Graph Convolutional Networks (GCNs), and integrates a
dedicated temporal encoder with an adaptive gating mechanism to model complex temporal patterns.
For anomaly detection, a data-driven Interquartile Range (IQR) method is employed to adaptively
determine decision thresholds, enabling accurate identification of three typical anomaly types in
event logs: attribute manipulation, timestamp perturbation, and activity insertion. Comprehensive
experiments on both real and synthetic datasets demonstrate that TGCAE significantly outperforms
traditional Autoencoder (AE), Long Short-Term Memory Autoencoder (LSTMAE), and Graph Con-
volutional Autoencoder (GCNAE) baselines, validating the efficacy of spatiotemporal information
fusion for robust anomaly detection.

Keywords: Object-centric Event Log, Process Mining, Anomaly Detection, Temporal Graph Convolutional
Autoencoder

1 Introduction

Business Process Management (BPM) constitutes
a core component of information-based manage-
ment in modern enterprises. With the widespread
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application of information systems, enterprises
have accumulated massive volumes of process exe-
cution log data [1]. Traditional flattened event
logs adopt a case-centric perspective, where each
event is associated with only a single case identi-
fier. However, real-world business processes typi-
cally involve intricate interactions among multiple
objects. For example, in an e-commerce order
processing workflow, a payment event may be
linked to three objects (i.e., order, user, and
logistics), and an after-sales refund event may
relate to two cases (i.e., the original order and
a new work order). Such cross-object and cross-
case event relationships are simplified as isolated
sequential nodes in flattened logs, rendering tra-
ditional methods incapable of capturing abnormal
patterns hidden in object interactions. Object-
Centric Event Logs (OCELs) address the limita-
tions of flattened logs by allowing each event to
be associated with multiple objects, thus reflect-
ing the complexity of business processes more
realistically.

In practical operations, various abnormal sit-
uations inevitably occur during process execution
due to system malfunctions, human errors, and
other factors. Failure to detect and handle these
anomalies in a timely manner can lead to severe
economic losses and operational risks. Conven-
tional anomaly detection methods for business
processes are primarily based on rules [2, 3] or sta-
tistical models [4], which require domain experts
to define abnormal patterns and therefore struggle
to adapt to complex and dynamic business sce-
narios. In recent years, the rapid development of
machine learning and deep learning technologies
has provided new insights for anomaly detection.
In particular, Graph Neural Networks (GNNs)
[5, 6] can effectively model complex relationships
between process execution instances and have
demonstrated excellent performance in anomaly
detection tasks. Nevertheless, existing GNN-based
anomaly detection methods for business processes
mainly focus on structural or attribute features
of processes, identifying anomalies by learning
structural representations of graphs of normal pro-
cesses [7, 8, 9]. However, business processes exhibit
prominent temporal characteristics in addition to
structural and attribute features. Temporal infor-
mation such as the occurrence time of events, the
execution sequence of activities, and time intervals
in processes is of great significance for anomaly

detection. Neglecting temporal information can
degrade the accuracy of anomaly detection and
hinder efficient identification of abnormal patterns
[10]. Therefore, how to effectively fuse struc-
tural and temporal information within the GNN
framework has become a key issue to improve
the anomaly detection capability of business pro-
cesses.

To address the aforementioned problems, this
paper proposes a Temporal Graph Convolu-
tional AutoEncoder (TGCAE) model specifi-
cally designed for anomaly detection on OCELs.
TGCAE captures the interaction relationships
and structural dependencies among objects via
GNNs, while introducing a temporal encoder and
an adaptive gating mechanism to model the tem-
poral patterns of events. Aiming at the multi-
object characteristic of OCELs, an object type-
aware graph construction method and a weighted
anomaly scoring strategy are designed. Finally,
extensive experiments are conducted on two types
of public OCELs datasets (i.e., real-world and
synthetic datasets). By injecting three types of
anomalies with different proportions into the event
logs, this paper systematically evaluates the per-
formance of the TGCAE model. The experimental
results demonstrate that TGCAE achieves excel-
lent and stable performance in the detection of
anomalies in event activity and attribute anoma-
lies. Compared with baseline models (AE [11, 12],
LSTMAE [11, 13, 14] and GCNAE [8]), TGCAE
produces significant improvements in core metrics
such as Area Under the Precision-Recall Curve
(AUC-PR) and F1-score, and exhibits stronger
robustness and adaptability under high anomaly
contamination rates. For temporal anomaly detec-
tion, TGCAE achieves a performance break-
through compared with typical GNN models,
providing an efficient and feasible solution for
complex anomaly detection on OCELs. This also
verifies the effectiveness of the temporal-structural
fusion framework in OCELs anomaly detection.

2 Preliminaries

This section briefly introduces the basic concepts
related to OCEL and business process anomaly
detection.
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2.1 Object-Centric Event Logs

The basic concepts of object-centric business
process anomaly detection are presented below,
including domain, events and attributes, and
object-centric event logs.

Definition 1 (Domain [15]) In an object-centric
event log, it contains at least events, activities, times-
tamps, and association relationships with one or more
objects. Herein, E denotes the domain of events, Aact

denotes the domain of activities, Aatt denotes the
domain of attribute names, Aval denotes the domain
of attribute values, denotes the domain of object
instances, Otype denotes the domain of object types,
and T denotes the domain of timestamps.Oobj denotes
the domain of object instances, Otype denotes the
domain of object types, and T denotes the domain of
timestamps.

Definition 2 (Time and Attribute [15]) Let an event
e ∈ E be a tuple, denoted ase = (a, t, o), where
a ∈ Aact represents the activity corresponding to
the event, t ∈ T represents the timestamp corre-
sponding to the event, and o ∈ πobj(e) represents
the object instance associated with the event. Define
πattr : E × Aatt → Aval as the mapping function of
event attributes, where πattr (e, a) is the specific value
of event e ∈ E for attribute a ⊆ Aatt.

Definition 3 (OCEL [15]) OCEL is a specialized
event log format, as shown in Eq.(1).

OCEL =
(

E, T,Oobj, Otype, Aact,

Aatt, Aval, πtime, πobj, πact , πattr
) (1)

Here, πtime denotes E → T , i.e. the mapping
that associates each event with a timestamp; πobj
denotes E → Oobj , associating each event with an
object identifier; πotyp denotes Oobj → Otype, indi-
cating each object possesses a unique object type;
πact denotes E → Aact, mapping each event to its
associated activity; πattr denotes E × Aatt → Aact,
a partial function mapping events and attributes to
their attribute values.

Definition 4 (Object-Centric Process Instance [8])
Let L be an object-centric event log. For each object
oi ∈ L, its corresponding temporal event trace is
denoted as πtrace (oi) = ⟨e1, ..., en⟩. Then, the object-
centric process instance P =

(

E′, D
)

is a directed
graph, where nodes E′ represent events, edges D

represent the temporal dependency relationships of

events, and the graph corresponds to a set of traces
directly or indirectly associated through one or more
common events.

2.2 Object-Centric Business

Process Anomaly Detection

Object-centric business process anomaly detection
methods take business objects (such as orders,
customers, products, etc.) as the core analy-
sis unit, integrate multi-source data related to
objects (including attributes, lifecycle states, and
interaction records with other objects, etc.), and
realize fine-grained anomaly identification in busi-
ness processes. Unlike traditional methods that
focus only on the sequence of process activi-
ties, this method emphasizes the intrinsic correla-
tion between object states and process execution
traces.

Definition 5 (Normal Events and Anomalous Events)
Given an object-centric event log L, an anomaly detec-
tion function f : E → {0, 1} divides E into two
categories: En and Ea, where En = {e ∈ E|f(e) = 0}
is the set of normal events and Ea = {e ∈ E|f(e) = 1}
is the set of anomalous events.

Definition 6 (Attribute Swap) Let P be the set of
process instances. For any process instance p ∈ P ,
denote Vp as the set of all events in this process
instance. For any event i ∈ Vp, its attribute vec-

tor is xi ∈ R
d (where d is the dimension of the

attribute vector). Select the event j from Vp that
maximizes the Euclidean distance ∥xi − xk∥2, i.e.,
j = argmaxk∈Vp

∥xi −xk∥2, and replace the attribute
vector of the event i with xj .

Definition 7 (Timestamp Shift) Let O be the set of
objects in the object-centric event log. For any object
o ∈ O, denote εo as the set of all events associated with
object o. For any candidate event i ∈ εo, randomly
sample an event j from εo\{i} (where \ denotes the set
difference operator). Let the original timestamp of the
event j betj and offset tj to obtain a new timestamp
t′j , which satisfies t′j ∈ [tj · (1 − ∆t1), tj · (1 + ∆t2)],
where ∆t1 is the downward disturbance ratio of the
timestamp and ∆t2 is the upward disturbance ratio of
the timestamp.

Definition 8 (Random Activity Injection) Let p be
the original process instance, p′ be the target process
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instance, and A(p) and A(p′) be the sets of activity
types of p and p′, respectively, with A(p) ∩A(p′) ̸= ∅.
X(p′) is the set of attribute values for all events in p′.
Select an activity type a ∈ A(p′) \ A(p), generate a
new event e = (a, v1, v2, . . . , vk), and inject the event
into p as p ⇐ p ⊕ e, where vi ∼ X(p′)i is a random
sample, X(p′)i denotes the value domain of the i-th
type of attribute in X(p′), and ⊕ denotes the temporal
insertion operation.

3 Related Work

Current business process anomaly detection meth-
ods mainly target two types of event logs: flattened
event logs and object-centric event logs. Tradi-
tional anomaly detection methods are based on
”flattened” event logs, where events are character-
ized by a single case identifier, process instances
are predefined as strictly ordered event sequences,
and each event is associated only with one
case [16]. This modeling approach is difficult to
characterize the complex features of multi-case
interactions and multi-object associations in real-
world business scenarios. Therefore, research on
anomaly detection for object-centric event logs
has important practical significance and research
value. Such methods take object instances as the
core carrier; each event in the log is associated
with multiple object identifiers, and simultane-
ously records the association relationships and
state transition processes between objects, which
can more accurately restore the operation logic
of complex business processes. In line with tradi-
tional event logs, each event in an object-centric
event log also contains activity type, timestamp,
and other attribute information.

3.1 Anomaly Detection for

Flattened Event Logs

For traditional flattened event logs, machine
learning-based methods are often used for
anomaly detection. Kang et al. [17] utilized the
Local Outlier Factor (LOF) based on K Nearest
Neighbor Imputation (KNNI) to detect anomalies.
Sureka [18] calculated the Normalized Longest
Common Subsequence (NLCS) between traces
and applied the K Nearest Neighbors (KNN)
algorithm for anomaly detection. Folino et al.
[19] extracted structural patterns and used an
anomaly-aware clustering algorithm for anomaly

detection. Tavares et al. [20] regarded activities
and traces as words and sentences, respectively,
used the word2vec [21] encoding method to encode
traces into vectors, and then adopted the random
forest algorithm to classify traces into normal and
anomalous. In contrast, Junior [22] used a sup-
port vector machine to classify traces as normal
or anomalous. Later, some researchers proposed
reconstruction-based methods for anomaly detec-
tion. These methods first train a neural network
model that can reconstruct normal behaviors,
and then detect anomalies based on reconstruc-
tion errors. Nguyen [11], Kraǰsić [12], et al. used
autoencoders for anomaly detection. Guan et al.
[23] fused multi-view information and an atten-
tion mechanism to improve the performance of
multi-view business process anomaly detection.
Since autoencoder-derived models often face the
risk of overfitting, Nolle et al. [[24, 25] applied
the denoising of the autoencoders, introducing
additive Gaussian noise to the input vectors, and
achieved good results. Subsequently, Evermann
[26], Tax [27], et al. used LSTM [28] to predict the
next event in the sequence of events, and Nolle et
al. [13, 29] proposed BINet based on Gated Recur-
rent Unit (GRU) to predict the next event in the
sequence of events. These methods detect anoma-
lies by predicting the probability of the next event
attribute.

However, a business process is a set of struc-
tured activities with intrinsic relationships. These
methods do not consider this information, which
may limit the improvement of anomaly detection
performance. Therefore, graph-based methods are
widely used, which rely on graphs modeled by rela-
tionships between activities to detect anomalies.
Ebrahim [30], Sarno [3], et al. adopted confor-
mance checking technology [31] to evaluate the
conformance between the event log and the cor-
responding process model by using a process
model provided by process mining technology or
generated from the log. Vitale et al. [32] per-
formed process mining feature extraction based
on alignment-based conformance checking and
integrated it into a flexible and interpretable
framework to provide an adaptive solution for
control-flow anomaly detection. Böhmer et al. [33]
proposed a method based on probabilistic graph
models to map traces to likelihood graphs, using
the probability of attribute values to determine
whether they are anomalous. Rahmawati et al.
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[34] used the Hidden Markov Model (HMM) to
analyze the event logs. Linn et al. [35] adopted
three sequence analysis techniques based on win-
dows, Markov models, and hidden Markov models
to detect anomalies in business processes.

In addition, modeling business processes as
graphs and using Graph Neural Networks (GNNs)
can obtain graph embeddings of business pro-
cesses, and then detect anomalies based on
reconstruction errors. For example, the Graph
Autoencoders (GAE) proposed by Huo et al.
[36] used Edge-Conditioned Convolution (ECC)
to obtain better graph encoding to improve
anomaly detection performance. Guan et al. [9]
proposed a multi-graph anomaly detection frame-
work GAMA, modeling each attribute in the busi-
ness process trajectory as an independent graph,
and calculating anomaly scores based on recon-
struction errors to achieve detection. In recent
years, the wide application of large language mod-
els has provided new ideas and technical support
for anomaly detection. Guan et al. [37] proposed
the DABL method, generating normal trajectories
through real process models, simulating order-
ing anomalies and exclusion anomalies, and fine-
tuning the Llama 2 model based on QLoRA to
realize semantic anomaly detection and natural
language explanation.

3.2 Anomaly Detection for

Object-Centric Event Logs

Object-centric anomaly detection is a technique
that focuses on understanding the behavior of
individual objects in a system or dataset to
effectively detect anomalies. However, it faces
problems such as scalability anomalies, dynamic
attribute change anomalies, and insufficient sup-
port for O2O relationships [38], which affect the
effectiveness of OCELs in comprehensive process
analysis [39]. Berti et al. [40] proposed vari-
ous object-centric anomaly detection methods.
By analyzing the lifecycle and interactions of
objects, anomalies are detected based on devia-
tions from expected patterns or behaviors. They
also explored the role of large language models and
feature propagation, providing multi-dimensional
solutions for anomaly detection in complex object
interaction scenarios. Although object-centric pro-
cess mining has made progress in capturing
complex and multi-dimensional event log data,

anomaly detection remains challenging, especially
when dealing with data involving multiple enti-
ties. Adams et al. [41] generalized the concept of
”case” in traditional process mining to ”process
execution” oriented to object-centricity, proposed
two techniques: connected component extraction
and dominant type extraction, combined graph
isomorphism to identify equivalent process exe-
cutions, and visualized object-centric variants.
Amin et al. [42] proposed a method that inte-
grates object-centric event logs into Event Knowl-
edge Graphs (EKG) and uses graph-based tech-
niques for anomaly detection, which successfully
achieved effective detection of structural anoma-
lies and interaction-related anomalies in OCEL.
Niro [8] proposed an unsupervised anomaly detec-
tion framework based on Graph Convolutional
AutoEncoder (GCNAE), which does not require
prior process models, contamination rate informa-
tion, or clean training sets, providing a new solu-
tion for event-level anomaly detection of object-
centric processes.

In summary, business process anomaly detec-
tion methods have evolved from flattened event
logs to object-centric event logs. For flat-
tened event logs, machine learning-based meth-
ods focus on statistical feature extraction but
struggle to capture the structural characteris-
tics of processes; deep learning-based reconstruc-
tion methods detect anomalies through recon-
struction errors while ignoring the intrinsic rela-
tionships between activities; GNN-based methods
model process relationships using graph struc-
tures, which, to a certain extent, make up for the
deficiencies of the previous two types of methods.
However, flattened logs cannot effectively char-
acterize complex scenarios such as multi-object
interactions and cross-case associations in real-
world businesses. For object-centric event logs,
existing methods treat timestamps as ordinary
attribute features and cannot explicitly model
the temporal dependencies of events, leading to
limited anomaly detection capabilities [43]. There-
fore, how to effectively integrate the structural
information of object interactions and the tem-
poral information of event occurrences in object-
centric scenarios to construct a more robust and
comprehensive anomaly detection model remains
a difficult problem in the field of business process
mining.
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4 Methodology

The Temporal Graph Convolutional AutoEn-
coder (TGCAE) model proposed in this paper
is designed to address the anomaly detection
problem in Object-Centric Event Logs (OCELs),
enabling the joint detection of structural anoma-
lies, attribute anomalies and temporal anomalies.
TGCAE converts timestamps and residual graph
information into temporal embeddings and struc-
tural embeddings via a temporal encoder and a
structural encoder, respectively. A gating mecha-
nism is then employed to adaptively fuse the struc-
tural and temporal features of nodes, allowing the
model to capture both graph structural informa-
tion and temporal dynamics simultaneously. This
design effectively extracts the topological char-
acteristics of graph structures and the temporal
dependencies of node attributes. Specifically, the
temporal encoder transforms discrete timestamps
into continuous vector representations, providing
temporal information input for subsequent pro-
cessing. Graph Convolutional Networks (GCN)
or Graph Isomorphism Networks (GIN) lever-
age these feature vectors and inter-node relation-
ships to learn dynamic node representations and
capture complex evolutionary patterns of graph
structures, followed by the adaptive fusion of spa-
tiotemporal information through the gating mech-
anism. Through this approach, TGCAE achieves
efficient modeling of complex anomaly patterns in
the encoded graph, and can process graph struc-
tural information and time series concurrently,
thereby improving the accuracy and robustness of
anomaly detection.

4.1 Reconstruction of Process

Instances from Event Logs and

Graph Encoding Embedding

Process instance reconstruction refers to, in the
modeling process of event log L, first reconstruct-
ing each process instance in the original log into
an object-centric directed graph G = (V,E). This
reconstruction process relies on the OCPA frame-
work, constructing node set V and edge set E by
parsing activity sequences and object association
relationships in the event log. In this paper, node
v ∈ V corresponds to each activity instance in the
process, and its attributes include activity type

πact(v), timestamp tv, and related object identi-
fiers; edge e ∈ E represents the direct successor
relationship between activities, i.e., control flow
constraints. Specifically, for each process instance
Pi, extract the event id of all its nodes, and con-
struct an adjacency matrix AL based on these
nodes, where AL[i][j] = 1 indicates that there is
an edge between node i and node j, otherwise
AL[i][j] = 0.

For example, from the simple object-centric
event log L in Figure 1, the reconstructed pro-
cess instances P1 and P2 are obtained. Among
them, P1 consists of the set of traces πtrace(x1) ∪
πtrace(x3) ∪ πtrace(y3) = ⟨e1, e3, e8⟩ ∪ ⟨e3, e8⟩ ∪
⟨e3, e6⟩, and these traces are associated through
events e3 and e8; P2 consists of the set of traces
πtrace(x2) ∪ πtrace(y1) ∪ πtrace(y2) = ⟨e2, e5, e7⟩ ∪
⟨e2, e4, e7⟩ ∪ ⟨e2, e7⟩, and these traces are associ-
ated through events e2, e4, and e7.

Subsequently, during input graph encoding, we
combine all process instances into a single graph
G, which is composed of a set of disconnected sub-
graphs (i.e., each process instance). This approach
avoids the need for padding or other transforma-
tions on each instance graph, thereby preserving
the integrity of the original graph structure. For
example, in the example shown in Figure 1, the
input graph GL corresponds to the set of two
subgraphs P1 and P2, i.e., GL = {P1, P2}. Each
subgraphPi represents an independent process
instance, and its node set Vi and edge set Ei cor-
respond to the activity instances and their control
flow relationships in this instance, respectively. We
then further encode each input graph GL into a
structural feature matrix X ∈ R

|V |×d.

Definition 9 (Structural Feature Matrix,X) Given
an object-centric event log L and its input graph
G = (V,E), we map each node v ∈ V to a struc-
tural feature vector xv ∈ R

d, which corresponds to
the event activity type πact(v) and other original
attributes πatt(v) after removing the timestamp col-
umn. Among them, categorical features are encoded
using one-hot encoding, and numerical attributes are
standardized. Therefore, d is equal to the sum of the
number of activity types in AL, the number of cat-
egorical attribute values in AL, and the number of
numerical attributes. Finally, the feature vectors of
all nodes are composed into a matrix X ∈ R

|V |×d,
where X = [x1, x2, · · · , x|V |]

T . The encoded form of
the input graph G is still G = (A,X). For the object-
centric event log L in Figure 1, its adjacency matrix

6



AL and feature matrix XL are shown in Eqs. (2) and
(3).

AL =

























0 0 1 0 0 0 0 0
0 0 0 1 1 0 0 0
0 0 0 0 0 1 0 1
0 0 0 0 0 0 1 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0

























(2)

XL =

























1 0 0 0 0 0.25 0.47 · · ·
0 1 0 0 0 0.54 0.21 · · ·
1 0 0 0 0 0.36 0.86 · · ·
0 0 1 0 0 0.42 0.34 · · ·
0 1 0 0 0 0.72 0.56 · · ·
0 0 0 1 0 0.14 0.26 · · ·
0 0 0 0 1 0.65 0.49 · · ·
0 0 1 0 0 0.26 0.33 · · ·

























(3)

After completing the graph encoding pro-
cess, we enter the key embedding phase, which
aims to map the original node features into a
low-dimensional semantic space to capture the
intrinsic structural patterns of the data.

Definition 10 (Structural Embedding) Structural

embedding Hstruct ∈ R
|V |×dh is a node represen-

tation obtained by encoding the structural feature
matrix through a graph convolutional network, which
is calculated as shown in Eq. (4).

Hstruct = StructureEncoder(X,A) (4)

whereX ∈ R
|V |×k is the structural feature matrix,

A is the adjacency matrix, and k is the dimen-
sion of structural features. This embedding aggregates
neighbor node information through graph convolution
operations, effectively capturing the interaction rela-
tionships and structural dependency patterns between
objects, and will be fused with temporal embedding
subsequently.

Definition 11 (Temporal Embedding) Temporal

embedding Htime ∈ R
|V |×dh is a high-dimensional

representation obtained by mapping the standardized
timestamp vector through a temporal encoder, which
is calculated as shown in Eq. (5).

Htime = TemporalEncoder(T ) (5)

where |V | denotes the number of nodes, dh is the
hidden layer dimension, and the timestamp vector

T ∈ R
|V |×1 is standardized as the input of the tem-

poral encoder. This embedding maps one-dimensional
timestamps to a dh-dimensional space through a tem-
poral encoder, learns the complex pattern features
of time series, and maintains the output within a
bounded range, which is conducive to subsequent
fusion with structural embedding.

4.2 TGCAE Architecture

The Temporal Graph Convolutional AutoEncoder
is a multi-anomaly detection model designed for
OCELs, as shown in Fig. 1. It mainly con-
sists of five core modules: structural encoder,
temporal encoder, adaptive gating fusion mecha-
nism, decoder, and anomaly scoring. In the data
preprocessing phase, the original object-centric
event log is reconstructed into a series of pro-
cess instance graphs G = (A,X), where the
adjacency matrix A characterizes the topologi-
cal relationships between nodes, and the feature
matrixX encodes node attributes. Meanwhile, the
timestamp T of each event is standardized as an
independent temporal input. This ”separation and
fusion” paradigm ensures the decoupling and coor-
dination of temporal information and structural
information in subsequent processing.

The encoder module includes two parallel
branches: a structural encoder and a temporal
encoder. The former uses graph neural networks
to extract structural embeddings, and the latter
generates temporal embeddings through a multi-
layer fully connected network. Subsequently, these
two embeddings are fed into an adaptive gating
fusion mechanism, which can dynamically learn a
weight for each node to determine its dependence
on structural and temporal information, realizing
adaptive information fusion, thereby improving
the robustness of overall anomaly detection.

Finally, the decoder module receives the fused
embeddings and attempts to reconstruct the orig-
inal features. The anomaly score of the model is
calculated based on the reconstruction error, and
differential weights can be assigned according to
different attribute dimensions to more accurately
identify specific types of anomalous events.

This architecture introduces three core innova-
tions:

(1) A dedicated temporal encoder with a fully
connected three-layer network to extract complex
temporal patterns from standardized timestamps;
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(2) An adaptive gating fusion mechanism to
dynamically balance the contributions of struc-
tural and temporal information at the node level;

(3) A weighted reconstruction error strategy
combined with an IQR-based threshold determi-
nation method to achieve robust anomaly scoring
in unknown contamination scenarios.

4.2.1 Structural Encoder

To accurately capture the structural relationships
between objects, a structural encoder is designed
in the model, which adopts Graph Convolutional
Networks (GCN) or Graph Isomorphism Networks
(GIN) as the basic architecture. Given a process
graph G = (A,X), where A is the adjacency
matrix of the graph and X ∈ R

|V |×k is the node
feature matrix, the structural encoder learns the
structural embedding representation of the nodes
through multi-layer graph convolution operations,
as shown in Eq. (6).

H
(l+1)
struct = σ

(
D̃−1/2ÃD̃−1/2H

(l)
structW

(l)
)

(6)

where Ã = A+ I is the adjacency matrix with
self-loops added, D̃ is the corresponding degree
matrix, W (l) is the weight matrix of the l-th layer,

σ is the activation function, and H
(0)
struct = X

is the initial node feature. The output of the
structural encoder Hstruct ∈ R

|V |×dh contains the
structural information of nodes, where dh is the
hidden dimension.

4.2.2 Temporal Encoder

The temporal encoder is one of the core innova-
tions of TGCAE, specifically designed to process
standardized timestamps and extract temporal
features. Different from the way GCNAE [8] treats
timestamps as ordinary feature dimensions, the
temporal encoder adopts a deep nonlinear network
architecture, which can learn complex nonlin-
ear transformations of timestamps and capture
patterns at different time scales. The temporal
encoder consists of a fully connected three-layer
network, as shown in Eq. (7).

Htime =tanh (Lineardh
(Dropout(ReLU(Lineardh(

Dropout
(
ReLU

(
Linear dh

2

(T )
))))))

(7)
where T ∈ R

|V |×1 is the standardized times-
tamp vector, Htime ∈ R

|V |×dh is the learned
temporal embedding, ReLU is the activation func-
tion, Dropout is the regularization function, and
tanh is the output activation function.

4.2.3 Adaptive Gating Fusion

Mechanism

Another core innovation of TGCAE is the adap-
tive gating fusion mechanism, which aims to
dynamically balance the contributions of struc-
tural information and temporal information.
Unlike the fixed-weight fusion method, this mech-
anism adaptively learns fusion weights for each
node, allowing the model to flexibly adjust the
information combination strategy according to the
characteristics of the node. The specific calcula-
tion method is shown in Eq. (8).

Hfusion = (1− g)⊗Hstruct + g

⊗MLPfusion ([Hstruct;Htime])
(8)

g = σ (MLPgate (Hstruct;Htime)) (9)

where g is the gating weight, σ is the Sigmoid
function, MLPfusion is a fully connected 4-layer
network used to generate fused features,·; · denotes
the vector concatenation operation and ⊗ denotes
the multiplication of elements. MLPgate in Eq.
(9) is a fully connected five-layer network used to
calculate the gating value.

This design allows the model to adaptively
adjust the contribution ratio of structural and
temporal information according to node char-
acteristics, which not only retains the original
structural information, but also introduces tem-
poral information, making the model’s detection
ability for various anomalies more balanced.

4.2.4 Decoder

The decoder adopts a symmetric GCN or GIN
structure with respect to the encoder, reconstruct-
ing the fused embedding Hfusion back to the
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Fig. 1 TGCAE Framework

original feature space. The reconstruction error
serves as the basis for anomaly scoring, and the
calculation method is shown in Eq. (10).

X̂ = GCNdecoder (Hfusion, A) (10)

where X̂ ∈ R
|V |×d is the reconstructed node

feature matrix. The goal of the decoder is to min-
imize the difference between the original featureX
and the reconstructed feature X̂, thus learning
low-dimensional embeddings that can effectively
represent normal patterns.

4.2.5 Model Training and Anomaly

Scoring

The training goal of TGCAE is to minimize
the reconstruction error, capturing the behavioral
patterns of normal events through unsupervised
learning. The loss function is defined as Eq. (11).

L =
1

|V |

∑

ν∈V

s(ν) (11)

where s(ν) is the weighted anomaly score of
nodeν. Considering that different attribute dimen-
sions in OCEL correspond to different types
of anomaly features, we adopt a weighted loss

strategy, assigning differentiated weights to each
attribute group. The calculation formula is shown
in Eq.(12).

s(ν) =

∑K
k=1 ωk ·MSEk(ν)∑K

k=1 ωk

(12)

where MSEk(ν) is the mean square error recon-
struction error of the attribute group k, and ωk is
the corresponding weight. The parameter configu-
ration of this weighting mechanism is not based on
prior assumptions but is optimized through sys-
tematic ablation experiments and multiple sets of
comparative analyzes, under the trade-off of detec-
tion performance for different anomaly types. We
evaluated the impact of various weight combina-
tions on the overall performance of the model and
finally selected a set of configurations that are
optimal for global detection capabilities.

TGCAE adopts the Interquartile Range (IQR)
method to adaptively generate anomaly detection
thresholds to enhance the generalizability of the
model in scenarios with unknown anomaly pro-
portions. IQR is defined as the difference between
the first quartile (Q1) and the third quartile (Q3)
of the dataset, i.e., IQR = Q3 −Q1. To determine
the threshold for marking anomalies, we calculate
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Q3 and IQR of the set of anomaly scores gener-
ated by TGCAE, and set the threshold τ as shown
in Eq. (13).

τ = Q3 + k · IQR (13)

By setting the anomaly detection threshold,
we can automatically mark events in the event log
as normal or abnormal according to the anomaly
score. Based on the characteristics of the normal
distribution, k is set to 1.5 in this experiment,
which makes the anomaly detection method more
robust. However, this value can also be flexibly
adjusted according to the actual data distribution
characteristics or the model fitting effect to further
optimize algorithm performance.

5 Experimental Analysis

To verify the effectiveness of the TGCAE model
proposed in this paper for multi-type anomaly
detection tasks in OCELs, this paper selects real
and synthetic OCELs data to conduct multi-
ple sets of experiments, and then compares and
analyzes its performance with those of the AE
[11, 12], LSTMAE [11, 13, 14], and GCNAE [8],
respectively.

5.1 Experimental Preparation

5.1.1 Datasets

We evaluated the proposed method on both real-
world and synthetic object-centric event logs. This
dual verification method not only ensures the rigor
and interpretability of the evaluation, but also
tests the applicability of the method in actual
business scenarios. Table 1 shows the summary
data related to reconstructed process instances of
each dataset under different contamination rates.

BPIC2017: This is a real-world business pro-
cess log dataset associated with the loan appli-
cation process of a Dutch financial institution.
This event log includes all applications submit-
ted through an online system in 2016 and their
subsequent events, covering various complex busi-
ness processes such as order management and
payment processing. It involves two object types

1https://github.com/niro-a/DAEiOcBPvGNN/blob/main/
ocel/BPI2017.csv

2https://github.com/niro-a/DAEiOcBPvGNN/blob/main/
ocel/DS2.csv

(application and offer) and thirteen attributes,
and is characterized by multi-object dependen-
cies with involvement of multiple entities including
orders, payment requests and invoices. These fea-
tures make it suitable for verifying the model’s
capability to handle multi-object interactions and
complex event dependencies.

DS2: This is a synthetic event log that sim-
ulates an order management process with a
large number of connected objects and high
process variability [41]. This log contains three
object types (item, order and package) and four
attributes, designed to simulate the complex
multi-object association scenarios in actual busi-
ness processes and complement the real-world
dataset for comprehensive model evaluation.

5.1.2 Anomaly Injection

A set of contamination rates (5%, 10%, 15%, 20%,
30%, 40%) was pre-defined to quantify the propor-
tion of anomalous events relative to the total num-
ber of events in the log. For each contamination
rate, three typical types of anomalies—attribute
swap, timestamp shift, and random activity injec-
tion—were injected into the log with an equal
proportion of allocation.

Attribute swap anomalies artificially intro-
duce local attribute conflicts while preserving
the sequential dependencies between events, effec-
tively simulated by attribute inconsistency caused
by data entry errors or sensor drift. This type
of anomaly is particularly suitable for evaluat-
ing the sensitivity of models to local structural
perturbations.

Timestamp shift anomalies disrupt the natural
temporal order among events, thereby simulat-
ing the time sequence disorder induced by system
latency, clock desynchronization, or artificial tam-
pering. Such anomalies can effectively assess the
stability and detection capacity of models in the
face of temporal interference. In the experiments,
we set ∆t1 = ∆t2 = 0.05.

Random activity injection anomalies mimic
irrelevant activities or malicious injection behav-
iors that may occur in real-world scenarios, so
as to evaluate the model’s capability to detect
unanticipated behaviors. This type of anomaly is
especially applicable for assessing the generaliz-
ability and robustness of models under complex
process scenarios.
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Table 1 Datasets Statistics

Dataset
Original
Events

Process
Instances

Contam.
Rate

Injected
Anomalies

Final
Events

Events per Process Instance
(Max, Min, Avg)

BPIC20171 393931 31509

5% 20022 400605 (44, 6, 12.7)
10% 40704 407499 (45, 6, 12.9)
15% 62043 414612 (45, 6, 13.2)
20% 84036 421943 (46, 6, 13.4)
30% 129996 437263 (48, 6, 13.9)
40% 178581 453458 (50, 6, 14.4)

DS22 22367 83

5% 1134 22745 (1413, 8, 274.0)
10% 2310 23137 (1434, 8, 278.8)
15% 3522 23541 (1467, 8, 283.6)
20% 4770 23957 (1489, 8, 288.6)
30% 7380 24827 (1552, 8, 299.1)
40% 10137 25746 (1603, 8, 310.2)

This balanced anomaly injection strategy
ensures the diversity of anomalous events across
three dimensions (attribute, temporal sequence,
and activity type), thus enabling a comprehensive
evaluation of the model’s detection performance
for different types of anomaly. Furthermore, all
anomaly injection operations were implemented
under the assumption of preserving the struc-
tural characteristics of the original event log,
which guaranties the comparability and reliabil-
ity of the experimental results. Consequently, the
robustness of models in the multi-modal noise sce-
narios commonly encountered in practical event
log management can be fully evaluated.

5.2 Comparative Experiments

5.2.1 Evaluation Metrics

To comprehensively evaluate the performance
of the proposed anomaly detection model, in
this experiment a series of widely recognized
evaluation metrics were adopted to assess the
model’s anomaly detection capability from multi-
ple dimensions. For the evaluation of the model’s
overall performance, four core metrics were used
to measure its general anomaly detection perfor-
mance:

(1) AUC − ROC(Area Under the Receiver
Operating Characteristic Curve): The ROC curve
is obtained by plotting the relationship between
the True Positive Rate (TPR) and the False Pos-
itive Rate (FPR). AUC−ROC is the area under

this curve, which is used to evaluate the classifi-
cation performance of the model under different
thresholds. Its value range is [0, 1], and a higher
value indicates better model performance. The
calculation formulas are shown in Eqs. (14)∼(16).

TPR =
TP

TP + FN
(14)

FPR =
FP

FP + TN
(15)

AUC-ROC =

∫ 1

0

TPR(FPR)dFPR (16)

where TP (True Positive) denotes correctly
predicted anomalies, TN (True Negative) denotes
correctly predicted normal events, FP (False Posi-
tive) denotes incorrectly predicted anomalies, and
FN (False Negative) denotes incorrectly predicted
normal events.

(2) AUC − PR (Area Under the Precision-
Recall Curve): The PR curve is obtained by
plotting the relationship between Precision and
Recall. AUC − PR is the area under this curve,
which is particularly suitable for the evaluation
of imbalanced datasets and more sensitive to
the anomaly detection capability. The calculation
formula is shown in Eqs. (17)∼(19).

Precision =
TP

TP + FP
(17)

Recall =
TP

TP + FN
(18)
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AUC-PR =

∫ 1

0

Precision(Recall)dRecall (19)

(3) F1−Score: The F1−score is the harmonic
mean of Precision and Recall, which comprehen-
sively considers the balance between Precision

and Recall, and balances the trade-off between
false positives and false negatives. The calculation
formula is shown in Eq. (20).

F1 =
2× Precision×Recall

Precision+Recall
(20)

(4) Recall@k: The value of k is dynamically
determined according to the contamination rate of
the dataset (k = contamination rate × 100). For
example, k=5 when the contamination rate is 5%,
and k = 10 when the contamination rate is 10%,
ensuring that the evaluation granularity matches
the anomaly proportion.

For the evaluation of the specificity of the
anomaly type, to deeply analyze the detection
capacity of the model for different types of
anomalies, the experiment further calculated the
Recall@k value for each anomaly type (T1, T2,
T3), where T1, T2, and T3 correspond to attribute
swap, timestamp shift, and random activity injec-
tion anomalies, respectively. For each anomaly
type T i, its Recall@k value was calculated sep-
arately. This method can reveal the performance
differences of the model in detecting different
anomaly patterns such as attribute anomalies,
timestamp anomalies, and random event anoma-
lies, providing a quantitative basis for accurately
locating the advantages and shortcomings of the
model.

Finally, through statistical analysis of the
results of multiple runs, the experimental results
are presented in the form of mean and stan-
dard deviation to evaluate the robustness and
stability of each model. A smaller standard devia-
tion indicates consistent performance of the model
under different data splits or random initializa-
tions, ensuring the reliability of the experimental
results. The calculation formulas for meanµ and
standard deviation σ are shown in Eqs. (21) and
(22).

µ =

∑
xi

n
(21)

σ =

√∑
(xi − µ)2

n
(22)

Through the comprehensive analysis of
these multi-dimensional evaluation metrics, the
anomaly detection performance of the proposed
model can be fully evaluated. It not only focuses
on the overall detection accuracy but also deeply
analyzes the detection capability for different
types of anomalies, providing sufficient exper-
imental evidence for the effectiveness of the
model.

5.2.2 Comparative Methods

The performance of the TGCAE model was com-
pared with existing traditional event log anomaly
detection methods and current object-centric
graph neural network-based anomaly detection
methods. To enable comparison with traditional
event log anomaly detection methods, the object-
centric process instances were ”flattened” into
time-ordered sequences, where each sequence con-
sists of the set of events contained in the corre-
sponding process instance. Although this flatten-
ing strategy may still lead to divergence issues,
it does not result in the deletion or duplication
of events. As benchmark models, we implemented
a standard Autoencoder (AE) similar to those in
[11, 12], an LSTM Autoencoder (LSTMAE) sim-
ilar to the recurrent neural network methods in
[11, 13, 14], and an anomaly detection method
based on Graph Convolutional Network Autoen-
coder (GCNAE) [8]. For the implementation of
the three models, we used the hyperparameter
settings provided in the corresponding literature
[11, 13, 8], and Table 2 shows the hyperparameter
settings of TGCAE. To ensure the reliability and
statistical stability of the experimental results, the
performance evaluation of all models was based
on 5 independent repeated experiments, where
each experiment initialized the model parameters
with a different random seed. The final results
are presented in the form of ”mean ± standard
deviation”.

5.3 Results

5.3.1 Results on Real-World Logs

In the fields of process mining and graph repre-
sentation learning, empirical evaluation based on
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Table 2 Hyperparameter settings of TGCAE

Hyperparameter Value

Hidden dim 64
Encoder layers 3
Decoder layers 1
Learning rate 0.004
Loss func F.mse loss

Dropout Rate 0.1
activation F.relu

Fig. 2 Comparison of Main Performance Metrics Across
Models in the Real Dataset

real-world datasets is an indispensable core pillar
of rigorous scientific research, as it can truly reflect
the inherent complexity, noise, and irregularities
of actual systems. Referring to the anomaly sim-
ulation strategies in [11, 13, 14, 24], we injected
different proportions of artificial anomalies into
real event logs to simulate various special sit-
uations that may occur in real-world business
processes. To evaluate the performance of dif-
ferent autoencoder models under different data
contamination levels, we systematically analyzed
the performance of the AUC−ROC, AUC−PR,
F1 − score, Recall@k, and R@k − T i metrics
at each contamination rate, and the results are
summarized in Table 3.

As shown in Table 3 and Fig. 2, TGCAE con-
sistently exhibited excellent performance under
different contamination rates, demonstrating its
robustness and effectiveness in anomaly detection
tasks.

At low contamination rates (5% and 10%),
TGCAE achieved the highest AUC − PR, F1 −

score, and Recall@k metrics. Meanwhile, its value
AUC − ROC showed extremely strong stability,
with a mean value only slightly lower than that of
the AE baseline model. This comprehensive per-
formance indicates that TGCAE is significantly
superior to the traditional AE, LSTMAE, and
GCNAE models overall, and its advantages are
more pronounced especially in precision-oriented
metrics such as AUC − PR.

At moderate contamination rates (15% and
20%), TGCAE maintained its competitive advan-
tage continuously. Its AUC − PR and Recall@k
metrics were significantly higher than those of
the baseline models, while the F1 − score also
remained at a high level. With the increase of con-
tamination rate, the AUC−PR curve of TGCAE
was always above those of other models, and
its growth rate was more stable, indicating that
the model did not show obvious fluctuations in
the recognition accuracy and recall capability of
abnormal samples when dealing with medium-
intensity noise. In addition, the robust perfor-
mance of the F1−score also reflects that TGCAE
has achieved a better balance between precision
and recall.

At high contamination rates (30% and 40%),
although all models exhibited performance degra-
dation—a predictable result of increased noise in
training data—TGCAE still maintained the high-
est AUC-PR value and achieved stable or subop-
timal performance on other metrics. It should be
noted that LSTMAE encountered Out-of-Memory
(OOM) errors at high contamination rates, which
highlights the scalability limitations of sequence
models in large-scale process mining datasets. In
contrast, the graph-based architecture of TGCAE
demonstrated better memory efficiency, enabling
it to maintain stable performance even under
extreme contamination conditions.

Combined with the type-specific recall data
in Table 2 and Fig. 3, the balanced capability
of TGCAE in various anomaly detection tasks
can be analyzed. Although all graph-based mod-
els (TGCAE and GCNAE) achieved significant
improvements in the performance of attribute
anomaly detection and activity anomaly detection
compared to traditional autoencoder models (AE
and LSTMAE), it should be noted that TGCAE
achieved substantial performance improvements
over GCNAE in both of these anomaly detection
tasks, and also showed significant improvements in
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Table 3 Comparative Analysis of Model Metrics on the Real Dataset

Contam.
Rate(k%)

Model
AUC-ROC

(%)
AUC-PR

(%)
F1
(%)

Recall@k
(%)

R@k-T1
(%)

R@k-T2
(%)

R@k-T3
(%)

5%

AE 87.86±0.09 35.85±0.10 42.77±0.32 45.52±0.19 76.30±0.52 21.13±0.93 39.13±0.36
LSTMAE 85.60±0.09 26.11±0.12 36.76±0.15 34.54±0.30 59.68±0.40 16.14±0.40 27.80±0.98
GCNAE 82.97±0.14 59.09±0.18 56.35±0.25 65.60±0.10 94.98±0.36 1.82±0.18 100.00±0.00

TGCAE 85.34±0.33 59.92±0.76 56.68±0.41 67.38±0.12 97.36±0.47 4.78±0.28 100.00±0.00

10%

AE 85.57±0.07 43.54±0.19 52.37±0.22 52.08±0.15 88.99±0.35 25.26±0.31 42.00±0.30
LSTMAE 82.91±0.13 34.34±0.13 44.84±0.25 43.85±0.08 81.62±0.44 18.75±0.41 31.19±0.47
GCNAE 82.38±0.09 60.44±0.24 60.90±0.55 64.72±0.21 97.06±0.23 3.88±0.13 93.23±0.43
TGCAE 84.47±0.14 62.20±0.50 67.66±0.75 68.26±0.43 97.78±0.87 9.83±0.48 97.16±1.42

15%

AE 83.80±0.09 48.69±0.19 53.66±0.30 55.88±0.18 93.20±0.27 28.70±0.22 45.73±0.25
LSTMAE 81.06±0.09 40.40±0.15 45.33±0.18 48.69±0.15 89.17±0.27 21.95±0.21 34.94±0.21
GCNAE 81.07±0.05 60.48±0.22 49.14±0.35 57.30±0.19 97.75±0.09 7.76±0.08 66.39±0.62
TGCAE 83.67±0.15 64.35±0.84 56.41±0.75 64.46±0.63 98.80±0.35 15.38±0.76 79.19±2.31

20%

AE 82.46±0.08 53.12±0.21 50.54±0.34 58.63±0.17 95.13±0.36 31.46±0.17 49.31±0.31
LSTMAE 79.76±0.08 45.54±0.14 41.16±0.23 52.47±0.19 92.56±0.35 25.55±0.21 39.31±0.30
GCNAE 79.36±0.09 61.34±0.19 45.53±0.15 54.44±0.24 98.02±0.13 11.53±0.20 53.78±0.76
TGCAE 82.45±0.34 65.71±1.64 49.47±2.98 62.42±1.08 98.61±0.61 19.73±1.10 68.93±2.45

30%

AE 80.13±0.06 60.04±0.13 36.93±0.34 62.77±0.12 95.97±0.23 37.37±0.24 54.97±0.21
LSTMAE OOM OOM OOM OOM OOM OOM OOM
GCNAE 76.54±0.07 65.20±0.18 40.94±0.20 55.68±0.11 98.41±0.18 19.58±0.32 49.06±0.32
TGCAE 79.57±0.27 69.04±0.43 41.87±2.92 62.41±0.67 99.07±0.11 26.24±0.94 61.93±1.62

40%

AE 78.02±0.05 65.74±0.08 25.85±0.22 66.41±0.04 96.58±0.25 43.27±0.20 59.37±0.10
LSTMAE OOM OOM OOM OOM OOM OOM OOM
GCNAE 69.36±10.82 69.57±0.08 26.81±14.99 67.96±17.91 99.00±0.56 42.03±32.41 62.85±20.77

TGCAE 76.63±0.21 71.88±0.73 30.41±1.64 63.85±0.32 98.09±1.05 32.38±0.72 61.09±2.20

Fig. 3 Recall@k-Ti Performance Comparison Across
Models for Dif-ferent Anomaly Types in the Real Dataset

timestamp anomaly detection—which represents
the most challenging category for graph neural
network-based anomaly detection. This improve-
ment can be attributed to the temporal graph
convolution mechanism, which effectively captures
the inherent structural dependencies and temporal
dynamics in business process sequences.

In summary, the experimental results on real-
world datasets fully verify the effectiveness and
superiority of the TGCAE model. Across all

six contamination levels, TGCAE achieved opti-
mal or suboptimal performance in key metrics
such as AUC − ROC, AUC − PR, F1 − score,
and Recall@k. Moreover, TGCAE also showed
a consistent trend of performance improvement
in timestamp anomaly detection tasks, proving
the unique advantage of the temporal graph con-
volution mechanism in capturing complex spa-
tiotemporal dependencies. In addition, the stable
performance and excellent memory efficiency of
the model in high-contamination scenarios provide
a solid theoretical and experimental foundation
for its practical deployment in real-world business
process anomaly detection.

5.3.2 Results on Synthetic Logs

Synthetic datasets can simulate anomaly patterns
that are difficult to obtain or rare in real-world
business processes, compensating for the defi-
ciency of real-world datasets in anomaly type
coverage. They are suitable for in-depth analysis of
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Fig. 4 Comparison of Main Performance Metrics Across
Models in the Synthetic Dataset

the model’s sensitivity and robustness to different
data characteristics. Table 4 presents the perfor-
mance of different autoencoder models under var-
ious data contamination levels in the DS2 dataset.
It is worth noting that both the AE and LST-
MAE models encountered out-of-memory issues
under all contamination rate conditions, expos-
ing their defects of excessive memory occupation
and poor adaptability to computing resources
when processing this dataset. This also directly
restricts their practical application feasibility in
this data scenario, while highlighting the signifi-
cant advantages of graph structure-based methods
in handling large-scale and complex business pro-
cess data. However, the literature [8] has explored
the superior performance of the GCNAE model
over AE and LSTMAE on the DS2 dataset; there-
fore, on the synthetic dataset, we only conducted a
systematic comparative analysis between TGCAE
and GCNAE.

As shown in Table 4 and Fig. 4, under low
contamination rate conditions, the performance of
TGCAE and GCNAE was similar. However, with
the increase of contamination rate, the advantages
of TGCAE gradually became prominent.

At a contamination rate of 15%, GCNAE
exhibited severe performance fluctuations with
abnormally high standard deviations in various
metrics, while TGCAE consistently maintained
stable output performance. This stability advan-
tage was further amplified at higher contamina-
tion rates: when the contamination rate was 20%,

Fig. 5 Recall@k-Ti Performance Comparison Across
Models for Dif-ferent Anomaly Types in the Synthetic
Dataset

the F1− score of TGCAE reached 70.88± 1.48%,
while that of GCNAE was only 28.78± 39.41%.

It is particularly noteworthy that when
the contamination rate exceeded 30%, GCNAE
almost completely failed, which can be confirmed
by the sharp collapse of its AUC −ROC and F1
curves in Fig. 4. At this time, the Recall@k value
was 100%, indicating that the model lost its judg-
ment ability and regarded all cases as anomalies.
In contrast, TGCAE maintained robust perfor-
mance in all evaluation metrics, demonstrating
its excellent noise tolerance and significant appli-
cability in real-world scenarios with high data
contamination.

Combined with Table 4 and Fig. 5, through the
detection and analysis of different anomaly types,
the DS2 dataset presented distinct characteristics
in various anomaly scenarios.

In the tasks of attribute anomaly and activ-
ity anomaly detection, both TGCAE and GCNAE
achieved extremely high recall rates, indicating
that these two types of anomalies have highly dis-
tinguishable patterns that can be easily captured
by graph-based models.

In contrast, timestamp anomaly detection was
more challenging and its performance decreased
significantly with increasing contamination rate.
Although the recall rate of TGCAE in the times-
tamp anomaly showed a steady upward trend,
reflecting its adaptive learning ability in high-
noise environments, its overall performance was
still inferior to that of GCNAE. This difference
is mainly due to the insufficient temporal depen-
dency information embedded in the DS2 dataset
itself, which limits the effective utilization of tem-
poral information by TGCAE; while GCNAE is
less dependent on temporal features in its design,
so it is less affected by this dataset limitation.

In conclusion, the experimental results in the
DS2 dataset verify the excellent robustness and
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Table 4 Comparative Analysis of Model Metrics on Synthetic Dataset

Contam.
Rate(%)

Model
AUC-ROC

(%)
AUC-PR

(%)
F1
(%)

Recall@k
(%)

R@k-T1
(%)

R@k-T2
(%)

R@k-T3
(%)

5%
GCNAE 82.40±0.35 47.28±0.39 37.98±0.59 65.52±0.42 94.55±1.19 2.01±0.24 100.00±0.00

TGCAE 82.33±0.49 47.78±0.55 35.43±0.52 64.87±0.42 92.38±1.47 2.22±0.48 100.00±0.00

10%
GCNAE 82.46±0.34 56.99±0.35 56.15±0.96 66.68±0.14 96.39±0.19 3.64±0.45 100.00±0.00

TGCAE 82.51±0.33 57.17±0.37 53.37±0.82 66.42±0.17 95.82±0.14 3.43±0.39 100.00±0.00

15%
GCNAE 63.02±17.83 59.74±3.10 26.55±36.36 87.06±17.71 98.86±1.57 62.33±51.58 100.00±0.00

TGCAE 82.40±0.22 63.41±0.58 64.17±0.62 67.42±0.46 96.44±0.61 5.81±1.19 100.00±0.00

20%
GCNAE 62.97±17.76 63.17±4.40 28.78±39.41 87.40±17.26 99.08±1.26 63.11±50.52 100.00±0.00

TGCAE 82.31±0.25 68.03±0.57 70.88±1.48 68.31±0.37 96.67±0.73 8.28±0.66 100.00±0.00

30%
GCNAE 50.00±0.00 64.86±0.00 0.00±0.00 100.00±0.00 100.00±0.00 100.00±0.00 100.00±0.00

TGCAE 82.10±0.20 74.90±0.19 70.12±2.73 70.33±0.12 98.55±0.30 12.44±0.32 100.00±0.00

40%
GCNAE 50.00±0.00 69.69±0.00 0.00±0.00 100.00±0.00 100.00±0.00 100.00±0.00 100.00±0.00

TGCAE 82.03±0.24 79.97±0.29 30.55±1.69 72.47±0.19 98.88±0.55 18.52±0.76 100.00±0.00

scalability of TGCAE in large-scale and high-
contamination scenarios. The temporal graph con-
volution mechanism not only solves the memory
bottleneck problem of traditional methods, but
also, more importantly, maintains stable detec-
tion performance under extreme noise conditions,
which has important practical significance for the
application of real-world business process anomaly
detection.

5.3.3 Overall Performance Comparison

Fig. 6 presents a radar chart for the compre-
hensive comparison of four anomaly detection
models across seven key performance metrics in
the BPIC 2017 and DS2 datasets. It can be seen
from the figure that the TGCAE model exhibited
optimal or near-optimal performance in most met-
rics, especially significantly outperforming other
baseline models in the evaluation dimensions of
AUC−PR, F1−score, and Recall@k, which ver-
ifies its superiority in the anomaly detection task
of complex process logs.

It should be noted that although GCNAE
achieved the optimal recall rate in the DS2
dataset, this was actually a false performance
improvement. The root cause is that the model
completely failed under some high contamina-
tion rates, leading to extensive misjudgment in
the model’s determination of abnormal samples,
thereby artificially inflating the recall rate. In con-
trast, the performance of the traditional AE model

Fig. 6 Multi-dimensional Comparison Radar Chart of
Model Perfor-mance

was more conservative, with all metrics consis-
tently remaining in a stable range without extreme
fluctuations; while LSTMAE and GCNAE showed
significant performance oscillations in some key
metrics. This phenomenon fully exposes the inher-
ent limitations of sequence-dependent modeling
or pure graph structure modeling in complex
anomaly detection scenarios.

In this study, we systematically evaluated the
statistically significant differences between the
proposed TGCAE model and the baseline models
across multiple performance metrics. By adopting
two complementary statistical methods—paired
t-test and Wilcoxon/Mann-Whitney U test—we
aimed to comprehensively verify whether the
superiority of the TGCAE model in different eval-
uation dimensions is statistically significant rather
than accidental results.
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Fig. 7 Heatmap of p-values from statistical significance
tests

Fig. 8 Fig.8 Training Time Comparison

As can be seen from the heat map in Fig.7,
TGCAE exhibited significantly better perfor-
mance than the baseline models in most met-
rics. Especially in the key metrics of AUC-PR
and F1-score, the p-values with all compari-
son models were less than 0.001, indicating that
its performance advantage is highly statistically
significant. This finding strongly supports the
effectiveness of the TGCAE model in capturing
complex time series patterns and identifying rare
abnormal events. It should be noted that, with
respect to the AUC − ROC metric, the perfor-
mance differences between TGCAE and both AE
and LSTMAE did not reach statistical signifi-
cance; however, the difference between TGCAE
and GCNAE—another approach based on graph
neural networks, approach—reached a high level
of statistical significance. The main reason why
the difference with GCNAE in the Recall@k met-
ric did not reach a statistically significant level
is that GCNAE failed under high contamination
rates in the DS2 dataset, leading to the artifi-
cial inflation of its recall rate. The results of the
two test methods are highly consistent, further
enhancing the reliability of the conclusions.

Finally, we evaluated the training time of each
model in the two datasets, and the results are
shown in Fig. 8.

In the BPIC 2017 dataset, there were sig-
nificant differences in the training efficiency of
different models. LSTMAE had the longest train-
ing time, followed by AE. In contrast, the graph
structure-based GCNAE and TGCAE had sig-
nificantly higher training efficiency. This result
highlights the high efficiency of the graph neural
network architecture in processing object-centric
event logs, which avoids the high computational
overhead caused by the sequence-based LSTMAE
and the traditional autoencoder AE.

In the DS2 dataset, both GCNAE and TGCAE
demonstrated high training efficiency. Although
TGCAE incurred a certain amount of additional
computational overhead compared to GCNAE due
to the introduction of modules such as the tem-
poral encoder and the adaptive gating fusion
mechanism, this overhead brought about a com-
prehensive leap in model performance. In the core
anomaly detection metrics, TGCAE achieved sig-
nificant improvements, and its performance gain
far exceeded the slight increase in computational
cost.

In summary, the results indicate that while
maintaining training efficiency, TGCAE achieved
a better balance between performance and effi-
ciency through the adaptive fusion of temporal
information and graph structure features, making
it more suitable for practical scenarios with high
training efficiency requirements.

5.3.4 Ablation Experiments

To fully understand the contribution of each
core component in the TGCAE framework to
anomaly detection performance, three system-
atic ablation experiments were designed in this
study: removing the temporal encoder (TGCAE-
NoTime), removing the gating fusion mecha-
nism (TGCAE-NoGate) and adopting fixed fusion
weights instead of dynamically learned weights
(TGCAE-FixedW). The experimental results are
presented in the form of Performance Drop (s%),
which is defined as Eq. (23).

∆P =
Pfull − Pvariant

Pfull
× 100% (23)

where Pfull is the performance mean of the
complete model, and Pvariant is the performance
mean of the variant model. A positive value indi-
cates that the complete model performs better.
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Fig. 9 Ablation Study: Impact of Removing Key Compo-
nents on Model Performance

The results are shown in Figs. 9 and 10. From the
overall trend, the three ablation variants exhibit
significant differences in performance under differ-
ent contamination rates, revealing the unique role
of each component in the model.

(1) TGCAE-NoTime: By removing the tem-
poral encoder and retaining only the structural
encoder, the impact of temporal information on
anomaly detection performance was evaluated.
TGCAE-NoTime showed varying degrees of per-
formance degradation at all contamination rates,
especially more obvious degradation at high con-
tamination rates, indicating that temporal infor-
mation is crucial to overall discriminative ability
and comprehensive performance of the model.
This verifies the necessity of introducing the tem-
poral encoder in our architecture design—even
when static structural features are sufficiently
strong, information in the temporal dimension can
still provide key supplementary signals, helping
the model identify complex time-sensitive anoma-
lies more accurately.

(2) TGCAE-NoGate: By removing the adap-
tive gating network and adopting direct concate-
nation or other static fusion strategies, the role
of the gating mechanism in multi-modal informa-
tion fusion was evaluated. In most contamination
rates, degradation of performance was minimal
and even a slight improvement occurred in some
cases. However, this does not mean that the gating
mechanism is redundant; in extreme noise environ-
ments or specific data distributions, the dynamic
adjustment capability of the gating mechanism

Fig. 10 Contribution Analysis of Each Component to
Model Performance

may play a key role. This ”apparent similarity”
precisely reflects the role of the gating mechanism
in the robustness and adaptive capability of the
model.

(3) TGCAE-FixedW: By using preset fixed
weights instead of dynamically learned gat-
ing weights, it was verified whether the adap-
tive mechanism truly improves model perfor-
mance. This variant showed significant perfor-
mance degradation at all contamination rates.
This result strongly supports the importance of
the adaptive weight mechanism. By dynamically
learning the optimal fusion weight for each node,
the model can adaptively adjust the contribu-
tion of temporal information according to the
characteristics of the data, thus maintaining high
performance in complex scenarios. Although fixed
weights simplify the model structure, they sacri-
fice this flexibility, leading to a significant decline
in performance when facing diverse anomaly pat-
terns.

In summary, the results of the ablation exper-
iments verify the rationality of the design of each
core component in the TGCAE framework. As a
basic module of the model, the indispensability
of the temporal encoder has been fully confirmed;
although the gating fusion mechanism showed sta-
ble performance in the current experiments, its
potential dynamic adjustment capability is wor-
thy of further exploration; the adaptive weight
mechanism has also been proven to be the key
to improving model performance, and its absence
will lead to significant degradation of the model
in multiple metrics.
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6 Conclusion

Anomaly detection in business process event
logs plays a crucial role in ensuring operational
compliance and identifying process inefficiencies,
enabling enterprises to maintain service quality
and reduce risks in complex environments. Object-
centric event logs provide a more comprehensive
representation of real-world business processes
by capturing multiple interacting objects and
their relationships, overcoming the limitation of
traditional case-centric logs that flatten multi-
dimensional processes into linear sequences. This
study proposes a novel Temporal Graph Con-
volutional AutoEncoder (TGCAE) for anomaly
detection in object-centric event logs, addressing
the key limitation of existing graph-based meth-
ods that ignore temporal dependencies in business
process mining. This method does not require
predefined process models, prior knowledge of con-
tamination rates, or clean training sets, expanding
its scope of application. Meanwhile, the model
exhibits strong adaptability under high-noise con-
ditions and, combined with superior memory effi-
ciency, enables it to perform anomaly detection in
real-world business processes.

Future research directions can explore Trans-
former or multi-dimensional temporal convolu-
tional network architectures to capture long-range
temporal dependencies and periodic patterns in
event sequences, further improving the detec-
tion capability for complex temporal anomalies
and making up for the shortcomings of TGCAE.
Future work can also integrate temporal knowl-
edge graph components to model the temporal
changes of process topology and the evolution
of knowledge associations, enabling the model to
adapt to both attribute anomalies and structural
drift, accurately capture knowledge association
anomalies in the temporal dimension, and further
enhance the detection accuracy and generalization
ability of temporal anomalies.
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