
Abstract: Accurate prediction of the remaining time for ongoing business process instances is crucial for
making proactive decisions, meeting deadlines, and optimizing resource allocation. This paper introduces a
Transformer-based multitask learning framework that improves time prediction by incorporating an auxiliary
classification task. The auxiliary task supervises the learning of entity embeddings for categorical attributes in
event logs, using cross-entropy loss to guide the model toward more meaningful representations. By combining
temporal modeling with supervised embedding learning, the architecture addresses two core challenges in process
data: capturing sequence dependencies and understanding categorical relationships. Experiments on a real-world
container terminal data set show that the proposed approach reduces the absolute mean error by 48.4% and
the square root error by 39.8% compared to established baselines. These results demonstrate that embedding
supervision significantly improves predictive performance and can improve the reliability of time-related forecasts
in business process monitoring.
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1 Introduction
Predictive Business Process Monitoring (PBPM) is
an essential research direction in Business Process
Management (BPM) that aims to forecast the
future behavior of ongoing process instances using
historical execution data stored in event logs, [1], [2].
By offering proactive insights into running processes,
PBPM helps organizations improve resource
utilization, reduce the risk of deadline violations,
and take timely corrective actions to ensure better
outcomes, [3], [4]. Nevertheless, LSTM-based
models face difficulties preserving long-term
dependencies because of their fundamentally
sequential architecture, [5].

Furthermore, numerous methodologies depend on
simplistic encoding techniques for categorical data,
which do not adequately represent their underlying
semantic relationships, [6]. Transformer-based
designs, [7], have emerged as a viable solution
to address these restrictions. Their self-attention
mechanism facilitates more efficient modeling of
long-range interdependence and global context,

rendering them especially appropriate for business
process data characterized by complex temporal
patterns, [8]. Simultaneously, entity embeddings
have demonstrated considerable efficacy in
enhancing the representation of categorical variables
in tabular data, [9].

Nonetheless, a significant difficulty persists
due to the absence of explicit supervision during
learning these embeddings, potentially impeding
their capacity to represent genuine semantic links
accurately. Recently, academics have commenced
the application of Transformer models explicitly to
PBPM problems. The study, [10], introduced the
ProcessTransformer, which employs self-attention
to acquire high-level representations of event
sequences, showing enhancements in forecasting
subsequent activities and remaining time. Similarly,
[11], presented the HiP-Transformer, a hierarchical
framework that partitions process traces using idea
drift detection and identifies dependencies across
various levels of granularity. These methodologies
underscore the potential of Transformers in this
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field, although they mostly neglect the significance
of embedding supervision in enhancing categorical
feature representation.

This paper proposes a Transformer-based
multi-task learning framework designed to enhance
the prediction of remaining time in business
processes. Our method introduces an auxiliary
classification objective to guide the learning of
entity embeddings for categorical attributes within
event logs. Unlike conventional multi-task learning,
which targets multiple prediction outputs, our
auxiliary task serves as a regularization mechanism
to structure the embedding space and better capture
semantic relationships among categorical features.
By combining this embedding supervision with
a regression head for time prediction, the model
effectively learns both temporal dependencies and
rich categorical representations.

The remainder of this paper is organized as
follows: Section 2 reviews related work in predictive
business process monitoring and embedding
techniques. Section 3 presents the methodology
of the proposed approach, detailing the model
architecture and the auxiliary classification task.
Section 4 describes the experimental setup, including
datasets, evaluation metrics, and baseline models.
Section 5 concludes the paper and outlines directions
for future research.

2 Related Works
Techniques for predictive business process
monitoring focus on predicting the future behavior
of ongoing process executions by leveraging models
learned from historical event data. This section
provides an overview of relevant methodologies and
then identifies a specific research gap that forms
the foundation of our study. Existing approaches
to predictive process monitoring include several
prediction tasks, among them those focused on
predicting outcomes and those related to time
prediction.

2.1 Prediction of Case Outcome
Business Process Management (BPM) involves
systematically managing work to achieve predictable
results and optimize processes, [12]. Process mining,
as a data-driven technology for the analysis of
business processes, has evolved from its initial focus
on discovering process models from historical data
to include predictive capabilities, [2]. This shift
from descriptive to predictive analytics has led to the
emergence of predictive business process monitoring
(PBPM) as a novel research stream within the BPM
domain, [13].

The study, [14], tackle the challenge of predicting
the most probable outcome of a given process

instance. Prior methods have predominantly relied
on straightforward symbolic sequence classification,
where event trace features are extracted as sequences
of labels to train classifiers for runtime predictions.
However, this approach may be limited in capturing
complex process dynamics.

The study, [15], introduced a predictive
monitoring framework aimed at estimating the
likelihood that specific conditions, or predicates, will
be satisfied during the execution of a process instance.
Their method integrates both the sequence of events
and their corresponding data attributes. The approach
unfolds in two stages: initially, it clusters completed
case prefixes based on control flow characteristics;
subsequently, it trains a classifier for each cluster
using attribute information to differentiate between
predicate satisfaction and violation.

In [4], the authors proposed a prediction method
built on the attention mechanism, originally
developed for natural language processing and
neural machine translation. Their model uses the full
set of hidden states to anticipate upcoming activities
and overall process outcomes, highlighting the
attention mechanism’s capacity to recognize relevant
patterns in process behavior.

The study, [8], devised a novel framework
that integrates multi-view learning with deep
learning methodologies to improve predictive
performance in PBPM. Their technique encompasses
several dimensions of event logs by simultaneously
analyzing multiple data views. Experimental findings
across benchmark datasets demonstrated the model’s
superiority over contemporary state-of-the-art
methodologies, highlighting the advantages of a
more cohesive perspective on process execution.

The study, [5], introduced a multi-task learning
approach that integrates BERT with transfer learning
for business process monitoring. Their approach
presents the Masked Activity Model (MAM) as a
pre-training job to cultivate generic process trace
embeddings. The authors illustrated that this
pre-training, succeeded by fine-tuning, enhances
effective knowledge transfer across diverse PBPM
tasks, rendering model training more efficient and
flexible to varying prediction objectives.

The study, [16], expanded the application of
LSTM models to outcome prediction in PBPM,
beyond conventional next-activity forecasting.
Their research demonstrated how deep learning
architectures may tackle more extensive prediction
challenges by incorporating the broader context of
full process instances, highlighting the adaptability
of neural models in process mining applications.
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2.2 Prediction of Time-Related Properties
Forecasting time-related attributes, especially the
remaining duration of active process instances,
is essential for companies to enhance resource
allocation, prevent deadline infringements, and
deliver precise client estimations, [17]. This
predictive ability facilitates proactive intervention
and enhanced planning, making it crucial to monitor
business processes.

In [18], the authors examined Long Short-Term
Memory (LSTM) neural networks to create precise
models for diverse predictive process monitoring
tasks. LSTMs demonstrated superior performance
compared to existing approaches in forecasting
the subsequent event and its timestamp. They
additionally employed these models to predict the
complete progression of an ongoing case. They
utilized the identical methodology to forecast
remaining time, attaining superior outcomes
compared to conventional, task-specific methods.
This study illustrated the adaptability of LSTM
networks across various predictive tasks in PBPM.

The study, [19], enhanced LSTM-based
methodologies to forecast the remaining time. Their
data-aware LSTM networks integrated the control
flow and data perspectives of process executions,
showing substantial enhancements compared to prior
methods. Their research emphasized the significance
of analyzing the sequence of operations and the
relevant data properties for precise time estimations.

In [20], the authors compared
Classification-Based and Regression-Based
Predictive Process Monitoring models, emphasizing
remaining time prediction across various processes.
Essential evaluation criteria encompassed accuracy,
training duration, and real-time prediction velocity,
emphasizing the influence of model configurations
on performance. Their thorough comparison
offers significant insights into the advantages and
drawbacks of various modeling techniques for time
prediction tasks.

The study, [21], performed a systematic evaluation
and cross-benchmark analysis of the existing time
prediction methods. Their research assessed diverse
methodologies across numerous real-world datasets,
thoroughly evaluating the current advancements in
remaining time prediction. Their findings provide
crucial criteria for choosing suitable predictive
models based on process attributes and forecasting
needs.

Despite the encouraging outcomes of LSTMs,
they encounter constraints in identifying long-term
dependencies owing to their sequential processing
characteristics. The advent of Transformer designs,
[7], has provided novel opportunities for modeling
process data, as they more effectively capture

long-range interdependence via self-attention
processes.

The study, [10], introduced ProcessTransformer, a
Transformer-based architecture to acquire high-level
representations from business process event logs.
Their methodology employed self-attention to
explicitly capture global dependencies inside event
sequences, producing promising outcomes across
various PBPM tasks, such as next activity prediction,
event time prediction, and remaining time prediction.
Their methodology revealed that attention-based
processes can function as viable substitutes for
recurrent models in capturing temporal patterns in
event data.

Expanding on this approach, [11], presented
the HiP-Transformer, a hierarchical model that
divides business process traces into subsequences
by idea drift detection. The approach then employs
attention-based encoding at three tiers: event,
subsequence, and case, to capture structural
and temporal dependencies across varying
granularities. Their framework shows enhancements
in remaining time and the precision of subsequent
activity predictions relative to conventional
transformer-based and LSTM approaches, notably
through superior management of variability and
fluctuations in business process behavior.

The study, [6], showed that Entity Embedding
can improve the precision of Deep Neural
Networks (DNNs) with tabular data containing
categorical variables. To assess the method’s
resilience, scientists performed experiments utilizing
synthetic and real-world datasets, juxtaposing its
performance against other supervised learning
regression techniques. Their methodology tackles a
significant issue in process mining: the appropriate
representation of standard categorical variables in
event logs.

Notwithstanding these breakthroughs, most
methodologies employ rudimentary encoding
techniques for categorical features, which
inadequately represent intricate semantic
associations, [9]. Entity embeddings provide a
refined representation of categorical traits; yet,
ensuring that these embeddings effectively reflect
semantic relationships is difficult. This is particularly
important for process mining, where the meaning and
relationships between categorical attributes (such as
activity names, resources, or departments) are crucial
for accurate predictions.

This paper adopts the latter approach as a
baseline and demonstrates how combining Entity
Embedding with a Transformer-based architecture
and cross-entropy loss can further enhance the
accuracy of remaining time prediction, while offering
improved generalizability. The proposed approach
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specifically addresses the challenge of learning
meaningful representations for categorical attributes
through a novel learning framework that introduces
an auxiliary classification task to guide the learning
of entity embeddings.

3 Methodology
The proposed Transformer-based model aims to
improve remaining time prediction by incorporating
an auxiliary classification task that supervises
the learning of entity embeddings for categorical
attributes found in event logs, as shown in Figure 1

Fig. 1: Transformer-based model with entity
embeddings guided by an auxiliary classification loss
(cross-entropy) to improve representation learning for
remaining time prediction. Source: created by the
authors.

3.1 Preliminaries
3.1.1 Event Log
Process mining requires event logs as input. In
practice, event logs can vary significantly. However,
all event logs share a common characteristic: they
display occurrences of events at specific moments in
time, where each event refers to a particular process
and an instance thereof, i.e., a case, [2]. Table 1
is an event log fragment that illustrates the typical
information in an event log. In process mining, any
event can be related to both a case and an activity, and
the events within a case are ordered. Therefore, the
”case id” and ”activity” columns in Table 1 represent
the bare minimum for process mining, [1].

Table 1: A fragment of event logs from the Container
Terminal dataset; Source: created by the authors.

Case id Activity Start Timestamp End Timestamp
AAAU9001220-2021-06-28 BAPLIE 27/06/2021 10:50 27/06/2021 11:09
AAAU9001220-2021-06-28 VESSEL_ATB 28/06/2021 18:35 28/06/2021 20:00
AAAU9001220-2021-06-28 DISCHARGE 28/06/2021 20:51 28/06/2021 22:22
AAAU9001220-2021-06-28 STACK 28/06/2021 22:19 28/06/2021 22:40
AAAU9001220-2021-06-28 HAS_QUARANTINE_FLAG 02/07/2021 07:45 02/07/2021 09:06
AAAU9001220-2021-06-28 CUSTOMS_DEL 04/07/2021 22:49 05/07/2021 00:00

As shown in Table 1, the example case shows a
sequence of activities for a container, starting with
BAPLIE (container loading plan), followed by vessel
arrival (VESSEL_ATB), unloading (DISCHARGE),

placement in the yard (STACK), quarantine flagging,
and customs processing. This represents the container
terminal process we’re analyzing.

3.1.2 One-Hot Encoding
In machine learning applications, particularly those
involving neural networks, categorical variables pose
unique challenges. One common approach is to
encode categorical variables into integer labels.
However, this method is problematic as it introduces
an artificial ordinal relationship, the model will
interpret higher label numbers as having greater
importance than lower ones, [6]. Therefore, an
encoding method that assigns equal weight to all
categorical values is necessary.

One-hot encoding addresses this issue by
representing each categorical value as a binary
vector, where only one element has a value of 1, and
all others have a value of 0, [22]. These resulting
variables are also referred to as dummy variables.
As illustrated in Figure 2, categorical values (e.g.,
”cat”, ”dog”, ”bird”) are transformed into binary
vectors where only the position corresponding to that
specific category contains a 1.

ANIMAL

Cat

Dog

Bird

OHE

Cat Dog Bird

1 0 0

0 1 0

0 0 1

Fig. 2: Illustration of One-Hot Encoding(OHE);
Source: created by the authors.

While one-hot encoding solves the ordinal
relationship problem and works well with neural
network architectures, it has significant disadvantages
when applied to process data with high-cardinality
categorical variables. The number of binary columns
produced can become extremely large, resulting
in sparse high-dimensional input vectors that lead
to inefficient learning and poor generalization,
[9]. Moreover, semantically similar values (such
as related activities in a process) are not placed
close together in the encoding space, meaning that
the intrinsic relationships between features are
not captured, [23]. This limitation is particularly
problematic in process mining, where understanding
the relationships between activities is crucial for
accurate prediction and analysis.

3.1.3 Entity Embedding
Entity embedding is a technique that can overcome
the limitations of one-hot encoding by mapping
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categorical variables to dense vectors in a
multi-dimensional space, [9]. Similar to word
embeddings used in Natural Language Processing,
entity embeddings represent categorical values as
points in a continuous space where semantically
identical values are positioned closer together.

The key advantage of entity embedding is that it
can capture the intrinsic properties and relationships
between categorical values. As shown in Figure 3,
different categorical values are mapped to different
points in a continuous embedding space, allowing the
model to learn meaningful representations that reflect
the semantic similarities between categories.

Fig. 3: Visual representation of Entity Embedding
where each process activity is projected into
a continuous multidimensional space. Similar
activities, such as ’Register’ and ’Validate’, are
positioned closer to each other, as indicated by
the red circle. Similarly, ’Process’ and ’Review’
activities are grouped together (blue circle) based
on their semantic similarity. Source: created by the
authors.

Entity embeddings are typically learned jointly
with the main task through backpropagation.
However, this approach can be limited by the
absence of explicit supervision for the embedding
learning process, which may result in suboptimal
representations that do not fully capture the complex
relationships between categorical values, [24].

3.1.4 Transformer Architecture
The Transformer is a neural network architecture
presented by [7], that has transformed sequence
modeling jobs. In contrast to recurrent neural
networks (RNNs) and long short-term memory
networks (LSTMs), which handle data sequentially,
Transformers process complete sequences
concurrently, enhancing training efficiency.

The primary novelty of Transformers is the
self-attention mechanism, enabling the model to
assess the significance of various points in the
input sequence during prediction. This allows
Transformers to more efficiently capture long-range

dependencies compared to RNNs, which sometimes
have difficulties with information from remote points
in the sequence, [25].

The original Transformer architecture has
an encoder and a decoder; however, numerous
applications, like the method suggested in this study,
employ solely the encoder component.

3.2 Proposed Approach
The proposed approach uses a Transformer-based
architecture to process sequences of categorical
inputs, which are first transformed through an entity
embedding layer. To improve the quality of these
embeddings, an auxiliary classification objective is
introduced during training. This auxiliary task,
optimized using cross-entropy loss, serves only
as a regularization signal to guide the embedding
space toward more informative representations. The
primary task is predicting the remaining time, which
is handled through a regression head. The total loss,
which combines the regression loss with the auxiliary
cross-entropy component, is backpropagated jointly,
as illustrated in Figure 1; however, only the regression
output is used during inference.

3.2.1 Problem Formulation
Predictive business process monitoring aims to
forecast the future behavior of ongoing process
executions by leveraging models learned from
historical event data, [13]. This study focuses
specifically on the task of predicting remaining time.

Given a prefix of a case (i.e., a sequence of
activities and associated attributes up to a certain
point), our goal is to predict the remaining time
until the case completes. Formally, we define the
remaining time prediction problem as follows:

Let σ = ⟨e1, e2, ..., en⟩ be a complete trace of
a case, where each event ei includes an activity
name and other attributes. Given a prefix σprefix =
⟨e1, e2, ..., ek⟩ where k < n, the task is to predict
the remaining time RT (ek) = timestamp(en) −
timestamp(ek), which is the time between the last
event in the prefix and the last event in the complete
trace.

3.2.2 Entity Embedding Layer
The entity embedding layer transforms categorical
inputs into dense vector representations. For each
categorical attribute in the event log (such as activity
names, resources, departments), we create a separate
embedding matrix:

Ecati ∈ Rni×d (1)
where ni is the number of unique values for

the categorical attribute i and d is the embedding
dimension.
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The embedding dimension is determined based
on the cardinality of the corresponding categorical
variable, following the heuristic proposed by [9]:

d = min
(
50,

⌊
ni + 1

2

⌋)
(2)

This adaptive sizing ensures that
higher-cardinality variables have more capacity
to represent their semantic space while avoiding
unnecessarily large embeddings for low-cardinality
variables.

3.2.3 Transformer Encoder
The Transformer encoder processes the embedded
sequence to capture temporal dependencies and
relationships between events. Our implementation
follows the architecture proposed by [7], with
modifications tailored to process mining data.

The key components of our Transformer encoder
include:

Multi-head Self-attention : The self-attention
mechanism computes attention scores between all
pairs of positions in the sequence:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (3)

where Q (queries), K (keys), and V (values) are
linear projections of the input embeddings, and dk is
the dimension of the key vectors.

Multi-head attention allows the model to jointly
attend to information from different representation
subspaces:

MultiHead(Q,K, V ) = Concat(head1, ..., headh)WO

(4)
where each headi =

Attention(QWQ
i ,KWK

i , V W V
i ) and the W

matrices are learnable parameters.

Position-wise Feed-forward Networks : After
the attention mechanism, each position in the
sequence is processed by a feed-forward network:

F (x) = max(0, xW1 + b1)W2 + b2 (5)

This allows the model to transform the attention
outputs and introduce non-linearity.

Layer Normalization and Residual
Connections : To stabilize and accelerate
training, we apply layer normalization and residual
connections:

LayerNorm(x+ Sublayer(x)) (6)
where Sublayer(x) represents either the

multi-head attention or the feed-forward network.
The final output of the Transformer encoder

provides contextualized representations for each
position in the sequence, capturing both the sequential
patterns and the interactions between different
categorical attributes.

3.2.4 Auxiliary Classifier and Cross-entropy
Loss

The key innovation of the proposed approach is
the introduction of an auxiliary classification task
specifically designed to guide the learning of entity
embeddings. This auxiliary task predicts the next
activity in the process based on the current prefix.

The auxiliary classifier comprises a softmax layer
that receives the contextualized representation from
the Transformer encoder and produces a probability
distribution over potential subsequent activities:

p(anext|σprefix) = softmax(Wch+ bc) (7)

where h is the hidden representation from the
Transformer encoder, and Wc and bc are learnable
parameters.

The classifier is trained using cross-entropy loss:

LCE = −
C∑
i=1

yi log(pi) (8)

where yi is the genuine label (one-hot encoded)
and pi denotes the expected probability for class i.

This auxiliary job explicitly supervises
the embedding layer, directing it to acquire
representations that encapsulate the process flow
and the interrelations among activities. The model
learns to encode information regarding transition
probabilities and sequential patterns by forecasting
the subsequent activity, which is essential for
estimating remaining time.

3.2.5 Remaining Time Regressor
The primary objective of the presented model is to
forecast the time remaining till case completion. This
is executed via a regression head that utilizes the
contextualized representation from the Transformer
encoder to generate a continuous value:

ŷRT = ReLU(Wrh+ br) (9)
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whereWr and br are learnable parameters, and the
ReLU activation ensures non-negative predictions.

The regression task is trained using mean squared
error (MSE) loss:

LMSE =
1

n

n∑
i=1

(yi − ŷi)
2 (10)

where yi is the true remaining time and ŷi is the
predicted remaining time for instance i.

3.2.6 Joint Optimization
The overall loss is calculated as a weighted aggregate
of the regression and classification losses:

Ltotal = LMSE + α · LCE (11)

where α serves as a hyperparameter that
equilibrates the influence of the two loss components.

The suggested approach enhances representations
of categorical features by simultaneously optimizing
both objectives. The cross-entropy loss directs the
embedding space to encapsulate pertinent semantic
links associated with the process. Conversely, the
regression loss guarantees that these associations
facilitate the prediction of the remaining time.

This learning methodology mitigates a significant
drawback of conventional entity embedding
techniques: the absence of explicit guidance in
acquiring semantic links among categorical values.
We implement a supplementary classification
task utilizing cross-entropy loss to furnish direct
supervision for the embedding layer. This yields
more significant representations for categorical
variables and, thus, more precise estimations of
remaining time.

4 Experiments and Results
Extensive experiments were performed utilizing a
real-world event log dataset to assess the efficacy of
the suggested methodology. This section delineates
the experimental configuration, encompassing the
dataset attributes, preparation methodologies, and
implementation specifics. The experimental findings
are subsequently given and analyzed, contrasting the
performance of the MultiTask Transformer model
with several baseline methods. The assessment
concentrates on two primary elements: the predictive
accuracy of remaining time forecasts, quantified via
conventional error measures, and the efficacy of
the auxiliary classification job in facilitating entity
embedding learning. These experiments aim to
illustrate that integrating the Transformer architecture
with cross-entropy directed entity embeddings yields
substantial enhancements compared to conventional
techniques.

The experiments were conducted using the ”Event
Log Dwelling Time Dataset”, [26], a real-world
dataset from a Container Terminal that tracks the
time from when containers are unloaded from ships
until they leave the port terminal. This dataset was
collected over a 3-month period in 2021 and contains
952,069 events with multiple categorical attributes
(container type, container size, yard block, yard slot,
and document type) along with temporal information.

Following established practices in predictive
business process monitoring [18], several
preprocessing steps were performed. First, 54 rows
withmissing timestamps (0.006% of the dataset) were
removed. Then, for each event, the remaining time
(in minutes) until case completion was calculated by
subtracting the current event’s timestamp from the
case completion timestamp. Significant variance in
the remaining time distribution was observed (mean:
3,208 minutes, std: 88,607 minutes), with extreme
outliers reaching up to 35,250,080 minutes. To
address this, values were clipped to the 0.1 and 99.9
percentiles, resulting in a more balanced distribution
(mean: 2,964 minutes, std: 4,282 minutes). For
sequence modeling, prefixes with lengths ranging
from 1 to 10 events were generated, resulting in
892,966 prefixes. To augment the training data,
variations with small amounts of random noise were
added to the remaining time values, resulting in a
total of 1,594,636 instances. Categorical features
were encoded using both traditional approaches
(one-hot encoding) and entity embeddings to allow
for fair comparison between methods.

To evaluate the predictive performance of models,
two widely used metrics for regression tasks were
employed: Mean Absolute Error (MAE), which
measures the average absolute difference between
predicted and actual remaining time values in
minutes, and Root Mean Square Error (RMSE),
which calculates the square root of the average
squared differences between predicted and actual
values, giving higher weight to larger errors. For the
auxiliary classification task in the proposedmulti-task
model, classification accuracy was additionally
measured, representing the proportion of correctly
predicted next activities.

All models were implemented using PyTorch and
trained on an NVIDIA GeForce GTX 1650 GPU with
4GB of memory. The Adam optimizer was employed
with a learning rate of 0.001. Early stopping was used
to prevent overfitting, with patience set to 10 epochs
for baseline models and 20 epochs for the transformer
model.

Several baseline models were implemented to
evaluate the effectiveness of the proposed approach,
including a basic deep neural network that uses
encoded categorical features directly and a deep
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neural network that uses one-hot encoded categorical
features. This deep neural network utilizes entity
embeddings for categorical features, but without
the transformer architecture or multi-task learning
components, and an extended version of the entity
embedding model that incorporates additional
process-related features.

Figure 4 shows the training and validation loss
curves for our MultiTask Transformer model. The
model demonstrated stable convergence, with both
total loss and component losses (regression and
classification) showing consistent improvement over
the training epochs. Early stopping was triggered
after 62 epochs, indicating that the model had reached
optimal performance.

Fig. 4: Training and validation loss curves for the
MultiTask Transformer model. Source: created by
the authors.

Table 2 presents the performance of all models on
the test set in terms of MAE and RMSE for remaining
time prediction.

Table 2: Experimental Results for the Dwelling Time
Process Event Log in RMSE (minutes) and MAE
(minutes); Source: created by the authors.
Model MAE RMSE
Basic DNN 2,860.74 4,766.08
DNN + One-Hot Encoding 2,779.06 4,926.84
DNN + Entity Embedding 2,756.31 4,925.21
Enhanced DNN + Entity Embedding 2,742.87 4,909.75
MultiTask Transformer 1,414.49 2,954.75

The proposed MultiTask Transformer model
achieved significantly better performance than all
baseline models, with an MAE of 1,414.49 minutes
and RMSE of 2,954.75 minutes. This represents
a 48.4% reduction in MAE and 39.8% reduction
in RMSE compared to the best baseline model
(Enhanced DNN + Entity Embedding). Additionally,
the MultiTask Transformer achieved 93.75%

accuracy in predicting the next activity, validating
the effectiveness of the auxiliary classification task.
This high classification performance suggests that
the model has successfully learned meaningful
representations of process activities, which in turn
contributes to improved remaining time predictions.

The experimental results confirm several key
findings. The consistent improvement observed
from basic encoding to one-hot encoding to entity
embedding validates the hypothesis that better
representations of categorical attributes lead to more
accurate predictions. The substantial performance
gap between the best baseline model and the
MultiTask Transformer demonstrates that the
transformer architecture effectively captures the
temporal dependencies and complex patterns in
process data. The auxiliary classification task
offers significant guidance for the embedding layer,
yielding more substantive representations that
improve the efficacy of the primary regression job.

Moreover, these findings are consistent with
current Transformer-based methodologies in PBPM.
The ProcessTransformer model, presented by [10],
revealed that self-attention mechanisms effectively
capture dependencies in process data. Conversely,
the HiP-Transformer system introduced by [11],
utilized hierarchical encoding to enhance predictive
accuracy. In contrast, our solution incorporates a
multi-task framework with directed entity embedding
learning, offering an alternate strategy for improving
performance in time prediction. Transformer-based
PBPM models demonstrate observed enhancements
and validate that attention-based architectures can
provide substantial advantages in intricate prediction
contexts when augmented by supervisory signals.

These results underscore that incorporating
Transformer-based architectures with supplementary
learning objectives presents a promising avenue for
predictive business process monitoring, especially
with remaining time prediction tasks.

5 Conclusion and Future Work
This study, based on mathematical
equations (1)–(11), introduced a novel method
to predict the remaining time of ongoing business
process instances, combining the strengths of
Transformer models with entity embeddings
enhanced through a supervised learning signal.
At the core of this approach lies an auxiliary
classification task, designed to guide the model
in learning richer representations of categorical
attributes, which represent a common yet challenging
aspect of process data.

Empirical findings from a real-world container
terminal dataset validated the efficacy of this
architecture. The proposed strategy attained a
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48.4% decrease in mean absolute error (MAE) and
a 39.8% decrease in root mean square error (RMSE)
relative to the most robust baseline. Furthermore,
the classification task achieved an accuracy rate of
93. 75%, further strengthening its contribution to
improving the overall learning process.

Three elements underpin these improvements: the
semantic capacity of entity embeddings, the ability
of Transformers to model long-range dependencies
in sequences, and the added supervision from the
auxiliary task that shapes the embeddings during
training. Together, these components form a cohesive
framework that better captures the structure and
dynamics of business processes.

Beyond its predictive performance, the proposed
approach highlights a general strategy for embedding
supervision that could benefit other machine learning
tasks involving structured categorical data.

Future work will focus on outcome prediction and
resource allocation. We also aim to investigate
alternative auxiliary tasks to further enhance
embedding quality and assess the interpretability
of the learned embeddings.

While this study focused on improving embedding
quality through guided supervision, we did not
analyze the impact of embedding dimensionality. A
detailed sensitivity analysis, particularly with and
without guidance, remains an open area for further
investigation.

Finally, we plan to address concept drift to ensure
the model remains effective in dynamic business
environments.
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