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Introduction
In the wave of digital transformation, cloud computing 
has revolutionized enterprise workflow management 
with its flexibility and scalability. By migrating workflow 
activities and data processing to the cloud, enterprises 
have achieved efficient resource integration and utiliza-
tion, but they are also faced with the challenge of man-
aging and optimizing these cloud workflows, [23]. In this 
context, process mining has emerged as a powerful data 
analysis technique. By deeply analyzing event logs, pro-
cess mining reveals process structures, behavioral pat-
terns, and potential issues, providing a scientific basis 
for process optimization, risk control, and efficiency 
improvement. Particularly in cloud environments, where 
workflows are highly dynamic and span multiple organi-
zations, the application of process mining can not only 
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Abstract
With the increasing adoption of cloud infrastructure for workflow process deployment, the workflow process 
remaining time prediction has received more attention due to its significance in improving response time and 
optimizing resource allocation. Event encoding techniques, by capturing the temporal dynamics and contextual 
dependencies of process events, improve the accuracy of workflow process remaining time predictions. However, 
there remains a lack of comprehensive empirical evaluation to analyze the impact of various event encoding 
techniques on prediction accuracy. To fill this gap, this paper conducts an extensive experimental evaluation 
of five state-of-the-art event encoding techniques, including One-Hot, Skip-Gram, CBOW (Continuous Bag-of-
Word), FastText and GloVe, across nine prediction models based on LSTM (Long Short-Term Memory), GRU (Gated 
Recurrent Unit), and QRNN (Quasi-Recurrent Neural Network). The evaluation utilizes eight real-world event logs to 
assess the accuracy of workflow remaining time predictions. The experimental results demonstrate that the GloVe 
encoding technique consistently yields superior prediction accuracy across the majority of prediction models and 
event logs.
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help enterprises better understand and monitor the state 
of their cloud workflows but also support continuous 
process optimization and innovation, [9].

Predictive process monitoring (PPM) is known as 
one of the most important challenging tasks in the pro-
cess mining area, which aims to predict and analyze the 
future executing status of a process instance, e.g., the 
next activity, the remaining time, and the process out-
come, [27, 28]. In general, PPM techniques use histori-
cal data collected by process-aware information systems 
to effectively avoid potential risks including deviations or 
missing bottlenecks, [29]. As a critical task in PPM, the 
main goal of remaining time prediction is to estimate the 
remaining execution time of running process instances 
[3]. Given that cloud services rely heavily on immediate 
response and efficient resource allocation, precise predic-
tion of process remaining time can support enterprises 
to conduct efficient resource scheduling. Moreover, this 
capability enhances service quality and strengthens mar-
ket competitiveness by enabling precise prediction of 
customer demand.

Traditional model-based remaining time prediction 
techniques typically consist of two consecutive steps. 
First, process models (e.g., transition systems and sto-
chastic Petri nets) enriched with performance informa-
tion is first constructed from scratch or discovered from 
event logs, [26, 31]. Then the remaining time of a run-
ning process instance is given with respect to the model. 
In recent years, machine learning and deep learning 
techniques have been increasingly applied in data-based 
remaining time prediction to achieve better accuracy [5, 
6]. Therefore, discrete events need to be transformed into 
real vectors that can be used by deep learning models. 
As indicated in [19], effective event encoding techniques 
may have a positive effect on the prediction accuracy 
of the remaining time by representing the correlation 
between events.

Applying cloud computing techniques in the process 
remaining time prediction task mainly includes the fol-
lowing two challenges: 1) cross-organizational and cross-
regional process data transmission faces the problem of 
privacy leakage; 2) there is a specific temporal order and 
correlation among events in a process instance, which 
may affect the remaining execution time of the process 
instance. To tackle this challenge, event encoding tech-
nique, which contains more event information and can 
effectively express context, is introduced. This paper 
experimentally evaluates the effect of five state-of-the-
art encoding techniques, including One-Hot, Skip-Gram, 
CBOW (Continuous Bag-of-Word), FastText and GloVe, 
together with nine prediction models based on LSTM 
(Long Short-Term Memory), GRU (Gated Recurrent 
Unit), and QRNN (Quasi-Recurrent Neural Network), on 
the remaining time prediction using eight real-life event 

logs. The evaluation results can provide valuable insights 
and guidance for researchers and practitioners to choose 
the most appropriate encoding technique in the remain-
ing time prediction.

In general, the main contributions of this paper are 
summarized as follows:

 	• This paper reveals that event encoding techniques 
can substantially enhance the accuracy of 
workflow remaining time predictions by capturing 
complex temporal dynamics and contextual 
interdependencies inherent in event sequences.

 	• This paper presents an extensive experimental 
evaluation of five state-of-the-art event encoding 
techniques, which have been comprehensively 
assessed across nine various prediction models using 
eight real-world event logs, demonstrating their 
comparative effectiveness in various scenarios.

 	• The experiments demonstrate that the GloVe 
encoding technique consistently yields superior 
prediction accuracy, providing valuable insights 
and guidance for researchers and practitioners to 
choose the most appropriate encoding technique for 
workflow remaining time prediction.

The rest of this paper is organized as follows. Related 
work  section introduces a review of the related work. 
Basic concepts  section describes the basic concepts. 
Workflow process remaining time prediction model sec-
tion details state-of-the-art remaining time prediction 
models. Event encoding techniques  section illustrates 
event encoding techniques. Experimental evaluation sec-
tion conducts empirically experiments using real-life 
event logs. Conclusion  section summarizes this paper 
and presents further research directions.

Related work
This section briefly reviews existing work on work-
flow process remaining time prediction and encoding 
techniques.

Workflow process remaining time prediction
The existing remaining time prediction approaches can 
be divided into three categories, including model-driven, 
data-driven, and model-data-driven.

Model-driven approaches construct process models 
by event logs or domain experts to predict the process 
remaining time. For example, van der Aalst et al. propose 
a remaining time prediction method based on a transi-
tion system, which aims to mine the transition system 
model from event logs to efficiently record the different 
possible states of process instances, [29]. Then, the time 
in each state is marked to predict the remaining time. 
Rogge-Solti et al. mine stochastic Petri nets from event 
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logs, which are used to simulate the currently executing 
process instances for predicting remaining time [25]. The 
prediction results of these model-driven approaches are 
relatively easier to understand, but their prediction accu-
racy needs to be improved.

Data-driven approaches use machine learning tech-
niques to predict the remaining time. Verenich et al. 
firstly cluster all process instances, and construct the 
remaining time prediction model according to the clus-
tering results [30]. Van Dongen et al. predict the pro-
cess remaining time by establishing a regression model 
[8]. Folino et al. combine data and clustering to further 
enhance the model-building ability for remaining time 
prediction [10]. The prediction accuracy of these data-
driven approaches is higher than that of model-driven 
approaches. At present, new techniques in deep learning 
are increasingly applied to predictive process monitor-
ing, which is the mainstream research direction. Tax et 
al. apply an LSTM neural network for business process 
prediction, thereby improving prediction accuracy [27]. 
Bukhsh et al. use the Transformer model for remaining 
time prediction, incorporating both activity and time 
attributes as inputs, which demonstrates the advantages 
of this advanced model [2]. However, most of these meth-
ods tend to learn highly complex models, which are often 
difficult to interpret. To address this issue, Guo et al. 
introduce a cascade prediction framework that enhances 
remaining time prediction by establishing correlations 
between input features and their impact on prediction 
outcomes [12]. Additionally, Cao et al. develop a remain-
ing time prediction model based on gated RNNs, which 
improves model interpretability by constructing a reach-
ability graph [4].

Model-data-driven approaches combine data with the 
process model and use machine learning to improve 
remaining time prediction accuracy, which address the 
drawbacks of relying excessively on either data or the 
process model alone. Polato et al. construct a prime 
Bayesian classification model for process states in a per-
ceptually transition system to predict remaining time, 
[24]. Verenich et al. use a process tree to describe the 
workflow process, and train regression models at each 
process node to predict the remaining time, [30]. How-
ever, model-data-driven approaches usually complicate 
the overall prediction algorithm.

Encoding
Encoding techniques can be effectively applied to PPM to 
further analyze the event log. Encoding aims to convert 
discrete events into low-dimensional real number vec-
tors, which can be used as inputs to deep learning mod-
els. Leontjeva et al. propose a complex sequence encoder 
based on indexing and Hidden Markov, which encodes 
the activity sequence in a process trace as a symbol 

sequence to improve the prediction accuracy, [18]. As the 
developing of natural language processing, Koninck et al. 
apply Word2vec and Doc2vec to process feature learn-
ing, [17], and Hake et al. combine Word2vec with neu-
ral networks to label each process model node by word 
embedding, [13]. Recently, Goyal et al. propose a graphic 
information encoding technique, which use graphs to 
represent process models, [11]. More specifically, it 
replace nodes and edges in the graph with activities and 
direct following relationships in the workflow process. 
In addition, graphic encoding can provide new possibili-
ties for analyzing processes, such as capturing graphical 
structure and discovering similarities between different 
process models. Although various encoding techniques 
are applied to PPM, it is particularly important to choose 
the appropriate encoding technique for different event 
logs and deep models. However, there is no systematic 
empirical evaluation to quantitatively evaluate the influ-
ence of different encoding techniques on the remaining 
time prediction accuracy.

Basic concepts
Cloud computing
Cloud computing has emerged as a prominent com-
puting paradigm, leveraging virtualization technolo-
gies to provide scalable and flexible resources on a 
pay-as-you-go basis. The fundamental characteristics 
of cloud computing include resource pooling, which 
facilitates efficient sharing and utilization of resources, 
elastic scalability that allows dynamic adjustments 
based on business needs, and robust security that 
ensures reliable data protection and business conti-
nuity. With these advantages, many enterprises prefer 
leasing infrastructure from Cloud Service Providers 
(CSPs) rather than establishing and maintaining their 
own local server infrastructure, thereby mitigating 
operational overhead and complexity.

As depicted in Fig.  1, cloud computing encompasses 
several critical stages. Users submit tasks to the cloud 
platform, which provisions and allocates the required 
resources based on the specific requirements of the tasks, 
ensuring efficient deployment and execution. During the 
execution phase, the cloud system continuously monitors 
performance metrics to guarantee successful task com-
pletion. Upon task completion, the results are aggregated 
and returned to the user, and the allocated resources are 
swiftly released to optimize overall resource utilization.

Event log
Definition 1 (Event). Event is an execution step of activ-
ity in the workflow system, which can be expressed 
as a tuple e = {caseid, a, time, p{1,2,...,n}}. Among 
them, caseid marks a process instance, a is the activity 
of the event, time is the execution time of the event by 
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subtracting the end time of the event (endtime) and the 
start time of the event (starttime), p{1,2,...,n} represent 
other attributes.
Definition 2 (Trace). Trace is a finite sequence of events, 
which can be expressed as σ = {e1, e2, · · · ,e|σ|}. The  
execution time of trace is σtime = σendtime − σstarttime.
Definition 3 (Trace Prefix). Trace prefix refers 
to the first k events in the trace σ, expressed as 
σ(k) ⊆ {e1,e2, · · · ,ek}. Trace prefix remaining time 
RT

(
σ(k)) = σendtime − ek,endtime.

Definition 4 (Process Instance). Process instance refers 
to the complete execution of the business from the begin-
ning to the end, which can be expressed as a triplet 
z = {Cid, σ, P{1,2,...,m}}. Among them, P{1,2,...,m} rep-
resents other attributes in the process instance. In gen-
eral, σ(1) is the start event in the process instance, and 
σ(|σ|) is the end event in the process instance.
Definition 5 (Event Log). Event Log is a set of process 
instances, which records the workflow system execution 
and is denoted as L = {σ1, σ2, . . . , σ|u|}.

Workflow process remaining time prediction
Figure  2 provides an overview of workflow process 
remaining time prediction in cloud computing, includ-
ing event encoding, remaining time prediction, and 
comparative evaluation three pivotal components. 
Specifically, the business processes in the cloud com-
puting environment are recorded in detail by the sys-
tem to form event logs. Subsequently, these event logs 
are transformed into event vectors by diverse encod-
ing techniques. These event vectors are used as inputs 
of the prediction model to predict the remaining time 
of the business process. Finally, the effect of diverse 

encoding techniques on the business process remain-
ing time prediction is evaluated. This section intro-
duces event encoding, dataset construction, model 
training, and prediction in detail.

According to Definition  1, the event is composed of 
the activity and other attributes. In this paper, the activ-
ity and the execution time are used to achieve the event 
encoding. The execution time needs to be discretized 
according to different activities to refine the time range. 
The execution time of event e after discretization is as 
below.

	

Execution_Time(e)

=
⌊

Time(e) − Timemin(e, a)
Timemax(e, a) − Timemin(e, a)

• N

⌋
� (1)

As shown in Eq. (1), Time(e) represents the execu-
tion time of event e, the activity performed by event e 
is recorded as a, Timemax(a) and Timemin(a) rep-
resent the longest and shortest execution time of the 
activity a in the event log. N represents the number of 
discrete classifications, and this paper sets N to 10 as 
default. Then, the activity in the event is spliced with 
Execution_Time(e) to obtain the event representation 
θ

<a,Execution_T ime(e)> ⊂ R.
The remaining time prediction task using deep learn-

ing models consists of two critical phases that are train-
ing and prediction. The training phase aims to fully use 
the historical process instances set in the event logs to 
construct the remaining time prediction model f, and the 
prediction phase aims to effectively predict the remaining 
time of the ongoing process instances (i.e., trace prefixes) 
using the prediction model f.

Fig. 1  The process of cloud computing
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However, the event log should be converted into a 
dataset that the deep learning models can utilize, and the 
dataset is established according to different trace prefix 
lengths, as shown in Eqs. (2) and (3).

	

D{1,2,··· ,(len(σ)−k)}

=
{

σk, RT
(

σ(k)
)

|k < len (σ) , σ(k) ∈ L
}� (2)

	 Dk = D1
∪

D2
∪

· · ·
∪

D(len(σ)−k)� (3)

Equation (2) is to traverse every trace in the event log, and 
intercept the trace within the length of k ∈ [kmin, kmax]. 
A trace prefix and its corresponding remaining time are 
obtained as a sample. Equation (3) assembles all samples 
to form the dataset Dk.

The training phase is to learn the remaining time pre-
diction model f based on the generated dataset Dk. 
Moreover, the regular term is used to overcome over-fit-
ting, as shown in Eq. (4).

	
f∗ = argmin

f∈F

∑
σ(k)∈Dk

(f (σ) − t)2 + Ω (f)� (4)

Workflow process remaining time prediction 
model
Quasi recurrent neural network
Due to the advantages of Recurrent Neural Network 
(RNN) in processing sequential data, many researchers 
applied its common variants, Long Short-Term Memory 
(LSTM) and Gated Recurrent Unit (GRU), to the remain-
ing time prediction task, and achieved better prediction 
accuracy than traditional approaches, [22].

LSTM can solve the problems of RNN gradient disap-
pearance and gradient explosion, [14]. LSTM neuron is 
calculated as follows.

	 (ht, Ct) = LSTM(xt, ht−1, Ct−1)� (5)

As shown in Eq. (5), xt is the input at time t, Ct−1, Ct, 
ht−1, ht represents the cell state and output at time t−1 
and t.

GRU is simplified based on the LSTM. GRU changes 
the input gate, forget gate, and output gate of LSTM to 
reset gate and update gate, which not only preserves 
the LSTM characteristics, but also further improves the 
speed of network training, [7]. The GRU neuron is calcu-
lated as follows.

Fig. 2  Workflow process remaining time prediction in cloud computing
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	 ht = GRU(xt, ht−1)� (6)

However, both LSTM and GRU rely on the output 
of the previous time step when calculating the cur-
rent time step, resulting in a longer computation time 
and difficulties in processing long sequence data. The 
Quasi-Recurrent Neural Network (QRNN) addresses 
this issue by using a neural sequence modeling method 
with alternating convolutional layers to achieve parallel 
processing of sequence data, [1]. QRNN includes two 
essential modules, i.e., convolution and pooling layers. 
When sequence data X = (x1, x2, . . . , xT ) is used as 
the input to the convolution layer, it is convolved in the 
time dimension using filters of number m and width d, 
producing a new sequence Z = (z1, z2, . . . , zT ). If the 
filter width d in the convolutional layer is changed to 
the variable parameter h, the width of zt  obtained after 
feeding the sequence data into the convolutional layer 
is xt−h+1 ∼ xt . As the filter width increases, more 
n-gram features can be computed. After obtaining the 
output of the convolutional layer, the pooling layer is 
used to extract feature information from the output, 
thereby reducing the number of features. QRNN neu-
ron is calculated as follows.

	 (ht, Ct) = QRNN(X, Ct−1)� (7)

Remaining time prediction models based on attention and 
bidirectional mechanisms
To make better use of the relationship between events in 
the trace prefix, the bidirectional mechanism and atten-
tion mechanism are integrated into the LSTM, GRU, 
and QRNN (denoted as Bi-LSTM, Att-Bi-LSTM, Bi-
GRU, Att-Bi-GRU, Bi-QRNN, Att-Bi-QRNN), to further 
improve the remaining time prediction accuracy. The 
application details of the two mechanisms in the remain-
ing time prediction model are as follows.

Context encoding based on bidirectional mechanism
Bi-LSTM, Bi-GRU, and Bi-QRNN consist of forward 
and reverse LSTM, GRU, and QRNN layers, respectively. 
The hidden vectors output by the forward LSTM, GRU, 
and QRNN are 

−−−−−−→
ht_LST M ,

−−−−−→
ht_GRU ,

−−−−−−→
ht_QRNN , and the 

hidden vectors output by the reverse LSTM, GRU, and 
QRNN are 

←−−−−−−
ht_LST M ,

←−−−−−
ht_GRU ,

←−−−−−−
ht_QRNN . The context 

encoding obtained by separately splicing the two mod-
ules is as follows.

	 ht_LST M = (
−−−−−−→
ht_LST M ,

←−−−−−−
ht_LST M )� (8)

	 ht_GRU = (
−−−−−→
ht_GRU ,

←−−−−−
ht_GRU )� (9)

	 ht_QRNN = (
−−−−−−→
ht_QRNN ,

←−−−−−−
ht_QRNN )� (10)

Trace encoding based on attention mechanism
After obtaining the context encoding for each time step 
of trace prefixes, the attention mechanism is used to 
learn the weight of each event, resulting in the final out-
put. The calculation formula is as follows.

	
v =

∑
t=1

at · ht_LST M , ht_GRU , ht_QRNN � (11)

As shown in Eq. (11), at represents the weight of the con-
text encoding at time t, reflecting the importance of the 
event at time t to the remaining time prediction.

Event encoding techniques
In natural language processing, high-quality encoding 
techniques can significantly impact the training effec-
tiveness of deep learning models. Therefore, the concept 
of pre-training is proposed to provide pre-trained word 
vectors for these models. Similarly, every event involved 
in a workflow process can be regarded as a word in natu-
ral language, implying that the quality of event encoding 
may affect the accuracy of remaining time prediction. To 
explore the influence of encoding techniques on remain-
ing time prediction, this section introduces five different 
encoding techniques for encoding events.

One-Hot
One-Hot encoding is a common technique for encoding 
discrete data to adapt to the input of deep learning model. 
However, the shortcoming is that dimensional explosion 
can easily occur if the feature space further increases due 
to many categories. In addition, the semantic gap exists 
in One-Hot encoding, which means the event encoding 
cannot reflect the correlation between events.

Word2Vector
Word2Vector, [21], proposed by Mikolov, is an approach 
that can quickly train word vectors. It can predict words 
with strong correlations to given words, effectively over-
coming the problems of dimensional explosion and 
semantic gap in One-Hot encoding. Word2Vector can be 
classified into two types, i.e., CBOW (Continuous Bag-
of-Word) model and Skip-Gram (Continuous Skip-gram) 
model.

CBOW
The idea of CBOW model-based events encoding is to 
use contextual events to predict the current event, thus 
showing the similarity of adjacent events in process 
instances. The input layer of the CBOW model is the 
binary vector θcon of contextual events, the interception 
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window size of contextual events is set to 2 in this paper. 
The contextual event vector is multiplied with the cor-
responding weight matrix WV ×N  between the input and 
the hidden layer, and then the hidden layer vector hout is 
obtained by weighted average. Then, the hidden layer vec-
tor hout will be multiplied with the weight matrix W

′

V ×N  
between the hidden layer and the output layer, and the 
predicted event probability distribution p is obtained by 
Softmax function (a normalization operation).

	
hout = 1

c
WV ×N ·

(
c∑

j=1

θj

)
� (12)

	
p = Softmax

(
hout · W

′

V ×N

)
� (13)

Skip-Gram
The basic idea of Skip-Gram model-based event encod-
ing is quite similar to CBOW model-based event encod-
ing. However, the difference is that the Skip-Gram model 
uses the current event to predict contextual events. The 
input layer of the Skip-Gram model is the One-Hot 
encoding vector θcur  of the current event. When the 
input weight matrix is W

′

V ×N , the current encoding vec-
tor is multiplied by the weight W

′

V ×N  and weighted aver-
age to obtain the hidden vector hout. Then, the hidden 
vector hout is subsequently multiplied with the weight 
matrix WV ×N  between the output layers, and the con-
textual event probability distribution p′ to be predicted is 
obtained by Softmax function.

	
hout = sum

(
θ · W

′

V ×N

)
� (14)

	 p′ = Softmax(hout · WV ×N )� (15)

FastText
FastText, [16], proposed by Mikolov, is a new text clas-
sification algorithm that followed Word2Vector. Its struc-
ture is similar to CBOW, but the key difference is that the 
FastText model inputs all events and their n-gram fea-
tures to predict their corresponding labels. More specifi-
cally, the central role of the n-gram feature is to optimize 
and refine the relationship between event sequences, 
[20]. The n-gram feature is mapped to the hidden layer 
after linear transformation, where it is then weighted and 
averaged. The category label of each event is obtained in 
the output layer using the Softmax function.

In addition, FastText uses a hierarchical Softmax 
method based on Huffman trees to reduce computa-
tional complexity. This method mainly uses the fre-
quency of different categories as weights to build 

the Huffman tree, with each leaf node representing a 
label. The more frequently a label appears, the shorter 
its path in the Huffman tree. If the depth of a node is 
d+1, its parent nodes are S1, S2, . . . , Sd , calculated as 
shown in Eq. (16).

	
P (Sd+1) =

d∑
j=1

P (Sj)� (16)

GloVe
GloVe, [15], is proposed based on Word2Vector. Its basic 
idea is to decompose the word co-occurrence matrix 
and use the local context window to train the word vec-
tor model. Compared with Word2Vector, GloVe uses 
global word frequency statistics to obtain dense vectors 
of words, which can accurately reflect semantic infor-
mation. Additionally, when measuring word-to-word 
similarity, GloVe calculates either cosine similarity or 
Euclidean distance. The implementation of event encod-
ing using GloVe includes three steps as follows.

Step 1: The co-occurrence matrix X is constructed 
based on the events extracted from the event logs. In the 
co-occurrence matrix X, θij  represents the number of co-
occurrence of event θi and its contextual event θj  under 
the fixed context window size. According to the distance 
between two events in the context window, the corre-
sponding weight is obtained by calculating the decay rate, 
that is, the correlation degree of events.

Step 2: The approximate relationship between the event 
vector and the co-occurrence matrix X is established, and 
the calculation process is as follows.

	 θT
i θ̃j + bi + b̃j = logθiθj � (17)

As shown in Eq. (17), θT
i  represents the transpose vec-

tor of the contextual event θi. θ̃j  represents the vector of 
the current event θj , bi and b̃j  represents the event vector 
bias.

Step 3: The loss function is built according to Eq. 
(17). The basic idea is to construct residual least square 
method, in which the difference is calculated by co-
occurrence matrix and event vector, and different co-
occurrence matrix event vectors have different weights.

	
J =

R∑
i,j

f (θij)
(
θT

i θ̃j + bi + b̃j − log (θij)
)
� (18)

As shown in Eq. (18), R represents the number of events 
in the trace. f represents the weighting function. When 
the co-occurrence matrix X reaches the minimum value 
after being computed by the loss function J, the final 
event vector is obtained.
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Experimental evaluation
This section shows the experimental setup and results 
analysis using eight real-life event logs. Our approach 
is implemented in Pytorch framework. The source code 
of our implementation and all experimental results are 
available1. The computer configuration used is: PC Intel 
Core i5-10400F 2.90 GHz, NVIDIA GeForce RTX 2070 
SUPER environment.

Datasets
Eight real-life event logs from 4TU Center for Research 
are used in our experiments, i.e., BPIC_2012_A, 
BPIC_2012_O, BPIC_2012_W2, Helpdesk3, Hospi-
tal_Billing4, Sepsis_Cases5, Prepaid_Travel_Costs6 and 
Order7. These event logs come from different fields, such 
as financial institutions, software companies and medi-
cal systems. The detail information is shown in Table 1. 
It can be seen that these event logs cover business pro-
cesses with different data scales and complexity, which 
can comprehensively evaluate the effectiveness of event 
encoding techniques applied in this paper.

Experimental setting
In this experiment, Mean Absolute Error (MAE) is used 
as the evaluation measure for the workflow process 
remaining time prediction model, which calculates the 
absolute value of the difference between the predicted 
value f

(
σ(k)) and the actual value RT

(
σ(k)) of trace 

prefixes σ(k). The lower the MAE value, the higher the 
prediction accuracy. The calculation process is shown as 
below.

	
MAE (f) =

∑

((σ(k),RT(σ(k)))∈Dk)

∣∣∣f
(

σ(k)
)

− RT
(

σ(k)
)∣∣∣�(19)

1 ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​g​n​8​7​​4​6​​8​2​0​​0​3​/​​E​v​e​n​​t​-​​E​n​o​d​i​n​g​-​E​v​a​l​u​a​t​i​o​n
2 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​2​1​​/​u​​u​i​d​​:​3​9​​2​6​d​b​​3​0​​-​f​7​​1​2​-​​4​3​9​4​​-​a​​e​b​c​-​7​5​9​7​6​0​7​0​e​9​1​f
3 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​2​1​​/​u​​u​i​d​​:​0​c​​6​0​e​d​​f​1​​-​6​f​​8​3​-​​4​e​7​5​​-​9​​3​6​7​-​4​c​6​3​b​3​e​9​d​5​b​b
4 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​2​1​​/​u​​u​i​d​​:​9​1​​5​d​2​b​​f​b​​-​7​e​​8​4​-​​4​9​a​d​​-​a​​2​8​6​-​d​c​3​5​f​0​6​3​a​4​6​0
5 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​2​1​​/​u​​u​i​d​​:​0​c​​6​0​e​d​​f​1​​-​6​f​​8​3​-​​4​e​7​5​​-​9​​3​6​7​-​4​c​6​3​b​3​e​9​d​5​b​b
6 ​h​t​t​p​​s​:​/​​/​d​o​i​​.​o​​r​g​/​​1​0​.​​4​1​2​1​​/​u​​u​i​d​​:​5​d​​2​f​e​5​​e​1​​-​f​9​​1​f​-​​4​a​3​b​​-​a​​d​9​b​-​9​e​4​1​2​6​8​7​0​1​6​5
7 ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​g​​/​​1​0​​.​4​1​​​2​1​​/​u​​​u​i​d​:​​0​f​0​​9​a​​​7​f​f​​-​​3​b​​a​8​-​​​4​a​​c​d​​-​9​4​5​1​-​1​e​3​f​3​2​e​e​3​1​f​3

To verify the impact of encoding techniques on the pro-
cess remaining time prediction task, the event vectors 
generated by five encoding techniques (i.e., One-Hot, 
Skip-Gram, CBOW, FastText and GloVe) are used as the 
input of nine prediction models (i.e., LSTM, Bi-LSTM, 
Att-Bi-LSTM, GRU, Bi- GRU, Att-Bi-GRU, QRNN, Bi-
QRNN, and Att-Bi-QRNN). The experimental results 
of remaining time prediction models are obtained by 
5-fold cross-validation. The basic parameters of encod-
ing techniques and prediction models are also adjusted 
for obtaining high-quality event vectors: (1) The dimen-
sions of the input event vector: {3, 5, 300}; (2) Learning 
rate: {0.0025, 0.005, 0.001}; (3) Epoch: 200; (4) Batch size: 
{8, 16, 32, 512}; and (5) Optimization algorithm: Adam.

Results of encoding techniques on the remaining time 
prediction
To verify the influence of event encoding techniques on 
the remaining time prediction accuracy, the test is car-
ried out on eight event logs. The experimental results are 
shown in Fig.  3, where Encoding_Avg represents the 
average MAE value measured by all prediction models 
using a specific event encoding technique. The One-Hot 
encoding is used as the baseline technique because it 
cannot reflect the relationship between events.

As shown in Fig.  3, compared with One-Hot, the 
other four event encoding techniques all improve 
remaining time prediction accuracy in eight event 
logs with different data scales. This indicates that they 
can represent the relationships between events more 
effectively and provide the prediction model with 
more abundant input information by mapping adja-
cent events to similar positions in the vector space. 
Meanwhile, it also shows that these encoding tech-
niques are scalable in large data scales. Furthermore, 
the Encoding_Avg of FastText event encoding tech-
nique is lower than that of Skip-Gram and CBOW, 
demonstrating that FastText fully considers the char-
acteristics of n-grams and uses hierarchical Softmax 
to find the maximum event probability label, thereby 
obtaining a better event representation vector. Com-
pared with Skip-Gram, CBOW, and FastText based 

Table 1  Event log basic information statistics
Datasets Traces Variants Events Activities Traces Length

Max traces length Min traces length
BPIC_2012_A 13087 4457 73022 10 10 3
BPIC_2012_O 5015 1819 41728 7 39 4
BPIC_2012_W 9658 2465 147450 6 153 1
Helpdesk 3804 1393 13710 9 14 1
Hospital_Billing 100000 1020 451359 18 217 1
Sepsis_Cases 1050 846 15214 16 185 3
Prepaid_Travel_Costs 2099 202 18246 29 21 1
Order 1000 9 6358 8 8 6

https://github.com/gn874682003/Event-Enoding-Evaluation
https://doi.org/10.4121/uuid:3926db30-f712-4394-aebc-75976070e91f
https://doi.org/10.4121/uuid:0c60edf1-6f83-4e75-9367-4c63b3e9d5bb
https://doi.org/10.4121/uuid:915d2bfb-7e84-49ad-a286-dc35f063a460
https://doi.org/10.4121/uuid:0c60edf1-6f83-4e75-9367-4c63b3e9d5bb
https://doi.org/10.4121/uuid:5d2fe5e1-f91f-4a3b-ad9b-9e4126870165
https://doi.org/10.4121/uuid:0f09a7ff-3ba8-4acd-9451-1e3f32ee31f3
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on local corpus, the GloVe event encoding technique 
based on global corpus, achieves the best results. This 
is because GloVe builds a co-occurrence matrix by a 
sliding window, which fully captures global process 
information. This global context helps GloVe to better 
represent the dependencies between events in work-
flow processes, which is crucial for accurate remain-
ing time prediction. However, there is an exceptions, 
i.e., the Att-Bi-LSTM model of the Sepsis_Cases log. 
One possible explanation is that the Sepsis_Cases log 
contains many variants and has a relatively small data 
scale, which may impact the stability of model training. 
To sum up, GloVe is more suitable for predicting the 

process remaining time among the five event encoding 
techniques evaluated.

For prediction models, the Encoding_Avg of QRNN 
is lower than that of LSTM and GRU across all event logs, 
indicating that QRNN is more suitable for the remaining 
time prediction task. After integrating the bidirectional 
and attention mechanisms, the MAE value of the predic-
tion model decreases to varying degrees. This is because 
the bidirectional and attention mechanisms enhance the 
context and focus on important information, thereby 
improving prediction accuracy. Among all prediction 
models, the Att-Bi-QRNN prediction model achieves the 
lowest MAE value, verifying its superiority.

Fig. 3  Results of different encoding techniques in remaining time prediction
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Based on the experimental results and the above analy-
sis, the exploration conclusions are as follows.

 	• Compared with other event encoding techniques, 
GloVe event encoding has the greatest improvement 
on the prediction accuracy, so it is considered to be 
more suitable for the remaining time prediction task.

 	• For different prediction models, the combination of 
GloVe event encoding technique and Att-Bi-QRNN 
prediction model realizes the minimum MAE. 
Therefore, this combination is more suitable for the 
remaining time prediction task.

To further illustrate the influence of event encoding on 
the semantic correlation between events, the event vec-
tors obtained by FastText and GloVe are visualized using 
the BPIC_2012_O event log as an example. The results 
are shown in Fig. 3. In this experiment, the event vector 

dimension is set to 5, and the window size is set to 2. 
Additionally, principal component analysis is performed 
to ensure the presentation on a 2-dimensional plane.

In Fig. 4, events are represented using the activity name 
and the discrete value of execution time, and events of the 
same activity are marked with the same color. The dis-
tance between every two events indicates their correla-
tion. As can be seen from Fig.  4, after being encoded by 
event encoding techniques, some events appear to be 
clustered. For instance, there is a trace of the event log ⟨
SELECTED_7, CREATED_8, SENT_8, SELECTED_5, 
CANCELLED_7, CREATED_5, SENT_5, SENT_BACK_6, 
ACCEPTED_0⟩. Where events SENT_8, SELECTED_5, 
CANCELLED_7, SENT_BACK_6, ACCEPTED_0 are clus-
tered in brown boxes, events SELECTED_7, CREATED_8 
are clustered in red boxes, and events CREATED_5 and 
SENT_5 are clustered in purple boxes. Accordingly, the 
clustering relationship basically reflects the existence of a 

Fig. 4  The diagram of event vector visualization
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correlation between events which is also consistent with the 
semantic relationship of events.

Results of encoding techniques training time
This section tests the training time of different event 
encoding techniques on eight event logs, and the results 
are shown in Table 2. In the experiments, the same 
parameter settings are used for each event encoding 
technique: (1) Number of iterations: 200; (2) Learning 
rate: 0.1; (3) Batch size: 32; (4) Event vector dimension: 
300.

The selection of event encoding techniques not only 
considers the influence on prediction accuracy but also 
takes into account the time performance. Since One-Hot 
encoding is simple and does not require training, Table 
2 only shows the training time of the other four event 
encoding techniques. It can be seen that GloVe has the 
shortest training time across all event logs, demonstrat-
ing its superiority in time performance. However, there 
are two exceptions, i.e., Hospital_Billing and Prepaid_
Travel_Costs event logs. The possible explanation is that 
these two event logs have a large number of activities and 
large data scale, which leads to a long calculation time 
of the co-occurrence matrix. Overall, the GloVe event 
encoding technique has advantages in both impact on 
prediction accuracy and training time, making it effec-
tively suitable for workflow process remaining time pre-
diction tasks.

Conclusion
This paper mainly combines different remaining time 
prediction models and event encoding techniques to 
evaluate the impact of different encoding techniques on 
the remaining time of workflow processes, so as to better 
apply them to cloud workflow processes. Using the event 
vectors obtained by different event encoding techniques 
as the input of the prediction models, the remaining time 
prediction effect obtains different degrees of improve-
ment, which indicates that high-quality event encoding 
helps to capture the correlation between process events.

The application of event encoding techniques can 
improve the prediction accuracy of remaining time, but 
there is still a lack of effective approaches to determine 
the encoding dimension for different workflow processes. 
Additionally, more event encoding techniques and event 
attribute information should be considered. Therefore, 
our future work focus on expanding the application of 

advanced event encoding techniques in process pre-
diction and exploring methods to provide appropriate 
encoding dimensions for different workflow processes.
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