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Abstract—In this paper, we propose a novel predictive process
monitoring approach, named JARVIS, that is designed to achieve
a balance between accuracy and explainability in the task of
next-activity prediction. To this aim, JARVIS represents different
process executions (traces) as patches of an image and uses this
patch-based representation within a multi-view learning scheme
combined with Vision Transformers (ViTs). Using multi-view
learning we guarantee good accuracy by leveraging the variety of
information recorded in event logs as different patches of an image.
The use of ViTs enables the integration of explainable elements
directly into the framework of a predictive process model trained
to forecast the next trace activity from the completed events in a
running trace by utilizing self-attention modules that give paired
attention values between two picture patches. Attention modules
disclose explainable information concerning views of the business
process and events of the trace that influenced the prediction. In ad-
dition, we explore the effect of ViT adversarial training to mitigate
overfitting and improve the accuracy and robustness of predictive
process monitoring. Experiments with various benchmark event
logs prove the accuracy of JARVIS compared to several current
state-of-the-art methods and draw insights from explanations re-
covered through the attention modules.

Index Terms—Adversarial training, attention, computer vision,
deep learning, multi-view learning, predictive process monitoring,
vision transformers, XAI.

I. INTRODUCTION

PREDICTIVE Process Monitoring (PPM) techniques al-
low the extraction of smart knowledge from historical,

raw event data of business processes, in order to enable the
prediction of future states (e.g., next-activity, completion time,
outcome) of a process execution given its running trace and raw
event data of historical traces as inputs.

Over the past five years, the predominance of deep learning
in predictive modeling has been increasingly assessed in PPM
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systems. Several deep neural networks, e.g., LSTMs [1], [2], [3],
CNNs [4], [5], GANs [6] and Autoencoders [7], have recently
contributed to gaining accuracy into PPM systems thanks to their
capability to learn accurate deep neural models that can enable
proactive and corrective actions to improve process performance
and mitigate risks. However, deep neural networks generally
learn opaque models implicitly represented in form of a huge
number of numerical weights that are difficult to explain due
to the complexity of the network structure. The opacity of deep
neural models is acceptable as long as accuracy was the domi-
nant criterion for assessing the quality of PPM systems. Despite
the priority of PPM systems today is still to provide accurate
predictions of future states of running traces, easier-to-explain
predictive models are becoming increasingly desirable in PPM
applications.

The explainability of predictive models refers partially to how
easily humans may comprehend their underlying assumptions
and reasoning. Explanations may disclose measurable factors on
which trace characteristics influence the prediction of a future
state of a running trace and to what extent. Explaining the effect
of certain trace characteristics on trace predictions can contribute
to translating predictions into some domain knowledge and
allow PPM systems to better benefit from the trust of process
stakeholders. Recent studies [8], [9], [10] have investigated the
use of existing XAI (eXplainable AI) methods to explain opaque
PPM models. However, model explainability in the context of
deep learning-based PPM systems is yet underexplored.

To bridge the gap between accuracy and explainability in PPM
models, in this paper, we propose a novel method for predicting
the next-activity of a running trace. The proposed method, called
JARVIS (Joining Adversarial tRaining with VISion transform-
ers in next-activity prediction), combines adversarial training
with Vision Trasformers (ViT) [11] to achieve a valid balance
between the accuracy and the explainability of the model. Ex-
plainability is achieved thanks to the adoption of a ViT, i.e.,
a deep neural architecture composed of multiple self-attention
layers that implement an attention mechanism to differentiate
the significance of each part of the input sequence of data, thus
providing a form of explanation of the model behavior in terms
of most informative inputs. Accuracy improvement is faced
via adversarial training [12] which incorporates perturbed (i.e.,
adversarial) inputs into the training process, in order to mitigate
overfitting and improve generalization [13]. Moreover, boosted
by our recent results [3], we also adopt multi-view learning [14],
which consists in learning with multiple sources (views) of event
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information (e.g., activity, resource, timestamp, cost) to improve
the generalization performance. Specifically, in JARVIS events
are seen as multiple views of the same running trace, and this
enables handling multiple characteristics of a trace.

Another key feature of JARVIS is a novel representation of
running traces as images. Specifically, each view of a trace is
encoded as a separate image patch (i.e., a square-shaped region
within an image) that encodes the sequence of embedded events
in the view. The embedding representation of events in each
view is derived by accounting for neighbour information of each
event in the running trace (i.e., view information of events that
precede the considered event in the running trace). Notably, this
image representation differs from the ones adopted in [4], [5]
which lose information about the order of trace events due to an
aggregation step. In addition, the novel representation proposed
in JARVIS allows the embedding of raw event data belonging
to any view. It also differs from the imagery representation
introduced in [15] that represents full traces populated with
partially labeled events and is used to predict the completion time
of a target event within a full trace by accounting for attributes of
all events in the trace and completion times of events preceding
the target one. Conversely, the imagery representation adopted
in JARVIS is used to predict the next-activity of the running
trace without having any information on the next event.

In short, the contributions of this paper are as follows.
� The formulation of a novel multi-view learning approach

that performs an image-like engineering step to represent
running traces as image patches and trains a ViT model
for next-activity prediction, in order to learn relationships
between multiple input views and provide explainability in
form of attention of the model on significant inputs.

� The use of attention maps of ViT models as a form of
explanation to disclose the effect that specific views and
intra-view events (i.e., characteristics of trace events in a
specific view) may have on the PPM model’s reasoning.

� The exploration of adversarial training as a learning strat-
egy to mitigate overfitting and improve ViT model gener-
alization.

� The presentation of the results of an in-depth evaluation
examining the ability of our approach to achieve accuracy
comparable to competitive deep learning-based approaches
drawn from the recent literature on PPM systems, as well
as the accuracy of the proposed learning components.

The paper is organized as follows. Section II overviews recent
advances of PPM literature in the next-activity prediction of
business processes and XAI. Preliminary concepts are reported
in Section III, while the proposed JARVIS approach is described
in Section IV. The experimental setup is illustrated in Section V.
The results of the evaluation of the proposed approach are dis-
cussed in Sections VI and VII, regarding accuracy and explain-
ability, respectively. Finally, Section VIII recalls the purpose of
our research, draws conclusions, and illustrates possible future
developments.

II. RELATED WORK

The JARVIS approach proposed in this paper is a deep
learning-based method that resorts to a trace engineering step to

represent running traces as image patches and neural attention
mechanisms for yielding next-activity predictions of running
traces equipped with explainability. Therefore, the literature
overview is organized on two fronts: on one side, we focus
on recent PPM studies on next-activity prediction using deep
learning (Section II-A) and on the other side we overview
preliminary attempts to use XAI techniques in the realm of
PPM (Section II-B). A summary of the characteristics of the
main related methods discussed in the following SubSections is
reported in Table I.

A. Next-Activity Prediction

Several recent PPM studies have investigated the performance
of various deep neural network architectures (e.g., LSTMs,
RNNs, CNNS) for predicting the next-activity of a running
trace. These studies commonly adopt an encoding step that is the
responsible for mapping complex, categorical, event data infor-
mation into a numerical feature space, in order to feed the deep
neural network. These studies mainly adopt data engineering
methods like One-Hot-Encoding (OHE) (e.g., [1]) or embed-
dings (e.g., [2], [16]) to map running traces into real-valued
vectors. Notably the use of the embedding representation of
a categorical input allows us to avoid a sparse representation
of categorical input data that is one of the limits of the OHE
representation. [24] compares several embedding mechanisms,
i.e., Act2Vec, Trace2Vec, Log2Vec, and Model2Vec, which per-
form data engineering at the level of activities, traces, logs, and
models. [25] uses Word2Vec to learn a context-aware real-valued
representation of categorical input (e.g., activities, resources),
which can be easily fine-tuned to the new events recorded in
a streaming scenario. [26] evaluates the performance of several
graph embeddings. [1] augments the OHE of activities with sev-
eral numerical features extracted from the timestamp informa-
tion such as the time of day, the time since the previous event, the
time since the beginning of the trace, while [2] uses embedding
networks and hand-crafted features. Image-like data engineering
methods have been introduced by [4], [20]. In particular, [20]
proposes an approach to transform prefix traces into grey-scale
images by mapping the activity and timestamp information of
each prefix trace into two grey-scale pixel columns. [4] describes
an imagery encoding approach that first extracts a numeric fea-
ture vector representation of prefix traces by aggregating activity,
resource and timestamp information. Then it transforms the
feature vector representation of a prefix trace into a color-scale
image by mapping every numeric feature into a RGB pixel.
Notably, [4] uses a color imagery encoding of running traces
as in our work. However, it looses information about the order
of trace events due to the aggregation step. In addition, it is
defined to encode activity, resource and timestamp information.
Differently JARVIS keeps the information on the temporal order
of events and it is defined to encode event information from any
view. A recent survey of the main progress in trace encoding
techniques has been described in [27].

Focusing the attention on the deep neural model, as most of
PPM studies consider prefix traces represented as sequences,
they adopt sequence-based deep neural network architectures
such as LSTMs or RNNs. In particular, [1] describes an
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TABLE I
SUMMARY OF CHARACTERISTICS OF RELATED METHODS

LSTM-based PPM method to predict both the next-activity and
the completion time of a prefix trace. It uses OHE of activity
and timestamp information. [16] illustrates a LSTM-based PPM
method that accounts for embeddings of both activities and
resources, but neglects timestamps. Also [2] describes a PPM
method that trains an LSTM architecture to predict sequences
of next events, their timestamps and their associated resource
pool. This method accounts for activity and resource by resorting
to a pre-trained embedding representation of the categorical
information. [3] proposes a multi-input LSTM architecture that
is able to process all possible views present in an event log.
This flexible multi-view method has the advantage of capturing
the possible information among the views and increase the
predictive model’s accuracy performance. The embeddings of
the categorical information are computed within the multi-input
network. Multi-view learning methods are also developed also
for deviant trace detection. [17], [18], [19] describe multi-view
ensemble-based methods that combine different single-view
classifiers to disentangle deviant process instances form normal
ones. Specifically, [17] describes the use of decision trees and
association rule classifiers as single-view classifiers of the en-
semble. [18] explores the combination of single-view Bayesian
classifiers, while [19] combines single-view deep neural models.

In spite of the proliferation of LSTM methods for PPM, a
few recent studies have started the investigation of computer
vision-based approaches in PPM. For example, [20] describes
a CNN architecture to predict the next activity of a grey-scale
image of a prefix trace, while [4] describes a CNN with Inception
to predict the next activity of a RGB image of a prefix trace. Both
approaches handle information of apriori defined views under a
feature extraction step.

Despite the methods described above achieve good accuracy
performance in various problems, they are not equipped with
explainability techniques.

B. Explainability in PPM

A few recent studies have started the investigation of explain-
ability in deep learning-based PPM models. However, most of
the existing work on explainable PPM approaches use post-
hoc methods to explain model predictions. For example, [8]
describes a PPM framework that uses “post-hoc” explanations
generated by the SHAP technique applied to trained black-box

LSTM models. Also [10] reports on the use of post-hoc, SHAP
explanations for both the LSTM and the CatBoost method. [28]
compares and evaluates explanations of process predictions
yielded by different post-hoc frameworks (e.g., LIME and
SHAP). [29] leverages post-hoc explainers to understand why a
PPM model provides wrong predictions, eventually improving
its accuracy.

The above post-hoc explainers are model-agnostic, i.e., they
can be used independently of the model and they do not have
any effect on the model training. On the other hand, a few recent
PPM approaches have started focusing on intrinsic explainable
deep neural models that directly produce interpretable models.
One of the few works in this direction is [21] that presents a fully
interpretable PPM model for outcome prediction based on a set
of fuzzy rules acquired from event data by training a neuro-fuzzy
network. [22] uses gated graph neural networks to visualize how
much the different activities included in a process impact the
PPM model predictions. [23] incorporates explainability into
the structure of a PPM model by replacing the cells with self-
attention mechanisms in recurrent neural networks. Similarly [9]
develops attention-based models to incorporate explainability
directly into the PPM model. Notably, both [23] and [9] use
the attention mechanism as in our work. Our approach differs
from [23] and [9] since it is able to handle event information of
any view without forcing any apriori-defined views at the input
level. In addition, JARVIS uses a ViT architecture that incorpo-
rates self-attention modules to detect inter-view relationships,
in addition to intra-view event information. We use the intrinsic
attention on inter-view and intra-view information to obtain both
local and global explanations of predictions.

III. PRELIMINARY CONCEPTS

Given a business process, a trace describes the life cycle of a
process execution in terms of a sequence of events. According
to this definition of a trace, an event refers to a complex entity
composed of two mandatory characteristics, i.e., the activity
and the timestamp (indicating the date and time of the activity
occurrence), as well as several optional characteristics, such as
the resource triggering the activity or the cost of completing the
activity. Based on this definition, an event can be characterized
by different views, being a view the description of the event along
a specific characteristic. Hence, every event has two mandatory
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views that are associated with the activity and the timestamp, as
well as m additional views associated with optional character-
istics of events. Let A be the set of all activity names, S be the
set of all trace identifiers, and T be the set of all timestamps and
Vj with 1 ≤ j ≤ m be the set of all names in the jth view.

Definition 1 (Event): Given the event universe E = S ×
A× T × V1 × . . .× Vm, an event e ∈ E is a tuple e =
(σ, a, t, v1, . . . , vm) that represents the occurrence of activity
a in trace σ at timestamp t with characteristics v1, v2, . . . , vm.

Let us introduce the functions: πS : E �→ S such that πS(e) =
σ, πA : E �→ A such that πA(e) = a, πT : E �→ T such that
πT (e) = t and πVj

: E �→ Vj such that πVj
(e) = vj and j =

1, . . . ,m.
Definition 2 (Trace): Let E∗ denote the set of all possible

sequences on E . A trace σ is a sequence σ = 〈e1, e2 . . . , en〉 ∈
E∗ so that: (1) ∀i = 1, . . . , n, ∃ei ∈ E such that σ(i) = ei and
πS(ei) = σ, and (2) ∀i = 1, . . . , n− 1, πT (ei) ≤ πT (ei+1).

Definition 3 (Event log): Let B(E∗) denote the set of all
multisets over E . An event log L ⊆ B(E∗) is a multiset of traces.

Definition 4 (Prefix trace): A prefix trace σk =
〈e1, e2, . . . , ek〉 is the sub-sequence of a trace σ starting
from the beginning of the trace σ with 1 ≤ k = |σk| < |σ|.

A trace is a complete (i.e., started and ended) process instance,
while a prefix trace is a process instance in execution (also called
running trace). The activity πA(ek+1) = ak+1 corresponds to
the next-activity of σk, i.e., next(σk) = πA(ek+1) with ek+1 =
σ(k + 1).

Definition 5 (Multiset of labeled prefix traces): Let L ⊆
B(E∗) be an event log,P ⊆ B(E∗ × A) is the multiset of all pre-
fix traces extracted from traces recorded inL. Each prefix trace is
labeled with the next-activity associated to each prefix sequence
in the corresponding trace so that P = [σk, πA(ek+1)|σ ∈ L ∧
1 ≤ k < |σ|].

Definition 6 (Single-view representation of a labeled pre-
fix trace multiset): Let V be a view (either mandatory,
i.e., V = A or V = T , or optional, i.e. V = Vj with j =
1, . . . ,m), Π : E∗ �→ V∗ be a function such that Π(σk) =
Π(〈e1, e2, . . . , ek〉) = 〈πV(e1), πV(e2) . . . , πV(ek)〉. PV de-
notes the multiset of the labeled prefix traces of P
as they are represented in the view V , that is, PV =
{ΠV(σ

k), ak+1|(σk, π(ek+1))) ∈ P}.
The next-activity prediction is a PPM task often addressed

as a multi-class classification problem by resorting to machine
learning techniques. Let F : E∗ × Rμ �→ A be a next-activity
prediction model with μ real-valued parameters.

Definition 7 (Next-activity prediction hypothesis function):
A next-activity hypothesis HF,Θ of the model F is a function:
HF,Θ : E∗ �→ A with Θ ∈ 
μ such that HF,Θ(x) ≈ F (x,Θ).

Definition 8 (Next-activity prediction): Let us consider
HF,Θ : A∗ �→ A, and σk a prefix trace. HF,Θ(σ

k) predicts the
expected next-activity of σk.

The hypothesis HF,Θ can be learned from a labeled prefix
trace multiset P by an algorithm that estimates Θ minimizing
a cost function CHF,Θ

: E∗ ×A �→ R, where CHF,Θ
(σk, ak+1)

measures the penalty of an incorrect prediction done through
HF,Θ(σ

k) for the next-activity ak+1. HF,Θ depends on the
model type. In this study, we represent the labeled multiset as

Fig. 1. JARVIS pipeline.

a collection of color image patches that are given as input to a
ViT architecture [11].

IV. PROPOSED APPROACH

In this section we introduce JARVIS, a novel PPM approach
for next-activity prediction that combines multi-view learn-
ing and adversarial training with Vision Trasformers (ViT) to
achieve a valid balance between accuracy and explainability. The
proposed approach is schematized in Fig. 1. Initially, the labeled
prefix trace multiset P is extracted from the event log L and
transformed into a set I of multi-patch color images. Then, I is
fed into a ViT architecture that is trained with adversarial training
to estimate parameters of a next-activity prediction hypothesis
function HF,Θ.

In the following, we detail the main phases of the proposed ap-
proach, namely the multi-patch image encoding (Section IV-A),
the ViT adversarial training (Section IV-B), and the extraction
of the attention maps (Section IV-C).

A. Multi-Patch Image Encoding

This phase takes the event log L as input and creates the
multiset of multi-patch color images I as output. This phase
is composed of four steps: 1) Discretizing numerical view
information. 2) Generating labeled prefix traces. 3) Training
an embedding for prefix traces represented in each view. 4)
Transforming embeddings of prefix traces represented in each
view into multi-patch color images according to the embeddings
trained on the multiple views.

According to the multi-view formulation introduced in
Section III, every event recorded in L is a complex entity whose
representation takes into account two mandatory characteristics
(activity A and timestamp T ) and m optional characteristics
(V1,V2, . . . ,Vm), respectively. Mandatory and optional views
may describe both categorical characteristics (e.g., activity or
resource names) and numerical characteristics (e.g., timestamp
or cost values). In particular, the timestamp information associ-
ated with an event is transformed in the time in seconds passed
from the beginning of the trace. In this study, every numerical
characteristic is converted into a categorical, format by resorting
to the equal-frequency discretization algorithm. This algorithm
divides all the values of a numeric characteristic recorded in
the training set of the event log into bins that cover the same
number of observations. The number of discretization bins of
a numeric characteristic is set equal to the average number of
distinct categories in the original categorical views of the event
log. After this step, the event log L contains all multi-view
information in the categorical format. We denote V the final
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Fig. 2. Prefix trace recorded in the event log BPI12WC. It is represented
in two categorical views (“activity” and “resource”) and two numerical views
(“timestamp” and “amount”). Numerical data are transformed into categorical
data using the equal-frequency discretization algorithm.

set of m+ 2 categorical views that characterize events recorded
in the pre-processed event log L. For example, Fig. 2 shows a
sample prefix trace recorded in the event log BPI12WC consid-
ered in the experimental study. Event characteristics enclosed in
the numeric views “timestamp” and “amount” are transformed
into the categorical format through the discretization step. In this
way, we obtain a multi-view representation of the prefix trace
with all characteristics in the categorical format.

Subsequently, the multiset P is created by extracting traces
from L and labeling them with the next activity. Since different
prefix traces may have different lengths, we use the padding
technique in combination with the windowing mechanism to
standardize different prefix lengths and populate P with fixed-
sized prefix traces. Let AV Gσ be the average length of all the
traces in L, the padding is used with a window length equal to
AV Gσ , as in [3]. Prefix traces with length less than AV Gσ are
standardized by adding dummy events. Prefix traces with length
greater than AV Gσ are standardized by retaining only the most
recentAV Gσ events. After this step,P comprises labeled prefix
traces having fixed size equal to AV Gσ .

The Continuous-Bag-of-Words (CBOW) architecture of the
Word2Vec scheme [30] is then used to transform the categorical
representation of a prefix trace into a bidimensional, numeric
embedding representation. The CBOW architecture leverages a
feed-forward neural network to predict a target category from
the neighbored context. For each view V ∈ V, a CBOW neural
network, denoted by CBOWV is trained in order to convert
each single-view sequence ΠV(σ

k) ∈ PV into an AV Gσ-sized
numerical vector. Specifically, ΠV(σ

k) is converted into a bidi-
mensional, numeric embedding PV ∈ RAVGσ×AVGσ with size
AV Gσ ×AV Gσ . For example, Fig. 3 shows how the sequence
of activities of the sample prefix trace reported in Fig. 2 is con-
verted into a 7× 7 bidimensional, numeric embedding through
Word2Vec. Notice that AV Gσ = 7 in BPI12WC.

Finally, for each labeled prefix trace (σk, ak+1) ∈ P ,
the list of its multi-view, bidimensional, numeric
embeddings PA,PT , . . . ,PV1

, . . . ,PVm
, generated

for ΠA(σ
k),ΠT (σ

k),ΠV1
(σk), . . . ,ΠVm

(σk), respec-
tively, are converted into the imagery color patches

Fig. 3. Word2Vec embedding of the sequence of activities enclosed in the
sample prefix trace shown in Fig. 2.

Fig. 4. Conversion of the Word2Vec embedding representation shown in Fig.
3 into an imagery color patch.

Prgb
A ,Prgb

T , . . . ,Prgb
V1

, . . . ,Prgb
Vm

by mapping numeric values
of bidimensional embeddings into RGB pixels. In particular,
every imagery color patch Prgb ∈ RAVGσ×AVGσ×3 records
the embedding of a prefix trace with respect to a view into
a numerical tensor with size AV Gσ ×AV Gσ × 3. Let P be
a bidimensional, numeric embedding, each numeric value of
v ∈ P is converted into a RGB pixel vrgb ∈ Prgb by resorting
to the RGB-like encoding function adopted in [4]. First, v
is scaled in the range [0, 224 − 1]. Then the scaled value is
considered as the value of a single 24-bit pixel vrgb with the
first eighth bits mapped into the band R, the intermediate eighth
bits mapped into the band G and the last eighth bits mapped
into the band B. For example, Fig. 4 shows how the Word2Vec
embedding of the sequence activities of the prefix trace shown
in Fig. 3 is converted into an imagery color patch associated
with the view “activity”.

The m+ 2 color patches of a prefix trace are distributed
into a patch grid with size �

√
m+ 2� × �

√
m+ 2� from left

to right, and from top to bottom. Notice that every cell of the
patch grid records a patch with size AV Gσ ×AV Gσ × 3. In
this way, we are able to produce the color image a prefix trace,
that is a tensor with size (�

√
m+ 2� ·AV Gσ)× (�

√
m+ 2� ·

AV Gσ)× 3. For example, Fig. 5 shows how the four patches,
produced for the views “activity”,“resource”, “timestamp” and
“amount” of the prefix trace reported in Fig. 2, are distributed
into a patch grid with size 2× 2 forming the final color image
of the sample prefix trace. This image has size 14× 14× 3 and
contains 4 color patches with sizes 7× 7× 3 associated with
the four views.

The generated multi-patch images are labeled as the corre-
sponding prefix traces and added to the labeled image multiset
I.



1598 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 17, NO. 4, JULY/AUGUST 2024

Fig. 5. Multi-patch color image with size 14× 14× 3. This image is obtained
by distributing the four image patches of size 7× 7× 3, produced for the views
“activity”,“resource”, “timestamp” and “amount” of the prefix trace shown in
Fig. 2, into a 2× 2 patch grid.

Fig. 6. ViT architecture.

B. ViT Architecture

A ViT (Visual Transformer) architecture (Fig. 6) is adopted
to learn a next-activity prediction hypothesis function HF,Θ

from I by accounting for intra-patch information and handling
inter-patch relationships. We adopt the standard ViT architec-
ture [11] that represents the de-facto standard for computer
vision applications and was developed as an extension of the
original Transformer architecture originally designed for nat-
ural language processing tasks [31]. As the Transformer takes
one-dimensional sequences of word embeddings as input, the
following four steps are performed to transform the patches into
a suitable input for the Transformer:

1) Every multi-patch image I ∈ I is reshaped into the se-
quence of its m+ 2 flattened 2-dimensional patches
φ(Prgb

A ), φ(Prgb
T ), φ(Prgb

V1
), . . . , φ(Prgb

Vm
) using the the

flattening operator φ : RAVGσ×AVGσ×3 �→ RAVG2
σ ·3.

2) Every flattened patch sequence is mapped to a constant
latent vector size D using a trainable linear projection
E ∈ R(AVG2

σ ·3)×D. In this way a sequence of embedded
patches, called patch embeddings, is generated.

3) A learnable class embedding, denoted as class, is an-
teposed to the patch embeddings. The value of class
represents the classification output y.

4) Patch embeddings are augmented with one-dimensional
positional embeddingsEpos ∈ R(m+3)×D. The positional
embeddings enable injection of positional information
into the input.

The output of the transformation steps described above is the
sequence of embedding vectors defined as follows:

z0 = [class;φ(Prgb
A )E;φ(Prgb

T )E;φ(Prgb
V1

)E; . . . ;

φ(Prgb
Vm

)E; ] +Epos. (1)

z0 feeds the Transformer encoder defined in [31]. This con-
sists of a stack of L identical blocks alternating multi-headed
self-attention and MLP blocks, in order to compute:

z′i = msa(LN(zi−1)) + zi−1, (2)

zi = mlp(LN(z′i)) + z′i. (3)

with i = 1, . . . , L− 1, msa(•) the multi-headed self-attention
block, mlp(•) the MLP block, LN(•) the Layernorm that is
applied before every block. Finally, the value class of the Lth
block of the encoder output feeds into a MLP classification head
with one hidden layer and GELU non-linearity.

The parameters of the ViT architecture are estimated through
the adversarial training strategy. Adversarial training is a well
known learning strategy in which the training set is augmented
with adversarial samples generated from the training set by
perturbing some samples. Adversarial training is also used to
mitigate overfitting by achieving high robustness [32]. In fact,
generating adversarial samples by slightly perturbing training
samples may improve the generalization of deep neural models.

In this study, we use the popular state-of-the-art Fast Gradient
Sign Method (FGSM) [33] to generate adversarial images. It is
a white-box gradient-based algorithm that finds the loss to apply
to an input image, in order to make decisions of a pre-trained
neural model less overfitted on a specific class. The pre-trained
model is the ViT architecture described above with parameters
initially estimated on the original labeled images of I.

The FGSM algorithm is based on the gradient formula:

g(I) = ∇IJ(θ, I, y), (4)

where ∇I denotes the gradient computed with respect to the
imagery sample x, and J(θ, I, y) denotes the loss function of
the ViT neural model initially trained on the original training
set I. In theory, FGSM determines the minimum perturbation ε
to add to a training image I to create an adversarial sample that
maximizes the loss function. According to this theory, given an
input perturbation value ε, for each labeled image (I, y) ∈ I, a
new image (Iadv, y) ∈ Iadv can be generated such that:

Iadv = I+ ε · sign(g(I)). (5)

As Iadv is generated, parameters of the ViT architecture are
finally estimated from the adversarially-augmented training set
I ∪ Iadv .

C. Extracting Maps of Attention

Once the ViT parameters have been estimated, the ViT model
is used to decide on the next-activity of any prefix trace. As
described in [11], the Attention Rollout method [34] is used
to extract the map of attention of the decision of the ViT
model on a single sample. The Rollout method computes the
map of attention by averaging the attention weights of the ViT
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Fig. 7. Map of attention produced in the RGB space (left side) for the
prediction of the next-activity of the imagery representation shown in Fig. 5
of the sample prefix trace reported in Fig. 2. Transformation of the map of
attention from the RGB space to the LAB space (central side). Luminosity (L)
channel of the map of attention produced in the LAB space (right side).

model across all heads and then recursively multiplying the
weight matrices of all layers. This accounts for the mixing of
attention across patches through all layers. Then, we derive a
quantitative indicator of the importance of events within patches
by exploiting the lightness information of attention maps. The
lighter the pixel in the attention map, the higher the effect of
the pixel information enclosed in the image of the prefix trace
on the ViT decision. Indeed, the generated attention maps are
represented in the RGB color space, which operates on three
channels (red, green, and blue) and does not provide information
about lightness. Hence we transform the RGB representation of
attention maps into the LAB color space, which operates on
three different channels: the color lightness (L), the color ranges
from green to red (A), and the color ranges from blue to yellow
(B).

The transformation from the RGB space to the LAB space is
performed as follows [35]:

L = 0.2126 ·R+ 0.7152 ·G+ 0.0722 ·B,

A = 1.4749(0.2213 ·R− 0.3390 ·G+ 0.1177 ·B) + 128,

B = 0.6245(0.1949 ·R+ 0.6057 ·G− 0.8006 ·B) + 128.
(6)

As an example, Fig. 7 shows the map of attention of the next-
activity decision produced by the ViT model for the imagery
representation shown in Fig. 5 for the prefix trace reported in
Fig. 2. The ViT model was learned through adversarial training
from the training set of BPI12WC in the experimental study.
The map of attention shown in Fig. 7 (left side) is extracted in
the RGB space with the roll-out method. Fig. 7 (central side)
shows the transformation of the map of attention from the RGB
space to the LAB space completed according to (6). Finally, Fig.
7 (right side) shows the luminosity values of the map of attention
that indicate the influence of the patches on the prediction.

V. EXPERIMENTAL SET-UP

In this section, we describe the event logs used for evaluating
the accuracy and explainability of JARVIS, the experimental
set-up and the implementation details.

A. Event Logs

We processed eighth real-life event logs available on the 4TU
Centre for Research.1BPI12 W, BPI12WC and BPI12 C were
provided for the BPI Challenge 2012 [36]. These logs contain
events collected monitoring the loan application process of a
Dutch financial institute. They record: activities that track the
state of the application (A), activities that track the state of work
items associated with the application (W), and activities that
track the state of the offer (O). Sub-processes A and O contain
only the complete life cycle transition, while sub-process W
includes scheduled started and completed life cycle transitions.
In particular, BPI2012 C contains all the traces, but retains the
completed events of such traces, BPI2012 W contains traces of
sub-process W, and BPI2012WC contains traces of sub-process
W, but retains the completed events of such traces. BPI13I and
BPI2013P [37] contain events collected from the closed prob-
lem management system and the incident management system,
respectively, of Volvo IT in Belgium. Receipt [38] was col-
lected in the CoSeLoG project. It records events produced in an
anonymous municipality in the Netherlands during the receiving
phase of the building permit application process. BPI17O [39]
contains events regarding all offers made for an accepted appli-
cation through an online system of a Dutch financial institute in
2016 and their subsequent events until February 1st 2017, 15:11.
BPI20R [40] contains events pertaining requests for Payment,
which are not travel-related. In 2017, events were collected for
two departments, in 2018 events were collected for the entire
university. A summary of the characteristics of these event logs
is reported in Table II.

B. Experimental Set-up

The experimental setting described in [1] was adopted in
this study. A temporal split was performed to divide each event
log into train and test traces. To this aim, the traces of an event
log were sorted by the starting timestamp. The first 67% were
selected for training the predictive model, while the remaining
33% were considered to evaluate the performance of the learned
model on the unseen traces.

C. Implementation Details

JARVIS was implemented in Python 3.9.12 – 64 b version –
using Keras 2.8.0 library that is a high-level neural network API
using TensorFlow 2.8.1 as the back-end.2 The ViT architecture
was trained with mini-batches using back-propagation. The tree-
structured Parzen estimator [41] was used to perform the auto-
matic hyper-parameter optimization of the ViT architecture. This
allowed us to automate the decisions related to the parameters
of the implementation of the ViT based on the characteristics of
the training data. The optimization phase was performed by ex-
ploring both the number of layers L and the number of Heads H
in {2, 3, 4}, latent vector sizeD in [25, 28], MLP size in [24, 26],
batch size in [26, 28], and learning rate in [10−3, 10−2]. It was
conducted by using the 20% of the training set, selected with

1https://data.4tu.nl/portal
2https://github.com/vinspdb/JARVIS

https://github.com/vinspdb/JARVIS
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TABLE II
EVENT LOG DESCRIPTION: NUMBER OF TRACES (�TRACE), NUMBER OF

EVENTS (�EVENT), AND SET OF VIEWS (VIEW)

stratified sampling, as a validation set, according to the Pareto
Principle. The hyper-parameter configuration, which minimized
the loss on the validation set in the range of possible values
explored in the defined search space, was automatically selected
for each event log. The gradient-based optimization was per-
formed using the Adam update rule to optimize the categorical
cross-entropy loss function. The maximum number of epochs
was set equal to 200 and an early stopping approach was used
to avoid overfitting (as in [3]). The training phase stopped when
there was no improvement of the loss on the validation set for 10
consecutive epochs. For the early stopping, we used the same
validation set considered in the hyper-parameter optimization
phase.

The adversarial image generation was performed
using the algorithm FGSM (as implemented in the
Adversarial Robustness Toolbox 1.12.1 library3) with
the perturbation value ε set equal to 0.001 by default. FGSM is
one of the most popular adversarial sample generators that is
prone to catastrophic overfitting [32]. In this study, we adopted
the default set-up ε = 0.001. This decision was based on the
study of [12] that suggests setting perturbation ε as a small value
in the range between 0 and 0.1, to scale the noise and ensure
that perturbations are small enough to remain undetected to the
human eye, but large enough to help in generalizing the neural
model.

3https://adversarial-robustness-toolbox.readthedocs.io/

VI. ACCURACY PERFORMANCE ANALYSIS

In this section we show the results of an analysis aimed at
evaluating the accuracy of JARVIS, to answer the following
research questions:

Q1 How does the multi-view, ViT-based learning schema
compare to state-of-the-art PPM methods?

Q2 Is the adversarial training strategy able to achieve higher
accuracy than non-adversarially trained ViT counterpart
on unseen traces?

Q3 Is the adversarial training strategy robust to the selection
of the algorithm for the generation of adversarial sam-
ples?

Q4 How does the accuracy of the ViT model change by
modifying the order according to multiple views assigned
to image patch positions?

To answer Q1 we performed a comparative study involving
several deep learning methods based on LSTM, CNN and Trans-
former architectures, which were selected from the recent PPM
literature (i.e., [3], [4], [9], [20], [23]). These methods were
run with the information enclosed in all views recorded in the
study event logs for a safe comparison. This analysis allows us
to explore how the proposed imagery representation and the
use of a ViT model can actually aid in gaining accuracy in
next-activity prediction problems. The results of this analysis
are illustrated in Section VI-A. To answer Q2 we performed an
ablation study comparing the accuracy performance of JARVIS
to that of its baseline obtained by keeping away the generation of
adversarial images and completing the training of the ViT model
with images of prefix traces actually observed in the training
set only. This analysis explores how adversarial training can
actually contribute to gaining accuracy in JARVIS. The results
of this analysis are illustrated in Section VI-B. To answer Q3
we performed a sensitivity study exploring the performance of
JARVIS achieved by using different, state-of-the-art algorithms
(i.e., FGSM, PGD and DeepFool) to generate adversarial sam-
ples. This analysis aims to explore the validity of our decision to
use FGSM as default adversarial sample generation algorithm.
The results of this analysis are illustrated in Section VI-C. To
answer Q4 we performed an experiment randomly shuffling
the positions of views in the event logs to explore how the
performance of JARVIS is robust to the view order. The results
of this analysis are illustrated in Section VI-D.

For each event log, we learned the next-activity predictive
hypothesis functions of the compared methods on the training
set and evaluated their ability to predict the next activity on
the running traces of the testing set. We analyze the macro
FScore and the macro GMean performances achieved. Both the
macro FScore and the macro GMean are well-known multi-class
classification metrics commonly used in imbalanced domains.
They measure the average FScore and GMean per activity type i
giving equal weights to each activity type. In this way, we avoid
that our evaluation offsets the possible impact of imbalanced data
learning. The FScore of activity i measures the harmonic mean
of precision and recall of i, i.e., FScorei = 2 precisioni×recalli

precisioni+recalli

so that FScore = 1
k

∑k
i=1 2

precisioni×recalli
precisioni+recalli

. The GMean of
activity i measures the geometric mean of specificity and recall

https://adversarial-robustness-toolbox.readthedocs.io/
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TABLE III
COMPARISON BETWEEN JARVIS AND RELATED METHODS DEFINED IN [3], [4], [9], [20] AND [23]: MACRO FSCORE AND MACRO GMEAN

of i by equally considering the errors on opposite classes,
i.e., GMeani =

√
specificityi × recalli so that GMean =

1
k

∑k
i=1

√
specificityi × recalli. The higher the macro FScore

and the macro GMean, the better the accuracy performance of
the method.

A. Related Method Analysis

We compared the performance of JARVIS to that of the
methods described in [3], [4], [9], [20] and [3], [23] learns a
LSTM model from a sequence representation of prefix traces. [4]
learns a CNN with Inception from RGB images of prefix traces.
[9] learns a LSTM model with Attention from a sequence
representation of prefix traces. [20] learns a CNN model from
gray-scale images of prefix traces. [23] learns a Transformer
model from a sequence representation of prefix traces. All
related methods, except for [3], were originally experimented
by their authors accounting for specific views of traces. Specif-
ically, [4] and [9] were experimented with activity, resource,
and timestamp information, [20] was experimented with activity
and timestamp information, and [23] was experimented with
activity information. To provide a fair comparison, we ran these
related methods by accounting for all views recorded in the
considered event logs. In fact, as the authors of the considered
related methods made the code available, we were able to run
all the compared algorithms in the same experimental setting,
thus performing a safe comparison. Parameters of the related
methods were set according to the best parameter set-up de-
termined in the code provided by the authors and described in
the code repositories. Notice that this comparative study was
performed by selecting [3] from the group of related methods
(i.e., [1], [2], [3], and [16]) reported in Table I, which train a
LSTM model for next-activity prediction from sequence data. In
fact, [3] generalizes [1], [2], [16] as it was originally formulated
to account for all views recorded in an event log.

Table III collects the macro FScore and the macro GMean of
both the considered related methods and JARVIS. These results
deserve several considerations. Notably, JARVIS achieves the
highest FScore and GMean in five out of eight event logs, being
the runner-up method in one out of eight event logs. In addition,
JARVIS always outperforms the two related methods using
an imagery encoding strategy [4], [20] except for BPI12 W.

Fig. 8. Comparison of FScore of JARVIS and the state-of-the-art methods
defined in [3], [4], [9], [20] and [23] with the Nemenyi test. Groups of approaches
that are not significantly different (at p ≤ 0.05) are connected.

Specifically, it always outperforms the related method using a
Transformer [23]. It commonly outperforms the related method
using the attention modules [9] except for the macro FScore in
BPI12 W, and both macro FScore and macro GMean in BPI13I.
These conclusions are also drawn from the critical difference di-
agram reported in Fig. 8 for the macro FScore performance of the
compared methods. This diagram was obtained after rejecting
the null hypothesis with p-value ≤ 0.05 in the Friedman’s test
and adopting the post-hoc Nemenyi test for pairwise method
comparisons. Despite there is no statistical difference between
JARVIS, [3], [4], [9] and [23], JARVIS is the top-ranked in the
difference diagram with [3] as runner-up. This result assesses
the effectiveness of our idea of using a ViT model, trained from
a multi-view imagery representation of prefix traces, in PPM
problems of next-activity prediction.

B. Adversarial Training Strategy Analysis

To evaluate the effect of adversarial training we compare the
performance of JARVIS to that of its non-adversarial coun-
terpart JARVIS�ADV. JARVIS�ADV keeps away the adversarial
training strategy and returns the ViT model whose parameters
were estimated on the original training set.

Table IV collects the macro FScore and macro GMean of both
JARVIS and JARVIS�ADV. These results show that the use of
the adversarial training strategy allows us to higher values of
either macro FScore or macro GMean in the event logs of this
study with the exception of BPIC12 C. This is the only event
log, where JARVIS�ADV achieves higher values of both macro
FScore and macro GMean than JARVIS.
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TABLE IV
JARVIS VS JARVIS�ADV: MACRO FSCORE AND MACRO GMEAN

TABLE V
FSCORE PER ACTIVITY OF JARVIS AND JARVIS�ADV IN BPI13P AND

BPI20R

To examine in depth the effect of the adversarial training
strategy on single classes we explore the FScore computed per
activity. As an example, Table V collects the FScore computed
per activity for JARVIS and JARVIS�ADV in both BPI13P and
BPI20R. These two event logs correspond to two scenarios with
a small number of distinct activities (7 activities in BPI13P) and
a high number of distinct activities (19 activities in BPI20R),
respectively. Both event logs include several imbalanced activ-
ities (e.g., a1 and a3 in BPI13P, as well as a6, a11 and a13 in
BPI20R). The use of the adversarial training strategy increases
accuracy on the majority activities for BPI20R (e.g., a2, a8),
as well as in minority activities (e.g., a1, a3) for BPI13P). So,
despite the use of the adversarial training strategy does not pro-
vide a systematic solution to the imbalanced phenomenon, it may
generally help in mitigating overfitting on majority activities and
gaining accuracy on some minority activities.

C. Adversarial Sample Generation Algorithm Analysis

We analyze the performance of three white-box adversarial
sample generation algorithms, that is, FGSM [33], PGD [42]

TABLE VI
ADVERSARIAL SAMPLE GENERATION: MACRO FSCORE AND MACRO GMEAN

OF JARVIS BY USING FGSM (BASELINE), PGD AND DeepFool

Fig. 9. Macro FScore measured in BPI13P and BPI20R by varying the
ε among 0.01, 0.001 (default), 0.0001 and 0.00001 with FGSM, PGD and
DeepFool.

and DeepFool [43]. FGSM is used in the rest of this exper-
imental study. PGD performs an iterative version of FGSM.
DeepFool performs an iterative procedure to find the minimum
adversarial perturbations on both an affine binary classifier and
a general binary differentiable classifier. It integrates the one-
versus-all strategy to be applied to multi-class problems. Both
PGD and DeepFool commonly spend more training time than
FGSM since they perform multiple trials to generate perturba-
tions. These methods are considered to be among the state-of-the
art methods for adversarial training in the image domains [12].

Table VI shows the macro FScore and the macro GMean
achieved by JARVIS by varying the adversarial sample genera-
tion algorithm among FGSM (baseline), PGD and DeepFool.
Results show that FGSM outperforms PGD and DeepFool
in five out of eights event logs. DeepFool commonly out-
performs FGSM and PGD in the remaining three event logs
(i.e., BPI12 C, BPI13P and BPI20R). The only exception is
observed with the macro GMean of BPI13P that achieves the
highest value with PGD. Let us focus the attention on the per-
formance of DeepFool and FGSM in BPI12 C, BPI13P and
BPI20R. JARVIS with DeepFool achieves higher macro FS-
core than [3] in BPI12 C, while JARVIS with FGSM achieves
lower macro FScore than [3] in the same log (see results in
Table III). On the other hand, JARVIS with FGSM already
outperforms all related methods reported in Table III in both
BPI13P and BPI20R. So, FGSM can be considered a good
choice to allow JARVIS to achieve higher accuracy than related
methods.

Both FGSM, PGD and DeepFool take ε as input parameter.
Fig. 9 reports the macro FScore of JARVIS run with FGSM,
PGD and DeepFool by varying ε among 0.01, 0.001 (default),
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TABLE VII
IMAGE PATCH POSITION ANALYSIS: MACRO FSCORE AND MACRO GMEAN OF

JARVIS MEASURED IN BPI13P AND BPI20R BY PROCESSING VIEWS IN THE

DEFAULT ORDER THEY APPEAR IN THE EVENT LOG (Original)

0.0001 and 0.00001 in both BPI13P and BPI20R. In both
experiments, differences in macro FScore are negligible.

D. Image Patch Position Analysis

We explore the effect of the single-view image patch positions
within the adopted imagery encoding schema. We recall that, in
this study, event log views are processed in the same order they
are recorded in the event log, while the single view-based patches
of each prefix trace are distributed in the prefix trace imagery
grid from left to right, and from top to bottom. In this section,
we evaluate the possible effect of the image patch positions on
the accuracy of the ViT model trained by JARVIS. Let O be
the ViT model that was trained by processing event log views
in the order they were recorded in the event log. We trained five
ViT models after randomly shuffling the views’ positions in the
event logs and, consequently, the positions of the view-based
image patches in the imagery encoding of the prefix traces.

Table VII shows the average and standard deviation of the
macro FScore and the macro GMean of JARVIS, in both
BPI13P and BPI20R, measured on the five trials of the view
shuffle operation, as well as the macro FScore and the macro
GMean achieved processing the views in the original order.
The differences in the performances of the trained ViT models
are negligible. This shows that the accuracy of the proposed
approach is robust to the view order and the adopted ViT model
can be trained by taking advantage of the intra-view information
and inter-view relationships independently of the view positions
in image patches.

VII. EXPLANATION ANALYSIS

This analysis aimed to explore how intrinsic explanations
enclosed in the attention maps generated through the ViT model
may provide useful insights to explain model decisions. We
intend to answer the following research questions:

Q1 What is the effect of information enclosed in different
view-based image patches on decisions?

Q2 What is the effect of events within each view-based image
patch on decisions?

For this purpose, in the following of this study, we explore
several average measurements of the lightness information en-
closed in the maps of attention, which were extracted for the
training prefix traces of the event logs considered in this study.
In particular, let I be the multi-patch imagery representation
of a prefix trace. Let L be the lightness channel of the map

Fig. 10. Maps of attention of two prefix traces of BPI13P, which are correctly
labeled with “a2” (“Accepted-In Progress”) and “a4” (“Completed-Closed”),
respectively. The maps are shown in the luminosity channel of the LAB space.
The numbers identify the names of the views in the event log: 1-“activity”,
2-“resource”, 3-“timestamp”, 4-“impact”, 5-“org country”, 6-“org group, 7-“org
role”, 8-“product”, 9-“resource country”.

TABLE VIII
PATCH LIGHTNESS MEASURED FOR EACH VIEW OF BPI13P IN THE TWO MAPS

OF ATTENTION SHOWN IN FIG. 10

of the attention of the ViT model on I. For each view, we can
compute the local patch lightness of the considered view-based
patch in L as the average of the lightness measured on all pixels
of L falling in the patch under study. This local measurement
of the patch lightness quantifies the local importance of the
information enclosed in the considered view-based image patch
on the sample decision. The analysis of local patch lightness
allows us to answer Q1. The highest the value of the local patch
lightness, the highest the effect of the corresponding view on the
sample decision. On the other hand, for each event positioned in
a prefix trace (e.g., first event, second event), and for each view,
we compute the local intra-patch event lightness as the average
of the lightness associated with the pixels encoding the event
in the view-based patch. The analysis of local intra-patch event
lightness allows us to answer Q2. The highest the lightness of
the local intra-patch event lightness, the highest the effect of the
view information of the selected event on the sample decision.

We start analyzing explanations of local decisions concerning
the next activity predicted for specific prefix traces. For exam-
ple, Fig. 10 shows the lightness channel of the attention maps
extracted from the ViT model trained by JARVIS on two prefix
traces of BPI13P. These prefix traces were correctly labeled
with the next-activity “a2” (“Accepted-In Progress”) and “a4”
(“Completed-Closed”), respectively. Table VIII reports the local
patch lightness measured for each view in the maps of attention
shown in Fig. 10. These results show that the patch associated
with “activity” conveys the most relevant information for rec-
ognizing both “Accepted-In Progress” and “Completed-Closed”
as the next-activities of the two sample prefix traces. However,
“impact” and “org group” are the second and third most im-
portant views for the decision on the next-activity “Accepted-In
Progress”, while “org group” and “product” are the second and
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Fig. 11. Intra-patch event lightness of each event of the sample prefix trace
with the next-activity “a4” (“Completed-Closed”). The intra-patch event light-
ness is computed for the three-top patches in the map of attention shown in the
right side of Fig. 10 (“activity”, “org group” and “product”) selected according
to the patch lightness.

third most important views for the decision on the next-activity
“Completed-Closed”. Notably, “product”, which is one of the
top-three ranked views for the decision on the next activity
“Completed-Closed”, is the less important view for the decision
on the next activity “Accepted-In Progress”. This analysis shows
that different views may convey the most important information
for different decisions.

We go deeper in the explanation of the decision “Completed-
Closed”. Fig. 11 shows the sequences of activities, org groups,
and products recorded in the sample prefix trace with next-
activity “Completed-Closed”. We selected these views as they
are the top-three views for recognizing the next activity
“Completed-Closed” in the sample prefix trace according to the
analysis of the local patch analysis reported in Table VIII. For
each selected view, each event of the prefix trace is annotated
with the local intra-patch event lightness computed for the event
within the patch of the attention map of the prefix trace, which
is associated with the view. This plot explains that the activity
“Accepted Wait” recorded in the third event of the prefix trace,
the org group “Org line C” recorded in the second event of the
prefix trace and the product “Prod84” recorded in the third and
fourth positions of the prefix trace have the highest effect on the
decision of predicting “Completed-Closed”’ as next-activity of
this sample prefix trace.

We continue analyzing the global effect of different views
by accounting for the patch lightness computed for each view
and averaged on all the prefix traces of the training set. Fig.
12 shows the heatmap of the average patch lightness computed
on the training set in the event logs of this study. This map
shows which views have the higher global effect on the ViT
decisions. As expected, the activity information is globally
the most important information for the ViT decisions in all the
event logs. However, this explanation information shows that the
“product” information is globally in the top-three ranked views
in BPI13P, while “number of terms” and “action” information
are globally in the top-three ranked views in BPI17O. These
results support the decision of designing a multi-view approach
not necessarily based on the standard views (activity, timestamp
and resource). In fact, this analysis shows that changing the pro-
cess changes the type of information most useful for predicting
the next activity of every running trace of the study process. So,
designing multi-view methods, which are able to incorporate any

Fig. 12. Heatmap of the global patch lightness computed for all event log
views (axis X) in all event logs (axis Y). “×” denotes that the view reported on
the axis X is missing in the event log reported on the axis Y.

Fig. 13. Heatmap of the global patch lightness computed activity by activity
(axis Y) for all the views in the event log BPI13P. For each (next) activity
category, the support of the category is reported in the brackets.

view, can actually contribute to gaining accuracy in next-activity
prediction models.

In addition, to examine in depth the global effect of different
views on different categories of next activities, we analyze
the patch lightness, computed for each view, and averaged on
each collection of training prefixes labeled with a category of
next activity. Fig. 13 shows the average of the patch lightness
computed on every next activity category appearing in the
training set of the event log BPIC13P. These results show that
the effect of specific views on the ViT decisions may change
depending on the next activity category. In particular, “activity”
conveys the most relevant information for all activities. Instead
“resource”, that is the second most important view for the
next-activity “a1” (“Accepted-Assigned”), “a2” (“Accepted-In
Progress”), “a4” (“Completed-Closed”) and “a5” (“Queued-
Awaiting Assignment”), is the fifth most important view for
the next activity “a3” (“Accepted-Wait”). On the other hand,
“product” and “org country” are the second and third most
important views for the next activity “a3” (“Accepted-Wait”).
“timestamp” is never in the top-three ranked views for any
next activity. This analysis shows that views may contribute
differently to decisions about different types of activities within
the same event log. The views that most contribute to recognizing
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Fig. 14. Heatmap of the global intra-patch event lightness computed for each
event position (axis Y) in the prefix traces the event log BPI13P for each event
log view (axis X).

a specific activity may change with respect to the activity to be
recognized. Hence, this analysis supports the effectiveness of the
decision to train the next-activity predictive model accounting
for all views available in the event log. In fact, information
enclosed in different views may contribute to gaining accuracy
in recognizing different categories of activities within the same
problem.

Finally, to explore the global effect of the intra-view, event
information on ViT decisions, we analyze the average, intra-
patch event lightness computed on the pixels of each studied
patch, which encode the events occupying the position under
study in a prefix trace. Fig. 14 shows the average measure-
ment of the intra-patch event lightness computed for each
of the most recent four events recorded in the prefix traces
of the training set of BPI13P. These results show that the
most recent events recorded in a prefix conceive the most
important information for the decisions. This conclusion can
be drawn independently of both the category of the next
activity and the view of the information considered in the
event.

VIII. CONCLUSION

This paper illustrates a novel, multi-view, PPM method for
next-activity prediction. We resort to an imagery representa-
tion that encodes multi-view information of a prefix trace as
multiple color patches of an image. We take advantage of the
self-attention modules of a ViT architecture to assign pairwise
attention values to pairs of image patches being able to account
for multi-view relationships. In addition, self-attention modules
allow us to incorporate explainability directly into the structure
of a PPM model by disclosing explainable information concern-
ing specific views of the event log and events of the prefix trace
that more influenced decisions. The experiments performed on
several event logs show the accuracy of the proposed approach
and explore the explanations produced through the attention
mechanism.
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