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Abstract

Suffix prediction of business processes forecasts the remaining sequence of events until process
completion. Current approaches focus on predicting a single, most likely suffix. However, if the
future course of a process is exposed to uncertainty or has high variability, the expressiveness
of a single suffix prediction can be limited. To address this limitation, we propose probabilistic
suffix prediction, a novel approach that approximates a probability distribution of suffixes. The
proposed approach is based on an Uncertainty-Aware Encoder-Decoder LSTM (U-ED-LSTM)
and a Monte Carlo (MC) suffix sampling algorithm. We capture epistemic uncertainties via MC
dropout and aleatoric uncertainties as learned loss attenuation. This technical report provides a
detailed evaluation of the U-ED-LSTM’s predictive performance and assesses its calibration on
four real-life event logs with three different hyperparameter settings. The results show that i)
the U-ED-LSTM has reasonable predictive performance across various datasets, ii) aggregating
probabilistic suffix predictions into mean values can outperform most likely predictions, partic-
ularly for rare prefixes or longer suffixes, and iii) the approach effectively captures uncertainties

present in event logs.
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1 Introduction

In recent years, predicting the future course of a running business process (BP) using machine
learning models has gained considerable attention in the field of Predictive Process Monitoring
(PPM) [16]. Many well-performing PPM approaches use neural network (NN) architectures and
have been criticized for acting as black-box approaches, lacking interpretability of their predictions
[26]. Developing approaches that combine high accuracy and interpretability has therefore been
acknowledged as a primary challenge in PPM [4]. Recent works have contributed towards more
transparency in predictions by developing approaches that predict an entire sequence of remaining

events, known as suffix prediction [3, 6, 9, 15, 21, 24, 25, 28]. Current suffix prediction approaches
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have focused on predicting a single most likely suffix. In certain domains, the future course of a
business process is often subjected to uncertainties and high variability, making it unlikely that it
will match exactly with the predicted most likely suffix. Consider a drug development process in
a pharmaceutical company: The process involves risks and uncertainties. Unforeseen events and
unpredictable human influences can affect the remaining sequence of events. The company aims
to predict the suffix, e.g., to plan resources, estimate the remaining time, and gauge the potential
market approval of the drug. However, focusing solely on the most likely suffix may overlook
alternative, plausible event sequences. By considering other possible suffixes, the pharmaceutical
company can account for uncertainty in decision-making and improve its risk management.

Machine learning (ML) distinguishes epistemic and aleatoric uncertainties [11]. Epistemic un-
certainties are reducible and stem from a lack of knowledge, e.g., training data. Aleatoric uncertain-
ties, conversely, are irreducible. For instance, in the context of a business process, they can stem
from external factors beyond the control of the organization running the process, such as delays in
deliveries from external stakeholders or the involvement of humans in process execution. In this
work, instead of predicting a single most likely suffix, we consider epistemic and aleatoric uncer-
tainties to predict a probability distribution of suffixes. In line with the term probabilistic learning,
which has been used in machine learning and statistics to emphasize that not a single target is
learned, but a target distribution [14], we refer to our approach as probabilistic suffix prediction.
We achieve probabilistic suffix prediction by training an Uncertainty-Aware Encoder-Decoder Long
Short-Term Memory (U-ED-LSTM) NN and an MC suffiz sampling algorithm. The U-ED-LSTM
captures epistemic uncertainties by using MC dropout and aleatoric uncertainties as learned loss
attenuation [7, 8, 12]. The MC suffix sampling algorithm can be outlined as follows: Multiple MC
trials are conducted, where in each trial, the U-ED-LSTM is used to sample a suffix. The suffix
sampling in one MC trial is performed auto-regressively, i.e., the suffix is generated iteratively by
sampling one event after another until an end-of-sequence (EOS) token is sampled. We sample
all event attributes from probability distributions obtained from the U-ED-LSTM for each event.
Using three different hyperparameter settings, we evaluate the U-ED-LSTM predictive performance
on four real-life datasets. Additionally, we added results from comparable models from the liter-
ature to demonstrate that the U-ED-LSTM has reasonable predictive performance. Furthermore,
the probabilistic suffix prediction results are evaluated more thoroughly by comparing them with
the most likely suffix prediction and assessing the model’s calibration. The results show that i)
the U-ED-LSTM exhibits reasonable predictive performance across various datasets, ii) aggregating
probabilistic suffix predictions into mean values can outperform most likely predictions, particularly
for rare prefixes or longer suffixes, and iii) assessing the calibration on the predicted remaining time
(continuous event attributes) shows that our approach can capture temporal uncertainties given in
the training data.

The technical report is outlined as follows: Sec. 2 covers preliminaries, Sec. 3 describes our
probabilistic suffix prediction framework, Sec. 4 presents the evaluation, Sec. 5 discusses related

approaches, and Sec. 6 concludes the work.



2 Preliminaries

This section introduces general uncertainty concepts, how to model uncertainty in NN, and a

definition of suffix and remaining time prediction of BPs.

2.1 Uncertainty in Machine Learning

ML distinguishes epistemic and aleatoric uncertainties. [11] defines and describes both types of
uncertainties. Epistemic uncertainty is referred to as “uncertainty due to a lack of knowledge
about the perfect predictor” [11] and is reducible. Epistemic uncertainty can be further divided
into approximation uncertainty and model uncertainty. Approximation uncertainty refers to a lack
of data for selecting appropriate parameters for a predictor model and can generally be reduced by
obtaining more training samples. Model uncertainty refers to a model’s insufficient approximation
capabilities and can be reduced by training models with a higher capacity. There is ongoing
debate regarding how epistemic uncertainty should be captured, with one possibility being the use
of probability distributions [11]. Aleatoric uncertainty is irreducible as it stems from inherently
random effects in the underlying data. Aleatoric uncertainty is “appropriately modeled in terms of

probability distributions” [11] and can henceforth be learned in a probabilistic model.

Uncertainty-Aware Neural Networks (NN). For NNs, two common approaches for estimating
a model’s uncertainty in its prediction are Bayesian approximation and ensemble learning-based
techniques [1]. Bayesian approximation can be conducted with Bayesian Neural Networks (BNNs).
BNNs assume their weights follow probability distributions, allowing a posterior distribution to
be inferred, which can be used to quantify uncertainty. In most cases, obtaining an analytical
solution for the posterior distribution is intractable due to neural networks’ high non-linearity
and dimensionality. Even techniques for approximating the posterior distribution, such as Markov
Chain Monte Carlo or Variational Inference (VI) methods, can still be computationally expensive
[1, 7]. Ensemble techniques, on the other hand, achieve uncertainty quantification by aggregating
the predictions of multiple models. This can also become computationally expensive, especially

when numerous complex models are involved [1].

Epistemic Uncertainty using Dropout as a Bayesian Approximation. Using Dropout
during training and inference at every weight layer in an NN can be a simple and computation-
ally efficient variational inference method for Bayesian approximation of a posterior distribution
[7]. This approach is referred to as Monte Carlo (MC) dropout because the posterior distribution
p(W|X,Y) is approximated with a variational distribution gg(WW). Masked weights are sampled
from the variational distribution W ~ qo(W'), where 6 denotes the set of the variational distribu-
tion’s parameters (weights and bias terms) to be optimized. In practice, a dropout mask is often
sampled from a Bernoulli distribution z ~ Bernoulli(p), where p denotes the dropout probability.
The dropout mask is then applied on the NN’s weight matrices W such that W = W diag(z).
During training, the Lo regularization on the NN parameters 6 ensures the method aligns with a

probabilistic framework.



Heteroscedastic Aleatoric Uncertainty as Learned Loss Attenuation. Heteroscedastic
models assume that observation noise, which follows a probability distribution, can vary with
the input data z. This input-dependent observation noise, denoted as o(x), captures aleatoric
uncertainty arising from inherent randomness in the data-generating process. To explicitly model
this irreducible uncertainty, NNs are extended to directly learn o(x). This is commonly done
assuming that the observation noise follows a Normal distribution. To learn this observation noise
using an NN fW(.) parameterized by weights 1, an additional output neuron f%V (x) is added to the
(mean) output neuron f;/V (). However, in cases where both the inputs  and the predicted outputs
f;V (x) are constrained to be strictly positive (e.g., time durations), assuming that the observation
noise follows a Log-Normal distribution may be more appropriate. This is equivalent to assuming
that the observation noise is usually distributed over the input data in the log-transformed space,
i.e., In(x). Training the standard deviation of a probability distribution by including it in the loss
function is referred to as learned loss attenuation [12]. In the regression case, the adapted loss
function over N training samples with target y can be written as the negative log-likelihood of the

underlying probability density function':
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In the case of classification, NNs typically employ the Softmax function, which already outputs
a categorical probability distribution. However, this probability distribution might not capture
model uncertainties [12]. Therefore, means and variances can also be learned on the predicted
logits. Since the logits are passed in the Softmax function, MC integration has to be applied, i.e.,
averaging the cross-entropy loss of multiple draws from the logits distributions. We denote the

number of MC trials with 7', the categorical classes with C, and the ground truth class with c:
Zig = fY (@) + fY (wi)er, e ~N(0,1).
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The combination of epistemic uncertainty quantification using MC dropout and aleatoric un-

certainty quantification via learned loss attenuation was first proposed by [12], and this approach

can be applied to any NN architecture.

2.2 Suffix Prediction

We define an event log EL := {t(l), t@ t(L)} as a set of cases, where L denotes the total number
of cases. A case is a sequence of events denoted by t0) = (e1,ea,...,enr), where M is the number
of events in case [. An event is a tuple of event attributes, denoted e, := (am, tm, (dmy; ..., dm,))-

In this work, we assume that an event has at least two attributes: i) An event label a,,, which

'For a detailed derivation of the loss function, see [2].



links the event to a class of event types, and ii) a timestamp attribute ¢,,, which expresses the time
an event happened. Additional event attributes are denoted as (dp,, ..., dm, ). We assume that
event attributes are either categorical or continuous. A case can be split into several prefix and
suffix pairs. A prefix is defined as p<y := (e1,e2,...,ex), with 1 < k < M. A suffix is defined as
Sk = (€g+1, - - -, enr). Suffix prediction involves predicting a suffix § based on an input prefix p<j.
The remaining time of a case, given a prefix p<j, can be defined as t := Zj]\il tx+; which represents

the sum of the durations of all events in the suffix s~ until case completion.

3 Probabilistic Suffix Prediction Framework

This section presents the probabilistic suffix prediction framework consisting of the U-ED-LSTM
model and the MC' suffix sampling algorithm.

3.1 Uncertainty-Aware Encoder-Decoder LSTM

The U-ED-LSTM implementation comprises the data preparation, model architecture, and loss

functions for training.

Data Pre-processing and Embedding. Given an event log, we first apply feature engineering
techniques to the events’ timestamp attribute to derive additional features for the U-ED-LSTM.
We introduce a case elapsed time attribute, representing the time elapsed since the first event in
the case, an event elapsed time attribute, representing the time since the last event within the same
case (with the value set to 0 for the first event), a day of the week attribute, and a time of day
attribute. The latter two features are incorporated due to the potential influence of periodic trends
on the future course of a process. For instance, in a company that operates only on weekdays, when
an activity is completed on Friday evening, the next activity is unlikely to occur before Monday.
Missing values for continuous event attributes are encoded as 0. For all encoder, decoder input,
and decoder output continuous event attributes, when assuming that the observation noise over
these attributes (as modeled through learned loss attenuation) follows a Normal distribution, we
apply standard scaling, excluding the raw timestamp. For all decoder input and output continuous
event attributes, when assuming that the observation noise follows a Log-Normal distribution, we
first transform the attributes into log-space by applying the natural logarithm function as In(1+x),
ensuring that only positive values are passed to the logarithm. After this step, we apply standard
scaling to the log-transformed values. Following [28], we also apply input padding to facilitate
batch training: Each case is padded with zeros at the beginning to a fixed length, determined by
the maximum case length in the event log, excluding the top 1.5% of the longest cases. This allows
multiple prefixes, regardless of the actual prefix length, to be concatenated into a single batch
tensor.

After the data pre-processing, all categorical event attributes are embedded using an embedding
layer stack that maps each categorical event attribute into a vector of fixed dimensionality. For

every event attribute with K unique category classes, we add an additional NaN class and an



unknown class (a category class not present in the training data). The embedding layer is defined
as a learnable weight matrix of size (K +2) x D, where D = min(600, round(1.6(K + 2)%-59)) is the

chosen embedding dimension, following a common heuristic (see [28]).

Model Architecture. The U-ED-LSTM employs an encoder-decoder architecture of LSTMs
[10] same as in [25]. LSTMs are well-suited for handling sequential data and have been proven
effective for suffix prediction [4]. Additionally, ED architectures offer flexibility by decoupling tasks
between the encoder and decoder and by handling different input and output event features: the
encoder can focus on summarizing the prefix and can take all event attributes as input, while the
decoder leverages these representations to predict target event attributes, e.g., only activity and
time (see [15, 25]). Since the encoder-decoder LSTM is aware of epistemic uncertainty, both LSTMs
consist of stochastic LSTM cells, which are stochastic since they apply MC dropout for Bayesian
approximation adopted from the [27]. Additionally, to enable the encoder-decoder LSTM to model
aleatoric uncertainty, each output is represented by two neurons instead of a single one: one neuron
predicts the mean (or logit), and the other predicts the associated standard deviation. Fig. 1
illustrates the U-ED-LSTM architecture with two-layer LSTM cells and one fully connected (FC)
layer with two output neurons. [8] have proposed a different dropout variant in which the same
dropout mask is applied across all time steps in an RNN, since naive dropout has been shown to
be ineffective in Recurrent NNs. This variant is called variational (MC) dropout which is applied
during training to the U-ED-LSTM. This is illustrated by the colored arrows in Fig. 1, where
identical colors indicate the use of the same MC dropout mask across time steps.
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Figure 1: U-ED-LSTM Architecture and Training Pipeline

The encoder processes input prefixes to compress the event sequence information into a fixed-
length representation, known as a latent vector. More formally, we define the encoder as a func-
tion fWE"C(-), with masked weights sampled from the encoder’s variational distribution Wepe ~
40one Wene). For a given input prefix p<y, a latent vector tuple is predicted: f Wene (p<k) = (h, cg).
Thereby, hy and ci represent the last hidden and cell state in the encoder.



The decoder receives the latent vector tuple from the encoder along with the last event from
the prefix. At each subsequent timestep, the model uses the previously updated latent vector tuple
and a previous event. During training, teacher forcing is applied, selecting either the event from
the target suffix or the last predicted event based on a predefined probability. Then the decoder
autoregressively predicts S events. For the event log attribute, the decoder has a fully connected
output layer. A predicted event consists of the concatenation of all its predicted event attributes.
Similar to the encoder, we sample the decoder’s masked weights from its variational distribution
Wdec ~ 40,..(Wiec). For a given time step s = 0,1,...,5 — 1, where e, denotes the current event
and (hgys, Cpts) the current latent vector tuple, the next event and updated latent vector tuple is
predicted as follows: fWiee (eppq, (pps, Chps)) = (Crot(s41)» (Pht(s4+1)5 Ch(s41))) -

Loss Functions. To train the U-ED-LSTM, we use two distinct attenuated loss functions, one
for continuous and another for categorical event attributes. The loss is calculated for a batch of N
prefix-suffix pairs, {p <o S5 k}z 1, where each predicted suffix has a fixed sequence length S.

For continuous event attributes, the decoder predicts a mean value § := ffg’g;c

and the log-
variance 9 := log(62) := fco,gl” which is common in practice for numerical stability (see [12]). The

loss function based on Eq. 1 is implemented as follows:
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For categorical event attributes, the decoder predicts a mean logit vector with a logit value

for each category class [ = fwde“

cat, . and the variance vector with a variance for each logit value

log(6?%) = fwd“. Then we apply MC integration and average the coss-entropy loss (CEL) of

caty

multiple draws from the logits distribution: z = [+ 6 €, where €, ~ N(0,I). The loss function

based on Eq. 2 is implemented as follows:
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The total loss consists of a weighted sum of losses for continuous event attributes and losses
for categorical event attributes, weighted by weight coefficient vectors weo, and weq:, and the Lo
regularization term of the encoder’s and decoder’s parameters weighted by A. The total loss is

implemented as follows:

['total(eenm gdec) = Z wconﬁcon + Z wcat['cat + )\(”eencH% + ||9dec||g) (5)



3.2 MC Suffix Sampling Algorithm

The MC Suffix Sampling Alg. 1, which is similar to other MC sampling approaches for sequence
predictions [23, 29], approximates a posterior distribution of suffixes. In particular, Alg. 1 uses MC
dropout as a Bayesian approximation to sample epistemic uncertainty, similar to [29], and draws
samples from probability distributions learned via loss attenuation, following the approach of [23].
A suffix is sampled in each MC trial. Similar to [29], we employ variational MC dropout on the
encoder. First, the prefix is passed into the encoder to obtain a latent vector tuple. Then, the
decoder samples a suffix auto-regressively. Unlike during training, naive MC dropout is applied
to the decoder during inference, as each event is predicted and used to sample the resulting event
individually. Event attributes are sampled differently depending on whether they are continuous or
categorical. For continuous event attributes, the event attribute values are directly drawn from a
Normal distribution with the predicted means and variances. For categorical event attributes, the
logit values are first drawn from Normal distributions and then passed through a Softmax function
to obtain a categorical distribution. In a subsequent step, a value for the categorical attribute
is drawn from this distribution. The auto-regressive prediction of the next event continues until
either KOS is predicted or the predefined maximum sequence length M is reached. The algorithm

returns S, a set of sampled suffixes with size T'.

Algorithm 1 MC Suffix Sampling - Probabilistic Suffix Prediction

Require: T € N: number of MC samples, M € N: max. Suffix length to be sampled, p € [0,1]: dropout probability,
p<k = (e1,e2,...,eg): prefix
1: function MCSUFFIXSAMPLING(T, M, p, p<y)

2 S0 > Set of MC sampled probabilistic suffixes.
3 fort=1to T do

4: Ssk < () > Sampled events of one probabilistic suffix.
5: Wene < VariationalDropout(Wenc, p)

6: (henm Cenc) <~ g['riinc (pﬁk)

7: €+ eg

8: i+ 1

9: repeat

10: Waee NaiveDropout(Wgec, P)

11: @, 62), (1, 62), (h,€) = f3,2° (&, (hene, cenc))

12: gcon NN(@,@'Q)

13: for j =1 to |i| do

14: ©; ~ Categorical(Softmax(;))

15: §9)

16: end for

17: €+ gcon U gcat

18: §>k «— §>k oé

19: 1 1+1

20: until ¢ = M or GetActivity(é) = EOS

21: S+ SuU {8>k}

22: end for _
23: return S
24: end function




4 Evaluation

The evaluation presents the predictive performance and calibration results of the U-ED-LSTM
under three different hyperparameter settings, using standard suffix prediction and calibration
metrics on four real-life datasets. We compare the most likely prediction generated by the U-ED-
LSTM with the aggregated mean prediction of all sampled suffixes. This comparison demonstrates
that, in certain cases, the aggregated mean prediction exceeds that of the most likely prediction.
Additionally, we report predictive performance results from other ED-LSTMS and Transformers
used for suffix prediction from existing literature, evaluated on the same datasets. Since the reported
models were not re-implemented, the comparison is not meant to be direct but to provide an
intuition of how other approaches perform, demonstrating that the U-ED-LSTM achieves reasonable
predictive performance. Furthermore, we assessed the calibration of the U-ED-LSTM to show that
the model can capture uncertainties in the event logs. Our implementation and evaluation are

publicly available. 2
Datasets. We evaluated the U-ED-LSTM predictive performance on four real-life data sets. The

Helpdesk? dataset is an event log from a ticket management system from an Italian software com-
pany. The Sepsis* dataset represents the pathway of patients diagnosed with Sepsis through a
hospital. The BPIC-2017° dataset is a loan application process from a Dutch bank and has been
investigated in the Business Process Intelligence Competition (BPIC) 2017. The PCR® dataset
contains process logs from laboratory SARS-CoV-2 RT-PCR tests over one year. Properties for
each dataset are presented in Tab. 1. The datasets were split at the case level into training and
testing sets using an 80%-20% ratio, following the approach in [13]. The training set was further
divided into a training and validation subset: 65% of the original (80% training) data was used
for model training, and 15% was used for validation during training, resulting in a 65%-15%-20%
training-validation-testing data split. This splitting of the training data into training and validation

data is also common in other suffix prediction approaches [15, 25, 28].

Table 1: Dataset Properties

Dataset | Cases | Events | Variants | Activities | Mean—SD Case Length | Mean—SD Case Duration | Cat. Event Attr. | Con. Event Attr.

Helpdesk 4580 21348 226 14 4.66 — 1.18 40.86 — 8.39 (days) 12 4
Sepsis 1049 15214 845 16 14.48 — 11.47 28.48 — 60.54 (days) 26 8
BPIC17 31509 | 1202267 15930 26 38.16 — 16.72 21.90 - 13.17 (days) 9 9
PCR 6166 117703 1213 8 19.09 - 3.37 19872 — 27864 (sec.) 2 4

Training and Sampling. We trained our U-ED-LSTM model on an NVIDIA GTX 4090 GPU.
The implementation allows users to flexibly select the encoder’s input event attributes and the
decoder’s input and output (prediction) event attributes. Several training optimization techniques
were implemented to achieve the best possible predictive performance. During training, the U-
ED-LSTM predicts S events for each prefix in the batch, from which the loss is calculated. This

Repository: https://github.com/ProbabilisticSuffixPredictionLab/Probabilistic_Suffix_Prediction_U-ED-LSTM_pub

w N
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approach optimizes its sequence-to-sequence predictions, similar to, e.g., the Complete Remaining
Trace Prediction (CRTP) method [9, 28, 28]. We set S = 5, optimizing the U-ED-LSTM for
sequence-to-sequence predictions while reducing error propagation in cases where the model predicts
incorrect events early in the suffix. However, in the original CRTP method, S is set flexibly since a
suffix of the same length as the target suffix is predicted for each prefix. We applied probabilistic
teacher forcing, where the last predicted or target suffix event is randomly taken as input for the
next event prediction [25]. The initial teacher forcing probability was set to 0.8, meaning that 80%
of the input events came from the target suffix. This ratio gradually decreased starting from 20% of
the training epochs onward. Since our loss function consists of the sum of multiple attribute losses,
referred to as Multi-Task-Learning, we implemented a task-balancing algorithm called GradNorm
[5]. GradNorm dynamically adjusts the gradient magnitudes and tunes the weight coefficient vectors
Weon and weqr after each optimization step based on the relative importance of each event attribute
on the overall loss. To balance an appropriate level of Bayesian variational approximation to
measure epistemic uncertainty during inference while also maintaining good predictive performance,
we set the MC dropout rate to a constant p = 0.1 during training, following the recommendation
in [27]. The MC sampling algorithm ran on an AMD Ryzen 9 7950 CPU. For each prefix in our
testing datasets, we conducted 1000 MC sampling trials with an MC dropout probability of again
p = 0.1 [27]. We allow only the predicted continuous event attribute values to be greater than zero
and the case elapsed time to increase. When a lower case elapsed time value than the one from the

previous event is sampled, the value from the last event is taken.

Hyperparameter Settings. Three different U-ED-LSTMs with varying hyperparameter settings
were trained and compared for each dataset. In the first setting, we trained the U-ED-LSTM
with 2-layer encoder and decoder LSTMs, along with a fully-connected (FC) layer in the decoder
containing separate mean and variance heads for each output event attribute. We assumed normal
distributed continuous event attributes and noise and used all event attributes as input features
for the encoder and input and output features for the decoder. In the second setting, we trained
the U-ED-LSTM with a 4-layer encoder and decoder LSTMs, along with an FC layer in the de-
coder containing separate mean and variance heads for each output event attribute. We assumed
normal distributed continuous event attributes and noise. All event attributes were used as input
features for the encoder, while only the activity and time attributes were used as input and out-
put features for the decoder. In the third setting, we trained the U-ED-LSTM with a 4-layer
encoder and decoder LSTMs, along with an FC layer in the decoder containing separate mean and
variance heads for each output event attribute. We assumed log-normal distributed continuous
event attributes and noise. All event attributes were used as input features for the encoder, while
only the activity and time attributes were used as input and output features for the decoder. The
remaining hyperparameters were set as follows: In each hyperparameter setting, the encoder and
decoder LSTM have a hidden size of 128. We used the standard Adam optimizer in the first setting,
while the more advanced AdamW optimizer was applied in the second and third settings. Learning

rates were set, in each setting, the same, to 1 x 107* for the smaller Helpdesk and PCR datasets,

10



1 x 107° for the medium-sized Sepsis dataset, and 1 x 1076 for the larger BPIC-17 dataset. After
extensive testing, we observed that larger datasets benefited from lower learning rates. A batch
size of 128 was used for all datasets except for the BPIC-17, which required a batch size 256 during
training. Although a batch size of 128 might also produce good results for BPIC-17, computational
constraints necessitated using a larger batch size to reduce training time. All models were trained
for 200 epochs in the first and 100 epochs in the second and third settings, without early stopping
but with continuous monitoring of validation set performance. Across all settings and datasets,
the learning curves decreased during the first 100 epochs and stagnated. Based on this observa-
tion, and to reduce training time, we consistently train models for 100 epochs in the second and
third settings. Additionally, we applied a L? regularization parameter of A = 1 x 10~%. Table 2

summarizes the hyperparameters in each setting.

Table 2: Hyperparameter Settings

Hyperparameter \ Setting 1 \ Setting 2 \ Setting 3
U-ED-LSTM layers 2 4 4

FC layers in decoder 1 1 1
Assumed distribution for con. event attr. Normal Normal Log-Normal
Encoder features All All All
Decoder features All Activity & Time Activity & Time
Hidden size 128 128 128
Optimizer Adam AdamW AdamW
Learning rate 1x107%-1x107% | 1x107*-1x10% | 1x107*-1x106
Batch size 128 (BPIC17 256) 128 (BPIC17 256) 128 (BPIC17 256)
Epochs 200 100 100

MC Dropout Probability (Train/ Test) 0.1 0.1 0.1
Weight-Decay/ Regularization 1x10~4 1x10~4 1x10~4

4.1 Predictive Performance

The evaluation demonstrates the predictive performance of our U-ED-LSTM under different hy-
perparameter settings across multiple datasets. Therefore, the most likely prediction generated by
the U-ED-LSTM is compared with the aggregated mean prediction of all sampled suffixes from the
probabilistic approach. The most likely suffix prediction is obtained by auto-regressively sampling
the most probable event label at each step until the FO.S token is reached, following the approach
used in previous works [3, 9, 15, 24, 25, 28]. Additionally, we report results from other models
in the literature without re-implementation and with different hyperparameter settings. These re-
sults are not intended for direct performance comparison but rather to indicate that the predictive
performance of our models is reasonable. In future work, we plan to re-implement the approaches
proposed in the literature to enable a thoroughly reliable and transparent comparison of results
using the best-performing hyperparameter settings.

Metrics. We adopted three commonly used evaluation metrics for suffix prediction, the Damerau-
Levenshtein Similarity (DLS) metric to assess the activity sequence prediction[3, 18, 21, 25, 28] ,
the Mean Average Error (MAE) of the remaining time predictions [3, 24, 25, 28], and the Mean
Average Error (MAE) of the suffix length prediction. Here, we used a holdout test set, did not prune

the datasets, started the evaluation from a prefix length of 1, i.e., p<j,Vk > 1, and implemented
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the metrics in the following manner: The DLS on the event labels is defined as a normalized
DLS distance DLS(8,s) := 1 — % where s and § denote the actual and predicted sequence
of event labels. Informally, DLS = 1 expresses that the two sequences are identical, while a
DLS = 0 expresses that the two are entirely dissimilar. We obtain the DLS for the most likely suffix
prediction by comparing the predicted suffix with the ground truth suffix. For the probabilistic
suffix prediction, we calculate the DLS for all MC samples and take the mean. Since we preprocessed
the event logs by adding the case elapsed time and a event elapsed time attributes to the event logs,
we can obtain a remaining time prediction in two ways: By summing the predicted event elapsed
times of a case or by taking the case elapsed time value of the last event in a case. We implemented
both. We calculated the mean remaining time for the probabilistic suffix prediction and compared
that mean aggregation with the ground truth value. Other works [3, 24] observed that some suffix
prediction approaches fail at predicting the right suffix length. Therefore, we also measured the

MAE between the true and the predicted suffix length, the suffiz length MAE. We took the mean
suffix length of the MC samples for probabilistic suffix prediction.

Predictive Performance Results. The results of the most likely and aggregated mean of all
sampled suffixes from the probabilistic approach using the U-ED-LSTM with different hyperpa-
rameter settings, as well as results from existing ED-LSTM and Transformer-based approaches
from the literature, are presented in Tab. 3 for suffix length and suffix event label predictions, and
in Table 4 for remaining time predictions. The results, detailed by prefix and suffix lengths, for
each hyperparameter setting, comparing the most likely predictions to the aggregated mean of all
sampled suffixes from the probabilistic approach, are shown in Figure 2 for Setting 1, Figure 3 for
Setting 2, and Figure 4 for Setting 3.

As existing models from the literature and their predictive performance results, the following
are selected: MM-Pred from [15], an ED-LSTM model evaluated on the Helpdesk and BPIC-17
datasets. The authors used a 70%-10%-20% train-validation-test split. The model consists of a 2-
layer encoder and decoder LSTMs with a hidden size 32 and a dropout rate of 0.2 for regularization
during training. Additionally, MM-Pred includes a component called the “Modulator”, which learns
the significance of each event label and lifecycle transition attribute and passes this information
as an additional feature to the decoder. ED-LSTM-GAN from [25] was evaluated on the Helpdesk
and BPIC-17 datasets. The authors used a 70%-10%-20% train-validation-test split. The model
consists of a 5-layer encoder and decoder LSTMs with a hidden size 32 as a generator and an FC
layer as the discriminator as part of the GAN architecture. Training is conducted for 500 epochs,
with early stopping applied after 30 epochs. RMSprop is the optimizer, with a 5 x 10~ learning
rate. Probabilistic teacher forcing is used with a ratio of 0.1. AE (inspired by [15, 25]) and AE-
GAN (inspired by [25]) from [13] were evaluated on the Helpdesk, Sepsis, and BPIC-17 datasets.
An 80%-20% train-test split was used. Both models consist of 4-layer encoder and decoder LSTMs
with a hidden size of 128 and are trained for 400 epochs, with early stopping applied after 50
epochs. The Adam optimizer is used with a learning rate of 1 x 1074, and a dropout rate of 0.3

is applied for regularization. SuTraN, along with an ED-LSTM re-implementation of [25], from
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[28], was evaluated on the BPIC-17 dataset. The authors used a 55%-35%-25% train-validation-
test split. The ED-LSTM architecture consists of a 4-layer encoder and decoder LSTMs with a
hidden size 64. A batch size of 128 is used, and models are trained for 200 epochs with early
stopping based on the validation set performance. The Adam optimizer is applied with an initial
learning rate of 2 x 1074, adjusted dynamically via an exponential learning rate scheduler with
a decay factor of 0.96. A 1 x 10™* weight decay is used, and teacher forcing is employed during
training. Similarly to [4], we observe that results from other works are difficult to compare directly,
as they often differ not only in hyperparameter settings but also in several different aspects, such
as varying data preprocessing strategies (e.g., pruning of event labels), the exclusion of short prefix
lengths, differences in evaluation methodology (e.g., holdout test sets versus cross-validation), and
inconsistent metric implementations (e.g., comparing the predicted suffix to a single ground truth
versus a set of possible suffixes). However, we report the predictive performance results from
the abovementioned models to provide an intuition of whether the U-ED-LSTM demonstrates
reasonable and competitive predictive performance.

Based on the results for the suffix length MAE and the DLS of suffix event labels reported in
Table 3, it can be concluded that the second hyperparameter setting yielded the best performance
for the U-ED-LSTM on the Helpdesk and BPIC-17 datasets, especially for the results of the prob-
abilistic approach. Notably, for the Helpdesk dataset, the DLS for suffix event label prediction
improved significantly, from 0.53 to 0.82 for the most likely prediction and from 0.44 to 0.65 for
the aggregated mean of sampled suffixes. These results are comparable to those reported in the
literature, where DLS values for most likely predictions range from 0.84 (-0.02) (ED-LSTM-GAN
[25]) to 0.87 (-0.05) (MM-Pred [15]). Similar improvements are observed in the MAE of suffix
length predictions for the Helpdesk dataset when comparing Setting 1 to Setting 2. One possible
reason Setting 2 provided the best results on the Helpdesk dataset could be the deeper architecture
with a 4-layer encoder and decoder LSTMs. This enhanced the U-ED-LSTM’s ability to abstract
higher-level patterns, capture more complex dependencies, and generalize better to longer suffixes.
This is particularly evident when comparing the DLS for suffix event label prediction at a rare suffix
length of 10: In Setting 2 (Fig. 3), the DLS is 0.4, representing a 100% improvement over Setting
1 (Figure 2), which is 0.2. Moreover, comparing Setting 2 with Setting 3 on all datasets instead
of some results from the Sepsis dataset, it can be seen that using a normal distribution compared
to a log-normal distribution for loss attenuation also outperformed the predictive performance for
the suffix length and suffix event label prediction. The model’s learning process was more stable
in the normal distribution settings, resulting in a smoother convergence across all output event
attributes during training. The third setting yielded the best suffix length MAE and the best DLS
for suffix event label predictions of the U-ED-LSTM on the Sepsis dataset, achieving a DLS of 0.18
based on the aggregated mean of all sampled suffixes from the probabilistic approach, surprisingly,
outperforming the most likely prediction. However, while this is still a relatively poor result, it
is comparable to those reported in the literature, such as 0.14 (+0.04) for AE-GAN [13] and 0.22
(-0.04) for AE [13]. These results suggest that suffix prediction for the Sepsis dataset is challenging,
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likely due to high variability and many unique cases that do not follow a general pattern. In the
Sepsis dataset, wide interquantile ranges (IQRs) can be observed across all settings in Figure 2,
Figure 3, and Figure 4. The DLS of the aggregated mean consistently falls near the center of the
distribution, probably indicating that a diverse set of sampled suffixes with different suffix lengths
contribute equally to DLS. For the BPIC-17 dataset, the probabilistic approach achieved the best
results regarding suffix length MAE and DLS for suffix event labels in Setting 2, even outperform-
ing the most likely prediction. This improvement can be attributed to the potentially long suffixes
present in BPIC-17 cases. The probabilistic method performs better in predicting suffix lengths,
contributing to a lower DLS score due to more accurate sampling of the EOS token. This result
demonstrates the advantage of using a probabilistic approach for predicting long suffixes, where
uncertainty and variability naturally increase with each additional (false) predicted event. For the
PCR dataset, the first setting provided the best performance of the U-ED-LSTM in terms of both
suffix length MAE and DLS for suffix event label predictions. One possible reason why the 2-layer
setting outperformed the 4-layer could be the relatively small size and low complexity of the PCR
dataset. The PCR dataset represents a highly automated process managed by a workflow engine,

resulting in less variability than the other datasets.  Since the most likely suffix was obtained

Table 3: Predictive Performance (Categorical): Suffix Length MAE and Suffix Event Labels DLS

Method | Suffix Length MAE | Suffix Event Labels DLS
| Helpdesk Sepsis BPIC17 PCR | Helpdesk Sepsis BPIC17 PCR

Own Results

0.96 27.59  13.74
0.74 6.84 14.29

1

1
0.36 8.8 40.83 3
0.38 6.83 11.42 3.
4

4

0.54 26.96  40.78
0.53 6.16  33.71

0.53 0.1 0.35 0.83
0.44 0.14 0.28 0.59

0.82 0.11 0.21 0.67
0.65 0.12 0.31 0.54

0.82 0.09 0.16 0.62
0.52 0.18 0.2 0.54

Most likely - Setting 1
Probabilistic - Setting 1

Most likely - Setting 2
Probabilistic - Setting 2

Most likely - Setting 3
Probabilistic - Setting 3

\
ED-LSTM from Lit. |
\
\
\
\
\

MM-Pred [15] - - - - 0.87 - 0.3 -
ED-LSTM-GAN [25] - - - - 0.84 - 0.34 -
AE [13] - - - - 0.86 0.22 0.14 -
AE-GAN [13] - - - - 0.86 0.14 0.07 -
ED-LSTM [28] - - - - - - 0.32 -
Transformer from Lit.

SuTraN [28] - - - - - - 0.38 -

from auto-regressively sampling the mode activity with the highest softmax probability, it can be
expected to have the best DLS. Interestingly, this is not true for small prefix sizes in the Sepsis and
BPIC-17 datasets in Setting 2.

A similar conclusion regarding the optimal hyperparameter setting per dataset for the U-ED-
LSTM can be drawn for the continuous event time attributes, as shown in Table 4. Interestingly,
the assumed log-normal distribution returned significantly worse results than the normal distribu-

tion for all datasets except for the remaining time of the last event MAE in the Sepsis dataset.
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This observation suggests that while the log-normal distribution offers certain theoretical benefits
(e.g., modeling non-negative values), it may not be suitable for suffix prediction. Our observa-
tions indicate that the log-normal distribution performs well when the target values are close to
each other (i.e., exhibit low variance) but perform poorly when the distribution is broader. This
issue was particularly relevant in our case. Although the remaining times (sum and last) across
datasets were measured initially in days (except for the PCR dataset), we trained the model us-
ing the logarithm of time values in seconds, followed by standard normalization. Consequently,
after destandardizing and exponentiating the outputs for evaluation, the predictions became highly
sensitive to sampled outliers, often resulting in extreme and unrealistic values. This outcome is
surprising, as we expected the log-normal distribution to provide improved precision due to its

ability to model non-negative continuous values, which is the case for time event attributes. Our

Table 4: Predictive Performance (Continuous): Remaining Time MAE

Method | Remaining Time Sum MAE | Remaining Time Last MAE
| Helpdesk Sepsis BPIC17 PCR (sec.) | Helpdesk Sepsis BPIC17 PCR (sec.)

11.21 38.09 11.76 159.19 ‘ 18.35 29.21  9.95 9340.1

Own Results

Most likely Setting 1

Probabilistic Setting 1 8.74 31.21  12.45 165.91 14.02 34.3 10.83 19237.2

11.76 34.5 10.73 170.87 sec. 9.1 29.88 10.75 8871.74
9.58 31.18 10.62 170.44 10.99 31.41 14.4 12281.35

261.64 147.15 10.68  180.18 sec. 553.82 24.54 2887.58 411704.04
5789.51 135.05 1387.15 15262002.78 | 557.32  24.87 4448.17 412893.69

Most likely Setting 2
Probabilistic Setting 2

Most likely Setting 3
Probabilistic Setting 3

\
ED-LSTM from Lit. |
\
\
\
\
\

\
MM-Pred [15] - - - - ‘ - - - -
ED-LSTM-GAN [25] 6.21 - 13.95 - | - - _ R
AE [13] 3.83  735.04 69.51 - ‘ B R _ N
AE-GAN [13] 388  187.12 100.19 - - - - -
ED-LSTM [28] - - 8.44 - \ - - - -
Transformer from Lit. |
SuTraN [28] - - 5.5 - ‘ - - - -

probabilistic approach can obtain better remaining time (sum) predictions for smaller prefixes and,
in total, in the Helpdesk and Sepsis data sets. This might be because suffixes from small prefix
lengths have higher uncertainty. Interestingly, the opposite is the case with the BPIC-17 dataset.
Since the BPIC-17 dataset has the most extended case length, obtaining only 1000 MC samples
might not have been sufficient. We noticed that the algorithm often moves into highly uncertain
regions in our MC sampling approach. This usually leads to sampling from high variances, resulting
in considerable event elapsed time and case elapsed time values, inflating the mean aggregations.
Furthermore, it can be seen in Fig. 4 that the values of the learned log-normal distributed loss
attenuation are sensitive to outlier predictions, which greatly influence the aggregated mean of all
sampled suffixes.

Overall, Setting 2 proved to be the best hyperparameter configuration. The probabilistic ap-

proach’s aggregated mean of all sampled suffixes often outperforms the most likely prediction,
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particularly for short prefixes and long suffixes (high variability, high uncertainty), especially for
continuous event attribute predictions. Assuming a normal distribution-based loss attenuation for

noise on continuous input data yielded better results than a log-normal distribution.
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16



Helpdes Sepsis

6 - -
—®— most-likely S‘A‘fﬁxA = 500 —o— most-likely suffix
5}215 il —%— mean probabilistic suffix = —%— mean probabilistic suffix 10
g IQ.R Range L 400 g \ IQR Range F 100
1 ===\ instances 8 30 4 ' ---- # instances 4
= d S e 8
0, \ F 3005 =l Fso g
=3 \ = B0 El
g \ % 5, k60 %
\ F 2002 . g
Yo % -
&ES & t 40
2. ] t 100 Al
1 « F 20
0 0 0
0 0 0 10 20 0 0 10 20 30 40
o 0.30 = prefix len suffix len
F 500 025 ‘\“ F 120
0.8 ' A
L 400 \ F 100
o] 8 0.20 4 ” 8
. L . L
= 3005 =0.15 4 FE
Q0 44 z = [“%
- F 2005 0.10 4 =
- k40
.2 L
0 100 0.05 - F 20
- Ry - 8|
0.0 T T I 1 0 _0.00 T T T T T T 0
Z 0 2 4 6 8 100 0 B 10 20 30 0 0 10 20 30 40
_g’ prefix len _5‘ prefix len suffix len
= F 500 m125 o 120
<30 1 <
= F 400 5100 b [,
z ¢ e g
220 4 - 3002 % 75 ]
z = = 60 7
g Z 50 =
g b 2008 B -
210 =
o 254
@ t 100 g \_
~——_ ~—___ .0
L0 . T T : ) T T T T 0 R 0 2 20
£ o 2 4 6 8 100 2 4 6 8 10 3 refix len
o= prefix len suffix len P

PCR 'BPIC17

20 7 —o— most-likely suffix ) [ 1000 2 —e— most-likely suffix
= —%— mean probabilistic suffix i 1360 —%— mean probabilistic suffix
\ L
;15 i IQR Range \ 800 %‘ M IQR Range
---- # instances \ 2 ---- # instances
= r | k600 © =40 4
) \ g 40
10 \ L] 2
= % 3
p k400 2 p
E . &20
S 5 3
& F 200 &
0 T T T — T T T T T T 0 0 T
0 5 10 15 20 25 0 5 10 15 20 25 0 20 10 60 80
prefix len suffix len prefix len
F 1000
t 4000
F 800
g 30008
F 600 S g
2 3
5 L ¥
400 = 20002
L 200 I 1000
0.0 T T T 0
S0 1 15
g —_ suffix len
et 2
=800 1 Z
= < \ - 4000
= 30 1 \ \
600 = \
@
E 4 = \ t 30008
@ ] 9 \ =1
ey < E N <
£ 400 8 g N, £
g 4 =) I 20002
£ o0 g
=
& g
2007 £ F 1000
El 5]
: :
g 0 T T T T T T T T T T 0 ~ T T 0
5} 0 5 10 15 20 25 0 5 10 15 20 25 0 20 40
~ prefix len suffix len prefix len suffix len

Figure 3: Predictive Performance - Setting 2

17



Helpdesk Sepsis

—o— most-likely suffix 1047 o most-likely suffix - | o
©6 4 —%— mean probabilistic suffix =) \._ | = mean probabilistic suffix \ 0
= IQR Range §30 7&-.;' IQR Range A L 100
= --== # instances = ---- # instances o 2
= \ < AN 80 <
ot 1 b \ =1
Ey \ & \ )
2 \ 3201 N\ Feo g
P \ z \ w?
=21 \ =10 \
7 \ @ N F 20

0 T T e | 0 : : e o
0 2 4 6 8 100 0 10 20 30 0 0 10 20 30 40
prefix len suffix len prefix len suffix len

instances

0 10 20 30 40 0 10 30 40

20000 +

15000 -

instances

Rem. time (event sum) MAE (days)

Rem. time (event sum) MAE (days)

10000 750 - \
\
500 \
5000 o .
250 - N o
0 X 0 10 20 30 0 0 10 20 30 10
prefix len prefix len suffix len
””” —o— most-likely suffix - 1000 ) w -
=20 —%— mean probabilistic suffix 50 4 —o— most-likely suffix \ t 2500
< IQR Range F 800 &) —%— mean probabilistic suffix
Els R ---- # instances s = |4 | IR Range I 2000
5 k600 S == # instances 2
2 z £ h F 1500 8
&1 - £30 % g
o L 400 2 3 \; <
E - 220 | t 10005
& F 200 g
D10 § F 500
T T T T T 0
0 5 10 15 20 25 0 5 10 15 20 25
prefix len suffix len
F 1000
a
\
| F 800
I 3
\ F600 S
1 <
\ 8
1 %
£

0.0 \ \ \ \ — \ \ \ \ 0 0.0 w w
S0 5 10 15 20 25 0 5 10 15 20 25 0 20
4 x10% prefix len suffix len 7
~ =
s [ 1000 5300000 4
< 2.0 Z
= L 800 £ 250000
- z 2
£1.54 2 =4200000 L 15008
g L soo & P 15008
e 3 2150000 o =
1.0 % o F 10005
z [ 4005 100000
~ =

-2 F 500
2051 L 200 £ 50000
=] <
hed [+ 0 u y y y y y u u 0
£0.0 T T U T U T T Y T T 0 0 20 40 60 80 0 20 40 60 80
ﬁ'é 0 5 10 15 20 25 0 5 10 15 20 25 prefix len suffix len

prefix len suffix len

Figure 4: Predictive Performance - Setting 3

4.2 Calibration Results

We evaluated the calibration of the U-ED-LSTM to demonstrate that the model can capture the
variability in the respective event logs.

Metrics. To evaluate the calibration of remaining time predictions (sum and last), we used the

Probability Integral Transform (PIT). Given the predicted distribution of remaining times gener-
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ated by the U-ED-LSTM for each test case, obtained by sampling multiple suffixes, we constructed
an empirical cumulative distribution function (CDF) for each prediction. For a given test case i, let
tAZ-,j be the remaining time prediction of the j-th sampled suffix, and let ¢; be the ground-truth re-
maining time. The normalized PIT value per test case u; is computed as: u; = % Z;‘le l{fm <t}
, where T = 1000 is the total number of MC samples and 1{-} is the indicator function. The
calculation is the same for the remaining time sum and last. After computing the set of PIT values
u = {u1,...up,,.,}, PIT plots were constructed. The x-axis represents the PIT values between
[0,1], and the y-axis shows the probability density. The PIT plots can have different shapes, each
indicating different model calibration: A uniform distribution (i.e., a flat line at density 1) indicates
perfect calibration. The predicted variance matches the true variability in the ground truth data
exactly. A U-shape suggests that the model predicts too little variance, and outliers get underesti-
mated. For instance, if the true variability of remaining times spans +5 days around the mean, but
the model only predicts a variance of £3 days, it will consistently fail to capture outliers. A bell
shape indicates that the model predicts too much variance. For instance, if the true variability of
remaining times spans +5 days around the mean, and the model predicts a much higher variance of
+10 days, it will consistently predict, over all samples per case, remaining times below and above
the ground truth. A slope-shaped PIT plot indicates a systematic bias in the model’s predictions.
In such cases, no reliable conclusions about the predicted variance can be drawn. The PIT plots
of the U-ED-LSTM, across all hyperparameter settings, for all datasets are depicted in Fig. 5
(Setting 1), Fig. 6 (Setting 2), Fig. 7 (Setting 3).

Calibration Results. For the Helpdesk dataset, the model is quite well calibrated for predicting
the remaining time for both sum and last in Setting 2, demonstrating its ability to predict a wide
range of remaining times across all test cases. In contrast, Setting 1 shows that the U-ED-LSTM
tends to predict values with a bit more variance across test cases. However, the model tends to
predict smaller remaining time values sum and last compared to the ground truths (values tend
to be greater than 0.5 on the x-axis). In Setting 3, a systematic bias (slope at 0) is visible. The
model tends to predict values that are too large. Nevertheless, for the Helpdesk dataset, the U-
ED-LSTM, especially in Setting 2, can capture the variability in the remaining time (sum and last)
from the test dataset quite well. For the Sepsis dataset, the U-ED-LSTM consistently exhibits
U-shaped PIT plots across all settings. This suggests that the model underestimates the variance,
predicting much less variability than in the ground truth values across all test cases. This contrasts
the Helpdesk dataset, where the model tends to overestimate variance. These observations align
closely with the predictive performance results and are consistent with the characteristics of the
datasets. The Helpdesk dataset contains lower inherent variability and shorter suffix lengths.
Therefore, the model tends to predict too much variance, whereas for the Sepsis dataset, which
contains high variability, the model underestimates it. Nevertheless, among the evaluated settings,
Setting 2 yielded the best calibration for Sepsis. The calibration performance for the BPIC-17
dataset is generally poor. Clear systematic bias is observed in the remaining time predictions (sum

and last). Among all configurations, Setting 2 provides the most balanced calibration, although a
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minor bias remains. Specifically, in Setting 2, the remaining time sum is slightly underestimated,
while the remaining time last is somewhat overestimated. In Setting 1 of the U-ED-LSTM on
the PCR dataset, the PIT plot exhibits a bell-shaped distribution for the remaining time sum,
indicating that the model’s predicted variance is much higher than the true variability of remaining
time values. The sloped PIT plot for the remaining time last reveals a systematic bias, with the
U-ED-LSTM consistently overestimating the true remaining times last. However, calibration for
both remaining time types shows improvement in Setting 2. Overall, the results suggest that in

Setting 2, the model’s calibration for the PCR dataset aligns reasonably well.
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Figure 7: Model Calibration of Remaining Time Predictions - Setting 3

5 Related Work

Suffix Prediction. Current suffix prediction approaches focus on predicting the most likely suffix
and improving predictive performance. The methods differ in the models used, predicted event
attributes, and strategies to enhance training. Early suffix prediction approaches use LSTMs
[3, 6, 9, 24]. Predictive performance is improved by using encoder-decoder LSTMs [15, 25]. More
recent encoder-decoders are enriched by more complex NN architectures such as combined General
Recurrent Units, Graph NNs, and attention [21] or transformers [28]. Recently, LLMs have been
used for suffix prediction [18], facing challenges such as lack of interpretability or not all prefixes can
simultaneously be passed into a prompt. In addition, existing approaches can be categorized based
on predicted event attributes. Some approaches predict only the sequence of activities [6, 18, 21] and
lifecycle transitions [15]. Other approaches predict the sequence of activities and time attributes
[9, 24, 25, 28], and resource information [3]. Special training considerations are applied to improve
predictive performance. [25], for example, introduce teacher forcing and enhance its encoder-
decoder LSTM with adversarial training to improve performance and robustness. [9, 28] proposed
CRTP, demonstrating that models trained this way outperform those optimized for single-event
prediction. For testing, [3] try random sampling from categorical distributions against an arg-max
strategy to derive the best matching activities in a suffix. Similar to our approach, they observe

better performance in suffix length prediction.

Uncertainty in PPM. For remaining time and next activity predictions, combined epistemic and
aleatoric uncertainty for NNs is applied to PPM by [27]. [20] applies and compares deep ensemble
and MC dropout in attention-based NNs for the next activity prediction. Both approaches aim
to improve single-event prediction performance and show how uncertainty and prediction accuracy
correlate. Most recently, [17] introduces Conformalized MC dropout, leveraging uncertainty and
conformal predictions to construct prediction intervals for the next activity prediction to improve

interpretability. However, they do not evaluate their approach on open-source, real-world datasets.
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In [19, 22], Bayesian Networks are used to predict the sequence of activities, but Bayesian networks

cannot handle large and complex data.

6 Conclusion

In this technical report, we presented an approach for probabilistic suffix prediction that leverages
our U-ED-LSTM and MC suffix sampling algorithm and an extensive performance evaluation of
the proposed model. Our approach captures epistemic uncertainty via MC dropout and aleatoric
uncertainty as learned loss attenuation. No other work has yet addressed incorporating epistemic
and aleatoric uncertainties for suffix predictions of business processes. Probabilistic suffix prediction
can offer enhanced reliability and transparency by generating a distribution over possible future
sequences rather than a single deterministic outcome. For instance, instead of predicting a single
remaining time or a fixed number of activity loop executions, the model can provide a range of

possible values and their associated probabilities.

Future Work. We demonstrated the predictive performance and calibration of our U-ED-LSTM.
However, to further improve the performance and calibration of our approach, we i) further exper-
iment with different hyperparameters, ii) try to improve the log-normal distribution of assumed
observation noise for loss attenuation to obtain results such as in [23], iii) try different methods to
measure epistemic uncertainty such as deep ensembles instead of MC dropout, iv) choose different
NN architectures for sequence predictions, especially for long-range sequences such as transform-
ers. In the evaluation, we only assessed activity sequence and remaining time predictions. Since
our approach can predict all event attributes, evaluating additional attributes could yield further

insights into the model’s predictive performance.
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