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Abstract

This paper addresses the problem of suffix prediction in Business Process
Management (BPM) by proposing a Neuro-Symbolic Predictive Process Mon-
itoring (PPM) approach that integrates data-driven learning with temporal
logic-based prior knowledge. While recent approaches leverage deep learning
models for suffix prediction, they often fail to satisfy even basic logical con-
straints due to the absence of explicit integration of domain knowledge during
training. We propose a novel method to incorporate Linear Temporal Logic
over finite traces (LTLy) into the training process of autoregressive sequence
predictors. Our approach introduces a differentiable logical loss function, de-
fined using a soft approximation of LTL; semantics and the Gumbel-Softmax
trick, which can be combined with standard predictive losses. This ensures
the model learns to generate suffixes that are both accurate and logically
consistent. Experimental evaluation on three real-world datasets shows that
our method improves suffix prediction accuracy and compliance with tem-
poral constraints. We also introduce two variants of the logic loss (local
and global) and demonstrate their effectiveness under noisy and realistic set-
tings. While developed in the context of BPM, our framework is applicable
to any symbolic sequence generation task and contributes toward advancing
Neuro-Symbolic Al
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1. Introduction

Predictive Process Monitoring (PPM) is a field within Business Process
Management (BPM) that focuses on forecasting future events or outcomes
of ongoing process instances based on historical event data. This paper ad-
dresses the PPM problem of suffix prediction by leveraging both data and
prior logical temporal knowledge. Suffix prediction is particularly important
in BPM for forecasting the continuation of a process trace, enabling better re-
source allocation, and anticipating future steps for effective decision-making.

Recently, there has been significant interest in employing deep learning
techniques for suffix prediction in BPM [1], including the use of Recurrent
Neural Networks (RNNs) [2], Transformers [3], and Deep Reinforcement
Learning algorithms [4]. Despite significant advances in machine learning
and deep learning, several studies have shown that deep models can surpris-
ingly fail to satisfy even the most basic logical constraints [5, 6], derived from
commonsense reasoning or domain-specific knowledge. This occurs because
such models are trained solely on data, and integrating logical knowledge
into the training process remains an open challenge. As a result, in many
domains like BPM, where both data and formal knowledge about the process
are often available, the latter is typically underutilized.

However, domain-specific knowledge can play a crucial role in characteriz-
ing the context in which a process is executed, providing valuable information
not explicitly contained in the event data alone. For example, when the par-
ticular variant of a process being executed is known (such as a client-specific
scenario or a seasonally influenced workflow) this knowledge can guide pre-
dictions in ways that purely data-driven models cannot. Similarly, in envi-
ronments subject to concept drift, where process behavior evolves over time,
logical constraints can help identify and adapt to changes more robustly than
relying solely on historical data. Furthermore, logical knowledge is instru-
mental in filtering out noise in the data, enhancing model robustness and
prediction accuracy, as demonstrated in our experimental evaluation.

This work explores a novel Neuro-Symbolic PPM approach aimed at
bridging this gap by incorporating prior knowledge, expressed in Linear Tem-
poral Logic over finite traces (LTLy), into the training of a deep genera-
tive model for suffix prediction. Existing works on knowledge-constrained
sequence generation using autoregressive models are typically designed for
test-time inference [7, 8, 9, 10, 11, 12, 13, 14], rather than for integration
during training. A notable exception is STLnet [6], which incorporates Sig-



nal Temporal Logic (STL) specifications into the training process through
a student-teacher framework. However, STLnet is specifically designed for
continuous temporal sequences. Our attempts to adapt STLnet to discrete
domains and LTL¢-based knowledge yielded poor results, highlighting its
limitations in symbolic settings such as those encountered in PPM.

Our contribution is a Neuro-Symbolic method to integrate symbolic knowl-
edge of certain process properties, expressed in Linear Temporal Logic over
finite traces (LTLy), into the training process of a neural sequence predictor.
This enables us to leverage both sources of information (data and background
LTL; knowledge) during training. Specifically, we achieve this by defining
a differentiable counterpart of the LTL; knowledge and employing a differ-
entiable sampling technique known as the Gumbel-Softmax trick [15]. By
combining these two elements, we define a logical loss function that can be
used alongside any other loss function employed by the predictor. This en-
sures that the network learns to generate traces that are both similar to those
in the training dataset and compliant with the given temporal specifications
at the same time.

We evaluate our method on several real-world BPM datasets and demon-
strate that incorporating LTL ; knowledge at training time leads to predicted
suffixes with both lower Damerau-Levenshtein (DL) distance [16] from the
target suffixes and a significantly higher rate of satisfaction of the LTL;y
constraints.

This paper builds upon our previous work [17], extending the approach
to make it more robust and principled. We propose two distinct logic loss
formulations: one that provides local, activity-level feedback, and another
that enforces global, trace-level logical constraints during suffix prediction.
In addition, we significantly broaden the empirical evaluation of our frame-
work. We present a comprehensive set of results on real-world BPM datasets
under challenging and noisy experimental conditions, demonstrating both
the effectiveness and generality of our approach.

Overall, while our approach is instantiated in the context of PPM, its
underlying principles arc broadly applicable to any multi-step symbolic se-
quence generation task using autoregression. We believe the contributions
of this work may be of general interest to the Machine Learning community,
particularly in the area of Neuro-Symbolic Al.

The rest of the paper is structured as follows. Section 2 provides prelim-
inary notions and notations necessary to understand the paper. Section 3
formulates the addressed problem and outlines the proposed solution. Sec-
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tion 4 presents an experimental evaluation of the solution. Section 5 discusses
related work, while Section 6 concludes the paper and spells out directions
for future research.

2. Background and Notation

This section introduces the fundamental notions and notations essential
for understanding the concepts discussed in the paper. It lays the groundwork
by defining key terms and formalizing the terminology used throughout the
work.

2.1. Notation

In this work, we consider sequential data of various types, including
both symbolic and subsymbolic representations. Symbolic sequences are
also called traces. Each element in a trace is a symbol o drawn from a
finite alphabet ». We denote sequences using bold notation. For example,
o = (01,09,...,07) represents a trace of length 7.

Each symbolic variable in the sequence can be grounded either categori-
cally or probabilistically. In the case of categorical grounding, each element
of the trace is assigned a symbol from 2, denoted simply as o;, where o; can
be encoded as an index in {1,2,..., ||} or as a one-hot vector o; € {0, 1}/
such that Z'fz‘l oi[j] = 1. In the case of probabilistic grounding, each sym-
bolic variable is associated with a probability distribution over X, represented
as a vector g; € A(X), where A(X) denotes the probability simplex defined
as:

A(®D) =15 eRM 5[] >0, ) 5[j]=1

j=1

Accordingly, we distinguish between categorically grounded sequences o and
probabilistically grounded sequences &, using the tilde notation.

Finally, we use subscripts to indicate time steps in the sequence, and v|[j]
(M{[j]) to denote the j-th component (tensor) of vector v (matrix M). For
instance, &;[j] denotes the j-th component of the probabilistic grounding of
o at time step 2. We also use + to denote trace concatenation; e.g., a + b is
the trace obtained by concatenating traces a and b.



2.2. Linear Temporal Logic and Deterministic Finite Automata

Linear Temporal Logic (LTL) [18] is a formal language that extends tra-
ditional propositional logic with modal operators, allowing the specification
of rules that must hold through time. In this work, we use LTL interpreted
over finite traces (LTLy) [19], which models finite, but length-unbounded,
process executions, making it suitable for finite-horizon problems. Given a
finite set X of atomic propositions, the set of LTL formulas ¢ is inductively
defined as follows:

pu=T|Llo|-0|dAd|Xo| U, (1)

where 0 € Y. We use T and L to denote true and false, respectively.
X (Strong Next) and U (Until) are temporal operators. Other temporal
operators are N (Weak Next) and R (Release), defined as N¢p = —X—¢
and ¢1Rpy = —(—=p1U—¢s); G (globally) G¢ = 1L R¢; and F (eventually)
Fo=TUg.

A trace ¢ = (01,09,...,07) is a sequence of propositional assignments
to the propositions in Y, where o, C ¥ is the set of all and only propositions
that are true at instant ¢. Additionally, |o| = T denotes the length of the
trace. Since every trace is finite, |o7| < co. If the propositional symbols in X
are all mutually exclusive, i.e., the domain produces exactly one symbol true
at each step, then we have o, € ¥. As is customary in BPM, we make this
assumption, known as the mutual exclusivity assumption [20].

By o F ¢ we denote that the trace o satisfies the LTL; formula ¢. We
refer the reader to [19] for a formal description of the LTL; semantics. Any
LTL; formula ¢ can be translated into a Deterministic Finite Automaton
(DFA) [19] Ay = (%, Q, qo, 8, F'), where % is the automaton alphabet,? @ is
the finite set of states, ¢y € @ is the initial state, § : Q@ x ¥ — @ is the
transition function, and F' C () is the set of final states. Additionally, we
recursively define the extended transition function over traces 6* : Q) x ¥* —

Q as:

6*(Q7 6) =4
5*(q,0 +x) = 6*(0(q, o), ), (2)

2Here the alphabet of the equivalent DFA is ¥ because of the mutual exclusivity as-
sumption. In the general case, the automaton alphabet is 2*.



where 0 € X is a symbol and & € ¥* is a trace. The automaton accepts
the trace o if 0*(qo, o) € F, and in that case we say that o belongs to the
language of the automaton, denoted as L(A;). We have that ¢ and A, are
equivalent because, for any trace o € ¥*:

o€ L(Ay) < oko. (3)

2.3. Deep Autoregressive Models and Suffiz Prediction

Deep autoregressive models are a class of deep learning models that au-
tomatically predict the next component in a sequence by using the previ-
ous elements in the sequence as inputs. These models can be applied to
both continuous and categorical (symbolic) data, finding applications in var-
ious generative Al tasks such as Natural Language Processing (NLP) and
Large Language Models (LLM) [21, 22|, image synthesis [23, 24], and time-
series prediction [25]. They encompass deep architectures such as RNNs and
Transformers and, in general, any neural model capable of estimating the
probability:

P(xy | 1,29, ... ,24-1) = Pz | <y). (4)

The probability of a sequence of data  can be calculated as:

T

P(x) =[] P(xi | z<i). ()

=1

In suffix prediction in BPM, given a subsequence (or prefix) of past ac-
tivities py = (ay,as,...,a;) that the process has produced up to the cur-
rent time step ¢, with a; in a finite set of activities A, we aim to complete
the trace by generating the sequence of future events, also called the suf-
fix, s¢ = (ap1, ..., a4, E0T). We use EOT ¢ A to denote a special symbol
marking the end of sequences, which is not included in A.

Suffix prediction can be accomplished using autoregressive models, by
choosing at each step the most probable next event according to the neural
network, concatenating it with the prefix, and continuing to predict the next
event in this manner until the EOT symbol is predicted or the trace has reached
a maximum number of steps 7. We define ASTEQT = {a + EOT | @ € A=T}
as the set of possible complete traces a = p; + s; that can be generated in
this way.

At each generation step, a symbol must be sampled from the next activity
probability. A common way of selecting the next activity to feed into the
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autoregressor is to greedily choose the activity maximizing the next symbol
probability at each step, as follows:

ar = argmax P(a; =0 | ay,... a4, 001, 05-1), t<k<T. (6)
a€ AU{EOT}

This greedy search strategy may not produce the most probable suffiz, i.e.,
the trace that maximizes the probability in Equation 5. Other non-optimal
sampling strategies commonly used for this task include Beam Search, Ran-
dom Sampling, and Temperature Sampling [4].

3. Method

This section defines the specific suffix prediction problem we want to
solve and outlines our Neuro-Symbolic PPM approach, which integrates prior
knowledge expressed in Linear Temporal Logic over finite traces (LTLy)
into the training of a deep generative model. We also introduce two logic
loss formulations: one providing local, activity-level feedback, and another
enforcing global, trace-level constraints over the predicted suffix.

3.1. Problem Formulation

We assume an autoregressive neural model fy with trainable parameters
0 to estimate an approximation P, of the probability of the next event a;
given a trace of previous events a-; (Equation 4):

U = f@(a<t)
P(a; = a; € AU{EOT} | acy) ~ ili]. (7)

Note that we do not make any assumptions about the neural model, except
that it can estimate the probability of the next activity given a sequence of
previous ones. As a result, our approach is entirely model-agnostic and can
be readily applied to any autoregressive model.

We denote by P, the probability of a trace according to the network

approximation:
|al

Py(a) = | [ Gulad]. (8)



The model parameters are typically trained using a supervised loss Lp,
evaluated on a dataset D of ground-truth traces obtained by observing the
process. The loss for a trace a € D of length T is defined as follows:

T

Lo(a) = 7 3 exoss-entropy(fy(ace). ). (9)

t=1

This loss trains the network to predict the next symbol in a trace so as to
closely mimic the data in the dataset.

In this work, we assume that certain properties of the process are also
known and can be injected into the learning process during training. These
properties, which form the background (or prior) knowledge about the pro-
cess, are expressed as an LTL; formula ¢ defined over an alphabet ¥ C A.

Our goal is for the language generated by the autoregressor fy to be
strictly contained within the language of strings accepted by the formula,
denoted as L(A,). However, the language produced by the network is un-
bounded, as it is only softly assigned: in other words, the network can generate
any possible string, each with a different probability.

Our method therefore aims to maximize the probability Py, that traces
a ~ Py, sampled from the autoregressor, satisfy the specification:

Pypy=EauplaFdl= > Pa)l{ak ¢} (10)

ac ASTEOT

Note that in order to compute the exact probability of knowledge satisfaction,
one would need to sample all possible suffizes of maximum length T" and sum
their acceptance probabilities. However, this set has an exponential size,
making exact computation unfeasible. Furthermore, we aim to impose the
maximization of this probability as a training objective. Therefore, our goal
is to design a fast and differentiable procedure to approximate it at each
optimization step of the autoregressor.

We propose two logic loss functions: a local, activity-level loss L°, and

a global, trace-level loss LilOb. We show that both contribute positively to
the learning process, demonstrating the effectiveness of integrating LTL;
knowledge into autoregressive training. The choice between the two logic
losses depends on the type of LTL; knowledge available. The global loss
LfOb can always be applied, regardless of the structure of the formula ¢,
but is more computationally demanding since it requires generating entire

suffixes during training.



In general, the compliance of a trace with ¢ can only be assessed on com-
plete traces. Indeed, whether the current partial prediction a=* satisfies (or
violates) ¢ does not guarantee that the final predicted trace a will also satisfy
(or violate) it. This introduces a challenge in evaluating LTLy constraints,
as opposed to approaches that rely on local constraints [14], which can be
verified step-by-step during generation.

However, some types of formulas, such as safety constraints, once trans-
lated into a DFA, contain failing states, which can be used to guide generation
locally. A failing state is a state in the DFA from which no accepting state
is reachable. When a partial trace enters such a state, it has irreversibly vio-
lated the formula, and no continuation can satisfy the knowledge. Our local
loss le?c exploits the presence of failing states to guide the autoregressor at
every generation step. As a result, it provides richer feedback at the activity
level, but it can only be used with formulas that admit such a DFA structure.

In the following sections, we describe how we compute the logic loss under
the two scenarios. In either case, we combine it with the supervised loss Lp
as follows:

L =alLp+ (1—a)Ly, (11)

with a being a constant between 0 and 1 that balances the influence of each
loss on the training process.

3.2. Local Guidance

In cases where the formula can be permanently violated, the correspond-
ing DFA includes a set of failing states Q™! C @, from which the formula can
no longer be satisfied. In this case, we aim to minimize the probability that
the next predicted activity will irreversibly violate prior knowledge, denoted
as P(a; ¥* ¢ | a<;). Here, the symbol #* denotes the permanent violation
of the formula. Given a ground-truth trace a € D, we define this probability
as:

Pla ¥ 6lac)= Y filac)lal 1{5" (@ .aci+a) € Q™). (12)

a€ AUEQT

In other words, at cach step t of the trace, we consider the probability
distribution over the next symbol given by fy(a<;). For each symbol a in the
vocabulary (including EQT), we simulate the state reached by the extended
trace a<; + a in the DFA. If the resulting state belongs to Q™! we add the
probability of a to the probability that the trace permanently violates the



knowledge. We minimize this probability by minimizing the following loss
on each ground-truth trace a:

|al

Ly = ﬁ > —log (L — Pla, ¥ ¢ | a)). (13)
t=1

Note that traces can fall into one of the following categories: (i) they
irreversibly violate the knowledge (by reaching a failure state either at ter-
mination or earlier); (ii) they do not satisfy the knowledge (by terminating
in a non-accepting, non-failure state); (iii) they satisfy the knowledge (by
terminating in an accepting state).

Both cases (i) and (ii) result in a violation of the knowledge. The loss
Lg’c specifically targets only case (i), aiming to reduce occurrences of irre-
versible violations. By decreasing the probability in Equation 12, we increase
the desired probability Fy-4. However, knowledge satisfaction is not directly
maximized, and it is still possible for traces with zero loss to violate the
knowledge under case (ii). Despite this limitation, we observed in practice
that L};jc remains highly effective on many datasets, as we will show in Sec-
tion 4.

3.3. Global Guidance

In the general case, an LTL; formula ¢ cannot always be violated per-
manently. In such cases, it is impossible to supervise the suffix generation
step by step, and the only guidance that can be provided to the autore-
gressor is global, i.e., applied to the entire generated trace. To this end, we
define a second logic loss, Libb, which provides this global supervision to the
autoregressor and can be applied to any LTL formula.

In particular, in the global case, we directly approximate the target prob-
ability Py-, using a Monte Carlo estimation. We sample a set of complete
traces {a(V,a®, ... a™} ~ Py according to the distribution learned by the
autoregressor, and calculate an approximation of the target probability p@pd)
as the empirical average compliance with the formula over the sampled set:

N

. 1 .

Py = N E 1{a" k ¢}. (14)
i=1

Finally, we define the global loss as:
Libb = — 10g(p9p¢). (15)

10



In order to maximize this estimate during training, we must be able to
sample complete traces and evaluate their compliance with the knowledge in
a fast and differentiable way. To achieve this, our method relies on two key
components:

1. DeepDFA [26], a Neuro-Symbolic framework that encodes temporal
logic properties as a recurrent layer, enabling efficient and differentiable
evaluation of logical constraints;

2. Gumbel-Softmax sampling [15, 27] to generate differentiable, near one-
hot suffixes during training.

By leveraging these two components, detailed in the following sections,
we compute a global logic loss Lik’b that enforces the satisfaction of prior
knowledge over entire traces. In the next sections, we first describe how
the LTLy formula ¢ is preprocessed and encoded using DeepDFA. We then
illustrate how DeepDFA is integrated with suffix prediction during training
through differentiable sampling based on Gumbel-Softmax.

3.4. Knowledge Preprocessing and Tensorization

In this section, we describe how the LTL; formula ¢ is preprocessed
and tensorized to enable the integration of prior knowledge into the learning
process. Note that these steps are performed only once before training begins
and are required for computing both the local and global losses.

3.4.1. Knowledge Preprocessing

First, we translate the LTL; formula ¢ into an equivalent deterministic
finite automaton (DFA) A, = (£, Q, qo, 9, F') using the automatic translation
tool 1t1£2DFA [28]. This step is necessary because all existing approaches for
integrating temporal specifications into learning pipelines rely on automata-
based representations [26, 29, 30], while the direct integration of LTL ; formu-
las remains an open challenge [31]. Although this translation has worst-case
double-exponential complexity [19], it is often efficient in practice, and sev-
eral scalable techniques exist to perform it for a given formula ¢ [32, 33, 34].
Moreover, in this work, we focus on Declare formulas [35], a standard for
declaratively specifying business processes [36], which are known to yield
DFAs of polynomial size with respect to the input formula [37].

Second, we adapt the DFA alphabet > C A so that it includes all activity
symbols present in the event log A. Specifically, for each symbol s € A\
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¥ and each state ¢ € @, we add a self-loop (g, s) = ¢ to the transition
function ¢. This ensures that symbols not constrained by the formula can
still be processed by the DFA, without affecting its acceptance behavior.
Note that while this technique is feasible in the BPM setting, it may become
impractical in other application domains where the autoregressor’s symbol
space is excessively large, such as in LLM-based applications [8].

Additionally, we extend the DFA to handle the special EOT (End of Trace)
symbol. In particular, we define as accepted all and only those traces of the
form t+EO0T+z such that ¢t € A*, ¢t F ¢, and z is any (possibly empty) trace
in (AU {EOT})*. This implies that:

(i) a non-terminating trace is considered non-compliant with the specifi-
cation;

(i) a trace is evaluated against the specification only at the first occurrence
of EOT — whether the specification is violated or satisfied before this
point is irrelevant, as are any symbols in z occurring after the first EOT.

To implement this behavior, we add EOT to the alphabet and introduce
two terminal states: a success state ¢; and a failure state qf . For each state
g € @, we add the transition 6(¢,EQT) = ¢} if ¢ € F, and §(¢,E0T) = qlf
otherwise. States ¢; and qtf are terminal, meaning they are absorbing: once
entered, the automaton cannot exit. Therefore, for each symbol s € A U
{EOT}, we add the transitions 0(¢¢, s) = ¢¢ and d(¢/,s) = ¢/. We designate
q; as the only accepting state of the extended DFA.

Finally, we compute the set of failure states Q™! which is only necessary
when employing the local logic loss ngc. The final DFA after preprocessing
is therefore:

Al = (AU{EOT}, QU {q;, ¢l }, 00,0 {a}}),

with the extended transition function 4’ defined as:

0(q,s) ifqge@QNnseX,

ifse A\XVqe{g ¢},
5(gs) =9 ifs € A\XVaE {aha} (16)
q; if s=EO0TAq€EF,
q{ if s=EOTAq ¢ F.

3.4.2. Knowledge Tensorization
Given the final DFA A}, we transform it into a neural layer with DeepDFA
[26]. DeepDFA is a neural, probabilistic relaxation of a standard determinis-
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tic finite-state machine, where the automaton is represented in matrix form
and the input symbols, states, and outputs are probabilistically grounded.

We define the transition function of the DFA in matrix form as T €
RIZXIQIXIQl " and the initial and final states with the vectors p € RI€l and
A € RI9l respectively. While this matrix representation is traditionally used
for Probabilistic Finite Automata (PFA), here it is applied to deterministic
automata to leverage tensor operations for fast and differentiable computa-
tion of state transitions and outputs. The DeepDFA model is defined as
follows:

do = 4

=
G = Zat[j] (Ge—1 - T9)), (17)
or =G -\ .

Here, 6, ¢;, and o; represent the probabilistic representations of the input
symbol, the automaton state, and the output (i.e., whether the trace is ac-
cepted or rejected) at time ¢t. The neural network parameters p, 7, and A
are initialized from the DFA as:

plij={ & o=@
0 otherwise

1 if 6(qi,s) = ¢
T y Qs 4] — 7 !
5.4 q]] {0 otherwise

. 1 ifg eF
A[J]Z{ 0

(18)

0 otherwise.

3.5. Differentiable Sampling

For the computation of the global logic loss, our goal is to generate com-
plete suffixes and evaluate their compliance with the knowledge constraint
during training. To this end, note that the next-activity predictor is trained
on perfectly one-hot (i.e., symbolic) input sequences a<; and produces con-
tinuous probability vectors §® as output, which can differ significantly from
one-hot vectors. As a result, we cannot directly feed these probability vectors
back into the network as inputs in subsequent steps, as doing so may lead to
unpredictable behavior. Instead, we need to sample from these distributions
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Figure 1: Global logic loss computation using a differentiable procedure for both suffix
generation and formula evaluation. Violet arrows indicate the connections through which
the loss is back-propagated, while components highlighted with a red border denote the
modules whose parameters are updated by the logic loss.

to recover one-hot-like inputs. At the same time, this sampling must remain
differentiable to enable backpropagation.
The computation of the global logic loss proceeds as follows:

1. given a prefix p,, generate N suffixes §§i) that are simultaneously: (i)
highly probable under the network’s distribution; (ii) differentiable; and
(iii) nearly symbolic, i.e., as close as possible to one-hot vectors;

2. evaluate whether the generated complete traces p, + §§i) satisfy the
LTL; formula ¢ using DeepDFA, which supports evaluation over both
categorically grounded and probabilistically grounded traces;®

3. maximize the estimated satisfaction probability }39.:(,5, computed as the
empirical mean over the sampled traces.

Thanks to the differentiability of both the knowledge evaluator and the

3Note that the prefix p, is categorically grounded, whereas the suffix 3; is probabilis-
tically grounded.
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sampling process, the resulting loss can be back-propagated through the gen-
erated suffixes and used to update the parameters 6 of the next-activity pre-
dictor, as illustrated in Figure 1. To sample the next activity a, from the
probability distribution ¢; produced by the network (while ensuring differen-
tiability), we employ the Gumbel-Softmax reparameterization trick [15, 27]:

log(9:) + G) 7

T

a; = softmax ( (19)
where G is a random vector sampled from the Gumbel distribution, and 7 is a
temperature parameter that controls the sharpness of the output distribution.
As 7 — 0, the output approaches a discrete one-hot vector, while for 7 = 1,
it remains close to the original continuous probabilities in g;. Since the next
activity is only probabilistically grounded, we denote it as a;.

4. Experiments

This section describes the experimental setup, including the datasets,
evaluation metrics, and comparative approaches, followed by a detailed anal-
ysis of the results obtained. The experiments are reproducible using our im-
plementations of the GLL and LLL at https://github.com/axelmezini/suffix-
prediction and https://github.com/axelmezini/nesy-suffix-prediction-dfa re-
spectively.

4.1. Ezxperimental Setup

Our methods have been evaluated using three real-world datasets.* Given
an event log, the traces are ordered by the timestamp of the first event and
split into training and test sets using an 80-20 ratio. Knowledge is extracted
from the test set in the form of Declare constraints using the Declare Miner
[38], each with a minimum support value of 85% (i.e., satisfied in at least 85%
of the traces). These constraints are then translated into their corresponding
LTL; formulas and combined in an LTL; model using conjunctions. To
enable controlled experiments, traces that violate the extracted LTL; model
(i.e., that do not satisfy all the discovered constraints) are removed from
both the training and test set.

‘https://www.tf-pm.org/resources/logs
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In addition, to the training set containing only positive traces four levels
of noise are introduced: 10%, 20%, 30%, and 40%. Noise is applied by
randomly replacing the activity label of selected events with other labels
from the activity vocabulary. During both training and testing, different
prefix lengths are used, determined based on the median trace length of the
training split of the log. For each distinct configuration, 15 runs are executed.

BPIC 2013 BPIC 2020 Sepsis

# Traces 818 2395 690
# Activities 7 51 16
# Constraints 7 56 39
# DFA states 6 13 10
# Failure states 2 2 2

Table 1: Key statistics of the datasets used in our experiments.

Table 1 summarizes the key statistics of the datasets used in our experi-
ments. The datasets vary in size and complexity, with the number of traces
ranging from 690 to 2395, and the number of distinct activities ranging from
7 to 51. Correspondingly, the number of discovered Declare constraints and
the size of the resulting deterministic finite automata (DFA) differ across
datasets, reflecting their behavioral complexity. Despite these differences,
all datasets include a small number of failure states in their DFAs, which
indicate states violating the discovered constraints.

Baselines. We base our evaluation on RNN-based next activity predictors.
For each dataset configuration, we test: (i) a base RNN model trained only
with supervised loss (RNN), (ii) RNNs trained with supervised and local
logic loss (RNN+LLL), and (iii) RNNs trained with supervised and global
logic loss (RNN+GLL). All RNNs used are two-layer LSTMs with 100 neu-
rons per layer, trained using a batch size of 64 and the Adam optimizer. Two
different sampling strategies are tested: greedy decoding and temperature-
based sampling.

We compare the proposed approaches using two evaluation metrics: the
Damerau-Levenshtein similarity with respect to the ground-truth traces and
the satisfaction rate with respect to the LTL; model.

4.2. Empirical Results
Figures 3 and 2 show the performance across all datasets and noise levels
for the satisfiability and similarity metrics, respectively.
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Figure 2: Comparison of satisfiability (SAT) of predicted traces with respect to logical
constraints across three datasets (Sepsis, BPIC 2013, BPIC 2020) and multiple noise
levels. Each row corresponds to a dataset, and each column shows temperature-based
(left) and greedy (right) sampling. Methods compared: pure RNN, RNN with global
logic loss (GLL), and RNN with local logic loss (LLL). Higher SAT scores indicate better
compliance with logical constraints.
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Figure 3: Comparison of predicted suffix similarity (based on scaled Damerau-Levenshtein
distance) across three datasets (Sepsis, BPIC 2013, BPIC 2020) under varying levels of
injected noise. Each row corresponds to a dataset, and each column shows the results for
temperature-based (left) and greedy (right) sampling. The methods compared include:
pure RNN, RNN with global logic loss (GLL), and RNN with local logic loss (LLL).
Higher values indicate greater similarity to the ground truth suffixes.
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The empirical results demonstrate that integrating background knowl-
edge during training consistently increases the satisfaction rate of the pre-
dicted traces, regardless of the sampling strategy. These improvements are
especially pronounced under higher noise levels, confirming the utility of
incorporating logical background knowledge when predictive uncertainty in-
creases. Notably, the satisfaction rate remains close to 100% even at the
highest noise level of 40%.

Importantly, this increase in satisfaction rate does not negatively affect
the model’s ability to learn from training data. The similarity to ground truth
data remains consistent across configurations. These results suggest that the
integrated knowledge helps the model distinguish compliant traces from noisy
patterns in the training sets. Overall, the impact of the sampling strategy
is limited, although greedy decoding often shows slightly better performance
compared to temperature-based sampling for both metrics.

Differences observed across datasets likely reflect their inherent character-
istics, such as vocabulary size, number and frequency of variants, and train-
ing data volume. Overall, our empirical evaluation confirms that integrating
background knowledge at training time consistently improves performance
and that the methodology is applicable across various real-world datasets
and scenarios.

We also report the average number of training epochs required by each
method in Table 2. RNN+GLL shows the most efficient training across
all configurations, often converging in fewer than 600 epochs, compared to
over 1500 epochs for the baseline. RNN-+LLL requires more epochs than
RNN+GLL but still fewer than the baseline in many cases. This proves that
integrating background knowledge not only improves predictive quality but
also accelerates model convergence.

5. Related Work

Recently, there has been significant interest in employing deep Neural
Networks (NN) in PPM, for tasks such as next activity prediction, suffix
prediction, and attribute prediction [1]. Despite significant advances in the
field, nearly all works rely on training these models solely on data without
utilizing any formal prior knowledge about the process. They mainly focus
on two aspects: (i) enhancing the neural model, ranging from RNNs [39,
40, 7, 41], Convolutional NN (CNN) [42], Generative Adversarial Networks
(GANSs) [43, 41], Autoencoders [41], and Transformers [41]; and (ii) wisely
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Dataset Noise | RNN  RNN+GLL RNN+LLL

BPIC 2013 10 | 1544.73 572.40 1080.80
BPIC 2013 20 | 1692.47 558.67 1158.27
BPIC 2013 30 | 1721.67 565.27 1194.60
BPIC 2013 40 | 1985.07 561.80 1228.40
BPIC 2020 10 | 1871.40 568.47 1364.47
BPIC 2020 20 | 1817.93 574.93 1634.33
BPIC 2020 30 | 1851.80 572.07 1947.33
BPIC 2020 40 | 1902.00 599.73 1999.00
SEPSIS 10 | 1406.67 577.73 1486.13
SEPSIS 20 | 1585.33 603.93 1873.87
SEPSIS 30 | 1488.40 576.87 1586.07
SEPSIS 40 | 1445.53 595.27 1789.27

Table 2: Average number of training epochs required by each method across datasets and
noise levels. Best results in bold.

choosing the sampling technique to query the network at test time to gener-
ate the suffix, mostly using greedy search [39], random search [40], or beam
search [7], and more recently, policies trained with Reinforcement Learning
(RL) [44, 4]. Among all these works, only one exploits prior process knowl-
edge [7], expressed as a set of LTL; formulas, but it uses this knowledge
only at test time, modifying the beam search sampling algorithm to select
potentially compliant traces with the background knowledge.

In this work, we take a radically different approach by introducing a
principled way to integrate background knowledge in LTL; with a deep NN
model for suffix prediction at training time. This is based on defining a
logical loss that can be combined with the loss of any autoregressive neural
model and any sampling technique at test time, drawing inspiration from the
literature in Neuro-Symbolic Al [45]. In this ficld, many prior works focus on
exploiting temporal logical knowledge in deep learning tasks, but none have
been used for multi-step symbolic sequence generation.

T-leaf [46] creates a semantic embedding space to represent both formulas
and traces and uses it in tasks such as sequential action recognition and
imitation learning, which do not involve multi-step prediction. In [29], an
extension of Logic Tensor Networks (LTN) [47] to represent fuzzy automata is
proposed, and employed to integrate LTL; background knowledge in image
sequence classification tasks. STLnet [6] adopts a student-teacher training
scheme where the student network proposes a suffix based on the data, that is
corrected by the teacher network to satisfy the formula. This work uses Signal
Temporal Logic (STL) formulas and is applied to continuous trajectories
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rather than discrete traces. Our attempts to apply it to discrete data and
LTL; formulas translated into STL yielded poor results, as the resulting
STL formulas were extremely challenging for the framework to handle.

A recent line of research focuses on constraining Large Language Mod-
els (LLMs) with structured temporal knowledge, either by employing con-
strained beam search [8, 9, 10], or training auxiliary models [11, 12], or
exploiting conditioned sampling techniques [13, 14]. However, all these ap-
proaches are exclusively designed for test-time inference and have no influence
on the training of the LLM. While this may be reasonable in the context of
LLMs, where prior knowledge is often available only for specific subtasks, in
PPM, structured global knowledge about the process may be available before
data collection. In such cases, incorporating this knowledge during train-
ing, rather than only at inference time, can significantly benefit the learning
process.

Our work is the first to integrate temporal knowledge in the generation
of multi-step symbolic sequences at training time. It is based on encoding
LTL formulas using a matrix representation that we previously used for very
different tasks, such as learning RL policies for non-Markovian tasks [48] and
inducing automata from a set of labeled traces [49],that we adapt here for
use in the generative task of suffix prediction.

6. Conclusions and Future Work

This paper introduces a novel Neuro-Symbolic approach that seamlessly
integrates temporal logic knowledge, expressed in LTLy, into the train-
ing of neural suffix predictors for PPM. By combining data-driven learning
with formal background knowledge, our approach achieves improved predic-
tion accuracy and higher compliance with logical constraints, even under
noisy conditions. The proposed logical loss formulations, offering both local
and global perspectives, demonstrate the effectiveness and generality of the
method across different real-world datasets.

Future work will focus on extending the logical loss framework to support
additional types of constraints that capture diverse process dimensions such
as resources, numeric attributes, and event timestamps. We also aim to assess
the method in the presence of concept drift, where process behavior evolves
over time. Finally, further investigation into the synergy between local and
global constraints, as well as their integration with Large Language Models,
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could be promising for advancing the state-of-the-art in multi-step symbolic
sequence generation.
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