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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 lack of explicit integration of domain knowledge during
training. We propose a novel method to incorporate Linear Temporal Logic
over finite traces (LTLf ) into the training process of autoregressive sequence
predictors. Our approach introduces a differentiable logical loss function, de-
fined using a soft approximation of LTLf semantics and the Gumbel-Softmax
trick, which can be combined with standard predictive losses. This ensures
that the model learns to generate suffixes that are both accurate and logi-
cally consistent. Experimental evaluation on three real-world datasets shows
that our method improves suffix prediction accuracy and compliance with
temporal constraints. We also introduce two variants of the logic loss (lo-
cal and global) and demonstrate their effectiveness under noisy and realistic
settings. While developed in the context of BPM, our framework is applica-
ble to any symbolic sequence generation task and contributes to advancing
Neuro-Symbolic AI.
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1. Introduction

Predictive Process Monitoring (PPM) [1] 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 [2], including the use of Recur-
rent Neural Networks (RNNs) [3], Transformers [4], and Deep Reinforce-
ment Learning algorithms [5]. Despite these advances, several studies have
shown that deep models can surprisingly fail to satisfy even the most basic
logical constraints [6, 7], 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 domains like BPM, where both data and for-
mal knowledge about the process are often available, the latter is typically
underutilized.

However, domain-specific knowledge can play a crucial role in character-
izing the context in which a process is executed, providing valuable infor-
mation not explicitly contained in the event data alone. For example, when
the particular variant of a process being executed is known (such as a client-
specific scenario or a seasonally influenced workflow), this knowledge can
guide predictions in ways that purely data-driven models cannot. Similarly,
in environments 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 in-
strumental in filtering out noise in the data [8], 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 (LTLf ), 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
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test-time inference [9, 10, 11, 12, 13, 14, 15, 16, 17], rather than for integra-
tion during training. A notable exception is STLnet [7], which incorporates
Signal Temporal Logic (STL) specifications into the training process through
a student-teacher framework. However, STLnet is specifically designed for
continuous-time sequences and STL constraints. Since STL generalizes LTL,
we attempted to adapt STLnet to our symbolic domain by first translating
our LTLf formulas into STL and then applying STLnet. In practice, how-
ever, we found that the system was unable to construct the corresponding
formula model without exceeding memory limits.2 This highlights the limi-
tations of STLnet 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 (LTLf ), into the training process of a neural sequence predictor.
This enables us to leverage both sources of information (data and background
LTLf knowledge) during training. Specifically, we achieve this by defining
a differentiable counterpart of the LTLf knowledge and employing a differ-
entiable sampling technique known as the Gumbel-Softmax trick [18]. 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 LTLf knowledge at training time leads to predicted
suffixes with both lower Damerau-Levenshtein (DL) distance [19] from the
target suffixes and a significantly higher rate of satisfaction of the LTLf

constraints. This paper builds upon our previous work [20], extending the
approach to make it more principled, robust, and practically applicable in
real-world scenarios. The main differences between the present work and [20]
are:

• We provide a more rigorous formalization of the problem of autore-

2This is likely due to the fact that, in STL, temporal operators are applied over dense-
time intervals (e.g., G[1,2] means “globally over all times in the interval [1, 2]”), which
are typically relatively short. In contrast, in LTLf each operator ranges over the entire
length of the trace. As a result, STL formulas obtained from LTLf translations involve
much larger temporal intervals, substantially complicating the application of the STLnet
framework.
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gressive sequence generation under logical temporal constraints in Sec-
tion 3.1, which is entirely new. In the previous version, the problem
setting and objectives were presented in a more concise and intuitive
manner.

• Building on this formalization, we offer a more exhaustive analysis of
the differences in monitorability [21] across various types of temporal
constraints when related to autoregressive sequence generation. This
analysis leads us to introduce the notions of local and global guidance,
described in Sections 3.2 and 3.3, respectively.

• Based on these two concepts, we formulate two logical loss functions to
guide the model toward satisfying the specification: one providing local,
activity-level feedback, and another enforcing global, trace-level logical
constraints during suffix prediction. The Local Logic Loss is entirely
new, while the Global Logic Loss builds upon the loss proposed in [20]
by introducing a Monte Carlo approximation phase. This addition both
stabilizes learning and aligns the practical implementation of the loss
with its theoretical formulation given in Section 3.1.

• We describe in more detail how we preprocess LTLf knowledge to
handle the sequence termination symbol (Section 3.5.1), and how we
transition from the automaton representation to its neural counterpart,
DeepDFA [22], which is used for loss computation (Section 3.5.2). Both
of these components are new with respect to [20].

• Importantly, we substantially broaden the empirical evaluation of our
framework, demonstrating both the effectiveness and generality of our
approach. While [20] reported experiments only on synthetic datasets,
here we present a comprehensive set of results on real-world BPM
datasets under challenging and noisy experimental conditions. Con-
sequently, Section 4 is also entirely new.

• Finally, we provide a more detailed discussion of the potential appli-
cations of our framework beyond PPM, as well as the limitations that
may arise in such broader settings, together with possible mitigation
strategies in Section 3.7, which is also new.

Overall, while our approach is instantiated in the context of PPM, its
underlying principles are broadly applicable to any multi-step symbolic se-
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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 AI.

The rest of the paper is structured as follows. Section 2 provides prelimi-
nary notions and notations necessary to understand the paper. Section 3 for-
mulates the addressed problem and outlines the proposed solution, together
with possible extensions and limitations. Section 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 σ drawn from a
finite alphabet Σ. We denote sequences using bold notation. For example,
σ = (σ1, σ2, . . . , σT ) represents a trace of length T .

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 Σ, denoted simply as σi, where σi can
be encoded as an index in {1, 2, . . . , |Σ|} or as a one-hot vector σi ∈ {0, 1}|Σ|

such that
∑|Σ|

j=1 σi[j] = 1. In the case of probabilistic grounding, each sym-
bolic variable is associated with a probability distribution over Σ, represented
as a vector σ̃i ∈ ∆(Σ), where ∆(Σ) denotes the probability simplex defined
as:

∆(Σ) =

σ̃ ∈ R|Σ|

∣∣∣∣∣∣ σ̃[j] ≥ 0,

|Σ|∑
j=1

σ̃[j] = 1

 .

Accordingly, we distinguish between categorically grounded sequences σ
and probabilistically grounded sequences σ̃, using the tilde notation.
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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, σ̃i[j] denotes the j-th component of the probabilistic grounding of
σ at time step i. 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) [23] 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 (LTLf ) [24], which models finite, but length-unbounded,
process executions, making it suitable for finite-horizon problems.

Given a finite set Σ of atomic propositions, the set of LTLf formulas ϕ
is inductively defined as follows:

ϕ ::= ⊤ | ⊥ | σ | ¬ϕ | ϕ ∧ ϕ | Xϕ | ϕUϕ, (1)

where σ ∈ Σ. We use ⊤ and ⊥ 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 Nϕ ≡ ¬X¬ϕ
and ϕ1Rϕ2 ≡ ¬(¬ϕ1U¬ϕ2); G (Globally) Gϕ ≡ ⊥Rϕ; and F (Eventually)
Fϕ ≡ ⊤Uϕ.

A trace σ = (σ1, σ2, . . . , σT ) is a sequence of propositional assignments
to the propositions in Σ, where σt ⊆ Σ is the set of all and only propositions
that are true at instant t. Additionally, |σ| = T denotes the length of the
trace. Since every trace is finite, |σ| < ∞. If the propositional symbols in Σ
are all mutually exclusive, i.e., the domain produces exactly one symbol true
at each step, then we have σt ∈ Σ. As is customary in BPM, we make this
assumption, known as the mutual exclusivity assumption [25]. By σ ⊨ ϕ we
denote that the trace σ satisfies the LTLf formula ϕ. We refer the reader to
[24] for a formal description of the LTLf semantics.

Any LTLf formula ϕ can be translated into a Deterministic Finite Au-
tomaton (DFA) [24] Aϕ = (Σ, Q, q0, δ, F ), where Σ is the automaton alpha-
bet,3 Q is the finite set of states, q0 ∈ Q is the initial state, δ : Q × Σ → Q

3Here the alphabet of the equivalent DFA is Σ because of the mutual exclusivity as-
sumption. In the general case, the automaton alphabet is 2Σ.
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is the transition function, and F ⊆ Q is the set of final states. Addi-
tionally, we recursively define the extended transition function over traces
δ∗ : Q× Σ∗ → Q as:

δ∗(q, ϵ) = q
δ∗(q, σ + x) = δ∗(δ(q, σ),x),

(2)

where σ ∈ Σ is a symbol and x ∈ Σ∗ is a trace. The automaton accepts
the trace σ if δ∗(q0,σ) ∈ F , and in that case we say that σ belongs to the
language of the automaton, denoted as L(Aϕ). We have that ϕ and Aϕ are
equivalent because, for any trace σ ∈ Σ∗:

σ ∈ L(Aϕ) ⇐⇒ σ ⊨ ϕ (3)

Running Example. We consider a domain with three possible activities A =
Σ = {a, b, c}. For this domain, we are given both a set of traces describing
example process executions and a constraint stating that activity a must
always be eventually followed by activity b. This constraint corresponds to
the formula ϕ = G(a → F b), which is equivalent to the Response constraint
in Declare. The corresponding DFA, defined over the alphabet Σ = {a, b},
is shown in Figure 2 (Original DFA).

2.3. Deep Autoregressive Models and Suffix 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 AI tasks such as Natural Language Processing (NLP) and
Large Language Models (LLM) [26, 27], image synthesis [28, 29], and time-
series prediction [30]. They encompass deep architectures such as RNNs and
Transformers and, in general, any neural model capable of estimating the
probability of a token given the preceding elements:

P (xt | x1, x2, . . . , xt−1) = P (xt | x<t). (4)

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

P (x) =
T∏
i=1

P (xi | x<i). (5)

7



In suffix prediction in BPM, given a subsequence (or prefix) of past ac-
tivities pt = (a1, a2, . . . , at) that the process has produced up to the cur-
rent time step t, with ai 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, st = (at+1, . . . , at+l, EOT). 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 T . We define A≤TEOT ≡ {a + EOT | a ∈ A≤T}
as the set of possible complete traces a = pt + st 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
autoregressor is to greedily choose the activity maximizing the next symbol
probability at each step, as follows:

ak = argmax
a∈A∪{EOT}

P (at = σ | a1, . . . , at, at+1, . . . , ak−1), t < k ≤ T. (6)

This greedy search strategy may not produce the most probable suffix, 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 [5].

3. Method

This section defines the specific suffix prediction problem we aim to
solve and outlines our Neuro-Symbolic PPM approach, which integrates prior
knowledge expressed in Linear Temporal Logic over finite traces (LTLf ) into
the training of a deep generative model. We also introduce two logic loss for-
mulations: 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 fθ with trainable parameters
θ that estimates an approximation Pθ of the probability of the next event at
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given a trace of previous events a<t (Equation 4):

ỹt = fθ(a<t)
P (at = ai ∈ A ∪ {EOT} | a<t) ≈ ỹt[i].

(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 Pθ the probability of a trace according to the network
approximation:

Pθ(a) =

|a|∏
t=1

ỹt[at]. (8)

The model parameters are typically trained using a supervised loss LD,
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:

LD(a) =
1

T

T∑
t=1

cross-entropy(fθ(a<t), at). (9)

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 LTLf formula ϕ defined over an alphabet Σ ⊆ A.

Our goal is for the language generated by the autoregressor fθ to be
strictly contained within the language of strings accepted by the formula,
denoted as L(Aϕ). 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 Pθ⊨ϕ that traces
a ∼ Pθ, sampled from the autoregressor, satisfy the specification:

Pθ⊨ϕ = Ea∼Pθ
[a ⊨ ϕ] =

∑
a∈A≤T EOT

Pθ(a)1{a ⊨ ϕ}. (10)

Note that, in order to compute the exact probability of knowledge satisfac-
tion, one would need to enumerate all possible suffixes of maximum length
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T and sum their acceptance probabilities. However, this set has 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 Lloc
ϕ , and

a global, trace-level loss Lglob
ϕ . We show that both contribute positively to

the learning process, demonstrating the effectiveness of integrating LTLf

knowledge into autoregressive training. The choice between the two logic
losses depends on the type of LTLf knowledge available. The global loss

Lglob
ϕ can always be applied, regardless of the structure of the formula ϕ,

but it is more computationally demanding, as it requires generating entire
suffixes during training.

In general, the compliance of a trace with ϕ can only be assessed on com-
plete traces. Indeed, whether the current partial prediction a≤t satisfies (or
violates) ϕ does not guarantee that the final predicted trace a will also satisfy
(or violate) it. This introduces a challenge in evaluating LTLf constraints,
as opposed to approaches that rely on local constraints [16], 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 Lloc

ϕ 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 struc-
ture. Nevertheless, this limitation is overcome during the DFA preprocessing
phase, where a failing state is always added to handle the EOT symbol, as
discussed in Section 3.5.1.

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 LD
as follows:

L = αLD + (1− α)Lϕ, (11)

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

In cases where the formula can be permanently violated, the correspond-
ing DFA includes a set of failing states Qfail ⊆ Q, 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 (at ⊭× ϕ | a<t). Here, the symbol ⊭× denotes the permanent violation
of the formula. Given a ground-truth trace a ∈ D, we define this probability
as:

P (at ⊭× ϕ | a<t) =
∑

a∈A∪{EOT}

fθ(a<t)[a] · 1
{
δ∗(q0,a<t + a) ∈ Qfail

}
. (12)

In other words, at each step t of the trace, we consider the probability
distribution over the next symbol given by fθ(a<t). For each symbol a in the
vocabulary (including EOT), we simulate the state reached by the extended
trace a<t + a in the DFA. If the resulting state belongs to Qfail, 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,
hereafter called the Local Logic Loss (LLL), on each ground-truth trace a:

Lloc
ϕ =

1

|a|

|a|∑
t=1

− log
(
1− P (at ⊭× ϕ | a<t)

)
. (13)

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

ϕ remains highly effective on many datasets, as we will show in Sec-
tion 4.
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3.3. Global Guidance

In the general case, an LTLf formula ϕ cannot always be permanently
violated. In such cases, it is impossible to supervise the suffix generation step-
by-step, and the only guidance that can be provided to the autoregressor is
global, i.e., applied to the entire generated trace. To this end, we define a
second logic loss (hereafter called the Global Logic Loss (GLL)), Lglob

ϕ , which
provides this global supervision to the autoregressor and can be applied to
any LTLf formula.

In particular, in the global case, we directly approximate the target prob-
ability Pθ⊨ϕ using a Monte Carlo estimation. We sample a set of complete
traces {a(1),a(2), . . . ,a(N)} ∼ Pθ according to the distribution learned by the
autoregressor, and compute an approximation of the target probability P̂θ⊨ϕ

as the empirical average compliance with the formula over the sampled set:

P̂θ⊨ϕ =
1

N

N∑
i=1

1{a(i) ⊨ ϕ}. (14)

However, the sampled traces {a(1),a(2), . . . ,a(N)} used for the Monte Carlo
estimation are generated by a neural network that returns a probability dis-
tribution over activity names at each time step. Therefore, a crisp trace a(i)

is replaced by its probabilistic counterpart ã(i), where activity symbols are
sampled from the probability distribution computed by the neural network.
Moreover, the indicator function 1 in Equation 14 is replaced by a method
that computes the (probabilistic) compliance of a probabilistic trace with the
knowledge in a fast and differentiable way. To achieve this, our method relies
on two key components:

1. Gumbel-Softmax sampling [18, 31] to generate differentiable, near one-
hot suffixes during training. A probabilistic trace ã(i) is therefore ob-
tained by concatenating an input prefix with the sampled suffix.

2. DeepDFA [22], a Neuro-Symbolic framework that encodes temporal
logic properties as a recurrent layer, enabling efficient and differen-
tiable evaluation of logical constraints. This allows us to compute the
probabilistic compliance PDDFA(ã

(i) ⊨ ϕ) of a sampled trace ã(i) with
the knowledge ϕ. Therefore, Equation 14 becomes:

P̂θ⊨ϕ =
1

N

N∑
i=1

PDDFA(ã
(i) ⊨ ϕ). (15)
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By leveraging these two components, detailed in the following sections, we
compute the global logic loss Lglob

ϕ , which enforces the satisfaction of prior
knowledge over entire traces:

Lglob
ϕ = − log(P̂θ⊨ϕ). (16)

In the next sections, we first discuss further properties of the local and
global guidance. Then, we describe how the LTLf formula ϕ is preprocessed
and encoded using DeepDFA. Finally, we illustrate how DeepDFA is inte-
grated with suffix prediction during training through differentiable sampling
based on Gumbel-Softmax.

3.4. Further Discussions about Local and Global Guidance

The local and global guidance can be further compared along two dimen-
sions: the training procedure and the scope of the LTLf properties that are
exploited.

During the training procedure, both types of guidance learn a similar
conditional distribution, namely the probability that a trace is compliant
with the knowledge given the context (i.e., the prefix), but they differ in how
such a context is conditioned during training. The local guidance adopts the
teacher forcing training procedure, which trains the neural network model by
feeding the true previous tokens a<t as inputs at every step and minimizing
the negative log-likelihood in Equation 13. In general, this procedure yields
stable and low-variance gradients. On the other hand, the global guidance
exploits autoregressive training, which feeds the neural network model’s own
predictions ã

(i)
t back as inputs. In this way, the loss becomes an expectation

over model-generated prefixes, making optimization noisier and more sensi-
tive to early mistakes. In general, teacher forcing is preferred for efficiency
and stability, while autoregressive training better matches inference but is
harder to optimize. The Monte Carlo estimation through sampling in GLL
is performed to obtain a more stable autoregressive training procedure.

Regarding the scope of LTLf properties, Declare constraints are char-
acterized by two well-known LTLf properties: safety and liveness. Safety
constraints express that a certain behavior must never occur, whereas live-
ness constraints require that a condition will eventually be satisfied. When a
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Existence(a)

q0start q1
a

Absence(a)

q0start q1
a

Figure 1: DFAs obtained after the conversion of the Absence (on the left) and Existence
(on the right) constraints for activity a. The Absence DFA has a failing state, q1, from
which no accepting states can be reached (safety property). The Existence DFA has no
failing states; from all states, an accepting state can be reached (liveness property).

safety constraint is translated into a deterministic finite automaton, a dedi-
cated failing state is always generated to capture violations. In contrast, this
is not the case for liveness constraints, since a trace can only be considered
violated at its termination if the required condition has never been fulfilled.
Figure 1 illustrates the DFAs for the Absence (i.e., a certain activity cannot
occur) and Existence (i.e., a certain activity must occur) Declare constraints,
which exhibit the safety and liveness properties, respectively.

The Absence constraint exhibits the safety property, whereas the Exis-
tence constraint exhibits the liveness property. The local guidance leverages
the presence of failing states by penalizing the model whenever it assigns a
high probability to transitions leading to such states. This mechanism en-
ables the model to receive immediate feedback whenever a violation occurs
and, therefore, is best suited for constraints that exhibit the safety property.
Conversely, liveness constraints do not inherently produce explicit failing
states. The only exploitable failing state is therefore the one introduced
during the preprocessing phase (see Section 3.5.1), which can be reached
exclusively through the end-of-trace signal. As a result, in this case, the
violation signal can only be provided at the conclusion of the trace, similarly
to the behavior of the global guidance.

3.5. Knowledge Preprocessing and Tensorization

In this section, we describe how the LTLf formula ϕ 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 to compute both the local and global losses.
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Tensorization of DFA A′
ϕ
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)
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0 1 0 0
0 1 0 0
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0 0 0 1
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T [b]

1 0 0 0
1 0 0 0
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
T [c]

1 0 0 0
0 1 0 0
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
T [EOT]
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0 0 0 1
0 0 1 0
0 0 0 1



Figure 2: Preprocessing and tensorization for the running example. Left: original DFA Aϕ

(top) and preprocessed DFA A′
ϕ (bottom). Right: tensorization of A′

ϕ with initial state
vector µ, final state vector λ, and transition matrices T [a], T [b], T [c], T [EOT], where a 1 in

position (i, j) of T [x] indicates a transition qi
x−→ qj in the automaton.

3.5.1. Knowledge Preprocessing

First, we translate the LTLf formula ϕ into an equivalent determinis-
tic finite automaton (DFA) Aϕ = (Σ, Q, q0, δ, F ) using the automatic trans-
lation tool ltlf2DFA [32]. This step is necessary because all existing ap-
proaches for integrating temporal specifications into learning pipelines rely
on automata-based representations [22, 33, 34], while the direct integration
of LTLf formulas remains an open challenge [35, 36]. Although this trans-
lation has worst-case double-exponential complexity [24], it is often efficient
in practice, and several scalable techniques exist to perform it for a given
formula ϕ [37, 38, 39]. Moreover, in this work, we focus on Declare for-
mulas [40], a standard for declaratively specifying business processes [41],
which are known to yield DFAs of polynomial size with respect to the input
formula [42].

Second, we adapt the DFA alphabet Σ ⊆ A so that it includes all activity
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symbols present in the event log A. Specifically, for each symbol s ∈ A \
Σ and each state q ∈ Q, we add a self-loop δ(q, s) = q to the transition
function δ. 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 [10].

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+EOT+z such that t ∈ A∗, t ⊨ ϕ, and z is any (possibly empty) trace
in (A ∪ {EOT})∗. This implies that:

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

(ii) 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 qst and a failure state qft . For each state
q ∈ Q, we add the transition δ(q, EOT) = qst if q ∈ F , and δ(q, EOT) = qft
otherwise. States qst and qft are terminal, meaning they are absorbing: once
entered, the automaton cannot exit. Therefore, for each symbol s ∈ A ∪
{EOT}, we add the transitions δ(qst , s) = qst and δ(qft , s) = qft . We designate
qst as the only accepting state of the extended DFA.

Finally, we compute the set of failure states Qfail, which is only necessary
when employing the local logic loss Lloc

ϕ . The final DFA after preprocessing
is therefore:

A′
ϕ = (A ∪ {EOT}, Q ∪ {qst , q

f
t }, q0, δ′, {qst}),

with the extended transition function δ′ defined as:

δ′(q, s) =


δ(q, s) if q ∈ Q ∧ s ∈ Σ,

q if s ∈ A \ Σ ∨ q ∈ {qst , q
f
t },

qst if s = EOT ∧ q ∈ F,

qft if s = EOT ∧ q /∈ F.

(17)

Note that the input background knowledge could contain conflicting con-
straints, meaning that their conjunction cannot be satisfied. Therefore, the
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corresponding automaton is empty, with no accepting states. In this case,
our system is still able to learn, but the contribution of the conflicting input
knowledge is ignored. Indeed, both logical losses have a constant value that
cannot be reduced by updating the neural network weights. Consequently,
only the task loss is able to drive the learning.

Running Example: DFA Preprocessing. The original DFA shown in Figure 2
is transformed into A′

ϕ, illustrated in the figure. Note that the new DFA is
defined over all symbols in the domain plus the termination symbol, i.e., Σ′ =
A ∪ {EOT}, and contains the same states as Aϕ together with two terminal
states: one accepting terminal state (qst = q2) and one failing terminal state
(qft = q3).

3.5.2. Knowledge Tensorization

Given the final DFAA′
ϕ, we transform it into a neural layer using DeepDFA [22].

DeepDFA is a neural, probabilistic relaxation of a standard deterministic
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 ∈
R|Σ|×|Q|×|Q|, and the initial and final states as the vectors µ ∈ R|Q| and
λ ∈ R|Q|, 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:

q̃0 = µ,

q̃t =

|Σ|∑
j=1

σ̃t[j] · (q̃t−1 · T [j]),

õt = q̃t · λ⊤.

(18)

Here, σ̃t, q̃t, and õt 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. In the GLL, the probabilistically grounded
sequence σ̃ is the sampled trace ã(i); therefore, the output õt corresponds to
the probability PDDFA, see Equation 15. The neural network parameters µ,
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T , and λ are initialized from the DFA as:

µ[j] =

{
1 if qj = q0,

0 otherwise,

T [s, qi, qj] =

{
1 if δ(qi, s) = qj,

0 otherwise,

λ[j] =

{
1 if qj ∈ F,

0 otherwise.

(19)

Running Example: DFA Tensorization. The preprocessed DFA A′
ϕ shown

in Figure 2 is converted into the three-dimensional tensor T encoding the
transition function, and into the two vectors µ and λ, which represent the
initial state and the accepting states, respectively, as illustrated in the same
figure. Note that a 1 in position (i, j) of T [x] indicates a transition qi

x−→ qj
in the preprocessed automaton.

3.6. 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≤t and produces con-
tinuous probability vectors ỹ(t) 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
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 pt, generate N suffixes s̃
(i)
t 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 pt + s̃
(i)
t satisfy the

LTLf formula ϕ using DeepDFA, which supports evaluation over both
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categorically grounded and probabilistically grounded traces;4

3. Maximize the estimated satisfaction probability P̂θ⊨ϕ, computed as the
empirical mean over the sampled traces.

Thanks to the differentiability of both the knowledge evaluator and the
sampling process, the resulting loss can be back-propagated through the gen-
erated suffixes and used to update the parameters θ of the next-activity pre-
dictor, as illustrated in Figure 3. To sample the next activity ãt from the
probability distribution ỹt produced by the network (while ensuring differen-
tiability), we employ the Gumbel-Softmax reparameterization trick [18, 31]:

ãt = softmax

(
log(ỹt) +G

τ

)
, (20)

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

Running Example: Local and Global Loss Computation. We now have the full
theoretical framework for computing the two loss functions for our running
example characterized by the automaton A′

ϕ of Figure 2.
The local loss is computed under the teacher forcing training procedure,

meaning that at each time step, the model is conditioned on the ground-truth
prefix of the sequence and penalized for assigning probability mass to labels
that would cause a permanent violation. To compute this penalty, the prefix
is simulated step by step through the DFA in order to identify the labels that
would lead to a rejecting state and to sum the probability mass assigned to
them. Consider the following sequence, which satisfies the automaton A′

ϕ:

a = (c, a, c, b, EOT).

4Note that the prefix pt is categorically grounded, whereas the suffix s̃t is probabilis-
tically grounded.
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Figure 3: 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. The figure is the same as in [20],
with adapted notation.

At each time step, the current prefix is simulated through the automaton,
and the model outputs a probability distribution over the alphabet:

a<1 = () fθ(a<1) = [p(a), p(b), p(c), p(EOT)] = [0.35, 0.15, 0.4, 0.1],

a<2 = (c) fθ(a<2) = [0.55, 0.25, 0.15, 0.05],

a<3 = (c, a) fθ(a<3) = [0.1, 0.65, 0.1, 0.15],

a<4 = (c, a, c) fθ(a<4) = [0.1, 0.15, 0.55, 0.2],

a<5 = (c, a, c, b) fθ(a<5) = [0.05, 0.1, 0.15, 0.7].

The automaton A′
ϕ encodes the Response Declare constraint that has the

liveness property. Recall that such a constraint can be permanently violated
only if the sequence terminates before the constraint is satisfied. In this
example, once the symbol a has been observed, the constraint requires that b
must eventually follow before the sequence ends. Therefore, at prefixes where
a has occurred but b has not yet been seen (steps 3 and 4), predicting EOT

would cause a permanent violation. In these cases, the invalid probability
mass corresponds solely to the probability assigned to EOT. The violating
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mass at each time step is computed using Equation 12 and is therefore:

P (a1 ⊭× ϕ | a<1) = 0,

P (a2 ⊭× ϕ | a<2) = 0,

P (a3 ⊭× ϕ | a<3) = p(EOT) = 0.15,

P (a4 ⊭× ϕ | a<4) = p(EOT) = 0.2,

P (a5 ⊭× ϕ | a<5) = 0.

After computing the invalid mass at each step, the local loss is obtained
by applying Equation 13, which averages the negative logarithm of the valid
mass across all time steps:

Lloc
ϕ =

1

5

[
0 + 0− log(1− 0.15)− log(1− 0.2) + 0

]
=

− log(0.85)− log(0.8)

5
≈ 0.0771.

Regarding the global loss, we recall that this loss is computed as follows:
(i) we generate N traces of length T , and (ii) we compute over them the
probability that the autoregressive model satisfies the specification encoded
by the automaton, denoted as P̂θ⊨ϕ and defined in Equation 15. Consider
the case where we simulate three traces of length four (N = 3, T = 4):

a(1) = (a, b, b, b), a(2) = (a, c, b, EOT), a(3) = (a, a, EOT, b).

Among these, only a(2) satisfies the automaton A′
ϕ. Indeed, it is the only

trace that satisfies the specification and then properly terminates. Trace a(1)

satisfies the specification but does not terminate, while a(3) terminates one
step before T but does not satisfy the specification prior to termination. The
satisfaction probability is therefore

Pϕ =
1

3
(0 + 1 + 0) = 0.33.

For simplicity, this example assumes perfectly categorical sampling of
symbols. In practice, however, sampling is performed via the Gumbel–
Softmax in order to preserve differentiability. The Gumbel–Softmax approx-
imates categorical sampling; thus, the traces a(i) may in practice be sampled
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as follows (in bold the highest probability value):

ã(1) =([0.99, 0, 0.01, 0],

[0.05,0.82, 0.05, 0.08],

[0.05,0.9, 0.05, 0],

[0,0.75, 0.05, 0.2])

ã(2) =([0.99, 0, 0.01, 0],

[0, 0.02,0.98, 0],

[0,1, 0, 0],

[0, 0.2, 0,0.8])

ã(3) =([0.99, 0, 0.01, 0],

[0.96, 0.02, 0.02, 0],

[0.1, 0.2, 0.04,0.66],

[0.05,0.7, 0.2, 0.05]),

where each time step is represented by a probability vector over the alpha-
bet, whose largest component corresponds to symbol a at the first step, c at
the second, and so on. In this case, the probability that this probabilistic
grounding of the trace satisfies the specification is no longer exactly one, but
remains close to it. DeepDFA naturally handles such probabilistic ground-
ings.

We now compute the satisfaction probability PDDFA(ã
(i) ⊨ ϕ) by apply-

ing Equation 18 using the matrices shown in Figure 2. PDDFA(ã
(1) ⊨ ϕ) is

computed as:

q̃1 = [0.01, 0.99, 0, 0],

q̃2 = [0.82, 0.1, 0, 0.08],

q̃3 = [0.87, 0.05, 0, 0.08],

q̃4 = [0.73, 0, 0.17, 0.09],

PDDFA(ã
(1) ⊨ ϕ) = õ4 = 0.17.

PDDFA(ã
(2) ⊨ ϕ) is computed as:

q̃1 = [0.01, 0.99, 0, 0],

q̃2 = [0.03, 0.97, 0, 0],

q̃3 = [1, 0, 0, 0],

q̃4 = [0.2, 0, 0.8, 0],

PDDFA(ã
(2) ⊨ ϕ) = õ4 = 0.8.

PDDFA(ã
(3) ⊨ ϕ) is computed as:

q̃1 = [0.01, 0.99, 0, 0],

q̃2 = [0.02, 0.98, 0, 0],

q̃3 = [0.2, 0.14, 0.01, 0.65],

q̃4 = [0.28, 0.05, 0.02, 0.66],

PDDFA(ã
(3) ⊨ ϕ) = õ4 = 0.02.
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The final numeric value of the GLL is therefore

Lglob
ϕ = − log

(
0.17 + 0.8 + 0.02

3

)
= 1.11.

3.7. Applications beyond PPM and Limitations

In this paper, we focus on integrating logical and autoregressive losses in
the context of PPM. However, our approach is general and can be applied
to other domains, which we do not address here and leave for future work.
Indeed, suffix prediction in PPM is simply a specific instance of discrete
sequence generation. Many applications fall under this same paradigm, in-
cluding language generation in NLP [43] and neural machine translation [44].
Given the remarkable success of Transformers across a wide range of tasks, a
current trend is to employ discrete autoregression even in originally continu-
ous domains, after discretization or “tokenization” [45]. Across all these ap-
plications, our framework provides a principled way to integrate prior knowl-
edge – expressed as temporal formulas or automata – into sequential data
modeling.

That said, PPM tasks typically involve medium-scale problem sizes (es-
pecially when compared to LLMs), in terms of both vocabulary size and
trace length. The imposed specifications are also of reasonable complexity 5.
Applying our approach to substantially larger domains or more complex spec-
ifications may introduce the following challenges, which we summarize below
together with possible mitigation strategies:

1. Large vocabularies. As discussed in Section 3.5.1, in the current
version of the framework the automaton is preprocessed so as to ex-
plicitly include all symbols in the vocabulary A. As a result, for very
large vocabularies the size of the DeepDFA model can grow substan-
tially. However, only the symbols appearing in the knowledge alphabet
Σ are actually required to check specification satisfaction, and typically
|Σ| ≪ |A|. This issue can therefore be addressed by mapping all sym-
bols irrelevant to the specifications into a single special token, thereby
minimally increasing the size of the automaton model.

5In our datasets, the number of activities and the trace length range from 10 to 50 and
from 10 to 100, respectively. The number of states of the automata varies between 6 and
13.
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2. Very long sequences. Recall that, to compute the global logic loss,
suffix prediction must be carried out until the end of the sequence (or
up to a maximum number of steps) during training. Consequently,
applying the framework to very long sequences may significantly slow
down the computation of the global loss. This limitation can be miti-
gated in different ways depending on the application domain. In natu-
ral language processing, for instance, one may segment sentences into
sub-sentences, each expressing a distinct concept [46], and formulate
the knowledge over a concept-level vocabulary rather than over indi-
vidual tokens. Similar forms of hierarchical aggregation may also be
meaningful in reinforcement learning settings [45, 47]. Ultimately, the
most appropriate strategy depends on the specific domain.

3. Large automata/complex specifications. Depending on the com-
plexity of the temporal specification we want to enforce on the dataset,
we may encounter: (i) long conversion times to build the automaton
and/or (ii) very large automata. Indeed, given an LTLf formula ϕ,
theoretical results show that the size of the equivalent automaton Aϕ

is double-exponential in ϕ in the worst case [24]. However, scalable
techniques are available for computing Aϕ from ϕ [37, 38, 39], and
in practice the resulting automaton is often quite small and can be
constructed in a reasonable amount of time. This is especially true
for Declare formulas, which have been shown to generate DFAs that
are polynomial in the size of the original formula [42]. Moreover, note
that automaton construction in our framework is performed offline and
only once, so its computation time does not significantly affect overall
performance. For very complex knowledge bases, conversion times and
automaton size can be further reduced by representing the specification
as a conjunction of simpler formulas (e.g., ϕ = ϕ1∧ϕ2∧ϕ3), converting
each subformula into its own automaton (Aϕ1 , Aϕ2 , Aϕ3), and monitor-
ing the states of all automata in parallel. The knowledge is considered
satisfied if all automata reach a final state at the end of the trace.

These considerations provide useful guidelines for extending the framework
to substantially larger domains. They are not required in our current exper-
iments, as the proposed approach is well suited to PPM-sized problems, and
we leave their systematic exploration to future work.
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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/nesy-
suffix-prediction-dfa.

4.1. Experimental Setup

Our methods have been evaluated using three real-world datasets: the
Sepsis event log 6, the BPI Challenge 2013 (closed problems) 7, and the BPI
Challenge 2020 (travel permit) event log 8. 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 [48], each with a
minimum support value of 85%, that is, they are satisfied in at least 85% of
the traces. This value allows us to obtain a reasonable number of constraints
and test traces that satisfy them. These constraints are then translated
into their corresponding LTLf formulas and combined into an LTLf model
using conjunctions. To enable controlled experiments, traces that violate the
extracted LTLf model (i.e., that do not satisfy all the discovered constraints)
are removed from both the training and test sets.

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 training
traces ranging from 547 to 1665 and the number of distinct activity names
ranging from 7 to 51. The semantic complexity of the background knowl-
edge can be inspected from the table by analyzing the complexity of the
generated automaton. The number of DFA states and transitions gives an
idea of the complexity of the conjunction of the Declare constraints. While
all DFAs have a reasonable number of states, the DFA of BPIC 2020 has
a high number of transitions, suggesting a high semantic complexity of the
underlying Declare model. The Declare model of BPIC 2013, on the other

6http://doi.org/10.4121/uuid:915d2bfb-7e84-49ad-a286-dc35f063a460,
checked on June 2026

7http://doi.org/10.4121/uuid:c2c3b154-ab26-4b31-a0e8-8f2350ddac11,
checked on June 2026

8http://doi.org/10.4121/uuid:52fb97d4-4588-43c9-9d04-3604d4613b51,
checked on June 2026
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Sepsis BPIC 2013 BPIC 2020

# Training traces 547 590 1665
# Training variants 438 61 50
# Testing traces 143 228 730
# Testing variants 121 24 24
# Activities 16 7 51
# Constraints 39 7 56
# DFA states 10 6 13
# Failure states 2 2 2
# DFA transitions 170 48 676

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

hand, presents the lowest semantic complexity. The mined Declare models
are available in the shared GitHub repository. Correspondingly, the number
of discovered Declare constraints and the size of the resulting determinis-
tic 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.

In addition to the training set containing only positive traces, four levels
of noise are introduced at the event level: 10%, 20%, 30%, and 40%. Noise
is applied by randomly replacing the activity label of selected events with
other labels from the activity vocabulary. Introducing noise into the training
set after filtering makes it possible to train on non-compliant traces in a
more controlled manner, providing a more realistic scenario, as one may
encounter in production. Starting from a set of fully compliant traces and
progressively injecting different levels of noise allows the assessment of how
sensitive the extracted knowledge of a specific dataset is to random activity
label perturbations.

Table 2 reports the resulting proportions of traces in the training sets
that remain compliant with respect to the extracted constraints after noise
injection. The BPIC 2020 and Sepsis datasets are particularly sensitive,
retaining only slightly more than 50% compliant traces at a noise level of 10%
and less than 5% at a noise level of 40%. In contrast, BPIC 2013 appears
more robust, which is expected given its lower number of constraints. As a
result, it maintains at least 35% compliant traces even at the highest noise
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Noise Sepsis BPIC 2013 BPIC 2020

10% 0.534 0.800 0.513
20% 0.296 0.597 0.255
30% 0.135 0.451 0.094
40% 0.044 0.349 0.048

Table 2: Compliance ratio of the training sets after noise injection.

level. During GLL training and GLL and LLL testing, different prefix lengths
are used: ⌊M/2⌋, ⌊M/2⌋+ 1, and ⌊M/2⌋+ 2, where M is the median trace
length of the training log, as done in [9].

Compared Methods. We base our evaluation on two classes of next-activity
predictors: recurrent and attention-based architectures. For the recurrent
setting, we consider: (i) a baseline LSTM trained only with supervised loss,
(ii) an LSTM trained with supervised and local logic loss, and (iii) an LSTM
trained with supervised and global logic loss. All recurrent models are two-
layer LSTMs with 100 hidden units per layer, trained using a batch size of 64
and the Adam optimizer. To assess architectural generality, we additionally
evaluate Transformer-based models. The Transformer consists of an input
projection layer followed by positional embeddings, a stack of Transformer
encoder layers with multi-head self-attention (using GELU activation and
pre-layer normalization), and a linear output projection to the activity vo-
cabulary. A causal mask is applied to enforce autoregressive generation for
GLL. We evaluate baseline, baseline+LLL, and baseline+GLL variants un-
der the same training protocol as the LSTMs. We highlight the fact that the
base models (simple LSTM and Transformer) can be considered an ablation
study in which the logical loss in Equation 11 has been removed.

For each setting, two different sampling strategies are tested: temperature-
based sampling (at testing time for both GLL and LLL and at training time
for LLL) with temperature parameter τ = 0.7 (see Equation 20), and greedy
decoding at testing time for both GLL and LLL (i.e., the activity that maxi-
mizes the next-symbol probability is chosen). For each distinct configuration,
15 runs are executed. We compare the proposed approaches using two eval-
uation metrics: the satisfaction rate with respect to the LTLf model and
the normalized Damerau–Levenshtein similarity with respect to the ground-
truth traces. Both metrics range from 0 to 1, following the “higher is better”
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rule.

4.2. Results

Figures 4 and 5 show the performance of LSTM models (with α = 0.75 for
GLL and α = 0.25 for LLL) across all datasets and noise levels for the satisfia-
bility and similarity metrics, respectively. The empirical results demonstrate
that integrating background knowledge during training consistently increases
the satisfaction rate of the predicted traces, regardless of the sampling strat-
egy. These improvements are especially pronounced under higher noise levels,
confirming the utility of incorporating logical background knowledge when
predictive uncertainty increases. 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 the training data. The similarity to the
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 than temperature-based sampling for both metrics.

To further validate these findings, we replicate the same empirical evalu-
ation using Transformer architectures (with α = 0.75 for GLL and α = 0.25
for LLL). Figures 6 and 7 report the corresponding results and reveal behav-
ior consistent with that observed for LSTMs. In particular, when either GLL
or LLL is employed, the satisfiability remains close to 100% across all noise
levels, whereas in the baseline configuration it deteriorates substantially as
noise increases. As with LSTMs, the improvement in satisfiability does not
come at the expense of predictive quality: the suffix similarity remains com-
parable to the baseline across configurations. These results confirm that the
benefits of incorporating the logic-based loss generalize across architectures
and are not specific to recurrent models.

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. Across all datasets and noise levels, the most important re-
sult is the clear improvement obtained by introducing the logic-based loss
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Sepsis

BPIC 2013

BPIC 2020

Figure 4: Satisfiability (SAT) of predicted traces under increasing noise levels for LSTM
models. Columns correspond to the sampling strategies (temperature on the left, greedy
on the right). Results are averaged over prefix lengths; error bars indicate the standard
deviation over prefix lengths.
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Sepsis

BPIC 2013

BPIC 2020

Figure 5: Normalized Damerau–Levenshtein similarity under increasing noise levels for
LSTM models. Columns correspond to the sampling strategies (temperature on the left,
greedy on the right). Results are averaged over prefix lengths; error bars indicate the
standard deviation over prefix lengths.

30



Sepsis

BPIC 2013

BPIC 2020

Figure 6: Satisfiability (SAT) of predicted traces under increasing noise levels for Trans-
former models. Columns correspond to the sampling strategies (temperature on the left,
greedy on the right). Results are averaged over prefix lengths; error bars indicate the
standard deviation over prefix lengths.
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Sepsis

BPIC 2013

BPIC 2020

Figure 7: Normalized Damerau–Levenshtein similarity under increasing noise levels for
Transformer models. Columns correspond to the sampling strategies (temperature on the
left, greedy on the right). Results are averaged over prefix lengths; error bars indicate the
standard deviation over prefix lengths.
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compared to the baseline. This result depends on a fixed value of the α hy-
perparameter in the combined loss function in Equation 11.

Dataset Noise
Global Guidance Baseline

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95 1

Sepsis

10% 100% 100% 100% 100% 100% 100% 99.7% 100% 99.8% 98.5% 85.0%
20% 100% 100% 100% 100% 100% 100% 99.8% 100% 99.8% 98.2% 87.1%
30% 100% 100% 100% 100% 100% 100% 99.9% 99.6% 99.6% 96.8% 75.1%
40% 100% 100% 100% 99.8% 99.9% 99.5% 99.8% 99.8% 99.3% 92.4% 58.9%

BPIC13

10% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.8%
20% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.5% 99.0%
30% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.6% 98.0%
40% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.6% 90.5%

BPIC20

10% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.9% 99.6%
20% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.9% 99.4%
30% 100% 100% 100% 100% 100% 100% 100% 100% 99.9% 99.5% 99.1%
40% 100% 100% 100% 100% 100% 100% 100% 100% 99.9% 88.6% 79.6%

Local Guidance Baseline

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95 1

Sepsis

10% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 85.0%
20% 100% 99.9% 99.9% 99.9% 99.9% 99.9% 99.9% 99.9% 99.9% 99.9% 87.1%
30% 99.9% 100% 99.9% 99.9% 100% 100% 100% 99.9% 100% 99.9% 75.1%
40% 98.6% 98.2% 98.8% 98.7% 97.8% 97.9% 98.8% 98.8% 98.4% 98.8% 58.9%

BPIC13

10% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 99.8%
20% 99.7% 99.7% 99.7% 99.7% 99.7% 99.7% 99.7% 99.7% 99.7% 99.7% 99.0%
30% 99.3% 99.5% 99.5% 99.4% 99.4% 99.4% 99.4% 99.4% 99.5% 99.4% 98.0%
40% 99.3% 99.3% 99.1% 99.2% 99.2% 98.9% 99.4% 99.2% 99.2% 99.2% 90.5%

BPIC20

10% 99.9% 99.8% 99.8% 99.8% 99.9% 99.8% 99.9% 99.9% 99.8% 99.9% 99.6%
20% 100% 100% 100% 100% 99.9% 99.9% 99.9% 100% 99.9% 99.9% 99.4%
30% 100% 100% 100% 100% 100% 100% 100% 100% 99.9% 99.9% 99.1%
40% 99.6% 99.6% 99.5% 99.5% 99.5% 99.5% 99.5% 99.5% 99.5% 99.5% 79.6%

Table 3: Satisfiability scores obtained with the LSTM model for different values of the
parameter α using greedy sampling. The rightmost column reports the baseline setting
(α = 1), in which no logic-based loss is used. The best results are in bold.

We now explore the impact of this hyperparameter by showing how per-
formance differs across different values of α. As shown in Table 3, satisfi-
ability in the baseline setting decreases noticeably as noise increases, while
the inclusion of the logic loss keeps satisfiability close to perfect over a broad
range of α values. This demonstrates that the logic component is crucial for
ensuring that generated outputs satisfy the required constraints, especially
under noisy conditions. For similarity, the effect of the logic loss depends on
the guidance strategy, as shown in Table 4. With Global Guidance, giving
more weight to the logic loss can sometimes reduce similarity, indicating a
trade-off between strictly enforcing constraints and staying close to the orig-
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Dataset Noise
Global Guidance Baseline

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95 1

Sepsis

10% 52.2% 52.9% 57.2% 61.9% 68.6% 69.9% 70.8% 72.9% 72.9% 73.1% 73.9%
20% 49.5% 50.8% 63.3% 65.3% 72.7% 74.1% 73.1% 74.6% 71.9% 73.4% 72.5%
30% 47.6% 49.2% 54.9% 65.9% 68.7% 71.6% 72.3% 74.5% 72.2% 68.2% 68.1%
40% 55.5% 55.6% 55.4% 66.0% 69.0% 70.3% 72.2% 72.6% 73.8% 69.9% 68.1%

BPIC13

10% 81.3% 81.4% 81.5% 81.6% 81.5% 82.7% 86.8% 93.9% 93.9% 93.9% 93.3%
20% 81.2% 81.5% 81.5% 81.4% 81.4% 81.4% 81.3% 93.9% 93.9% 93.7% 93.5%
30% 81.2% 81.3% 81.2% 81.2% 81.2% 81.2% 81.2% 88.1% 93.9% 93.7% 93.5%
40% 81.2% 81.3% 81.3% 81.4% 81.2% 81.3% 81.2% 81.9% 93.2% 93.1% 91.1%

BPIC20

10% 88.4% 88.5% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6% 88.5% 88.6%
20% 88.3% 88.4% 88.5% 88.5% 88.5% 88.5% 88.5% 88.5% 88.5% 88.4% 88.4%
30% 88.4% 88.5% 88.5% 88.5% 88.5% 88.5% 88.5% 88.4% 88.3% 88.2% 87.7%
40% 87.4% 88.3% 88.4% 88.0% 87.7% 87.2% 87.6% 86.9% 86.8% 86.3% 85.9%

Local Guidance Baseline

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95 1

Sepsis

10% 61.1% 73.9% 73.2% 73.2% 73.1% 72.7% 72.7% 72.9% 72.6% 73.3% 73.9%
20% 68.8% 73.2% 73.2% 73.0% 72.9% 72.7% 72.7% 72.6% 72.6% 72.5% 72.5%
30% 73.3% 70.6% 71.0% 69.2% 70.3% 70.6% 70.6% 70.8% 70.4% 70.9% 68.1%
40% 71.1% 71.8% 72.8% 72.5% 72.8% 72.7% 72.7% 72.7% 72.5% 72.7% 68.1%

BPIC13

10% 93.7% 93.7% 93.8% 93.8% 93.8% 93.8% 93.6% 93.7% 93.6% 93.4% 93.3%
20% 93.6% 93.6% 93.6% 93.6% 93.6% 93.6% 93.6% 93.6% 93.6% 93.6% 93.5%
30% 93.3% 93.4% 93.4% 93.3% 93.5% 93.4% 93.2% 93.2% 93.5% 93.5% 93.5%
40% 93.3% 93.3% 93.2% 93.2% 93.3% 93.1% 93.2% 93.2% 93.2% 93.2% 91.1%

BPIC20

10% 88.5% 88.7% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6% 88.6%
20% 88.3% 88.3% 88.4% 88.3% 88.4% 88.3% 88.4% 88.4% 88.4% 88.4% 88.4%
30% 88.3% 87.8% 87.8% 87.7% 87.7% 87.6% 87.6% 87.6% 87.5% 87.5% 87.7%
40% 87.8% 86.9% 86.5% 86.6% 87.1% 86.9% 86.8% 86.9% 87.0% 87.2% 85.9%

Table 4: Similarity scores obtained with the LSTM model for different values of the
parameter α using greedy sampling. The rightmost column reports the baseline setting
(α = 1), in which no logic-based loss is used. The best results are in bold.

inal sequences. However, Global Guidance still achieves the best similarity
scores in many settings when α is properly chosen, showing that strong log-
ical guidance can also align well with task performance. Local Guidance,
instead, provides more stable similarity across different α values and noise
levels, while still benefiting from the large improvements in satisfiability.
Overall, the logic-based loss is essential for improving constraint satisfaction
over the baseline; Global Guidance often reaches the highest peak perfor-
mance, and Local Guidance offers a more consistent balance between logical
correctness and similarity.

Experiments with Transformers corroborate the previously observed trends,
as shown in Table 5, which reports both satisfiability and similarity for
α ∈ {0.25, 0.75}, together with the baseline. As expected, increasing the

34



Dataset Noise
Satisfiability Similarity

GLL LLL Baseline GLL LLL Baseline

0.25 0.75 0.25 0.75 1 0.25 0.75 0.25 0.75 1

Sepsis

10% 99.9% 98.6% 99.9% 99.9% 90.1% 73.1% 72.6% 72.1% 72.0% 72.6%
20% 99.9% 98.7% 99.9% 99.9% 83.4% 71.1% 71.9% 71.5% 72.0% 71.2%
30% 99.7% 97.3% 99.9% 100% 69.2% 70.1% 72.6% 67.0% 69.5% 68.2%
40% 99.1% 95.1% 98.9% 98.6% 63.2% 69.5% 70.8% 68.7% 69.5% 68.3%

BPIC 2013

10% 100% 100% 100% 99.9% 99.6% 81.7% 93.6% 93.5% 93.5% 93.4%
20% 100% 100% 99.8% 99.7% 98.5% 81.5% 92.7% 93.6% 93.5% 93.4%
30% 100% 100% 98.5% 98.9% 95.8% 81.2% 88.9% 92.7% 93.0% 92.9%
40% 100% 100% 98.6% 98.6% 91.6% 81.2% 86.4% 92.9% 92.9% 91.5%

BPIC 2020

10% 100% 100% 99.7% 99.7% 99.4% 88.3% 88.6% 88.6% 88.6% 88.5%
20% 100% 99.9% 99.9% 99.9% 98.7% 88.3% 88.2% 87.8% 88.2% 88.2%
30% 100% 99.8% 99.8% 99.9% 96.1% 87.9% 87.5% 87.7% 87.9% 87.4%
40% 99.9% 98.1% 99.6% 99.6% 85.4% 86.5% 85.9% 85.8% 86.1% 85.1%

Table 5: Satisfiability and similarity scores obtained with the Transformer model for differ-
ent values of the parameter α using greedy sampling. The rightmost column corresponds
to the baseline setting (α = 1), in which no logic-based loss is used. The best results are
in bold.

noise level in the training data consistently degrades baseline performance.
In terms of satisfiability, both Global and Local Guidance keep constraint sat-
isfaction near 100% across all noise levels, with Global Guidance providing
the strongest results. Similarity again exhibits more varied behavior: Lo-
cal Guidance yields higher similarity in some configurations, whereas Global
Guidance is generally more robust under high noise. Notably, the baseline
is uniformly worse across settings, underscoring the relevance of the logical
component and the overall robustness of the proposed approach.

We also report the average number of training epochs in Table 6. We ob-
serve that incorporating the logic-based loss consistently reduces the number
of epochs required for convergence across all datasets, noise levels, and neu-
ral architectures, with the effect being particularly pronounced for the LSTM
models. This suggests that logic-guided objectives improve optimization ef-
ficiency in terms of training iterations. For LSTM models, GLL generally
requires fewer epochs than LLL, in particular for the datasets (Sepsis and
BPIC 2020) that have low compliance with the background knowledge (see
Table 2). Indeed, the maximum difference in training epochs is around 310
for both datasets, whereas for BPIC 2013 the maximum difference is around
25 training epochs. This suggests that, for LSTM models, GLL can be pre-
ferred for datasets with high inconsistency with the background knowledge.

Transformers generally have the effect of lowering the number of training

35



Dataset Noise
LSTM Transformer

Baseline GLL LLL Baseline GLL LLL

Sepsis

10% 1327.13 568.37 880.07 667.33 559.87 571.73
20% 1460.93 578.07 785.13 615.20 571.00 562.87
30% 1465.93 578.17 801.23 646.33 563.20 575.07
40% 1606.60 589.80 657.40 641.13 570.20 563.07

BPIC 2013

10% 1477.73 562.93 587.60 571.07 563.47 561.20
20% 1565.93 566.80 587.80 568.53 566.80 558.13
30% 1895.73 572.00 583.77 571.47 572.77 564.70
40% 1998.80 575.90 601.20 571.33 578.63 564.20

BPIC 2020

10% 1962.20 556.13 598.17 620.73 553.07 574.63
20% 1843.73 570.10 618.03 641.33 564.07 573.83
30% 1943.20 568.27 681.23 664.40 564.07 568.83
40% 1999.00 578.40 884.57 770.40 566.87 576.77

Table 6: Average number of training epochs (the lower the better) required by each method
across datasets, noise levels and neural architectures. Best results are in bold.

epochs. This is not surprising because the self-attention mechanism provides
direct connections between all events in a prefix, enabling faster and more
effective credit assignment than the recurrent propagation through time per-
formed by LSTM models. Here, credit assignment refers to the identification
of which past inputs are responsible for the current prediction error, and
therefore which parameters should be updated to correct it. In addition,
the absence of recurrence, aided by residual connections and layer normal-
ization, avoids vanishing or noisy gradients. Moreover, Transformers process
the entire prefix in parallel, rather than sequentially as in LSTM models, thus
allowing the network to quickly identify the most relevant past activities for
predicting the future suffix. As a consequence, meaningful dependencies are
learned earlier in training, leading to a lower number of training epochs. For
this architecture, the difference in terms of training epochs between GLL and
LLL is much more contained.

5. Related Work

Recently, there has been significant interest in employing deep neural
networks (NNs) in PPM for tasks such as next-activity prediction, suffix
prediction, and attribute prediction [2]. Despite significant advances in the
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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 [3, 49, 9,
50] and convolutional neural networks (CNNs) [51] to generative adversarial
networks (GANs) [52, 50], autoencoders [50], and Transformers [50]; and (ii)
wisely choosing the sampling technique used to query the network at test time
to generate the suffix, mostly using greedy search [3], random search [49],
or beam search [9], and more recently, policies trained with reinforcement
learning (RL) [53, 5]. Among all these works, only one exploits prior process
knowledge [9], expressed as a set of LTLf formulas, but it uses this knowledge
only at test time, modifying the beam search sampling algorithm to select
traces that are potentially compliant with the background knowledge.

In this work, we take a radically different approach by introducing a
principled way to integrate background knowledge expressed in LTLf into
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 used with any sampling technique at test time, drawing
inspiration from the literature in Neuro-Symbolic AI [54]. In this field, many
prior works focus on exploiting temporal logical knowledge in deep learning
tasks, but none have addressed multi-step symbolic sequence generation.

T-leaf [55] creates a semantic embedding space to represent both formu-
las and traces and uses it in tasks such as sequential action recognition and
imitation learning, which do not involve multi-step prediction. In [33], an
extension of Logic Tensor Networks (LTNs) [56, 8] to represent fuzzy au-
tomata is proposed and employed to integrate LTLf background knowledge
into image sequence classification tasks. STLnet [7] adopts a student–teacher
training scheme in which the student network proposes a suffix based on the
data, which is then corrected by the teacher network to satisfy the formula.
This work uses Signal Temporal Logic (STL) formulas and is applied to con-
tinuous trajectories rather than discrete traces. Our attempts to apply it to
discrete data and LTLf 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 [10, 11, 12, 57, 17], training auxiliary models [13, 14],
or exploiting conditioned sampling techniques [15, 16]. However, all these
approaches are exclusively designed for test-time inference and have no in-

37



fluence 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 training, rather than only at inference time, can significantly benefit
the learning process.

Our work is the first to integrate temporal knowledge into the generation
of multi-step symbolic sequences at training time. It is based on encoding
LTLf formulas using a matrix representation that we have previously used for
very different tasks, such as learning RL policies for non-Markovian tasks [58]
and inducing automata from a set of labeled traces [22], which 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 LTLf , 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, could prove promising for advancing the state-of-the-art in multi-step
symbolic sequence generation.
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