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Abstract

Detecting anomalies in business processes is crucial for en-
suring operational success. While many existing methods rely
on statistical frequency to detect anomalies, it’s important to
note that infrequent behavior doesn’t necessarily imply unde-
sirability. To address this challenge, detecting anomalies from
a semantic viewpoint proves to be a more effective approach.
However, current semantic anomaly detection methods treat a
trace (i.e., process instance) as multiple event pairs, disrupt-
ing long-distance dependencies. In this paper, we introduce
DABL, a novel approach for detecting semantic anomalies
in business processes using large language models (LLMs).
We collect 143,137 real-world process models from various
domains. By generating normal traces through the playout
of these process models and simulating both ordering and
exclusion anomalies, we fine-tune Llama 2 using the result-
ing log. Through extensive experiments, we demonstrate that
DABL surpasses existing state-of-the-art semantic anomaly
detection methods in terms of both generalization ability and
learning of given processes. Users can directly apply DABL
to detect semantic anomalies in their own datasets without
the need for additional training. Furthermore, DABL offers
the ability to interpret anomalies’ causes in natural language,
providing valuable insights into the detected anomalies.

Code — https://github.com/guanwei49/DABL

Introduction
Business process anomaly detection is geared towards iden-
tifying undesired behavior occurring during process execu-
tion, serving as a crucial component in guaranteeing the ef-
ficient and dependable operation of businesses. By pinpoint-
ing anomalies within business processes, these detection
techniques facilitate timely intervention, maintenance, and
optimization, consequently bolstering overall well-being
(Guan et al. 2024d).

Over the past few decades, notable advancements have
been achieved in business process anomaly detection. Fig.
1 illustrates a comparison of various applicable methods
for accomplishing this task. Traditional statistical-based ap-
proaches (Lu, Fang, and Fang 2022; Ko and Comuzzi 2022;
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Nolle et al. 2022; Guan et al. 2024a) rely on analyzing statis-
tical frequencies to identify anomalies. However, infrequent
behavior is not necessarily anomalous; it may represent rare
but acceptable behavior. Conversely, frequent behavior may
not always be normal. Furthermore, these methods focus
on providing anomaly scores and require manual specifica-
tion of thresholds to distinguish between normal and anoma-
lous instances, which is not suitable for real-world applica-
tions. Alternatively, methods based on conformance check-
ing (Ebrahim and Golpayegani 2022; Sarno, Sinaga, and
Sungkono 2020; Sinaga and Sarno 2016) detect anomalies
by assessing the alignment between traces and their cor-
responding process models. Yet, accurately capturing com-
plex processes within a process model remains a challenge,
thereby restricting the utility of such approaches. The con-
cept of semantic anomaly detection, recently introduced,
addresses these challenges by identifying anomalies from a
semantic viewpoint. For example, it can detect irregularities
such as a claim being paid after having been rejected. Its
grounding in natural language analysis allows for the con-
sideration of typical behavior in standard processes, elimi-
nating the necessity of having a specific process model at
hand. However, existing semantic-based anomaly detection
methods (van der Aa, Rebmann, and Leopold 2021; Cas-
pary, Rebmann, and van der Aa 2023) treat a trace as mul-
tiple event pairs, disrupting long-distance dependencies and
thus limiting their accuracy. Additionally, these methods in-
terpret the cause of anomalies by providing anomalous event
pairs, which can be confusing.

Recently, there have been significant advancements in
LLMs. Due to their remarkable language comprehension
abilities, LLMs such as GPT-3.5 (Ouyang et al. 2022), GPT-
4 (Achiam et al. 2023), Llama 2 (Touvron et al. 2023), and
GLM-3 (Zeng et al. 2022) have shown proficiency in tasks
like summarization, paraphrasing, and instruction following
in zero-shot scenarios. However, in the context of semantic
anomaly detection in business processes, their performance
is limited by a lack of prior domain knowledge. As illus-
trated in Fig. 1, they often struggle to provide specific an-
swers.

To address the aforementioned issues, we propose DABL,
a fine-tuned LLM designed to detect semantic anomalies
in business processes. Due to the lack of event logs com-
prising traces from various domains with rich semantic in-
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Figure 1: Comparison between our DABL with existing methods.

formation, we generated our training dataset by playing
out 143,137 real-world process models from three different
process model datasets. This resulted in 1,574,381 normal
traces. The collected process models cover a broad range
of domains, including common processes related to order
and request handling, as well as specialized processes in
fields such as software engineering and healthcare. Utiliz-
ing the generated normal traces, we then created synthetic
anomalous traces. We introduced ordering anomalies, where
activities should be executed in a different sequence (e.g.,
”accept request” followed by ”check request”), and exclu-
sion anomalies, where certain activities should not occur to-
gether within the same trace without an intermediate activity
(e.g., ”refusing the application” followed by ”accepting the
application” without ”reapplying” in between). These gen-
erated normal and anomalous traces collectively form the
training dataset. Finally, by incorporating traces into ques-
tion and answer content, we fine-tune the Llama 2-Chat 13B
model (Touvron et al. 2023), an open-source LLM, using
QLoRA (Dettmers et al. 2024), to create a generic model
capable of detecting semantic anomalies in business pro-
cesses. Compared to existing anomaly detection methods,
DABL offers the capability to interpret the causes of anoma-
lies in natural language, providing valuable insights into
the detected anomalies. Extensive experiments show that
DABL surpasses state-of-the-art methods in both general-
ization ability and learning of given processes.

Thanks to DABL’s strong generalization ability, users can
apply our open-source, fine-tuned model directly to their
datasets without the need for additional training. Notably,
it operates in a zero-shot manner, meaning it does not need
normal traces or a process model during its operation. Our
contributions are summarized as follows:

• We introduce DABL, an innovative method for fine-

tuning LLMs to detect semantic anomalies in business
processes.

• We introduce novel techniques for simulating business
process anomalies, encompassing ordering anomalies
and exclusion anomalies, thereby enabling precise fine-
tuning of LLMs.

• Extensive experiments show that DABL outperforms
state-of-the-art methods in both generalization ability
and the learning of given processes. Tests on real-world
datasets confirm the practical effectiveness of DABL.

Related Work
Business Process Anomaly Detection
Existing business process anomaly detection methods can be
divided into three categories: statistical-based, conformance
checking-based, and semantic-based.

Statistical-based Methods Some of these methods con-
struct probabilistic models to infer the probability values
(i.e., anomaly score) of traces. For example, HPDTMC
(Yang et al. 2020) constructs discrete-time Markov chains
(DTMC) and introduces hitting probabilities (HP). EDBN
(Pauwels and Calders 2019a,b) extends dynamic Bayesian
networks by adding functional dependencies. PN-BBN (Lu,
Fang, and Fang 2022) extends Petri nets by incorporating
Bayesian networks. Other methods convert traces into vec-
tor representations and then detect anomalies using data
mining techniques such as local outlier factor (LOF) and
isolation forest (IF). For example, activities are considered
as words and encoded into vectors using the word2vec
(Mikolov et al. 2013) technique in (Junior et al. 2020; Ver-
tuam Neto et al. 2021). Additionally, Trace2vec (De Kon-
inck, vanden Broucke, and De Weerdt 2018), extended from
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doc2vec and n-gram, is used to encode traces in (Rullo et al.
2020). Furthermore, the authors in (Ko and Comuzzi 2022,
2021) employ one-hot encoding to convert traces into vector
representations and detect anomalies using statistical lever-
age (Hoaglin and Welsch 1978). Recently, deep learning has
been adopted to detect anomalies based on reconstruction er-
rors. Given that traces exhibit sequential data characteristics,
the authors in (Guan et al. 2023; Nolle et al. 2022; Krajsic
and Franczyk 2021; Guan et al. 2024c) embed LSTM, GRU
or transformers within autoencoders to enhance the model’s
reconstruction capabilities. The authors in (Huo et al. 2021;
Guan et al. 2024a; Niro and Werner 2024) transform traces
into graphs and utilize graph neural networks (GNNs) to
generate graph encodings, identifying anomalies by evalu-
ating the reconstruction error of the graphs or traces.

Statistical-based methods detect anomalies by analyzing
statistical frequencies. However, infrequent behavior is not
necessarily anomalous, as it may represent rare but accept-
able behavior. Conversely, frequent behavior may not always
be normal.

Conformance Checking-based Methods The confor-
mance checking-based approaches (Ebrahim and Gol-
payegani 2022; Sarno, Sinaga, and Sungkono 2020; Sinaga
and Sarno 2016) utilize process models, which are either
provided by the user or derived from logs using process
mining techniques. Anomalies are detected through confor-
mance checking techniques (Leemans, Fahland, and van der
Aalst 2018), which assess the alignment between traces and
the corresponding process model. When the trace deviates
from the process model, it is considered anomalous.

The performance of these methods heavily depends on
the quality of the process model. Additionally, complex pro-
cesses are difficult to accurately represent with a process
model, limiting the applicability of these methods.

Semantic-based Methods The semantic-based methods
detect anomalies through natural language analysis, aim-
ing to detect process behaviors that deviate from a semantic
point of view.

Van der Aa et al. (van der Aa, Rebmann, and Leopold
2021) fine-tune BERT (Devlin et al. 2018), a pre-trained
language model, to parse the names of executed activities
by extracting the action and business object. Then, a knowl-
edge base capturing assertions about the interrelations that
should hold among actions parsed from names of executed
activities is applied. The knowledge is extracted either from
VerbOcean (Chklovski and Pantel 2004) or from an abstract
representation of the process model. Anomalies can be de-
tected by checking if the recorded process behavior violates
the assertions captured in the knowledge base.

Caspary et al. (Caspary, Rebmann, and van der Aa 2023)
extract event pairs that are in an eventually-follow rela-
tion. To detect anomalous event pairs, they propose two
approaches: an SVM-based approach and a BERT-based
approach. The SVM-based approach transforms an event
pair into a vector representation using GloVe embeddings.
This vector is then fed into a trained SVM, which classi-
fies whether the event pair is an anomaly. The BERT-based
approach extends BERT with an additional output layer for

two-class classification, determining whether an input event
pair is anomalous or not. Both the SVM and the extended
BERT model are trained using normal event pairs extracted
from normal traces, along with anomalous event pairs simu-
lated by randomly generating event pairs that are not normal.

However, existing semantic-based methods treat a trace
as multiple event pairs, which disrupts long-distance depen-
dencies. Additionally, these methods only identify anoma-
lous event pairs to interpret the causes of anomalies, making
them difficult to understand. In contrast, our DABL incorpo-
rates the entire trace into a novel prompt, allowing the LLMs
to capture long-distance dependencies. DABL also provides
insightful interpretations of the causes of anomalies in natu-
ral language, making them easy to understand.

Large Language Models for Anomaly Detection
Motivated by the impressive cognitive abilities exhibited by
LLMs (Ouyang et al. 2022; Zeng et al. 2022; Achiam et al.
2023; Touvron et al. 2023), researchers have begun inves-
tigating their application for anomaly detection. Anoma-
lyGPT (Gu et al. 2024) and Myriad (Li et al. 2023) incorpo-
rate novel image encoders with LLMs for industrial anomaly
detection (IAD). Elhafsi et al. (Elhafsi et al. 2023) apply an
LLM to analyze potential confusion among observed objects
in a scene, which could lead to task-relevant errors in policy
implementation. LLMAD (Liu et al. 2024) leverages LLMs
for few-shot anomaly detection by retrieving and utilizing
both positive and negative similar time series segments. In
(Qi et al. 2023; Guan et al. 2024b; Egersdoerfer, Zhang,
and Dai 2023), authors explore the application of LLMs
for log-based anomaly detection. SheepDog (Wu and Hooi
2023) conducts fake news detection by preprocessing data
using LLMs to reframe the news, customizing each article to
match different writing styles. Sarda et al. (Sarda et al. 2023)
propose a pipeline for automatic microservice anomaly de-
tection and remediation based on LLMs.

Yet, the application of LLMs for business process
anomaly detection remains unexplored.

Method
DABL is a novel conversational fine-tuned large language
model, primarily designed to detect semantic anomalies in
business processes and interpret their causes. Fig. 2 de-
tails the DABL training procedure, which consists mainly
of dataset preparation and fine-tuning.

Dataset Preparation
To effectively fine-tune LLMs for developing a generic
model capable of detecting semantic anomalies in business
processes, a log meeting the following criteria is imperative:
i) it must encompass both normal and anomalous traces, ii) it
should contain rich semantic information (i.e., the activities
should not be represented by meaningless characters), and
iii) the traces within it should stem from diverse processes
across various domains. Since such a log is not available in
the real world, we generate normal traces by playout of the
real-world process models from the BPM Academic Initia-
tive (BPMAI) (Weske et al. 2020), fundamentals of business
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Figure 2: Detecting semantic anomalies in business processes using large language models.

process management (FBPM) (Dumas et al. 2018), and SAP
signavio academic models (SAP-SAM) (Sola et al. 2022).
These process models cover a broad range of domains, in-
cluding common processes related to order and request han-
dling, as well as specialized processes from fields such as
software engineering and healthcare. We then generate syn-
thetic anomalies from these normal traces. We detail the
dataset preparation in the following subsection.

Generation of Normal Traces We select process mod-
els M from BPMAI, FBPM, and SAP-SAM that meet the
following criteria: they are in BPMN notation (Chinosi and
Trombetta 2012), described in English, and convertible into
a sound workflow net (Van Der Aalst et al. 2011). This re-
sults in a total set of 144,137 process models. Among these,
143,137 process models are used for generating training
datasets, resulting in 1,574,381 normal traces, while the re-
maining 1,000 process models are used for generating test
datasets.

Next, for each process model m ∈ M, we perform a
playout (Berti, Van Zelst, and van der Aalst 2019) to obtain
the set of normal traces, denoted as Lm. These traces are
allowed by the process model m. To prevent infinite trace
lengths, we limit each loop in the process model m to be
executed a maximum of twice.

Anomaly Simulation Normal traces can be converted into
anomalous ones by disrupting the order of executed activi-
ties (ordering anomalies) or by sequencing exclusive activi-
ties (exclusion anomalies).

Ordering anomalies: Ordering anomalies arise when ac-
tivities ought to be executed in a different sequence. Five
types of ordering anomalies, as identified in (Nolle et al.
2022), are frequently encountered in real-world business
processes. Fig. 3 illustrates distinct anomalous traces result-
ing from the application of these five anomaly types to a
normal trace ⟨e1, e2, · · · , en⟩. These anomaly types are de-
fined as follows and are applied to a normal trace to generate
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Figure 3: Different anomaly types applied to a normal trace.

ordering anomalies:
• Skip: A sequence of up to three activities ⟨ei, · · · , ej⟩ is

skipped.
• Insert: A sequence of up to three random activities
⟨e′1, · · · , e′m⟩ is inserted. The random activities are se-
lected from a set comprising all possible activities across
all process models.

• Rework: A sequence of up to three activities ⟨ei, · · · , ej⟩
is executed a second time after activity ek.

• Early: A sequence of up to three activities ⟨ei, · · · , ej⟩ is
executed earlier and consequently skipped later.

• Late: A sequence of up to three activities ⟨ei, · · · , ej⟩ is
executed later and consequently skipped earlier.

Below are the causes for these anomaly types, which are
currently in the plural form (i.e., ’activities’, ’they’). During
implementation, they may need to be flexibly transformed
into the singular form (i.e., ’activity’, ’it’).
• Skip: The activities ${ei, · · · , ej} are skipped before

${ej+1}.
• Insert: The activities ${e′1, · · · , e′m} should not be exe-

cuted.
• Rework: The activities ${ei, · · · , ej} are reworked after
${ek}.

• Early: The activities ${ei, · · · , ej} are executed too early,
they should be executed after ${ei−1}.

• Late: The activities ${ei, · · · , ej} are executed too late,
they should be executed before ${ej+1}.

Here, ${ei, . . . , ej} represents converting the trace
⟨ei, · · · , ej⟩ into a string format by enclosing each executed
activity in apostrophes and separating them with commas,
while using and before the penultimate and ultimate activ-
ities. For example, for the trace ⟨A, B, C, D⟩, the resulting
string would be ’A’, ’B’, ’C’ and ’D’.

However, the generated anomalies may actually represent
a normal trace. For a process model m, we refine the set
of generated ordering anomalies Lo

m by excluding traces
present in Lm from it.

Exclusion anomalies: Exclusion anomalies occur when
certain activities should not have been executed together
within the same trace without an intermediate activity. For
instance, in the loan application process illustrated in Fig. 2,
it is inappropriate to send an acceptance pack and reject an
application within the same trace.
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Figure 4: Different anomaly types applied to a normal trace.

The process tree (Aalst, Buijs, and Dongen 2011), a spe-
cialized form of process model, is utilized for analyzing pro-
cess structure. For instance, the process tree corresponding
to the process model depicted in Fig. 2 is illustrated in Fig. 4.
We begin by converting the gathered process model m into a
process tree using the techniques presented in (van Zelst and
Leemans 2020). Then, we replace an exclusive node (repre-
sented as ×) in the process tree with a parallel node (repre-
sented as ∧), resulting in a modified process model denoted
as m′. This modification enables certain exclusive activities
to be executed within the same trace to simulate exclusion
anomalies. It is important to recognize that a single pro-
cess tree may contain multiple exclusive nodes; therefore,
we carry out this modification successively, resulting in mul-
tiple modified process models. Subsequently, we playout of
all the modified models, restricting each loop to be executed
a maximum of twice, to generate the set of traces, denoted
as Lm′ . We refine Lm′ by excluding traces present in Lm

from it, resulting in the set of exclusion anomalies Le
m.

To extract the causes of exclusion anomalies, we need to
identify activities that exhibit exclusion relationships. In a
process tree, activities located under different branches of
an exclusive node (represented as ×) exhibit such relation-
ships. For example, in the process tree illustrated in Fig. 4,
the activity set {Prepare acceptance pack, Send acceptance
pack} and the activity set {Reject application} exhibit ex-
clusion relationships. Formally, consider a modified model
m′, which results from modifying an exclusive node R in
the process tree corresponding to the process model m. An
exclusion anomaly t is generated from model m′. The node
R has N branches, with the activity sets A1, · · · ,AN under
them. Activities within each activity set Ai that do not ap-
pear in t are filtered out. The cause of this exclusion anomaly
t is then:

• The activities ${A1} are mutually exclusive with the ac-
tivities ${

⋃
i=2···N Ai}, meaning they should not be ex-

ecuted within the same process instance.

Question and Answer Content To conduct prompt tun-
ing on the LLM, we generate corresponding textual queries
based on simulated anomalous traces. Specifically, each
query consists of two components.

The first component introduces the traces, such as ”In the
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following business process trace, each executed activity is
separated by a comma: ⟨Send acceptance pack, Check credit
history, Assess loan risk, Assess eligibility, Prepare accep-
tance pack⟩”. The second component queries whether the
trace is anomalous, asking, for instance, ”Is this trace nor-
mal or anomalous?”. The LLM first responds to whether the
given trace is normal or anomalous. If it is anomalous, the
LLM is asked about the cause of the anomaly, for example,
”What causes this trace to deviate?”. The LLM then inter-
prets the cause of the anomaly, such as ”The activity ’Send
acceptance pack’ is executed too early, it should be executed
after ’Prepare acceptance pack’.”. This content about the
anomaly’s cause provides valuable insights and facilitates
actions to maintain the health of the process execution.

Efficient Fine-Tuning on LLMs
DABL involves fine-tuning the open-source Llama 2-Chat
13B model (Touvron et al. 2023) to enhance its capability
to detect semantic anomalies in business processes. To mit-
igate the expense associated with fine-tuning LLMs with a
substantial parameter count, we leverage QLoRA (Dettmers
et al. 2024) to reduce memory usage. QLoRA achieves this
by back-propagating gradients into a frozen 4-bit quantized
model while preserving the performance level attained dur-
ing the full 16-bit fine-tuning process.

We employ the Adam optimizer (Kingma and Ba 2014) to
fine-tune the LLMs for two epochs, setting the initial learn-
ing rate to 5 × 10−5 with polynomial learning rate decay.
The mini-batch size is set to 64. The fine-tuning is carried
out on an NVIDIA A6000 GPU with 48 GB of memory.

Experiments
Experimental Setup
Datasets As mentioned in the previous section, we allo-
cate 1,000 process models for generating the test dataset D1.
These models produce 14,387 normal traces, and we ran-
domly simulate anomalies, resulting in 13,694 anomalous
traces. In total, the test dataset D1 comprises 28,081 traces.

From 143,137 process models used for generating the
training dataset, we randomly select 1,000 process models
to create the test dataset D2. These 1,000 process models
produce 21,298 normal traces, and we randomly simulate
anomalies, resulting in 19,627 anomalous traces. In total, the
test dataset D2 comprises 40,925 traces. Note that, although
the normal traces within the test dataset D2 are identical to
those in the training dataset, the simulated anomalies are not.

In summary, the test dataset D1 is used to evaluate the
model’s generalization ability, verifying if the model can de-
tect anomalies of unseen processes. The test dataset D2 aims
to validate the model’s performance on seen processes but
unseen anomalies (i.e., learning of given processes).

Compared Methods Statistical-based and conformance
checking methods can only be applied to datasets contain-
ing traces from a single process. However, our test datasets
include traces from 1000 processes where no two traces are
identical (i.e., traces with identical orders of activities are
executed). Therefore, these methods cannot be compared.

Prec.(%) Rec.(%) F1(%) Acc.(%)

SEM 48.67 46.8 47.72 50.81
SENSE-SVM 87.95 1.12 2.20 52.50
SENSE-BERT 48.17 97.74 64.53 48.47

DBAL 94.06 89.79 91.88 92.39

Table 1: Semantic anomaly detection results on dataset D1.
The best results are indicated using bold typeface.

Prec.(%) Rec.(%) F1(%) Acc.(%)

SEM 71.91 48.63 58.02 66.75
SENSE-SVM 90.28 28.64 43.49 64.82
SENSE-BERT 93.16 62.88 75.08 80.28

DBAL 98.12 95.64 96.87 97.03

Table 2: Semantic anomaly detection results on dataset D2.
The best results are indicated using bold typeface.

In our evaluation, we compare our DABL to exist-
ing semantic business process anomaly detection methods:
SENSE (Caspary, Rebmann, and van der Aa 2023) and SEM
(van der Aa, Rebmann, and Leopold 2021). SENSE of-
fers both SVM-based and BERT-based models for detect-
ing anomalous event pairs, which we denote as SENSE-
SVM and SENSE-BERT, respectively. These methods di-
vide traces into event pairs and determine whether each pair
is normal or anomalous. If at least one event pair in a trace
is identified as anomalous, the entire trace is classified as
anomalous. It is important to note that SEM can only detect
anomalous event pairs that share the same business object,
automatically classifying pairs with distinct business objects
as non-anomalous. Due to the high training costs, we utilize
the open-source trained models provided by the authors for
dataset D1. For dataset D2, we train the comparative mod-
els using the 21,298 normal traces available within it. The
hyper-parameters of these methods are set to the values that
yielded the best results reported in the original paper.

Evaluation Metrics Following existing anomaly detec-
tion methods, we employ precision, recall, F1-score and ac-
curacy to evaluate the anomaly detection performance. The
recall-oriented understudy for gisting evaluation (ROUGE)
(Lin 2004) is a software package and metric set designed
to assess the quality of generated text by comparing it with
ground truth text. In our evaluation of DABL’s ability to
interpret the cause of anomalies, we utilize ROUGE-2 and
ROUGE-L metrics. We conduct each experiment five times
and report the mean results.

Quantitative Results
Anomaly Detection To evaluate the model’s generaliza-
tion ability, we conduct experiments on the test dataset D1.
The results are shown in Table 1, with the best outcomes
highlighted in bold. Our DBAL achieves the highest pre-
cision, F1-score, and accuracy, with both the F1-score and
accuracy exceeding 90%. Although SENSE-BERT attains
the best recall, it has the lowest precision and accuracy.
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Dataset ROUGE-2(%) ROUGE-L(%)

Prec. Rec. F1 Prec. Rec. F1

D1 74.48 74.49 74.32 76.29 76.11 76.02
D2 84.92 84.61 84.54 86.96 86.66 86.56

Table 3: The results of DABL in interpreting the causes of
anomalies.

机器人学

Below is a business process trace, with each executed activity 

separated by a comma: ⟨Add personal data, Procure work 

equipment, Select necessary work equipment, Set up access rights 

hardware and software⟩. Is this trace normal or anomalous?

Without further context or information, it is difficult to determine if 

the given business process trace is normal or anomalous.
GPT-3.5

GPT-4

GLM-3

Llama 2

DABL

Without knowing the standard sequence of activities or having 

additional context, it's difficult to say definitively whether this trace 

is normal or anomalous. 

This sequence of activities seems logical and typically follows an 

onboarding process in many organizations. It would be considered 

normal if this is the standard procedure for equipping new employees 

with the necessary tools and access to perform their job.

A business process trace is a sequence of activities that are executed 

in a business process. Each executed activity is separated by a 

comma in the trace.

The trace is anomalous.

What's the origin of the anomaly?

机器人学DABL

The activity 'Procure work equipment' is executed too early, it 

should be executed after 'Select necessary work equipment'.

Figure 5: Qualitative results of various LLMs on an early
anomaly.

Compared to other methods, DBAL maintains a balanced
precision and recall. SENSE-SVM exhibits limited sensi-
tivity to anomalies, potentially overlooking many anoma-
lies, thereby achieving high precision but markedly low re-
call. Conversely, SENSE-BERT demonstrates excessive sen-
sitivity, resulting in numerous false alarms, thus yielding
low precision but high recall. These results demonstrate that
DBAL possesses a superior generalization ability for detect-
ing anomalies in unseen processes.

We conduct experiments on dataset D2 to evaluate if the
methods can learn the given processes. The results are pre-
sented in Table 2. Compared to the experiments on dataset
D1, the precision of each method increases. This improve-
ment is due to the incorporation of normal process behav-
ior in the training dataset, thereby reducing false alarms.
Consequently, the F1-score and accuracy also show signif-
icant improvements. Our DABL method stands out, achiev-
ing the best performance across all metrics, with the F1-
score and accuracy showing improvements of 21.79% and
16.75%, respectively, over the best existing semantic-based
anomaly detection method (i.e., SENSE-BERT). These re-
sults demonstrate that DABL can learn the given processes
effectively, allowing users to further fine-tune DABL on
their own processes to obtain a customized model.

Interpretation of the Cause of Anomalies Table 3 shows
the results of DABL in interpreting anomalies’ causes. On

机器人学

Based on the provided business process trace, it is difficult to 

determine if it is normal or anomalous without further context or 

information. 

GPT-3.5

GPT-4

GLM-3

Llama 2

DABL

As an AI, I don't have the exact context or knowledge of the specific 

rules of the business process. However, based on the general order 

of operations in shipping and logistics, this trace seems normal.

Without additional context or a definition of what is considered normal 

in this specific process, we can only say that the given trace is not 

inherently anomalous based on the activities listed. 

What is the difference between a trace and a log? A trace is a record 

of all the activities performed in a business process. A log is a 

record of all the activities performed in a business process.

The trace is anomalous.

What makes this trace anomalous?

机器人学DABL

The activity 'Contact airlines' is mutually exclusive with the activity 

'Contact container port', meaning they should not be executed within 

the same process instance.

Here is a trace of a business process, with each performed activity 

separated by a comma: ⟨Ship goods, Contact container port, Contact 

airlines, Prepare delivery note⟩. Is this trace normal or anomalous?

Figure 6: Qualitative results of various LLMs on an exclu-
sion anomaly.

dataset D1, both ROUGE-2 and ROUGE-L scores are rela-
tively high, indicating that DABL performs well in identi-
fying anomalies’ causes, even for processes not included in
the training data. For dataset D2, DABL exhibits better per-
formance because the normal behaviors of the processes are
well-represented in the training data. Furthermore, the slight
difference between recall and precision suggests that the
model maintains a good balance. These results demonstrate
that DABL is effective at interpreting anomalies’ causes re-
garding both bigrams and longest common subsequences.

However, these results may be underestimated because
the cause of an anomaly can be interpreted in various ways.
For example, for a desired trace ⟨A, B, C, D, E⟩, the anomaly
⟨A, B, E, C, D⟩ can be interpreted as ”The activities ’C’ and
’D’ are executed too late, they should be executed after ’B’”
and ”The activity ’E’ is executed too early, it should be ex-
ecuted after ’D’.” Nevertheless, we only provide one refer-
ence answer to calculate ROUGE-2 and ROUGE-L scores.

Qualitative Examples
Fig. 5 and Fig. 6 illustrate the performance of existing LLMs
and DABL on early and exclusion anomalies, respectively.
Due to the absence of business process-related knowledge,
existing LLMs may not offer definitive answers. In contrast,
DABL is proficient in identifying anomalies and interpret-
ing their causes, thanks to the integration of a vast array of
process models from diverse domains in the training data.

Real-world Application
Travel Permit We apply our DABL on a real-world travel
permit log from the BPI 2020 challenge (van Dongen 2020),
which captures data on work trips conducted by university
employees. The process flow involves the request for and
approval of a travel permit, the trip itself, a subsequent travel
declaration, as well as associated reimbursements.
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ID Example Trace Output Cause

A1
⟨ST, PSE, PAA, PAB, PAS, PFAD,

DSE, DAA, DAB, DFAS, RP, PH, ET⟩
The activity ’Start trip’ should not be executed.

A2
⟨PSE, ST, PAA, PAB,

PAS, PFAD, DSAE, ET⟩
The activity ’Start trip’ is executed too early, it should be

executed after ’Permit FINAL APPROVED by DIRECTOR’.

A3 ⟨PSE, PAS, ST, PFAD, PRM, ET⟩ The activity ’Permit REJECTED by MISSING’ is mutually exclusive with the activity ’Start trip’,
meaning they should not be executed within the same process instance.

A4
⟨ST, ET, PSE, PFAS,

DSE, DFAS, RP, PRM, PH⟩
The activity ’Permit REJECTED by MISSING’ is mutually exclusive with the activities ’Payment Handled’ and

’Declaration FINAL APPROVED by SUPERVISOR’, meaning they should not be executed within the same process instance.

A5
⟨PSE, PAA, RSE, RAA, RAB,

RFAS, RP, PAB, PFAS, PH, ST, ET⟩
The activities ’Permit APPROVED by BUDGET OWNER’ and ’Permit FINAL APPROVED by SUPERVISOR’
are executed too late, they should be executed before ’Request For Payment APPROVED by BUDGET OWNER’.

PSE: Permit SUBMITTED by EMPLOYEE; PAA: Permit APPROVED by ADMINISTRATION; PAB: Permit APPROVED by BUDGET OWNER; PAS: Permit APPROVED
by SUPERVISOR; PFAS: Permit FINAL APPROVED by SUPERVISOR; PFAD: Permit FINAL APPROVED by DIRECTOR; PRM: Permit REJECTED by MISSING; RSE:
Request For Payment SUBMITTED by EMPLOYEE; RRA: Request For Payment REJECTED by ADMINISTRATION; RRE: Request For Payment REJECTED by EM-
PLOYEE; RAA: Request For Payment APPROVED by ADMINISTRATION; RAB: Request For Payment APPROVED by BUDGET OWNER; RFAS: Request For Payment
FINAL APPROVED by SUPERVISOR; DSAE: Declaration SAVED by EMPLOYEE; DSE: Declaration SUBMITTED by EMPLOYEE; DRA: Declaration REJECTED by
ADMINISTRATION; DRE: Declaration REJECTED by EMPLOYEE; DAA: Declaration APPROVED by ADMINISTRATION; DAB: Declaration APPROVED by BUDGET
OWNER; DFAS: Declaration FINAL APPROVED by SUPERVISOR; RP: Request Payment; PH: Payment Handled; SR: Send Reminder; ST: Start Trip; ET: End Trip.

Table 4: Irregularity patterns identified in the travel permit log.

ID Example Trace Output Cause

A1 ⟨CF, SF, IFN, AP, P, P, P, P⟩ The activities ’Payment’ and ’Payment’ are reworked after ’Payment’.
A2 ⟨CF, P, P, SF, IFN, AP, P⟩ The activities ’Payment’ and ’Payment’ are executed too early, they should be executed after ’Add penalty’.

A3 ⟨CF, SF, IFN, RRAP, IDAP, SAP, AP, P⟩ The activity ’Receive Result Appeal from Prefecture’ is executed too early,
it should be executed after ’Send Appeal to Prefecture’.

CF: Create Fine; SF: Send Fine; IFN: Insert Fine Notification; AP: Add Penalty; P: Payment; RRAP: Receive Result Appeal from Prefecture; IDAP: Insert Date Appeal to
Prefecture; SAP: Send Appeal to Prefecture.

Table 5: Irregularity patterns identified in the road traffic fine management log.

This log contains 7,065 traces with 1,478 variants (traces
with different orders of activities are executed). DABL iden-
tifies 562 anomalous variants. These detected anomalies re-
veal some interesting irregularity patterns illustrated in Ta-
ble 4. These irregularity patterns include: trips starting be-
fore a permit is properly handled (A1), approved (A2), or
even rejected (A3); the declaration being finally approved
by a supervisor and payment handled despite the permit be-
ing rejected (A4); and requests for payment being approved
before the permit is approved (A5).

Road Traffic Fine Management We apply our DABL on
another real-world event log from an information system
managing road traffic fines (de Leoni and Mannhardt 2015),
which captures the road traffic fine management process.
The process flow involves the creation of a fine, appeal to
the prefecture, addition of penalties, and fine payment.

This log contains 150,370 traces with 231 variants. DABL
identifies 56 anomalous variants, which reveal some inter-
esting irregularity patterns as detailed in Table 5. The exam-
ples illustrate irregularity patterns where the fine is repeat-
edly paid (A1), the fine is paid before the penalty is added
(A2), and the result appeal from the prefecture is received
before the appeal is sent to the prefecture (A3).

Limitations
Despite collecting a significant amount of data to fine-tune
LLMs for detecting business process anomalies and achiev-
ing good performance, it is important to acknowledge some
limitations of DABL.

First, the precision of the collected process model may
not be equal to 1, which means it might allow traces not
observed in the original process. This discrepancy could im-
pact the quality of the training data, posing a limitation for
DABL. Second, our open-source model may struggle with
traces that, while irregular from a common-sense perspec-
tive, are normal within their customized processes. Finally,
when multiple anomaly types occur within a trace, DABL
can still classify the trace as an anomaly but can only in-
terpret one type of anomaly at a time. After fixing the in-
terpreted anomaly and re-inputting the trace into DABL, the
model will identify and interpret another anomaly type.

Conclusion
In this paper, we introduce DABL, a novel semantic busi-
ness process anomaly detection model leveraging LLMs.
Trained on 143,137 real-world process models from var-
ious domains, DABL excels at zero-shot detection of se-
mantic anomalies and interprets their causes in natural lan-
guage. Extensive experiments demonstrate DABL’s gener-
alization ability, allowing users to detect anomalies in their
own datasets without additional training.
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