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Predictive v. Generative Al

Predictive Al

Analyze existing data to make
predictions about future events
or outcomes

Relies on established ML
techniques

Outputis a prediction
(recommendation, probability
score, etc.)

Generative Al

Aims at creating new content or data that
are similar but yet distinct from training data
(text, images, music, ...)

Do notfocus on one specific phenomenon,
but exploit general knowledge learnt from
huge amount of data

Relies on novel techniques (LLMs)



ML Micro-101
(Classification)
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Machine Learning - Classification

The problem of identifying to which of a set of categories a new
observation belongs, on the basis of a training set of data

containing observations whose category membership is known
(supervised learning)

Spam V. No-Spam

normal v. anomalous




Machine learning - classification

Observations are defined by a set of features (explanatory variables,
predictors)

features (age, occupation, etc.)

label (salary)




Classification - methods

decision tree

support vector machine

neural networks

Decision boundary
wix=0

“negative” \ “positive”
. hyperplane N hyperplane
wix=-1 wx=1

SVM: X1

Maximize the margin



Predictive Al and
Process Mining
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Predictive Process Monitoring
(PPM)



What is PPM?

Event log is a dataset

Can be used to train machine learning
predictive models...

11506

10:16.34

-01-2011:09.18
1-2011:12.18
1-2011:13.06
1-2011:11.43

1-201 1:00.558

...which can then be used to predict
“the future” of (running) process cases

11:12.02

2011:15.44




“Which will be the next activity that will be
executed?”

Predicting activities that will be executed

“When will the next activity be executed?
What will be the timestamp of the last activity of
this case?”

Predicting timestamps

“What would be the outcome of this case, e.g.,
would it be possible to discharge this patient by I
tomorrow?”

Predict process outcomes /
o




Why PPM?

“What is the next activity that will be executed?”

”Get ready” if the next predicted is “critical”

“When will the next activity be executed?”

Early warning to clients when we predict their order
will be delivered late

“Would it be possible to discharge this patient by
tomorrow?”

Monitor satisfaction of Service Level Objectives
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Case-Level v. Event-Level Attributes

Case-Level

Attributes that have the same value in all events belonging to

the same case

Event-Level

Attributes that may have a different value in every event

Case  (Case attributes Event attributes
D D.OB. Sex Activity Completion Time  Resource Cost
1 20/02/1982 M Registration  1/1/2017 9:13:00 John 15
1 20/02/1982 M Antibiotics 1/1/2017 9:14:20 Mark 25
1 20/02/1982 M Tringc 112017 9:16:00 .1'-.1;1]'].' 10
1 20/02/1982 M Release 1/1/2017 9:18:05 Kate 20
1 20/02/1982 M Return 1/1/2017 9:18:50 John 20
1 20/02/1982 M Blood test 1/1/2017 9:19:00 Kate 15
2 03/08/1967 F Registration  2/1/2017 16:55:00 John 25
2 03/08/1967 F Tringc 2172017 17:00:00 .1'-.1;11'].' 23
2 03/08/1967 F Antibiotics 3/1/2017 9:00:00 Mark 10
2 03/08/1967 F Release 3/1/2017 9:01:50 Kate 15

WUNisST



Trace Prefixes

From a trace in an event log of length n-events, we can derive up to n-1
prefixes

A prefix of length k < n is the sub-trace from the 15t to k-th event

Prefixes are important to maximize the number of observations available to
train a PPM model that can be generated from an event log

Trace
(n=4)

Prefix
(k=3)

Prefix
(k=2)

Prefix
(k=1)

Activity, timestamp, resource,

A, t=1, Alice B, t=4, Alice

A, t=1, Alice B, t=4, Alice

A, t=1, Alice B, t=4, Alice

A, t=1, Alice

B, t=7, Chris

WUNisST



Temporal Split

Events in an event log are timestamped

To simulate a real-life situation, the events used for

training a PPM model should always precede the ones
used for testing the model

Case  Case attributes Event attributes
D D.OB. Sex Activity Completion Time  Resource Cost
1 20/02/1982 M Registration | 1/1/2017 9:13:00 John 15
1 20002/1982 M | Antibiotics 1/1/2017 9:14:20 Mark 25
1 20/02/1982 M | Triage 1/1/2017 9:16:00 Mary 10
1 200021982 M | Release 1/1/2017 9:18:05 Kate 20
1 20/02/1982 M Return 1/1/2017 9:18:50 John 20
1 20002/1982 M Blood test 1/1/2017 9:19:00 Kate 15
2 03/08/197 F Rugistr;:[inn 21/2017 16:55:00 _]l.]hr't 23
2 03/08/1967 F Trial:_{t‘ 20172017 17:00:00 ."-.1;11'].' 23
2 03/08/1967 F Antibiotics 3/1/2017 9:00:00 Mark 10
2 03/08/1967 F Release 3/1/2017 9:01:50 Kate 15

WUNisST
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Ceravolo, P., Comuzzi, M., De Weerdt, J., Di Francescomarino, C., & Maggi, F. M. (2024). Predictive proce ss monitoring: concepts, challenges, and future research directions. Process Science, 1(1), 2.




Bucketing of Prefixes

Prefix traces can be grouped into buckets to train

multiple classifiers, one for each bucket

The simplest choice? Zero-Bucketing
(1 single bucket with all the prefixes)

p

Prefix
traces

>

—

Classifier

WUNisST



Bucketing by Prefix Length

A bucket contains all the prefixes of the same length

Prefix
traces

Bucket 1
Prefix length = 1

Bucket 2
Prefix length = 2

| =
=

Bucket N
Prefix length =N

Classifier 1

Classifier 2

Classifier N 1

WUNisST



Bucketing by Clustering

Buckets determined by applying a trace clustering

method

Prefix
traces

)

Clustering

Bucket 1
Cluster 1

Bucket 2
Cluster 2

N~

Bucket N
Cluster N

Classifier 1

Classifier 2

Classifier N

WUNisST
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Outcome prediction

Assume a (usually binary) case outcome label is available
Encoding each prefix, use outcome label as classification label

Binary classification problem (positive v. negative outcome)




Example

RS S EX W Co

Trace 1: ABCB
Trace 2: AC

often “outcomes” are
available as case-level
attributesin an event log, or
can be engineered from the
data



Encoding of Prefixes (Sequence Encoding)

Sequence encoding combines the task of feature engineering
and numerical encoding of traditional machine learning

First, decide which features to generate from attributes
available in an event log, then encode those features
numerically

The prefixes in each bucket must be encoded into a fixed-
length numerical feature vector

Prefixes in a bucket may have different length

A prefix abstraction may be needed to reduce the prefixes to
the same length (or zero-padding!)

WUNisST



Aggregation Sequence Encoding

Prefixes are abstracted by consider all the events
Attribute values are aggregated

Example
Numerical attributes: avg, sum, max, min
Categorical attributes: frequency or occurrence

WUNisST
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Activity, timestamp, resource, cost Qutcome
Trace 1 A, t=1, Alice, 100 B, t=4, Alice, 50 C, t=6, Bob, 60 B, t=7, Chris, 70 1
Trace 2 A, t=3, Alice, 90 C, t=8, Chris, 100 - - 0

Activity B occurs twice in trace 1 Alice executes 2 activities in trace 1

Time aggregated using average
A1 B_1 C. 1 t avg Alice ob_1 Chris_1 c_max Outcome Cost aggregated using max
Trace 1 1 2 1 4.5 2 1 1 100 1
Trace 2 1 0 1 55 1 0 1 100 0

(3+8)/2=55 / max(90,100) = 100 /




Index Sequence Encoding

Encode all the information in an event log,
maintaining the order of events

If prefixes in a bucket do not have the same
length, zero-padding is needed

Lossless encoding: given the feature vector, we
can perfectly reconstruct all the events of a trace

WUNisST
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Activity, timestamp, resource, cost Outcome
Trace 1 A, t=1, Alice, 100 B, t=4, Alice, 50 C, t=6, Bob, 60 B, t=7, Chris, 70 1
Trace 2 A, t=3, Alice, 90 C, t=8, Chris, 100 D, t=9, Dana,45 C,t=10,Bob,70 | O
Act_1* Res_1* t 1 c 1 Act_ 2* Res 2* t 2 c 2 Act 3* Res 3* t 3 c 3 Act 4* Res 4" t 4 c 4 Qutcome
Trace 1 A Alice 1 100 B Alice 4 50 c Bob 6 60 B Chris 7 70 f
Trace 2 A Alice 3 20 C Chris 8 100 D Dana 9 45 C Bob 10 70 0

* Features from one-hot
encoding of activity and
resource omitted for readability




Event 1

(task label, timestamp,

resource label, cost)
Trace 1 A, t=1, Alice, 100

Trace 2 A, t=3, Alice, 90

Trace 2 A Alice 3 20

Act_1* Res_1* t_1 c 1 Act 2* R
Trace 1 A Alice 1 100 =] A :

* Features from one-hot
encoding of activity and
resource omitted for
readability

Outcome

B, t=4, Alice, 50 C, t=6, Bob, 60

C, t=8, Chris, 100

il il B
8 oms 7

o

WUNisST

s




Last-State Sequence Encoding

Prefixes are abstracted using only the last m events
(m =2 inthe example below)

A simple numerical encoding is to encode numerical attributes

as-is and categorical attributes using one-hot encoding

Activity, timestamp, resource, cost

Trace 1 A, t=1, Alice, 100 B, t=4, Alice, 50 C, t=6, Bob, 60 B, t=7, Chris, 70
Trace 2 A, t=3, Alice, 90 C, t=8, Chris, 100 - -
~ =
A1 B1 | C1 t_1 |Alice_|Bob_1|Chris_| c_1 A2 | B2)| C2]| t2 |Alice_|Bob_2|Chris_| c.2 Outcome
1 1 2 2

Trace| O 0 1 6 0 1 0 60 0 1 0 7 0 0 1 70 1

1
Trace| 1 0 0 3 1 0 0 90 0 0 1 8 0 0 1 100 0

2

WUNisST
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Static Attribute Encoding

For case-level attributes, which remain the same
in every prefix

Client age Client type Activity, timestamp, resource, cost Outcome
Trace 1 29 Gold A, t=1, Alice, 100 B, t=4, Alice, 50 1
Trace 2 57 Silver A, t=3, Alice, 90 C, t=8, Chris, 100 0
C-age Gold Silver Act_1* Res_1* t 1 c 1 Act_2* Res_2* t2 c 2 Qutcome
Trace1 29 1 0 A Alice 1 100 B Alice 4 50 1
Trace2 57 0 1 A Alice 3 90 c Chris 8 100 0
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Model construction

Model Construction: Training the Classifier(s)

Using the encoded prefixes, we can train/test any classifier

Logistic regression, Decision Tree, Random Forest, Neural Network

Buckets of
Event log Prefix log Buckets of encoded Classifiers
prefixes prefixes
. a A L K

A Tea Y o

Extract and filter }_, Divide prefbes into » Encode prefixes for »| Train classifiers for
prefices buckets classification each bucket

Reference: Teinemaa, I., Dumas, M., Rosa, M. L., & Maggi, F. M. (2019). Outcome-oriented predictive process monitoring: Review and
benchmark. ACM Transactions on Knowledge Discovery from Data (TKDD), 13(2), 1-57.
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Model Application

Model construction

Extract prefixes, divide them into groups (buckets), . . ,,f.!”'f,',' "MW
encode prefixes into feature-label vectors, train . O 0k » 5

classifiers (one per bucket) l

Model application

&

Running case

Buckets of Enc

historical o acc se‘ - Classifiers

prefixes
¥ A Y
Use classifier from
Running tracep------ > Determine bucket —-»Em"s‘;""g Y385 the determined  f------- »{ Prediction
o bucket
A

Reference: Teinemaa, I., Dumas, M., Rosa, M. L., & Maggi, F. M. (2019). Outcome-oriented predictive process monitoring: Review and
benchmark. ACM Transactions on Knowledge Discovery from Data (TKDD), 13(2), 1-57.



Evaluation Metrics

Predictions in Outcome-Oriented PPM
should be:

Accurate (Accuracy, Precision, Recall, AUC)
Early and stable across prefixes

Break-down the classifier accuracy by prefix
length

WUNisST



Experimental results

Publicly available event logs
(Business Process Intelligence
Challenge)

Different classifier tested (XGBoost,
Random Forest, ...)

Outcome-Oriented Predictive Process Monitoring
Review and Benchmark

IRENE TEINEMAA and MARLON DUMAS, University of Tartu
MARCELLO LA ROSA, The University of Melbourne
FABRIZIO MARIA MAGGI, University

orlented predl process monitoring, which ret s Lo ing each ongoing ap cording
to a given set of possible categorical outcomes—e.g., Will the customer complain or no ill an order be
delivered, canceled, or withdrawn? Unfortunately, different authors have used different datasets, experimen-
tal settings, evaluation measures, and baselines to a: their proposals, resulting in poor comparability and
an unclear picture of the relative merits and applicability of d nt methods. To address this gap, this arti-
cle presents a systematic review and taxonomy of outcome-oriented predictive process monitoring methods,
and a comparative experimental evaluation of eleven representative methods using a benchmark covering
24 predictive process monitoring tasks based on nine real-life event lo

CS Concepts: + Applied computing — Business process monitoring;

ome-Oriented Pre-
2, Article 17 (Marc

1 INTRODUCTION

A business proc s a collection of inter-related events, activities, and decision points that in-

volve a number of actors and objects, which collectively lead to an outcome that is of value to a

customer [11]. A typical example is an order-to-cash process: a process that starts when a purchase
red and the payment is confirmed. An

, the Estonian Research Council

E ivi 2, 50409 Tartu, Estonia; emails:
{irene.teinemaa, mg du X versity of Melbourne, Level 10, Doug McDonell
Buildin, ictoria 3010,

Permi; 0 : or pa ersonal or cla se is granted without fee
provided that copie: E
the full citation on the first pa yrights

; rith credit is permitted




Experimental results

Performance varies across event logs and classifiers used
Performance higher and more predictable for low variability logs (= fewer variants)
Impossible to identify best bucketing/encoding method

performance more accurate when longer prefixes are considered, but not always

bpic2015 2

bpic2012_1 | sepsis_1




Encoding event logs for predictive monitoring

Next activity prediction

Sequence prediction, multi-class classification
Encode the N events before the one we want to predict

Multi-class classification problem
(>2 activity labels in a log normally)




Next-Activity and Suffix Prediction

No specific requirements imposed on event logs,
every event log has activity labels

Next-Activity Prediction

sta
rt

A

B

C

D

Use event log data to create a model to predict which is

the next activity that will be executed

Suffix Prediction

Use event log data to create a model to predict the

sequence of activities that will be executed until the

case termination

sta
rt

A

B

C

D

A

E

WUNisST



How to Approach Next-Activity Prediction

Simple Setting

Multi-class classification problem using window-based
encoding of log traces

State-of-the-Art Setting

Multi-class classification problem solved using Recurrent
Neural Networks (RNNs)

WUNisST



Window-Based Encoding for NAP

Similar to Last-State Encoding in outcome-oriented
prediction, with m = window size

We encode m events of a prefix using a sliding window

from the start to the end of a trace

case_id
173688
173688
175688

173691
173691
173691
173691

event_type
activity A
activity B
activity C

activity A
activity B
activity C
activity C

timestamp

10/01/2011 19:45
10/0172011 20:17
10/1372011 18:37

10/0172011 19:43
10/01/2011 22:36
1 TWZ011 19350
10/10/2011 22:17

=

Act_1* Res_1* t 1

A Alice
A Alice

Reference: Tama et al. (2020)

1
3

case_id event 1 event 2 event 3 duration next_event
173688 3 5 s 17212 3
173691 3 3 f 12947 [

5 fr fy

173691

c 1 Act2* Res 2* t 2

100 B
90 C

Alice
Chris

4
8

Cc

100 D

12941

c 2 Act 3" Res 3*t3

Bob
Dana

6
9

b

WUNisST
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Number  of

. . ‘ Mean trace | Median trace
Event log Event types | Trace variants | variants to | Variability (ratio)

length length

- 80% cases
(Helpdesk 154 5 Low (0.032) 3.60 3
Hospital Billing 288 3 Low (0.01) 5.00 5
Road Traffic | 44 2 Low (0.045) 3.47 2
(~Sepsis 846 High (0.75) 14.49 13
BPIC2013 2278 High (0.33) 20.04 11
g BPIC2012 4366 High (0.40) 8.68 6

SEPSIS

BPI12013 INCIDENTS

Tama, B. A., & Comuzzi, M. (2019). An
BT empirical comparison of classification
techniques for next event prediction

| using business process event logs.
HELPDESK Expert Systems with Applications, 129,
] 233-245.

30 35 40 45 S0 55 60 65 70 75 80 85 90 95 |

AVERAGE ACCURACY . ..




LLMs and Process Mining
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49

Figure from van der Aalst and Carmona Eds. (2022) Process Mining Handbook (Springer)



What are our Wherg are
performance and execution g
compliance problems?

PM2

How to create full
transparency?

process

What is really mlnlng
going on?

our
aps?

What should we
change?

What will happen
next?

information
system(s)

1S1

1S2

IS3

\,

~EEE

van der Aalst, W. (2023). Process Management after ChatGPT: How Generative and Predictive Al Relate to Process Mining. LinkedIn Pulse Article (7-12-2023), 7.



LLMs in Process Mining

information
making interactions system(s)
with PM software
more human-like,
easier, and supportive m

answer process-
process related questions

o - “ “ “ “
discover
— wmn support the creation (of new
- forms) of event data

51
From: van der Aalst, W. (2023). Process Management after ChatGPT: How Generative and Predictive Al Relate to Process Mining. LinkedIn Pulse Article (7-12-2023), 7.
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LLMs for PM: Technical Challenges

Input/Output Limitations and Prompt Design
Output Style

Output Verification and Evaluation



B &

Limitations Of Thereis a limit on the

LLMs may struggle The longer the input
. size of the input that with context and output, the more
Co ntext Wlndow aLLM canhandle windows > 8K words we pay!
N (and the size of the (tokens)
Size output thatit can
produce)
H ||
(input/output) =
e 0o 0 1]
We cannot simply Extract “compact”
give awhole event abstractions from
log ininput and/or event logs

askto produce an
event log as output

53



Abstractions for Prompt Generation

Directly-Follows Graphs (DFGs)

Process Variants

Process Models Event Compact
Log Abstraction

(Customized when necessary)

54
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DFGs as Text

DFG capture directly-follows relations and are annotated with frequency
and performance (time-related) information (possibly aggregated)

This information can be textually represented to aid an LLM

Create Fine —> Send Fine ( frequency = 103392 performance = 7568635.65 )
Send Fine —> Insert Fine Notification ( frequency = 79757 performance = 1501626.95 )

Insert Fine Notification —> Add penalty ( frequency = 72334 performance = 5184000.0 )
Add penalty —> Send for Credit Collection ( frequency = 57182 performance = 45566346.44 )
Create Fine —> Payment ( frequency = 46952 performance = 905663.45 )
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Trace Variants as Text

Similarly to DFGs, process variants can be annotated with frequency in the log and
time-related performance information

This information can be textually represented to aid an LLM

Example:
1000 traces: CheckOrder -> AnalyzeOrder -> Pick Items -> ..
750 traces: CheckOrder -> GetMoreInfo -> CheckOrder -> ..
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Abstractions of Process Models

Petri nets, process trees, BPMN models etc. can be abstracted textually

Declarative process models are “textual” by design

places: [ pl, sink, source ]

transitions: [ (A, ’A’), (B, 'B’) ]

arcs: [ (A, A’)—>pl, (B, 'B’)—>sink, p1—>(B, ’B’), source—>(A, 'A’) |
initial marking: [’source:1’]

final marking: [’sink:1’]




LLM Integration (pm4py.1lm)

The following methods provide just the abstractions of the given objects:

pmdpy.1llm.abstract_dfg() ; provides the DFG abstraction of a traditional event log
pm4py.Lllm.abstract_variants() ; provides the variants abstraction of a traditional
event log

pmdpy.Lllm.abstract_log attributes() ; provides the abstraction of the

attributes/columns of the event log
ve n og pmdpy.llm.abstract_log_features() ; provides the abstraction of the machine learning

features obtained from an event log

pmdpy.llm.abstract_case() ; provides the abstraction of a case (collection of events)

[ ] [ J
A b st ra ct I o n S I n pm4py.Lllm.abstract_ocel() ; provides the abstraction of an object-centric event log

(list of events and objects)

pm4py.Lllm.abstract_ocel_ocdfg() ; provides the abstraction of an object-centric event

PM4P S
pm4py.llm.abstract_ocel_features() ; provides the abstraction of an object-centric

event log (features for ML)

pmdpy.llm.abstract_event_stream() ; provides an abstraction of the (last) events of
the stream related to a traditional event log

pmdpy.1llm.abstract_temporal_profile() ; provides the abstraction of a temporal
profile model

pm4py.Lllm.abstract_petri_net() ; provides the abstraction of a Petri net
pm4py.Lllm.abstract_declare() ; provides the abstraction of a DECLARE model

pm4py.Lllm.abstract_log_skeleton() ; provides the abstraction of a log skeleton model

PM4Py using LVMSs.
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Output Style

Direct Provision of Insights
Code Generation

Automated Hypothesis Generation
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Direct Provision of Insights

LLM prompt formulated combining event log abstractions and queries to
provide a direct answer (insight)

“In the context of this event log, what is the meaning
of activity A?”

“Can you analyze the event log to detect any unusual
behavior?”

Queries refined or adjusted based on the reply
LLM’s answers may differ across sessions
Make sure LLM focuses only on the provided event log abstraction
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Code Generation

LLMs are good at creating code (SQL queries, Python scripts, ...)

LLMs can be asked to create structured SQL queries to be executed on the
database holding event log information

LLMs can be asked to generate Python scripts that can perform PM tasks
on the input event data



Assume we have a process mining event log containing the
following attributes: case id, activity, timestamp, resource. Can
you write an example of this log including 2 cases and 3 events
for each case?

Now, can you write a SQL query that operates on the a database

Sure! Here's an example of a process mining event log with two cases, each containing three stable storing the events of the log in the example. This query
events: produces a new column in the event log that, for each event,
reports the number of times that the resource of this event has
case_id activity timestamp resource executed an activity in the same case in the past.
1 A 2025-03-2110:00:00 Alice
1 B 2025-03-2110:15:00 Bob Sure! The following SQL query computes a new column, resource_past_count , which counts how
many times the same resource has executed an activity in the same case before the current
1 Cc 2025-03-2110:30:00 Alice event's timestamp.
2 A 2025-03-2111:00:00 Bob
SQL Query:
2 B 2025-03-2111:20:00 Alice
sql @ Copy v Edit
2 C 2025-03-2111:40:00 Bob

WITH PastEvents AS (
SELECT
el.case_id,
el.activity,
el.timestamp,
el.resource,
(e2.activity) AS resource_past_count
FROM events el
LEFT JOIN events e2
ON el.case_id = e2.case_id
AND el.resource = e2.resource
AND e2.timestamp < el.timestamp
GROUP BY el.case_id, el.activity, el.timestamp, el.resource
)
SELECT * FROM PastEvents
ORDER BY case_id, timestamp;
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Automated Hypothesis Generation

Combine direct insight provision and code generation to prompt LLMs for verifiable
autonomous hypothesis generation

1. LLM generates hypotheses (insights)
2. LLM generates the code to verify the hypotheses generated

3. (LLM can suggest refinements of the hypothesis based on the verification results)
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Output Verification and Evaluation

How do we assess the quality of the output produced by the LLM?

Has the LLM hallucinated?
Hypothesis does not make sense

Is the outputinaccurate?
Codeis not executable or does not give the correct output if executed
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Automatic Verification
(for structured output)

Automated testing of the LLM-generated output
Executability of the generated code can be easily tested automatically

Formal correctness of declarative process constraints or other process
insights with a formal representation may also be verified automatically
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Human Evaluation

Essential direct querying and hypothesis generation
Recall: LLM’s ability to identify expected insights
Precision: Correctness of insights

Extremely expensive



Self-Evaluation and LLM as a Judge

Ask the LLM to evaluate Self-reflection: ask LLM
(orreason about) their @ toreview its or another’s
output output

Confidence scores: ask
LLM to assess the
insights’ reliability,
discarding uncertain
outputs

Chain-of-thought: ask
LLM to detail their
reasoning

Ensembling: using
results from multiple
LLMs

LLM-as-judge: use another LLM (usually known
to be well-performing) at the task to judge the
quality of the output

67
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LLMs for Processing Mining
Benchmark

How good are different LLMs at solving “typical” process mining tasks?
Standard prompts
LLM as a judge (for automated evaluation)

Maintain a leaderboard

https://github.com/fit-alessandro-berti/pm-
llm-benchmark/tree/main



69

Process Mining Tasks for LLM
Benchmark

. General-purpose qualitative tasks

. Process mining domain knowledge questions
. Process model generation

. Process modelunderstanding

Hypotheses generation

Fairness assessment

. Visual prompts



LLMs for Event Log
Preparation



Suriadi, S., Andrews, R., ter Hofstede, A. H., & Wynn, M.T. (2017). Event log
imperfe ction patterns for process mining: Towards a systematic approach to cleaning
event logs. Information systems, 64, 132-150.

Pattern Quality
Background issue(s
. Eorn:—based Event 116, 127
Event log entities Gl
. ) Inadvertent Time 6
Case Event Bela- Case Ffosr Act. Times | Reso- | Event Travel
tion attrs. tion name tamp urce attrs.
Unanchored Event 123,16
:.;ng 11 12 13 14 15 16 17 18 19 Scattered Event 12
Elusive Case 13
Event L“act‘;"ec‘ 110 111 M2 (13 (14 [K15 (16 |17 | 118 Scattered Case 112
log
quality I . Collateral Events 127
issues | precise 119 120 121 122 | 123 124 125
data Polluted Label 115,117
Distorted Label 115
::relevant 126 127
ata
Synonymous Labels 115
Table. Manifestation of quality issues in event log entities. Homonymous Label | 122

Bose, R.).C.etal. (2013).Wannaimprove process mining results?.|n 2013 IEEE symposium on
71 computational intelligence and data mining (CIDM) (pp.127-134). |IEEE.
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Form-Based Event Capture

.and all

Primary Survey | 2012-11-24 09:58:3: - havethe
events are irway Clear 2-11-24 09:58:3. timestamp.
i -— i oo | W
aform ...

Procedure 1 2012-11-24 09:58:33 | Completed on

2012-11-24 06:58:34




Polluted Labels




Distorted Labels
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Problem Formulation

Detecting event log imperfection patterns today
requires domain experts manually crafting detection rules

foreach imperfection type.

What if a Large Language Model (LLM) could do this automatically?
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Vibe Coding

make it do
the thing... u know?

idea / prompt

/\
\_/

suggestion

... and repeat until it vibes

on it! here's
afirst pass 4




Our Approach

L
Event Log : Event Log
(with errors) I (Annotated)
 \ i ! :
* S Evednt I(_;?g P tCancIi(ljdatgr . <l Imperfection ]
5 tanp1a: 1zer a ternp1 2er\tl er : Finder
IFYa iF15 I [P2.x]
1
I T ]
I
I
I
v : Feedback

: Instantiator

Event Log -

) a ‘ I
\ Agentic Orchestration
: [System-level, Reminders]
I Y
| i Imperfection Pattern x
|
I
I

Phase 1 | Phase 2
Prompt-synthesized component (program) ——> I/0O component connections

--------------- » Feedback design support .

E Statically-designed component -

77 Al Expert



Phase 1: ldentify Candidate Patterns

Identify the correct role of

columns in the log

Event Log Candidate

Event Log
(Annotated)

Standardizer Pattern Identifier

[P1.1] [P1.2]

F Rank likelihood of patterns in

Imperfection
Finder

event logs

(3

Compute log abstractions
(PM4Py, no GenAl)

| Phase T

Prompt-synthesized component (program) —> /O componentc

» Feedback desigi
: Statically-designed component

(
Task

Identify the 1-3 most likely event-log imperfection
patterns using only structural evidence.

Rules

1. Confidence € [0, 1], calibrated

2. Use only visible structural cues

3. Keep reasoning short, local, and grounded
4. No assumptions about raw event data

Input Types: DFG
activities 4+ precedence

Output: Candidate pattern list
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Dataset for Experiment

Log
47.3%
25.3%
94.7%
90.5%

BPIC11 29004 186 1026

BPIC15 33574 281 696
Credit 63980 12 5000
Pub 66524 12 5000

Real-world (BPIC) and synthetic event logs

Each type of errorinjected by FLAWD!],
affecting 2%, 10%, 30% of events

Events Act. Labels Traces % Top-10 Act. Labels % Top-10 Variants

10.8%
4.8%
74.2%
94.5%



https://github.com/jonghyeonk/FLAWD
https://github.com/jonghyeonk/FLAWD
https://github.com/jonghyeonk/FLAWD

FORM-BASED

DISTORTED

HOMONYMOUS

SYNONYMOUS

COLLATERAL

POLLUTED

Data |Pattern|Ratio DG Variant WE-Net
GPT Llama DeepSeek Grok | Avg | GPT Llama DeepSeek Grok | Avg [ GPT Llama DeepSeek Grok | Avg
0.02 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
P1 0.10 0 0 0.5 0.5 | 0.25 0 0 0 0 0 0 0 0 0 0
0.30 0 0 0 1 0.25 0 0 0 0 0 0 0 0 0 0
0.02 1 0 1 0 0.5 0 0 0 0.5 |0.125 1 0 1 1 0.75
P2 0.10 1 0 1 1 0.75 0 0 0 0 0 1 0 1 0 0.5
0.30 1 0 1 1 0.75 | 0.5 0 1 1 0.625 1 0 1 1 0.75
0.02 1 0 1 0 0.5 1 0.5 1 0 [0.6256]| 1 0 1 1 0.75
P3 0.10 1 0 1 1 0.75 1 0 1 1 0.75 1 0 1 1 0.75
Credit 0.30 1 1 1 1 1 1 0 1 1 0.75 1 1 1 1 1
0.02 1 0 1 0 0.5 0 0 0.5 0 0.125 1 0 0.5 0.5 0.5
P4 0.10 0 0 0.5 0 0.125 0 0 0.5 0.5 [0.25)| 0.5 0.5 0.5 0 0.375
0.30 0.5 0 0.5 0 0.25 0 0 1 0.5 [0.375| 0.5 0 1 0.5 0.5
0.02 1 0 1 1 0.75 1 0 1 1 0.75 0 0 1 1 0.5
P5 0.10 1 0 1 1 0.75 1 0 1 1 0.75 1 0 1 1 0.75
0.30 1 0 1 1 0.75 1 0 1 1 0.75 1 0 1 1 0.75
0.02 1 0. o ) : ) " : 1 0 0.5
P6 0.10 1 0. 1 1 0.75
soanee rocess model abstractions better o
P1 0.10 0 0 . . 0 0 0.125
030 0 0 than list of variants 0 0o | o
0.02 1 0 1 1 0.75
P2 0.10 1 0 n . g . O 1 1 0.75
0.30 1 0 1 1 0.75 | 0.5 0 1 1 0.625 1 0 1 1 0.75
0.02 0 0 0 0 0 0 0.5 0 0 0.125 0 0 0 0 0
P3 0.10 0 0 0.5 0 0.125| 0.5 0 0 0 0.125 0 1 0 0 0.25
Pub 0.30 0 0 0 0 0 0.5 0 0 0 0.125 0 0.5 0 0 0.125
0.02 0 0 0.5 0 |0.125| O 0 0 0 0 0 1 0 0 0.25
P4 0.10 | 0.5 0 1 0 0 0.25 0 0 0 0 0 1 1 1 0.75
0.30 1 0 1 0 0.5 0 0 0 0 0 0 1 0.5 0 10.375
0.02 1 0 1 0 0.5 0 0 0 0 0 0 1 0 0.5 [0.375
P5 0.10 1 0 1 1 0.75 1 0 1 1 0.75 1 0 1 0 0.5
0.30 1 0 1 1 0.75 1 0 1 1 0.75 1 0 1 1 0.75
0.02 1 0.5 1 1 |0.875] 0 0.5 0 1 10.375| 0.5 1 N/A N/A | 0.75
P6 0.10 1 0.5 N/A 0 0.5 1 0.5 1 1 0.875 1 0.5 N/A N/A | 0.75
0.30 1 0.5 N/A 1 0.83 1 0.5 1 1 0.875 1 0.5 N/A 1 0.83
Average by GPT Llama DeepSeek Grok| Avg [GPT Llama DeepSeek Grok| Avg |GPT Llama DeepSeek Grok| Avg
abstraction 0.67 0.11 0.72 0.54 | 0.51 | 0.40 0.11 0.46 0.46 | 0.36 | 0.61 0.14 0.72 0.51 | 0.50
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Phase 2

Can we automatically find exactly which events
are responsible?

Event Log - Event Log
(with errors) ) (Annotated)
Event Log Candidate Imperfection

Standardizer Pattern Identifier Finder
P1.1) [P1.2] P2.x]

Feedback

Instantiator
Event Log

Abstractor - )
Agentic Orchestration
[System-level, Reminders]

Imperfection Patten

Phase 2

» Feedback design support .
Statically-designed component -

Al Expert

I:I Prompt-synthesized component (program) ——— 1/Q component connections




Phase 2: Agentic Feedback Loop

‘ Input: event log + pattern x ]

Three-layered prompt
Layer 1: Task prompt P2.x
I Layer 2: System-level prompt
Three-layered prompt SRRRISEEEEEELEEEEES
== Layer 3: lteration feedback + conversation history

(passed from Structured feedback)

Execute script on event log
Structured feedback
Priority 1: crash or syntax error
Priority 2: code ran but no valid output
Priority 3: zero or too many flagged events
Structured feedback ToetT Priority 4: moderate flags — encourage refinement
Max iterations
reached?

Final iteration result Output: annotated event log

[1]Madaan, A., et al. (2023). Self-Refine: Iterative Refinement with Self-Feedback. NeurlPS 2023.
[2] Shinn, N., et al. (2023). Reflexion: Language Agents with Verbal Reinforcement Learning. NeurlPS 2023.
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Trajectory examples: Gl and CRS

Gradual Improvement Crash Recovery

Credit - Homonymous BPIC11 - Form

0.05 - 1.00 0.67 (stable)

1.0000 0.6682

i8
crash 0.67
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Trajectory examples

Declining

BPIC15  Synonymous

0.16 » 0.08

0.0838

: Declining and Erratic

Erratic

Pub - Distorted

0.92-0.29

0.2934
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To conclude...

Predictive Al to predict "aspects of
interests” of business process future
execution

For Generative Al: pick your use case,
the sky is the limit!

kalilak



THANKS!

@dr_bsad
mcomuzzi@unist.ac.kr

86


http://iel.unist.ac.kr/
http://iel.unist.ac.kr/
http://iel.unist.ac.kr/
http://iel.unist.ac.kr/

	Slide 1: Marco Comuzzi Department of Industrial Engineering Ulsan National Institute of Science and Technology (UNIST), Korea mcomuzzi@unist.ac.kr  3rd Process Mining Summer School  August 27-28, 2026 Pohang (Korea)
	Slide 2: Plan for Today
	Slide 3
	Slide 4: Predictive v. Generative AI
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10:  Predictive AI and  Process Mining
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26: Example
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48:  LLMs and Process Mining
	Slide 49: Where is Generative AI?
	Slide 50
	Slide 51: LLMs in Process Mining
	Slide 52: LLMs for PM: Technical Challenges
	Slide 53: Limitations of Context window size (input/output)
	Slide 54: Abstractions for Prompt Generation
	Slide 55: DFGs as Text
	Slide 56: Trace Variants as Text
	Slide 57: Abstractions of Process Models
	Slide 58: Event Log Abstractions in PM4Py
	Slide 59: Output Style
	Slide 60: Direct Provision of Insights
	Slide 61: Code Generation
	Slide 62
	Slide 63: Automated Hypothesis Generation
	Slide 64: Output Verification and Evaluation
	Slide 65: Automatic Verification (for structured output)
	Slide 66: Human Evaluation
	Slide 67: Self-Evaluation and LLM as a Judge
	Slide 68: LLMs for Processing Mining Benchmark
	Slide 69: Process Mining Tasks for LLM Benchmark
	Slide 70:  LLMs for Event Log Preparation
	Slide 71: Background
	Slide 72: Form-Based Event Capture
	Slide 73: Polluted Labels
	Slide 74: Distorted Labels
	Slide 75: Problem Formulation
	Slide 76: Vibe Coding
	Slide 77: Our Approach
	Slide 78: Phase 1: Identify Candidate Patterns
	Slide 79: Dataset for Experiment
	Slide 80
	Slide 81: Phase 2
	Slide 82: Phase 2: Agentic Feedback Loop
	Slide 83: Trajectory examples: GI and CRS
	Slide 84: Trajectory examples: Declining and Erratic
	Slide 85: To conclude…
	Slide 86: THANKS!

