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Abstract. In many organizational contexts, it is important that behav-
ior conforms to the intended behavior as specified by process models.
Non-conforming behavior can be detected by aligning process actions
in the event log to the process model. A probable alignment indicates
the most likely root cause for non-conforming behavior. Unfortunately,
available techniques do not always return the most probable alignment
and, therefore, also not the most probable root cause. Recognizing this
limitation, this paper introduces a method for computing the most prob-
able alignment. The core idea of our approach is to use the history of an
event log to assign probabilities to the occurrences of activities and the
transitions between them. A theoretical evaluation demonstrates that
our approach improves upon existing work.

Keywords: conformance checking, root cause analysis, most probable
alignments

1 Introduction

In many organizations, it is important that employees execute the tasks of pro-
cesses in conformance with certain rules. For example, employees of a bank must
check the credit history of a customer before granting a loan and call center
agents must verify the identity of a caller before providing support. Possible im-
plications of violating such rules might be severe. So-called conformance checking
tools are able to automatically check whether the recorded process actions in an
event log match the intended behavior as specified by a process model [1, 12, 14].
In this way, these tools intend to help organizations to automatically monitor
the level of conformance and to identify problems.

However, automatically checking the conformance between event logs and
process models is a complex task. The key challenge in this context is to create
an alignment between the event log and the process model in order to explain the
behavior as captured in the log using the process model. An approach commonly
used to obtain such an alignment is the cost-based approach. This approach
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aims to find the alignment with the least expensive deviations using a manually
defined cost function [4]. One property of this cost-based approach is that it often
leads to several alignments with the same costs. In practice, this means that an
organization is provided with a set of possible root causes for non-conforming
behavior, instead of with the most probable one. Recognizing this limitation,
Alizadeh et al. [5, 6] introduced the notion of a probable alignment, which focuses
on follow relationships in the fitted event log. However, their approach does not
always return the most probable alignment and, therefore, also not the most
probable root cause for non-conforming behavior.

In this paper, we propose a different technique for computing probable align-
ments. Our technique builds on the probabilities from the event log to compute
the most probable alignment. More specifically, within the event log it assigns
a probability to the occurrence of an activity; and in the transition system of
the Petri net it assigns a probability to a transition. On this basis, we pro-
vide a principled approach that solves the most probable alignment problem in
conformance checking.

The remainder of this paper is organized as follows. Section 2 discusses the
background of our work. Section 3 introduces the preliminary concepts that we
use. Section 4 explains our technique for computing probable alignments. Section
5 presents a theoretical evaluation of our technique. Section 6 discusses related
work before Section 7 concludes the paper and discusses future work.

2 Background

In this section, we discuss the background of our work. Section 2.1 introduces
the running example we use throughout this paper. Section 2.2 explains the
details of the cost-based approach. Section 2.3 then discusses the shortcomings
of current techniques for computing probable alignments.

2.1 Running Example

To illustrate the problem of finding the most probable alignment, consider the
simple process model from Fig. 1, which captures the intended behavior of an
organization as a Petri net. It defines that conforming behavior consists of a
sequence of A, at least one B, followed by a choice between C and D. Thus,
possible conforming traces to this model are: 〈A,B,C〉, 〈A,B,B,C〉, . . ., 〈A,B,D〉,
〈A,B,B,D〉, and so on.

p1 p3 p4 

tC 

tD 

tA tB 

p2 

t1 

Fig. 1: Petri net capturing the intended behavior
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Suppose the trace tr1 = 〈A,B,D,C〉 is observed, which is generated by an
information system that tracks the actual behavior. This trace does not conform
to the behavior specified by the process model from Fig. 1, since the process
model defines a choice between C and D. The remainder of this section illustrates
existing alignment techniques and their shortcomings based on this example.

2.2 Cost-Based Alignment

The cost-based alignment technique aligns each observed trace to a path in the
process model; thereby it identifies missing events, additional events or incorrect
ordering of events. Having modeled the trace tr1 as a sequential Petri net, the
Petri net product in Fig. 2 models all possible movements by taking the product
of the trace and process model. The Petri net of the trace represents log moves
(additional events) and the Petri net of the process model represents model
moves (missing events). Synchronous moves are created by pairing each activity
in the trace to a transition in the model that corresponds to the same activity.

The transition system of the Petri net product is created, such that states
are reachable markings and transitions are log, model and synchronous moves of
an activity type. To find an optimal alignment, costs are assigned manually to
the move types (i.e. log, model and synchronous move). The A∗-algorithm can
then be used to find the shortest path from initial state to end state in the state
space of the product net, which corresponds to a weighted transition system
[1, 3, 4, 9].

For the trace 〈A,B,D,C〉, assuming equal costs for any deviation, the cost-
based alignment finds two optimal alignments with the least expensive deviations
(i.e. the alignments with the lowest costs), as displayed in Fig. 3. The� symbol
represents no progress in the replay on the respective side, e.g. the step for D in
the alignment in Fig. 3a is a log move.

Note that the costs of a move type can be individually set for each activity.
However, it is not possible to make the costs conditional on e.g. other activities
in the sequence. This implies that move types of an activity are treated as
independent from each other.

2.3 Shortcomings

Both optimal alignments in Fig. 3 have an equal cost of one log move, so either
transition D or C is in excess. Without further knowledge, the choice between
these alignments is arbitrary. This means that it is not guaranteed that the most
probable root cause is taken.

Suppose in the event log 〈A,B,C〉 is observed 80 times and 〈A,B,D〉 is ob-
served 20 times. Then 〈A,B,C〉 is the more likely alignment, so alignment 1 (see
Fig. 3a) gets a higher probability than alignment 2 (see Fig. 3b).

The notion of a probable alignment as introduced by Alizadeh et al. [5] pro-
vides a solution by considering the event log history. They favor synchronous
moves over log and model moves and they calculate a log move using the never
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p1 p3 p4 

tC 

tD 

tA tB 

p2 

C B D A 

C B D A 

t1 

Fig. 2: Petri net product of the trace tr1 = 〈A,B,D,C〉 on top and the process
model in Fig. 1 on the bottom. Synchronous execution is marked as shaded
transitions in the middle.

trace A B D C

model A B � C
tA tB tC

(a) Optimal alignment 1

trace A B D C

model A B D �
tA tB tD

(b) Optimal alignment 2

Fig. 3: Cost-based optimal alignments between the trace tr1 = 〈A,B,D,C〉 and
the process model from Fig. 1

eventually follow relation conditioned on a conforming partial trace. For exam-
ple, the probability that D never eventually follows after 〈A,B〉 (i.e. the log
move probability of D given 〈A,B〉) is 80%. The log move probability of C
given 〈A,B,D〉 is 100%. Maximizing the probable moves, the technique results in
〈A,B,D〉 (see Fig. 3b) as the most probable alignment, even though C occurred
more frequently in the event log history.

In line with the intuition that C is more probable to occur, our approach
identifies alignment 1 as the most probable alignment.

3 Preliminaries

This section gives a definition for event log, Petri net and marking.
An event log captures information about a running process, where each case

(or instance) is represented with a trace of events that correspond to activities
in the process. Formally, an event log is defined as follows.

Definition 1 (Event Log). Let A be the set of activities, and E denote the set
of events. The activity function αL : E → A assigns an activity to each event. A
trace trE is a sequence of events, i.e., trE ∈ E∗. We use αL to project sequences
of events to activity traces trA ∈ A∗. Thus, an event log L is a multiset of
activity traces.

Table 1 captures the event log history used in the remainder of this paper.
This history event log contains all events observed in the past and is non-empty.
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Table 1: Event log history
trace frequency

〈A,B,C〉 40
〈A,B,D〉 10
〈A,B,B,C〉 80
〈A,B,B,D〉 20
〈A,B,B,B,C〉 40
〈A,B,B,B,D〉 10
〈A,B,B,B,B,B,B,B,C〉 1
〈A,B,B,B,B〉 1
〈A,C,B〉 1

The corresponding process model is represented as a Petri net in Fig. 1. Note
that the last two traces in Table 1 do not conform with the process model.
Formally, a Petri net is defined as follows.

Definition 2 (Petri Net, Marking). A Petri net over a set of activities A is
a tuple (P, T , F, α1,mi,mf ) where P and T are sets of places and transitions,
respectively. F : (P × T ) ∪ (T × P ) → IN is a flow relation between places
and transitions; and α1 : T 9 A is a partial function mapping transitions to
activities. A state of a Petri net is determined by the marking (M : P → IN)
of a net, which specifies the number of tokens on the places. mi and mf are the
initial marking and the final marking, respectively.

In addition, a transition t ∈ T is invisible if t /∈ Dom(α1). A single activity
can be represented by multiple transitions (i.e. duplicate transitions). Finally, we
only consider easy sound Petri nets, that is, Petri nets of which the final state
is reachable from its initial state [2].

4 Method

In this section, we introduce our method for computing the most probable align-
ment. Section 4.1 first introduces the probabilistic model. Section 4.2 then ex-
plains the computation of the most probable alignment.

4.1 Probabilistic Model

To derive the most probable alignment, we assess the probabilities of individ-
ual moves of one alignment. To this end, this section explains the probability
calculation for a log-, model- and synchronous move of an activity.

Probability of an activity in the event log Given the event log history
in Table 1, an activity X is a discrete random variable with an outcome in the
set of activities A = {A,B,C,D}. Let us extend the set of activities to allow for
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unobserved activities B, for example B = {?}. The probability of seeing outcome
i is:

P (X = i) = θi ∀ i ∈ A ∪ B, (1)

where θ = (θA, θB, θC, θD, θ?), 0 ≤ θi ≤ 1 and
∑
i∈A∪B θi = 1. So each (un)ob-

served activity gets a (positive) probability of occurrence.
We assume that the random variables in the event log X1, . . . , Xn are a ran-

dom sample of size n from the population. This means that all random variables
are independent and identically distributed (hereafter: iid). The sample is de-
noted by X = (X1, . . . , Xn) and is categorically distributed with parameter θ.
We estimate θ based on our event log history (see Table 1).

Let θ̂ be the estimate of the true probability θ. Given our observations X =
x, θ̂ equals the sample mean:

θ̂i = E(|X = i|) =
|X = i|∑

j∈A∪B |X = j|
=
|X = i|
n

∀ i ∈ A ∪ B, (2)

So for our event log history in Table 1, the probability of seeing activity A
(θ̂A) is 203

817 = 24.9%, because Table 1 contains 203 A’s of 817 activities in total.

We do not observe activity ?, so θ̂? = 0.

To avoid zero probabilities, we can use Bayesian theory. In the Bayesian
framework, the prior embodies a belief about the distribution of θ. Let param-
eter θ be treated as a random variable: we define a prior and posterior density
distribution of parameter θ. The posterior distribution is a combination of our
prior belief and what we observe in the data. In determining the posterior dis-
tribution, the effect of the prior distribution decreases when the sample size
increases [10]. For example, assuming each outcome in the event log is equally
probable, the prior assigns 1

5 to each outcome {A, B, C, D, ?}. Example 1 below
illustrates the application of the prior1.

Probability of a log move To calculate the probability of a log move,
we want to remove the least likely fitting activity from the event log to align
the remainder with the model. So the least frequent activity in an event log
should be the most probable log move. To calculate the log move probability, we
define the log move of an activity XL as a monotone decreasing function of X
(X 7→ h(X) = XL) [8], such that the estimated probability of a log move equals:

θ̂Li = E(|XL = i|) =
1− θ̂i
k − 1

∀ i ∈ A ∪ B, (3)

1 A conjugate prior means that the prior is from the same family of distributions as
the posterior. The conjugate prior for the categorical distribution is the Dirichlet
distribution [7].
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i |X = i|

A 1

B 1

C 1

D 1

? 1

5

(a) Assign prior

i |X = i|

A 203+1

B 412+1

C 162+1

D 40+1

? 1

817+5

(b) Add observations

i θ̂i

A 204
822

B 413
822

C 163
822

D 41
822

? 1
822

1

(c) Calculate θ̂

i θ̂Li

A 618
822·4 ≈ 0.19

B 409
822·4 ≈ 0.12

C 659
822·4 ≈ 0.20

D 781
822·4 ≈ 0.24

? 821
822·4 ≈ 0.25

1

(d) Calculate θ̂
L

Fig. 4: Estimation of the log move probability using Table 1

where k is the number of possible outcomes in A ∪ B , 0 ≤ θ̂Li ≤ 1, and∑
i∈A∪B θ̂

L
i = 1. It follows that log moves XL are iid categorically(θ̂

L
) dis-

tributed.

Example 1. Fig. 4 illustrates the estimation of the log move probability θ̂
L

.
A prior is assigned to each activity i ∈ {A,B,C,D, ?} in Fig. 4a, i.e. pseudo-
observations are assigned to each activity. In Fig. 4b the observations of Table
1 are added to the prior. The probability of an activity θ̂ is calculated with

equation (2). The probability of a log move of an activity θ̂
L

is calculated with
equation (3), where k = 5, since i can take 5 different outcomes. Fig. 4c and 4d
display the results. For example, the probability of a log move D equals 24%.

Probability of a model move The probability of a model move is equal
to the probability of a transition given a marking in a Petri net2. Let mark-
ing M be the state of a Petri net. Given the Petri net in Fig. 1, a mark-
ing M is a discrete random variable with outcomes in the set of markings
M = {{p1}, {p2}, {p3}, {p4}}. A Petri net can be represented by a Markov Chain
where states are markings, this means independence of firing history [13].

Given the Petri net in Fig. 1, a transition T is a discrete random variable
with outcomes in the set of transitions T = {tA, tB, tC, tD, t1}. A transition
conditioned on marking M = m (hereafter: T | m) is also a discrete random
variable. The probability of seeing outcome i given M = m is:

P (T = i |M = m) = φi|m ∀ i ∈ T , (4)

where 0 ≤ φi|m ≤ 1 and
∑
i∈T φi|m = 1. T | m is categorically distributed with

parameter φm = (φtA|m, . . . , φt1|m).

We estimate the true probability φm by φ̂m for all m ∈ M. Given T = t |
M = m, φ̂m equals the sample mean:

φ̂i|m = E(|t = i | m|) =
|t = i | m|∑
j∈T |t = j | m|

∀ t ∈ T (5)

2 The probability of a transition given a marking uses the same logic as in Stochastic
Petri Nets [13].
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Moreover, we add a prior to embody our belief of the distribution of φ̂m for
all m ∈ M. The most frequent transition is the most probable model move,
i.e. when an event is missing (a model move) the most likely activity is added.
Model moves are independent, because markings M are memoryless.

Example 2. Fig. 5 illustrates the estimation of the model move probability φ̂m .
The states (markings) and the transitions of the Petri net are represented in
a transition system in Fig. 5a. First, a prior is assigned to the transitions in
Fig. 5b. Second, given the optimal cost-based alignments, the frequencies are
calculated as the sum of synchronous and model moves for a transition. In Fig.
5c these frequencies are added to the prior. Third, this sum is used to estimate
the probabilities with equation (5) in Fig. 5d.

We use the cost-based alignment to calculate the observed random sample
T = t | M = m. For this, we consider all optimal cost-based alignments with
minimal number of model moves of invisible transitions. The cost-based align-
ment handles duplicate and invisible transitions in the model. Next to this, it
non-deterministically chooses one alignment from all optimal alignments. In cal-
culating our model move probabilities, we assume that all optimal alignments
are equally likely, e.g. for tr1 in Fig. 3 this implies that both alignments have a
50% likelihood (frequency = 1

2 ).

{p1} 

tA 
{p2} {p3} {p4} 

tB tC 

tD t1 

(a) The transition system of the pro-
cess model in Fig. 1

{p1} 

1 
{p2} {p3} {p4} 

1 1 

1 1 

(b) The transition system with as-
signed priors

{p1} 

203+1 
{p2} {p3} {p4} 

412+1 162⅙+1 

40⅚+1 209+1 

(c) The transition system with assigned
priors and aligned frequencies of syn-
chronous and model moves

{p1} 

1.00 
{p2} {p3} {p4} 

1.00 0.39 

0.10 0.51 

(d) The model move probabilities given
a marking φ̂m

Fig. 5: Estimation of the model move probability using the transition system of
the process model in Fig. 1 and the optimal cost-based alignments

.

Probability of a synchronous move In the Petri net product of Fig. 2
we can perform either a synchronous move of A, or a model move tA plus a log
move of A. In line with existing techniques, we prefer a synchronous move.

Let ψi denote the probability of a synchronous move of activity i ∈ α2(T ),
where α2 : T 9 A ∪ B is a partial function mapping transitions to all activities
A∪B. We assume that the probability of the synchronous move is the maximum
of the log and model move probability, so:

ψi = max{θLi , φi|m} ∀ i ∈ α2(T ) (6)
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That is, the equation ψi > θLi φi|m is satisfied, which ensures that a synchronous
move is preferred over a separate log plus model move.

Example 3. Given Fig. 4-5 and equation (6), the probability of a synchronous
move of A equals ψA = max{θLA, φtA|{p1}} = max{0.19, 1} = 1.

4.2 Most Probable Alignment

Consider the transition system of the Petri net product in Fig. 2, where we assign
probabilities to the arcs. By the independence assumptions, the probabilities of
successive moves (a path) can be multiplied. The most probable path is the path
with the maximum probability.

A log(·) transformation enables us to transform the product of probabilities
to a sum of log probabilities. To find the most probable path, we search for the
maximum sum. Maximizing the sum of log(·) is equivalent to minimizing the sum
of − log(·). Hence, the − log(·) transformation allows us to use the A∗-algorithm
to find the shortest path in the transition system of the Petri net product of log
and model. The shortest path with transformed probabilities then corresponds
to the most probable alignment.

Example 4. Fig. 3 displays two alignments for the trace tr1. The probability for
alignment 1 in Fig. 3a equals 9.3%:

ψAψBθ
L
DψC = max{0.19, 1} ×max{0.12, 1} × 0.24×max{0.20, 0.39}

= 0.24× 0.39

Similarly, the probability for alignment 2 in Fig. 3b equals 4.8%. Hence the most
probable alignment for trace tr1 is alignment 1 (see Fig. 3a).

5 Theoretical Evaluation

This section theoretically evaluates the performance of our approach.
Given the process model in Fig. 1 and the event log in Table 1 we calculate the

most probable alignment for four traces: tr1 = 〈A,B,D,C〉, tr2 = 〈A,B,C,D〉,
tr3 = 〈A,B,B,B,B〉 and tr4 = 〈A,A,B,C〉. Two techniques are applied; the
technique from Alizadeh et al. [5] (see Fig. 6)3 and our technique (see Fig. 7).
In this section, we show that our technique improves upon the shortcomings of
[5].

First, the order of transitions in the trace (log moves) determines the outcome
(see Fig. 6a and 6c and Section 2). Given that the number of observations of C

3 To calculate probabilities Alizadeh et al. [5] use the fitted event log (Lfit) of Table
1 (first 6 rows). Process executions are mapped onto a state, for which a state
representation function is used: either a sequence, multiset or set abstraction. As a
cost function g = 1 + log ( 1

θ
) is used.
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is larger than the number of observations of D in Table 1, a synchronous move
of C is more probable than a synchronous move of D independent of the order,
as is shown in Fig. 7a and 7c.

Second, the model behavior is restricted to behavior in the fitting part of the
log Lfit (see Fig. 6b). Lfit contains traces with 1,2,3 and 7 repetitions of activity
B. For trace tr3, Alizadeh et al. [5] find the outcome 〈A,B,B,B,C〉 if the state
representation function is a sequence or multiset abstraction4. We argue that it is
more likely that the 4th B is a synchronous move instead of a log move, given the
Markov property of the process model. We thus get the outcome 〈A,B,B,B,B,C〉,
as is shown in Fig. 7b.

Third - in line with [4] - the location of a synchronous move does not matter
in a repetition of log moves, where one synchronous move is possible according
to the model. So we find two alignments in Fig. 7d. In contrast, using [5] the
synchronous move is assigned to the first activity of the repetition (see Fig. 6d).

trace A B D C

model A B D �
tA tB tD

(a) tr1 = 〈A,B,D,C〉

trace A B � B � B B �
model A B τ B τ B � C

tA tB t1 tB t1 tB tC

(b) tr3 = 〈A,B,B,B,B〉 and sequence or multiset
abstraction

trace A B C D

model A B C �
tA tB tC

(c) tr2 = 〈A,B,C,D〉

trace A A B C

model A � B C
tA tB tC

(d) tr4 = 〈A,A,B,C〉

Fig. 6: The probable alignments for traces tr1, tr2, tr3 and tr4 with cost
function g = 1 + log ( 1

θ ) according to [5]

trace A B D C

model A B � C
tA tB tC

(a) tr1 = 〈A,B,D,C〉

trace A B � B � B � B �
model A B τ B τ B τ B C

tA tB t1 tB t1 tB t1 tB tC

(b) tr3 = 〈A,B,B,B,B〉

trace A B C D

model A B C �
tA tB tC

(c) tr2 = 〈A,B,C,D〉

trace A A B C

model A � B C
tA tB tC

(d) tr4 = 〈A,A,B,C〉

and
trace A A B C

model � A B C
tA tB tC

Fig. 7: The most probable alignments for traces tr1, tr2, tr3 and tr4 using our
technique

4 Alizadeh et al. [5] find the outcome 〈A,B,B,B,B,C〉 if the state representation func-
tion is a set abstraction. Our technique obtains the same result (see Fig. 7b).
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Beyond addressing the shortcomings of [5], our approach to determine the
most probable alignment is unaffected by noise. This is another strength. We
consider two extreme variants of noise: (1) An activity is not in the model,
but is in the log. (2) An activity is not in the log, but is in the model. The
prior assigns a positive probability to the model and log moves (and therefore
the synchronous move) of that activity. Neither of these has an effect on the
probability estimation5.

We always prefer synchronous moves, even if frequencies in the event log are
missing or not balanced. Suppose in the event log of the running example (see
Fig. 1) activity C is observed 999 times and D is observed once; and we observe
a trace tr5 = 〈A,B,D〉. A synchronous move of D is preferred over a log move of
D plus a model move of C (due to equation (6)).

6 Related Work

The cost-based alignment technique is used to calculate the fitness conformance
metric. Fitness measures how well the process model captures the observed be-
havior as recorded in an event log.

In this paper we focus on the control-flow perspective. Some approaches
extend alignment-based techniques to support conformance checking based on
multiple perspectives (e.g. control-flow, data, resource and time). De Leoni and
Van der Aalst [11] build alignments by first considering the control-flow and,
second, refine the computed alignments using other perspectives. In contrast,
Mannhardt et al. [12] balance the deviations with respect to all perspectives
(not prioritizing control-flow). Both approaches use a (customizable) cost func-
tion and do not consider a cost function based on probabilities. Alizadeh et al.
[6] consider multiple perspectives to calculate probable alignments, but their
technique has the same shortcoming as [5] (mentioned in Sections 2.3 and 5).

7 Conclusion

In this paper, we address the problem of computing the most probable alignment
in the context of conformance checking. The core idea of our approach is to use
the history of the event log to assign probabilities to the occurrence of activ-
ities and to the transitions between them. We apply Bayesian theory to avoid
zero probabilities. The theoretical evaluation demonstrates that our approach
improves upon existing work by Alizadeh et al. [5]. Moreover, it is unaffected by
noise.

In future work, we plan to extend this current work with an empirical evalua-
tion. To this end, we intend to implement the presented technique in the context
of the ProM Framework. Further, we plan to relax the independence assumption
of activities in the event log to take into account the correlation between activi-
ties, e.g. long distance dependencies. Finally, we intend to extend our approach

5 Note for both variants Lfit = ∅, so the technique in [5] does not work.
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to the multi-perspective scenario, in which we would take into account attribute
values.

Acknowledgement We thank Massimiliano de Leoni for validating our understanding
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