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Challenge

“able to replay event log” “Occam’s razor”
fithness simplicity
process
discovery
generalization precision
“not overfitting the log” “not underfitting the log”
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Observing a stable process infinitely long
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Characteristics of process discovery

algorithms

 Representational bias
— Inability to represent concurrency
— Inability to deal with (arbitrary) loops
— Inability to represent silent actions
— Inability to represent duplicate actions
— Inability to model OR-splits/joins
— Inability to represent non-free-choice behavior
— Inability to represent hierarchy
e Ability to deal with noise
« Completeness notion assumed

« Approach used (direct algorithmic approaches, two-
phase approaches, computational intelligence

approaches, partial approaches, etc.) _




Examples

Algorithmic techniques
 Alphaminer
Alpha+, Alpha++, Alpha#
FSM miner
Fuzzy miner
Heuristic miner
o Multi phase miner
« Genetic process mining
« Single/duplicate tasks
e Distributed GM
* Region-based process mining
o State-based regions
« Language based regions

» Classical approaches not dealing with concurrency
* Inductive inference (Mark Gold, Dana Angluin et al.)

+ Sequencemining e
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Heuristic mining

* To deal with noise and incompleteness.

 To have a better representational bias than the a
algorithm (AND/XOR/OR/skKip).

Uses C-nets.

register
claim

consult

et e
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Example log; problem a algorithm

abce a(:be abe ace

ade adde addde

start end




Taking into account frequencies

L= |(a, e>5, (a,b, c,e)lo, (a,c,b, e)lo, (a,b,e}l, (a, c,e}l,
(a,d, e)lo, (a,d?d,e>2, (a,d,d,d, e>1]

la>b|=) Lo)x |[{I<i<|o| | oi)=aA o(i+1)=Db}

ccl

| >7 a b c d e
a 0 11 11 13 S
b 0 0 10 0 11
C 0 10 0 0 11
d 0 0 0 4 13
e 0 0 0 0 0




Dependency measure

la>b|=) Lo)x |[{I<i<|o| | ci)=aA o(i+1)=b}

occl

la =1 b| is the value of the dependency relation between a and b:

[ |la>pb|—|b>1a .
\ai b‘:< a>Lb ‘|“b>La“|—1 zfa;éb
L a>ya ifa=b
L |a>pal +1 o

PAGE 14




0 _ 11-0 -0 _ 130 _ 50 _
a w1 =0 T =092 e =092 e =093 sy =083
o—11_ _ 0 10—10 0-0 11-0
b O+11+1 0.92 0+1 =0 10+10+1 =0 0+0-+1 =0 11+0+1 0.92
0—11 10—10 0o 0-0 11-0
¢ ot — 092 o7 =0 or1 — 0 00+1 — Y o1 — 0-92
0o—13 0-0 0—-0 4 13—0
d 0+13+1 0.93 0+0+1 — 0+0+1 441 =0.80 13+4+0+1 =0.93
0-5 _ 0—11 _ 0—11 _ 0-13 _ 0o _
¢ 57 — 983 ot = 092 oy = 092 ey = 093 o1 = 0
|a = b| is the value of the dependency relation between a and b: |
ja>1b]—|b>La] —
a>pLb|—|b>pa . 0 11
ifa#b a
la=y b| = la>pb|+|b>pal+1 fa7 b 0 0
‘a >La {f(l:b C 0 10
1 1 :
la>pal+ d 0 0
e 0 0




Lower threshold (2 direct successions and

a dependency of at least 0.7)

11(0.92)  11(0.92)

11(0.92) I[ ¢ } 11(0.92)

4(0 80) [=1 | a b d
) i) 11-0 11-0 130 5-0
a w1 =0 Thorr =092 i =092 e =093 5igey =083
011 0 10-10 00 11-0
> a b c d e b loma=-092  g§5=0 0+10+7 — O 7017 =0 Tigoer =092
z g 101 i[l] 103 151 ¢ o = 092 i =0 oe7 =0 otoe7 =0 |||J]rﬂ$| =0.92
d 0-13__ _go3 0-0__ g 0-0__ 4080 130 _ 93
c 0 10 0 0 11 D13+ 0+0+1 0+0+1 3+ ' T340+1 e
d 0 0 0 4 13 ¢ {l”ﬁ o5 = 083 gy = —0.92 gy = —0.92 llnl’!?lz_o'g"' a7 =0
e 0 0 0 0 0




Higher threshold (5 direct successions

and a dependency of at least 0.9)

11(0.92) 11(0.92)

13(0.93) 13(0.93)

| =] a b c d e
0 10 110 130 5-0
011 0 10-10 0=0 =0
‘>L‘ a b C d € b mml:_{]-g2 a7 =0 m-mu:[} nmu:O T1+0+1 =092
a 0 1 1 l l 13 5 ¢ l}'{'T|I1 T — —0.92 Hl(}lTll'{jl =0 % =0 {ll{}a{}ll =0 |]] ta!-']l =0.92
b 0 0 10 0 11 ' '
d 013 __ —0.93 -0  _ 0 0-0_ _ 0 i 0.80 13-0 0.93
C 0 10 0 0 11 01341 23w 0041 ey . 3101 94
d 0 0 0 4 13 e 0-5 _ —0.83 {.I—] o —0.92 O-11  _ —0.92 0-13 _ —0.93 0 _ 0
0 0 0 0 0 0+5+1 O+11+1 O+11+1 0+13+1 O+1
€




Learning splits and joins

L=[(a.e) (a,b.c.e)'’ (a,c.b,e)'" (a,b,e)' (a.c.e),

(a,d,e)', (a,d,d,e)*, (a,d,d,d,e)]
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Alternative visualization

L — [<Cl,€>5, <a7bacae>107 <a,c,b,e>10, (a,b,e)l, (a,c,e}l,

(a,d,e)"’ (a,d,d,e)* (a,d.d.d,e)"]
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Characteristics of heuristic mining

e Can deal with noise and therefore quite robust.
* Improved representational bias.

« Split and join rules are only considered locally
(therefore most of the discovered model are not
sound and require repair actions).
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Genetic process mining

create initial
7 i population \

next generation

&_) compute
fitness 4
elitism

a.z

termination
tournament children
q crossover )
s'ele'c'_[ best parents
individual

“dead” individuals
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Design decisions

Representation of individuals

Initialization

Fitness function

Selection strategy (tournament and elitism)

Crossover \ 5 [ese i
Mutation /_h

next generation N

K_) compute
fitness J
elitism °®
terminair Q XA
tournament children
o® L™ /
s }.:: o)~ crossover

select best parents
individual

0%, %
o® }.:: o®
“dead” individuals
—>




Example: crossover

examine
thoroughly

examine
thoroughly

pay
examine . o n .
start register casually deeide
request . .

examine
start register casually
request

deeide
L]

reject
request

check ticket

reject

check ticket request

reinitiate
s request

reinitiate
request

examine examine
thoroughly thoroughly

pay

examine
casually

register
request

examine
casually

register
request

reject
request

check ticket

reject
request

reinitiate
s request
'

check ticket

reinitiate
,' request
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Example: mutation

remove place

b b
examine examine
thoroughly thoroughly
¢} g
c pay c pay
compensation compensation
a - e a - e
examine examine
start register casually decide end start register casually decide end
request h request h
d - d -
reject reject
check ticket ; request check ticket f request
reinitiate added arc reinitiate
request request
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Characteristics of genetic
process mining

* Requires a lot of computing power.
e Can be distributed easily.

e Can deal with noise, infrequent behavior, duplicate tasks,
Invisible tasks, etc.

* Allows for incremental improvement and combinations
with other approaches (heuristics post-optimization, etc.).
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Region-based mining

 Two types of regions theory:
— State-based regions
- Language-based regions
« All about discovering places (like in the a algorithm)!
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State-based regions

Two steps:

1.Discover a transition system (different abstractions
are possible)

2.Convert transition system into an “equivalent” Petri
net.
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Step 1: learning a transition system

current state

L

taccabcdcdcde faghhhi
< > < >

past future

< %

past and future

past, future, past+future

sequence, multiset, set abstraction

limited horizon to abstract further

filtering e.g. based on transaction type, names, etc.
labels based on activity name or other features
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Past without abstraction (full sequence)

<a,b,c> <a,b,c,d>

° >0 @

O ‘@ @,e> a,e.d>

ac@—@— @

<a,c,b> <a,c,b,d>

L = [(a,b,c,d>3, (a,c,b,d)z, (a,e,d)]




Future without abstraction

<a,c,b,d> <C,b,d>

L = [(a,b,c,d>3, (a,c,b,d)z, (a,e,d)]




Past with multiset abstraction




Only last event matters for state

&>




Step 2: constructing a Petri net using

regions

a = enter

b = enter

C = exit

d = exit

e = do not cross
f = do not cross

a

f

7N

P
~SA
A
P
A
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Example Ly = [<avbacvd>3a<avcvbad>2a<a7€7d>]

Ceccccccatmes’

end

PAGE 34




Language based regions

SA

//

I’\

LY

|

\ |
e)|
Pad |
T

\

\

/\7\

Region R = (X,Y,c) corresponding to place pg: X ={al,a2,cl} =
transitions producing a token for pg, Y = {b1,b2,c1} = transitions

consuming a token from pg, and c is the initial marking of pg.



Based idea: enough tokens should be

present when consuming

A place is feasible if it

~al 2N can be added without
fob 7 ! disabling any of the
¥ -7 traces in the event log.
7 ad
e
LY al f
~a \
|
e d
Prad I
e 7
\\ a2
/\\
X Y
foranyc €L ke {l,...,|c|}, o1 =hd* '(0),a=6(k), 0o = hd"(6) = 01 B a:

C T Z amultiset(cl)(r) — Z amultiset(GZ)(t) > 0.

reX ey



c+xp—(yp+ye) >0

c+xp+xe— (Yp+Yet+ye) =0

Caxaa -'-uxeaya:”-aye - {Oa 1}
e




Regions

Ry = (0,{a,b},1)

C=Ya=W=1, Xg =Xp =X =Xg =X =Yc =Yq =Ye =0
Ry = ({a,b},{c},0)

Xa=Xp=Ye=1, c=Xe=Xg=Xe=Ya=Yp=Yi=Ye =0
Ry = ({c}.{d,e},0)

Xe=Ya=Ye=1, c=x4=xp=Xg=Xe =Ya=Yp =Yc =0
Ry = ({d,e},0,0)

Xg=Xe=1, c=Xg=Xp=Xc=Ya=Yp=Yec=Yd =Ye =0
Rs = ({a},{d},0)

Xa=Yi=1, c=xp=X=X43=X¢e =Ya=Yp=Yc =Ye =0
Re = ({b},{e},0)

xb:yezlj C:xa:xC:xd :xe:ya:yb:yC:yd:O
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Ry =(0.{a,b}.1)
=Ya=Yp=1 Xa=Xp=x=Xg=Xe =Y =Yg =Ye =0

Ry, = ({a:b}a {C},O)

Ry = ({c},{d.e}.0)

xC:yd:yé’:la C:xa:xb:xd:erYn:yb:)&':0
Ry = ({d,e}.0,0)

Xg=Xe=1, c=Xg=Xp=X=Ya=Yp=Ye=VYd=DYe =10
Rs = ({a}.{d}.0)

Xg=Ya=1, c=xp=X=X1=Xe =Ya=Ypb=Yc=Ye =0
Re = ({b}.{e}.0)

Xp=ye=1, c=xg=xc=Xa=Xe=Ya=Yp=Ye=Ya =10
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Characteristics of region-based mining

« Can be used to discover more complex control-flow
structures.

« Classical approaches need to be adapted
(overfitting!).

* Representational bias can be parameterized (e.g.,
free-choice nets, label splitting, etc.).

* Problems dealing with noise.
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Other approaches, e.g. fuzzy mining

2 prom [5.0] 2 prom [5.0] ® prom [5.0]
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Evaluating the discovered process

Fitness: Is the event log
possible according to the
model?

Precision: Is the model Generalization: Is the model
not underfitting (allow for not overfitting (only allow for
too much)? the “accidental” examples)?

Structure: Is this the
simplest model (Occam's
Razor)?
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