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Problem

2

Existing Methods
“Surface Level Patterns”

Our Method – FLOCK 
“Generalized Patterns”

The cat meows

The dog barks

Generalized Pattern? 

Given only a set of event sequences, 𝐷.
Goal, report a set of generalized events  and a set 𝑃 of generalized patterns, 

that succinctly summarize 𝐷.

The [pet] [makes noise]

cat

dog

fish

meows

barks

blubsonly “strong enough” in 
the context of the 

generalized pattern



Generalized Patterns 

§ Set of  Observed Events  - Ω! e.g. Ω! = {𝑎, 𝑏	, 𝑐, … }
§ Set of Generalized Events - Ω" e.g. Ω" = 	⍺	
§ Alphabet – Ω =	Ω! 	∪ 	Ω"  
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Existing Method - Surface Level Patterns:
a  b  c 

b a b c e e c e d a d d f c f f a d c e a a a e f a e c b f f c

Our Method - Generalized Patterns:

a ⍺ c ⍺ = {b, d}

b a b c e e c e d a d d f c f f a d c e a a a e f a e c b f f c

a  d  c 



How do we do that?
The Minimum Description Length (MDL) principle:

4

given a model class M, the best model 𝑀 ∈M
 is that 𝑀 that minimizes

𝐿 𝐷,𝑀 = 	𝐿 𝑀 + 𝐿 𝐷 	𝑀)
where:
 𝐿(𝑀) is the length of the model, in bits
 𝐿(𝐷 | 𝑀) is the length of the data, in bits, when encoded using 𝑀



Length of Model

Code Table – Pattern set and usage of each pattern  

Set of Generalized Events Ω"
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<latexit sha1_base64="xNF74p/DBoEDgM7ycZ5a4lsk3wU="></latexit>

L(CT) = LN(|P 0|) + LN(usage(P )) + log

✓
usage(P )� 1

|P |� 1

◆
+

X

p2P 0

L(p)

how many 
patterns

usage sum over 
all patterns

usage of each 
pattern

encoding of 
patterns 

<latexit sha1_base64="vSoq6YrEA9Y2A3EiF431TSUZE0g=">AAACEXicbVDLSgNBEJz1GeMr6tHLYBCSS9gVXxch6MVDwAgmBrJhmZ10kiEzs8vMrBCW/IIXf8WLB0W8evPm3zh5CGosaCiquunuCmPOtHHdT2dufmFxaTmzkl1dW9/YzG1t13WUKAo1GvFINUKigTMJNcMMh0asgIiQw23Yvxj5t3egNIvkjRnE0BKkK1mHUWKsFOQKlYJ/JaBLgm4Rn2FfJyJIAftM4m99iCsFKAa5vFtyx8CzxJuSPJqiGuQ+/HZEEwHSUE60bnpubFopUYZRDsOsn2iICe2TLjQtlUSAbqXjj4Z43ypt3ImULWnwWP05kRKh9UCEtlMQ09N/vZH4n9dMTOe0lTIZJwYknSzqJBybCI/iwW2mgBo+sIRQxeytmPaIItTYELM2BO/vy7OkflDyjktH14f58vk0jgzaRXuogDx0gsroElVRDVF0jx7RM3pxHpwn59V5m7TOOdOZHfQLzvsXViGbdw==</latexit>

L(⌦g) =
X

e2⌦g

L(e)

a

b

c

d

e

f

: a

: b

: c

: d

: e

: f

⍺ : e f

p d ⍺ b c: 

q ⍺ e a: 

Model 𝑀:
<latexit sha1_base64="vK7LVYwcTRDxa8Qdfyc5gUyiris=">AAACDXicbVBNS0JBFJ1nX6Z9vGrZZkgDJZD3gj42geSmhZGBpqAPmTfO08F5H8zME+ThH2jTX2lTUESbFu3b9UNq3Tx1UdqBC4dz7uXee+yAUSEN41NLLCwuLa8kV1PptfWNTX1r+0b4Icekhn3m84aNBGHUIzVJJSONgBPk2ozU7X4p9usDwgX1vaocBsRyUdejDsVIKqmtZ8u5yzw8g+Vcy0WyR2VUqo7y8CAWrlzSRe1uPtXWM0bBGAPOE3NKMsXs1+PbIP1daesfrY6PQ5d4EjMkRNM0AmlFiEuKGRmlWqEgAcJ91CVNRT3kEmFF429GcF8pHej4XJUn4Vj9PREhV4iha6vO+GQx68Xif14zlM6pFVEvCCXx8GSREzIofRhHAzuUEyzZUBGEOVW3QtxDHGGpAoxDMGdfnic3hwXzuHB0rdI4BxMkwS7YAzlgghNQBBegAmoAg1twD57As3anPWgv2uukNaFNZ3bAH2jvPzwrnPU=</latexit>

L(M) = L(CT ) + L(⌦g)



Length of Data 
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d e b f c d e a

d e b f c d e a

d e b f c d e a

𝐶!:

𝐶!: p

! ! !?

q

? ? ! !

e f

d ⍺ b c

𝐶":

𝐶#:

d

⍺ e a

a

b

c

d

e

f

: a

: b

: c

: d

: e

: f

⍺ : e f

p d ⍺ b c: 

q ⍺ e a: 

Model 𝑀:

<latexit sha1_base64="0q1YUkCnxp5K9Zgz/j0ZyubTu0U=">AAACEHicbZDLSsNAFIYnXmu9RV26GSxii1AS8bYRinXhokIFe4E2hMl02g6dScLMRCihj+DGV3HjQhG3Lt35Nk7TCNr6w8DHf87hzPm9kFGpLOvLmJtfWFxazqxkV9fWNzbNre26DCKBSQ0HLBBND0nCqE9qiipGmqEgiHuMNLxBeVxv3BMhaeDfqWFIHI56Pu1SjJS2XPOgkr+Cbd2h4E0BXsBKvuyGBXiYAP8BWXDNnFW0EsFZsFPIgVRV1/xsdwIcceIrzJCULdsKlRMjoShmZJRtR5KECA9Qj7Q0+ogT6cTJQSO4r50O7AZCP1/BxP09ESMu5ZB7upMj1ZfTtbH5X60Vqe65E1M/jBTx8WRRN2JQBXCcDuxQQbBiQw0IC6r/CnEfCYSVzjCrQ7CnT56F+lHRPi2e3B7nSpdpHBmwC/ZAHtjgDJTANaiCGsDgATyBF/BqPBrPxpvxPmmdM9KZHfBHxsc3+SuYJg==</latexit>

L(D|M) = L(Cp) + L(Cm) + L(Cs)

Cover 1: (Singletons):

Cover 2: (Patterns):

Event Sequence: 

Event Sequence: 



Problem 1:
Given a model 𝑀 find a good 
description (i.e. a cover 𝐶) of the Data.  
Objective is to minimize - 𝐿 𝐷	 𝑀)

Problem 2: 
Given a cover 𝐶 find a good model 𝑀

Mining Models
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FLOCK Algorithm – Basic Idea  
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𝐶	 ← singleton cover 

generate pattern candidate set 
𝑂 from current cover 𝐶

<latexit sha1_base64="lbGiN3S7lQ/rHIJycChFzDoTHOU="></latexit>

p argmin
p2O

L(D,M [ {p})

<latexit sha1_base64="fikyM/opojXwNI8k1s6SINTn4UA=">AAACBnicbVDLSgMxFM3UV62vUZciBIvQgpQZ8bVwUdSFC4UK9gGdoWTStA3NZEKSEcrQlRt/xY0LRdz6De78G9N2Ftp64MLhnHu5955AMKq043xbmbn5hcWl7HJuZXVtfcPe3KqpKJaYVHHEItkIkCKMclLVVDPSEJKgMGCkHvQvR379gUhFI36vB4L4Iepy2qEYaSO17N2bwtUBvIUejgX0EuENi/AcTsQibNl5p+SMAWeJm5I8SFFp2V9eO8JxSLjGDCnVdB2h/QRJTTEjw5wXKyIQ7qMuaRrKUUiUn4zfGMJ9o7RhJ5KmuIZj9fdEgkKlBmFgOkOke2raG4n/ec1Yd878hHIRa8LxZFEnZlBHcJQJbFNJsGYDQxCW1NwKcQ9JhLVJLmdCcKdfniW1w5J7Ujq+O8qXL9I4smAH7IECcMEpKINrUAFVgMEjeAav4M16sl6sd+tj0pqx0plt8AfW5w+maZVr</latexit>

L(D,M [ {p}) < L(D,M)

<latexit sha1_base64="ijTISz6+9FVsSvtlwMBzKwvXT9g=">AAACAnicbVDLSgMxFM3UV62vUVfiJlgEV2VGfC2LbtwIFewDOkPJpJk2NJOEJKOUobjxV9y4UMStX+HOvzFtZ6GtBy6cnHMvufdEklFtPO/bKSwsLi2vFFdLa+sbm1vu9k5Di1RhUseCCdWKkCaMclI31DDSkoqgJGKkGQ2uxn7znihNBb8zQ0nCBPU4jSlGxkodd+8GBozEBiklHqB94FTCIJPBqOOWvYo3AZwnfk7KIEet434FXYHThHCDGdK67XvShBlShmJGRqUg1UQiPEA90raUo4ToMJucMIKHVunCWChb3MCJ+nsiQ4nWwySynQkyfT3rjcX/vHZq4oswo1ymhnA8/ShOGTQCjvOAXaoINmxoCcKK2l0h7iOFsLGplWwI/uzJ86RxXPHPKqe3J+XqZR5HEeyDA3AEfHAOquAa1EAdYPAInsEreHOenBfn3fmYthacfGYX/IHz+QNLI5a/</latexit>

M  M [ {p}

return 𝑀



Merge
1. mine “surface level” patterns
2. merge patterns 

Candidate Generation
Suppose      is often followed by      and      , 
with similar number of gaps.
Generate Candidates: 

1. 

2.

3. 

Discovering Generalized Events
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Also has to be ”good 
enough” on its own 

Has to be ”good 
enough” on its own 

⍺

b

d

a ca cb

a cd

a b d

a

a

a ⍺

b

d

b

d



Experiments / Related Work 
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F���� S���� S�� I�� S����� �2�B �2�S

Our Method
train WORD2VEC embedding
+ Clustering 
+ SQS

Post-processing 
reported patterns by 
merging similar ones

Allows for 
direct 
comparison



1.

2. 

3. 

4.

5.

6.

⠇
30

Evaluation – Synthetic Data
Data with known ground truth.  
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0 Generalized Patterns

1.

2.

⠇
26

1 Generalized Patterns

0 2 4 6
0

0.2

0.4

0.6

0.8
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#Generalized patterns

F
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F���� S���� S�� I�� S����� �2�B �2�S

a  b  c 
b  d  t
y  j  i
t  i  f

y  d  p
q  h  k

x  l  d

...

q  h  k

x  l  d

a  b  ⍺

⍺ = { j, t, p, w, i}



Evaluation – Synthetic Data 
§ 5 patterns
§ 5 generalizations in total 
§ 2 generalizations per pattern 
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F���� S���� S�� I�� S����� �2�B �2�S
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Real World Pattern Example

13Image: https://c1.wallpaperflare.com/preview/82/931/800/bloom-rolling-mill-rail-hot-product.jpg

§ Data: Production Log of Steel Rolling Mill

line for thin steel

line for wide steel



Something Else  
Patterns with Predictable Inter-Event Delays 
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§ Explicit modeling of delays between events 
§ Ability to model and discover patterns with long inter-event delays 

a b c
0

0.1

0.2

0.3

15 20 25
0

0.05

0.1

0.15

45 50 55



Conclusion

We consider the problem of finding a  succinct set of generalized patterns that describes the data

g Generalized pattern describe general “behavior”– not instances 

g Capture infrequent instances of general patterns 

Formalized the problem with the Minimum Description Length (MDL) principle

g Define model class and encoding of model 

g Encoding of Data given a Model

Present greedy algorithm to mine patterns and generalized events

Evaluation shows that we can discover generalized patterns 

g Recover ground truth well on synthetic data 

15



Thank you!
We consider the problem of finding a  succinct set of generalized patterns that describes the data

g Generalized pattern describe general “behavior”– not instances 

g Capture infrequent instances of general patterns 

Formalized the problem with the Minimum Description Length (MDL) principle

g Define model class and encoding of model 

g Encoding of Data given a Model

Present greedy algorithm to mine patterns and generalized events

Evaluation shows that we can discover generalized patterns 

g Recover ground truth well on synthetic data 
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Transition probabilities / frequencies

Pattern: 
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The [pet] [makes noise]

cat

dog

fish

meows

barks

blubs

0.9
0.1

0.980.02

1
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2. 

3. 
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6.

⠇
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Evaluation – Synthetic Data
§ Data with known ground truth.  
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⍺ = { j, t, p, w, i}



Evaluation – Synthetic Data 
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