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~ Problem Statement

- Frequent pattern mining
- Support

- Frequent patterns

1 ABCDE
2 ABC
3 ABC
4 ABC
5 A CDEF

The support of {ABC} = 4/5
{ABC} is frequent when a = 0.5
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Problem Statement

- Propose a new interestingness measure

» Occupancy

Tran. No. |Items Occupancy in
thlS Trans.

ABCDE
: ABC 3/3
3 ABC 3/3
4 ABC 3/3
5 A CDEF
occu(ABC) = %X(§+§+g+g)=%
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Problem Statement

* The property of occupancy

e Neither monotone nor anti-monotone

Transaction No.

Items
1

2 ABC

3 ABC

4 ABC

5 A CDEF
occu(ABCD) = g— < ocCcu(ABC) = %

5
- occu(ABCDE) == > occu(ABC) = 1?)
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Problem Statement

Dominant patterns, whose occupancy is bigger
than a parameter 3

1 ABCDE
2 ABC
3 ABC
4 ABC
5 A CDEF

The occupancy of {ABC} =~ 0.85
{ABC} is dominant when 5 = 0.5
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~ Problem Statement

- Task: Top qualified pattern mining for recommendation
- Qualified patterns, which are both frequent and dominant

. Quality value of a pattern, ¢(X) = 0(X) + Ao(X)
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Motivating Application
= Web page printing: Smart Print

- Manually adjustment on the print-areas required after the
first-round recommendation

Not want !
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Motivating Application

= Web page printing: Smart Print

- Tedious selections

| @ hetpy/fsns. hp.com/us/en/company-information/executive £ = ¢ X ][5 HP Executive Team | HP | @) R. Todd Bradley | HP & Meg Whitman | HP ‘ ‘
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~— Motivating Application

= Web page printing: Smart Print

- Print preview
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MEG WHITMAN

President and Chief Executive Officer

Meg's biography

Ms. Whitman has served as HP's President and Chief Executive Officer since September 2011
She has also served as a member of the Board of Directors of HP since January 2011. From
March 2011 to September 2011, Ms. Whitman served as a part-time strategic advisor to Kleiner
Perkins, Caulfield & Byers, a private equity firm. Previously, Ms. Whitman served as President
and Chief Executive Officer of eBay Inc., from 1998 to March 2008. Prior to joining eBay, Ms.
‘Whitman held executive-level positions at Hasbro Inc., a toy company, FTD, Inc., a floral
products company, The Stride Rite Corporation, a footwear company, The Walt Disney
Company, an entertainment company, and Bain & Company, a consulting company. Ms.

Whitman also serves as a director of The Procter & Gamble Company and Zipcar, Inc
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“Motivating Application

= Goal

- Only one click to get the exact print areas by providing more
accurate print-area recommendation in Smart Print

= Solution

- Leverage the print logs from all the users for more accurate print-
area recommendation

[@ hisp/fweww hpcom/us/en/company-information/excutive-  ~ & X | @ HP Executive Team|| HP. 2R Todd Bradley | HP & Meg Whitman | HP [l

-8 -2 @& mEe- 220~ IR0-@-B 8 8
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/I\ll/dtﬁating Application
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= Goal

- Only one click to get the exact print areas by providing more
accurate print-area recommendation in Smart Print

= Solution

- Leverage the print logs from all the users for more accurate print-
area recommendation

HP Executive Team

= . TODD BRADLEY
- “ = inting an s Grot o
&
<

Todd's view

Todd's biography
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“Motivating Application

= Demo

Print Log Database

13
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“Motivating Application

- One piece of print log

(& b 8hp.com/us/en/company-information/executive- 2 ~ & X |[ @ HP Executive Team | HP ‘ @ R Todd Bradley | HP 2 Meg Whitman | HP ‘ |
b8 - =~ WEE- z29- 120 @-BH D 9

* A selected print-area = a clip = an item
* A piece of print log = a set of clips

14



Motivating Application
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- Print log database

Print Log Database

Transaction |Items
\\[o}

1 ABCDE

ABC

ABC
ABC
A CDEF

Transaction Database
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Motivating Application

- Formulate the task of print-area recommendation as a
pattern mining problem

Given the transaction database of print logs and a query Web page
* Identify all the candidate clips inside the query page, denoted by Q

* Find a subset of Q for recommendation

The interestingness measure for patterns
* Support

* Occupancy
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~ Motivating Application

 Support
1 ABCDE
2 ABC
3 ABC
4 ABC
5 A CDEF

The support of {ABC} = 4/5

The more frequently a pattern appears in the database, the

more number of users select this set of clips for printing.
1842
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Motivating Application

+ Occupancy

1 ABCDE
2 ABC
3 ABC
4 ABC
5 A CDEF

333

1 =
The occupancy of {ABC} = (-5- = -:-,;) = 10

The bigger the occupancy is, the more complete the recommendation is.
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~ Motivating Application

- Mining top qualified pattern for recommendation

______________________
‘‘‘‘‘

/Frequent £ Dominant ™\
| | ;
\temsets N\ |/ Itemsets /

max (o(F)+ A(F))

o(F)2a,0(F)>f

” -

..............................................
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-~ Solution

ltem order: a<b<c<d

Set-enumeration tree

20
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Solution
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/ N -7 bound is 0.6

For a subtree we can give the upper bounds of the occupancy
and quality values for all the nodes in this subtree.

21
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olution

The quality upper
bound is 0.6

.\{a b, d} - Prune the node X if satistying the following conditions:
1. If Xis not frequent,
2. If the upper bound on occupany for the subtree rooted at X is smaller

than 3
3. If the upper bound on quality for the subtree rooted at X is smaller than

22 the current maximal quality value in the search process
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Upper Bound Estimation

Problem formulation
e Input: an itemset X and the supporting transactions of X

e The task: estimate the upper bound of occupancy for all
frequent supersets of X
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~ Upper Bound Estimation

* EL,TL to represent the supporting transactions of X

bcef b 4
t2 abe t2 b e t2 1 3
t;, abc t, b C t, 1 3
t, abdf t, b df t, 2 4
t, abcd t, b cd t, 2 4

24
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Upper Bound Estimation

Problem reformulation
e Input : an itemset X and EL, TL of X,

e The task is to estimate the upper bound of occupancy for all
frequent supersets of X

The basic idea

e First, Let X’ be any frequent superset of X, suppose |Ty|=u
and the extension length |X’|-|X|=v, then we will propose F(u,
v, EL,TL) such that occu(X’) <= F(u,v,EL,TL)

e Next, we can enumerate all posible u,v for the above F

function and then get the upper bound for any superset of X,
occu(X’)<= max, , F(u,v,EL,TL)
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Upper Bound Estimation

The relationship between uand v

 When u is fixed, the range of v is [0, EL! (u) ]
and u € [fre_min, |T]]

| o B e it O I R

o R e e M e e

EREE e 0)-3

# of all points: 16
# of blue points: 10

t 3 4 EL! (2)=2,
t, 1 3 EL! (3)=2,
o1 3 EL! (4)=1,
t, 2 4 EL! (5)21
t 5 4 fre_min=2
|T{b}|:5

max F(u ,v,EL,TL) =

2fus5,0sv=sEL! (u)

max F(u,v,EL,TL)

freq, <U<|Ty |, 0SVSEL( fre i)
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Upper Bound Estimation

The property of F with respect to u

* When the F function is monotonically decreasing with respect to u, i.e.,
F(u+l,v, EL,TL) <= F(u,v,EL,TL), we have

max F(u,v,EL,TL)

freq,;, SUS|Ty |, OSVEL (freq,;,)

= max E(fe
0<V<ELJ( frep)

v,EL,TL)

min ?

# of all points: 10
# of red points : 3

e 2Su<5,0=v<sv_max(u)
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Upper Bound Estimation

* occ(X’) <=F(2,2,EL,TL)

4

t, 3 1 1

t 3 1 1

t, 4 1 2 vV 3/4 vV
t, 4 1 2 vV 3/4

F(u,v, EL, TL)_lx max Zl

I

X |+v
T TL(I.)
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“Upper Bound Estimation

The upper bound for all frequent supersets of {b}

ub({b}) = max F(2,v,EL,TL)

0<v<EL(2)
F(2,0,EL,TL) =1/2x (1/3+1/3) ~ 0.33
F(21LEL,TL)=1/2x(2/3+2/3) ~ 0.66
F(2,2,EL,TL)=1/2x(3/4+3/4)=0.75
ub({b}) = max F(2,v, EL,TL)

o<v<2

= max{0.33,0.66,0.75} = 0.75

29
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Upper Bound Estimation

* The efficient upper bound

4 1 3 vV
t, 3 1 1 v 2/3
t, 3 1 1 vV 2/3
t, 4 1 2 V 3/4 V
t 4 1 2 vV 3/4

1 | X | +EL(Ii)
F(u,EL, TL) = u Irpalel 0

ub({b}) = F(2,EL,TL) =1/2x (4/4+3/4) = 0.875

30
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Upper Bound Estimation

The tradeoft between bound tightness and
computational efficiency

oce(X )= max  E(le . VvV EL Tl)

O<v<EL(fre,;,)
= s Z'X | Y
Ll Iu EL(I|)>v T|_(||)
occ(X') < max Eelee. v v Bl T1)
| X |+Vk+l

1
F(U;Vk » Vit s EL, TL) i a e i IEnE?—)(ﬁl)>Vk Zl TI—(II)
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Solution

* Three different upper bound functions

Upper Bound Bound # of searched
bound efficiency tightness |node

fast loose large

F’ slow tight small

F* tradeoff tradeoff tradeoff
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Experiments

Does the concept of occupancy help to improve the
recommendation performance?

Does our algorithm with the proposed pruning
strategy can significantly reduce time complexity?

33
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Experiments

Evaluation on effectiveness
e Ground truth

« 2000 Webpages from 100 printworthy Websites
e Evaluation method
« Leave one out cross validation for each webpage

e Evaluation measure

P =

Ag N Ag| | A= A F x R
& R R — [ R Fl=2 % 1
AR A F+ R
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— Experiments

Evaluation on effectiveness

frequency

increase by 14%

Boct frequency+
occupancy

‘oo 91.27 01.62 S9.82
Average 01.76 03.91 01.12

The recommendation performance of
our method (a=0.05 [3=0.1)

35
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Experiments

Evaluation on effectiveness

a | P(%) | R(%) | F1(%)
0.0 | 85.85 | 96.02 | 88.74
0.05 | 90.28 | 92.2 | 89.81
0.1 90.6 | 92.84 | 90.56
0.2 19065 | 92.12 | 90.05
0.3 89.5 | 91.02 | 88.88
0.4 | 87.11 | 87.57 | 85.48
0.5 82.0 | 8L.75 | 79.06

The recommendation performance
of the maximal frequent pattern

36
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EXperiments

Evaluation on efficiency
e DOFIA
» Dominant and Frequent Itemset Mining Algorithm
e Baseline
- MAFIA
e Data sets

- Large synthetic datasets using IBM generator
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Evaluation on the number of transactions N

— Experiments

g
10 - - 10 T -
-2 MAFIA - MAFIA
-=-DOFIA ~&-DOFIA "
s = - e oY
10°% : 10°} ]
i
i s
2 E oo "
10¢ = = = P 1w e
(-
10° : : : 10° . . .
10 20 30 40 &0 10 20 30 40 50
number of transactions/K number of transactions/kK
(a) Number of Nodes (b) Running Time
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Experiments

39

Evaluation on tradeoff between bound tightness and

computational efficiency

nodes

1.3

oal /

0.7 . :
0 5 10
interval length

(a) Number of Nodes

time/sec

N -,
=0 .-.__:" . oY,
e = j

28

27

- _--"----
.
5‘&
T

26 : .
0 5 10 15
interval length

(b) Running Time



Lab. of Semantic Computing and Data Mining, USTC

e L —

= / [} e
Conclusion

Mining top qualified pattern task

Motivation application: web print recommendation
e Frequency to measure pattern popularity
e Occupancy to measure pattern completeness
An efficient algorithm DOFIA for this problem
e The efficient upper bound
e The tightest upper bound
e Tradeoff between bound efficiency and bound tightness
The extension work
e We have extended this concept of occupancy in sequential pattern
mining
e We have proposed a general framework for computing the

bounds of any pattern measure (e.g. occupancy+utility+block
constraints)

40
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Thanks! Q & A
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