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| ntroduction

dBackground
» Mining frequent itemsets in transaction databases

» Minimum support threshold

Transaction ID |ltems Bought| |Frequent Itemset|Support
2000 A,B,C {A} 75%
1000 A,C *{B} 20%
4000 AD {C} 20%
5000  |B,EF {A.C} =0%

A data stream is formed by transactions arriving in series.
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| ntroduction

dVariousFormsof Data Streams  pata stream
» Call detail records
» Sensor network data

»Web click streams Data Stream
A Three Characteristics Processor

» Continuity

» Expiration

> Infinity

MAKE Lab
P.A



| ntroduction

dThree Requirements
» Time-sengitivity
» Approximation
» Adaptability
dInability of Traditional Mining Algorithms
» Designed for only static databases
» Multiple database scans
» No approximate answering
»Huge memory consumption
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Related Work

Current
Current

dLandmark Model (-
|
|

Current

Mining frequent itemsets from the transactions between the
landmark and the current time

Landmark(System start)

 Problem Déefinition in [MM02]
» Given support threshold 6 and error parameter € §

» Output alist of itemsets with estimated supports €
(1) Each itemset with true support > 0 is output. S—¢ T

(2) Each itemset with true support < 6—¢ is not output.
(3) True support — € < estimated support < true support
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Related Work

dLossy-counting Algorithm [M M 02]

MAKE Lab

» Consider a data stream as a sequence of buckets
»|n each b, maintain the set of (e, 1, V)

(e: itemset, f: estimated count, V: maximum error)
»|nsert new (e, 1, |-1) or update old (e, f+1, V)
»Attheend of b;, delete (e, f, V) If T+V <

e Truecount < f+V <j <eN < 0N = no false deletion

N Transactions
I: I b bl b2 b3 - bj-l b] -

@ s s 8 -+ 8 ’

b, I_IH b, Vio 1 2 ...j-2 j1..
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Related Work

dLossy-counting Algorithm (continued)
»Qutput (e, f, V) if f > (0—¢)N 5

e f<truecount<f+V<f+ (-1 <f+eN o
= 0<true count—f <eN (3)
= (2), (1), no false dismissal
JRemarks .
» The arrival time of datais not considered T
»Astime goes by, eN Increases | Insertion point
> No adaptability to memory '_; ooty o

f 1

—
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Related Work

Stream © € 0

dTime-fading Model , Current

0.11

0.16 | 0.24 | 034 | 049 | 0.7 1

[/ Current

011 ({016 | 024 | 034 | 049 | 0.7 1

F Current

........................ 0.11 ({016 | 024 | 0.34 | 049 | 0.7 1

Each transaction is associated with a weight
System start

dDecay Ratein [CLOJ] :
. C C C C0D
»d=b- N, b>1, h>1,b1<d<l a1 1 1 o 1 c.=2316
. C\=C,_,xd + 1 (or 0) T:1/16 1/8 1/4 1/2 1 T=31/16
T =T\ oxd + 1 C e
Ty, = 1/(1-d) as Nseo B:1 0 0 1 1 C,=25/16
N

T:1/16 1/8 1/4 1/2 1 T=31/16
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Related Work

destDec Method [CL O3]
» For each transaction, maintain the set of (e, f, V, tld)
»Updateold (e, f, V, tid); Deleteif f <o,

»Insert (e f, V, tid) if (eisl-itemset) or f 2 0;,c |

« Estimatethe count of a new k-itemset based on the |9
countsof all its (k-1)-subsets. an example

»Qutput (e, f, V) iff>0 Ts
JRemarks

» Ojns and O,y are significant to the performance

» No adaptability to memory
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P.10



Related Work

destDec Method (example e=abc)
»Givent,,, f ., f,. T, T, f., estimate f,.and V.

fabC:CmaxabC:min{fab’ fac’ fbc}

Cminabuac:max{o, 1:ab-Hcac_fa}

CminabC:max{C ; abuac’ C

abubc acubc
min [ J Cmin }

min

— abc__ abc
VabC_Cmax Cmin
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. . . Stream @ 0
D SI Idl ng_WI ndOW M Odel T TCurrent
T TCurrent
System start T TCurren
Mining frequent itemsets from only the latest W transactions
dOur Goals

» Time-sensitive siding-window model
* Dividethe data stream into blocks by time

» Fast mining and discounting method
» Self-adjusting discounting table

e Guarantees. No false dismissal or No false alarm

MAKE Lab
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Time-sensitive Sliding-window M odé€

Oldest Basic Block Remain New Basic Block
is expired unchange is added
Stream [
/ 6/18 6/19 6/20 6/21 \
:llll wio :“ amtt al:lll : How to estimate the
ISCOURTIng tabie: potential counts?
Decrement Increment

| | Maintain the frequent itemsets

l in the sliding window
: [6/18 6/20] — [6/19,6/21]

Frequent — Non-frequent "

|
|
|
|
|
1714 =4 11+l

Non-frequent — Frequent



Mining and Discounting

1 Accuracy Guarantees of Outputs
» No false dismissal
» No falsealarm

lgnore potential counts

DT maintenance
4

Self-adjustment: <L
Merge by min/max functions | Discounting Table (DT)

MAKE Lab

l @Thrcshold Array (TA) update
( E ; @ New itemset insert

Estimate potential counts by TA

A

@ Old itemset update

Potential Frequent-itemset Pool (PFP)

Itemset requent itemset
discounting output
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Mining and Discounting

dMain Storage Formats

> EX.

abc Isanew freguent itemset in B4

* PFP (1D, Items, Actual count, Potential count)

« DT (B_ID, ID, Block count) 8 |abc|20 |22

 TA (window size=3) B1 |8 |70
//\
B4 /(B3 [B2 [B1

L Remar

»The
If on

MAKE Lab

( 8 \|55 |n.27/>

notential count cannot bound the maximum error

y two thresholds (B2 and B3) are considered.



Mining and Discounting

e By DT

: . Stream  ( ( ( ( ( (_( )
 Discounting
6/18 6/16 6/17 6/18 6/19  6/20 6/21
»Pcount >0 |\ \/ /I
* By TA Potential Count = {s : §7|Bi|_ ~1 when window = 6/16 ~ 6/18
»Pcount =0 H/

6/17
= {S * B, |—‘ —1 when window = 6/17 ~ 6/19

Potential Count=0 when window = 6/18 ~ 6/20

]

The accumulate count should be discount

MAKE Lab when window slid into 6/19 ~6/21



Mining and Discounting

dAn Example (threshold=0.4, window size=3)

Time period Number of transactions @ Frequent Itemset in a block (and its count)
B, 09:00~039:59 21 a(11],b(20]c(2),ab(6)
B, 10:00~10:69 20 a(20] ¢(13),ac(13)
B, 11:00~11:59 27 a(18).b(8) e(7),ac(7]
B, 12:00~12:59 23 a(10),c(3).d010)
JAfter B, passes a | [ws Jo Jo  Jo
B_ID ID Bcount
DT 1 1 11
1 2 20
PFP (1,a,11,0) (2,b,20,0)

MAKE Lab
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Mining and Discounting

Number of transactions @ Frequent ltemset in a bloek (and its count)
B, 27 a(11),h(20) ¢(2],ab(6)
B, 20 a(20) ¢(13).ac(13)
B, 27 a(19),b(8).¢(71,acl7]
B, 23 a(10).¢(3,d(10) TA o 08 | o 0
JAfter B, passes
B ID ID Bceount
1 1 11
1 2 20
DT 2 1 20
2 2 0
2 3 13
2 4 13
PFP | (1,2,31,0) (2,6,20,0)(3.c,13,10) (4,ac,13,10)l
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Mining and Discounting

Number of transactions @ Freguent itemset in a block (and its count)
B, 27 al11) h(20),¢(2).ab(6)
B, 20 a(20) ¢(13).ac(13]
B, 27 all9)h(8lel7)acl7)) Ta 10.8 108 | 0
B, 2 al10).¢(31,d(10)
B ID ID Bcount
1 1 11
JAfter B; passes ] : >
DT 2 1 20
2 2 0
2 3 13
2 4 13
3 1 19
3 3 7
3 4 7
PFP (1,a,50,0) (3,¢,20,10) (4,a¢,20,10)
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Mining and Discounting

Number of transactions @ Frequent ltemset in a bloek (and its count)
B, 27 a(11),b(20].¢(2),ab(6)
B, 20 a(20).c(13),ac(13]
TA 9.2 10.8 8 10.8
B, 27 a(19),b(8) c(7).ac(7)
BA 23 a(10] ¢(3),d(10) B_ID D Beount
D Af B 2 1 20
asses 2 2 0
ter 4 P DT 2 3 13
2 4 13
3 1 19
3 3 7
R] 4 7
4 1 10
4 2 10
PFP (1,2,49,0) |2,d,10,29l
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Mining and Discounting

d Accuracy Guarantees

B N\ o false dismissal set
Real answer set

No false alarm set

False alarms because of False dismissals because of not
considering potential count considering potential count
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Self-adjusting Discounting Table

dRequirements
» A huge number of itemsets — limited memory
» Providing approximate support counts
» Sl keep the accuracy guarantees
dRationale

»Merge different entries of DT (different itemsets)
INto one and represent their support counts by
using the minimum/maximum support counts in
them.
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B_ID ID Itemset Bcount
B_ID ID Bcount
1 1 A 12
1 3 B 13
1 4 c 2 —
1 5 F 10 1 4 2
1 6 AF 10
1 5 10
1 8 G 8
(a)
. . Merging loss=21
D Nalve Ad] ustment B_ID ID | Beount B_ID ID unt
»Mergethefirst 1| 13| 12 4 | 2 D
two entries 1 4 2 1 > 10
. . 1 5 10 1 6 10
>»Ex. DT limit=4
- 1 6 10 1 8 8
MAKE Lab (b) (c)
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d Selective Adjustment

> M erge the entry Wit
the smallest merging
loss with the entry
above it

»Ex. DT limit=4

Merging loss-1 <—<

B_ID ID Bcount AVG NUM Loss
1 1 12 12 1 oc
(a)

B_ID ID Bcount AVG NUM Loss
1 1 12 12 &\1 oc

1 3 13 13 T ]’( 1 j
(b)

B_ID ID Bcount AVG NUM Loss
1 1 12 12 1 oc
1 3 13 13 1 1
1 4 2 2 < T 11
1 5 10 10 1

(c)
B_ID ID Bcount AVG NUM Loss
<1 1-3 12 12.5 2 oc
1 2 2 1 21
1 10 10 1
1 10 10 1
(d)

B_ID ID Bcount AVG NUM Loss
1 1-3 12 12.5 2 oc
1 4 2 2 1 21

1 5-6 10 10 2 1
1 8 8 8 1 4
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Perfor mance Evaluation

d Experimental Setting

Parameter Value
Number of distinct items 1K

DT limit 10K

0 (support threshold) 0.0025
|W| (window size) 4

T (average transaction length ) 3~7

| (the average length of the maximum pattern) 4

D (the total number of transactions) 150K
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Performance Evaluation

dTime Efficiency

»>T=7

—— Total

—=— PEP maintenance part
—&— DT maintenance part
—>— Mining

Execution time (Second)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Basic block number
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Performance Evaluation

U Space Efficiency
500
——T3[4D150K
450 —=—T514D150K
—— T714D150K
© 400
>
M
)
a350
@]
5
= 300
250
200
2 3 4 5 6 7 8 9 10 11 12 13 14 15
Number of Basic Windows
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Performance Evaluation

 Scalability

MAKE Lab

Average execution time(Second)

50

40

30

20

10

0
0.01

——T714D150K

0.009

0.008

0.007  0.006  0.005
Minimum support threshold

0.004

0.003

0.002
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Perfor mance Evaluation

L Effectiveness on No False Dismissal

FAR,, =

The number of falsealarmswhen DT _limit=M  DTlimi

100
—— Selective adjustment
—=— Naive adjustment
80 [
60 |
S
~
<
(o
40 |
20 |
0
@ 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000 12000

The number of falsealarmsin theWorst case>
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<
Perfor mance Evaluation
J Effectiveness on No False Alarm
100 o -
—— Selective adjustment
—=— Naive adjustment
80 F
S 60 r
=
2 0
20
0
4 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000 11000 12000
DT limit
The number of falsedismissalswhen DT |limit=M
FDR,, = =

The number of falsedismissalsin the worst case



Conclusion

L Our Contributions

» An efficient algorithm for mining frequent itemsets
over data streams under the time-sensitive sliding-
window model

» Data structures and methods for mining and
discounting the support counts of the frequent
Itemsets when the window slides

» Two strategies for maintaining the self-adjusting
discounting table under the limited memory

MAKE Lab
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Conclusion

JFuture Works

» The error estimation that can help the ranking of
frequent itemsets if only the top-k frequent
Itemsets are needed

» The other types of frequent patterns such as the
seguential patterns

» The constraints recently discussed in the data
mining field such as the closed freguent patterns

MAKE Lab
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