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Abstract

Lie recent years the emergenee of oew real-world applicalions such as network Lreallic
mmoniloring, inbrusion deleclbion systenes, sensor nelwork dale analysis, click stresm mining
and dyvnamic tracing of inancial transactions, calls for stadying & new kind of model, Naoned
dafa stream, this model is in fact a continuons and potentially infinite fow of information as
apposed to finite and statically stored data sets. We study the problem of sequential pattern
mining o datn streams. Uhis problem bas been extensively stodiod Tor the conventional
case of disk resident data sets, In the case of data streams, this problem hecomes more
challenging as the volhnme of data 1= usually too huge to be stored on permanent devices,
main memory of to be scanned thoroughly more than once, In this case, it mav be acceptable
b genctate approximable solutions for our mining peoblem. In this paper we introdnee 2
new approach Dased on bissed  reservoir sanpling boachieve o more ellicient mining of
sequential patterns. Furthermore, we theoretically prove that our bissed reservoir sise is
always bounded whatever the sizge of the stream is, This propertv often allows us to keep
the cotive relevant reservolr in main memory. We also show acsimple algorithon to build the
Bisseel reservoir Tor Che special case of sequential paiiceen mining. Faxperimental evaliation
supprorks Lhe elaim (il secuenlial pedlera mining based on Biased reservoir sampling needs
small memory requirements, Besides, we also propose an adapted approach to handle the
case of mining sequential patterns in a sliding window model. The experiment show that
bhe vesults are accurate,

1 Imtroduction

Hecently, the dats mining commmniny has foonsed ona new challenging model where data arrives
seqguentially in the form of continuous rapid steeams. It is often referred to as data streams or
stroaming data. Sinee data streams are continnons. high-speced and ambomnded fAow of infor-
malions, it s often Impossible (o wine patlerns with classical algorithos that reguire multipls
scans. As a conscquonce new approaches were proposed to mine itemscts 5. 3, 2, 4, 8] using
differemt approaches based on the lendmark, sliding windows or time-foding models. However,
lew researches locused o sequential pallerns exiraction over dala sireams, Tn this paper we con-
sider that transactions are ordered into the streams and sronped under different idemtifiors. We
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propose a new approach to mine sequential patterns based on the maintenance of a symaopsis of
the dita stresm. 'This proposition is motivated by the fact that the volome of data in real-world
data streams s usually too hoge to be efficiently mined and that an approximate apswer for
mining tasks i largely acceptable. In other words, in the data stream model one has to trade off
accuracy againsl elliciency. A nuwber of synopsis structures have been developed i recenl vears
like sketches, sampling, wavelets and histograms. Our method belongs to the class of rescrvoir
sanpling. The reservoir sampling method is very easy to anderstand as it generates a saonple of
the oripinal data vepresentation, However, the classical unbiased reservoir method is inaccurate
for data streams, this is doe to the fact that when the the stroam length mereases. the acenraey
ol the reservoir decreases as i will conlain a large porlion of poinls row ihe distanl history of
the stream (the probability of suceessive insertions of new points reduces with the progression of
the stresim ) andd inan evolving data stresm only the more recent data may be relevant for many
mining tasks, To overcome this problem we use a biased reservolr sampling based on a temporal
bins function in order to regnlate the choice of the stream sample.

2 Preliminary Concepts

2.1 Sequential Patterns

The traditional sequence mining problem was frst introduced in [7] and extended in [6].
Lot D b s database of emstomer transactions where ecach transaction T comsists of :

L. a enstomer-id, denoted by 7y
2. a transaction time, denoted by fime

A aoser of items (ealled #temset) involved in the transaction. denoted by if

Definition 1 (Sequence) Lel T — Jij iaoiy ) be a finde sel of lilerals colled items, An ilem-
set is a non-empty set of items. A sequence § iz a set of itemsets ordered according to their
birestamep, Tt ois denoted by 0 ity ity il =, where ity § € L ds an itemsel. A k-sequence
12 a sequence of k dlems for of length k.

Definition 2 (Support) Let O, be the ordered lsl of transactions for o single customer O
{the maximal sequence supported by )0 The support of a sequence 8 in o transaction database
1. denoted by Support[ S, D), s defined as:

|{(' = D-‘T =5 '[.;h-u.n..«:}

Support( 5, 1) = HCeD|

Civen a minimal sapport threshold, the problom of scoguential pattern mining is to extract
all the sequences S in T soch that Suppord (S, D) = 7.

2.2 Biased reservoir sampling

Reservoir sampling was first introdueed in [B], in this method the first n points o the data
stream are stored at the initialization step, when the (8 4+ 1) is reveived o the data stream il
replaces randomly one of the points in the reservoir with probability 5. As the stream length
inereases the probahility of the insertion rednees. 'T'his 15 g clear disadvantage for mining tasks
that consider that recent information provided by the stream s the most relevant. One solution
proposed in [1] was to use an exponential bias fometion defined as follow @ f(rt) = ¢ 27
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with parameter A being the bias rate. The aim of this bias function is to regulate the choiee of
the stream sample. In other words, the biss fanetion modnbites the sample in order to foens on
recent or old behaviors in the stream [ollowing application specific constraints, Moreover, the
inclhsion of an cxponential bias fametion implics also an apper bonnd on the reservoir size which
15 lndependant of Lhe sleeam lengils, Tor a siceam of lengih {L let I2{{) be the maximal siee of
the reservair which satisties the exponential bias function. we have R(t) < ;.

I the next section we give reslts on the bonmds for sample size, given the desived acenracey
of the results in terms of support and errore rate,

3 Sampling analysis

The first question that one has to answer when sampling for mining tasks is : how accurate my
sammple is comparad to my original dita set? We answer to this question by giving exact bonmeds
o the siee of the sample worl an ecror rate,

Definition 3 (Error rate) Let D he o database of customer transactions and Sp oa random
samiple generaled from D, Lel s be a sequence from D, The absolule evvor rule in ferms of
support estimation, denoted €, 5 defined as :

ela,. 8n) — |Support s, Spl — Support{s. D)|

i

¥ cnEtomeT

Lot X bea random variable for the i customer with Pr(X; = 1] = p; if the i
supports the seqmence s and Pr|X; =0 = 1 —p,. if not. All the X, are independant. Note that
we are in presence of Poisson trials as the number ¢ of trials in which the probability of success
g varies from trial to trial. Let X(s.8p) — 3, X, — Support(s,. 8&p) = |&p| be the vamber of
customers in the sample that supports the sequence s. Then the expected number of customers
that support the sequenee s in the sample s KX (5. 80)] = Support(s. D) = |Sp|. We wonld
liles vy entimnate the probability that onr ervor rate gets higher than s user defined (hreshold e
denoted Prie(s, Sn) = .

Using Chernoff bounds the following theoremn gives ns s lower bound on the size of the
reservolr given e and a wasdinun probability § thal Lhe error rate exceeds e

Theorem 1 Given a sequence s then Prie(s.Sp) = ¢ <= & iff the reservoir size i |Sp| =
2y 1
u(3)zr

As we are working on bissed reservoir samples, the following corollary gives an npper bonnd
on Lhe bias rale :

Corollary 1 (fiven an errar iound ¢ and o marimum probelility 4 thot e(s 8p) = o we get an
wpper bownd on the bins mle:
i & 2e2
S n(2/8)

4  Algorithm

Based on the sampling analysis results we built an algorithim that achieve exponential bias with
the A parameter. Unlike the algorithms presented in (1], onr approach need to take into account
the constraint of the lower bonund of the stze of the reservoir, Note that the reservoir size is
defined in term of customers number and not in term of transaction numbers. That means that
insertion and delete operations st be done at the enstomers level and at the itemsets level.
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Algorithm 1: RESERVOIR SAMPLING FOR SEQUENTIAL PATTERNS algorithum
Diata; Tescrvorr Sy Bias rale A Traosaclion T
Mesult: Meservoir Sp after osertion of the (8| 1'% transaction

1 £ Ft)= |_[_::7' - =il 1] i the fraction of the reservoir Filled at the arrival of the "
ped|
transaction

2 // N t) = m—L5—— £ [il,1] ia the fraction of the itemsets list for customer (; at the
arrival of the (" transaction

a il T & So Lthen

4 /¢ Deterministic insertion of the tramsactiom T with its customer id O

& Clerive + Reandom{(, 1};

H if (Cmm = F(f] then

T // Buccess case: we replace one of the cuatomeras with all ite itemsets with 7.
o] pona — Hvwdorre (0, g

@ Replace! T g 0, T00 600

10 wlse
11 //Feilure case: we directly add the tramsaction [’ without replacement.
12 Add{1itSo):
13 |'1—:+:
14 else
15 ff A sample of custemer () trangactions ie already present in the reservoir
16 // Deterministic insertion of the transaction 7' in ¢ itemseta list
T Cerive +— Rondom{0, 1);
18 il Corn = F(1) then
19 pos o NMavedorre(0, ¢);
20 L Replaceltemset] ity 1050
21 clse
22 AddTemesel{ T, O iberrsel List):
23 1+
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5 Experimentation

The experiwents were perlormed on a Core-Duo 2,160 Gl MacBook Tro wilthh 1GDE of main
momory, Timming Mae O5 X 104G We porformed several tests with sythetic datasets that
were peneraled with the IBM QUEST syoihelic data generalor, onr dala sbeeamn is divided iolo
batches of period 25 seconds, each batch contains from 25k to 50K transactions, The memory
management 35 the main foens of onr performanees stiady.
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Figure |: momory usage and time voguirements for data set C1I20000K with roservoir sizes
A=210""

6 Summary

T ihis preseoptation we ntroduced a new biased reservolr sampling alporitlun lor sequential
pattern mining over data streams. The sampling analyvsis shows that we can efficiently bound
o error rate bo gel approximate bul aceeplable resnlts on onr mining task. The experiments
shows that ouwr reservoir menwey requircment ave very low.
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