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Abstract. Frequent pattern mining has emerged as an important min-
ing task in data stream mining. A number of algorithms have been
proposed. These algorithms usually use a method of two steps: one is
calculating the frequency of itemsets while monitoring each arrival of the
data stream, and the other is to output the frequent itemsets according
to user’s requirement. Due to the large number of item combinations for
each transaction occurred in data stream, the first step costs lots of time.
Therefore, for high speed long transaction data streams, there may be not
enough time to process every transactions arrived in stream, which will
reduce the mining accuracy. In this paper, we propose a new approach to
deal with this issue. Our new approach is a kind of lazy approach, which
delays calculation of the frequency of each itemset to the second step.
So, the first step only stores necessary information for each transaction,
which can avoid missing any transaction arrival in data stream. In or-
der to improve accuracy, we propose monitoring items which are most
likely to be frequent. By this method, many candidate itemsets can be
pruned, which leads to the good performance of the algorithm, DELAY,
designed based on this method. A comprehensive experimental study
shows that our algorithm achieves some improvements over existing al-
gorithms, LossyCounting and FDPM, especially for long transaction data
streams.

1 Introduction

Data stream is a potentially uninterrupted flow of data that comes at a very
high rate. Mining data stream aims to extract knowledge structure represented
in models and patterns. A crucial issue in data stream mining that has attracted
significant attention is to find frequent patterns, which is spurred by business
applications, such as e-commerce, recommender systems, supply-chain manage-
ment and group decision support systems. A number of algorithms [5-16] have
been proposed in recent years to make this kind of searching fast and accurate.
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But how fast does the task need to be done on earth (challenge1)? The high
speed of streams answers the question: the algorithms should be as fast as the
streams flow at least, that is to say, it should be so fast as to avoid missing data
to guarantee the accuracy of mining results. Former algorithms [5-16] usually
divide this process into two steps. One is calculating the frequency of itemsets
while monitoring each arrival of the date stream (stepl), and the other is to
output the frequent itemsets according to user’s requirement (step2). Due to the
large number of item combinations for each transaction occurred in data stream,
the first step costs lots of time. Therefore, for high speed long transaction data
streams, there may be not enough time to process every transaction arrived in
stream. As a result, some transactions may be missed, which will reduce the
mining accuracy.

This problem can also lead to another challenge. If calculating the frequency
of itemsets while monitoring each arrival of the date stream, the longer the
transaction is, the more inefficiently the algorithm performs (challenge2 ). Un-
fortunately the transactions in data streams are often large, for example, sales
transactions, IP packets, biological data from the fields of DNA and protein
analysis.

Finding long pattern is also a challenge for mining of the static data set.
Maxpattern [18] and closed-pattern [17] are two kinds of solutions proposed to
solve this problem. These methods could avoid outputting some sub-patterns of
frequent itemsets.

But for data stream what we concern more is how to reduce the processing
time per element in the data stream. So the key to the efficiency of the algorithm
is to reduce the number of candidates. Some papers [9,12,16] proposed several
solutions of pruning method. But they all prune candidates by itemsets. In order
to prune the candidate itemsets, frequency of itemsets must be calculated, which
turns to the challengel.

In this paper, we try to address the challenges discussed above. Our contri-
butions are as follows.

(1) We propose a new approach, a kind of lazy approach to improve the process-
ing speed per item arrival in data stream. This method delays calculation of
the frequency of each itemset to step 2. So, the step 1 only stores necessary
information for each transaction, which can avoid missing any transaction
arrival in data stream. Furthermore, these two steps could be implemented
in parallel, as they can be done independently.

(2) In order to improve the accuracy of mining result, we propose monitoring
items which are most likely to be frequent. By this method, many candidate
itemsets can be pruned. Based on this method, we develop an algorithm,
DELAY, which can prune infrequent items and avoid generation of many
subsets of transactions, especially for long transactions.

(3) We conducted a comprehensive set of experiments to evaluate the new al-
gorithm. Experimental results show that our algorithm achieves some im-
provements over existing algorithms, LossyCounting and FDPM, especially
for long transaction data streams.
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The rest of the paper is organized as follows. In section 2, we review related
work. In section 3, we formally formulate the problem of mining frequent itemsets
over streams. Section 4 describes the proposed approach and algorithm, and
section 5 gives the experimental results. Finally, Section 6 concludes our paper.

2 Background and Related Work

Throughout the last decade, a lot of people have implemented various kinds of
algorithms to find frequent itemsets [2,4,17-20] from static data sets. In order to
apply these algorithms to data stream, many papers [5-9] fall back on partition
method such as sliding windows model proposed by Zhu and Shasha [5]. By
this method, only part of the data streams within the sliding window are stored
and processed when the data flows in. For example, a lossyCounting (a frequent
item mining algorithm) based algorithm [9] divides a stream into batches, in
which data is processed in a depth-first search style. For simplicity, we call this
algorithm LossyCounting too. Time-fading model is a variation of sliding win-
dow model, which is suitable for applications where people are only interested
in the most recent information of the data streams, such as stock monitoring
systems. This model is implemented in [10,11,13], which gets more information
and consumes more time and space in the meantime.

For the infinite of stream, seeking exact solution for mining frequent item-
sets over data stream is usually impossible, which leads to approximate solu-
tion of this mining task [9,12,16]. Algorithms of this kind can be divided into
two categories: false-positive oriented and false-negative oriented. The former
outputs some infrequent patterns, whereas the latter misses some frequent pat-
terns. LossyCounting [9] is a famous false-positive approximate algorithm in
data stream. Given two parameters: support s and error ¢, it returns a set of
frequent patterns which are guaranteed by s and e. Algorithm FDPM [16] is a
false-negative approximate algorithm based on Chernoff Bound and has better
performance than LossyCounting.

The above algorithms all perform well when transactions in data stream are
not large or the stream does not flow at a high speed, that is to say, these
algorithms could not meet the challenges mentioned in section 1. This could
be explained by too much computation on data, so it could happen that next
transaction has been here before last transaction is finished.

3 Problem Definition

Let I = {iy,...,4m} be a set of items. An itemset X is a subset of I. X is
called k-itemset, if | X| = k, where k is the length of the itemset. A transaction
T is a pair (tid; X ), where tid is a unique identifier of a transaction and X is
an itemset. A data stream D is an open set of transactions. N represents the
current length of the stream. There are two user-specified parameters: a support
threshold s € (0,1), and an error parameter ¢ € (0,1). Frequent-patterns of
a time interval mean the itemsets which appear more than sN times. When
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user submits a query for the frequent-patterns, our algorithm will produce the
answers that following these guarantees:

(1) All itemsets whose true frequency exceed (s + €)N are output.

(2) No itemset with true frequency less than sN is output.There are no false
positive.

(3) Estimated frequencies are less than the true frequencies by at most e N.

4 A New Approach

The strongpoint of our approach is the quick reaction to data stream, so the
algorithm could achieve good performance for data streams flowing at high speed.
Our approach is also a two-step method. In the first step (step 1), we just store
necessary information of stream in a data structure. Frequent itemsets are found
until the second step (step 2), the query for them comimg. In the first step, some
itemsets which do not exceed a threshold are pruned so as to save space. The
criterion of pruning is whether the count of every item in the itemset exceeds a
threshold. The second step is a pattern fragment growth step which is the same
as the second step of FP-growth[19]. So in this paper we focus on the first step.

4.1 Data Structures

There are two main data structures in this algorithm: List and Trie. The List
is used to store possible frequent items; and the Trie is used to store possible
frequent itemsets.

List: a list of counters, each of which is a triple of (itemid, F, E), where itemid
is a unique identifier of an item, F' is the estimation of the item’s frequency; and
F is the maximum error between F' and the item’s true frequency.

Trie: a lexicographic tree, every node is a pair of (P, F'), where P is a pointer
that points one counter of List. In this way the association between itemsets and
items is constructed and that is why we could prune itemsets by items. F' is the
estimated frequency of itemset that consists of the items from the root of Trie
down to this node.

List.update: A frequent itemset consists of frequent items. So, if any item of an
itemset is infrequent, then the itemset can not be frequent. Since data stream
flows rapidly, frequent itemsets are changing as well. Some frequent itemsets
may become non-frequent and some non-frequent itemsets may become frequent.
Therefore, technique to handle concept-drifting[3] needs to be considered. In this
paper, we dynamically maintain a List, in which every item’s estimated frequency
and estimated error is maintained by a frequency ascending order. The method
used to update the List is based on space-saving[1].

Trie.update: While updating List, the nodes which point the items deleted for

becoming infrequent will also be deleted. This is just the method by which we
implement itemsets’ pruning by items. For each transaction arrived in the data
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stream, its subset consisting of items maintained in the List will be inserted into
the Trie .

A example List and Trie for a stream with two transactions is shown in
Fig 1 (a).

4.2 Algorithm DELAY

Based on the new approach, we develop an algorithm, DELAY, which is shown
as followed.

Algorithm: DELAY (data stream S, support s, error ¢)
Begin

1. List.length = [m/e];

2. For each transaction t in S

3. List.update (t);

4 Delete the items from t which are not in the list;
5. Insert t into trie;

6. If user submits a query for frequent-patterns

7 FP-growth(trie, s);

8. end if

9. end for

End.

Procedure List.update (transaction t, tree trie)

Begin

1. for each item, e, in t

2. If e is monitored, then increment the F of e;

3 else

4 let e,, be the element with least frequency, min
5. delete all node from trie which point to e,;
6. Replace em with e;

7 Increment F;

8 Assign E; the value min;

9 end if

10. end for

End.

The main steps of DELAY are as follows. First, we define the length of List,
I, to be [m/e] (line 1),m is the average length of transactions in data stream.
Then, for every transaction ¢ of data stream S, we update the List with the items
of the transaction by procedure List.update (line 3). For those items which are
not monitored in the List, delete them from ¢ (line 4). Then insert transaction
t into the Trie (line 5). Whenever a user submits a query for frequent itemsets,
a procedure FP-growth[19] will be used to find and output answers using the
information stored in Trie (line 6-8).

The procedure of List.update is similar to space-saving[1]. If we observe an
item, e, that is monitored, we just increase its F' (line 2). If e is not monitored,
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give it the benefit of doubt, and find from the List item e,,, the item that
currently has the least estimated hits, min (line 4). Nodes of the Trie which
point to item e,, are deleted (line 5). Then, item e,, is replaced by e (line 6).
Assign I, the value (min+1) (line 7). For each monitored item e;, we keep track
of its over-estimation error, F;, resulting from the initialization of its counter
when it was inserted into the List. That is, when starting to monitor e;, set
FE; = min, the estimated frequency of the evicted item e,.

An example of this algorithm is shown in Fig 1. Fig 1 (a) and (b) show the
change of List and Trie without any item of List being replaced. In (c), with the
coming of transaction with items C'F', the number of unique items has exceeded
the length of List, so the last item F in the List is replaced by F with frequency
2, and the nodes in Trie which point to E are deleted (the red one). In (d),
transaction C'F is inserted into Trie.

. Trie
Data stream List
Root

1D D| C|B|A|D]J|E
ABC F Fl4]3 3 ]1 1
BCD E EloJoJo]o]o A3 B:l
C1
E:l D:l
(b)
Data stream List Trie
Root
1D D|C|B F|D
F F|l5]3 312 1
E E[0]0]0]1]0 aspAcl) (g1
C F:l C:l
C2 D:l

Fig. 1. An example

4.3 Properties of DELAY

Lemma 1. For any item(e;, F;, E;) monitored in List, E; < eN

This is proved in [1].

Lemma 2. Given a support threshold s, for a stream of length N, the error of

frequent itemset E, is bounded by eN, that is, f, — F, <eN.

Proof. If itemset p is frequent, then F}, > sN;
Assume eq(eq, F1) is the item with the least estimated frequency in p, and

its real frequency is f7.
Assume es(ea, Fy) is the item with the least real frequency in p, and its real

frequency is fs.
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DELAY is a false-negative algorithm, so f; > Fj.
SO7 Ep:fp_Fp:fQ_Fl Sfl_Fl S&'N

Theorem 1. An itemset p with f, > (s + )N, must be found by DELAY.

Proof. For itemset p, according to lemma 2, f, < F, +eN.If f, > (s +¢)N
then Fj, > sN, so our algorithm DELAY will output itemset p.

Theorem 2. Time spent in step 1 is bounded by O(Nm + Nt), where N is the
length of data stream, m is the average length of transactions in data stream,
and t is the time of inserting one itemset into Trie.

Proof. In step 1 each transaction needs to be processed by List.update first.
This part consumes time O(Nm). Then the transaction is inserted into Trie.
The time complexity of this part is difficult to estimate. Here we assume the
time of inserting one itemset into Trie is t ignoring the difference of length
between itemsets. For DELAY, one transaction one itemset needs to be inserted
into the Trie. so the time complexity of this part is O(Nt). So time spent in
step 1 is bounded by O(Nm + Nt). In the following we compare the times of
inserting between LossyCounting [9] and DELAY.

4.4 Comparison with Existing Work

4.4.1 Comparison with LossyCounting

Theorem 2 proves that time spent in the step 1 by DELAY is about O(Nm+ Nt).
LossyCounting [9] has a bound of O((2™)N + (ng)Nt), where m is the average
length of transactions in data stream, k is the buffer size, N and t with the
same definition of Theorem 2. Let’s compare the time bound of DELAY and
LossyCounting.

The time of inserting itemsets into Trie is difficult to estimate, so we just
compare the times of inserting. The times of inserting in DELAY is N, that is
one transaction one insertion into Trie, whereas the times of inserting itemsets in
LossyCounting is QZEN . In LossyCounting itemsets whose frequencies exceed ek
will be inserted into Trie, and every subsets of them will be inserted respectively
too. Nm + Nt < 2N + ZZLENL when k < 2:, that is, given m = 30, ¢ =
0.001, only when k > 10'2, DELAY will consume more time than LossyCounting
in step 1, but 10'2 is a huge number for memory space. So DELAY usually
consumes less time. So we can see that the average length of transaction, m, is
the determinant of which one performs well, which is also demonstrated in the
following experiments.

4.4.2 Comparison with FDPM

FDPM proposed in [16] finds frequent patterns through two steps. First calculate
the frequency of itemsets, and then prune them based on Chernoff Bound. The
merit of it is in the space bound. As the method of calculating the frequency
of itemsets is not given in the paper, we could not estimate the time bound.
But as long as the algorithms need to calculate frequency of itemsets, they will
consume more time than the step 1 of DELAY for the same data set, which will
be proved in the following section.
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5 Experimental Results

In this section we conducted a comprehensive set of experiments to evaluate the
performance of DELAY. We focus on three aspects: time, space and sensitivity
to parameter. Algorithm DELAY is implemented in C++ and run in a Pentium
1V 2.4GHz PC with 1.0 G RAM and 40G Hard disk. In the experiments, we use
the synthetic datasets generated by IBM data generator[21].

51 DELAY

In this section, we design two sets of experiments to test the performance of
DELAY.

5.1.1 Time and Space
We fix s = 1%, € = s/10, the average length of transaction L = 30, and vary the
length of data stream from 100k to 1000k. Fig.2(a) shows the time used in step
1 (step? time ) and the time used in step 2( step?2 time ), and Fig.2(b) shows
the memory consumption.

As shown in Fig.2(a) step! time is linear with the length of data stream,
accounting for only a small part of the total runtime, which means that this
algorithm could deal with streams flowing at a high speed. Fig.2(b) shows that
the increase of the memory consumed slows down with the increase of the length
of stream.

This experiment proves that DELAY could potentially handle large-scale
data stream of high speed, consuming only limited memory space.

800 | OStep2
W Step1

T 400 g 300

£ao0 £ 200
200 |

100 b 100

0 0

100 200 300 400 500 600 700 800 900 1000 100 200 300 400 500 600 700 800 900 1000
data stream length (k) data stream length (k)
(a) (b)

Fig. 2. Time and Space

5.1.2 Sensitivity to the Support Threshold

In this set of experiments, We generate dataset T30.110.D1000k, set ¢ = s/10,
and vary s from 0.1% to 1%. Fig.3(a), (b), (c¢) and (d) show the total runtime,
step1 time per pattern, step2 time per pattern, memory and memory per pattern
respectively as the support varies.

As shown in Fig.3(a), stepl time remains almost stable as support varies.
This is because step! time is only relative to the length of stream, and DELAY
do nothing different for different support value. Fig.3(b) show that the average
run time per frequent pattern (itemset) decreases as support decreases though
the total time is increased. Fig.3(c) and Fig.3(d) indicate that more memory is
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needed as support decreases, but the memory consumed per frequent pattern
keeps steady on the whole.

The behavior of DELAY with the variation of error level, €, is similar to the
results of this set of experiments. Due to space limitation, we do not give the
results here.

3000 L 1000 5 0006

xm DStep2  MStepl § oou Ostep2  Wstepl B T 00

i 5 m 2 £ oo

3 £ oo 2 0 g

£ om0 i oms ! 5 003
H o 8

R} £ 006 H > 0m
5 oo 0 g

500 - & £ ot

0 Eoole 0 B

010203040506070809 1 010203 040506070809 1 010203040506070809 1 010203040506070808 1
support (%) support (%) support (%) support (%)
(a) (b) (c) (d)

Fig. 3. Sensitivity to the support threshold

5.2 Comparison with LossyCounting and FDPM

In this section, we compare DELAY with LossyCounting and FDPM in the
following aspects: reaction time, total run time, memory requirements under
different dataset size and support levels.

5.2.1 Average Length of Transactions
We fix s = 1%, € = s/10, the length of data stream = 100k, and vary average
length of transaction from 10 to 60.

Fig.4 shows the change of run time of g,
DELAY, LossyCounting and FDPM as the _ 50 | mOELAv e
length of transactions increases. As shown 300 | DEossyCounting
in Fig.4, DELAY significantly outperforms £ 7% [
LossyCounting and FDPM on the running 0
time, and the excellence of DELAY is more
evident when transaction becomes longer.
The reason has been explained in section 4.3.

me(sec.)

10 20 30 40 50 60
average length of transactions

Fig. 4. Transaction length

5.2.2 Length of Stream

In this section we test the algorithms with two data sets: T30.I110.D?k and
T15.16.D7k. For this set of experiments, we fix s = 1%, ¢ = s/10, and report
the time and memory usage as the length of data stream increases from 100k to
1000k.

For T30.110.D?k, Fig.5 shows the results. As shown in Fig.5(a), DELAY sig-
nificantly outperforms LossyCounting and FDPM on the running time for the
stream with relatively longer transactions. Fig.5(b) shows that the increasing
speed of memory by DELAY as the increase of stream size is faster than Lossy-
Counting and FDPM, but the ability of processing streams of higher speed is
worthy of the sacrifice of memory.
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For T15.110.D%k, Fig.5(c) shows the results. As shown in Fig.5(c), though
DELAY does not perform better than LossyCounting and FDPM do when trans-
actions are short, but the step! time of DELAY shows that DELAY could work
on streams flowing at high speed.

5000 500 500
L DDELAY(step2)
-, 400 EBEW@S% s 400 _ 400 | mOEaY(stept)
8 3000 -OFDPM_ > 300 © 300 | OLossyCounting
2 OLossyCounting S 8 s
£ 2000 g 200 | s 0 |
£ 8 £
1000 | £ 100 | £
—&— DELAY ——LossyCounting —&—FDPM
0 0 .

100 200 300 400 500 600 700 800 900 1000 100 200 300 400 500 600 700 800 900 1000 100 200 300 400 500 600 700 800 900 1000

data stream length (k) data stream length (k) data stream length (k)
(a) (b) (c)

Fig. 5. Length of Stream

5.2.3 Support Threshold
In this section we test the algorithms with two data sets: T30.110.D1000k and
T15.16.D1000k. We fix € = s/10, and vary s from 0.1% to 1%.

For T30.110.D1000k, Fig.6(a), (b), (¢) and (d) show the results. As shown in
Fig.6(a) and (b), DELAY outperforms LossyCounting and FDPM for streams
of long transactions as support increases. Fig.6(c) and (d) show that DELAY
consumes a bit more memory than LossyCounting and FDPM.

For T15.110.D1000k, Fig.6(e) and (f) show the results. As shown in these
Figures, the step! time of DELAY is almost unchanged with the varying of
support level. Though DELAY does not significantly outperform LossyCounting
and FDPM for short transactions overall, DELAY could perform better when
support level is relatively low.

10000 SDELAY(ie92) ~ 0.06 900
step o BDELAY (step2; 800
8000 BDELAY(step) 2 0.05 IDELAYgt:&; 700
DLossyCounting E 004 | DLossyCouning S 600
~ 6000 OFDPM S 00 OFDPM =
9 3] 500
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0102030405060.70809 1 = 0.102030405060.70809 1 0.1020.3040506070809 1
support (%) support (%) support (%)
(a) (b) (c)
0,006 800 5008 e AV
BDELAY(step2 step!
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Fig. 6. Varying s
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5.2.4 Recall and Precision

In order to evaluate the accuracy of these algorithms, we test the recall and pre-
cision for streams with different average length of transactions, different support
threshold and different error rate. Recall and precision are defined as follows.
Given a set A of true frequent itemsets and and a set B of frequent itemsets
output by the algorithms. The recall is |A|21|9| and the precision is IA|2’J|BI'

Fixing s = 1%, e = s/10, the length of data stream 1000k, we vary the average
length of transactions from 10 to 50. Table 1 shows the recall and precision
of DELAY, LossyCounting and FDPM. DELAY is a false-negative algorithm,
which ensures its precisions to be 100%, DELAY achieves a little higher recall
than FDPM on the average.

For dataset T30.110.D1000k, setting e = s/10, Table 2 lists the recall and
precision of DELAY, LossyCounting and FDPM with different support thresh-
olds. It shows that recall increase as support thresholds decrease. That is because
the error of items is bound by €N, and the error distributes to lots of itemsets.
When the support decreases, there will be more frequent itemsets, so the error
per itemset becomes less.

For dataset T30.110.D1000k, Table 3 shows the recall and precision of Lossy-
Counting and DELAY as ¢ increases from 0.01% to 0.1% and support is fixed
to be 1%. It tells us that DELAY can get high recall under the condition of
maintaining precision to be 1.

Table 1. Varying transac- Table 2. Varying support s Table 3. Varying error e
tion length

L. DELAY FDPM LC S % DELAY FDPM LC  error% DELAY FDPM LC
R P R P R P R P R P R P R P R P R P

10 1 1 1 1 1 0.89 0.1 0.971 1 1 1 0.890.01 1 1 1 1 1 099
20 1 1 1 1 1 06 02 0961 0.991 1 0.970.02 1 1 0991 1 099
30 0.961 0.931 1 0.54 0.4 0.931 0.991 1 0.97 0.04 1 1 0.991 1 0.98
40 0.921 0.931 1 0.51 0.6 0.851 0.981 1 0.87 0.06 1 1 0.981 1 0.93
50 0.9 1 09 1 1 042 0.8 0.891 0.981 1 073008 0961 0.981 1 09
1 0.781 0.961 1 0.790.1 0971 0961 1 0.85

6 Conclusions

In this paper, we propose a lazy approach for mining frequent patterns over
a high speed data stream. Based on this approach, we develop an algorithm,
DELAY, which does not calculate the frequency of itemsets as soon as the data
arrive in data stream like other algorithms, but only stores necessary information.
The frequency is not calculated until the query for frequent itemsets comes,
which can avoid missing any transaction arrival in data stream. This kind of
delay also helps this method to perform well for long transaction data streams.
In order to reduce the information needed to store, we propose monitoring items
which are more likely to be frequent. In the meantime, this algorithm can also
guarantee a predefined error rate.
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