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Abstract Data stream is a new data model that has attracted attentions in numerous applications such as
traffic monitoring telephone records management sensor networks stock-market analysis Web click
streams etc. The importance of quantile estimation of data streams has been highlighted by more and more
researchers in recent years. Due to the characteristics of continuity and boundlessness of streaming data it
is unfeasible to memorize the entire information of data streams and thus difficult to get the exact answer to
the query on streaming data. In this paper a novel synopsis data structure—Nord_Histogram for storing
streaming data summary is designed to get a balance between the memory cost and the query accuracy and
a one-pass online approximate algorithm for quantile computation is presented. The algorithm implements
the approximate quantile queries over data stream with the time and space requirements being linear with
the number of the buckets which has no business with the length of data streams and therefore has great
scalability. This method has very good performance on data with uniform distribution. The correlation
between the computation accuracy and main memory requirement is also analyzed. Experimental results

show that the algorithm brings about quite small relative errors and works well over data streams.
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Table 1 Errors of Nord_Histogram Based Approximate Quantile Computation Algorithm with N = 200000
1 Nord _Histogram 200000
SPAN,,
q; %
20000 40000 60000 80000 100000
5 0.0000364502 0.0000674316 0.0000350016 0.0000171967 0.0000369434
15 0.0000421021 0.0000141357 0.0000071452 0.0000098145 0.0000076563
25 0.0000166748 0.0000051270 0.0000551270 0.0000112061 0.0000091797
35 0.0000012207 0.0000159180 0.0000284505 0.0000138428 0.0000157813
45 0.0000714355 0.0000223145 0.0000114583 0.0000046387 0.0000305469
55 0.0000162598 0.0000569824 0.0000386068 0.0000155762 0.0000171094
65 0.0000359375 0.0000180176 0.0000508464 0.0000114258 0.0000491797
75 0.0000238770 0.0000693359 0.0000199219 0.0000432617 0.0000222656
85 0.0000300781 0.0000009766 0.0000146484 0.0000211914 0.0000275781
95 0.0000453125 0.0000193359 0.0000167318 0.0000259766 0.0000337500
Average Errors 0.0000319348 0.0000289575 0.0000277938 0.0000174130 0.0000249990
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Table 2 Errors of Nord_Histogram Based Approximate Quantile Computation Algorithm with SPAN,, = 10000

2 Nord _Histogram 10000
N
q; %
100000 120000 140000 160000 180000
5 0.0000017548 0.0000136353 0.0000303040 0.0000425293 0.0000340668
15 0.0000795410 0.0000348511 0.0001044189 0.0000359375 0.0000885498
25 0.0001410645 0.0000348877 0.0000060303 0.0000615234 0.0000212158
35 0.0000429932 0.0000840088 0.0000255859 0.0000337402 0.0000830566
45 0.0000844727 0.0000065430 0.0000472168 0.0000720703 0.0000885742
55 0.0000032227 0.0000379395 0.0000551758 0.0000675781 0.0001133789
65 0.0000713867 0.0000571289 0.0000012695 0.0000829102 0.0001011230
75 0.0000494141 0.0000129395 0.0000889160 0.0001000000 0.0000390625
85 0.0001027344 0.0000957031 0.0000340820 0.0000218750 0.0000833008
95 0.0000316406 0.0000636719 0.0001032227 0.0000568359 0.0000010742
Average Errors 0.0000608224 0.0000441309 0.0000496222 0.0000575000 0.0000653403
3 NORMAL Reservoir Concise NORMAL 11
Preallocated  Adaptive
100000 10000 1000 3 1000000 Preallocated
Adaptive 0.001 NORMAL
Table 3 Comparison with Sampling_Based Algorithms on Errors 50000 1000. Space
and Time Complexity NORMAL
3 Preallocated
) Algorithm 5 1 Adaptive
q;
NORMAL Reservoir Concise NORMAL
5 0.0000017548 0.0037 0.0066
15 00000795410 0.0021 0.0021 Table 4 Comparison with Equi-Width Histogram_ Based
25 0.0001410645 0.0010 0.0144 Algorithms on Errors and Memory Cost
35 0.0000429932 0.0005 0.0031 4
45 0.0000844727 0.0023 0.0058 -
16 Algorithm
q; 1
55 0.0000032227 0.0049 0.0145 NORMAL Preallocated Adaptive
65 0.0000713867 0.0099 0.0120 1 0.00001815  0.0000541 0.0003173
75 0.0000494141 0.0165 0.0099 2 0.00001024 0.0000579 0.0003259
85 0.0001027344 0.0235 0.0176 3 0.00000236 0.0000573 0.0003172
95 0.0000316406 0.0133 0.0044 4 0.00002664 0.0000557 0.0003546
Average Errors  0.0000608224 0.0078 0.0090 5 0.00002764 0.0000545 0.0002907
Time Complexity 0B O BlogB O BlogB 6 0.00000363  0.0000589 0.0002972
7 0.00000516 0.0000503 0.0002951
Note With the Number of Data is 100000 SPAN, = 10000
8 0.00001391 0.0000455 0.0002892
SPANy = 1000
9 0.00000473 0.0000588 0.0003015
NORMAL Reservoir 10 0.00000309 0.0000714 0.0002924
. . 11 0.00000484 0.0000581 0.0002989
Concise
. 12 0.00000555 0.0000486 0.0003378
Reservoir
13 0.00000000 0.0000530 0.0003128
Concise 14 0.00000094 0.0000565 0.0003146
15 0.00001922 0.0000545 0.0002797
Average Errors 0.00000913 0.0000557 0.0003083
O B log B Space 1000 5052 920
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Reseach Background
Statistics over streaming data elements are often required in applications such as traffic monitoring network intrusion detection

telephone records management stock price prediction in financial markets Web log mining for access prediction and user click
stream mining. Among various statistics computing quantile summary is probably most challenging because of its complexity. In this
paper we study the problem of continuously maintaining quantile summary over a data stream so that quantile queries can be
answered in time. We develop a synopsis data structure—Nord_ Histogram for storing streaming data summary to get a balance
between the memory cost and the query accuracy and a one-pass approximate algorithm NORMAL for quantile computation. The
algorithm implements the approximate quantile queries over data stream with the time and space requirements being linear with the
number of the buckets which has no business with the length of data streams. The correlation between computation errors and main
memory required is also analyzed. Our work is supported by the National Grand Fundamental Research 973 Program of China under
grant No. 2006CB705500.



