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Introduction Achlevements

Many real world data naturally arrive as streams (see examples below). These streams of data need to be monitored to collect traffic
statistics, detect trends and anomalies, tune system performance and help make the business policies. However, due to the large size of = We handle: Asynchronous Streaming Data
such streaming data, conventional data processing methods are not feasible. My Ph.D. dissertation research studies fundamental problems

. ; . . . . . o Order of data delivery is not the same as the order of data generation
In the processing of such streaming data in a time and space efficient manner, with applications to network and database management.

T Inevitable in distributed context, such as networking data,
Distributed Data Stream Phenomenon Example Applications where asynchrony is caused by network delay or multipath routing

IP packet flow through network links Online network monitoring

Sensor observations in a sensor network Energy-efficient sensor network We handle: Multi-dimensional Correlated Streaming Data
Access sequence of a distributed database computing Multi-dimensional data

Trading log at stock exchanging markets Database access traffic analysis Data are correlated among different attributes

Sequences of search key words at Google Online business data analysis Aggregate one dimension of the data where other dimensions

web servers for decision makers satisfy a predicate given by users at query time

Example: Average transmission delay over the IP packets
Data Stream Model whose payload is =10K bytes

Challenges in Data Stream Processing Stream:R=¢e,, e,, €, ...

One pass processing S e=(Vvy, Wy, idy, t;) We handle: Time-decayed Streaming Data
Fast prOCGSSing of each Streaming data Database Accessing Traffic Monitoring Data Vi value Newer data are more impOrtant
Working space much smaller than stream size w;: initial weight Weight of each data is continuously being eliminated
Continuous Queries id:: unique id Example: Average transmission delay over the IP packets
Example Data Streams t: timestamp received in the last 24 hours
Distributed Asynchronous Data Streams Processing A General Purpose Sketch for Stream Processing
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