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Web Performance Optimization

• Speed matters!

• 0.1   s     → direct manipulation

•    1   s     → good navigation

•    10 s     → attention kept

•  >10 s     → bye bye!
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How to Measure? Episodes

• Measures “episodes” during page loading

• Real measurements: JS in browser, for each visitor

• Result: Episodes log file
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Literature Study Subjects

• Data Stream Mining

• Anomaly Detection

• OLAP: Data Cube

} Data Mining: finding patterns in data

} OLAP: querying multidimensional data
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Data Stream Mining

• Constraints

• Possibly infinite data stream ⇒ approximation

• Window model

- Landmark: from beginning until now

- Tilted-time: per-hour window, 24 “hour windows” → “day window”, etc.

• Algorithms studied

• Frequent Item Mining: 7

• Frequent Pattern Mining: 2
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Anomaly Detection: Vilalta/Ma

• Based on frequent pattern mining

• Find all frequent itemsets that precede anomalies
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OLAP: Data Cube: Range-Sum Performance

• Very common type of query

• Algorithms studied: 3
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Questions?

Thanks for your time!


