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MapReduce Applications in the Real World

http://www.dbms2.com/2008/08/26/known-applications-of-mapreduce/

Application of MapReduce



http://wiki.apache.org/hadoop/PoweredBy
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Growth of MapReduce Applications in Google

[ Dean, PACTO0606 Keynot e]
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MapReduce Goes Big: More Examples

A Google : >100,000 jobs submitted, 20PB data processed per day
Anyone can process tera-bytes of data w/o difficulties

A Yahoo: >100,000 CPUs in >25,000 computers running Hadoop
Biggest cluster: 4000 nodes (2*4 CPUs with 4*1TB disk)
Support research for Ad system and web search

A Facebook : 600 nodes with 4800 cores and ~2PB storage
Store internal logs and dimension user data
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User Experience on MapReduce
Simplicity, Fault-Tolerance and Scalability

Google: nNncompl etely rewrote

system usi ng MaphPesdnc esD]

A Simpler code (Reduce 3800 C++ lines to 700)
A MapReduce handles failures and slow machines
A Easy to speedup indexing by adding more machines

Nutch: maj or al gor

N c
| mpl e me | gOttingl Yahoo! 2005 € e k

A Before: several undistributed scalability bottlenecks,
Impractical to manage collections >100M pages

A After: the system becomes scalable, distributed, easy to
operate; it permits multi-billion page collections
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MapReduce in Academic Papers
http://atbrox.com/2009/10/01/mapreduce-and-hadoop-academic-papers/

A 981 papers cite the first MapReduce paper [Dean & Ghemawat, OSDI
Category: Algorithmic, cloud overview, infrastructure, future work

Company: Internet (Google, Microsoft, Yahoo ..), IT (HP, IBM, Intel)
Uni versity: CMU, U. Penn, UcC. Ber ke

A >10 research areas covered by algorithmic papers
Indexing & Parsing, Machine Translation
Information Extraction, Spam & Malware Detection
Ads analysis, Search Query Analysis
Image & Video Processing, Networking
Si mulation, Graphs, Statistics, &

A 3 categories for MapReduce applications
Text processing: tokenization and indexing
Data warehousing: managing and querying structured data
Machine learning: learning and predicting data patterns
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Outline
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Text Indexing and Retrieval: Overview
[Lin & Dryer, Tutorial at NAACL/HLT 2009]

A Two stages: offline indexing and online retrieval

A Retrieval: sort documents by likelihood of documents
Estimate relevance between docs and queries
Sort and display documents by relevance

A Standard model: vector space model with TF.IDF weighting
Indexing: represent docs and queries as weight vectors
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MapReduce for Text Retrieval?

A Stage 1: Indexing problem
No requirement for real-time pracessing

Scalability and incremental u : rtant
Suitabl

Map

A Stage 2: Retrieval problem
Require sub-second response to qu
Only few retrieval results are neesde

Not ideal for
MapReduce
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Inverted Index for Text Retrieval
[Lin & Dryer, Tutorial at NAACL/HLT 2009]
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Indexing Construction using MapReduce
More details in Part 1 & 2

A Map over documents on each node to collect statistics
Emit term as keys, (docid, tf) as values
Emit other meta-data as necessary (e.g., term position)

A Reduce to aggregate doc. statistics across nodes
Each value represents a posting for a given key
Sort the posting at the end (e.g., based on docid)

A MapReduce will do all the heavy lifting
Typically postings cannot be fit in memory of a single node
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Example: Simple Indexing Benchmark

A Node configuration: 1, 24 and 39 nodes
347.5GB raw log indexing input
~30KB total combiner output
Dual-CPU, dual-core machines
Variety of local drives (ATA-100 to SAS)

A Hadoop configuration
64MB HDFS block size (default)
64-256MB MapReduce chunk size
6 ( = # cores + 2) tasks per task-tracker
Increased buffer and thread pool sizes
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Scalabllity: Aggregate Bandwidth
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Nutch: MapReduce-based Web-scale search engine
Official site: http://lucene.apache.org/nutch/

A Doug Cutting, the creator of Hadoop, i\m o) @»
and Mike Cafarella founded in 2003 5 Eﬁf
Map-Reduce / DFS Y Hadoop
Content type detection Y Tika
A Many installations in operation
>48 sites listed in Nutch wiki
Mostly vertical search
A Scalable to the entire web

Collections can contain 1M i 200M
documents, webpages on millions of
different servers, billions of pages

Complete crawl takes weeks
State-of-the-art search quality
Thousands of searches per second
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