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Recursive art contest entries due Monday 12/1 @ 11:59pm (new submission instructions)
Homework 10 due Wednesday 12/3 @ 11:59pm
Homework Party Monday 6pm-8pm in 2050 VLSB
Ask homework questions in lab; both lab and homework are about SQL
Quiz 3 released Wednesday, due Thursday 12/4 @ 11:59pm
No videos for Lecture 38 on Friday 12/5
Come to class and take the final survey
There will be a screencast of live lecture (as always)
Screencasts: http://goo.gl/hyUTca

Final exam held on Thursday 12/18 3pm-6pm (review info later this week)
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Systems research enables the development of applications by defining and implementing
abstractions:

Operating systems provide a stable, consistent interface to unreliable, inconsistent
hardware

Networks provide a robust data transfer interface to constantly evolving communications
infrastructure

Databases provide a declarative interface to software that stores and retrieves information
efficiently

Distributed systems provide a unified interface to a cluster of multiple machines

A unifying property of effective systems:

Hide complexity, but retain flexibility
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Essential features of the Unix operating system (and variants):
Portability: The same operating system on different hardware.
Multi-Tasking: Many processes run concurrently on a machine.
Plain Text: Data is stored and shared in text format.
Modularity: Small tools are composed flexibly via pipes.

“We should have some ways of coupling programs like [a] garden hose — screw in another
segment when it becomes necessary to massage data in another way,” Doug McIlroy in 1964.

standard input } process L_

P standard output

: _— A
[ Text input J J/
Text output

standard error

The standard streams in a Unix-like operating system are similar to Python iterators.

(Demo)

ls hwx | grep -v html | cut -f 1 -d '.' | cut -c 3- | sort -n
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Constraints on the mapper and reducer:
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In MapReduce, these functional programming ideas allow:

Consistent results, however computation is partitioned
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