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Recall: Kinds of parallelism 

•  Data parallelism 
–  The same task run on different data in parallel 

•  Task parallelism 
–  Different tasks running on the same data 

•  Hybrid data/task parallelism 
–  A parallel pipeline of tasks, each of which might be 

data parallel 

Pictures in following slides due to James Reinders 
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Pipeline parallelism 

•  Output of one task is the input to the next 
–  Each task can run in parallel 
–  Throughput impacted by the longest-latency 

element in the pipeline 



4 

Pipeline load balancing 

•  Assign more than one computational process to 
each task 
–  Combines data- and pipeline- parallelism 
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MapReduce: Programming the Pipeline 

•  Pattern inspired by Lisp, ML, etc. 
–  Many problems can be phrased this way 

•  Results in clean code 

–  Easy to program/debug/maintain 
•  Simple programming model 
•  Nice retry/failure semantics 

–  Efficient and portable 
•  Easy to distribute across nodes 

Thanks to Google, Inc. for some of the slides that follow 
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Map & Reduce in Lisp (Scheme) 

•  (map f list) 

•  (map square ‘(1 2 3 4)) 
–  (1 4 9 16) 

•  (reduce + ‘(1 4 9 16) 0) 
–  (+ 1 (+ 4 (+ 9 (+ 16 0) ) ) ) 
–  30 

•  (reduce + (map square ‘(1 2 3 4)) 0) 
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MapReduce a la Google 

•  map(key, val) is run on each item in set 
–  emits new-key / new-val pairs 

•  reduce(key, vals) is run for each unique key 
emitted by map() 
–  emits final output 
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count words in docs 

•  Input consists of (url, contents) pairs 

•  map(key=url, val=contents): 
–  For each word w in contents, emit (w, “1”) 

•  reduce(key=word, values=uniq_counts): 
–  Sum all “1”s in values list 
–  Emit result “(word, sum)” 
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Count,  
Illustrated 

map(key=url, val=contents): 
For each word w in contents, emit (w, “1”) 

reduce(key=word, values=uniq_counts): 
Sum all “1”s in values list 
Emit result “(word, sum)” 

see bob throw 
see spot run 

see  1 
bob  1  
run  1 
see  1 
spot  1 
throw  1 

bob  1  
run  1 
see  2 
spot  1 
throw  1 
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Execution  
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Parallel Execution  
data 
parallelism 

pipeline 
parallelism 

Key: no implicit dependencies between map or reduce tasks 
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Example uses:  
distributed grep distributed sort  web link-graph reversal  

term-vector / host web access log stats  inverted index construction  
document clustering  machine learning  statistical machine translation  
...  ...  ... 

Model is Widely Applicable 
MapReduce Programs In Google Source Tree at end of 2004 
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Fault Tolerance, Optimizations 

•  Handle worker failures via re-execution 
–  Detect failure via periodic heartbeats 
–  Re-execute in-progress reduce tasks 

•  Perform redundant computations on idle 
resources 

•  Exploit locality: send tasks to the data 
•  Exploit reduce func. properties to further 

parallelize, decrease net. bandwidth 
–  E.g., commutativity, associativity 
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The programming model is the key 

•  Simple control makes dependencies evident 
–  Can automate scheduling of tasks and optimization 

•  Map, reduce for different keys, embarassingly parallel 
•  Pipeline between mappers, reducers evident 

•  map and reduce are pure functions 
–  Can rerun them to get the same answer  

•  in the case of failure, or  
•  to use idle resources toward faster completion 

–  No worry about data races, deadlocks, etc. since 
there is no shared state 
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Compared to “big iron” 

•  According to Wikipedia, Google uses 
–  450,000 servers from 533 MHz Celeron to dual 

1.4GHz Pentium III 
–  80GB drive per server, at least 
–  2-4GB memory per machine 
–  Jobs processing 100 terabytes of distributed data 

•  Compare the computing power here to even 
the most powerful supercomputer 
–  Not even close … 
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Other clean, parallel languages/systems  

•  StreamIt: uncovers task, pipeline, and data parallelism 
by using stream processing model 

•  Cilk: C dialect for programming recursive, divide-and-
conquer parallel algorithms implemented using work 
stealing 
–  Both languages hide low-level plumbing, like MapReduce, but 

admit richer computational models 
•  More flexible computational domains 
•  More dependencies between tasks (including implict state-based 

ones) restrict scheduling 
•  Models are less clean: programming the “wrong way” confuses the 

compiler and can kill “expected” speedups 
•  Dryad: MSR effort to (slightly) generalize MapReduce 

But they will not work for all applications 


