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Spawn worker threads:

thread thread thread
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Workers process data:

thread

thread ih riii
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thread thread
Report
results
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fun foo(lst: int list) =
sum(lst) + mul(lst) + length(lst)



PR AR e e v O F 4 (3)
¢ BT LU S

fun DoDouble(f, x) = f (f X)



fun map f []
| map ¥ (X::xs)

map sqrt [1,4,9,16]



Fold

a
foldl F (f(x, a)) xs

fun foldl f a []
| foldl f a (X::xs)

fun foldr f a [] a
| foldr ¥ a (X::Xxs) f(x, (foldr ¥ a xs))

2909
anmEEE

foldl (-) 1 [4,8,5], foldr (-) 1 [4,8,5]
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fun foo(lst: int list) =
sum(Ist) + mul(Ist) + length(lst)

fun sum(lst) = foldl (fn (x,a)=>x+a) O Ist
fun mul(lst) = foldl (fn (x,a)=>x*a) 1 Ist
fun length(lst) = foldl (fn (x,a)=>1+a) 0 Ist
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map T [] = [

map f (x:xs) = f x : map xs
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foldl T z [] = z
foldl T z (x:xs) = foldl T (F z X) Xs

EAT 2541 Al U471k fold?
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MapReduce

mapreduce f, f. Ist =
map (reducePerKey f.) (group (map f, Ist))

reducePerKey T, (k,v_list) =
(k, (Ffoldl (., k) [] v_list))

MapReduce maps a fold over the result of a map!
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— MapReduce is inspired by the map and reduce primitives
present in Lisp and many other functional languages.

« LammelXfMapReduce ) B8 FEAE T IR A HLER TS

— R. Lammel. Google’s MapReduce Programming Model —
Revisited. http://www.cs.vu.nl/~ralf/MapReduce/.
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Omap (1n_key, 1n_value) ->
(out_key, Intermediate_value) list

O reduce (out key, intermediate value list) ->
out_value list



Input key/value

Input key/value

pairs pairs
Y Y
map map
Data store 1 Data store n
(kéy 1, (key 2, (key 3, (kéy 1, (key 2, (key 3,
valIes...) values...) valuT...) valules...) values...) values...)
== Barrier == : Aggregates intermediate values by output key |
key 1, key 2, key 3,
intermediate intermediate intermediate
values values values
\ \ \J
reduce reduce reduce
final key 1 final key 2 final key 3
values values values
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- Page 1: the weather is good
- Page 2: today is good
- Page 3: good weather is good

map(String key, String value): reduce(String key, Iterator values):

// key: document name // key: a wor'.d

// value: document contents (/ values: a list of counts

for each word w in value: int result = 0;
EmitIntermediate(w, "1"); ~ for eachvin values:

result += ParseInt(v);
Emit(AsString(result));



Worker 1:

Page 1: the weather is - (the 1)

good . - Worker 2:
Page 2: today is good - (is1),(is1), (is1)
Page 3: good weather ’ |

is good Worker 3:
- (weather 1), (weather 1)
Worker 4.
- (today 1)
map Worker 5:
- (good 1), (good 1), (good 1), (good 1)
feed
v ) reduce
Worker 1:
- (the 1), (weather 1), (is 1), (good 1) Worker 1:*(the 0
Worker 2. - Worker 2: (is 3)
- (today 1), (is 1), (good 1) - Worker 3: (weather 2)
Worker 3: - Worker 4: (today 1)
- (good 1), (weather 1), (is 1), (good 1) | | + Worker 5: (good 4)
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#include "mapreduce/mapreduce.h*

// User®™s map function
class WordCounter : public Mapper {
public:
virtual void Map(const Maplnput& input) {
const string& text = i1nput.value();
const Int n = text.size();
for (int 1 = 0; 1 <nj; ) {
// Skip past leading whitespace
while ((1 < n) && isspace(text[i])) i1++;
// Find word end

int start = 1;
while ((1 < n) && 'isspace(text[i])) i1++;
iIT (start < 1) Emit(text.substr(start,i-start),”1");
+
+

¥
REGISTER_MAPPER(WordCounter);



// User™s reduce function
class Adder : public Reducer {
virtual void Reduce(Reducelnput* i1nput) {
// lterate over all entries with the
// same key and add the values
int64 value = 0;
while (Tinput->done()) {
value += StringTolnt(input->value());
input->NextValue();
+
// Emit sum for input->key()
Emit(IntToString(value));

}
¥
REGISTER_REDUCER(Adder);



int main(int argc, char** argv) {

ParseCommandLineFlags(argc, argv);

MapReduceSpecification spec;

// Store list of 1nput files Into ''spec”

for (int 1 = 1; 1 < argc; 1++) {
MapReducelnput* 1nput = spec.add_i1nput();
Input->set_format('text');
input->set_fTilepattern(argv[i]);
Input->set_mapper_class("'WordCounter™);

}

// Specify the output files:

MapReduceOutput* out = spec.output();

out->set_ Tilebase("'/gfs/test/Treq');

out->set _num_tasks(100);

out->set_ format('text™);

out->set_reducer_class('Adder');

// Optional: do partial sums within map tasks

out->set _combiner_class('Adder™);

// Tuning parameters

spec.set_machines(2000);

spec.set_map_megabytes(100);

spec.set _reduce megabytes(100);

// Now run it

MapReduceResult result;

iIT (IMapReduce(spec, &result)) abort();

// Done: “result® structure contains info about counters, time

// taken, number of machines used, etc.

return O;
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— 2-CPU x86 machines, 2-4 GB of memory
— 100 mbps or 1 gbps Ethernet

— Storage is on local IDE disks

— Clusters consists of thousands of machines

BAF

— GFS: distributed file system manages data

— Job scheduling system: jobs made up of tasks, scheduler
assigns tasks to machines
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User L (1) fork
(1) fork s Program el
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Split 3
Input Files Map Phase Intermediate files Reduce Phase output Files

(on local disks)



Process

Time

User Program

Master

Worker |

Worker 2

Worker 3

Worker 4

MapReduce()

... wait ...

Assign tasks to worker machines...

Map 1

Map 3

Map 2

Reduce 1

Reduce 2
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- Dual-processor 2 GHz Xeons with Hyperthreading
- Dual 160 GB IDE disks

- Gigabit Ethernet per machine
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Usage Statistics Over Time

IERAY

Aug, ‘04
Number of jobs 29,423
Average completion time (secs) 634
Machine years used 217
Input data read (TB) 3,288
Intermediate data (TB) 758
Output data written (TB) 193
Average worker machines 157
Average worker deaths per job 1.2
Average map tasks per job 3,351
Average reduce tasks per job 55

Unigue map/reduce combinations 426

Mar, ‘05

72,229
934
981

12,571

2,756
941
232

1.9

3,097
144
411

Mar, ‘06

171,834
874
2,002
52,254
6,743
2,970
268
5.0
3,836
147
2345
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— distributed grep, distributed sort, term-vector per
host, document clustering, machine learning, web
access log stats, web link-graph reversal, inverted
Index construction, statistical machine translation

o ZAERIALRISZELE T LA B
— Hadoop: http://lucene.apache.org/hadoop/




The Landscape of Parallel Computing Research: A
View from Berkeley

Krste Asanovic

Ras Bodik

Bryan Christopher Catanzaro
Joseph James Gebhis
Parry Husbhands

Kurt Keutzer

Dawvid A. Fatterson
William Lester Plishker
John Shalf

Samuel Webb Willlams
Katherine A. Yelick

Electrical Engineering and Computer Sciences
University of California at Berkeley

Technical Report No. UCB/EECS-2006-183
hitp:ffwrenw eecs berkeley edwPubsiTechRpta2006/EECS-2006- 183 html

December 18, 2006




Applications Hardware

Tension between
1. What are the Embedded & Server 3. What are the
applications? Computing hardware

building blocks?

2. What are
common 4. How to

kernels of the Programming Models connect them?

applications? 5. How to describe applications and
kernels?
6. How to program the hardware?

Evaluation:
7. How to measure success?

Figure 1. A view from Berkeley: seven critical questions for 21*' Century parallel computing.
(This figure is inspired by a view of the Golden Gate Bridge from Berkeley.)
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Finite State Mach.
Combinational
Graph Traversal
Structured Grid
Dense Matrix
Sparse Matrix
Spectral (FFT)
Dynamic Prog
N-Body
MapReduce
Backtrack/ B&B
Graphical Models
Unstructured Grid

Embed
SPEC
DB

Games
ML

Popularity (Red Hot —

HPC

Health

Image

Speech

Music

Delaunay
mesh

generatiom

Gene

Sequencing

Kmeans
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[Clustering

Vacation

Reservation
System
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