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Virtualized 2-D Pipelines
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LINQ = C# + Queries

:Collection<T> collection; J
‘bool IsLegal(Key); \
\strmg Hash(Key); )
7 )

[var result§ = from c in collection
where IsLegal(c.key)

lect Hash(c.key), c.value};
& select new { Hash(c.key), c.value} /




DryadLINQ = LINQ + Dryad
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where IsLegal(c.key)
& select new { Hash(c.key), c.value};
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Demo

w0 Count - Micrasoft Wisual Studio EI
File  Edit  View Refactor Project  Build  Debug  Data  Tools  Test  Analyze  Window  Help
E-.szlj‘li-]'ﬁlgﬁ|?a'—‘:£l__'1|"7'-"'v__;'bliDebug * Ay CPU v|@moue .|r::|=
et Sy |SE2|0P3 8385

Queryable [from metadata] ﬁrDryadLinqCanig.xrql) Program.cs - X

Flusing System;
using System.Collections.Generic; .
using 3ystem.Ling:
using System. Text:
uzging LingToDryad;

»

[ hamespace Dewmwo
i
class Program
i
= static void Mainistring[] args)
i

m

DryadbataContext dde = new DryadDataContext (Brfile:/YVirwbudiu-1YdryvadlinginputsT™) ;
DryadTable<lLineRecord> table = ddo.GetTable<LineRecord> ("inputfile.txt");
fiDryadTable<LineRecords> table = dde.GetPartitionedTable<LineRecords ("partitioned-inputfile.
war result = tabhle;

foreach (wvar r in result)
Console.WriteLine ({0}, r):
Console.ReadKey ()

Ready Ln 22 Calé Chi INS

Done
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Example: Histogram

public static IQueryable<Pair> Histogram(
|IQueryable<LineRecord> input, int k)
{

var words = input.SelectMany(x => x.line.Split(" '));

var groups = words.GroupBy(x => x);

var counts = groups.Select(x => new Pair(x.Key, x.Count()));
var ordered = counts.OrderByDescending(x => x.count);

var top = ordered.Take(k);

return top;

“A line of words of wisdom”

[“A”, “line”, “of”, “words”, “of”, “wisdom”]

[[“A”], [“line”], [“of”, “of”], [“words”], [“wisdom”]]

[ {“A”, 1}, {“line”, 1}, {“of”, 2}, {“words”, 1}, {“wisdom”, 1}]
[{“of”, 2}, {“A”, 1}, {“line”, 1}, {"words”, 1}, {“wisdom”, 1}]
[{“of”, 2}, {“A”, 1}, {“line”, 1}]
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Map-Reduce in DryadLINQ

public static IQueryable<S> MapReduce<T,M,K,S>(
this IQueryable<T> input,
Expression<Func<T, IEnumerable<M>>> mapper,
Expression<Func<M,K>> keySelector,
Expression<Func<IGrouping<K,M>,S>> reducer)

var map = input.SelectMany(mapper);
var group = map.GroupBy(keySelector);
var result = group.Select(reducer);
return result;
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E.g: Linear Algebra
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Expectation Maximization (Gaussians)
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Conclusions

Dryad = distributed execution environment
Supports rich software ecosystem

DryadLINQ = Compiles LINQ to Dryad
C# objects and declarative programming

.Net and Visual Studio
for distributed programming



Dryad Job Structure
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Linear Regression
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Linear Regression Code

A= VXX ), X xx )"

Vectors x = input(0), y = input(1);

Matrices xx = x.Map(x, (a,b) => a.OuterProd(b));
OneMatrix xxs = xx.Sum();

Matrices yx = y.Map(x, (a,b) => a.OuterProd(b));
OneMatrix yxs = yx.Sum();

OneMatrix xxinv = xxs.Map(a => a.Inverse());
OneMatrix A = yxs.Map(xxinv, (a, b) => a.Mult(b));



Dryad = Execution Layer

Job (application)
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* Many similarities

Execution layer

Job = arbitrary DAG

Plug-in policies
Program=graph gen.
Complex (frfeatures)
New (< 2 years)

Still growing

Internal

Exe + app. model
Map+sort+reduce
Few policies
Program=map+reduce
Simple

Mature (> 4 years)
Widely deployed
Hadoop
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THis article is based on the Parallel FX library, which is currently in development. All information
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Operations on Large Vectors:




Map 2 (Pairwise)




Map 3 (Vector-Scalar)




Reduce (Fold)
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Software Stack

Applications
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