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Data Partitioning
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Data-Parallel Computation
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2-D Piping
• Unix Pipes: 1-D

grep |  sed  | sort | awk |  perl

• Dryad: 2-D

grep1000 |  sed500 | sort1000 | awk500 |  perl50
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Virtualized 2-D Pipelines
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Virtualized 2-D Pipelines
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Virtualized 2-D Pipelines
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Virtualized 2-D Pipelines
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Virtualized 2-D Pipelines
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• 2D DAG
• multi-machine
• virtualized



Architecture
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Fault Tolerance
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DryadLINQ
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LINQ = C# + Queries

Collection<T> collection;

bool IsLegal(Key);

string Hash(Key);

var results = from c in collection 
where IsLegal(c.key) 
select new { Hash(c.key), c.value};



Collection<T> collection;
bool IsLegal(Key k);
string Hash(Key);

var results = from c in collection 
where IsLegal(c.key) 
select new { Hash(c.key), c.value};
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DryadLINQ = LINQ + Dryad
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Data Model
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Language Summary
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Demo
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Example: Histogram
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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}]



Histogram Plan
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Map-Reduce in DryadLINQ
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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;

}



Map-Reduce Plan
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Applications
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E.g: Linear Algebra
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Expectation Maximization (Gaussians)
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• 160 lines 
• 3 iterations shown



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
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Dryad Job Structure
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Linear Regression

• Data
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Analytic Solution
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Linear Regression Code

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));
34
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Dryad = Execution Layer
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Job (application)
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• Many similarities
• Exe + app. model
• Map+sort+reduce
• Few policies
• Program=map+reduce
• Simple
• Mature (> 4 years)
• Widely deployed
• Hadoop

Dryad                   Map-Reduce

• Execution layer
• Job = arbitrary DAG
• Plug-in policies
• Program=graph gen.
• Complex (   features)
• New (< 2 years)
• Still growing
• Internal
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PLINQ
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public static IEnumerable<TSource>
DryadSort<TSource, TKey>(IEnumerable<TSource> source,

Func<TSource, TKey> keySelector,
IComparer<TKey> comparer,
bool isDescending)

{
return source.AsParallel().OrderBy(keySelector, comparer);

}



Operations on Large Vectors: 
Map 1
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Map 2 (Pairwise)
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Map 3 (Vector-Scalar)
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Reduce (Fold)
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Software Stack
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