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DSL Benefits  

 

Make programmers more productive  
 

ÂRaise the level of abstraction  

 

Â Easier to reason about programs  

 

ÂMaintenance, verification, etc  



Performance Oriented DSLs 

 

Make compiler more productive, too!  
 

ÂGenerate better code  

 

ÂOptimize using domain knowledge  

 

Â Target heterogeneous + parallel hardware  



DSLs under Development  

Â Liszt (mesh based PDE solvers)  
Â DeVito  et al.: Liszt: A Domain -Specific Language for Building Portable 

Mesh -based PDE solvers. Supercomputing (SC) 2011  

ÂOptiML  (machine learning)  
Â Sujeeth  et al.: OptiML : An Implicitly Parallel Domain -Specific Language 

for Machine Learning. International Conference for Machine Learning 
(ICML) 2011  

ÂOptiQL  (data query)  

 

Â all embedded in Scala  

Â heterogeneous compilation (multi core CPU/GPU)  

Â good absolute performance and speedups  



Common DSL Infrastructure  

ÂDonôt start from scratch for each new DSL 
Â Itôs just too hard é 

 

ÂDelite  Framework + Runtime  
Â See also Brown et al.: A Heterogeneous Parallel Framework for 

Domain -Specific Languages. PACTô11 

 

Â This Talk/Paper:  Building blocks  
that work together in new or  
interesting ways  

 
 



Focus on 2 things:  

Â#1: DeliteOps   
Â high - level view of common execution 

patterns (i.e. loops)  

Â parallelism and heterogeneous targets  

 

Â#2: Staging  
ÂDSL programs are program generators  

Âmove (costly) abstraction to generating stage  

 

ÂCase study: SPADE app in OptiML  



#1: DeliteOps  
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Today:  
 
Performance  
= heterogeneous 
+ parallel  
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Your favourite  Java,  
Haskell, Scala , C++ 
compiler will not 
generate code for 
these platforms.  

Compilers  
have not  
kept pace!  



Programmability Chasm  
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DeliteOps  

ÂCapture common parallel execution 
patterns  
Âmap, filter, reduce, é join, bfs, é 

 

ÂMap them efficiently to a variety of 
target platforms  
ÂMulti core CPU, GPU  

 

ÂExpress your DSL as DeliteOps   
Â => Parallelism for free!  



Intermediate Representation (IR) 

Delite  DSL Compiler  

Â Provide a common IR that 
can be extended while still 
benefitting from generic 
analysis and opt.  

Â Extend common IR and 
provide IR nodes that 
encode data parallel 
execution patterns  

Â Now can do parallel 
optimizations and 
mapping  

Â DSL extends appropriate 
data parallel nodes for 
their operations  

Â Now can do domain -
specific analysis and opt.  

Â Generate an execution 
graph, kernels and data 
structures  
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Delite  Op Fusion  

Â Operates on all loop -based ops  

 

Â Reduces op overhead and improves locality  

Â Elimination of temporary data structures  

Â Merging loop bodies may enable further optimizations  

 

Â Fuse both dependent and side -by -side operations  

Â Fused ops can have multiple inputs + outputs  

 

Â Algorithm: fuse two loops if  

Â size(loop1) == size(loop2)  

Â No mutual dependencies (which arenôt removed by fusing) 

 



Delite  Op Fusion  

def square(x : Rep[Double ]) = x* x 
 
def mean(xs: Rep[Array[Double ]])  =  
 xs. sum / xs.length  
 
def variance(xs : Rep[Array[Double ]])  =  
 xs. map(square ) / xs.length  -  square(mean(xs ))  
 
 
val  array1 = Array. fill (n ) { i  => 1 }  
val  array2 = Array. fill (n ) { i  => 2* i  }  
val  array3 = Array. fill (n ) { i  => array1(i) + array2(i) }  
 
val  m = mean(array3)  
val  v = variance(array3)  
 
println(m )  
println(v )  

// begin reduce x47,x51,x11  
  var  x47 = 0      
  var  x51 = 0      
  var  x11 = 0      
  while (x11 < x0) {  
     val  x44 = 2.0*x11  
     val  x45 = 1.0+x44  
     val  x50 = x45*x45        
     x47 += x45        
     x51 += x50        
     x11 += 1  
  }  
// end reduce  
val  x48 = x47/x0  
val  x49 = println(x48)  
val  x52 = x51/x0      
val  x53 = x48*x48  
val  x54 = x52 - x53 
val  x55 = println(x54)      

3+1+(1+1) = 6 traversals, 4 arrays  1 traversal, 0 arrays  



#2: Staging  

How do we go from DSL source 
to DeliteOps ? 



2 Challenges:  

Â#1: generate intermediate 
representation (IR) from DSL code 
embedded in Scala  

 

Â#2: do it in such a way that the IR is 
free from unnecessary abstraction  

 

ÂAvoid abstraction penalty!  



Example  
val v = Vector.rand(100)  

 

println("todayôs lucky number is: ")  

println(v.sum) 

abstract class Vector[T] 

 

def vector_rand(n: Rep[Int]): Rep[Vector[Double]] 

 

def infix_sum[T:Numeric](v: Rep[Vector[T]]): Rep[T] 

DSL  
program  

DSL  
interface  

case class VectorRand(n: Exp[Int]) extends Def[Vector[Double] 

 

case class VectorSum[T:Numeric](in: Exp[Vector[T]])  

extends DeliteOpReduce[Exp[T]] { 

    def func = (a,b) => a + b 

} 

def vector_rand(n: Exp[Int]) = new VectorRand(n) 

def infix_sum[T:Numeric](v: Exp[Vector[T]]) = new VectorSum(v) 

type 

Rep[T] 

type  

Rep[T] = 

Exp[T] 

 

class 

Exp[T] 

 

class 

Def[T] 

DSL  
imlpl . 



ÂñFinally Tagless ò / Polymorphic 
embedding  
Â Carette , Kiselyov , Shan: Finally Tagless , Partially Evaluated: Tagless  

Staged Interpreters for Simpler Typed Languages. APLASô07/J. Funct . 
Prog . 2009.  

Â Hofer, Ostermann , Rendel , Moors: Polymorphic Embeddings of DSLs. 
GPCEô08. 

 

Â Lightweight Modular Staging (LMS)  
Â Rompf , Odersky : Lightweight Modular Staging: A Pragmatic 

Approach to Runtime Code Generation and Compiled DSLs. 
GPCEô10. 

 

 

 

 



ÂCan use the full host language to 
compose DSL program fragments!  

 

ÂMove (costly) abstraction to the 
generating stage  



Example  

ÂUse higher order functions in DSL 
programs  

 

ÂWhile keeping the DSL first order!  



Higher -Order functions  

val xs: Rep[Vector[Int]] = é 

println(xs.count(x => x > 7)) 

 def infix_foreach[A](v: Rep[Vector[A]])(f: Rep[A] => Rep[Unit]) = { 

    var i: Rep[Int] = 0 

    while (i < v.length) { 

      f(v(i)) 

      i += 1 

    } 

  } 

 def infix_count[A](v: Rep[Vector[A]])(f: Rep[A] => Rep[Boolean]) = { 

    var c: Rep[Int] = 0 

    v foreach { x => if (f(x)) c += 1 } 

    c 

  } 

  val v: Array[Int] = ... 

  var c = 0 

  var i = 0 

  while (i < v.length) { 

    val x = v(i) 

    if (x > 7) 

      c += 1 

    i += 1 

  } 

  println(c) 



Continuations  

  val u,v,w: Rep[Vector[Int]] = ... 

  nondet { 

    val a = amb(u) 

    val b = amb(v) 

    val c = amb(w) 

    require(a*a + b*b == c*c) 

    println("found:") 

    println(a,b,c) 

  } 

  def amb[T](xs: Rep[Vector[T]]): Rep[T] @cps[Rep[Unit]] = shift { k => 

    xs foreach k 

  }   

  def require(x: Rep[Boolean]): Rep[Unit] @cps[Rep[Unit]] = shift { k =>  

    if (x) k() else () 

  } 

while (é) { 

   while (é) { 

     while (é) { 

       if (é) {  

         println("found:") 

         println(a,b,c) 

       } 

     } 

   } 

} 



Result  

ÂFunction values and continuations 
translated away by staging  

 

ÂControl flow strictly first order  

 

ÂMuch simpler analysis for other 
optimizations  



Regular Compiler optimizations  

ÂCommon subexpression  and dead 
code elimination  

 

ÂGlobal code motion  

 

ÂSymbolic execution / pattern rewrites  

 
Coarse -grained: optimizations can happen on 
vectors, matrices or whole loops  


