
int aFunction(int a, int b) 
{ 
        int c=b; 
        return a; 
} 
 
main() 
{ 
  int a,b,c,d,e; 
  int i=4; 
  for (i=0;i<10;i++) 
  { 
    int j=55; 
    c=i+j; 
    c=aFunction(i,c); 
    a=aFunction(a+1,b); 
  } 
  #pragma SliceTarget 
  a; 
  return 0; 
} 
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•  There	  are	  different	  types	  of	  DSLs:	  
–  Embedded	  DSLs:	  Have	  custom	  compiler	  support	  for	  high	  level	  abstrac@ons	  defined	  in	  

a	  host	  language	  (abstrac@ons	  defined	  via	  a	  library,	  for	  example)	  
–  General	  DSLs	  (syntax	  extended):	  Have	  their	  own	  syntax	  and	  grammar;	  can	  be	  full	  

languages,	  but	  defined	  to	  address	  a	  narrowly	  defined	  domain	  
•  DSL	  design	  is	  a	  responsibility	  shared	  between	  applica@on	  domain	  and	  algorithm	  scien@sts	  
•  Extrac@on	  of	  abstrac@ons	  requires	  significant	  applica@on	  and	  algorithm	  exper@se	  
•  We	  have	  an	  applica@on	  team	  

–  provide	  exper@se	  that	  will	  ground	  our	  DSL	  research	  
–  ensure	  its	  relevance	  to	  DOE	  &	  enable	  impact	  by	  the	  end	  of	  three	  years	  

	  
“Something	  old,	  something	  new	  	  
Something	  borrowed,	  something	  blue	  	  
And	  a	  silver	  sixpence	  in	  her	  shoe.”	  

DSLs	  are	  a	  Transforma@onal	  Technology	  

2 

Domain	  Specific	  Languages	  capture	  expert	  knowledge	  about	  applica@on	  domains.	  For	  the	  domain	  
scien@st,	  the	  DSL	  provides	  a	  view	  of	  the	  high-‐level	  programming	  model.	  The	  DSL	  compiler	  captures	  
expert	  knowledge	  about	  how	  to	  map	  high-‐level	  abstrac@ons	  to	  different	  architectures.	  The	  DSL	  
compiler’s	  analysis	  and	  transforma@ons	  are	  complemented	  by	  the	  general	  compiler	  analysis	  and	  
transforma@ons	  shared	  by	  general	  purpose	  languages.	  



•  We	  address	  all	  parts	  of	  the	  Exascale	  Stack:	  

	  

•  We	  will	  provide	  effec@ve	  performance	  by	  addressing	  exascale	  challenges:	  	  

	  

•  Our	  approach	  includes	  interoperability	  and	  a	  migra@on	  strategy:	  	  

D-‐TEC	  Goal:	  Making	  DSLs	  Effec@ve	  for	  Exascale	  

3 X-Stack Review 

Languages	  (DSLs)	   define	  and	  build	  several	  DSLs	  economically	  

Compilers	   define	  and	  demonstrate	  the	  analysis	  and	  op@miza@ons	  required	  to	  build	  DSLs	  

Parameterized	  
Abstract	  Machine	  

	  	  

define	  how	  the	  hardware	  is	  evaluated	  to	  provide	  inputs	  to	  the	  compiler	  and	  run@me	  

Run@me	  system	   define	  a	  run@me	  system	  and	  resource	  management	  support	  for	  DSLs	  

Tools	   design	  and	  use	  tools	  to	  communicate	  to	  specific	  levels	  of	  abstrac@on	  in	  the	  DSLs	  

Scalability	   deeply	  integrated	  with	  state-‐of-‐art	  X10	  scaling	  framework	  

Programmability	   build	  DSLs	  around	  high	  levels	  of	  abstrac@on	  for	  specific	  domains	  

Performance	  
Portability	  

	  	  

DSL	  compilers	  give	  greater	  flexibility	  to	  the	  code	  genera@on	  for	  diverse	  architectures	  

Resilience	   define	  compiler	  and	  run@me	  technology	  to	  make	  code	  resilient	  

Energy	  Efficiency	   machine	  learning	  and	  autotuning	  will	  drive	  energy	  efficiency	  

Correctness	   formal	  methods	  technologies	  required	  to	  verify	  DSL	  transforma@ons	  

Heterogeneity	   demonstrate	  how	  to	  automa@cally	  generate	  lower	  level	  mul@-‐ISA	  code	  

Interoperability	  with	  MPI	  +	  X	   demonstrate	  embedding	  of	  DSLs	  into	  MPI	  +	  X	  applica@ons	  

Migra@on	  for	  Exis@ng	  Code	   demonstrate	  source-‐to-‐source	  technology	  to	  migrate	  exis@ng	  code	  



The	  D-‐TEC	  approach	  addresses	  the	  full	  Exascale	  workflow	  
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Manual	  Refinement	  

Exec	  

Resilience	  

Domain	  
Algorithms	  	  
Expert	  

HPC	  
Programmer	  

DSL	  	  
Designer	  

Machine	  Learning	  	  
&	  Formal	  Methods	  

Parameterized	  
Abstract	  	  

Machine	  Model	  

Refinement/	  	  
Transforma/ons	  

Refinement/	  
Lowering	   Vendor	  

Compiler	  

Performance	  
Tools	  

X10/SEEC	  
Run/me	  

Scalable	  Data	  
Structures	  

Levels	  of	  ROSE	  AST	  

DSL	  	  1	  ..N	  
Specifica@on	  

ROSE-‐based	  	  
DSL	  Compiler	  

Implementa@on	  	  
Expert	  

Seman@c	  Analysis	  

DSL	  1	  ..N	  
Programs	  

DOE	  Apps	  

Rosebud	  
DSL	  Compiler	  Generator	  

Parser	  Generator	  

Rewrite	  system	  

Grammar	  system	  

Migra@on	  
Process	  

Compiler	  analysis	  &	  	  
Transforma@ons	  

ROSE	  

Recording	  &	  Mapping	  

C1	  

C5	  

C2	  

C4	  

C6	  

C6	  

C3	  

Front-‐end	  

Index	  into	  proposed	  work	  Cn	  
Sketch-‐based	  

Transforma@ons	  



•  Discovery	  of	  domain	  specific	  abstrac@ons	  from	  proxy-‐apps	  by	  applica@on	  and	  algorithm	  experts	  
•  (C1	  &	  C2)	  Defining	  Domain	  Specific	  Languages	  (DSLs)	  

–  The	  role	  of	  the	  DSL	  is	  to	  encapsulate	  expert	  knowledge	  
•  About	  the	  problem	  domain	  
•  The	  DSL	  compiler	  encapsulates	  how	  to	  op@mize	  code	  for	  that	  domain	  on	  new	  architectures	  

–  Rosebud	  used	  to	  define	  DSLs	  (a	  novel	  framework	  for	  joint	  op:miza:on	  of	  mixed	  DSLs)	  
•  DSL	  specifica@on	  is	  used	  to	  generate	  a	  "DSL	  plug-‐in”	  for	  Rosebud's	  DSL	  compiler	  
•  Supports	  both	  embedded	  and	  general	  DSLs	  and	  mul@ple	  DSLs	  in	  one	  host-‐language	  source	  file	  
•  DSL	  op@miza@on	  is	  done	  via	  cost-‐based	  search	  over	  the	  space	  of	  possible	  rewri@ngs	  
•  Costs	  are	  domain-‐specific,	  based	  on	  shared	  abstract	  machine	  model	  +	  ROSE	  analysis	  results	  
•  Cross-‐DSL	  op@miza@on	  occurs	  naturally	  via	  search	  of	  combined	  rewri@ng	  space	  

–  Sketching	  used	  to	  define	  DSLs	  (cu?ng-‐edge	  aspect	  of	  our	  proposal)	  
•  Series	  of	  manual	  refinements	  steps	  (code	  rewrites)	  define	  the	  transforma@ons	  
•  Equivalence	  checking	  between	  steps	  to	  verify	  correctness	  
•  The	  series	  of	  transforma@ons	  define	  the	  DSL	  compiler	  using	  ROSE	  
•  Machine	  learning	  is	  used	  to	  drive	  op@miza@ons	  

–  Both	  approaches	  will	  leverage	  the	  common	  ROSE	  infrastructure	  
–  Both	  approaches	  will	  leverage	  the	  SEEC	  enhanced	  X10	  run@me	  system	  

•  (C3)	  DSL	  Compiler	  
–  Leverages	  ROSE	  compiler	  throughout	  

•  (C4)	  Parameterized	  Abstract	  Machine	  
–  Extrac@on	  of	  machine	  characteris@cs	  

•  (C5)	  Run@me	  System	  
–  Leverages	  X10	  and	  extends	  it	  with	  SEEC	  support	  

•  (C6)	  Tools	  
–  We	  will	  define	  source-‐to-‐source	  migra@on	  tools	  
–  We	  will	  define	  the	  mappings	  between	  DSL	  layers	  to	  support	  future	  tools	  

The	  D-‐TEC	  approach	  addresses	  the	  full	  Exascale	  workflow	  
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Rosebud	  Overview	  

•  Unified	  framework	  for	  DSL	  implementa/on	  
–  all	  aspects:	  parsing,	  analysis,	  op@miza@on,	  code	  genera@on	  
–  all	  types:	  embedded,	  custom-‐syntax,	  standalone	  

•  Modular	  development	  &	  use	  of	  DSLs	  
–  textual	  DSL	  descrip@on	  ⇒	  plug-‐in	  to	  ROSE	  DSL	  Compiler	  
–  plug-‐ins	  developed	  separately	  from	  ROSE	  and	  each	  other	  

•  Knowledge-‐based	  op/miza/on	  of	  DSL	  programs	  
–  plug-‐in	  encapsulates	  expert	  op@miza@on	  knowledge	  
–  ROSE	  supplies	  conven@onal	  compiler	  op@miza@ons	  

•  Flexible	  code	  genera/on	  
–  DSL	  lowered	  to	  any	  ROSE	  host	  language	  
–  DSL	  compiled	  directly	  to	  (portable)	  machine	  code	  via	  LLVM	  



Rosebud	  Implementa@on	  

•  DSL	  front	  end	  
–  SGLR	  parser	  +	  predefined	  host-‐language	  grammars	  
–  a[ribute	  grammar	  +	  ROSE	  extensible	  AST	  &	  analysis	  

•  DSL	  op/mizer	  
–  declara@ve	  rewri@ng	  system	  +	  procedural	  hooks	  to	  ROSE	  
–  cost-‐based	  heuris@c	  search	  of	  implementa@on	  space	  
–  domain-‐specific	  costs	  based	  on	  abstract	  machine	  model	  
–  cross-‐DSL	  op@miza@on	  arises	  naturally	  from	  joint	  search	  space	  

•  DSL	  code	  generator	  
–  ROSE	  host	  language	  unparsers	  
–  ROSE	  AST	  =>	  LLVM	  SSA	  code	  



Rosebud	  Plug-‐ins	  

•  Plug-‐ins	  developed	  separately	  from	  ROSE	  &	  each	  other	  
•  Plug-‐ins	  distributed	  in	  source	  or	  object	  form	  
•  Selected	  plug-‐ins	  supplied	  to	  Rosebud	  DSL	  Compiler	  

to	  compile	  mixed	  DSLs	  in	  a	  host	  language	  source	  file	  



Rosebud	  DSL	  Compiler	  

source!

code!

object 

code!

vendor!
compiler!

unparsing!

parsing!

AST building!

semantic 
checking!

transformation!

Rosebud!

Compiler!

pretty printing!
rules!

grammar!
rules!

AST node defs!

semantic!
rules!

rewrite rules!

DSL!

Plugin!



DSL Parser!

(SDF)!

Host Language Parser!
(existing ROSE front end)!

mixed language!
source code!

xxxxxxxxx!
xxxxxx!
xxxxxxxx!
xxxxxx!
xxxxxxxx!

AST merge!

DSL tree!
fragments!

complete!
tree!

host language!
source code!
with markers!

xxxxxxxxx!
xxxxxx!

xxxxxxxx!
xxxxxx!

xxxxxxxx!

Two-‐phase	  parsing	  for	  DSL	  language	  support	  

•  Host language + multiple DSLs 
in the same source file 
–  expressive custom notations 
–  familiar general-purpose language 

•  Phase 1: extract & parse DSLs 
–  via Stratego SDF parsing system 

•  Phase 2: parse host language 
–  via existing ROSE front ends 

•  Merge DSL tree fragments 
into host language AST 
–  DSL plug-ins provide 

custom tree nodes & 
semantic analysis 



LOPe	  programming	  model	  is	  easily	  expressed	  
in	  Fortran	  because	  of	  syntax	  for	  arrays	  

•  Halo	  aQribute	  added	  to	  arrays	  
–  HALO(1:*:1, 1:*:1)	  
–  specifies	  one	  border	  cell	  on	  each	  side	  of	  a	  two-‐dimensional	  array	  
–  *	  implies	  “stuff”	  in	  the	  middle	  

•  Halos	  are	  logical	  cells	  not	  necessarily	  physically	  part	  of	  the	  
array	  

•  Halos	  can	  be	  communicated	  with	  coarrays	  
–  	  DIMENSION(:,:)[:,:] 

–  halo	  region	  in	  pink	  
–  logically	  extends	  to	  neighbor	  processors 
–  exchange_halo(Array) 

image	  
(1,2)	  

image	  
(2,1)	  

image	  
(2,2)	  



LOPe	  programming	  model	  is	  easily	  expressed	  
in	  Fortran	  because	  of	  syntax	  for	  concurrency	  

•  Concurrent	  aQribute	  added	  to	  procedures 
–  restricted	  seman@cs	  for	  array	  element	  access	  to	  avoid	  race	  
condi@ons	  

–  copy	  halo	  in,	  write	  single	  element	  out	  (visible	  aver	  all	  threads	  exit)	  

•  Called	  from	  within	  a	  DO	  CONCURRENT	  loop	  

   do concurrent(i=1:NX, j=1:NY)	
       call convolve(Array(i,j))	
   end do	
   exchange_halo(Array)	

   pure concurrent subroutine convolve(Array)	
       real, halo(:,:), dimension(:,:)  ::  Array	
   end subroutine	



	  Transforma@on	  (via	  ROSE)	  of	  a	  LOPe	  program	  to	  OpenCL	  
allows	  execu@on	  on	  a	  GPU	  

•  1	  thread	  executes	  code	  for	  1	  pixel	  element	  
–  owner	  computes	  

•  32	  threads	  (per	  warp)	  execute	  same	  instruc/on	  
simultaneously	  (SIMD)	  

•  several	  threads	  (a	  few	  warps)	  form	  a	  thread	  group	  

thread	  
group	  

thread	  

courtesy of PGI

halo	  region	  



Compiler	  Research	  is	  essen@al	  for	  DSLs	  (C3)	  
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We	  will	  leverage	  exis@ng	  technologies:	  
Source-‐to-‐source	  technology	  in	  ROSE	  (LLNL	  and	  Rice)	  
X10	  front-‐end	  for	  connec@on	  to	  ROSE	  (IBM)	  
LLVM	  as	  low	  level	  IR	  in	  ROSE	  (LLNL	  and	  Rice)	  
Polyhedral	  analysis	  to	  support	  op@miza@ons	  (OSU)	  
Machine	  learning	  to	  drive	  op@miza@ons	  (MIT)	  
Correctness	  checking	  (MIT	  and	  UCB)	  

We	  will	  develop	  new	  technologies:	  
Rosebud	  DSL	  specifica@on	  
DSL	  specific	  analysis	  and	  op@miza@ons	  
Automated	  DSL	  compiler	  genera@on	  
X10	  support	  in	  ROSE	  
Define	  mappings	  between	  DSL	  layers	  to	  compiler	  
analysis	  
Refinement	  using	  equivalence	  checking	  
Verifica@on	  for	  transforma@ons	  

We	  will	  advance	  the	  state-‐of-‐the-‐art:	  
Formal	  methods	  use	  for	  HPC	  
Genera@on	  of	  DSLs	  for	  produc@vity	  and	  
performance	  portability	  
Extending/Using	  polyhedral	  analysis	  to	  drive	  code	  
genera@on	  for	  heterogeneous	  architectures	  

Exascale	  challenges:	  
Scalability:	  code	  genera@on	  for	  X10/SEEC	  and	  
Scalable	  Data	  Structures,	  program	  synthesis	  
Programmability:	  two	  approaches	  to	  DSL	  
construc@on,	  automated	  equivalence	  checking	  
Performance	  Portability:	  Using	  parameterized	  
abstract	  machines,	  machine	  learning,	  auto-‐tuning	  
of	  refinement	  search	  spaces	  
Resilience:	  Compiler-‐based	  sovware	  TMR	  
Energy	  Efficiency:	  using	  machine	  learning	  

Interoperability	  and	  Migra@on	  Plans:	  
Interoperability:	  A	  single	  compiler	  IR	  supports	  
reusing	  analysis	  and	  transforma@ons	  
Migra@on	  Plan:	  Using	  source-‐to-‐source	  technology	  
permits	  leveraging	  the	  vendor’s	  compiler	  

	  
	  

The	  DSL	  compiler	  captures	  expert	  knowledge	  about	  how	  to	  op@mize	  high-‐level	  abstrac@ons	  to	  different	  
architectures	  and	  is	  complemented	  by	  general	  compiler	  analysis	  and	  transforma@ons	  such	  as	  that	  shared	  by	  
general	  purpose	  language	  compilers.	  Architecture	  specific	  features	  are	  reasoned	  about	  through	  machine	  learning	  
and/or	  the	  use	  of	  a	  parameterized	  abstract	  machine	  model	  that	  can	  be	  tailored	  to	  different	  machines.	  

Refinement/	  
Lowering	  

Levels	  of	  ROSE	  AST	  
ROSE-‐based	  	  
DSL	  Compiler	  

Seman@c	  Analysis	  
Compiler	  analysis	  
&	  	  Transforma@ons	  

ROSE	  
C3	  

Front-‐end	  



•  We	  will	  leverage	  exis@ng	  technologies:	  
–  PACE	  project	  at	  Rice	  (former	  DARPA	  AACE	  project)	  
–  Habanero	  Hierarchal	  Place	  Tree	  (HPT)	  

•  We	  will	  develop	  new	  technologies:	  
–  Development	  of	  parameterized	  abstract	  machine	  to	  model	  nodes	  and	  networks	  
–  Encapsulate	  the	  abstract	  machine	  to	  a	  library	  for	  use	  in	  DSL	  op@miza@on	  

•  We	  will	  advance	  the	  state-‐of-‐the-‐art:	  
–  Use	  of	  abstract	  machine	  by	  both	  DSL	  compiler	  and	  run@me	  system	  

•  Exascale	  challenges:	  
–  Scalability:	  addressed	  by	  the	  network	  model,	  to	  be	  leveraged	  by	  the	  compiler	  and	  run@me	  
–  Programmability:	  Isolates	  hardware	  details	  away	  from	  users	  
–  Performance	  Portability:	  Exposes	  selected	  hardware	  details	  to	  the	  compiler	  and	  run@me	  

•  Interoperability	  and	  Migra@on	  Plans:	  
–  Interoperability:	  The	  same	  abstract	  machine	  will	  be	  shared	  within	  the	  DSL	  infrastructure	  

Compiler	  op@miza@ons	  are	  driven	  by	  	  
Parameterized	  Abstract	  Machine	  Models	  (C4)	  

15 

The	  parameterized	  abstract	  machine	  model	  is	  informed	  by	  an	  analysis	  of	  micro-‐benchmarks	  and	  then	  provides	  a	  
set	  of	  cost	  models	  used	  to	  drive	  op@miza@ons.	  	  This	  approach	  permits	  the	  compiler	  and	  run@me	  system	  to	  be	  
tailored	  to	  different	  architectures	  to	  provide	  portable	  performance	  across	  a	  wide	  range	  of	  future	  architectures	  
and	  cost	  analysis	  to	  be	  evaluated	  with	  levels	  of	  abstrac@on	  simpler	  than	  the	  final	  hardware.	  

Parameterized	  
Abstract	  	  

Machine	  Model	  

C4	  



•  Actual	  hardware:	  four quad-core Xeon sockets; each socket 
contains two core-pairs; each core shares an L2 cache 

•  Possible abstract machine models: 
•  Use Habanero	  Hierarchal	  Place	  Tree	  (HPT)	  abstrac@on	  for	  these	  results	  
•  Experiment with three HPT abstractions of same hardware: 

–  1x16 --- one root place with 16 leaf places 
»  this model focuses on L1 Cache locality 

–  8x2  --- 8 non-leaf places, each of which has 2 leaf places 
»  This model focuses on the L2 cache shared by a core-pair 

–  16x1 --- like 1x16, except that it ignores the root place 
–  Preliminary execution times for SOR2D (size C) on above 

hardware underscore the importance of selecting the right 
abstraction for a given application-platform combination 
•  1x16 --- 1.14 seconds 
•  8x2 --- 0.61 seconds 
•  16x1 --- 1.90 seconds 

Preliminary	  Experimental	  Results	  
(Habanero	  Hierarchical	  Place	  Tree)	  
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Current	  X10	  Run@me	  Sovware	  Stack	  

X10	  Applica@on	  Program	  

X10	  	  Core	  	  
Class	  Libraries	  

XRX	  Run@me	  

X10	  Language	  Na@ve	  Run@me	  

X10RT	  

PAMI	   DCMF	   MPI	  

X1
0	  
Ru

n@
m
e	  

TCP/IP	  

• Core Class Libraries 
– Fundamental classes & primitives, Arrays, core I/
O, collections, etc 
– Written in X10; compiled to C++ or Java 

• XRX (X10 Runtime in X10) 
– APGAS functionality 

• Concurrency: async/finish 
• Distribution: Places/at 

– Written in X10; compiled to C++ or Java 
• X10 Language Native Runtime 

– Runtime support for core sequential X10 
language features 
– Two versions: C++ and Java 

• X10RT 
– Active messages, collectives, bulk data transfer 
– Implemented in C 
– Abstracts/unifies network layers (PAMI, DCMF, 
MPI, etc) to enable X10 on a range of transports 



Leveraging	  X10	  Run@me	  for	  Na@ve	  Applica@ons	  

Na/ve	  APGAS	  API	  

•  Provides	  C++/C	  APIs	  to	  APGAS	  
func@onality	  of	  X10	  Run@me	  

•  Concurrency:	  async/finish	  

•  Distribu@on:	  Places/at	  

•  Addi@onally	  exposes	  subset	  of	  X10RT	  APIs	  
for	  use	  by	  na@ve	  applica@ons	  

•  Collec@ve	  opera@ons	  

•  One-‐sided	  ac@ve	  messages	  

•  Allows	  non-‐X10	  applica@ons	  to	  leverage	  
X10	  run@me	  facili@es	  via	  a	  library	  
interface	  

	  

Non-‐X10	  Applica@on	  Program	  

X10	  	  Core	  	  
Class	  Libraries	  

XRX	  Run@me	  

X10	  Language	  Na@ve	  Run@me	  

X10RT	  

PAMI	   DCMF	   MPI	  

X1
0	  
Ru

n@
m
e	  

TCP/IP	  

Na@ve	  APGAS	  API	  



Scalability of X10 Runtime 

•  Scalability	  

•  X10	  programs	  have	  achieved	  good	  scaling	  at	  >32k	  cores	  on	  P7IH	  (PERCS)	  and	  up	  to	  8k	  cores	  
on	  BlueGene/P.	  	  	  

•  Support	  for	  Intra-‐node	  scalabil/y	  

•  async/finish	  enable	  high-‐level	  programming	  of	  fine-‐grained	  concurrency	  

•  Advanced	  features	  (clocks,	  collec@ng	  finish)	  support	  determinate	  programming	  of	  common	  
concurrency	  idioms	  

•  Workstealing	  implementa@on:	  both	  Fork/Join	  &	  Cilk-‐style	  

•  APGAS	  programing	  model	  extended	  to	  GPUs	  

•  X10	  kernels	  can	  be	  compiled	  to	  CUDA	  

•  compiler-‐mediated	  data/control	  transfer	  between	  CPU/GPU	  

•  Support	  for	  Inter-‐node	  scalability	  

•  Places/at;	  collec@ves;	  one-‐sided	  ac@ve	  messages;	  asynchronous	  bulk	  data	  transfer	  APIs	  

•  U@lizes	  available	  transports	  (PAMI,	  DCMF,	  MPI)	  

	  



SEEC	  Run@me	  

•  Understands	  high-‐level	  goals	  

•  E.g.,	  performance,	  accuracy,	  power	  

•  Makes	  observa/ons	  

•  Is	  app	  on	  current	  machine	  mee@ng	  goals?	  

•  Understands	  ac/ons	  

•  Provided	  by	  opt.	  management,	  machine,	  uncertainty	  
quan@fica@on	  

•  Makes	  decisions	  about	  how	  to	  take	  ac/on	  given	  goals	  and	  
current	  observa/ons	  

•  Uses	  control	  theory,	  machine	  learning,	  and	  possibly	  game	  theory	  



Applica@on	  and	  
Hardware	  

Op@miza@on	  
Management	  

Abstract	  
Machine	  
Model	  

Uncertainty	  
Quan@fier	  

SEEC	  Run@me	  Decision	  Engine	  
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•  Advantages	  over	  standard	  AST-‐
based	  compiler	  frameworks	  

–  Seamless	  support	  of	  imperfectly	  nested	  loops	  
–  Handle	  symbolic	  loop	  bounds	  	  
–  Powerful	  uniform	  model	  for	  composi@on	  of	  

transforma@ons	  	  
–  Model-‐driven	  op@miza@on	  using	  the	  power	  of	  

integer	  linear	  programming	  

•  Work	  planned	  on	  D-‐TEC	  project	  
–  Leverage/integrate	  DSL	  proper@es	  in	  the	  

op@miza@on	  process	  
–  Expose	  API	  for	  analysis	  and	  seman@cs-‐preserving	  

transforma@ons	  of	  programs	  	  
–  Mul@-‐target	  code	  genera@on	  using	  domain	  

seman@cs	  and	  architecture	  characteris@cs	  
–  Communica@on	  op@miza@on	  using	  high-‐level	  

seman@c	  informa@on	  
–  Address	  challenges	  in	  applying	  polyhedral	  

transforma@ons	  to	  complex	  DOE	  applica@on	  codes	  

Polyhedral	  Compiler	  Transforma@ons	  

1.	  Analysis:	  Code	  -‐>	  Polyhedral	  Model	  	  

2.	  Transforma/on:	  in	  Polyhedral	  Model	  	  

3.	  Code	  Gen.	  from	  Polyhedral	  Model	  

22 



Mul@-‐target	  Domain-‐specialized	  Code	  Genera@on	  
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GFlop/s. In comparison, the Poisson stencil generated by
our framework achieves 81.7 GFlop/s on the GTX 280.

In a different work, Datta et al. [6] show 36 double-precision
GFlop/s for a 7-point Jacobi 3D stencil on a GTX 280 af-
ter aggressive auto- tuning. On the GTX 280, we achieve
20 GFlop/s. We note that the results presented here are
shown for automatically generated code that implements
overlapped tiling. We do not yet perform some of the manual
optimizations performed by Datta et al. in their auto-tuning
work. Additionally, 3D stencils are not handled well by over-
lapped tiling on GPU architectures due to the amount of
redundancy computation that is needed for even small time
tile sizes. In such cases, the optimizations proposed by Datta
el al. are more beneficial than overlapped tiling on GPUs.

5.2 Impact of Tile Size Selection
The proper selection of block size, time tile size, and ele-

ments per thread is essential for the performance of the gen-
erated code. Figure 7 shows the performance of the Jacobi
2-D stencil for a fixed block size and varying time tile size
and elements per thread. The performance on four different
architectures is shown: an nVidia GTX 580 (Fermi), Tesla
C2050 (Fermi), GTX 280 (GT200), and an AMD A8-3850
APU (Radeon HD 6550D). The block sizes were chosen such
that the stencil achieves optimal performance on the archi-
tecture for some time tile size and elements per thread.

The trend in each case is that time tiling, through over-
lapped tiling, improves the performance of the stencil pro-
gram for increasing time tile sizes up to a point. After this
point, the overhead of overlapped tiling offsets the benefits
of the time tiling. Therefore, there is an optimal time tile
size. The choice for the number of elements per thread to
process has an effect on this optimal time tile size, as shown
in the graphs. For the GTX 580, this point is at T = 6 for
10 and 12 elements per thread, but only T = 5 for 6 and
8 elements per thread. For the A8-3850 APU, the optimal
time tile size is around 5 for each case.

Insights into this optimal time tile size can be gained by
looking at the actual computation being performed on the
device for each time tile size. Figure 8 shows normalized
GPU performance counter data for a time tile size of 1 to 10
for a fixed elements per thread value of 10 (GTX 280) and
12 (GTX 580). We see that as we increase the time tile size,
the total number of global loads generally decreases up to
a point and then saturates. For larger time tile sizes, more
work is being cached in shared memory resulting in the de-
crease in global loads. There is a corresponding increase
in the number of shared memory loads/stores and total in-
structions executed as we increase the time tile size. Again,
as we increase the time tile size, we are doing more work
on data in shared memory, but the percentage of redundant
computation also increases, leading to the increase in total
instructions executed.

From the GPU time counter, we see that minimum to-
tal time spent on the computation is at a time tile size of
6. As we increase this size, we see that the total number
of instructions executed continues to increase, but the total
number of global loads remains relatively constant. Hence,
we begin to increase the overall execution time. It is im-
portant to note, however, that the floating-point through-
put of the device does continue to increase as we continue
to increase the time tile size and hence perform a larger
portion of work in shared memory. However, larger time
tile sizes also mean that smaller percentages of the total
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Figure 7: Effects of time tile size selection on performance
for the Jacobi 2-D stencil.
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Figure 8: GPU performance counter data for varying time
tile sizes

floating-point throughput is actually useful and not just re-
dundant computation. Therefore, after a time tile size of 6,
the cost of the redundant computation starts to exceed the
savings in global memory transfer. The limiting factor for
performance for smaller time tile sizes is thus global mem-
ory bandwidth. This changes to floating-point instruction
throughput for larger time tile sizes.
Note that even when time tiling through overlapped tiling

is not profitable, our code generation algorithm still pro-
duces high-performance code. Our framework can still uti-
lize spatial tiling of the stencil computation in order to
achieve levels of performance that surpass that of multi-core
CPUs.

6. RELATED WORK
A number of recent studies have focused on optimizing

stencil computations for multicore CPUs and GPUs [2, 6,
8, 12, 17, 19, 20]. Strzodka et al. [17] use time skewing and
cache-size oblivious parallelograms to improve the memory
system pressure and parallelism in stencils on CPUs. PA-
TUS [2] is a stencil compiler proposed by Christen et al. that
uses both a stencil description and a machine mapping de-

Jacobi2D	  stencil,	  on	  4	  GPU	  targets	   Tensor	  contrac/ons	  (30	  cores)	  	  
(Speedup	  over	  Intel	  ICC	  -‐mmic	  -‐O3	  –parallel)	  
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•  Synthesis	  engine	  works	  by	  elimina/on	  
–  Par@al	  implementa@on	  defines	  space	  of	  possible	  solu@ons	  
–  Classes	  of	  incorrect	  solu@ons	  are	  eliminated	  by	  analyzing	  why	  
par@cular	  incorrect	  solu@ons	  failed	  

MIT	  Sketch:	  how	  does	  it	  work	  (MIT)	  
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Par@al	  
Implementa@on	  
(i.e.	  Code	  with	  

holes)	  

Reference	  
Implementa@on	  

Synthesis	  
Engine	  

Complete	  
Implementa@on	  



	  	  	  Synthesis	  simplifies	  manual	  refinement	  
–  Sophis@cated	  implementa@on	  is	  simple	  if	  we	  can	  elide	  low-‐level	  details	  
–  Automated	  equivalence	  checking	  helps	  avoid	  bugs	  in	  the	  refinement	  process	  

Sketching	  Enhanced	  Refinement:	  Low-‐Level	  

25 

void compute(double[N][T] A){ 
 for(int t=1; t<T; ++t) 
  for(int i=1; i<N-1; ++i) 
    A[t][i]= A[t-1][i-1]+A[t-1][i+1] 
} 

Reference	  Implementa/on	  

Naïve	  Distributed	  
Implementa/on	  

Sophis/cated	  	  
Distributed	  	  
Implementa/on	  



Sketching	  Enhanced	  Refinement:	  High-‐Level	  

26 

1.	  Iden@fy	  bo[lenecks	  
based	  on	  high-‐level	  
implementa@on	  
informa@on	  and	  coarse	  
performance	  model	  

2.	  Sketch	  poten@al	  solu@on	  to	  the	  
performance	  problem	  

3.	  Leverage	  synthesizer	  to	  
produce	  correct	  
implementa@on	  



•  Constraints	  can	  appear	  on	  classes	  or	  func/ons	  
•  Constraints	  allow	  locality	  of	  reasoning	  and	  simplify	  synthesis	  
•  Examples:	  

The	  role	  of	  constraints	  on	  types	  

27 

class	  Matrix{	  
	  	  	  int	  R;	  	  
	  	  	  int	  C;	  
	  	  	  double[]	  data;	  	  
}	  
	  

double[R*C]	   Length	  of	  data	  is	  equal	  to	  R*C	  

Matrix(R=r1,	  C=c)	   Matrix(R=c,	  C=c2)	  Matrix(R=r1,	  C=c2)	  

Matrix	  mult(Matrix	  m1,	  Matrix	  m2){	  	  	  ...	  	  	  }	  
	  

Sizes	  of	  input	  and	  output	  matrices	  are	  related.	  

∀ "↓1 ,   "↓2 ,   "↓3 .    "%&'("↓1 ,  "%&'("↓2 ,   "↓3 ))=="%&'("%&'("↓1 ,   
"↓2 ),   "↓3 )  	  

Mul/plica/on	  is	  associa/ve	  



Fault	  Tolerance	  

•  User	  defines	  bound	  on	  expected	  
error	  

•  UQ	  to	  determine	  how	  fault	  
contribute	  to	  total	  error	  

•  Represent	  total	  error	  a	  func/on	  
of	  errors	  caused	  by	  transient	  
faults	  (in	  individual	  tasks)	  

•  Total	  error	  is	  a	  func/on	  of	  errors	  
introduced	  in	  each	  faulty	  task	  

•  Errors	  due	  to	  faults	  modeled	  as	  
random	  noise	  

•  Each	  random	  quan/ty	  	  _ε_i_	  
captures	  transient	  fault	  influence	  
on	  tasks	  



•  Incrementally	  add	  DSL	  constructs	  to	  legacy	  codes	  
–  Replace	  performance-‐cri@cal	  sec@ons	  by	  DSLs	  
–  Our	  “mixed-‐DSLs	  +	  host	  language”	  architecture	  supports	  this	  

•  Manual	  addi/on	  of	  DSL	  constructs	  is	  low	  risk	  
•  Semi-‐automa/c	  addi/on	  of	  DSL	  constructs	  is	  promising	  

–  Recognize	  opportuni@es	  for	  DSL	  constructs	  using	  same	  pa[ern-‐
matching	  as	  in	  rewri@ng	  system	  

–  Human	  could	  direct,	  assist,	  verify,	  or	  veto	  
•  Fully	  automa/c	  rewri/ng	  of	  fragments	  to	  DSL	  constructs	  may	  

be	  possible	  
•  Benefits	  

–  Higher	  performance	  using	  aggressive	  DSL	  op@miza@on	  
–  Performance	  portability	  without	  a	  complete	  rewrite	  

Tools	  for	  Legacy	  Code	  Moderniza@on	  



•  Challenges	  
–  Huge	  seman@c	  gap	  between	  embedded	  DSL	  and	  generated	  code	  
–  Code	  genera@on	  for	  DSLs	  is	  opaque,	  debugging	  is	  hard,	  	  

and	  fine-‐grain	  performance	  a[ribu@on	  is	  unavailable	  
•  Goal:	  Bridge	  seman/c	  gap	  for	  debugging	  &	  	  

	  	  	  	  	  	  	  	  	  performance	  tuning	  
•  Approach	  

–  Record	  informa@on	  during	  program	  compila@on	  
•  two-‐way	  mappings	  between	  every	  token	  in	  source	  &	  generated	  code	  
•  transforma@on	  op@ons,	  domain	  knowledge,	  cost	  models,	  and	  choices	  

–  Monitor	  and	  a[ribute	  execu@on	  characteris@cs	  with	  instrumenta@on	  and	  sampling	  
•  e.g.,	  	  parallelism,	  resource	  consump@on,	  conten@on,	  failure,	  scalability	  

–  Map	  performance	  back	  to	  source,	  transforma@ons,	  and	  domain	  knowledge	  
–  Compensate	  for	  approximate	  cost	  models	  with	  empirical	  autotuning	  

•  Technologies	  to	  be	  developed	  
–  Strategies	  for	  maintaining	  mappings	  without	  overly	  burdening	  DSL	  implementers	  
–  Strategies	  for	  tracking	  transforma@ons,	  knowledge,	  and	  costs	  through	  compila@on	  
–  Techniques	  for	  exploring	  and	  explaining	  the	  roles	  of	  transforma@ons	  and	  knowledge	  
–  Algorithms	  for	  refining	  cost	  es@mates	  with	  observed	  costs	  to	  support	  autotuning	  

Tools	  for	  Understanding	  DSL	  Performance	  
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T1	   Tn	  …	




Migra@ng	  Exis@ng	  Codes	  
Benefits	  of	  custom,	  source	  to	  source	  transla/on	  

–  Automa@cally	  restructure	  conven@onal	  code	  using	  a	  custom	  

source-‐to-‐source	  translator	  ...	  	  

–  …	  that	  captures	  seman@c	  knowledge	  of	  	  the	  applica@on	  

domain	  …	  	  thereby	  improving	  performance	  
–  Embedded	  Domain	  Specific	  Languages	  

•  Automa@cally	  tolerate	  communica@on	  delays	  
•  Squeeze	  out	  library	  overheads	  

–  Library	  primi@ves	  →	  	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  primi@ve	  language	  objects	  
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Management Plan and Collaboration Paths with 
Advisory Board and Outside Community 
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C1)	  Rosebud	  DSL	  
Framework	  
Lead:	  Warren	  

(Rice)	  
Co-‐lead:	  Sarkar	  

(Rice)	  
Members:	  	  
Liao	  (LLNL)	  

Project	  Lead	  
	  

PI:	  	  
Dan	  Quinlan	  (LLNL)	  

	  

Deputy	  PI:	  
Saman	  Amarasinghe	  (MIT)	  

	  	  

Advisory	  Board	  
Jim	  Belak	  (LLNL,	  ExMatEx	  Co-‐Design)	  
John	  Bell	  (LBL,	  ExaCT	  Co-‐Design)	  
Pat	  Hanrahan	  (Stanford)	  
David	  Padua	  (UIUC)	  
Bert	  S/ll	  (LLNL,	  ASC)	  
Paul	  Woodward	  (Minnesota)	  

Other	  X-‐Stack	  Teams	  

DOE	  Exascale	  Co-‐Design	  
Centers	  

Management	  Structure	   Collaboratory	  Path	  

C2)	  DSL	  
Refinement/	  

Transforma/ons	  
Lead:	  Solar-‐Lezama	  

(MIT)	  
Co-‐lead:	  

Amarasinghe	  (MIT)	  
Members:	  	  

Chlipala	  (MIT)	  
O’Reilly	  (MIT)	  
Bodik	  (UCB)	  
Torlak	  (UCB)	  

Sadayappan	  (OSU)	  

C3)	  Compiler	  
Extensions	  /	  
Analysis	  

Lead:	  Quinlan	  
(LLNL)	  
Co-‐lead:	  

Sadayappan	  (OSU)	  
Members:	  	  
Sarkar	  (Rice)	  
Liao	  (LLNL)	  
Rasmussen	  
(Oregon)	  

Bronevetsky	  (LLNL)	  
Pirkelbauer	  (LLNL)	  
Rountev	  (OSU)	  

C4)	  Abstract	  	  
Machine	  
Models	  

Lead:	  Sarkar	  
(Rice)	  

Members:	  	  
Budimlic	  (Rice)	  

C5)	  Run/me	  	  
Lead:	  Grove	  (IBM)	  
Co-‐lead:	  Devadas	  

(MIT)	  
Members:	  	  
Shavit	  (MIT)	  

Marzouk	  (MIT)	  
Saraswat	  (IBM)	  

Sidroglou-‐Douskos	  
(MIT)	  

Hoffman(MIT)	  
Tardieu	  (IBM)	  

C6)	  Tools	  
Lead:	  Mellor-‐

Crummey	  (Rice)	  
Members:	  	  
Fagan	  (Rice)	  
Baden	  (UCSD)	  

DSL	  
Applica/ons	  
Lead:	  Colella	  

(LBL)	  	  
Co-‐lead:	  Vuduc

(Gatech)	  
Members:	  	  

Amarasinghe	  
(MIT)	  

A	  division	  of	  our	  project	  into	  teams	  will	  permit	  focused	  efforts	  through	  interfaces	  	  



The	  goal	  of	  this	  work	  is	  to	  increase	  produc@vity	  in	  computa@onal	  science	  
•  Increased	  expressiveness	  reduces	  @me	  to	  write	  simula@on	  code	  

–  New	  scien@fic	  applica@ons	  
–  Adding	  new	  models	  in	  exis@ng	  applica@ons	  
–  Introducing	  new	  algorithms	  in	  an	  applica@ons	  domain.	  
–  Scien:fic	  simula@on	  is	  constantly	  changing	  –	  scien@sts	  solve	  a	  problem,	  want	  to	  move	  

on	  to	  the	  next	  problem.	  
•  Increased	  performance	  reduces	  @me	  to	  solu@on	  

–  Exploit	  domain-‐specific	  features	  at	  the	  compiler	  /	  run-‐@me	  system	  level.	  
–  Insulate	  domain	  sovware	  developers	  from	  changes	  in	  hardware.	  
–  Provides	  rapid	  reimplementa@on	  of	  high-‐performance	  code	  when	  radical	  changes	  in	  

hardware	  force	  complete	  reimplementa@on.	  
•  DSLs	  are	  not	  a	  panacea	  –	  they	  must	  be	  combined	  with	  sound	  sovware	  

engineering	  (e.g.	  factoring	  applica@ons	  into	  domain-‐specific	  libraries	  wri[en	  using	  
a	  DSL).	  

	  
	  	  	  	  	  	  Focus	  on	  important,	  specific	  DOE	  applica:ons,	  will	  lead	  to	  tools	  that	  have	  both	  

DOE	  mission	  impact,	  as	  well	  as	  broader	  impact	  on	  the	  computa:onal	  science	  
community.	  

Summary	  (Scien@fic	  Impact)	  
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