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Tesla	
  1060:	
  Nov.	
  2008	
  



GTX	
  480	
  (graphics	
  Fermi)	
  





Kepler	
  (2012)	
  

•  Nivida	
  has	
  concentrated	
  on	
  power	
  reducGon	
  rather	
  
than	
  increase	
  in	
  computaGonal	
  speed	
  
– 3x	
  performance	
  per	
  WaS	
  

•  hSp://www.nvidia.com/content/PDF/kepler/
NV_DS_Tesla_KCompute_Arch_May_2012_LR.pdf	
  

•  Thread	
  spawning	
  without	
  returning	
  to	
  CPU	
  
•  A	
  kernel	
  can	
  launch	
  other	
  kernels	
  without	
  CPU	
  
•  MulGple	
  CPU	
  cores	
  can	
  launch	
  work	
  on	
  single	
  GPU	
  
simultaneously	
  

•  Hyper-­‐Q	
  (performance	
  boost	
  for	
  MPI)	
  
•  I	
  have	
  not	
  yet	
  studied	
  the	
  Kepler	
  



Graphic	
  Card	
  EvoluGon	
  on	
  PC	
  

•  Increased	
  graphics	
  func0onality	
  is	
  relegated	
  to	
  the	
  
graphics	
  card	
  
–  <	
  1995	
  :	
  fixed	
  pipeline.	
  Specialized	
  workstaGons:	
  Silicon	
  Graphics	
  ($100k)	
  

Amiga:	
  first	
  PC	
  with	
  graphics	
  controlled	
  by	
  special	
  card	
  
–  1995-­‐1998:	
  2D	
  acceleraGon,	
  textures	
  and	
  z-­‐buffer	
  
–  1998:	
  mulG-­‐textures	
  
–  1999-­‐2000:	
  3D	
  transformaGons	
  and	
  lighGng	
  (Geforce	
  256)	
  
–  2001:	
  first	
  programmable	
  vertex	
  shaders	
  
–  2002-­‐2003:	
  first	
  programmable	
  pixel	
  shaders,	
  looping	
  
–  2004:	
  Shader	
  3.0	
  +	
  64-­‐bit	
  color	
  
–  2005:	
  MulG-­‐GPUs,	
  condiGonals	
  
–  2007:	
  Shader	
  4.0	
  (geometry	
  shaders),	
  Unified	
  architecture	
  (CUDA)	
  
–  2008:	
  GPU	
  clusters	
  
–  2009:	
  OpenCL	
  (Khronos)	
  

hSp://en.wikipedia.org/wiki/Comparison_of_NVIDIA_Graphics_Processing_Units	
  



Fixed	
  Graphic	
  Pipeline	
  (	
  -­‐	
  2000)	
  



Graphic	
  Pipeline	
  with	
  Programmable	
  
Shaders	
  (2000	
  –	
  2007)	
  



Low	
  level	
  Programming	
  

Highlights	
  



GLSL/HLSL/Cg	
  
Void	
  main()	
  {	
  

	
  vec4	
  alpha	
  =	
  	
  texture2DRect(maskBoundariesCond,	
  gl_TexCoord[0].xy);	
  

	
  //	
  Read	
  the	
  neighboring	
  texture	
  values	
  

	
  	
  	
  	
  vec4	
  u	
  =	
  	
  	
  	
  texture2DRect(iniGalsValues,	
  gl_TexCoord[0].xy);	
  

	
  	
  	
  	
  vec4	
  u_right	
  =	
  texture2DRect(iniGalsValues,	
  gl_TexCoord[0].xy	
  +	
  vec2(h,0.0));	
  	
  

	
  	
  	
  vec4	
  u_lep	
  =	
  texture2DRect(iniGalsValues,	
  gl_TexCoord[0].xy	
  -­‐	
  vec2(h,0.0));	
  	
  

	
  	
  	
  	
  vec4	
  u_up	
  =	
  texture2DRect(iniGalsValues,	
  gl_TexCoord[0].xy	
  +	
  vec2(0.0,h));	
  

	
  	
  	
  	
  vec4	
  u_boSom	
  =	
  texture2DRect(iniGalsValues,	
  gl_TexCoord[0].xy	
  -­‐	
  vec2(0.0,h));	
  	
  

	
  	
  	
  	
  vec4	
  result	
  =	
  u	
  +	
  dt*((u_right	
  +	
  u_lep	
  +	
  u_up	
  +	
  u_boSom)	
  -­‐	
  4.*u)	
  -­‐	
  f_xyt(u);	
  

	
  	
  	
  	
  	
  float	
  normx	
  =	
  0.5*(u_right	
  -­‐	
  u_lep).x;	
  

	
  	
  	
  	
  	
  float	
  normy	
  =	
  0.5*(u_up	
  -­‐	
  u_boSom).x;	
  

	
  	
  	
  	
  	
  vec3	
  norm	
  =	
  vec3(normx,	
  normy,	
  1./float(tex_size));	
  	
  

	
  	
  	
  	
  	
  gl_FragColor	
  =	
  vec4(result.x,	
  norm);	
  	
  	
  //	
  return	
  |grad(u)|	
  in	
  vec[1],	
  vec[2]	
  

}	
  



CUDA:	
  Transpose	
  Naïve	
  
C-­‐like	
  programming	
  

// This naive transpose kernel suffers from completely non-coalesced writes. 
// It can be up to 10x slower than the kernel on following page for large 

matrices. 
__global__ void transpose_naive(float *odata, float* idata, int width, int height) 
{ 
   unsigned int xIndex = blockDim.x * blockIdx.x + threadIdx.x; 
   unsigned int yIndex = blockDim.y * blockIdx.y + threadIdx.y; 

   if (xIndex < width && yIndex < height) 
   { 
       unsigned int index_in  = xIndex + width * yIndex; 
       unsigned int index_out = yIndex + height * xIndex; 
       odata[index_out] = idata[index_in]; 
   } 
} 



CUDA:	
  Transpose	
  (more	
  efficient)	
  
__global__	
  void	
  transpose(float	
  *odata,	
  float	
  *idata,	
  int	
  width,	
  int	
  height)	
  {	
  

	
  	
  	
  __shared__	
  float	
  block[(BLOCK_DIM+1)*BLOCK_DIM];	
  
	
  	
  	
  unsigned	
  int	
  xBlock	
  =	
  __mul24(blockDim.x,	
  blockIdx.x);	
  

	
  	
  	
  unsigned	
  int	
  yBlock	
  =	
  __mul24(blockDim.y,	
  blockIdx.y);	
  

	
  	
  	
  unsigned	
  int	
  xIndex	
  =	
  xBlock	
  +	
  threadIdx.x;	
  
	
  	
  	
  unsigned	
  int	
  yIndex	
  =	
  yBlock	
  +	
  threadIdx.y;	
  

	
  	
  	
  unsigned	
  int	
  index_out,	
  index_transpose;	
  

	
  	
  	
  if	
  (xIndex	
  <	
  width	
  &&	
  yIndex	
  <	
  height)	
  {	
  
	
  	
  	
  	
  	
  	
  	
  unsigned	
  int	
  index_in	
  =	
  __mul24(width,	
  yIndex)	
  +	
  xIndex;	
  

	
  	
  	
  	
  	
  	
  	
  unsigned	
  int	
  index_block	
  =	
  __mul24(threadIdx.y,	
  BLOCK_DIM+1)	
  +	
  threadIdx.x;	
  

	
  	
  	
  	
  	
  	
  	
  block[index_block]	
  =	
  idata[index_in];	
  
	
  	
  	
  	
  	
  	
  	
  index_transpose	
  =	
  __mul24(threadIdx.x,	
  BLOCK_DIM+1)	
  +	
  threadIdx.y;	
  

	
  	
  	
  	
  	
  	
  	
  index_out	
  =	
  __mul24(height,	
  xBlock	
  +	
  threadIdx.y)	
  +	
  yBlock	
  +	
  threadIdx.x;	
  

	
  	
  	
  }	
  
	
  	
  	
  __syncthreads();	
  

	
  	
  	
  if	
  (xIndex	
  <	
  width	
  &&	
  yIndex	
  <	
  height)	
  {	
  

	
  	
  	
  	
  	
  	
  	
  odata[index_out]	
  =	
  block[index_transpose];	
  
	
  	
  	
  }	
  

}	
  



Parallelism	
  

Task	
  parallelism	
  
Data	
  parallelism	
  
SIMD	
  
MIMD	
  
Stream	
  



Task	
  Parallelism	
  



Data	
  Parallelism	
  



Single	
  InstrucGon	
  
	
  MulGple	
  Data	
  

Every	
  processor	
  executes	
  the	
  
idenGcal	
  instrucGon	
  at	
  the	
  same	
  
Gme	
  



MulGple	
  InstrucGon	
  	
  
MulGple	
  Data	
  

Different	
  processors	
  
execute	
  different	
  tasks	
  



a(1),b(1)

a(2),b(2)

a(3),b(3)

a(n-1),b(n-1)

a(n),b(n)

.......

f(a,b)

f(a(1),b(1))

f(a(2),b(2))

f(a(3),b(3))

f(a(n-1),b(n-1))

f(a(n),b(n))

.......

Stream Processor

Stream	
  Processing	
  

Input	
  stream	
   Output	
  stream	
  



Stream	
  Processing	
  	
  
block	
  of	
  threads	
  

Input	
  stream	
   Output	
  stream	
  



Stream	
  Processing	
  	
  
block	
  of	
  threads	
  

Input	
  stream	
   Output	
  stream	
  



Computer	
  
Unified	
  
Data	
  
Architecture	
  

Based	
  on	
  the	
  GTX480	
  (2010)	
  

Acronym	
  is	
  no	
  longer	
  used	
  



CUDA	
  

•  Compute	
  Unified	
  Device	
  Architecture	
  
•  Stream	
  Processor	
  

•  Remove	
  graphics	
  aspect	
  of	
  GPUs	
  

•  Geared	
  towards	
  scienGfic	
  programming	
  

•  Can	
  do	
  graphics	
  programming	
  by	
  moving	
  data	
  
from	
  an	
  array	
  to	
  a	
  OpenGL	
  framebuffer	
  and	
  
then	
  using	
  standard	
  GPU	
  programming	
  



OpenCL	
  

•  A	
  GPU-­‐based	
  language	
  that	
  
– Leverages	
  OpenGL	
  (Graphics	
  language)	
  
–  Is	
  portable	
  across	
  mulGple	
  vendors	
  
– Works	
  on	
  various	
  graphics	
  devices	
  

•  Nvidia,	
  ATI,	
  mulG-­‐core	
  chips,	
  etc.	
  	
  

•  Many	
  similariGes	
  with	
  CUDA	
  
– Less	
  general	
  
– Less	
  powerful	
  
– More	
  portable	
  
–  In	
  early	
  stages	
  



Memory	
  Bandwidth	
  

CPU	
  

GPU	
  

PCIie2	
  Express-­‐16	
  

PCIie3	
  (2010),	
  5	
  Gbyte/sec	
  

177	
  Gbytes/sec	
  for	
  GTX480	
  (2010)	
  

Increased	
  disparity	
  between	
  speeds	
  

(2007)	
  



Several	
  Streaming	
  MulGprocessors	
  
per	
  GPU	
  	
  (280GTX	
  has	
  24	
  MP)	
  

480GTX	
  has	
  15	
  MP	
  



Streaming	
  MulGprocessor	
  
MulGple	
  stream	
  processors	
  
GTX480:	
  32	
  cores	
  per	
  SM	
  

Shared 
Memory

Texture 
Memory

Constant 
Memory

Core 1
RegistersCore 2

Registers Core m
Registers

......



Grid	
  of	
  Blocks	
  

Block	
  of	
  Threads	
  	
  
	
  	
  	
  =	
  a	
  grid	
  of	
  blocks	
  

Single	
  Stream	
  Processor	
  

Input	
  to	
  GPU	
  





Anatomy	
  of	
  Unified	
  Architecture	
  
GEForce	
  8x	
  

Registers

Shared Memory

Registers

Multiprocessor 1

Thread Thread

Registers

Shared Memory

Registers

Global Device Memory

Multiprocessor N

Thread Thread

...

Texture Cache Texture Cache

Constant Cache Constant Cache

Local

Memory
Local

Memory

Local

Memory

Local

Memory

{
O(10)

O(100)

O(1)

{

{



Fermi	
  Layout	
  











CUDA	
  on	
  GEForce	
  8800	
  

•  #	
  MulGprocessors:	
  depends	
  on	
  card	
  

•  Each	
  MulGprocessor:	
  8	
  stream	
  processors	
  	
  	
  
–  (	
  8	
  concurrent	
  blocks)	
  

•  Warp	
  size:	
  32=	
  2	
  half-­‐warps	
  
•  Max	
  #	
  threads	
  per	
  block:	
  512,	
  	
  	
  #	
  warps	
  per	
  block:	
  16	
  

•  Registers	
  per	
  MP:	
  8192	
  (faster	
  access)	
  

•  Shared	
  memory:	
  16,000	
  bytes	
  per	
  MP	
  (fast	
  access)	
  

•  Constant	
  memory:	
  64,000	
  bytes	
  +	
  8	
  kB	
  cache	
  per	
  mulGprocessor	
  (fast	
  
access)	
  

•  Max	
  concurrent	
  blocks	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  8	
  

•  Max	
  #	
  warps	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  24	
  

•  Max	
  #	
  threads	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  768	
  =	
  24	
  *	
  32	
  
•  Max	
  kernel	
  size:	
  2	
  million	
  instrucGons	
  



CUDA	
  on	
  GTX480	
  

•  #	
  MulGprocessors:	
  15	
  

•  Each	
  MulGprocessor:	
  32	
  cores	
  

•  Warp	
  size:	
  32	
  

•  Max	
  #	
  threads	
  per	
  block:	
  512,	
  	
  	
  #	
  warps	
  per	
  block:	
  16	
  
•  Registers	
  per	
  MP:	
  8192	
  (faster	
  access)	
  

•  Shared	
  memory:	
  48,000	
  bytes	
  per	
  MP	
  (fast	
  access)	
  

•  Constant	
  memory:	
  64,000	
  bytes	
  +	
  8	
  kB	
  cache	
  per	
  mulGprocessor	
  (fast	
  
access)	
  

•  Max	
  concurrent	
  blocks	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  ??	
  

•  Max	
  #	
  warps	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  ??	
  
•  Max	
  #	
  threads	
  that	
  can	
  run	
  concurrently	
  on	
  MP:	
  1500	
  

•  Max	
  kernel	
  size:	
  2	
  million	
  instrucGons	
  



Programming	
  CUDA	
  
•  Easy	
  to	
  program,	
  but	
  there	
  are	
  mul0ple	
  	
  objec0ves	
  (2007):	
  	
  

–  Maximize	
  number	
  of	
  concurrent	
  running	
  blocks	
  (>	
  2-­‐3	
  per	
  MP)	
  
–  Maximize	
  number	
  of	
  concurrent	
  running	
  threads	
  
–  768	
  threads/MP	
  =>	
  96	
  threads/block	
  if	
  all	
  processors	
  are	
  running	
  
–  OpGmum	
  block	
  size:	
  32x16	
  =	
  512	
  
–  Shared	
  memory	
  is	
  shared	
  among	
  the	
  threads	
  of	
  a	
  single	
  block	
  
–  The	
  more	
  blocks	
  are	
  running	
  concurrently	
  on	
  a	
  single	
  MP,	
  the	
  less	
  

shared	
  memory	
  per	
  block	
  
–  #	
  threads/block	
  should	
  be	
  mulGple	
  of	
  warp	
  size	
  
–  Keep	
  enough	
  registers	
  per	
  thread	
  



Programming	
  in	
  CUDA	
  

•  Lots	
  of	
  room	
  for	
  code	
  op0miza0on	
  
– More	
  recent	
  ideas:	
  
– Maximize	
  register	
  usage	
  
– Can	
  achieve	
  close	
  to	
  peak	
  performance	
  with	
  subset	
  of	
  
threads	
  

– Maximize	
  number	
  of	
  acGve	
  threads	
  
– More	
  important	
  than	
  acGve	
  threads:	
  	
  

• Ensure	
  that	
  all	
  arithmeGc	
  units	
  are	
  full	
  

– If	
  ALUs	
  are	
  100%	
  acGve,	
  even	
  with	
  inacGve	
  
threads,	
  performance	
  can	
  no	
  longer	
  be	
  enhanced	
  



Programming	
  CUDA	
  

Each	
  mul)processor	
  has	
  a	
  Single	
  Instruc)on,	
  
Mul)ple	
  Data	
  architecture	
  (SIMD)	
  

At	
  any	
  given	
  clock	
  cycle,	
  each	
  processor	
  of	
  each	
  
mul)processor	
  executes	
  the	
  same	
  instruc)on,	
  but	
  

operates	
  on	
  different	
  data.	
  	
  



Treatment	
  of	
  input	
  blocks	
  



Efficient	
  CUDA	
  Programming	
  

•  Keep	
  everything	
  on	
  the	
  GPU	
  
•  Minimize	
  communicaGon	
  GPU	
  	
  CPU	
  
•  Minimize	
  transfers	
  

	
  	
  	
  	
  	
  	
  	
  Device	
  Memory	
  	
  GPU	
  registers	
  
•  Minimize	
  number	
  registers	
  to	
  use	
  all	
  threads	
  

•  Minimize	
  incoherent	
  reads	
  from	
  Device	
  Memory	
  

•  Minimize	
  bank	
  conflicts	
  from	
  in	
  shared	
  memory	
  
•  Maximize	
  use	
  of	
  shared	
  memory	
  

•  Maximize	
  number	
  of	
  blocks	
  running	
  concurrently	
  
•  Conflic0ng	
  requirements!	
  



Efficient	
  CUDA	
  Programming	
  

•  AlternaGves	
  to	
  maximizing	
  number	
  of	
  threads	
  
– Maximize	
  use	
  of	
  a	
  single	
  thread	
  
– Overlay	
  I/O	
  and	
  arithmeGc	
  

•  Need	
  to	
  study	
  architecture	
  of	
  single	
  Stream	
  
MulGprocessor	
  in	
  more	
  detail	
  
– How	
  are	
  warps	
  handled	
  
– Warp	
  scheduling	
  
– How	
  to	
  achieve	
  high	
  performance	
  on	
  the	
  Fermi?	
  



Single	
  SM	
  

32	
  cores	
  
2	
  warp	
  schedulers	
  
2	
  dispatch	
  units	
  

4	
  SFU	
  (special	
  funcGon)	
  
16	
  LD/ST	
  units	
  
32	
  FP/INT	
  units	
  





Single	
  MulGprocessor	
  
32	
  cores	
  

•  Cores	
  divided	
  into	
  TWO	
  execuGon	
  blocks	
  of	
  16	
  
cores	
  each	
  

•  Two	
  ADDITIONAL	
  execuGon	
  blocks:	
  	
  
– 16	
  load/store	
  units	
  
– Four	
  special	
  funcGon	
  units	
  (sin/cos/exp/log)	
  

•  At	
  each	
  cycle	
  (clock),	
  dispatch	
  32	
  instrucGons	
  
– From	
  one	
  or	
  two	
  warps	
  to	
  these	
  blocks	
  
– It	
  takes	
  two	
  cycles	
  to	
  issue	
  instrucGons	
  for	
  a	
  single	
  
warp	
  (I/O	
  and	
  FPU)	
  and	
  8	
  cycles	
  for	
  the	
  SFU	
  



ArithmeGc	
  Throughput	
  

Source:	
  hSp://www.behardware.com/arGcles/772-­‐7/nvidia-­‐fermi-­‐the-­‐gpu-­‐compuGng-­‐revoluGon.html	
  

Fermi	
  

Cypress@Radeon	
  HD5870	
  

GT200@GTX285	
  

Core	
  i7@3.33GHz	
  



GTX480:	
  Peak	
  Flops	
  

•  Each	
  cycle,	
  single	
  core	
  
– IniGate	
  16	
  flops	
  (floaGng	
  point	
  operaGons)	
  
– Single	
  flop	
  =	
  mulGple,	
  add,	
  or	
  mulGply/add	
  (MAD)	
  

• MAD:	
  a*x+b	
  

– 32	
  cores:	
  32*16=512	
  flops/cycle	
  
– Clock:	
  1.4	
  Ghz	
  	
  700	
  Gflop/sec	
  
– TheoreGcal	
  max:	
  MAD	
  =	
  2	
  ops	
  	
  1.4	
  Tflop/sec	
  



GTX480:	
  peak	
  memory	
  throughput	
  

•  Each	
  cycle,	
  single	
  SM	
  
– 16	
  x	
  32-­‐bit	
  Load/Store	
  instrucGons	
  

•  Each	
  cycle,	
  enGre	
  GPU	
  
– 16*15=240	
  Load/Store	
  instrucGons	
  

•  Each	
  second,	
  enGre	
  GPU	
  
– 240*1.4	
  10^9	
  =	
  384	
  Giga	
  Load/Store	
  





8	
  cy	
  

2	
  cy	
  



Two	
  Fundamental	
  Rules	
  

•  A	
  thread	
  never	
  executes	
  alone	
  
–  It	
  is	
  the	
  warp	
  that	
  executes,	
  i.e.,	
  32	
  threads	
  
– On	
  older	
  GPUs,	
  half-­‐warps,	
  i.e.,	
  16	
  threads	
  

•  Warps	
  execute	
  instrucGons,	
  then	
  wait	
  	
  
•  To	
  add	
  two	
  numbers	
  

– Two	
  cycles	
  to	
  send	
  these	
  numbers	
  to	
  the	
  FP	
  
– 24	
  (18	
  on	
  Fermi)	
  cycles	
  to	
  wait	
  for	
  the	
  result	
  (=	
  latency)	
  
– While	
  the	
  warp	
  is	
  wai)ng,	
  other	
  warps	
  execute	
  instruc)ons	
  
– 24	
  cycles	
  requires	
  12	
  warps	
  to	
  fill	
  up	
  the	
  FP	
  unit	
  
(pipelining)	
  



Pipelining	
  on	
  most	
  machines	
  

8	
  ops	
  per	
  cycle	
  on	
  G80x	
  
32	
  ops	
  per	
  cycle	
  on	
  GTX480	
  

One	
  core	
  handles	
  a	
  single	
  thread	
  



Latency	
  

•  CompuGng	
  Latency	
  
–  2	
  	
  cycles	
  to	
  issue	
  an	
  add,	
  mulGply,	
  or	
  MAD	
  for	
  up	
  to	
  two	
  warps	
  
–  24	
  cycles	
  to	
  wait	
  for	
  the	
  result	
  

•  Memory	
  Latency	
  
–  2	
  cycles	
  to	
  issue	
  a	
  store/load	
  for	
  a	
  warp	
  
–  400	
  cycles	
  to	
  retrieve	
  from	
  DRAM	
  (global	
  memory)	
  

•  Must	
  do	
  many	
  arithmeGc	
  operaGons	
  to	
  cover	
  I/O	
  latency	
  
and	
  slow	
  throughput	
  (compared	
  to	
  FP)	
  

•  So	
  need	
  many	
  warps	
  available,	
  waiGng	
  for	
  execuGon	
  



Efficiency	
  

• More	
  art	
  than	
  science	
  
•  Need	
  many	
  warps.	
  OpGons:	
  	
  

– Single	
  large	
  block,	
  many	
  warps	
  

– Several	
  blocks,	
  few	
  warps	
  per	
  block	
  

•  Barriers:	
  synchronize	
  all	
  threads	
  in	
  a	
  block	
  
– If	
  no	
  other	
  blocks,	
  Gme	
  is	
  wasted	
  

– Open	
  good	
  idea	
  to	
  have	
  between	
  2	
  and	
  4	
  blocks	
  



Programming	
  Paradigm	
  

• Minimize	
  access	
  to	
  global	
  memory	
  
•  Replace	
  mulGple	
  access	
  to	
  global	
  memory	
  by	
  

– Single	
  transfer	
  to	
  shared	
  memory	
  

– MulGple	
  access	
  to	
  shared	
  memory	
  

•  Only	
  48	
  Kbytes	
  of	
  shared	
  memory	
  per	
  SM	
  
– Under	
  control	
  of	
  the	
  user	
  
– Be	
  frugal	
  



Memory	
  transfers	
  

•  Global	
  to	
  shared	
  memory	
  
– Watch	
  for	
  coalescing	
  problems	
  

•  Each	
  thread	
  of	
  warp	
  have	
  strict	
  address	
  restricGons	
  for	
  maximum	
  
throughput	
  (pre-­‐fermi)	
  

•  On	
  Fermi:	
  there	
  is	
  L2/L1	
  caches,	
  so	
  coalescing	
  much	
  less	
  of	
  a	
  
problem	
  

– Lack	
  of	
  coalescing	
  leads	
  to	
  less	
  efficient	
  transfer	
  (parGal	
  
serializaGon)	
  

•  On	
  shared	
  memory	
  side:	
  banking	
  
– Different	
  threads	
  of	
  warps	
  must	
  be	
  in	
  different	
  banks	
  for	
  
throughput	
  to	
  occur	
  in	
  a	
  single	
  cycle	
  per	
  float	
  (once	
  
latency	
  is	
  covered)	
  

–  If	
  this	
  is	
  not	
  the	
  case,	
  transfer	
  occur	
  	
  



Shared	
  memory:	
  banking	
  

•  Success	
  32-­‐bit	
  words	
  are	
  in	
  successive	
  banks	
  
•  Each	
  address	
  of	
  a	
  half-­‐warp	
  must	
  be	
  in	
  a	
  
separate	
  bank	
  

•  If	
  this	
  is	
  not	
  the	
  case,	
  transfer	
  occurs	
  in	
  
mulGple	
  requests	
  	
  slowdown	
  



Memory	
  Throughput	
  on	
  Fermi	
  

•  Registers:	
  8	
  Terabytes/sec	
  
•  Shared	
  memory:	
  1.3	
  Tbytes/sec	
  

– 3x	
  slower	
  than	
  registers	
  on	
  pre-­‐Fermi	
  

– 6x	
  on	
  Fermi	
  (ge�ng	
  worse)	
  

•  Global	
  memory:	
  177	
  Gbytes/sec	
  =	
  0.136	
  
Tbytes/sec	
  
– 58x	
  slower	
  than	
  registers	
  
– 9.5x	
  slower	
  than	
  shared	
  



Adding	
  two	
  numbers	
  

•  Registers	
  -­‐>	
  FP	
  
– Register	
  throughput	
  is	
  balanced	
  with	
  FP	
  
throughput	
  

•  Shared	
  memory	
  to	
  FP	
  is	
  too	
  slow	
  

•  Global	
  (DRAM/device)	
  memory	
  to	
  FP	
  is	
  way	
  
too	
  slow	
  



On	
  Fermi:	
  32	
  cores	
  *	
  	
  18	
  cycle	
  latency	
  =	
  576	
  ops/SM	
  
	
  	
  	
  	
  (required	
  to	
  hide	
  the	
  latency	
  of	
  FP)	
  	
  



Memory/ArithmeGc	
  Balancing	
  

Two	
  flops	
  =	
  single	
  MAD	
  (add/mulGply)	
  
12	
  bytes	
  input	
  
4	
  bytes	
  output	
  
Output	
  bandwidth	
  =	
  1/3	
  Input	
  bandwidth	
  

Feed	
  12	
  bytes	
  every	
  cycle,	
  per	
  core	
  
	
   32*12*1.4GHz	
  =	
  	
  

(Fermi)	
  



Simplified	
  Programming	
  

•  Jacket	
  (Matlab)	
  (hSp://www.accelereyes.com/	
  )	
  
•  Thrust	
  (hSp://code.google.com/p/thrust/)	
  	
  

•  Algebra,	
  FFTs,	
  Monte-­‐Carlo	
  CUDA/OpenGL	
  
Libraries	
  

•  They	
  take	
  care	
  of	
  opGmizaGon	
  issues	
  for	
  the	
  
high-­‐end	
  user.	
  	
  



Deficiencies	
  of	
  Opencl	
  (2011)	
  

•  For	
  the	
  most	
  part,	
  OpenCL	
  maps	
  nicely	
  to	
  CUDA	
  and	
  vice-­‐versa.	
  However,	
  	
  
•  No	
  templates,	
  namespaces	
  

–  Difficult	
  to	
  create	
  general	
  frameworks	
  
•  LimitaGons	
  on	
  funcGon	
  arguments	
  
•  Constant	
  parameters	
  are	
  hard	
  to	
  manage	
  
•  Hard	
  to	
  manage	
  pointers	
  
•  No	
  structures	
  of	
  structures	
  on	
  GPU	
  
•  Cannot	
  access	
  addresses	
  on	
  GPU	
  	
  

–  This	
  is	
  possible	
  with	
  CUDA	
  
•  On	
  average,	
  slower	
  than	
  CUDA	
  
•  Single	
  code	
  runs	
  on	
  all	
  pla�orms	
  

–  Efficiency	
  varies	
  a	
  lot	
  on	
  different	
  GPUs	
  
•  More	
  recent,	
  less	
  developed	
  

–  More	
  opportunity	
  



Resources	
  

•  GPU	
  Programming	
  Guide	
  3.1	
  
–  hSp://www.nvidia.com/	
  

•  BeSer	
  Performance	
  at	
  Lower	
  Occupancy	
  
–  By	
  Vasily	
  Volvov,	
  GTC2010	
  
–  www.cs.berkeley.edu/~volkov/volkov10-­‐GTC.pdf	
  	
  

•  OpenCL	
  SpecificaGon	
  (Khronos)	
  
–  hSp://www.khronos.org/registry/cl/	
  	
  

•  ApplicaGons	
  ported	
  to	
  CUDA	
  
–  hSp://www.nvidia.com/object/cuda_home_new.html	
  

•  Inside	
  Fermi:	
  Nvidia’s	
  HPC	
  Push	
  
–  hSp://www.realworldtech.com/page.cfm?ArGcleID=RWT093009110932&p=3	
  

•  Resource	
  Web	
  page	
  
–  hSp://www.sc.fsu.edu/~erlebach/gpus	
  	
  



CUDA	
   	
  

Let	
  us	
  return	
  to	
  the	
  Spectral	
  	
  
Finite-­‐Element	
  code	
  

Wednesday,	
  12:30	
  pm	
  



CUDA	
  ImplementaGon	
  

•  Each	
  element:	
  53=125	
  points	
  
•  Each	
  CUDA	
  block	
  =	
  128	
  points	
  (waste	
  3)	
  
•  For	
  block	
  max.	
  running	
  concurrently	
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Efficiency	
  vs	
  packet	
  size	
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CPU	
  vs	
  GPU	
  versions	
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Conclusion	
  

•  GPUs have higher rate of performance increase over time than 
CPUs 
–  always appealing as “research for the future” 

•  In certain applications GPUs are 15 to 60 times faster than 
CPUs for low precision 

•  For certain floating point applications GPU’s and CPU’s 
performance is comparable 
– can be used as coprocessor 

•  GPUs are often constrained in memory, but 
•  It is feasible to use GPUs for numerical simulations 

–  Languages: CUDA, RapidMind (cell processors and GPUs) 
•  Calculations in double precisions should be avoided 

–  use mixed precision calculations 



Resources	
  

•  SC	
  VisualizaGon	
  Lab	
  
– SC	
  4	
  HPs	
  with	
  GeForce	
  7900,	
  8800,	
  280GTX	
  cards	
  
– 1	
  HP	
  9100	
  with	
  Quadro	
  5600	
  for	
  GPU	
  computaGon	
  
and	
  Stereo	
  viewing	
  

• Math	
  resource:	
  	
  
– 20	
  processors	
  with	
  20	
  Tesla	
  cards.	
  	
  



Coloring	
  

= + + +

Six	
  
Elements	
  

Two	
  elements	
  of	
  given	
  color	
  do	
  	
  
not	
  share	
  the	
  same	
  color	
  



Coloring	
  

= + + +

Six	
  
Elements	
  

Two	
  elements	
  of	
  given	
  color	
  do	
  	
  
not	
  share	
  the	
  same	
  color	
  


