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ManyMany--core Technologycore TechnologyManyMany core Technologycore Technology

 Programmable accelerators to improve performance for specific Programmable accelerators to improve performance for specific 
d i f li i (DSP G )d i f li i (DSP G )domains of applications  (DSP, Games, etc)domains of applications  (DSP, Games, etc)

 Discrete video processors have long been included to meetDiscrete video processors have long been included to meet Discrete video processors have long been included to meet Discrete video processors have long been included to meet 
specialized needs of rendering images at video ratesspecialized needs of rendering images at video rates

 Under the pressures of the consumer gaming and professional Under the pressures of the consumer gaming and professional 
workstation market, Graphical Processing Units (GPUs) have workstation market, Graphical Processing Units (GPUs) have 
evolved to deliver everevolved to deliver ever increasing amounts of performanceincreasing amounts of performanceevolved to deliver everevolved to deliver ever--increasing amounts of performanceincreasing amounts of performance

 The two primary vendors in GPU market, NVIDIA and ATI (part ofThe two primary vendors in GPU market, NVIDIA and ATI (part ofThe two primary vendors in GPU market, NVIDIA and ATI (part of The two primary vendors in GPU market, NVIDIA and ATI (part of 
AMD), felt the pressure to provide more programmable access to AMD), felt the pressure to provide more programmable access to 
their processors.their processors. 3



ManyMany--core Processorscore ProcessorsManyMany core Processorscore Processors

 A market was emerging for general purpose computations on nonA market was emerging for general purpose computations on non--graphics data on graphics data on 
the GPUs leading the way with a General Purpose GPU solution (GPGPU capablethe GPUs leading the way with a General Purpose GPU solution (GPGPU capablethe GPUs leading the way with a General Purpose GPU solution (GPGPU, capable the GPUs leading the way with a General Purpose GPU solution (GPGPU, capable 
of 100s  GFLOPs)of 100s  GFLOPs)

P i h t l tf (GPU d CPU )P i h t l tf (GPU d CPU ) Programming heterogeneous platform (GPUs and CPUs): Programming heterogeneous platform (GPUs and CPUs): 
–– NVIDIA introduced CUDA (Compute Unified Device Architecture) in 2007 NVIDIA introduced CUDA (Compute Unified Device Architecture) in 2007 
–– AMD adopted  AMD adopted  OpenCLOpenCL (Open Computing Language) in 2009(Open Computing Language) in 2009

 GPU:  use massive multithreading, fast context switching, and high memory GPU:  use massive multithreading, fast context switching, and high memory 
bandwidth, and overlapping longbandwidth, and overlapping long--latency loads in stalled threads with computation latency loads in stalled threads with computation pp g gpp g g y py p
in other threads (multiple streaming multiprocessors with potentially hundreds of in other threads (multiple streaming multiprocessors with potentially hundreds of 
cores)cores)

 CUDA (ext. to C) is most widely used parallel programming framework for CUDA (ext. to C) is most widely used parallel programming framework for 
general purpose GPU computations.general purpose GPU computations. 4



ManyMany--core for Supercomputingcore for Supercomputing
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ManyMany--core for Supercomputingcore for SupercomputingManyMany core for Supercomputingcore for Supercomputing
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GPU Application to MRIGPU Application to MRI
Justin Justin HaldarHaldar
University of Illinois at Urbana University of Illinois at Urbana ChampagnChampagn

S. S. Stone, et al.  “Accelerating Advanced MRI Reconstructions on GPUs.” Journal of Parallel and Distributed Computing S. S. Stone, et al.  “Accelerating Advanced MRI Reconstructions on GPUs.” Journal of Parallel and Distributed Computing 
68 130768 1307 1318 20081318 200868:130768:1307--1318, 2008 1318, 2008 



Introduction to MRIIntroduction to MRI



MRI PipelineMRI Pipeline
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MRI PipelineMRI Pipeline
F t  ! Faster ! 
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Example:  Interventional MRIExample:  Interventional MRI

R l ti  t ti  i  Real-time reconstruction is 
necessary to provide feedback to 

surgeon



MRI data in Fourier SpaceMRI data in Fourier Space
 Ignoring several effects, MRI image and signal are a Fourier transform pair and Ignoring several effects, MRI image and signal are a Fourier transform pair and 

MatrixMatrix--Vector MultiplicationVector Multiplication
 Huge matrix data (Huge matrix data (22D:  D:  34 34 GB, GB, 33D: D: 2 2 PB)PB)g (g ( ,, ))

true image
Fourier kernelFourier kernel

noisedata samples



Summary of ResultsSummary of Results
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 Parallel ImagingParallel Imaging
MR ReconstructionMR Reconstruction
 Parallel ImagingParallel Imaging

–– Data acquired with multiple spatially diverse Data acquired with multiple spatially diverse 
sensorssensorssensorssensors

30X 30X 
speedup

 Field Field inhomogeneityinhomogeneity correctioncorrection

95X 
speedup



GPUs in MRIGPUs in MRI
 Common MRI computations have been accelerated by ordersCommon MRI computations have been accelerated by orders--

ofof--magnitude using GPUsmagnitude using GPUs
Enables more practical use of advanced reconstruction algorithms toEnables more practical use of advanced reconstruction algorithms to–– Enables more practical use of advanced reconstruction algorithms to Enables more practical use of advanced reconstruction algorithms to 
reduce scan time/image artifactsreduce scan time/image artifacts

–– Key primitives: 3D convolution, 3Key primitives: 3D convolution, 3--D histogram, sparse/D histogram, sparse/ToeplitzToeplitz
matrixmatrix--vector multiplication, sparse CG solver, and FFTvector multiplication, sparse CG solver, and FFT

 Current challenge: To develop a common, modular framework Current challenge: To develop a common, modular framework 
for GPU reconstruction of MR data (and other imaging for GPU reconstruction of MR data (and other imaging ( g g( g g
modalities)modalities)
–– Single framework for multiSingle framework for multi--core CPUs and manycore CPUs and many--core GPUscore GPUs
–– Automatic tuning and selection for each primitiveAutomatic tuning and selection for each primitive

 Future work:Future work:
–– Continued optimization, scaling of reconstruction algorithmsContinued optimization, scaling of reconstruction algorithms
–– GPU implementation of MR parameter estimation GPU implementation of MR parameter estimation 
–– Support for integration into production MRI pipelinesSupport for integration into production MRI pipelines



CUDA CUDA –– C C 
 Integrated Integrated host+devicehost+device app C programapp C program

–– Serial or modestly parallel parts in Serial or modestly parallel parts in host host C codeC codeS y p pS y p p CC
–– Highly parallel parts in Highly parallel parts in devicedevice SPMD kernel C codeSPMD kernel C code

Serial Code (host) 

Parallel Kernel (device)
. . .

Parallel Kernel (device)
KernelA<<< nBlk, nTid >>>(args);

Serial Code (host) 

Parallel Kernel (device) 
K lB<<< Blk Tid >>>( )

© David Kirk/NVIDIA and Wen-mei W. Hwu

Urbana, Illinois, August 10-14, 2009

. . .KernelB<<< nBlk, nTid >>>(args);



CUDA Devices and ThreadsCUDA Devices and Threads
 A computeA compute devicedevice

–– Is a coprocessor to the CPU or Is a coprocessor to the CPU or hosthostpp
–– Has its own DRAM (Has its own DRAM (device memorydevice memory))  
–– Runs many Runs many threadsthreads in parallelin parallel

Is typically aIs typically a GPUGPU but can also be another type of parallel processingbut can also be another type of parallel processing–– Is typically a Is typically a GPUGPU but can also be another type of  parallel processing but can also be another type of  parallel processing 
device device 

 DataData--parallel portions of an application are expressed as device parallel portions of an application are expressed as device 
kernelskernels which run on many threadswhich run on many threads

 Differences between GPU and CPU threads Differences between GPU and CPU threads 
GPU threads are extremely lightweightGPU threads are extremely lightweight–– GPU threads are extremely lightweightGPU threads are extremely lightweight

»» Very little creation overheadVery little creation overhead
–– GPU needs GPU needs 10001000s of threads for full efficiencys of threads for full efficiency

M l iM l i CPU d l fCPU d l f»» MultiMulti--core CPU needs only a fewcore CPU needs only a few



G80 CUDA mode G80 CUDA mode –– A A Device Device ExampleExample
 Processors execute computing threadsProcessors execute computing threads
 New operating mode/HW interface for computingNew operating mode/HW interface for computing

Thread Execution Manager

Input Assembler

Host

Thread Execution Manager

Texture Texture Texture Texture Texture Texture Texture TextureTexture

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Parallel Data
Cache

Load/store

Texture

Load/store Load/store Load/store Load/store Load/storeLoad/store

Global Memory

Load/store Load/store Load/store Load/store Load/store



CUDA Extends CCUDA Extends CCUDA Extends CCUDA Extends C
 DeclspecsDeclspecs

–– global, device, shared, global, device, shared, 
local constantlocal constant

__device__ float filter[N]; 

global void convolve (float *image) {local, constantlocal, constant

 KeywordsKeywords

__global__ void convolve (float *image)  {

__shared__ float region[M];
... 

–– threadIdx, blockIdxthreadIdx, blockIdx
 IntrinsicsIntrinsics

–– __syncthreads__syncthreads

region[threadIdx] = image[i]; 

__syncthreads()  
... 

 Runtime APIRuntime API
–– Memory, symbol,Memory, symbol,

image[j] = result;
}

// Allocate GPU memoryMemory, symbol, Memory, symbol, 
execution managementexecution management

 Function launchFunction launch

void *myimage = cudaMalloc(bytes)

// 100 blocks, 10 threads per block
convolve<<<100, 10>>> (myimage);



Arrays of Parallel ThreadsArrays of Parallel Threads
• A CUDA kernel is executed by an array of threads

– All threads run the same code (SPMD) 
– Each thread has an ID that it uses to compute 

memory addresses and make control decisions

76543210threadID

…
float x = input[threadID];
float y = func(x);
output[threadID] = y;
…

20



Thread Blocks: Scalable CooperationThread Blocks: Scalable Cooperation
 Divide monolithic thread array into multiple blocksDivide monolithic thread array into multiple blocks

–– Threads within a block cooperate via Threads within a block cooperate via shared shared pp
memory, atomic operations memory, atomic operations and and barrier barrier 
synchronizationsynchronization

Thread Block 0 Thread Block 1 Thread Block N - 1

–– Threads in different blocks cannot cooperateThreads in different blocks cannot cooperate

threadID

Thread Block 0

…

Thread Block 1

…

Thread Block N - 1
76543210 76543210 76543210

…
float x = 
input[threadID];
float y = func(x);
output[threadID] = y;
…

…
…
float x = 
input[threadID];
float y = func(x);
output[threadID] = y;
…

…
float x = 
input[threadID];
float y = func(x);
output[threadID] = y;
…



Block IDs and Thread IDsBlock IDs and Thread IDs
Host Device

Block IDs and Thread IDsBlock IDs and Thread IDs
 All threads in a block execute the same All threads in a block execute the same 

kernel program (SPMD)kernel program (SPMD)

Kernel 
1

Grid 1

Block
(0, 0)

Block
(1, 0)

 Programmer declares block:Programmer declares block:
–– Block size 1 to Block size 1 to 512512 concurrent concurrent 

threadsthreads
Block shape 1D 2D or 3DBlock shape 1D 2D or 3D

Block
(0, 1)

Block
(1, 1)

Grid 2

–– Block shape 1D, 2D, or 3DBlock shape 1D, 2D, or 3D
–– Block dimensions in threadsBlock dimensions in threads
–– Blocks have Blocks have Block id (X and Y)Block id (X and Y)

 Threads have Threads have thread id (X,Y,Z) thread id (X,Y,Z) numbers numbers 
Kernel 

2

Grid 2

Block (1,  1)
(0,0,1) (1,0,1) (2,0,1) (3,0,1)

eads aveeads ave t ead d ( , , )t ead d ( , , ) u be su be s
within blockwithin block
–– Thread program uses Thread program uses thread idthread id to to 

select work and address shared select work and address shared 
datadata

Thread Thread Thread Thread

Thread
(0,0,0)

Thread
(1,0,0)

Thread
(2,0,0)

Thread
(3,0,0)

datadata
 Each block can execute in any order Each block can execute in any order 

relative to other blocksrelative to other blocks
 CUDA Kernel is a mapping from data 

Courtesy: NDVIA

Thread
(0,1,0)

Thread
(1,1,0)

Thread
(2,1,0)

Thread
(3,1,0)parallel computations onto Block id 

and thread id!



CUDA Memory Model OverviewCUDA Memory Model Overviewyy

 Global memoryGlobal memory
–– Main means of communicating Main means of communicating 

R/W Data between host and R/W Data between host and 
devicedevice
Contents visible to all threadsContents visible to all threads

Grid

–– Contents visible to all threadsContents visible to all threads
–– Long latency accessLong latency access

Block (0, 0)

Shared Memory

R i t R i t

Block (1, 0)

Shared Memory

R i t R i t

Thread (0, 0) 

Registers

Thread (1, 0) 

Registers

Thread (0, 0) 

Registers

Thread (1, 0) 

Registers

Global MemoryHost



Example: Matrix MultiplicationExample: Matrix Multiplication

N

// Matrix multiplication on the (CPU) host in double 
precision

void MatrixMulOnHost(float* M float* N float* P int N

ID
T

H

void MatrixMulOnHost(float* M, float* N, float* P, int 
Width) 
{   

for (int i = 0; i < Width; ++i) 
for (int j = 0; j < Width; ++j) {

k
j

W
Ifor (int j = 0; j < Width; ++j) {

double sum = 0;
for (int k = 0; k < Width; ++k) {

double a = M[i * width + k];
double b = N[k * width + j];

j

M P
double b = N[k  width + j];
sum += a * b;

}
P[i * Width + j] = sum;

} i

W
ID

T
H

}
}

i

k
WIDTH WIDTH

k



bx

tx

0 1 2

Tiled ConstructTiled Construct
Nd

01 TILE_WIDTH-12

 BreakBreak--up Pd into tilesup Pd into tiles

W
ID

T
H

 Each block calculates one Each block calculates one 
tiletile

Each thread calculates oneEach thread calculates one–– Each thread calculates one Each thread calculates one 
elementelement

–– Block size equal Block size equal to tile to tile sizesize
Md Pd

Pdsub1
0

0

T
H

E

Hsub

TILE_WIDTH

by ty 2
1

TILE_WIDTH-1

1

T
IL

E
_W

ID
T

W
ID

T
H
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Kernel Kernel 

__global__ void __global__ void MatrixMulKernelMatrixMulKernel(float* (float* MdMd, float* , float* NdNd, float* Pd, , float* Pd, intint Width)Width)
{{
// Calculate the row index of the Pd element and M// Calculate the row index of the Pd element and M

intint Row = Row = blockIdx.yblockIdx.y*TILE_WIDTH + *TILE_WIDTH + threadIdx.ythreadIdx.y;;
// Calculate the column// Calculate the column idenxidenx of Pd and Nof Pd and N// Calculate the column // Calculate the column idenxidenx of Pd and Nof Pd and N

intint Col = Col = blockIdx.xblockIdx.x*TILE_WIDTH + *TILE_WIDTH + threadIdx.xthreadIdx.x;;

fl tfl t P lP l 00float float PvaluePvalue = = 00;;
// each thread computes one element of the block sub// each thread computes one element of the block sub--matrixmatrix

for (for (intint k = k = 00; k < Width; ++k); k < Width; ++k)
ll dd[ *[ * id h kid h k] *] * dd[k*[k* id h C lid h C l]]PvaluePvalue += += MdMd[Row*[Row*Width+kWidth+k] * ] * NdNd[k*[k*Width+ColWidth+Col];];

Pd[Row*Pd[Row*Width+ColWidth+Col] = ] = PvaluePvalue;;

26
}}



Transparent ScalabilityTransparent Scalability

 Hardware is free to assigns blocks to any Hardware is free to assigns blocks to any 
processor at any timeprocessor at any timeprocessor at any timeprocessor at any time
–– A kernel scales across any number of parallel A kernel scales across any number of parallel 

processorsprocessorsprocessorsprocessors
Device Kernel grid

Block 0 Block 1
Device

Block 0 Block 1

Block 2 Block 3

Block 2 Block 3

Block 4 Block 5

Block 6 Block 7 Block 0 Block 1 Block 2 Block 3
Time

Block 2 Block 3

Block 4 Block 5

Block 4 Block 5 Block 6 Block 7

E h bl k t i d l ti t th bl kE h bl k t i d l ti t th bl k

27

Block 6 Block 7 Each block can execute in any order relative to other blocks. Each block can execute in any order relative to other blocks. 



GG80 80 Execution Model Execution Model 

t0 t1 t2 … tm

MT IU MT IU

t0 t1 t2 … tm

Blocks

SM 1SM 0

 Threads are assigned to Threads are assigned to Streaming Streaming 
MultiprocessorsMultiprocessors in block granularityin block granularity

Blocks

SP SP

MultiprocessorsMultiprocessors in block granularityin block granularity
–– Up to Up to 88 blocks to each SM as resource blocks to each SM as resource 

allowsallowsShared
Memory

Shared
Memory

–– SM in GSM in G80 80 can take up to can take up to 768768 threadsthreads
»» Could be Could be 256 256 (threads/block) * (threads/block) * 3 3 

blocks blocks 

y y

»» Or Or 128 128 (threads/block) * (threads/block) * 6 6 blocks, etc.blocks, etc.

 Threads run concurrentlyThreads run concurrently
–– SM maintains thread/block id #sSM maintains thread/block id #s

28
–– SM manages/schedules thread SM manages/schedules thread 

executionexecution



GG8080: Thread Scheduling: Thread Scheduling
• The threads of each Block are executed as 

32-thread Warps (Instr. broadcast to 8 cores 
in 4 cycles)

– An implementation decision not part … …
Block 1 Warps Block 2 Warps

…
Block 1 Warps

– An implementation decision, not part 
of the CUDA programming model

– Warps are scheduled in SM

• If 3 blocks are assigned to an SM and each 

…
t0 t1 t2 … t31

…
…

t0 t1 t2 … t31
…

…
t0 t1 t2 … t31

…

block has 256 threads, how many Warps are 
there in an SM?

– Each Block is divided into 256/32 = 8 
Warps

– There are 8 * 3 = 24 Warps Instruction Fetch/Dispatch

Instruction L1
Streaming Multiprocessor

There are 8  3  24 Warps

• Steaming Multiprocessor (Thread-Level 
Parallelism (TLP) )
– SM performs 18 FLOPs/Cycle SP

SP

SP

SP

Shared Memory

– SM has 8K registers
– When one warp stalls (Mem. or arith.), 

the SM  quickly switches to a ready 
warp from same or another block 

– On-chip memories are used to

SP

SP
SFU

SP

SP
SFU

29

On chip memories are used to 
promote data locality and sharing

– Cache is single-ported, accesses of 
different addresses yield stalls



G80: Thread Scheduling (Cont.)G80: Thread Scheduling (Cont.)

 Hiding latency of GM and some Hiding latency of GM and some ArithmeticsArithmetics: SM : SM implements implements g yg y pp
zerozero--overhead warp schedulingoverhead warp scheduling
–– At any time, only one of the warps is executed by SMAt any time, only one of the warps is executed by SM
–– Warps whose next instruction has its operands ready for consumptionWarps whose next instruction has its operands ready for consumptionWarps whose next instruction has its operands ready for consumption Warps whose next instruction has its operands ready for consumption 

are eligible for executionare eligible for execution
–– Eligible Warps are selected for execution on a prioritized scheduling Eligible Warps are selected for execution on a prioritized scheduling 

policypolicypolicypolicy
–– All threads in a warp execute the same instruction when All threads in a warp execute the same instruction when selectedselected
–– Coalesced access to SM significantly reduce access timeCoalesced access to SM significantly reduce access time

TB1
W1

TB2
W1

TB3
W1

TB2
W1

TB1
W1

TB3
W2

TB1
W2

TB1
W3

TB3
W2

TB1, W1 stall
TB3, W2 stallTB2, W1 stall

Instruction: 1 2 3 4 5 6 1 2 1 2 3 41 2 7 8 1 2 1 2 3 4

30
TB = Thread Block, W = WarpTime

Instruction: 1 2 3 4 5 6 1 2 1 2 3 41 2 7 8 1 2 1 2 3 4



Performance of MM and JacobiPerformance of MM and JacobiPerformance of MM and JacobiPerformance of MM and Jacobi
Kernel

FX 58000  GPU,
Th k   h  ICS Thanks to the ICS 
Department

Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7 Block N………

SM 1 SM 2 SM 3 SM 4 SM 30………

SP1 SP2
SP3 SP4
SP5 SP6
SP7 SP8



NN--Blocks Over Blocks Over 11--Block ExperimentsBlock Experimentspp

 11--Block Execution:Block Execution:
Matrix Multiply

–– Single kernel block will compute Single kernel block will compute 
the whole matrix/array.the whole matrix/array.

–– Traverses in small blocks to Traverses in small blocks to 
complete the whole matrix/array.complete the whole matrix/array.complete the whole matrix/array.complete the whole matrix/array.

–– Each thread within the block Each thread within the block 
compute (N*N)/compute (N*N)/256 256 elements (for elements (for 
matrix multiply) and N/matrix multiply) and N/16 16 elements elements 
(for jacobi)(for jacobi)

Jacobi

(for jacobi)(for jacobi)
 NN--Block Execution:Block Execution:

–– Whole resultant matrix/array is Whole resultant matrix/array is 
divided into number of blocks divided into number of blocks 

Matrix Multiply

22,,44,,88, …, , …, 1638416384
 1 1 Block = Block = 256 256 threads (threads (1616xx1616) for ) for 

MM.MM.
11 Bl kBl k 1616 th d f J bith d f J bi

2-Blocks 4-Blocks 8-Blocks
 1 1 Block = Block = 16 16 threads for Jacobi.threads for Jacobi.

Jacobi



Matrix Multiply (only GM) Matrix Multiply (only GM) 
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Matrix Multiply (WithMatrix Multiply (With ShMShM))Matrix Multiply (With Matrix Multiply (With ShMShM))
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Coalesced Memory AccessCoalesced Memory AccessCoalesced Memory AccessCoalesced Memory Access
 The size of the memory element accessed by each thread is either The size of the memory element accessed by each thread is either 44, , 88, or , or 16 16 bytesbytes
 The elements form a contiguous block of memoryThe elements form a contiguous block of memory
 The Nth element is accessed by the Nth thread in the halfThe Nth element is accessed by the Nth thread in the half--warp, does not affect if any warp, does not affect if any 

thread in between not accessing the global memory that is divergent warp.thread in between not accessing the global memory that is divergent warp.
 The address of the first element is aligned toThe address of the first element is aligned to 1616 times the element’s sizetimes the element’s size The address of the first element is aligned to The address of the first element is aligned to 16 16 times the element s sizetimes the element s size



Jacobi (only GM)Jacobi (only GM)Jacobi (only GM)Jacobi (only GM)
45

N-Blocks / 1-Block

35

40

25

30

ee
du

p

15

20Sp
e

0

5

10

2 4 8 16 32 64 128 256

Number of Blocks (N), Space Size = N * 16



Jacobi (WithJacobi (With ShMShM))Jacobi (With Jacobi (With ShMShM))
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Benchmarking data copyBenchmarking data copy
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Research Directions Research Directions 
P i GPGPU i t l l d t di f thP i GPGPU i t l l d t di f th Programming GPGPU require an expert level understanding of the Programming GPGPU require an expert level understanding of the 
memory hierarchy and execution model to reach peak performance.memory hierarchy and execution model to reach peak performance.

 Even for experts, rewriting a program to exploit the architecture in Even for experts, rewriting a program to exploit the architecture in 
hi i hi h d b t di dhi i hi h d b t di dachieving high speedup can be tedious and error prone.achieving high speedup can be tedious and error prone.

 Compilers and their ability to make code transformations can assist in Compilers and their ability to make code transformations can assist in 
parallel programming of large scale GPGPU applications as well as parallel programming of large scale GPGPU applications as well as 
h dli f th t t ifi d t ilh dli f th t t ifi d t ilhandling many of the target specific details.handling many of the target specific details.

 A source to source compiler transformation and code generation A source to source compiler transformation and code generation 
framework is needed  for the parallelization and optimization of framework is needed  for the parallelization and optimization of 

t ti d i ti l l t f it ti d i ti l l t f icomputations expressed in sequential loop nests for running on manycomputations expressed in sequential loop nests for running on many--
core GPUs. core GPUs. 

 May use a complete scripting language to describe May use a complete scripting language to describe composablecomposable
il t f ti th t b itt h d d d bil t f ti th t b itt h d d d bcompiler transformations that can be written, shared and reused by non compiler transformations that can be written, shared and reused by non 

expert application and library developers.expert application and library developers.
 A research framework must exhibit highA research framework must exhibit high--performance on standard performance on standard 

b h k th t h it bl f t hi t f i h db h k th t h it bl f t hi t f i h d
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benchmarks that show it capable of matching or outperforming handbenchmarks that show it capable of matching or outperforming hand--
tuned GPU kernels.tuned GPU kernels.



Research Directions Research Directions 
Some research directions:Some research directions:

•• Automating the Automating the GPU kernel generation including computation partitioning, GPU kernel generation including computation partitioning, 
allocating memory for GPU I/O,  GPU copying data, and performing block and allocating memory for GPU I/O,  GPU copying data, and performing block and 
thread decomposition. thread decomposition. 

•• Compiler transformations can be applied in the decomposition and mapping Compiler transformations can be applied in the decomposition and mapping 
process, and in subsequently optimizing the kernel code to manage the memory process, and in subsequently optimizing the kernel code to manage the memory 
hierarchy and parallelism tradeoffshierarchy and parallelism tradeoffshierarchy and parallelism tradeoffs.hierarchy and parallelism tradeoffs.

•• Since there is significant performance variation on GPUs for very subtle Since there is significant performance variation on GPUs for very subtle 
differences in code, there is need to explore a space of different implementations, differences in code, there is need to explore a space of different implementations, , p p p ,, p p p ,
and different values of parameters associated with the mapping.and different values of parameters associated with the mapping.

•• A programming tool may support both automated compiler optimization as well A programming tool may support both automated compiler optimization as well 
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as programmeras programmer--guided optimization.guided optimization.



Thank you
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