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GPU-LABoratory

Hone unix)[4919): sessieh cl
. d N caston opened
-

Research and education in Graphics Processing Units in Denmark

Established in August 2008 and is a unique
national competence center and hardware

laboratory. http://gpulab.imm.dtu.dk

- Development of efficient algorithms With support 2010-2013 from national FTP grant
- High-performance scientific computing |“Desktop Computing on Consumer Graphics Cards”
- Performance profiling and prediction PI: Prof. Per Christian Hansen

- Software development

- Education
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| ~200 participants with approx. 150 with |

Topics:
_research background since May 2010

- Parallel programming
- High-Performance Computing »
- Algorithms and Numerical Methods for Solving Differential Equations

2010
- Ph.D. School on “Scientific GPU Computing” with Hendrik Lensch (Germany), Robert Strzodka
(Germany) and Timothy Lanfear (Nvidia)

2011

- One week course on “Introduction to parallel programming of GPUs using CUDA” in DTU

course 02614 on “High-Performance Computing”

- Ph.D. School in “Scientific GPU Computing” with Tim Warburton (Rice University, USA)

- Ph.D. School in “Iterative Methods for Large Linear Systems” with Tim Kelley (North Carolina
University)

- Workshop on “Easy, Effective, Efficient: GPU Programming in Python with PyOpenCL and
PyCUDA” with Andreas Kloeckner (New York University, USA)
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1. Motivation
2. Identifying tuning parameters / kernel designs
3. Performance prediction
4. Auto-tuning results
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Accelerating Dense Linear Algebra on the GPU

=
—
—

i

AaPUlab

DTU Informatics



— |
—
—

s

Motivation

e Running time of dense linear algebra depends on;

— # flops * time per flop
— # bytes moved / bandwidth
- # messages * latency
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Motivation

i

e Running time of dense linear algebra depends on;

Compute bound
— # flops * time per flop —

— # bytes moved / bandwidth
- # messages * latency = — Memory bound
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Motivation

i

e Running time of dense linear algebra depends on;

Compute bound
— # flops * time per flop —
— # bytes moved / bandwidth
- # messages * latency = — Memory bound

& Single-precision performance
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Source: Keckler et al, “"GPUs and the future of parallel computing”, Nvidy \PU
9 December 15, 2011 Accelerating Dense Linear Algebra on the GPU a Iab

DTU Informatics



]

HE

Motivation

C WANTED

' e High memory-bandwidth
(good for memory-bound algorithms)

¢ Massive multi-threading capability
) (good latency-hiding)

e Many-core processing
(good for massively parallel processing)

¢ Programmable with standard tools
(good for productivity)

. ©® Mass-produced commodity hardware
] (widely available and affordable)

: —

H/aPU
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High-Performance Computing on GPUs =

500 Sowre [
N Ry DNRvalE Ml s www.top500.0rg

e UNIVERSITYof TENNESSEE

K computer SPARC64 VIlIfx 2.0GHz, Tofu interconnect RIKEN Japan 705,024 10.5
Tianhe-1A 6-core Intel X5670 2.93 GHz - Nvidia M2050 GPU v /custom interconnect NUDT/NSCC/Tianjin ~ China 186,368 2.57
Jaguar Cray XT-5 6-core AMD 2.6 GHz w/custom interconnect DOE/OS/ORNL USA 224,162 1.76
Nebulae Dawning TC3600 Blade Intel X5650 2.67 GH:z. NVidia Tesla C2050 GPU v/ Iband NSCS China 120,640 1.27
Tsubame 2.0 HP Proliant SL390s G7 nodes (Xeon X5670 2.93GK?) , NVIDIA Tesla M2050 GPU :v/Iband TiTech Japan 73,278 1.19
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GPULab hardware =
Host Accelerator (GPU)
Intel Xeon Nvidia C2050 “Fermi”
4 cores 448 cores
2.4 GHz : e
38 Gflop/s (DP) 515 Gflop/s (DP)
Thread Execution Control Unit
Functian U Fuacson Ut Fuacson Unit Th eo retl ca |

oL
Menooy '

Device Memory

PCI Express
8 Gb/s

Source: PGI Insider: “"The PGI Accelerator Programming Model on NVIDIA GPUs. Part 1”

HaPU
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Dense Linear Algebra on GPUs

e BLAS (Basic Linear Algebra Subroutines)

e Level 1 BLAS: (xAXPY, xDOT, xNRM2, etc.)
— Vectors of length N (4xN bytes)
— 2Xx4xN bytes : O(N) flops
- Memory bound
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Dense Linear Algebra on GPUs

e BLAS (Basic Linear Algebra Subroutines)

e Level 1 BLAS: (xAXPY, xDOT, xNRM2, etc.)
— Vectors of length N (4xN bytes)
— 2Xx4xN bytes : O(N) flops
- Memory bound

e Level 2 BLAS: (XGEMV, xSYMV, xTRSV, etc.)
— Matrix of size NxN (4xNxN bytes) + Vectors
- 4xXN™2 + 2x4xN bytes : O(N”2) flops
- Memory bound
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Dense Linear Algebra on GPUs

e BLAS (Basic Linear Algebra Subroutines)

e Level 1 BLAS: (xAXPY, xDOT, xNRM2, etc.)
— Vectors of length N (4xN bytes)
— 2Xx4xN bytes : O(N) flops
- Memory bound

e Level 2 BLAS: (XGEMV, xSYMV, xTRSV, etc.)
— Matrix of size NxN (4xNxN bytes) + Vectors
- 4xXN™2 + 2x4xN bytes : O(N”2) flops
- Memory bound

e Level 3 BLAS: (XGEMM, xSYMM, xTRSM, etc.)
— 1 or 2 matrices of size NxN (4xNxN bytes)
— (2x)4xXN~2 bytes : O(N~”3) flops
— Compute bound for large N
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DTU
Dense Linear Algebra on GPUs =

oo

Tesla C2050 (Fermi): 448 CUDA cores @ 1.15GHz; theoretical SP peak=1.03 TFlop/s

e Level 1 BLAS: (XAXPY, xDOT, xNRM2, etc.)
— Vectors of length N (4xN bytes)
- 2x4xN bytes : O(N) flops
-M

> Performance < 144 GB/s ~ 72 GFlops/s
> Little attentlon from the GPU communltyI

o Level
— Matrix of size NxN (4xNxN bytes) + Vectors
- 4xXN"™2 + 2x4xN bytes : O(N”2) flops
- Memory bound

e Level 3 BLAS: (xGEMM, xSYMM, xTRSM, etc.)
— 1 4 » Performance > 600 GFlops/s.

= (23 Very much attention!
— Compurepouna Tor Targe N

H/aPU
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Identifying tuning parameters /
kernel designs
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Level 1 BLAS: Vector Operations

Elementwise Vector Operation - Coalesced

Block
- vy - — n
| AN I EEEE == R e EE. === | | |
| — : : |
0 1
Warp blockIdx.x

Reduction Operation in Shared Memory

128 byte

lterations

Tuning parameters: BLOCKSIZE, WORKSIZE n, UNROLL LEVEL

AaPUlab
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Level 2 BLAS: Matrix-Vector Mult.

=

MatVec: Typical Ax=y algorithm forfirzjliRi?zolumns

e Compute one dot product per thread y(i) += A(i,3) * x(3);

: . end
e Tuning parameter: BLOCKSIZE
end
threagldx.y
. i x 0L F—
Al ->< 1L
1 o EE |
T ad— £ BLOCKSIZE 0
e o5 — |
A ta L
i O b —
| — x 0
i o S i)
i u X g
Til —H 1 . gi
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e IN ::: T 5 X.
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H l —
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—
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Level 2 BLAS: Matrix-Vector Mult.

s

Several threads per row
e For wide matrices; we avoid "few threads that do all the work”.

e This requires tuning parameters: BLOCKSIZE, WORKSIZE n.
BLOCKSIZE
Py

BLOCKSIZE
threadldx.x
R WNN—I
LI 1111
134
| T [ L[ ]]
[
threadIdx.x

g
\

o
<

=
@)
o)
X
n
H
N
=
s

—

>
=
VL IR L

N RRRRANI NN NN

blockIdx.x
b

I I I
L]
[\

|

W

0
S
blockIdx.y I b
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Level 2 BLAS: Matrix-Vector Mult.

HE

Several rows per thread
e For tall matrices; we avoid "many threads that do little work each”.
e This requires a new parameter: WORKSIZE m.

threadIdx.y

0
. :x(l)
15 2
Al E i3
it P 4
e R
a3 R ..
Al i 2 bx
iE : [ - x 0
- Ly v 1
¥ 1 G 2
i » 0 5 3
i ! X g &
::' |I '-O “~ 5
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Vector Mult.

IX-

Matr

Level 2 BLAS

Generic kernel

WORKSIZE m, WORKSIZE n.

e This requires parameters: BLOCKSIZE,

BLOCKSIZE

—
—
—
—
—
—
—
= -

11111118
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- -

X" XpIpesiyit

1

1
WORKSIZE m

:

1

| —
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-
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A

blockIdx.y

Accelerating Dense Linear Algebra on the GPU
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Level 2 BLAS: Triangular Solve

A

-1
21

= _lx X
- Azz A21 A

=
—
—

i

A. Triangular Matrix Inverse of Diagonal Blocks in Shared Memory

blockIdx.x

| aBLOCKSIZE_m/ n
|

C. Blocked Forward Substitution

X b:

., |POUTER DIAGSIZE

Tuning parameters: BLOCKSIZE m/n, INNER + OUTER DIAGSIZE

23 December 15, 2011

Accelerating Dense Linear Algebra on the GPU

AHGPU|ab

DTU Informatics



24

Performance Prediction
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Performance Prediction

i

Tesla C2050: Theoretical bandwidth 144 GB/s
What is the effective bandwidth?
SREAD

1401
i Auto-tuned kernel
- = - Auto-tuned kernel (as floats)

120

100

80

GB/s

60

40

20

O- s s . Lo . Lo . Lo
10° 10 10° 10° 10 10

Memory (KB)

6
10
H/aPU
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Performance Prediction

Tesla C2050: Theoretical bandwidth 144 GB/s
What is the effective bandwidth?
SMSET

1401
i Auto-tuned kernel
- = = Auto-tuned kernel (as floats)

120

100

80

GB/s

60

40

20

O- s sl Lo . Lo . IR
10° 10 10° 10° 10 10

Memory (KB)

6
10
H/aPU
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Performance Prediction

i

Tesla C2050: Theoretical bandwidth 144 GB/s
What is the effective bandwidth?
SCOPY

140 e
Auto-tuned kernel
- = — Auto-tuned kernel (as floats)

120

100

80

GB/s

60

40

20

10 10 10 10° 10 10
Memory (KB)

6
10
H/aPU
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Performance Prediction

i

SCOPY bandwidth = (1XxSREAD + 1xSMSET)/2

SCOPY

140 e

Auto-tuned kernel
100k =" Auto-tuned kernel (as floats)
= = = Max performance estimate

100

80

GB/s

60

40

20

10 10 10 10° 10 10
Memory (KB)

6
10
H/aPU
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Performance Prediction

i

SCOPY bandwidth = (1XxSREAD + 1xSMSET)/2

SCOPY
140 T T AL T T R T T
Auto-tuned kernel
120+ = = = Auto-tuned kernel (as floats) : : s
| = = =Max performance estimate .
100 - = =cudaMemcpy(...,DeviceToDevice) -~ v
80
£
m
Q)
60
40
20
0

10 10 10 10° 10 10
Memory (KB)

6
10
H/aPU
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Performance Prediction

SCOPY bandwidth = (1XxSREAD + 1xSMSET)/2

SCOPY

140 A
Auto-tuned kernel
- = = Auto-tuned kernel (as floats)
120 ' .
= = = \ax performance estimate
- = = =cudaMemcpy(...,DeviceToDevice)
100+ = = =CUBLAS v4.0
80
£
m
Q)
60
40
20
0
10° 10’
30 December 15, 2011
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Performance Prediction

SGEMV = ((MxN+N)XSREAD + MXSMSET)/(MxN+N+M)

SGEMV (TRANS="N") / CUBLAS v4.0

60

= = =Tall (100N x N)

50-_ —Square (10N x 10N) , ¢,‘ , -
- = = =Wide (N x 100N) ’

= = = Max performance estimate .

40[

GFlops
w
o

20}

10}

10°
Memory (KB)
AGPU
Accelerating Dense Linear Algebra on the GPU a Iab
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Auto-Tuning Results

A/GPU
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Auto-tuning

i

e Exhaustive search of pruned parameter space (Fermi):

BLOCKSIZE € {32,64,96, 128,160,192, 224, 256}
UNROLL_LEVEL € {1,2,3,4,5,6,7,8}
WORKSIZE n/m € {1,2,3,4,5,6,7,8} x BLOCKSIZE

INNER/OUTER_DIAGSIZE € {1,2,4,8,16} x BLOCKSIZE

e Up to 8”3 = 512 kernel candidates per tuning run

H/aPU
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Auto-tuning

i

e Tuning mesh in 2D and best kernel selection for SGEMV

10°

Logarithmic mesh

10°

10*

10°

10'

F
I
F
I
F
10°}
F
i
F
I
F

10°

1

10°

34

10’ 10° 10° 10* 10° 10°

December 15, 2011

10°

o

10

10%

10°F

10°}

10'F

10°
1

Accelerating Dense Linear Algebra on the GPU

Best Kernel

i Several TOWS per thread

=

o

=

—

2, Several threads per row

e

<

2

5

=

O

8 Several threads,)

several cols
0° 10’ 10° 10° 10° 10° 10°

" #GPUiab
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¢ Best tuning parameters for SGEMV
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Results

GFlops

GFlops

SGEMV (TRANS="N")

SGEMV (TRANS="T")

DTU

i

60(
50f

a0f

20}

= = =Tall (100N x N)

Square (10N x 10N)

= = = Wide (N x 100N)

= = = Max performance estimate

10°
Memory (KB)

SNRM2

607
501

40t

20t

10f

Auto-tuned kernel

[ = = = Auto-tuned kernel (result copied to host)
t = = = Max performance estimate
[ = =-CUBLAS v4.0
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4 R 40r b
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g |
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- 10; ~
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Summary

e BLAS level 1 and 2 kernels are completely memory bound.

e GPU’s effective bandwidth sets the max performance.

e Simple auto-tuning can facilitate high-performance Vector
and Matrix-Vector kernels for all input sizes and shapes.

e GLAS for single precision is available for
download at gpulab.imm.dtu.dk (Open “
Source MIT License):

—glas v0.2 C2050 cuda 4.0 linux.tar.gz

—glas v0.2 GTX590 cuda 4.0 linux.tar.gz
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Autotuning: Scam or artistic instrument? ///«PU
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