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Motivation
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® GPU performance GOOD
€ Intel X5650 V.S. ATI HD5970
€ 128 GFLOPS 928 GFLOPS (double)
® DGEMM Suit to GPU

C:=alpha X A X B +beta X C
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ATl GPU architecture
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ATl GPU architecture
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Prior DGEMM implementation

Four-stage pipelining

Application
Partition: A = {Ay, Ay, , Ay}, B={By,By, -+, By}, Space

0 ={C1.02.- . Cpyq}
Work units: WU = {C] = 41 «x B1,Cqp = Ay ® Bag, ...}
' 51 the sub-matrices of O loadl
i, i
LETEEEEETTEr i T i ir i i ii i idiirididiiridiiidriiiid SOl
1. bind remote memory for sub-matrices A B.C

/S pre-processing

Allocate workunite using the “bounce corner turn” for exploiting data reuse

[ fthe for-loop ia pipelined RemOte

2. for each workunit wu; do  f/i=1,2,. .« ,p ® g memory
J {load1

3. copy either A; or B loadl plication space to remaote memory
J {loadz

4. copy either 4; or B; from remc |Qad2 v to local memory load2
J fmult

. caleulate ©;  on GPU device and output it to remote memory

6. for each block C'I'E.-.._‘;i do j/i=2.8,...

[ [atore mult
copy O =1 from remote memory to application space

ialso multiplied by beta)

in

Local memory

=T

[ fmault

8. caleulate Oy ; on GPU device and output it Mult :c memary

0. endfor ' mult
[ [ atore

10, copy the last r-'r'i._';i from remot{ SLOIEN ;, application space
ialzo multiplied by beta)

11. endfor GPU

[C. Yang et. al. “Adaptive optimization for petascale heterogeneous CPU/GPU computing.” 2010]



Prior DGEMM performance

Performance

GFLOPS mmm performance = efficiency
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Prior DGEMM performance

Performance Profile

GFLOPS mm performance =fli—efficiency
500 54% Emult Ostore  @loadl 0O load2
450 53% 100%
400 .\ - 52% 20
350 - 51% o 80%
%0 70% -

300 - 50% 40:-; 60% -
250 - - 49% 2 sop -
200 - - 48% Qq: 40% -
150 - - 47% = 30%
100 - 46% 20%

50 - - 45% 10% H H H H

0 - - 44% 0% : : : :

mult 1-GPU 2-GPU 16384 20480 24576 28672 32768
Matrix Size
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Prior DGEMM performance

GFLOPS
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Performance
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mult

- 49%
- 48%
- 47%
- 46%
- 45%
- 44%

1-GPU 2-GPU

Profile

Time Percentage

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

Omult Ostore B loadl 0O load2

= N wm m

16384 20480 24576 28672 32768
Matrix Size

Bottleneck: kernel
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Optimizations

® Image addressing mode

® Five-stage pipelining

mult

(3)

Application
Space

store “ !! load1l

Remote
memory

!! load2

Local memory

‘[17 mult{ (1)

GPU | (2)

N Stage (3) — long latency

12 -



Addressing mode

Image Addressing

Location

Pre-allocated segments

Program

Complicated |

Latency

13

Shortl

V.S.

Global Buffer Addressing

Arbitrary |

easy

easy |
Long|
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Addressing mode

ﬁ V.S. Global Buffer Addressing
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Five-stage pipelining

mult

Application
Space

store H H load1l

Remote
memory

I

Local memory

! ! mult

GPU

Application
Space

store2 H H loadl

Remote
memory

storel ‘ ‘ ! ! load2

Local memory

multl

GPU




Five-stage pipelining (cont.)

Resource allocation

Host memory PCIe Bufd

Host Memory PCIe Bus

store?2

Time percentage

Time Percentage

Omult Ostore MWloadl O load2 O multl mstore2 Ostorel mloadl Oload2
100% 100%
90% — 90%
80% — 80% u
70% : — o 70% 55% —
60% 74% — £ 60% » a
50% - — — %50% 1 |
40% — o 40% +— [ L i L ]
30% — £ 30%
20% — 20%
10% 10%
T e O o e .
16384 20480 24576 28672 32768 16384 20480 24576 28672 32768
Matrix Size Matrix Scale




Optimized DGEMM

Algorithim 3 The five-stage software-pipelining DGENM

Partition: A ={Ay.Ag. -+ ,Ap}, B ={By, By, -+, Bg},
€ =1{Cy,C0a, -+ ,Gpygql
Work unitee W' = {1 = 41 ¥ By, T2 = Ay ¥ Ba,- -}

T, the sub-matrices of O
.l-'.l.'.'.l.'.'.l-'.'.l.'.'.l-'.l.l.'.l.l-'.l.l.'.l.l.'.l.'.'.l.'.'.l.'.'.l.'.'.l.'.'.l.'.l.l.'.l.l.'.l.'.'
1. bind remote TG T STy for sub-matrices A B, O
JJ pre-processing
Allocate workunites using the “bounce corner turn®
S the fordoop ie pipelined
2. for sach workunit wu; do Jli=1,2,--- ,p ¥ g
F floads
3. copy aither A; or B; from application space to remote memory
A Hload®
4. copy aither A or B from remote memory to local memory
£ e
o DA Pepeline{CT; 1}
&, for aach black Oy ; do fli=22 ...
S morel
COpy I'_'-'II ;| from remcte memory to application spaca
{also multiplied by beta)
S i
. DAA Pipeling T ;)
Q. endfor -
£ etora
10, copy the last &7 j from remote memory to application spaca

{also multipliad I:r-:.- bata]
11. endfor

=r

Application
Space

store2 i i ﬂloam

Remote
memory

Local memory

Benefits: @

GPU

Faster kernel

Algorihm: DMAFipdine(C; L id

r‘-"!. g ¢ the sub-blocks of O 4
_.l-'.l.'.'.l.'.'.l-'.'.l.'.'.l-'.l.l.'.l.l-'.l.l.'.l.l.'.l.'.'.l.'.'.l.'.'.l.'.'.l.'.'.l.'.l.l.'.l.l
S the fordoop ie pipelined
e
1. calculata £ 5 1 in local memory
2. for sach su.b ﬂ]‘:“:k‘:-a__;l e do filke =2,8,- "
Jf moral
3. DhlA transfer Ci.__;‘.i.'—l from local memory to remote memory
Sl
4. calculate Ci.j.i.' in local memory
&, endfor
Al
17 L transfer the last & ke from local memory to remote memory

DMA usage |

'Better overlap ‘
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Experimental platform & problem size

Platform configuration

Radeon M HD5970

Processors Xeon XE650

Model Westmere-EP Cypress
Frequency 2.66GH= T25MH=
F=chips 2 2

DP 128 GFLOPS 928 GFLOPS

DDR3 1.3GH=

DEAM type GDDERS 1.0GH=

DRAM size 24G B 2GB
DEAMNM bandwidth 31.2 GE /= 256 GE/s
PClIe2.0 x16, 8 GB /s

Programming icc + openmpi ATI Stream SDK 2.2

Matrix size

—___ GB —
]{ --\_._“___\_-1_ ITI=—I
16384 20480 24576 Z2EG6TZ2 I2TER
1536 3.65 386 5.44 708 §.40
2048 368 102 5.64 T.52 0.66
1006 300 1.70 G.44 5.406 10.74
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Optimized DGEMM performance

1000
900
800
700

GFLOPS

600 -
500
400 -
300 -

200 -
100 A
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—— HDGEMM C—5-stage-pipelining @ /-stage-pipelining
C—— ACML-GPU mmlmm Fff-5-stage—pipelining =@ Eff-HDGEMM
a )
- ] - 80%
| .__./ - - o 844 GFLOPS
NG — - 708 Eff: 80%
| L 60%
)
- o0% g 758 GFLOPS
L 40% E Eff: 82%
E -
L 30%
| L 20%
[Speedup:zx]
L 10% .
0%
K=1536 \ K=2048 / K=4096
Matrix Size
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Findings

® \We CAN achieve high efficiency on GPU !

® Contention means a LOT |
— PCle bus contention
— Host memory contention

JcpteMitaihsLa



DGEMM kernel performance

Intra-node scalability

OKernel O 5-stage—pipelining—1GPU@ b5-stage—pipelining—2GPUQHDGEMM-2CE
/\ 7\ A\

100%
90% - —
. 80% /
2 70%
60%
l
\ /
\

\ 1536 \/ K=2048 \/ K=4096

Matrix Size

50%
40%
30%
20%
10%

0%

Efficie

1

Kernel performance: 94% (max)>

Efficiency down, due to contention. >
JeptBMItATREHTA

CPLITING TEHN CHNESE ALALEMY OF




Contention on PCle bus

Application
1 GPU chip V.S. 2 GPU chips Space
O Load?2 Ostorel store2 M load1
100% -—
5 89%
o
‘z 50 Remote
S 60% 56% E— memory
E 40% S
% 20% I storel load?2
£
2 0% ; . ,
K=1536 K=2048 K=4096
e Local memory
Matrix Size

rObservation 1 | || mult

Contention on PCle bus is an un-trivial limitation GPU
on multiple GPUs with restricted number of
lanes. JcpteMitaihsLa
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Contention on host memory (1)

- : Application
1 GPU chip V.S. 2 GPU chips Space
100 | 92% OLoadl Ostore2 store2 ﬁ load1
% o - 86% — - Remote
2 60% — memory
T 40% —
?g: 20% — storelmmadz
Z oy : : .
K=1536 K=2048 K=4096
Matrix Size Local memory
'Observation 2 @ -
DGEMM on multlple GPUs will not benefit
much by improving host memory bandwidth. ‘
ML IF LA
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Contention on host memory (2)

Hybrid DGEMM V.S. CPU-only DGEMM

22% ~

GFLOPS

40

120 -

10

80 -H
60 -H
40 H
20 H

0

O CPU-HDGEMM OPure CPU

K=2048 K=4096

Matrix Size

IObservation 3 |

Host memory bandwidth is important to Hybrid DGEMM.

24
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Conclusion

® DGEMM optimization
— Image addressing mode
— Five-stage pipelining
— Good Performance!
® Three observations
— PCle bus contention
— Host memory contention

— Give the reference for programmers and hardware
designers
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Thanks!

Questions?

http://asl.ncic.ac.cn/projects/dgemm
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ATIV.S. NV — Peak Performance

® ATI HD7970 (Latest)
— 3.79 TFLOPS Single Precision compute power
— 947 GFLOPS Double Precision compute power
® NV Tesla K10 (Latest)
— 4.58 Gigaflops Peak single precision floating point
— 190 Gigaflops Peak double precision floating point

® ATI still has higher performance for double
precision.
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HD59/7/0 V.S. Latest ATl GPU

® ATI HD7970 (Latest)

— 3.79 TFLOPS Single Precision compute power
— 947 GFLOPS Double Precision compute power

® HD5970

— 4.64 TFLOPS Single Precision compute power
— 928 GFLOPS Double Precision compute power

® HD5970 performance Is acceptable.
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New AMD Math Library -- APPML

® APPML
— Base on OpenCL
— Provide GPU-only DGEMM kernel
— Our kernel achieves higher performance than it.

® \While our DGEMM
— Run on heterogeneous CPU-GPU system
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Compared to MAGMA

® MAGMA
— Base on NVIDIA GPUs
— The memory hierarchy is different from ATI CAL.

® While our DGEMM
— Base on ATl GPUs, is a complement for it.
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