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Agenda

GRAPE-MPの紹介と性能評価

OpenCLによる四倍精度演算 (preliminary)

  

GRAPE-MPの概要
●4倍精度演算用SIMD型 
 加速ボード

● 6 processor elements(PE)
     with 128 bit logic units

● Peak: 1.2Gflops  

●ファインマンループ積分と
N体計算による実測性能

●  0.5 Gflops （1ボード）
●  3 Gflops (6ボード) 



高精度演算の手法

FP演算器によるソフトウエア実装
Knuth 1969 & Dekker 1971のエラーフリー演算

1演算につき約20回のFP演算が必要

FMAなしCPUでは1 coreあたり ~ 100 Mflops

AMD GPU ~ 30 - 40 Gflops (中里によるテスト)

NVIDIA GPU ~ 30 Gflops (中田 2011)

INT演算によるソフトウエア実装



GRAPE-MPの概要
四倍精度演算器をハードウエアで実装
独自形式の128 bit 浮動小数点フォーマット

GRAPE-DRアーキテクチャを踏襲 : SIMD計算器

省メモリアーキテクチャ: 演算密度の高い演算向け

PCI-Expressによりホスト計算機と接続して利用

Structured ASIC(eASIC)の採用

eASICとFPGAは演算粒度は同程度(どちらもLUTを利用)だが、FPGAで
はLUT間の配線が再構成可能なのに対し、eASICでは配線層が固定されて
る。原理的に性能あたりの単価はeASICのほうが安い。一方FPGAでは
チップの開発コストは必要ない。



GRAPE-MPボード

  

ボードの概要

GRAPE-MP chip[Nextreme NX2500]
(structured ASIC by eASIC)

Control processor
(FPGA by Altera)

ホスト計算機からFPGAを介してGRAPE-MPを制御する
FPGAにPCI-Express x4 Gen.1を搭載
FPGAのメモリに「プログラム」を保持



GRAPE-MPチップ

  

ボードの概要

GRAPE-MP chip[Nextreme NX2500]
(structured ASIC by eASIC)

Control processor
(FPGA by Altera)

  

GRAPE-MP チップのブロック図

128bit, 128 words

● 2 演算 x  100MHz x 6 PE  = 1.2 Gflops

● 4 ”論理”pipelines x 6 PE = 24 pipelines /chip

転送：８００MB/ｓ

共有メモリ



GRAPE-MPの演算ユニット(PE)

treg 4w

GRF1 128w

GRF2 128w

add

mul

rsq

BM inBM outinst
GRAPE-MP pe.vhd

tt

ss

128 words

x-0.5の演算器

演算器のレイテンシーは4



PEのプログラム
命令は63ビットのマイクロコード

(	  0	  	  	  )	  :	  nop	  if	  0
(	  1	  	  	  )	  :	  sub?
(	  2-‐	  8)	  :	  grf_a	  adr	  7	  bit
(	  9-‐15)	  :	  grf_b	  adr	  7	  bit
(16-‐22)	  :	  grf_c	  adr	  7	  bit
(23-‐29)	  :	  grf_d	  adr	  7	  bit
(30-‐31)	  :	  TREG	  adr	  	  2	  bit
(32-‐34)	  :	  ADD	  1st	  arg	  :	  a,b,bm,t,ti
(35-‐37)	  :	  ADD	  2nd	  arg	  :	  a,b,bm,t,ti
(38-‐40)	  :	  MUL	  1st	  arg	  :	  a,b,bm,t,ti
(41-‐43)	  :	  MUL	  2nd	  arg	  :	  a,b,bm,t,ti
(44	  	  	  )	  :	  RSQ	  1st	  arg	  :	  t,ti
(45-‐46)	  :	  grf_c	  write	  :	  add,	  mul,	  rsq
(47-‐48)	  :	  grf_d	  write	  :	  add,	  mul,	  rsq
(49-‐50)	  :	  treg	  	  write	  :	  add,	  mul,	  rsq
(51	  	  	  )	  :	  bm	  out
(52-‐55)	  :	  bm	  mask	  :	  1000	  =>	  0,	  1001	  =>	  1,	  1010	  =>	  2	  etc.
(56-‐62)	  :	  bm	  adr	  7	  bit	  (128	  words)



eXtended-Double (XD)変数
GRAPE-MPでの数値フォーマット

ホストでDD/QD to XDなどを変換

場合によってはボトルネックに

丸め処理はforce1
  

データフォーマット

●eXtended-Double (XD) format

●binary128 format(exp. 15bit,mant. 112bit)とは
違う
  →ターゲットアプリケーションは仮数部の
ダイナミックレンジが必要で、指数部はそれほど
ではないため

0127 0

11bit
exponents

116bit
mantissa

1bit for sign



GRAPE-MP開発の経緯(1)
2008年8月
eASICでのプロセッサ開発の検討(牧野)

2008年10月
三つの設計案を検討(中里, 牧野)

GRAPE-DRを拡張(捨てられているビットを保持)

整数の演算器をたくさん並べる

128ビット演算器を採用する

12月頃に第三案を採用することに決定



GRAPE-MP開発の経緯(2)
2008年12月-2009年1月
設計にとりかかる(中里)

C言語でエミュレーションプログラムを作成 (GNU MPを利用)

HDLでの演算回路とプロセッサの設計とテスト

2009年1月-4月
1月17日「GRAPE-MP」と命名

回路設計とシステムソフトなどの実装(中里)

物理設計担当会社との打ち合わせ(中里, 牧野)



GRAPE-MP開発の経緯(3)
2009年4月 - 
4月30日テープアウト

7月下旬チップが届く

7月 - 12月

GRAPE-MPボードの設計(台坂)

アセンブラやシステムソフトの整備(中里)

2010年4月
GRAPE-MPボードが納品される



GRAPE-MP開発の経緯(4)
2010年4月-
FPGA回路の設計とプログラミングインターフェース
の実装(台坂, 中里)

PCI-Expressコアとのインターフェース

ループ演算に対応した制御回路の実装

エミュレータと実機での動作を統一して扱えるAPIの実装

この年の後半ころから性能評価をおこなった

重力多体問題

ファインマン積分(二重指数積分)の計算



FPGAによる制御について

  

GRAPE-MPボードのブロック図 

● IO control processor をGRAPE-MP チップから分離

●  MP チップのPE数を最大にするため

● 開発を簡単にするため

64bit 16k ワード



ホストプログラムの概要
セットアップ(命令列の転送など)
共有メモリへのデータ転送
各PEのレジスタへのデータ転送
命令列(カーネル)の実行
共有メモリからデータをロードし命令列を実行
共有メモリがつきるまで繰り返し実行

結果を共有メモリへ書き込み
結果をホスト側へ転送

GRAPE-MPの応用(1) 
• 現在までに実機で以下のカーネルが動作 

– ファイマンループ積分 
 
 

 
 
 
–重力とポテンシャルの計算 



GRAPE-MPアセンブラ

プログラミング用にアセンブラを実装
三つ組で書いたコードをマイクロコードに変換

全ての命令はベクトル長4として扱われる

GRAPE-MPのソフトウエア(2) 
• アセンブラ 

– ソースコードを命令(63bit)に変換 
–読み書きの衝突は検出 
–他のエラー処理は今はなし 

sub bm16v ra0v rb40v 
sub bm20v ra4v rb44v 
sub bm24v ra8v rb48v 
mul rb40v rb40v ra36v 
mul rb44v rb44v tt 
add ra36v ts ra32v 
mul rb48v rb48v tt 
add ra32v ts tt 

1006600214000003        0001000000000110011000000000001000010100000000000000000000000011 
1106600214800007        0001000100000110011000000000001000010100100000000000000000000111 
120660021500000b        0001001000000110011000000000001000010101000000000000000000001011 
130660021580000f        0001001100000110011000000000001000010101100000000000000000001111 
1406600216000013        0001010000000110011000000000001000010110000000000000000000010011 
1506600216800017        0001010100000110011000000000001000010110100000000000000000010111 
160660021700001b        0001011000000110011000000000001000010111000000000000000000011011 
170660021780001f        0001011100000110011000000000001000010111100000000000000000011111 
1806600218000023        0001100000000110011000000000001000011000000000000000000000100011 
1906600218800027        0001100100000110011000000000001000011000100000000000000000100111 
1a0660021900002b        0001101000000110011000000000001000011001000000000000000000101011 
1b0660021980002f        0001101100000110011000000000001000011001100000000000000000101111 
7a24000245001   0000000000000111101000100100000000000000001001000101000000000001 
7a24000255201   0000000000000111101000100100000000000000001001010101001000000001 
7a24000265401   0000000000000111101000100100000000000000001001100101010000000001 
7a24000275601   0000000000000111101000100100000000000000001001110101011000000001 
3e24000005801   0000000000000011111000100100000000000000000000000101100000000001 
3e24040005a01   0000000000000011111000100100000001000000000000000101101000000001 
3e24080005c01   0000000000000011111000100100000010000000000000000101110000000001 
3e240c0005e01   0000000000000011111000100100000011000000000000000101111000000001 
7802000200091   0000000000000111100000000010000000000000001000000000000010010001 
7802000210095   0000000000000111100000000010000000000000001000010000000010010101 
7802000220099   0000000000000111100000000010000000000000001000100000000010011001 
780200023009d   0000000000000111100000000010000000000000001000110000000010011101 
3e24000006001   0000000000000011111000100100000000000000000000000110000000000001 
3e24040006201   0000000000000011111000100100000001000000000000000110001000000001 
3e24080006401   0000000000000011111000100100000010000000000000000110010000000001 
3e240c0006601   0000000000000011111000100100000011000000000000000110011000000001 
1e02000000081   0000000000000001111000000010000000000000000000000000000010000001 
1e02040000085   0000000000000001111000000010000001000000000000000000000010000101 
1e02080000089   0000000000000001111000000010000010000000000000000000000010001001 
1e020c000008d   0000000000000001111000000010000011000000000000000000000010001101 



LSUMPプログラミングシステム
総和計算の並列化用DSL
GRAPE-MP, GRAPE-DR, GPUなどに対応

単精度、倍精度、四倍精度をサポート
GRAPE-MPのソフトウエア(3) 

• コンパイラ 
VARI xi, yi, zi, e2; 
VARJ xj, yj, zj, mj; 
VARF ax, ay, az, pt; 
 
dx = xj - xi; 
dy = yj - yi; 
dz = zj - zi; 
 
r1i = rsqrt(dx**2 + dy**2 + dz**2 + e2); 
 
pf = mj*r1i; 
pt += pf; 
 
af = pf*r1i**2; 
 
ax += af*dx; 
ay += af*dy; 
az += af*dz; 

bm_in bm12v ra12v pe0 
bm_in bm8v ra8v pe0 
bm_in bm4v ra4v pe0 
bm_in bm0v ra0v pe0 
mov zz ra16v 
mov zz ra28v 
mov zz ra24v 
mov zz ra20v 
sub bm16v ra0v rb40v 
sub bm20v ra4v rb44v 
sub bm24v ra8v rb48v 
mul rb40v rb40v ra36v 
mul rb44v rb44v tt 
add ra36v ts ra32v 
mul rb48v rb48v tt 
add ra32v ts tt 
add ts ra12v tt 
mul ts bm126 ra120v 
rsq tt tt 
 …. 



GRAPE-MPの性能評価

  

テスト環境
● CPU:Intel Core i7 920 (OC 3GHz)

● MEM: DDR-1333 12GB (1208MHz動作)

● MB: Asus P6T6 WS Revolution (6PCIe スロット)

● 6ボードを搭載して性能評価



ファインマン積分

  

ファインマンループ積分

● x,yを与える、一番内側のzの和を計算

● 同時に(x,y)の24組を計算

● 積分のポイント数Nを変えて計算

●             演算

I=∫
0

1

dx ∫
0

1−x

dy ∫
0

1−x− y

dz
1

D
2

D=−xys−tz 1−x− y−z x y2

1−x−y−z 1−x− yme
2z 1−x− y m f

2

41N
3



ファインマン積分の性能評価
1 GF

0.1GF

0.01GF

積分点 N (1次元)

0.574 Gflops@N=3900
(48演算換算)
理論性能の47%

CPUの3倍高速
(Core2Duo E8600 3GHz)



複数ボードでの性能評価

  

ファインマン積分

Number of particles/points

S
p

e
e

d
[G

flo
p

s
]

●i並列
 146 pipelines(6台)
 96 pipelines(4台)
 48 pipelines(2台)

●性能(N=3900)
  3.040 Gflops (5.30倍)
  2.150 Gflops (3.75倍)
  1.118 Gflops (1.95)

1 GF

0.1GF

0.01GF

ほぼ線形にスケーリング



N体計算の性能評価

  

 N体計算の性能評価

Number of particles

S
p

e
e

d
[G

flo
p

s
]

●0.505Gflops
 for N=1983
(33 ops. for one 
interaction)

● 理論性能の42 %

● CPU emulationの10倍 (0.021Gflops)

1 GF

0.1GF

0.01GF

0.505 Gflops@N=3900
(33演算換算)
理論性能の42%

CPUの10倍高速
(Core2Duo E8600 3GHz)



多倍長演算ハードウエアの例 (1)
Lei, Dou, Zhou (2011)
VLIW architecture using FPGA

64-bit arithmetic : ~ 250 MHz

1024bit ADD 32/ MUL 104 cycles

LEI et al.: FPGA-SPECIFIC CUSTOM VLIW ARCHITECTURE FOR ARBITRARY PRECISION FLOATING-POINT ARITHMETIC
5

p mult-
ipliers 

work in 
parallel

Step1: Store p copies of the mantissa of A and B into
RA[1]~RA[p] and RB[1]~RB[p], respectively.

Step2: Execute the multiplication of MA*MB in parallel.
1:        Set RC[0]=0; PSi=0, i=0··(m+n-1); zero_low=1;
2: For(n=0; n<(m+n)/p; n++)  
3:               PSn*p+= i+j=n*p(RA[i]*RB[j]);
4:               PSn*p+1+= i+j=n*p+1(RA[i]*RB[j]);

5:               PSn*p+p-1+= i+j=n*p+p-1(RA[i]*RB[j]);
6: For(i=0; i<p; i++) 
7: Set t=n*p+i;
8:                    {RC[t+1], RC[t]}= PSt+RC[t];
9: if((t<m+n-r-1)&(RC[t]!=0))
10: zero_low=0;
11: End for
12: End for

Step3: Normalization. 
Rounding MC to the nearest even according to the 
value of RC[m+n-r-1:m+n-1] and zero_low;

SC=SA*SB;
if(MA*MB<1/2)  

EC=EA+EB-1; 
else EC=EA+EB;

(A) VP multiplication algorithm

(C) Example of variable-precision 
floating-point multiplication, 

Given m=4, n=5, r=9, and p=3.(B) Structure of VP_Mult unit
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Fig. 5 Variable-precision multiplication algorithm and block diagram of hardware design

added into RC[4], as line 8 in Fig. 5(A).
The execution time (Texe) of the mantissa product is

about (
⌈

m∗n
p

⌉
+ p + 4). As the spacetime diagram shown in

Fig. 5(D), the m ∗ n partial products are generated by p
64-bit pipeline multipliers in parallel without any stalls, and
the load of each multiplier is balanced. Thus,

⌈
m∗n

p

⌉
cycles

can finish the generation of partial products. In addition,
4 cycles are required to fill the pipeline of multipliers at the
start and p cycles are required to accumulate the final partial
products into RC. As shown in Fig. 5(E), the utilization of
the multipliers are increasing with the mantissa length. Due
to the pipeline fill time, the utilization is low for small man-
tissa length. However, it can reach 90% when the mantissa
length is bigger than 9.

The final product C will be rounded correctly in the
rounding to nearest mode, extending the IEEE standard to
VP arithmetic. We build one flag, called zero low. The
zero low, which is 1 if all bits in the RC[0]∼
RC[m+n-r-2] are 0, is used to indicate a special case that
C is the middle of two consecutive floating-point numbers.
Since the product of the mantissa is between 1/4 and 1,
it may be necessary to shift MA*MB left one position and
decrement the exponent to normalize the product C.

The execution time of VP multiplication composed of
three parts. The first part (Tinit) is the initial time required to

store MA and MB to RA and RB, and Tinit=max{m,n}. The
second part (Texe) is the execution time. The last part (Tnor)
is the normalization time and Tnor=r. Thus, the total execu-
tion time (cycle) of VP Mult module is (m≥n):

TVP Mult=
⌈

m∗n
p

⌉
+ p + m + r + 4.

3.4 VP Add/Sub Module

The VP Add/Sub module performs VP addition or subtrac-
tion operation (C=A±B), where the mantissa lengths of A,
B, C are m, n, r, respectively. If it is assumed that A≥B, then

C=2EA (S A*MA±S B*MB*2EB−EA ).
Fig. 6 depicts the VP addition and substraction al-

gorithm and the structure of VP Add/Sub module. The
VP Add/Sub module consists of three on-chip memories
(RA, RB, and RC, which are 64×64 RAM with one read port
and one write port), two 128-bit shifters, a 134-bit fixed-
point adder, a normalization module, and three address gen-
eration modules (G A, G B, G C).

The first step of VP addition or subtraction is to align
the mantissas of A and B into consistent fixed-point formats,
so they can be summed up with a simple fixed-point adder.
We use a two-level alignment scheme to avoid using a very
long shifter. In the first level, two 128-bit barrel shifters
are used to align the mantissas within 64-bit word and the

8
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Table 2 Synthesis results. ’VV-Proc’ represents the VV-Processor unit,
and ’VP-Acc’ represents the VP arithmetic accelerator.

Type Slice LUT DSP48E1 BRAM Freq(MHz)
VP Mult 4095 48 0 262.03
VP Add 2491 0 0 296.57
VP Sep 986 0 0 287.55
VV-Proc 16235(3%) 96(11%) 43(3%) 253.45
VP-Acc 147096(31%) 964(100%) 43(27%) 245.50

veloped by Hanrot et al., to measure the results accuracy
and delay time. This library is quite efficient and accuracy
compared to other multiple-precision library.[3] The soft-
ware platform includes a host PC with 2.93GHz Intel Core
i3 530 CPU and 4GB DDR3 1333MHz Memory.

We build a VP arithmetic accelerator (VP-Acc) to mea-
sure the performance of FPGA chip and take the communi-
cation overhead between host PC and FPGA chip into con-
sideration. Fig. 8 shows the block diagram of this accel-
erator, which includes a VV-Proc Array module and others
control logic. The VV-Proc Array module is composed of 9
VV-Processor units and 27 FIFOs. Each VV-Processor unit
reads operands A and B from corresponding FIFOs (F Ra
and F Rb) and writes the result into FIFO (F Wr), respec-
tively. The running time of this accelerator includes compu-
tation time and the time for sending the operands to FPGA
as well as receiving the results back to the host PC.

5.2 Resource Utilization

Table 2 shows details of the FPGA synthesis results for basic
VP arithmetic units, VV-Processor unit, and VP arithmetic
accelerator equipped with 9 VV-Processor units.

A. DSP resource
The DSP48E1 blocks, used to build 64-bit fixed-point

multiplication module in VP Mult, are the most constrained
resource. The computational complexity of VP addition and
multiplication are O(n) and O(n2), respectively. Thus, the
VP Mult module is a key unit in VV-Processor. In our de-
sign, four (p=4) parallel 64-bit fixed-point multipliers are
equiped to obtain the best tradeoff between the performance
and resource utilization. One VV-Processor consumes 11%
DSP48E available in XC6VLX760 FPGA chip. Therefore,
a total of 9 VV-Processor units can be integrated into VP
arithmetic accelerator.

B. Local memory resource
The local memory modules (on-chip memory), clas-

sified into distributed RAM and embedded 18Kbits block
RAM, are important in the implementation of VV-Processor.
We used 29 and 14 block RAM to implement ROM-C
(8192×64bit) and VLIW instruction RAM (2048×120bit),
respectively. The more available storage resources in cur-
rent FPGAs can be used to build a larger table lookup, which
provide a rough approximation to the elementary function
in the range reduction. Thus, the latency of evaluation is
reduce further. We used distributed RAM to implement
other small on-chip memory, such as RAM in basic variable-
precision arithmetic units. The distributed RAM elements

Table 3 Timing in microsecond comparison with MPFR library, running
on a core of Core i3 processor. The speed of VV-Processor is predicted
based on the frequency in Table 2 and the number of cycles in Table 5.

Op 1024 bits 2048 bits
MPFR Our Speedup MPFR Our Speedup

x ± y 0.7 0.126 5.6 1.25 0.25 5
x × y 12.9 0.41 31.5 32.18 1.30 24.8
x/y 18.6 1.95 9.5 64.1 5.05 12.7√

x 18.8 2.52 7.5 46.9 6.39 7.3
Sin(x) 458 21.0 21.8 1766 82.0 21.5
Cos(x) 405 22.2 18.2 1640 73.5 22.3
Exp(x) 420 23.0 18.3 1515 83.2 18.2
Ln(x) 579.7 15.7 36.9 1547 46.1 33.6

are mapped into LUT slices, which is an advantage for
the FPGA placement and layout phase, compared with fix-
positioned embedded block RAMs. However, distributed
RAMs consume more LUT resources. An VV-Processor
unit requires about 3% of the slice LUT resources available
in XC6VLX760-2FF1760, and the VP arithmetic accelera-
tor consumes 31% of the Slice LUTs.

C. Frequency
The achievable maximum frequency of VV-Processor

unit is 253 MHz. Compared to the same circuit imple-
mented directly in silicon (ASICs), FPGA implementation,
emulated with a very large number of configurable elemen-
tary blocks and network of wires, is typically one order of
magnitude slower. However, the performance of FPGAs
is improved through the custom hardware for applications
equipped with multiple VV-Processor units working in par-
allel. In VP-Acc, the final synthesis frequency can reach
245 MHz and the running frequency is 240 MHz.

5.3 Performance Comparison of VV-Processor

In this subsection, we first evaluate the accuracy and perfor-
mance of VV-Processor unit. Then, a VP arithmetic accel-
erator is built to compare the performance between FPGA
chips and CPU.

A. Accuracy of VV-Processor
The accuracy of the proposed methods was tested by

comparing to the accurate results produced by 4096 bits
precision calculations using the MPFR library. For the
elementary function, we designed corresponding variable-
precision algorithms, in which the internal precision is care-
fully planed and guard words are used to guarantee accuracy
of the result. The experiment results show that we can obtain
results with correctly rounding for addition, multiplication,
that ulp (unit in last place) error is not exceed 0.5, and the
error is smaller than 0.55 ulp for VP elementary functions.

B. Performance comparison with a core of Core i3
Table 3 compares the performance of VV-Processor

unit with the similar precision implementation of MPFR li-
brary[3]. This library runs at a single core of Core i3 pro-
cessor.The speedup factor for basic arithmetic operations
(addition, multiplication, division, and square root) is be-
tween 5 and 34, and that for elementary functions (exponen-
tial, sine, cosine and logarithm) is between 18 and 36.9. In



多倍長演算ハードウエアの例 (2)

泊 & 平木 (2011) SWoPP’11
八倍精度演算器をFPGAで実装 : ~ 80 MHz

537 Mflops :POWER7の8 coreの約5倍高速情報処理学会研究報告
IPSJ SIG Technical Report

能低下しているのは，入力及び結果がキャッシュに収まらなくなり，倍精度浮動小数点数の
処理はメモリからの読み出しより早いため，入力データが届かないことによるものである．
8 倍精度の浮動小数点数では，ベクトル長を長くしても性能が低下することはない.8 倍精
度浮動小数点数は, 256ビットで,倍精度の 4倍のデータ量があるが, 演算をソフトウェアで
行っている.これによって、データ転送ではなく，演算が律速しているからである. ベクトル
長が短いときに 8倍精度演算と倍精度演算の性能に差が小さいのは，スレッド作成・同期の
オーバーヘッドが大きいことによると考えられる5)．今回の実装では，ベクトル演算の度に
OpenMPでスレッドを作成しているため，演算処理時間が短い倍精度計算では，OpenMP

の処理時間が支配的になっている. 倍精度演算の最高性能は 5,624 Mop/sで，8倍精度演算
の最高性能は 129 Mop/sなので，8倍精度演算は倍精度の演算の約 44分の 1の性能を達
成している．
ハードウェアでの実装は，ソフトウェア実装との性能の比較によって行った．ソフトウェ
アでの評価と同様，ベクトル長を変化させた場合の性能をプロットしている (図 7)．ソフ
トウェアでの処理は，図 6のものと同じ値である．ベクトル長が短いと，今回の実装では，
演算機がアクセス可能なメモリ領域が限定されているため，一部の演算機しか利用すること
ができず，性能が低い．ベクトル長が 64K要素より長くなると，利用可能な演算機の数が
増えていき，それに応じて性能が向上する．今回の実装では，メモリからのデータの読み
出しに少なくとも 4クロックかかっているため，80 MHzで演算機が 64個の合計で 5120

Mop/sの利用可能な演算能力の 1割にあたる 537 Mop/sになっている．1つの 8倍精度演
算は，2つの入力を読み込んで 1つの出力をメモリに書き戻しているので，96バイトの入出
力が発生する．537 Mop/sを実現するのにメモリバンド幅を 51.5 GB/s利用しており，こ
れは Convey 社が提供している単精度浮動小数点演算のデザインで利用可能なメモリバン
ド幅と一致していることから，ハードウェアを利用した場合のボトルネックはメモリバンド
幅であるといえる．命令発行コストが依然高く，細粒度の演算で利用する場合はソフトウェ
ア実装を利用してハイブリッドに処理を行うことで，最適な性能を発揮できる．

5. 関 連 研 究

4倍精度は，SPARCアーキテクチャでは表現形式として利用可能なものの9)，実装では
この形式はハードウェアでは処理されず8)，コンパイル時にライブラリコールに置き換え
るか，OSが代替して処理を行っている．また，GCCには，4倍精度演算をソフトウェア
で行う libquadmath が含まれたため，今後利用する機会が増えると考えられる．高精度
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図 7 ベクトル長に対するソフトウェア 8 倍精度演算と FPGA 実装の性能　横軸は要素数

な演算を専用ハードウェアによって高性能に実現するものとして，GRAPE-MPがある3)．
GRAPE-MPは 4倍精度演算を扱う．GRAPE-MPは PCI-Expressを介してホスト計算機
と接続するので，利用者がアルゴリズムを GRAPE-MPの計算方式に合うように改変する
必要がある．本手法は，高速な FSBを利用して，より細粒度で，より高精度な 8倍精度で
の演算を提供するものである．
256ビットの幅を持つ浮動小数点形式は，Crandallらにより実装されている2)．この実装
では，ソフトウェアでの高速処理が目標のため，指数部を 32ビットにし，仮数部は 2の補
数表現になっている．将来的に IEEE 754 でもより高精度な表現が標準化されることを見
込むと，現在の IEEE 754規格の延長として 8倍精度を定義した我々の方がデータ/精度互
換性の点で有利である．
GPGPUは，すぐれた並列化コンパイラと価格の低さで近年注目されている．楠木らに
より，GPGPUを用いた 8倍長を含む BLASが実現されている10)．本稿でのソフトウェア
実装は，アセンブリを用いて最適化したことにより，楠木らの Core i7-920で OpenMPを
用いた 8 倍精度の実装の 3 から 4 倍の性能を実現した．また，FPGA を用いた実装では，
Tesla C1060の 3倍，Tesla C2050の 7割程度の性能を実現している．今後の実装で演算
機の利用効率を向上させることで，GPUの性能を越すことが可能である．
FPGAを用いた 4倍精度浮動小数点演算機構は中里らにより実現されている11).本稿で

6 c© 2011 Information Processing Society of Japan
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GRAPE-MPまとめ

四倍精度演算用SIMD型計算機
世界で初めての高精度専用計算機

1ボードあたり1.2 Gflopsの性能

総和演算では有効に利用可能

複数ボードでの並列化もスケールする



SGEMM/DGEMM on GPU

Optimization of Matrix Multiplication for CPU-GPU Systems
Kazuya Matsumoto, Naohito Nakasato, Stanislav G. Sedukhin
The University of Aizu, Japan, e-mail: d8121101@u-aizu.ac.jp

Introduction

General matrix-matrix multiply (GEMM) is a fundamental linear algebra routine in Level 3
BLAS. GEMM is used in many important numerical algorithms such as other Level 3 BLAS
routines and one-sided factorizations. The computational intensity and the regular memory
access pattern of GEMM is well suited for acceleration by many-core processors including
GPUs.
This poster presents results of our study on DGEMM (double-precision GEMM) and SGEMM
(single-precision GEMM) for hybrid CPU-GPU systems. We utilize the DGEMM and SGEMM
kernels previously implemented for GPU from AMD and have implemented the GEMM
routines for large matrices, where the data cannot be allocated in GPU memory. The achieved
performance of the routines are up to 0.47 TFlop/s in DGEMM and 2 TFlop/s in SGEMM.

GEMM (General Matrix-Matrix Multiply)

! C ← αop(A)op(B) + βC
! op(A) is an m × k matrix, op(B) is a k × n matrix, and C is an m × n matrix.
! α and β are scalars.

! op(X ) is X (nontransposed) or XT (transposed).
1. C ← AB + C , where c(i , j)←

∑k
p=1

a(i , p) · b(p, j) + c(i , j);

2. C ← ATB + C , where c(i , j)←
∑k

p=1
a(p, i) · b(p, j) + c(i , j);

3. C ← ATBT + C , where c(i , j)←
∑k

p=1
a(p, i) · b(j , p) + c(i , j);

4. C ← ATBT + C , where c(i , j)←
∑k

p=1
a(i , p) · b(j , p) + c(i , j).

GPU Specification

Architecture Cayman Cypress
Board name Radeon HD 6970 Radeon HD 5870

Num. of SP cores 1536 1600
Num. of DP cores 384 320

VLIW width 4 5
Num. of CU 24 20

Core clock [GHz] 0.88 0.85
SP peak perf. [GFlop/s] 2703 2720
DP peak perf. [GFlop/s] 676 544
Memory clock [GHz] 1.375 1.2
Memory size [GB] 2 1
L2 cache size [kB] 512 512

L1 cache size / CU [kB] 8 8
LSD size / CU [kB] 32 32

Size of registers / CU [kB] 256 256
Memory BW [GB/s] 176 154
L2 read BW [GB/s] 451 435
L1 read BW [GB/s] 1352 1088
LDS read BW [GB/s] 2703 2176

Cayman Architecture

!!!

!!!

! SP: single-precision
! DP: double-precision
! VLIW: Very Long Instruction Word
! CU: Compute Unit
! LDS: Local Data Share (shared memory in each CU)
! BW: bandwidth

GEMM Kernels on GPUs

Performance of DGEMM Kernel C ← ATB
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Performance of SGEMM Kernel C ← ATB
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! Kernels were written in IL (Intermediate Language).
! C ← ATB kernel is the fastest among GEMM variants in row-major layout.

! Ref.: N. Nakasato, A fast GEMM implementation on the Cypress GPU, ACM SIGMETRICS Performance Evaluation Review,

vol. 38, no. 4, pp. 50-55, Mar. 2011.

Maximum Performance

Cayman (HD 6970) Cypress (HD 5870)
Variant Perf. [GFlop/s] Efficiency Perf. [GFlop/s] Efficiency

DGEMM

C ← ATB 624 92% 482 88%
C ← AB 449 66% 360 66%

C ← ATBT 448 66% 360 66%
C ← ABT 337 50% 270 50%

SGEMM

C ← ATB 2432 90% 2137 79%
C ← AB 1799 67% 1428 53%

C ← ATBT 1794 66% 1409 52%
C ← ABT 1348 50% 1067 39%

GEMM for Large Matrices on CPU-GPU Systems

System Configurations

System A System B System C
GPU Cayman (AMD

Radeon HD
6970)

Cypress (ATI Radeon HD 5870)

CPU Sandy Bridge
(Intel Core i7
2600k; 4 cores at
3.4 GHz)

Gulftown (Intel
Core i7 970;
6 cores at
3.2 GHz)

Bloomfield (Intel
Core i7 960;
4 cores at
3.2 GHz)

Display driver AMD Catalyst 11.3 ATI Catalyst
10.12

SDK AMD APP SDK v2.5 ATI Stream SDK
v2.2

Using C ← ATB Kernel

! Fastest kernel.
! No need to send matrix C to GPU.
! Load matrices with transposition by CPU if necessary.

! Example: C ← AB + C

nnn

b b

b
A

AI,P b

n

B

b
n

(AI,P)T

BP,J

BP,J×

T

←AI,PBP,J

C

AI,P b

n
CI,J+
AI,PBP,J

Hiding Data Communication Latency
! Reuses block matrix data within the GPU and minimizing the amount of
communication.
! Asymptotically requires sending 1 matrix block and receiving 1 matrix block during a
GEMM kernel execution on the GPU.

! Explicitly loads/stores matrix blocks to/from PCI-Express (PCIe) memory by
the CPU.
! Two communication processes are required to send/receive data between the host
memory and the GPU memory.
1. Communication between the host memory and the PCIe memory.
2. Communication between the PCIe memory and the GPU memory.

! This explicit loading/sending virtually parallelizes the communication processes.
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Performance of C ← AB + C
on CPU-GPU Systems
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! Blocking factor b is 2176 in DGEMM and 3072 in SGEMM.
! Largest available block factor is determined by the capacity of PCIe memory (around 500
MB in our systems).

! Overlapping the computation with the communication has not yet perfectly
worked on the system containing Radeon HD 6970.

Performance of DGEMM C ← AB + C
in Different Blocking Factors
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Maximum Performance

System A System B
Variant Perf. [GFlop/s] Perf. [GFlop/s]

DGEMM

C ← ATB + C 419 467
C ← AB + C 417 467

C ← ATBT + C 418 467
C ← ABT + C 400 466

SGEMM

C ← ATB + C 1455 2010
C ← AB + C 1436 2010

C ← ATBT + C 1442 2010
C ← ABT + C 1301 1577

Performance of SGEMM C ← AB + C
in Different Blocking Factors
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転置の場合も含めて最適化
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Introduction

General matrix-matrix multiply (GEMM) is a fundamental linear algebra routine in Level 3
BLAS. GEMM is used in many important numerical algorithms such as other Level 3 BLAS
routines and one-sided factorizations. The computational intensity and the regular memory
access pattern of GEMM is well suited for acceleration by many-core processors including
GPUs.
This poster presents results of our study on DGEMM (double-precision GEMM) and SGEMM
(single-precision GEMM) for hybrid CPU-GPU systems. We utilize the DGEMM and SGEMM
kernels previously implemented for GPU from AMD and have implemented the GEMM
routines for large matrices, where the data cannot be allocated in GPU memory. The achieved
performance of the routines are up to 0.47 TFlop/s in DGEMM and 2 TFlop/s in SGEMM.

GEMM (General Matrix-Matrix Multiply)

! C ← αop(A)op(B) + βC
! op(A) is an m × k matrix, op(B) is a k × n matrix, and C is an m × n matrix.
! α and β are scalars.

! op(X ) is X (nontransposed) or XT (transposed).
1. C ← AB + C , where c(i , j)←

∑k
p=1

a(i , p) · b(p, j) + c(i , j);

2. C ← ATB + C , where c(i , j)←
∑k

p=1
a(p, i) · b(p, j) + c(i , j);

3. C ← ATBT + C , where c(i , j)←
∑k

p=1
a(p, i) · b(j , p) + c(i , j);

4. C ← ATBT + C , where c(i , j)←
∑k

p=1
a(i , p) · b(j , p) + c(i , j).

GPU Specification

Architecture Cayman Cypress
Board name Radeon HD 6970 Radeon HD 5870

Num. of SP cores 1536 1600
Num. of DP cores 384 320

VLIW width 4 5
Num. of CU 24 20

Core clock [GHz] 0.88 0.85
SP peak perf. [GFlop/s] 2703 2720
DP peak perf. [GFlop/s] 676 544
Memory clock [GHz] 1.375 1.2
Memory size [GB] 2 1
L2 cache size [kB] 512 512

L1 cache size / CU [kB] 8 8
LSD size / CU [kB] 32 32

Size of registers / CU [kB] 256 256
Memory BW [GB/s] 176 154
L2 read BW [GB/s] 451 435
L1 read BW [GB/s] 1352 1088
LDS read BW [GB/s] 2703 2176

Cayman Architecture

!!!

!!!

! SP: single-precision
! DP: double-precision
! VLIW: Very Long Instruction Word
! CU: Compute Unit
! LDS: Local Data Share (shared memory in each CU)
! BW: bandwidth

GEMM Kernels on GPUs

Performance of DGEMM Kernel C ← ATB
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Performance of SGEMM Kernel C ← ATB
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! Kernels were written in IL (Intermediate Language).
! C ← ATB kernel is the fastest among GEMM variants in row-major layout.

! Ref.: N. Nakasato, A fast GEMM implementation on the Cypress GPU, ACM SIGMETRICS Performance Evaluation Review,

vol. 38, no. 4, pp. 50-55, Mar. 2011.

Maximum Performance

Cayman (HD 6970) Cypress (HD 5870)
Variant Perf. [GFlop/s] Efficiency Perf. [GFlop/s] Efficiency

DGEMM

C ← ATB 624 92% 482 88%
C ← AB 449 66% 360 66%

C ← ATBT 448 66% 360 66%
C ← ABT 337 50% 270 50%

SGEMM

C ← ATB 2432 90% 2137 79%
C ← AB 1799 67% 1428 53%

C ← ATBT 1794 66% 1409 52%
C ← ABT 1348 50% 1067 39%

GEMM for Large Matrices on CPU-GPU Systems

System Configurations

System A System B System C
GPU Cayman (AMD

Radeon HD
6970)

Cypress (ATI Radeon HD 5870)

CPU Sandy Bridge
(Intel Core i7
2600k; 4 cores at
3.4 GHz)

Gulftown (Intel
Core i7 970;
6 cores at
3.2 GHz)

Bloomfield (Intel
Core i7 960;
4 cores at
3.2 GHz)

Display driver AMD Catalyst 11.3 ATI Catalyst
10.12

SDK AMD APP SDK v2.5 ATI Stream SDK
v2.2

Using C ← ATB Kernel

! Fastest kernel.
! No need to send matrix C to GPU.
! Load matrices with transposition by CPU if necessary.

! Example: C ← AB + C

nnn

b b

b
A

AI,P b

n

B

b
n

(AI,P)T

BP,J

BP,J×

T

←AI,PBP,J

C

AI,P b

n
CI,J+
AI,PBP,J

Hiding Data Communication Latency
! Reuses block matrix data within the GPU and minimizing the amount of
communication.
! Asymptotically requires sending 1 matrix block and receiving 1 matrix block during a
GEMM kernel execution on the GPU.

! Explicitly loads/stores matrix blocks to/from PCI-Express (PCIe) memory by
the CPU.
! Two communication processes are required to send/receive data between the host
memory and the GPU memory.
1. Communication between the host memory and the PCIe memory.
2. Communication between the PCIe memory and the GPU memory.

! This explicit loading/sending virtually parallelizes the communication processes.
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Performance of C ← AB + C
on CPU-GPU Systems
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! Blocking factor b is 2176 in DGEMM and 3072 in SGEMM.
! Largest available block factor is determined by the capacity of PCIe memory (around 500
MB in our systems).

! Overlapping the computation with the communication has not yet perfectly
worked on the system containing Radeon HD 6970.

Performance of DGEMM C ← AB + C
in Different Blocking Factors
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Maximum Performance

System A System B
Variant Perf. [GFlop/s] Perf. [GFlop/s]

DGEMM

C ← ATB + C 419 467
C ← AB + C 417 467

C ← ATBT + C 418 467
C ← ABT + C 400 466

SGEMM

C ← ATB + C 1455 2010
C ← AB + C 1436 2010

C ← ATBT + C 1442 2010
C ← ABT + C 1301 1577

Performance of SGEMM C ← AB + C
in Different Blocking Factors
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