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Agenda

CPU/GPU混在システムの現状
AMD GPUによる結果の紹介
総合的な並列プログラミング手法として
のOpenCL
高速計算とメタプログラミング



GPU/CPU混在システムについて



CPU/GPU混在システム
CPU with Accelerators

一部の処理を「accelerator」に割り当てる
CPU: 粒度の粗いタスク

high performance cores with short vector

heavyweight thread ~ 4 - 16 in flight

registers 16x4w (x86_64), 128x2w (VENUS)

GPU: 粒度の細かいタスク
low performance cores (ALUs) : scaler or SIMD/VLIW

lightweight threads ~ 500 - 2000 in flight

high bandwidth memory but large latency

registers per thread 128x4w (Cypress,Cayman), 128w (Tahiti) 
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GPUによるHPLについて

DGEMMの部分をGPUで計算
GPUの性能に強く依存する
NVIDIAのシステム Rpeak/Rmax ~ 54.5%

AMDのシステム　Rpeak/Rmax ~ 58% ( 1 node)

1 node 70% http://dx.doi.org/10.1007/s00450-011-0161-5

http://dx.doi.org/10.1007/s00450-011-0161-5
http://dx.doi.org/10.1007/s00450-011-0161-5


AMD GPUでのLU分解
酒井,松本,中里&Sedukhin (会津大学)

第73回全国大会講演論文集 Vol. 1, 205 - 207 (2011)

(2.67GHz) as CPU. The peak performance for CPU
is 42.72 Gflop/s. Radeon HD5870 is used as GPU.
The peak performance for GPU is 544 Gflop/s.

BLAS routines except DGEMM are computed
by GotoBlas2 version 1.13 [4]. We modified fast
DGEMM kernel which computes C ← C + AT

×

B on Cypress GPU implemented by Nakasato [5].
DGEMM kernel requires transposing matrix which is
faster than using C ← C + A × B kernel. We chose
b = 1792 as the block size in this research because
it is optimal size for our current implementation of
DGEMM [6]. The peak performance of DGEMM is
450 Gflop/s.

The performance, as the function of matrix size
n, is shown in Fig 1. The maximum performance
for three implementations is 262 Gflop/s (44% of
the peak), 282 Gflop/s (48 % of the peak), and 379
Gflop/s (67% of the peak) respectively. The second
and the third implementation require more operations
than the first implementation but performance is bet-
ter. A large speed-up was obtained by porting solving
triangular systems on GPU.

The breakdown of run-time of four parts are shown
in Fig 2. The effect of porting only U-matrix update
is not so big. There is a big difference whether port-
ing both L- and U- matrix update. In this research,
the peak performance for CPU is quite lower than
GPU. Therefore computation on CPU becomes bot-
tleneck. By comparing our work with Rohr et al [2],
we suppose the difference in performance comes from
the peak performance of CPU.
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Figure 1: Performance of LU-factorization (see also
Table 1)

4 Conclusion
We have presented three implementations of blocked
right-looking algorithm. By porting both L- and
U- matrix update to GPU we can speed-up LU-
factorization because the peak performance of CPU
is much lower than GPU in our system. However this
implementation is expected to introduce problem in
numerical stability.

Figure 2: Breakdown of run-time (see also Table 1)

Future work includes futher optimization for LU-
factorization and implementing other algorithms to
solve system of linear equations such as QR factor-
ization.
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HPL/LU分解のポイント
CPUとGPUをどちらも活用する

Rmaxは両者の性能の和になっている
CPUとGPUの性能比により最適化手法が異なる

天河-1          CPU 140 + GPU 515 GF      (ノードあたり GFLOPS)

TSUBAME2  CPU 140 + GPU 1545 GF

Frankfurt      CPU 202 + GPU 544 GF

Rpeak/Rmax はメインメモリ量に比例
ホストのメモリが多い方が性能高い

ブロッキングのためGPUのメモリ量は重要ではない

PCIeとインターコネクトの転送性能も重要ではない



粒子シミュレーション in 宇宙
star cluster galaxysolar system

cluster of galaxies



Numerical model

star cluster
individual stars

galaxy
blob of stars&DM

solar system
sun&planets

whole universe
blob of DM



Grand Challenge Problems

Simulations with very huge N
How is mass distributed in the Universe?
Scalable on a simple big MPP system

One big run with N ~ 109-12

Limited by memory size

Modest N but complex physics
Precise modeling of formation of astronomical 
objects like galaxy, star, solar system.
Need many runs with N ~ 106-7



HPC Cluster Configuration
ノードの演算性能

ノードの数

CPU+GPUシステム
for Modest N problems

Big MPP cluster
for Large N problems

TSUBAME2, HA-PACS

K computer



粒子シミュレーションでの利点

天文の粒子シミュレーションの現状
MPP向けのコード(Gadget-2)が広く使われている

あまりスケーラブルではない

GPUがあるとノードの演算性能が上がる
与えられた問題を少ないノード数で実行できる
GRAPE clusterで実証済み

PPPM and TreePM Methods on GRAPE Systems 
(Yoshikawa&Fukushige 2005)

CPU+GPU向けのアルゴリズムの検討



CPU/GPU混在システムの設計
CPUとGPUの演算性能のバランス

普通のMPPと比べると向き不向きの差が大きい
ある種アプリケーション特化システムとして、シス
テムデザインの最適化が必要
X CPU + Y GPU + Z Gbps

HA-PACSは2 : 4 : 40

粒子シミュレーション用なら
fatツリーは必ずしも必要ない
CPUにも十分な性能が必要
GPUとインターコネクトでPCIe帯域を分散



GPUアーキテクチャの比較



AMD GPUのアーキテクチャ(1)
- 2011: RV770, Cypress, Cayman

グラフィック処理に最適化されたアーキテクチャ
Thread Processor 5 or 4 レーンのVLIW ALU

5(4)個のSP FMA
1個のDP FMA
~ 1600 TP

 Cypress
~ 2.7 / 0.544 Tflops
 Cayman
~ 2.7/0.676 Tflops



AMD GPUのアーキテクチャ(2)
2012: Tahiti

VLIW4 から Vector-Scalarの構成へ
3.78 (SP) / 0.95 (DP) TFLOPS

Scalar   Unit SIMD 3SIMD 2SIMD 1SIMD 0

Copyright (c) 2011 Hiroshige Goto All rights reserved.
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Compute Unit Architecture
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AMDとNVIDIAのGPUの比較
Tahiti以前 (-2011)

AMD    : グラフィック処理向けに最適化 (VLIW)
SP : DP = 5/4 : 1,   分岐粒度 64(80) threads

ピーク性能高い, レジスタファイルが多い, Brook+/IL/OpenCL

NVIDIA : GPU computingも考慮した最適化
SP : DP = 2 : 1,      分岐粒度 16 threads

共有メモリが多い, CUDA/OpenCL

Tahiti, Kepler時代 (2012 - )
両者ともスカラー  SP : DP = 2 : 1 
~ 1 TFLOPS @ DP



Cypress vs. Fermi



NVIDIA GPUでの最適化指針
演算密度を高くする

1ワード当たり読み出しあたりの演算量を多くする
ブロッキング

ループアンローリング

coalesce access
メインメモリの帯域幅を最大化 

共有メモリの利用
ソフトウエアキャッシュとして 
メインメモリーの読み出しレイテンシが大きいため



AMD GPUでの最適化指針
演算密度を高くする

レジスタブロッキングが有効

read onlyキャッシュの利用
OpenCLでのImage bufferを利用すること 
texture unit経由の読み出し ~ 1 TB/sec
共有メモリを利用するまでもない

ILでのプログラミング
ILは仮想的なアセンブリ言語 (レジスタ数無限)
低レベルだが演算器を最大限活用可能



AMD GPUでの研究成果



GRAPE like N-Body  O(N2)
Nakasato 2008-2011:  read only キャッシュを利用
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2.2. Programming the Cypress GPU

In the present work, we programmed the Cypress GPU using
an assembly-like language called IL (Intermediate Language). IL
is like a virtual instruction set for GPUs from AMD. With IL, we
have full control of every VLIW instruction. The programming
model supported by IL is a single-instruction-and-multiple-data
(SIMD) model at the level of the SC. In this programming
model, a sequence of instructions generated from an IL pro-
gram is executed on all SCs simultaneously with different input
data.

A block of code written in IL is called a compute kernel. The
device driver for a GPU compiles IL instructions into the cor-
responding machine code when we load a kernel written in IL.
In a compute kernel, we explicitly declare what type of vari-
able the input data is. In the main body of the IL code, we
write arithmetic operations on the input data. Logically, each SC
is implicitly assigned data that is different from that for every
other SC. In the case of a simple compute kernel, the SC oper-
ates on the assigned data. Operations such as this, as arise in
pure stream computing, seem to work with the highest effi-
ciency. In a complex compute kernel, which we explore in the
present work, each SC not only operates on the assigned data
but also explicitly loads random data that might be assigned to
another SC. To accomplish a random access to external memory,
we explicitly calculate the address of the data in the compute
kernel.

The ATI Stream software development kit (SDK) for the Cypress
GPU also supports OpenCL, which is a standard API with an
extended C language (hereafter referred to as C for OpenCL) for
writing a compute kernel. In this work, we also present a compute
kernel written in C for OpenCL (see Appendix A for the code). We
believe that it is instructive to present our algorithm in C for OpenCL
and that this makes the algorithm easy to understand. Both pro-
gramming methods (using IL and using C for OpenCL) have pros
and cons. With IL, we have the advantage of full control of the
VLIW instructions, but a compute kernel written in IL is some-
what cumbersome. On the other hand, it is easier to start writing
a compute kernel in C for OpenCL, but optimization for any par-
ticular GPU architecture is not straightforward. An advantage of
programming with OpenCL is that we can use OpenCL to program
a general-purpose many-core CPU. In the following section, we
compare implementations of the tree method on a GPU based on
compute kernels written in IL and in C for OpenCL. We also com-
pare the performance of a compute kernel written in C for OpenCL
on a GPU and on a CPU.

3. Bare performance of brute force method on a GPU

So far, we have developed around a dozen kernels in IL that
we use for astrophysical many-body simulations. In this section,
we report the performance of our implementation of a brute
force method for computing gravitational forces. This code served
as a basis for us to implement a more sophisticated algorithm
later.

To be precise, we have implemented a set of conventional equa-
tions expressed as

pi =
N∑

j=1,j /= i

p(xi, xj, mj) =
N∑

j=1,j /= i

mj

(|xi − xj|2 + !2)1/2
,

ai =
N∑

j=1,j /= i

f (xi, xj, mj) =
N∑

j=1,j /= i

mj(xi − xj)

(|xi − xj|2 + !2)3/2
,

(1)
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Fig. 2. Performance of the brute force method on various GPUs.

where ai and pi are the force vector and potential for a particle i, and
xi, mi, ! are the position of the particle, its mass, and a parameter
that prevents division by zero, respectively. We can solve these
equations by two nested loops on a general-purpose CPU. In the
inner loop, we simultaneously evaluate the functions p and f, and
require 22 arithmetic operations, which include one square root
and one division, to compute the interaction between particles i
and j. Since previous authors, starting from Warren et al. [34], have
used a conventional operation count for the evaluation of fi and
pi, we have adopted a conventional count of 38 throughout this
paper.

Elsen et al. [7] reported an implementation of a brute force
method for gravitational and other forces on an old GPU from
AMD/ATi. One of the main insights obtained was that a loop-
unrolling technique greatly enhanced the performance of the code.
We have followed Elsen et al.’s approach and tried several differ-
ent methods of loop unrolling. Fujiwara and Nakasato [8] have
reported our optimization efforts for old GPUs. Here, we present
a summary of our results. In Fig. 2, we plot the computing speed
of our optimized IL kernel for computing Eq. (1) as a function of
N. We tested three GPU boards, namely RV770 GPUs running at
625 and 750 MHz and a Cypress GPU running at 850 MHz. The
three systems had peak computing speeds in single precision of
1.04, 1.2, and 2.72 Tflop/s, respectively. So far, we have obtained
a maximum performance of ∼2.6 Tflop/s on the Cypress GPU for
N > 150,000. For N = 195,584, our optimized brute force method
took roughly 0.5 s on the Cypress GPU. As far as we know, the
performance that we obtained is the fastest ever with one GPU
chip.

Even with the massive computing power available on such
GPUs, however, we cannot escape from a computational complex-
ity of O(N2). Therefore, if we need to do an astrophysical many-body
simulation for large N, we need a smart algorithm to do the job,
since the recent standard for N in astrophysical simulations is at
least 100,000 for complex simulations with baryon physics and
1,000,000 for simple many-body simulations.

4. Tree method on a GPU

4.1. Tree method

The tree method [3] is a special case of the general kd-tree algo-
rithm. This method has been optimized to efficiently calculate the
mutual forces between particles, and reduces the computational
complexity of the force calculation from O(N2) for the brute force
method to O(N log N). A trick used is that instead of computing the

~2.7 TFLOPS



GRAPE-6 互換ライブラリ

350 Gflops on a recent GPU



Octree method : O(N log N) 
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Table 3
Dependence of computing speed on N: particles sorted in Morton order.

N Ttotal (s) Tconstruction (s)

50 K 3.00 × 10−2 9.1 × 10−3

100 K 6.08 × 10−2 1.8 × 10−2

200 K 1.27 × 10−1 3.9 × 10−2

400 K 2.65 × 10−1 8.0 × 10−2

800 K 5.66 × 10−1 1.6 × 10−1

Table 4
Dependence of cache-hit rate on N for different orderings of the particles.

N No sorting (%) Morton ordering (%)

50 K 75 93
100 K 63 91
200 K 55 87
400 K 48 85
800 K 43 80

usage on the host. With the Morton ordering, the tree construction
took roughly 14–27% of Ttotal.

The programming API for the Cypress GPU has a facility to
report the cache-hit rate for the GPU. In Table 4, we show how the
cache-hit rate depends on N and the ordering of the particles. The
results indicate that the performance of our method is significantly
affected by the ordering of the particles. In the tests described in
the following, we always used preprocessing. Note that we could
have obtained even better results if we had sorted the particles in
the Peano–Hilbert order, which has been reported to be the opti-
mal order for locality of data access, and is used by some tree codes
(e.g., [33]).

In Fig. 9, we present Ttotal as a function of N for three cases:
the tree method with Morton ordering, the tree method without
sorting, and the brute force method. Except for N < 30,000, the tree
method with Morton ordering (! = 0.6) outperforms the brute force
method on the GPU.

In Fig. 10, we compare the performance for the following three
cases: (a) a kernel written in IL running on a Cypress GPU, (b)
a kernel written in C for OpenCL running on a Cypress GPU,
and (c) a kernel written in C for OpenCL running on a multi-
core CPU. Since our test system had eight physical (16 logical)
cores, the OpenCL kernel ran on the CPU with 16 threads. The
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Fig. 9. Comparison between the tree method on a GPU and the brute force method
on a GPU. Ttotal as a function of N is plotted for three cases. The N2 and N log N scaling
lines are also plotted for reference.
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Fig. 10. Comparison between the tree method using a kernel written in IL, the tree
method using a kernel written in OpenCL on a GPU, and the tree method using
a kernel written in OpenCL on a CPU. The N log N scaling line is also plotted for
reference.

last two cases show almost identical performance even though
the theoretical performance in single precision for the Cypress
GPU is ∼ 20 times faster. In fact, the tree method is not compute-
intensive but is limited by memory bandwidth, and hence the
effective performance of the compute kernel written in IL is
roughly ∼1% of the theoretical performance in single-precision.
On the other hand, the performance gap between the two ker-
nels written in IL and C for OpenCL is a factor of ∼2.5. We believe
that one of the main reasons is that our compute kernel writ-
ten in C for OpenCL is executed without using L1 cache. We will
investigate further optimizations of the OpenCL kernel in future
work.

Next, we examine how Ttotal depends on !, which controls the
error bound for the tree method. A larger ! means that more of the
distant particles are replaced by a multipole expansion. In other
words, for a smaller !, we need to perform a larger number of
force calculations, and hence the computation will take a longer
time. At the same time, the error due to the multipole expan-
sion decreases. Practically, a force calculation by the tree method
with ! < 0.1 is reduced to almost the same level as a brute-force
computation. In such a regime, effectively, we do not have any
preference for the tree method. In Table 5, we show the depen-
dence of Ttotal and the cache-hit rate on !. In this test, we used
N = 800 K particles. In all of the tests that we have presented so
far, a clear trend is that the computing time seems to be deter-
mined solely by the cache-hit rate. Before we had done these tests,
we expected that branch operations would be a bottleneck for
the compute kernel. In reality, all that matters is the cache-hit
rate.

Table 5
Dependence of Ttotal and the cache-hit rate on ! for N = 800 K.

! Ttotal (s) Cache-hit rate (%)

0.2 1.65 × 101 23
0.3 5.24 × 100 36
0.4 2.24 × 100 48
0.5 1.14 × 100 59
0.6 6.82 × 10−1 68
0.7 4.92 × 10−1 75
0.8 3.98 × 10−1 80
0.9 3.43 × 10−1 80
1.0 3.10 × 10−1 82

分岐の多いOctreeでも高速化



Octree IL vs. OpenCL (2010)
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Table 3
Dependence of computing speed on N: particles sorted in Morton order.

N Ttotal (s) Tconstruction (s)

50 K 3.00 × 10−2 9.1 × 10−3

100 K 6.08 × 10−2 1.8 × 10−2

200 K 1.27 × 10−1 3.9 × 10−2

400 K 2.65 × 10−1 8.0 × 10−2

800 K 5.66 × 10−1 1.6 × 10−1

Table 4
Dependence of cache-hit rate on N for different orderings of the particles.

N No sorting (%) Morton ordering (%)

50 K 75 93
100 K 63 91
200 K 55 87
400 K 48 85
800 K 43 80

usage on the host. With the Morton ordering, the tree construction
took roughly 14–27% of Ttotal.

The programming API for the Cypress GPU has a facility to
report the cache-hit rate for the GPU. In Table 4, we show how the
cache-hit rate depends on N and the ordering of the particles. The
results indicate that the performance of our method is significantly
affected by the ordering of the particles. In the tests described in
the following, we always used preprocessing. Note that we could
have obtained even better results if we had sorted the particles in
the Peano–Hilbert order, which has been reported to be the opti-
mal order for locality of data access, and is used by some tree codes
(e.g., [33]).

In Fig. 9, we present Ttotal as a function of N for three cases:
the tree method with Morton ordering, the tree method without
sorting, and the brute force method. Except for N < 30,000, the tree
method with Morton ordering (! = 0.6) outperforms the brute force
method on the GPU.

In Fig. 10, we compare the performance for the following three
cases: (a) a kernel written in IL running on a Cypress GPU, (b)
a kernel written in C for OpenCL running on a Cypress GPU,
and (c) a kernel written in C for OpenCL running on a multi-
core CPU. Since our test system had eight physical (16 logical)
cores, the OpenCL kernel ran on the CPU with 16 threads. The
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last two cases show almost identical performance even though
the theoretical performance in single precision for the Cypress
GPU is ∼ 20 times faster. In fact, the tree method is not compute-
intensive but is limited by memory bandwidth, and hence the
effective performance of the compute kernel written in IL is
roughly ∼1% of the theoretical performance in single-precision.
On the other hand, the performance gap between the two ker-
nels written in IL and C for OpenCL is a factor of ∼2.5. We believe
that one of the main reasons is that our compute kernel writ-
ten in C for OpenCL is executed without using L1 cache. We will
investigate further optimizations of the OpenCL kernel in future
work.

Next, we examine how Ttotal depends on !, which controls the
error bound for the tree method. A larger ! means that more of the
distant particles are replaced by a multipole expansion. In other
words, for a smaller !, we need to perform a larger number of
force calculations, and hence the computation will take a longer
time. At the same time, the error due to the multipole expan-
sion decreases. Practically, a force calculation by the tree method
with ! < 0.1 is reduced to almost the same level as a brute-force
computation. In such a regime, effectively, we do not have any
preference for the tree method. In Table 5, we show the depen-
dence of Ttotal and the cache-hit rate on !. In this test, we used
N = 800 K particles. In all of the tests that we have presented so
far, a clear trend is that the computing time seems to be deter-
mined solely by the cache-hit rate. Before we had done these tests,
we expected that branch operations would be a bottleneck for
the compute kernel. In reality, all that matters is the cache-hit
rate.

Table 5
Dependence of Ttotal and the cache-hit rate on ! for N = 800 K.

! Ttotal (s) Cache-hit rate (%)

0.2 1.65 × 101 23
0.3 5.24 × 100 36
0.4 2.24 × 100 48
0.5 1.14 × 100 59
0.6 6.82 × 10−1 68
0.7 4.92 × 10−1 75
0.8 3.98 × 10−1 80
0.9 3.43 × 10−1 80
1.0 3.10 × 10−1 82

ILがOpenCLより数倍高速
OpenCL CPUとGPUは同程度



DGEMMカーネルの性能 (2010)
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(a) Performance of C ← AT B +C (b) Performance of C ← AB +C
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(c) Cache hit rate of C ← AT B +C (d) Cache hit rate of C ← AB +C

Figure 2: Performance and cache hit rate of stream kernel of square matrix-matrix multiply-add with various array layout functions on a Cypress
GPU
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(a) Performance of C ← AT B and C ← AB (b) Cache hit rate of C ← AT B and C ← AB

Figure 3: Performance and cache hit rate of stream kernel of square matrix-matrix multiplication with X-Morton layout and Z-Morton layout on a
Cypress GPU; TN means C ← AT B and NN means C ← AB.

Matsumoto etal. 2011

メモリレイアウトによる違い

~ 480 GFLOPS



大きい行列のGEMM
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Figure 5: Maximum performance of square matrix multiply-add
(C ← AB + C) for different block sizes on a single Radeon HD
5870 GPU plus different CPUs

Figure 6: Performance of square matrix multiply-add (C ← AB +
C) with a padding on System A (a single Radeon HD 5870 GPU
plus a Core i7 920 CPU)
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Figure 7: Maximum performance of square matrix multiply-add
(C ← AB + C) for different block sizes on two Radeon HD 5870
GPUs plus different CPUs

Figure 8: Performance of square matrix multiply-add (C ← AB +
C) on System B (two Radeon HD 5870 GPUs plus a Core i7 960
CPU); the block size is 2176.

When a matrix size is not in multiples of a block size, we can use a zero padding so that the computation can
be done on GPU. In this case, the performance is sensitive to the amount of padding since it increases the redundant
computations on the padded portions. Thus, we have implemented the DGEMM so as to choose the appropriate block
size for every matrix size in computation time. Fig. 6 shows the performance of C ← AB + C with the padding
on System A. When the matrix size is larger than 8000, we can expect the performance of 400 GFlop/s or higher
although the real performance is still not stabilized. Note that it is possible to utilize CPU to compute the remaining
parts instead of the padding. Actually, such CPU’s utilization technique was adopted in CALDGEMM [8]; their
approach works well in their system which contains 24-core CPU (two AMD Opteron 6172 processors). However,
such technique requires a sufficiently high-power CPU and additional optimizations which highly depend on a system
configuration in contrast to our approach with the padding.

We have additionally implemented a DGEMM for systems containing two GPUs. The algorithm used is similar to
the block algorithm in Fig. 4, but we parallelize the loop indexed by I: if I is odd, the row blocks of CI,J are computed

Matsumoto etal. 2011

ブロッキングにより巨大行列積も高速
2 GPUでもscalable



四倍精度演算 行列積 (2010)

 ~ 30 GFLOPS with FMA (Cypress)

GPUでの疑似四倍精度演算は高性能



四倍精度演算 二重指数積分(2010)
MFLOPS   ~ 27 GFLOPS (Cypress)



AMD GPUでの成果のまとめ

我々のグループで様々な成果
2010年まではILによるプログラミング

低レベル(アセンブリ言語)だがほぼ最高性能

レジスタ割り当ての必要がないのでそれほど難しくはない

N-body, GEMM, 四倍精度の高速化
2011年以降OpenCLが安定高速化

GPUではShared memoryが必須?
というのは単なる思い違い
NVIDIAのGPUでもimage bufferを使う方が速い



OpenCLでの最新の研究成果



OpenCLについて

並列計算APIの標準規格
AMD, Apple, IBM, Intel, NVIDIA etc...
CPU, GPU, CellBE, DSP, FPGA etc...

アクセラレータのプログラミングモデル
ホスト計算機から「デバイス」の機能を呼び出す

デバイスで動作するコードを「カーネル」と呼ぶ

CUDAと本質的な差はない

SIMD的な動作するスレッド群の並列化
演算の明示的なベクトル化



OpenCLの利点と欠点
利点

各社のデバイスで動作する 
CPUとGPUを同時扱うことが可能

従来: SSEベクトル化 + OpenMP/pthread + MPI

OpenCL時代: 

OpenCL(ベクトル変数 + スレッド) + MPI

(OpenCL+OpenMP) + MPI

欠点
より煩雑なプログラミング: C++ APIは簡単
NVIDIAのデバイスでは性能が落ちる場合あり



OpenCLとCUDAの性能比較

http://keeneland.gatech.edu/2012-02-20-workshop
from Spafford 13-shoc.pdf

http://keeneland.gatech.edu/2012-02-20-workshop
http://keeneland.gatech.edu/2012-02-20-workshop


OpenCLの評価:N-Body O(N2) (1)

System'A 
Maker AMD 

CPU Phenom'II'X6'1090T 

Ncore 6 
Nthread 6 
clock 3.2'GHz 
memory 4GB 
SP(SSE) 153.6'GFLOPS 
GPU HD5870 
SSE'of'GPU' 2.72'TFLOPS' 
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2011年度卒業研究 鈴木Y



OpenCLの評価:N-Body O(N2) (2)

System'A 
Maker! AMD 

CPU! Phenom'II'X6'1090T 

Ncore! 6 
Nthread! 6 
clock! 3.2'GHz 
memory! 4GB 
SP(SSE)! 153.6'GFLOPS 
GPU! HD5870 
SSE'of'GPU' 2.72'TFLOPS' 
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��������	��'
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OpenCLの評価:N-Body O(N2) (3)

3��������������	��"

System"A� System"B� System"C�
Maker AMD Intel AMD 

CPU Phenom"II"X6"
1090T 

Intel"Core"
i7@2600K 

Opteron"
Processor"
6168"x"2 

Ncore 6 4 24 
Nthread 6 8 24 
clock 3.2"GHz 3.4"GHz 1.9"GHz 
memory 4GB 16GB 32GB 

SP(SSE) 153.6"GFLOPS 108.8/217.6"
GFLOPS 364.8"GFLOPS 
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��
CPUの性能(core数)に比例した性能



OpenCLの評価:N-Body O(N2) (4)

���SDK�����	��$

System$B 
Maker! Intel 

CPU! Intel$Core$i782600K 

Ncore! 4 
Nthread! 8 
clock! 3.4$GHz 
memory! 16GB 
SP(SSE)! 108.8/217.6$GFLOPS 

OpenCL� OpenCL!
vectorized!4�

OpenCL!
vectorized!8�

AMD!SDK! 0.09� 0.33� 0.33�
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�
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IntelのSDKは自動ベクトル化機構がある



OpenCLの評価:四倍精度演算(1)
2011年度卒業研究 中村
QDライブラリをOpenCLで実装

現時点では四倍精度のみ

行列演算に応用：行列積とLU分解
主な最適化手法

ブロッキング
ベクトル化
FMAの利用

3月のHPC研究会(有馬温泉)で発表



OpenCLの評価:四倍精度演算(2)

ベクトル化なしCPU



OpenCLの評価:四倍精度演算(3)

ベクトル化ありCPU

~4 GFLOPS with 2600K



OpenCLの評価:四倍精度演算(4)

Tahitiでの性能

詳しくは研究会で

~70 GFLOPS



OpenCLの評価:文字列検索

2011年度卒業研究 鈴木T (準備中)
テキストの中から複数の文字列を並列で
検索するカーネルをOpenCLで実装

いくつかの検索アルゴリズム
ベクトル化による高速化
grepとの性能比較

数値計算ではないアルゴリズムも高速化
の余地は色々とある

並列性や高帯域メモリの恩恵により



OpenCLの評価:Octree法 (1)
2011年のAMD OpenCL SDKでキャッ
シュの扱いが最適化されて高速化した

Please cite this article in press as: N. Nakasato, Implementation of a parallel tree method on a GPU, J. Comput. Sci. (2011),
doi:10.1016/j.jocs.2011.01.006

ARTICLE IN PRESSG Model
JOCS-52; No. of Pages 10

N. Nakasato / Journal of Computational Science xxx (2011) xxx–xxx 7

Table 3
Dependence of computing speed on N: particles sorted in Morton order.

N Ttotal (s) Tconstruction (s)

50 K 3.00 × 10−2 9.1 × 10−3

100 K 6.08 × 10−2 1.8 × 10−2

200 K 1.27 × 10−1 3.9 × 10−2

400 K 2.65 × 10−1 8.0 × 10−2

800 K 5.66 × 10−1 1.6 × 10−1

Table 4
Dependence of cache-hit rate on N for different orderings of the particles.

N No sorting (%) Morton ordering (%)

50 K 75 93
100 K 63 91
200 K 55 87
400 K 48 85
800 K 43 80

usage on the host. With the Morton ordering, the tree construction
took roughly 14–27% of Ttotal.

The programming API for the Cypress GPU has a facility to
report the cache-hit rate for the GPU. In Table 4, we show how the
cache-hit rate depends on N and the ordering of the particles. The
results indicate that the performance of our method is significantly
affected by the ordering of the particles. In the tests described in
the following, we always used preprocessing. Note that we could
have obtained even better results if we had sorted the particles in
the Peano–Hilbert order, which has been reported to be the opti-
mal order for locality of data access, and is used by some tree codes
(e.g., [33]).

In Fig. 9, we present Ttotal as a function of N for three cases:
the tree method with Morton ordering, the tree method without
sorting, and the brute force method. Except for N < 30,000, the tree
method with Morton ordering (! = 0.6) outperforms the brute force
method on the GPU.

In Fig. 10, we compare the performance for the following three
cases: (a) a kernel written in IL running on a Cypress GPU, (b)
a kernel written in C for OpenCL running on a Cypress GPU,
and (c) a kernel written in C for OpenCL running on a multi-
core CPU. Since our test system had eight physical (16 logical)
cores, the OpenCL kernel ran on the CPU with 16 threads. The

 0.01

 0.1

 1

 10000  100000  1e+06

se
c

N

IL (no sort)
IL (Morton)

IL (brute force)
N log N

N2

Fig. 9. Comparison between the tree method on a GPU and the brute force method
on a GPU. Ttotal as a function of N is plotted for three cases. The N2 and N log N scaling
lines are also plotted for reference.
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Fig. 10. Comparison between the tree method using a kernel written in IL, the tree
method using a kernel written in OpenCL on a GPU, and the tree method using
a kernel written in OpenCL on a CPU. The N log N scaling line is also plotted for
reference.

last two cases show almost identical performance even though
the theoretical performance in single precision for the Cypress
GPU is ∼ 20 times faster. In fact, the tree method is not compute-
intensive but is limited by memory bandwidth, and hence the
effective performance of the compute kernel written in IL is
roughly ∼1% of the theoretical performance in single-precision.
On the other hand, the performance gap between the two ker-
nels written in IL and C for OpenCL is a factor of ∼2.5. We believe
that one of the main reasons is that our compute kernel writ-
ten in C for OpenCL is executed without using L1 cache. We will
investigate further optimizations of the OpenCL kernel in future
work.

Next, we examine how Ttotal depends on !, which controls the
error bound for the tree method. A larger ! means that more of the
distant particles are replaced by a multipole expansion. In other
words, for a smaller !, we need to perform a larger number of
force calculations, and hence the computation will take a longer
time. At the same time, the error due to the multipole expan-
sion decreases. Practically, a force calculation by the tree method
with ! < 0.1 is reduced to almost the same level as a brute-force
computation. In such a regime, effectively, we do not have any
preference for the tree method. In Table 5, we show the depen-
dence of Ttotal and the cache-hit rate on !. In this test, we used
N = 800 K particles. In all of the tests that we have presented so
far, a clear trend is that the computing time seems to be deter-
mined solely by the cache-hit rate. Before we had done these tests,
we expected that branch operations would be a bottleneck for
the compute kernel. In reality, all that matters is the cache-hit
rate.

Table 5
Dependence of Ttotal and the cache-hit rate on ! for N = 800 K.

! Ttotal (s) Cache-hit rate (%)

0.2 1.65 × 101 23
0.3 5.24 × 100 36
0.4 2.24 × 100 48
0.5 1.14 × 100 59
0.6 6.82 × 10−1 68
0.7 4.92 × 10−1 75
0.8 3.98 × 10−1 80
0.9 3.43 × 10−1 80
1.0 3.10 × 10−1 82

2010年の結果(再掲)

この差が消えた



OpenCLの評価:Octree法応用 (2)

様々なCPU, GPUで比較
コード変更なしに動作



GPUでの最適化Octree

Octreeで必要なステップ
tree構築 (並列化難)
treeノードの多重極モーメントの計算 (並列化難)
tree traversalによる相互作用計算 (並列化易)

どの部分をGPUで実行するか？
全てをGPUで実行する研究結果もある：遅い

O(N)の部分をGPUでやるのがよいのか問題

複数ノードでの並列化戦略



OpenCLの成果まとめ

AMD GPUでのOpenCLは非常に有効
2010年度まではILの利用が必須だった

OpenCLによるCPUプログラミング
効果的に利用可能
特にSSE/AVXが容易にプログラミングできる
Intel SDKの自動ベクトル化は効果的

NVIDIA GPUでのOpenCL実装
現時点ではCUDAのほうがより最適化されている



白色矮星の衝突計算



メタプログラミングとHPC



高速計算とメタプログラミング
伝統的な高速計算(HPC) = Fortran

この言語自体が数値計算のために設計された
最適化がやりやすい言語仕様

現代の高速計算 = 並列計算
プログラミングが本質的に困難
自動並列化は絶望的

Fortranのベクトル化だけはうまくいっていたけれど。。。

上から下まで異なる粒度の並列化
SSE/AVX, スレッド, CPU-GPU, MPI....

記述量を減らす意味でメタプログラミング重要



Domain Specific Language
これもメタプログラミング

HPCの世界でも近年色々やられはじめている

LSUMP (LLVM-SUMP)
Nakasato & Makino (2009)
粒子法シミュレーションに特化したDSL
元々GRAPE-DR用のコンパイラとして設計

GRAPE-DRは粒子シミュレーションに向いた準汎用計算機

後にGPUにも対応。
単、倍、四倍精度演算のカーネルを生成可能



メタプログラミングと言語

メタプログラミングによる記述量の削減
は、並列計算必須のHPCにますます欠か
せなくなる

予想：Fortranのような言語は徐々に廃れる
C++の重要性が増す : OOPではなくGPの面で
例1 Eigen (C++行列配列ライブラリ)

Template meta programmingでSSE/AVX対応 : MKL等と同性能

例2 PETSc (C++ HPC用並列ライブラリ)
Template meta programmingで並列処理に対応

演算子オーバーロードを利用したターゲットごとのコード生成



モダンな言語とHPC

そのものでHPC計算はまだ無理
DSLの実装言語としては有力

例1 : Liszt (偏微分方程式のためのDSL)
Scalaで実装されている

DSLからCUDA, MPIを含むC++のコードを生成

例2 : Paraiso (Euler的流体スキーム用DSL)
Haskellで実装されている

DSLからCUDA, OpneMPを含むC++のコードを生成

http://www.paraiso-lang.org/

http://www.paraiso-lang.org/
http://www.paraiso-lang.org/


自動チューニング
DSLと対になるのが自動チューニング

DGEMMカーネルのRubyによる生成とチューニング

松本さん (会津大学大学院)



まとめ

CPU/GPU混在システムの評価
AMDのGPUでの性能評価

「ソフトウエアキャッシュ」なしで高性能

OpenCLでの様々な問題の性能評価
GPUもCPUも有効活用可能
OpenMPに変わるノード内並列化手法になり得る
SSE/AVXの有効利用, 自動ベクトル化

HPCではメタプログラミングが重要に


