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A Retrospective to HPC Optimization

A Diverse Application Domains

Scientific
Computing

Engineering
Computing

Internet Big Data

Biological Cloud computing

Narrow Application Domain

Scientific
Computing

Engineering
Computing

Special Application

Scientific
Computing

Cluster + xPU
CC-NUMA CC-NUMA

Vector MPP MPP

1970-80 1980-95 1995-Now



From Hero to Masses:
A System Perspective is Desired

More computing units A System perspective
TR Slow memory access way to .|mp.rove MOST
of application, Not only

Performance .
focusing on
BFlops —- gy Pesk Pertormance INDIVIDUAL application

itan H
. op
IBMRoadrunner k
PFlops == : ops
IBMBIlue Gene/L
70.72TFlops ,
IBMASCI white - Real Performance
7.226TFlops(0)
IntelASCI Red/9152 /3

1 2 1.338TFlops &,
TFlops lnt:;l;a;aé,;nxpls / Structured gl"ids Lattice Boltzmann
I
(VEE Rt Stencil
; ’ More data
S CALU HPCG Application
P s SPGEMM  SpMV Unstructured grids  N-Body Diverse access pattern
® o o o
1980 1990 2000 2010 2020 Year



Architecture-Driven Optimization Methodology
4 N

Promoting application performance by improving

vectorization, locality and parallelism
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Issue 1 — Performance Bound
on Emerging Architecture
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Architecture

e Percolation Execution Model

4 O

More cores lead to more ‘
serious bottleneck of /Lf\ £
data movement
W bus
> E bottleneck

« The massive parallelism is leveraged
to create just-in-time locality, where
on-demand data movement happens
in parallel

« Transform static dependence
to dynamic one
Guangming Tan, Ninghui Sun, and Guang R. Gao,

Improving Performance of Dynamic Programming via ° CO u p I e dyna m |C pa Fa I Iel iS m

Parallelism and Locality on Multicore Architecture,

IEEE Transactions on Parallel and Distributed Wlt h d ata moveme nt /

Systems, 2009.
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Architecture
Specific

4 A

: Matrices computation
« The best algorithm that may P
approach machine’s raw :
performance SoMR R
« The kernel determining deep T IITITNII It L,
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learning’s performance
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Applying to Numerical Computing Kernels
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(o1 Improving Performance of Math Library

Architecture

Spec on Dawning6000 Supercomputer

a N

Guangming Tan, Linchuan Li, Sean Triechler, Everett Phillips,
Yungang Bao, Ninghui Sun, Fast Implementation of DGEMM
on Fermi GPU, ACM/IEEE Supercomputing (SC), 2011

Ours 362GFlops
CUBLAS4.0 * 160GFlops
*NVIDIA GPU

jv D ing 6000
Jiajia Li, Xingjian Li, Guangming Tan, Mingyu Chen, Ninghui
Sun, An Optimized Large-Scale Hybrid DGEMM Design for N e b u I a e
CPUs and ATl GPUs, The 26th ACM International

Conference on Supercomputing (ICS), pp.377-386, 2012.
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Architecture
Specific

Improving Performance of
Deep Learning Library

https://github.com/PAA-NCIC/DeepPerf
[Test Instructions \ Algorithm variables

IADD R0, R1, R2 CUBINs o f b hchmark o GEMM: M, N, bm, bn
IADD R3, RO, R4 o Conv: P, Q,K, N, bk, bn

Hardware features "\ s
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* Global memory size » Function units utilization: N : : =
* Transaction width % Memory access mode yl: : :

® Shared memory size
e Bank width
@ Function units

Single-warp DAG Schedulers Multi-warp DAG i Beomp
“» Source code analysis = | Dependency .
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° Registers Instruction Parser Teesesasessans S T

o Threads \ DAG Constructor Performance Advisor )
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Optimize source code by eliminating bottlenecks

v A performance tuning framework to =

CUDNN v4.0 s '
explore G PU micro_a rchltectu ral %3000 L Our convolution BEOEA i .. —
features N _

v fully utilize fused multiply-add (FMA)  gse|
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A 500 |
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Xiuxia Zhang, Guangming Tan, Shuangbai Xue, Jiajia Li, Keren Zhou,
Mingyu Chen, Understanding the GPU Microarchitecture to Achieve Bare- .
Metal Performance Tuning. ACM PPOPP 2017: 31-43 20-60% higher than C“DNN/

Alexnet Vgg Overfeat




Issue 2 — Performance Portability
on Different Architectures
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High performance \
algorithm is

Given adaptive to different
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Architecture
Oblivious

Performance Autotuning

-

Some kernel algorithm (e.g., SpMV, Stencil)

X

o

Pentium(MMX) Knights Ferry Fermi
Pentium [11(SSE) Knights Corner Kepler
Sandy Bridge(AVX) Knights Landing Maxwell **°
Skylake(AVX512) Knights Mill Pascal

N implementations of performance
optimization by hand

Autotuning
Library

with ONE
interface
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Performance Autotuning

N implementations of performance
g optimization by hand
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Architecture
Oblivious

Machine Learning Based Autotuning

.

https://github.com/PAA-NCIC/PAK
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Architecture
Oblivious

Case study : SpMV Autotuning
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v' Extracting both application
features and architecture
features with data mining

v' Learning a predict model to
generate optimal codes
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J. Li, G. Tan, M. Chen, N. Sun, SMAT: An
Input Adaptive Auto-Tuner for Sparse Matrix-
Vector Multiplication, ACM SIGPLAN
conference on Programming Language
Design and Implementation (PLDI), 2013
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Architecture
Oblivious

Case study: Stencil Autotuning
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Yulong Luo, Guangming Tan, Zeyao Mo, Ninghui Sun,
FAST: A Fast Stencil Autotuning Framework Based On
An Optimal-solution Space Model, Proceedings of the

Extraétor Pro&[:cer Optiln’]izer
29th ACM on International Conference on 1

Supercomputing (ICS), June 08 - 11, 2015. L Stencil autotuner




Issue 3 — Performance Adaptive
between Application and Architecture

@ Suitable combination of
L/ hardware and algorithm

for different workloads
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Pattern-Driven
Software-Hardware Codesign

2N |
T Cryo-Electronic Genome Climate Internet
§' Microscope
g / l S |
g Image  yash, SparseMatrix, Graph  Packet detection
. | |Reconstruction
> Multi- Word-level reduce
= level/grained scatter-gather
5 parallelism computation
|

g

* Specific design for the abstracted patterns (NOT for algorithms),
for example:

* Heterogeneous system combining data-level parallelism and task-level
parallelism

e Specialized computing units for common operations
e Customized hardware units for irregular memory access



Case study: Accelerating 3D Reconstruction of
Cryo-Electron Microscopy Images

o ] separating data access patterns
Multigrain parallelism  from computing kernels [2]
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1.

Guangming Tan, Ziyu Guo, Dan Meng. Single-particle 3D
Reconstruction from Cryo-Electron Microscopy Images on
GPU. The 23rd ACM International Conference on
Supercomputing (ICS), pp. 380-389, 2009

2. Guangming Tan, Chunming Zhang, Wendi Wang, Peiheng

Zhang, SuperDragon: A Heterogeneous Parallel System
for Accelerating 3D Reconstruction of Cryo-Electron
Microscopy Images, ACM Transactions on Reconfigurable
Technology and Systems, 8(4): 25, 2015

(b)

19,841 Hepatitis B virus images

FPGA achieves 2.5 times speedup

than 12-core CPU
In terms of power efficiency, FPGA
accelerator is 14.2 than CPU
Execution Time
B cruU
@ Tesla C2050
40 @ FPGA

MCF Unwrap CCFX Rotate CCF Max Translate
Kemels
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Case study: Accelerating Irregular Computation
in Genomic Data Analysis

Hash index lookup Specific Memory controller
for word-level scatter-

Get-Hash-Seed (T11#1#**11T#1#*111*1**111%1%*

ooz Loz gather memory access

Get ,
Substring Read Seed Gen Posindex

: st F] e
Co-processor to exploit
massive fine-grained memory . st
level parallelism

Bktsa™1 (X

Guard |
L1idx (Hash table)

I PE Memory Controller |

generate memory requests from
every AE to every memory
controller port on every cycle
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2.5X faster than 64-core
Intel Xeon SMP
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Guangming Tan, Chunming Zhang, Wen Tang, Peiheng
Zhang, Ninghui Sun, Accelerating Irregular Computation
in Massive Short Reads Mapping on FPGA Co-
processor, IEEE Transactions on Parallel and
Distributed Systems,Vol.27, No.5, 2016.
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Case study: Accelerating In-Memory Computing
for Genomic Data Analysis

Unlocking the Power of the Genome:

24 minutes genomic solutions for whole-genome studies

Genomic S wiEs GenePanel
Scene (Whole-Genome Sequencmg) (Whole-Exome Sequencing)

Precision Computing System

API AIgorithm—Specific API

_______________________________ Ease of Use
{ Genomic Data [ Genomic Pipeline ] Redundancy :
Exedutlon Compression Load Balancing Elimination I
Englne |
I
/

Data 50x Platinum Genome GRCh37/hg19 Short Genetic Variations .
Source Human Genome Database (dbsnp)

Xueqi Li, Guangming Tan, Bingchen Wang, Ninghui Sun: High-performance genomic analysis framework with in-memory
computing. ACM PPOPP2018: 317-328
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Architecture
Specific

Percolation

Architecture
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What's Next

A Al-supported Applications

Scientific
Computing

Engineering
Computing

Internet Big Data

Biological Cloud computing

Machine/Deep Learning

Diverse Application Domains

Narrow Application Domain

Scientific
Computing

Engineering

Special Application Computing

Scientific
Computing
A

Al

Cluster+GPU Supercomputer

CC-NUMA CC-NUMA
Vector MPP MPP
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Optimization on Al Supercomputer

* Architecture support
e Variable numerical precision

* Interconnection customized for
asynchronous communication

* Library support

* Abstract programming interface
* Adaptive to diverse accelerators

e Algorithm support

* Exploit billion-level parallelism in
model

* Tradeoff between speed and
accuracy







