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HPC is used to enable scientific discovery

Scientific Simulation/Observation
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Cumulative Number of Human Genomes

Increasing role of data in HPC

Growth of DNA Sequencing

W Recorded growth

B Double every 7 months (Historical growth rate)
@ Double every 12 months (I#umina Estimate)
W Double every 18 months (Moore's Law)

2000 2005 2010 2015 2020

Year
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Worldwide Annual Sequencing Capacity
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Source: Stephens, Zachary D. et al. “Big Data: Astronomical or Genomical?” m
PLoS Biology 13.7 (2015) PMC. Web. 3 Nov. 2016.
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Efficient big data processing = Faster HPC

e Scale of data to be analyzed is growing
exponentially

e Observation: Data analysis in HPC is similar
to data analysis in big data community

e Big data scale-out platforms can benefit
data-based scientific discovery
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Scale-out data processing
Is becoming popular
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Problem: Unable to leverage accelerators
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SYSTEMS

Per node performance does not scale

ACCELERATORS/CO-PROCESSORS
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SYSTEMS

Per node performance does not scale

ACCELERATORS/CO-PROCESSORS
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GPU Motivation (l): Performance Trends
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Our contribution: Scaling up linear
algebra in scale-out data platforms

e Introduce the support for distributed dense matrix
manipulations in Spark for scale-out matrix operations

e Adopt scale-up hardware acceleration for BLAS-3
operations of distributed matrices

e Design a flexible controller to decide when and
whether to use hardware accelerators based on the
density of matrices
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Agenda

e |ntroduction
e Background
e Design

e Evaluation

e Conclusion
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Distributed matrix support in Spark

4 Indexed Coordinate
Input
fiFI)e » Matrlx » Row » Matrix
J Matrix
Block
Matrix
N rRDD

- Sparse Matrix mvuglmaTECh
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Distributed matrix support in Spark

Row Indexed Coordinate
Matrix Row Matrix

Dependency between internal components in

MLlib treats all matrices as sparse matrix
regardless of density

Matrix

" rRDD

B sparse Matrix mVll’gll’llélTECh
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Distributed matrix support in Spark

4 Indexed Coordinate
Input
fiFI)e » Matrlx » Row » Matrix
J Matrix

| e
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Ad-hoc
2 RDD Scala Impl

Block
Matrix
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- Sparse Matrix mvugmlaTECh
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Distributed matrix support in Spark

Row Indexed Coordinate
Matrix Row Matrix

Ad-hoc implementation of sparse matrix

multiplication prevents use of hardware

acceleration
Matrix

\ 4

Ad-hoc
2 RDD Scala Impl

B sparse Matrix mVll’gll’llélTECh
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Agenda

e |ntroduction
e Background
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Designh considerations

e Enable user transparency
e Support scalable matrix multiplication
e Support dense and sparse matrices
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System architecture

matrix

multiplication

worker

selector

BLAS
enabler

JVM netlib-java (JNI)

CUBLAS*t

Spark cluster
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Methodology

Gramian matrix computation with GEMM
o XXT
* Machine learning (PCA, SVD)
e Data analysis (all-pair similarity)
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Methodology

Gramian matrix computation with GEMM

o XXT

# of Rows (Cols)

4873
14684
24495
663331
4873
14684
24495
663331
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0.34
3.1
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Methodology

e System spec:

e Spark configuration:

e o

CPU Dual Intel Xeon E5 2 nOde CIUSter

CPU cores 28 (56 HT) * One executor per
node (56 cores,

Herery HE 800GB)

GPU PuslNVIDIAKSO o BLAS configuration

GPU cores 4992 x 2 o OpenBLAS VO 2 19

GPU memory 24 x 2 GB (hand COIT]pilE)

CUDA 7.5 * NVBLAS v7.5
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Overall performance: Dense Matrix
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Performance: Dense Matrix

Time percentage (%)
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Performance: Dense Matrix

Time percentage (%)
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Overall performance: Sparse Matrix
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Overall performance: Sparse Matrix
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Performance: Sparse Matrix

Time percentage (%)
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Conclusion

e We employ scale-up accelerations for linear

algebraic operations in Spark

e Our approach decides whether to use hardware

accelerations based on matrix density

e The system improves overall performance up to

more than 2x compared to default Spark

 Contact: Luna Xu, xuluna@cs.vt.edu
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