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SINGLE
NUCLEOTIDE
POLYMORPHISM

nucleotide differs between two
individuals of a species

link to traits, diseases!
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GWAS

Rl Eenome project HUGO (2004
» Genome-wide association studies (GWADS)

* Find correlations between SNPs and traits (diseases)

. SNPI | SNP2 | snp...

Cases Cases Repeat for all
Count of G: Count of G: SNPs

2104 of 4000 1648 of 4000

Frequency of G:| Frequency of G:
52.6% 41.2%

Controls Controls
Count of G: Count of G:
2676 of 6000 2532 of 6000

Frequency of G: | Frequency of G:

44.6% 42.2% |
GC CC_GC GC GG CC CC
CC GC GC GG GC GG ‘ P-value: P-value: ‘
5.0-101° 0.33
Seofid0 Image credit: Lasse Folkersen
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GWAS STAITS

Sample size n (# of people)
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GWAS STAITS

#SNPs m (passing QC)
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GWAS STAITS

Largest #5SNPs m (passing QC)
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(X M X)X M

THE NUMBERS

y € Rn S0l IMIB

M e R:as s ORI

re Rp*m 7-40 GB

X e Rmpxm 72 5 =i e

# DNA fragments (nudeotidesy m ~ 48 — 250 million
# samples = 10Rg1el =

# covariates p =20
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BASIC ALGORITHM

7y = (O OG)T
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BASIC ALGORITHM
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Cholesky once during initialization: LLT := M
Fi— (UK e Iy
One trsv during initialization: §:= L™y
s = (O G G )

P o= (b e (U0 G
One trsm per iteration step i X; := L71X;
i 4 ()A(ZT)A(Z)_l)A(;F?)

|6 of 40

Thursday, August 29, 13



BASIC ALGORITHM

7 = (O W G T iy
Cholesky once duringlinitialization: LLT := M
R ONE I [ X0 e e
One trsv duringdinitialization: 4 := L™y
s = (O G G )

P o= (b e (U0 G
One trsm per iteration step i X; := L71X;
i 4 ()A(,LTXZ)_l)A(;F?)

|6 of 40

Thursday, August 29, 13



BASIC ALGORITHM
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OPTIMIZATIONS

* Blocking In |

* many small trsms vs. one big trsm

A A -hiE
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OPTIMIZATIONS

* Blocking In |

* many small trsms vs. one big trsm

A A -hiE

» QOut-of-core algorithm

» read block b+ while computing block b

* double-buffering technique necessary
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CAN GPUs HELP GO FURTHER!?

* trsm takes 90-95% of time

» compute on the GPU

B lle G RU computes:

e VR ceompLltations
» CPU = GPU transfers

el ellisicer: nVidia Fermi &
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RAM: 10-100 Gb
HDD: Terabytes

MEMORY PYRAMID

Need for two levels of streaming
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GPU

- -

crurar [ N N

DD DataXS S
:

esults r | §
2-LEVEL TRIPLE-DOUBLE-BUFFERING




GPU

B o
E B
C B A

S DataXS b3 | ba | b b D+ | D+2 b+3g

Results r Sb_g b b-|g

- EVEL TRIPLE-DOUBLE-BUFFERING
Assume the GPU holds b and Is done with b-|
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trsm

GPU

§ o
B
C B A

S DataXS b3 | ba | b b D+ | D+2 bHS

Results r Sb_g b b-|g
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trsm

GPU

§ o
-
C B

S DataXS b3 | ba | b b D+ | D+2 b+3g

Results r Sb_g b b-|g

2-LEVEL TRIPLE-DOUBLE-BUFFERING

(2) start reading second-next block from HDD
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trsm

GPU
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trsm

GPUs

/ | a

b+

o @
& B

S DataXS b3 | ba | b b D+ | D+2 bHS

Results r Sb_g b b-|g

- EVEL TRIPLE-DOUBLE-BUFFERING
Qi chdincdibloddion @ iRe
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trsm

GPUs

Computaﬂon

S

BB Data X g b3 | b b_| b b+

Results r Sb_g b b-|g

2-LEVEL TRIPLE-DOUBLE-BUFFERING

(5) start CPU computation of least-squares
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trsm

GPUs

B o
o
C B

b ol ® b+

Results r Sb_g b b-|g

2-LEVEL TRIPLE-DOUBLE-BUFFERING

(6) Write results to disk (fast because small)
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GPUs
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GPUs
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GPU
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TIMELINE, TO SCALE

problem sizes: n= 10k, m= 100k, block= 10k

GPU: 2x nVidia Quadro 6000 (Fermi, 515 GFlops each, 6GB memory) = 10.000$
CPU: 2x Intel Xeon X5650 (6cores, |28 GFlops, 24GB memory) = 2000$

i s computation. S ppcnrcl o
BB EE=—CRU ransfer . CPU computation Compiler:icc 2.1
el 40,
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G55 s

Runtime O Perfect scalability

21.6s
= 16.25

()

number of GPUs

SLUALADILITE

HGPUs x2 = time x0.54

Almost perfect
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CONCLUSION

» ~2.6x Speedup per aaditional GPU (~10x for 4 GPUs)
RERreplace the CPU by GPU combine them

* Hide data transfer latency by overlapping with computation

* Double/triple-buffering: GPU never stops computing

» one GPU order of magnitude faster?

* Faster than what!

* Victor W. Lee et al. («Debunking the 100X GPU vs. CPU Myth: An Evaluation of
Throughput Computing on CPU and GPU», 2010)
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QUESTIONS!

lucasb.eyerbe
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VISUALIZATION
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U TURE WORK

» Solution for L too big for GPU memory
* Apply similar technigue to similar problems

* Extension to multiple phenotypes (y)
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