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Astronomical amounts of data!

3 Volume of data produced per night is increasing
rapidly as arrays increase their prxel numbers =
and mosaics of arrays become more Common '

DLookmg forward the Large Synoptrc Survey
7 Telescope (LSST) is expected to produce 30
- TB of data per mght' -

D Current data reduct;ron prpehnes are unable to
“handle this amount of data ﬂow

- QNew strearnhned and rapld data reductlon
| processes are thus cr1t1ca1 :




GPUs A ossrble soluuon'?’ Qz—}

QA Modern Graphrcs Processrng Unrts (GPUs)
contain hundreds of processing cores, each of |
~which can process hundreds of concurrent threads i

(CUDA) pltform al
nrassrvely parallel al

g -DParallehzrng algorrt

lows developers to desrgn
gorrthrns for therr GPUs

hms for GPUs can provrde

speed ups of up to around 1OOX' 8




A Perfect Recipe

QData pipeliné's':éfe perfezctl.y suited for massive 'ﬁ
parallelization because many algorlthms are
performed on a per plxel basis.

QThe PyCUDA module and python s native C-API
allow CUDA code to be easﬂy integrated into
existing python data _p;pelme frameworks.

OWe use an NV1d1a 580 GTX.:f_o'r-_our 't.éSts 7
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Yearning for high quality scientific data




P CUDA Sam ) les

DPyCUDA‘s SourceModule allows CUDA code to
be compiled and easﬂy hnked 1nto python code

-~ UFGpuOps_mod = SourceModule(

- global - = void gptlinearity - ﬂoat(float *output float *mput ﬂoat *coeffs, int ncoeffs) {
constint i-="blockDim:. X*b_lockldx X o threadldx.x R T ]
<o IR = T - 2
~~“output[i} = 1nput[1]*coeffs[0] Pl P
< for-(intj =1; 1< ncoeffs J++) { A 'f
nt+; B e S ,“
output[l] += coeffs[]] i pow(lnput[l] n)

llllll

; "-.'DThe above CUDA code w1ll be compﬂed at
‘import time and can be called as a python method

. gpu_ linearity = UFGpuOps_mod. get function(" gpu linearity_: ﬂoat B
. output = empty(data. shape, "Float32")

“gpu_linearity(drv. Out(output) drv.In(data), drv.In(coeffs), 1nt32(ncoeffs) grld (blocks 1),
block (block_ 51ze 1,1))




CUDA and P thon S C-API

QPython's C- API can also be used to lmk in
compiled C code w1th CUDA llbrary calls

' “~#include <thrust/deyice_ Vector h> I
o grinclude <thrust/sortH> e
 extern "C"{ P T g :
~  static-PyObject * gpumedlan(PyOb]ect *self PyObject *args PyOb]ect *keywds)
~_void gpusort float(float *data, int m)-{- St : .
~thrust::device_vector<fleat>d. X(data data+n)
thrust::sort(d_x.begin(), d Xend())
. thrust::copy(d_x.begin(), d Xend() data)
v . : :
static PyOb]ect 3 gpumedlan(PyOb]ect >'<self PyOb]eet *args PyOb]ect *keywds) {

&> First_comp-ile the .cu file' With nvcc into a shared

~object. Then use g++ to link the .so file with
libcuda and libcudart into a llbrary that can be
1mported into python |
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Results: 1-d median

'8 1mage : gpu thrust s_@rt is 4@
&3 med;an (uses_ numpy s sort) -i_
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Median time comparison
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Results: 2-d median
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Comarlsons GPU FTW again! _©7-

Fmdlng shlfts between 1mages W1th |
Xreglster usmg full 2048x2048 frame /

iy #of IRAF Python | GPU
| - images

Cosmic Ray Removal
Python GPU

23 91265 45515 19.42s

"."-'Dnzzhng 1mages onto Gutput gl:id whﬂe applymg
a 6" order geometric distortion correctlon and
- subpixel ShlftS between 1rnages '

# of Drizzle  IRAF Python. GPU
iImages kernel drizzle drihizzle | drihizzle

turbo 143.67s 126.20s  2.09s

turbo 387.96s  261. OOs 5.35s




e

Imcombme and Overall Results

Mé wo combining 1mages # images welght reject IRAF Python GPU
using 3 implementations of
imcombine with different -
weightings and rejection =
- criteria Fodg median sigclip

) v median none  10.64s 27.29s 4.17s (& .
Comparlson of overall tunes to process test data sets’ -
- Preliminary results are a speed up of w1th 1 -pass
sky subtraction and 7 X with 2-pass..
| CPU 1- pass GPU l-pass | GPU 1-pass BE CPU 2-pass . GPU 2-pass

*BE blg endlan we achleve a 20% speed increase by ovemdlng pyflts to
‘save 1mages 1n little endlan format avmdmg the need to byteswap




Irnlications and Future Work

QA With further optmuzatron we believe it is
possible to achieve an overall speed gam of up to '
afactorof25' LG '

- QWe believe we. Can achleve a smular speed gain
by GPUlzmg spectroscopy algorlthms

QA This factor would only increase as larger array
~ sizes and newer GPUs provide foreven hrgher
~ degrees of parallehzatron i G

QA speed gain of this rnagrutude would allow for

~ near real-time data processing, concurrent with
contmurng observattons considerably optimizing
the observing process'
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