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Development tools

> Python 2.6+

> Scientific libraries as python package for interactive computing
(Numpy, Scipy ..)

> CUDA compiler interface by weaving technique : pyCUDA

> [python framework



For instance...

IPIyl: Notebook @cstone2 =
some examples - pyCUBLAS, pyCUDA, Cython and Weaving Last Checkpoint: Sep 11 16:51 (autosaved)

Insert Cell Kerne Help

@A B 4+ ¥ O © » H Code 4 Cell Toolbar: | None

A simple pyCUDA example

« element-wise multiplication of two vectors, a and b

import pycuda.autoinit
import pycuda.driver as drv
import numpy

from pycuda.compiler import SourceModule
mod = SourceModule("™""
__global__ void multiply them(float *dest, float *a, float *b)
{
const int i = threadIdx.x;
dest[i] = a[i] * b[i];
}
")

multiply them = mod.get_function("multiply them")

a = numpy.random.randn(100).astype(numpy.float32)
b numpy.random.randn(100).astype(numpy.float32)

dest = numpy.zeros_like(a)
multiply them(drv.Out(dest), drv.In(a), drv.In(b),block=(400,1,1), grid=(1,1))

print dest - a*b

[




Why script language (ex> python)

with GPU?

According to the developer,
Andreas Klonker -

python + CUDA = pyCUDA <
python + OpenCL = pyOpenCL

GPU : everything that the PyOpenCL, PyCUDA: Workflow
scripting language are not!

Highly Parallel

Cache?
lno

Run Compiler —{ Binary

Architecture sensitive

¢ Built for maximum FP/
Memory throughput

Progra.m( Upload to GPU

Run on GPU PyOpenCL/PyCUDA

CPU : largely restricted to
control tasks (~1000/s)

Scripting fast enough




Paradigm shift in code development

A short Introduction to Python A short Introduction to Python

Classical prototyping process Prototyping with Python

Stefan Reiterer ()

Working Code

Fast, but complex PL

e.g. C, C++...

Tests
(Python)

4

Algorithms
(Python) -~ 7
(Compile to C)

Stefan Reiterer ()

GUI
(Python)

Critical
calculations

(Python)
(link C/C++)




Case studies in KSTAR project (2014)
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CASE #1. Diagnostics of electron density profile using
microwave reflectometer

KSTAR the tokamak - a plasma device
of magnetic confinement

Basic Diagnostics

Baselne |
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Visible/H-algha 1V

Edge reflectometer
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Tool-path in reflectometry (~1000 signals in parallel)

amp. (arb. unit)

45
fo- (GH2)

Detected signal

fo- (GH2)

Spectrogram (Morlet wavelet) Tracing the reflected wave at the peak

T

45 50 ‘ ‘ —_—
fo. (GHZ)

2.2 2.3
recovery for reflected wave

\

density (10" m™?)

’JN p
1
|

L}MJ‘}: W
. Hl[ Y

Cummulative phase Profile reconstruction
(Bottolier-Curttet algorithm)




It’s similar to picking up the melody in transcription
. !

6.6

9.1

amp. (arb. unit)




GPU coding strategy

v" Data parallel in multiple thread blocks = basic parallelism
: processing many (0O(10%) ~ O(103)) signals in parallel

v Fine-graining depending on the numerical process in each stage

: Element-wise operations - easy to fine-graining
(wavelet multiplication in Fourier space, picking up maximum
amplitude, phase difference etc...)
: Reduction
(cut-off finding by bitwise-operation, integral in reconstruction)

: Scan
(getting cumulative phase by work efficient scan)

v' Multi-pass implementation in the stage
: No concurrency is guaranteed for inter-block synchronization
- unavoidable overhead of threads kernel loading in each pass



Parallelized wavelet transform
It’s straightforward : FT - multiplication of wavelet > IFT

import pycuda.driver as cudrv

import pycuda.gpuarray as gparray

import pycuda.autoinit set psihat = mod.get function("set psihat")
from pycuda.compiler import SourceModule on; rc = mod.get fu;ction(”conv rg")

from scikits.cuda import fft as cufft - - -

et _psihat( gpScale, gpPsihat, block=((Nn/2+1)/32,Nscale/4,1), grid=(64,4))

source =

__device__ _ constant___ float tpi =6.2831853071795862;

__device_ _ constant_ _ float s_omegal = 6.0; plan = cufft.Plan( Nn, np.float32, np.complex64, batch=Nsig)
3 rice s i Ns .

__device__ _ constant _ int Nscale; ufft.fft( gpbata, gpDatahat, plan)

device constant int NscaleQ; R 2 2
~device __ constant _ int NscaleV: onv_rc( gpDatahat, gpPsihat, gpConvhat, block=((Nn/2+1)/32, Nscale/4,1), grid=(64,Nsig*4))

__device__ __constant__ int Nn; plan = cufft.Plan( Nn, np.complex64, np.complex64, batch=Nscale*Nsigq)

__device = __ constant  int ig; ufft.ifft( gpConvhat, gpCWT, plan)
__device__ __ constant  int

__global_ _ void set_psihat(float *scale, float *psihat) ({
int ix threadIdx.x + blockIdx.x*blockDim.x;
int iy threadIdx.y + blockIdx.y*blockDim.y;
float s_omega, X;

(iy < Nscale && ix < Ncol) {
_omega .5*tpi*ix/(Ncol-1l)*scale[iy];

s_omega - s_omegal;
}

ésihatjix6Ncol*iy] 0.75112554*exp(~.5*x*x) *sqrt(tpi*scale[iy]); to calculate
|

__global___ void conv_rc( float *c_data, float *r_wf, float *c_ret) {
int ix threadIdx.x + blockIdx.x*blockDim.x;
int iy threadIdx.y + blockIdx.y*blockDim.y;
int iscale iy % Nscale;
int isig iy / Nscale;
int idata;

if (iscale < NscaleQ)
idata 2*isiqg;

else if (iscale < NscaleQ+NscaleV)
idata 2*isig+l;

if (ix < Ncol && iscale < Nscale && isig < Nsig) {
c_ret[2*ix+2*Nn*iy] c_data[2*ix+2*Ncol*idata]*r_wf[ix+Ncol*iscale];
c_ret[l+2*ix+2*Nn*iy] c_data[l+2*ix+2*Ncol*idata]*r wf[ix+Ncol*iscale];




Cut-off finding - a kind of reduction algorithm

: Finding the position of negative segment longer than given tolerance
—> reduction of indices by bitwise operation is designed to get the distance
and leading index between rising and lowering edge

: Reduction process

* Present the positions as 2 bits data with the left and right indices
: + to - edge as 01, - to + edge as 10, otherwise 00.

* Apply the bitwise operation for reduction :

x®00=x and 00®x=x (rejecting non-zerocrossing indices)
J1®10=0 & updating cutoff (reduction and update)
10®01=11 (keeping the positive segment)



Cumulative phase

a, a,Da, ,a®Da,Da, ...

, 0,®a,Da;--Da,]

: Scan (parallel prefix sum) algorithm = work efficient parallel scan

In the lecture of W. Hwu (https://gist.github.com/wh5a/4500706#file-mp5-c)

Basic idea of scan block for work efficient parallel scan
(Lecture 14 in applied parallel programming
ECE408/CS483/ECE498al, University of Illinois, 2007-2012
by Wen-mei W. Hwu)

Initial Array of Arbitrary Values

Scan Block 0 Scan Block 1 Scan Block 2 Scan Block 3

Store Block Sum to Auxiliary Array m

Add Scanned Block : :
Sumito All Values of ___ | PO +

Semee deceeens .
Scanned Block i+ 1 ! *

Final Array of Scanned Values 1

GPU Gems 3 (a free ebook)
Chapter 39. Parallel Prefix Sum (Scan) with CUDA




Bottolier-Curtet reconstruction

» Parallel code is NOT possible for the main steps of (r, n.) pair reconstruction
- We apply data parallelism for the bunch of signals !

* We launch thread-kernel N times - N is the number of pairs (data points)

: Overheads are not avoidable for the loading time — NN -

- Fine-graining for the integral in each loop step 1 V —
: for nth step, n(n-1)/2 loops ==y ~nlog(n) loops = w

» Parallelism : I g(j
: multiple data x threads for integral step 3
| &I
v

v v v v



Step 1: Import density_profile class - specify the shot number of the data set when importing..

In [1]: from KSTARreflect import density_profile

In [2]: eprof = density_profile( shotnumber=102606, params="refQVwW1l1383.sav")

Step 2: Check the structure of reflectometer data

In [3]: time, ndata, Ip = eprof.getTimeInfo( band='v')

- number of segments = 3

- time stamps (start and end of the segments):
[['6.490' '0.540']
['0.990"' '1.040']
['1.490' '1.540']]

- number of data in the segments:
[4999999 4999999 4999999]

- plasma current of the segments:

['222 kA', '374 kKA', '506 kA']

Step 3: Read a segment data (+ time slices information) of specified plasma shot

In [4]: eprof.setSignal( bands = 'qv', segidx = 1, sigstep =

reading time domain information (band = q)
reading rf signal (band = q, segment index

reading time domain information (band = v)
reading rf signal (band = v, segment index

-band

freq. (GHz)

Step 4: Calculate density profiles (Signals --> Wavelet spectrogram --> Phase recovery --> Botollier-
Curtet reconstruction)

In [8]: dimport time
t0 = time.time()

1_prof = eprof.calcProfile()

print "- total computation time =", (time.time() - t0)*1000., 'ms'
nsig = len(1l_prof)
print "- number of profiles =", nsig

- total computation time = 474.127054214 ms
- number of profiles = 250

for epf in 1_prof:

plot(epf[0], epf[1l]*1E-19)
xlim([1.8, 2.4])
xlabel('$r (m)$')
ylabel('$n_e (10~{19} m~{-3})%$')
show()

25

« 2.3 sec. for 1000 signals by Tesla® K20m (including
initial loading time of code into GPU)

» 500 times faster than optimized IDL routine !

» Very easy to integrate with the data processing
platform as a python class




CASE #2. heat load of superconducting magnet by AC loss

» Superconducting magnet system of
KSTAR tokamak




Zerodee (0-D) model of the superconducting PF CICCs

v The white-box (physics-based) model of superconducting CICC ...

T *No flow

KHe-stran KH e-jacket

strand Jack
stran TJ acket

Qac-loss+ Qjoule

ﬁ *Uniform (current etc..)

Lumped heat capacities
*Heat transfer by contacts

« Dirty (not ordered) electric system (Dr. V. Vysostky)
« Complicated boundary conditions

Jacket

Multi-Strand

F Power Supply

“C(( Manifolds
(&
Heat Exchanger

Current Distribution

between strands
Courtesy of K. Seo, NIFS, Japan

Sure, real-world is complex!

v Traditionally, this model has been used in the stage of magnet design...

- Just for estimation, for instance, of stability margin
. It’s simplicity allows extensive parametric study < essential in the design phase ..




KSTAR hotspot code based on the zerodee (0-D) model

NOVMBWNKHO

0 2 4 & 8 10 12

012 3 45¢6 7

Conservative (overestimated) estimation

from KSTARTHData import readPFarch

time, data, unit, chs = readPFarch(5947, "PF1U")

plot(time, data[:,5:], "-0")
legend(chs[5:]
show()

7.5

70

6.5

TMS_PFCU1_MHL_TCURO1
TMS_PFCU1_MHL_TCURO2
TMS_PFCU1_MHL_TCURO3
TMS_PFCU1_MHL_TCURO4
TMS_PFCU1_MHL_TCUROS
TMS_PFCU1_MHL_TCURO6

Independent calculation for each cross-section of the conductors

- easy to be




- How to accelerate for real-time TH model (l)

v' Step 1 : Speed optimization of the main ODE routine

imglicit scheme
withiilnearization

RK4 with the time step
of stable condition

von Neumann stability condition should be satisfied for each row...

: Our system has an analogy of cylindrical lattice.
So, the Fourier component of the solution is ..

For (a,b,c)=(1,2,3) (2,3,1) (3,1,2)

(K, +K
= (')(1—cos%m)} +At“( +

K, +K’

<l = At <min(Ca(




How to accelerate for real-time TH model (ll)

v' Step 2 : Speed optimization for computation of material properties

Thread O \

Thread 1 spatial locality of
Caiiing functions-in Thread 2 i texture memory
the Cryosoft ™ {ibrary Thread 3 I

tex(x)

Accessing tables

in texture memory Pre-built feature
| for interpolation

Why texture memory

» Texture memory is optimized for 2D spatial locality (where it gets its name from).
e The addressing calculations can be calculated outside of the kernel in the hardware
» Data can be accessed by different variables in a single operation 8 bit and 16

bit data can be automatically converted to floating point numbers between 0
and 1.0



Plan to code in CUDA - data parallel model with SIMD cores

v' For each thread (1824 threads for all PF cross-sections) :

Reading current slope
until the next step

Reading current to

= field matrix (14 elements —p( Calculate q

per thread) in texture memory

and B

v

Reading C, (or C,),
other materials’ specific
heat from texture memory

v' pyQt + pyCUDA + f2py
+ cryosoft™ libray

t

Update
T vector

o Reading T w.r.t Band I
from texture memory

Runge-Kutta Steps

Processing
Main Routine Engine

(python) I (pyCUDA)

Material Tables & B Mat.
into Texture Memory
(Cryosoft™ + f2py)

—_—

Is T margin
OK?



So, what we have is ...

v 1.6 sec for 45 sec current
scenario.

KSTARmon@offices

ANSYS

ANSYS@itercluste

v' Existing code in Fortran
spends ~10 min for the
same computation - 300
times faster

PF upper modules| | PF lower modules | Report

=10
-10 -5 o S 10 15 20
t (sec.)

T | { v Written as python class -
easy to be integrated into
the interactive plat-form

- Instantaneous analysis is possible for designed scenarios to check operation safety.

- Within 13 ms to estimate 0.1 sec later >
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