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GeantV - next generation of simulation software

INTRODUCTION
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Introduction: ideas and goals of research

INTRODUGTION
52BL73%=A¢ Y-1%<5HOWb
:7<8=3:>PhZ3$% ?D-<7B7.8%

WSHUOTB=3 @7, Fu-B=2.8¢ WB=2.8%1-8-%A3
[-823-E=.% =A%37B=87%B7B =06B7B=3@X

S-87.<@%L=2. $73A=3B-.<7%
-<<7,% =?EB:>-E=.%

]
Z-D,7%,0-3:.F% P.7[<:7.8%1-8-
<-<07%D:.7,X -<<7,,%

$:?7D:.%:,,27,% S=-1%:BL-D-.<

How to optimize performance of HPC level?
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Performance tuning of GeantV

INTRODUCTION

Level of parallelism in GeantV
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Performance tuning depends of the configuration on all levels!



GeantV as a multi-objective optimization problem (MOOP)

STOCHASTIC OPTIMISATION

ol W%LD-<+%L=b%,7-3<O%8-,+%:,%8=%B:.:B:>7%A2.<E=.%%%
A=3%CO0:<0mafyoal form :,%.=8%+.=C.V%
YD-<+\L=b%<-.%L7%7;-D2-871%8fUFLEBRT%: R
| Valuec%
| Approximate gradient I02F7%.2BL73%=A%
7;-D2-E=.,JT%§IJ) AL A~ [z +ex) — f(xk)Axk

% k
%
Geantv MOOP
B External parameters, like type of
minimize fmemory($) - computing OnodeO
z minimize  feache(Z)
minimize  fruntime () o
.‘ x - minimize  fotc ()
minimize finstructions (:C) .m .
T subject to  fmemory(z) <4000, i =1,...,m.
8 max;mlze fnprimariespertime(x) - d\pA)
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Definitions of decision and objective space for GeantV

STOCHASTIC OPTIMISATION

Number of buffered events ' & Number of instructions
Threshold for prioritizing . Number of branches
Run Time
events
% Zn Memory
Maximum vector size g * 1 cision sy 2 the objective space Llicache misses

L1dcache misses
Number of steps for

learning phase Idle cycles frontend

Number of events 4 7 Number of cycles

Number of primaries per RT
- (for simple examples)
Energy efficiency HPC parameters

Load balancing parameters Threshold for event balancing
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Genetic algorithms (GA)

STOCHASTIC OPTIMISATION

Population of Individuals

h
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Unsupervised Machine Learning: Principle Component Analysis and alternative approaches

MVA
8

! Linear Principle Components Analysis (LPCA)
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Can we increase convergence by cleaning data noise?
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Noise cleanup GA operator (based on idea of uncentered PCA)

MVA

I=.;73F7.<7%F7.7E<
=?73-8=3%

5/6W%

Std Dev x 0.2741
Std Devy 0.3874
Std Dev z 0.3643

(Check backup)

5/6W\$!'W%

Y1/Y2/Y3

Meany  0.5345
Meanz  0.5349
Std Dev x 0.2795
Std Devy 0.2743
Std Dev z 0.2879

0 01 02 03 0.4 05 06 07 08 09 1

Work will be presented on IEEE Symposium on Computational Intelligence 2016
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Tuning GeantV as a part of optimization for embarrassingly parallel simulations

GEANTV
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! Event feeder g%#,7.8%F7.73-8=3V%

! Configuration management <-.%73=;:13%uning policy for HPC layer =A8%-.89 V%
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Multi-layers graphs and GeantV HPC layers representation

GEANTV

% events between feedersX%

Event feeder Event feeder
i s SN A
iNumag i iINuma iNuma, i iNuma i
i Transport Transport i Transport i Transport

" 1

iINuma, i iINuma

i i

:\ Transport : Transport

Nodemod[N]

Node, Node:

Merging service

I- %C7%<37-87%807%.-B7% - - |@?7,%=A%?0@,:<-D%.=17,%
%637237,7.8-E=.%A=3%%"$!%D-@73X%
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Activity in the Higgs dataset

9B T(NiV'j(hk%l <, V/Pro
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Spectral clustering on multi-layer graphs

CLUSTERING
Data Affinity matrix ~ Computing the leading  Clustering in the Projecting back to
k eigenvectors of A new space cluster the original data
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Use cases for GeantV tuning

GEANTV

Pareto front

Feasible
point

Objective 2

1 general Pareto front

Infeasible
point

Node, Node, »
Pareto point

Obiective 1
GA1

\ 4 4

Pareto front Pareto front

:% [ é Fessible
- o 8 8 2 separate Pareto
Infeasible Infeasible ron ts
Node, Node, Node, - point e R e f
(Manually divided or based on locality detection library hwloc)
GA1 GA1
‘ ‘ Pareto front

Pareto front

» 5% gointbl % gg;stih'e
N(:)de1 NOde1 N0d62 NOdez » Infeasible ..
- Pareto point - Pareto point
Objective 1 Objective 1
|Spectral clustering based on multi-layer graphs)

2 separate Pareto fronts
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Results on first generation of GA for Example NO3 (full track simulation through simplified geometry)

RESULTS

"

e —— N
———

NThreads NEvents NButteredEvents {PriortyThread tMaxPerBasket fLeamingSteps
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Fitness scatterplots - Core i7 — 1 Generation
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Results for Generation 13 of GA for Example NO3 (full track simulation though simplified geometry)

RESULTS

NThreads NEvents NButferedEvents 1PriorityThread fMaxPerBasket

mingSteps
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Fitness scatterplots (Pareto front approximation) — Core i7 — 13 generations
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Benefits

RESULTS
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Future plans
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BBOB 2015 results of comparison different types of genetic algorithms
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GeantV optimisation task

\AYZAN
K%Yu]l Y}V % @} A uWs} .v ASE upue}(.SVv ¢ (pV
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SC% ~ oo ursSC%o * (}E&v}ivrZ}u}P v }ue opes EX /v S.
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Pk =0U]J(SZ IrSZ % E} e<}E ] A o (E}u opes d

> 3pue .v pv vd E S uSEERSZ ]I
RO = {x{7} = {x"}, -
Az &) (1 =1,.,M)]4r5Z ¢ U%o0 }(35Z % }% po Y}vX
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Uncentered PCA as operator for constrained data in GA

MVA

feX dzZ « }(3Z

d}Ju% E}A 3Z }VA EP v
(' Y% E 3}E[+ ~+ 0
" %o } %o U O V}V'X

& s }(°

The important objects for uncentered PCA are the matrix W; ;

eigenvectors {W;} and the matrix ! () =

2y
non-central second moments,

= (Wz)] of the
A, ; eigenvalues { A} of the matrix of

'ﬁ: M)@ u)tap(u) - {Tz]} - {X(U)t (’U«)}

and
Paw; = Xw;, wlaw =06, 1<ij<n,
Let define the matrix VCSZ.) = {(vé“))j} of the uncentered principal components
{\7j(u)} where
V (u) = X (U«)le, Wifi!wi! J= 61',]'1

For the variance of j -th uncentered principal component we obtain

Var(\7j(u)) = Ag“) — ()? cos? (i1, W;)

E A op }( Ju%etv vSe }( SZpVo
A P3SN A5} %
YIvU ups Y}vU @E}ee]vPeU % C

=.;13F7.<7%F7.7E<
=?73-8=3%

Using the representation

!

M@ A 1/2
[ ) ’

where L
w)1/2 _ u)] 2
ADve= [,

we obtain the Singular Value Decomposition (SVD) of the uncentered data matrix

6.0 = 5.

|
X!(?z‘) = M ‘@!(jik) Al(cuy) l/zwjfi-

If)\,(cu) " 1fork = p+1,p+2,...,nwecanapplythe _ ]P VA op
approximation to get for the output data matrix X" ) of rang p

JVEE}o

X = (] e e ] ).

The mean square error 7, for this approximation:

Ny = Mn Z Z(X (u) # X—(“))Z - Z /\(u)

I =14¢=1 k=p+1
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Clustering as a part of optimized scheduling process

CLUSTERING

[1+XdZ « }(8Z £ A op }( Ju%klv vEx{8av § W sc

del]e v ¢3Z }%Yu]e Y}V}(Ph}E YvSPEEE Y}Iv}i(vivrZ
Oped (Ees A]SESZE U%o0 Jv 38 usSE]E~v EW E 38} (E}v
e]IL x 2

FFI>1,p2 ----- Pm — {fl(xi(!);pk)}’ ~fje

'L eeW 5§Z]¢ S ¢l }po 1% Yul]le pHe]VP % E} pE }(
SV ee (uv Y}ve AZ] Z }puo PE}IUu% ]Jv opesd Ee+}(Julo E
AZ] Z YEE *%}v 8} ]+ E v3A op *}(BX % E u 3§ EA

&tE ¢S v E *% SE o op*sS EJvP Je pue *% SE o0SZ
PE %Z*X /vIUE  >A%D]oo}e E S}E }v upoVUrAZCEE P @
0C EJevpu E 8 CAop *}(3Z P E@ ¥E@HOJPE
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