
!
"#$%&'()%!$*)+,-')$.!!
$/!01'.#2 !%$31!45!6(1!
$/!71.1)%!'87$9,#&+(!:
!"#$%&'() %
*+,-.-%/0-123-%

!#45%%



$;('.'<(&'369'=%19.<%&:

INTRODUCTION STOCHASTIC OPTIMISATION  MVA RESULTS FUTURE PLANS CLUSTERING GEANTV 

GeantV - next generation of simulation software 

•! 67-.89 %:,%-%;7<8=3:>71%?3=8=8@?7%A3-B7C=3+%A=3%807%,:B2D-E=.%=A%807%
?-,,-F7%=A%?-3E<D7,%803=2F0%B-G73%

•! H,71%A=3%7,,7.E-D%A=3%<=B?-3:,=.,%=A%807=3@%-F-:.,8%1-8-%:.%":F0%#.73F@%
$0@,:<,%I"#$J%

•! /2??=38%1:K737.8%L-<+7.1,I9<MN%HO#/POQMMJ%-.1%?=3871%8=%B2DE?D7%
B=173.%-3<0:87<8237,%I6$HNOP!NR5SJ%

M%0G?,TUUF:802LV<=BU9<Q7;7DU9<% MM%0G?,TUUF:802LV<=BU71-.=3U2B7,:B1VF:8%

&%
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Introduction: ideas and goals of research 
3 

$73A=3B-.<7%
=?EB:>-E=.%

WB=2.8%1-8-%A3=BU
8=%B7B=3@X%

W<<7,,:.FU-B=2.8%
=A%37B=87%B7B=3@%

S=-1%:BL-D-.<7%

Y-1%<<5HOW%
?D-<7B7.8%

52BL73%=A%
;7<8=3:>71%Z$%=?%

S-87.<@%L=2.1%
-<<7,,%

$:?7D:.F%:,,27,%

WB=2.8%=A%1-8-%
L78C77.%S(US&%<-<07%

P.7[<:7.8%1-8-%%
-<<7,,%

Z-D,7%,0-3:.F%=A%
<-<07%D:.7,X%

WSHUO7B=3@%
/-823-E=.%

%

%

%

%

%

%

How to optimize performance of HPC level? 
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Performance tuning of GeantV 
4 

Level	of	parallelism	in	GeantV	

O2DE\.=17%?3=F3-BB:.F%

O2DE\,=<+78%?3=F3-BB:.F%

O2DE\<=37%?3=F3-B:.F%

"-31C-37%8037-1:.FT%
8-,+%?-3-DD7D:,BN%1-8-%?-3-DD7D:,B%
%

P.,832<E=.%?-3-DD7D:,B%

]YY%N%,:.FD7\%
.=17%?-3-DD7D:,B%

O$P^_%%

97<8=3:>-E=.%

5HOW\<D2,873%
`=L%,2LB:,,:=.%

O2DE?3=<7,,:.F%
-??3=-<0%%
C:80%<=BB=.%
7;7.8%a2727%

!"
"#

$%
&

$'
"$

%
()

"#
$&

)$
*+

+
$+

",
"+

-$

Performance tuning depends of the configuration on all levels! 
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GeantV as a multi-objective optimization problem (MOOP) 

5 

Scheduler 

Geometry 
navigator 

Geometry 
algorithms 

Physics 

Basket of 
tracks 

Basket of 
tracks 

x-sections 

Reactions 

Dispatching 
MIMD 
SIMD 

The initial ideas sounded 
easy 

24 

X
!"

F(X
!"
, p
!"
)

F•! W%LD-<+%L=b%,7-3<0%8-,+%:,%8=%B:.:B:>7%A2.<E=.%%%
A=3%C0:<0%807%analy%cal	form	:,%.=8%+.=C.V%
YD-<+\L=b%<-.%L7%7;-D2-871%8=%=L8-:.T%

•! Valuec%
•! Approximate	gradient	I02F7%.2BL73%=A%

7;-D2-E=.,JT%
%

%

f (!x) : Rn ! R

d f(x)

d x

: �kf ⇡ f(xk + ✏k)� f(xk)

✏k
�xk

p
!"

External parameters, like type of  
computing ÒnodeÓ 

minimize

x

f

memory

(x)

minimize

x

f

runtime

(x)

minimize

x

f

instructions

(x)

maximize

x

f

nprimariespertime(x)

minimize

x

f

cache

(x)

minimize

x

f

etc

(x)

subject to f

memory

(x)  4000, i = 1, . . . ,m.

GeantV  MOOP 

dV%
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Definitions of decision and objective space for GeantV 
6 

Number of events 

Number of buffered events 

Maximum vector size 

Number of steps for  
learning phase 

É  

Run Time 

Number of instructions 

Number of primaries per RT 
 (for simple examples) 

Idle cycles frontend 

Number of branches Threshold for prioritizing 
 events 

Number of cycles 

L1dcache misses 

L1icache misses 

Memory 

Load balancing parameters 

 HPC parameters 
 Energy efficiency 

Threshold for event balancing  
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Genetic algorithms (GA) 
7 

Fixed	point	of	GA	as	dynamic	system	

!=.;73F7.<7%

/7D7<E=.%

O28-E=.%

!3=,,=;73% 6W%83-.,:E=.%
B-83:b%L78C77.%

?=?2D-E=.%

?

•! 6W%:,%-??D:<-LD7%8=%*).$'+*/01'&2$
34&'+"56$

•! No	unique	recipe	=A%%8@?7%=A%6W%A=3%
?-3E<2D-3%A2.<E=.c%

•! 5=%.771,%A=3%83-:.:.F%=3%:.?28%
,8-E,E<,c%

•! 7&53(%*8&)*++.$9*4#:$'(%$/&(+#$'"$
;)/4"*-"#$/&),"4<")/"$4*%"$(-;)<$
*##;8&)*+$&3"4*%&4-$
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Unsupervised Machine Learning: Principle Component Analysis and alternative approaches 

8 

•! Linear	Principle	Components	Analysis	(LPCA)	
-	 <-?82371% L@% 807%least	 important	 principal	
components% :,% .=:,7% C0:<0% ,0=2D1% L7%
,2??37,,71V%W,,2B:.F%80-8%807%;-3:-LD7,%L7-3%
-%linear	 rela@onshipN% 807@% C:DD% D:7% :.% -%
0@?73?D-.7% -.1% .=:,7% :87B,% C:DD% D:e% 807B%
-C-@% A3=B% 807% D:.7V% Q3=??:.F% 807% D-,8%
?3:.<:?-D% <=B?=.7.8,% B7-.,% f-G7.:.F% 807%
1-8-% :.% -% F7=B783:<% ,7.,7% -.1% 7D:B:.-E.F%
,=B7%=A%807%.=:,7V	

•! Linear	 Principle	 Components	 Analysis		
(KPCA)	 -	 83-.,A=3B% 7b:,E.F% 1-8-,78% 8=%
-.=8073% 0:F0\1:B7.,:=.-D% ,?-<7% -.1% 807.%
?73A=3B%$!W%=.%807%1-8-%:.%80-8%,?-<7V%

Can we increase convergence by cleaning data noise? 
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Noise cleanup GA operator (based on idea of uncentered PCA) 
9 

5/6W% 5/6W\$!W%

Work	will	be	presented	on	IEEE	Symposium	on	Computa%onal	Intelligence	2016			

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

GP (~p) = P̂ � Ĉ � Û � F (~p)

V (u)
! ,j = X (u)

! ,i Wi,j , W t
i,i! Wi! ,j = ! i,j ,

÷X (u)
! ,i =

!
M

! "
" (u)

1

#1
2 øV (u)

! ,1 W t
1,i + ... +

"
" (u)

p

#1
2 øV (u)

! ,p W t
p,i

$
.

#p =
1

Mn

M%

! =1

n%

i=1

(X (u)
! ,i " ÷X (u)

! ,i )2 =
1
n

n%

k= p+1

" (u)
k

P:

(Check	backup)	



$;('.'<(&'369'=%19.<%&:

INTRODUCTION STOCHASTIC OPTIMISATION  MVA RESULTS FUTURE PLANS CLUSTERING GEANTV 

Tuning GeantV as a part of optimization for embarrassingly parallel simulations 
10 

!371:8T%WV607-8-%

•! S-3F7%%,78%%=A%?-3-B7873,%-.1%B2DE?D7%D-@73,%=A%?-3-DD7D:,B%<37-87,%-%<=B?D7b%,@,87B%8=%L7%82.71c%

•! %P.83=12<E=.%=A%",")%$-"4,"4$C:DD%?3=;:17%%,8-LD7%L-D-.<:.F%A=3%7;7.8%?3=<7,,:.F%%:.%1:,83:L2871%,@,87Bc%
•! Event	server	–	<=.<2337.8%,73;73%=A%1:,83:L2E=.%=A%7;7.8,c%

•! Event	feeder	g%#;7.8%F7.73-8=3V%

•! Configura@on	management	<-.%?3=;:17%a	tuning	policy	for	HPC	layer	=A%67-.89 V%

Event feeder 

 
Node1 

Transport Transport 
Numa0 Numa1 

Event feeder 

 
Node2 

Transport Transport 
Numa0 Numa1 

Event server 

 
Nodemod[N] 

Transport Transport 
Numa0 Numa1 

Merging service 

Event feeder 

 
Node1 

Transport Transport 

Numa0 Numa1 

Event feeder 

 
Node2 

Transport Transport 

Numa0 Numa1 

Event server 

 
Nodemod[N] 

Transport Transport 

Numa0 Numa1 

Merging service 

Event feeder 

 
Node1 

Transport Transport 

Numa0 Numa1 

Event feeder 

 
Node2 

Transport Transport 

Numa0 Numa1 

Event server 

 
Nodemod[N] 

Transport Transport 

Numa0 Numa1 

Merging service 

Config  Config  

Config  Config  Config  Config  

Config  

Config  Config  
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Multi-layers graphs and GeantV HPC layers representation 
11 

Event feeder  

 
Node1 

Transport Transport 
Numa0 Numa1 

Event feeder 

 
Node2 

Transport Transport 
Numa0 Numa1 

Event server 

 
Nodemod[N] 

Transport Transport 
Numa0 Numa1 

Merging service 

%-3_:;T(h'iV'j(hk%l <,V/Pm%

]@?7,%=A%?0@,:<-D%.=17,%

$3=<7,,=3,N%<=37,%

5HOW%.=17,%I5HOW%<D2,873:.FJ%

%	events	between	feedersX%

dV%

Config  Config  

Config  

!-.%C7%<37-87%807%,-B7%
%37?37,7.8-E=.%A=3%%"$!%D-@73X%
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Spectral clustering on multi-layer graphs  
12 

7+(-%"4;)<$=;%9$>(+81?*."4$@4*39-A$B$C3"/%4*+$D"4-3"/8,",	Xiaowen	Dong,	Pascal	Frossard,	Senior	Member,	IEEE,	Pierre	Vandergheynst,	and	Nikolai	Nefedov	
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Use cases for GeantV tuning 
13 

 
Node1 

 
Node1 

 
Node1 

 
Node2 

 
Node2 

(Manually	divided	or	based	on	locality	detec%on	library	hwloc)	

GA	

GA2	GA1	

 
Node1 

 
Node1 

 
Node2 

 
Node2 

GA1	 GA1	

ISpectral	clustering	based	on	mul%-layer	graphs)	

1	general	Pareto	front	

2	separate	Pareto	
fronts	

2	separate	Pareto	fronts	
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Results on first generation of GA for Example N03 (full track simulation through simplified geometry) 

14 
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Fitness scatterplots  - Core i7 – 1 Generation 
15 
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Results for Generation 13 of GA for Example N03 (full track simulation though simplified geometry) 

16 
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Fitness scatterplots (Pareto front approximation) – Core i7 – 13 generations 
 

17 
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Benefits  
18 
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Future plans 
19 

•!n=3+%=.%:B?3=;7B7.8%%=A%<=.;73F7.<7%=A%-DF=3:80B,%
•!#b87.,:=.%,<07B-%A=3%,2??=38%=A%07873=F7.7=2,%-.1%

.=.\07873=F7.7=2,%7b-,<-D7%"$!%<=B?28-E=.,%IO$P
^_J%

•!P.83=12<E=.%=A%B2DE\D-@73%F3-?0%,?7<83-D%<D2,873:.F%:.%
"$!%D-@=28%=A%67-.89 %%

•!]7,E.F%:.%"$!%7.;:3=.B7.8%C:80%-%1:K737.8%8@?7,%=A%
.=17,T%6$HN%OP!N%R5S%-.1%78<V%
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BBOB 2015 results of comparison different types of genetic algorithms 
21 

V%
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GeantV optimisation task 
22 

�K�‰�Ÿ�u�]�Ì���Ÿ�}�v �‰�Œ�}���o���u�W�Á�� �Á���v�š �š�} �.�v�� ���Æ�š�Œ���u�µ�u�• �}�( �.�š�v���•�• �(�µ�v���Ÿ�}�v�• �Á�Z�]���Z �����r
�.�v�� �š�Z�� �‰���Œ�(�}�Œ�u���v���� �}�( �'�����v�š�s�W

yl = f l (xi ; pk ) l = 1 , ..., L, �~�í�•

�Á�Z���Œ��
xi (i = 1 , ..., n) �]�• �� �À�����š�}�Œ �}�( �P���v���• ���]�u���v�•�]�}�vn�U

pk (k = 1 , ..., m) �]�• �‰���Œ���u���š���Œ �À�����š�}�Œ�U �Á�Z���Œ�� �‰���Œ���u���š���Œ�• �����•���Œ�]���� ���Æ�š���Œ�v���o �(�����š�}�Œ�•�U
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�š�Ç�‰�� �~���o�o �u�r�š�Ç�‰���• �(�}�Œ �v�}�v�r�Z�}�u�}�P���v���}�µ�• ���o�µ�•�š���Œ�X �/�v �š�Z�]�• �����•���W

pk = 1 �U �]�( �š�Z�� �l�r�š�Z �‰�Œ�}�����•�•�}�Œ �]�• �]�v���o�µ������ �]�v ���o�µ�•�š���Œ �o�}�����U
pk = 0 �U �]�( �š�Z�� �l�r�š�Z �‰�Œ�}�����•�•�}�Œ �]�• ���Æ���o�µ������ �(�Œ�}�u ���o�µ�•�š���Œ �o�}����

�>���š �µ�• �����.�v�� �µ�v�����v�š���Œ���� �����š�� �u���š�Œ�]�Æ �}�( �š�Z�� �•�]�Ì��M ! n

öX (u) = { X (u)
! ,i } = { x(! )

i } , �~�î�•

�Á�Z���Œ��x( ! )
i (! = 1 , ..., M ) �]�•! �r�š�Z �•���u�‰�o�� �}�( �š�Z�� �‰�}�‰�µ�o���Ÿ�}�v�X

�d�Z���v �.�š�v���•�• �(�µ�v���Ÿ�}�v�• �u���š�Œ�]�Æ �]�• �����.�v�� ���• �u���š�Œ�]�ÆM ! L

F! ,l (pk ) = { f l (X (u)
! ,i ; pk )} , �~�ï�•
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Uncentered PCA as operator for constrained data in GA 

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

GP (~p) = P̂ � Ĉ � Û � F (~p)

23 

The important objects for uncentered PCA are the matrix Wi,j = ( wi)j of the
eigenvectors { �wj} and the matrix ! (u)

i,j = �(u)
i �i,j eigenvalues { �(u)

i } of the matrix of
non-central second moments,

öT =
1

M
öX (u) t á öX (u) = { Ti,j} =

1
M

{ X (u) t
i,� X (u)

�,j }

and
öT á�wj = �(u)

j �wj , �w t
i á�wj = �i,j , 1 � i, j � n,

Let define the matrix V (u)
�,j = { (v (u)

� )j} of the uncentered principal components
{�v (u)

j } where
V (u)

�,j = X (u)
�,i Wi,j , W t

i,i! Wi! ,j = �i,j ,

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

Var(�v (u)
j ) = �(u)

j � (�µ)2 cos2(�µ, �wj)

Using the representaƟon

V (u)
! ,j =

!
M øV (u)

! ,i �(u) 1/2
i,j ,

where

�(u) 1/2
i,j =

�
�(u)

i

� 1
2

�i,j , øV (u) t
i,! ,

øV (u)
! ,j = �i,j .

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

X (u)
! ,i =

!
M øV (u)

! ,k �(u) 1/2
k,j W t

j,i.

If�(u)
k " 1 for k = p+1 , p+2 , ..., n we can apply the �_���]�P���v�À���o�µ�� ���}�v�š�Œ�}�o �‰���Œ���u���š���Œ�_

approximaƟon to get for the output data matrix ÷X (u)
! ,j of rang p

÷X (u)
! ,i =

!
M

��
�(u)

1

� 1
2 øV (u)

! ,1 W t
1,i + ... +

�
�(u)

p

� 1
2 øV (u)

! ,p W t
p,i

�
.

The mean square error �p for this approximaƟon:

�p =
1

Mn

M�

! =1

n�

i=1

(X (u)
! ,i # ÷X (u)

! ,i )2 =
1
n

n�

k=p+1

�(u)
k

�í�•�X �d�Z�� �����•�� �}�( �š�Z�� �.�Æ���� �À���o�µ�� �}�( ���}�u�‰�}�v���v�š�• �}�( �š�Z�� �‰���Œ���u���š���Œ �À�����š�}�Œ!p�W

�d�} �]�u�‰�Œ�}�À�� �š�Z�� ���}�v�À���Œ�P���v���� �Œ���š�� �}�( �'�� �Á�� ������ �� �v���Á �}�‰���Œ���š�}�ŒöP �š�} �� �•�š���v�����Œ�� �•���š
�}�( �'�� �}�‰���Œ���š�}�Œ�[�• �~�•���o�����Ÿ�}�v�U �u�µ�š���Ÿ�}�v�U ���Œ�}�•�•�]�v�P�•�U �‰���Œ�(�}�Œ�u�]�v�P �µ�v�����v�š���Œ���� �W���� �}�v �š�Z��
�'�� �‰�}�‰�µ�o���Ÿ�}�v�•�X
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�/�/�•�X �d�Z�� �����•�� �}�( �š�Z�� �.�Æ���� �À���o�µ�� �}�( ���}�u�‰�}�v���v�š�• �}�( �š�Z�� �����š�� �u���š�Œ�]�ÆX (u)
! ,i �W

�d���•�l �]�• �����.�v�� ���• �š�Z�� �}�‰�Ÿ�u�]�•���Ÿ�}�v �}�( �‰���Œ���u���š���Œ�•!p�(�}�Œ ���}�v�.�P�µ�Œ���Ÿ�}�v �}�( �v�}�v�r�Z���š���Œ�}�P���v���}�µ�•
���o�µ�•�š���Œ�• �Á�]�š�Z �.�Æ����" �r�š�Z �•���u�‰�o�� �]�v �����š�� �u���š�Œ�]�Æ �~�v�����Œ �W���Œ���š�} �(�Œ�}�v�š�• �(�}�Œ �.�š�v���•�• �š���v�•�}�Œ �}�(
�•�]�Ì��L � 2m

F l
p1 ,p2 ,...,p m

= { f l (x( ! )
i ; pk )} , �~�í�•

�'�µ���•�•�W �š�Z�]�• �š���•�l ���}�µ�o�� ���� �}�‰�Ÿ�u�]�•���� �µ�•�]�v�P �� �‰�Œ�}�������µ�Œ�� �}�( ���o�µ�•�š���Œ�]�v�P �}�( �À���o�µ���• �}�(
�.�š�v���•�• �(�µ�v���Ÿ�}�v�• �Á�Z�]���Z ���}�µ�o�� �P�Œ�}�µ�‰ �]�v ���o�µ�•�š���Œ�• �}�( �•�]�u�]�o���Œ ���}�v�.�P�µ�Œ���Ÿ�}�v�U �W���Œ���š�} �(�Œ�}�v�š�•
�Á�Z�]���Z ���}�Œ�Œ���•�‰�}�v�� �š�} ���]�+���Œ���v�š �À���o�µ���• �}�( �š�Z�� �‰���Œ���u���š���Œ �À�����š�}�Œ!p�X

�&�}�Œ �•�š���v�����Œ�� �•�‰�����š�Œ���o ���o�µ�•�š���Œ�]�v�P �]�• �µ�•���� �•�‰�����š�Œ���o �š�Z���}�Œ���u �}�( �>���‰�o������ �}�‰���Œ���š�}�Œ �}�v
�P�Œ���‰�Z�•�X �/�v �}�µ�Œ �����•�� �Á�� �Á�]�o�o �µ�•���>���‰�o������ �}�‰���Œ���š�}�Œ �}�v �u�µ�o�Ÿ�r�o���Ç���Œ �P�Œ���‰�Z�•�U �Á�Z���Œ�� �������Z
�o���Ç���Œ �]�• �v�µ�u���Œ���š���� ���Ç �À���o�µ���• �}�( �š�Z�� �‰���Œ���u���š���Œ �À�����š�}�Œ!p�U �(�}�Œ ���Æ���u�‰�o��(p1 = 0 , p2 =
1, ..., pm = 1)


