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Abstract	
  
Where	
  do	
  you	
  get	
  data	
  for	
  building	
  and	
  tes5ng	
  a	
  system	
  

for	
   real-­‐5me	
   tracking	
   and	
   analysis	
   of	
   a:endee	
  movements	
  
at	
  a	
  live	
  event	
  like	
  a	
  conference?	
  Simulate	
  it!	
  

We	
   present	
   a	
   physical	
   model	
   for	
   simula5ng	
   a:endees’	
  
movements	
   using	
   the	
   Langevin	
   stochas5c	
   differen5al	
  
equa5on	
   (SDE)	
   with	
   booths	
  modeled	
   as	
   a:rac5ve	
   sources	
  
and	
   the	
   conference	
   space	
   modeled	
   using	
   spherical,	
  
harmonic	
   boundary	
   condi5ons.	
   	
   The	
   strengths	
   of	
   the	
  
interac5ons	
   between	
   booths	
   and	
   a:endees	
   are	
  
parameterized	
   from	
   a	
   randomly-­‐generated	
   latent	
   factor	
  
model.	
  

We	
   analyze	
   the	
   proper5es	
   of	
   the	
   model,	
   showing	
   the	
  
effects	
   of	
   the	
   parameters	
   on	
   the	
   models’	
   dynamics.	
   	
   The	
  
resul5ng	
   5me-­‐series	
   data	
   is	
   analyzed	
   to	
   show	
   how	
   the	
  
model	
   captures	
   the	
   a:endees’	
   preferences	
   through	
   the	
  
distribu5ons	
   of	
   the	
   a:endees’	
   “residence	
   5mes”	
   at	
   the	
  
booths.	
   	
   Lastly,	
  we	
  discuss	
  how	
   the	
  model	
   can	
  be	
  used	
   to	
  
build	
   simula5ons	
   to	
   support	
   development	
   and	
   tes5ng	
   of	
  
analy5cs	
  so[ware.	
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Customer	
  Dynamics	
  and	
  Booth	
  Preferences	
  
Drawing	
  from	
  computa5onal	
  chemistry,	
  we	
  model	
  N	
  customers	
  

as	
  par5cles	
  under	
  the	
  infuence	
  of	
  M	
  booths	
  (a:rac5ve	
  sources)	
  in	
  
a	
  2D	
  space.	
  As	
  a	
  simple	
  ini5al	
  approxima5on,	
  spherical	
  boundary	
  
condi5ons	
   (SBC),	
  enforced	
  by	
  a	
  harmonic	
  constraint,	
  are	
  used	
  to	
  
model	
   the	
   conference	
   space.	
   The	
   dynamics	
   of	
   the	
   par5cles	
   are	
  
modeled	
  by	
  the	
  Langevin	
  stochas5c	
  differen5al	
  equa5on	
  [1]	
  

where	
   with	
   the	
   poten5al	
   incorpora5ng	
   terms	
   for	
   the	
   booths	
  
(a:rac5ve	
   sources	
   modeled	
   with	
   scaled	
   Gaussians)	
   and	
   the	
  
harmonic	
  spherical	
  boundary	
  condi5ons:	
  

The	
   interac5on	
   strengths	
   Zi,j	
   between	
   customer	
   i	
   and	
   booth	
   j	
  
are	
  parameterized	
  by	
  a	
  latent	
  factor	
  model	
  Z	
  =	
  LF.	
  	
  By	
  genera5ng	
  Z	
  
in	
   a	
   reduced	
   space,	
   we	
   can	
   ensure	
   that	
   the	
   customers’	
  
preferences	
  have	
  a	
  common	
  structural	
  pa:erns.	
  	
  

The	
  MxK	
   latent	
  factors	
  L	
  and	
  KxN	
  customer	
  weights	
  F	
  matrices	
  
are	
   randomly	
   generated.	
   The	
   elements	
   of	
   L	
   and	
   F	
   are	
   randomy	
  
sampled	
  from	
  a	
  mixture	
  of	
  Gaussians	
  with	
  means	
  of	
  {-­‐0.75,	
  -­‐0.25,	
  
0.0,	
   0.25,	
   0.75},	
   standard	
   devia5ons	
   of	
   0.2,	
   and	
   equal	
   weights.	
  	
  
The	
   columns	
   of	
   L	
   are	
   orthogonalized	
   (but	
   not	
   normalized)	
   using	
  
the	
  modified	
   Gram-­‐Schmidt	
   process	
  while	
   the	
   columns	
   of	
   F	
   are	
  
normalized.	
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N	
   Number	
  of	
  customers	
  

M	
   Number	
  of	
  booths	
  

K	
   Number	
  of	
  latent	
  variables	
  

ϒ	
   Damping	
  Coefficient	
  (1/ps)	
  

m	
   mass	
  (AMUs)	
  

T	
   temperature	
  (K)	
  

Zi,j	
  
Customer-­‐Booth	
  interac5on	
  strength	
  (kcal/
mol)	
  

σj	
   Booth	
  poten5al	
  standard	
  devia5on	
  

ri,j	
   Customer-­‐Booth	
  distance	
  (nm)	
  

ri,c	
   Customer-­‐Sphere	
  center	
  distance	
  (nm)	
  

r0	
   Sphere	
  radius	
  (nm)	
  

k	
  
Strength	
  of	
  harmonic	
  boundary	
  condi5on	
  
(kcal/mol)	
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ImplementaCon	
  
BigTop	
   Bazaar	
   is	
   implemented	
   in	
   Java	
   and	
   available	
   from	
  

GitHub	
   at	
   https://github.com/rnowling/bigtop-­‐bazaar	
   under	
  
the	
  Apache	
  Public	
  License	
  v2.	
  
BigTop	
  Bazaar	
   is	
   structured	
  as	
  a	
   library	
  with	
  a	
   small	
   set	
  of	
  

classes	
  defining	
   its	
  API.	
   	
  High-­‐level	
   classes	
  correspond	
   to	
   the	
  
phases	
   of	
   the	
   model:	
   genera5ng	
   booths,	
   latent	
   variables,	
  
customer	
  weights,	
  and	
  simula5ng	
  par5cles.	
   	
  Since	
  par5cles	
  do	
  
not	
  interact,	
  simula5ons	
  can	
  be	
  run	
  in	
  parallel,	
  limi5ng	
  scaling	
  
only	
  by	
  the	
  number	
  of	
  par5cles	
  and	
  availability	
  of	
  hardware.	
  
The	
   code	
   base	
   is	
   currently	
   in	
   an	
   early	
   stage	
   of	
   developing	
  

and	
  undergoing	
  rapid	
  changes.	
  	
  Once	
  stabilized,	
  BigTop	
  Bazaar	
  
will	
  be	
  submi:ed	
  to	
  the	
  Apache	
  BigTop	
  project	
  for	
  inclusion	
  in	
  
examples	
  and	
  tests	
  of	
  packaged	
  Big	
  Data	
  frameworks.	
  

Benchmark	
  &	
  Load	
  TesCng	
  Use	
  Cases	
  
With	
   advances	
   in	
   mobile	
   technology	
   and	
   internet	
  

connec5vity,	
  the	
  uses	
  cases	
  for	
  embedding	
  sensors	
  and	
  real-­‐
5me	
   data	
   collec5on	
   have	
   increased	
   drama5cally	
   [3].	
  
Examples	
  of	
  from	
  the	
  new	
  Internet	
  of	
  Things	
  (IoT)	
  paradigm	
  
include	
   health-­‐oriented	
   ac5vity	
   trackers,	
   crowd-­‐sourced	
  
traffic	
   monitoring,	
   and	
   crop	
   and	
   soiling	
   monitoring	
   in	
  
precision	
   agriculture.	
   With	
   the	
   rise	
   of	
   the	
   IoT,	
   the	
  
conversa5on	
  around	
  Big	
  Data	
  has	
  shi[ed	
  from	
  “volume”	
  to	
  
“velocity.”	
  
Synthe5c	
   data	
   generators	
   employing	
   domain-­‐specific	
  

models	
   have	
   been	
   used	
   successfully	
   for	
   stress	
   tes5ng	
   big	
  
data	
  systems	
  [4,5].	
  We	
  plan	
  to	
  use	
  BigTop	
  Bazaar	
  in	
  a	
  similar	
  
manner	
   to	
   generate	
   steaming	
   sensor	
   data	
   to	
   support	
   the	
  
development	
  and	
  tes5ng	
  of	
  analy5cs	
  applica5ons	
  based	
  on	
  
frameworks	
   such	
   as	
   Apache	
   Spark,	
   Apache	
   Storm,	
   and	
  
Apache	
   Samza	
   under	
   realis5c	
   condi5ons.	
   Metrics	
   such	
   as	
  
events	
  per	
  second	
  and	
  processing	
  5me	
  per	
  event	
  can	
  aid	
  in	
  
capacity	
   planning	
   and	
   op5mizing	
   applica5ons	
   for	
   resource	
  
usage.	
   	
   By	
   using	
   a	
  model	
  with	
   complex	
   dynamics,	
  we	
   can	
  
evaluate	
   machine	
   learning	
   models	
   and	
   balance	
   accuracy	
  
with	
  computa5onal	
  performance.	
  

Model	
  ProperCes	
  
We	
   simulated	
   100	
   customers	
   (2	
   AMU	
  masses,	
   damping	
   of	
  

2/ps,	
   and	
  at	
  a	
   temperature	
  of	
  10°	
  K)	
  with	
  4	
  booths	
   (uniform	
  
interac5on	
   strengths,	
   radii	
   of	
   1	
   nm,	
   equally-­‐spaced	
   and	
  
separated	
   by	
   2	
   nm)	
   for	
   10,000	
   ps.	
   The	
   booth	
   interac5on	
  
strengths	
  were	
  varied	
  from	
  1	
  kcal/mol	
  to	
  2	
  kcal/mol	
  between	
  
runs.	
  
The	
   residence	
  5mes	
   [2],	
   or	
   elapsed	
  5me	
  between	
  when	
   a	
  

customer	
   enters	
   and	
   leaves	
   the	
   radius	
   of	
   a	
   booth,	
   were	
  
recorded	
  and	
  plo:ed	
  below.	
   Ini5al	
  analysis	
   shows	
   that	
   larger	
  
interac5ons	
   strengths	
   result	
   in	
   fewer	
   barrier	
   crossings	
   but	
  
similar	
  residence	
  5me	
  distribu5ons.	
  

Future	
  work	
  will	
  focus	
  on	
  further	
  valida5on	
  and	
  analysis	
  of	
  
the	
   model.	
   Observed	
   escape	
   and	
   residence	
   5mes	
   will	
   be	
  
compared	
   to	
   those	
  predicted	
  by	
   the	
   literature	
   [1].	
   Predic5ng	
  
the	
  rela5onship	
  between	
  the	
  escape	
  and	
  residence	
  5mes	
  and	
  
the	
   interac5on	
  strengths,	
  masses,	
  damping,	
  and	
   temperature	
  
will	
   provide	
   guidance	
   on	
   tuning	
   parameters	
   to	
   product	
   the	
  
desired	
   residence	
   5mes.	
   Future	
   work	
   will	
   also	
   consider	
   the	
  
effects	
  of	
  the	
  latent	
  variable	
  model.	
  


