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  The	
  objec)ve	
  of	
  this	
  study	
  is	
  to	
  annotate	
  temporal	
  metadata	
   into	
  the	
  par88oned	
  
graph	
  topology	
  of	
  a	
  scale-­‐free	
  graph.	
  Our	
  )me	
  dependent	
  graph	
  has	
  been	
  modeled	
  
using	
   mul)ple	
   metadata	
   per	
   edge,	
   where	
   each	
   edge	
   metadata	
   field	
   encodes	
  
temporal	
   informa)on.	
  We	
  performed	
  experiments	
  with	
   large	
  scale	
  CAIDA	
  datasets,	
  
anonymized	
   internet	
   traces,	
   on	
   a	
   Linux	
   HPC	
   cluster	
   (Catalyst)	
   by	
   deriving	
   flow	
  
between	
  two	
   IP’s	
  and	
  annota)ng	
  that	
  flow	
   informa)on	
  as	
  metadata	
   into	
  the	
  graph	
  
topology	
  using	
  the	
  asynchronous	
  visitor	
  computa)on	
  model	
  of	
  HavoqGT.	
  
	
   	
   With	
   the	
   dataset,	
   graph-­‐representa)on,	
   and	
   HavoqGT,	
   we	
   implemented	
   and	
  
evaluated	
   )me	
   dependent	
   Single	
   Source	
   Shortest	
   Path	
   (TD-­‐SSSP)	
   and	
   Temporal	
  
Betweenness	
  Centrality.	
  	
  

Abstract	
  

CAIDA	
  Datasets	
  :	
  Passive	
  traffic	
  traces	
  and	
  packet	
  header	
  traces	
  saved	
  per	
  direc)on	
  per	
  server.	
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Flow	
  Genera8on	
  :	
  Packets	
  grouped	
  into	
  flows	
  by	
  including	
  packets	
  within	
  the	
  )meout	
  period	
  in	
  
each	
  group	
  per	
  IP	
  address	
  star)ng	
  first	
  packet	
  :	
  

Edge	
  Annota8on	
  
Ø  Create	
  par>>oned-­‐graph	
  topology	
  as	
  in	
  Reference	
  [1].	
  

Figure	
  1	
  :	
  Example	
  of	
  a	
  graph	
  topology	
  a)	
  	
  before	
  and	
  b)	
  aKer	
  edge	
  par>>oning	
  with	
  vertex	
  delegates	
  and	
  edge	
  
balancing.	
  

Par88oned-­‐Graph	
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Let	
   E(ts,	
   te)	
   be	
   set	
   of	
   edges	
   with	
   temporal	
   metadata	
   between	
   )me	
   interval	
   [ts	
   :	
   start	
   8me,	
   te:	
   end	
   8me).	
   An	
   example	
   of	
   a	
   Time	
  
Dependent	
  Graph	
  between	
  interval	
  ts	
  and	
  te	
  depicted	
  as	
  GK	
  (V,	
  E(ts,	
  te))	
  is	
  below:	
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Fig:	
  1.a.	
  Example	
  Graph	
  Topology	
   Fig:	
  1.b.	
  Par??oned	
  Graph	
  Topology	
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Flow	
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  Edge	
  Metadata	
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Referred	
  as:	
  Edge	
  :	
  Metadata(t,	
  params)	
  

Metadata	
  Par))on	
  1:	
  
1	
  à	
  2	
  :	
  m1(t1,	
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  m2(t2,	
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  Par))on	
  2:	
  
2	
  à	
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Ø  Par88oning	
   Technique:	
   Delegate	
   based	
   par))oning	
   techniques	
   with	
   asynchronous	
   visitor	
  
model	
  load	
  balances:	
  

ü  Computa>on	
  :	
  Edge	
  distribu>on	
  yields	
  be\er	
  workload	
  division	
  
ü  Communica>on	
  :	
  Delegates	
  communica>on	
  in	
  O(par>>ons)	
  
ü  Storage:	
  Graph	
  par>>ons	
  are	
  distributed	
  across	
  compute	
  nodes.	
  

§  Controller	
  :	
  A	
  representa)ve	
  of	
  distributed	
  hub	
  ver)ces	
  (per	
  hub	
  vertex)	
  [	
  e.g.	
  V0C	
  ].	
  
§  Delegates	
  :	
  All	
  other	
  distributed	
  hub	
  ver)ces	
  (per	
  hub	
  vertex)	
  [	
  e.g.	
  V0D	
  ].	
  

Ø  Read	
  metadata	
  files	
  (par))oned	
  logically)	
  at	
  each	
  par))on.	
  
Ø  Annotate	
  local	
  edges	
  with	
  locally	
  available	
  metadata,	
  if	
  any.	
  
Ø  Asynchronously	
  transfer	
  metadata	
  of	
  non-­‐local	
  edges	
  to	
  corresponding	
  par))on.	
  
Ø  With	
   hub	
   ver)ces,	
   communicate	
   with	
   delegates	
   to	
   annotate	
   the	
   corresponding	
   edge	
   if	
   at	
  

other	
  par))on.	
  

Figure	
  2	
  :Changes	
  from	
  metadata	
  m5	
  to	
  m6	
  and	
  m3	
  to	
  m4	
  is	
  seen	
  in	
  the	
  edges	
  of	
  the	
  graph	
  G1	
  to	
  G2.	
  Edges	
  are	
  deleted	
  and	
  added	
  from	
  
G2	
  to	
  G3.	
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Resul?ng	
  Dataset	
  (	
  Graph	
  )	
  	
  
1-­‐Hour	
  Data	
  

Total	
  Flows	
  (Edges)	
  :	
  1.35	
  Billion	
  
Total	
  IP’s	
  (Ver>ces)	
  :	
  7.9	
  Million	
  

Size	
  (in	
  GBs)	
  :	
  	
  190	
  

Figure	
   3:	
   Number	
   of	
   connected	
   ver>ces	
   from	
   a	
   single	
   source	
   with	
   change	
   in	
   start	
   >me	
   of	
  
traversal.	
   Time-­‐Independent	
   traversal	
   traversed	
   133	
   connected	
   ver>ces	
   while	
   the	
   >me	
  
dependent	
  traversal	
  creates	
  significant	
  varia>on	
  that	
  is	
  also	
  affected	
  by	
  the	
  wai>ng	
  >me	
  spent	
  
on	
  each	
  vertex.	
  

Graph	
  Analy8cs	
  and	
  Ini8al	
  Results	
  

Metadata	
  

Graph	
  Analy8cs	
  on	
  Time	
  Dependent	
  Graphs	
  :	
  	
  
Ø  Time	
  independent	
  graph	
  analysis	
  models	
  a	
  sta)c	
  graph	
  

with	
  respect	
  to	
  a	
  single	
  view	
  of	
  the	
  topology.	
  
Ø  Traversal	
  based	
  )me	
  dependent	
  graph	
  analysis	
  has	
  two	
  

important	
   )me	
   parameters	
   that	
   greatly	
   affects	
   the	
  
analy)cs	
  (as	
  illustrated	
  in	
  Figure	
  3	
  ).	
  

q  Start	
  Time	
  :	
  Time	
  traversal	
  begins	
  
q Wai?ng	
  Time	
  :	
  Time	
  traversal	
  can	
  wait	
  at	
  

each	
  vertex	
  on	
  a	
  path	
  
Ø  2	
   Time	
   Dependent	
   Implementa)ons	
   :	
   Single	
   Source	
  

Shortest	
  Path	
  and	
  Betweenness	
  Centrality.	
  
Figure	
   4:	
   Plot	
   of	
   variance	
   of	
   the	
   computa>on	
   >me	
   of	
   BC	
   at	
  
differing	
  start	
  >mes	
  across	
  various	
  wai>ng	
  >me.	
  

Figure	
  5	
  :	
  Plot	
  of	
  variance	
  of	
  computa>on	
  >me	
  across	
  various	
  
start	
  >me	
  with	
  respect	
  to	
  the	
  number	
  of	
  compute	
  nodes.	
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Vertex	
  based	
  par))oning	
  (	
  A,	
  B	
  and/or	
  
C)	
  produces	
  workload	
  imbalance!	
  

Edge	
  based	
  par))oning	
  	
  with	
  delegates	
  
of	
  Hub	
  vertex	
  balances	
  workload.	
  

Resul8ng	
  8me	
  annotated	
  par88oned	
  graph:	
  	
  	
  

Ø  Par))oned	
   metadata	
   resides	
   locally	
   in	
  
conjunc)on	
  with	
  par))oned	
  topology.	
  

Ø  Asynchronous	
  Visitor	
  Model	
   (in	
  Reference	
   [1])	
  
is	
   complemented	
   with	
   temporal	
   informa)on	
  
locally	
   to	
   devise	
   )me	
   dependent	
   graph	
  
analy)cs.	
  

Ø  Figure	
  3	
  shows	
  that	
  in	
  this	
  dataset	
  
more	
  wai)ng	
  )me	
  at	
  earlier	
  start	
  )me	
  
allows	
  more	
  neighboring	
  edges	
  to	
  be	
  
traversed	
  and	
  hence	
  has	
  more	
  
connected	
  ver)ces.	
  

Ø  Following	
  from	
  connected	
  ver)ces	
  at	
  
Figure	
  3,	
  computa)on	
  of	
  )me-­‐
dependent	
  betweenness	
  centrality	
  (BC)	
  
showed	
  huge	
  varia)on	
  with	
  respect	
  to	
  
differing	
  start	
  )mes	
  across	
  various	
  
wai)ng	
  )me	
  as	
  seen	
  in	
  Figure	
  4.	
  

Ø  From	
  Figure	
  3	
  and	
  4	
  it	
  can	
  be	
  seen	
  that	
  
more	
  computa)on	
  is	
  required	
  for	
  
higher	
  wai)ng	
  )me	
  at	
  earlier	
  start	
  
)mes.	
  

Ini8al	
  Scalability	
  Test:	
  
Ø  Cluster	
  :	
  150	
  TeraFLOP/s	
  Catalyst,	
  Linux	
  HPC	
  Cluster.	
  Each	
  compute	
  node:	
  

Ø  24	
  12-­‐core	
  Intel	
  Xeon	
  E5-­‐2695v2	
  processors	
  	
  
Ø  800	
  GBs	
  of	
  NVRAM,	
  128G	
  main-­‐memory	
  

Ø  Test	
  Applica)on:	
  Time	
  Dependent	
  Betweenness	
  Centrality	
  for	
  higher	
  wai)ng	
  
)me	
  (higher	
  wai>ng	
  >me	
  has	
  more	
  workload	
  as	
  shown	
  in	
  Figure	
  4).	
  

Ø  Results	
  show	
  good	
  strong	
  scalabilty	
  for	
  TD	
  graph	
  analy)cs	
  (in	
  Figure	
  5	
  ).	
  

Time	
  Dependent	
  Graphs	
  


