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Introduc*on	
  

•  Problem:	
  distribu*ng	
  communica*ng	
  tasks,	
  modeled	
  as	
  a	
  
graph,	
  among	
  processing	
  units.	
  
•  Balanced	
  load	
  distribu*on	
  
•  Good	
  communica*on	
  paTern	
  

•  Objec*ve	
  func*ons	
  from	
  the	
  literature:	
  
•  Total	
  communica*on	
  volume	
  
•  Maximum	
  communica*on	
  volume	
  
•  Maximum	
  send	
  volume	
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Problem:	
  Input	
  and	
  objec*ve	
  

•  Input:	
  task	
  graph	
  G=(V,E)	
  	
  
•  V:	
  vertex	
  set	
  represen*ng	
  a	
  set	
  of	
  tasks	
  
•  E:	
  edge	
  set	
  represen*ng	
  task	
  communica*ons	
  

•  Objec*ve:	
  Find	
  a	
  par**on	
  	
  
	
  	
  	
  	
  	
  	
  of	
  the	
  tasks	
  s.t.	
  	
  

	
  	
  

	
  is	
  minimized	
  
•  c(v):	
  volume	
  of	
  each	
  transfer	
  sent	
  by	
  v.	
  
•  f(v):	
  number	
  of	
  parts	
  that	
  requires	
  the	
  data	
  sent	
  by	
  v.	
  

( ))()(max vfvc
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Problem:	
  communica*on	
  costs	
  

•  The	
  objec*ve	
  func*on	
  is	
  equivalent	
  
to	
  minimizing	
  maximum	
  send	
  
volume	
  (maxSV).	
  

•  maxSRV	
  ←	
  max	
  send+receive	
  volume	
  

•  totV	
  ←	
  total	
  communica*on	
  volume	
  

v3 

v4 

v5 

v2 v1 P1 

P2 

P3 

Part	
   Send	
  Vol.	
   Rec.	
  Vol.	
   Send+rec.	
  

P1	
   3	
  +	
  2	
   2	
  +	
  1	
   8	
  

P2	
   2	
  +	
  1	
  +	
  1	
   3	
  +	
  2	
  +	
  4	
   13	
  

P3	
   4	
   1	
   5	
  

Total	
   13	
   13	
   26	
  

4)(
2)(
3)(
1)(
2)(

5

4

3

2

1

=
=
=
=
=

vc
vc
vc
vc
vc

4	
  DIMACS	
  	
  	
  	
  Feb	
  13th,	
  2012	
  C,	
  Deveci,	
  Kaya,	
  Ucar	
  "UMPa"	
  



Dep. of  Biomedical Informatics 
HPC Lab    bmi.osu.edu/hpc 5 

Hypergraph	
  Model	
  

•  Hypergraph	
  H	
  =	
  (V,	
  N)	
  
•  A	
  net	
  is	
  a	
  subset	
  of	
  ver*ces.	
  
•  Each	
  net	
  n	
  has	
  cost	
  cH(n)	
  

•  We	
  model	
  the	
  task	
  graph	
  G(V,E)	
  as	
  a	
  hypergraph	
  
•  For	
  each	
  task	
  s	
  in	
  G,	
  let	
  vs	
  be	
  the	
  corresponding	
  vertex	
  in	
  H.	
  	
  
•  For	
  each	
  task	
  s	
  in	
  G,	
  the	
  net	
  set	
  N	
  contains	
  a	
  net	
  ns.	
  

•  	
  	
  

•  	
  	
  

}{)}),((:{ sds vEdsvn ∈=

)()( scnc sH =
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Hypergraph	
  Model	
  

•  λn:	
  Connec*vity	
  of	
  a	
  net	
  n,	
  i.e.,	
  the	
  number	
  of	
  parts	
  net	
  n	
  
is	
  connected.	
  

	
  	
  
	
  
	
  Minimizing	
  the	
  formula,	
  equivalent	
  to	
  minimizing	
  the	
  
total	
  communica*on	
  volume	
  [Ç	
  &	
  Aykanat’99].	
  

∑
∈

−×=
Nn

nH nctotV )1()( λ
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Directed	
  Hypergraph	
  Model	
  

•  Directed	
  hypergraph:	
  
•  Flow:	
  from	
  the	
  source	
  pin	
  to	
  the	
  other	
  pins.	
  
•  Source	
  of	
  ns	
  =	
  vs	
  

•  Allows	
  to	
  minimize	
  maxSV	
  and	
  maxSRV	
  (in	
  
addi*on	
  to	
  totV).	
  

•  Objec*ve:	
  Par**on	
  the	
  ver*ces	
  into	
  K	
  
parts	
  s.t.	
  
•  The	
  load	
  is	
  distributed	
  equally.	
  

•  	
  	
  
•  maxSV	
  is	
  minimized.	
  

•  	
  	
  

•  	
  	
  

vd1 
vd2 

vs 

ns 

KkWW avgk ≤≤+< 1for   )1( ε

))((maxmax kk PSVSV =

SV (P) = cH (ns )× (λns −1)vs∈P
∑
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Hypergraph	
  Model:	
  Example	
  

v3 

v4 v5 

v2 v1 

2  ,3
54312
===== nnnnn λλλλλ

P1 

P2 

P3 

n1 
n4 n2 n5 

v3 

v4 

v5 

v2 v1 P1 

P2 

P3 

n3 
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Mul*-­‐level	
  Approach	
  
•  Three	
  phases:	
  

•  Coarsening:	
  obtain	
  smaller	
  and	
  similar	
  hypergraphs	
  to	
  the	
  original,	
  un*l	
  either	
  a	
  
minimum	
  vertex	
  count	
  is	
  reached	
  or	
  reduc*on	
  on	
  vertex	
  number	
  is	
  lower	
  than	
  a	
  
threshold.	
  

•  Ini*al	
  Par**oning:	
  find	
  solu*on	
  for	
  the	
  smallest	
  hypergraph	
  
•  Uncoarsening:	
  Project	
  the	
  ini*al	
  solu*on	
  to	
  the	
  coarser	
  graphs	
  and	
  refine	
  it	
  

itera*vely	
  un*l	
  a	
  solu*on	
  for	
  the	
  original	
  hypergraph	
  obtained.	
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Mul*-­‐level	
  Approach	
  

•  Most	
  of	
  the	
  available	
  tools	
  adapt	
  mul*-­‐level	
  approach	
  
with	
  recursive	
  bisec*on	
  method.	
  
•  A	
  par**on	
  is	
  obtained	
  by	
  recursive	
  par**oning	
  into	
  2	
  parts.	
  
•  Works	
  fine	
  for	
  total	
  communica*on.	
  
•  May	
  not	
  be	
  suitable	
  for	
  minimizing	
  maximum	
  send	
  (and/or	
  
send+receive)	
  volume.	
  

•  Only	
  the	
  informa*on	
  about	
  2	
  parts	
  is	
  available	
  at	
  each	
  step.	
  
•  Send	
  and	
  receive	
  volumes	
  of	
  other	
  parts	
  are	
  unknown.	
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UMPa	
  

•  K-­‐way	
  mul*-­‐level	
  par**oner.	
  
•  Uses	
  directed	
  hypergraph	
  model.	
  

•  Communica*on	
  of	
  the	
  net	
  flows	
  from	
  source	
  to	
  target	
  ver*ces.	
  

•  Minimizes	
  maxSV,	
  while	
  breaking	
  *es	
  by	
  favoring	
  
reducing	
  maxSRV,	
  then	
  the	
  total	
  volume.	
  

•  Currently,	
  only	
  coarsening	
  phase	
  of	
  UMPa	
  is	
  shared	
  
memory	
  parallel.	
  

•  Ul*mate	
  goal:	
  To	
  parallelize	
  UMPa	
  (MPI+OpenMP).	
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UMPa:	
  Coarsening	
  

•  Neighbor	
  ver*ces	
  (u	
  and	
  v)	
  
are	
  clustered	
  by	
  using	
  
agglomera*ve	
  matching	
  in	
  
coarsening	
  phase.	
  	
  
•  Similarity	
  of	
  u	
  and	
  v	
  

	
  
	
   ∑

∩∈ −)()( )1)((
)(

vnetsunetsn

H

npins
nc
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UMPa:	
  Ini*al	
  Par**oning	
  

•  For	
  the	
  ini*al	
  par**oning,	
  we	
  used	
  PaToH	
  to	
  obtain	
  k	
  
ini*al	
  parts.	
  
•  Although	
  PaToH	
  is	
  used	
  to	
  minimize	
  total	
  communica*on	
  
volume	
  but	
  not	
  maximum	
  send	
  volume:	
  

• We	
  do	
  not	
  want	
  a	
  dras*c	
  increase	
  in	
  any	
  of	
  the	
  
communica*on	
  metrics.	
  So,	
  minimizing	
  total	
  volume	
  is	
  a	
  
good	
  idea	
  both	
  in	
  theory	
  and	
  prac*ce.	
  

•  Using	
  recursive	
  bisec*on	
  and	
  FM-­‐based	
  improvement	
  are	
  
favorable	
  due	
  to	
  the	
  small	
  net	
  sizes	
  and	
  high	
  vertex	
  degrees.	
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UMPa:	
  Uncoarsening	
  
•  Solu*ons	
  for	
  the	
  coarser	
  hypergraphs	
  are	
  itera*vely	
  projected	
  to	
  finer	
  ones	
  and	
  

refined.	
  
•  Refinement	
  method:	
  

•  Traverses	
  the	
  boundary	
  ver*ces	
  in	
  random	
  order.	
  
•  Random,	
  since	
  FM/KL	
  based	
  heuris*cs	
  are	
  expensive	
  especially	
  in	
  K-­‐way.	
  

•  Computes	
  move	
  gains	
  for	
  each	
  visited	
  vertex	
  and	
  select	
  the	
  best	
  move.	
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Move	
  Selec*on	
  

•  Always	
  move	
  a	
  visited	
  vertex	
  to	
  the	
  part	
  with	
  the	
  
maximum	
  reduc*on	
  on	
  maxSV.	
  
•  Tie-­‐breaking	
  is	
  applied	
  for	
  equal	
  reduc*ons.	
  
•  When	
  there	
  is	
  an	
  equality,	
  the	
  vertex	
  move	
  is	
  favored	
  toward	
  
the	
  part	
  that	
  minimizes	
  maxSRV,	
  then	
  totV.	
  

15	
  DIMACS	
  	
  	
  	
  Feb	
  13th,	
  2012	
  C,	
  Deveci,	
  Kaya,	
  Ucar	
  "UMPa"	
  



Dep. of  Biomedical Informatics 
HPC Lab    bmi.osu.edu/hpc 16 

Tie-­‐breaking	
  

•  Ini*ally,	
  maxSV=6,	
  maxSRV=9,	
  totV=	
  12.	
  (v3,	
  v4,	
  v6,	
  v7)	
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Experimental	
  Results	
  

•  Experiments	
  
•  123	
  graphs	
  
•  10	
  graph	
  classes	
  
•  For	
  K	
  =	
  4,	
  16,	
  64,	
  256	
  
•  Each	
  instance	
  is	
  par**oned	
  10	
  *mes.	
  

•  Compared	
  with	
  PaToH	
  minimizing	
  total	
  volume.	
  
•  The	
  power	
  of	
  *e-­‐breaking	
  is	
  also	
  studied.	
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Average	
  Performance	
  

•  The	
  geometric	
  mean	
  of	
  the	
  rela*ve	
  results	
  wrt	
  PaToH	
  
used	
  to	
  minimize	
  totV.	
  

•  Tie-­‐breaking	
  is	
  very	
  useful.	
  
•  As	
  K	
  increases	
  the	
  reduc*on	
  rate	
  decreases,	
  since	
  the	
  
total	
  communica*on	
  is	
  distributed	
  to	
  more	
  parts.	
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Experiment	
  Results:	
  K=16	
  

•  Best	
  and	
  worst	
  
improvements	
  for	
  
each	
  graph	
  class	
  
normalized	
  w.r.t.	
  
PaToH.	
  

•  78%	
  (75%,	
  67%)	
  
improvement	
  on	
  
maxSV	
  for	
  ut2010.	
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Experiment	
  Results:	
  K=256	
  

•  50%	
  improvement	
  
on	
  maxSV	
  and	
  
maxSRV	
  for	
  
memplus	
  although	
  
total	
  volume	
  
increases	
  by	
  26%.	
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Execu*on	
  Time	
  

•  K-­‐way	
  par**oners	
  are	
  costly	
  due	
  to	
  the	
  complexity	
  of	
  the	
  
refinement	
  heuris*c	
  for	
  maxSV.	
  

•  UMPa	
  gets	
  slower	
  when	
  the	
  number	
  of	
  parts	
  is	
  large	
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Conclusion	
  &	
  Future	
  Work	
  

	
  
•  Proposed	
  a	
  directed	
  hypergraph	
  model	
  to	
  minimize	
  
maxSV,	
  maxSRV	
  and	
  totV.	
  

•  We	
  developed	
  a	
  mul*-­‐level,	
  K-­‐way	
  par**oner,	
  UMPa.	
  
•  Employed	
  a	
  *e-­‐breaking	
  scheme	
  to	
  handle	
  mul*ple	
  
communica*on	
  metrics.	
  

•  Currently,	
  UMPa	
  is	
  parallel	
  (shared	
  memory	
  )	
  at	
  
coarsening	
  phase.	
  

•  Parallelizing	
  &	
  speeding	
  up	
  UMPa	
  and	
  the	
  proposed	
  
refinement	
  approach.	
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Thanks 	
  	
  

•  For	
  more	
  informa*on	
  visit	
  
•  hTp://bmi.osu.edu/hpc	
  
	
  

•  Research	
  at	
  the	
  HPC	
  Lab	
  is	
  funded	
  by	
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