
•  Distributed	
  compu/ng	
  environment	
  with	
  p	
  nodes	
  
•  Data	
  is	
  distributed	
  as	
  D1…Dp	
  

•  Global	
  problem	
  is	
  regularized	
  loss	
  minimiza/on:	
  

	
  	
  	
  	
  	
  	
  	
  	
  
	
  	
  	
  	
  	
  	
  where	
  l	
  is	
  a	
  convex	
  loss	
  func/on	
  and	
  
	
  
	
  
	
  
	
  
	
  
•  Examples:	
  

•  Classifica/on:	
  yj	
  	
  is	
  discrete	
  
•  Regression:	
  	
  yj	
  	
  is	
  real-­‐valued	
  

•  No	
  shared	
  memory:	
  communica/on	
  is	
  required	
  

Mo/va/on	
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•  Not	
  all	
  features	
  are	
  equally	
  important	
  
•  Most	
  real,	
  big	
  datasets	
  are	
  skewed	
  

•  Feature	
  occurrence	
  frequencies	
  follow	
  approx	
  power	
  
laws	
  

•  Features	
  are	
  strongly	
  correlated	
  
•  Examples:	
  NLP	
  (bag	
  of	
  words):	
  synonyms	
  
•  Examples:	
  Vision:	
  Nearby	
  pixels	
  

•  Intui/on:	
  Giving	
  equal	
  importance	
  is	
  wasteful	
  
•  Figure:	
  Feature	
  occurrence	
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•  Solve	
  using	
  ADMM	
  
•  Dual	
  variables:	
  
•  Augmented	
  Lagrangian	
  Parameter:	
  ρ	
  
•  Itera/ons:	
  

•  Communica/on	
  required:	
  O(d’)	
  per	
  itera/on	
  

•  Can	
  reduce	
  communica4on	
  cost	
  up	
  to	
  90%	
  and	
  s4ll	
  do	
  well!	
  
•  Performance	
  guarantees	
  
•  Works	
  on	
  real	
  datasets	
  
	
  
	
  

Introduc/on	
   Algorithm	
  

fi(w) =
X

j2Di

l(yj ,w
T
xj)

| {z }
loss over local examples

+ �R(w)| {z }
regularizer

Prior	
  Work	
  
•  Recast	
  as	
  constrained	
  op/miza/on	
  problem:	
  

•  Solve	
  using	
  Alterna/ve	
  Direc/on	
  Method	
  of	
  Mul/pliers	
  
(ADMM)	
  
•  Convex	
  objec/ve	
  and	
  linear	
  constraints	
  
•  Using	
  Lagrange	
  Duality	
  

•  Convergence	
  guarantees	
  are	
  known	
  
•  Easily	
  parallelized	
  [1,2]	
  
•  Each	
  itera/on	
  requires	
  O(d)	
  communica/on	
  

•  Not	
  prac/cal	
  for	
  large	
  scale	
  data	
  

min
w1,...,wp

pX

i=1

fi(wi)

s.t. w1 = w2 = ... = wp

Approach	
  
•  Project	
  features	
  onto	
  a	
  lower	
  d’-­‐dimensional	
  subspace	
  for	
  

communica+on	
  
•  In	
  other	
  words,	
  relax	
  constraints	
  
•  For	
  instance:	
  

•  Subsample	
  features	
  randomly	
  
•  Averages	
  of	
  some	
  groups	
  of	
  features	
  
•  Features	
  with	
  highest	
  variance	
  

•  Formally,	
  define	
  the	
  projec/on	
  via	
  	
  
	
  
	
  

	
  

•  The	
  new	
  problem	
  is	
  now: 

min
w1,...,wp

pX

i=1

fi(wi)

s.t. Sw1 = Sw2 = ... = Swp

� 2 Rd0

c(t+1) = �(t)
i � �(t)
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2
)

w(t+1)
i = argminw{fi(w) + ⇢kSwk22 +wTST c(t+1)}
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Theore/cal	
  Result	
  
•  Ridge	
  Regression	
  
•  Assume:	
  
•  Nota/on:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

•  Relaxed	
  op/mum:	
  	
  
•  Original	
  op/mum:	
  

•  Theorem:	
  	
  

•  Proof	
  by	
  Linear	
  Algebra	
  
•  Always	
  true	
  
•  Can	
  get	
  a	
  be_er	
  high	
  probability	
  result	
  
•  Addi/onally,	
  assume	
  gradient	
  of	
  f	
  exists	
  and	
  is	
  Lipschitz	
  
•  Theorem:	
  

|yi|  �, kxk1  R

kwS �w⇤k 
p
d� d0

p
p(p� 1)(c1 +

p
dkw⇤kc2)

f(wS)� f(w⇤)  c3(d� d0)(p� 1)2

Experiments	
  

wS

w⇤

•  Predic/ng	
  financial	
  vola/lity	
  from	
  financial	
  reports	
  [4](Regression)	
  
•  E2006-­‐cidf	
  
•  27k	
  documents	
  with	
  10k	
  words	
  in	
  each	
  document	
  

•  Text	
  categoriza/on,	
  Reuters	
  Corpus	
  Volume	
  1	
  [3](Classifica/on)	
  
•  800k	
  newswire	
  stories 	
  	
  

•  Inner	
  op/miza/on	
  used	
  is	
  gradient	
  descent	
  
•  Loss	
  func/on	
  

•  Squared	
  loss	
  for	
  regression	
  
•  Logis/c	
  Regression	
  for	
  classifica/on	
  

•  Best	
  values	
  of	
  parameters	
  chosen	
  by	
  cross-­‐valida/on	
  
•  Stopping	
  condi/on:	
  Primal	
  and	
  Dual	
  Residuals	
  are	
  small	
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kw�w⇤k
kw⇤k vs communication

f(w)�f(w⇤)
f(w⇤) vs. communication

S 2 Rd0⇥d

min
w

f(w) ⌘ min
w

pX

i=1

fi(w)


