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Semi-­‐Supervised	
  Learning	

・Exploi5ng	
  the	
  marginal	
  distribu5on	
  of	
  unlabeled	
  data.	


・BeKer	
  models	
  than	
  with	
  labeled	
  data	
  alone.	


・This	
  also	
  oEen	
  leads	
  to	
  degrada5on	
  in	
  performance.	


Some5mes	


due	
  to	
  invalid	
  assump5ons	


[Example]	

Assump5on:	
  Decision	
  boundaries	
  run	
  through	
  sparse	
  regions	


Poorly	
  performance	
  on	
  data	
  generated	
  	
  
by	
  two	
  heavily	
  overlapping	
  Gaussians.	




Wrapper	
  Methods	


Self-­‐training	


Confidence-­‐based	
  Self-­‐training	


Co-­‐training	


Tri-­‐training	


SoE	
  Self-­‐training	


EM	


Co-­‐EM	




Self-­‐training	

1:	


2:	
  c	
  ←	
  train(L)	

3:	
  while	
  stopping	
  criterion	
  is	
  not	
  met	
  do	

4:	
  	
  	
  	
  	
  L	
  ←	
  L	
  +	
  select(label(U,c))	

5:	
  	
  	
  	
  	
  c	
  ←	
  train(L)	

6:	
  end	
  while	

7:	
  return	
  c	


L = yi, xi{ }i=1
N

U = xi{ }i=1
M



Self-­‐training	

1:	


2:	
  c	
  ←	
  train(L)	

L = yi, xi{ }i=1

N
U = xi{ }i=1

M

c	
  :	
  classifier	
  	
 L	
  :	
  a	
  set	
  of	
  labeled	
  data	
  points	
  	

U	
  :	
  a	
  large	
  volume	
  of	
  unlabeled	
  data	
  	




Self-­‐training	

3:	
  while	
  stopping	
  criterion	
  is	
  not	
  met	
  do	


Stopping	
  criterion	
  :	
  	
  	

Held-­‐out	
  data,	
  or	
  cross-­‐valida5on,	
  is	
  typically	
  	
  
used	
  to	
  es5mate	
  a	
  reasonable	
  number	
  K	
  of	
  fixed	
  rounds.	


To	
  make	
  self-­‐training	
  more	
  robust	

Thro.ling	
  :	
  we	
  only	
  select	
  K	
  data	
  points	
  in	
  each	
  pass	
  
	
  over	
  the	
  unlabeled	
  data	

Balancing	
  :	
  using	
  a	
  select	
  func5on	
  that	
  selects	
  only	
  the	
  K	
  
	
  most	
  confidently	
  labeled	
  data	
  points	
  in	
  each	
  class	


Pooling	
  :	
  always	
  using	
  a	
  (randomly	
  sampled)	
  subset	
  
	
  of	
  the	
  unlabeled	
  data	




Self-­‐training	

4:	
  	
  	
  	
  	
  L	
  ←	
  L	
  +	
  select(label(U,c))	

Select	
  func5on	
  :	
  	


select	
  only	
  a	
  subset	
  of	
  the	
  newly	
  labeled	
  data	

Common	
  strategy	


Import	
  only	
  data	
  points	
  that	
  are	
  labeled,	
  	
  
say	
  with	
  confidence	
  of	
  more	
  than	
  90%.	


Delible	
  self-­‐training:	
  	

delete	
  previously	
  imported	
  data	
  in	
  each	
  round	
  of	
  self-­‐training	




Co-­‐training	

1:	


2:	
  c	
  ←	
  train(L)	

3:	
  while	
  stopping	
  criterion	
  is	
  not	
  met	
  do	


6:	
  	
  	
  	
  	
  L	
  ←	
  L	
  +	
  select(label(U,c1))	
  +	
  select(label(U,c2))	


4:	
  	
  	
  	
  	
  c1	
  ←	
  train(view1(L))	


7:	
  end	
  while	


9:	
  return	
  c	


L = yi, xi{ }i=1
N

U = xi{ }i=1
M

5:	
  	
  	
  	
  	
  c2	
  ←	
  train(view2(L))	


8:	
  c	
  ←	
  train(L)	




Tri-­‐training	

1:	


3:	
  	
  	
  	
  	
  	
  ci	
  ←	
  traini(L)	


5:	
  while	
  stopping	
  criterion	
  is	
  not	
  met	
  do	


16:	
  return	
  c1	


L = yi, xi{ }i=1
N

U = xi{ }i=1
M

2:	
  for	
  i	
  ∈	
  {1..3}	
  do	


4:	
  end	
  for	


6:	
  	
  	
  	
  	
  	
  for	
  i	
  ∈	
  {1..3}	
  do	

7:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Li	
  ←	
  	
!
8:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  for	
  x	
  ∈	
  U	
  do	

9:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  if	
  cj(x)	
  =	
  ck(x)(j,k	
  ≠	
  i)	
  then	

10:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Li	
  ←	
  Li	
  ∪	
  {〈cj(x),x〉}	

11:	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  end	
  if	

12:	
  	
  	
  	
  	
  	
  	
  	
  	
  end	
  for	

13:	
  	
  	
  	
  	
  	
  	
  	
  	
  ci	
  ←	
  traini(L∪Li)	

14:	
  	
  	
  	
  end	
  for	

15:	
  end	
  while	




SoE	
  Self-­‐training	

・Assign	
  weights	
  to	
  the	
  newly	
  labeled	
  data	
  
	
  reflec5ng	
  our	
  confidence	
  in	
  the	
  labeling.	


・Add	
  two	
  copies	
  of	
  each	
  newly	
  labeled	
  data	
  point	
  x.	

(1)posi5ve	
  class	
  (2)nega5ve	
  class	


P̂ 1| x( ) P̂ 0 | x( )
Es5mated	
  probability	


Weighted	
  by	




EM	

・Run	
  over	
  all	
  unlabeled	
  data	
  in	
  each	
  round	


(instead	
  of	
  pooling	
  batches	
  of	
  unlabeled	
  data)	

・Delible	
  soE	
  self-­‐training	



