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Simple while Faithful 
Knowledge 

Sophisticated and 
comprehensive Knowledge 

Ø  How human/animal learns: First input easy samples and 
gradually involve more into training from easy to complex 



Y.	
  Bengio,	
  J.	
  Louradour,	
  R.	
  
Collobert,	
  and	
  J.	
  Weston.	
  
Curriculum	
  learning.	
  In	
  ICML,	
  
pages	
  41–48,	
  2009. 

Curriculum	
  Learning 



Curriculum	
  Learning 
Ø  Insight from cognitive science  
Ø  Machine learning algorithms can benefit from a similar 

training strategy 
Ø  Learning from easier aspects of the task, and gradually 

increase the difficulty level 

Ø  Expected two advantages: 
•  Help find a better local minima (as a regularizer) 
•  Speed the convergence of training towards the global 

minimum (for convex problem) 
Ø  Basic steps: 

•   Sort samples according to certain “easiness” measure 
•   Gradually add samples into training from easy to complex 



Self-­‐paced	
  Learning 

M.	
  P.	
  Kumar,	
  B.	
  Packer,	
  and	
  D.	
  
Koller.	
  Self-­‐paced	
  learning	
  for	
  
latent	
  variable	
  models.	
  In	
  
NIPS,	
  pages	
  1189–1197,	
  2010. 



Ø Algorithm: Alternative search 
p  Fix w: 

p  Fix v: A standard classification problem. 

min
𝐰,𝐯∈[0,1]n

, vi
n

i=1
L(f(𝐱i;𝐰), yi) + γg(𝐰) − λ‖𝐯‖1	
  

Self-­‐paced	
  Learning 

vi = $1, L(f(𝐱i;𝐰), yi) ≤ λ,
0,                          otherwise                      .

�	
  

Ø  Model: 
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SPL Regularizer 

arg   min
𝐯∈[0,1]n

/ vili
n

i=1
+ f(𝐯, λ) 

min
𝐰,𝐯∈[0,1]n

, vi
n

i=1
L(f(𝐱i;𝐰), yi) + γg(𝐰) − λ‖𝐯‖1	
  

Ø  Koller’s SPL model: 

Ø  v’s value is determined by a SPL regularizer: 



Ø  Axiom	
  for	
  self-­‐paced	
  regularizer: 

SPL Regularizer 

DEFINITION (Self-paced Regularizer): Suppose that v 
denotes a weight variable, l is the loss, and λ is the learning 
pace parameter, f(v, λ) is called a self-paced regularizer, if: 
l f(v, λ) is convex with respect to v ∈ [0,1]; 
l v∗(λ, l) is monotonically decreasing with respect to l, and 

it holds that logl⟶0 v∗(λ, l) = 1, logl⟶∞ v∗(λ, l) = 0; 
l v∗(λ, l) is monotonically increasing with respect to λ, and 

it holds that logλ⟶0 v∗(λ, l) = 0, logλ⟶∞ v∗(λ, l) = 1, 
   where v∗(λ, l) = arg   min

v∈[0,1]
vl + f(v, λ). 

(Lu Jiang, Deyu Meng et al. ACM MM, 2014; Qian Zhao, Deyu Meng, et al. AAAI, 2015) 

arg   min
𝐯∈[0,1]n

/ vili
n

i=1
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SPL Regularizer 

(Lu Jiang, Deyu Meng et al. ACM MM, 2014; Qian Zhao, Deyu Meng, et al. AAAI, 2015) 
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(Lu Jiang, Deyu Meng et al. ACM MM, 2014; Qian Zhao, Deyu Meng, et al. AAAI, 2015) 

When	
  the	
  model	
  is	
  
young,	
  	
  use	
  less	
  

samples;	
  when	
  the	
  
model	
  is	
  mature,	
  use	
  

more.	
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Ø Some	
  soQ	
  extensions	
  for	
  self-­‐paced	
  regularizer: 

SPL Regularizer 

(Lu Jiang, Deyu Meng et al. ACM MM, 2014; Qian Zhao, Deyu Meng, et al. AAAI, 2015) 

Linear	
  SoQ	
  WeighRng: 

Mixture	
  WeighRng: 

Logarithmic	
  SoQ	
  WeighRng: 

f(𝐯, λ) = λ(
1
2
‖𝐯‖2 −,vi

n

i=1

) vi∗(λ, l) = *−
l
λ
+ 1, l < 𝜆  

    0, l ≥ λ
� 

f(𝐯, λ) =((1 − λ)vi

n

i=1

−
(1 − λ)vi
log(1 − λ)

 vi∗(λ, l) = *
log(l + 1 − λ)
log(1 − λ)

, l < 𝜆  

    0, l ≥ λ
� 

f(𝐯, λ, γ) =)
γ2

vi + γ/λ

n

i=1

 
vi∗(λ, γ, l) =

⎩
⎪
⎨

⎪
⎧ 1, l < (

λγ
λ + γ

)2

  0, l ≥ λ2

γ(1/√l   − 1/λ), otherwise

� 



Ø Some	
  soQ	
  extensions	
  for	
  self-­‐paced	
  regularizer 

SPL Regularizer 

(Lu Jiang, Deyu Meng et al. ACM MM, 2014; Qian Zhao, Deyu Meng, et al. AAAI, 2015) 



SPL 
Model: 

SPL Algorithm: 



More	
  extensions 
•  SPaR: Lu Jiang, Deyu Meng, Qian Zhao et al. ACM MM, 2014.  

–  Soft extension on MED Ex0 problem 
•  SPMF: Qian Zhao, Deyu Meng, Lu Jiang et al. AAAI, 2015.  

–  Mixture extension on matrix factorization 
•  SPLD: Lu Jiang, Deyu Meng, Shoou-I Yu et al. NIPS, 2014. 

–  Diversity extension on action recognition 
•  SPCL: Lu Jiang, Deyu Meng, Teruko Mitamura et al. AAAI. 2015. 

–  Curriculum extension on MED and matrix factorization 
•  SP-MIL: Dingwen Zhang, Deyu Meng, Junwei Han. ICCV. 2015. 

–  Weakly supervised extension on co-saliency detection 
•  MOSPL: Submitted to AAAI 2015 (Cooperated with Maoguo Gong) 

–  Multi-objective extension on action recognition 
•  ASPL: In process (Cooperated with Liang Lin, Wangmeng Zuo) 

–  Active curriculum extension on face identification 



Some	
  successful	
  applicaRons 

•  State-of-the-art performance on 
–  Web Query dataset 
–  Hollywood2 dataset 
–  Olympic Sports dataset 
–  iCoseg dataset 
–  MSRC dataset 
–  Trecvid MED Ex0test 2013 
–  Trecvid MED Ex0test 2014 
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Zero-­‐Example	
  Search 
•  Zero-Example Search (also known as Ex0) represents a 

multimedia search condition where zero relevant 
examples are provided 
–  Content-based search 

•  An example: TRECVID Multimedia Event Detection 
(MED) competition. The task is very challenging 
–  Detect every-day event in Internet videos 

•  Birthday party 
•  Wedding ceremony 
•  Changing a vehicle tire 



Informedia@CMU	
  2013	
  Pipeline	
  for	
  Ex0 

An	
  ini6al	
  
ranking	
  list	
  of	
  
data 

Annotate	
  psudo-­‐
labels	
  for	
  top-­‐
ranked	
  data 

Pick	
  up	
  these	
  top-­‐ranked	
  (high-­‐
confidence)	
  samples	
  and	
  add	
  
them	
  into	
  training	
  set 

Retrain	
  the	
  classifier 

Gradually	
  	
  lower	
  the	
  high-­‐
confidence	
  threshold 



SPaR 

•  Model	
  

(Lu Jiang, Deyu Meng et al. ACM MM, 2014) 



ASS	
  for	
  solving	
  SPaR	
  model 

Ini6alize	
  a	
  
classifier 

Fix	
  w	
  and	
  v,	
  
update	
  y 

Fix	
  w	
  and	
  y,	
  
update	
  v 

Fix	
  y	
  and	
  v,	
  
update	
  w 

Gradually	
  	
  increase	
  the	
  
age	
  parameter	
  \lambda 

Reranking	
  is	
  a	
  self-­‐paced	
  
learning	
  process! 



Ø On	
  TRECVID	
  MED	
  2013	
  Ex0	
  dataset	
  

Ø 	
  On	
  Web	
  Query	
  dataset	
  

(Lu Jiang, Deyu Meng et al. ACM MM, 2014) 



Theore?cal	
  insight	
  of	
  SPL	
  is	
  s?ll	
  en?rely	
  unknown 

•  Why it’s effective in outlier/heavy noise cases 

•  Where it converges to 

•  What’s the theoretical insight of SPL working 
mechanism 
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MajorizaRon	
  MinimizaRon	
  Algorithm 

• 	
  An	
  effec?ve	
  technique	
  u?lized	
  in	
  op?miza?on	
  and	
  machine	
  learning! 



Latent	
  loss	
  func6on	
  under	
  SPL: . 

v∗(λ, l) = arg   min
v∈[0,1]

vl + f(v, λ). 



ASS	
  algorithm	
  for	
  SPL	
  	
  	
  	
  	
  Exactly	
  is	
  
MM	
  Algorithm	
  the	
  latent	
  SPL	
  objecRve 

Latent	
  loss	
  func6on	
  under	
  SPL: 

Latent	
  SPL	
  objec6ve: 

. 



Let’s	
  see	
  what	
  hides	
  behind	
  this	
  latent	
  
SPL	
  objec?ve: 



Let’s	
  see	
  some	
  known	
  non-­‐convex	
  penal?es: 

The	
  research	
  on	
  non-­‐convex	
  penalty/loss	
  aMracts	
  
increasing	
  aMen?on	
  in	
  sta?s?cs	
  and	
  machine	
  learning! 



Let’s	
  see	
  some	
  known	
  non-­‐convex	
  penal?es: 

•  Hard SPL exactly 
complies with the 
Capped-norm penalty   

•  Linear SPL exactly 
complies with the 
MCP penalty  

•  Mixture SPL is very 
similar to the SCAD 
penalty  



•  Such	
  theoreRcal	
  understanding	
  constructs	
  a	
  natural	
  
connecRon	
  between	
  non-­‐convex	
  penalRes(losses)	
  and	
  
SPL	
  regimes	
  
–  SPL	
  provides	
  more	
  raRonal	
  choices	
  for	
  non-­‐convex	
  penalty/loss	
  
– More	
  SPL	
  formats	
  for	
  mulRple	
  known	
  non-­‐convex	
  penalRes	
  can	
  
be	
  found 

Fλ(l) = LOGλ(l) = λlog⁡(l/λ + 1) 

f(v, λ) = KL(v, λ) = −λlnv   

LOG 

LOG SP-regularizer 



•  Such	
  theoreRcal	
  understanding	
  constructs	
  a	
  natural	
  
connecRon	
  between	
  non-­‐convex	
  penalRes(losses)	
  and	
  
SPL	
  regimes	
  
–  SPL	
  provides	
  more	
  raRonal	
  choices	
  for	
  non-­‐convex	
  penalty/loss	
  
– More	
  SPL	
  formats	
  for	
  mulRple	
  known	
  non-­‐convex	
  penalRes	
  can	
  
be	
  found 

EXP 
Fλ(l) = EXPλ(l) = λ(1 − exp⁡(−l/λ)) 

f(v, λ) = KL(v, λ) = λvlnv   
EXP SP-regularizer 



l  Linear	
  SPL	
  performance	
  demonstraRon	
  in	
  a	
  syntheRc	
  
regression	
  problem	
  containing	
  outliers	
  and	
  noises 

(Deyu Meng et al. submitted to AAAI, 2016) 

Working	
  mechanism	
  under	
  SPL 



A	
  natural	
  problem	
  is:	
  	
  
	
  
Why	
  not	
  directly	
  opRmize	
  the	
  latent	
  
SPL	
  objecRve,	
  while	
  we	
  prefer	
  to	
  use	
  
SPL	
  regime	
  instead? 



Weighted	
  Easy	
  
Loss	
  MinimizaRon	
  
(generally	
  
convex) 

SP	
  weights	
  
UpdaRng	
  
Problem	
  
(Convex) 

Decompose 

Useful	
  sample	
  loss/
importance	
  prior	
  
knowledge	
  can	
  be	
  
easily	
  embedded 

Superiority	
  of	
  SPL:	
  Non-­‐convex	
  OpRmizaRon 



Some	
  useful	
  sample	
  loss/importance	
  priors: 

•  Spatial/temporal smoothness prior: 

•  Partial order prior: 

•  Diversity prior: 



Easy	
  encoding: 

•  Spatial/temporal smoothness prior: 

•  Partial order prior: 

•  Diversity prior: 



•  SPCL on MED Ex0: Partial order 

–  SPCL, AAAI 2015  

•  SPLD on action recognition: Diversity 

–  SPLD, NIPS 2014 

•  SP-MIL on co-saliency detection: Diversity + Spatial 
smoothness 

–  SP-MIL, ICCV 2015 

Ø  	
  Such	
  u?liza?on	
  of	
  loss	
  priors	
  greatly	
  help	
  
alleviate	
  the	
  local	
  minimum	
  issue	
  in	
  non-­‐
convex	
  penalty/loss	
  op?miza?on	
  problems! 



Superiority	
  of	
  SPL:	
  Data	
  Screening 



Ø  IntegraRng	
  data	
  screening	
  process	
  into	
  automaRc	
  network	
  training!	
  
Ø  SPL	
  provides	
  a	
  sound	
  guidance	
  for	
  this	
  aim,	
  both	
  empirically	
  and	
  theoreRcally	
  
Ø  Then	
  all	
  ML	
  elements	
  can	
  be	
  integrated	
  into	
  E2E	
  DNN	
  consideraRon 

Superiority	
  of	
  SPL:	
  Data	
  Screening 
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•  CL:	
  
–  Pros:	
  Flexible	
  to	
  incorporate	
  prior	
  knowledge	
  from	
  

various	
  sources	
  
–  Cons:	
  The	
  curriculum	
  design	
  is	
  determined	
  

independently	
  of	
  the	
  subsequent	
  learning;	
  there	
  is	
  
no	
  guarantee	
  that	
  the	
  predetermined	
  curriculum	
  
can	
  even	
  lead	
  to	
  a	
  converged	
  soluRon	
  

•  SPL:	
  
–  Pros:	
  	
  Hard	
  to	
  incorporaRng	
  prior	
  knowledge	
  into	
  

learning,	
  rendering	
  it	
  prone	
  to	
  overfigng	
  
–  Cons:	
  Concise	
  formulaRons;	
  automaRcally	
  learning	
  

process	
  



•  CL:	
  Instructor-­‐driven	
  
–  Pros:	
  Flexible	
  to	
  incorporate	
  prior	
  knowledge	
  from	
  

various	
  sources	
  
–  Cons:	
  The	
  curriculum	
  design	
  is	
  determined	
  

independently	
  of	
  the	
  subsequent	
  learning;	
  there	
  is	
  
no	
  guarantee	
  that	
  the	
  predetermined	
  curriculum	
  
can	
  even	
  lead	
  to	
  a	
  converged	
  soluRon	
  

•  SPL:	
  Student-­‐driven	
  
–  Pros:	
  	
  Hard	
  to	
  incorporaRng	
  prior	
  knowledge	
  

into	
  learning,	
  rendering	
  it	
  prone	
  to	
  overfigng	
  
–  Cons:	
  Concise	
  formulaRons;	
  automaRcally	
  learning	
  

process	
  



SPCL 

• SPCL:	
  Instructor-­‐student-­‐collaboraRve	
  

	
  

(Lu Jiang, Deyu Meng et al.  AAAI, 2015) 



SPCL 

• SPCL:	
  Instructor-­‐student-­‐collaboraRve	
  

• An	
  interesRng	
  guess	
  is:	
  
– Nonconvex	
  opRmizaRon	
  corresponds	
  to	
  student	
  learning,	
  which	
  
easily	
  stuck	
  to	
  local	
  minimum	
  

– Loss	
  prior	
  corresponds	
  to	
  teacher’s	
  prior	
  knowledge,	
  which	
  
might	
  be	
  significantly	
  useful	
  to	
  help	
  alleviate	
  such	
  local-­‐
minimum	
  issue	
  

	
  
(Lu Jiang, Deyu Meng et al.  AAAI, 2015) 
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A	
  General	
  Machine	
  learning	
  
Framework 

 min
𝑓∈ℱ

  𝑙(𝐷, 𝑓(𝑤))   𝑝(𝑤) + 

Loss/likelihood	
  
term 



•  2012.10 L1 loss in SPCA, PR 
–  With XJTU Group 

Noise	
  modeling 

•  2012.11 Laplacian noise in MF, TNNLS 
–  With XJTU Group 

•  2013.1 L1 loss in MF, AAAI 
–  With XJTU Group 

•  2013.3 L1 loss RPCA in Infra image, TIP  
–  With Chenqiang Gao 

•  2013.4 MOG noise in MF, ICCV 
–  With Fernando De la Torre 

•  2013.9 MOG noise in RPCA, ICML  
–  With XJTU&PolyU Group 

•  2014.11 GMD noise in MF, ICCV  (oral) 
–  With XJTU Group 

•  2015.5 Non-i.i.d. MoG noise, submitted to 
CVPR 
–  With XJTU Group 

•  2014.1 SPaR, ACM MM 
– With CMU Group 

Self-­‐paced	
  Learning 

•  2014.4 SPLD, NIPS 
– With CMU Group 

•  2014.3 SPMF, AAAI 
– With Qian Zhao 

•  2014.8 SPCL,  AAAI 
– With CMU Group 

•  2014.9 TRECVID competition 
– With CMU Group 

•  2014.11 SP-MIL, ICCV 
– With Junwei Han & Dingwen Zhang 

•  2015.1 ASPL, in process 
– With Liang Lin’s Group 

•  2015.9 SP-McMIL, Submitted to CVPR 
– With Junwei Han & Dingwen Zhang 

•  2015.8 SPL Insight, Submitted to AAAI 
– With XJTU Group 

Adapt	
  Loss	
  FuncRon	
  to	
  Data 

•  2015.3 Ex0 system, ICMR (best paper runner up) 
– With CMU Group 



Future	
  work 

•  Theoretical issues 
–  Parameter setting, convergence analysis, statistical 

properties 

•  Modeling issues 
–  More useful SP regularizer formats, integration 

with more machine learning models 

•  Application issues 
–  Attempts on more computer vision, multimedia, 

data mining applications 



世界上本没有路	
  
但只要努力自己(Self)去走一走(Pace)	
  
看上去似乎好像就有路了	
  
	
  

-­‐-­‐-­‐-­‐鲁小迅 
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