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Semi‐Supervised Learning (SSL) 

•  Supervised ML oZen requires a significant 
amount of data to achieve reasonable results 
- SRL: 1M words text  ~ 2M training examples 

•  ~80% F‐measure on out‐of‐domain data 

•  But Google indexes trillions of words 

•  Can we use all of that unlabeled data to 
improve ML performance 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ApplicaHons 

•  Virtually all NLP tasks and applicaHons: 
- POS tagging, Parsing, SemanHc Role Labeling, EnHty 
and event detecHon, … 

-  InformaHon ExtracHon, InformaHon Retrieval, 
Document ClassificaHon, EducaHonal Assessment,… 

•  Virtually all image processing tasks & apps: 
- Edge detecHon, shape & texture recogniHon,… 
- Face recogniHon, object recogniHon,… 

•  VerHcal profiling: waveform idenHficaHon,… 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Document ClassificaHon 

 0  aardvark 

 1  abstract 

 4  computer 

 0  dumpling 

 178  labeled 

 92  learning 

 17  machine 

 7  science 

 212  unlabeled 

 0  zephyr 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If we don’t have all the labels? 

•  Use Semi‐Supervised Learning 

•  One opHon is EM 

CLS 
LBL 

dumpling labeled learning machine science  zephyr 

Doc1  1  0  178  92  17  7  0 

Doc2  0  15  1  1  0  0  1 

Doc3  1  0  28  32  10  3  1 

Doc4  ?  0  0  7  5  5  0 

Doc5  ?  0  0  5  0  0  5 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Apply EM to Naïve Bayes 

•  IniHalize 
- P(y=ck) or P(ck)  and  P(wv|ck) 

- based on the labeled data 

•  E‐Step 
- Compute expected value for doc. class labels 

•  M‐Step 
- Maximize the likelihood of data given the labels 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Ex: One Alribute & Two Classes 

•  E‐Step (ExpectaHon): 

€ 
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€ 
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P ck θ( )P docn ck;θ( )

P docn θ( )

€ 
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Ex: One Alribute & Two Classes 

•  (MaximizaHon) M‐Step: 
- Recompute θ 

€ 

P ck θt−1( ) =

1+ P ck docn;θt−1( )
i=1

N

∑
N + K

€ 
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1+ Ν wl ,docn( )P ck docn;θt−1( )
n=1
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When will this work? 

•  If and only if the documents in a given class 
are relaHvely consistent as if generated by a 
single process 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QuesHons 

•  QuesHons??? 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Co‐Training 

•  Allow two classifiers given independent views 
to learn from one another 

•  Each alribute set (view) must be sufficient 

•  Each view must be independent of the other 
given the class labels 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Ex: Document ClassificaHon 

•  Classify computer science department web 
pages as course home pages 

•  Two views: 
- The words on the page to be classified 
- The displayed text of the hyperlinks that connect 
to the page to be classified 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The Co‐Training Algorithm 

•  Given 
- Labeled data L 
- Unlabeled data U 

•  Loop 
- Train h1 (hyperlink classifier) using instances in L 
- Train h2 (page classifier) using instances in L 
- Have h1 and h2 each classify instances in U 
- Have h1 and h2 each add p posiHvely‐ and n 
negaHvely‐labeled instances from U to L 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Ex: Document ClassificaHon 

•  Classify course home pages 

•  Two views: pages versus hyperlinks 
•  Started with just 3 posiHve examples and 9 
negaHve examples 

•  1000 addiHonal unlabeled examples 

•  Achieved an error rate of 5% 
•  Reduced the error rate by over 50% over just 
using the labeled data 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Theorem 

•  If 
- X and X’ (the two views) are condiHonally 
independent given the labels, and 

- f is PAC learnable using either view 
•  Then  
- f is PAC learnable from weak iniHal classifiers plus 
unlabeled data 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QuesHons 

•  QuesHons??? 



ML 

Nov‐9‐09  © Rodney D. Nielsen  17 

One View of the Space of SSL 

Use feature split? 

Method  Yes  No 

Incremental 

IteraHve 

Nigam and Ghani, 2000 
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One View of the Space of SSL 

Use feature split? 

Method  Yes  No 

Incremental  Co‐training 

IteraHve 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One View of the Space of SSL 

Use feature split? 

Method  Yes  No 

Incremental  Co‐training 

IteraHve  EM 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Co‐EM 

•  Like Co‐training: 2 separate views of the data 
•  Like EM: IteraHvely update unobserved values 
- Relabel all the data using one classifier  
- Train the second classifier on the new labels and 
relabel the data for the first classifier 

-  Iterate unHl convergence 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One View of the Space of SSL 

Use feature split? 

Method  Yes  No 

Incremental  Co‐training 

IteraHve  Co‐EM  EM 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Self‐Training 

•  Start with a small labeled dataset 

•  Generate a class probability distribuHon for all 
the unlabeled data 

•  Add the unlabeled example that the classifier 
is most confident about to the labeled data 
pool 

•  Iterate unHl all examples have been added 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One View of the Space of SSL 

Use feature split? 

Method  Yes  No 

Incremental  Co‐training  Self‐training 

IteraHve  Co‐EM  EM 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One View of Data Space of SSL 
Natural feature split No natural feature split 
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Performance of SSL Methods 

Use natural feature split? 

Method  Yes  No 

Incremental  Co‐training 
3.7 

Self‐training 
5.8 

IteraHve  Co‐EM 
3.3 

EM 
8.9 

Use random feature split? 

Method  Yes  No 

Incremental  Co‐training 
5.5 

Self‐training 
5.8 

IteraHve  Co‐EM 
5.1 

EM 
8.9 

Use random feature split? 

Method  Yes  No 

Incremental  Co‐training 
28.0 

Self‐training 
27.0 

IteraHve  Co‐EM 
29.9 

EM 
31.2 

Natural feature split No natural feature split 
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QuesHons 

•  QuesHons??? 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Bootstrapping 

•  Start with a (small) set of seed instances of the 
concept you want to learn 

•  UnHl stopping criteria 
- Learn something about the alribute palerns that 
co‐occur with the instances  

- Find other instances of the concept using these 
palerns 

•  And/or start with a (small) set of alribute 
palerns indicaHve of the concept 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Bootstrapping NE Tagging 

•  Named EnHty (NE) tagging involves detecHng 
references to people, locaHons, Hmes, etc. 

•  Bootstrapping here is similar to Co‐training 

•  Example: 
- View 1: Reference text of names (e.g., a gazeleer) 

- View 2: Context of NEs in text to be tagged 
 Denver  The conference was in Denver 

 Sealle  Sea3le, Washington 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Thus, Smad7 interacts with 
Smurf2 through two distinct 
interactions; ... 
TrkC interacts with BMPRII, but 
not with BMPRI.  

Smad7 binds to Smurf2 to form 
an E3 ubiquitin ligase that targets 
the TGF beta receptor for 
degradation. 

Furthermore, we showed that 
TrkC directly binds to the BMP 
type II receptor (BMPRII), 
thereby preventing it from 
interacting  
with the BMPRI. 

The class II trans-
activator CIITA 
interacts with the 
TBP-associated 
factor TAFII32. 
ASAP1 binds to Src 
and becomes 
tyrosine 
phosphorylated in 
mammalian cells. 
… 

Bootstrapping IntegraHon 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 

… 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 

… 

OpenDMAP 
Patterns: 
X binds to Y 
X interacts with 
Y 

Thus, Smad7 interacts with Smurf2 
through two distinct interactions; ... 
TrkC interacts with BMPRII, but not with 
BMPRI.  
Smad7 binds to Smurf2 to form an E3 
ubiquitin ligase that targets the TGF beta 
receptor for degradation. 
Furthermore, we showed that TrkC directly 
binds to the BMP type II receptor (BMPRII), 
thereby preventing it from interacting  
with the BMPRI. 

OpenDMAP 
Patterns: 
X binds to Y 
X interacts with Y 
… 

* The class II trans-
activator CIITA interacts 
with the TBP-associated 
factor TAFII32. * 

ASAP1 binds to Src 
and becomes tyrosine 
phosphorylated in 
mammalian cells. 
… 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 
… 
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OpenDMAP Patterns: 
X binds to Y 
X interacts with Y 
domain of X interacts 
with subunit of Y 
X bind to domains of Y 

Bootstrapping IntegraHon 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 

Thus, Smad7 interacts with Smurf2 
through two distinct interactions; ... 
TrkC interacts with BMPRII, but not 
with BMPRI.  
Smad7 binds to Smurf2 to form an E3 
ubiquitin ligase that targets the TGF 
beta receptor for degradation. 
Furthermore, we showed that TrkC 
directly binds to the BMP type II 
receptor (BMPRII), thereby preventing 
it from interacting  
with the BMPRI.  
This activation domain of CIITA 
interacts with the 32 kDa subunit of the 
general transcription complex TFIID, 
TAFII32. 

The class II trans-activator CIITA 
interacts with the TBP-associated 
factor TAFII32. 

ASAP1 binds to Src and 
becomes tyrosine phosphorylated 
in mammalian cells. 

During CD30 signal transduction, 
we found that binding of TRAF2 
to the cytoplasmic domain of 
CD30 results in the rapid 
depletion of TRAF2 and the 
associated protein TRAF1 by 
proteolysis. 

… 

* This activation domain of CIITA interacts 
with the 32 kDa subunit of the general 
transcription complex TFIID, TAFII32. * 
ASAP1 interacts with Src family proteins and 
both ASAP1 and PAP interact with FAK family 
members. 
ASAP1 can bind to the SH3 domains of Src 
and c-Crk, and is tyrosine phosphorylated in 
cells wherein Src is activated. 

OpenDMAP Patterns: 
X binds to Y 
X interacts with Y 
domain of X interacts 
with Y 
X bind to domains of 
Y 

* During CD30 signal 
transduction, we found 
that binding of TRAF2 
to the cytoplasmic 
domain of CD30 results 
in the rapid depletion of 
TRAF2 and the 
associated protein 
TRAF1 by proteolysis. * 
… 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 
TRAF2, CD30 
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OpenDMAP Patterns: 
X binds to Y 
X interacts with Y 
domain of X interacts 
with subunit of Y 
X bind to domains of Y 
X-Y interaction 

Bootstrapping IntegraHon 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 

Thus, Smad7 interacts with Smurf2 
through two distinct interactions; ... 
TrkC interacts with BMPRII, but not 
with BMPRI.  
Smad7 binds to Smurf2 to form an E3 
ubiquitin ligase that targets the TGF 
beta receptor for degradation. 
Furthermore, we showed that TrkC 
directly binds to the BMP type II 
receptor (BMPRII), thereby preventing 
it from interacting  
with the BMPRI.  
This activation domain of CIITA 
interacts with the 32 kDa subunit of the 
general transcription complex TFIID, 
TAFII32. 

The class II trans-activator CIITA 
interacts with the TBP-associated 
factor TAFII32. 

ASAP1 binds to Src and 
becomes tyrosine phosphorylated 
in mammalian cells. 

During CD30 signal transduction, 
we found that binding of TRAF2 
to the cytoplasmic domain of 
CD30 results in the rapid 
depletion of TRAF2 and the 
associated protein TRAF1 by 
proteolysis. 

… 

The role of TRAF2 in CD30-mediated HIV 
gene expression demonstrated in this study 
suggests that phar macologic agents that 
interfere with CD30-TRAF2 interaction or 
with TRAF2 activity may be useful in the 
treatment of HIV infection. 
The enthalpy of the interaction showed a 
linear dependence with temperature, as 
measured for the TRAF2–CD30 interaction 
at 10°C, 20°C, and 30°C. 
… 

OpenDMAP Patterns: 
X binds to Y 
X interacts with Y 
domain of X interacts 
with subunit of Y 
X bind to domains of Y 
X-Y interaction 

However, only the 
MEC1(2-2368) construct 
established the Mec1–
Rfa1 interaction in the 
modified two-hybrid 
system. 

Requirement of DDC2 
overexpression for the 
Mec1–Rfa1 interaction. 
… 

Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 
TRAF2, CD30 
Mec1, Rfa1 
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Interaction Pairs: 
Smad7, Smurf2 
TrkC, BMPRII 
CIITA, TAFII32 

ASAP1, Src 
TRAF2, CD30 

Mec1, Rfa1 

OpenDMAP Patterns: 
X binds to Y 
X interacts with Y 
domain of X interacts 
with subunit of Y 
X bind to domains of Y 
X-Y interaction 

Bootstrapping IntegraHon 

Thus, Smad7 interacts with Smurf2 
through two distinct interactions; ... 
TrkC interacts with BMPRII, but not 
with BMPRI.  
Smad7 binds to Smurf2 to form an E3 
ubiquitin ligase that targets the TGF 
beta receptor for degradation. 
Furthermore, we showed that TrkC 
directly binds to the BMP type II 
receptor (BMPRII), thereby preventing 
it from interacting  
with the BMPRI.  
This activation domain of CIITA 
interacts with the 32 kDa subunit of the 
general transcription complex TFIID, 
TAFII32. 

The class II trans-activator CIITA 
interacts with the TBP-associated 
factor TAFII32. 

ASAP1 binds to Src and 
becomes tyrosine phosphorylated 
in mammalian cells. 

During CD30 signal transduction, 
we found that binding of TRAF2 
to the cytoplasmic domain of 
CD30 results in the rapid 
depletion of TRAF2 and the 
associated protein TRAF1 by 
proteolysis. 

… 

Mec1 and Rfa1 were found to interact 
physically, consistent with the previous study. 
… 

OpenDMAP Patterns: 
X bind to domains of Y 
X-Y interaction 
X and Y  found to 
interact 
… 

* Egr-1 and the serum 
response factor were 
found to interact ... * 
… 

Interaction Pairs: 
CIITA, TAFII32 

ASAP1, Src 
TRAF2, CD30 

Mec1, Rfa1 
Egr-1, SRF 

… 
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Bootstrapping: Precision DegradaHon 

•   

From the slides of Tom Mitchell 
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Bootstrapping: Precision DegradaHon 

Adapted from the slides of Justin Betteridge 

England 
Sweden 
Saudi Arabia 
India 

king of X 
lives in X 

Colorado 
Denial 
You (Lion King) 
Airport 

X of service attack 
confront X 
state of X 
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Filtering Palerns 

•  Some palerns are more precise than others 

•  How do we idenHfy these and how do we use 
them? 

England 
Sweden 
Saudi Arabia 

X’s ambassador Y 
the king of X, Y, 

X manager 
X truck jobs 

Turkey 
Indian 
Brussels 
Canaries 
Hungary 
Israel 
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Coupled Bootstrap Learning 

•  Some palerns are more precise than others 

•  How do we idenHfy these and how do we use 
them? 
- Co‐training: two separate feature sets 

•  X1: word = Sweden 
•  X2: {rt1 = ’, rt2 = s, rt3 = ambassador} 

Sweden   ’ s ambassador 
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Coupled Bootstrap Learning 

•  Some palerns are more precise than others 

•  How do we idenHfy these and how do we use 
them? 
- Concurrent mulHple‐class learning 

- Ontological constraints 
•  Country’s Diplomat 

•  Country is‐a LocaHon, Diplomat is‐a Person 

•  LocaHon ≠ Person (Mutual Exclusion) 

Sweden   ’ s ambassador 
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Coupled Bootstrap Learning 

•  Some palerns are more precise than others 

•  How do we idenHfy these and how do we use 
them? 
- Concurrent enHty and relaHon learning 

•  AmbassadorOf(X, Y) 

Sweden   ’ s ambassador to the United States, Jonas Hafström, 
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Coupled Bootstrap Learning 

•  Key to beler performance: 
- More constraints: addiHonal learning funcHons 

•  How can we couple more learners? 
- Prefer addiHonal learners with independent errors 

•  Learn from other data sources (eg, html, semanHc web) 

- Learn new constraints 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Coupled Bootstrap Learning 

•  Input: An ontology O, and text corpus C 
•  Output: Instances & palerns for each predicate 
•  SHARE iniHal instances and palerns among predicates 
•  forever do 
-  for each predicate p in O do 

•  EXTRACT candidate instances and palerns 
•  FILTER candidates 
•  TRAIN instance and palern classifiers 
•  ASSESS candidates using classifiers 
•  PROMOTE highest‐confidence candidates 

-  SHARE promoted items among predicates 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Coupled Bootstrap Learning 
•  Learn probabilisHc Horn clauses 
•  40 learned rules for teamPlaySport & playSport 
•  Inferred 124 new beliefs, e.g., 

-  teamPlaysSport(Caps,hockey), 
-  playSport(JasonGiambi,baseball) 

0.84 playsSport(?x,?y)  playsFor(?x,?z), teamPlaysSport(?z,?y) 
0.70 playsSport(?x,baseball)  playsFor(?x,cubs) 
… 
0.81 teamPlaysSport(?x,?y)  playsForTeam(?x,?z), playsSport(?z,?y) 
0.70 teamPlaysSport(?x,basketball)  playsAgainst(?x,pistons) 
0.64 teamPlaysSport(?x,?y)  playsAgainst(?x ?z), teamPlaysSport(?z,?y) 
… 

From the slides of Justin Betteridge et al. (2009) 
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Never‐ending Language Learning 

•  Tom Mitchell et al. 
- Requires accurately constrained SSL 
- Constrain learning by coupling several SSL tasks 
- Learning should improve over Hme, not degrade 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Project ApplicaHons & Coupling 
•  Peter B: DetecHng new housing dev from satellite imagery 

-  New bridges, streets, trees, vehicles, fences, sidewalks, loss of … 
•  Patrick: Id instruments in a piece of music 

-  Other instruments, genre, lyrics, … 
•  Chenyu: Id genre of a piece of music … 
•  Xinyu: Recommend movies for a group 

-  Recommend actors, directors, genres, writers, … 
•  Jena: Id & classify linguisHc construcHons 

-  NEs, locaHon types, object types, … 
•  Brian: Id search spam web pages on the Internet 

-  Co‐training: X1=words, X2=meta info, X3=linked pp 
-  Couple with learning spammers, (il)legiHmate ads, … 



ML 

Nov‐9‐09  © Rodney D. Nielsen  44 

QuesHons 

•  QuesHons??? 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PresentaHons 

•  Wed, Nov 11: Chenyu Zheng 

•  Volunteers 
– Mon, Nov 16:  

– Wed, Nov 18: 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Projects 

•  Office hours: will stay unHl all quesHons are 
addressed 

•  Or make an appointment 


