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Core Concepts in Machine Learning 

 Machine Learning Approach 

 Problem analysis, input/output representation, 

hypothesis space, constraints (domain knowledge!) 

 Formulate as an optimization problem  

 Solve the problem with optimization methods 
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Core Concepts in Machine Learning 

 Data Representation 
 Important for IR applications for effectiveness and efficiency  

 Common text pre-processing methods (stop-word removing, 

stemming) 

 Doc representation: bag of words against higher-order (e.g., 

bigram) 

 Feature selection against regularization 

 Go beyond text representation: page-rank value in search, 

percentage of capitalized letters for name entity recognition 
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Core Concepts in Machine Learning 

 Supervised Learning 
 Given training examples with labels, learn a model to predict 

labels of test examples 

 Classification (predict spam email or regular), regression 

(predict tomorrow‟s temperature), … 

 Unsupervised Learning 
 Given training examples without labels, identify hidden 

structure to summarize/explain data 

 Clustering, dimension reduction, density estimation in 

statistics 
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Core Concepts in Machine Learning 

 Generative Model 
 Model both input and output data such as language model 

for IR, mostly in probabilistic models  

 Work well with good domain knowledge/assumptions 

 Discriminative Model 
 Model output data given input data such as learning to rank 

methods 

 Work well with enough labeled training data without making  

many assumptions 
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Core Concepts in Machine Learning 

 Bias and Variance 
 Simple view: low bias means more accurate on training; low 

variance means robust performance on different training/test 

 
 Trade-off: Bias and Variance 

 Just remember training examples with labels; low bias and 

huge variance 

 Always predict same thing: low variance and huge bais 

 Need a trade-off between bias and variance 
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Text Categorization 

 Key technologies: supervised learning, semi-supervised learning 
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Text Categorization 

 Open directory project 

 the largest human-

edited directory of the 

Web 

 Manual classification 

 Over 4 million sites 

and 590 K categories 



Text Categorization 

Medical Subject Headings 

(Categories) 

 About 26,000 

descriptors in a 

twelve-level hierarchy 
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Document Clustering 

 Key technologies: unsupervised learning 
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Question Answering 

 Classify question; identify answers; match questions and answers 

 Key technologies: supervised learning, structure learning. 
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Image Retrieval by Text Query 

 Automatically annotate images with textual words 

 Retrieve images with textual queries 

 Key technologies: classification 

 Each image is a visual document, each annotated keyword 

corresponds to a class 
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Information Extraction 

Title J2EE Developer 

Length 4 month 

Salary …. 

Location 

Reference 

Web page: free style text Relational DB 

 Key technologies: structure prediction (e.g.,Hidden 

Markov Model and Markov Random Field) 
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Citation/Link Analysis 

 Key technologies: semi-supervised learning, learning 

to rank 
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Recommender Systems 
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Recommender Systems 

User 1 ? 5 3 4 2 

User 2 4 1 5 ? 5 

User 3 5 ? 4 2 5 

User 4 1 5 3 5 ? 

 Sparse data problem: a lot of missing values 
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Recommender Systems 

User 1 ? 5 3 4 2 

User 2 4 1 5 ? 5 

User 3 5 ? 4 2 5 

User 4 1 5 3 5 ? 

 Sparse data problem: a lot of missing values 

 Key technologies: clustering, (ordinal) regression, matrix 

completion 
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Basics of Probability Theory 
 Probability Pr(A): “the fraction of possible world in 

which A is true” 

 Examples 

A = Your paper will be accepted by SIGIR 2011 

A = It is hot in Beijing 

A = One document contains the word “IR” 

A is true 

Event space of all 

possible worlds. 

The area is 1. 
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Conditional Probability 
 SIGIR2011 = “a document contains the phrase SIGIR 2011” 

 BEIJING = “a document contains the word Beijing” 

 

 P(BEIJING) = 0.001 

 P(SIGIR2011) = 0.00000001 

 P(BEIJING|SIGIR2011) = 1/2 
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Conditional Prob. 

B is true 
A is true 

Definition Chain rule 

Pr( A jB ) =
Pr( A;B )
Pr( B )

Pr(A; B ) = Pr(AjB ) ¤Pr(B )
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Conditional Prob. 

B is true 
A is true 

 Independent variables  
P r ( A ; B ) = P r ( B ) P r ( A ) 

Definition Chain rule 

Pr( A jB ) =
Pr( A;B )
Pr( B )

Pr(A; B ) = Pr(AjB ) ¤Pr(B )

Pr(AjB ) = Pr(A)
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Conditional Prob. 

 Marginal probability 
B is true 

A is true 

Definition Chain rule 

 Independence 
P r ( A ; B ) = P r ( B ) P r ( A ) 

Pr( A jB ) =
Pr( A;B )
Pr( B )

Pr(A; B ) = Pr(AjB ) ¤Pr(B )

Pr( B ) =
kP

j = 1
Pr( B ; A = aj )

Pr(AjB ) = Pr(A)



Expectation & Variance 

 Expectation: average outcome 

 Examples: average outcome of a dice 

 1/6*1+1/6*2+1/6*3+1/6*4+1/6*5+1/6*6=21/6=3.5 

 

 Examples: average outcome of a coin (1 for head, 0 for tail) 

     1/2*(0-1/2)2 +1/2*(1-1/2)2 =1/2 

 

 Variance: how diverse are the outcomes (deviation from 

expectation) 

E ( x) =
P

x
xP(X = x)

V ar ( x) =
P

x
( x ¡ E ( x) ) 2P( X = x)
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Common Probability Distribution 

Bernoulli/Binomial 

 Model binary outcomes: side of a coin, whether a term 

appears in a document, whether an email is a spam… 

 Bernoulli: binary outcome (i.e., 0 or 1), with probability p to be 1 

                Expectation:  p Variance:  p(1-p)  

 Binomial: n outcomes of a binary variable, the probability p to be 
1, what is probability of outcome 1 appear x times 

 

               Expectation: np Variance: np(1-p)  

Pr( X = xjn; p) =
³

n
x

´
px( 1 ¡ p) n¡x ;

Pr(X = xjp) = px( 1 ¡ p) 1¡x ; x 2 f 0; 1g; 0· p · 1

x 2 f 0; ¢¢¢; ng; 0 · p · 1
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Common Probability Distribution 

Multinomial (Language Model) 

Model multiple outcomes: side of a dice; word/topic in documents;  

n experiments of a variable with multiple outcomes (1,…,|v|), with 

probability p1 to be outcome 1,…, the probability p|v| to be |V|,  

 

The probability of outcome 1 appears x1 times,… |V| appears x|V| times 

 

               Expectation: E(Xv)=npv Variance: Var(Xv)=npv(1-pv) 

P r ( X 1 = x 1 ; ¢¢¢; X j V j = x j V j j n ; p 1 ; ¢¢¢; p j V j ) =
n !

x 1 ! ¢¢¢x j V j !
p

X 1

1
¢¢¢p

X j V j

j V j
;

j V j
X

v = 1

x v = n ;

0 · p v · 1 ; 8 p v ;

j V j
X

v = 1

p v = 1
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Common Probability Distribution 

Multinomial (Language Model) 

 Examples: 

Three words in vocabulary (sport, basketball, finance) with probabilities as 

(ps=0.5,pb=0.4,pf=0.1) 

    A document generated by this model contains 10 words 

    Questions: 

What is the expectation of occurrences of word “sport”? 

                   10*0.5=5 

What is the probability of generating 5 “sport”, 3 “basketball” and 2 “finance 

 
5 3 210!

0.5 0.4 0.1
5!3!2!
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Common Probability Distribution 

Gaussian (Normal) 

Model continuous distribution: draw data points close to a 

specific point 

Gaussian distribution: sample points close (measured by    ) to a point    .  

 

               Expectation: E(X)=   Variance: Var(X)= 

 Expectation and variance  can be vectors: multivariate Gaussian 

¹

¹¾

P r ( X = x j ¹; ¾) =
1p

2 ¼¾
2

ex p

µ

( x ¡ ¹) 2

2 ¾2

¶

31 

¾
2



 
Common Probability Distribution 

Gaussian 
 Example 

 Gaussian (Normal) distribution with    =[0 0],     =[1 0;0 1]; 100 data 

points „+‟randomly generated by the model  

¾¹

32 
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Probability Distributions  

 Binomial distributions 

 Beta distribution 

 Multinomial distributions 

 Dirichlet distribution 

 Gaussian distributions 

Prior/Smoothing LM 
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Bayes‟ Rule 
Likelihood Prior Posterior 

H E 

Inference: Pr(H|E) 

Information: Pr(E|H) 

Hypothesis Evidence 

Pr(H jE ) / Pr(H ) Pr(E jH )
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Bayes‟ Rule 

W R 

Inference: Pr(R|W) 

Information: Pr(W|R) 

Pr(*|*) R R 

W 0.7 0.4 

W 0.3 0.6 

R: It rains 

W: The grass is wet 

Likelihood Prior Posterior 

Pr(H jE ) / Pr(H ) Pr(E jH )
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Statistical Inference 

 Learning stage: a parametric model for Pr(E|H) 

 Inference stage: for a given observation E 

 Compute Pr(H|E) for each hypothesis H 

 Choose the hypothesis with the largest Pr(H|E) 

Likelihood Prior Posterior 

Pr(H jE ) / Pr(H ) Pr(E jH )
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Maximum Likelihood Estimation vs. 

Maximum A Posterior Estimation 

 Maximum Likelihood Estimation Inference  
 Compute Pr(E|H) for each hypothesis H, ignore prior 

 Choose the hypothesis with the largest Pr(E|H) 

 May overfit data 
 

 Maximum A Posterior Estimation   
 Compute Pr(H|E) for each hypothesis H with prior 

 Use domain knowledge or data from large collection in 

prior 

 Conjugate prior: enable easy calculation, Dirichlet as conjugate 

prior for multinomial 

   

 



Language Model for IR: Example 

Estimating language model for each document 

basketball, sport basketball, finance finance 

Language 
Model for d1  

Language 
Model for d2 

Language 
Model for d3 

Estimate the generation probability of Pr(  q  |  θd  ) 

Query: q 

sport, basketball 

Generate retrieval results 

Hypothesis: 

Language model 

Evidence: 

document 

d1  
d2  d3  

Pr(H|E) Pr(E|H) 

Three words in vocabulary: basketball, finance, sport 38 
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Outline 

 Introduction to Core Concepts in Machine Learning 

 Basic Optimization Methods 

 Machine Learning Applications in IR 

 



 
 

Introduction to Optimization 

 Optimization 

 The mathematical discipline for finding maxima and minima 

of functions, possibly subject to constraints.  

Example we have seen: 

µ¤
d = argmaxµd

P( djµd) =
jV jQ

v= 1
p

C( wv;d)
v

40 



 
Basic Optimization Methods 

 Calculate analytic solution 

 Calculate the first derivative (with Lagrange multiplier when subjected to 

constraints) 

 Set the above equation to 0 and try to solve the equation 

 Check second derivative for positive (minimum) or negative (maximum) 

 

* 2arg min ( ) arg min( 2 5)
x x

x f x x x   

Example: 

' *( ) 2 2 0 1f x x x    

*( ) '' 2 0f x    It is minimum 41 



 Optimization with iterative gradient descent method 

  Many optimization problems do not have analytic solutions 

  Iterative method refines solution step by step 

' ( )
( 1) ( )

'' ( )

( )

( )

t
t t

t

f x
x x

f x

  

 Newton method uses information of first derivative and second 

derivative (exact or approximated)  to refine solution 

Old solution  New updated 

solution  

 
Basic Optimization Methods 

42 



 Newton method does not automatically guarantee 

improvement of new solution over old one 

 Expectation and Maximization method 

Lower bound method, always make improvement; more elegant, often 

have good probabilistic interpolation 

 

      

 
Basic Optimization Methods 
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 Examples of Expectation & Maximization: 

 Given two biased dices A and B with known (PA(1),…, PA(6)) and  

(PB(1),…, PB(6)). Each time, with probability     draw A, and with 

probability 1-      draw B. 

 Observe a sequence X={x1,…, xn } and want to estimate 




*

 Intuition of Expectation and Maximization 

 If we know which dice is used in each time,       is ratio of times A is 

used. But the information is hidden  

 Expectation: Given current model, estimate posterior probability of 

which dice is used in each time 

 Maximization: Given the posterior probabilities, update model 

parameter 

*

 
Basic Optimization Methods 
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 Expectation: Given current model, estimate posterior 

probability of which dice is used in each time 

 Maximization: Given the posterior probabilities, update model 

parameter 

( ) ( )

( ) ( ) ( ) ( )

( ) (1 ) ( )
. 1

( ) (1 ) ( ) ( ) (1 ) ( )

t t

A i B i
Ai Bi Ai Bit t t t

A i B i A i B i

P x P x
F F st F F

P x P x P x P x

 

   


   

   

( 1) 1

n

Ai
t i

F

n
  



 Iterate with the above two steps until converge 
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* ( )

( ) ( )
1

( ) ( )

( ) ( )

( )

arg max ( , ) arg max ( , ) ( , )

( ) (1 ) ( )
arg max log

( ) (1 ) ( )

( ) (1 ( ))
( ) (1 ) ( )

( ) (1 ( ))
arg max log

t

n
A i B i

t t
i A i B i

t t

A i B i
A i B it t

A i B i

t

l X l X l X

P x P x

P x P x

P x P x
P x P x

P x P x

 





   

 

 

 
 

 





    

   
       


 






( )
1 ( ) (1 ) ( )

n

t
i A i B iP x P x

  
  
  
   
  

  



  

*

1

arg max ( , )

arg max log ( ) (1 ) log( ( )
n

A i B i

i

l X

P x P x





 

 




  
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( ) ( )

( ) ( ) ( ) ( )

( ) (1 ) ( )
. 1

( ) (1 ) ( ) ( ) (1 ) ( )

t t

A i B i
Ai Bi Ai Bit t t t

A i B i A i B i

P x P x
F F st F F

P x P x P x P x

 

   


   

   

    
1

log ( ) log (1 ) ( )
n

Ai A i Bi B i

i

F P x F P x Const 


   

* ( )

( ) ( )
1

( ) ( )

( ) ( )

( )

arg max ( , ) arg max ( , ) ( , )

( ) (1 ) ( )
arg max log

( ) (1 ) ( )

( ) (1 ) ( )
( ) (1 ) ( )

( ) (1 ) ( )
arg max log

t

n
A i B i

t t
i A i B i

t t

A i B i
A i B it t

A i B i

t

l X l X l X

P x P x

P x P x

P x P x
P x P x

P x P x

 





   

 

 

 
 

 





    

   
       


 






( )
1 ( ) (1 ) ( )

n

t
i A i B iP x P x

  
  
  
   
  

  



Set  

Logarithm function is concave (Jensen Inequality) 
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( ) ( )

( ) ( ) ( ) ( )

( ) (1 ) ( )
. 1

( ) (1 ) ( ) ( ) (1 ) ( )

t t

A i B i
Ai Bi Ai Bit t t t

A i B i A i B i

P x P x
F F st F F

P x P x P x P x

 

   


   

   

    
1

log ( ) log (1 ) ( )
n

Ai A i Bi B i

i

F P x F P x Const 


   

( ) ( )

( ) ( )

( ) ( )
1

( ) (1 ( ))
( ) (1 ) ( )

( ) (1 ( ))
log

( ) (1 ) ( )

t t

A i B i
A i B it tn

A i B i

t t
i A i B i

P x P x
P x P x

P x P x

P x P x

 
 

 

 

  
   

  
   
  

  



Set  

Logarithm function is concave (Jensen 

Inequality) 
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    ( 1)

1

( 1) 1

1

arg max ( ) arg max log ( ) log (1 ) ( )

( ) ' 0
(1 )

n
t

Ai A i Bi B i

i

n

Ain
tAi Bi i

i

g F P x F P x

F
F F

g
n

 

   

 
 





 



   

 
     

 






( 1)t Current solution:              maximizes derived lower bound      
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Text Categorization (TC): Introduction 

 Tasks: 

 Given some training documents/objects labeled with predefined categories 

 Predict best categories(s) for unlabeled (test) documents/objects 

 Applications 

 Webpage/document classification 

 Automatic email sorting (spam detection; into different folders) 

 Word sense disambiguation (Java programming vs. Java in Indonesia) 

 Your favorite applications?... 

 

 
 

 

 

 

51 



TC: Learning Technologies 

 

 Nearest neighbor methods (Yang 1994) 

 Naïve Bayes (Language Model) (Lewis 1992; McCallum 1998) 

 Regression method (Fuhr 1991; Yang 1992) 

 Support Vector Machines (Joachims et al. 98, 05; Hofmann 03) 

 Boosting or Bagging (Schapire, Singer, et al. 1998) 

 Neural networks (Wiener, Pederson, et al. 1995) 

 …… 

52 



 

TC: K-Nearest Neighbor Classifier 
 Also called “Instance-based learning” or “lazy learning” 

 low/no cost in “training”, high cost in online prediction 

 

 

Idea: find your language by what language your neighbors speak; 

 

 

 

(k=1) 

 

 

(k=5)  

 

 

(k=10)  ? 

Small K: Small Bias, 

Large Variance 

 

Large K: Small 

Variance, Large Bias 

 

K can be found by 

cross-validation 
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TC: K-Nearest Neighbor Classifier 

 Often use tf.idf or BM25 document representation and Euclidean 

distance. 

 

 Theoretical error bound analyzed by Duda & Hart (2000) & 

Devroye et al (1996). When  n→∞ (#docs), k→∞ (#neighbors) 

and  k/n→∞ (ratio of neighbors and total docs),  KNN approaches 

Bayes error.  

54 



 
TC: Naïve Bayes Classification 

 Naïve Bayes (NB) Classification (Lewis, 1992)(McCallum, 1998) 

 Generative Model: Model both the input data (i.e., document 

contents) and output data (i.e., class labels) 

 Make strong assumption of the probabilistic modeling approach 

 Methodology 

 Similar with the idea of language modeling approaches for 

information retrieval 

 Train a language model for all the documents in one category 

55 



 
TC: Naïve Bayes Classification 

 Methodology 

Train a model for all the documents in each category 
 

 Estimate P(c) for each category as the relative frequency: 

 
 

 

 Estimate multinomial/language model for each category for 

maximizing generation probability: 

 
 ,

1

1

*( | )

L

L

c

v i

i
v c

i

i

C w d

P w c

d










( )
# _

Lc
P c

Total docs


Count Statistics 

Doc length 

Num of docs in 

category c 

Normalization by count statistics 56 



 
TC: Naïve Bayes Classification 

 Methodology 

For each test document, make prediction as 

* arg max ( | ) arg max ( ) ( | )
c c

c P c d P c P d c  Bayes Rule 

( , )( | ) ( | )c w d

w

P d c P w c Count Statistics 

Category Model 

( , )* arg max ( ) ( | ) arg max log( ( )) log ( | ) ( , )vC w d
v v v

c c vv

c P c P w c P c P w c C w d
   

     
  



Model Parameters: learned by Naïve Bayes for maximizing 

generation probability, may not maximize classification accuracy 
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( | )
log (0) ( ) ( , )

( | )
v

v

P c d
v C w d

P c d
 



  

exp (0) ( ) ( , )

( | )

1 exp (0) ( ) ( , )

v

v

v

v

v C w d

P c d

v C w d

 

 

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TC: Logistic Regression Classification 
 

 Directly model category/class of a given document (e.g., for a binary 

classification problem) :  
Count Statistics 

Model Parameters to estimate 
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TC: Logistic Regression Classification 

1 Id ,...,d
r ur
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 Model parameter estimation by Maximum Likelihood Estimation: 

 Find model parameters for a category that maximizes 

conditional classification probability 

yi=1 iff the document in category c+     yi= -1 iff the document is in category c- 
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TC: Logistic Regression Classification 

1 Id ,...,d
r ur

 Many optimization methods for solving the above problem 

 Newton method, use first and second derivatives; Quasi-Newton 

method (BFGS) use first derivative to approximate second 

 Iterative Scaling (similar to EM as a low-bound method) 
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TC: Support Vector Machine 
 Support Vector Machine (SVM) (Joachims, 1998) 

 Build a classifier that separates data points in an accurate and robust 

manner with large margin. 

 

Positive and negative data 

points have equal margin 

Margin 
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TC: Support Vector Machine 

 Linear SVM 

 Optimization problem for model parameters (    =         ) associated 

with features (words) in input instances (e.g., each xi =               ) for 

predicting outputs ({yi } binary classification) 

 ( )v

 ( , )v iC w d

Introduction “slack variables”, slack variables are always positive 

 

Introduce const C to balance error for linear boundary and the margin 

1 1

1 1

0
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i i i
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x b y

x b y

 

 


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62 



TC: Support Vector Machine 

 

21
max

2

: ( ) 1 , 0

i
w

i

T

i i i i

C

subject to y x b

 

  



   



Margin 
Error for each 

instance 

Trade-off 

Parameter 

 Error can be reformulated as                                             , called hinge 

loss, an upper bound as classification error as  

 Often solved in dual-form that puts a weight on each xi , which often 

enables a kernel representation that can model high-dimensional data 

representation 

  

 max 0,1 ( )T

i i iy x b   

 ( ) 0T

i iI y x b  
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TC: Evaluation 

Contingency Table Per Category (for all docs) 

Truth: True  Truth: False 

Predicted  

Positive 
a b a+b 

Predicted  

Negative 
c d c+d 

a+c b+d n=a+b+c+d 

a: number of truly positive docs b: number of false-positive docs 

c: number of false negative docs d: number of truly-negative docs 

n: total number of test documents 
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TC: Evaluation 

rp

2pr
F

rpβ

1)pr(β
F 12

2

β








Recall: r=a/(a+c)   truly-positive (percentage of positive docs detected) 

Precision: p=a/(a+b)   how accurate is the predicted positive docs 

Accuracy: (a+d)/n       how accurate is all the predicted docs 

 

F-measure:     
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TC: Evaluation 

Performance of different algorithms on Reuters-21578 corpus: 90 categories, 7769 

Training docs, 3019 test docs, (Yang, 1999) 
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Outline 

 Introduction to Core Concepts in Machine Learning 

 Basic Optimization Methods 

 Machine Learning Applications in IR 

 Text categorization 

 Text clustering 

 Collaborative filtering 

 Learning to rank 

 



 

Text Clustering/Topic Modeling: 

 Tasks: 

 Given a set of text documents/objects without label information 

 Group the text objects into meaningful clusters 

 Applications 

 Corpus analysis navigation 

 Organize Web search results 

 Speed up retrieval speed 

 Your favorite applications?... 
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Text Clustering: Learning Technologies 

 

 K-means (Cutting et al. 1994) 

 Mixture model (Nigam et al., 2000) 

 Probabilistic latent semantic indexing (Hofmann. 1999) 

 Latent Dirichlet Allocation (Blei et al. 2003) 

 Max margin clustering (Xu et al. 2005) 

 …… 
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Text Clustering: K-means 

 0. Represent text objects as real-valued vectors (e.g., tf.idf or 

BM25 document representation and Euclidean distance) 

 1. Select a set of seeds as centroids (center in a cluster). 

 2. Assign all data points to a cluster based on distance 

 3. Refine the centroids with mean representation of data 

points in clusters 

 

 

 Repeat 2 and 3 until converge 

 

1
μ(c)

| | x c

d
c 

 
r

r
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K-means clustering example 

Select centrioids 

X 

X 

X 

X 
Assign data points 

Refine centrioids 

Assign data points 

Refine centrioids 
X 

X 

Assign data points 

Converged! 
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Text Clustering: K-means 

Observation for K-means 

 Easy to implement 

 Efficient, used in many real world applications 

 Hard cluster, one document only in one cluster, do not allow 

multiple cluster/topics for a document 

 Heuristic choice of representation and distance 

 
 

72 



Text Clustering: Mixture Model 

Mixture Model of Unigrams (Nigam, McCallum, et al. 2000) 

 There are a set of topics (language model) with weight P(z)   

The generation process of a document  

 Sample a topic z with topic weight distribution P(z) 

 For each word in the document 

 Generate the word given the topic model P(w|z) (language model) 

d:1..M 

Z P(z) w 
w:1..N 

P(w|z) 
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Text Clustering: Mixture Model 

 Learn model parameters {P(z)}, {P(w|z)} by MLE 

| |
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v
zd v

P z P w z
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 
 
  

 0. Generate random values of model parameters 

 1. Expectation: For each doc d, calculate posterior prob P(z|d) 

 2. Maximization: given posterior probs, refine model parameters 
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 3. Repeat 1 and 2 until converge 
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Text Clustering: Mixture Model 

Observation for Mixture Model 

 Soft clustering, one document can be associated with multiple 

clusters  

 More solid generation story 

 Given a topic, all words in a document are from the topic.  

Need to allow different words to belong to different topics 
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Text Clustering: Probabilistic Latent 
Semantic Indexing (PLSI) 

Probabilistic Latent Semantic Indexing (PLSI) (Hofmann, 1999) 

 Soft clustering, words in a doc can belong to different topics 

The generation process of a document  

 For each word in the document 

 Choose a topic z according to a multinomial conditioned on the index d  

 Generate the word by drawing from a multinomial conditioned on z 

 

d:1..M 

Z w 
w:1..N 

P(w|z) 

d 

P(z|d) 

P(d) 
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Text Clustering: PLSI 

 Learn model parameters by MLE 
( , )| |

1

max ( | ) ( ) ( | )
vC w dV

v
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P d z P z P w z
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 0. Generate random values of model parameters 

 1. Expectation: For each word in doc, calculate posterior prob P(z|d,w) 

 2. Maximization: given posterior probs, refine model parameters 
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 3. Repeat 1 and 2 until converge 
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Text Clustering: PLSI 

Observation for PLSI 

 Soft clustering, allows different words in a doc to belong to different 

topics, more modeling power! 

 Num of model parameters grows with num of docs, may overfit 

 Less solid generation story,                      for all training docs, what 

about  unseen/new documents? 

 Fold-in process for unseen/new documents,…, keep all other model 

parameters fixed, and tune the topic document prob. 

 

 
 

( | ) 1
d

P d z 
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Text Clustering: Latent Dirichlet Allocation 

(LDA) 

Latent Dirichlet Allocation (LDA) (Blei, Ng, et al. 2003) 

 Soft clustering, allow words from multiple topics, valid model 
 

Topic mixture proportions of each doc drawn from a common distribution 

 

1 1
1

1

( )
( | ) ; , 1

( )
i

K

i Ki
i i iK

i i

P i


   


 




 
  



Topic Mixture  Hyper parameter 

Gamma function to ensure 

a valid prob distribution  

Dirichlet distribution is a conjugate prior distribution topic mixture 

(multinomial distribution) 
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Text Clustering: Latent Dirichlet Allocation 

(LDA) 

The generation process of a document  

 Choose  from Dirichlet() 

 For each word in the document 

 Choose a topic z from Multinomial() 

 Choose a word w from P(w|z,), a multinomial probability conditioned 
on the topic z 

d:1..M 

Z w 
w:1..N 

  

 
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Learn model parameters {}, {} by MLE 

 

 0. Generate random values of model parameters 

 1. Expectation: calculate full posterior prob p(,z|w,,) is intractable, 

approx it with two factorized posterior probs (variational inference) 

 2. Maximization: given approx poster prob, refine model parameters 

 3. Repeat 1 and 2 until converge 

Text Clustering: Latent Dirichlet Allocation 

(LDA) 

( , )| |

1 1
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Observation for LDA 

 Soft clustering, allow different words in a doc belong to different 

topics, solid model 

 Large computation cost 

 

 
 

Text Clustering: Latent Dirichlet Allocation 

(LDA) 
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Outline 

 Introduction to Core Concepts in Machine Learning 

 Basic Optimization Methods 

 Machine Learning Applications in IR 

 Text categorization 

 Text clustering 

 Collaborative filtering 

 Learning to rank 

 



Content-Based Filtering: Recommend by analyzing the 

content information 

Collaborative Filtering: Make recommendation 

by judgments of similar users 

Collaborative Filtering (CF): Introduction 

84 
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Collaborative Filtering (CF): Introduction 

 Tasks: 

 Given ratings from training users on objects, a few ratings from a test user 

on some objects 

 Predict the test user‟s ratings on other objects 

 Applications 

 Book recommendation 

 Movie recommendation 

 Friend recommendation 

 Your favorite applications?... 
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CF: Learning Technologies 

 

 Pearson correlation coefficient (Resnick, Iacovou,  et al., 1994) 

 Aspect model (Hofmann  & Puzicha, 1999) 

 Flexile mixture model (Si & Jin, 2003) 

 Netflix methods (Koren, 2009; Töscher & Jahrer., 2009) 

 Personal diagnosis (Pennock, 2000) 

 Ordinal regression (Shashua et al., 2002) 

 …… 
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CF: Formal framework 

Test User 
Utest 

2       3 

What we have: 

• Assume there are some 
ratings by training users 

• Test user provides some 
amount of additional 
training data 

What we do: 

• Predict test user’s rating 
based on training 
information Rutest (Oj)= 

TrainingU
sers: Un 

O1        O2      O3 ……Oj………… OM 

U1 

U2 

UN 

         4       1                                 1 

5                2                                 2 

Ui 

Objects: Om 

3       2       4 
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CF: Pearson Correlation Coefficient 
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Prediction: 

PCC (Resnick, Iacovou,  et al., 1994) 

How to determine the similarity between users? 

 Measure the similarity in rating patterns between different users 
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Observations with memory based approach 

 Can be pretty effective 

 Has a large amount of computation online costs 

Possible Solution 

 Cluster users/items offline, save for online computation cost 

 Propose more solid probabilistic modeling method 

 

CF: Pearson Correlation Coefficient 
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CF: Aspect Model (AM) 

AM (Hofmann & Puzicha, 1999) models individual 

preferences as a convex combination of preference factors. 

 P(r|Z) 

    Rl 
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CF: Aspect Model (AM) 

 Learn {P(z)}, {P(o|z)}, {P(u|z)}, {P(r|z)} by MLE 

 Expectation: For each rating, calculate posterior prob 

 Maximization: given posterior probs, refine model parameters 
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 {P(u|z)} and {P(r|z)} can be obtained in a similar manner 
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 Prediction Procedure                                                    

 Fold-In process to calculate join probabilities 

( ) ( )( , , ) ( ) ( | ) ( | ) ( | )test test

l l
z

P o u r P z P o z P u z P r z 

Fold-in process by EM algorithm 

  Calculate expectation for prediction 
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CF: Aspect Model (AM) 

Observation for AM 

 Users and objects are different, may be generated from different 

groups 
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   Flexible Mixture Model (FMM) (Si & Jin, 2003): 

Cluster users and objects in separate groups 
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CF: Flexible Mixture Model (FMM) 
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CF: Flexible Mixture Model (FMM) 

 Learn {P(zo)}, {P(zu)}, {P(o|zo)}, {P(u|zu)}, {P(r|zo, zu)} 

 Expectation: For each rating, calculate posterior prob 

 Maximization: given posterior probs, refine model parameters 
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CF: Evaluation 

 

 Two  movie datasets: Movie rating has ratings from 500 users on 1000 

movies; Each movie has ratings from 2000  users on 1682 movies 

 Different configurations of num of training users 

 Different configurations of given num of ratings from test users 

 Evaluation metric MAE: average absolute deviation of predicted 

ratings to the actual ratings on movies. 
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CF: Evaluation 
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CF: Netflix methods 

 

 Netflix competition on a large dataset with ~100M ratings of 

~500K users on ~18K movies with info of rating date. 

 Many valuable methods proposed such as nearest neighbor 

methods, matrix factorization, restricted Boltzmann machine, etc.. 

 We brief introduce techniques behind BellKor and the winning 

strategy from the combined team of BellKor‟s Pragmatic Chaos  

(Koren, 2009; Töscher & Jahrer, 2009) 
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CF: Netflix methods 
 

Bellkor 

 Baseline predictors 
^
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CF: Ensemble learning/blending 
 

 A key factor in winning Netflix lies in combining/blending many 

models/predictors together 

 Simple separate modeling and linear blending: 

Models trained separately and linear blending (combination 

based on linear regression)  

 Separate modeling and non-linear blending: 

Models trained separately with non-linear blending (e.g., 

Neural-Network)  

 Joint modeling and blending: 

Models trained  sequentially and stopped when blending 

improvement is the best 
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Outline 

 Introduction to Core Concepts in Machine Learning 

 Basic Optimization Methods 

 Machine Learning Applications in IR 

 Text categorization 

 Text clustering 

 Collaborative filtering 

 Learning to rank 

 



 Tasks: 

 Given lists of items (e.g., documents/webpages for queries) with order. 

Order can be induced from binary judgments, ordinal or numerical scores. 

 Predict a desired ranking of new items (e.g., documents for new queries) 

 Relatively new, but good progress in theory and in real world Web search 

 

 

 

 
 

 

 

 

Learning to Rank (LTR): Learning Technologies 

 Data representation 

 Usually each item represents a vector of features (e.g., tf.idf statistics 

related with a pair of document and query, page rank values) 

 Each item may be associated with a score (0/1 for relevance, multi-valued 

judgment) that generates order 
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LTR: Traditional Learning Approach 

 Direct application of traditional classification or regression 

models for ranking problems 

 binary relevance judgments as binary classification; multi-valued 

judgments as “non-ordered‟‟ categories or simple real values  

 The treatment of multi-valued judgments can be suboptimal as it ignores 

order information among the judgments 

  Data representation 

 For ith query, jth document,                 represents a vector of input features     

 Output in either classification representation or regression presentation for 

different methods 
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LTR: Traditional Learning Approach 

 Least Square Polynomial Retrieval  (N. Fuhr, 1989)  

 Use polynomial function with input features 

 Output classification representation: yk=(0,…,1,…0) 

 Minimize least square error for learning model 

 

 Discriminative Model for IR (Nallapati, 2004) 

 Output binary classification representation as 1/0 

 One model uses max entropy (logistic regression) 

 One model uses support vector machine 
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 Regression Tree Approach (Kramer, Widmer, et al, 2001)  

 Output in regression representation as real values 

 Utilize a regression tree approach for predicting the output values 

 Post-process to convert predicted output as real values to categorical  

 
 

 

 

 

 Observations with training learning methods 

 Sub-optimal treatment for multi-valued discrete judgments 

 Do not model important order info (e.g., pairwise) 
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LTR: Traditional Learning Approach 



LTR: Pointwise Ordinal Regression 

 Consider order information in multi-valued discrete judgments 

 Output classification representation as real values  

 Model parameters contain weights for each feature and real-valued 

boundaries for multi-valued discrete judgments 

 All the model parameters are learned to maximize correctness on 

training data 
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LTR: Pointwise Ordinal Regression 

 Pranking with Ranking (Crammer & Singer, 2002) 

 Learn a linear function with weights and real-valued boundaries for 

multi-valued discrete judgments 

 Online optimization algorithm, whenever makes a wrong prediction on 

multi-valued judgment, adjust weights and real-valued boundaries 

 
 Observations with Pointwise Ordinal Regression 

 Not much different from traditional learning algorithm 

 Do not model important order info (e.g., pairwise) 
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LTR: Pairwise Approach 

 Consider pairwise preference between a pair of documents for a 

user query 

 Pairwise input representation                   is often the difference between 

input representations of two documents. 

 Output classification representation is often binary value for preference 

 Pairwise preference is natural for implicit feedback. For example, 

ingoring result #1 and viewing result #2  suggest #2 > #1 

 Pairwise preference better captures the concept that preference or 

relevance is defined for documents with a specific query 

{ ( , , )}t i u vf q d d
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LTR: Pairwise Approach 

 Learning to Order Things (W. Cohen, R. Schapire, et al. NIPS 

1999) 

 Define pairwise loss function as: 

 

 Use a weighted majority algorithm to learn model parameters      

 Prediction, pairwise preference -> rank list (total order): hard problem 

 A greedy ordering algorithm can be shown to obtain at least half 

agreement on pairwise preference with an optimal rank 
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LTR: Pairwise Approach 

 RankNet (C. Burges, T. Shaked, et al. ICML 2005) 

 Model pairwise preference probability as 

 

 Use cross entropy loss (i.e., prob difference between true pairwise 

preference and predicted preference) 

 Use neural network with gradient descent to learn model parameters   

for minimizing loss 
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LTR: Pairwise Approach 

 Ranking SVM (T. Joachims, KDD 2002)  

 Adapt SVM for considering pairwise preference as: 
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Parameter 

 Observations with Pointwise Ordinal Regression 

 Cannot handle preference/relevance judgment defined on rank 

lists. 
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LTR: Listwise Approach 

 Consider order information in multi-valued discrete judgments 

 Output representation is permutation of documents for a query 

 Input representation is the union of input representation of individual 

documents for a query  

 Learning model parameters to approximate desired permutation 

111 



LTR: Pointwise Ordinal Regression 

 Direct optimization of IR evaluation measure in listwise approach 

 Try to optimize (approximated) IR measurement such as MAP 

 Example: SVM-Struct (Y. Yue, T. Finley, et al, 2007) with MAP margin 

constraints 

 Listwise loss minimization 

 Minimize a loss function based on distance of permutations 

 Example: ListMLE (F. Xia, T. Liu, et al. 2008) defines permutation 

likelihood, find model parameters that maximize permutation likelihood 
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 Evaluation of text categorization 

 K nearest neighbor text categorization method 

 Lazy learning: no training 

 Local-continuity assumption: find your language by 

what language your neighbors speak 
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Thank You 



 Find model parameters for a category that maximizes the 

generation likelihood 
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TC: Naïve Bayes Classification 
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Normalization by count statistics 
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Non-linear SVM 

Key idea: transform Xi to a 

higher dimension space  

x1=0 

x2 
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