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Is this spam?



  

Positive or negative review?

● unbelievably disappointing 
● Full of zany characters and richly 

applied satire, and some great plot 
twists

● this is the greatest screwball comedy 
ever filmed

● It was pathetic. The worst part about it 
was the boxing scenes.



  

Document categorization

● Medicine
● Computer science
● Mathematics
● Physics
● Chemistry
● Social science
● Linguistics
● …

?



  

Formal definition

● Input:
– Document (text) d
– Finite set of classes C={c1, c2 , …, cj}

● Output: c∈C



  

Hand-crafted rules

● Rules based on combinations of words 
or other features
–  spam: black-listed-address OR (“dollars” 

AND “have been selected”)
● Accuracy can be high

– If rules carefully refined by expert
● But building and maintaining these 

rules is expensive



  

Classification using machine learning

● Input:
– Document (text) d
– Finite set of classes C={c1, c2 , …, cj}
– A training set of m hand-labeled 

documents (d1,c1),....,(dm,cm)

● Output: a classifier learned from the 
training corpus f: d → c



  

Advantages of using machine learning

● Advantages:
– No need to create and manage hand-crafted rules
– Simple, relatively easy to achieve good accuracy
– No deep knowledge of the domain or language required

● Disadvantages
– A large training corpus needed
– Need to keep the training corpus up-to date and retrain 

models
– Difficult to guarantee very high accuracy
– Difficult to fix a classifier to avoid certain mistakes (black 

box)



  

Machine learning methods

● Possible to use many different machine learning methods for 
text classification:

– Naive Bayes

– Logistic regression (other names: log-linear model, maximum 
entropy model)

– Support vector machine

– Decision trees, random forests

– K-Nearest neighbor

– (Deep) neural networks

– Recurrent neural networks

– Transformer-based neural networks

– Ensembles of the above



  

Naive Bayes method

● Simple (although formally naive) classifier
● Uses Bayes rule (probability theory)
● Naive, as it assumes that the words occurring 

in the document are independent (e.g., 
occurrence of the word “economy” should not 
have any effect on the probability of seeing 
“money”)

● In reality, the words are not independent
● However, the method works very well for text 

classification



  

Bag of words

Kaks nädalat tagasi tellisin sülearvuti. Ütlesid, et 
läheb nädal aega. Kui lubatud nädal oli möödas, 
saatsin kirja ja küsisin, kas on kohal, nad ütlesid, et 
läheb nädal veel. Siis saatsid kirja umbes tund 
hiljem, et siiski läheb nädal ja üks päev veel. Täna 
pidi asi kohal olema. [...] ja ma ei taha enam seda 
korrata, mitte kunagi enam ei osta neilt mitte midagi. 
Täielik pettumus. Hinnang: Lauspask

nädal: 3 veel: 2 kunagi: 1
läheb: 3 ütlesid: 2 pettumus: 1
ja: 3     ei: 2 tagasi: 1
...



  

Theory behind Naive Bayes

● Document d and class c
Probability that 

document d
belongs to class c

Probability that class c
generated such document

Prior probability of class c

Dropping the denominator: we don’t care about the
actual probability, rather than the class for which it is 
the largest. Therefore, we can just drop the denominator,
as it is the same for all classes: the largest probability
will still result in the largest pseudo-probability

Bayes rule



  

Theory continues

● Document consists of words

The second term, P(c) is the prior probability of c: what’s the probability that 
the next document that we see will belong to class c?



  

Theory, continues

● In reality, document consists of a sequence of 
words

● Naive Bayes makes two simplifications (not 
true in reality):
– Bag-of-words: the order of words is not important
– Naive Bayes: the words are independent

● This allows us to break the probability 
calculation into subcomponents



  

How to find word-given class probabilities?

● How to calculate P(wi|c)?

● Maximum likelihood estimate:

– Fraction of times word wi appears among all words in 
documents of topic cj

– Create mega-document for class j  by concatenating all 
docs in this topic

– Use frequency of wi in the mega-document

P̂(w i∣c j)=
Count (wi , c j)

∑
w∈V

Count (w i , c j)



  

Problems with maximum likelihood

● What if we have seen no training documents with 
the word fantastic and classified in the topic 
positive?

● Since the probability of a P(fantastic|positive)=0, 
the whole probability of the document being 
positive becomes zero

P( fantastic∣positive)=
Count (fantastic , positive )

∑
w∈V

Count (w i , positive)
= 0

∑
w∈V

Count (w i , positive)
=0

P ( positive∣w1,... , wn)∝P ( positive)∏
i

P(w i∣positive)=0



  

Laplace (add-1) smoothing

● Add one to every word-category pair, to 
avoid zeros

P̂(w i∣c j)=
Count (w i , c j)+1

∑
w∈V

(Count (wi , c j)+1)
=

Count (wi , c j)+1

(∑
w∈V

Count (wi , c j))+|V|

Number of words in the model’s 
vocabulary



  

Summary: training Naive Bayes model

Given: documents di, each belonging to a class ci

● Extract vocabulary V (e.g., all words)

● Calculate P(cj) terms: for each cj do: 

● Calculate P(wk|cj) terms
Nj ← # of tokens in the whole subcorpus of cj

● For each word wk in vocabulary:
nkj ← # of occurrences of wk in the whole  subcorpus of cj

P (c j)=
N d∈c j

N d

P(wk∣c j)=
nkj+α

N j+α|Vocabulary|



  

Example
● Training corpus

– “jalgpall eelarve värav” - S (sport)

– “korvpall võit” - S

– “jalgpall võit raha” - S

– “eelarve defitsiit raha” - M (majandus)

● Test document

– “eelarve raha võit” - ?



  

Solution



  

Naive Bayes and features

● Using the bag-of-words as a document representation is 
feature extraction

● We don’t have to use word occurrence features 
– e.g., for Estonian, using lemmas (spordi → sport) might be 

useful
● But features can be “anything” that can be derived from 

the document and that could be helpful for classification
● Other features possibly used by a spam filter:

– Is Subject written in ALL CAPITAL LETTERS?
– Does the e-mail originate from a known spam host?
– Is the sender in recipients address book?
– Does the e-mail contain a link to a known malicious web site?



  

Feature extraction exercise

● You decide to train 
a classifier to 
predict whether 
you will ‘like’ a 
Facebook post (by 
your friends)

● What features will 
you try?



  

Feature extraction exercise

● Example features: 

– Number of photos

– Number on existing 
comments

– Number of likes

– Number of likes/comments 
by your friends

– Are there people on photos?

– Number of emoticons in the 
post

– Language of the post

–



  

More about features

● Main features do not have to be words
● Word n-grams (bigrams, trigrams) often 

work better and can capture more 
complex meanings (e.g. “not like”)

● Often, character n-grams work even 
better
– For example, for language identification



  

Multi-class classification

● What if a document can 
belong to many 
categories?

● Solution: train a one-
against-all classifier for 
all classes

● Given a test doc:

– Evaluate it for 
membership in each 
class using each 
classifier



  

Quality metrics for classification

● How good is our classifier?
● Test on data that was not used for 

training
● Compare predicted classes to the real 

(human-annotated) classes
● Accuracy: how many documents in the 

test set were classified correctly?



  

Problem with accuracy

● Accuracy metric doesn’t work well for inbalanced 
classes

● For example, if test corpus contains
– 990 documents about economy

– 10 documents about sport

● If the classifier assigns “economy” to all 
documents, the accuracy is 990/1000 = 99%
– 99% sounds good, but in reality the classifier is not useful 

at all!

● Often, error rate (ratio of errors in all data) is used 
instead of accuracy: 10/1000= 1%



  

Precision and recall

Precision and recall are metrics for binary classifiers, where 
we are mostly interested in finding items of a certain class 
(e.g., Facebook posts that we like)

● Precision: % of detected items that are in fact positive

● Recall: % of positive items that are detected by the 
system



  

F1-measure

● Precision and recall give different views to the 
classifiers performance:
– Try to increase precision if you are really 

bothered about false alarms (and you can live 
with some items being missed)

– Try to increase recall if you are care about really 
finding most positive items, even when many of 
the found items are negative (e.g., cancer test)

● Combined metrics: F1 measure

F1=
2∗Precison∗Recall
Precision+Recall



  

Example

● Example: 100 doping tests, 10 are really positive
● Automatic doping test analyzer classified 7 positive samples as 

positive, 5 negative samples as positive, and 3 positive tests as 
negative. 

● TP=7    FP=5     TN=85       FN=3
● Accuracy: 92/100 = 92%
● Precision: 7/(7+5) =58%
● Recall: 7/(7+3) =70%
● F1-measure: 2*0.58*0.7/(0.58+0.7)=0.63



  

Micro-average and macro-average

● If we have more than one class, how do 
we combine multiple performance 
measures into one quantity?

● Macro-averaging: Compute 
performance for each class, then 
average.

● Micro-averaging: Collect decisions for 
all classes, compute contingency table, 
evaluate.



  

Micro-average and macro-average: example



  

Example, continued



  

Training/development/test

● When training a classifier, split the data into training, 
development (evaluation) and test set

● Typically using a ratio 80% 10% 10%
● Training data if used for training the model
● Development data is used for optimizing the 

architecture and meta-parameters of the model
– Which features to use?
– What kind of smoothing to use?

● Test data is used for estimating the true performance 
of the classifier
– Using development data for this is too optimistic, as the 

model’s hyperparameters have been already optimized 
on it



  

Robustness

● It’s important that training data represents 
different domains, in order for the model 
to be robust

● For example, if you train a language 
identification model on the Wikipedia 
dumps of different languages, it’s not 
necessarily very good on Twitter

● Better: include news (web portals), books, 
social media (might have to label it 
yourself)



  

Avoiding harms

● It’s important to know that a machine-learning based classification system could be 
biased

– One research showed that most sentiment systems assigned lower sentiment and 
more negative emotion to sentences with African American names (like Shaniqua as 
opposed to Stephanie)

– Toxicity detection (e.g. in social media comments): some widely used toxicity 
classifiers incorrectly flag as being toxic sentences that are non-toxic but simply 
mention minority identities like women, blind people or gay people

● Why?

– Bias in training data

– Bias in other resources (e.g. sentiment lexicons)

– Bias in labels (due to biases in the human labelers)

● Thus, it is important to test the classifiers across different demographic or other 
groups and environmental situations

● Also, carefully consider the training data resources



  

Classifying words



  

Why classify words?

● Classifying words into categories is useful 
for many NLP tasks:
– Part-of-speech tagging: classify words 

according their class (noun, verb, adjective)
– Find names (persons, locations, companies, 

etc)
– Find time expressions

● More generally, we want to tag (classify) 
each item (word) in a sequence (sentence)
– Machine learning: sequence tagging problem



  

Part-of-speech tagging

● Task: assign a syntactic category for each 
word
Mrs. Shaefer never got around to joining

NNP  NNP     RB    VBD RP     TO VBG    

● Useful for downstream text processing 
tasks
– Speech synthesis (record, lead)
– Lemmatization (saw → see, saw → saw)
– Parsing



  

English POS tags



  

Part-of-speech ambiguity

● Word can have multiple parts-of-
speech:
Fed raises interest rates 0.5 percent
VBD NNS    VB       VBZ   CD  NN
VBN VBZ    VBP      NNS
NNP        NN   



  

Named Entity Recognition (NER)

● Find and classify names in text, for 
example:



  

Named Entity Recognition

● Applications:
– Document indexing, linking
– Sentiment can be attributed to companies and 

products
– Information extraction: find associations 

between names
– Question answering: answers to natural 

language questions are often named entities 
(e.g. Who is the prime minister of Estonia? What 
is the largest country in Africa?)



  

Word classification task

● POS tagging

Mrs.    NNP
Shaefer NNP
never   RB
got     VBD
around  RP
to      TO
joining VBG
:       : 

● Named Entity 
Recognition
Foreign   ORG
Ministry  ORG
spokesman O
Shen      PER
Guofang   PER
told      O
Reuters   ORG
:         :



  

Features for word classification

● Words

– Current word itself (what class is assigned to this word in training data?)

– Previous/next word (context)

● Other inferred linguistic classification

– E.g. use inferred POS tags when doing NER

● Word features

– Prefixes, suffixes, other substrings (e.g. surprisingly → RB)

– Word shape (Is word all lowercase? Is word in Title-case? Is word in UPPERCASE? Is it all-digits?)

● Gazzetteers: dictionaries from external sources (e.g., for NER: make a collection of all company names in 
Estonia, and use a feature: Is the word in the collection?)

● Handcrafted features, looking at the word context (e.g., for NER: is the current word uppercase and 
followed within 3 words by Co., Inc., or LLC?)

● Label (word class) context

– Class of the previous (and perhaps the next) word

– Available during training, but how to perform decoding?



  

Maximum entropy models

● The task of classifying words is similar to document 
classification

● However, here the features are typically even more 
correlated than in document classification

– E.g. word=surpringly, suffix1=y, suffix2=ly, 
suffix3=gly, prefix2=su

● Therefore, Naive Bayes doesn’t work well for word 
classification

● Maximum entropy models (aka multinomial logistic 
regression models) are popular machine learning 
models that allow feature dependence



  

Maximum entropy classifiers

● Naive Bayes is a generative model: in 
order to estimate P(y|x), we evaluate 
P(x|y) – the probability that the class y 
generated the observation x

● Maximum entropy classifer is a 
discriminative model: it estimates P(y|x) 
directly:

ŷ=argmaxy P ( y∣x)



  

Linear classifier

● As Naive Bayes, MaxEnt is linear 
classifier

● Linear classifiers:
– Extract some set of features from input
– Multiply each active feature with its weight
– Add up the weighted features
– Apply some function to this combination



  

Linear classifier

● The simplest linear classier is potentially like 
this:

● However, the above doesn’t produce a legal 
probability distribution

– wifi(x, y) could be negative!

– The sum over all classes doesn’t sum to one!

P ( y∣x)=∑
i=1

N

wi f i(x , y ) DOESN’T WORK!



  

‘Fixing’ the simple linear classifier

● The maximum entropy classifier is a simple 
linear classifier, “fixed” using two tricks
– First, we exponentiate the weighted sum so that 

it’s always positive:

– Second, we normalize this expression (using the 
sum over all classes), so that the sum will be 
exactly 1, resulting in legal probability distribution

exp∑
i=1

N

w i f i(x , y )

P ( y∣x)=
exp∑

i=1

N

w i f i (x , y )

∑
y '∈Y

exp∑
j=1

N

w j f j(x , y ')

This is positive
But not between 0 and 1

This is positive and between
0 and 1

Also, the sum over all classes
Is exactly 1



  

Features in MaxEnt classifier

● The features in the MaxEnt classifer are slightly 
different from the features in other machine learning 
model 

● And a bit unintuitive
● It’s actually better to call them indicator functions
● The indicator functions are typically functions of both 

a traditional features and a class
● That is, they link aspects of the observation with the 

class that we want to predict



  

Indicator functions and weights in MaxEnt 
model

● Model assigns each indicator function a weight:

– A positive weight “votes” that this feature-class combination is 
likely correct

– A negative weight “votes” that this feature-class combination is 
likely incorrect

● Weights are learned from training data (we’ll see how)



  

Classification example

● Task: document 
sentiment 
analysis

● Classes: -, +
● Features:

● Learned weights:

– w1=1.9

– w2=0.9

– w3=0.7

– w4=-0.8

● Find the class probabilities for 
the following document:

● Formula:

P ( y∣x )=
exp∑

i=1

N

wi f i(x , y )

∑
y '∈Y

exp∑
j=1

N

w j f j(x , y ')



  

Classification example

● Task: document 
sentiment 
analysis

● Classes: -, +
● Features:

● Learned weights:

– w1=1.9

– w2=0.9

– w3=0.7

– w4=-0.8

● Find the class probabilities for 
the following document:

● Solution

P( y∣x)=
exp∑

i=1

N

w i f i (x , y)

∑
y '∈Y

exp∑
j=1

N

w j f j (x , y ' )



  

Training MaxEnt model

● Intuition: choose weights for indicator functions 
so that the classes observed in training data 
will be more likely

● That is: conditional maximum likelihood 
estimation

● That means, we choose weights that maximize 
the (log) probability of labels y(j) in the training 
data, given the observations x(j):

ŵ=argmaxw∑
j

log P ( y( j)∣x( j ))=argmaxw∑
j

log
exp∑

i=1

N

w i f i ( y
( j ), x( j))

∑
y '∈Y

exp∑
k=1

N

wk f k ( y ' , x
( j))



  

Training MaxEnt model

● The function that we want to maximize is the objective function:

● This is called cross-entropy loss
● In Naive Bayes, we found the parameters of the model analytically, 

by just counting the items in the training data
● The parameters of the MaxEnt models cannot be found analytically, 

instead we use “hill-climbing” methods like stochastic gradient 
ascent

● Such gradient ascent methods start with a zero weight vector and 
move in the direction of the gradient, L’(w)  the partial derivative of 
the objective function L(w) with respect to the weights

● Neural networks are trained very similarly

L(w)=∑
j

log P ( y( j )∣x( j))



  

A likelihood surface



  

Features

● Features correspond to word/context attributes that are distinctive enough to deserve model parameters

– E.g. word itself, word suffix, suffix of previous word, etc

● Features are often added during development phase to target errors

– Think of useful word/class combinations

– Also, think of “bad combinations” that should get negative weights. E.g.: “word contains digit” combined with 
Personal name should get a useful negative weight in NER

● Usually, we use feature templates that automatically generate all features that occur in training data, 
according to some template:

– word[i], word[i-1], word[i+1]

– suffix1(word[i]), suffix2(word[i]), suffix3(word[i])…

● MaxEnt models do not automatically model feature combinations

● Therefore, it’s often beneficial to include feature conjunctions, e.g.:

– word[i-1]+word[i], word[i]+word[i+1]

– word[i]+suffix2(word[i-2])

● But be careful: too many combinations generate too much features → overfitting



  

Regularization

● Usually it’s not good if we learn weights that make the 
model perfectly match the training data

● The weights try to match the data too perfectly

● Often, the features start to model noisy factors in the 
training data that just accidentally correlate with the 
class

● This is called overfitting

● To avoid overfitting, we often add a regularization term 
to the objective function:

ŵ=argmaxw=∑
j

log P ( y( j)∣x( j))−αR (w)



  

L2 regularization

● The regularization term R(w) penalizes large 
weights

● Thus a setting of the weights that matches 
the training data perfectly, but uses weights 
with high values, will be penalized more than 
than a setting that matches the data less 
well, but does so using smaller weights

● One of the most common regularization 
methods is L2 regularization

ŵ=argmaxw=∑
j

log P ( y( j)∣x( j))−αR (w)

R (w )=∑
j=1

N

w j
2



  

Why the surrounding classes improve 
performance

● Often, the classes of words can be inferred better if the classifier ‘sees’ the classes of the 
previous/next words:

– POS: 
DT    NNS    VBD          VBN
The flaws remained undetected

– NER:
O O   LOC   LOC      
I saw Mount Washington

O O   PER    PER
I saw George Washington

● However, we do not know the true classes of surrounding words at test time

● Solutions:

– Don’t use classes of surrounding words (actually works pretty good)

– Use classes of only previous words, and rely on the inferred classes during test time

– Use a sequence-aware model (Conditional Random Fields)



  

End
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