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Logistic regression
• a.k.a. “Maximum Entropy” a.k.a. “Log-Linear Classifier”

• Kinda like Naive Bayes, but:
• No Bayes Rule.  Just directly define a function for p(y | text).

• Learn all feature weights jointly

• Correlated features don’t “double count”

• Better to “throw in lots of features”

• Discriminative training:  optimize for label predictions

• p(y | text), not p(y, text)

• Tends to work a bit better than NB - best baseline method

• Good off-the-shelf implementations: use scikit-learn

• Requires regularization (similar to NB pseudocount smoothing) 

• Advanced: integrate with neural networks
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• Input document d  (a string...)

• Engineer a feature function, f(d), to generate feature vector x  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f(d) x

Features! Features!
Features!

• Not just word counts.  Anything that might be useful!

• Feature engineering: when you spend a lot of trying and testing new features.  Very 
important!!  This is a place to put linguistics in, or just common sense about your data.

f(d) = 

Count of  “happy”,
(Count of “happy”) / (Length of doc),
log(1 + count of “happy”),
Count of “not happy”,
Count of words in my pre-specified word list, 
“positive words according to my favorite 
psychological theory”,
Count of several different “happy” emoticons
Count of “of the”,
Length of document,
...

Typically these use feature templates:
Generate many features at once

for each word w:
  - ${w}_count
  - ${w}_log_1_plus_count
  - ${w}_with_NOT_before_it_count
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Negation

Add%NOT_%to%every%word%between%negation%and%following%punctuation:

didn’t like this movie , but I

didn’t NOT_like NOT_this NOT_movie but I

Das,%Sanjiv and%Mike%Chen.%2001.%Yahoo!%for%Amazon:%Extracting%market%sentiment%from%stock%
message%boards.%In%Proceedings%of%the%Asia%Pacific%Finance%Association%Annual%Conference%(APFA).
Bo Pang, Lillian Lee, and Shivakumar Vaithyanathan.  2002.  Thumbs up? Sentiment Classification 
using Machine Learning Techniques. EMNLP-2002, 79—86.
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• Compute the dot product 

• Compute the logistic function for the label probability
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Why the logistic function?
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Gradient ascent learning
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• Follow direction of steepest ascent. Iterate

�(new) = �(old) + ⌘
@`

@�

`(�) =

|X|X
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logP (yi|xi;�)
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Binary vs. Multiclass

• Binary logreg: let x be a feature vector for the doc, and y either 0 or 1
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� is a weight vector across the x features.p(y = 1|x,�) = exp(�Tx)

1 + exp(�Tx)

• Multiclass logistic regression:


