Classification
Recap: classification
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Learning with perceptron
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Another example with two predictors
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« Instead we fit a regression model for
logit(p) = whx + b

+ The probability estimate s the
inverse of logit, the logistic (sigmoid)
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Fitting a logistic regression model Naive Bayes
. P S  Nate Baye s another probabilstccassfcaton method.
Trew ) « In any classification task, our aim is to find
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Maximum-margin methods (e.g., SVMs) Maximum-margin methods (e.g., SVM:

+ In perceptron, we stop whenever we  In perceptron, we stop whenever we
found a inear discriminator found a inear discriminator
+ Maximum-margin classfers sck a + Maximummargin classifers seck
5 e margin
+ SVMs have other nteresting properties, + SVMs have ofher intereting propertie,
and they have been one o the best and they have been one ofthe best
“out-of-the-bor classifiers for many “outof-the-bo classfers for many
problems problems
Decision trees Instance/memory based methods
+ Notraining: just memorize the instances
¢ + During test time, decide based on the k
a nearestneighbors
« Like decision trees, KNI i nonlinear
« Itcan also be used for regression
« Note




More than two classes.

+ Some algorithms can naturally be extended to handle multiple class labels
« Any binary classifier can be turned into a k-way classifier by
OVR one-va-restor one-vs-all

= atprecdicion time th classfie with the highest canfdence wins
s  confdence score from the base classfers
OVO ane-vsone
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« decision s mado by (weighted) majorty vote

Measuring success in classification

Accuracy precision,recal, Fscore
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Multi-class evaluation

Confusion matrix

Preventing overfitting

+ Add more training data
+ Increase data quality
+ Lower model complexity
- Simpler models
- Regularization
- For itrative methods, stop early
« Inmost i
optimization
« Always check the model perforformance on a held-out (development /
validation) set.

« Kefold cross-validation s a method for efficient use of available labeled data

Bias and variance

Bias of
and the expected value of the estimate
BIW) = E0] —w
« An unbiased estimator has 0 bias

Variance of an estimate i, simply is variance, the value of the squared
feviations from the mean estimate

var(f) = E [ (- E6)?]

w s the parameter (vector) that defines the model

Bias-variance relationship is a trade-off:
‘models with low bias result in high variance.

« For multiclass problems, it i common to report average o LR Ry C=fi
precision;recallf-score
« For C classes, averaging can be done two ways: predicted
o - . negative _neutral _positive
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+ Are the classes balanced?
([ctreng « Whatis the accuracy?
« The averaging can also be useful for binary classification, if there i no natural
Saskies s « Whatis per-class, and averaged precision recall?
Overfitting & Underfitting Causes of overfitting
) Model complxiy
W seant our models to genealz, perform wel on unsee data Quadratc ith degree
.0 when the model lea the training
data
« Underfiting occurs when the model is not flexible enough for solving the B &
problem at hand
We want simpler modcls, but not too simple for the task at hand >
Causes of overfitting Causes of overfitting
) Naise () Lackof rning dta
With noise Nonoise E

ML evaluation in general

r that you nust

person
o fool. ~ Richard P. Feynman

+ We want models with low bias and low variance, but this is a trade-off
« Estimators/models with high variance (hence, low /no bias) are likely to
it

. low variance (hence, high bi
« Evaluating ML system requires special care:
Tuning your system on a development set
Cross-validation allows efficient use of labeled data during tuning

are likely to underfit

« I most cases, the scores are not meaningful by themselves, we need o
compare with basclines

Final remarks

+ Most NLP problems we try to solve are classification problems
+ We reviewed some of the ‘traditional” classification methods
+ Understanding them will help understanding more ‘modern’ methods

sometimes their performance may surprise you
Next
Mon/Wed Gradient descent,reading; Jurafsky and Martn (2026, Section 4.6)
Fri Lab: numpy tutorial

plex models, and




of information (cont.)

Some source

ources of information
st of the methods reviewed (and more), here are
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https://www.statlearning.com/
https://web.stanford.edu/~jurafsky/slp3/
http://www.inference.phy.cam.ac.uk/itprnn/book.html
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