
CS388: Natural Language Processing

Lecture 3: Multiclass 
Classification and Language 
Modeling

Slide Credits:  Greg Durrett



Administration
‣ Homework 1 is out. Due 09/08 by midnight

‣ Reminder: Quiz 1 will cover the same topics, 09/10. Quiz 1 will be 
shorter.



Recall: Binary Classification

Logistic regression: P (y = 1|x) =
exp (

Pn
i=1 wixi)

(1 + exp (
Pn

i=1 wixi))

Gradient: differentiate the log likelihood:

Decision rule: P (y = 1|x) � 0.5 , w>x � 0

x(y � P (y = 1|x))

‣ This is the gradient of a single example. Can then apply stochastic 
gradient (or related optimization methods like Adagrad, etc.)

‣ ML pipeline: input -> feature representation, train model on labeled 
data (with stochastic gradient methods), then test on new data

these sums 
are sparse!



This Lecture
‣ Multiclass fundamentals

‣ Multiclass logistic regression

‣ Feature extraction

‣ Start NNs (if time)

‣ Language Modeling and N-grams



Multiclass Fundamentals



Text Classification

~20 classes

Sports

Health



Image Classification

‣ Thousands of classes (ImageNet)

Car

Dog



Entailment

Bowman et al. (2015)

A black race car starts up in front of a crowd of people.

A man is driving down a lonely road

A soccer game with multiple males playing.

Some men are playing a sport.

A smiling costumed woman is holding an umbrella.

A happy woman in a fairy costume holds an umbrella.

CONTRADICTS

ENTAILS

NEUTRAL

‣ Three-class task 
over sentence 
pairs

‣ Not clear how to 
do this with 
simple bag-of-
words features



Language Modeling

<latexit sha1_base64="KaV2sSfK7r7MCD6oQojvOzEXzO4=">AAACIXicbVDLSgMxFM3UV62vUZduokWoIGVGpLpQKLpxWcE+oC1DJk3b2EwyJBltGbv2Q1y71W9wJ+7EL/AvnJnOQlsPXDg5515y73F9RpW2rE8jMze/sLiUXc6trK6tb5ibWzUlAolJFQsmZMNFijDKSVVTzUjDlwR5LiN1d3AZ+/U7IhUV/EaPfNL2UI/TLsVIR5Jj7lYKQ4fCc3jv3MIHOHTCMzo+OEyeLcphLeeYeatoJYCzxE5JHqSoOOZ3qyNw4BGuMUNKNW3L1+0QSU0xI+NcK1DER3iAeqQZUY48otphcsoY7kdKB3aFjIprmKi/J0LkKTXy3KjTQ7qvpr1Y/NeLFS0EU1ML6O5pO6TcDzThePJ/N2BQCxjHBTtUEqzZKCIISxqdAHEfSYR1FGqcjT2dxCypHRXtUrF0fZwvX6QpZcEO2AMFYIMTUAZXoAKqAINH8AxewKvxZLwZ78bHpDVjpDPb4A+Mrx/HNKIJ</latexit>

P (xi = wj |x<i), wj 2 V
‣ |V|-way classification: Probability 
that the next word is w, one of |V| 
choices out of a vocabulary V

Model Vocab size

Qwen 3 30B 152K

Llama3 70B 128K

GPT 5.5 ~200k

GPT 3 ~50k

‣ Size of the vocab depends on the 
tokenizer (we’ll see more about this 
later)



Binary Classification

‣ Binary classification: one weight vector defines positive and negative 
classes

+++ +
+ +
++

- - -
-
----

-



Multiclass Classification

1 1
1 1
1 12

2
22

33
3

3

‣ Can we just use binary classifiers here?



Multiclass Classification
‣ One-vs-all: train k classifiers, one to distinguish each class from all the rest

1 1
1 1
1 12

2
22

33
3

3

1 1
1 1
1 12

2
22

33
3

3

‣ How do we reconcile multiple positive predictions? Highest score?



Multiclass Classification
‣ Not all classes may even be separable using this approach

1 1
1 1
1 12 2

22
2 2

3 3

3 3
3 3

‣ Can separate 1 from 2+3 and 2 from 1+3 but not 3 from the others 
(with these features)



Multiclass Classification

+++ +
+ +
++

- - -
-
----

-

1 1
1 1
1 12

2
22

33
3

3

‣ Binary classification: one weight 
vector defines both classes

‣ Multiclass classification: different 
weights and/or features per class



Multiclass Classification

‣ One weight vector per class:

‣ Formally: instead of two labels, we have an output space      containing 
a number of possible classes

Y

‣ Same machinery that we’ll use later for exponentially large output 
spaces, including sequences 

argmaxy2Yw
>
y f(x)

<latexit sha1_base64="5xcEwnD63bAquzvn+SxIL5JflE8="></latexit>



Feature Extraction:	
Multiclass, Token Tagging Tasks



Multiclass Bag-of-words
‣ Decision rule: 

too many drug trials, too few patients

Health

Sports

Science

= I[contains drug], I[contains patients], I[contains baseball] = [1, 1, 0]
‣ Feature extraction:

= [+2.1, +2.3, -5]whealth
<latexit sha1_base64="bJr13eR/69iriINKvks5iW3WwX4=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYBFclaQKuiy6cVnBPqANYTK9aYdOJmFmYimxn+LGhSJu/RJ3/o2TNgttPTBwOOde7pkTJJwp7Tjf1tr6xubWdmmnvLu3f3BoV47aKk4lhRaNeSy7AVHAmYCWZppDN5FAooBDJxjf5n7nEaRisXjQ0wS8iAwFCxkl2ki+XZn4/YjokYyyERCuRzPfrjo1Zw68StyCVFGBpm9/9QcxTSMQmnKiVM91Eu1lRGpGOczK/VRBQuiYDKFnqCARKC+bR5/hM6MMcBhL84TGc/X3RkYipaZRYCbzmGrZy8X/vF6qw2svYyJJNQi6OBSmHOsY5z3gAZNANZ8aQqhkJiumIyIJ1aatsinBXf7yKmnXa+5FrX5/WW3cFHWU0Ak6RefIRVeoge5QE7UQRRP0jF7Rm/VkvVjv1sdidM0qdo7RH1ifPwwylII=</latexit>

wsports
<latexit sha1_base64="XSzKwNfqXWh+OTITYoUulcWgFH8=">AAAB+nicbVDLSgMxFM34rPU11aWbYBFclZkq6LLoxmUF+4B2GDJppg3NY0gyljL2U9y4UMStX+LOvzHTzkJbDwQO59zLPTlRwqg2nvftrK1vbG5tl3bKu3v7B4du5aitZaowaWHJpOpGSBNGBWkZahjpJoogHjHSica3ud95JEpTKR7MNCEBR0NBY4qRsVLoViZhnyMzUjzTiVRGz0K36tW8OeAq8QtSBQWaofvVH0icciIMZkjrnu8lJsiQMhQzMiv3U00ShMdoSHqWCsSJDrJ59Bk8s8oAxlLZJwycq783MsS1nvLITuYx9bKXi/95vdTE10FGRZIaIvDiUJwyaCTMe4ADqgg2bGoJworarBCPkELY2LbKtgR/+curpF2v+Re1+v1ltXFT1FECJ+AUnAMfXIEGuANN0AIYTMAzeAVvzpPz4rw7H4vRNafYOQZ/4Hz+AF1UlLc=</latexit>

wscience
<latexit sha1_base64="F6pLA1X88G/Jx0pF18xk9l8Br0c=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUmqoMuiG5cV7APaECbTSTt0MgkzE7WE/IobF4q49Ufc+TdO2yy09cDA4Zx7mXNPkHCmtON8W6W19Y3NrfJ2ZWd3b//APqx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMbmZ+94FKxWJxr6cJ9SI8EixkBGsj+Xb10R9EWI9llCnCqCA09+2aU3fmQKvELUgNCrR8+2swjEkaUaEJx0r1XSfRXoalZoTTvDJIFU0wmeAR7RsqcESVl82z5+jUKEMUxtI8odFc/b2R4UipaRSYyVlOtezNxP+8fqrDKy9jIkm1OWvxUZhypGM0KwINmaRE86khmEhmsiIyxhITbeqqmBLc5ZNXSadRd8/rjbuLWvO6qKMMx3ACZ+DCJTThFlrQBgJP8Ayv8Gbl1ov1bn0sRktWsXMEf2B9/gDQJ5Tw</latexit>

= [-2.1, -3.8, +5.2]

= [+1.1, -1.7, -1.3]

= Health: +4.4 Sports: -5.9 Science: -0.6

argmax

argmaxy2Yw
>
y f(x)

<latexit sha1_base64="5xcEwnD63bAquzvn+SxIL5JflE8="></latexit>

argmaxy2Yw
>
y f(x)

<latexit sha1_base64="5xcEwnD63bAquzvn+SxIL5JflE8="></latexit>

argmaxy2Yw
>
y f(x)

<latexit sha1_base64="5xcEwnD63bAquzvn+SxIL5JflE8="></latexit>



Multiclass Logistic Regression



Multiclass Logistic Regression

‣ Compare to binary:

negative class implicitly has 
a weight vector of all zeroes

sum over output 
space to normalize

‣ Training: maximize

‣ exp/sum(exp): also called softmax

Pw(y = ŷ | x) =
exp

⇣
w>

ŷ f(x)
⌘

P
y0 exp

⇣
w>

y0f(x)
⌘

<latexit sha1_base64="NQvvZ5ErzdWRa2q2XwGKTxNbFKI="></latexit>

Pw(y = + | x) = exp(w>f(x))

1 + exp(w>f(x))
<latexit sha1_base64="Nbk7a8nlQg5sNGCO/3hvReWfsUE="></latexit>

L(D) =
nX

i=1

logPw(y(i) | x(i))
<latexit sha1_base64="23yqaR3W0m22IaHlFJrFyE6nsU4="></latexit>

=
nX

i=1

0

@w>
y(i)f(x

(i))� log
X

y0

exp(w>
y0f(x(i)))

1

A

<latexit sha1_base64="gI0aDA/HGfIRPu9/omGyzKpUaWA="></latexit>

(we’ll minimize the 
negation of this objective)



Training
‣ Multiclass logistic regression Pw(y = ŷ | x) =

exp
⇣
w>

ŷ f(x)
⌘

P
y0 exp

⇣
w>

y0f(x)
⌘

<latexit sha1_base64="NQvvZ5ErzdWRa2q2XwGKTxNbFKI="></latexit>‣ Log loss:

L(x(i), y(i)) = �w>
y(i)f(x

(i)) + log
X

y0

exp(w>
y0f(x(i)))

<latexit sha1_base64="ln3Gb/KeSKPcx/5sh2w4iKuXCMA="></latexit>

@

@wy(i)

L(x(i), y(i)) = �f(x(i)) +
f(x(i)) exp(w>

y(i)f(x
(i)))

P
y0 exp(w>

y0f(x(i)))
<latexit sha1_base64="T1Rh+xZZqS9kp9I//qY1sjPQjo8="></latexit>

@

@wy(i)

L(x(i), y(i)) = �f(x(i)) + f(x(i))Pw(y(i) | x(i))
<latexit sha1_base64="93vBymSkXtvIT98mC3akA4xvsAs="></latexit>

‣ Update for other classes is the same but without the first term



Training

too many drug trials, too few patients y* = Health

Pw(y|x) = [0.2, 0.5, 0.3]

gradient wHealth = -[1, 1, 0] + 0.2[1, 1, 0]

(made up values)

@

@wy(i)

L(x(i), y(i)) = �f(x(i)) + f(x(i))Pw(y(i) | x(i))
<latexit sha1_base64="93vBymSkXtvIT98mC3akA4xvsAs="></latexit>

f(x) = [1, 1, 0]
<latexit sha1_base64="aQ9nJj6wmJJyTxt89t1zcnp5UT0="></latexit>

gradient wSports =  0.5[1, 1, 0]

gradient wScience =  0.3[1, 1, 0]

When we make these 
updates: make Sports and 
Science look less like the 
example, make Health look 
more like it



Multiclass Logistic Regression: Summary

‣ Model:

‣ Learning: gradient descent on the log loss

‣ Inference:                                           (equivalent to finding most likely y)

“move towards f(x) in proportion to how wrong you were”

Pw(y = ŷ | x) =
exp

⇣
w>

ŷ f(x)
⌘

P
y0 exp

⇣
w>

y0f(x)
⌘

<latexit sha1_base64="NQvvZ5ErzdWRa2q2XwGKTxNbFKI="></latexit>

argmaxy2Yw
>
y f(x)

<latexit sha1_base64="5xcEwnD63bAquzvn+SxIL5JflE8="></latexit>

@

@wy(i)

L(x(i), y(i)) = f(x(i))(Pw(y(i) | x(i))� 1)
<latexit sha1_base64="BEoj8aKSDbLCOk55+rsOcIPNNKg="></latexit>

@

@wỹ
L(x(i), y(i)) = f(x(i))Pw(y(i) | x(i))

<latexit sha1_base64="tf4PzMGvFwuj/j6uS56wXRqqlNg="></latexit>



Foreshadowing

23

‣ Why are we talking about logistic regression?

‣ All the neural networks we will see in this class can be thought of  in 
terms of logistic regression 

‣ Feature extraction + softmax output layer	
‣ Loss function is the same 	
‣ Gradient updates are fundamentally the same (though handled 
efficiently via backprop) 



Language Modeling



Language Modeling

‣ Language models: place a distribution P(w) over strings w in a language. 
This is related to all of these tasks but doesn’t exactly map onto them

‣ Today: autoregressive models P (w) = P (w1)P (w2|w1)P (w3|w1, w2) . . .
<latexit sha1_base64="5t3XfUKt6X50B4ft08GzEXR9MnE="></latexit>

‣ Fundamental task in both linguistics and NLP: can we determine of a 
sentence is acceptable or not?

‣ Related problem: can we evaluate if a sentence is grammatical? 
Plausible? Likely to be uttered?

‣ Note: This is a multi-class classification task! 



Language Model Uses

26

‣ Next-token completion: turns out to be extremely useful



N-gram Language Models

‣ n-gram models: distribution of next word is a categorical conditioned on 
previous n-1 words

I visited San _____ put a distribution over the next word	
2-gram: P(w | San)	
3-gram: P(w | visited San)	
4-gram: P(w | I visited San)

P (w) = P (w1)P (w2|w1)P (w3|w1, w2) . . .
<latexit sha1_base64="5t3XfUKt6X50B4ft08GzEXR9MnE="></latexit>

P (wi|w1, . . . , wi�1) = P (wi|wi�n+1, . . . , wi�1)
<latexit sha1_base64="51rE81WXGzM2/wAnhkW3v0LmNjI="></latexit>

‣ Markov property: don’t remember all the context but only 
consider a few previous words



N-gram Language Models

‣ n-gram models: distribution of next word is a categorical conditioned on 
previous n-1 words

3-gram probability, maximum likelihood 
estimate from a corpus (count and 
normalize)

‣ Just relies on counts, even in 2008 could scale up to 1.3M word types, 4B 
n-grams (all 5-grams occurring >40 times on the Web)

P (w) = P (w1)P (w2|w1)P (w3|w1, w2) . . .
<latexit sha1_base64="5t3XfUKt6X50B4ft08GzEXR9MnE="></latexit>

P (wi|w1, . . . , wi�1) = P (wi|wi�n+1, . . . , wi�1)
<latexit sha1_base64="51rE81WXGzM2/wAnhkW3v0LmNjI="></latexit>

P (w|visited San) =
count(visited San, w)

count(visited San)
<latexit sha1_base64="GxhegjoyI97hWYhkruShxjX0v5w="></latexit>



Worked Example

29

Corpus
I visited my mom
I visited San Diego

I visited San Francisco
Bob visited San Francisco

P(w | visited San)

‣ What kind of model is this? N=?

‣ What is the probability of w=Francisco?

‣ There are (at least) two major problems 
with this approach. What are they?



Smoothing N-gram Language Models
‣ What happens when we scale to longer contexts?

P (w|to)
<latexit sha1_base64="ugGoj1cpl+AjtBDo2D1N6avCxqE="></latexit>

P (w|go to)
<latexit sha1_base64="gviebCxiw07c9SWWF6XNjmfpIfY="></latexit>

P (w|to go to)
<latexit sha1_base64="EMu71s8nGpbxZhOZ+VpMTHSPpZQ="></latexit>

P (w|want to go to)
<latexit sha1_base64="iGE4OCsLO7CODX8YRKmSmM4w2TE="></latexit>

to occurs 1M times in corpus

go to occurs 50,000 times in corpus

want to go to: only 100 occurrences

‣ Probability counts get very sparse, and we often want information from 
5+ words away

to go to occurs 1500 times in corpus

‣ What can we do?



Smoothing and BackoffModels

‣ Smoothing is very important, particularly when using 4+ gram models

I visited San _____ put a distribution over the next word

‣ Smoothing and backoff schemes get very complex!

<latexit sha1_base64="jXrPr9iACaMPdjGIfk+Sv6XaAVA="></latexit>

P (w = Francisco|visited San) =
count(visited San Francisco) + ✏

count(visited San) + ✏

‣ Backoff: if you can’t find the conditioner, use a smaller N
<latexit sha1_base64="2InDLCC6FGkgMLnc5eSSIS0USTY="></latexit>

P (w = Francisco|visited San) ⇡ P (w = Francisco|San)

‣ We won’t cover them in any more detail because they are not needed 
when using Neural Networks  



The Power of Language Modeling

‣ Requires some knowledge but not one right answer
I visited San _____

‣ Requires more knowledge (one answer…or is there?)
The capital of Texas is _____

‣ Flat distribution over many alternatives. But hard 
to get a good distribution?

My name _____

‣ Requires basically doing sentiment analysis!
The casting and direction were top notch. Overall I thought the movie was ___

My name is _____

‣ One good option (is)?



Neural Net History



Connectionism

34

‣ Neural networks as mathematical models of the mind: longstanding idea

‣ McCulloch and Pitts (1943), Rosenblatt perceptron (1958)

‣ Long-standing debate in cognitive science on what NNs can and can’t do	
‣ Minsky and Papert (1969): Perceptrons can’t even model XOR. 
Effectively killed NNs for decades.

‣ Parallel Distributed Processing (McClelland and Rumelhart, 1987) 
resurrected them. 



History: NN “dark ages”
‣ Convnets: applied to MNIST by LeCun in 1998

‣ LSTMs: Hochreiter and Schmidhuber (1997)

‣ Henderson (2003): neural shift-reduce parser, not SOTA



2008-2013: A glimmer of light…

‣ Collobert and Weston 2011: “NLP (almost) from scratch”
‣ Feedforward neural nets induce features for 
sequential CRFs (“neural CRF”)

‣ Basically tied SOTA in 2011, but with lots of 
computation (two weeks of training embeddings)

‣ Socher 2011-2014: tree-structured RNNs working okay

‣ Krizhevskey et al. (2012): AlexNet for vision

‣ What else got a lot better around this time? GPUs!



2014: Stuff starts working

‣ Sutskever et al. + Bahdanau et al.: seq2seq for neural MT (LSTMs)

‣ Kim (2014) + Kalchbrenner et al. (2014): sentence classification / sentiment 
(convnets)

‣ Chen and Manning transition-based dependency parser (based on 
feedforward networks)

‣ What made these work? Data (internet, GPUs), optimization 
(initialization, adaptive optimizers), representation (good word 
embeddings)



Takeaways

‣ Next time: neural networks

‣ Extension of multiclass logistic regression with a nonlinearity

‣ Two views of multiclass logistic regression:

‣ Different weights: one weight vector per class, fixed features

‣ Different features: single weight vector for all classes, features differ for 
each class (but in a systematic way)

‣ Gradient looks like binary logistic regression gradient: softly move gold 
weight vector towards the example (also move all other weight vectors 
away from the example)


