
Lecture 2: 
-gram Language Models (contd.)n

Instructor: Swabha Swayamdipta 
USC CSCI 444 Natural Language Processing 

Aug 27, 2025

Some slides adapted from Dan Jurafsky and Chris Manning
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Logistics and Announcements
• Upcoming:  

• Mon 9/1: Labor Day, no class. HW1 released 
• Mon 9/8: Project Pitches  

• Every student pitches a 5-minute project idea for which all the other students vote.  
• The pitch should outline the problem being solved and why should we care about it.  
• There should be a clear connection to language models 
• What the inputs and the outputs are, ideally with real-world examples 
• Name the project idea 
• See website for examples of projects from previous iterations of the class 

• Mon 9/8: Quiz 1 (Multiple choice questions on Brightspace; Bring your laptop!) 
• Brightspace Discussions: Start a new thread under Activities / Discussions / Forums / Topics 

• Sign up for notifications  
• Lecture Slides: Available right after class on website

3

http://swabhs.com/2503-csci444-nlp/details/project/#project-pitch-5
http://swabhs.com/2503-csci444-nlp/#similar-classes
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Probabilistic Language Modeling

4

A model that assigns probabilities to sequences 
of words is called a language model

P(w) = P(w1, w2, w3, …wn)

P(wn |w1, w2, w3, w4, …wn−1)

Goal: compute the probability of a sentence or sequence of words: 

Related task: probability of an upcoming word: 

P(w1, w2, …wn) =
n

∏
i=1

P(wi |wi−1…w1)Chain Rule
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How to estimate the probability of the next word?

5

P(that | its water is so transparent) =
Count(its water is so transparent that)

Count(its water is so transparent)

Maximum Likelihood Estimate

Too many possibilities to count! Too few sentences that look like this…

Need to make some simplifying assumptions…
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Markov Assumption

In other words, we approximate each component in the product such that it is only 
conditioned on the previous  elementsk − 1

6

P(w1, w2, …wn) = ∏
i

P(wi |wi−k+1 . . . wi−1)

P(wi |w1, w2, …wi−1) ≈ P(wi |wi−k+1 . . . wi−1)
-th order Markov Assumptionk



Fall 2025 CSCI 444: NLP                                                                                                                                                                                                            

-gram modelsn

7

P(w1, w2, …wn) ≈ ∏
i

P(wi)Unigram Model

Bigram Model P(w1, w2, …wn) ≈ ∏
i

P(wi |wi−1)

-gram Modelk P(w1, w2, …wn) ≈ ∏
i

P(wi |wi−k+1…wi−1)
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8

Definitely true for tokens in 
natural language!
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-gram Models: Limitationsn

In general this is an insufficient model of language 
• “The computer which I had just put into the machine room on the fifth floor crashed.” 

At times the dependencies are not even clear! 
• “The complex houses married and single soldiers and their families.” 
• “The horse raced past the barn fell.”  
• “The old man the boat.”  

 But we can often get away with -gram modelsn

9

Language has long-distance dependencies

Garden Path Sentences
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Estimating bigram probabilities

10

PMLE(wi |wi−1) =
c(wi−1wi)
c(wi−1)

PMLE(wi |wi−1) =
count(wi−1, wi)

count(wi−1)

Special edge case tokens: <s> and </s> for the beginning of a 
sentence and the end of a sentence, respectively

Maximum Likelihood Estimate

We do everything in 
log space to handle 

overflow issues

Counts are whole 
numbers
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For the 9222 sentences in the Berkeley Restaurant Corpus:

11

History

Next Word

Unigram 
Counts

Bigram 
Counts

wi−1

wi

P(wi |wi−1) =
c(wi−1, wi)

c(wi−1)

Bigram 
Probabilities

Most -grams are 
never seen!

n
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Lecture Outline

1. Announcements + Recap 
2. Evaluation of Language Models and Perplexity 
3. Generating from an -gram Language Model 

i. Zeroes 
4. Smoothing

n

12
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Evaluation of Language Models: 
 Perplexity

13
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Does our language model prefer good sentences to bad ones?  
•  Key Idea: Assign higher probability to “real” or “frequently observed” sentences than 

“ungrammatical” or “rarely observed” sentences?  
• In practice we don’t explicitly need to do the latter! 

We train parameters of our model on a training set.  

We test the model’s performance on data we haven’t seen.  
• A test set is an unseen dataset that is different from our training set, totally unused.  
• An evaluation metric tells us how well our model does on the test set.

14

How good is a language model?
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Extrinsic evaluation of -gram modelsn

Best evaluation for comparing models A and B 
1. Put each model in a task  

• spelling corrector, speech recognizer, MT system  
2. Run the task, get an accuracy for A and for B  

• How many misspelled words corrected properly  
• How many words translated correctly  

3. Compare accuracy for A and B

15

Text Generation: Intrinsic or Extrinsic Evaluation?

Downsides??
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Machine Learning 101

Train Set vs Test Set:  
• We can’t allow test sentences into the training set 
• We will assign it an artificially high probability when we set it in the test set  
• “Training on the test set” is bad science! And violates the honor code 
Another risk of cheating:  
• using a particular test set so often that we implicitly tune to its characteristics. 
• So how to evaluate while developing a model? Use a fresh test set that is truly unseen:  

development set! 
In practice, we often just divide our data into 80% training, 10% development, and 10% 
test.

16
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How best to evaluate an LM?

• Extrinsic evaluation can be time-consuming; hard to design 
• Which is the best task? How many tasks to try?  

• Therefore, we often use intrinsic evaluation: 
• Bad approximation  

• unless the test data looks just like the training data  
• Generally only useful in pilot experiments

17

Perplexity
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Intuition of Perplexity

18

A better model of a text is one which assigns a higher 
probability to the word that actually occurs

Unigrams are terrible at this game! 

The Shannon Game: How well can we predict the next word? 
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Perplexity

The best language model is one that best predicts an unseen test set 

•  Gives the highest , for most sentences acceptable to humansP(sentence)

19

Perplexity is the inverse probability of the test set, normalized by the 
number of words

PPL(w) = P(w1w2…wN)− 1
N
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20

Applying Markov’s 
assumption for bigrams

PPL(w) = P(w1w2…wN)− 1
N

= N
1

P(w1w2…wN)

Chain rule= N
1

∏i P(wi |w1…wi−1)

= N
1

∏i P(wi |wi−1)

Minimizing perplexity is the 
same as maximizing probability



Fall 2025 CSCI 444: NLP                                                                                                                                                                                                            

 Perplexity Example
Let’s suppose a sentence of length 50 consisting of random digits 

21

PPL(w) = P(w1w2…wN)−1
N

= (
1
10

50
)− 1

50

= 10

P(w) =

What is the perplexity of this sentence according to a model that assigns uniform probability 
to each digit?

1
10
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Lower perplexity = better model!

Training 38 million words, test 1.5 million words, from the Wall Street Journal

22

What are the two things that might affect perplexity?
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Lecture Outline

1. Announcements + Recap 
2. Evaluation and Perplexity 
3. Generating from an -gram Language Model 

i. Zeroes 
4. Smoothing

n

23
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Generating from an -gram model 
and Zeros

n

24
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Recall: BRP bigram probabilities

25

How can we generate sentences from this bigram model?
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Generating from a unigram model

• Pick <s> 
• While 1: 

• Randomly sample token  from  

• Construct cumulative distribution 
function 

• Randomly sample value  between 
0-1 

• Pick  such that  

• If  ==</s> break

w P(w)

q

w P(w) ≈ q
w

26

Image credit: 
GraduateTutor

https://www.graduatetutor.com/statistics-tutor/probability-density-function-pdf-and-cumulative-distribution-function-cdf/
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Generating from a bigram model

• Choose a random bigram (<s>, w) 
according to its probability  

• Now choose a random bigram (w, x) 
according to its probability  

• And so on until we choose </s> 
• Then string the words together

27
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The WSJ is no Shakespeare!

28
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Shakespearean -gramsn

29
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Shakespeare as a corpus

The corpus contains  tokens, with vocabulary  
Shakespeare produced 300,000 bigram types out of  million possible bigrams 

So of the possible bigrams were never seen (have zero entries in the table) 

4-grams (quadrigrams) are rarer still…  
          What's coming out looks like Shakespeare because it is Shakespeare!

N = 884,647 V = 29,066
V2 = 844

99.96 %

30

Most -grams are never seen! n
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31

So why not just sample from very high order -gram models? Do we even need 
GPT-style LLMs?

n

The successes we are seeing here is a 
phenomena commonly known as overfitting
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Overfitting bad!

-grams only work well for word prediction if the test corpus looks like the training corpus  

• In real life, it often doesn’t  
• We need to train robust models that generalize!  

• Technical terms for “doing well on the test data” or “doing well on any test data” 
• One kind of generalization: Zeros!  

• Data that don’t ever occur in the training set, but occur in the test set

n

32
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Zeros

33

Training set:  

    … denied the allegations  
    … denied the reports  
    … denied the claims  
    … denied the request

Test set  

   … denied the offer 
   … denied the loan

P (offer |denied the) =

will assign 0 probability to the test set!

What happens to perplexity??

0
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One solution: the UNK token

Problem: Word “offer” didn’t appear in the train set…many words like “Swayamdipta” 
won’t appear in most training sets! 

These are known as OOV for “out of vocabulary”, or unknown tokens 

One way to handle OOV tokens is by adding a pseudo-word called <UNK> 

We can replace all words that occur fewer than  times in the training set—where  is some 
small number—by <UNK> and re-estimate the counts and probabilities 

When not done carefully, may artificially lower perplexity

n n

34

A token is a technical term in NLP for what is commonly referred to as a word
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Lecture Outline

1. Announcements + Recap 
2. Evaluation and Perplexity 
3. Generating from an -gram Language Model 

i. Zeroes 
4. Smoothing 

i. Add-one / Laplace 
ii. Interpolation

n

35
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Intuition for Smoothing

• Types: I, like, to, eat, cake, but, want, pizza, right, now, ., Mary, told, her, brother, too 

• ?                 ? 

• All other vocabulary tokens getting 0 probability just doesn’t seem right. We want to 
assign some probability to other words 

• We want to smooth the distribution from our counts

|V | = |Vbigrams | =

36

What does a count distribution look like?
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Zipf’s Law

The distribution over words resembles that 
of a power law:  

• there will be a few words that are very 
frequent, and a long tail of words that 
are rare 

• , where  is a constant 

NLP algorithms must be especially robust to 
observations that do not occur or rarely 
occur in the training data

freqw(r) ≈ r−s s

37
Zipf, G. K. (1949). Human behavior and the principle of least effort. 
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 Smoothing ~ Massaging Probability Masses

When we have sparse statistics:  
        3 allegations  
          2 reports  
          1 claims  
          1 request  
          7 total 

Count(w |denied the)

38

Steal probability mass to generalize better:  
       2.5 allegations  
          1.5 reports  
          0.5 claims  
          0.5 request  
          2 other  
          7 total

Count(w |denied the)
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39

p( ⋅ | ⋅ )

p( ⋅ | ⋅ )

p( ⋅ | ⋅ )
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Smoothing

40
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 Add-One Estimation

1. Pretend we saw each word one more time than we did  
2. Just add one to all the counts!  
3. All the counts that used to be zero will now have a count of 1…

41

75 year old method!

MLE estimate

Add-1 estimate

PMLE (wi) =
c(wi)

∑w c(w)

PAdd−1 (wi) =
c(wi) + 1

∑w (c(w) + 1)
=

c(wi) + 1
V + ∑w c(w)

Laplace smoothing 

What happens to our  if we don’t increase the denominator?P
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Add-1 Estimation Bigrams

42

MLE estimate

Add-1 estimate

PMLE (wi |wi−1) =
c(wi−1wi)
c(wi−1)

PAdd−1 (wi |wi−1) =
c(wi−1wi) + 1
c(wi−1) + V

Pretend we saw each bigram one more time than we did 

=
c*(wi−1wi)

c(wi−1)

What does this do 
to the unigram 

counts?

Keep the same denominator as 
before and reconstruct bigram counts
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• can you tell me about any good cantonese restaurants close by 
• mid priced thai food is what i’m looking for  
• tell me about chez panisse  
• can you give me a listing of the kinds of food that are available  
• i’m looking for a good place to eat breakfast  
• when is caffe venezia open during the day

Recall: BRP Corpus

43

Unigrams

Bigramswi

wi−1
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Laplace-smoothed bigram counts

44

Just add one to all the counts! 

wi

wi−1
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 Laplace-smoothed bigram probabilities

45

PAdd−1 (wi |wi−1) =
c(wi−1wi) + 1
c(wi−1) + V
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Reconstituted Counts

46

c * (wi−1wi) =
[c(wi−1wi) + 1]c(wi−1)

c(wi−1) + V
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 Compare with raw bigram counts

47

Original, Raw

Reconstructed

Big change 
to the 

counts!

Perhaps 1 is too 
much, add a 

fraction?

Add-  smoothingk
 is a 

hyperparameter
k
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Language Model Development

48

Train

Dev

Compute Maximum Likelihood 
Estimates for Probabilities

Use during development 
to tune hyperparameters

Model

Pick value of hyperparameter 
that maximizes likelihood of 

dev / held-out corpus
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 Add-1 Estimation: Last thoughts

So add-1 isn’t used for -grams, being something of a blunt instrument 

• One-size-fits-all  

Add-1 is used to smooth other NLP models though…  
• For text classification (Naïve Bayes) 
• In domains where the number of zeros isn’t so huge

n

49
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Next Lecture (After Labor Day)

• Interpolation Smoothing for -gram models.  

• Logistic Regression 
• TODOs for you: Start thinking of project 

pitches, and look out for HW1 on Brightspace

n

50


