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Announcements + Logistics

• HW1 is due by Feb 4, 11:59 PM PT

• Project pitch on Jan 26 → find your project team ASAP! (if not individual project)

• List of suggested project ideas from my lab: [LINK]

• Project team finalized by end of Jan → submit your team by Feb 2 and no more adjustment!

• Project proposal is due by Feb 11, 11:59 PM PT

• Please use Slack to find teammates

• Classes will not be recorded, but under extreme circumstances, we might allow folks to join over zoom

• Sharing slides after class…
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https://docs.google.com/document/d/14eu4jjTQHEL2IKbHA5kGN1hU45EBZ4uR96fMZWk6yGc/edit?usp=sharing
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Lots and lots of text data

2-gram LM 

probabilities
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Larger Example: 

Berkeley Restaurant Project (BRP)

• 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

5

Total: 9222 similar sentences
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BRP: Raw Counts 
Out of 9222 sentences
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History

Next Word
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BRP: Bigram Probabilities
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𝑤𝑖−1

𝑤𝑖

Bigram Probabilities: Raw bigram counts normalized by unigram counts

𝑃(𝑤𝑖|𝑤𝑖−1) =
𝑐(𝑤𝑖−1, 𝑤𝑖)

𝑐(𝑤𝑖−1)
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Perplexity

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

• Gives the highest 𝑃(sentence)

8

𝑃𝑃𝐿(𝐰) = 𝑃(𝑤1𝑤2…𝑤𝑁)
−
1
𝑁
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Lower perplexity = better model!

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

9

What are the two things that might affect perplexity?
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Language Model Development

10

Compute Maximum Likelihood Estimates for 
Probabilities

Compute 
Perplexity

Use during development to 
tune hyperparameters

Compute Accuracy
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Language Model Development
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Compute Maximum Likelihood Estimates for 
Probabilities

Compute 
Perplexity

Use during development to 
tune hyperparameters

Generate Tokens
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Shakespearean n-grams
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The WSJ is no Shakespeare!

13
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So why not just sample from very high order n-gram models? Do we even need ChatGPT?

Shakespearean corpus 

cannot produce WSJ 

vocabulary and vice versa
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Overfitting bad!

N-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! 

• Things that don’t ever occur in the training set 

• But occur in the test set

15
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N-gram models: Common Issues that need handling

At test time, we might encounter:

• Token never seen in context (i.e. n-gram with 0 frequency)

• Token never seen (unigram with 0 frequency)

• More severe!

• Problem: Many words like “Petrichor” won’t appear in most training sets!

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

16
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Missing n-grams

17

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) = 0

will assign 0 probability to the test set!

And hence we cannot compute perplexity  

• No one can divide by 0!
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Missing Unigrams: the <UNK> token

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

Closed Vocabulary: Only allow a list of predetermined tokens, everything else (in the training data) is 

<UNK>

We can replace all words that occur fewer than n times in the training set, where n is some small 

number, by <UNK> and re-estimate the counts and probabilities

When not done carefully, may lead to artificially lower perplexity

18
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Smoothing
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Intuition for Smoothing

• 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

20

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

• 𝑓𝑟𝑒𝑞𝑤(𝑟) ≈ 𝑟−𝑠

NLP algorithms must be especially robust to 

observations that do not occur or rarely occur 

in the training data

21
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Smoothing ~ Massaging Probability Masses
When we have sparse statistics: 𝐶𝑜𝑢𝑛𝑡(𝑤|denied the)
 3 allegations 

2 reports 

1 claims 

1 request 

7 total 

22

Steal probability mass to generalize better: 𝐶𝑜𝑢𝑛𝑡(𝑤|denied the)

 2.5 allegations 

1.5 reports 

0.5 claims 

0.5 request 

2 other (or, <UNK>)

7 total
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Add-One Estimation

Pretend we saw each word one more time than we did 

Just add one to all the counts! 

All the counts that used to be zero will now have a count of 1…

23

𝑃𝑀𝐿𝐸(𝑤𝑖) =
𝑐(𝑤𝑖)

∑𝑤𝑐(𝑤)

𝑃𝐴𝑑𝑑−1(𝑤𝑖) =
𝑐(𝑤𝑖) + 1

∑𝑤(𝑐(𝑤) + 1)
=

𝑐(𝑤𝑖) + 1

𝑉 + ∑𝑤𝑐(𝑤)

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

24

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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Recall: BRP Corpus

25

• 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

𝑤𝑖

𝑤𝑖−1
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Laplace-smoothed bigram counts

26

𝑤𝑖

𝑤𝑖−1
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Laplace-smoothed bigram probabilities

27

𝑃𝐴𝑑𝑑−1(𝑤𝑖|𝑤𝑖−1) =
𝑐(𝑤𝑖−1𝑤𝑖) + 1

𝑐(𝑤𝑖−1) + 𝑉



CSCI 444: NLP                                                                                                                        

Reconstituted Counts

28

𝑐 ∗ (𝑤𝑖−1𝑤𝑖) =
[𝑐(𝑤𝑖−1𝑤𝑖) + 1]𝑐(𝑤𝑖−1)

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

29

Original, Raw

Reconstructed

Perhaps 1 is too 

much, add a 

fraction?
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Add-1 Estimation: Last thoughts

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

• One-size-fits-all 

Add-1 is used to smooth other NLP models though… 

• For text classification 

• In domains where the number of zeros isn’t so huge

30
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Interpolation

Perhaps use some pre-existing evidence

• Condition on less context for contexts you haven’t learned much about 

31

• mix unigram, bigram, trigram probabilities for a trigram LM

• mix n-gram, (n-1)gram, … unigram probabilities for an n-gram LM
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Linear Interpolation

32

𝑃
̂
(𝑤𝑖|𝑤𝑖−2𝑤𝑖−1) = 𝜆3(𝑤𝑖−2

𝑖−1)𝑃(𝑤𝑖|𝑤𝑖−2𝑤𝑖−1)

+𝜆2(𝑤𝑖−2
𝑖−1)𝑃(𝑤𝑖|𝑤𝑖−1)

+𝜆1(𝑤𝑖−2
𝑖−1)𝑃(𝑤𝑖)

𝑃
̂
(𝑤𝑖|𝑤𝑖−2𝑤𝑖−1) = 𝜆1𝑃(𝑤𝑖)

+𝜆2𝑃(𝑤𝑖|𝑤𝑖−1)

+𝜆3𝑃(𝑤𝑖|𝑤𝑖−2𝑤𝑖−1)

∑
𝑘
𝜆𝑘 = 1

Different for every 

unique context

Hyperparameters!

Reconstituted Counts
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How to set the 𝜆s?

33
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Language Model Development

34

Compute Maximum Likelihood Estimates for 
Probabilities

Use during development to 
tune hyperparameters

Pick value of hyper parameter that 
maximizes likelihood of dev / held-out 

corpus
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How to set the 𝜆s?

Choose λs to maximize the probability of held-out data: 

• Fix the n-gram probabilities (on the training data) 

• Then search for λs that give largest probability to held-out set:

35

𝑙𝑜𝑔𝑃(𝑤1. . . 𝑤𝑛|𝑀(𝜆1…𝜆𝑘)) = ∑
𝑖
𝑙𝑜𝑔𝑃𝑀(𝜆1...𝜆𝑘)(𝑤𝑖|𝑤𝑖−1)
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Backoff and Discounting

Still need a correct probability distribution!

• Discount higher order n-grams by 𝑑 to save some probability mass for the lower order n-grams

• need a function 𝛼 to distribute this probability mass to the lower order n-grams

36

• use trigram if you have good evidence,

• otherwise bigram, otherwise unigram 
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Stupid Backoff

No discounting, just use relative frequencies

Don’t care about a valid language model

37

Hyperparameter!
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Absolute discounting: just subtract a little from each count

Consider an n-gram with count of 4. Suppose we wanted to subtract 
a little from this to save probability mass for the zeros 

• How much to subtract ? 

Church and Gale (1991)’s clever idea 

• Divide up 22 million words of AP Newswire 

• Training and held-out set 

• for each bigram in the training set 

• see the actual (averaged) count in the held-out set! 

It sure looks like 𝑐∗ ≈ (𝑐 − .75)

38
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Absolute Discounting Interpolation

Save ourselves some time and just subtract 0.75 (or some 𝑑, such that 0 ≤ 𝑑 < 1)! 

• Maybe keeping a couple extra values of 𝑑 (for counts 1 and 2 and 3) 

39

But should we really just use the regular unigram 𝑃(𝑤𝑖)?

𝑃𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑖𝑛𝑔(𝑤𝑖|𝑤𝑖−1) =
𝑐(𝑤𝑖−1𝑤𝑖) − 𝑑

∑𝑤𝑐(𝑤𝑖−1𝑤)
+ 𝜆(𝑤𝑖−1)𝑃(𝑤𝑖)

Discounted Bigram
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Smoothing ~ Massaging Probability Masses
When we have sparse statistics: 𝐶𝑜𝑢𝑛𝑡(𝑤|denied the)
 3 allegations 

2 reports 

1 claims 

1 request 

7 total 

40

Steal probability mass to generalize better: 𝐶𝑜𝑢𝑛𝑡(𝑤|denied the)

 2.5 allegations 

1.5 reports 

0.5 claims 

0.5 request 

2 other (or, <UNK>)

7 total
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Early Neural Language 
Models

41
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Words, words, words

42

Types, types, types
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Word: Types & Tokens

“The cat chased the cat.”

• Word types: the, cat, chased → 3 types

• Word tokens: the, cat, chased, the, cat → 5 tokens

So:

• Word = the linguistic item

• Type = the category representing identical items
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What do words mean?

A sense or “concept” is the meaning component 
of a word

Lemmas

• Canonical form

• For example, 
break, breaks, broke, broken and breakin
g all share the lemma “break”

Can be polysemous (have multiple senses)

44
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Synonymy
Synonyms: words that have the same meaning in some or all contexts

• couch / sofa 

• automobile / car 

• water / H20

Is perfect synonymy possible?

• Even if many aspects of meaning are identical 

• Still may differ based on politeness, slang, register, genre, etc.

• e.g. cannot use H20 in a surfing guide!
45
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Similarity

Words with similar meanings. Not synonyms, but sharing some element of meaning

46

Not to be confused with word association / relatedness:

• couch / sofa vs. couch / pillow
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Antonymy

Senses that are opposites with respect to only one feature of meaning 

Otherwise, they are very similar!

• e.g. dark/light, short/long,  fast/slow,  rise/fall, hot/cold, up/down,  in/out 

More formally: antonyms can 

• define a binary opposition or be at opposite ends of a scale

• e.g. long/short, fast/slow 

• be reversives: denote opposing processes

• rise/fall, up/down

47
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WordNet
• WordNet® is a large lexical database of English

• Nouns, verbs, adjectives and adverbs are grouped into sets of synonyms (synsets), each expressing a distinct concept

• Relations between synsets:

• Super-subordinate relations (hyperonymy, hyponymy or ISA relation)

• an armchair is a kind of chair, chair is a kind of furniture

• Meronymy (part-of) 

• chair has legs

• Antonymy

48
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n-grams and Semantics

• n-grams do not represent meaning well

• Do not tell us that the word “rancor” is close in meaning to the word “hatred”

• Or that “Rise” and “Fall” have opposite meanings

• Let alone more complex is-a or part-of relations

49
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n-grams and Semantics

• n-grams do not represent meaning well

• Do not tell us that the word “rancor” is close in meaning to the word “hatred”

• Or that “Rise” and “Fall” have opposite meanings

• Let alone more complex is-a or part-of relations

• Discrete representations of meaning!

• Next: feature representations which are continuous

50
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Words as Vectors

In NLP, we commonly represent word types with vectors!

• But why?

• Very useful in capturing similarity between words, and other 
forms of lexical semantics (e.g. synonymy, hypernyms, antonymy)

• Computing the similarity between two words (or phrases, or 
documents) is extremely useful for many NLP tasks 

• Q: How tall is Mount Everest? 

• A: The official height of Mount Everest is 29029 ft

51
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• Similarity for 

plagiarism 

detection

• Word similarity 

can lead to 

sentence and 

document 

similarity

52
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• Visualizing 

semantic change 

over time

• New words: 

dank, 

cheugy, 

rizz, 

shook, 

situationsh

ip

53
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Discrete representations

• So far, words are regarded as atomic symbols: hotel, conference, walk

• Missed nuances: synonyms, antonyms

• WordNet taxonomy

54
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- Firth (1957)

“You shall know a word by the company it keeps.” 

55

Words as Vectors
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• The meaning of a word can be given by its distribution in language usage:

• One way to define "usage": words are defined by their environments 

• Neighboring words or grammatical environments

• Intuitions: Zellig Harris (1954): 

• “oculist and eye-doctor … occur in almost the same environments” 

• “If A and B have almost identical environments we say that they are synonyms.” 

56

Word Meaning via Language Use
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Word Meanings via Language Properties

• Meaning of a word can be determined by some properties of the word

• Point in space (Osgood et al., 1957)

• Example Properties: Affective Dimensions 

57
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Defining meaning as a point in space based on distribution

• Each word = a vector 

• not just “good” or “word#45” 

• Similar words are “nearby in semantic 

space”

• We build this space automatically by 

seeing which words are nearby in text

• 2-D representation

58
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Word Embeddings

• Represent a word as a point in a multidimensional semantic 
space

• Space itself constructed from distribution of word 
neighbors

• Called an "embedding" because it's embedded into a space 

• Fine-grained model of meaning for similarity

59
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Announcements + Logistics

• HW1 is due by Feb 4, 11:59 PM PT

• Project pitch on Jan 26 → find your project team ASAP! (if not individual project)

• List of suggested project ideas from my lab: [LINK]

• Project team finalized by end of Jan → submit your team by Feb 2 and no more adjustment!

• Project proposal is due by Feb 11, 11:59 PM PT

• Please use Slack to find teammates

• Classes will not be recorded, but under extreme circumstances, we might allow folks to join over zoom

• Sharing slides after class…

60

https://docs.google.com/document/d/14eu4jjTQHEL2IKbHA5kGN1hU45EBZ4uR96fMZWk6yGc/edit?usp=sharing
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