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Automatic, as opposed to manual
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Human language, as opposed to 

programming languages

Natural Language Processing
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Automatic, as opposed to manual

2

Human language, as opposed to 

programming languages

Natural Language Processing

NLP today = Almost entirely Language Models

More generally, language +
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• Field at the intersection of computer science, AI (especially machine learning or deep 

learning) and linguistics

• Processing: produce outputs ( ) with language or text as input ( )

• Outputs and inputs can contain other modalities (images, videos) as well

What is

Natural Language Processing ?
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• Field at the intersection of computer science, AI (especially machine learning or deep 

learning) and linguistics

• Processing: produce outputs ( ) with language or text as input ( )

• Outputs and inputs can contain other modalities (images, videos) as well

• In today’s parlance, NLP is the science behind language models

• Goal: for AI to interact with humans using our language, towards performing useful tasks

• Challenge: understanding and representing the meaning of language is something even 

humans struggle with

What is

Natural Language Processing ?
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4

Artificial Intelligence

Machine Learning and Natural Language Processing

Deep Learning

Generative AI 

Language

Models
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Language Models

• Task: Given a sequence of words so far (the context), 

predict what comes next

• But today, variants of language models are used

• As chat models

• As supercharged autocompletes

• As instruction-following assistants

• And many more…

• It’s hard to know exactly how these models might 

respond, making these models stochastic / probabilistic

• Contrast this with rule-based systems which 

respond exactly the same way each time 

(deterministic systems)
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Language Models are the most 

popular form of AI today!
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Language is a key modality
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Language Models Are Everywhere

Data 

Analysis

Customer 

Service
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Human or AI?
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GPT-4 Passes the Bar Exam!
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Why does this work?
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The model has seen how to do a lot of tasks already 

when it was being built!
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Memorization vs. generalization
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Language models are getting larger (LLMs), trained on 

large quantities of data, and containing billions of 

parameters: only a few key players can develop them
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Language Models are far from perfect

Privacy and Copyright 

Issues

Ethical Issues 

and Biases
Hallucination leading 

to misinformation
17
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Lecture Outline

18

1. Course Introduction

2. Course Logistics

3. Probabilistic Language Models

4.   n-gram Language Models
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Class Logistics

16
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Instructor, Website and Students

• Associate Professor, CS, USC

• Spent time at AI2, Snapchat, Stanford, Sahara AI

• PhD in Computer Science, University of Illinois Urbana Champaign

• Research interests: NLP, large language model reasoning, generalization, model safety and

trust, Attribution, memorization, and provenance; Efficient inference time method and scaling

• Personal website: https://www.seanre.com/

https://www.seanre.com/
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Instructor, Website and Students

Lectures + Readings:

https://inklab.usc.edu/cs444_s26/

Announcements etc. on Brightspace

https://inklab.usc.edu/cs444_s26/
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Instructor, Website and Students

Now your turn!

• Name

• Degree Status (Junior, Senior, etc.)

• Why this class?

Lectures + Readings:

https://inklab.usc.edu/cs444_s26/

Announcements etc. on Brightspace

• One fun fact

https://inklab.usc.edu/cs444_s26/
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Class Syllabus

Pre-Neural Age of 

LMs (-2013) Early LMs 

(2013-2018)

Modern LMs 

(2018-2022)

LMs today (2023-present)
18
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Concrete Outcomes

• Fundamentals of language modeling

• Build some language models - homework assignments and / or class 

projects

• Learn the connections between this language model and commercial 

language models such as ChatGPT or Gemini

• Current capabilities and outstanding issues with language models, along 

with exciting new problems

24
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What the class will NOT cover

• Detailed discussion on NLP 

classification tasks, e.g. question 

answering

• Classical NLP algorithms for structured 

prediction

• e.g. logical semantics and lambda 

calculus

• sequence tagging tasks

• In-depth discussion of linguistics

25



CSCI 444: NLP

What the class will NOT cover

• Detailed discussion on NLP 

classification tasks, e.g. question 

answering

• Classical NLP algorithms for structured 

prediction

• e.g. logical semantics and lambda 

calculus

• sequence tagging tasks

• In-depth discussion of linguistics

In other words, this class should have been named 

“Language Models”
26
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Class Deliverables

27

• Homework Assignments: 6% X 3 = 18%

• Class Project:

• Pitch: 5%

• Proposal: 5%

• Midterm Report: 15%

• Final Project Presentation: 15%

• Final Report: 15%

• Paper Review and Presentations: 12%

• Class Participation: 15%
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Class Deliverables
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• Homework Assignments

• 6% X 3: There will be three coding homework assignments 

based on the topics of the class.
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Class Deliverables
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• Paper Review and Presentations: 12%

The course explores topics through a series of assigned readings in the form of research 

papers and book chapters. Also, the semester project would require a literature review. 

Students will select one reading option and submit a two-page summary of that 

reading and present the review in teams of 3 and drive discussion in the class. 



CSCI 444: NLP

Class Deliverables

30

• Semester Project (55%):

• Pitch: 5%

• Proposal: 5%

• Midterm Report: 15%

• Final Project Presentation: 15%

• Final Report: 15%

Each student will do a class project based on the topics covered in the 

class or suggested by the instructor. Students can propose their own 

project, do the research and build a proof-of-concept (e.g. via a demo

video) or conduct experiments to produce results, and present the project 

in their report.
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Class Project Topics - Examples

Forage: ML Generated Recipes

Learning the Language of Wine

Machine Translation from Inuktitut to

s in Social

Commentary

Authorship Attribution with Limited Text

When Was it Written?

See more: Stanford CS229

Machine Learning

Detoxifying Language Model with Context

Distillation

Haiku Generation with Large Language

Models

Legal-SBERT: Creati

English

ng a Sentence Tranformer DISCo: Detecting Insult

for the Legal Domain and Generating Data

Prompting for Diverse Responses: Making

Large Language Models More Truthful

See more: Stanford 

CS224n Projects

31
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Class Project Topics - Examples

Forage: ML Generated Recipes

Learning the Language of Wine

Machine Translation from Inuktitut to

s in Social

Commentary

Authorship Attribution with Limited Text

When Was it Written?

See more: Stanford CS229

Machine Learning

Detoxifying Language Model with Context

Distillation

Haiku Generation with Large Language

Models

Legal-SBERT: Creati

English

ng a Sentence Tranformer DISCo: Detecting Insult

for the Legal Domain and Generating Data

Prompting for Diverse Responses: Making

Large Language Models More Truthful

See more: Stanford 

CS224n Projects

Creativity in choosing new and interesting 

problems often get rewarded!

32
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Class Deliverables
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• Class Participation: 15%

Each student’s engagements in course discussions during class 

and during project discussions.
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Textbooks

• Jurafsky and Martin. “Speech and Language Processing.” 3rd Ed. This textbook 

contains chapters on the fundamentals of natural language processing.

• Eisenstein. “Natural Language Processing.” This textbook contains an overview of 

machine learning approaches for NLP.

• Goldberg. “Neural Network Methods for Natural Language Processing.” This 

textbook provides a deep learning perspective towards NLP.

Website contains links to chapters, 

available for free
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Lecture Outline

35

1. Course Introduction

2. Course Logistics

3. Probabilistic Language Models

4. n-gram Language Models
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Probabilistic 

Language Models!

25
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Probabilistic Language Modeling

A model that assigns probabilities to sequences of words (e.g., either of

these: P(w) or P(wn | w1,w2,éwnī1)) is called a language model

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

P(w) = P(w1,w2,w3,w4,w5,éwn)

Difference

37

P(wn | w1,w2,w3,w4,éwnī1)Related task: probability of an upcoming word:
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How to compute P(W)?

“its water is so transparent that you can see the bottom”

P(its water is so transparent that you can see the bottom)

P(its, water, is, so, transparent, that, you, can, see, the, bottom)

How to compute this joint probability, P(w) = P(w1,w2,w3,w4,w5,éwn) ?

e.g. P(its, water, is, so, transparent, that)

38
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How to compute P(W)?

Intuition: let’s rely on the Chain Rule of Probability

“its water is so transparent that you can see the bottom”

P(its water is so transparent that you can see the bottom)

P(its, water, is, so, transparent, that, you, can, see, the, bottom)

How to compute this joint probability, P(w) = P(w1,w2,w3,w4,w5,éwn) ?

e.g. P(its, water, is, so, transparent, that)

39
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Chain Rule for words in a sentence

P(its water is so transparent) = P(its)Ĭ

P(water | its)Ĭ

P(is | its water)Ĭ

P(so | its water is)Ĭ

P(transparent | its water is so)

n

P(w1,w2,éwn) = ∏ P(wi | wiī1éw1)

i=1

Ordering matters in 

language!

40
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Why Probabilistic Models?

Why would you want to predict upcoming words, 

or assign probabilities to sentences?

• Probabilities are essential for language 

generation

I will be back soonish

I will be bassoon dish

41
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Why Probabilistic Models?

Why would you want to predict upcoming words, 

or assign probabilities to sentences?

• Probabilities are essential for language 

generation

• Any task in which we have to identify words 

in noisy, ambiguous input, like speech 

recognition

I will be back soonish

I will be bassoon dish

Your so silly

You’re so silly

42
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Why Probabilistic Models?

Why would you want to predict upcoming words, 

or assign probabilities to sentences?

• Probabilities are essential for language 

generation

• Any task in which we have to identify words 

in noisy, ambiguous input, like speech 

recognition

• For writing tools like spelling correction or 

grammatical error correction

I will be back soonish

I will be bassoon dish

Your so silly

Everything has improve

You’re so silly

Everything has improved

43
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Probabilistic Language Models

Text generation:

• P(high winds tonight) > P(large winds tonight) 

Spell Correction:

• P(I'm about fifteen minuets away) < P(I'm about fifteen minutes away) 

Speech Recognition:

• P(I saw a van) > > P(eyes awe of an) 

Summarization, question-answering, etc., etc.!!

But how to learn these probabilities?

44
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Probability Estimation via Statistical Modeling

Suppose we have a biased coin that’s heads with probability p.

Suppose we flip the coin four times and see (H, H, H, T). What is p?

We don’t know what

of data sequence (H,H,H,T)

p is — could be 0.5! But p = 3/4 = 0.75 maximizes the probability

The probability of the data is ppp(1īp) : if you take the derivative and set it equal to 

zero and find p = 0.75

maximum likelihood estimate

45
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n-gram Language Model

The decision for what words occur after a word w is exactly the same as the biased coin, 

but with many possible outcomes (as many as all the English words) instead of 2

Vocabulary

Corpus

46
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How to estimate the probability of the next word?

No! Too many possible sentences!

We’ll never see enough data for estimating these

P(that | its water is so transparent)

Could we just count and divide?

47



CSCI 444: NLP

Markov Assumption

P(that | its water is so transparent )åP(that | transparent)

Andrei Markov

Or maybe…

P(that | its water is so transparent)åP(that | so transparent)

Simplifying Assumption:

48
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• TODOs for you

• Start talking to each other and seeking out potential teammates

• Think about your project topic and ideas. Reach out to each

other and on Slack!

• Next Class

• n-gram Language Models contd.

49
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