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Language is a key modality
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Automatic, as opposed to manual

Human language, as opposed to 

programming languages

Natural Language Processing
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What is

• Field at the intersection of computer science, AI (especially machine learning) and linguistics

• Goal: for computers to process human language, similar to human understanding, towards performing useful 

tasks

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

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

4

Natural  Language  Processing ?
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Today’s NLP

https://chatgpt.com/

https://chatgpt.com/


CSCI 662: Advanced NLP

Today’s NLP

https://openscholar.allen.ai/,

https://openscholar.allen.ai/
https://openscholar.allen.ai/
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A General Framework for NLP Systems

• Create a function to map an input X into an output Y, where X

and/or Y involve language.

Input X

Text 

Text 

Text 

Text 

Image

Output Y

Continuing Text

Text in Other Language

Label 

Linguistic Structure

Text

Task

Language Modeling

Translation

Text Classification 

Language Analysis 

Image Captioning
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Language Models Are Everywhere

Data 

Analysis

Customer 

Service

8
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Human or AI?

9
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4

Artificial Intelligence

Machine Learning and Natural Language Processing

Deep Learning

Generative AI 

Language

Models
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6

Language Models are the most 

popular form of AI today!
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Language Models

• Task: Given a sequence of words so far (the context), 
predict what comes next

• Like autocomplete!

• We never know for sure what comes next, but we can still 

make good guesses!

• Question: what is X and what is Y here?

• Input X = Language and Output Y = Language
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Language Model as Autocomplete

• Task: Given a sequence of words so 

far (the context), predict what comes 

next

• We never know for sure what comes 

next, but we can still make good 

guesses!

13

… night
… charleston
… cha-cha

What words can follow this?

What is common to these words?

…atre
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…Barack Obama

What words can follow this?

• Task: Given a sequence of words so far 

(the context), predict what comes next

• We never know for sure what comes next, 

but we can still make good guesses!

Language Model as Autocomplete
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Language Models
• But today, variants of language models are used

• As chat models

• As supercharged autocompletes

• As instruction-following assistants

• And many more…

5
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Apple’s Siri

• Understands the user

• Remembers what the user said 

earlier

• Can understand which alarm she is 

referring to

17

Hey Siri, set an 

alarm for 7am 

every day

Okay, your 

alarm is set

When is my 

next alarm?

You have an 

alarm for 7am 

tomorrow

Actually, 

delete my 

alarms for 

weekends
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Google Translate

• Detects language automatically

• Can reorder spans in text on 

the fly

18
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Google Search

• Understands that a fern can be 

indoor, can be propagated either 

from seed or from cuttings

• Can find the exact passage in a 

webpage that answers the 

questions

• Can find related (in meaning) 

questions

19



CSCI 662: Advanced NLP

Language Models
• 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)

5
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Why should we care about language models?

• Foundational models in NLP today

• Internal representations of models is learned 

exclusively from language models

• Direct applications of LLMs are growing rapidly

• Classical importance

• Ubiquitous, so everyone has an opinion!

• Immense societal implications

21
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Pre-Neural Age of 

LMs (-2013) Early LMs 

(2013-2018)

Modern LMs 

(2018-2022)

LMs today (2023-present)
18

History of LMs



CSCI 662: Advanced NLP

The Pre-Neural Age of LMs (-2013)

• n-gram language models

• The power of context

• Smoothing

• Evaluating LMs

23
Image Courtesy: Chris Harrison
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Early Neural LMs (2013-2018)

• Word Embeddings

• Recurrent Neural Net Language Models

• Basics of Neural Nets: Backpropagation

24
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Modern Neural Language Models (2018 - present)

• Transformers

• Feed Forward Neural Nets

• Attention Mechanism

• Masked Language Models

25
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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

26

13
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Large Language Models (LLMs)

• These models are trained over a ton of data (a curated scrape of the web). So they will have seen 

information about Nebraska and Lincoln.

• A big enough model can answer questions even without being trained to do so. What else can we 

get these models to do?

27
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Large Language Models

• Prompting and Instruction Tuning

• Current Capabilities e.g. code generation

• Outstanding Technical Issues (e.g., hallucinations) 

and Socio-Technical Issues (e.g., privacy)

• Another kind of “large”

• Beyond English

• Beyond the language modality

28

CLIP from OpenAI
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GPT-4 Passes the Bar Exam!

29
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Why does this work?

30

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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But LLMs are far from perfect

32
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In this class, you’ll learn the fundamental concepts and 

practical techniques underlying systems like these!
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Concrete Outcomes

• Fundamentals of language modeling

• Build on a language model - project

• Learn the connections between this language model and models such as 

OpenAI’s ChatGPT / GPT-4 models

• Current capabilities and outstanding issues with LLMs

• Exciting new problems

34
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In this class, we ask:

What goes into building the state-of-the-art NLP systems

that work well at some tasks?

Where and why do current state-of-the-art NLP systems

still struggle?

How can we make appropriate improvements and achieve

whatever we want to do with NLP?
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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

36
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Class Logistics

37
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Instructor, Website and Students
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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/cs662_s26/

Announcements etc. on Brightspace

https://inklab.usc.edu/cs662_s26/
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Deliverables

• Paper Presentations and Discussion - 20%

• Class Project - 65% 

• Class Participation - 15%

• 5 total late days for deliverables

• no fractions

• All work due by 11:59pm PT

41
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Paper Presentation

42

20% of the grade

Each student will complete one in-depth research paper presentation (15 mins 

presentation + 5 mins discussion) during the semester using slides, 

Each student will also serve as a designated discussion lead for two additional paper 

presentations. 
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Paper Presentation

43

A list of suggested papers in 2025 will be compiled and shared next week:
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Paper Presentation

44

The presentation will be assessed on the student’s ability to clearly explain:

• the paper’s motivation

• technical approach

• key results; 

To critically evaluate its assumptions, limitations, and contributions; 

To situate the work within the broader LLM and NLP research landscape 
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Paper Presentation

45

Students will also be evaluated on the quality of the discussion they facilitate:

- through insightful questions

- engagement with peers

- ability to surface open problems and future research directions

both during their own presentation and when leading discussions for others. 

The slides of the presentation need to be shared a day before the presentation to the 

class.
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Semester Project

46

Students will design and carry out a research project that aims to answer a question in 

natural language processing (Learning Objective O4).

The focus of the class project can be research-focused or application-focused. 

A research-focused project will develop models and analyze data of an existing 

problem in NLP, or formulate a new problem altogether. 

An application-focused project will train (possibly only fine-tuning) and deploy NLP 

models to new application areas, while not necessarily developing any novel research 

question to be answered. 

Students will leverage tools, concepts, and techniques presented in the class.
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Semester Project

• Styled like a research paper 

• Individually, or Teams of 2 or 3 students

• We expect to see ~25 groups, based on enrollment

• Grading:

• 5%: presentation of project pitch (3 mins; 1-2 slide) +  

• 5%: project proposal (1 page) +

• 10%: presentation of midterm progress (5 mins) + 

• 10%: midterm report (4 pages) + 

• 15%: presentation of main findings (13 mins) + 

• 20%: final report (8 pages)

• Project team formation due by Jan 28th

47

http://localhost:4000/fall23-csci499-lm4nlp/details/assignments/#project-proposal-10
http://localhost:4000/fall23-csci499-lm4nlp/details/assignments/#project-progress-report-10
http://localhost:4000/fall23-csci499-lm4nlp/details/assignments/#project-progress-report-10
http://localhost:4000/fall23-csci499-lm4nlp/details/assignments/#project-final-report-30
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Semester Project

48

Proposal (5%)

The project proposal (1 page, 10pt font size) should outline the type of project (research-focused or 

application-focused), and then answer the following questions clearly in a sentence and/or a few 

paragraphs each: 

• What are you trying to do? Articulate your objectives using absolutely no jargon. 

• How is it done today, and what are the limits of current practice?

•  What is new in your approach and why do you think it will be successful? 

• Who cares? 

• If you are successful, what difference will it make? 

• What are the risks? What could go wrong, and how will you pivot early on if that happens? 

• How much will it cost? That is, what resources will you need in terms of time and computation? Are 

these reasonable for a semester and what access you have? 

• Identify two milestones along the way to your finished project.
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Semester Project

49

Pitch (5%)

1-2 slides to cover short sentence answers to these questions:

• What are you trying to do? Articulate your objectives using absolutely no jargon. 

• How is it done today, and what are the limits of current practice?

• What is new in your approach and why do you think it will be successful? 

• Who cares? If you are successful, what difference will it make? 
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Participation

Participation (15%)

Class participation

• Attend class - do inform of extenuating circumstances that prevent you from attending

• Ask questions in class, engaged in discussion during others’ presentations, and answer instructor 

questions

50

To encourage students to explain concepts underlying natural language processing in their own 

words (Learning Objective O2 & O3), we will evaluate each student’s engagements in course 

discussions during class and through the FAQ and research discussion during student’s paper 

presentations and project presentations.
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Class Project Topics - Examples

Forage: ML Generated Recipes

Learning the Language of Wine

Machine Translation from Inuktitut to English

DISCo: Detecting Insults in Social Commentary

Authorship Attribution with Limited Text

When Was it Written?

51

Detoxifying Language Model with Context Distillation

Haiku Generation with Large Language Models

Legal-SBERT: Creating a Sentence Tranformer for the 

Legal Domain and Generating Data

Prompting for Diverse Responses: Making Large 

Language Models More Truthful

https://cs229.stanford.edu/proj2017/final-reports/5244233.pdf
https://cs229.stanford.edu/proj2017/final-reports/5244216.pdf
https://cs229.stanford.edu/proj2017/final-reports/5244207.pdf
https://cs229.stanford.edu/proj2017/final-reports/5242067.pdf
https://cs229.stanford.edu/proj2017/final-reports/5241953.pdf
https://cs229.stanford.edu/proj2017/final-reports/5241765.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169707107.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169444285.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169451673.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169451673.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169451673.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169451673.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169510459.pdf
https://web.stanford.edu/class/cs224n/final-reports/final-report-169510459.pdf
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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.

52

https://web.stanford.edu/~jurafsky/slp3/
https://web.stanford.edu/~jurafsky/slp3/
https://github.com/jacobeisenstein/gt-nlp-class/blob/master/notes/eisenstein-nlp-notes.pdf
https://github.com/jacobeisenstein/gt-nlp-class/blob/master/notes/eisenstein-nlp-notes.pdf
https://www.morganclaypool.com/doi/10.2200/S00762ED1V01Y201703HLT037
https://www.morganclaypool.com/doi/10.2200/S00762ED1V01Y201703HLT037
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Class Introductions

53

Now your turn!

• Name

• Degree Status / Year

• Research interests & experiences

• Why this class?

• One fun fact
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Probabilistic Language 
Models!

54
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Building a Language Model

• Task: Given a sequence of 

words so far (the context), 
predict what comes next

• We never know for sure what 

comes next, but we can still 

make good guesses!

55

You won’t break my …

…soul
…spirit
…heart

What words can follow this?

What is common to these words?
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Building a Language Model

• Task: Given a sequence of words 

so far  the context), predict what 

comes next

• We never know for sure what 

comes next, but we can still make 

good guesses!

56

The 44th President of United 
States was …

…Barack 
Obama

What words can follow this?
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swim

shovel

eat

play

snow

Certain sentence constructions are more likely than others, due to 

grammaticality, obscurity or commonness

barbecue

lots

video

tennis

Lincoln

do

Joe



CSCI 499 Fall 2023: Language Models in NLP                                                                                   CSCI 662: Advanced NLP

Probabilistic Language 
Models!

58
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Probabilistic Language Modeling

59

Difference

𝑃(𝐰) = 𝑃(𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5, …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: 
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How to compute 𝑃(𝑊)?

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

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

61

“its water is so transparent that you can see the bottom” 𝑃(its, water, is, so, transparent, that, you, can, see, the, bottom)
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The Chain-Rule

• Recall the definition of conditional probabilities: 𝑃(𝐵|𝐴) =
𝑃(𝐴,𝐵)

𝑃(𝐴)

• Rewriting: 𝑃(𝐴, 𝐵) = 𝑃(𝐴)𝑃(𝐵|𝐴)

• More variables: 𝑃(𝐴, 𝐵, 𝐶, 𝐷) = 𝑃(𝐴)𝑃(𝐵|𝐴)𝑃(𝐶|𝐵, 𝐴)𝑃(𝐷|𝐶, 𝐵, 𝐴)

• The Chain Rule in General 

• 𝑃(𝑥1, 𝑥2, 𝑥3, … , 𝑥𝑛) = 𝑃(𝑥1)𝑃(𝑥2|𝑥1)𝑃(𝑥3|𝑥1, 𝑥2)…𝑃(𝑥𝑛|𝑥1, … , 𝑥𝑛−1)

62

= ∏
𝑖=1

𝑛

𝑃(𝑥𝑖|𝑥1…𝑥𝑖−1)
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𝑃(its water is so transparent) =

The Chain Rule applied to compute joint probability of words in a sentence

𝑃(its) ×

𝑃(so|its water is) ×

𝑃(water|its) ×

𝑃(is|its water) ×

𝑃(transparent|its water is so)

𝑃(𝑤1, 𝑤2, …𝑤𝑛) = ∏
𝑖=1

𝑛

𝑃(𝑤𝑖|𝑤𝑖−1…𝑤1)
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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

64
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Probabilistic Language Models

Machine Translation: 

• 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.!!

65
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Probability Estimation via Statistical Modeling

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

As we know, 0 ≤ 𝑝 ≤ 1, and for a normal coin, 𝑝 = 0.5 (equal probability of heads 

or tails) 

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

66

We don’t know what 𝑝 is — could be 0.5! But 𝑝 = 3/4 = 0.75 maximizes the probability of data 

sequence (H,H,H,T) 

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

𝑝 = 0.75
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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

67

𝑃(that|its water is so transparent)

Could we just count and divide? 

=
𝐶𝑜𝑢𝑛𝑡(its water is so transparent that)

𝐶𝑜𝑢𝑛𝑡(its water is so transparent)
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Markov Assumption

• Simplifying assumption: 

68

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

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

Andrei Markov

Or maybe…
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Markov Assumption contd.

• In other words, we approximate each component in the product such that it is only conditioned on the 

previous k elements

69

𝑃(𝑤1, 𝑤2, …𝑤𝑛) = ∏
𝑖
𝑃(𝑤𝑖|𝑤𝑖−𝑘 . . . 𝑤𝑖−1)

𝑃(𝑤𝑖|𝑤1, 𝑤2, …𝑤𝑖−1) ≈ 𝑃(𝑤𝑖|𝑤𝑖−𝑘 . . . 𝑤𝑖−1)
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Recap: Probabilistic Modeling

• What is a probabilistic language model?

• How do we simplify it?

• How do we estimate it?

• Why would we need one?

• Next: a simple probabilistic language model

70
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Simplest Case: Unigram model

• fifth, an, of, futures, the, an, incorporated, a, a, 

the, inflation, most, dollars, quarter, in, is, mass 

• thrift, did, eighty, said, hard, 'm, july, bullish 

• that, or, limited, the

71

𝑃(𝑤1, 𝑤2, …𝑤𝑛) ≈ ∏
𝑖
𝑃(𝑤𝑖)

Some automatically generated sentences from a unigram model
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Bigram Model

• texaco, rose, one, in, this, issue, is, pursuing, growth, in, 

a, boiler, house, said, mr., gurria, mexico, 's, motion, 

control, proposal, without, permission, from, five, hundred, 

fifty, five, yen 

• outside, new, car, parking, lot, of, the, agreement, reached 

• this, would, be, a, record, november
72

𝑃(𝑤𝑖|𝑤1, 𝑤2, …𝑤𝑖−1) ≈ 𝑃(𝑤𝑖|𝑤𝑖−1)

Condition on the previous word:

Some automatically generated sentences from a bigram model
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N-gram Models

• We can extend to trigrams, 4-grams, 5-grams, …

• 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.”

• But we can often get away with N-gram models

73
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n-gram Language 
Models

74
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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 words) instead of 2

75
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2-gram language models

• If we have these probabilities, we can build a predictive text 

system: 

𝑃(next word = _|previous word = to)

Check all the possible words from that list, pick the ones with the 

highest probability (most likely next words) 

• Where do these probabilities come from? We’re going to 

learn them from a bunch of text data we see

76
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2-gram language models
Based on a conditional probability distribution: 

“the probability of the next word is 𝑦 given that the previous word is 𝑥” 

77

These have to add up to 1 over the 

vocabulary (every possible word 𝑦 could 

be) 

If we see “to”, there’s a 20% chance the 

next word is “LA” 

Assume a fixed vocabulary of ~30,000 words

I want to go to_____

𝑃(next word = was|previous word = to) = 0.0

𝑃(next word = LA|previous word = to) = 0.2

𝑃(next word = Europe|previous word = to) = 0.1
𝑃(next word = Mexico|previous word = to) = 0.1

𝑃(next word = eat|previous word = to) = 0.1

𝑃(next word = 𝑦|previous word = 𝑥)
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Lots and lots of text data

2-gram LM 

probabilities
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Estimating bigram probabilities

79

The maximum likelihood estimate

𝑃(𝑤𝑖|𝑤𝑖−1) =
𝑐(𝑤𝑖−1, 𝑤𝑖)

𝑐(𝑤𝑖−1)

𝑃(𝑤𝑖|𝑤𝑖−1) =
𝑐𝑜𝑢𝑛𝑡(𝑤𝑖−1, 𝑤𝑖)

𝑐𝑜𝑢𝑛𝑡(𝑤𝑖−1)

What happens when 𝑖 = 1?
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An example

80

<s> I am Sam </s>

<s> Sam I am </s>

<s> I do not like green eggs and ham </s>
𝑃(𝑤𝑖|𝑤𝑖−1) =

𝑐(𝑤𝑖−1, 𝑤𝑖)

𝑐(𝑤𝑖−1)



CSCI 662: Advanced NLP

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

81

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

82

History

Next Word
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BRP: Bigram Probabilities

83

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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What kinds of knowledge?

84
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Bigram estimates of sentence probabilities

85
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Underflow Issues

• We do everything in log space

• Avoid underflow

• Adding is faster than multiplying

86
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Evaluation and 
Perplexity

87
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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.

88

How good is a language model?
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How good is a language model?

• Extrinsic vs. Intrinsic Evaluation

• Q: can you think of an extrinsic evaluation?

89
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Extrinsic evaluation of N-gram models

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

90

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.

91
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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

92
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Intuition of Perplexity

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

• Unigrams are terrible at this game 

A better model of a text 

• is one which assigns a higher probability to the word that actually occurs

93
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Perplexity

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

• Gives the highest 𝑃(sentence)

94

𝑃𝑃𝐿(𝐰) = 𝑃(𝑤1𝑤2…𝑤𝑁)
−
1
𝑁
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• TODOs for you

• Start building project teams (due on Jan 28)

• Start brainstorming project ideas

• Project pitch on Feb 4

95

Image Courtesy: Chris Harrison
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Next Class

• Words are more than discrete symbols

• Parameters!!!

96
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