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Syllabus and Communication

• Communication: 
• Announcements on webpage 

and in class 
• Questions? Use Piazza! 
• (Email is ok when needed, but I’ll 

probably respond faster on 
Piazza.) 

• Course Technology: 
• Sites: Gradescope and Piazza 
• Some autograded coding 

assignments, 
manually graded written and 
coding assignments

https://aaronmueller.github.io/teaching/cs599b1_fall26/home.html

Gradescope entry code: 8YNE72
Piazza: link on syllabus. Entry code: hddwru01ukm



What can you do with current systems?
Question Answering



What can you do with NLP?
Machine Translation



What can you do with NLP?
General Systems!



What can you do with NLP?
Replicate/make new scientific discoveries?



What can you do with NLP?
Disprove long-standing mathematical conjectures???

125 pages!



What makes NLP hard?
Language is fundamentally ambiguous.

[ [ spicy chicken ] sandwich]

The chicken is the 
thing that’s spicy



What makes NLP hard?

Time flies like an arrow.

Fruit flies like a banana.

PREP

VERB

Like, why?
INTJ

Iraqi Head Seeks Arms

head of state part of body

part of body

weapons

Language is fundamentally ambiguous.

[ spicy [ chicken sandwich ] ]
The chicken itself 
is not necessarily 
spicy; some other 
thing is



What makes NLP hard?
Negation

Is this a good review or a bad review?

The movie wasn’t nearly as bad as I thought it would be—quite the opposite!

He did not have a great time with this book.

Positive

Negative



What makes NLP hard?
Figurative Language

Is this a good review or a bad review?

The cast and director should hold onto those ski masks; robbery might 
be the only way to pay for their next project.

This film gives a human face to the many issues facing us today.

Negative

Positive



The Growth of NLP

2013: 664 submissions, 174 accepted

2025: 12,148 submissions, 2,297 accepted

Submission stats for ACL, one of the big 3 NLP conferences:



Language Modeling in NLP

• Language models are the foundation of a very large proportion of modern NLP 
methods. 

• I would guess that >99% of NLP papers I’ve reviewed in the last ≈5 years have 
involved pre-trained language models at some point

[Zhu & Rzeszotarski, 2025]



Language Modeling

A language model is a system that assigns a probability to a sequence of tokens:

p(x1, x2, …, xn)

Using the chain rule, we can break this down into a product of conditional 
next-token probabilities:

p(x1, x2, …, xn) =
n

∏
i=1

p(xt |x<t)

Thus, a language model is a system that produces probability distributions over next tokens 
given prior context.



Why so much language modeling?

The keys to the cabinet ______

My cat’s name is ________

There’s a city in Massachusetts called __________

The inventor of computer science is _____________________

I just read a book that was so engaging I could never put it down. Overall, 
I thought the book was _________

are Long-range syntactic agreement

Jessie Proper nouns

Boston Geographic information

Charles Babbage Factual knowledge

great Sentiment



Why so much language modeling?



In the last 2 months alone:



N-gram Language Modeling

In an n-gram language model, the probability distribution over next words is conditioned 
only on the (n - 1) previous words. For example, in a 3-gram (trigram) model:

p(x1, x2, …, xn) =
n

∏
i=1

p(xt |x<t)

We’re making a Markov assumption by assuming that context that’s further away doesn’t matter.

p(xt |x1, x2, …, xt−1) = p(xt |xt−2, xt−1)

An issue with n-gram LMs is that they can’t handle long contexts effectively, and can’t represent 
the meaning of a word in context.



Feedforward Neural Networks
At their core, neural networks are just learned weight matrices being multiplied with 
vectors (with some non-linearities applied every now and then):

We randomly initialize all the weight matrices  to start, and use backpropagation to 
set the parameters to better values that minimize some loss function.

W

σ

x

h = σ(W1x)

z = W2h

W1

W2

In a language model, 
 would be the embedding 

of the token .
x

xxThe

 would be the logits, 
which are like unnormalized 
probabilities over all possible 
next tokens.

z



Feedforward Neural Language Models

σ

x

h = σ(W1x)

z = W2h

W1

W2

x1

The     artist     was
x2 x3

y = softmax(z)p(x4 |x1, x2, x3)

softmax =
ezi

∑j ezj

softmax

Better than n-grams in that 
we can represent the meaning 
of a word using its embedding.

Still not great with long contexts, 
and can’t handle how a word’s 
meaning changes in context.



Feedforward Neural Language Models

σ

x

h = σ(W1x)

z = W2h

W1

W2

x1

The     artist     was
x2 x3

y = softmax(z)p(x4 |x1, x2, x3)

softmax

x ∈ ℝd_emb

h ∈ ℝd_hid



Problems with Feedforward Neural Language Models

• Limited context window size 

• Lack of sequential understanding 

• Can’t adjust the meaning of a word based on context

I need to park my car Let’s go to the park

My dog and my cat eats

The man near the car that the cat saw the other day next to…



Course Topics
1. Transformers 

a. Tokenization 
b. Relative position encodings 
c. Optimizers 
d. Decoding 
e. Scaling laws and emergence 

2. Reinforcement Learning 
a. Post-training 
b. Agents 

3. Efficiency and calibration 
a. Long-context reasoning 
b. Mixture-of-experts models 
c. Quantization 
d. Confidence estimation

4. Interpretability 

1. AI safety 

2. Mechanistic interpretability 

3. Training dynamics 

5. Alternative architectures 

1. Diffusion LMs 

2. State space models 

6. Class choice!



Comparison to Other Courses

Intro to NLP

Advanced NLP

Principles 
of ML

Image & Video 
Computing

Focus on current research 
methods/ideas/trends

Far more low-level details 
on how current methods are 
implemented in practice

Information comes from 
research papers

Focus on fundamental concepts

Includes classic methods

High-level survey of current methods
Information comes from 
a textbook



Transformer Language Modeling

• Transformers are a neural network 
architecture that are very effective for 
language modeling 

• Good at retrieving information from 
very far away in the context 

• Highly scalable

Transformer Block

Token
Embedding

Inputs

...
Transformer Block

Linear
(Output Embedding)

Softmax

Output 
Probabilities

num_layers
Transformer
Blocks

Norm



Pretraining

• Language modeling objective: accurately predict the next word in a given text 

• We can train a language model on a large amount of text data to predict the next 
word 

• We can then use it as-is, or further fine-tune it to do other tasks

p(xt |The capital of Massachusetts is) =

Worcester
Boston

hosting
Paris

0.05
0.01

0.0001
0.001



Will pre-training be enough?

Do you think these are good/helpful responses?



Post-training [Wei et al., 2022]



Agents

• Most proprietary LLMs these days can use 
tools. 

• We teach them how to do this via fine-
tuning or reinforcement learning. 

• We will focus on a class of agents, or systems 
(in our case, LLM-based) that are given tools 
to act in a particular environment (chat 
windows, terminals, web browsers, etc.)



Efficiency and Calibration

• Scaling up isn’t always possible on realistic hardware. How do we handle 
especially long inputs given realistic hardware? 

• How do we handle memory constraints? 

• Mixture-of-experts: Split computation into modular parts 

• Quantization: Use lower-precision data types 

• Calibration: Language models aren’t always great at giving correct answers. Can 
we get them to give us an accurate estimate of how likely they are to be right?



Intepretability

What’s happening under the hood 
of language models?

Are there gender bias neurons?
What do concepts look like 
(geometrically) in a language model?



Training Dynamics

How are particular phenomena learned? 
When and why?

When is syntax learned, and does this 
immediately translate to good performance 
on tasks that require it?

In what conditions do language 
models learn to generalize, rather 
than memorize their data?



Alternative Architectures

Generating token-by-token can be slow. Diffusion LMs can generate multiple tokens in parallel!

State space models can scale to 
long contexts more easily than 
Transformers. (Or can they?)



Goals

• Learn how contemporary language models work mechanically, including many of 
the latest tricks/hacks 

• Learn how to perform an original study of some existing language technology, 
propose an improvement, or design a task-specific application 

• Understand the context for each new idea and motivate why it was introduced (i.e., 
what existing problem(s) it was trying to solve)



Course Logistics



Logistics

• Lecture: Tuesdays and Thursdays, 12:30pm - 1:45pm 

• Office hours: usually in-person at CDS 806 starting next week 

• Tuesdays, 2:00pm - 3:30pm (right after class) 

• Wednesdays, 4:00pm - 5:30pm 

• Sometimes, these will be on Zoom; watch Piazza!



Prerequisites

• I expect you to be comfortable with the following: 

• Probability 

• Calculus 

• Linear algebra 

• Programming in Python 

• Note that CS505 (NLP) is not required! The first part of the course will rehash some content from CS505, 
but we will get far deeper into the weeds as to how current state-of-the-art architectures work. 

• Unlike CS505, I do expect you to be comfortable with the basics of machine learning from the start. It will 
be very helpful to have taken at least one of CS505, CS542, CS585, or a similar course 

• Work through HW0, see if you’re comfortable with it or feel you could get up to speed quickly 

• See the syllabus for some PyTorch programming tutorials



Course Format

• Lecture-based course with research paper readings 

• 2 homeworks to get you up to speed on the current state of the art 

• A half-semester-long research project 

• 4 in-class quizzes



Grading

Homeworks: 20 points 
- HW1: 12 points 
- HW2: 8 points

Final project: 50 points 
- Proposal: 5 points 
- Midway report: 15 points 
- Peer review: 5 points 
- Final report: 25 points 

- Includes 5 points for a 
poster presentation

Quizzes: 30 points 
- In-person and on paper 
- 4 quizzes 
- 10 points each 
- Your lowest quiz grade will 

be dropped

Attendance will not be directly graded! 
Attend as you wish, as long as you make 
quiz days (see the course schedule).



Homeworks

• HW0 (prerequisites review, optional): linear algebra, probability, calculus, 
machine learning basics 

• HW1: Build your own Transformer language model from scratch 

• HW2: Post-train your own language model assistant



Homeworks

• We’ll follow a subset of the homeworks 
from CS336 at Stanford University, which 
have been highly acclaimed! 

• HW1: Build your own Transformer 
language model from scratch 

• Also get some practice running 
experiments and analyzing results 

• HW2: Post-train your own reasoning 
language model



Quizzes

• 15 to 20 minutes at the start of class 

• Quizzes I and II will mostly test understanding of content on the homeworks. 

• If you don’t solve them completely with an LLM, you should be fine. 

• Quizzes III and IV will test knowledge from the later lectures and paper readings. 

• Your lowest quiz grade will be dropped. 

• You can miss one for free, no excuse necessary. 

• (Or you can take them all to give yourself more of a buffer.)



Final Project

You’ll work in groups of 2–4 students on a final project with a topic of your choosing. 

• Final project proposal: Submit a proposal for what you’d like to work on for your final 
project. 

• Midway report: A report in the style of an NLP research paper with some preliminary 
experiments. 

• Peer review: Learn how the peer-review process works; provide anonymous feedback 
on your classmates’ reports. I’ll provide a “meta-review” (and my own feedback). 

• Final report: Like the midway report, but expanded with more related work and 
experiments.



Reading

• Our readings will be research papers. 

• Research papers can be tricky to read, but 
you don’t need to understand everything in 
the paper. 

• Focus on finding the 
contributions and main ideas first 

• Papers usually cite some prior work to 
explain why they’re doing what they’re 
doing; consider skimming those papers 

• Find the results and takeaways 

• Find out how they got those results; 
understand the methods



AI Policy

• AI tools can be useful, and I use them myself when coding! For the homeworks, you can use AI tools as you 
wish, but please be judicious in how you use them. 

• We encourage using AI to help your conceptual understanding. 

• We discourage but allow using AI to answer conceptual questions on HWs. 

• We have provided an AGENTS.md and CLAUDE.md for you to use in the homework repositories. Do 
consider using these. 

• For the project proposal/reports, you can use AI, but points will be taken off if I can’t understand the writing 
because everything is AI-generated, and/or because of a 100% AI-generated Pangram score. :) 

• You are 100% responsible for what you submit, regardless of whether you use AI. 

• No electronic resources will be allowed during quizzes.



Late Work Policy
• You have 5 free late days for which no penalties will be applied to your scores. 

No excuses are necessary to use them. 

• This is a step function! 2 minutes late == 23 hours late 

• Extensions can be negotiated in cases of medical emergency or other sudden pressing circumstances.  

• Students should contact me ASAP and discuss extensions before the assignment’s original due 
date. 

• Each assignment turned in after using all late days with no negotiated extension prior to the deadline will 
incur a 10% drop in the score. After 5 days past the deadline, the assignment can no longer be turned in. 

• The final report cannot be turned in late.



Accommodations

• Please get in touch with us ASAP if you know you need accommodations for 
religious or disability reasons! 

• We require at least a 14-day notice to reschedule any quizzes. 

• If any accommodations apply before the first homework is due or first quiz 
happens, let me know today. Talk to me after class!



Compute

• NLP is very GPU-intensive these days. We will have access to the BU SCC. (You 
won’t need it for HW1.) 

• I’ll give a more detailed overview of how to use the SCC closer to the project 
proposal deadline.



Administration

• Homework 1 is out! It is due in 3 weeks (Sep. 24, 11:59pm). 

• Do not leave this until the last minute; it is the hardest 
assignment in the course. 

• You will submit your writeup and code to Gradescope 

• See the course website or the Piazza for the instructions PDF



Next Week

• Tuesday: The Transformer architecture 

• Self-attention 

• Multi-head self-attention 

• Some PyTorch basics 

• Thursday: Tokenization and position embeddings 

• Rotary position embeddings (RoPE) 

• Byte-pair encoding (BPE) 

• Tokenizer encoding and decoding



Syllabus and Communication

• Communication: 
• Announcements on webpage 

and in class 
• Questions? Use Piazza! 
• (Email is ok when needed, but I’ll 

probably respond faster on 
Piazza.) 

• Course Technology: 
• Sites: Gradescope and Piazza 
• Some autograded coding 

assignments, 
manually graded written and 
coding assignments

https://aaronmueller.github.io/teaching/cs599b1_fall26/home.html

Gradescope entry code: 8YNE72
Piazza: link on syllabus. Entry code: hddwru01ukm


