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Announcements and Logistics

• Today: Quiz 5 + Bonus Quiz 

• Next week: Presentations: 15-20 mins + 5-10 mins QA 
• Too long / too short presentations will be penalized 
• There should be some more progress since the progress report 
• Please show up for other presentations + ask questions - this will be part of your participation grade 

• Order of Presentations: 
• Dec 1 

• Alp + Valeria, Mo + Henry, Alexios + Ray, Shane + Vish 

• Dec 3 
• Naina + Kayal, Pinru + Harry, Aditya + Avi

2
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Early Language Models
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Early Language 
Models

4
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-gram Language Modelsn

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

• Chain Rule of Probability  

•  

• -gram Assumption 

•  

• Insufficient model of language 
• Language has long-distance dependencies 
• Smoothing alleviates some of these issues

P(w) = P(w1, w2, w3, w4, w5, …wn)

P(w1, w2, …wn) = P(w1)P(w2 |w1)P(w3 |w2, w1) . . . =
n

∏
i=1

P(wi |wi−1…w1)

k
P(w1, w2, …wn) ≈ ∏

i

P(wi |wi−k+1…wi−1)

5

PMLE(wi |wi−1) =
c(wi−1wi)
c(wi−1)

Bigram Maximum 
Likelihood Estimate
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Word Embeddings

• Represent a word as a point in a multidimensional semantic space 
• Fine-grained model of meaning for similarity 

• Cosine similarity of two vectors 
• Learning word embeddings: both features and parameters! 
• word2vec 

• Skip-Gram with Negative Sampling or SGNS 
• CBOW or continuous bag of words 

• Predict if candidate word  is a neighborc

6

w

…lemon, a [tablespoon of apricot jam, a] pinch…

c1 c2 c3 c4
…aardvark…

…zebra…

cos( ⃗v, ⃗w ) =
⃗v . ⃗w

| ⃗v | | ⃗w |
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Feedforward Language Models

• Simplest Neural Net 
• Processes words within a fixed context window  

• Enlarging window enlarges  

• Order information? 

• Each word uses different rows of . We don’t 
share weights within the window. 

• Parallelized computation within each window 
• Training through back propagation 

• Forward pass: compute loss 
• Backward pass: update weights

W

W
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for all the

wt−2wt−3 wt−1

thanks ?

fish wishes

W

U



Fall 2025 CSCI 444: NLP                                                                                                                                                                                                            

Recurrent Language Models

• Recurrent Neural Networks processes sequences 
one element at a time 

• RNNs do not have  

• the limited context problem of -gram models 

• the fixed context limitation of feedforward LMs 
• since the hidden state can in principle represent 

information about all of the preceding words all 
the way back to the beginning of the sequence 

• But training RNNs is hard 
• Vanishing gradient problem 
• LSTMs address it by incorporating a memory

n

8

c1 c2 c3 c4

h0 h1 h3 h4h2

Wh Wh Wh Wh

W[1]

W[2]
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Modern Language 
Models
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Encoders-Decoders
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The green witch arrived
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This needs to capture all information about the 
source sentence. Information bottleneck!

Encoding
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Seq2Seq with Attention
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The green witch arrived
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Query 2: Decoder, 
second time step

Note: Notation different from J&M

̂yt = softmax(W[2][hd
t ; catt

t ])

catt
t =

N

∑
i=1

αt,ihe
i ∈ ℝd

score(hd
t , he
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t ⋅ he
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W[2] ∈ ℝV×2d
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 Self-Attention

Let  be a sequence of words in vocabulary  
For each  , let , where  is an 
embedding matrix.

w1:N V
wi xi = Ewi

E ∈ ℝd×V

12

Keys, Queries, Values from the same sequence

2. Compute pairwise similarities between keys and queries; normalize with softmax

1. Transform each word embedding with weight matrices , each in Q, K, V ℝd×d

3. Compute output for each word as weighted sum of values
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Self-Attention Transformer Building Block
• Self-attention:  

• the basis of the method; with multiple heads 
• Position representations:  

• Specify the sequence order, since self-attention is an 
unordered function of its inputs. 

• Nonlinearities:  
• At the output of the self-attention block  
• Frequently implemented as a simple feedforward network.  

• Masking:  
• In order to parallelize operations while not looking at the 

future.  
• Keeps information about the future from “leaking” to the 

past.

13
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Transformer Language Models

• Transformers are made up of stacks of transformer blocks, 
each of which is a multilayer network made by combining 
feedforward networks and self-attention layers, the key 
innovation of self-attention transformers 

• The Transformer Decoder-only model corresponds to 
• a Transformer language model 

• Lookup embeddings for tokens are usually randomly 
initialized 

14 Attention is all you need (Vaswani et al., 2017)
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Tokenization
• Tokenization: how to get the most frequent tokens by merging characters or character 

sequences 
• Byte Pair Encoding Algorithm: 

1. Start with a vocabulary containing only characters and an “end-of-word” symbol.  
2. Using a corpus of text, find the most common adjacent characters “a,b”; add “ab” as a subword  

• This is a learned operation! However, not a parametric function 
• Only combine pairs (hence the name!) 

3. Replace instances of the character pair with the new subword; repeat until desired vocabulary size.  

• At test time, first split words into sequences of characters, then apply the learned 
operations to merge the characters into larger, known symbols

15

• WordPiece Modeling: Similar to 
BPE 

• Each word is initially split by adding a 
prefix (##) to all the characters inside a 
word
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Generation

16
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Large Language 
Models

17
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• Pre-training on large 
corpus of text 

• Produces a Base 
Language Model 

• Continued Pre-training 
for domain adaptation 
(optional; sometimes 
called mid-training, 
stage 1.5) 

Three Stages of Training LLMs

18

• Post-training for Task 
Adaptation 

• Seq2Seq Instruction 
Tuning (Supervised 
Finetuning, different 
meaning than BERT-
style classification 
tasks)

Stage 1

• Post-training for Preference Alignment 
• Either Reinforcement Learning with 

Human Feedback : Train a 
supervised classifier (reward model) 
on human demonstrations to 
provide feedback to LM. 
Reinforcement learning to maximize 
rewards given by reward model  

• Or, train with a preferred and a 
dispreferred generation (more 
popular now)

Stage 2

• Inference: Prompting with Instructions and Demonstrations (also called examples, shots)

Stage 3

Inference
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Pre-training and Post-training
• The term “training” is no longer specific enough :)  

• Pre-training: Self-supervised, standard next token prediction 

• Post-training: Supervision (sequence to sequence) 
• Instruction-Tuning: Supervision is not necessarily via labels, but 

sequence pairs. Labels in standard NLP benchmarks can be 
converted into sequence pairs 

• Preference-Tuning: Collects human judgments / preferences as 
rewards, or a pair of preferred / dispreferred generations

19

Post-training converts next-word 
completion models into world 

models (agents, assistants) with 
many capabilities!
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LoRA: Low-Rank Adaptation

• Instead of updating weight matrices in attention layers during 
finetuning, Low-Rank Adaptation eases this by updating a low-rank 
approximation of the matrix : matrices which are far smaller 

• LoRA freezes the pre-trained model weights and injects trainable rank 
decomposition matrices into each layer of the Transformer architecture 

• Gradient updates are reparametrized as  
• Where  and  are low-rank matrices, the only matrices to be updated 

• LoRA can reduce the number of trainable parameters by 10,000 times 
and the GPU memory requirement by 3 times for GPT-3 175B 

• Usually comes at a (small) cost to performance

W0 + ΔW = W0 + B ⋅ A
B A

20

LoRA. Hu et al., 2021

https://arxiv.org/abs/2106.09685
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Instruction Tuning!
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Evaluation

22

GSM8K

MMLU
BigBench

HumanEval

Math
HELM

Alpaca2.0
GPQA

OpenLLMLeaderboard

22
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Responsible Language Modeling

• Category 1: Allocational and Representational Harms 
• Performance Disparities 
• Social biases and Stereotypes 

• Category 2: Behavioral Harms 
• Hallucinations, Misinformation and Misguiding 
• Toxicity of Generated Content 
• Emotional Dependence, Cognitive Decline 

• Category 3: Security and Privacy risks  
• Copyright and legal protections 

• Category 4: Environmental Impact 

• Category 5: Centralization of Power 
• Access due to high costs 
• Only a few key players can build LLMs

23

Benefits versus harms. With any technology, it’s 
important to consider the tradeoff between 

benefits and harms
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Quiz 5:  
Password = alignment

24
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Bonus Quiz 
Password = bonus

25
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To wrap it up…

26
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Be creative and ask the important questions as you use 
this technology

Language Models are a 
fundamental and 

foundational technology, and 
here to stay for a long long 

time!
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Other Resources

• Spring 2025 classes at USC 
• CSCI 544 by Robin Jia / Xuezhe Ma - Applied NLP 

• Other Institutes 
• ETH Zürich - Large Language Models: https://rycolab.io/classes/llm-s23/  
• Stanford - Large Language Models: https://stanford-cs324.github.io/winter2022/  

• Constantly evolving field 
• Keep up via Twitter, YouTube and other social media (but be cautious!) 
• e.g. Very accessible LM tutorial: https://www.youtube.com/watch?

v=k9DnQPrfJQs&ab_channel=HarvardDataScienceInitiative 

28

https://rycolab.io/classes/llm-s23/
https://stanford-cs324.github.io/winter2022/
https://www.youtube.com/watch?v=k9DnQPrfJQs&ab_channel=HarvardDataScienceInitiative
https://www.youtube.com/watch?v=k9DnQPrfJQs&ab_channel=HarvardDataScienceInitiative
https://www.youtube.com/watch?v=k9DnQPrfJQs&ab_channel=HarvardDataScienceInitiative
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Thank You!  
Go forth and generate…

29


