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Natural Language Processing (NLP)

and/vs.

Large Language Models (LLMs)
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Old → New models

• Rule-based NLP

• N-grams & classical LM

• Word embeddings (Word2Vec, GloVe)

• RNN → LSTM → GRU

• Attention and Transformer revolution (2017)

• Scaling up → GPT, PaLM, LLaMA, Claude, Gemini, etc.
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Natural Language Processing (NLP)
• NLP is a field of AI that focuses on the interaction between computers 

and humans using natural language.

• It enables computers to process and analyze human language in both 
text and speech, and includes a wide range of tasks beyond just 
generation.

• Key capabilities include understanding, interpreting, and manipulating 
language, which allows for applications like language translation, 
sentiment analysis, and chatbots.

• The "generation" aspect is called Natural Language Generation (NLG), 
and it is one of the many applications of NLP that allows computers to 
produce human-like text or speech.
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Natural Language Processing (NLP)

• NLP relies on various processes to enable computers to produce 
human language:
• Parsing

• Semantic Analysis 

• Speech Recognition

• Natural Language Generation

• Sentiment Analysis - Often used in monitoring social media and managing 
brand reputation. It evaluates the emotional tone of texts and analyzes 
customer feedback and market trends.

• Machine Translation

• Named Entity Recognition

• Text Classification and Categorization
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NLP concepts needed to understand LLMs

• Tokens

• Embeddings

• Language modeling 

• Sequence modeling
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Tokenization
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Embeddings
• Each token is mapped to an integer ID using a vocabulary
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• Look up embeddings from the embedding matrix

• Assume embedding dimension 𝑑 = 4 (very small for illustration)

Token ID Embedding vector

"I" 103 [0.9, 0.1, -0.2, 0.5]

"have" 209 [0.3, 0.8, 0.0, -0.1]

"a" 12 [0.2, 0.1, 0.4, 0.7]

"dog" 911 [0.7, -0.3, 0.9, 0.1]

"." 5 [0.0, 0.0, 0.0, 0.1]

The sentence embedding sequence becomes:

Each token is now in continuous space.

Language Modeling (LM)
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A language model (LM) assigns probabilities to text.
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LM computes the joint probability: Concretely:

This factorization is the foundation of modern LLM training

Estimate the probability of a sentence from next-token predictions 

Sequence Modeling
• Sequence modeling is the task of learning patterns, dependencies, and 

structure in ordered data — especially language, where word order 
fundamentally determines meaning.

• Sequence modeling builds context, not probabilities.
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Aspect Sequence Modeling Language Modeling

Purpose
Learn contextual relationships in an 
ordered sequence.

Predict the next token and assign 
probabilities to sequences.

What It Learns
Contextual embeddings ht for each 
position.

Conditional distributions P(xt | x<t).

Objective
Build representations; no probability 
requirement.

Maximize next-token likelihood (cross-
entropy).

Example (“I have a 
dog.”)

Produces hidden states capturing 
structure: subject → verb → article 
→ noun.

Computes: P(“I have a dog.”)

Transformer Use
Both encoder & decoder build 
contextual states (attention).

Decoder uses causal masking to prevent 
looking ahead.

Outputs Used For
Reasoning, understanding, semantic 
representation.

Text generation, autocomplete, GPT-style 
LLM training.

Relationship
General framework for processing 
sequences.

Specific case of sequence modeling with 
probabilistic prediction.

Large Language Models (LLMs)
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What Are Large Language Models (LLMs)?

• Large Language Models (LLMs) are neural 
networks trained on massive amounts of text to 
predict the next token in a sequence.

• From this deceptively simple objective emerges 
powerful capabilities:
• text generation
• reasoning
• summarization
• translation
• coding
• dialogue / agents
• multimodal understanding (when extended to 

images, audio, etc.)

• At their core, LLMs are probabilistic sequence 
models based on the Transformer architecture.

15

Large Language Models (LLMs)

16https://en.wikipedia.org/wiki/Large_language_model 
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Main Concepts Behind LLMs

1.Tokenization
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Main Concepts Behind LLMs

2.Language Modeling Objective
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Main Concepts Behind LLMs 

3.Transformer Architecture

• LLMs use the Transformer decoder, composed of stacked layers:
a) Multi-Head Self-Attention

b) Feed-Forward Networks (FFN)

c) Positional Encodings

19

(a) Attention helps RNNs with accessing information

20
[*B3-Raschka] Sebastian Raschka, Yuxi Liu, and Vahid Mirjalili, Learning with PyTorch and Scikit-Learn: Develop machine learning and deep 
learning models with Python, Packt Publishing, 2022. 
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Attention mechanism

• Compressing all the information into one hidden unit may cause loss of 
information, especially for long sequences.

• It may be beneficial to have access to the whole input sequence at each 
time step (similar to how humans translate sentences).

• An attention mechanism:
• Lets the RNN access all input elements at each given time step

• Assigns different attention weights to each input element; weights designate how 
important/relevant a given input sequence element is at a given time step.
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The original attention mechanism for RNNs

23

RNN#1: Processing the inputs using a bidirectional RNN

• The first RNN (RNN #1) of the attention-based RNN is a bidirectional 
RNN that generates context vectors, 𝑐𝑖  
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RNN#2: Generating outputs from context vectors
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Introducing a basic self-attention mechanism
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What is Self-Attention?
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Basic self-attention mechanism

• Goal of self-attention is to model the dependencies of the current 
input element to all other input elements

• Self-attention mechanisms are composed of three stages
1. Derive importance weights based on the similarity between the current 

element and all other elements in the sequence

2. Normalize the weights, which usually involves the use of the already 
familiar softmax function

3. Use these weights in combination with the corresponding sequence 
elements to compute the attention value

28

27

28



15

Recap and summarize the three main steps 
behind the basic self-attention operation:

29

Parameterizing the self-attention mechanism: 
scaled dot-product attention

• More advanced self-attention mechanism called scaled dot-product attention that is 
used in the transformer architecture
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The Q / K / V Projections

31

Attention Score Computation

32
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Softmax → Attention Weights

33

Weighted Sum of Value Vectors
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Why Self-Attention?

• It replaces recurrence (RNNs) and convolutions (CNNs) by allowing:
• Long-range dependencies (subject  verb even far away)

• Parallelization over all tokens

• Flexible context modeling

• Better scaling with depth and width

• In LLMs, self-attention is the primary mechanism that gives tokens 
awareness of each other.
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What Self-Attention Learns

• Different heads learn:
• grammatical structure

• semantic roles

• long-range dependencies

• coreference (e.g., “the dog”  “it”)

• reasoning dependencies

• token alignment (translation, summarization, coding)

• These abilities emerge through the Q/K/V interactions defined by 𝑈𝑄, 𝑈𝐾 , 𝑈𝑉

37

Attention is all we need: introducing the original
transformer architecture

• A few years after experimenting with attention mechanisms for RNNs, 
researchers found that an attention-based language model was even more 
powerful when the recurrent layers were deleted

• This led to the development of the transformer architecture

• Thanks to the self-attention mechanism, a transformer model can capture 
long-range dependencies among the elements in an input sequence—in an 
NLP context; for example, this helps the model better “understand” the 
meaning of an input sentence.

• Although this transformer architecture was originally designed for 
language translation, it can be generalized to other tasks such as English 
constituency parsing, text generation, and text classification.
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Transformer -
Original Paper

The original transformer architecture

40

Two main blocks:
1. The encoder - receives the original 

sequential input and encodes the 
embeddings using a multi-head self-
attention module

2. The decoder - takes in the processed 
input and outputs the resulting 
sequence (for instance, the translated 
sentence) using a masked form of self-
attention

39
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Encoding context embeddings via multi-head 
attention

41

See S.Raschka’s book for a nice explanation of the concept of multi-head 
self-attention with ℎ heads. 
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Learning a language model: decoder and masked 
multi-head attention
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See S.Raschka’s book for more details. 

Building large-scale language models by 
leveraging unlabeled data

• Given that large amounts of text (books, websites, and social media 
posts) are generated every day, an interesting question is how we 
can use such unlabeled data for improving the model training

• Self-supervised learning: we can generate “labels” from supervised 
learning from plain text itself

• Self-supervised learning - also referred to as unsupervised pretraining 
- is essential for the success of modern transformer-based models.

• The “unsupervised” in unsupervised pre-training supposedly refers to 
the fact that we use unlabeled data; however, since we use the 
structure of the data to generate labels (for example, the next-word 
prediction task), it is still a supervised learning process.
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Summary: (a)Multi-Head Self-Attention
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(b)Feed-Forward Networks (FFN)
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(c)Why Do We Need Positional Encodings?
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What Are Positional Encodings?
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Types of Positional Encodings
A.Sinusoidal Positional Encodings (Original Transformer)

53
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Types of Positional Encodings
B.Learned Positional Embeddings (GPT, BERT)
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Types of Positional Encodings
C.Rotary Positional Embeddings (RoPE)
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Reinforcement Learning (RL) and 

Large Language Models (LLMs)

57

Reinforcement Learning (RL)
• RL is a post-training method for fine-tuning LLMs to align them with human 

preferences, improve reasoning, and generate more helpful responses. 

• The most common technique is Reinforcement Learning from Human 
Feedback (RLHF), where humans provide preference data to train a reward 
model, which is then used to update the LLM using RL. 

• Other methods like Reinforcement Learning from AI Feedback (RLAIF) and 
Reinforcement Learning from Self-Feedback (RLSF) use AI or the model's own 
confidence to create a reward signal, reducing the need for human labels. 

• Videos:
• Video explains the basics of RL from Human Feedback (RLHF) for large language 

models: https://www.youtube.com/watch?v=qPN_XZcJf_s&t=203s

• Lecture on reinforcement learning (RL) fine-tuning of large language models (LLMs): 
https://www.youtube.com/watch?v=NTSYgbwBVaY&t=2s  
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More videos

• Jay Alammar - "Hands-On Large Language Models: Language 
Understanding and Generation"
• https://www.youtube.com/watch?v=RVxl9u7rt9w 

• Natasha Jacques - What Makes ChatGPT Chat? Modern AI for the 
layperson
• https://www.youtube.com/watch?v=KvTGUI4Tznw 
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PART 2
Code Time!
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Code Time

61

•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
lecture assignment.
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Conclusion
Takeaways
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Main Takeaways

• LLMs are Transformer-based sequence models trained with next-
token prediction.

• They rely on attention, tokenization, and massive data + compute.

• Scaling produces emergent reasoning and generalization abilities.

• After pretraining, instruction tuning and feedback alignment make 
them useful and safe.

• LLMs operate entirely in-context, making them flexible problem 
solvers.
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