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Today’s Class

• Autoregressive Language Model

• Architecture

• Tokenization

• Case study on GPT / Deepseek

• Class activity for project group [15 min]



Autoregressive Language Model

𝝅: Autoregressive Language Model

𝜋(𝑦|𝑥): The probability of generating 𝑦 given 𝑥

𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒	𝑖𝑠	𝑃𝑎𝑟𝑖𝑠	 ~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? )

Prompt 𝑥Response 𝑦



Autoregressive Language Model
𝑡ℎ𝑒	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? )

𝑐𝑎𝑝𝑖𝑡𝑎𝑙	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒)

𝑜𝑓	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙)

𝐹𝑟𝑎𝑛𝑐𝑒	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓)

𝑖𝑠	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒)

𝑃𝑎𝑟𝑖𝑠	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒	𝑖𝑠)



Autoregressive Language Model

𝜋 𝑦!, 𝑦", 𝑦#, 𝑦$, 𝑦%, 𝑦& 𝑥 = 𝜋 𝑦! 𝑥 𝜋 𝑦" 𝑥, 𝑦! …𝜋 𝑦& 𝑥, 𝑦!, 𝑦", 𝑦#, 𝑦$, 𝑦%

𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒	𝑖𝑠	𝑃𝑎𝑟𝑖𝑠	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? )
Prompt 𝑥Response 𝑦

𝑦! 𝑦" 𝑦# 𝑦$ 𝑦% 𝑦&



History: Recurrent Neural Networks (RNNs)
Used for prediction

Used for preserve the context

Image: Verma, Shourya, et al. "RouteNet-Fermi: Network Modeling With GNN 
(Analysis And Re-implementation)." arXiv preprint arXiv:2412.05649 (2024).



History: Recurrent Neural Networks (RNNs)

Image: Dhruv Matani. “Animated RNN, LSTM and GRU.” Medium, 2018.
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History: RNNs for Translation

Image: Sutskever, Ilya, Oriol Vinyals, and Quoc V. Le. "Sequence to sequence learning 
with neural networks." Advances in neural information processing systems 27 (2014).



History: RNNs for Translation

• Context vector is a bottleneck for these types of models. 
• It made it challenging for the models to deal with long sentences.

Image: Goplani, D. (2019). Transformers. Medium. 
https://medium.com/@deeksha.goplani/transformers-be818f3232a6

https://medium.com/@deeksha.goplani/transformers-be818f3232a6
https://medium.com/@deeksha.goplani/transformers-be818f3232a6
https://medium.com/@deeksha.goplani/transformers-be818f3232a6
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History: RNNs for Translation

The encoder passes a lot more data to the decoder. Instead of passing the 
last hidden state of the encoding stage, the encoder passes all the hidden 
states to the decoder

Image: Goplani, D. (2019). Transformers. Medium. 
https://medium.com/@deeksha.goplani/transformers-be818f3232a6

https://medium.com/@deeksha.goplani/transformers-be818f3232a6
https://medium.com/@deeksha.goplani/transformers-be818f3232a6
https://medium.com/@deeksha.goplani/transformers-be818f3232a6
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Transformer

Non-Recurrent Encoder-Decoder 
architecture 

• No hidden states

• Context information captured 
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• Consists of stacks of layers 
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Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Embedding

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Embedding

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding

We need to encode the position of each token

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding
Method 1: Position Encoding
• Add a unique fixed vector to each position

Input 
Embeddings

Position 
Encoding

Final Input 
Embeddings

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding
Method 1: Position Encoding
• Add a unique fixed vector to each position

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding
Method 2: Position Embedding
• Add a trainable vector to each position

Input 
Embeddings

Trainable Position 
Embedding

Final Input 
Embeddings

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding
Method 3: Rotary Position Embedding (RoPE)
• Rotate the input embedding based on its position

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Positional Encoding
Position Encoding / Embedding:
• These methods are absolute. 
• It assigns a unique fixed vector to "position 1," 

"position 2," and so on. 
• The model then has to learn that if word A is at 

position i and word B is at position i+5, they have a 
specific relationship.

Rotary Position Embedding (RoPE)
• RoPE naturally captures relative distance. As two 

tokens get further apart, their dot product decreases.
• Long-Context Extrapolation: since RoPE relies on 

rotation, we could interpolate these angles. 
• Allows a model trained on a 4k context window to 

be fine-tuned to handle 32k or even 128k tokens.

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Q (query)
• What is the current token looking for?

K (key)
• What information does the current token have?

V (Value)
• The actual content of the current token.

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.
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Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Parallelized!

𝑄,𝐾, 𝑉: matrices with size (𝑇, 𝑑)
𝑇: length of the sequence

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.

Preserve the 
original variance



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.

Sequence
Length

Sequence
Length

Sequence
Length



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.

Complexity: 𝑶(𝑻𝟐𝒅𝒎𝒐𝒅𝒆𝒍)



Transformer: Multi-Head Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Multi-Head Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Masked Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Masked Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Masked Attention

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Add & Norm

Add
• Avoid vanishing gradient
• Train deeper networks

Norm
• Normalize to be mean 0 std 1
• Stabilize training

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Feed Forward

MLP layers

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer: Linear & Softmax

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer

Representation Generation

Learning the representations of 
the input sequence

Model is auto-regressive with previous 
timesteps’ outputs

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Transformer

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Training: Teacher forcing

Ø Feeding the ground truth token from the previous time step as input 
for the current time step
Ø rather than the model's own, potentially incorrect, prediction

Ø Stabilizes training by preventing early errors from compounding



Training: Teacher forcing

Given a sequence of tokens from dataset, 𝑥):+:

max
,

𝜋(𝑥-:+|𝑥))

max
,

@
./-

+

𝜋(𝑥.|𝑥):.0))

max
,

log@
./-

+

𝜋(𝑥.|𝑥):.0))

max
,

D
./-

+

log 𝜋(𝑥.|𝑥):.0))



Tokenization

Image: Liu, Y., & Neubig, G. (2024). Transformers [Lecture slides]. Carnegie Mellon University.



Tokenization: Character Tokenization

Small vocabulary

Long tokenized sequence

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



Tokenization: Word Tokenization

Large vocabulary

Short tokenized sequence

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



Tokenization: Sub-word Tokenization

Balance between word and character tokenization



Tokenization: Byte-Pair Encoding (BPE)

Used by GPT 1/2/3

ØStart with vocabulary of all individual characters {a, b, c, …, z}
ØRepeat:

ØChoose two tokens that are most frequently adjacent in the training corpus
ØMerge those two tokens to a new token and add to the vocabulary

ØUntil k merges have been done



Tokenization: Byte-Pair Encoding (BPE)

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



Tokenization: Byte-Pair Encoding (BPE)

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



Tokenization: Byte-Pair Encoding (BPE)

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



Tokenization: Byte-Pair Encoding (BPE)

Image: Pulapakura, R. (2023). Byte pair encoding – How does the BPE algorithm work?



GPT 1: Generative Pretrained Transformer

Decoder-only Transformer

GPT Pre-Training Corpus:
• BooksCorpus and English Wikipedia 

GPT Pre-Training Tasks:
• Predict the next token, given the previous tokens
• 117M Params



GPT 1: Generative Pretrained Transformer

𝑇ℎ𝑒	𝑚𝑎𝑛	𝑤𝑜𝑟𝑘𝑒𝑑	𝑎𝑠	𝑎	𝑡𝑒𝑎𝑐ℎ𝑒𝑟	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑐𝑜𝑙𝑙𝑒𝑔𝑒

The city of Paris is known for its historic architecture and cultural heritage

Ø Short sentences (due to small size of 117M)
Ø Only text continuations



GPT-3: Scaling Up
GPT Pre-Training Corpus:
• Common Crawl and many more
• Trillions of tokens



GPT-3: Few-shot Prompting

Arithmetic reasoning
Q: What is 27 + 35?

A: 62

Q: What is 123 + 456?
A: 579

Few-shot translation
English: sea otter

French: loutre de mer

English: peppermint
French: menthe poivrée

English: cheese
French: fromage

Ø Multi-paragraph
Ø Few-shot learning



Case study: Deepseek-V3

Mixture-of-experts

Covered later in class



Multi-token prediction

Given a sequence of tokens from dataset, 𝑥):+:

Next-token Prediction

max
,

D
./-

+

log 𝜋(𝑥.|𝑥):.0))

Multi-token Prediction

max
,

D
./-

+

D
1/2

30)

log 𝜋(𝑥.41|𝑥):.0))

Directly predicting the next 𝑘 tokens 



Multi-token prediction

𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? )

𝑜𝑓𝐹𝑟𝑎𝑛𝑐𝑒	~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙)

𝑖𝑠	𝑃𝑎𝑟𝑖𝑠~	𝜋(⋅ |𝑤ℎ𝑎𝑡	𝑖𝑠	𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒? 𝑡ℎ𝑒	𝑐𝑎𝑝𝑖𝑡𝑎𝑙	𝑜𝑓	𝐹𝑟𝑎𝑛𝑐𝑒)



Case study: Deepseek-V3

Multi-token Prediction



Case study: Deepseek-V3

671B Parameters



Project Group

Image 
generation

(e.g. diffusion)

Language 
generation
(e.g. LLM)

Other modality 
and multimodal


