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Logistics

● Student presentations
○ Will be finalized EOD this Friday

● Homework 0 is on its way (for extra credits only)



AI news



Google DeepMind’s
Aletheia (based on 
Gemini Deep Think)



Transformers review



Different Transformers architectures

● Encoder-only
○ BERT

● Encoder-decoder
○ T5

● Decoder-only
○ GPT
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Attention (cont’d)
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Query vectors
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Key vectors
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Value vectors
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Attention (cont’d)
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Self-attention (cont’d)

the

K

V

Q

the students opened their

all computations 
are parallelized



Self-attention (cont’d)

the

K

V

Q

the students opened their
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opened: 0.2

their: 0.2

all computations 
are parallelized



Self-attention (cont’d)

the
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all computations 
are parallelized



Self-attention (cont’d)

the

K

V

Q

the students opened their

all computations 
are parallelized 
during training 
and sequential 

during inference



Quadratic complexity

The time complexity of 
self-attention is quadratic in 

the input length O(n2)a11 a12 a13 a14

a21 a22 a23 a24

a31 a32 a33 a34

a41 a42 a43 a44

Q

KT



Quadratic complexity
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All computations are parallelized

dk: scaling factor

large products push the softmax 
function into regions where it 
has extremely small gradients



Multi-head attention

Q1…Qh

K1…Kh

V1…Vh



Multi-head attention (cont’d)

Q1…Qh

K1…Kh

V1…Vh

These output values 
are concatenated and 
once again projected



Attention matrices



Transformer block (cont’d)

Feed forward

Multihead Attention



output vectors

WO

h1 h2

O = H · WO 

linear 
projectionsdmodel

dmodel

o1 o2



Position-wise feedforward networks

W

h1 h2

x1 x2



Transformer block (one layer)

Multi-head Self-attention

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



Residual connection

⨁ ⨁ ⨁ ⨁



Residual connection



Layer normalization

Each activation vector is normalized so that its 
components have mean 0 and variance 1. This 

prevents activations from becoming too large or too 
small as they propagate through the network.



Residual connection and layer normalization



Position-wise Feed-Forward Networks

ReLU (Rectified 
Linear Unit)



Sinusoidal positional encoding



Positional Encoding (cont’d)

Q1…Qh

K1…Kh

V1…Vh

⨁ ⨁ ⨁ ⨁



Feed forward

Putting it all together

Attention



Encoder only



Encoder (one layer)

Multi-head Self-attention 
(unmasked)

encoder

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



Decoder (one layer)

Multi-head Self-attention 
(masked)

decoder

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



encoder decoder

les étudiants ont ouvert leurs livres the students opened their

books laptops1.0

0.0
a zoo

Machine Translation



Transformer decoder

thethe students opened their

students opened their books

Transformer decoder
(masked)

the architecture 
used in frontier 

LLMs



Transformer decoder (cont’d)

Transformer decoder
(masked)

V

✘ ✘✘

the students opened their

students



Transformer decoder (cont’d)

Transformer decoder
(masked)

students opened

V

✘ ✘

the students opened their



Self-attention in the decoder
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masking out all values in 
the input of the softmax 

which correspond to 
illegal connections



Self-attention in the decoder (cont’d)

a11 0 0 0

a21 a22 0 0

a31 a32 a33 0

a41 a42 a43 a44

masking out all values in 
the input of the softmax 

which correspond to 
illegal connections



Feed forward

Decoder (cont’d)

Attention



Decoder (cont’d)



Encoder (one layer)

Multi-head Self-attention 
(unmasked)

encoder

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



Decoder (one layer)

Multi-head Self-attention 
(masked)

decoder

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



encoder decoder

les étudiants ont ouvert leurs livres the students opened their

books laptops1.0

0.0
a zoo

Encoder-decoder architectures



Layer 1

decoder

…

Decoder 
(N layers)
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Layer N

encoder’s final output



Decoder in encoder-decoder (one layer)

Multi-head Self-attention 
(masked)

decoder

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm

Multi-head Cross-attention 
(unmasked)⨁Add & Norm



Cross-attention in the decoder
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Cross-attention in the decoder (cont’d)

Multi-head Attention 
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encoder decoder



encoder decoder

les étudiants ont ouvert leurs livres the students opened their

books laptops1.0

0.0
a zoo

Machine Translation



Model parameters (weights)

● Embedding matrices
○ Word embeddings, positional embeddings, segment 

embeddings
● Weight matrices

○ E.g., WQ  , WK, WV, WO
● Bias terms



Bias term

bias term



Different Transformers architectures

● Encoder-only
○ BERT

● Encoder-decoder
○ T5

● Decoder-only
○ GPT



Image created by Gemini



A learning paradigm shift

63

Task A

Task C

Task B

Task D

 before
BERT

Task A

Task C

Task B

Task D

 since
BERT

training task-specific models 
from scratch pretraining and then adapting

downstream / target 
task



ELMo

Image created by Gemini



BERT vs. ELMo

BERT ELMo

Model Transformers Bidirectional LSTM (Long 
Short-Term Memory, a 
variant of RNN) 

Pre-training objective(s) Masked language 
modeling + next sentence 
prediction

Left-to-right language 
modeling

Adaptation method Fine-tuning Feature-based (pretrained 
representations as 
additional features to 
task-specific models)



Pretraining



Language modeling using a Transformer encoder

students opened their books

Multi-head Self-attention 
(unmasked)

to

their🤔



Masked language modeling

students [MASK] [MASK] books

Multi-head Self-attention 
(unmasked)

to

opened

15% - 30% of all tokens in each sequence are masked at random

🤔 their
✘ ✘ ✘



What if we mask more tokens?

their

Multi-head Self-attention 
(unmasked)

🤔

[MASK] their [MASK][MASK]

15% - 30% of all tokens in each sequence are masked at random

opened books to



What if we mask less tokens?

students opened [MASK] books

Multi-head Self-attention 
(unmasked)

to

15% - 30% of all tokens in each sequence are masked at random

🤔 their
✘ ✘ ✘✘



CLS & SEP tokens

Multi-head Self-attention 
(unmasked)

A1 A2 [MASK] A4 A5 [SEP] B1 B2 B3 [MASK] B5[CLS]

[CLS]

Yes/
No A3 B4

next sentence 
prediction



BERT Pretraining

Multi-head Self-attention 
(unmasked)

A1 A2 [MASK] A4 A5 [SEP] B1 B2 B3 [MASK] B5[CLS]

[CLS]

Yes/
No A3 B4

next sentence 
prediction



BERT input representation



BERT Fine-tuning

Multi-head Self-attention 
(unmasked)

the movie was good[CLS]

[CLS]

linear

softmax task-specific
classifier



encoder

Transformer decoder
(masked)

decoder

T5 Pretraining: Span corruption  

Transformer encoder
(unmasked)

Thank you for inviting me to your party last week

Thank you <X> me to your party <Y> week

<X>, <Y>: sentinel tokens

<BOS> <X> for inviting <Y> last

<X> for inviting <Y> last <EOS>…



T5 Fine-tuning

encoder

Transformer decoder
(masked)

decoder

Transformer encoder
(unmasked)

sentiment analysis: this movie was good

positive <EOS>

<BOS> positive



T5 facilitates multitask learning



Decoder-only model 

thethe students opened their

students opened their books

Transformer decoder
(masked)

the architecture 
used in frontier 

LLMs



Note on cross-attention

● Can be used to inject non-text data (e.g., 
images, structured data, or even sensor 
readings) into the model



 Pretraining with a causal LM (decoder-only)

thethe students opened their

students opened their books

Transformer decoder
(masked)



Transformer decoder
 (partially masked)

[PAD] P1 P2 P3 P4 [SEP] A1 A2 A3 A4 A5[PAD]

A5

 Training with prefix LM (decoder-only)

✘ ✘ ✘ ✘ ✘ ✘
A1 A2 A3 A4 [EOS]

the architecture 
used in frontier 

LLMs



Different attention mask patterns
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Different attention mask patterns (cont’d)
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Prefix LM



Different attention mask patterns (cont’d)

x1 x2 x3 x4 x5 x6 x7
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Q

K

Why masking 
here?



Increasing model 
size enhances 
performance and 
sample efficiency



… and unlocks new capabilities

From “PaLM: Scaling Language Modeling with Pathways” by Chowdhery et al. (2022)



Why do LLMs work so well? Pretraining = Massively multi-task 
learning?

https://www.jasonwei.net/blog/some-intuitions-about-large-language-models

https://www.jasonwei.net/blog/some-intuitions-about-large-language-models


Why do LLMs work so well? Pretraining = Massively multi-task 
learning? (cont’d)

https://www.jasonwei.net/blog/some-intuitions-about-large-language-models

https://www.jasonwei.net/blog/some-intuitions-about-large-language-models


The trend has 
continued to 
push the 
boundaries of 
possibility in 
NLP



3.6 bits per parameter



Inverse scaling

○ https://www.lesswrong.com/posts/iznohbCPFkeB9kAJ
L/inverse-scaling-prize-round-1-winners

○ https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz
/inverse-scaling-prize-second-round-winners

https://www.lesswrong.com/posts/iznohbCPFkeB9kAJL/inverse-scaling-prize-round-1-winners
https://www.lesswrong.com/posts/iznohbCPFkeB9kAJL/inverse-scaling-prize-round-1-winners
https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz/inverse-scaling-prize-second-round-winners
https://www.lesswrong.com/posts/DARiTSTx5xDLQGrrz/inverse-scaling-prize-second-round-winners


Inverse scaling (cont’d)





False premise questions: When did Google release 
ChatGPT?

Vu et al. 2023: 
https://arxiv.org/abs/2310.03214

https://arxiv.org/abs/2310.03214


What can we scale?

● The loss scales as a power-law with:
○ N: model size
○ D: dataset size
○ the amount of compute used for training 

(e.g., number of training steps)





Given a fixed compute budget, what is the optimal 
model size and dataset size for training?
Let’s say you can use one GPU for one day

○ Would you train a 5 million parameter LM on 
100 books?

○ What about a 500 million parameter LM on 
one book?

○ Or a 100k parameter LM on 5k books?



Given a fixed compute budget, what is the optimal 
model size and dataset size for training?

● Kaplan et al. 2020
● Chinchilla (Hoffmann et al. 2022)



Observations from Kaplan et al., 2020

● Performance depends largely on scale (model size, 
data size, and compute) and weakly on model 
architecture (e.g., depth, width)

● Performance improves most when model and 
dataset size scale together; increasing one while 
keeping the other fixed results in diminishing 
returns







Issues with Kaplan laws

● Used same learning rate schedule for all 
training runs, regardless of how many training 
tokens / batches!

● This schedule needs to be adjusted based on 
the number of training steps; otherwise, it can 
impair performance

● The resulting “scaling laws” from Kaplan et al., 
are flawed because of this!



Chinchilla scaling laws

● Kaplan et al., 2020: prioritize increasing model size over data size
○ With a 10x compute increase, increase model size by 5x and 

data size by 2x 
○ With a 100x compute increase, model size 25x and data 4x

● Chinchilla (Hoffmann et al., 2022): increase model and data size at 
the same rate
○ With a 10x compute increase, increase both model size and data 

size by 3.1x
○ With a 100x compute increase, both model and data size 10x



For a given FLOP budget there is an optimal model to 
train

valley



Projecting optimal model size and number of tokens 
for larger models



Large models should be significantly smaller and 
trained for much longer than is currently done (2022)



Large models should be significantly smaller and 
trained for much longer than is currently done (2022)

PF: PetaFLOP



Gopher vs. Chinchilla



Chinchilla’s loss function





Beyond Chinchilla-optimal

Model # Params # Training Tokens Ratio 
(tokens / param)

Chinchilla 70B 1.4T 20

Llama 1 7B 1T 142

Llama 2 7B 2T 284

Llama 3 8B 15T 1,875

Sardana et al. varies varies up to 10,000

https://www.jonvet.com/blog/llm-scaling-in-2025

https://arxiv.org/abs/2401.00448
https://www.jonvet.com/blog/llm-scaling-in-2025




Thank you!


