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Logistics

● Office hours starting this Friday 2:45 – 3:45 PM
○ both in-person (D&DS Rm 374) and via Zoom (link 

available on Piazza/Discord)

● Student presentations
○ Search for teammates on Piazza/Discord or reach out to 

me at cs6804instructors@gmail.com
○ Google form for submitting group information available 

on Piazza/Discord (due EOD this Friday 1/30)

mailto:cs6804instructors@gmail.com


AI news

● Starting from next week



This course

● Six (?) weeks of me lecturing, so that we are all roughly on 
the same page
○ the overall class background wasn't as much as I 

thought

● Rest of semester: student presentations and discussions of 
assigned papers



Different Transformers architectures

● Encoder-only
○ BERT

● Encoder-decoder
○ T5

● Decoder-only
○ GPT
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Recurrent neural networks (RNNs)
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Problems with RNNs

● Bottleneck representation issue
● Lack of parallelism
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Transformer block (one layer)

Multi-head Self-attention

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



Transformer block

Feed forward

Multihead Attention
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Attention (cont’d)
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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)
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Self-attention (cont’d)
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Self-attention (cont’d)
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during inference



Quadratic complexity

The time complexity of 
self-attention is quadratic in 

the input length O(n2)a11 a12 a13 a14
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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
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Multi-head attention (cont’d)

Q1…Qh

K1…Kh
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These output values 
are concatenated and 
once again projected



Transformer block (cont’d)

Feed forward

Multihead Attention
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Position-wise feedforward networks
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Transformer block (one layer)

Multi-head Self-attention

Feed Forward (non-linearity)⨁

⨁Add & Norm

Add & Norm



Residual connection
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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)
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Attention visualizations



Attention visualizations (cont’d)



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
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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
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Transformer decoder (cont’d)
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Self-attention in the decoder
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Self-attention in the decoder (cont’d)

a11 0 0 0
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the input of the softmax 
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Self-attention in the decoder (cont’d)

s11   -∞ -∞ -∞

s21 s22 -∞ -∞

s31 s32 s33 -∞

s41 s42 s43 s44

masking out (setting to 
−∞) 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
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Encoder-decoder architectures
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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)
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encoder decoder



Different Transformers architectures

● Encoder-only
○ BERT

● Encoder-decoder
○ T5

● Decoder-only
○ GPT



Image created by Gemini



A learning paradigm shift

71

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)
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BERT Pretraining

Multi-head Self-attention 
(unmasked)
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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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Different attention mask patterns (cont’d)

x1 x2 x3 x4 x5 x6 x7

x1

x2

x3

x4

x5

x6

x7

Q

K

Why masking 
here?



Thank you!


