
Review: Sequence modeling methods
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1D convolutional networks Transformers

Works on ordered sequences
• Pros: Not limited by fixed context 

size (in principle): After one RNN 
layer, hT ”sees” the whole sequence

• Con: Hidden states have limited 
expressive capacity

• Con: Not parallelizable: need to 
compute hidden states sequentially

Works on 1D grids
• Pro: Each output can be 

computed in parallel (at training 
time)

• Con: Bad at long sequences: 
Need to stack many conv layers 
for outputs to “see” the whole 
sequence

• Works on sets of vectors



Transformers: The nuts and bolts

https://xkcd.com/1838/

https://xkcd.com/1838/
https://xkcd.com/1838/
https://xkcd.com/1838/


Outline
• Attention models
• The transformer block in detail
• Early architectures for language modeling



Review: Key-Value-Query attention model

Image source

The decoder generates a 
query describing what it 
wants to focus on

Compute dot products between 
the query and the keys 
generated by encoder, giving 
alignment scores between 
source tokens and the query

Sum the values generated by 
encoder weighted by the 
attention weights

Decoder

Encoder

Feed the scores into a softmax 
to create the attention weights

𝑋1 𝑋2 𝑋3 𝑋4

𝑌1 𝑌2 𝑌3 𝑌4

https://distill.pub/2016/augmented-rnns/


Review: Basic transformer model

• Encoder self-attention: queries, keys, and values come from previous 
layer of encoder

• Decoder self-attention: values corresponding to future decoder 
outputs are masked out

• Encoder-decoder attention: queries come from previous decoder 
layer, keys and values come from output of encoder

N transformer 
blocks

N transformer 
blocks

A. Vaswani et al. Attention is all you need. NeurIPS 2017

https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf


Key-Value-Query attention in transformers



Key-Value-Query attention in transformers
• Key vectors: 𝐾	 = 	𝑋𝑊!

• Value Vectors: 𝑉	 = 	𝑋𝑊"
• Query vectors
• Similarities: scaled dot-product attention

𝐸#,% 	=
&!	·	!#

)
		or 𝐸	 = 	𝑄𝐾*	/ 𝐷 

(𝐷 is the dimensionality of the keys) 

• Attn. weights: 𝐴	 = 	softmax(𝐸, dim = 1)
• Output vectors: 

𝑌# = ∑% 𝐴#,%𝑉%  or  𝑌	 = 	𝐴𝑉
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Adapted from J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf


• How does permuting the order of 
the queries change the output?

• How does changing the order of 
the keys/values change the 
output?
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Adapted from J. Johnson

Key-Value-Query attention in transformers

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf


Self-attention layer



Self-attention layer
• Query vectors: 𝑄 = 	𝑋𝑊&

• Key vectors: 𝐾	 = 	𝑋𝑊!

• Value vectors: 𝑉	 = 	𝑋𝑊"
• Similarities: scaled dot-product attention

𝐸#,% 	=
&!·	!#

)
		or 𝐸	 = 	𝑄𝐾*	/ 𝐷 

(𝐷 is the dimensionality of the keys) 

• Attn. weights: 𝐴	 = 	softmax(𝐸, dim = 1)
• Output vectors: 

𝑌# = ∑% 𝐴#,%𝑉%  or  𝑌	 = 	𝐴𝑉

One query per input vector
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Adapted from J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf


Masked self-attention layer



Masked self-attention layer
• The decoder should not “look ahead” 

in the output sequence
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Adapted from J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf


Masked self-attention layer
• The decoder should not “look ahead” 

in the output sequence

𝑄1 𝑄2 𝑄3

𝐾3

𝐾2

𝐾1

𝐸!,$

𝐸!,#

𝐸!,!

𝐸#,$

𝐸#,#

𝐸#,!

𝐸$,$

𝐸$,#

𝐸$,!

𝐴!,$

𝐴!,#

𝐴!,!

𝐴#,$

𝐴#,#

𝐴#,!

𝐴$,$

𝐴$,#

𝐴$,!

𝑉3

𝑉2

𝑉1

Product(→),   Sum(↑)

Softmax(↑)

𝑌1 𝑌2 𝑌3

𝑋1 𝑋2 𝑋3

Adapted from J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture13.pdf


Masked self-attention layer
• The decoder should not “look ahead” 

in the output sequence
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Adapted from J. Johnson
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Attention mechanisms: Summary

• Encoder self-attention: queries, keys, and values come from previous 
layer of encoder

• Decoder self-attention: values corresponding to future decoder 
outputs are masked out

• Encoder-decoder attention: queries come from previous decoder 
layer, keys and values come from output of encoder

N transformer 
blocks

N transformer 
blocks



Attention mechanisms: Illustration

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html


Transformers: Pros and cons
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RNNs
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1D convolutional networks Transformers

Works on ordered sequences
• Pros: Not limited by fixed context 

size (in principle): After one RNN 
layer, hT ”sees” the whole sequence

• Con: Not parallelizable: need to 
compute hidden states sequentially

• Con: Hidden states have limited 
expressive capacity

Works on multidimensional grids
• Pro: Each output can be 

computed in parallel (at training 
time)

• Con: Need to stack many conv 
layers for outputs to “see” the 
whole sequence

• Works on sets of vectors
• Pro: Good at long sequences: after 

one self-attention layer, each output 
“sees” all inputs!

• Pro: Each output can be computed 
in parallel (at training time)

• Con: Memory-intensive: cost of 
attention operator is quadratic in 
input size



Making attention more efficient: KV-cache
• Idea: cache previous attention computations during 

autoregressive generation (decoding)

Figure source

https://medium.com/@joaolages/kv-caching-explained-276520203249


Making attention more efficient: KV-cache
• Idea: cache previous attention computations during 

autoregressive generation (decoding)

Figure source

https://medium.com/@joaolages/kv-caching-explained-276520203249


Making attention more efficient: FlashAttention

Supported in PyTorch: https://pytorch.org/blog/pytorch2-2/

T. Dao et al. FlashAttention: Fast and Memory-Efficient Exact Attention with IO-Awareness. NeurIPS 2022

Latest: FlashAttention-4

https://pytorch.org/blog/pytorch2-2/
https://pytorch.org/blog/pytorch2-2/
https://pytorch.org/blog/pytorch2-2/
https://pytorch.org/blog/pytorch2-2/
https://pytorch.org/blog/pytorch2-2/
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://openreview.net/pdf?id=H4DqfPSibmx
https://tridao.me/blog/2026/flash4/
https://tridao.me/blog/2026/flash4/
https://tridao.me/blog/2026/flash4/


Outline
• Attention models
• The transformer block in detail



Positional embedding
• To give transformer information about ordering of tokens, add 

function of position (based on sines and cosines) to every input

Figure source
dimension (i)

po
si

tio
n 

(p
os

)

Original 
embedding: Dot product of every pair 

of positional embeddings

https://kazemnejad.com/blog/transformer_architecture_positional_encoding/


RoPE: Rotary Positional Embedding
• Encode positional information 

by rotating key and query 
vectors by an angle that 
depends on the position

J. Su et al. RoFormer: Enhanced Transformer with Rotary Position Embedding. Neurocomputing, 2024 

Figure source

https://arxiv.org/abs/2104.09864
https://medium.com/@hugmanskj/mastering-llama-understanding-rotary-positional-embedding-rope-91d1e707e95ahttps:/medium.com/@hugmanskj/mastering-llama-understanding-rotary-positional-embedding-rope-91d1e707e95a


RoPE: Rotary Positional Embedding
• Encode positional information 

by rotating key and query 
vectors by an angle that 
depends on the position
• Compose special rotation matrix 

by stacking two-dimensional 
rotation matrices

J. Su et al. RoFormer: Enhanced Transformer with Rotary Position Embedding. Neurocomputing, 2024 

https://arxiv.org/abs/2104.09864


RoPE: Rotary Positional Embedding
• Encode positional information 

by rotating key and query 
vectors by an angle that 
depends on the position
• Compose special rotation matrix 

by stacking two-dimensional 
rotation matrices

• Dot product between keys and 
queries depends on their 
relative, not absolute position

• Apply this operation every time 
before computing attention

J. Su et al. RoFormer: Enhanced Transformer with Rotary Position Embedding. Neurocomputing, 2024 

Figure source

𝑞+, 𝑘- = 𝑥+,𝑊.,𝑅/,+, 𝑅/,-𝑊1𝑥-
= 𝑥+,𝑊.,𝑅/,-2+𝑊1𝑥-

https://arxiv.org/abs/2104.09864
https://krasserm.github.io/2022/12/13/rotary-position-embedding/


Multi-head attention
• Run ℎ attention models in parallel 

on top of different linearly 
projected versions of 𝑄, 𝐾, 𝑉; 
concatenate and linearly project 
the results

• Intuition: enables model to attend 
to different kinds of information at 
different positions (see 
visualization tool)

https://github.com/jessevig/bertviz


Multi-query and grouped-query attention
• Multi-query attention (MQA): different queries share the same 

keys and values – just need one KV-cache
• Grouped-query attention (GQA): queries in the same group 

share the same keys and values

N. Shazeer. Fast Transformer Decoding: One Write-Head is All You Need. arXiv 2019

J. Ainslie et al. GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints. EMNLP 2023

https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/1911.02150
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245
https://arxiv.org/abs/2305.13245


Feedforward network (FFN or MLP)
• Original transformer: 

two linear layers with ReLUs in 
between, applied independently to 
each vector

Original architecture: N = 12 blocks, 
embedding dimension = 512, 
6 attention heads



Nonlinearities beyond ReLU
• GELU: Gaussian Error 

Linear Unit

 GELU 𝑥 = 𝑥 ∗ 	Φ(𝑥) where Φ(𝑥) is 
the Gaussian CDF
Approximation:
 GELU 𝑥 ≈ 0.5𝑥 ∗ 1 + Tanh #

&
∗ 𝑥 + 0.044715𝑥$

D. Hendrycks and K. Gimpel. Gaussian Error Linear Units (GELUs). arXiv 2016

Figure source

https://arxiv.org/abs/1606.08415
https://www.probabilitycourse.com/chapter4/4_2_3_normal.php


Nonlinearities beyond ReLU
• GELU: Gaussian Error 

Linear Unit

 GELU 𝑥 = 𝑥 ∗ 	Φ(𝑥) where Φ(𝑥) is 
the Gaussian CDF
Approximation:
 GELU 𝑥 ≈ 0.5𝑥 ∗ 1 + Tanh #

&
∗ 𝑥 + 0.044715𝑥$

• SiLU: Sigmoid Linear Unit 
(also known as Swish)
SiLU 𝑥 = 𝑥 ∗ 	𝜎(𝑥) where 𝜎(𝑥) 
is the sigmoid

D. Hendrycks and K. Gimpel. Gaussian Error Linear Units (GELUs). arXiv 2016 PyTorch docs: GELU, SiLU

https://arxiv.org/abs/1606.08415
https://docs.pytorch.org/docs/stable/generated/torch.nn.GELU.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.SiLU.html


More complex FFN
• GLU (Gated Linear Unit):

GLU(𝑥,𝑊, 𝑉, 𝑏, 𝑐) 	
= (𝑊𝑥 + 𝑏) ⊙ σ(𝑉𝑥 + 𝑐)

• SwiGLU:

SwiGLU(𝑥,𝑊, 𝑉, 𝑏, 𝑐) 	
= (𝑊𝑥 + 𝑏) ⊙ Swish(𝑉𝑥 + 𝑐)

Linear Linear

Nonlinearity

Elementwise multiply

Input (x)

Output

https://en.wikipedia.org/wiki/Gating_mechanism

N. Shazeer. GLU variants improve transformer. arXiv 2020

Y. Dauphin et al. Language modeling with gated convolutional networks. ICML 2017

https://en.wikipedia.org/wiki/Gating_mechanismhttps://en.wikipedia.org/wiki/Gating_mechanism
https://en.wikipedia.org/wiki/Gating_mechanismhttps://en.wikipedia.org/wiki/Gating_mechanism
https://en.wikipedia.org/wiki/Gating_mechanismhttps://en.wikipedia.org/wiki/Gating_mechanism
https://en.wikipedia.org/wiki/Gating_mechanismhttps://en.wikipedia.org/wiki/Gating_mechanism
https://arxiv.org/abs/2002.05202
https://proceedings.mlr.press/v70/dauphin17a/dauphin17a.pdf


More complex FFN
• Original transformer: 

two linear layers with ReLUs in 
between, applied independently to 
each vector

• More advanced FFN: SwiGLU 
followed by linear transformation – 
three weight matrices in total

N. Shazeer. GLU variants improve transformer. arXiv 2020

https://arxiv.org/abs/2002.05202


Layer normalization
• Add & Norm: residual connection 

followed by layer normalization
• Compute mean and std. dev. across the 

dimensions of a single vector; use them to 
normalize that vector; then apply learned 
per-dimension scaling and shifting

Given ℎ1, … , ℎ𝑁 (𝐷 dimensions)
scale: 𝛾 (𝐷 dimensions)
shift: 𝛽                    (𝐷 dimensions)

	𝜇𝑖	 = 	 (∑𝑗	ℎ𝑖𝑗)/𝐷                 (scalar)
	𝜎𝑖	 = ∑𝑗	(ℎ𝑖𝑗	 − 	𝜇𝑖)2/𝐷    (scalar)
 𝑧𝑖	 = 	 (ℎ𝑖	 − 	𝜇𝑖)	/	𝜎𝑖	
	𝑦𝑖	 = 	𝛾	 ⊙ 	𝑧𝑖	 + 	𝛽

Ba et al. Layer Normalization. arXiv 2016

https://arxiv.org/abs/1607.06450


Transformer normalization variants

Xiong et al. On Layer Normalization in the Transformer Architecture. ICML 2020

https://proceedings.mlr.press/v119/xiong20b/xiong20b.pdfhttps://proceedings.mlr.press/v119/xiong20b/xiong20b.pdf
https://proceedings.mlr.press/v119/xiong20b/xiong20b.pdfhttps://proceedings.mlr.press/v119/xiong20b/xiong20b.pdf
https://proceedings.mlr.press/v119/xiong20b/xiong20b.pdfhttps://proceedings.mlr.press/v119/xiong20b/xiong20b.pdf


Transformers without normalization

Zhu et al. Transformers without normalization. CVPR 2025

https://openaccess.thecvf.com/content/CVPR2025/papers/Zhu_Transformers_without_Normalization_CVPR_2025_paper.pdf


Transformer architecture: Zooming back out

A. Vaswani et al., Attention is all you need, NeurIPS 2017

Encoder

Decoder

https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf


Outline
• Attention models
• The transformer block in detail
• Early architectures for language modeling



Self-supervised language modeling with transformers
1. Download A LOT of text from the internet
2. Train a giant transformer using a suitable pretext task
3. Fine-tune the transformer on desired NLP task (optional)



Bidirectional encoder representations from transformers (BERT)

J. Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. EMNLP 2018

https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf
https://arxiv.org/pdf/1810.04805.pdf


BERT: Pretext tasks
• Masked language model (MLM)

• Randomly mask 15% of tokens in input sentences, goal is to 
reconstruct them using bidirectional context

Image source

http://jalammar.github.io/illustrated-bert/


BERT: Pretext tasks

Image source

Predict likelihood that sentence B 
belongs after sentence A

• Next sentence prediction (NSP)
• Useful for Question Answering 

and Natural Language Inference 
tasks

• In the training data, 50% of the 
time B is the actual sentence that 
follows A (labeled as IsNext), 
and 50% of the time it is a 
random sentence (labeled as 
NotNext).

http://jalammar.github.io/illustrated-bert/


BERT: More detailed view

Image source

WordPiece (from GNMT)

Trained on Wikipedia (2.5B words) + BookCorpus (800M words)

http://noecasas.com/files/slides/contextual_representations.pdf


BERT: Evaluation
• General Language Understanding Evaluation (GLUE) 

benchmark (gluebenchmark.com)

https://gluebenchmark.com/


BERT: Downstream tasks

Entailment, textual equivalence and similarity

Textual entailment

Source: J. Hockenmaier



BERT: Downstream tasks

Sentiment classification, linguistic acceptability Image source

https://cs330.stanford.edu/presentations/presentation-10.23-1.pdf


BERT: Downstream tasks

Find span in paragraph that contains the answer Source: SQuAD v1.1 paper

https://arxiv.org/pdf/1606.05250.pdf


BERT: Downstream tasks

Named entity recognition

Image source

https://www.aitimejournal.com/@akshay.chavan/complete-tutorial-on-named-entity-recognition-ner-using-python-and-keras


OpenAI GPT (Generative Pre-Training)
• Pre-training task: next token prediction (causal language 

modeling)

Image sourceA. Radford et al. Improving language understanding by generative pre-training. 2018

http://noecasas.com/files/slides/contextual_representations.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf
https://www.cs.ubc.ca/~amuham01/LING530/papers/radford2018improving.pdf

