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Transformers

• Revolutionize NLP
• Attention based model
• State-of-the-art methods in all NLP 

tasks and many vision tasks
• >20,000 citations in 4 years



Transformers

• Transforms Input vectors to output vectors
• Attentional modeling
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Transformers Applications
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Transformers Applications

I

love

you

ich

Transformers

• Machine Translation

liebe

dich



Transformers Applications
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Attention

• Given the query, extract and aggregate relevant information
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𝛼𝛼 𝑞𝑞, 𝑥𝑥𝑖𝑖 𝑥𝑥𝑖𝑖

𝛼𝛼 𝑞𝑞, 𝑥𝑥𝑖𝑖 =
exp(𝑎𝑎(𝑞𝑞, 𝑥𝑥𝑖𝑖))

∑𝑗𝑗=1𝑚𝑚 exp(𝑎𝑎(𝑞𝑞, 𝑥𝑥𝑗𝑗))
𝑎𝑎 𝑞𝑞, 𝑥𝑥 = 𝑞𝑞⊤𝑥𝑥



Attention Model Example

• Attention for sequence-to-sequence
• E.g. machine translation

Bahdanau et al, Neural machine translation by jointly learning to align and translate, ICLR 2015

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑧𝑧

Attention
𝑐𝑐

𝑦𝑦0 𝑦𝑦1 𝑦𝑦2 𝑦𝑦3𝑐𝑐 𝑐𝑐 𝑐𝑐 𝑐𝑐

Decoder (RNN or CNN)

𝑦𝑦1 𝑦𝑦2 𝑦𝑦3 𝑦𝑦4



Input Embedding

• Mapping ‘one-hot’ to ‘vectors’
• Input token -> one-hot encoding -> vector

[0,0,0,1,0,0,0,0,0, … 0]

Input Embedding
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Positional Encoding

• Transformers are ‘orderless’ architecture
• Additional time (order) information are needed

𝑃𝑃𝑃𝑃 𝑡𝑡 = [… , cos 2𝜋𝜋𝜎𝜎𝑗𝑗/𝑚𝑚t , sin 2𝜋𝜋𝜎𝜎𝑗𝑗/𝑚𝑚𝑡𝑡 , … ]⊤

(for 𝑗𝑗 = 0, … ,𝑚𝑚 − 1)

𝑃𝑃𝑃𝑃(0)

𝑃𝑃𝑃𝑃(7)

The Illustrated Transformer – Jay Alammar – Visualizing machine learning one concept at a time. (jalammar.github.io)

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


Positional Input Embeddings

• Function of input embeddings and positional encodings

[0,0,0,1,0,0,0,0,0, … 0]

Input Embedding Positional Encoding

𝑡𝑡

+ =

Positional Input 
Embeddings



Self-Attention

• (Input) -> (query, key, value)

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

𝑘𝑘1 𝑘𝑘2 𝑘𝑘3 𝑘𝑘4 𝑘𝑘5

Key

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

Value

MLP (𝑿𝑿𝑿𝑿𝑲𝑲) MLP (𝑿𝑿𝑿𝑿𝑽𝑽)

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

𝑞𝑞1 𝑞𝑞2 𝑞𝑞3 𝑞𝑞4 𝑞𝑞5

Query

MLP (𝑿𝑿𝑾𝑾𝑸𝑸)

𝑋𝑋 ∈ ℝ𝑁𝑁×Din

𝑊𝑊𝑄𝑄 ∈ ℝDin×𝑑𝑑𝑘𝑘 𝑊𝑊K ∈ ℝDin×𝑑𝑑𝑘𝑘 𝑊𝑊V ∈ ℝDin×𝑑𝑑𝑣𝑣



Self-Attention

• Attention over each other

𝑞𝑞1 𝑞𝑞2 𝑞𝑞3 𝑞𝑞4 𝑞𝑞5

𝑘𝑘1 𝑘𝑘2 𝑘𝑘3 𝑘𝑘4 𝑘𝑘5

Self
attention



Self-Attention

• Attention over each other

𝑞𝑞1 𝑞𝑞2 𝑞𝑞3 𝑞𝑞4 𝑞𝑞5

𝑘𝑘1 𝑘𝑘2 𝑘𝑘3 𝑘𝑘4 𝑘𝑘5

Self
attention



Self-Attention

• Attention over each other

𝑞𝑞1 𝑞𝑞2 𝑞𝑞3 𝑞𝑞4 𝑞𝑞5

𝑘𝑘1 𝑘𝑘2 𝑘𝑘3 𝑘𝑘4 𝑘𝑘5

Self
attention

𝐴𝐴 = softmax
𝑄𝑄𝐾𝐾⊤

𝑑𝑑𝑘𝑘
𝑄𝑄 ∈ ℝ𝑁𝑁×𝑑𝑑𝑘𝑘

K ∈ ℝ𝑁𝑁×𝑑𝑑𝑘𝑘

�
𝑗𝑗

𝐴𝐴𝑖𝑖𝑖𝑖 = 1 Row-wise softmax



Self-Attention

• Attention over each other

𝑞𝑞1 𝑞𝑞2 𝑞𝑞3 𝑞𝑞4 𝑞𝑞5

𝑘𝑘1 𝑘𝑘2 𝑘𝑘3 𝑘𝑘4 𝑘𝑘5

Self
attention

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

+ + + +

𝑜𝑜5

=

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

+ + + +

𝑜𝑜4

=

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

+ + + +

𝑜𝑜3

=

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

+ + + +

𝑜𝑜2

=

𝑣𝑣1 𝑣𝑣2 𝑣𝑣3 𝑣𝑣4 𝑣𝑣5

+ + + +
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=



Self-Attention

• Attention over each other

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

𝑜𝑜1 𝑜𝑜2 𝑜𝑜3 𝑜𝑜4 𝑜𝑜5

Self-attention

𝐴𝐴 = softmax
𝑄𝑄𝐾𝐾⊤

𝑑𝑑𝑘𝑘
SA 𝑋𝑋;𝑊𝑊𝑄𝑄 ,𝑊𝑊𝐾𝐾 ,𝑊𝑊𝑉𝑉 = 𝐴𝐴𝑉𝑉
𝑄𝑄 = 𝑋𝑋𝑊𝑊𝑄𝑄

K = 𝑋𝑋𝑊𝑊𝐾𝐾

V = 𝑋𝑋𝑊𝑊𝑉𝑉

𝑑𝑑𝑘𝑘: dimension of query and keys



Multi-Head Attention

• Multiple self-attention modules

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

Self-attention 1

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

Self-attention 2

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

Self-attention 3

× 𝑊𝑊𝑂𝑂 =𝑊𝑊𝑂𝑂 ∈ ℝ𝑑𝑑𝑣𝑣𝑁𝑁ℎ×𝑑𝑑𝑜𝑜



Multi-Head Attention

• Multi-head + residual connection + layer normalization

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

+ + + + +

Multi-Head 
Self-attention

Residual
Connection

Layer Normalization

𝐿𝐿𝑁𝑁𝛾𝛾,𝛽𝛽 𝑥𝑥𝑖𝑖 = 𝛾𝛾 �𝑥𝑥 + 𝛽𝛽

�𝑥𝑥𝑖𝑖,𝑘𝑘 =
𝑥𝑥𝑖𝑖,𝑘𝑘 − 𝜇𝜇𝑖𝑖

𝜎𝜎𝑖𝑖2 + 𝜖𝜖

𝜇𝜇𝑖𝑖 =
1
𝐾𝐾�
𝑘𝑘=1

𝐾𝐾

𝑥𝑥𝑖𝑖,𝑘𝑘 , 𝜎𝜎𝑖𝑖2 =
1
𝐾𝐾�
𝑘𝑘=1

𝐾𝐾

𝑥𝑥𝑖𝑖,𝑘𝑘 − 𝜇𝜇𝑖𝑖
2



Transformers for Language Modeling

• Language modeling as next word prediction
• Autoregressive generation
• Training is parallelizable w/ attention mask

Transformers

𝑥𝑥1 𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5

𝑥𝑥2 𝑥𝑥3 𝑥𝑥4 𝑥𝑥5 𝑥𝑥6

one step left-shifted

Attention
Score

Attention
Mask

⊙

𝑝𝑝 𝑥𝑥2 𝑥𝑥1
𝑝𝑝 𝑥𝑥3 𝑥𝑥2, 𝑥𝑥1
𝑝𝑝 𝑥𝑥4 𝑥𝑥3, 𝑥𝑥2, 𝑥𝑥1
𝑝𝑝 𝑥𝑥5 𝑥𝑥4, 𝑥𝑥3, 𝑥𝑥2, 𝑥𝑥1
𝑝𝑝(𝑥𝑥6|𝑥𝑥5, 𝑥𝑥4, 𝑥𝑥3, 𝑥𝑥2, 𝑥𝑥1)

1 batch -> 5 training examples



GPT3

• An autoregressive transformer language model w/ 175 billion parameters



Scaling Up Language Models

Using DeepSpeed and Megatron to Train Megatron-Turing NLG 530B, the World’s Largest and Most Powerful Generative Language Model - Microsoft Research

https://www.microsoft.com/en-us/research/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-worlds-largest-and-most-powerful-generative-language-model/


BERT (Pre-Training Bidirectional Transformers)

BERT Explained: State of the art language model for NLP | by Rani Horev | Towards Data Science

• Masked-LM

https://towardsdatascience.com/bert-explained-state-of-the-art-language-model-for-nlp-f8b21a9b6270


BERT (Pre-Training Bidirectional Transformers)

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, Devlin et al, NAACL 2019

• Masked-LM pre-training, then fine-tuning



BERT (Pre-Training Bidirectional Transformers)

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, Devlin et al, NAACL 2019

• Masked-LM pre-training, then fine-tuning



Vision Transformers (ViT)

An Image is worth 16x16 words: Transformers for image recognition at scale, Dosovitskiy et al, ICLR 2021
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