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A. Vaswani et al. “Attention is All you Need”. In: Advances in Neural Information Processing Systems 30. 2017, pp. 5998–6008.
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http://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf


Input and Output

• Input sequence X = (x1, . . . ,xm)
⊤, xt ∈ Rp one-hot

• Output sequence Y = (y1, . . . ,yl)
⊤, yt ∈ Rp one-hot

• Embedding: XW e and YW e, where W e ∈ Rp×d, d = 512
• (Additive) positional encoding: W p ∈ Rlen×d

– wp
t,2i = sin(t/100002i/d), wp

t,2i+1 = cos(t/100002i/d), i = 0, . . . , d
2 − 1
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Self-Attention

V ← VW v

V ← softmax(V V ⊤/λ) · V, e.g., λ =
√
d

• Highly parallelizable matrix product replaces recurrence

• Each output is a convex combination of all inputs

• Dot product ⟨vi:,vj:⟩ measures similarity: more similar, more contribution

• Softmax is dense: every output attends to every input
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More Generally

[Q,K, V ]← [QW q, KW k, V W v]

V ← softmax(QK⊤/λ) · V

• Q: query, linear transformed by W q

• K: key, linear transformed by W k

• V : value, linear transformed by W v

• Similarity by dot product between
query Q and key K

• Output is convex combination of input

• Self-attention becomes a special case:
[Q,K, V ]← [VW v, V W v, V W v]
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Multi-head

• h = 8 or h = 12

• keep d = 512

1 for i = 1, . . . , h do
// linear transformation

2 [Q,K, V ]← [QW q
i , KW k

i , V W v
i ]

// convex combination
3 Vi ← softmax(QK⊤/λ)V

// concatenation & linear trans
4 V ← [V1, · · · , Vh]W
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Position-wise Feed-forward

• Let V ∈ Rlen×d be the values (at some layer),
arranged row-wise:

FFN(V) = σ(VW1)W2

– two-layer network
– σ(t) = tΦ(t): Gaussian Error Linear Unit (GELU)

• Weights W1 ∈ Rd×4d and W2 ∈ R4d×d are
shared among different positions but change
from layer to layer

• Residual connections and layer-wise
normalization
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D. Hendrycks and K. Gimpel. “Gaussian Error Linear Units (GELUs)”. 2016.
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https://arxiv.org/abs/1606.08415


Transformer Encoder
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Understanding Attention

• 1x1 conv: consider d filters W v = [w1, · · · ,wd] so that

uik ← ⟨vi:,wk⟩

• Global weighted average pooling:

vj: ←
∑
i

pji · ui:, where pji ∝ exp(⟨uj:,ui:⟩ /λ)

• 1x1 conv: consider 4d filters W = [w1, · · · ,w4d] so that

uik ← ⟨vi:,wk⟩

• GELU activation: v = σ(u)

• 1x1 conv again with d filters
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Transformer Decoder

[Q,K, V ]← [VW q, V W k, V W v]

V ← softmax(QK⊤/λ) · V

• Masked self-attention: each output can only depend on the
input and previous outputs

– simply reset ⟨qi:, kj:⟩ = −∞ if i ≤ j

– or shift output to the right by 1 position and enforce above for i < j

• Context attention: (K,V ) from the encoder output while Q
from decoder

– each output attends to every position in input
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Transformer

• Last linear transformation and softmax:

Ŷ = softmax(V(We)⊤)

– We is the transpose of the input encoding

• Train by minimizing the log-loss:

min
W

Ê
[
−
〈
Y, log Ŷ

〉]
– Y = [y1, . . . ,yl] is output sequence, one-hot

– Ŷ = [ŷ1, . . . , ŷl] is the predicted probabilities

– ŷt depends on the input sequence X = [x1, . . . ,xm],
as well as previous output tokens y1, . . . ,yt−1
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Comparison

Layer type per-layer complexity sequential ops max path length

Self-attention O(m2d) O(1) O(1)
Recurrent O(md2) O(m) O(m)
Convolution O(kmd2) O(1) O(logk m)
Self-attention (r) O(rmd) O(1) O(m/r)

• m: sequence length
• d: dimension of internal representation
• k: filter size
• r: restricted attention field
• Attention also costs O(md2) due to linear transformation V ← VW
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Does It Work?
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Generative Pre-Training (GPT)
• Unsupervised pre-training through a language model:

min
Θ

Ê− log
m∏
j=1

p(xj|x1, . . . ,xj−1; Θ)

– given the context consisting of previous tokens
x1, . . . ,xj−1, predict the current token xj

• Supervised fine-tuning with task-aware transformations:

min
Wy

min
Θ

Ê− log p(y|X,Θ)− λ · Ê log p(X|Θ),

where p(y|X,Θ) =
〈
y, softmax(h(L)

m Wy)
〉
,

A. Radford, K. Narasimhan, T. Salimans, and I. Sutskever. “Improving Language Understanding by generative pre-training”. 2018.
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https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
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Bidirectional Encoder Representations from Transformers

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova. “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”.
In: Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics. 2019, pp. 4171–4186.
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https://www.aclweb.org/anthology/N19-1423


Mask Language Model

• Randomly select 15% input tokens, change to [Mask]

• Add softmax to predict the [Mask] tokens

• Actually 12% replaced with [Mask], 1.5% with random
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https://beta.openai.com/examples
T. Brown et al. “Language Models are Few-Shot Learners”. In: Advances in Neural Information Processing Systems. 2020, pp. 1877–1901.
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https://beta.openai.com/examples
https://proceedings.neurips.cc/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
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L. Ouyang et al. “Training language models to follow instructions with human feedback”. In: Advances in Neural Information Processing
Systems. 2022.
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https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf


A. Dosovitskiy et al. “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”. In: International Conference on
Learning Representations. 2021.
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https://openreview.net/forum?id=YicbFdNTTy


H. Touvron et al. “Training data-efficient image transformers & distillation through attention”. In: Proceedings of the 38th International
Conference on Machine Learning. 2021, pp. 10347–10357.
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https://proceedings.mlr.press/v139/touvron21a.html


Z. Liu et al. “Swin Transformer: Hierarchical Vision Transformer using Shifted Windows”. In: IEEE/CVF International Conference on
Computer Vision (ICCV). 2021, pp. 9992–10002, Z. Liu et al. “Swin Transformer V2: Scaling Up Capacity and Resolution”. In: IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). 2022, pp. 11999–12009.L16 30/30

https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/CVPR52688.2022.01170



