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Advances in Neural Information Processing Systems 30. 2017, pp. 5998—6008.

. In:

A. Vaswani et al.



http://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf
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Input sequence X = (X1,...,X,,) ", X; € R?

Output sequence Y = (y1,...,y1)', y: € RP
Embedding: XW¢ and YW¢, where W¢ € RP*?,
(Additive) positional encoding: WP € Rlenxd

- wf,, = sin(t/10000%/), w?,, ., = cos(t/10000%/4), i =0,..., 41



Self-Attention

V VW
V + softmax(VVT/A) -V, eg., A=d

Highly parallelizable matrix product replaces recurrence

Each output is a combination of 2!/ inputs

Dot product (v;., v;;) measures similarity: more similar, more contribution

Softmax is . every output attends to every input



More Generally

Scaled Dot-Product Attention

[Q, K, V] + [QW, KW VW]
V < softmax(QK ' /)\) -V

Q: query, linear transformed by W4

K: key, linear transformed by W*

V. value, linear transformed by W?

Similarity by dot product between
query @ and key K

Output is convex combination of input

Self-attention becomes a special case:
@, K, V]« [VIWW" VIV VIV




Multi-head

® h =80orh=12

® keep d =512

1 fori=1,...,hdo
// linear transformation

p) (Q, K, V] + [QW KWk VWY
// convex combination

3 V; « softmax(QK ' /\)V

// concatenation & linear trans

a V[V, - [ VR IW

Multi-Head Attention

Scaled Dot-Product |

Linear

Attention /)




Position-wise Feed-forward

® Let V € R4 be the values (at some layer),

arranged row-wise: Add & Norm
FFN(V) = o(VW;)W, Feed
Forward

— two-layer network
— o(t) = t®(t): Gaussian Error Linear Unit (GELU)

® Weights W; € R¥*? and W, € R*™*4 are Add & Norm
shared among different positions but change Multi-Head

from layer to layer Attention

® Residual connections and layer-wise
normalization
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D. Hendrycks and K. Gimpel. “Gaussian Error Linear Units (GELUs)"

to(t) + @(t)

. 2016.
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https://arxiv.org/abs/1606.08415
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Understanding Attention

® 1x1 conv: consider d filters W¥ = [wy,--- , wy| so that

Uik < <Vi:7 Wk>

Global weighted average pooling:

V). iji ‘w;;, Wwhere pj; o< exp((uj,u;) /N)

7

1x1 conv: consider 4d filters W = [wy, -+ , Wyq| so that

Uik < <Vi:7 Wk:>

GELU activation: v = o(u)

1x1 conv again with d filters
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Transformer Decoder

Output
Probabilities

(Q, K, V] + [VWLVW* VIV
V < softmax(QK'/)\) -V

Feed
Forward

e . each output can only depend on the
input and outputs Mult-Head

Attention
} )
- S|mp|y reset <q,]§/> = —Q If 7 S ]
g g 0n0 ) . Masked
— or shift output to the right by 1 position and enforce above for i < j Mut-Head

Attention
4t

o : (K, V) from the encoder output while @
from decoder

Positional

b e Encoding

Output
Embedding

— each output attends to every position in input

Outputs
(shifted right)




Transformer

Qutput
® | ast linear transformation and softmax: Probabilties

Y = softmax(V(We)")

— W€ is the transpose of the input encoding

® Train by minimizing the log-loss: oo
uiti-|
Attention

min [ [— <Y, log Yﬂ

w
Masked
Multi-Head
. ) Attention
- Y =[y1,...,yi] is output sequence, -
- Y =[§,..., y1] is the predicted probabilities E‘n’ig‘;';;' Q Egﬁg’;’;}g‘
— y: depends on the input sequence X = [x1,...,X;],
as well as previous output tokens yq, ..., Vi1

Inputs Outputs

(shifted right)



Comparison

Layer type per-layer complexity sequential ops max path length
Self-attention O(m?d) O(1) O(1)
Recurrent O(md?) O(m) O(m)
Convolution O(kmd?) O(1) O(log;, 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(md?) due to linear transformation V « VW



Does It Work?

BLEU Training Cost (FLOPs)

EN-DE EN-FR EN-DE EN-FR
ByteNet [15] 23.75

Deep-Att + PosUnk [32] 39.2 1.0 - 10%°
GNMT + RL [31] 24.6 39.92 2.3-101%  1.4.10%
ConvS2S [8] 25.16  40.46 9.6-10'® 1.5.10%
MOoE [26] 26.03  40.56 2.0-101% 1.2.10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0-10%
GNMT + RL Ensemble [31] 2630  41.16 1.8-1020 1.1-10%
ConvS2S Ensemble [8] 2636  41.29 7.7-10° 1.2.10%!

Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.0 2.3-10%

Model




Generative Pre-Training (GPT)

Text Task
Prediction | Classifier

Masked Multi
Self Attention

Text & Position Embed

pre-training through a language model:
mein E— logl_[lp(xj|x1, o Xj-1;0)
‘7:

— given the context consisting of previous tokens
X1,...,X;j—1, predict the current token x;

fine-tuning with task-aware transformations:
min E —logp(y|X,0) — X Elogp(X|0),

where p(y|X,0) = (y, softmax(hv(qf)Wy» :

A. Radford, K. Narasimhan, T. Salimans, and |. Sutskever. . 2018.


https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf

Classification ‘ Start | Text ‘ Extract H-’{ Transformer |——| Linear |

Entailment ‘

‘ Delim | Text 2 | Extract ‘+| Transformer
Similarity - Linear
‘ Delim | Text 1 | Extract ‘——| Transformer

‘ Context ‘ Delim | Answer 1 | Extract ‘——| Transformer H Linear

Multiple Choicel Context ‘ Delim | Answer 2 | Extract ‘—ﬂ Transformer H Linear

’ Context ‘ Delim | Answer N | Extract ‘—»{ Transformer H Linear




Method

Sparse byte mLLSTM [16]
TF-KLD [23]
ECNU (mixed ensemble) [60]

Single-task BiLSTM + ELMo + Attn [64]
Multi-task BiILSTM + ELMo + Attn [64]

Finetuned Transformer LM (ours)

Classification

CoLA SST2

(mc) (acc)
- 93.2

90.2
91.6

91.3

Semantic Similarity

MRPC STSB QQP

(F1)  (pc) (FI)

86.0 -

80.2
83.5

82.3

GLUE




Method MNLI-m MNLI-mm SNLI

ESIM + ELMo [44] (5x) - - 89.3
CAFE [58] (5x) 80.2 79.0 89.3
Stochastic Answer Network [35] (3x) 80.6 80.1 -

CAFE [58] 78.7 779 88.5

GenSen [64] 71.4 71.3 - 823 59.2
Multi-task BiLSTM + Attn [64] 72.2 72.1 - 82.1 617

Finetuned Transformer LM (ours) 82.1 81.4 89.9 88.3 88.1 56.0

Method Story Cloze RACE-m RACE-h RACE

val-LS-skip [S5] 76.5 - -
Hidden Coherence Model [7] 77.6 - -

Dynamic Fusion Net [67] (9x)
BiAttention MRU [359] (9x)

Finetuned Transformer LM (ours)




Bidirectional Encoder Representations from Transformers

/mMAD Start/End Spam

Masked Sentence A P Masked Sentence B Question P Paragraph
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova. .
In: Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics. 2019, pp. 4171-4186.



https://www.aclweb.org/anthology/N19-1423

Mask Language Model

e Randomly select 15% input tokens, change to [Mask]
e Add softmax to predict the [Mask| tokens

o Actually 12% replaced with [Mask], 1.5% with random

Masking Rates Dev Set Results

MASK SAME RND MNLI NER
Fine-tune Fine-tune Feature-based

80% 10% 10% 84.2 954 94.9

100% 0% 0% 84.3 94.9 94.0

80% 0% 20% 84.1 95.2 94.6

A— BERTpasE (Masked LM) 80% 20% 0% 84.4 95.2 94.7
—> BERTgask (Left-to-Right) 0% 20% 80% 83.7 94.8 94.6
400 600 800 1,000 0% 0% 100% 83.6 94.9 94.6

Pre-training Steps (Thousands)
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Sentence 1 Sentence 2 Single Sentence

Start/End Span B-PER

Question Paragraph Single Sentence




System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B  MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 73.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 87.4 91.3 454 80.0 82.3 56.0 75.1
BERTBAsE 84.6/83.4 71.2 90.5 93.5 521 85.8 88.9 66.4 79.6
BERTLARGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1

Hyperparams Dev Set Accuracy

#L #H #A LM (pp]) MNLI-m MRPC SST-2

768 12 5.84 77.9 798 884
768 3 524 80.6 822  90.7
768 12 4.68 81.9 848 913
768 12 3.99 84.4 86.7 929
1024 16  3.54 85.7 869 933
1024 16  3.23 86.6 87.8 93.7




Zero-shot Fine-tuning

The model predicts the answer given only a natural language The model is trained via repeated gradient updates using a
description of the task. No gradient updates are performed large corpus of example tasks.

sea otter => loutre de mer

One-shot peppermint => menthe poivrée

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed,

Translate English to French:

e d

plush giraffe => girafe peluche

Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed

Translate English to French:
a otter tr mer
peppermint menthe poivrée

irafe pelu

Brown et al. . In: Advances in Neural Information Processing Systems. 2020, pp. 1877—-1901.


https://beta.openai.com/examples
https://proceedings.neurips.cc/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf

Total Compute Used During Training

»
>
@©
v
Z
S~
a
o
=
3
)
a
=)
£
£
@
o
-




Step1

Collect demonstration data,
and train a supervised policy.

A prompt is

sampled from our

|
A labeler

demonstrates the @
desired output

behavior. &

Some people went
to the moon...

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
prompt dataset. landing to a 6 year old

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model

Explain the moon
outputs are landing to a 6 year old

sampled.

Explain graviy

Moonis natural
satelteof.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt »
is sampled from T
the dataset. about frogs

The policy
generates
an output.

Once upon a time...

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

L. Ouyang et al.
Systems. 2022.

. In: Advances in Neural Information Processing



https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

st - @) @) @) @5 ) @)

* Extra learnable i T
[class] embedding Linear Projection of Flattened Patches
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A. Dosovitskiy et al.
Learning Representations. 2021

Transformer Encoder

Multi-Head
Attention

Embedded
Patches

. In: International Conference on



https://openreview.net/forum?id=YicbFdNTTy
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class patch distillation 507 100 200 500 1000 2500
token tokens token images/s

H. Touvron et al.

. In: Proceedings of the 38th International
Conference on Machine Learning. 2021, pp. 10347-10357



https://proceedings.mlr.press/v139/touvron21a.html
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segmentation
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t

IEEE/CVF International Conference on

Z. Liu et al. . In:
. In: IEEE/CVF

Computer Vision (ICCV). 2021, pp. 9992-10002, Z. Liu et al.
Conference on Computer Vision and Pattern Recognition (CVPR). 2022, pp. 11999-12009.



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




