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Introduction

« AtAO| K2

% =2F MZAQ (Recurrent Neural Network, RNN)
- 7|Z RNN 2X|E: long term dependency, gradient vanishing / exploding problem
«  RNN AE: Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU)
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« Attention

/

% Attention mechanism
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» Attention
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% Attention mechanism
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20173 Neural Information Processing Systems (Neural IPS)0|A] ZHH = =F

Google BrainZ} Google Research 1E0A| LESH =F
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Attention Is All You Need

Ashish Vaswani® Noam Shazeer* Niki Parmar*
Google Brain Google Brain

Llion Jones* Aidan N. Gomez* Fukasz Kaiser®
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Hlia Polosukhin® ¥
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer.
based solely on attention s, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task. improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

Jakob Uszkoreit*
Google Research Google Research
avaswani@google.con noam@google.com nikip@google.com usz@google.com
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» Encoder-Decoder
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» Encoder-Decoder
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« Multi-Head Attention
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» Encoder details
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% Transformer

- 7|A #Y Z21F (B0 - =20, o - =0)
«  BLEU (Bilingual Evaluation Understudy). 7|4 < = &

DHO| MASH 2D} AIX| 20| AOML} SARSHK| H|wS}0]

v

— =

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR
ByteNet 23.75
Deep-Att + PosUnk 39.2 1.0-10%°
GNMT + RL 24.6 39.92 2.3-10%  1.4-10%
ConvS2S [9] 25.16 40.46 9.6-10"¥ 1.5-10%
MoE 26.03  40.56 2.0-109 1.2.1020
Deep-Att + PosUnk Ensemble 40.4 8.0-10%Y
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10%%  1.1-102%!
ConvS2S Ensemble [9] 26.36 41.29 7.7-10%  1.2-10%
Transformer (base model) 27.3 38.1 3.3.1018
Transformer (big) 28.4 41.8 2.3.10"
KQRER 30 sthea oy
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% Transformer
« Base LI2Z}0|HE 7|FC 2 ni2td|H &4 H|w Z1}

Table 3: Variations on the Transformer architecture. Unlisted values are identical to those of the base
model. All metrics are on the English-to-German translation development set, newstest2013. Listed
perplexities are per-wordpiece, according to our byte-pair encoding, and should not be compared to
per-word perplexities.

- train PPL BLEU arams
N dmodcl dff h dk dt' Pdr'ap €ls steps (dev) (dev) px 106
| base | 6 512 2048 8 64 o4 0.1 0.1 100K | 492 25.8 65 |

1 512 512 5.29 24.9
A) 4 128 128 5.00 25.5
16 32 32 4.91 25.8
32 16 16 5.01 254

16 5.16 25.1 58

(®) 32 501 254 60

2 6.11 237 36

4 5.19 25.3 50

8 4.88 25.5 80

(O) 256 32 32 575 24.5 28

1024 128 128 4.66 26.0 168

1024 5.12 254 53

4096 475 26.2 90
0.0 577 24.6
0.2 4.95 25.5
(D) 0.0 467 253
0.2 547 257
(E) positional embedding instead of sinusoids 4.92 25.7

big | 6 1024 4096 16 0.3 300K | 4.33 26.4 213
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Applications

*  Object Detection

% End-to-End Object Detection with Transformers
« 20204 Facebook Al AE0A| LESH =F
-« 20201 9E 3 TV|ELE 112

Nicolas Carion*, Francisco Massa*, Gabriel Synnaeve, Nicolas Usunier,

Alexander Kirillov, and Sergey Zagoruyko

Facebook Al

Abstract, We present a new method that views GhjectideiEEtGnIasE
Our approach streamlines the detection
pipeline, effectively EGHRENHENES (o MERlENOSEEAEHpe
nents |iki- a non-maximum suppression procedure 1 anchor generation
that explicitly encode our prior knowledge about the task. The main
ingredients of the new framework, called DEtEEHEENRERElcHHEINGE
DERR, are : that
. and a transformer encoder-decoder architecture. Civen
a fixed small set of learned object queries, DETR reasons about the re-
lations of the objects and the global image context to directly output
the final set of predictions in parallel. The new model is conceptually
simple and does not require a specialized library, unlike many other
modern detectors. DETR demonstrates accuracy and run-time perfor-
mance on par with the well-established and highly-optimized Faster R-
CNN baseline on the challenging COCO object detection dataset. More-
over, DETR can be easily generalized to produce panoptic segmentation
in a unified manner. We show that it significantly outperforms com-
petitive baselines. Training code and pretrained models are available at
https://github.com/facebookresearch/detr.

End-to-End Object Detection with Transformers
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Applications

*  Object Detection

% End-to-End Object Detection with Transformers

7|& Object Detection: %|Z 2+ bounding-box0f| it &
Maximum Suppression), anchor 2tAE 0|83 24 &
«  Transformer 7|2t29| Encoder-Decoder +Z& AFESH0]

end-to-end 2 & H|Qt

DETR (Detection Transformer)

encoder

|

__________ s —~Ji|  transformer W |  transformer

| T | encoder : decoder !

: i 1 I:

! I O O S N :u\‘

: Gohooo-H § obeo6 |

| _posionalencoding___ T objectqueries | !
KOREA 23
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FFN [+

FFN

FFN

—_— T T T A e e e e e e e = ==

.\R

XE|E 5= NMS (Non-
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Applications

 Object Detection

% End-to-End Object Detection with Transformers

| : }

l i Ei —

| | I - class,
N LT TR L A G
| CNN I 1'5: FFN =) "0
L—" L >G‘ji transformer \}\{‘ transformer object
roo T, encoder L decoder ! | | class,
: || ! :;\ hiad p 1™
| T § 5§ F§F ¥ N 1

: NCoooaEes ¢ o odad e
1 1! |

| 1! |

CNN backbone: 12 0|0|X|2| 2D HPIZ &tE (ResNet-50, ResNet-101 S)

Encoder: Multi-Head Attention, Feed Forward Network= 4

Decoder: Encoder?t & &%t 2f|0|H 2 1

Prediction heads: Decoder®| &3 2&2 Shared Feed Forward Network®| S1tA|7 class@t

bounding box 22 "no object"E 0|=

DETR (Detection Transformer)

—_— T T T A e e e e e e e = ==

__________________________________________________________________
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% End-to-End Object Detection with Transformers — Positional Encodings

«  Spatial Positional Encoding: O|0|X|2| 224 =l MEEZRH +=X& JYH ==
v’ Encoder?| Self-Attention 212 (Key, Query)1t Decoder®| Self-Attention &2 (Key)2 2 AHE

«  Qutput positional Encoding (Object Queries): N (hyperparameter)’H2| Decoder 13 EE
v XNB0l= 02z X=7|2H510 Tl (N >> ground-truth set)
v Decoder?| Self-Attention &= (Query)22 AL dassBounding Box

e Permutation invariantSt’| |3t Self-Attentiond| &= MEZ 7}

Decoder

i |

i 4 :

2l FFN |

e e

Sheoder L. e ] el _Awanem

CNN backbone output. f € REH*W e 18 |

A s 9 oy ot

1 X 1conv H-8: z, € RXHXW L — : —“‘ﬂ :

' Add & Norm [ : L Add & Norm [ |

, : 1 o 1 Z

EnCOder Input ZO E RdXHW , | Multi-Head Self-Attention | ' . | Multi-Head Self-Attention | '

Positional Encoding: 7|2 Transformer |3 51} E - $:'_* E

EOI |'7-|| Encoder Inputol” X-i_g_ |magefeatures Spatlal@:_sldor Dbject queries
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% End-to-End Object Detection with Transformers — Bipartite Matching Loss
«  DETRZ DecoderE &3l 1 E N7H2| objectE 0|

«  N7H2| object?t ground-truthZt2| X|X 9| bipartite matchings &

First step

N
o= arg min E . Lmatch(J’iJJA’a(i))
l

o€y

Lmatch (}’i; j\’a(i) )

= —1(20 oty (¢1) + L0y Loox (b Do)

—

KOREA

UNIVERSITY

N >> ground-truth set &7
Ground-truth object set2 N AO|=7} E| == pad (@,no ojbect)E =
0|52t N7H2| object set (9,) 2l permutation (=2) & ground-truth

o %x}o

object set (y) 2t Lygeen ”t 7H 212 permutation (=8, §)= A=

Linaten= 4 82| class@t box0f| LSt pair-wise matching cost®
¢ = dass 20|, b= 01F 1AIO[2| OO|X| AFO]Z=2} box2| TN
S, height, width &, p= 0|5 ZE

O] Bt one-to-one OIE S 2 T2 wX|gt

.o, -png Data Mining
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% End-to-End Object Detection with Transformers — Bipartite Matching Loss
«  DETRZ DecoderE &3l 1 E N7H2| objectE 0|
«  N7H2| object?t ground-truth?+2| Z[& O] bipartite matching= &=

Second step
, . 1. 7F B2 matching costE 7l =2 ()= &2 = Hungarian
Hungarian vy
lossE Al 4t
! 5 2 2. d EOI Td= 12400 dass O =0 negative log-likelihood
=z. 1—1091’&(1')(01') + LeegyLiox (P Bacs)) : assl| =rd= 1 class GI=0]| negative log-likelihoo
= ySk=]
10

1- Lbox = ;Lol-l_ _T_A_!
Lpox = XiouLiou(biboy) + Al|bi = bsp|li = 2. Ly loss@t loU lossS &Hl AHESH0] scale-invariant St== 2t
3. Floss= HiX| LHO| object =2 F=StEE
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% End-to-End Object Detection with Transformers — Attention map visualization
(1) OFX|2} Encoder layer2| attention map A|Z{s}
v Encoder?} O|0|X| L} Z4H| (instance)S2 22|35t 20 0|2 S8} Decoder?} object extraction}

localizations S 0|6HA &

self-attention{4 30, 600) ) self-attention(450, 830)

self-attentiof(440, 1200)
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% End-to-End Object Detection with Transformers — Attention map visualization

«  (2) OFX|2} Decoder layer@| attention A|Zts}

v Decoder’t @M= 2} SHO| 7FIAIZ|0| =HE FL A= A E = US
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% End-to-End Object Detection with Transformers — Results

e  Faster R-CNNX} H|11 A Ant

»  DC5: Dilated C5 stage - feature resolutionS S7t A|7|7| Q[ &

AP; = Small object, APy, = Midium object, AP, = Large object
Model GFLOPS/FPS #params AP APso AP75 APs APy APy
Faster RCNN-DC5 320/16 166M  39.0 60.5 42.3 21.4 43.5 52.5
Faster RCNN-FPN 180/26 42M 40.2 61.0 43.8 24.2 43.5 52.0
Faster RCNN-R101-FPN 246/20 60M  42.0 62.5 459 25.2 45.6 54.6
Faster RCNN-DC5-4- 320/16 166M  41.1 61.4 44.3 229 459 55.0
Faster RCNN-FPN+ 180/26 A42M 42,0 62.1 45.5 26.6 45.4 53.4
Faster RCNN-R101-FPN+ 246/20 60M  44.0 63.9 47.8 27.2 48.1 56.0
DETR 86/28 41M 42,0 62.4 44.2 20.5 45.8 61.1
DETR-DCS5 187/12 41M  43.3 63.1 459 22.5 47.3 61.1
DETR-R101 152/20 60M 43,5 63.8 46.4 21.9 48.0 61.8
DETR-DC5-R101 253/10 60M  44.9 64.7 47.7 23.7 49.5 62.3
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% End-to-End Object Detection with Transformers — 24| &
«  Transformer +X2E AR EM Sk A|ZH0]| 22 Z2|= X
- N2 ANE BAlote d50| SOTA R2ECH X2 =871 ZXY
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* Pre-training model for images

% Image-GPT

« 2020 37% International Conference on Machine Learning (ICML)Of|A{ 2
« 2020 Open Al 0N LESH =2

« 20204 9E 3 7|EL R 23| Q&

Generative Pretraining from Pixels

KOREA

UNIVERSITY

Mark Chen' Alec Radford' Rewon Child' Jeff Wa' Heewoo Jun' Prafulla Dhariwal ' David Luan'
Tlva Sutskever !

Abstract

Inspired by progress in unsupervised representa-
tion learning for natural language, we examine
whether similar models can learn useful repre-
sentations for images. We train a sequence Trans-
former to auto-regressively predict pixels, without
incorporating knowledge of the 2D input structure.
Despite training on low-resolution ImageNet with-
out labels, we find that a GPT-2 scale model learns
strong image representations as measured by lin-
ear probing, fine-tuning. and low-data classifica-
tion. On CIFAR-10, we achieve 96.3% accuracy
with a linear probe, outperforming a supervised
‘Wide ResNet, and 99.0% accuracy with full fine-
tuning, matching the top supervised pre-trained
models. Aneven larger model trained on a mix-
ture of ImageNet and web images is competitive
with self-supervised benchmarks on ImageNet,
achieving 72.0% top-1 accuracy on a linear probe
of our features.

42

ported strong results using a single layer of learned features
(Coates et al., 2011), or even random features (Huang et al.,
2014; May et al., 2017). The approach fell out of favor as
the state of the art increasingly relied on directly encoding
prior structure into the model and utilizing abundant su-
pervised data to directly learn representations (Krizhevsky
et al., 2012; Graves & Jaitly, 2014). Retrospective study of
unsupervised pre-training demonstrated that it could even
hurt performance in modern settings (Paine et al., 2014).

Instead, unsupervised pre-training flourished in a differ-
ent domain. After initial strong results for word vectors
(Mikolov et al., 2013), it has pushed the state of the art
forward in Natural Language Processing on most tasks (Dai
& Le, 2015; Peters et al., 2018; Howard & Ruder, 2018;
Radford et al., 2018; Devlin et al., 2018). Interestingly, the
training objective of a dominant approach like BERT, the
prediction of corrupted inputs, closely resembles that of the
Denoising Autoencoder, which was originally developed for
images.
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* Pre-training model for images

/

% Image-GPT
«  NLP =00 A Transformer 7|2t BERT, GPT 222 AN 2 HE dd REZ 92| ALE

v' Selfsupervised leaming: 2|0|= 80| CHEC| HO[H & 283t £2 representationS ‘45t

Hi?= &

«  NLP ZO[O|M ArESt RIZ|E O|0|X| K2|of HEct Atd|

— —

Class

Label

CC) - &

BERT |

| = Conyolutional Neural Networks (CNNs) - Self- on
_3_;& el = GPT-2

\[7;? &5 . [0 GPT-2 GP1-2 GPT-2 EXTRA

’ [ ‘ SMALL MEDIUM LARGE ‘ LARGE

| )
Single Sentence 117M Parameters 345M Parameter 62M Parameters 1,642M Parameters

*  https//paul-hyungithubio/bert-02/
*  https;//towardsdatascience.com/step-by-step-guide-on-how-to-train-gpt-2-on-books-using-google-colab-b3ctfa15fef0

KOREA .., ~ Data Mining
UPR/ERSITY 43 "2','. h—d o‘t‘. Quadility Analytics



Applications

* Pre-training model for images

/

% Image-GPT
«  Step 1: A= O|O0|X| & &4 A7|2 27510 1XHHQ| 2 AR A O|O[E 2 Het
«  Step 2. AHH otE S 1 ME (auto-regressive next pixel prediction, masked pixel prediction)

!
«  Step 3: Step 2=FE A Shot At "It (linear probes, fine-tuning)

Overview of image-GPT approach

I ’“ 2 (a) Autoregressive (b) BERT 3 (a) Linear Probe
=of NS N SN 00000 i
. w . : CO000000D)
Ty o0 0 0000 e O 9000 000000000 "
00 0 0000 00 0 0000 (b) Finetune
’ : : ¢ Q00000000
HEE B H B B [ ] ™
Target Target Cat Dog
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% Image-GPT
+ Step 1: ¥ O0|X|E £ A7|2 Z7YsL 0 1KHAO| T A|HA CIO|E 2
v ZE OO 7|8 02{St0] XSHAE (32x32, 48 x48, 64 x64) = AT

&= O[O =8 372 =78 1A HE AlEA H|OlE
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* Pre-training model for images

% Image-GPT
e Step 2 AMH b5 =H MEH (quto-regressive next pixel prediction, masked pixel prediction)

v AEA HOJH Md 222 RIS AHEE 4= U= unsupervised leamning 7|

v R A AIRA Ho[Ee| ¢ "EkE F HIO|EHZ AESIO] £ HEts OS5t E o

2= =

0] J I—II:lI_|- X _?_I__I C HI_ x x
I8 AR HO|H T4 AEA HIo|H
(a) Autoregressive (b) BERT
v v
000000000 000000000
TT—— | w
H BN 000000000 000000000 L
T re———— o
000000000 000000000
v v v
Target Target
.0, H Data Mining
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% Image-GPT

«  Step 3: Step 225 H A Sh&5ot 4
v Linear probe: Image-GPT 2{[0]0{7}

v Fine-tune; TN 2

APH 8t 28 T}y

[ (a) Linear Probe \
Dog
[0.000..O.]<
. Cat
\_ J
[ (b) Finetune \
000000000
000000000
Q00000000
4

\ Cat Dog

It "7t (inear probe, fine-tune)
=

=
=Hots SE2RH &7 0N

=5 0] H=F fine-tuning 2
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— 2,

—> 2

Image-GPT 2{|0|0{7} £38H= HE 0 logistic regressiongs =&
Image-GPT 2{|0|0{E2 &/ g5 2?2
0

CIFAR-10, CIFAR-100, STL-10 Gl|O|H{ 2 H|m Al XIgY

—

Supervised leamning, self-supervised learning SOTA 2 &1} H| 1t
CIFAR-10, CIFAR-100 H|O|E{ = H|w A& Tl

Full fine-tuning®+ 24} H|w
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% Image-GPT — Linear probe results

+  Image-GPT2| 2f|0[0{& &&F 1tA| == 21t
v S 20|00M M =8 YEHE AIEIMS I 7Y =2 He2 B¢
100
> 90 I
E The best features lie in the middle of the network
S
)
o
o
o 70
©
] —— CIFAR-10
c
= 60- - CIFAR-100
— STL-10
205 30 40 50
layer
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S Oi2tolE

% Image-GPT — Fine-tune results
SOTA 2 &1} full fine-tuning

St

H =
— =11 =

Method IR Params (M) Features  Acc
Rotation orig. 86 8192 554
iGPT-L 322.3 1362 1536 60.3
BisBiGAN Qrig 86 8192 613

[ iGPT-L 482%.3 1362 1536 65.2
AMDIM orig. 626 68.1
MoCo orig. 375 8192 68.6
iGPT-L 1922.3 1362 16896 69.0
CPC v2 orig. 303 8192 71.5

KOREA

UNIVERSITY

¥<iniy-1iml
PRE-TRAINED
ON IMAGENET
w/o w/
EVALUATION MODEL ACCURACY LABELS LABELS
CIFAR-10 ResNet-15250 94.0 v
Linear Probe SimCLR12 053
iGPT-L 32x32 96.3 v
CIFAR-100 ResNet-152 78.0 v
Linear Probe SimCLR 802 v
iGPT-L 32x32 82.8 v
STL-10 AMDIM-| 13 94.2 v
Linear Probe IGPT| 32y32 955 <
@AR—lO AutoAugment®! 985 \
Fine-tune SimCLR 98.6 v
GPipel® 99.0 v
iGPT-L 99.0 v
CIFAR-100 iGPT-L 88.5 v
Fine-tune SimCLR 89.0 v
AutoAugment 89.3

\_

EfficientNet52

91.7 j
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% Image-GPT — Results
o AP st ALl d RO O|0fX] Wd &

=
v o|Ojx|o| Hutof sliEtshs TS QB0 Bl

Model Input Completions
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% Image-GPT — Results

«  ImageNet R ZIX|0f A unsupervised =5F & FHOIA SOTAY 7Pt &5 S

BEST NON-iGPT

EVALUATION DATASET OUR RESULT RESULT
Logistic CIFAR-10 96.3 IGPT-L 32x32 95.3 SImCLFZlZW/
regression an w/ 1536 8192 features
learned features
features CIFAR-100 82.8 iGPT-L 32x32 80.2 SimCLR w/
(linear probe) w/ 1536 8192 features
features
STL-10 95.5 iGPT-L 32x32 94.2 AMDIMLS w/
w/ 1536 8192 features
features
ImageNet 72.0 iGPT-XL® 76.5 SimCLR w/
64x64 w/ 8192 features
15360
features

Full fine-tune CIFAR-10 99.0 iGPT-L 32x32, 99.0 GPi[::ue,15
trained on trained on
ImageNet ImageNet

ImageNet 66.3 iGPT-L 32x32 70.2 Isometric
32x32 Netst®
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< Image-GPT — &EHH
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learning representation= Mg 4= QU
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Conclusion

«  Transformer= NLP =OF0f|A{ &

gt AlZtE 20l 2E EY

« Y 7ML AL 7IA &2 20| Oft
«  Object Detection, O|O|X| Z&0j CHSH
21E 232

. NLP £0f 0t ofL|2} ChsH

A ZE
o

0%

** 7HOI_ |___I'L

. e ER I MY B o

2 AlEA HOHE B3 Moo Alut S8

Ot O|0|X|0| = Transformer =

ot ZOFOAM = HEdlE = U= OfO|C|0E

A SH50f| Transformer

v 7]& 71 Seq2Seq 7[EHe| MaskGAN 2 H-E

v Transformer 7|Hto| A1 Dl o1 Ol ZiS|SkS K
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