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credit: { ‘Beatles’:https://youtu.be/dsxtImDVMig, ABBA:https://youtu.be/92cwKCU8Z5¢, ‘7 ¥ A 7 4 —
< —’": https://youtu.be/cwpXeH90g1E), ‘ELMO’: https://gittsandwish.com/christmas-gitts-tor-kids/
playskool-friends-sesame-street-tickle-me-elmo/, ‘BERT’: https://sesamestreet.tumblr.com/

post/5/721/6064/bert-tound-his-socks-what-a-great-monday
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https://youtu.be/dsxtImDVMig
https://youtu.be/92cwKCU8Z5c
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https://sesamestreet.tumblr.com/post/5772176064/bert-found-his-socks-what-a-great-monday
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B 5\ I Z DL, (Filt, 2015), T=a—J 0%y 7 — 27 OFBNIERE, TG =2 —F v 2y F 7 —7
BTN, MRELHAANOBAB T LT U T2 7> a =X POV LI (2001) LREEEE R E

4 PIRZ1Y

EZICTHEN SR
. BERT 13t

T oH Y

. AGDHY
CEED

IS RS I S

5 158

ECIKTHHENZER

6 ZEE-HOXEE= Multi-Head Self-Attention:MHSA

o RS ENHE NLP TransformerVaswani ef all (2017); BERTDevlin, Chang, Lee, & loutanova (Z0IR);
RoBERTal.iief all (Z01Y9); distiIBERT Sanh. Debut, Chaumond, & Wolf (2020); and more ...

o [Hi{5 /LB Ramachandran ef all (2019); A2-Net Chen, Kalantidis, Li, Yan, & Feng (2018); U-GAT-IT
Kang, & Led (2019)

o HRfLE, X ¥ 4% SNAIL Mishra, Rohaninejad, Chen, & Abbeel (Z01R)

o IR ER F v b7 — 27 SAGAN Zhang, Goodfellow, Metaxas, & Odend (Z019)

7 %EE-HOF= Multi-Head Self-Attention

HES) softmax
MatMul

[}
SoftMax

4
Mask (opt.)

MatMul "
T | ——— matrix multiplication

————— learned transform
K V L

output

values

t
Q

P

X 2 Left: Vaswani ef all (Z0IT7), Right: Ramachandran et all (Z01Y)


https://www.ipa.go.jp/ikc/info/20181030.html
https://www.shoeisha.co.jp/book/detail%20/9784798157559
http://www.coronasha.co.jp/np/isbn/9784%20339028515/
https://www.sh%20in-yo-sha.co.jp/book/b455586.html
https://www.sh%20in-yo-sha.co.jp/book/b455586.html

Eafji%:\ (Xl‘,i) =VY7F9v IR (Af’;)XW/Q‘I}_—L Vs
A=XW,.,) W, X'
A= (X+P)W,.) WI_ (X+P)',

v g P (& 7iE T {tds PE

8 Multi-head self-attention: MHSA(2)
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9 Multi-head self-attention: MHSA (3) SAGAN (Self-Attention GAN)

f(x)
transpose ;
convolution Ixleony ] SHSnton
feature maps (x) ft map
sottnax self-attention
ﬂ 2(x) feature maps (0)
L vx) el
Ixlconv 2t
h(x)

Ixlconv

i
‘i

3 From Zhang et all (Z019) Fig. 1, and 3.

HHRAERIC BT, JEHFERD S H#2 ) T% <, Bl 2 iEioR 2 M L CTERT 2 2 Ltk h —HkD
HHENELY ) AR ER A, RITOLDOITGHEB EoA 7 —RkiE 52> o REWNR 7 ) oGz Rnd, Ao 5
WG4 7 2 ) ALEIC & T BRI, RHIEH ST 23, A5 SN REITRINT RS,



10 Multi-head self-attention: MHSA (4) Non-Local Net

TxHxWx512

THWx512

THWxTHW

THWx512 512xTHW THWx512

TxHxWx512| TxHxWx512 TxHxWx512

[ 0: 1x1x1 | [ g 1x1x1 | [ go1xixt |

I TxHxWx1024
X

X4 WZEOEREFRy b7 —7 o&R, FEtRIET YL E LTRENTWS, HlAI1X 1024 F % FLD
BAIE T x Hx Wx 1024 TH5, Q IF7THIKZ, @ IFEENZRT, V7 b2y 7 AHEIZHTITN L THET
INb, HoRy Z7RF1x1x1x1 DEBAARZERT, 512F v FNVDKR MV Ry 7 Z2FFOMDIAARN T
TYRRDBIREINT VL, NI HTRIEO L ¢ LRBRETLZILET Py FMERIZI/NDORF—=Y 7TV 7 L
vy I AREERRZ S L TIT) 2 LAITE S, From Wang et all (ZOIR)

11 Multi-head self-attention: MHSA (4) SNAIL

ERJOv Y (key size K, value size V)

outputs, shape [T, C + V]
concatenate mgp- [T

affine, output size V
veles) [matmul, masked softmax]

|

-~

N

affine, output size
(query)

It

ffine, output size
(keys)

i

}

inputs, shape [T, C]

5 From Mishra ef all (P01R) Fig. 2

FIVYRT A== 3 ALY MEEPEBAAMIGE R R THOIARNY PSR SUEEMAS 2 LT
RINEMZ LT 2, Lo L, BROZMEFERPIEATH 5 Lol2H 2, & bITEILEED X ) LAiEK
IR ZRECIEME, PV R T7 == T NICEIT S MEMERBRT 2720, HOEEERE L R
78 AiAHA temporal convolution % #l A& 68 72 € 7 )L % Simple Neural Attention Meta-Learner (SNAIL)Mishra ef all
(POIR), SNAIL %, *#%H, mfbAEH oM OFEIENTW S 2 EWEEI N,

12 ERFEESE Taxosonomy of attention

o XHRAN—2R 713 context-base attention: score(s;, h;) = cos(s,, h;) Graves, Wayne, & Danihelkd (2(114)
o MNEK GHEFEIY) 3 Additive : score(s,, h;) = v, tanh (W, [s,; h;]) Bahdanau, Cho, & Bengid (2019)




— LCuong, Pham, & Manning (2019) Tl % concatenated, Vaswani ef all (2017) ClZ M additive & Fid X
nTtws
BFRNR—X F# Location-Base: a;; = softmax(w,s;) Cuong et al] (?015)

Note: This simplifies the softmax alignment to only depend on the target position.

—A%H 713 general: score(s;, b;) = s, W, h; Luong et al] (2015)

W, (35 E ATBE 22 s A R B T

R & 713 dot-product: score(s;, h;) = s, h; Luong et al] (2015)

AT —IE R v MR 1 scaled dot-product(): score(s,, h;) = % Vaswani ef all (Z(117)
- A7 = ALBIEALA T 1/ n 2%

13 28 1 &F Multi-head self-attention: MHSA D% & &
o HIAASHEEE, Wi, wmibEE, X 7% 4 55 CIRIERED MHSA 2300 Ao T3,
e /XY, ¥—, NJa— KTV NLEEETLIERTONT S
o MERTFHETH B HAIAA 2 LSTM % MHSA THEZIEZ 2HEBH 5,
o 7277 L,SAGAN & SNAIL (non-local net) TIiZ AJJIE# % concatenate L C FAZJEICIE Z B idMi s s 2
14 #E FEIGBRNBICE-EE
o BOW, TFIDFlIoned (T977), SMTManning & Schuiitze (T999), N-gram & T, Dimensionality would increse w.r.t.
VN
e RNN EIman (I990),Mikolov, Karafiit, Burget, Cernock;’/, & Khudanpuy (Z0T0)Mikolov, Kombrink, Burget, Cer-
nocky, & Khudanpui (2Z011)
e LSTM Hochreifer & Schmidhuber (T997),Gers. Schmidhuber. & Cumming (1999),Greff, Srivastava. Koutnik, Ste-
unebrink. & Schmidhubei (Z015), Seq2seqSutskever, Vinyals, & L¢ (P014), 1€ 7 )L Bahdanan ef all (2013),
o Transformer Vaswaniefall (2017)
e BERT Devlin efall (2Z0IXK)
FNFNELALOTHHAIZLETA
15 28
BERT #155%



16 Mnih and Graves (2014)

b o E Y Glimpse
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6 From Mmnihefall (Z114)

17 Show and Tell (2014)

Figure 2. Attention over time. As the model generates each word, its attention changes to reflect the relevant parts of the image. “soft”
(top row) vs “hard” (bottom row) attention. (Note that both models generated the same captions in this example.)

S wlwlwlnal B K
FERFREERRER

bird flying over body water

Figure 3. Example@ of attending to the correct object (white indicates the attended regions, underlines indicated the corresponding word)

- \n

A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
- - mountain in the background.

A little girl sitting on a bed with A group of people sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.

7 Attention for neural image captioning. From Xuref-all (Z015)



18 Seqg2seq model

<EOS>

f 1
||—»||—»||—»||—»||—»||—»|T|—»||

T

A B C <EOS>

T

z

s—> [—>x
x —> —> <

[X| 8 From Sufskeverefall (2004) Fig. 1, FlIFRE 7L “seq2seq” DX

“eos” IZLKEERT, FRD “eos” DRINY —AZETH D, FHRD “eos” DHIFY—7 v FEBDEHEETILT
%% SRN OHfHfE~D AT & L THW 2,

FEITNEZ, V—ASHEOGETROTREREDAZ Y =7y b SIEORMOFRED AINH NS Z ETH
D, ZNLSORLITIZY —AFEEL Y —7 v P BEEEBER 2, WICE I XRERZ O HEEIRED Y — A LD
HHRETEGATVEIEARARL) S, COREPRETLZLEEZHIETI N 2014 FEPBERAIITONTE -, HE
Bl 2 MAR RNN, LSTM ALY, FREHELZEATI L Tho 7,

19 Seqg2seq (2)

15 . )
4 O | was given a card by her in the garden
3r OMary admires John
Y 101 O In the garden , she gave me a card
2l OMary is in love with John O She gave me a card in the garden
1t 5
or OMary respects John or
_1| ©John admires Mary
55 O She was given a card by me in the garden
b o .
©Johniis in love with Mary O In the garden , | gave her a card
-3 -10
—4l |
15 O I gave her a card in the garden
5L OJohn respects Mary
_20 . . . . . . ,
-6 ! ; - - - ; ! - ) -15 -10 -5 0 5 10 15 20
-8 -6 -4 -2 0 2 4 6 8 10

9 From Sufskeverefall (2014) Fig. 2

20 BASHERODIE

Context vector

Aligned position

10 /c:Rahdanan ef all (2019), *:Luong et al] (015) Fig. 2, 47:Luong et al] (015) Fig. 3



21 BERT D%
BERT OFif#Z 3 2ICF LB LM TDOHED

1. &2 v A7 % —=<— Transformer 2% < MHSA 2% a2 —J 1%y b7 —7 TNV
2. 2 O DOFHGFHIF: Y RAVILSEETIV & RXFHEE
3. Fine tuning 12 X % <)L F % 2 7 CH:#EIA L GLUE A 2 7 R — b, SuperGLUE % &HD 2 &

22 BERT OAAFRR

HOAR L —7 v ORI, MERTER, DEHHEDIAARD 3 # FromDevlin ef all (Z0TR) Fig. 2

23 BERT OFEqiiliE: YA V{LSEFETTIL
BANZHNDI G 15% %5 > ¥ LI [MASK] F—7 v CilEEE#Z 3

o AMEA Y P FIVRII%E [MASK] F—7 > Tt S 12 72 %5
o TR A Y TFNUNRFND MASK] FFICDIEL W T X)Lz Flll
e 80%: AV ¥ ASIFRII%Z [MASK] TiEif

10%: [MASK] DD HGEZE 7 v & L ERHEECE S 12 5
10%: 4V ¥ F V%5

24 BERT DOEauillfE R FHIZEE

SEETINVOREEZMTET S HN, ROX%ETFH
[SEP] F =7 v TXUIs 7z 2 XATT

e AJJ: the man went to the store [SEP] he bought a gallon of milk.
o 7 ~l: IsNext

e AJJ: the man went to the store [SEP] penguins are flightless birds.
e 7 ~)L: NotNext

25 BERT:Z7AYFa1—=V¥

(a), (b) 1ZX VL ~VEYE, (0),(d) 1& b =7 v L~VENE, E: ANBLOIAREKEL T b —7 v i OIRER,

From Devlin ef all (Z01R) Fig.3

26 GLUE: General Language Understanding Evaluation

CoLA: AJJXX3%gE e LCIE L W Ed 2 HE

SST-2: A% ¥ 7 4 — FRIC K Wl L & 2 — DR W

MRPC: =470V 7 FDEWHZ 2 — R, 2 X PE L L Eid 2 HE
o STS-B: — 2 —AD R L XOFEME % 5 B CTHE

o QQP: 2 D DHX D FER DA 5> 2 HI

MNLL 2 AT SCHS TR &7, B, Horz e

e QNLI: Qand A

e RTE: MNLI I2 {872 2 DD AN XD &5 % HlE


https://gluebenchmark.com/leaderboard
https://super.gluebenchmark.com/leaderboard/

e WNL: 7 4 / 7'J v FREEF v L vy
Z DAt

e SQUAD: A% v 7 4 —FRICkZ2 Qand A 7 4 ¥FT4 76 L7 X

o RACE: 122 AR, @I AGICHYE § 2 7 R b ZRGEINE 4 BERT € 7 )L O FAl

e 7 —%: Wikipedia (2.5B words) + BookCorpus (800M words)

o /Ny FH 4 X 131,072 words (1024 sequences * 128 length or 256 sequences * 512 length)
o JIMiREE: 1M steps (~40 epochs)

o fuifli7 )L 3 X L AdamW, le-4 learning rate, linear decay

o BERT-Base: 12 &, &/ 768 = 2 — 1 >, 12 LU

e BERT-Large: 24 J&, %8 1024 — 2 —n v, 16 LR

e 4x4 /8x8 TPU T 4 HIH

27 BERT: 77AYFa1—VIFHEEICLDHRELE

Masking Rates Dev Set Results
MASK SAME RND MNLI NER
Fine-tune Fine-tune Feature-based

80% 10% 10% 84.2 054 94.9
100% 0% 0% 84.3 94.9 94.0
80% 0% 20% 84.1 95.2 94.6
80% 20% 0% 84.4 95.2 94.7
0% 20% 80% 83.7 94.8 94.6
0% 0% 100% 83.6 94.9 94.6

11 RAZLEET TN D2 R Z7{LEIEGDENIC X 5 EREL

2 AVEBEETNVNOR A B GIZ A7 F =7 V5 v LB ) P F)1=80:10:10 7T Tx L, foEE&T
AL =& 0 2 FE TWAE, MNLI & NER 21k T %2%2 PRI IR L7, 80:10:10 DERED R b BV 23K
BREVRDIDITTIERVWE)TH S,



28 BERT: ®F /LY 1 XLLE

Dev Accuracy

Effect of Model Size
= MNLI (400k) = MRPC (3.6 k)
88

86
84
82
80

78
50 100 150 200 250 300

Transformer Params (Millions)

12 ETNDNRF A=Y HIT X BRI

NIA=ZFRMIETRERET VST IUIEELR LR TE 5, TTIE, Ml 7 X — 4 %T MNLI
137 & MRPC (3R TN TV 5, 287 X = BHEMI ARG KL SR 51 5, ISR 7 fiPH TR DS
KT L T 2iRTIE RV, 287 X =D iUk EL Tw s tRd o5,

29 BERT:EFI/IEAMR, WABEET VLB

MNLI Dev Accuracy

BET VR AL

A BERTgask (Masked LM)
76 - % BERTgask (Left-to-Right)

200 400 600 800 1,000
Pre-training Steps (Thousands)

13 SFEETIOVOMEIC & 5 MRl

BT TP RXYGFETFHIONCKMOFTIEE TIVIC L 20 0iEIC X 2 kR Z TIK 3 i<

=

R L7, Ml IR 7y 7 Ch 5, HEELRZ LTI AZLEEET L LEDEIIL2 —L v FT3H 200D

5% L9 THs,

10



30

Xz

BERT: SEauzll#RELER

Effect of Pre-training Task

W BERT-Base M No Next Sent Left-to-Right & No Next Sent
B Left-to-Right & No Next Sent + BiLSTM

920

| ‘l ‘l ‘l |
70 || I | I

MNLI QNLI MRPC SQuAD

Accuracy
[o ]
o

~
o

14 HHTEIE DR F i

FHATO 2R L ST %, & TOHAFIZ 7256058, KOG Z RV 56059k, ek

BRET VTR TPHMER L 25628, {CREEHEE 7LV CRCPIEELR Lz ofirnTtou s, 40T
AR IZ MNLL QNLL MRPC, SQUAD TH 3, FifiD 7 74 v Fa—= v JHEI LICBERS»PNE L5 ThH 3,

31

32

BETIL DR

RoBERTa: BERT Dfllffia — S 2% E X (173GB) IcL, I=NyFH A4 X% KRE L&

XLNet: I EFEET V. 2 A B Y —A7EE

MT-DNN: BERT X— 2 DIEBFHICEZ 2B W/IETIL

GPT-2: BERT 1230 <, AR A LT 2019 4 2 ARG TR EERE

BERT: Transformer (230 SREE TV, YRAVZAEEETIV LRCFR 1D HHHIM, & TiatEz
774 vFa—=vr, REGEIFS T TV —BRRBYE,

DistillBERT: BERT ? 7% ¥4 il

ELMo: /511 RNN {2 & % SCHE A H KB

Transformer: HCERICHED  SEEE TV, ZFUER, (ZER/RZ4.

FridlRE VIV FREFE

From Liu. He. Chen, & Gagd (2019) Fig. 1

33

Transformer: Attention is all you need

attention (Q, K, V) = dropout <s0ftmax <QKT>> %4 )
, K, = P \/3

From Vaswani ef all (Z0T7) Fig. 2

11



34 {IEBRFS28 Position encoders
FOIURTZ F——DANITIE, PROBEEEHRICMAT, MERSEILDESOEREDLINSG, B i DfE
FERA TR BGEIRA E X N %

. pos pos
PE (pos i) = sin <—> PE (pos 2i-+1) = €08 <—> (5)
10000 dmodel 10000 dimodel

FLERFFEIC X 2 ZIERBLL, i FHOMERRZ 7 Ay PRI 20 TE%C, MPBEERICEH s 2 2 LT
HiiEgWmeRET 20 A L /R L5759,

0 20 40 60 80 100

15 EHES I SN 251k

DI LTTELEZANMEHEIHTTITHDO L ) ICHEE SR EZLDONR NIV A7 4 —<2—Th %,

Output
Probabilities

Add & Norm

Feed
Forward

((Add & Norm J«~

Add & Nom Mutt-Head

Attention
Nx

Nx Add & Norm
Add & Norm Masked

Multi-Head Multi-Head
Attention Attention

At L -

\ J U —
Positional A 4 Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

16 From Vaswanietall (2017) Fig. 1

FI VR F—2—TRANESICESTHEROEEN TN S, ZOEKRTIE

INEFTHTELLI I,
WS UL,

TVYRT7 A —v—IlEIF S LI HOHEE MHSA L3R A7y 7HEEOERTH L EABLD b,
RNN O X ) ISBEDOBEEZ TRTHEFFL TR 2D TR LT, RFMEHRICOWTIX, position encoders IZ§fi> T

WA HNAEARECE 3,
35 BERT, GPT, ELMo EaiillfE®D:EL)
e BERT: F 5 v A7 4 —~v—, wAZLEEEFIN, RCFHE

12



o GPT: AN 7V A7 4 —<—
e ELMo: ®J51H RNN (T X % J[f&g o ks

36 ZEBEXW

From Cample & Conneau (Z019) Fig. 1

37 BERT Q%R

From https://towardsdatascience.com/a-review-of-bert-based-models-4ffdc0f15d58

38 BERT: #®AHTEFIVIC & DEBXXEIT

BERT ORESCENTHE ) %2 TIRUR L7z, AHEEO M2 ICGY L, MM OEREZ 559 2 2 12 X D BESU#ITAR
ERFEDERBZ1G2 2 LD3TE 5 2 LG ST\ % Hewitt & Manning (2019),

out out
store store /
out the / the
chef 7 chef
. ¢ food o / food
chef food ¢ distance-4 / / "‘ / 4
was /
_ chef out o N o
» The an N of ‘e ® o=
. who to food 2 X/ 7
) \store 8 i o N —F
the digtance=1 /
’ t 2 t i
. o ; o ;
to of of o
who who / who
was was was
The The The

17 BERT IZ X 2 W SCENTAR %2 FFIR 3 % GH¥ 221 From https://github.com/john-hewitt/structural-probes

word2vec IZE W CTHEEHOIEIINBTER SN TV, 2O L5, XEZMNT 2 HETIR S L2 SN
N OHREDHE SRR % 52 2 L /AT 2 L BAHATIE RV, 22 *ﬂ%i{%iﬁ*%ﬁfﬁa‘% &9 gt AR
W2 2 L3 CE4UE BERT %2 W CHESURIT A TRE L 72 5, Bl 21X EIXNCE T 2 chef & store & was Dl %
bR 2 e 2 X 9 gz o e 2 EIicY T 5, 2 0D0HEEw, w; & Lﬁénfﬁﬁ@ﬂﬁﬁﬁ’i’ d(wi,wj) £ %,
WY 7 2 i U e B DIERRER by, by &5 AU, RO B2 B IZRAD K ) B2 T8 ) T EITHNST %:

m1n 2

0133 s DFIFEXDA ¥ T 7 2 ThHH, HEXDORITHIENLT S 2 L 2RKRL T2,

2( wiw)) = B (h = h)I’) ©

el

39 BERT £

BERT 2D/ 7 X =% Z DU NICR L7z, BIfERLAT S 1T\ % BERT-base & % 13 PEAEAS R\ > BERT-large 13 % i
D=2 —n VL ERDOERTH S,

e 7 —%: Wikipedia (2.5B words) + BookCorpus (800M words)

o Ny F YA X 131,072 words (1024 sequences x 128 length or 256 sequences x 512 length)
o FllfA T v 7" 1M steps (40 epochs)

o L7 L3 Y XL AdamW, le-4 learning rate, linear decay

e BERT-Base: 12 J&, %8 768 — 2 —n1 >, 12 LUHAFE

e BERT-Large: 24 J&, %8 1024 =2 —u v, 16 ZUHER

o FIfHIRR: 4x4 / 8x8 @ TPU T 4 HfH

13


https://towardsdatascience.com/a-review-of-bert-based-models-4ffdc0f15d58
https://github.com/john-hewitt/structural-probes

40 LSTM

ta 1
MatMul
f 4
SoftMax
4
Mask (opt.)
4

Scale

t
MatMul

>

A% Q K V

18 Z: LSTM (i®JII, 2015) £V, £: b7 ¥ A7 # —~ — Naswani et all (Z017)

AR =1 AT B QK L8, HH7—1t &V LidF—HnHE?

41 BERT embeddings
42 BERT inside

43 3R

44 FITO DR

Published as a conference paper at ICLR 2020

Published as a conference paper at ICLR 2020

REFORMER: THE EFFICIENT TRANSFORMER
ON THE RELATIONSHIP BETWEEN SELF-ATTENTION

Nikita Kitaev* Lukasz Kaiser* Anselm Levskaya
U.C. Berkeley & Google Research  Google Research Google Research AND CONVOLUTIONAL LAYERS
kitaevecs.berkeley.edu  {lukaszkaiser, levskaya}@google.com
Jean-Baptiste Cordonnier, Andreas Loukas & Martin Jaggi
Ecole Polytechnique Fédérale de Lausanne (EPFL)
ABSTRACT {first.last}@epfl.ch

Large Transformer models routinely achieve state-of-the-art results on a number
of tasks but training these models can be prohibitively costly, especially on long
sequences. We introduce two techniques to improve the efficiency of Transform-
ers. For one, we replace dot-product attention by one that uses locality-sensitive
hashing, changing its complexity from O(L?) to O(L log L), where L is the length
of the sequence. Furthermore, we use reversible residual layers instead of the
standard residuals, which allows storing activations only once in the training pro-
cess instead of N times, where N is the number of layers. The resulting model,
the Reformer, performs on par with Transformer models while being much more
memory-efficient and much faster on long sequences.

ABSTRACT

Recent trends of incorporating attention mechanisms in vision have led re-
searchers to ider the of ional layers as a primary build-
ing block. Beyond helping CNNs to handle long-range dependencies, Ramachan-
dran et al. (2019) showed that attention can completely replace convolution and
achieve state-of-the-art performance on vision tasks. This raises the question: do
learned attention layers operate similarly to convolutional layers? This work pro-
vides evidence that attention layers can perform convolution and, indeed, they of-
ten learn to do so in practice. Specifically, we prove that a multi-head self-attenti
layer with sufficient number of heads is at least as expressive as any convolutional
layer. Our numerical experiments then show that self-attention layers attend to
pixel-grid patterns similarly to CNN layers, corroborating our analysis. Our code
is publicly available!.

arXiv:2001.04451v2 [cs.LG] 18 Feb 2020
arXiv:1911.03584v2 [csLG] 10 Jan 2020
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Abstract
Abstract

Despite the widespread adoption of Transformer models for NLP tasks, the ex-
pressive power of these models is not well-understood. In this paper, we establish
that Transformer models are universal approximators of continuous permutation
equimn’um sequence-to-sequence functions with compact support, which is quite
surpnsmg glven the amount of shared parameters in these models. Furthermore,
usmg i di we ci the restriction of permutation equiv-
ariance, and show that Transformer models can universally approximate arbitrary
continuous sequence-to-sequence functions on a compact domain. Interestingly,
our proof techniques clearly highlight the different roles of the self-attention and
the feed-forward layers in Transformers. In pamcular. we prove that fixed width
self-attention layers can compute P of the input s

As Transfer Learning from large-scale pre-trained models becomes more prevalent
in Natural Language Processing (NLP), operating these large models in on-the-
edge and/or under constrained computational training or inference budgets remains
challenging. In this work, we propose a method to pre-train a smaller general-
purpose language representation model, called DistiIBERT, which can then be fine-
tuned with good performances on a wide range of tasks like its larger counterparts.
While most prior work the use of disti for bu)]dmg task-spec
models, we leverage istillation during th ase and show
that it is possible to reduce the size of a BERT odel by 40%, while retaining 97%
of its language understanding capabilities and being 60% faster. To leverage the
inductive biases learned by larger models during pre-training, we introduce a triple
loss combining language modeling, distillation and cosine-distance losses. Our
playing a key role i the universal approximation property of Transformers. Based smaller, faster and lighter model is cheaper to pre-train and we demonstrate its
on this insight from our analysis, we consider other simpler alternatives to self- capabilities for on-device in a proof-of-concept experiment and a
attention layers and empirically evaluate them. comparative on-device study.

arXiv:1910.01108v4 [cs.CL] 1 Mar 2020
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48 Relationship between self-attention and convolution

C POSITIONAL ENCODING REFERENCES

Model type of positional encoding relative

sinusoids  learned  quadratic
Vaswani et al. (2017) v
Radford et al. (2018)
Devlin et al. (2018)
7 Dai et al. (2019)
& Yang et al. (2019)

/ Bello et al. (2019)

Ramachandran et al. (2019)
Our work

N
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<

v
v

EEENENN

v
v v

g « 4 l - ﬂ Table 3: Types of positional encoding used by transformers models applied to text (fop) and images
(bottom). When multiple encoding types have been tried, we report the one advised by the authors.
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52 PEE MR

o FEF HifHR%} Monosov & Thompson (Z00Y)

e Lateral Intraparietal area (LIP) {HISH3H [H 5 Wardak, Olivier. & Duhamel (2004)
e Superior Colliculus(SC) _I= F Krauzlis, Lovejoy, & Zénon (PZ0173)

e PFC HijgHEE (P0om)

e VPA Bichot. Heard. DeGennaro. & Desimong (2015)
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o HE hERSE LM Duncan & Humphreys (1989, 1997)
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54 EtEEFTIL (Implementation)

o Milanese. Wechsler, Gill, Bost. & Pun (1994)
o [tti. Koch. & Niebui (T99X)
o Borji & I (2073) SOTA
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e DeepGazell Kimmerer, Wallis, Gatys, & Bethge (Z017)
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Experimental set-up to assess split-brain abilities
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23 From Bloom & Tazerson (I9K8X) Fig. 17-6
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62 FRFTEIEMHRMYE search asymmetry
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FIG. 3. Examples of displays and mean search times for a target circle with and without an
intersecting line.

26 From [Mreisman (I98R) Fig. 3
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e AFXvy b7 A4 b X¥ 77— Crick (T9%83)
Attention can be likened to a spotlight that enhances the efficiency of detection of events within its beam.
Unlike when acuity is involved, the effeet of the beam is not related to the fovea. When the fovea is unill
uminated by attention, its ability to lead to detection is diminished, as would be the case with any other are a
of the visual system. Posner p.172
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Central Representation

27 From Koch & Ullman (I985) Fig. 5

64 Inhibition of Return (IOR)
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and Feature Extraction

Winner-Take-All
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28 From http://www.scholarpedia.org/article/Inhibition_oi_return

From The superior colliculus (SC) has been implicated as the neural substrate for IOR through four converging, but

indirect, lines of evidence.

1. IOR is abnormal in patients with midbrain degeneration due to progressive supranuclear palsy (PSP).

2. It is preserved in patients with hemianopia, a condition in which only extrageniculate pathways are available to
process visual information.

3. Itis present in newborn infants, in whom the geniculostriate pathways are not yet developed.

4. Tt is generated asymmetrically in temporal and nasal visual fields, suggesting retinotecal mediation.

65 HA K{FEEEZFHZET IV Guided Search 2.0

BN by 7790 iR ERHRIICR L A4 R A E#EE 5L Walfd (1994)
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36 From Kiimmererefall (7017) Fig. 2

71 DeepGaze Il

DeepGaze II: VGG features
ICF: ICF features readout network
Pixel: Raw pixel values (trained parameters)
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35 From Kiimmerer ef all (20017) Fig. 2
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73 DeepGaze Il (3)

Model IG | IGE | AUC | sAUC | NSS
Centerbias 0.00| 0.0 | 796 | 50.0 | 1.22
Pixel 0.13] 10.7 | 81.2 | 60.2 | 1.38
IttiKoch [16] 023 ] 18.6 | 823 | 64.1 | 141
AIM [6] 027] 22.6 | 829 | 65.6 | 1.50
eDN [48] 0.38 | 31.1 | 83.8 | 68.7 | 1.61
ICF 045 372 | 84.4 | 70.1 |1.74
DeepGaze I [32] 056 | 46.1 | 85.8 | 73.0 | 1.92
OpenSALICON [46] | 0.73 | 59.7 | 86.4 | 74.2 | 2.14
DeepGaze 11 098 | 80.3 | 88.3 | 77.7 | 2.48
Gold Standard 1.22 {100.0 | 89.9 | 81.2 |2.82
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