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Arithmer [#IZE] Transformer-> THa ?

2017 D> Attention Is All You Need[1] THREXIN/-ET L

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 [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 - 10%0
GNMT + RL [38] 24.6 39.92 2.3-10° 1.4.10%
ConvS2S [9] 25.16  40.46 9.6-10® 1.5.10%
MoE [32] 26.03  40.56 2.0-10¥ 1.2.10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%°
GNMT + RL Ensemble [38] 26.30  41.16 1.8-10%° 1.1-10%
ConvS2S Ensemble [9] 26.36  41.29 7.7-101°  1.2.10%!
Transformer (base model) 27.3 38.1 3.3.101'8
Transformer (big) 28.4 41.8 2.3-10°

.

BEMENER X R 7 ICHWTHEFESOTAL Y D EWVWR AT Z Ei#x

[1] Vaswani, Ashish et al. “Attention is All you Need.” ArXiv abs/1706.03762 (2017)
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[2] Dosovitskiy, A. et al. “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.” ArXiv abs/2010.11929 (2020)

[3] Gulati, Anmol et al. “Conformer: Convolution-augmented Transformer for Speech Recognition.”

Al Smart Robot Network

ArXiv abs/2005.08100 (2020) 5

Arithmer Confidential l



ETRIB ARS8

« DPHHLEE

\_

Full Fonnection

S
 Bug of Words

o« HENRT ML

J

NG

Al Smart Robot Network

J

RNN X
.
III"’ | T
CNN
DTHEIFERF T E
« Word2vec
« Glove
 Fasttext
20114 ~

* RNNLSTM, CNNDETIVIEZE

X6 - & LLFYT

1
~—>| Add & Norm }

Feed
Forward

.

Nx | [ Add & Norm )

/%HUI—HT_J;ET}[/\

« GPT-1,2,3
« BERT
« M2M100

Multi-Head
Attention
A y)
.

\. J
Positional D
Encoding y

Input
Embedding
Inputs
QTra nsform eria?!sﬁﬁg

« 15

= J

4 Attention B )

« Refomer
« Longformer
« Big Bird

« Peformer
\_

J

IR1E

Arithmer Confidential

6

/



Arithmer [#2Z] RNN, CNN vs Transfomer

Recurrent Neural Network (RNN)
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[#& 25 ) Positional Encoding(2)

~

BIMEDA VT v TR

BRSO E ik AW

PE(pns,Zi) = Sin(pog/looooﬁfdmudal) ig(gpao):);}_ﬁﬁ é
P E(pas,2i+1) = cos(pos/ 100002/ dmudel)

l |

FFE DR TT
<ddim>
python THELE
def positional_encoding(pos, i, dim): HHRRINERZ{TE5T DN ?
if i//2 == 0: T < _
. L ransformer[ZFRNN®D K 5 (C
euereturn np.sin(pos/10000xx(i/dim)) LR B T A 7 Lo
return np.cos(pos/10000xx((i-1)/dim)) ‘

for i in range(@, 512):

sl B2 /A < [t eSS 3
print(positional_encoding(1, i, 512)) SRERTRERIIEREO
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Agithmer [#:E#25K] Positional Encoding(3)
1

Positional Encoding ™ al#81k.[4]

e EEEoA Ty o X (i)
fitgh - HEOAIE (pos)

I

R O
o (L1

- HENME RIS

0.8

[4] http://jalammar.github.io/illustrated-transformer & ¥
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Arithmer [ &EfRSR]) AttentioniiE(3)
AttentionEt & = (dot product attention)
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Arithmer [#BEfE%] Multi-Head Attention(1)
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STRTIEY [#E&E ] Multi-Head Attention(4)
MultiHead(Q, K, V) = Concat(heads, ..., heady, )W©°
where head; = Attention(QWQ, KWE VWY)
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Asithimer [EEREE] BBBRLZ 7 OERES

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 [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0-10%
GNMT + RL [38] 246  39.92 2.3-109 1.4.10%
ConvS2S [9] 25.16  40.46 9.6-10® 1.5.10%°
MoE [32] 26.03  40.56 2.0-10¥ 1.2.10%°
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%°
GNMT + RL Ensemble [38] 26.30  41.16 1.8-10% 1.1-10%
ConvS2S Ensemble [9] 26.36  41.29 7.7-101° 1.2.10%
Transformer (base model) 27.3 38.1 3.3.10'%
Transformer (big) 28.4 41.8 2.3.101

BEOFEELYEEFNRIT & FEIXML

[1] Vaswani, Ashish et al. “Attention is All you Need.” ArXiv abs/1706.03762 (2017)
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[EERIER])] Self-AttentionDsHEE

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention (n? - d) 0(1) 0(1)

Recurrent O(n - ) (n) O(n)

Convolutional O(k -n-d?) O(1) O(logk(n))

Self-Attention (restricted) O(r-n-d) O(1) O(n/r)

1. n<dDiFElL, Self-Attention®DEtFE=IZFRNNL Y H/NhX L H B
2. RNNIZBIDEAFONLELNDH DD TETERBIZLY Hh b
3. Self-Attention I RHOKEFRBEHZZZE LT L
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Arithimer [ERER] BINTFA—XDODBEAND

PAN /= =PAN N7 o
Transformer f’fﬁ_m =8 D RIT Attention D BfR X T
ModuleZk FEEIT head#X DropoutZ label smoothing

train | PPL BLEU params
N dmosar  dn hdx  dy  Parop s steps | (dev) (dev) x 106
base | 6 512 2048 8 64 64 0.1 01 100K | 492 258 65
1 512 512 529 249
(A) 4 128 128 500 255
16 32 32 491 25.8
32 16 16 5.01 25.4
(B) 16 516  25.1 58
32 5.01 254 60
2 6.11 23.7 36
4 519 253 50
8 4.88 25.5 80
© 256 32 32 5.75 24.5 28
1024 128 128 466  26.0 168
1024 512 254 53
4096 4.75 26.2 90
0.0 5.77 24.6
0.2 4.95 25.5
(D) 0.0 4.67 25.3
0.2 5.47 25.7
(E) positional embedding instead of sinusoids 4.92 25.7
big | 6 1024 4096 16 0.3 300K | 433 264 213 40
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Arithimer Transformerx & &

1. Transformer(ZAttention N —XEETETEE - GPURIELNSWET L
2. BRI T —& &2 —EI|ZWIET B - Positional Encoding# Efgd 2 w2
3. Transformer®Attention AT OEZ %D

1. Self-Attention (ANRELZAWTHHEZ BEBE

2. Scaled Dot-Product Attention (QBIERZHRIFL D2 DOWNIET 5)

3. Multi-Headed Attention ({8&d~ v FZ B WL TitF]IZAttention)
4, TA—XTIEREDIFHD ) — 7 %1 7z HIZMasked Attentiond %
5. EREEREA S TransformerD =8, EKEFEEIRI NS
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Arithmer Al Systems

OCR Inspection Dynamics
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