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o Hzz&MiFE(Machine Translation, MT): #f5R a0l B it EAIEIRIES (source

language) #1% A% B R18 = (target language)
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Chinese (detected) v <«  English (American) v Glossary
{RTEF i X What are you doing?
R EINBLIS % | like black tea.
>
T LFX | [RIESIMER X A 82 % Why are you so slow to produce this course?
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o Hlz3E1E(Machine Translation, MT): #A5aN{alF BT EAIERIES (source
language) #1E B IRi& 5 (target language)

Chinese (detected) v < English (American) v Glossary

{RTEF X What are you doing?
= INIELT 5% % | like black tea.

3 B Deepl
AR REHER X AE? X Why are you so slow to produce this course?

* BRI R sequence to sequence / seq2seq X7 sequence labeling
AANFIRREFIINKETX, 2RAZATRBIRF——NE === FHIMEKF

BEEESRE, FENLUFINLG Encoder-Decoder. Attention. Transformer. subword
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o M.22ENiFE(Machine Translation, MT): FAR AR BT EHIE—FMES

source language) #li¥ = —M1ES (B#mi&S, target language)
sequence to sequence / seq2seq

NN 23 EE GRS ENFE L8 E LLM for MT
(RBMT, 1949-1993)  : (SMT, 1993-2014) (NMT, 2013-7)
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https://www2.statmt.org/moses/?n=Moses.Baseline
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https://aclanthology.org/D13-1106.pdf

SMT —> NMT

N6 sequence to sequence/seq2seq task

B IR Encoder-Decoder Model

P(fle)

AII

Decoder: RNN

x R A 4 v 9 s =S -csm(e)
S hi = o(I-v(fy) +s)
*e hiv1 =0(R-hi +1-v(fip1) +5)
0i+1 =0 - h;

csm

A AR Encoder: CNN

WRED + HE e

Recurrent Continuous Translation Models, 2013
ZZ Moses
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Learning Phrase Representations using RNN
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ﬁ#ﬁg + ﬁFF% Encoder-Decoder for Statistical Machine Translation, 2014
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RNN GRU LSTM

RNN h; = tanh(z, W + b;, + hy_1 W35 + bpp)

Tt = U(Wirwt B bz"r T Whrh(t—l) =+ bh'r')
GRU -t = U(Wizmt B biz thh(t—l) + bhz)
ny = tanh(Winwt + bzn +7r: © (Whnh(t—l) + bhn))
he = (1 — 2:) Oy + 2¢ © hy_y)

it = o (Wyxs + by + Whihe—1 + bp;)

ft =0(Wisxy +bis + Whehi1 + bpy)
LSTM g¢ ta,nh(W,,;g:ct -+ big -+ Whght—l -+ bhg)
O¢ U(Wiowt + bz'o + Whoht—l + bho)
¢t = fi ©ci—1 + 1 © g4
ht = 0t ® tanh(ct)

= 1:3: 4 SN
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://pytorch.org/docs/stable/generated/torch.nn.RNN.html
https://pytorch.org/docs/stable/generated/torch.nn.GRU.html
https://pytorch.org/docs/stable/generated/torch.nn.LSTM.html
http://dprogrammer.org/rnn-lstm-gru

fHZZZ3ENFE(NMT)

LSTM Encoder-Decoder
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Sequence to Sequence Learning with Neural Networks, 2014

Method test BLEU score (ntst14)
Bahdanau et al. [2] 28.45
Baseline System [29] 33.30
Single forward LSTM, beam size 12 26.17
Single reversed LSTM, beam size 12 30.59
Ensemble of 5 reversed LSTMs, beam size 1 33.00
Ensemble of 2 reversed LSTMs, beam size 12 33.27
Ensemble of 5 reversed LSTMs, beam size 2 34.50
Ensemble of 5 reversed LSTMs, beam size 12 34.81

< SMT SOTA
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Sequence to Sequence Learning with Neural Networks, 2014

BLEU score
o

ot

Method test BLEU score (ntst14)
Bahdanau et al. [2] 28.45
Baseline System [29] 33.30 . .

Single forward LSTM, beam size 12 26.17 ‘ ; ' ' ' ' '

Single reversed LSTM, beam size 12 30.59 0 10 20 30 40 o0 60 70 80
Ensemble of 5 reversed LSTMs, beam size 1 33.00 Sentence length
Ensemble of 2 reversed LSTMs, beam size 12 33.27
Ensemble of 5 reversed LSTMs, beam size 2 34.50 On the Properties of Neural Machine Translation Encoder—Decoder Approaches, 2014
Ensemble of 5 reversed LSTMs, beam size 12 34.81

< SMT SOTA
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1409.3215
https://arxiv.org/pdf/1409.1259

RNN Encoder-Decoder with Attention

 Encoder: BIGRU, Decoder: GRU

B —
« WARIIX = (x,...,xp), XMRERT ;= [h; h]

» WESEISEITRILITTRY,? POy, Y X) = D e
_ - |Br R Ry <
€ij = attentmn(si—l’ hj) z;=o(Wely,_)+Us;_1+Cc) == Lt N Ll
=v! tanh(W s._, + U h) %8 *
¢ avi-l “J rr=cWe(y._)+Us,_,+ C.c,)
! r-\i—1 roi—1 ret Figure 1: The graphical 1llus-
exp (6 l]) _ tration of the proposed model
a.j — = §; = tanh(We(y,_;) + Ulr; o s,_]1 + Cc)) trying todgenerqte the t-th tar-
get word y; given a source
EXPD\E; ~
Tzkzl p( lk) S =f(Si—19yi—19 Ci) = (1 — Zi) o8, 1+ 205 sentence (1, T2, ...,ZT).
C;, = Z aljhj Neural Machine Translation by Jointly Learning to Align and Translate
J=1

S; = J(S;_1, Yi—1, C}) LLM 101: —(2 N[ T KIBE=HEE / Winter 2024


https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1409.0473

RNN Encoder-Decoder with Attention

 Encoder: BIGRU, Decoder: GRU

« BNFFIX = (X, ..., ), SHERET b = [h;

e WEIBRAIEZITMEEITRY? POy Y0 =7

— " © 20|
e;; = attention(s;_y, h;) il
— vg tanh(WdSl—l + Uah]) g 10 |- — igi;seami:gg """""""" \\\\_\\‘
exp(e ) 5L = = RNNenc-50 ................ ~ ...... V\N_
- --- RNNenc-30 | " t-
o = Y < = G(er(y i_l) T UZSi—l T CZCi) %0 10 20 30 10 50 60

Sentence length

I T
Zk=1 exp(eik) F; = G(Wre(yi—l) T UrSi—l + Crci)

Figure 2: The BLEU scores
of the generated translations
on the test set with respect
to the lengths of the sen-
tences. The results are on
the full test set which in-
cludes sentences having un-
known words to the models.

Neural Machine Translation by Jointly Learning to Align and Translate

¢, = Z a.h. §; = tanh(We(y;_;) + Ulr;es,_;] + Cc))
=1 $; =JSi—pYic ) = (L —2)esi ) + 2,05

S; = J(S;_1, Yi—1, C}) LLM 101: —(2 N[ T KIBE=HEE / Winter 2024


https://github.com/NiuTrans/MTBook
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BLEU Scores with Varying Amounts of Training Data
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Six Challenges for Neural Machine Translation
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https://github.com/NiuTrans/MTBook
https://x.com/marian_nmt/status/1158067516406685696
https://arxiv.org/pdf/1610.01108
https://arxiv.org/pdf/1706.03872

SMT vs NMT

NMT Win! OOV(Out of Vocabulary)

Il Pb-SMT 24_ — Source text i [UNK]
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Is Neural Machine Translation Ready for Deployment?, 2016
Max. number of unknown words

On the Properties of Neural Machine Translation Encoder—Decoder Approaches, 2014
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BPE: Byte Pair Encoding

. DT, HitBFER
. BERABIETHFFI

. BANNSERTH

@00

{'Tow</w>':5,'"lower</w':2,')newest</w>'":

3}

(‘e', 's')

{'"Tow</w>':5,'lower</w>': 2,'newest</w>'":

OpenAl Tokenizer

A& #1786 (merge)iRfE

6,'w 1Ld e s t </w>'":

Algorithm 1 Learn BPE operations

import re, collections

def get stats(vocab):
pairs = collections.defaultdict(int)
for word, freq in vocab.items():
symbols = word.split()
for i in range(len(symbols)-1):
pairs[symbols[i],symbols[i+1l]] += freq
return pairs

def merge vocab(pair, v_in):
v_out = {}
bigram = re.escape(' '.Jjoin(pair))
p = re.compile(r'(?<!\S)' + bigram + r'(?2!\S)")
for word in v_in:
w _out = p.sub(''.join(pair), word)
v_out[w out] = v_in[word]
return v_out

vocab = {'l ow </w>' : 5, 'lower</w'.: 2,
'newest</w>':6, 'widest </w>':3}

num merges = 10
for i in range(num merges):

pairs = get stats(vocab)

best = max(pairs, key=pairs.get)

vocab = merge vocab(best, vocab)

print (best)

6,'w 1L d es t </w>":

r- — T
lo — lo
low — low
er —  er

Neural Machine Translation of Rare Words with Subword Units,

2015
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https://github.com/NiuTrans/MTBook
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https://arxiv.org/pdf/1508.07909
https://platform.openai.com/tokenizer
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https://github.com/NiuTrans/MTBook
https://x.com/marian_nmt/status/1158067516406685696
https://arxiv.org/pdf/1610.01108
https://arxiv.org/pdf/1706.03872

ConvS2S

<p> They agree </s> <p> WMT’16 English-Romanian BLEU
Embeddings | H - } -
Sennrich et al. (2016b) GRU (BPE 90K) 28.1
Convolutions
M ConvS2S (Word 80K) 29.45
Gated ConvS2S (BPE 40K) 30.02
Units
| WMT’14 English-German BLEU
Attention
o Luong et al. (2015) LSTM (Word 50K) 20.9
- Kalchbrenner et al. (2016) ByteNet (Char) 23.75 E% E I«ﬁr 1 E-I' E —
W Wu et al, (2016) GNMT (Word 80K) 23.12 zll 7o
Dot products ‘ ‘ Cl) Wu et al. (2016) GNMT (Word pieces) 24.61
T ConvS2S (BPE 40K) 25.16
I ) I
5% % WMT’14 English-French BLEU
T O Wu et al. (2016) GNMT (Word 80K) 37.90
jj/ ] < Wu et al. (2016) GNMT (Word pieces) 38.95
oV v Wu et al. (2016) GNMT (Word pieces) + RL  39.92
. H H H H H | Ll I I
<p> <p> <s> Sie stimmen zu Sie stimmen zu </s> COHVSZS (BPE 4OK) 40.51
Table 1. Accuracy on WMT tasks comapred to previous work.
Convolutional Sequence to Sequence Learning. 1705 ConvS2S and GNMT results are averaged over several runs.
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https://github.com/NiuTrans/MTBook
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https://arxiv.org/abs/1705.03122
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Figure 1: The Transformer - model architecture.
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1706.03762
https://classic.d2l.ai/chapter_attention-mechanisms/self-attention-and-positional-encoding.html

Transformer

Probabilities

|

| Softmax |

t

* Encoder Layer: MHSA + FFN ST

& |
Add &I Norm |~

Feed
Forward

x2 = LayerNorm(x1 + Dropout(MHSA(x1))) ) ]
x3 = LayerNorm(x2 + Dropout(FFN(x2))) M[ Ad:F&WNddm] x_lj%%fiiii .
* Decoder Layer: MHSA + Encoder-Decoder Attention + FFN N> H Ajdlt&?:or: A:J;;';Zr: -
mask X2 = LayerNorm(x1 + Dropout(MHSA(x1))) Il \tAﬁerﬁonf IRt - J
x3 = LayerNorm(x2 + Dropout(MHSA(x2, x,,..1..))) crcoding ®1<?Ut OU%:@ Encoding
x4 = LayerNorm(x3 + Dropout(FFN(x3))) l Embe;ddmg | Emb(}gdmg
Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.

Attention Is All You Need
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1706.03762
https://classic.d2l.ai/chapter_attention-mechanisms/self-attention-and-positional-encoding.html
https://mp.weixin.qq.com/s/zS8W0IIbPGpsIn_9WOzNrA?token=1459250550&lang=zh_CN

MHSA

° KITEX] TET:

* Scaled dot-product attention

PSS

code

g,k € R% q ~ N(0,1), k ~ N(0,1)

Tqueryfll—ifE<key, value>XJ, HidiEvaluefJZL £, XE
{EH queFYﬂjkeyﬁ'ElE 2], Efquery. keyfllvalue#tf M@=

2

k Scaled Dot-Product Attentio Multi-H:ad Attention
q o k — E ~/ N(O,dk) A Linear
MatMul 1
. 1 A Concat
1= SoftMax 11
* [
q-k Seleq Dot Fockc
Scaled : Scale ) tl y tl ) l
dk Ma:MuI Linear _] Linear J Linear J
V . L]
Q K V
V K Q

Attention Is All You Need
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1706.03762
https://classic.d2l.ai/chapter_attention-mechanisms/self-attention-and-positional-encoding.html
https://mp.weixin.qq.com/s/zS8W0IIbPGpsIn_9WOzNrA?token=1459250550&lang=zh_CN
https://mp.weixin.qq.com/s/zS8W0IIbPGpsIn_9WOzNrA?token=1459250550&lang=zh_CN

MHSA

. [EX] T2 BAE—Tqueryfl—ifi<key, value>3t, #HiE Evaluef&E MM, &
{EH queFYﬂjkeyﬁ'ElE 2], Efquery. keyfllvalue#tf M@=

* Scaled dot-product attention

OK’
Attention(Q, K, V) = softmax( )% | |
d Scaled Dot-Product Attentio Mu1t1-H:ad Attention
k .
1 Linear
MatMul 1
) A Concat
SoftMax 11
o MHSA Mask*(opt.) ; SoaledA Dot-Product .Uih
1 ttention
— A ) I
MultiHead(Q, K, V) = Concat(head, ..., head,) W hja:hllul Linear W Linear Y Linear U
: Q K vV
where head; = Attention(QW.,”, KW;* , VW, ) o r r r

V K Q

Attention Is All You Need
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https://classic.d2l.ai/chapter_attention-mechanisms/self-attention-and-positional-encoding.html
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FFN: Position-wise Feed-Forward Networks

Output
Probabilities

« FFN
|
FFN(x) = max(0xW, + bW, + b,

Linear
A
( )
Add & Norm
Feed
Forward
—_— E—
a ~\ Add & Norm  J<=~
ARl & N Mult-Head
Feed Attention
Forward D ) N x
« MHSAFIFFNE i T |
Nix Add & Norm  Je=
Add &_ Norm Masked
Multi-Head Multi-Head
Attention Attention
‘ A ’ * A ’

O — J . —)
Positional Positional
E d & + .

ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.
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https://github.com/NiuTrans/MTBook
https://arxiv.org/pdf/1706.03872
https://arxiv.org/pdf/1706.03762
https://classic.d2l.ai/chapter_attention-mechanisms/self-attention-and-positional-encoding.html
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(B 4Rh8 Positional Encoding
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Figure 1: The Transformer - model architecture.
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