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huoqu huo shezhi yu pizhu guanlian de duixiang
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|

Yy O Retrieval for translation is called translation memory (TM)
* TM originated from human translation scenario in 1970s

 Translating from scratch is not easy
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Translation
l Memory

Yy gets or sets an object that is associated with the annotation

« Translation memory includes useful translation knowledge
 Translating from memory is easier
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Bilingual
Database
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Bilingual
Database

SMT framework e

Word Rule Parameter .
. : : Decoding
Alignment Extraction Tuning
Simard and Isabelle (2009) Liu et al. (2012) Koehn and Senellart (2009)
Wang et al. (2013, 2014) Zhechev and Genabith (2010)
Li et al. (2014) Ma et al. (2010)

Challenge: error propagation due to the pipeline framework
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End-to-end modeling End-to-end training

v max 3 logplyix;0)

\/ <X7y>
Decoding

EncoM\ NMT achieves SOTA performance
on many benchmarks
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N nd Framework

End-to-end modeling End-to-end training

v max 3 logplyix;0)

\/ <X7y>
Decoding

EncoMNinput mHaJX Z log p(Y|X7 M; 9)
(x,y,M)

L1 Teee Ty | | M

Easily scaling to leverage any extra information
Making TM-augmented NMT promising
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M |

Retrieved memory

l * Need to define:
Y * Memory type
* Retrieval metric
* Model architecture

NMT Framework: Overview
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End-to-end modeling

Y1 Y2 <= Ym

L1 Teee Ty | | M

End-to-end training

max Y logp(y|x, M;0)
(x,y,M)
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NMT Framework: Memory Type

1 huoqu yu pizhu biaogian guanlian de duixiang
REN S #HhE & REX B W&

yl gets an object that is associated
with the annotation label

huoqu huo shezhi yu pizhu guanlian de duixiang

X RH s 1B 5 #hE REK W NUE
}A’1;7 gets or sets an object that is

Test sentence A sentence in database
* Type 1: <sentence, word> « Type 2: <sentence, word>
Query X Query X| ‘&1:7
N\ 1 1 . N\
(x!, y!) (x"||y7.5, associated)
Key-value pairs -

Key-value pairs
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NMT Framework: Retrieval Metrics

1 huoqu yu pizhu biaogian guanlian de duixiang
huoqu huo shezhi yu pizhu guanlian de duixiang SEH ST A AE M HWE
X HW s RE 5 HF KK 0 N L

A _ , yl gets an object that is associated
Y1:7 getsorsetsanobject thatis with the annotation label

Test sentence A sentence in database
» Word Matching * Dense Retrieval
Query
‘L
« Normalized edit distance Inner Product
Candidate t

. . 1
- edit-dist(x,x") T or XlHY%ﬁ""m—’[l [

max(|x], [x*])
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od NMT: Categories

Retrieval Metric Model Architecture

Memory Type

Li et al. (2016)
Farajian et al. (2017)
Bulte et al. (2019)

<sentence, sentence>

Word Matching

Xu et al. (2020)

<sentence, sentence>

Word Matching
Dense retrieval

Standard model
(fixed NMT architecture )

Zhang et al. (2018)

<sentence, sentence>

Word Matching

Khandelwal et al. (2021)

Dual model

Zheng et al. (2021) <sentence, word> Dense retrieval (partial.ly changed
Wang et al. (2022) ’ architecture)
Meng et al. (2022)

Gu et al. (2018)

Xia et al. (2079) <sentence, sentence> | Word Matching Unified model

He et al. (2021)

Cai et al. (2021)

<sentence, sentence>

Dense retrieval

(changed architecture)
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el: Finetuning

Test 1 Test 2 .. Testn
Retrieval l Retrieval l Retrievall
M 1 Subset 1 M o | Subset 2 .. M n Subset n

Model 1 Model 2 ..

91 (92 Hn

Standard NMT model
(RNN, Transformer)

Fig credit: Xiaoging Li, Jiajun Zhang, Chengqging Zong. One sentence one model for neural machine translation. arxiv16.
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e e

Test 1 Test 2 Test n Finetuning Objective
Retrieval l Retrievall Retrievall I%&X Z log D (y|x, Hn)
Ml Subset 1 M2 Subset 2 Mn Subset n (x,y)EMp, \

Standard NMT model
(RNN, Transformer)

* Optimize 6,
@ @ @ e Run SGD on M,
* Decode with 4,

04 05 0, On-the-fly finetuning and testing

Fig credit: Xiaoging Li, Jiajun Zhang, Chengqging Zong. One sentence one model for neural machine translation. arxiv16.
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Training

D : (Xiayi) M

. -

D: | (Xlyillysy')

max E lo X: 6
v gp(Y| ’ ) Standard NMT model

(X,y)Eﬁ (RNN, Transformer)

Bram Bulte, Arda Tezcan. Neural Fuzzy Repair: Integrating Fuzzy Matches into Neural Machine Translation. ACL19.
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Testing

M X

Retrieval

x'||y4 ||y’

AR '
p(lea 6)/
., Standard NMT model y
(RNN, Transformer)

Bram Bulte, Arda Tezcan. Neural Fuzzy Repair: Integrating Fuzzy Matches into Neural Machine Translation. ACL19.
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X [requirements] [relation] [the] [operational] [suitability] [bulk] [carriers]

requirements relation terminals

(the | [ suitabity |

Vorschriften

(62 (Genrg) [von] [moe] [schags@e) [anisgen]

Fig credit: J. Zhang, M. Utiyama, E. Sumita, G. Neubig, S. Nakamura. Guiding Neural Machine Translation with Retrieved Translation Pieces. NAACL18.
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i t i lati t th operational | | suitability | | of | | bulk | | carriers
X [reqwemen S] [re a .On] [ e] [ ] [ ] [ ] [ ] (Vorschriften, 0.8) (Vors_chriften fur, 0.8)
(0e) (o) T (ur die, 0.8
e, o) ...
M (Eignung, 0.8) (Vors_chriften fur die Eignung, 0.8)
Vorschriften [ die] [ Eignung] [von ] [ Um@@ ] [ schlags@ @ ] [ anlagen ] (von, 08) (fUI’ die Elgnung von, 08)

Fig credit: J. Zhang, M. Utiyama, E. Sumita, G. Neubig, S. Nakamura. Guiding Neural Machine Translation with Retrieved Translation Pieces. NAACL18.
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requirements | | in | | relation | | to | | the | | operational | | suitability | | of | | bulk | | carriers
X [ ][ ][ ][ ][ ][ ][ ] (Vorschriften, 0.8) (Vors_chriften fur, 0.8)
(ie) (o) T (ur die, 0.9
ie,0o) ...
(Eignung, 0.8) (Vorschriften fur die Eignung, 0.8)
[Vorschriften] [fUr] [die] [Eignung] [von] [Um@@] [schlags@@] [anlagen] (von, 08) (fUI’dIe Elgnung von, 08)
Translation prefix U1
— U2 |
Y, 5 Yio1 Vs |
UN

Fig credit: J. Zhang, M. Utiyama, E. Sumita, G. Neubig, S. Nakamura. Guiding Neural Machine Translation with Retrieved Translation Pieces. NAACL18.
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—
fu

Vorschrlften r dle Elgnung von Um@@ schlags@@ anlagen

Translation prefix

\‘

Y1y, 5 Yi—1

Standard NMT model
(RNN, Transformer)
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Weighted n-gram

(Vorschriften, 0.8)  (Vorschriften fur, 0.8)

(fur, 0.8) (fur die, 0.8)

(die, 0.8) ...

(Eignung, 0.8) (Vorschriften fur die Eignung, 0.8)
(von, 0.8) (fur die Eignung von, 0.8)

Matched n-gram

‘W

Yi—1,7U3

Yi—2,Yi—1, U3

A \, A
p(yi\X, YI:z’—l) = pNMT(yi|X7 Y1:i—1) + A X pTM(yi)

Fig credit: J. Zhang, M. Utiyama, E. Sumita, G. Neubig, S. Nakamura. Guiding Neural Machine Translation with Retrieved Translation Pieces. NAACL18.




Fig. Credit: U. Khandelwal, O. Levy, D. Jurafsky, L. Zettlemoyer, M. Lewis. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 20.

KNN-LM
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N-MT Extended from KNN-LM ) fence
cF 7 g il
Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
C; (¥ ki = f(c;) di=dlG: k) p(k;) o exp(—d;) PrNN(Y) = Zly:lup(ki)
Obama was senator for | lllinois 4 Hawaii |3 —* Hawaii|0.7 Hawaii | 0.8
Barack is married to | Michelle @l I'l®) 100 lllinois | 4 ™ lllinois |0.2 lllinois | 0.2
Obama was born in | Hawaii 5 Hawaii |5 | Hawaii|0.1 l
Obama is a native of | Hawaii 3 Classification Interpolation
prv(y) p(y)=ApkNN(Y) + (1= A)prm()
Test Context Target Representation
_oppih Hawaii | 0.2 Hawaii | 0.6
T q = f(z) S
lllinois 0.2 —* lllinois | 0.2
Obama’s birthplace is ? ( Jolel ) -
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N-MT Extended from KNN-LM ) fence
cF 7 g il
X
Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
C; (¥ ki = f(c;) di=dlG: k) p(k;) o exp(—d;) PrNN(Y) = Zly:lup(ki)
Obama was senator for | lllinois 4 Hawaii |3 —* Hawaii|0.7 Hawaii | 0.8
Barack is married to | Michelle @l I'l®) 100 lllinois | 4 ™ lllinois |0.2 lllinois | 0.2
Obama was born in | Hawaii 5 Hawaii |5 | Hawaii|0.1 l
Obama is a native of | Hawaii 3 Classification Interpolation
prv(y) p(y)=ApkNN(Y) + (1= A)prm()
Test Context Target Representation
_oppih Hawaii | 0.2 Hawaii | 0.6
T q = f(z) S
lllinois 0.2 —* lllinois | 0.2
Obama’s birthplace is ? ( Jolel ) -

Fig. Credit: U. Khandelwal, O. Levy, D. Jurafsky, L. Zettlemoyer, M. Lewis. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 20.

KNN-LM
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Training Translation Contexts Datastore

(n) Representation Target
n n n n
(3( )7ti—1) kj = f(s(n)atl(—)l) v; = tz( :

J'ai été a Paris. | have been

J'avais été a la maison. | had been
J'apprécie l'été. | enjoy summer

Jai ma propre chambre. | have my

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Training Translation Contexts Datastore
(n) Representation Target
n n n n
(3( )7ti—1) k; = f(s(n)atl(—)ﬁ vj = tz( :
J'ai été a Paris. | have been
J'avais été a la maison. | had been
J'apprécie l'été. | enjoy summer
Jai ma propre chambre. | have my
Generated .
Test Input tokens Represenfatlon Target
€ Y1:i—1 q=f(x,91:i-1) Y;
J'ai été dans ma propre P
chambre. [ have

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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- . Datastore
Training Translation Contexts Dist
Representation | Target Istances Nearest k
(S(n)v ty—l)l) /{7]' = f(S(n), tgz)l) v = tgn) dj - d(kj7 q)
J'ai été a Paris. | have been ™ 4 my | 1
J:avais, é_té ?llq maison. Ihqd been 120 been | 3
J'apprécie l'été. | enjoy summer —»| been | 4
Jai ma propre chambre. | have my |, 1
Generated .
Test Input tokens Represenfatlon Target

€ Y1:i—1 q=f(x,91:i-1) Ui
J'ai été dans ma propre P
chambre. [ have

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Training Translation Contexts Datastore
9 Representation | Target Distances Nearest k Temperature Normalization
(s, %) k= f(s™ 80 o =47 | = ki q) dy = di/T || plky) o eop(—d))
J'ai été a Paris. | have been 4 my | 17 my |01 — my | 040
S CIE) 216 (EEDN) fag peen ™ 5 been | 3 —>| been | 0.3 —* been | 0.32
SHPEBIEE, DY summer — been | 4 —»| been | 0.4 — been | 0.28
Jai ma propre chambre. | have my |, 1
Generated .
Test Input tokens Represenfatlon Target
€ Y1:i—1 q=f(x,91:i-1) Yi
J'ai été dans ma propre P
chambre. [ have

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Training Translation Contexts Representation | Target Distances Nearest k Temperature Normalization
(s™),6)) ki = (s |v =" |4 = dlk ) dj = d;/T p(k;) oc eap(—d;)
J'ai été a Paris. | have been 4 my | 17 my |01 — my | 040
JEELE 202 & e e ST 130 been | 3 —>| been | 0.3 — been | 0.32
Japprécie I'été. I enjoy summer been | 4 || been | 0.4 — been | 0.28
Jai ma propre chambre. | have my |, 1 !
Aggregation
Test Input Gf:f;ﬁtsed Representation | Target PN (i) = Y Ly—o, p(kj)
L Y1:i—1 q=f(z,91:-1) Yi J
J'ai été dans ma propre my oy
chambre. 1IRENE ? been 0.6

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Training Translation Contexts Represei?:‘?'s"t: " Target Distances Nearest k Temperature Normalization
(5™, ™)) By = F(s, 40 | o = 10| |d; = dlk;.0) d; = d;/T p(kj) oc exp(—d;)
J'ai été a Paris. | have been —> 4 my | 17 my |01 — my | 040
J'avais é_té a la maison. Ihqd been ™ 3 been | 3 —*| been | 0.3 » been | 0.32
J'apprécie l'étée. I enjoy summer —» 100 been | 4 » been | 0.4 o been | 0.28
J ’:ai ma propre chambre. / h'é.ve my N 1 !
Aggregation
Test Input Gf:f;ﬁtsed Representation | Target PrNN (Vi) Z 1y,_uj
x Y1:i—1 q=f(z,91:-1) Yi
J'ai été dans ma propre | have ’ b’:é/ n gg
chambre.

Standard NMT model

/ (RNN, Transformer)

P(%\X, 5’1;7;—1) — pNMT(yi\%yLi—ﬂ + A X pkNN(yi)

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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(a) Query the source sentence,
and the search engine returns
K translation pairs;

Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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and the search engine returns :
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K translation pairs; . 3
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|

l

(a) Query the source sentence, :
|

|

|

|

|

|

|

Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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(a) Query the source sentence, ! "
and the search engine returns attention ¢i—! an
K translation pairs; .
. L
(b) The NMT model outputs translation - idea

with reference of retrieved pairs

Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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(a) Query the source sentence, ! |

- on i3t ]

and the search engine returns attention @i
K translation pairs;
(b) The NMT model outputs translation

with reference of retrieved pairs

Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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(a) Query the source sentence,

|
|
=
s HN
l
and the search engine returns

|
- _
attention 12!
K translation pairs;

‘é\ . \idea
with reference of retrieved pairs T

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
..... . i i A II

----------------- atching! S »J _ai_une idee} i
| |
i
|
|
|
|
|
|
|
|
|
|
|
|

(b) The NMT model outputs translation

p(yt|X,$’1:t—1, M; ‘9) — Ct(é’) X pébpy(yt; 9) + (1 — Gt (9))p(yt|X,$’1:t—1; 9)

Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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edit-dist on source

.. sentences
Heuristic

retrieval

unaware of translation
tasks

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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conventional TM framework

Search over bilingual
database
Limiting

Applications

Bilingual data is too
expensive

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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Query Bilingual
Database

Query

Database

X ;
Learnable metric

I Heuristic metric>
O

l 0,

lyili=1,--- K} NMT B

y y

The New Framework Conventional Framework

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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Retrieval Model

Input X

Corpus )

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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Retrieval Model

. source
Input X [ codor o oo ("L
MIPS

I

of et LTI
encoder Eiu(y)
(NI

C .
orpus Y dense index

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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/ Retrieval Model
R source Relevant
Input X [ 1 codor o) PRI "y
MIPS —> |yl y2...

[f MIED | dexy)
target d(x. v2

encoder Eiu(y) "|I|:|I|]I[|:| ( }f)
2

C .
orpus Y dense index

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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retrieval and translation models

4 Retrieval Model
v

- source Relevant context

Input X encoder Fg..(x) 11 |+| [WTT] ™ encoder
MIPS — | y! y2...
A

N | d6ey) |, [ Memory

d(x,y") Encoder

y et LTTITHTND
encoder Eiu(y)
J

dense index

Corpus )
\_

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.



gﬁg Tencent
PR Al Lab

retrieval and translation models b

4 Retrieval Model
v
- source Relevant context
Input X encoderEsrC(x)_»Hlllvllllll ™ encoder —>|||||||||||—l
MIPS >y y? Decoder
1 A
MWD | ) | Memory | O
d(x,y°) Encoder

y et LTTITHTND
encoder Eiu(y)
J

dense index

Corpus )
\_

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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retrieval and translation models b

4 Retrieval Model
v
- source Relevant context
Input X encoderEsrC(x)_»Hlllvllllll ™ encoder —>|||||||||||—l
MIPS >y y? Decoder
|]:|]f|:|:|:|:|:|:| d(x,y") Memory _’E'r 1
d(x,y%) || Encoder )

target > T THT]
encoder Eiu(y)
El_|_|_|_|_|_l_|_|_| J relevance scores bias attention

dense index

Corpus )
\_

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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retrieval and translation models

4 Retrieval Model Generation Model I
v
R source Relevant context
Input X encoderEsrC(x)_»Hllulllll ™ encoder —>|||||||||||—l
MIPS —>|y' y°--- Decoder > Output y
[[I]fl]]]]]:l d(x,y") Memory ﬂ )
d(x,y*) || Encoder )

target > T THT]
encoder Eiu(y)
El_|_|_|_|_|_l_|_|_| Jtelevance scores bias attention /

dense index

Corpus )
\_

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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4 Retrieval Model Generation Model I
v
R source Relevant context
Input X encoderEsm(X)->|IIII*IIIIII ™ encoder —>|II|IIIIIII—l
MIPS —>|y' y°--- Decoder > Output y
[[I]fl]]]]]:l d(x,y") Memory ﬂ )
foneoq T PIIIININD | 4o¥") | | Encoder I
encoder Eiu(y) s
Corpus ) N Eld_l_lll-ls_yi_r!ale_y kelevance scores bias attention Y

« Challenge: standard MLE training leads to a trivial retrieval metric.
 Solution: two pre-training subtasks as regularization

Deng Cai, Yan Wang, Huayang Li, Wai Lam, Lemao Liu. Neural Machine Translation with Monolingual Translation Memory. ACL21.
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« Compact model with less parameters
» The knowledge is not implicitly stored in model parameters but in memory

Output

T5 with 11318M parameters Only 330M parameters ==
Probabilities e — Ne
= =

Add & Norm

Nx
Training
) : J Memorlzmg
Positional Positional
Encoding D 5% Encoding
Input Output
I Embedding I I Embedding I
!
data data Datastore

(shifted right)




* Better interpretability
« Some prediction results can be explained through the cues in memory.

retrieval-augmented model
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Vienna

From Wikipedia, the free encyclopedia

Read Edit \

This article is about the capital of Austria. For other uses, see Vienna (disambiguation).
"Wien" redirects here. For other uses, see Wien (disambiguation).

Not to be confused with Vienne or Vienne, Isére.

[vegnnationa

capita“ largest city{ Iandlone of nine state

of Austria.

Vienna is Austria's

most populous city, with about two million inhabitants'®! (2.9 million within the metropolitan
area,!'%) nearly one third of the country's population), and its cultural, economic, and political
center. It is the 6th-largest city proper by population in the European Union and the largest of

all cities on Danube river.
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IJCAI 2022 will be held in

Vienna , which is the

capital and the largest

city of Austria .

Memory

Text Generation by
retrieval augmented LM
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retrieval-augmented model

* Better scalability
 External data can be used as memory in a plug-and-play manner, leading to great scalability

External data External data
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* Retrieval sensitivity ® WNMT mNMT-Aug! RS

85
 Substantial gains for test sentences

with high quality memory
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* No gains for those with low quality
memory
* How to alleviate the sensitivity issue? 010.2 02-03 030.4 040.5 050.6 060.7 0.7-0.8 080.9 09-1.0

Similarity
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» Gap when jointly learning retrieval metrics towards translation quality
 Global retrieval: retrieval is conducted in the entire database
 Local optimization: the parameters are optimized with respect to a tiny fraction of database.

log p(x|y ", y*; 60)

Input X /]
Y
' yl 0 - O

Database ||| 4%, ¥", bmetsic) y2 /\

\/— X yl y2 Hmetric QNMT

Global Retrieval Local optimization
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Fu ns

e Retrieval from multi-modality database
* Most existing works focus on generation models augmented by text memory
* Multi-modality information can provide complementary information for generation models

Image database Audio database Video database
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