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What is This Tutorial About? 

• Integrating Information Retrieval (IR) Techniques in Text Generation

Information
Retrieval

Text Generation Retrieval-Augmented
Text Generation

Close-book exam 
(Hard mode)

Open-book exam
(Easy mode)
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Information Retrieval

• Information Retrieval (IR) is finding material of an unstructured nature (usually 
text) that satisfies an information need from large collections

• Web Search

• Video Search

• E-mail Search
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Text Generation

• Text generation, also known as natural language generation, is the task of 
generating text with the goal of appearing indistinguishable to human-
written text

• Story Generation

• Dialogue Generation

• Machine Translation
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The Challenge

• Create is more difficult than judge!

SIGIR 2022 will be 
held on July?

True

False

When will SIGIR 2022 
be held?

July

August

June

September

SIGIR 2022 will be held at Madrid, 
Spain. What do you think about 
this conference? Will you attend 
this conference?

Write about following topic

Write at least 250 words.

Binary Classification Multi-Class
Classification

Text Generation

Require strong background 
information about SIGIR 2022!
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The information

• Any alternative ways?
• Endow model the capability to re-access its training data, or external 

resources

• Where are these information?
• In Training data

• How do we store these information
• In Model parameters
• This is why more data + bigger model always better in generation tasks

Close-book exam 
(Hard mode)

Open-book exam
(Easy mode)
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The Open-Book Paradigm

• Core Questions 
• Which book shall we open?(Retrieval Sources)

• How to find needed information from the books? ( Retrieval 
Methods )

• How to use the found information? (Integrating IR Results
in Generation )

7



The Open-Book Paradigm

• Which book shall we open?(Retrieval Sources)
• Training Examples: re-access the examples we have already seen

• External Examples:
• Allow models accessing unseen examples
• Beneficial for efficient domain adaptation and knowledge update

• Unlabeled Data:
• Retrieving any necessary knowledge from unlabeled corpus
• Prevalent in Language Modeling and Question Answering
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The Open-Book Paradigm

• How to find needed information from the books? ( Retrieval Methods )
• Sparse-Vector Retrieval

• TF-IDF, BM25: Based on lexical-level similarity
• Computed efficiently with an inverted index

• Dense-Vector Retrieval
• Embedding sentences in dense vectors via BERT-based encoders
• computed via Maximum Inner Product Search (MIPS)

• Task-Specific Retrieval
• Intuition: Nearest != Best
• Who is the best? End-to-End optimized in generation tasks
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The Open-Book Paradigm

• How to use the found information? (Integrating IR Results in Generation )
• Input Augmentation

• Concatenating Retrieval samples with the original input
• Simple, but do not support long text

• Attention Mechanisms
• Encoding memory via additional encoders, and integrate through 

cross-attention

• Explicit Skeleton & Prototype
• Intuition: remove the worthless and preserve the valuable
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Successful Applications

• Language Modeling
• Open-Domain Dialogue Generation
• Machine Translation
• Question Answering
• Summarization
• Paraphrase Generation
• Text Style Transfer
• Data-to-Text Generation
• Image Caption
• Code Generation
• …
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Outline

Language Modeling
(45 Min)

Deng Cai (蔡登)

The Chinese University
of Hong Kong

Yan Wang (王琰)

Tencent AI Lab

Lemao Liu (刘乐茂)

Tencent AI Lab

Dialogue Generation
(45 Min)

Machine Translation
(45 Min) + 

Conclusion (10 Min)

WARNING: this is a new research area, conclusions in this tutorial may be 
out-of-date soon!
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Outline

• Background and Introduction
• Language Modeling (P14-P67)
• Open-Domain Dialogue Systems (P68-P109)
• Neural Machine Translation (P110+)
• Conclusion and Outlook
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Language Modeling

• Language Modeling is a fundamental NLP task that predicting what word 
comes next

A boy is looking at his _____

pencil

ball

toys

• Formally: given a sequence of words !!, !", … , !#, compute the probability 
distribution of the next word !#$!:

!(#!"#|##, … , #!)
Where !#$! can be any word in the vocabulary V = {'!, … , '|&|}

• A system that does this is called a Language Model (LM)
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Evaluation of Language Modeling

• Perplexity: an intrinsic evaluation method for LM
• Intuition: The probability of correct text (test set) should be high

• Formal definition:

)) * =
! 1
)('!, '", … , '')
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We use LM every day! 
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Traditional (Pre-Deep Learning) way: n-gram LM 

• N-gram Language Model
• Definition: A n-gram is a chunk of n consecutive words.

• 1-gram: “a”, “boy”, “is”, ”looking”, “at”, “his”
• 2-grams: “a boy”, “boy is”, “is looking”, ”looking at”, “at his”
• 3-grams:“a boy is”, “boy is looking”, “is looking at”, ”looking at his”
• …
• 6-grams: “a boy is looking at his ”

• N-gram LM: Collect statistics about how frequent different n-grams are

A boy is looking at his _____

) !#$! !#, … , !! = ) !#$! !#, … , !#()$" ≈
/0123(!#$!, !#, … , !#()$")
/0123(!#, … , !#()$")
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Problems of n-gram LM

• Sparsity
• Hard to compute the probability of unseen text

• Storage
• Need to store count for all n-grams. Increasing n or corpus increases model size!

A boy is looking at his phone . A third possibility is that he was 
driving with his wife . I’m only thinking about my sexuality . 
The US wants the fight so he’s starting to understand that no 
one could be expected to help get through a day . 

Surprisingly grammatical!
…but incoherent. We need to consider longer context, but increasing n
worsens sparsity problem, and increases model size

• Generating text with a 3-gram LM
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RNN Language Model

• Advantages:
• Can process any length input
• Theoretically, can consider very long 

context
• Model size doesn’t increase for longer 

input context

• Disadvantage:
• Recurrent computation is slow
• Difficult to access very long context in 

practice

a boy … his
!! !" !#

"$ "$ "$ "$

"% "% "% "%

#

ball book

Note: this input sequence 

could be much longer now!
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Pre-trained Language Model (PLM)

• Two pretraining objectives:

Language Modeling (Also known
as Auto-regressive LM)

Masked Language Modeling

A boy is looking at his _____

pencil

ball

toys A ____ is looking at his ball

player boy girl

• Condition on the past only
• Representatives: GPT, GPT2, Retro
• It’s helpful when the output is a 

sequence:
• Dialogue (Condition on dialogue history)
• Story Generation (Condition on story title)

• Condition on both the past and the 
future

• Representatives: BERT, and its variants
• It’s helpful on Natural Language 

Understanding tasks
• Sequence Labeling & Semantic Matching
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PLM for Text Generation

• Open-Ended Text Generation: Fluent, informative, and coherent

[Radford + 19]
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Why So Good?

• Why so good?
• Big: big model, big corpus
• A way that teaches the model remembering knowledge in corpus

• What’s bad?
• Big->High cost on both time and space 
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Motivation of Retrieval-Augmented LM

Remember? This is the 
Expertise of IR 

• Store knowledge in LM

Knowledge

• Store knowledge in non-
parametric index

Knowledge
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Full List of Retrieval-Augmented LM

• Interpolation-based LM
• Improving neural language models with a continuous cache. ICLR 2017
• Generalization through memorization: Nearest neighbor language models. ICLR 2020
• Adaptive semiparametric language models. TACL 2021

• Masked LM and QA*
• Dense passage retrieval for open-domain question answering. EMNLP 2020
• Latent Retrieval for Weakly Supervised Open Domain Question Answering. ACL 2019
• Retrieval augmented language model pre-training. ICML 2020
• Retrieval-augmented generation for knowledge-intensive NLP tasks. NeuriPS 2020
• Leveraging passage retrieval with generative models for open domain question answering. EACL 

2021

• Huge-Index but Small-Size LM
• Improving language models by retrieving from trillions of tokens. DeepMind 2022

*Retrieval-Augmented QA is not the core of this tutorial, one may refer to ACL tutorial “Knowledge-Augmented Methods for Natural Language 
Processing” for more details about this area
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Interpolation-based Method: KNN-LM
26



KNN-LM: Intuition

x = Obama’s birthplace is ____ 

Language Model (GPT2)

PLM on vocabulary
Hawaii 0.2

Illinois 0.2

… …* = ,(.)=

Keys
f(Obama was senator for)

f(Obama was born in)
…

Values
Illinois
Hawaii

…

Nearest Neighbors

PKNN on vocabulary
Hawaii 0.6

Illinois 0.2

… …

(1 − 5)601+56233

27



Constructing the Index

Training Contexts ci Targets vi
Obama was senator for Illinois

Barack is married to Michelle

Obama was born in Hawaii

… …

Obama is a native of Hawaii
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Constructing the Index

Training Contexts ci Representations 
ci = f(ci	)

Targets vi

Obama was senator for Illinois

Barack is married to Michelle

Obama was born in Hawaii

… … …

Obama is a native of Hawaii

The size of the datastore = The number of tokens in training corpus
Retrieval nearest contexts to current context c
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Back to Inference

[Khandelwal+ 19]
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Back to Inference

[Khandelwal+ 19]
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Back to Inference

[Khandelwal+ 19]
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Key Results

Explicitly memorizing the training data helps generation

LMs can scale to larger text collections without the added cost of training, 
by simply adding the data to the index

A single LM can adapt to multiple domains without the in-domain training, 
by adding domain-specific data to the index
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Key Results

Memorizing with Wikitext-103: 103M tokens, 5 = 0.25

*Edouard Grave, Armand Joulin, and Nicolas Usunier. Improving neural language models with a continuous cache. In ICLR, 2017

Model Perplexity↓

Previous Best (Luo et al., 2019) 17.40

Base LM 18.65

KNN-LM 16.12

KNN-LM + Cont. Cache* 15.79
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Key Results

Explicitly memorizing the training data helps generation

LMs can scale to larger text collections without the added cost of training, 
by simply adding the data to the index

A single LM can adapt to multiple domains without the in-domain training, 
by adding domain-specific data to the index
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Key Results

From Wikitext-103 (100M tokens) to En-Wiki (3B tokens)

LM Training Data Index Perplexity↓

En-Wiki-3B - 15.17

Wiki-100M - 19.59

Wiki-100M En-Wiki 13.73

Retrieving from corpus  VS  training on corpus 
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Key Results
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Key Results

Domain Adaptation from Wiki to Books

LM Training Data Index Perplexity↓

Books - 11.89

Wiki-3B - 34.84

Wiki-3B Books 20.47

Domain adaptation in a plug-and-play manner!
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Summary

Explicitly memorizing the training data helps generation

LMs can scale to larger text collections without the added cost of training, 
by simply adding the data to the index

A single LM can adapt to multiple domains without the in-domain training, 
by adding domain-specific data to the index
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Limitations of KNN-LM

High index cost: Index size = Token number!

High inference cost: times of retrieval = generation length

Gap between training and inference: No retrieval in training
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Retrieval-Augmented MLM Pretraining
41



Introducing Explicit World Knowledge

Typical encoder: =(>|!)

y= pounds

x: we paid 20 __ at the 
Buckingham Palace gift shop

Knowledge-augmented encoder:=(>|!, @)

y= pounds

x: we paid 20 __ at the 
Buckingham Palace gift shop

z: Buckingham Palace is home 
to the British monarchy

World knowledgeLinguistic knowledge
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Problem: How to Select Right Knowledge

Knowledge-augmented encoder:=(>|!, @)

y= pounds

x: we paid 20 __ at the 
Buckingham Palace gift shop z: ???

No golden labels  
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Solution: try different documents

=(> = ′=012BC′|!, @!)

x: we paid 20 __ at the Buckingham…

%!: Buckingham Palace is home to…

=(> = ′=012BC′|!, @")

%": The Wall Street …

High Low
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Solution: try different documents

=(> = ′=012BC′|!, @!)

%!: Buckingham Palace 

is home to…

=(> = ′=012BC′|!, @")

%": The Wall Street …

High Low

x: we paid 20 __ at the Buckingham…

Neural Retriever: &(%|!)
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The Model

= > ! =D
4
=(>|!, @)=(@|!)

Knowledge-
Augmented 

Encoder

Neural Retriever

Challenge: Summation over millions of documents! 
(for every sample, ever gradient step)
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Approximation: Dual-Encoder + MIPS

Retriever: =(@|!) ∝ ℎ(!) 5ℎ(@)

x: we paid 20 __ at 
the Buckingham…

ℎ(!)

%: Buckingham 
Palace is home to…

ℎ(%) & + ! =-
&
&(+|!, %)&(%|!)

= -
&∈()*+(-)

&(+|!, %)&(%|!)

• Search top-k candidates via MIPS tool:
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Pretrain and Fine-tune

Pre-training (REALM): Fine-tuning (Open-domain QA):

[Guu+ 20]
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Key Results

• 3 open-domain QA datasets:
• Natural Questions, WebQuestions, CuratedTrec

• Baselines
• ORQA (Lee et al. 2019) – 330M paras

• Equivalent to REALM without joint training

• T5-base (220M), L (770M), XL (11B) (Raffel et al. 2019)
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Key Results

[Guu+ 20]

50

https://arxiv.org/abs/2002.08909


Key Results

[Guu+ 20]
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Key Results
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Comparison with KNN-LM

• Learnable Retriever and Joint Training Matters!

• Limitation: 
• Masked Language Model is unfriendly to Sequence Generation Tasks
• Retrieval in very coarse-grained (document) level
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Retrieval-Augmented Auto-Regressive LM
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Big Index + Small model

• RETRO: Retrieval-Enhanced transformer
• Bigger and Bigger index:

• from 200M~2B tokens (KNN-LM, REALM) to 2T tokens (RETRO）

• Smaller and Smaller Model: 
• From 175B parameters (GPT3) to 172M ~ 7.5B parameters (RETRO)

• Efficient training:
• Works well without joint training
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Main Framework: Decoder
Retriever (frozen BERT): #(%|')

6 7 ., 9%, … , 9&
[Borgeaud+ 22]
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Main Framework: Memory-Encoder
Retriever (frozen BERT): #(%|')

6 7 ., 9%, … , 9&
[Borgeaud+ 22]
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Main Framework: Encoder-Decoder
Retriever (frozen BERT): #(%|')

6 7 ., 9%, … , 9&
[Borgeaud+ 22]
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Nearest Neighbor Search

RETRO
Retrieval-

Enhanced Encoder

2021OUTPUT

https://jalammar.github.io/illustrated-retrieval-transformer/
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Retrieval-Augmented Generation

The Dune film was 

released in

Dune is a 2021 American epic …
INPUT

NN1

Dune is a 1984 American epic …NN2

Encoder Block

Encoder Block

Encoder Block
…

Encoder

Cross-Attention

KEYS VALUES

Encoder stack

Decoder Block

RETRO Decoder Block

Decoder Block
…

Decoder

RETRO Decoder Block
…

=(>|G2=13, HH!, … , HH;)
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Experimental Baselines

• Baselines:
• Small models:

• Jurasic-1 (Lieber et al., 2021): 178B parameters
• Gopher (Rae et al., 2021): 280B parameters

Gopher and Jurrasic-1 outperforms GPT-3 in most tasks!
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Comparison with Large Models 

• Outperforms 7B baselines on all test sets
• Comparable with two very large models (178B and 280B) in 16 domains
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Comparison with Other Retrieval-Augmented Models 

• Performance gain from big Database
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An Interesting Sample

The RETRO model stays more on-topic than the baseline sample

64



The Evolution of Retrieval-Augmented LM

• Three types:  
• KNN-LM——Token-level and Interpolation-based model
• REALM——Document-level and Joint-Training model
• RETRO——Chunk-level, Frozen-Retriever, huge index model
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The Difference

• Datastore Size:  

109 1010 1011 1012

KNN-LM

REALM
RETRO

• Datastore granularity:  

Token Chunk
(20~128	tokens)

Document
(500+	tokens)

KNN-LM REALMRETRO

(2B	Tokens) (2T	Tokens)

• Training Complexity:  

No	additional
Training

KNN-LM REALMRETRO

Frozen	Retriever,
Retrieval-augmented

Training

Jointly	Training High

KNN-LM REALM
RETRO

• Inference Latency:  

low
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Outline

• Background and Introduction

• Language Modeling

• Open-Domain Dialogue Systems

• Background and Motivation

• Shallow Integration

• Deep Integration

• Neural Machine Translation

• Conclusion and Outlook

68



Dialogue Systems

• Dialogue Systems aim to bridge humans and machines with a natural 
language interface.

• Humans have long dreamed a machine that understands our languages 
and responds accordingly.

*Figure [Chen & Gao 17]
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Real-world Dialogue Systems

• Dialogue Systems aim to bridge humans and machines with a natural 
language interface.

*Figure [Chen & Gao 17]
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Categorization of Dialogue Systems

• Dialogue Systems can be categorized into three classes.
• Task-oriented bot "I need to get this done"
• Question answering bot "I have a question"
• Open-domain chit-chat bot "Let's chat for fun"

IBM Watson won Jeopardy Q&A
Apple Siri XiaoIce

• It is also possible to put them in one chat bot
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Open-domain Chit-chat Systems

• Dialogue Systems can be categorized into three 
classes.

• Task-oriented bot "I need to get this done"
• Question answering bot "I have a question"
• Open-domain chit-chat bot "Let's chat for fun"

• Compared to other types, open-domain chit-chat is
• More open-ended (one-to-many)
• focused on creating human-like conversations
• Not restricted in specific domains or tasks

• input: context/query/history
• output: response
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Approaches to Open-domain Chit-chat Systems

• Early work in data-driven dialogue response systems
• retrieval-based [Jafarpour+ 10;Ji+ 14;Hu+ 15]
• Generation-based [Sordoni+ 15; Vinyals & Le 15; Shang+ 15]
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Retrieval-based Dialogue Response Systems

• The ingredients of retrieval-based dialogue response systems
• A (large) database of context-response pairs (or single utterances)

• A similarity function measuring context-context similarity (e.g, BM25, TFIDF)

• A relevance function measuring context-response relevance

• Most recent work has been focused on context-response relevance

query-document

classic problem in 
information retrieval

[Khattab & Zaharia 20]
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Pros & Cons of Retrieval-based Systems

• Advantages:
• fluent

• informative

• controllable

• Disadvantage:
• This is likely that there is no appropriate response in the database   

User: How do you like the movie Iron Man?

System: Oh, I almost cried when the Batman races 
to save Rachel.

written & filtered by humans!

not tailored for input context!

* suppose Iron Man is not included the database

User: What are you talking about?
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Generation-based Dialogue Response Systems

• Generation-based dialogue response systems
• Seq2Seq (encoder-decoder), similar to neural machine translation

• RNN/CNN/Transformer etc

[Sordoni+ 15; Vinyals & Le 15; Shang+ 15] *Figure [Gao+ 18]
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Pros & Cons of Generation-based Systems

• Advantages:
• universal 

• coherent

• Disadvantages:
• Boring

• Uninformative

• Less controllable

it could say anything

Or…just say "I don't know!"

*Figure [Gao+ 18]

77

https://aclanthology.org/P18-5002/


Safe Response Problem

• Safe response problem is one most critical issue in generation-based systems
• Recall the goal of open-domain chit-chat

• maximize user engagement with informative and enjoyable human-like responses

• Cause: trained models prefer the most common response among others
If you don't like Iron Man, then you should stop 
going to movies.

I have no idea.

Iron Man was great! Almost every aspect 
worked and this film floored everyone.

Still, if the film is ultimately disappointing it is in 
part because it begins so well, and there is a lot 
to enjoy before the over-the-top final act.

How do you like the movie Iron 
Man?

….
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Safe Response Problem

• Safe response problem is one most critical issue in generation-based systems
• Recall the goal of open-domain chit-chat

• maximize user engagement with informative and enjoyable human-like responses

• Cause: trained models prefer the most common response among others

….

If you don't like Iron Man, then you should stop 
going to movies.

I have no idea.

Iron Man was great! Almost every aspect 
worked and this film floored everyone.

Still, if the film is ultimately disappointing it is in 
part because it begins so well, and there is a lot 
to enjoy before the over-the-top final act.

How do you like the movie Iron 
Man?

….

….
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Remedies for the Safe Response Problem

• One-to-many modeling [Li+ 16; Zhao+ 17; Zhou+ 17; Zhang+ 18; etc]
• Conditional variational autoencoder, reinforcement Learning, persona, emotion, etc.

• Grounded response generation [Dinan+ 18; Zhou+ 18; Wu+ 21; Komeili+ 22; etc]
• Grounded on documents, knowledge graphs, images, etc
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Retrieval vs. Generation

Retrieval-based Systems Generation-based Systems

Informativeness informative, long bland, short

Relevance good only if similar contexts 
are in the database

Controllability easy to control the 
database

Blackbox neural models

can generate new responses 
to unseen contexts

Retrieval + Generation?
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Shallow Integration of Retrieval and Generation

• Switch to generation-based systems when retrieval is “not good”

[Qiu + 17]

query-query similarity

query-response relevance
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Shallow Integration of Retrieval and Generation

• First Ensemble: Retrieval results are fed into generation-based systems

• Second Ensemble: Rerank all produced responses (generation & retrieval)

Gradient Boosting 
Decision Tree (GBDT)

[Song + 18]
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Shallow Integration of Retrieval and Generation

• First Ensemble: Retrieval results are fed into generation-based systems
○ multi-seq2seq model

[Song + 18]
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Shallow Integration of Retrieval and Generation

• Second Ensemble: Rerank all produced responses (generation & retrieval)

Gradient Boosting Decision Tree (GBDT)
- term similarity
- entity similarity
- topic similarity
- “translation” score
- length
- fluency

[Song + 18]
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Shallow Integration of Retrieval and Generation

• Improving the Second Ensemble: Rerank all produced responses
• Model: GBDT => deep neural models

• Training Data: ground-truth/random negatives => labeled system outputs

[Yang + 19]
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Shallow Integration of Retrieval and Generation

• Improving the Second Ensemble: Rerank all produced responses
• Model: GBDT => deep neural models

• Training Data: ground-truth/random negatives => labeled system outputs

(q,r+,r−)
[Yang + 19]
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Shallow Integration of Retrieval and Generation

• Improving the First Ensemble: retrieval-augmented generation

Retrieved responses with more similar contexts

should have higher effect during generation

[Pandey+ 18]
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Shallow Integration of Retrieval and Generation
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Retrieved responses with more similar contexts

should have higher effect during generation

[Pandey+ 18]
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Shallow Integration of Retrieval and Generation

• Improving the First Ensemble: retrieval-augmented generation

Retrieved responses with more similar contexts

should have higher effect during generation

[Pandey+ 18]
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Shallow Integration of Retrieval and Generation

• Improving the First Ensemble: retrieval-augmented generation
• Differences in contexts provide an important signal for differences in responses.

[Wu + 19]
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Shallow Integration of Retrieval and Generation

• Improving the First Ensemble: retrieval-augmented generation
• Differences in contexts provide an important signal for differences in responses.

[Wu + 19]
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Problems when Integrating Retrieval and Generation

• Collapsing to the ordinary retrieval system

Maintain the generalizability of generation

Filter out irrelevant content from retrieval

Retrieval

Generation

overly rely on retrieval
even copy irrelevant content

lose the ability to make 
input-tailored responses

The retrieved responses typically contain excessive 
information, including inappropriate words or entities. It is 
necessary to filtered out irrelevant content.

The guidance from retrieval should only specify a 
response pattern or provide some information, but leave 
the details to be elaborated by the generation model.

when the retrieval is generally good
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Deep Integration of Retrieval and Generation

• Retrieve-Remove-Rewrite
• extracting response skeleton

explicitly control the information inflow

[Cai + 19]
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Deep Integration of Retrieval and Generation

• Retrieve-Remove-Rewrite
• extracting response skeleton

explicitly control the information inflow

[Cai + 19]
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Deep Integration of Retrieval and Generation

• Retrieve-Remove-Rewrite
• extracting response skeleton

explicitly control the information inflow

[Cai + 19]

First RL Agent: Skeleton Generator

Second RL Agent: Response Generator

Reward Function: a pre-trained critic D

query
ground-truth

random
machine-
generated
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Deep Integration of Retrieval and Generation

• Retrieve-Abstract-Follow
• extracting semantic structure

preserve the semantic structure

avoid over-reliant on copying (inappropriate) words

[Gupta + 21]
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Deep Integration of Retrieval and Generation

• Retrieve-Abstract-Follow
• extracting semantic structure

preserve the semantic structure

avoid over-reliant on copying (inappropriate) words

[Gupta + 21]
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Deep Integration of Retrieval and Generation

[Gupta + 21]
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Problems when Integrating Retrieval and Generation

• Collapsing to the ordinary generation system

Generation

Retrieval

good but inconsistent 
with the target output 
during training

ignore the retrieved 
responses during 
training and testing

inconsistent context-retrieval-response triples for training
context-relevant ≠ response-relevant
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Deep Integration of Retrieval and Generation

• Response-consistent skeletons generated automatically from the target response
• Accurate skeleton extraction with distant supervision from semantic matching

How is your day today? Great! I get promotion 
today.

Great! I get _ today.
_! _ _ promotion _.
I promotion _ Great!
Great! I _ _ tomorrow.
...

+

mask, shuffle, replace

context response

skeleton

Training 
Triples

[Cai + 19]
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Deep Integration of Retrieval and Generation

• Response-consistent skeletons generated automatically from the target response
• Accurate skeleton extraction with distant supervision from semantic matching

[Cai + 19]
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Deep Integration of Retrieval and Generation

• Response-consistent skeletons generated automatically from the target response
• Accurate skeleton extraction with distant supervision from semantic matching

[Cai + 19]

weights token embddings
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Deep Integration of Retrieval and Generation

• Response-consistent skeletons generated automatically from the target response
• Accurate skeleton extraction with distant supervision from semantic matching

[Cai + 19]

weights token embddings

local matching scores
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Deep Integration of Retrieval and Generation

[Cai + 19]

• Improve the best of two worlds:
○ Higher informativeness than vanilla retrieval
○ Higher relevance than vanilla generation
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Deep Integration of Retrieval and Generation

• Model response-posterior distribution 

retriever generator

[Paranjape + 21]

context-relevant ≠ response-relevant
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Deep Integration of Retrieval and Generation

• Model response-posterior distribution 

retriever generator response-posterior
- differentiate response-relevant from other context-relevant retrieval
- encourage the retriever to trust response-relevant

[Paranjape + 21]
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Takeaways

• Retrieval helps generation in open-domain dialogues
• promote informativeness and relevance
• provide explainability and controllability

• but... should be used with caution for the following problems
• Information overflow (overly rely on retrieval)
• Inconsistent context-retrieval-response training triples (ignore retrieval)
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Outline

• Neural Machine Translation
• Motivation
• TM-augmented NMT Framework
• TM-augmented Models

• Standard model

• Dual model

• Unified model
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Why retrieval is beneficial to translation?

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

• Translating from scratch is not easy

获取 或 设置 与 批注 关联 的 对象
huoqu huo shezhi yu pizhu guanlian de duixiang

Retrieval for translation is called translation memory (TM)
TM originated from human translation scenario in 1970s
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Why retrieval is beneficial to translation?

获取 或 设置 与 批注 关联 的 对象x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

获取 与 批注 标签 关联 的 对象

gets an object that is associated with the annotation label

x1

<latexit sha1_base64="Rp4l/pSzZ0xPfa8vMTBphVZmi+w=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae0Q8mkmTY0yYxJpliGfocbF4q49WPc+Tdm2llo64HA4Zx7uScniDnTxnW/ncLa+sbmVnG7tLO7t39QPjxq6ShRhDZJxCPVCbCmnEnaNMxw2okVxSLgtB2MbzO/PaFKs0g+mGlMfYGHkoWMYGMlvyewGQVh+jTre6V+ueJW3TnQKvFyUoEcjX75qzeISCKoNIRjrbueGxs/xcowwums1Es0jTEZ4yHtWiqxoNpP56Fn6MwqAxRGyj5p0Fz9vZFiofVUBHYyC6mXvUz8z+smJrz2UybjxFBJFofChCMToawBNGCKEsOnlmCimM2KyAgrTIztKSvBW/7yKmldVL1a9fK+Vqnf5HUU4QRO4Rw8uII63EEDmkDgEZ7hFd6cifPivDsfi9GCk+8cwx84nz9l6JHc</latexit>

y1

<latexit sha1_base64="ezUZBwp52pH/uWZJ4aid6erN/aU=">AAAB9HicbVDLSgMxFL2pr1pfVZdugkVwVWZE0WXRjcsK9gHtUDJppg3NZMYkUxiGfocbF4q49WPc+Tdm2llo64HA4Zx7uSfHjwXXxnG+UWltfWNzq7xd2dnd2z+oHh61dZQoylo0EpHq+kQzwSVrGW4E68aKkdAXrONP7nK/M2VK80g+mjRmXkhGkgecEmMlrx8SM/aDLJ0N3MqgWnPqzhx4lbgFqUGB5qD61R9GNAmZNFQQrXuuExsvI8pwKtis0k80iwmdkBHrWSpJyLSXzUPP8JlVhjiIlH3S4Ln6eyMjodZp6NvJPKRe9nLxP6+XmODGy7iME8MkXRwKEoFNhPMG8JArRo1ILSFUcZsV0zFRhBrbU16Cu/zlVdK+qLuX9auHy1rjtqijDCdwCufgwjU04B6a0AIKT/AMr/CGpugFvaOPxWgJFTvH8Afo8wdncJHd</latexit>

• Translation memory includes useful translation knowledge
• Translating from memory is easier

gets or sets an object that is associated with the annotation

Translation
Memory

huoqu huo shezhi yu pizhu guanlian de duixiang
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TM augmented MT: Paradigm

MT

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Bilingual
Database

{hxi,yii|i = 1, · · ·K}

<latexit sha1_base64="GFhV5hVZCgYIVIqf9I5zz2iIbKY=">AAACJnicbVDLSgMxFM3UV62vqks3wSK4kDIjFd0Uim4ENxXsAzplyGQybWgmGZKMWMZ+jRt/xY2Liog7P8VMW0RbDwTOPedecu/xY0aVtu1PK7e0vLK6ll8vbGxube8Ud/eaSiQSkwYWTMi2jxRhlJOGppqRdiwJinxGWv7gKvNb90QqKvidHsakG6EepyHFSBvJK1bd1GWI9xiBboR03w/Th5FHT36qoalcOe14hLTqGAsHQit44468Ysku2xPAReLMSAnMUPeKYzcQOIkI15ghpTqOHetuiqSmmJFRwU0UiREeoB7pGMpRRFQ3nZw5gkdGCWAopHlcw4n6eyJFkVLDyDed2fJq3svE/7xOosOLbkp5nGjC8fSjMGFQC5hlBgMqCdZsaAjCkppdIe4jibA2yRZMCM78yYukeVp2KuWz20qpdjmLIw8OwCE4Bg44BzVwDeqgATB4Ai9gDN6sZ+vVerc+pq05azazD/7A+voGVGalpQ==</latexit>

MT looks like human

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>
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TM augmented SMT

Word
Alignment

Rule
Extraction

Parameter
Tuning Decoding

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Query Bilingual
Database

SMT framework

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>

Koehn and Senellart (2009)
Zhechev and Genabith (2010)

Ma et al. (2010)

Liu et al. (2012)Simard and Isabelle (2009)
Wang et al. (2013, 2014)

Li et al. (2014)

Challenge: error propagation due to the pipeline framework
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NMT: End-to-End Framework

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

max
✓

X

hx,yi

log p(y|x; ✓)

<latexit sha1_base64="Vfx/ElFfKQXPc/cKAKIQa1hqnuU="></latexit>

x1

<latexit sha1_base64="RhIEhoGFStTB6HFAqTOmLhCJWF8=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3S3U3Y3Ygl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OZ+55EqzWL5YKYJDQQeSRYxgk0uPQ08NKjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qousgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Ufca9cv7Rq15U8RRhhM4hXPw4AqacAct8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w9kuI3S</latexit>

x2

<latexit sha1_base64="rZqqRJEsDVTa/mx5dMmqIpR8GIA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStmrli/uqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AD8yNqQ==</latexit>

xn

<latexit sha1_base64="Hqo3Bys6j+ADrcQ6/3doZHaJ6yo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+rJXrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndevbg7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QNqvI3l</latexit>

y1

<latexit sha1_base64="N+CruqWhXYEyJJmdUZe/+b0ardo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9b3+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6C/oRqFEzyaamXGp5QNqZD3rVU0YgbfzI/dUrOrDIgYaxtKSRz9ffEhEbGZFFgOyOKI7PszcT/vG6K4bU/ESpJkSu2WBSmkmBMZn+TgdCcocwsoUwLeythI6opQ5tOyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AEPzo2p</latexit>

y2

<latexit sha1_base64="mmO7tMmVuykZdbAnn2nvq0KeFhY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+0m/1i9X3Ko7B1klXk4qkKPZL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6Rdq3r16sVdvdK4zuMowgmcwjl4cAkNuIUmtIDBEJ7hFd4c4bw4787HorXg5DPH8AfO5w8RUo2q</latexit>

ym

<latexit sha1_base64="XsG7t2GGYS8fSSuL86u6/f6MvKw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bp7ibsboQQ+hO8eFDEq7/Im//GbZqDtj4YeLw3w8y8IOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvZ373SeqNIvko0lj6gs8lixkBBsrPaRDMazW3LqbA60SryA1KNAaVr8Go4gkgkpDONa677mx8TOsDCOcziqDRNMYkyke076lEguq/Sw/dYbOrDJCYaRsSYNy9fdEhoXWqQhsp8Bmope9ufif109MeO1nTMaJoZIsFoUJRyZC87/RiClKDE8twUQxeysiE6wwMTadig3BW355lXQu6l6jfnnfqDVvijjKcAKncA4eXEET7qAFbSAwhmd4hTeHOy/Ou/OxaC05xcwx/IHz+QNqvo3l</latexit>

Encoding

Decoding

NMT achieves SOTA performance
on many benchmarks
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NMT: End-to-End Framework

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

Encoding

Decoding

max
✓

X

hx,yi

log p(y|x; ✓)

<latexit sha1_base64="Vfx/ElFfKQXPc/cKAKIQa1hqnuU="></latexit>

max
✓

X

hx,y,Mi

log p(y|x,M ; ✓)

<latexit sha1_base64="hcZs2zJrroftgMcHz1wtzICVdfk="></latexit>

x1

<latexit sha1_base64="RhIEhoGFStTB6HFAqTOmLhCJWF8=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3S3U3Y3Ygl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OZ+55EqzWL5YKYJDQQeSRYxgk0uPQ08NKjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qousgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Ufca9cv7Rq15U8RRhhM4hXPw4AqacAct8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w9kuI3S</latexit>

x2

<latexit sha1_base64="rZqqRJEsDVTa/mx5dMmqIpR8GIA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStmrli/uqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AD8yNqQ==</latexit>

xn

<latexit sha1_base64="Hqo3Bys6j+ADrcQ6/3doZHaJ6yo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+rJXrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndevbg7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QNqvI3l</latexit>

y1

<latexit sha1_base64="N+CruqWhXYEyJJmdUZe/+b0ardo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9b3+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6C/oRqFEzyaamXGp5QNqZD3rVU0YgbfzI/dUrOrDIgYaxtKSRz9ffEhEbGZFFgOyOKI7PszcT/vG6K4bU/ESpJkSu2WBSmkmBMZn+TgdCcocwsoUwLeythI6opQ5tOyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AEPzo2p</latexit>

y2

<latexit sha1_base64="mmO7tMmVuykZdbAnn2nvq0KeFhY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+0m/1i9X3Ko7B1klXk4qkKPZL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6Rdq3r16sVdvdK4zuMowgmcwjl4cAkNuIUmtIDBEJ7hFd4c4bw4787HorXg5DPH8AfO5w8RUo2q</latexit>

ym

<latexit sha1_base64="XsG7t2GGYS8fSSuL86u6/f6MvKw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bp7ibsboQQ+hO8eFDEq7/Im//GbZqDtj4YeLw3w8y8IOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvZ373SeqNIvko0lj6gs8lixkBBsrPaRDMazW3LqbA60SryA1KNAaVr8Go4gkgkpDONa677mx8TOsDCOcziqDRNMYkyke076lEguq/Sw/dYbOrDJCYaRsSYNy9fdEhoXWqQhsp8Bmope9ufif109MeO1nTMaJoZIsFoUJRyZC87/RiClKDE8twUQxeysiE6wwMTadig3BW355lXQu6l6jfnnfqDVvijjKcAKncA4eXEET7qAFbSAwhmd4hTeHOy/Ou/OxaC05xcwx/IHz+QNqvo3l</latexit>

M

<latexit sha1_base64="oFRHwRr077BrK4Mo02vTCWQTGTA=">AAAB+3icbVDLSsNAFJ3UV62vWpdugkVwVRJRdFl040aoYB/QhjKZ3LRDJw9mbqQl5FfcuFDErT/izr9xmmahrQcuHM65d+7c48aCK7Ssb6O0tr6xuVXeruzs7u0fVA9rHRUlkkGbRSKSPZcqEDyENnIU0Isl0MAV0HUnt3O/+wRS8Sh8xFkMTkBHIfc5o6ilYbU2QJhi/k4qwcvS+2xYrVsNK4e5SuyC1EmB1rD6NfAilgQQIhNUqb5txeikVCJnArLKIFEQUzahI+hrGtIAlJPmOzPzVCue6UdSV4hmrv6eSGmg1CxwdWdAcayWvbn4n9dP0L92Uh7GCULIFov8RJgYmfMgTI9LYChmmlAmuf6rycZUUoY6rooOwV4+eZV0zhv2RePy4aLevCniKJNjckLOiE2uSJPckRZpE0am5Jm8kjcjM16Md+Nj0Voyipkj8gfG5w8UF5Uf</latexit>

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

Extra input
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Outline

• Neural Machine Translation
• Motivation
• TM-augmented NMT Framework
• TM-augmented Models

• Standard model

• Dual model

• Unified model
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TM-augmented NMT Framework: Overview

NMT

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Bilingual
Database

End-to-end modeling

x1

<latexit sha1_base64="RhIEhoGFStTB6HFAqTOmLhCJWF8=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3S3U3Y3Ygl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OZ+55EqzWL5YKYJDQQeSRYxgk0uPQ08NKjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qousgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Ufca9cv7Rq15U8RRhhM4hXPw4AqacAct8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w9kuI3S</latexit>

x2

<latexit sha1_base64="rZqqRJEsDVTa/mx5dMmqIpR8GIA=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJRo9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStmrli/uqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AD8yNqQ==</latexit>

xn

<latexit sha1_base64="Hqo3Bys6j+ADrcQ6/3doZHaJ6yo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8eK9gPaUDbbSbt0swm7G7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+rJXrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndevbg7r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QNqvI3l</latexit>

y1

<latexit sha1_base64="N+CruqWhXYEyJJmdUZe/+b0ardo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9b3+uWKW3XnIKvEy0kFcjT65a/eIGZpxBUySY3pem6C/oRqFEzyaamXGp5QNqZD3rVU0YgbfzI/dUrOrDIgYaxtKSRz9ffEhEbGZFFgOyOKI7PszcT/vG6K4bU/ESpJkSu2WBSmkmBMZn+TgdCcocwsoUwLeythI6opQ5tOyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AEPzo2p</latexit>

y2

<latexit sha1_base64="mmO7tMmVuykZdbAnn2nvq0KeFhY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOl+0m/1i9X3Ko7B1klXk4qkKPZL3/1BjFLI5SGCap113MT42dUGc4ETku9VGNC2ZgOsWuppBFqP5ufOiVnVhmQMFa2pCFz9fdERiOtJ1FgOyNqRnrZm4n/ed3UhFd+xmWSGpRssShMBTExmf1NBlwhM2JiCWWK21sJG1FFmbHplGwI3vLLq6Rdq3r16sVdvdK4zuMowgmcwjl4cAkNuIUmtIDBEJ7hFd4c4bw4787HorXg5DPH8AfO5w8RUo2q</latexit>

ym

<latexit sha1_base64="XsG7t2GGYS8fSSuL86u6/f6MvKw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Qe0oWy2m3bp7ibsboQQ+hO8eFDEq7/Im//GbZqDtj4YeLw3w8y8IOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvZ373SeqNIvko0lj6gs8lixkBBsrPaRDMazW3LqbA60SryA1KNAaVr8Go4gkgkpDONa677mx8TOsDCOcziqDRNMYkyke076lEguq/Sw/dYbOrDJCYaRsSYNy9fdEhoXWqQhsp8Bmope9ufif109MeO1nTMaJoZIsFoUJRyZC87/RiClKDE8twUQxeysiE6wwMTadig3BW355lXQu6l6jfnnfqDVvijjKcAKncA4eXEET7qAFbSAwhmd4hTeHOy/Ou/OxaC05xcwx/IHz+QNqvo3l</latexit>

M

<latexit sha1_base64="oFRHwRr077BrK4Mo02vTCWQTGTA=">AAAB+3icbVDLSsNAFJ3UV62vWpdugkVwVRJRdFl040aoYB/QhjKZ3LRDJw9mbqQl5FfcuFDErT/izr9xmmahrQcuHM65d+7c48aCK7Ssb6O0tr6xuVXeruzs7u0fVA9rHRUlkkGbRSKSPZcqEDyENnIU0Isl0MAV0HUnt3O/+wRS8Sh8xFkMTkBHIfc5o6ilYbU2QJhi/k4qwcvS+2xYrVsNK4e5SuyC1EmB1rD6NfAilgQQIhNUqb5txeikVCJnArLKIFEQUzahI+hrGtIAlJPmOzPzVCue6UdSV4hmrv6eSGmg1CxwdWdAcayWvbn4n9dP0L92Uh7GCULIFov8RJgYmfMgTI9LYChmmlAmuf6rycZUUoY6rooOwV4+eZV0zhv2RePy4aLevCniKJNjckLOiE2uSJPckRZpE0am5Jm8kjcjM16Md+Nj0Voyipkj8gfG5w8UF5Uf</latexit>

max
✓

X

hx,y,Mi

log p(y|x,M ; ✓)

<latexit sha1_base64="hcZs2zJrroftgMcHz1wtzICVdfk="></latexit>

End-to-end training

M

<latexit sha1_base64="oFRHwRr077BrK4Mo02vTCWQTGTA=">AAAB+3icbVDLSsNAFJ3UV62vWpdugkVwVRJRdFl040aoYB/QhjKZ3LRDJw9mbqQl5FfcuFDErT/izr9xmmahrQcuHM65d+7c48aCK7Ssb6O0tr6xuVXeruzs7u0fVA9rHRUlkkGbRSKSPZcqEDyENnIU0Isl0MAV0HUnt3O/+wRS8Sh8xFkMTkBHIfc5o6ilYbU2QJhi/k4qwcvS+2xYrVsNK4e5SuyC1EmB1rD6NfAilgQQIhNUqb5txeikVCJnArLKIFEQUzahI+hrGtIAlJPmOzPzVCue6UdSV4hmrv6eSGmg1CxwdWdAcayWvbn4n9dP0L92Uh7GCULIFov8RJgYmfMgTI9LYChmmlAmuf6rycZUUoY6rooOwV4+eZV0zhv2RePy4aLevCniKJNjckLOiE2uSJPckRZpE0am5Jm8kjcjM16Md+Nj0Voyipkj8gfG5w8UF5Uf</latexit>

Retrieved memory

• Need to define:
• Memory type
• Retrieval metric
• Model architecture
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TM-augmented NMT Framework: Memory Type

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

获取 或 设置 与 批注 关联 的 对象
huoqu huo shezhi yu pizhu guanlian de duixiang

gets or sets an object that is ?

获取 与批注 标签 关联 的 对象

huoqu yu pizhu biaoqian guanlian de duixiang

gets an object that is associated
with the annotation labelŷ1:7
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Query x||ŷ1:7
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Query

• Type 2: <sentence, word>• Type 1: <sentence, sentence>
Test sentence A sentence in database

hx1||y1
1:5, associatedi
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Key-value pairs

Key-value pairs

Sentence-level memory word-level memory
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TM-augmented NMT Framework: Memory Type

• Sentence-level memory type VS word-level memory type

Database is sparse
• may not have similar neighbors
• High retrieval efficiency

Database is dense
• may have similar neighbors
• Low retrieval efficiency

Query Query hx1||y1
1:5, associatedi
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TM-augmented NMT Framework: Retrieval Metrics

x
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获取 或 设置 与 批注 关联 的 对象
huoqu huo shezhi yu pizhu guanlian de duixiang

gets or sets an object that is ?

获取 与批注 标签 关联 的 对象

huoqu yu pizhu biaoqian guanlian de duixiang

gets an object that is associated
with the annotation labelŷ1:7
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Test sentence

• Dense Retrieval• Word Matching

• TF-IDF

• Normalized edit distance

Our Framework

Neural Machine Translation with Monolingual Translation Memory  
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EXPERIMENTAL RESULTS

Prior work has proved that Translation memory (TM) can boost the 
performance of Neural Machine Translation (NMT). In contrast to 
existing work that uses bilingual corpus as TM and employs source-
side  similarity  search  for  memory  retrieval,  we  propose  a  new 
framework that uses monolingual memory and performs learnable 
memory retrieval in a cross-lingual manner.

OUR FRAMEWORK

� Monolingual Memory
• directly connects source-side input and target-side memories.
• abundant data in the target language can be used as TM.

� Task-Specific Retrieval
• unifies the memory retriever and the downstream NMT model into a learnable whole.
• memory retrieval can be end-to-end optimized for the translation objective.

� Fast Retrieval
• The selection of the most relevant memories can be reduced to Maximum Inner Product Search (MIPS).
• With off-the-shelf vector search toolkit (FAISS),  the search can be made incredibly efficient.
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Figure 1: Overall framework. For an input sentence x in the source language, the retrieval model uses Maximum
Inner Product Search (MIPS) to find the top-M TM sentences {zi}Mi=1 in the target language. The translation
model takes {zi}Mi=1 and corresponding relevance scores {f(x, zi)}Mi=1 as input and generate the translation y.

and other knowledge-intensive generation (Lewis
et al., 2020b). It can be observed that there is a
shift from using off-the-shelf search engines to
learning task-specific retrievers. Our work draws
inspiration from this line of research. However,
retrieval-guided generation has so far been mainly
investigated for knowledge retrieval in the same
language. The memory retrieval in this work is
more challenging due to the cross-lingual setting.

NMT using Monolingual Data To our knowl-
edge, the integration of monolingual data for NMT
was first investigated by Gulcehre et al. (2015), who
separately trained target-side language models us-
ing monolingual data, and then integrated them dur-
ing decoding either through re-scoring the beam, or
by feeding the hidden state of the language model
to the NMT model. Jean et al. (2015) also explored
re-ranking the NMT output with a n-gram language
model. Another successful method for leveraging
monolingual data in NMT is back-translation (Sen-
nrich et al., 2016; Fadaee et al., 2017; Edunov et al.,
2018; He et al., 2016), where a reverse translation
model is used to translate monolingual sentences
from the target language to the source language to
generate synthetic parallel sentences. Recent stud-
ies (Jiao et al., 2021; He et al., 2019) showed that
self-training, where the synthetic parallel sentences
are created by translating monolingual sentences
in the source language, is also helpful. Our method
is orthogonal to previous work and bears a unique
feature: it can use more monolingual data without
re-training (see §4.3).

3 Proposed Approach

3.1 Overview

Our approach decomposes the whole translation
processing into two steps: retrieve, then generate.

The overall framework is illustrated in Figure 1.
The Translation Memory (TM) in our approach
is a collection of sentences in the target language
Z . Given an input x in the source language, the re-
trieval model first selects a number of possibly help-
ful sentences {zi}Mi=1 from Z , where M ⌧ |Z|, ac-
cording to a relevance function f(x, zi). Then, the
translation model conditions on both the retrieved
set {(zi, f(x, zi)}Mi=1 and the original input x to
generate the output y using a probabilistic model
p(y|x, z1, f(x, z1), . . . , zM , f(x, zM )). Note that
the relevance scores {f(x, zi)}Mi=1 are also part of
the input to the translation model, encouraging the
translation model to focus more on more relevant
sentences. During training, maximizing the likeli-
hood of the translation references improves both
the translation model and the retrieval model.

3.2 Retrieval Model
The retrieval model is responsible for selecting the
most relevant sentences for a source sentence from
a large monolingual TM. This could involve mea-
suring the relevance scores between the source sen-
tence and millions of candidate target sentences,
which poses a serious computational challenge. To
address this, we implement the retrieval model us-
ing a simple dual-encoder framework (Bromley
et al., 1993) such that the selection of the most
relevant sentences can be reduced to Maximum In-
ner Product Search (MIPS). With performant data
structures and search algorithms (e.g., Shrivastava
and Li, 2014; Malkov and Yashunin, 2018), the
retrieval can be done efficiently.

Specifically, we define the relevance score
f(x, z) between the source sentence x and the can-
didate sentence z as the dot product of their dense
vector representations:

f(x, z) = Esrc(x)
TEtgt(z)

Input: The film Captain Marvel will be 
released next Wednesday. 

similarity search

Source sentence: Captain Marvel is a 
superhero film produced by Marvel Studio. 

Target sentence: �
�������	��
��������	

Translation 
Model

Translation Memory

Output

Bilingual
corpus
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Figure 1: Traditional TM-augmented NMT framework. 

# System Retriever Es)En En)Es De)En En)De
Dev Test Dev Test Dev Test Dev Test

Existing NMT systems*
Gu et al. (2018) source similarity 63.16 62.94 - - - - - -
Zhang et al. (2018) source similarity 63.97 64.30 61.50 61.56 60.10 60.26 55.54 55.14
Xia et al. (2019) source similarity 66.37 66.21 62.50 62.76 61.85 61.72 57.43 56.88

Our NMT systems
1

this work

None 64.25 64.07 62.27 61.54 59.82 60.76 55.01 54.90
2 source similarity 66.98 66.48 63.04 62.76 63.62 63.85 57.88 57.53
3 cross-lingual (fixed) 66.68 66.24 63.06 62.73 63.25 63.06 57.61 56.97
4 cross-lingual (fixed Etgt)† 67.66 67.16 63.73 63.22 64.39 64.01 58.12 57.92
5 cross-lingual† 67.73 67.42 64.18 63.86 64.48 64.62 58.77 58.42

Table 2: Experimental results (BLEU scores) on four translation tasks. ⇤Results are from Xia et al. (2019). †The
two variants of our method (model #4 and model #5) are significantly better than other baselines with p-value <
0.01, tested by bootstrap re-sampling (Koehn, 2004).

4.2 Conventional Experiments

Following prior work in TM-augmented NMT, we
first conduct experiments in a setting where the
bilingual training corpus is the only source for TM.

Data We use the JRC-Acquis corpus (Steinberger
et al., 2006) for our experiments. The JRC-Acquis
corpus contains the total body of European Union
(EU) law applicable to the EU member states.
This corpus was also used by Gu et al. (2018);
Zhang et al. (2018); Xia et al. (2019) and we
managed to get the datasets originally prepro-
cessed by Gu et al. (2018), making it possible
to fairly compare our results with previously re-
ported BLEU scores. Specifically, we select four
translation directions, namely, Spanish)English
(Es)En), En)Es, German)English (De)En),
and En)De, for evaluation. Detailed data statistics
are shown in Table 1.

Models To study the effect of each model com-
ponent, we implement a series of model variants
(model #1 to #5 in Table 2).

1. NMT without TM. To measure the help from
TM, we remove the model components re-
lated to TM (including the retrieval model
and the memory encoder), and only employ
the encoder-decoder architecture for NMT.
The resulted model is equivalent to the Trans-
former Base model (Vaswani et al., 2017).

2. TM-augmented NMT using source similar-
ity search. To isolate the effect of architec-
tural changes in NMT models, we replace
our cross-lingual memory retriever with tradi-
tional source-side similarity search. Specifi-
cally, we use the fuzzy match system used in

Xia et al. (2019) and many others, which is
based on BM25 and edit distance.

3. TM-augmented NMT using pre-trained cross-
lingual retriever. To study the effect of end-to-
end task-specific optimization of the retrieval
model, we pre-train the retrieval model using
the cross-alignment tasks introduced in §3.4
and keep it fixed in the following NMT train-
ing.

4. Our full model using a fixed TM index; Af-
ter pre-training, we fix the parameter of Etgt
during NMT training.

5. Our full model trained with asynchronous in-
dex refresh.

Results The results of the above models are pre-
sented in Table 2. We have the following observa-
tions: (1) Our full model trained with asynchronous
index refresh (model #5) delivers the best perfor-
mance on test sets across all four translation tasks,
outperforming the non-TM baseline (model #1)
by 3.26 BLEU points in average and up to 3.86
BLEU points (De)En). This result confirms that
monolingual TM can boost NMT performance; (2)
The end-to-end learning of the retriever model is
the key for substantial performance improvement.
We can see that using a pre-trained fixed cross-
lingual retriever only gives moderate test perfor-
mance, fine-tuning Esrc and fixing Etgt significantly
boosts the performance, and fine-tuning both Esrc
and Etgt leads to the strongest performance (model
#5>model #4>model #3); (3) Cross-lingual re-
trieval (model #4 and model #5) can obtain better
results than that of the source similarity search
(model #2). This is remarkable since the cross-
lingual retrieval only requires monolingual TM,

Figure 2: Test results with 1/4 bilingual pairs (upper) and 2/4 bilingual pairs (lower) across different TM sizes.

while the source similarity search relies on bilin-
gual TM. We attribute the success, again, to the end-
to-end adaptability of our cross-lingual retriever.
This is manifested by the fact that model #3 even
slightly underperforms model #2 in some of trans-
lation tasks.

Contrast to Previous Bilingual TM Systems
We also compare our results with the best previ-
ously reported models.2 We can see that our results
significantly outperform previous arts. Notably, our
best model (model #5) surpasses the best reported
model (Xia et al., 2019) by 1.69 BLEU points in av-
erage and up to 2.9 BLEU points (De)En). This
result verifies the effectiveness of our proposed
models. In fact, we can see that our translation
model using traditional similarity search (model
#2) already outperforms the best previously re-
ported results, which reveals that the architectural
design of our translation model is surprisingly ef-
fective despite its simplicity.

4.3 Low-Resource Scenarios
One most unique characteristic of our proposed
model is that it uses monolingual TM. This moti-
vates us to conduct experiments in low-resource
scenarios, where we use extra monolingual data in
the target language to boost translation quality.

2Some recent work used different datasets other than JRC-
Acquis with unspecified data split, which makes it hard to
make an exhaustive comparison. However, note that our in-
house baseline (model #2) is quite strong.

Data We create low-resource scenarios by ran-
domly partitioning each training set in JRC-Acquis
corpus into four subsets of equal size. We set up
two series of experiments: (1) We only use the
bilinguals pairs in the first subset and gradually en-
large the TM by including more monolingual data
in other subsets. (2) Similar to (1), but we instead
use the bilingual pairs in the first two subsets.

Models As shown in §4.2, the model trained with
asynchronous index refresh (model #5) is slightly
better than the model using fixed Etgt (model #4),
however, the computational cost of training model
#5 is much bigger. For simplicity and environmen-
tal consideration, we only test model #4 in low-
resource scenarios. Nevertheless, we note there
are still two modeling choices: (1) train the model
once with the TM limited to training pairs and
only enlarge the TM during testing; (2) re-train the
model with every enlarged TM. Note that when
using the first choice, the model may retrieve a
TM sentence that has never been seen during train-
ing. To measure the performance improvements
from additional monolingual TM, we also include
a Transformer Base baseline (model #1, denoted as
base) and a bilingual TM baseline (model #2).

Results Figure 2 shows the main results on the
test sets. The general patterns are consistent across
all experiments: the larger the TM becomes, the
better translation performance the model achieves.
When using all available monolingual data (4/4),
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Data Model Es)En En)Es De)En En)De
dev test dev test dev test dev test

1/4 bilingual +
4/4 monolingual

Ours 61.46 61.02 57.86 57.40 56.77 56.54 51.11 51.58
BT 62.47 61.99 60.28 59.59 57.75 58.20 52.47 52.96

Ours+BT 65.98 65.51 62.48 62.22 62.22 61.79 56.75 56.50

2/4 bilingual +
4/4 monolingual

Ours 65.17 64.69 61.31 61.01 61.43 61.19 55.55 55.35
BT 63.82 63.10 61.59 60.83 59.17 59.26 54.18 54.29

Ours+BT 66.95 66.38 63.22 62.90 63.68 63.10 57.69 57.40

Table 3: Comparison with back-translation (BT).

Medical Law IT Koran Subtitle Avg. Avg. �
#Bilingual Pairs 61,388 114,930 55,060 4,458 124,992 - -
#Monolingual Sents 184,165 344,791 165,181 13,375 374,977 - -

Using Bilingual Pairs Only
Transformer Base 47.81 51.40 33.90 14.64 21.64 33.88 -
Ours 47.52 51.17 34.64 15.49 22.66 34.30 +0.42

+ Monolingual Memory
Ours + domain-specific 50.32 53.97 35.33 16.26 22.78 35.73 +1.85
Ours + all-domains 50.23 54.12 35.24 16.24 22.78 35.72 +1.84

Table 4: Test results on domain adaptation.

the translation quality is boosted significantly. In-
terestingly, the performance of models without re-
training is comparable to, if not better than, those
with re-training. We also observe that when the
training pairs are very scarce (only 1/4 bilingual
pairs are available), a small size of TM even hurts
the model performance. The reason could be over-
fitting. We speculate that better results would be
obtained by tuning the model hyper-parameters ac-
cording to different TM sizes.

Contrast to Back-Translation We compare our
models with back-translation (BT) (Sennrich et al.,
2016), a popular way of utilizing monolingual data
for NMT. We train a target-to-source Transformer
Base model using bilingual pairs and use the resul-
tant model to translate monolingual sentences to
obtain additional synthetic parallel data. As shown
in Table 3, our method performs better than BT
with 2/4 bilingual pairs but performs worse with
1/4 bilingual pairs. Interestingly, the combination
of BT and our method yields significant further
gains, which demonstrates that our method is not
only orthogonal but also complementary to BT.

4.4 Non-parametric Domain Adaptation

Lastly, the “plug and play” property of TM further
motivates us to domain adaptation, where we adapt
a single general-domain model to a specific domain
by using domain-specific monolingual TM.

Data To simulate a diverse multi-domain setting,
we use the data splits in Aharoni and Goldberg

(2020) originally collected by Koehn and Knowles
(2017). It includes German-English parallel data
for train/dev/test sets in five domains: Medical,
Law, IT, Koran and Subtitles. Similar to the experi-
ments in §4.3, we only use one fourth of bilingual
pairs for training. The target side of the remaining
data is treated as additional monolingual data for
building domain-specific TM, and the source side
is discarded. The data statistics can be found in the
upper block of Table 4. The dev and test sets for
each domain contains 2K instances.

Models We first train a Transformer Base base-
line (model #1) on the concatenation of bilingual
pairs in all domains. As in §4.3, we train our model
using fixed Etgt (model #4). One advantage of
our approach is the possibility of training a single
model which can be adapted to any new domain at
the inference time without any re-training, by just
switching the TM. When adapting to a new TM,
we do not re-train our model. As the purpose here
is to verify that our approach can tackle domain
adaptation without any domain-specific training,
we leave the comparison and combination of other
domain adaptation techniques (Moore and Lewis,
2010; Chu and Wang, 2018) as future work.

Results The results are presented in Table 4. We
can see that when only using the bilingual data, the
TM-augmented model obtains higher BLEU scores
in domains with less data but slightly lower scores
in other domains compared to the non-TM baseline.
However, as we switch the TM to domain-specific
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obtain additional synthetic parallel data. As shown
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of BT and our method yields significant further
gains, which demonstrates that our method is not
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Data To simulate a diverse multi-domain setting,
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(2020) originally collected by Koehn and Knowles
(2017). It includes German-English parallel data
for train/dev/test sets in five domains: Medical,
Law, IT, Koran and Subtitles. Similar to the experi-
ments in §4.3, we only use one fourth of bilingual
pairs for training. The target side of the remaining
data is treated as additional monolingual data for
building domain-specific TM, and the source side
is discarded. The data statistics can be found in the
upper block of Table 4. The dev and test sets for
each domain contains 2K instances.

Models We first train a Transformer Base base-
line (model #1) on the concatenation of bilingual
pairs in all domains. As in §4.3, we train our model
using fixed Etgt (model #4). One advantage of
our approach is the possibility of training a single
model which can be adapted to any new domain at
the inference time without any re-training, by just
switching the TM. When adapting to a new TM,
we do not re-train our model. As the purpose here
is to verify that our approach can tackle domain
adaptation without any domain-specific training,
we leave the comparison and combination of other
domain adaptation techniques (Moore and Lewis,
2010; Chu and Wang, 2018) as future work.

Results The results are presented in Table 4. We
can see that when only using the bilingual data, the
TM-augmented model obtains higher BLEU scores
in domains with less data but slightly lower scores
in other domains compared to the non-TM baseline.
However, as we switch the TM to domain-specific

• Significant improvements over non-TM NMT model, even outperforming previous bilingual TM-augmented baselines. 
• Substantial translation quality boost in low-resource scenarios by utilizing more monolingual TM. (work w/ back-translation)
• Strong cross-domain transferability by hot-swapping domain-specific monolingual TM. 
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relevant sentences can be reduced to Maximum In-
ner Product Search (MIPS). With performant data
structures and search algorithms (e.g., Shrivastava
and Li, 2014; Malkov and Yashunin, 2018), the
retrieval can be done efficiently.

Specifically, we define the relevance score
f(x, z) between the source sentence x and the can-
didate sentence z as the dot product of their dense
vector representations:

f(x, z) = Esrc(x)
TEtgt(z)

where Esrc and Etgt are the source sentence encoder
and the target sentence encoder that map x and z to
d-dimensional vectors respectively. We implement
the two sentence encoders using two independent
Transformers (Vaswani et al., 2017). For an input
sentence, we prepend the [BOS] token to its to-
ken sequence and then feed it into a Transformer.
We take the representation at the [BOS] token as
the output (denoted Trans{src,tgt}({x, z})), and per-
form a linear projection (W{src,tgt}) to reduce the
dimensionality of the vector. Finally, we normal-
ize the vectors to regulate the range of relevance
scores.

Esrc(x) = normalize(WsrcTranssrc(x))
Etgt(z) = normalize(WtgtTranstgt(z))

The normalized vectors have zero means and unit
lengths. Therefore, the relevance scores always
fall in the interval [�1, 1]. We let ✓ denote all
parameters associated with the retrieval model.

In practice, the dense representations of all sen-
tences in TM can be pre-computed and indexed us-
ing FAISS (Johnson et al., 2019), an open-source
toolkit for efficient vector search. Given a source
sentence x in hand, we compute the vector rep-
resentation vx = Esrc(x) and retrieve the top M
target sentences with vectors closest to vx.

3.3 Translation Model
Given a source sentence x, a small set of relevant
TM {zi}Mi=1, and relevance scores {f(x, zi)}Mi=1,
the translation model defines the conditional proba-
bility p(y|x, z1, f(x, z1), . . . , zM , f(x, zM )).

Our translation model is built upon the standard
encoder-decoder NMT model (Bahdanau et al.,
2015; Vaswani et al., 2017): the (source) encoder
transforms the source sentence x into dense vec-
tor representations. The decoder generates an out-
put sequence y in an auto-regressive fashion. At
each time step t, the decoder attends over both

previously generated sequence y1:t�1 and the out-
put of the source encoder, generating a hidden
state ht. The hidden state ht is then converted
to next-token probabilities through a linear pro-
jection followed by softmax function, i.e., Pv =
softmax(Wvht + bv).

To accommodate the extra memory input, we
extend the standard encoder-decoder NMT frame-
work with a memory encoder and allow cross-
attention from the decoder to the memory encoder.
Specifically, the memory encoder encodes each TM
sentence zi individually, resulting in a set of con-
textualized token embeddings {zi,k}Li

k=1, where Li

is the length of the token sequence zi. We compute
a cross attention over all TM sentences:

↵ij =
exp(ht

TWmzi,j))PM
i=1

PLi
k=1 exp(ht

TWmzi,k)
(1)

ct = Wc

MX

i=1

LiX

j=1

↵ijzi,j

where ↵ij is the attention score of the j-th token
in zi, ct is a weighted combination of memory em-
beddings, and Wm and Wc are trainable matrices.
The cross attention is used twice during decod-
ing. First, the decoder’s hidden state ht is updated
by a weighted sum of memory embeddings, i.e.,
ht = ht + ct. Second, we consider each attention
score as a probability of copying the corresponding
token (Gu et al., 2016; See et al., 2017). Formally,
the next-token probabilities are computed as:

p(yt|·) = (1� �t)Pv(yt) + �t

MX

i=1

LiX

j=1

↵ij1zij=yt

where 1 is the indicator function and �t is a gating
variable computed by another feed-forward net-
work �t = g(ht, ct).

Inspired by Lewis et al. (2020a), to enable the
gradient flow from the translation output to the
retrieval model, we bias the attention scores with
the relevance scores, rewriting Eq. (1) as:

↵ij =
exp(ht

TWmzi,j + �f(x, zi))PM
i=1

PLi
k=1 exp(ht

TWmzi,k + �f(x, zi))
(2)

where � is a trainable scalar that controls the weight
of the relevance scores. We let � denote all param-
eters associated with the translation model.

3.4 Training
We optimize the model parameters ✓ and
� using stochastic gradient descent on
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EXPERIMENTAL RESULTS

Prior work has proved that Translation memory (TM) can boost the 
performance of Neural Machine Translation (NMT). In contrast to 
existing work that uses bilingual corpus as TM and employs source-
side  similarity  search  for  memory  retrieval,  we  propose  a  new 
framework that uses monolingual memory and performs learnable 
memory retrieval in a cross-lingual manner.

OUR FRAMEWORK

� Monolingual Memory
• directly connects source-side input and target-side memories.
• abundant data in the target language can be used as TM.

� Task-Specific Retrieval
• unifies the memory retriever and the downstream NMT model into a learnable whole.
• memory retrieval can be end-to-end optimized for the translation objective.

� Fast Retrieval
• The selection of the most relevant memories can be reduced to Maximum Inner Product Search (MIPS).
• With off-the-shelf vector search toolkit (FAISS),  the search can be made incredibly efficient.
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Figure 1: Overall framework. For an input sentence x in the source language, the retrieval model uses Maximum
Inner Product Search (MIPS) to find the top-M TM sentences {zi}Mi=1 in the target language. The translation
model takes {zi}Mi=1 and corresponding relevance scores {f(x, zi)}Mi=1 as input and generate the translation y.

and other knowledge-intensive generation (Lewis
et al., 2020b). It can be observed that there is a
shift from using off-the-shelf search engines to
learning task-specific retrievers. Our work draws
inspiration from this line of research. However,
retrieval-guided generation has so far been mainly
investigated for knowledge retrieval in the same
language. The memory retrieval in this work is
more challenging due to the cross-lingual setting.

NMT using Monolingual Data To our knowl-
edge, the integration of monolingual data for NMT
was first investigated by Gulcehre et al. (2015), who
separately trained target-side language models us-
ing monolingual data, and then integrated them dur-
ing decoding either through re-scoring the beam, or
by feeding the hidden state of the language model
to the NMT model. Jean et al. (2015) also explored
re-ranking the NMT output with a n-gram language
model. Another successful method for leveraging
monolingual data in NMT is back-translation (Sen-
nrich et al., 2016; Fadaee et al., 2017; Edunov et al.,
2018; He et al., 2016), where a reverse translation
model is used to translate monolingual sentences
from the target language to the source language to
generate synthetic parallel sentences. Recent stud-
ies (Jiao et al., 2021; He et al., 2019) showed that
self-training, where the synthetic parallel sentences
are created by translating monolingual sentences
in the source language, is also helpful. Our method
is orthogonal to previous work and bears a unique
feature: it can use more monolingual data without
re-training (see §4.3).

3 Proposed Approach

3.1 Overview

Our approach decomposes the whole translation
processing into two steps: retrieve, then generate.

The overall framework is illustrated in Figure 1.
The Translation Memory (TM) in our approach
is a collection of sentences in the target language
Z . Given an input x in the source language, the re-
trieval model first selects a number of possibly help-
ful sentences {zi}Mi=1 from Z , where M ⌧ |Z|, ac-
cording to a relevance function f(x, zi). Then, the
translation model conditions on both the retrieved
set {(zi, f(x, zi)}Mi=1 and the original input x to
generate the output y using a probabilistic model
p(y|x, z1, f(x, z1), . . . , zM , f(x, zM )). Note that
the relevance scores {f(x, zi)}Mi=1 are also part of
the input to the translation model, encouraging the
translation model to focus more on more relevant
sentences. During training, maximizing the likeli-
hood of the translation references improves both
the translation model and the retrieval model.

3.2 Retrieval Model
The retrieval model is responsible for selecting the
most relevant sentences for a source sentence from
a large monolingual TM. This could involve mea-
suring the relevance scores between the source sen-
tence and millions of candidate target sentences,
which poses a serious computational challenge. To
address this, we implement the retrieval model us-
ing a simple dual-encoder framework (Bromley
et al., 1993) such that the selection of the most
relevant sentences can be reduced to Maximum In-
ner Product Search (MIPS). With performant data
structures and search algorithms (e.g., Shrivastava
and Li, 2014; Malkov and Yashunin, 2018), the
retrieval can be done efficiently.

Specifically, we define the relevance score
f(x, z) between the source sentence x and the can-
didate sentence z as the dot product of their dense
vector representations:

f(x, z) = Esrc(x)
TEtgt(z)

Input: The film Captain Marvel will be 
released next Wednesday. 

similarity search

Source sentence: Captain Marvel is a 
superhero film produced by Marvel Studio. 

Target sentence: �
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Figure 1: Traditional TM-augmented NMT framework. 

# System Retriever Es)En En)Es De)En En)De
Dev Test Dev Test Dev Test Dev Test

Existing NMT systems*
Gu et al. (2018) source similarity 63.16 62.94 - - - - - -
Zhang et al. (2018) source similarity 63.97 64.30 61.50 61.56 60.10 60.26 55.54 55.14
Xia et al. (2019) source similarity 66.37 66.21 62.50 62.76 61.85 61.72 57.43 56.88

Our NMT systems
1

this work

None 64.25 64.07 62.27 61.54 59.82 60.76 55.01 54.90
2 source similarity 66.98 66.48 63.04 62.76 63.62 63.85 57.88 57.53
3 cross-lingual (fixed) 66.68 66.24 63.06 62.73 63.25 63.06 57.61 56.97
4 cross-lingual (fixed Etgt)† 67.66 67.16 63.73 63.22 64.39 64.01 58.12 57.92
5 cross-lingual† 67.73 67.42 64.18 63.86 64.48 64.62 58.77 58.42

Table 2: Experimental results (BLEU scores) on four translation tasks. ⇤Results are from Xia et al. (2019). †The
two variants of our method (model #4 and model #5) are significantly better than other baselines with p-value <
0.01, tested by bootstrap re-sampling (Koehn, 2004).

4.2 Conventional Experiments

Following prior work in TM-augmented NMT, we
first conduct experiments in a setting where the
bilingual training corpus is the only source for TM.

Data We use the JRC-Acquis corpus (Steinberger
et al., 2006) for our experiments. The JRC-Acquis
corpus contains the total body of European Union
(EU) law applicable to the EU member states.
This corpus was also used by Gu et al. (2018);
Zhang et al. (2018); Xia et al. (2019) and we
managed to get the datasets originally prepro-
cessed by Gu et al. (2018), making it possible
to fairly compare our results with previously re-
ported BLEU scores. Specifically, we select four
translation directions, namely, Spanish)English
(Es)En), En)Es, German)English (De)En),
and En)De, for evaluation. Detailed data statistics
are shown in Table 1.

Models To study the effect of each model com-
ponent, we implement a series of model variants
(model #1 to #5 in Table 2).

1. NMT without TM. To measure the help from
TM, we remove the model components re-
lated to TM (including the retrieval model
and the memory encoder), and only employ
the encoder-decoder architecture for NMT.
The resulted model is equivalent to the Trans-
former Base model (Vaswani et al., 2017).

2. TM-augmented NMT using source similar-
ity search. To isolate the effect of architec-
tural changes in NMT models, we replace
our cross-lingual memory retriever with tradi-
tional source-side similarity search. Specifi-
cally, we use the fuzzy match system used in

Xia et al. (2019) and many others, which is
based on BM25 and edit distance.

3. TM-augmented NMT using pre-trained cross-
lingual retriever. To study the effect of end-to-
end task-specific optimization of the retrieval
model, we pre-train the retrieval model using
the cross-alignment tasks introduced in §3.4
and keep it fixed in the following NMT train-
ing.

4. Our full model using a fixed TM index; Af-
ter pre-training, we fix the parameter of Etgt
during NMT training.

5. Our full model trained with asynchronous in-
dex refresh.

Results The results of the above models are pre-
sented in Table 2. We have the following observa-
tions: (1) Our full model trained with asynchronous
index refresh (model #5) delivers the best perfor-
mance on test sets across all four translation tasks,
outperforming the non-TM baseline (model #1)
by 3.26 BLEU points in average and up to 3.86
BLEU points (De)En). This result confirms that
monolingual TM can boost NMT performance; (2)
The end-to-end learning of the retriever model is
the key for substantial performance improvement.
We can see that using a pre-trained fixed cross-
lingual retriever only gives moderate test perfor-
mance, fine-tuning Esrc and fixing Etgt significantly
boosts the performance, and fine-tuning both Esrc
and Etgt leads to the strongest performance (model
#5>model #4>model #3); (3) Cross-lingual re-
trieval (model #4 and model #5) can obtain better
results than that of the source similarity search
(model #2). This is remarkable since the cross-
lingual retrieval only requires monolingual TM,

Figure 2: Test results with 1/4 bilingual pairs (upper) and 2/4 bilingual pairs (lower) across different TM sizes.

while the source similarity search relies on bilin-
gual TM. We attribute the success, again, to the end-
to-end adaptability of our cross-lingual retriever.
This is manifested by the fact that model #3 even
slightly underperforms model #2 in some of trans-
lation tasks.

Contrast to Previous Bilingual TM Systems
We also compare our results with the best previ-
ously reported models.2 We can see that our results
significantly outperform previous arts. Notably, our
best model (model #5) surpasses the best reported
model (Xia et al., 2019) by 1.69 BLEU points in av-
erage and up to 2.9 BLEU points (De)En). This
result verifies the effectiveness of our proposed
models. In fact, we can see that our translation
model using traditional similarity search (model
#2) already outperforms the best previously re-
ported results, which reveals that the architectural
design of our translation model is surprisingly ef-
fective despite its simplicity.

4.3 Low-Resource Scenarios
One most unique characteristic of our proposed
model is that it uses monolingual TM. This moti-
vates us to conduct experiments in low-resource
scenarios, where we use extra monolingual data in
the target language to boost translation quality.

2Some recent work used different datasets other than JRC-
Acquis with unspecified data split, which makes it hard to
make an exhaustive comparison. However, note that our in-
house baseline (model #2) is quite strong.

Data We create low-resource scenarios by ran-
domly partitioning each training set in JRC-Acquis
corpus into four subsets of equal size. We set up
two series of experiments: (1) We only use the
bilinguals pairs in the first subset and gradually en-
large the TM by including more monolingual data
in other subsets. (2) Similar to (1), but we instead
use the bilingual pairs in the first two subsets.

Models As shown in §4.2, the model trained with
asynchronous index refresh (model #5) is slightly
better than the model using fixed Etgt (model #4),
however, the computational cost of training model
#5 is much bigger. For simplicity and environmen-
tal consideration, we only test model #4 in low-
resource scenarios. Nevertheless, we note there
are still two modeling choices: (1) train the model
once with the TM limited to training pairs and
only enlarge the TM during testing; (2) re-train the
model with every enlarged TM. Note that when
using the first choice, the model may retrieve a
TM sentence that has never been seen during train-
ing. To measure the performance improvements
from additional monolingual TM, we also include
a Transformer Base baseline (model #1, denoted as
base) and a bilingual TM baseline (model #2).

Results Figure 2 shows the main results on the
test sets. The general patterns are consistent across
all experiments: the larger the TM becomes, the
better translation performance the model achieves.
When using all available monolingual data (4/4),
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all experiments: the larger the TM becomes, the
better translation performance the model achieves.
When using all available monolingual data (4/4),

Data Model Es)En En)Es De)En En)De
dev test dev test dev test dev test

1/4 bilingual +
4/4 monolingual

Ours 61.46 61.02 57.86 57.40 56.77 56.54 51.11 51.58
BT 62.47 61.99 60.28 59.59 57.75 58.20 52.47 52.96

Ours+BT 65.98 65.51 62.48 62.22 62.22 61.79 56.75 56.50

2/4 bilingual +
4/4 monolingual

Ours 65.17 64.69 61.31 61.01 61.43 61.19 55.55 55.35
BT 63.82 63.10 61.59 60.83 59.17 59.26 54.18 54.29

Ours+BT 66.95 66.38 63.22 62.90 63.68 63.10 57.69 57.40

Table 3: Comparison with back-translation (BT).

Medical Law IT Koran Subtitle Avg. Avg. �
#Bilingual Pairs 61,388 114,930 55,060 4,458 124,992 - -
#Monolingual Sents 184,165 344,791 165,181 13,375 374,977 - -

Using Bilingual Pairs Only
Transformer Base 47.81 51.40 33.90 14.64 21.64 33.88 -
Ours 47.52 51.17 34.64 15.49 22.66 34.30 +0.42

+ Monolingual Memory
Ours + domain-specific 50.32 53.97 35.33 16.26 22.78 35.73 +1.85
Ours + all-domains 50.23 54.12 35.24 16.24 22.78 35.72 +1.84

Table 4: Test results on domain adaptation.

the translation quality is boosted significantly. In-
terestingly, the performance of models without re-
training is comparable to, if not better than, those
with re-training. We also observe that when the
training pairs are very scarce (only 1/4 bilingual
pairs are available), a small size of TM even hurts
the model performance. The reason could be over-
fitting. We speculate that better results would be
obtained by tuning the model hyper-parameters ac-
cording to different TM sizes.

Contrast to Back-Translation We compare our
models with back-translation (BT) (Sennrich et al.,
2016), a popular way of utilizing monolingual data
for NMT. We train a target-to-source Transformer
Base model using bilingual pairs and use the resul-
tant model to translate monolingual sentences to
obtain additional synthetic parallel data. As shown
in Table 3, our method performs better than BT
with 2/4 bilingual pairs but performs worse with
1/4 bilingual pairs. Interestingly, the combination
of BT and our method yields significant further
gains, which demonstrates that our method is not
only orthogonal but also complementary to BT.

4.4 Non-parametric Domain Adaptation

Lastly, the “plug and play” property of TM further
motivates us to domain adaptation, where we adapt
a single general-domain model to a specific domain
by using domain-specific monolingual TM.

Data To simulate a diverse multi-domain setting,
we use the data splits in Aharoni and Goldberg

(2020) originally collected by Koehn and Knowles
(2017). It includes German-English parallel data
for train/dev/test sets in five domains: Medical,
Law, IT, Koran and Subtitles. Similar to the experi-
ments in §4.3, we only use one fourth of bilingual
pairs for training. The target side of the remaining
data is treated as additional monolingual data for
building domain-specific TM, and the source side
is discarded. The data statistics can be found in the
upper block of Table 4. The dev and test sets for
each domain contains 2K instances.

Models We first train a Transformer Base base-
line (model #1) on the concatenation of bilingual
pairs in all domains. As in §4.3, we train our model
using fixed Etgt (model #4). One advantage of
our approach is the possibility of training a single
model which can be adapted to any new domain at
the inference time without any re-training, by just
switching the TM. When adapting to a new TM,
we do not re-train our model. As the purpose here
is to verify that our approach can tackle domain
adaptation without any domain-specific training,
we leave the comparison and combination of other
domain adaptation techniques (Moore and Lewis,
2010; Chu and Wang, 2018) as future work.

Results The results are presented in Table 4. We
can see that when only using the bilingual data, the
TM-augmented model obtains higher BLEU scores
in domains with less data but slightly lower scores
in other domains compared to the non-TM baseline.
However, as we switch the TM to domain-specific
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tant model to translate monolingual sentences to
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gains, which demonstrates that our method is not
only orthogonal but also complementary to BT.
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Data To simulate a diverse multi-domain setting,
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(2020) originally collected by Koehn and Knowles
(2017). It includes German-English parallel data
for train/dev/test sets in five domains: Medical,
Law, IT, Koran and Subtitles. Similar to the experi-
ments in §4.3, we only use one fourth of bilingual
pairs for training. The target side of the remaining
data is treated as additional monolingual data for
building domain-specific TM, and the source side
is discarded. The data statistics can be found in the
upper block of Table 4. The dev and test sets for
each domain contains 2K instances.

Models We first train a Transformer Base base-
line (model #1) on the concatenation of bilingual
pairs in all domains. As in §4.3, we train our model
using fixed Etgt (model #4). One advantage of
our approach is the possibility of training a single
model which can be adapted to any new domain at
the inference time without any re-training, by just
switching the TM. When adapting to a new TM,
we do not re-train our model. As the purpose here
is to verify that our approach can tackle domain
adaptation without any domain-specific training,
we leave the comparison and combination of other
domain adaptation techniques (Moore and Lewis,
2010; Chu and Wang, 2018) as future work.

Results The results are presented in Table 4. We
can see that when only using the bilingual data, the
TM-augmented model obtains higher BLEU scores
in domains with less data but slightly lower scores
in other domains compared to the non-TM baseline.
However, as we switch the TM to domain-specific

• Significant improvements over non-TM NMT model, even outperforming previous bilingual TM-augmented baselines. 
• Substantial translation quality boost in low-resource scenarios by utilizing more monolingual TM. (work w/ back-translation)
• Strong cross-domain transferability by hot-swapping domain-specific monolingual TM. 
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relevant sentences can be reduced to Maximum In-
ner Product Search (MIPS). With performant data
structures and search algorithms (e.g., Shrivastava
and Li, 2014; Malkov and Yashunin, 2018), the
retrieval can be done efficiently.

Specifically, we define the relevance score
f(x, z) between the source sentence x and the can-
didate sentence z as the dot product of their dense
vector representations:

f(x, z) = Esrc(x)
TEtgt(z)

where Esrc and Etgt are the source sentence encoder
and the target sentence encoder that map x and z to
d-dimensional vectors respectively. We implement
the two sentence encoders using two independent
Transformers (Vaswani et al., 2017). For an input
sentence, we prepend the [BOS] token to its to-
ken sequence and then feed it into a Transformer.
We take the representation at the [BOS] token as
the output (denoted Trans{src,tgt}({x, z})), and per-
form a linear projection (W{src,tgt}) to reduce the
dimensionality of the vector. Finally, we normal-
ize the vectors to regulate the range of relevance
scores.

Esrc(x) = normalize(WsrcTranssrc(x))
Etgt(z) = normalize(WtgtTranstgt(z))

The normalized vectors have zero means and unit
lengths. Therefore, the relevance scores always
fall in the interval [�1, 1]. We let ✓ denote all
parameters associated with the retrieval model.

In practice, the dense representations of all sen-
tences in TM can be pre-computed and indexed us-
ing FAISS (Johnson et al., 2019), an open-source
toolkit for efficient vector search. Given a source
sentence x in hand, we compute the vector rep-
resentation vx = Esrc(x) and retrieve the top M
target sentences with vectors closest to vx.

3.3 Translation Model
Given a source sentence x, a small set of relevant
TM {zi}Mi=1, and relevance scores {f(x, zi)}Mi=1,
the translation model defines the conditional proba-
bility p(y|x, z1, f(x, z1), . . . , zM , f(x, zM )).

Our translation model is built upon the standard
encoder-decoder NMT model (Bahdanau et al.,
2015; Vaswani et al., 2017): the (source) encoder
transforms the source sentence x into dense vec-
tor representations. The decoder generates an out-
put sequence y in an auto-regressive fashion. At
each time step t, the decoder attends over both

previously generated sequence y1:t�1 and the out-
put of the source encoder, generating a hidden
state ht. The hidden state ht is then converted
to next-token probabilities through a linear pro-
jection followed by softmax function, i.e., Pv =
softmax(Wvht + bv).

To accommodate the extra memory input, we
extend the standard encoder-decoder NMT frame-
work with a memory encoder and allow cross-
attention from the decoder to the memory encoder.
Specifically, the memory encoder encodes each TM
sentence zi individually, resulting in a set of con-
textualized token embeddings {zi,k}Li

k=1, where Li

is the length of the token sequence zi. We compute
a cross attention over all TM sentences:

↵ij =
exp(ht

TWmzi,j))PM
i=1

PLi
k=1 exp(ht

TWmzi,k)
(1)

ct = Wc

MX

i=1

LiX

j=1

↵ijzi,j

where ↵ij is the attention score of the j-th token
in zi, ct is a weighted combination of memory em-
beddings, and Wm and Wc are trainable matrices.
The cross attention is used twice during decod-
ing. First, the decoder’s hidden state ht is updated
by a weighted sum of memory embeddings, i.e.,
ht = ht + ct. Second, we consider each attention
score as a probability of copying the corresponding
token (Gu et al., 2016; See et al., 2017). Formally,
the next-token probabilities are computed as:

p(yt|·) = (1� �t)Pv(yt) + �t

MX

i=1

LiX

j=1

↵ij1zij=yt

where 1 is the indicator function and �t is a gating
variable computed by another feed-forward net-
work �t = g(ht, ct).

Inspired by Lewis et al. (2020a), to enable the
gradient flow from the translation output to the
retrieval model, we bias the attention scores with
the relevance scores, rewriting Eq. (1) as:

↵ij =
exp(ht

TWmzi,j + �f(x, zi))PM
i=1

PLi
k=1 exp(ht

TWmzi,k + �f(x, zi))
(2)

where � is a trainable scalar that controls the weight
of the relevance scores. We let � denote all param-
eters associated with the translation model.

3.4 Training
We optimize the model parameters ✓ and
� using stochastic gradient descent on
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TM-augmented NMT: Categories

Ref. Memory Type Retrieval Metric Model Architecture

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

Bulte et al. (2019)
<sentence, sentence> Word Matching

Standard model
(fixed NMT architecture )

Xu et al. (2020) <sentence, sentence>
Word Matching

Dense retrieval

Zhang et al. (2018) <sentence, sentence> Word Matching

Dual model
(partially changed

architecture)

Khandelwal et al. (2021)
Zheng et al. (2021)

Wang et al. (2022)

Meng et al. (2022)

<sentence, word> Dense retrieval

Gu et al. (2018)
Xia et al. (2019)
He et al. (2021)

<sentence, sentence> Word Matching Unified model
(changed architecture)

Cai et al. (2021) <sentence, sentence> Dense retrieval
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Standard Model: Finetuning

Fig credit: Xiaoqing Li, Jiajun Zhang, Chengqing Zong. One sentence one model for neural machine translation. arxiv16.
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Figure 1: System architecture for our method

p(t|s) =
nY

i=1

p(ti|t<i, s) (1)

where the conditional probability is parameterized with
the encoder-decoder framework. The encoder reads the
source sentence and encodes it into a sequence of hidden
states h = h1, h2, ..., hm with bidirectional GRU.

hi = [
�!
h i;
 �
h i] (2)

�!
h i =

�!
� (
�!
h i�1, xi) (3)

 �
h i =

 �
� (
 �
h i+1, xi) (4)

where xi is the embedding of current word, and the recur-
rent activation functions

�!
� and

 �
� are gated recurrent units.

The decoder consists of a recurrent neural network and
an attention mechanism. The recurrent neural network com-
putes a hidden state for each target position as follows,

zj = �(zj�1, yj�1, cj) (5)
where zj�1 is the previous hidden state, yj�1 is the embed-
ding of previous word and cj is the context vector obtained
by the attention machenism, which decides which source
words to look at when predicting current target word.

cj =
mX

i=1

↵i,jhi (6)

and the weight ↵i,j is calculated as follows,

↵i,j =
exp(ei,j)Pm

k=1 exp(ek,j)
(7)

ei,j = fATT (zj�1, hi) (8)
Then the probability of generating a specific target word

w will be computed by

p(tj = w|t<i, s) = softmax(z>j yw) (9)

where yw is the embedding of target word w.

Tuning on-the-fly
As illustrated in Figure 1, the learning strategy of our ap-
proach is simple. First, we learn a general model from the
whole training corpus. Then, for each testing sentence, we
extract a small subset from the training data, consisting of
sentence pairs whose source sides are similar to the testing
sentence. This subset is used to fine tune the general model
and a specific model is obtained for the testing sentence.

This procedure can be formulated as two stage optimiza-
tion. The first stage is to to find a set of network parameters
✓ to maximize the log likelihood of the whole training data
D = {(s(1), t(1)), (s(2), t(2)), ..., (s(N), t(N))}.

✓̂ = argmax
✓

{L(✓)}

= argmax
✓

{log
NY

k=1

P (t(k)|s(k); ✓)}

= argmax
✓

{
NX

k=1

|t(k)|X

i=1

logP (t(k)i |s(k), t(k)<i ; ✓)}

The second stage is to find a set of parameters in the
neighbourhood of ✓̂ to maximize the log likelihood of a sub-
set of data similar to the testing sentence x.

✓̄ = argmax
✓2N (✓̂)

{log
Y

s(k)⇠s

P (t(k)|s(k); ✓)}

In the following parts, we will discuss how to evaluate
similarity between two sentences and how to quickly find
similar sentences from training data.

Similarity Measure
There are many methods to evaluate the similarity between
two sentences. In this paper, we consider three of them. The
first is based on Levenshtein distance, which counts at least
how many operations do we need to convert one sequence to
another. The operations include insertion, deletion and sub-
stitution. Levenshtein distance reflects the surface similarity

Retrieval Retrieval

M1
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Mn

<latexit sha1_base64="M3/Zi7CvkWjppTa2dBmgReDNSPg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRixehov2ANpTNdtIu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3Uz91hMqzWP5aMYJ+hEdSB5yRo2VHu56sleuuFV3BrJMvJxUIEe9V/7q9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUJOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/8jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWXl0nzrOqdVy/uzyu16zyOIhzBMZyCB5dQg1uoQwMYDOAZXuHNEc6L8+58zFsLTj5zCH/gfP4AKTqNug==</latexit>

✓n

<latexit sha1_base64="78tJSlsVXL8qGVXpVC4mdZzUVac=">AAAB73icbVBNS8NAEN3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2k3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVHJo8lrHuBMyAFAqaKFBCJ9HAokBCOxjfzvz2E2gjYvWAkwT8iA2VCAVnaKVOD0eArK/65Ypbdeegq8TLSYXkaPTLX71BzNMIFHLJjOl6boJ+xjQKLmFa6qUGEsbHbAhdSxWLwPjZ/N4pPbPKgIaxtqWQztXfExmLjJlEge2MGI7MsjcT//O6KYbXfiZUkiIovlgUppJiTGfP04HQwFFOLGFcC3sr5SOmGUcbUcmG4C2/vEpaF1WvVr28r1XqN3kcRXJCTsk58cgVqZM70iBNwokkz+SVvDmPzovz7nwsWgtOPnNM/sD5/AEsgpAR</latexit>

✓1

<latexit sha1_base64="5TRFZFCtt932DJ7/WyGtfEgCHvA=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2m3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilTg9HHGnf65crbtWdg6wSLycVyNHol796g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fja/d0rOrDIgYaxtKSRz9fdERiNjJlFgOyOKI7PszcT/vG6K4bWfCZWkyBVbLApTSTAms+fJQGjOUE4soUwLeythI6opQxtRyYbgLb+8SloXVa9WvbyvVeo3eRxFOIFTOAcPrqAOd9CAJjCQ8Ayv8OY8Oi/Ou/OxaC04+cwx/IHz+QPP/4/U</latexit>

Standard NMT model

(RNN, Transformer)
✓

<latexit sha1_base64="n1xuWbrt+SLa3QisYKtsYn6Y+Qc=">AAAB7nicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbSbt0swm7E6GE/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqDi0ey1h3A2ZACgUtFCihm2hgUSChE0zucr/zBNqIWD3iNAE/YiMlQsEZWqnTxzEgqwyqNbfuzkFXiVeQGinQHFS/+sOYpxEo5JIZ0/PcBP2MaRRcwqzSTw0kjE/YCHqWKhaB8bP5uTN6ZpUhDWNtSyGdq78nMhYZM40C2xkxHJtlLxf/83ophjd+JlSSIii+WBSmkmJM89/pUGjgKKeWMK6FvZXyMdOMo00oD8FbfnmVtC/q3mX96uGy1rgt4iiTE3JKzolHrkmD3JMmaRFOJuSZvJI3J3FenHfnY9FacoqZY/IHzucP3RePRA==</latexit>

query

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

xn

<latexit sha1_base64="GeuYG368da9oKOWHxPoccpBg25Y=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APasWTSTBuaScYkUyxDv8ONC0Xc+jHu/Bsz7Sy09UDgcM693JMTxJxp47rfTmFldW19o7hZ2tre2d0r7x80tUwUoQ0iuVTtAGvKmaANwwyn7VhRHAWctoLRTea3xlRpJsW9mcTUj/BAsJARbKzkdyNshkGYPk0fRKlXrrhVdwa0TLycVCBHvVf+6vYlSSIqDOFY647nxsZPsTKMcDotdRNNY0xGeEA7lgocUe2ns9BTdGKVPgqlsk8YNFN/b6Q40noSBXYyC6kXvUz8z+skJrzyUybixFBB5ofChCMjUdYA6jNFieETSzBRzGZFZIgVJsb2lJXgLX55mTTPqt559eLuvFK7zusowhEcwyl4cAk1uIU6NIDAIzzDK7w5Y+fFeXc+5qMFJ985hD9wPn8AwROSGA==</latexit>

x1

<latexit sha1_base64="46aZfZqkpwQg2/WwIwPxD1z0RHI=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APasWTSTBuaScYkUyxDv8ONC0Xc+jHu/Bsz7Sy09UDgcM693JMTxJxp47rfTmFldW19o7hZ2tre2d0r7x80tUwUoQ0iuVTtAGvKmaANwwyn7VhRHAWctoLRTea3xlRpJsW9mcTUj/BAsJARbKzkdyNshkGYPk0fvFKvXHGr7gxomXg5qUCOeq/81e1LkkRUGMKx1h3PjY2fYmUY4XRa6iaaxpiM8IB2LBU4otpPZ6Gn6MQqfRRKZZ8waKb+3khxpPUkCuxkFlIvepn4n9dJTHjlp0zEiaGCzA+FCUdGoqwB1GeKEsMnlmCimM2KyBArTIztKSvBW/zyMmmeVb3z6sXdeaV2nddRhCM4hlPw4BJqcAt1aACBR3iGV3hzxs6L8+58zEcLTr5zCH/gfP4AZGKR2w==</latexit>

ŷ1

<latexit sha1_base64="CoOij7WyRlj689WeIIQtPgf+U1c=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUmkosuiG5cV7AOaWCbTSTt08mBmIoQQf8WNC0Xc+iHu/BsnbRbaemDgcM693DPHizmTyrK+jcra+sbmVnW7trO7t39gHh71ZJQIQrsk4pEYeFhSzkLaVUxxOogFxYHHad+b3RR+/5EKyaLwXqUxdQM8CZnPCFZaGpl1Z4pV5gRYTT0/S/P8wa6NzIbVtOZAq8QuSQNKdEbmlzOOSBLQUBGOpRzaVqzcDAvFCKd5zUkkjTGZ4QkdahrigEo3m4fP0alWxsiPhH6hQnP190aGAynTwNOTRUq57BXif94wUf6Vm7EwThQNyeKQn3CkIlQ0gcZMUKJ4qgkmgumsiEyxwETpvooS7OUvr5LeedNuNS/uWo32dVlHFY7hBM7Ahktowy10oAsEUniGV3gznowX4934WIxWjHKnDn9gfP4AxtyU2g==</latexit>

ŷn

<latexit sha1_base64="trKyanoxBc4A0SMzy/XiAzX+7jc=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUmkosuiG5cV7AOaWCbTSTt0MgkzEyGE+CtuXCji1g9x59+YtFlo64GBwzn3cs8cL+JMacv6Nipr6xubW9Xt2s7u3v6BeXjUU2EsCe2SkIdy4GFFORO0q5nmdBBJigOP0743uyn8/iOVioXiXicRdQM8EcxnBOtcGpl1Z4p16gRYTz0/TbLsQdRGZsNqWnOgVWKXpAElOiPzyxmHJA6o0IRjpYa2FWk3xVIzwmlWc2JFI0xmeEKHORU4oMpN5+EzdJorY+SHMn9Co7n6eyPFgVJJ4OWTRUq17BXif94w1v6VmzIRxZoKsjjkxxzpEBVNoDGTlGie5AQTyfKsiEyxxETnfRUl2MtfXiW986bdal7ctRrt67KOKhzDCZyBDZfQhlvoQBcIJPAMr/BmPBkvxrvxsRitGOVOHf7A+PwBI5yVFw==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

x1

<latexit sha1_base64="46aZfZqkpwQg2/WwIwPxD1z0RHI=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APasWTSTBuaScYkUyxDv8ONC0Xc+jHu/Bsz7Sy09UDgcM693JMTxJxp47rfTmFldW19o7hZ2tre2d0r7x80tUwUoQ0iuVTtAGvKmaANwwyn7VhRHAWctoLRTea3xlRpJsW9mcTUj/BAsJARbKzkdyNshkGYPk0fvFKvXHGr7gxomXg5qUCOeq/81e1LkkRUGMKx1h3PjY2fYmUY4XRa6iaaxpiM8IB2LBU4otpPZ6Gn6MQqfRRKZZ8waKb+3khxpPUkCuxkFlIvepn4n9dJTHjlp0zEiaGCzA+FCUdGoqwB1GeKEsMnlmCimM2KyBArTIztKSvBW/zyMmmeVb3z6sXdeaV2nddRhCM4hlPw4BJqcAt1aACBR3iGV3hzxs6L8+58zEcLTr5zCH/gfP4AZGKR2w==</latexit>

TMi(i 6= 1)

<latexit sha1_base64="vrlGECDAVxiUnBbAjmYwR7LWh/Q=">AAAB/XicbVDJSgNBEO2JW4zbuNy8NAYhXsKMRPQY9OJFiJANkhh6OpWkSU/P0F0jxiH4K148KOLV//Dm3zhZDpr4oODxXhVV9bxQCoOO822llpZXVtfS65mNza3tHXt3r2qCSHOo8EAGuu4xA1IoqKBACfVQA/M9CTVvcDX2a/egjQhUGYchtHzWU6IrOMNEatsHTYQHjMs3ozuRE00F1D3JtO2sk3cmoIvEnZEsmaHUtr+anYBHPijkkhnTcJ0QWzHTKLiEUaYZGQgZH7AeNBKqmA+mFU+uH9HjROnQbqCTUkgn6u+JmPnGDH0v6fQZ9s28Nxb/8xoRdi9asVBhhKD4dFE3khQDOo6CdoQGjnKYEMa1SG6lvM8045gENg7BnX95kVRP824hf3ZbyBYvZ3GkySE5IjniknNSJNekRCqEk0fyTF7Jm/VkvVjv1se0NWXNZvbJH1ifP/cZlEA=</latexit>

may not be similar to
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finetuning

M1

<latexit sha1_base64="wlAQC1Ba9nWaEs9JxzUZp7aGnu8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRixehov2ANpTNdtIu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3Uz91hMqzWP5aMYJ+hEdSB5yRo2VHu56Xq9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx26oScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo36XOFzIixJZQpbm8lbEgVZcamU7IheIsvL5PmWdU7r17cn1dq13kcRTiCYzgFDy6hBrdQhwYwGMAzvMKbI5wX5935mLcWnHzmEP7A+fwBzLeNfQ==</latexit>

Mn

<latexit sha1_base64="M3/Zi7CvkWjppTa2dBmgReDNSPg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRixehov2ANpTNdtIu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3Uz91hMqzWP5aMYJ+hEdSB5yRo2VHu56sleuuFV3BrJMvJxUIEe9V/7q9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUJOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/8jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWXl0nzrOqdVy/uzyu16zyOIhzBMZyCB5dQg1uoQwMYDOAZXuHNEc6L8+58zFsLTj5zCH/gfP4AKTqNug==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>
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Standard Model: Finetuning

Fig credit: Xiaoqing Li, Jiajun Zhang, Chengqing Zong. One sentence one model for neural machine translation. arxiv16.
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Figure 1: System architecture for our method

p(t|s) =
nY

i=1

p(ti|t<i, s) (1)

where the conditional probability is parameterized with
the encoder-decoder framework. The encoder reads the
source sentence and encodes it into a sequence of hidden
states h = h1, h2, ..., hm with bidirectional GRU.

hi = [
�!
h i;
 �
h i] (2)

�!
h i =

�!
� (
�!
h i�1, xi) (3)

 �
h i =

 �
� (
 �
h i+1, xi) (4)

where xi is the embedding of current word, and the recur-
rent activation functions

�!
� and

 �
� are gated recurrent units.

The decoder consists of a recurrent neural network and
an attention mechanism. The recurrent neural network com-
putes a hidden state for each target position as follows,

zj = �(zj�1, yj�1, cj) (5)
where zj�1 is the previous hidden state, yj�1 is the embed-
ding of previous word and cj is the context vector obtained
by the attention machenism, which decides which source
words to look at when predicting current target word.

cj =
mX

i=1

↵i,jhi (6)

and the weight ↵i,j is calculated as follows,

↵i,j =
exp(ei,j)Pm

k=1 exp(ek,j)
(7)

ei,j = fATT (zj�1, hi) (8)
Then the probability of generating a specific target word

w will be computed by

p(tj = w|t<i, s) = softmax(z>j yw) (9)

where yw is the embedding of target word w.

Tuning on-the-fly
As illustrated in Figure 1, the learning strategy of our ap-
proach is simple. First, we learn a general model from the
whole training corpus. Then, for each testing sentence, we
extract a small subset from the training data, consisting of
sentence pairs whose source sides are similar to the testing
sentence. This subset is used to fine tune the general model
and a specific model is obtained for the testing sentence.

This procedure can be formulated as two stage optimiza-
tion. The first stage is to to find a set of network parameters
✓ to maximize the log likelihood of the whole training data
D = {(s(1), t(1)), (s(2), t(2)), ..., (s(N), t(N))}.

✓̂ = argmax
✓

{L(✓)}

= argmax
✓

{log
NY

k=1

P (t(k)|s(k); ✓)}

= argmax
✓

{
NX

k=1

|t(k)|X

i=1

logP (t(k)i |s(k), t(k)<i ; ✓)}

The second stage is to find a set of parameters in the
neighbourhood of ✓̂ to maximize the log likelihood of a sub-
set of data similar to the testing sentence x.

✓̄ = argmax
✓2N (✓̂)

{log
Y

s(k)⇠s

P (t(k)|s(k); ✓)}

In the following parts, we will discuss how to evaluate
similarity between two sentences and how to quickly find
similar sentences from training data.

Similarity Measure
There are many methods to evaluate the similarity between
two sentences. In this paper, we consider three of them. The
first is based on Levenshtein distance, which counts at least
how many operations do we need to convert one sequence to
another. The operations include insertion, deletion and sub-
stitution. Levenshtein distance reflects the surface similarity

Retrieval Retrieval

M1

<latexit sha1_base64="wlAQC1Ba9nWaEs9JxzUZp7aGnu8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRixehov2ANpTNdtIu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3Uz91hMqzWP5aMYJ+hEdSB5yRo2VHu56Xq9ccavuDGSZeDmpQI56r/zV7ccsjVAaJqjWHc9NjJ9RZTgTOCl1U40JZSM6wI6lkkao/Wx26oScWKVPwljZkobM1N8TGY20HkeB7YyoGepFbyr+53VSE175GZdJalCy+aIwFcTEZPo36XOFzIixJZQpbm8lbEgVZcamU7IheIsvL5PmWdU7r17cn1dq13kcRTiCYzgFDy6hBrdQhwYwGMAzvMKbI5wX5935mLcWnHzmEP7A+fwBzLeNfQ==</latexit>

Mn

<latexit sha1_base64="M3/Zi7CvkWjppTa2dBmgReDNSPg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRixehov2ANpTNdtIu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOuDgcd7M8zMCxLBtXHdb6ewsrq2vlHcLG1t7+zulfcPmjpOFcMGi0Ws2gHVKLjEhuFGYDtRSKNAYCsY3Uz91hMqzWP5aMYJ+hEdSB5yRo2VHu56sleuuFV3BrJMvJxUIEe9V/7q9mOWRigNE1Trjucmxs+oMpwJnJS6qcaEshEdYMdSSSPUfjY7dUJOrNInYaxsSUNm6u+JjEZaj6PAdkbUDPWiNxX/8zqpCa/8jMskNSjZfFGYCmJiMv2b9LlCZsTYEsoUt7cSNqSKMmPTKdkQvMWXl0nzrOqdVy/uzyu16zyOIhzBMZyCB5dQg1uoQwMYDOAZXuHNEc6L8+58zFsLTj5zCH/gfP4AKTqNug==</latexit>
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<latexit sha1_base64="78tJSlsVXL8qGVXpVC4mdZzUVac=">AAAB73icbVBNS8NAEN3Ur1q/qh69LBbBU0mkoseiF48V7Ae0oWy2k3bpZhN3J0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVHJo8lrHuBMyAFAqaKFBCJ9HAokBCOxjfzvz2E2gjYvWAkwT8iA2VCAVnaKVOD0eArK/65Ypbdeegq8TLSYXkaPTLX71BzNMIFHLJjOl6boJ+xjQKLmFa6qUGEsbHbAhdSxWLwPjZ/N4pPbPKgIaxtqWQztXfExmLjJlEge2MGI7MsjcT//O6KYbXfiZUkiIovlgUppJiTGfP04HQwFFOLGFcC3sr5SOmGUcbUcmG4C2/vEpaF1WvVr28r1XqN3kcRXJCTsk58cgVqZM70iBNwokkz+SVvDmPzovz7nwsWgtOPnNM/sD5/AEsgpAR</latexit>
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Fig credit: Xiaoqing Li, Jiajun Zhang, Chengqing Zong. One sentence one model for neural machine translation. arxiv16.
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Figure 1: System architecture for our method

p(t|s) =
nY

i=1

p(ti|t<i, s) (1)

where the conditional probability is parameterized with
the encoder-decoder framework. The encoder reads the
source sentence and encodes it into a sequence of hidden
states h = h1, h2, ..., hm with bidirectional GRU.

hi = [
�!
h i;
 �
h i] (2)

�!
h i =

�!
� (
�!
h i�1, xi) (3)

 �
h i =

 �
� (
 �
h i+1, xi) (4)

where xi is the embedding of current word, and the recur-
rent activation functions

�!
� and

 �
� are gated recurrent units.

The decoder consists of a recurrent neural network and
an attention mechanism. The recurrent neural network com-
putes a hidden state for each target position as follows,

zj = �(zj�1, yj�1, cj) (5)
where zj�1 is the previous hidden state, yj�1 is the embed-
ding of previous word and cj is the context vector obtained
by the attention machenism, which decides which source
words to look at when predicting current target word.

cj =
mX

i=1

↵i,jhi (6)

and the weight ↵i,j is calculated as follows,

↵i,j =
exp(ei,j)Pm

k=1 exp(ek,j)
(7)

ei,j = fATT (zj�1, hi) (8)
Then the probability of generating a specific target word

w will be computed by

p(tj = w|t<i, s) = softmax(z>j yw) (9)

where yw is the embedding of target word w.

Tuning on-the-fly
As illustrated in Figure 1, the learning strategy of our ap-
proach is simple. First, we learn a general model from the
whole training corpus. Then, for each testing sentence, we
extract a small subset from the training data, consisting of
sentence pairs whose source sides are similar to the testing
sentence. This subset is used to fine tune the general model
and a specific model is obtained for the testing sentence.

This procedure can be formulated as two stage optimiza-
tion. The first stage is to to find a set of network parameters
✓ to maximize the log likelihood of the whole training data
D = {(s(1), t(1)), (s(2), t(2)), ..., (s(N), t(N))}.

✓̂ = argmax
✓

{L(✓)}

= argmax
✓

{log
NY

k=1

P (t(k)|s(k); ✓)}

= argmax
✓

{
NX

k=1

|t(k)|X

i=1

logP (t(k)i |s(k), t(k)<i ; ✓)}

The second stage is to find a set of parameters in the
neighbourhood of ✓̂ to maximize the log likelihood of a sub-
set of data similar to the testing sentence x.

✓̄ = argmax
✓2N (✓̂)

{log
Y

s(k)⇠s

P (t(k)|s(k); ✓)}

In the following parts, we will discuss how to evaluate
similarity between two sentences and how to quickly find
similar sentences from training data.

Similarity Measure
There are many methods to evaluate the similarity between
two sentences. In this paper, we consider three of them. The
first is based on Levenshtein distance, which counts at least
how many operations do we need to convert one sequence to
another. The operations include insertion, deletion and sub-
stitution. Levenshtein distance reflects the surface similarity
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Standard Model: Sentence-level Finetuning

Fig credit: Xiaoqing Li, Jiajun Zhang, Chengqing Zong. One sentence one model for neural machine translation. arxiv16.
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Figure 1: System architecture for our method

p(t|s) =
nY

i=1

p(ti|t<i, s) (1)

where the conditional probability is parameterized with
the encoder-decoder framework. The encoder reads the
source sentence and encodes it into a sequence of hidden
states h = h1, h2, ..., hm with bidirectional GRU.

hi = [
�!
h i;
 �
h i] (2)

�!
h i =

�!
� (
�!
h i�1, xi) (3)

 �
h i =

 �
� (
 �
h i+1, xi) (4)

where xi is the embedding of current word, and the recur-
rent activation functions

�!
� and

 �
� are gated recurrent units.

The decoder consists of a recurrent neural network and
an attention mechanism. The recurrent neural network com-
putes a hidden state for each target position as follows,

zj = �(zj�1, yj�1, cj) (5)
where zj�1 is the previous hidden state, yj�1 is the embed-
ding of previous word and cj is the context vector obtained
by the attention machenism, which decides which source
words to look at when predicting current target word.

cj =
mX

i=1

↵i,jhi (6)

and the weight ↵i,j is calculated as follows,

↵i,j =
exp(ei,j)Pm

k=1 exp(ek,j)
(7)

ei,j = fATT (zj�1, hi) (8)
Then the probability of generating a specific target word

w will be computed by

p(tj = w|t<i, s) = softmax(z>j yw) (9)

where yw is the embedding of target word w.

Tuning on-the-fly
As illustrated in Figure 1, the learning strategy of our ap-
proach is simple. First, we learn a general model from the
whole training corpus. Then, for each testing sentence, we
extract a small subset from the training data, consisting of
sentence pairs whose source sides are similar to the testing
sentence. This subset is used to fine tune the general model
and a specific model is obtained for the testing sentence.

This procedure can be formulated as two stage optimiza-
tion. The first stage is to to find a set of network parameters
✓ to maximize the log likelihood of the whole training data
D = {(s(1), t(1)), (s(2), t(2)), ..., (s(N), t(N))}.

✓̂ = argmax
✓

{L(✓)}

= argmax
✓

{log
NY

k=1

P (t(k)|s(k); ✓)}

= argmax
✓

{
NX

k=1

|t(k)|X

i=1

logP (t(k)i |s(k), t(k)<i ; ✓)}

The second stage is to find a set of parameters in the
neighbourhood of ✓̂ to maximize the log likelihood of a sub-
set of data similar to the testing sentence x.

✓̄ = argmax
✓2N (✓̂)

{log
Y

s(k)⇠s

P (t(k)|s(k); ✓)}

In the following parts, we will discuss how to evaluate
similarity between two sentences and how to quickly find
similar sentences from training data.

Similarity Measure
There are many methods to evaluate the similarity between
two sentences. In this paper, we consider three of them. The
first is based on Levenshtein distance, which counts at least
how many operations do we need to convert one sequence to
another. The operations include insertion, deletion and sub-
stitution. Levenshtein distance reflects the surface similarity
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<latexit sha1_base64="/o+RHLRoM0BgYgXGFFnzY2nn7Bg=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWZE0WXRjcsK9gGdsWTSTBuayQxJRixDf8ONC0Xc+jPu/Bsz7Sy09UDgcM693JMTJIJr4zjfqLSyura+Ud6sbG3v7O5V9w/aOk4VZS0ai1h1A6KZ4JK1DDeCdRPFSBQI1gnGN7nfeWRK81jem0nC/IgMJQ85JcZKnhcRMwrC7Gn64ParNafuzICXiVuQGhRo9qtf3iCmacSkoYJo3XOdxPgZUYZTwaYVL9UsIXRMhqxnqSQR0342yzzFJ1YZ4DBW9kmDZ+rvjYxEWk+iwE7mGfWil4v/eb3UhFd+xmWSGibp/FCYCmxinBeAB1wxasTEEkIVt1kxHRFFqLE1VWwJ7uKXl0n7rO6e1y/uzmuN66KOMhzBMZyCC5fQgFtoQgsoJPAMr/CGUvSC3tHHfLSEip1D+AP0+QMrc5HH</latexit>

x2

<latexit sha1_base64="6l9vcDvfIlGQP4HriHEsVwPG2lQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiSlosuiG5cV7AOaWCbTSTt0MgkzE7GE/oYbF4q49Wfc+TdO0iy09cDA4Zx7uWeOH3OmtG1/W6W19Y3NrfJ2ZWd3b/+genjUVVEiCe2QiEey72NFORO0o5nmtB9LikOf054/vcn83iOVikXiXs9i6oV4LFjACNZGct0Q64kfpE/zh8awWrPrdg60SpyC1KBAe1j9ckcRSUIqNOFYqYFjx9pLsdSMcDqvuImiMSZTPKYDQwUOqfLSPPMcnRllhIJImic0ytXfGykOlZqFvpnMMqplLxP/8waJDq68lIk40VSQxaEg4UhHKCsAjZikRPOZIZhIZrIiMsESE21qqpgSnOUvr5Juo+406xd3zVrruqijDCdwCufgwCW04Bba0AECMTzDK7xZifVivVsfi9GSVewcwx9Ynz8s95HI</latexit>

xn

<latexit sha1_base64="LAKPB8sbkL0xg/e4oibCzvN2K0U=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWZE0WXRjcsK9gGdsWTSTBuayQxJRixDf8ONC0Xc+jPu/Bsz7Sy09UDgcM693JMTJIJr4zjfqLSyura+Ud6sbG3v7O5V9w/aOk4VZS0ai1h1A6KZ4JK1DDeCdRPFSBQI1gnGN7nfeWRK81jem0nC/IgMJQ85JcZKnhcRMwrC7Gn6IPvVmlN3ZsDLxC1IDQo0+9UvbxDTNGLSUEG07rlOYvyMKMOpYNOKl2qWEDomQ9azVJKIaT+bZZ7iE6sMcBgr+6TBM/X3RkYirSdRYCfzjHrRy8X/vF5qwis/4zJJDZN0fihMBTYxzgvAA64YNWJiCaGK26yYjogi1NiaKrYEd/HLy6R9VnfP6xd357XGdVFHGY7gGE7BhUtowC00oQUUEniGV3hDKXpB7+hjPlpCxc4h/AH6/AGH55IE</latexit>

Standard NMT model

(RNN, Transformer)
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Standard Model: Sentence-level Fintuning

• Drawbacks in sentence-level finetuning

• Low efficiency
• Relatively large memory size is used to ensure good translations

• But the efficiency of finetuning is low

• Setting hyperparameters is not trivial
• Hyperparameters are sensitive to different test sentences.
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Standard Model: Input Augmentation

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

�
xi,yi

�

<latexit sha1_base64="TrdUkUbmp7ho7zYP61b4St0tNmI=">AAACEXicbVDLSsNAFJ34rPEVdelmsAgVpCRS0WXRjcsK9gFNLJPppB06mYSZiRhCf8GNv+LGhSJu3bnzb5y0EbT1wMC559zL3Hv8mFGpbPvLWFhcWl5ZLa2Z6xubW9vWzm5LRonApIkjFomOjyRhlJOmooqRTiwICn1G2v7oMvfbd0RIGvEblcbEC9GA04BipLTUsyqmhuvTQcUNkRr6QXY/vqXH8KdKdZXbRz2rbFftCeA8cQpSBgUaPevT7Uc4CQlXmCEpu44dKy9DQlHMyNh0E0lihEdoQLqachQS6WWTi8bwUCt9GERCP67gRP09kaFQyjT0dWe+qJz1cvE/r5uo4NzLKI8TRTiefhQkDKoI5vHAPhUEK5ZqgrCgeleIh0ggrHSIpg7BmT15nrROqk6tenpdK9cvijhKYB8cgApwwBmogyvQAE2AwQN4Ai/g1Xg0no03433aumAUM3vgD4yPb2PdnC8=</latexit>

max
✓

X

(x,y)2D̃

log p(y|x; ✓)

<latexit sha1_base64="+f9SVPKGIwbIatYWEy8U/LQ7aXY="></latexit>

D :

<latexit sha1_base64="1D0DSN7iQRTrx7lWEjS/M6M4MJM=">AAAB9XicbVDLSsNAFL2prxpfVZduBovgqiTSorgq6sJlBfuANpbJdNIOnUzCzEQpof/hxoUibv0Xd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4aW9t7+zulfYPWipKJKFNEvFIdnysKGeCNjXTnHZiSXHoc9r2x9eZ336kUrFI3OtJTL0QDwULGMHaSA+23QuxHhHM05vpZb9UdirODGiZuDkpQ45Gv/TVG0QkCanQhGOluq4Tay/FUjPC6dTuJYrGmIzxkHYNFTikyktnqafoxCgDFETSPKHRTP29keJQqUnom8kso1r0MvE/r5vo4MJLmYgTTQWZHwoSjnSEsgrQgElKNJ8YgolkJisiIywx0aYo25TgLn55mbTOKm61UrurlutXeR1FOIJjOAUXzqEOt9CAJhCQ8Ayv8GY9WS/Wu/UxHy1Y+c4h/IH1+QNiFpHO</latexit>

D̃ :

<latexit sha1_base64="h49pl71si7cnbydl3P/XsHXicn8=">AAAB/3icbVDLSsNAFJ3UV42vqODGzWARXJVEKoqroi5cVrAPaEKZTCbt0MkkzEyEErPwV9y4UMStv+HOv3HSZqGtBwYO59zLPXP8hFGpbPvbqCwtr6yuVdfNjc2t7R1rd68j41Rg0sYxi0XPR5IwyklbUcVILxEERT4jXX98XfjdByIkjfm9miTEi9CQ05BipLQ0sA5M01WUBSRzI6RGGLHsJs8vB1bNrttTwEXilKQGSrQG1pcbxDiNCFeYISn7jp0oL0NCUcxIbrqpJAnCYzQkfU05ioj0smn+HB5rJYBhLPTjCk7V3xsZiqScRL6eLELKea8Q//P6qQovvIzyJFWE49mhMGVQxbAoAwZUEKzYRBOEBdVZIR4hgbDSlZm6BGf+y4ukc1p3GvWzu0ateVXWUQWH4AicAAecgya4BS3QBhg8gmfwCt6MJ+PFeDc+ZqMVo9zZB39gfP4AXbKVtQ==</latexit>

M

<latexit sha1_base64="IHOzDdwHOurEpHO7yr7cN/5fUuk=">AAAB+HicbVDLSsNAFL2prxofjbp0M1gEVyWRii6LbtwIFewD2lAm02k7dDIJMxOhhnyJGxeKuPVT3Pk3TtostPXAwOGce7lnThBzprTrflultfWNza3ytr2zu7dfcQ4O2ypKJKEtEvFIdgOsKGeCtjTTnHZjSXEYcNoJpje533mkUrFIPOhZTP0QjwUbMYK1kQZOxbbTfoj1hGCe3mXZwKm6NXcOtEq8glShQHPgfPWHEUlCKjThWKme58baT7HUjHCa2f1E0RiTKR7TnqECh1T56Tx4hk6NMkSjSJonNJqrvzdSHCo1CwMzmWdUy14u/uf1Ej268lMm4kRTQRaHRglHOkJ5C2jIJCWazwzBRDKTFZEJlpho05VtSvCWv7xK2uc1r167uK9XG9dFHWU4hhM4Aw8uoQG30IQWEEjgGV7hzXqyXqx362MxWrKKnSP4A+vzBzJtktA=</latexit>

x

<latexit sha1_base64="/opG8GnNmtfGlCudJ7DeyQwRx3g=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9gHToWTSTBuaSYbkjliGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdR6YNV/IBpgkLYjKSPOKUgJX8fkxgHEbZ0wwPqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+MwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiK6DjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu6l6jfnnfqDVvijrK6ASdonPkoSvURHeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/WZSRTg==</latexit>

y

<latexit sha1_base64="tIr4xQ3Ag9X0EEclc2oMfZIpNVU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7AOmQ8mkmTY0kwxJRhiGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ncra+sbmVnW7trO7t39QPzzqapkqQjtEcqn6IdaUM0E7hhlO+4miOA457YXTu8LvPVGlmRSPJktoEOOxYBEj2FjJH8TYTMIoz2ZoWG+4TXcOtEq8kjSgRHtY/xqMJEljKgzhWGvfcxMT5FgZRjid1QappgkmUzymvqUCx1QH+TzyDJ1ZZYQiqewTBs3V3xs5jrXO4tBOFhH1sleI/3l+aqKbIGciSQ0VZPFRlHJkJCruRyOmKDE8swQTxWxWRCZYYWJsSzVbgrd88irpXjS9y+bVw2WjdVvWUYUTOIVz8OAaWnAPbegAAQnP8ApvjnFenHfnYzFaccqdY/gD5/MHWxqRTw==</latexit>

Training Testing

Retrieval Retrieval

�
xi||yi

1||yi
2,y

i
�

<latexit sha1_base64="7kFZVgFm8Bu4En2xvP2gsL5PIWI=">AAACMnicbVDLSsNAFJ3UV62vqEs3g0WoICUpFV0W3eiugn1AG8NkOmmHTh7MTMSQ9pvc+CWCC10o4taPcNJGsK0XBs459zH3HidkVEjDeNVyS8srq2v59cLG5tb2jr671xRBxDFp4IAFvO0gQRj1SUNSyUg75AR5DiMtZ3iZ5lv3hAsa+LcyDonlob5PXYqRVJKtX3cd2i91PSQHjps8jO8oHI3gL48Vt80FpXIyw9MRxwVbLxplYxJwEZgZKIIs6rb+3O0FOPKILzFDQnRMI5RWgrikmJFxoRsJEiI8RH3SUdBHHhFWMjl5DI+U0oNuwNXzJZyofzsS5AkRe46qTDcV87lU/C/XiaR7biXUDyNJfDz9yI0YlAFM/YM9ygmWLFYAYU7VrhAPEEdYKpdTE8z5kxdBs1I2q+XTm2qxdpHZkQcH4BCUgAnOQA1cgTpoAAwewQt4Bx/ak/amfWpf09KclvXsg5nQvn8Ao0Cq+A==</latexit>

�
xi||yi

1||yi
2,y

i
�

<latexit sha1_base64="7kFZVgFm8Bu4En2xvP2gsL5PIWI=">AAACMnicbVDLSsNAFJ3UV62vqEs3g0WoICUpFV0W3eiugn1AG8NkOmmHTh7MTMSQ9pvc+CWCC10o4taPcNJGsK0XBs459zH3HidkVEjDeNVyS8srq2v59cLG5tb2jr671xRBxDFp4IAFvO0gQRj1SUNSyUg75AR5DiMtZ3iZ5lv3hAsa+LcyDonlob5PXYqRVJKtX3cd2i91PSQHjps8jO8oHI3gL48Vt80FpXIyw9MRxwVbLxplYxJwEZgZKIIs6rb+3O0FOPKILzFDQnRMI5RWgrikmJFxoRsJEiI8RH3SUdBHHhFWMjl5DI+U0oNuwNXzJZyofzsS5AkRe46qTDcV87lU/C/XiaR7biXUDyNJfDz9yI0YlAFM/YM9ygmWLFYAYU7VrhAPEEdYKpdTE8z5kxdBs1I2q+XTm2qxdpHZkQcH4BCUgAnOQA1cgTpoAAwewQt4Bx/ak/amfWpf09KclvXsg5nQvn8Ao0Cq+A==</latexit>

Standard NMT model

(RNN, Transformer)
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Standard Model: Input Augmentation

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

�
xi,yi

�

<latexit sha1_base64="TrdUkUbmp7ho7zYP61b4St0tNmI=">AAACEXicbVDLSsNAFJ34rPEVdelmsAgVpCRS0WXRjcsK9gFNLJPppB06mYSZiRhCf8GNv+LGhSJu3bnzb5y0EbT1wMC559zL3Hv8mFGpbPvLWFhcWl5ZLa2Z6xubW9vWzm5LRonApIkjFomOjyRhlJOmooqRTiwICn1G2v7oMvfbd0RIGvEblcbEC9GA04BipLTUsyqmhuvTQcUNkRr6QXY/vqXH8KdKdZXbRz2rbFftCeA8cQpSBgUaPevT7Uc4CQlXmCEpu44dKy9DQlHMyNh0E0lihEdoQLqachQS6WWTi8bwUCt9GERCP67gRP09kaFQyjT0dWe+qJz1cvE/r5uo4NzLKI8TRTiefhQkDKoI5vHAPhUEK5ZqgrCgeleIh0ggrHSIpg7BmT15nrROqk6tenpdK9cvijhKYB8cgApwwBmogyvQAE2AwQN4Ai/g1Xg0no03433aumAUM3vgD4yPb2PdnC8=</latexit>

max
✓

X

(x,y)2D̃

log p(y|x; ✓)

<latexit sha1_base64="+f9SVPKGIwbIatYWEy8U/LQ7aXY="></latexit>

D :

<latexit sha1_base64="1D0DSN7iQRTrx7lWEjS/M6M4MJM=">AAAB9XicbVDLSsNAFL2prxpfVZduBovgqiTSorgq6sJlBfuANpbJdNIOnUzCzEQpof/hxoUibv0Xd/6NkzYLbT0wcDjnXu6Z48ecKe0431ZhZXVtfaO4aW9t7+zulfYPWipKJKFNEvFIdnysKGeCNjXTnHZiSXHoc9r2x9eZ336kUrFI3OtJTL0QDwULGMHaSA+23QuxHhHM05vpZb9UdirODGiZuDkpQ45Gv/TVG0QkCanQhGOluq4Tay/FUjPC6dTuJYrGmIzxkHYNFTikyktnqafoxCgDFETSPKHRTP29keJQqUnom8kso1r0MvE/r5vo4MJLmYgTTQWZHwoSjnSEsgrQgElKNJ8YgolkJisiIywx0aYo25TgLn55mbTOKm61UrurlutXeR1FOIJjOAUXzqEOt9CAJhCQ8Ayv8GY9WS/Wu/UxHy1Y+c4h/IH1+QNiFpHO</latexit>

D̃ :

<latexit sha1_base64="h49pl71si7cnbydl3P/XsHXicn8=">AAAB/3icbVDLSsNAFJ3UV42vqODGzWARXJVEKoqroi5cVrAPaEKZTCbt0MkkzEyEErPwV9y4UMStv+HOv3HSZqGtBwYO59zLPXP8hFGpbPvbqCwtr6yuVdfNjc2t7R1rd68j41Rg0sYxi0XPR5IwyklbUcVILxEERT4jXX98XfjdByIkjfm9miTEi9CQ05BipLQ0sA5M01WUBSRzI6RGGLHsJs8vB1bNrttTwEXilKQGSrQG1pcbxDiNCFeYISn7jp0oL0NCUcxIbrqpJAnCYzQkfU05ioj0smn+HB5rJYBhLPTjCk7V3xsZiqScRL6eLELKea8Q//P6qQovvIzyJFWE49mhMGVQxbAoAwZUEKzYRBOEBdVZIR4hgbDSlZm6BGf+y4ukc1p3GvWzu0ateVXWUQWH4AicAAecgya4BS3QBhg8gmfwCt6MJ+PFeDc+ZqMVo9zZB39gfP4AXbKVtQ==</latexit>

M

<latexit sha1_base64="IHOzDdwHOurEpHO7yr7cN/5fUuk=">AAAB+HicbVDLSsNAFL2prxofjbp0M1gEVyWRii6LbtwIFewD2lAm02k7dDIJMxOhhnyJGxeKuPVT3Pk3TtostPXAwOGce7lnThBzprTrflultfWNza3ytr2zu7dfcQ4O2ypKJKEtEvFIdgOsKGeCtjTTnHZjSXEYcNoJpje533mkUrFIPOhZTP0QjwUbMYK1kQZOxbbTfoj1hGCe3mXZwKm6NXcOtEq8glShQHPgfPWHEUlCKjThWKme58baT7HUjHCa2f1E0RiTKR7TnqECh1T56Tx4hk6NMkSjSJonNJqrvzdSHCo1CwMzmWdUy14u/uf1Ej268lMm4kRTQRaHRglHOkJ5C2jIJCWazwzBRDKTFZEJlpho05VtSvCWv7xK2uc1r167uK9XG9dFHWU4hhM4Aw8uoQG30IQWEEjgGV7hzXqyXqx362MxWrKKnSP4A+vzBzJtktA=</latexit>

x

<latexit sha1_base64="/opG8GnNmtfGlCudJ7DeyQwRx3g=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9gHToWTSTBuaSYbkjliGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdR6YNV/IBpgkLYjKSPOKUgJX8fkxgHEbZ0wwPqjW37s6BV4lXkBoq0BpUv/pDRdOYSaCCGON7bgJBRjRwKtis0k8NSwidkBHzLZUkZibI5pFn+MwqQxwpbZ8EPFd/b2QkNmYah3Yyj2iWvVz8z/NTiK6DjMskBSbp4qMoFRgUzu/HQ64ZBTG1hFDNbVZMx0QTCralii3BWz55lXQu6l6jfnnfqDVvijrK6ASdonPkoSvURHeohdqIIoWe0St6c8B5cd6dj8VoySl2jtEfOJ8/WZSRTg==</latexit>

y

<latexit sha1_base64="tIr4xQ3Ag9X0EEclc2oMfZIpNVU=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7AOmQ8mkmTY0kwxJRhiGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTDjTxnW/ncra+sbmVnW7trO7t39QPzzqapkqQjtEcqn6IdaUM0E7hhlO+4miOA457YXTu8LvPVGlmRSPJktoEOOxYBEj2FjJH8TYTMIoz2ZoWG+4TXcOtEq8kjSgRHtY/xqMJEljKgzhWGvfcxMT5FgZRjid1QappgkmUzymvqUCx1QH+TzyDJ1ZZYQiqewTBs3V3xs5jrXO4tBOFhH1sleI/3l+aqKbIGciSQ0VZPFRlHJkJCruRyOmKDE8swQTxWxWRCZYYWJsSzVbgrd88irpXjS9y+bVw2WjdVvWUYUTOIVz8OAaWnAPbegAAQnP8ApvjnFenHfnYzFaccqdY/gD5/MHWxqRTw==</latexit>

Training Testing

Retrieval Retrieval

�
xi||yi

1||yi
2,y

i
�

<latexit sha1_base64="7kFZVgFm8Bu4En2xvP2gsL5PIWI=">AAACMnicbVDLSsNAFJ3UV62vqEs3g0WoICUpFV0W3eiugn1AG8NkOmmHTh7MTMSQ9pvc+CWCC10o4taPcNJGsK0XBs459zH3HidkVEjDeNVyS8srq2v59cLG5tb2jr671xRBxDFp4IAFvO0gQRj1SUNSyUg75AR5DiMtZ3iZ5lv3hAsa+LcyDonlob5PXYqRVJKtX3cd2i91PSQHjps8jO8oHI3gL48Vt80FpXIyw9MRxwVbLxplYxJwEZgZKIIs6rb+3O0FOPKILzFDQnRMI5RWgrikmJFxoRsJEiI8RH3SUdBHHhFWMjl5DI+U0oNuwNXzJZyofzsS5AkRe46qTDcV87lU/C/XiaR7biXUDyNJfDz9yI0YlAFM/YM9ygmWLFYAYU7VrhAPEEdYKpdTE8z5kxdBs1I2q+XTm2qxdpHZkQcH4BCUgAnOQA1cgTpoAAwewQt4Bx/ak/amfWpf09KclvXsg5nQvn8Ao0Cq+A==</latexit>

Standard NMT model

(RNN, Transformer)

x||y1||y2

<latexit sha1_base64="FmFMlgaTTlWbrsNVudu9TtgVKkQ=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0UQhJKUii6LblxWsA9oS5hMJ+3QySTMTMSQ5iPc+CtuXCji1oU7/8ZJG6G2Hhg495x7mXuPGzIqlWV9G4WV1bX1jeJmaWt7Z3fP3D9oySASmDRxwALRcZEkjHLSVFQx0gkFQb7LSNsdX2d++54ISQN+p+KQ9H005NSjGCktOeZZz0dq5HrJQwonEwh/yzh17EyYq6uOWbYq1hRwmdg5KYMcDcf86g0CHPmEK8yQlF3bClU/QUJRzEha6kWShAiP0ZB0NeXIJ7KfTI9K4YlWBtALhH5cwak6P5EgX8rYd3VntqNc9DLxP68bKe+yn1AeRopwPPvIixhUAcwSggMqCFYs1gRhQfWuEI+QQFjpHEs6BHvx5GXSqlbsWuX8tlauX+VxFMEROAanwAYXoA5uQAM0AQaP4Bm8gjfjyXgx3o2PWWvByGcOwR8Ynz8Dsp7O</latexit>
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Pros and Cons: Both standard models for TM

• Pros
• Both sentence-level finetuning and input augmentation are easy to implement
• Both are general to be applied to any NMT models

• Cons
• Their Model architecture is not customized for translation memory
• They can not make full use of translation memory
• Limited translation quality
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Outline

• Neural Machine Translation
• Motivation
• TM-augmented NMT Framework
• TM-augmented Models

• Standard model

• Dual model
• Unified model
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Dual Model: Key Idea

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pTM(yi)

<latexit sha1_base64="OpNM8N9uWr8tWx3AgGnP3SvZ/Zc="></latexit>

v1

<latexit sha1_base64="7qzkMoJnkGxUqBtz7X3s7ipOzJc=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3SzSbsbgoh9Dd48aCIV3+QN/+NmzYHbX0w8Hhvhpl5QcKZ0o7zbVU2Nre2d6q79t7+weFR7fiko+JUEuqRmMeyF2BFORPU00xz2kskxVHAaTeY3hd+d0alYrF40llC/QiPBQsZwdpI3mzo2vawVncazgJonbglqUOJ9rD2NRjFJI2o0IRjpfquk2g/x1IzwuncHqSKJphM8Zj2DRU4osrPF8fO0YVRRiiMpSmh0UL9PZHjSKksCkxnhPVErXqF+J/XT3V46+dMJKmmgiwXhSlHOkbF52jEJCWaZ4ZgIpm5FZEJlphok08Rgrv68jrpXDXcZuP6sVlv3ZVxVOEMzuESXLiBFjxAGzwgwOAZXuHNEtaL9W59LFsrVjlzCn9gff4AdXSNzg==</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

vN

<latexit sha1_base64="0Yy/re+CdVLRP77nVzbiqqC2ZEY=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkRY9FL56kgmkLbSib7aZdutmE3U2hhP4GLx4U8eoP8ua/cdPmoK0PBh7vzTAzL0g4U9pxvq3SxubW9k55197bPzg8qhyftFWcSkI9EvNYdgOsKGeCepppTruJpDgKOO0Ek7vc70ypVCwWT3qWUD/CI8FCRrA2kjcdPNj2oFJ1as4CaJ24BalCgdag8tUfxiSNqNCEY6V6rpNoP8NSM8Lp3O6niiaYTPCI9gwVOKLKzxbHztGFUYYojKUpodFC/T2R4UipWRSYzgjrsVr1cvE/r5fq8MbPmEhSTQVZLgpTjnSM8s/RkElKNJ8Zgolk5lZExlhiok0+eQju6svrpH1Vc+u1xmO92rwt4ijDGZzDJbhwDU24hxZ4QIDBM7zCmyWsF+vd+li2lqxi5hT+wPr8AaGijes=</latexit>

ŷ1, · · · , ŷi�1

<latexit sha1_base64="d2bctCCQ+JEJ4iY12a6XHrF2guM=">AAACCXicbVBNS8NAEN3Ur1q/qh69LBbBQy2JVPRY9OKxgq2FNoTNdtMu3eyG3YkQQq5e/CtePCji1X/gzX9j+iFo64OBx3szzMzzI8EN2PaXVVhaXlldK66XNja3tnfKu3tto2JNWYsqoXTHJ4YJLlkLOAjWiTQjoS/YnT+6Gvt390wbruQtJBFzQzKQPOCUQC55ZdwbEkiTzHOqPdpXYKo/QspPnKxU8soVu2ZPgBeJMyMVNEPTK3/2+orGIZNABTGm69gRuCnRwKlgWakXGxYROiID1s2pJCEzbjr5JMNHudLHgdJ5ScAT9fdESkJjktDPO0MCQzPvjcX/vG4MwYWbchnFwCSdLgpigUHhcSy4zzWjIJKcEKp5fiumQ6IJhTy8cQjO/MuLpH1ac+q1s5t6pXE5i6OIDtAhOkYOOkcNdI2aqIUoekBP6AW9Wo/Ws/VmvU9bC9ZsZh/9gfXxDZKUmZo=</latexit>

···

<latexit sha1_base64="TYBRXJNFw3+cEUdFNzQ7Iwx0NJg=">AAAB73icbVBNS8NAEN3Urxq/qh69LBbBU0mkoseiF48V7Ae0oWw2m3bpZjfuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8MBXcgOd9O6W19Y3NrfK2u7O7t39QOTxqG5VpylpUCaW7ITFMcMlawEGwbqoZSULBOuH4duZ3npg2XMkHmKQsSMhQ8phTAlbq9mmkwLjuoFL1at4ceJX4BamiAs1B5asfKZolTAIVxJie76UQ5EQDp4JN3X5mWEromAxZz1JJEmaCfH7vFJ9ZJcKx0rYk4Ln6eyIniTGTJLSdCYGRWfZm4n9eL4P4Osi5TDNgki4WxZnAoPDseRxxzSiIiSWEam5vxXRENKFgI5qF4C+/vEraFzW/Xru8r1cbN0UcZXSCTtE58tEVaqA71EQtRJFAz+gVvTmPzovz7nwsWktOMXOM/sD5/AEeKI9f</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

ŷi�2, ŷi�1, v3

<latexit sha1_base64="3rWVeR5WxnHjYbp0I4g2hFtjXoU=">AAACCnicbVC7TsMwFHV4lvAKMLIEKiSGUiWlCMYKFsYi0YfURpHjOq1Vx4lsp1IUZWbhV1gYQIiVL2Djb3DaDKXlSFc6Pude+d7jRZQIaVk/2srq2vrGZmlL397Z3ds3Dg7bIow5wi0U0pB3PSgwJQy3JJEUdyOOYeBR3PHGd7nfmWAuSMgeZRJhJ4BDRnyCoFSSa5z0R1CmSeam5KKWVeZedlaZuJe67hplq2pNYS4TuyBlUKDpGt/9QYjiADOJKBSiZ1uRdFLIJUEUZ3o/FjiCaAyHuKcogwEWTjo9JTPPlDIw/ZCrYtKcqvMTKQyESAJPdQZQjsSil4v/eb1Y+jdOSlgUS8zQ7CM/pqYMzTwXc0A4RpImikDEidrVRCPIIZIqvTwEe/HkZdKuVe169eqhXm7cFnGUwDE4BefABtegAe5BE7QAAk/gBbyBd+1Ze9U+tM9Z64pWzByBP9C+fgHzW5nC</latexit>

ŷi�1, v3

<latexit sha1_base64="sC64Csppvgprgczc6lHc0vX2Q3E=">AAAB/HicbVDLSsNAFJ34rPEV7dLNYBFcaEm0osuiG5cV7APaECbTSTt0Mgkzk0II8VfcuFDErR/izr9x0mahrQcuHM65l3vv8WNGpbLtb2NldW19Y7OyZW7v7O7tWweHHRklApM2jlgkej6ShFFO2ooqRnqxICj0Gen6k7vC706JkDTijyqNiRuiEacBxUhpybOqgzFSWZp7GT138rOpd2manlWz6/YMcJk4JamBEi3P+hoMI5yEhCvMkJR9x46VmyGhKGYkNweJJDHCEzQifU05Col0s9nxOTzRyhAGkdDFFZypvycyFEqZhr7uDJEay0WvEP/z+okKbtyM8jhRhOP5oiBhUEWwSAIOqSBYsVQThAXVt0I8RgJhpfMqQnAWX14mnYu606hfPTRqzdsyjgo4AsfgFDjgGjTBPWiBNsAgBc/gFbwZT8aL8W58zFtXjHKmCv7A+PwBSliT4Q==</latexit>

pTM(v3)

<latexit sha1_base64="GzTRsD0D2KHttgp4XaIKDSfQxfU=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkqiFT0WvXgRKvQL2hA22227dLMJu5NiCf0nXjwo4tV/4s1/47bNQVsfDDzem2FmXhALrsFxvq3c2vrG5lZ+u7Czu7d/YB8eNXWUKMoaNBKRagdEM8ElawAHwdqxYiQMBGsFo7uZ3xozpXkk6zCJmReSgeR9TgkYybft2O8Ce4K0/jAtjf3Lc98uOmVnDrxK3IwUUYaab391exFNQiaBCqJ1x3Vi8FKigFPBpoVuollM6IgMWMdQSUKmvXR++RSfGaWH+5EyJQHP1d8TKQm1noSB6QwJDPWyNxP/8zoJ9G+8lMs4ASbpYlE/ERgiPIsB97hiFMTEEEIVN7diOiSKUDBhFUwI7vLLq6R5UXYr5avHSrF6m8WRRyfoFJWQi65RFd2jGmogisboGb2iNyu1Xqx362PRmrOymWP0B9bnD/BvkzU=</latexit>

pTM(v2
)

<latexit sha1_base64="evebvdiAYgV7LLIa/fpIKpZH5D4=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkpSKnosevEiVOgXtCFsttt26WYTdifFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCAWXIPjfFu5jc2t7Z38bmFv/+DwyD4+aekoUZQ1aSQi1QmIZoJL1gQOgnVixUgYCNYOxndzvz1hSvNINmAaMy8kQ8kHnBIwkm/bsd8D9gRp42FWmviVS98uOmVnAbxO3IwUUYa6b3/1+hFNQiaBCqJ113Vi8FKigFPBZoVeollM6JgMWddQSUKmvXRx+QxfGKWPB5EyJQEv1N8TKQm1noaB6QwJjPSqNxf/87oJDG68lMs4ASbpctEgERgiPI8B97liFMTUEEIVN7diOiKKUDBhFUwI7urL66RVKbvV8tVjtVi7zeLIozN0jkrIRdeohu5RHTURRRP0jF7Rm5VaL9a79bFszVnZzCn6A+vzB+7qkzQ=</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>

Translation prefix

Standard NMT model

(RNN, Transformer)

inrequirements relation

carriersbulkofsuitabilityoperationalto thein relationrequirements

von

terminalsofsuitabilityto the

anlagenEignungdieVorschriften für schlags@@Um@@

Retrieved:

1326

Symbolic ngram model

or kNN model

134



Dual Model by Ngram Model

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

inrequirements relation

carriersbulkofsuitabilityoperationalto thein relationrequirements

von

terminalsofsuitabilityto the

anlagenEignungdieVorschriften für schlags@@Um@@

Retrieved:

1326

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pTM(yi)

<latexit sha1_base64="OpNM8N9uWr8tWx3AgGnP3SvZ/Zc="></latexit>

v1

<latexit sha1_base64="7qzkMoJnkGxUqBtz7X3s7ipOzJc=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3SzSbsbgoh9Dd48aCIV3+QN/+NmzYHbX0w8Hhvhpl5QcKZ0o7zbVU2Nre2d6q79t7+weFR7fiko+JUEuqRmMeyF2BFORPU00xz2kskxVHAaTeY3hd+d0alYrF40llC/QiPBQsZwdpI3mzo2vawVncazgJonbglqUOJ9rD2NRjFJI2o0IRjpfquk2g/x1IzwuncHqSKJphM8Zj2DRU4osrPF8fO0YVRRiiMpSmh0UL9PZHjSKksCkxnhPVErXqF+J/XT3V46+dMJKmmgiwXhSlHOkbF52jEJCWaZ4ZgIpm5FZEJlphok08Rgrv68jrpXDXcZuP6sVlv3ZVxVOEMzuESXLiBFjxAGzwgwOAZXuHNEtaL9W59LFsrVjlzCn9gff4AdXSNzg==</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

vN

<latexit sha1_base64="0Yy/re+CdVLRP77nVzbiqqC2ZEY=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkRY9FL56kgmkLbSib7aZdutmE3U2hhP4GLx4U8eoP8ua/cdPmoK0PBh7vzTAzL0g4U9pxvq3SxubW9k55197bPzg8qhyftFWcSkI9EvNYdgOsKGeCepppTruJpDgKOO0Ek7vc70ypVCwWT3qWUD/CI8FCRrA2kjcdPNj2oFJ1as4CaJ24BalCgdag8tUfxiSNqNCEY6V6rpNoP8NSM8Lp3O6niiaYTPCI9gwVOKLKzxbHztGFUYYojKUpodFC/T2R4UipWRSYzgjrsVr1cvE/r5fq8MbPmEhSTQVZLgpTjnSM8s/RkElKNJ8Zgolk5lZExlhiok0+eQju6svrpH1Vc+u1xmO92rwt4ijDGZzDJbhwDU24hxZ4QIDBM7zCmyWsF+vd+li2lqxi5hT+wPr8AaGijes=</latexit>

ŷ1, · · · , ŷi�1

<latexit sha1_base64="d2bctCCQ+JEJ4iY12a6XHrF2guM=">AAACCXicbVBNS8NAEN3Ur1q/qh69LBbBQy2JVPRY9OKxgq2FNoTNdtMu3eyG3YkQQq5e/CtePCji1X/gzX9j+iFo64OBx3szzMzzI8EN2PaXVVhaXlldK66XNja3tnfKu3tto2JNWYsqoXTHJ4YJLlkLOAjWiTQjoS/YnT+6Gvt390wbruQtJBFzQzKQPOCUQC55ZdwbEkiTzHOqPdpXYKo/QspPnKxU8soVu2ZPgBeJMyMVNEPTK3/2+orGIZNABTGm69gRuCnRwKlgWakXGxYROiID1s2pJCEzbjr5JMNHudLHgdJ5ScAT9fdESkJjktDPO0MCQzPvjcX/vG4MwYWbchnFwCSdLgpigUHhcSy4zzWjIJKcEKp5fiumQ6IJhTy8cQjO/MuLpH1ac+q1s5t6pXE5i6OIDtAhOkYOOkcNdI2aqIUoekBP6AW9Wo/Ws/VmvU9bC9ZsZh/9gfXxDZKUmZo=</latexit>

···

<latexit sha1_base64="TYBRXJNFw3+cEUdFNzQ7Iwx0NJg=">AAAB73icbVBNS8NAEN3Urxq/qh69LBbBU0mkoseiF48V7Ae0oWw2m3bpZjfuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8MBXcgOd9O6W19Y3NrfK2u7O7t39QOTxqG5VpylpUCaW7ITFMcMlawEGwbqoZSULBOuH4duZ3npg2XMkHmKQsSMhQ8phTAlbq9mmkwLjuoFL1at4ceJX4BamiAs1B5asfKZolTAIVxJie76UQ5EQDp4JN3X5mWEromAxZz1JJEmaCfH7vFJ9ZJcKx0rYk4Ln6eyIniTGTJLSdCYGRWfZm4n9eL4P4Osi5TDNgki4WxZnAoPDseRxxzSiIiSWEam5vxXRENKFgI5qF4C+/vEraFzW/Xru8r1cbN0UcZXSCTtE58tEVaqA71EQtRJFAz+gVvTmPzovz7nwsWktOMXOM/sD5/AEeKI9f</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

ŷi�2, ŷi�1, v3

<latexit sha1_base64="3rWVeR5WxnHjYbp0I4g2hFtjXoU=">AAACCnicbVC7TsMwFHV4lvAKMLIEKiSGUiWlCMYKFsYi0YfURpHjOq1Vx4lsp1IUZWbhV1gYQIiVL2Djb3DaDKXlSFc6Pude+d7jRZQIaVk/2srq2vrGZmlL397Z3ds3Dg7bIow5wi0U0pB3PSgwJQy3JJEUdyOOYeBR3PHGd7nfmWAuSMgeZRJhJ4BDRnyCoFSSa5z0R1CmSeam5KKWVeZedlaZuJe67hplq2pNYS4TuyBlUKDpGt/9QYjiADOJKBSiZ1uRdFLIJUEUZ3o/FjiCaAyHuKcogwEWTjo9JTPPlDIw/ZCrYtKcqvMTKQyESAJPdQZQjsSil4v/eb1Y+jdOSlgUS8zQ7CM/pqYMzTwXc0A4RpImikDEidrVRCPIIZIqvTwEe/HkZdKuVe169eqhXm7cFnGUwDE4BefABtegAe5BE7QAAk/gBbyBd+1Ze9U+tM9Z64pWzByBP9C+fgHzW5nC</latexit>

ŷi�1, v3

<latexit sha1_base64="sC64Csppvgprgczc6lHc0vX2Q3E=">AAAB/HicbVDLSsNAFJ34rPEV7dLNYBFcaEm0osuiG5cV7APaECbTSTt0Mgkzk0II8VfcuFDErR/izr9x0mahrQcuHM65l3vv8WNGpbLtb2NldW19Y7OyZW7v7O7tWweHHRklApM2jlgkej6ShFFO2ooqRnqxICj0Gen6k7vC706JkDTijyqNiRuiEacBxUhpybOqgzFSWZp7GT138rOpd2manlWz6/YMcJk4JamBEi3P+hoMI5yEhCvMkJR9x46VmyGhKGYkNweJJDHCEzQifU05Col0s9nxOTzRyhAGkdDFFZypvycyFEqZhr7uDJEay0WvEP/z+okKbtyM8jhRhOP5oiBhUEWwSAIOqSBYsVQThAXVt0I8RgJhpfMqQnAWX14mnYu606hfPTRqzdsyjgo4AsfgFDjgGjTBPWiBNsAgBc/gFbwZT8aL8W58zFtXjHKmCv7A+PwBSliT4Q==</latexit>

pTM(v3)

<latexit sha1_base64="GzTRsD0D2KHttgp4XaIKDSfQxfU=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkqiFT0WvXgRKvQL2hA22227dLMJu5NiCf0nXjwo4tV/4s1/47bNQVsfDDzem2FmXhALrsFxvq3c2vrG5lZ+u7Czu7d/YB8eNXWUKMoaNBKRagdEM8ElawAHwdqxYiQMBGsFo7uZ3xozpXkk6zCJmReSgeR9TgkYybft2O8Ce4K0/jAtjf3Lc98uOmVnDrxK3IwUUYaab391exFNQiaBCqJ1x3Vi8FKigFPBpoVuollM6IgMWMdQSUKmvXR++RSfGaWH+5EyJQHP1d8TKQm1noSB6QwJDPWyNxP/8zoJ9G+8lMs4ASbpYlE/ERgiPIsB97hiFMTEEEIVN7diOiSKUDBhFUwI7vLLq6R5UXYr5avHSrF6m8WRRyfoFJWQi65RFd2jGmogisboGb2iNyu1Xqx362PRmrOymWP0B9bnD/BvkzU=</latexit>

pTM(v2
)

<latexit sha1_base64="evebvdiAYgV7LLIa/fpIKpZH5D4=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkpSKnosevEiVOgXtCFsttt26WYTdifFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCAWXIPjfFu5jc2t7Z38bmFv/+DwyD4+aekoUZQ1aSQi1QmIZoJL1gQOgnVixUgYCNYOxndzvz1hSvNINmAaMy8kQ8kHnBIwkm/bsd8D9gRp42FWmviVS98uOmVnAbxO3IwUUYa6b3/1+hFNQiaBCqJ113Vi8FKigFPBZoVeollM6JgMWddQSUKmvXRx+QxfGKWPB5EyJQEv1N8TKQm1noaB6QwJjPSqNxf/87oJDG68lMs4ASbpctEgERgiPI8B97liFMTUEEIVN7diOiKKUDBhFUwI7urL66RVKbvV8tVjtVi7zeLIozN0jkrIRdeohu5RHTURRRP0jF7Rm5VaL9a79bFszVnZzCn6A+vzB+7qkzQ=</latexit>

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

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

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>

Translation prefix

Matched n-gram

Weighted n-gram
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Retrieved:

1326

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pTM(yi)

<latexit sha1_base64="OpNM8N9uWr8tWx3AgGnP3SvZ/Zc="></latexit>

v1

<latexit sha1_base64="7qzkMoJnkGxUqBtz7X3s7ipOzJc=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3SzSbsbgoh9Dd48aCIV3+QN/+NmzYHbX0w8Hhvhpl5QcKZ0o7zbVU2Nre2d6q79t7+weFR7fiko+JUEuqRmMeyF2BFORPU00xz2kskxVHAaTeY3hd+d0alYrF40llC/QiPBQsZwdpI3mzo2vawVncazgJonbglqUOJ9rD2NRjFJI2o0IRjpfquk2g/x1IzwuncHqSKJphM8Zj2DRU4osrPF8fO0YVRRiiMpSmh0UL9PZHjSKksCkxnhPVErXqF+J/XT3V46+dMJKmmgiwXhSlHOkbF52jEJCWaZ4ZgIpm5FZEJlphok08Rgrv68jrpXDXcZuP6sVlv3ZVxVOEMzuESXLiBFjxAGzwgwOAZXuHNEtaL9W59LFsrVjlzCn9gff4AdXSNzg==</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

vN

<latexit sha1_base64="0Yy/re+CdVLRP77nVzbiqqC2ZEY=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkRY9FL56kgmkLbSib7aZdutmE3U2hhP4GLx4U8eoP8ua/cdPmoK0PBh7vzTAzL0g4U9pxvq3SxubW9k55197bPzg8qhyftFWcSkI9EvNYdgOsKGeCepppTruJpDgKOO0Ek7vc70ypVCwWT3qWUD/CI8FCRrA2kjcdPNj2oFJ1as4CaJ24BalCgdag8tUfxiSNqNCEY6V6rpNoP8NSM8Lp3O6niiaYTPCI9gwVOKLKzxbHztGFUYYojKUpodFC/T2R4UipWRSYzgjrsVr1cvE/r5fq8MbPmEhSTQVZLgpTjnSM8s/RkElKNJ8Zgolk5lZExlhiok0+eQju6svrpH1Vc+u1xmO92rwt4ijDGZzDJbhwDU24hxZ4QIDBM7zCmyWsF+vd+li2lqxi5hT+wPr8AaGijes=</latexit>

ŷ1, · · · , ŷi�1

<latexit sha1_base64="d2bctCCQ+JEJ4iY12a6XHrF2guM=">AAACCXicbVBNS8NAEN3Ur1q/qh69LBbBQy2JVPRY9OKxgq2FNoTNdtMu3eyG3YkQQq5e/CtePCji1X/gzX9j+iFo64OBx3szzMzzI8EN2PaXVVhaXlldK66XNja3tnfKu3tto2JNWYsqoXTHJ4YJLlkLOAjWiTQjoS/YnT+6Gvt390wbruQtJBFzQzKQPOCUQC55ZdwbEkiTzHOqPdpXYKo/QspPnKxU8soVu2ZPgBeJMyMVNEPTK3/2+orGIZNABTGm69gRuCnRwKlgWakXGxYROiID1s2pJCEzbjr5JMNHudLHgdJ5ScAT9fdESkJjktDPO0MCQzPvjcX/vG4MwYWbchnFwCSdLgpigUHhcSy4zzWjIJKcEKp5fiumQ6IJhTy8cQjO/MuLpH1ac+q1s5t6pXE5i6OIDtAhOkYOOkcNdI2aqIUoekBP6AW9Wo/Ws/VmvU9bC9ZsZh/9gfXxDZKUmZo=</latexit>

···

<latexit sha1_base64="TYBRXJNFw3+cEUdFNzQ7Iwx0NJg=">AAAB73icbVBNS8NAEN3Urxq/qh69LBbBU0mkoseiF48V7Ae0oWw2m3bpZjfuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8MBXcgOd9O6W19Y3NrfK2u7O7t39QOTxqG5VpylpUCaW7ITFMcMlawEGwbqoZSULBOuH4duZ3npg2XMkHmKQsSMhQ8phTAlbq9mmkwLjuoFL1at4ceJX4BamiAs1B5asfKZolTAIVxJie76UQ5EQDp4JN3X5mWEromAxZz1JJEmaCfH7vFJ9ZJcKx0rYk4Ln6eyIniTGTJLSdCYGRWfZm4n9eL4P4Osi5TDNgki4WxZnAoPDseRxxzSiIiSWEam5vxXRENKFgI5qF4C+/vEraFzW/Xru8r1cbN0UcZXSCTtE58tEVaqA71EQtRJFAz+gVvTmPzovz7nwsWktOMXOM/sD5/AEeKI9f</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

ŷi�2, ŷi�1, v3

<latexit sha1_base64="3rWVeR5WxnHjYbp0I4g2hFtjXoU=">AAACCnicbVC7TsMwFHV4lvAKMLIEKiSGUiWlCMYKFsYi0YfURpHjOq1Vx4lsp1IUZWbhV1gYQIiVL2Djb3DaDKXlSFc6Pude+d7jRZQIaVk/2srq2vrGZmlL397Z3ds3Dg7bIow5wi0U0pB3PSgwJQy3JJEUdyOOYeBR3PHGd7nfmWAuSMgeZRJhJ4BDRnyCoFSSa5z0R1CmSeam5KKWVeZedlaZuJe67hplq2pNYS4TuyBlUKDpGt/9QYjiADOJKBSiZ1uRdFLIJUEUZ3o/FjiCaAyHuKcogwEWTjo9JTPPlDIw/ZCrYtKcqvMTKQyESAJPdQZQjsSil4v/eb1Y+jdOSlgUS8zQ7CM/pqYMzTwXc0A4RpImikDEidrVRCPIIZIqvTwEe/HkZdKuVe169eqhXm7cFnGUwDE4BefABtegAe5BE7QAAk/gBbyBd+1Ze9U+tM9Z64pWzByBP9C+fgHzW5nC</latexit>

ŷi�1, v3

<latexit sha1_base64="sC64Csppvgprgczc6lHc0vX2Q3E=">AAAB/HicbVDLSsNAFJ34rPEV7dLNYBFcaEm0osuiG5cV7APaECbTSTt0Mgkzk0II8VfcuFDErR/izr9x0mahrQcuHM65l3vv8WNGpbLtb2NldW19Y7OyZW7v7O7tWweHHRklApM2jlgkej6ShFFO2ooqRnqxICj0Gen6k7vC706JkDTijyqNiRuiEacBxUhpybOqgzFSWZp7GT138rOpd2manlWz6/YMcJk4JamBEi3P+hoMI5yEhCvMkJR9x46VmyGhKGYkNweJJDHCEzQifU05Col0s9nxOTzRyhAGkdDFFZypvycyFEqZhr7uDJEay0WvEP/z+okKbtyM8jhRhOP5oiBhUEWwSAIOqSBYsVQThAXVt0I8RgJhpfMqQnAWX14mnYu606hfPTRqzdsyjgo4AsfgFDjgGjTBPWiBNsAgBc/gFbwZT8aL8W58zFtXjHKmCv7A+PwBSliT4Q==</latexit>

pTM(v3)

<latexit sha1_base64="GzTRsD0D2KHttgp4XaIKDSfQxfU=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkqiFT0WvXgRKvQL2hA22227dLMJu5NiCf0nXjwo4tV/4s1/47bNQVsfDDzem2FmXhALrsFxvq3c2vrG5lZ+u7Czu7d/YB8eNXWUKMoaNBKRagdEM8ElawAHwdqxYiQMBGsFo7uZ3xozpXkk6zCJmReSgeR9TgkYybft2O8Ce4K0/jAtjf3Lc98uOmVnDrxK3IwUUYaab391exFNQiaBCqJ1x3Vi8FKigFPBpoVuollM6IgMWMdQSUKmvXR++RSfGaWH+5EyJQHP1d8TKQm1noSB6QwJDPWyNxP/8zoJ9G+8lMs4ASbpYlE/ERgiPIsB97hiFMTEEEIVN7diOiSKUDBhFUwI7vLLq6R5UXYr5avHSrF6m8WRRyfoFJWQi65RFd2jGmogisboGb2iNyu1Xqx362PRmrOymWP0B9bnD/BvkzU=</latexit>

pTM(v2
)

<latexit sha1_base64="evebvdiAYgV7LLIa/fpIKpZH5D4=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkpSKnosevEiVOgXtCFsttt26WYTdifFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCAWXIPjfFu5jc2t7Z38bmFv/+DwyD4+aekoUZQ1aSQi1QmIZoJL1gQOgnVixUgYCNYOxndzvz1hSvNINmAaMy8kQ8kHnBIwkm/bsd8D9gRp42FWmviVS98uOmVnAbxO3IwUUYa6b3/1+hFNQiaBCqJ113Vi8FKigFPBZoVeollM6JgMWddQSUKmvXRx+QxfGKWPB5EyJQEv1N8TKQm1noaB6QwJjPSqNxf/87oJDG68lMs4ASbpctEgERgiPI8B97liFMTUEEIVN7diOiKKUDBhFUwI7urL66RVKbvV8tVjtVi7zeLIozN0jkrIRdeohu5RHTURRRP0jF7Rm5VaL9a79bFszVnZzCn6A+vzB+7qkzQ=</latexit>

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

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

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>

Translation prefix

Matched n-gram

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

Weighted n-gram
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Dual Model by Ngram Model

inrequirements relation

carriersbulkofsuitabilityoperationalto thein relationrequirements

von

terminalsofsuitabilityto the

anlagenEignungdieVorschriften für schlags@@Um@@

Retrieved:

1326

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pTM(yi)

<latexit sha1_base64="OpNM8N9uWr8tWx3AgGnP3SvZ/Zc="></latexit>

v1

<latexit sha1_base64="7qzkMoJnkGxUqBtz7X3s7ipOzJc=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkoseiF48VTFtoQ9lsN+3SzSbsbgoh9Dd48aCIV3+QN/+NmzYHbX0w8Hhvhpl5QcKZ0o7zbVU2Nre2d6q79t7+weFR7fiko+JUEuqRmMeyF2BFORPU00xz2kskxVHAaTeY3hd+d0alYrF40llC/QiPBQsZwdpI3mzo2vawVncazgJonbglqUOJ9rD2NRjFJI2o0IRjpfquk2g/x1IzwuncHqSKJphM8Zj2DRU4osrPF8fO0YVRRiiMpSmh0UL9PZHjSKksCkxnhPVErXqF+J/XT3V46+dMJKmmgiwXhSlHOkbF52jEJCWaZ4ZgIpm5FZEJlphok08Rgrv68jrpXDXcZuP6sVlv3ZVxVOEMzuESXLiBFjxAGzwgwOAZXuHNEtaL9W59LFsrVjlzCn9gff4AdXSNzg==</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

vN

<latexit sha1_base64="0Yy/re+CdVLRP77nVzbiqqC2ZEY=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0mkRY9FL56kgmkLbSib7aZdutmE3U2hhP4GLx4U8eoP8ua/cdPmoK0PBh7vzTAzL0g4U9pxvq3SxubW9k55197bPzg8qhyftFWcSkI9EvNYdgOsKGeCepppTruJpDgKOO0Ek7vc70ypVCwWT3qWUD/CI8FCRrA2kjcdPNj2oFJ1as4CaJ24BalCgdag8tUfxiSNqNCEY6V6rpNoP8NSM8Lp3O6niiaYTPCI9gwVOKLKzxbHztGFUYYojKUpodFC/T2R4UipWRSYzgjrsVr1cvE/r5fq8MbPmEhSTQVZLgpTjnSM8s/RkElKNJ8Zgolk5lZExlhiok0+eQju6svrpH1Vc+u1xmO92rwt4ijDGZzDJbhwDU24hxZ4QIDBM7zCmyWsF+vd+li2lqxi5hT+wPr8AaGijes=</latexit>

ŷ1, · · · , ŷi�1

<latexit sha1_base64="d2bctCCQ+JEJ4iY12a6XHrF2guM=">AAACCXicbVBNS8NAEN3Ur1q/qh69LBbBQy2JVPRY9OKxgq2FNoTNdtMu3eyG3YkQQq5e/CtePCji1X/gzX9j+iFo64OBx3szzMzzI8EN2PaXVVhaXlldK66XNja3tnfKu3tto2JNWYsqoXTHJ4YJLlkLOAjWiTQjoS/YnT+6Gvt390wbruQtJBFzQzKQPOCUQC55ZdwbEkiTzHOqPdpXYKo/QspPnKxU8soVu2ZPgBeJMyMVNEPTK3/2+orGIZNABTGm69gRuCnRwKlgWakXGxYROiID1s2pJCEzbjr5JMNHudLHgdJ5ScAT9fdESkJjktDPO0MCQzPvjcX/vG4MwYWbchnFwCSdLgpigUHhcSy4zzWjIJKcEKp5fiumQ6IJhTy8cQjO/MuLpH1ac+q1s5t6pXE5i6OIDtAhOkYOOkcNdI2aqIUoekBP6AW9Wo/Ws/VmvU9bC9ZsZh/9gfXxDZKUmZo=</latexit>

···

<latexit sha1_base64="TYBRXJNFw3+cEUdFNzQ7Iwx0NJg=">AAAB73icbVBNS8NAEN3Urxq/qh69LBbBU0mkoseiF48V7Ae0oWw2m3bpZjfuToQS+ie8eFDEq3/Hm//GbZuDtj4YeLw3w8y8MBXcgOd9O6W19Y3NrfK2u7O7t39QOTxqG5VpylpUCaW7ITFMcMlawEGwbqoZSULBOuH4duZ3npg2XMkHmKQsSMhQ8phTAlbq9mmkwLjuoFL1at4ceJX4BamiAs1B5asfKZolTAIVxJie76UQ5EQDp4JN3X5mWEromAxZz1JJEmaCfH7vFJ9ZJcKx0rYk4Ln6eyIniTGTJLSdCYGRWfZm4n9eL4P4Osi5TDNgki4WxZnAoPDseRxxzSiIiSWEam5vxXRENKFgI5qF4C+/vEraFzW/Xru8r1cbN0UcZXSCTtE58tEVaqA71EQtRJFAz+gVvTmPzovz7nwsWktOMXOM/sD5/AEeKI9f</latexit>

v2

<latexit sha1_base64="KkJdD3FYFOv6IYpANAfzd5857Tg=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0lKix6LXjxWMG2hDWWz3bRLN5uwuymU0N/gxYMiXv1B3vw3btoctPXBwOO9GWbmBQlnSjvOt1Xa2t7Z3Svv2weHR8cnldOzjopTSahHYh7LXoAV5UxQTzPNaS+RFEcBp91gep/73RmVisXiSc8T6kd4LFjICNZG8mbDum0PK1Wn5iyBNolbkCoUaA8rX4NRTNKICk04VqrvOon2Myw1I5wu7EGqaILJFI9p31CBI6r8bHnsAl0ZZYTCWJoSGi3V3xMZjpSaR4HpjLCeqHUvF//z+qkOb/2MiSTVVJDVojDlSMco/xyNmKRE87khmEhmbkVkgiUm2uSTh+Cuv7xJOvWa26g1HxvV1l0RRxku4BKuwYUbaMEDtMEDAgye4RXeLGG9WO/Wx6q1ZBUz5/AH1ucPdvqNzw==</latexit>

v3

<latexit sha1_base64="hWe0G/AGKkpZ1jehctd8htIMt2w=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0m0RY9FLx4rmLbQhrLZbtqlm03Y3RRK6G/w4kERr/4gb/4bN20O2vpg4PHeDDPzgoQzpR3n2yptbG5t75R37b39g8OjyvFJW8WpJNQjMY9lN8CKciaop5nmtJtIiqOA004wuc/9zpRKxWLxpGcJ9SM8EixkBGsjedPBtW0PKlWn5iyA1olbkCoUaA0qX/1hTNKICk04VqrnOon2Myw1I5zO7X6qaILJBI9oz1CBI6r8bHHsHF0YZYjCWJoSGi3U3xMZjpSaRYHpjLAeq1UvF//zeqkOb/2MiSTVVJDlojDlSMco/xwNmaRE85khmEhmbkVkjCUm2uSTh+CuvrxO2lc1t15rPNarzbsijjKcwTlcggs30IQHaIEHBBg8wyu8WcJ6sd6tj2VrySpmTuEPrM8feICN0A==</latexit>

ŷi�2, ŷi�1, v3

<latexit sha1_base64="3rWVeR5WxnHjYbp0I4g2hFtjXoU=">AAACCnicbVC7TsMwFHV4lvAKMLIEKiSGUiWlCMYKFsYi0YfURpHjOq1Vx4lsp1IUZWbhV1gYQIiVL2Djb3DaDKXlSFc6Pude+d7jRZQIaVk/2srq2vrGZmlL397Z3ds3Dg7bIow5wi0U0pB3PSgwJQy3JJEUdyOOYeBR3PHGd7nfmWAuSMgeZRJhJ4BDRnyCoFSSa5z0R1CmSeam5KKWVeZedlaZuJe67hplq2pNYS4TuyBlUKDpGt/9QYjiADOJKBSiZ1uRdFLIJUEUZ3o/FjiCaAyHuKcogwEWTjo9JTPPlDIw/ZCrYtKcqvMTKQyESAJPdQZQjsSil4v/eb1Y+jdOSlgUS8zQ7CM/pqYMzTwXc0A4RpImikDEidrVRCPIIZIqvTwEe/HkZdKuVe169eqhXm7cFnGUwDE4BefABtegAe5BE7QAAk/gBbyBd+1Ze9U+tM9Z64pWzByBP9C+fgHzW5nC</latexit>

ŷi�1, v3

<latexit sha1_base64="sC64Csppvgprgczc6lHc0vX2Q3E=">AAAB/HicbVDLSsNAFJ34rPEV7dLNYBFcaEm0osuiG5cV7APaECbTSTt0Mgkzk0II8VfcuFDErR/izr9x0mahrQcuHM65l3vv8WNGpbLtb2NldW19Y7OyZW7v7O7tWweHHRklApM2jlgkej6ShFFO2ooqRnqxICj0Gen6k7vC706JkDTijyqNiRuiEacBxUhpybOqgzFSWZp7GT138rOpd2manlWz6/YMcJk4JamBEi3P+hoMI5yEhCvMkJR9x46VmyGhKGYkNweJJDHCEzQifU05Col0s9nxOTzRyhAGkdDFFZypvycyFEqZhr7uDJEay0WvEP/z+okKbtyM8jhRhOP5oiBhUEWwSAIOqSBYsVQThAXVt0I8RgJhpfMqQnAWX14mnYu606hfPTRqzdsyjgo4AsfgFDjgGjTBPWiBNsAgBc/gFbwZT8aL8W58zFtXjHKmCv7A+PwBSliT4Q==</latexit>

pTM(v3)

<latexit sha1_base64="GzTRsD0D2KHttgp4XaIKDSfQxfU=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkqiFT0WvXgRKvQL2hA22227dLMJu5NiCf0nXjwo4tV/4s1/47bNQVsfDDzem2FmXhALrsFxvq3c2vrG5lZ+u7Czu7d/YB8eNXWUKMoaNBKRagdEM8ElawAHwdqxYiQMBGsFo7uZ3xozpXkk6zCJmReSgeR9TgkYybft2O8Ce4K0/jAtjf3Lc98uOmVnDrxK3IwUUYaab391exFNQiaBCqJ1x3Vi8FKigFPBpoVuollM6IgMWMdQSUKmvXR++RSfGaWH+5EyJQHP1d8TKQm1noSB6QwJDPWyNxP/8zoJ9G+8lMs4ASbpYlE/ERgiPIsB97hiFMTEEEIVN7diOiSKUDBhFUwI7vLLq6R5UXYr5avHSrF6m8WRRyfoFJWQi65RFd2jGmogisboGb2iNyu1Xqx362PRmrOymWP0B9bnD/BvkzU=</latexit>

pTM(v2
)

<latexit sha1_base64="evebvdiAYgV7LLIa/fpIKpZH5D4=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBahXkpSKnosevEiVOgXtCFsttt26WYTdifFEvpPvHhQxKv/xJv/xm2bg7Y+GHi8N8PMvCAWXIPjfFu5jc2t7Z38bmFv/+DwyD4+aekoUZQ1aSQi1QmIZoJL1gQOgnVixUgYCNYOxndzvz1hSvNINmAaMy8kQ8kHnBIwkm/bsd8D9gRp42FWmviVS98uOmVnAbxO3IwUUYa6b3/1+hFNQiaBCqJ113Vi8FKigFPBZoVeollM6JgMWddQSUKmvXRx+QxfGKWPB5EyJQEv1N8TKQm1noaB6QwJjPSqNxf/87oJDG68lMs4ASbpctEgERgiPI8B97liFMTUEEIVN7diOiKKUDBhFUwI7urL66RVKbvV8tVjtVi7zeLIozN0jkrIRdeohu5RHTURRRP0jF7Rm5VaL9a79bFszVnZzCn6A+vzB+7qkzQ=</latexit>

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

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

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

M

<latexit sha1_base64="wisC0sped9PiAfVwMHC4Axl1Wyk=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKRI9BL16EBMwDkiXMTnqTMbOzy8ysEEK+wIsHRbz6Sd78GyfJHjSxoKGo6qa7K0gE18Z1v53c2vrG5lZ+u7Czu7d/UDw8auo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDvzW0+oNI/lgxkn6Ed0IHnIGTVWqt/3iiW37M5BVomXkRJkqPWKX91+zNIIpWGCat3x3MT4E6oMZwKnhW6qMaFsRAfYsVTSCLU/mR86JWdW6ZMwVrakIXP198SERlqPo8B2RtQM9bI3E//zOqkJr/0Jl0lqULLFojAVxMRk9jXpc4XMiLEllClubyVsSBVlxmZTsCF4yy+vkuZF2auUL+uVUvUmiyMPJ3AK5+DBFVThDmrQAAYIz/AKb86j8+K8Ox+L1pyTzRzDHzifP6eljNk=</latexit>

Translation prefix

Matched n-gram

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

Weighted n-gram

Standard NMT model

(RNN, Transformer)
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Pros and Cons of Ngram Model

• Pros
• The idea is intuitive
• The prediction is interpretable

• Cons
• Relying on exact matches of n-grams
• Sensitive to interpolation coefficient
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Dual model: KNN-NMT Extended from KNN-LM

KNN-LM

Fig. Credit: U. Khandelwal, O. Levy, D. Jurafsky, L. Zettlemoyer, M. Lewis. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 20. 
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Dual model: KNN-NMT Extended from KNN-LM

KNN-LM

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Fig. Credit: U. Khandelwal, O. Levy, D. Jurafsky, L. Zettlemoyer, M. Lewis. Generalization through Memorization: Nearest Neighbor Language Models. ICLR 20. 
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Dual model: KNN-NMTPublished as a conference paper at ICLR 2021

Training Translation Contexts Datastore
Representation Target

J'ai été à Paris. 
J'avais été à la maison.
J'apprécie l’été.
…
J'ai ma propre chambre. 

I have
I had

I enjoy
…

I have
…

been
been

summer
…
my

Distances

4
3

100
…
1

Nearest k

my
been
been

1
3
4

Temperature

my
been
been

0.1
0.3
0.4

Normalization

my
been
been

0.40
0.32
0.28

Aggregation

my
been

0.4
0.6

(s(n), t(n)
i�1)

<latexit sha1_base64="N44/1HzVGLPqDfDOhKx9WZHVfSk=">AAACAXicbZDLSgMxFIYz9VbrbdSN4CZYhBa0zFRBl0U3LivYC7RjyaRpG5rJDMkZoQzjxldx40IRt76FO9/G9LLQ1h8CH/85h5Pz+5HgGhzn28osLa+srmXXcxubW9s79u5eXYexoqxGQxGqpk80E1yyGnAQrBkpRgJfsIY/vB7XGw9MaR7KOxhFzAtIX/IepwSM1bEPCvo+KchieoJhCp2En7ppsWPnnZIzEV4EdwZ5NFO1Y3+1uyGNAyaBCqJ1y3Ui8BKigFPB0lw71iwidEj6rGVQkoBpL5lckOJj43RxL1TmScAT9/dEQgKtR4FvOgMCAz1fG5v/1Vox9C69hMsoBibpdFEvFhhCPI4Dd7liFMTIAKGKm79iOiCKUDCh5UwI7vzJi1Avl9yzUvn2PF+5msWRRYfoCBWQiy5QBd2gKqohih7RM3pFb9aT9WK9Wx/T1ow1m9lHf2R9/gAox5Vr</latexit>

dj = d(kj , q)
<latexit sha1_base64="n9hinBOyQcUdyIB3g+21R/Mwjp0=">AAAB+HicbVDLSgNBEOyNrxgfWfXoZTAIESTsRkEvQtCLxwjmAUlYZmdnk0lmH87MCnHJl3jxoIhXP8Wbf+Mk2YMmFjQUVd10d7kxZ1JZ1reRW1ldW9/Ibxa2tnd2i+beflNGiSC0QSIeibaLJeUspA3FFKftWFAcuJy23NHN1G89UiFZFN6rcUx7Ae6HzGcEKy05ZtFzhugKeeWRMzxFDyeOWbIq1gxomdgZKUGGumN+db2IJAENFeFYyo5txaqXYqEY4XRS6CaSxpiMcJ92NA1xQGUvnR0+Qcda8ZAfCV2hQjP190SKAynHgas7A6wGctGbiv95nUT5l72UhXGiaEjmi/yEIxWhaQrIY4ISxceaYCKYvhWRARaYKJ1VQYdgL768TJrVin1Wqd6dl2rXWRx5OIQjKIMNF1CDW6hDAwgk8Ayv8GY8GS/Gu/Exb80Z2cwB/IHx+QNX6JGV</latexit>

d�
j = dj/T
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)
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Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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J'avais été à la maison.
J'apprécie l’été.
…
J'ai ma propre chambre. 

I have
I had

I enjoy
…

I have
…

been
been

summer
…
my

Distances

4
3

100
…
1

Nearest k

my
been
been

1
3
4

Temperature

my
been
been

0.1
0.3
0.4

Normalization

my
been
been

0.40
0.32
0.28

Aggregation

my
been

0.4
0.6

(s(n), t(n)
i�1)

<latexit sha1_base64="N44/1HzVGLPqDfDOhKx9WZHVfSk=">AAACAXicbZDLSgMxFIYz9VbrbdSN4CZYhBa0zFRBl0U3LivYC7RjyaRpG5rJDMkZoQzjxldx40IRt76FO9/G9LLQ1h8CH/85h5Pz+5HgGhzn28osLa+srmXXcxubW9s79u5eXYexoqxGQxGqpk80E1yyGnAQrBkpRgJfsIY/vB7XGw9MaR7KOxhFzAtIX/IepwSM1bEPCvo+KchieoJhCp2En7ppsWPnnZIzEV4EdwZ5NFO1Y3+1uyGNAyaBCqJ1y3Ui8BKigFPB0lw71iwidEj6rGVQkoBpL5lckOJj43RxL1TmScAT9/dEQgKtR4FvOgMCAz1fG5v/1Vox9C69hMsoBibpdFEvFhhCPI4Dd7liFMTIAKGKm79iOiCKUDCh5UwI7vzJi1Avl9yzUvn2PF+5msWRRYfoCBWQiy5QBd2gKqohih7RM3pFb9aT9WK9Wx/T1ow1m9lHf2R9/gAox5Vr</latexit>

dj = d(kj , q)
<latexit sha1_base64="n9hinBOyQcUdyIB3g+21R/Mwjp0=">AAAB+HicbVDLSgNBEOyNrxgfWfXoZTAIESTsRkEvQtCLxwjmAUlYZmdnk0lmH87MCnHJl3jxoIhXP8Wbf+Mk2YMmFjQUVd10d7kxZ1JZ1reRW1ldW9/Ibxa2tnd2i+beflNGiSC0QSIeibaLJeUspA3FFKftWFAcuJy23NHN1G89UiFZFN6rcUx7Ae6HzGcEKy05ZtFzhugKeeWRMzxFDyeOWbIq1gxomdgZKUGGumN+db2IJAENFeFYyo5txaqXYqEY4XRS6CaSxpiMcJ92NA1xQGUvnR0+Qcda8ZAfCV2hQjP190SKAynHgas7A6wGctGbiv95nUT5l72UhXGiaEjmi/yEIxWhaQrIY4ISxceaYCKYvhWRARaYKJ1VQYdgL768TJrVin1Wqd6dl2rXWRx5OIQjKIMNF1CDW6hDAwgk8Ayv8GY8GS/Gu/Exb80Z2cwB/IHx+QNX6JGV</latexit>

d�
j = dj/T

<latexit sha1_base64="BQh5h7vmN8Q/ZD3c/ZeY5CyHqyw=">AAAB/XicbVDLSgMxFM3UV62v8bFzEyyCqzpTBd0IRTcuK/QF7ThkMmmbNskMSUaoQ/FX3LhQxK3/4c6/MW1noa0HLhzOuZd77wliRpV2nG8rt7S8srqWXy9sbG5t79i7ew0VJRKTOo5YJFsBUoRRQeqaakZasSSIB4w0g+HNxG8+EKloJGp6FBOPo56gXYqRNpJvH4T3aSeWlJOxP4BXMPQHpzXfLjolZwq4SNyMFEGGqm9/dcIIJ5wIjRlSqu06sfZSJDXFjIwLnUSRGOEh6pG2oQJxorx0ev0YHhslhN1ImhIaTtXfEyniSo14YDo50n01703E/7x2oruXXkpFnGgi8GxRN2FQR3ASBQypJFizkSEIS2puhbiPJMLaBFYwIbjzLy+SRrnknpXKd+fFynUWRx4cgiNwAlxwASrgFlRBHWDwCJ7BK3iznqwX6936mLXmrGxmH/yB9fkDjN2UoA==</latexit>

pkNN(yi) =
X

j

1yi=vj p(kj)
<latexit sha1_base64="5EFpdxiefNCi9kyl2kTV479+dvk=">AAACGHicbVDJSgNBEO1xjXEb9eilMQjxEmeioJdA0IsnUTAmkAlNT6ejnelZ6K4JhmE+w4u/4sWDIl5z82/sLAe3BwWP96qoqucnUmhwnE9rbn5hcWm5sFJcXVvf2LS3tm91nCrGGyyWsWr5VHMpIt4AAZK3EsVp6Eve9IPzsd8ccKVFHN3AMOGdkN5FoicYBSMR+zAhmQf8AbLg8jLPy0MiDnANezoNST9zSWaE2oD086QckP5BTuySU3EmwH+JOyMlNMMVsUdeN2ZpyCNgkmrddp0EOhlVIJjkedFLNU8oC+gdbxsa0ZDrTjZ5LMf7RuniXqxMRYAn6veJjIZaD0PfdIYU7vVvbyz+57VT6J12MhElKfCITRf1UokhxuOUcFcozkAODaFMCXMrZvdUUQYmy6IJwf398l9yW624R5Xq9XGpfjaLo4B20R4qIxedoDq6QFeogRh6RM/oFb1ZT9aL9W59TFvnrNnMDvoBa/QFrfugJw==</latexit>

Test Input Generated 
tokens  Representation Target

J'ai été dans ma propre 
chambre. I have ?

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit> ŷ1:i�1
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)
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Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)
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Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)
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Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)
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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
Representation Target

J'ai été à Paris. 
J'avais été à la maison.
J'apprécie l’été.
…
J'ai ma propre chambre. 

I have
I had

I enjoy
…

I have
…

been
been

summer
…
my

Distances

4
3

100
…
1

Nearest k

my
been
been

1
3
4

Temperature

my
been
been

0.1
0.3
0.4

Normalization

my
been
been

0.40
0.32
0.28

Aggregation

my
been

0.4
0.6

(s(n), t(n)
i�1)
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J'ai été dans ma propre 
chambre. I have ?
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Figure 1: An illustration of how the kNN distribution is computed. The datastore, which is con-
structed offline, consists of representations of training set translation contexts and corresponding
target tokens for every example in the parallel data. During generation, the query representation,
conditioned on the test input as well as previously generated tokens, is used to retrieve the k nearest
neighbors from the datastore, along with the corresponding target tokens. The distance from the
query is used to compute a distribution over the retrieved targets after applying a softmax tempera-
ture. This distribution is the final kNN distribution.

diverse domains by simply adding a domain-specific datastore—improving results by an average of
9.2 BLEU over the base model out-of-domain, and even outperforming existing models that train on
these domains. Finally, language-pair-specific datastores are used to adapt a multilingual model to
particular language pairs, with improvements of 3 BLEU for translating English into German and
Chinese. We find that retrievals from kNN-MT are typically highly contextually relevant.

2 NEAREST NEIGHBOR MACHINE TRANSLATION

kNN-MT involves augmenting the decoder of a pre-trained machine translation model with a nearest
neighbor retrieval mechanism, allowing the model direct access to a datastore of cached examples.
The translation is generated word-by-word; at each time step, we find the most similar contexts in
the datastore, and compute a distribution over the corresponding target tokens, as shown in Figure 1.
This distribution is then interpolated with the output distribution from the pre-trained MT model.

More specifically, given an input sequence of tokens in a source language s = (s1, . . . , sM1), a
neural MT model outputs a sequence of tokens t = (t1, . . . , tM2) in the target language. When
using autoregressive decoders, the output distribution for each token ti in the target sequence is
conditioned on the entire source sequence as well as the previous target tokens, p(ti|s, t1:i�1). Let
(s, t1:i�1) be the translation context and ti be the target token.

Datastore creation Our datastore is constructed offline and consists of a set of key-value pairs.
The key is a high-dimensional representation of the entire translation context computed by the MT
decoder, f(s, t1:i�1), where f represents a mapping from input to an intermediate representation
of the decoder. The value is the corresponding ground truth target token ti. For a parallel text
collection (S, T ), the representations are generated by a single forward pass over each example and
the complete datastore is defined as follows:

(K, V) = {(f(s, t1:i�1), ti), 8ti 2 t | (s, t) 2 (S, T )} (1)
Tokens from the source language are not stored directly as values in the datastore. Conditioning on
the source is implicit via the keys, and the values are only target language tokens.

Generation At test time, given a source x, the model outputs a distribution over the vocabulary
pMT (yi|x, ŷ1:i�1) for the target yi at every step of generation, where ŷ represents the generated
tokens. The model also outputs the representation f(x, ŷ1:i�1), which is used to query the datastore
for the k nearest neighbors N according to squared-L2 distance, d. In practice, the search over
billions of key-value pairs is carried out using FAISS (Johnson et al., 2017), a library for fast nearest
neighbor search in high-dimensional spaces.

The retrieved set is converted into a distribution over the vocabulary by applying a softmax with
temperature T to the negative distances and aggregating over multiple occurrences of the same vo-

2

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pkNN(yi)

<latexit sha1_base64="Xmx5lpySDI0bWZSUF6MH+tVQuLc="></latexit>

Fig. Credit: Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke Zettlemoyer, and Mike Lewis. Nearest neighbor machine translation. ICLR21.
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Dual model: Improving KNN-NMT

• Issues in KNN-NMT
• Low efficiency
• Large Storage

• Three directions to improve KNN-NMT
• (Horizontal) Dimension reduction

Jahnson et al.(2021)
Wang et al. (2022)

• (Vertical) Example reduction
He et al. (2021)

• Constrained Search
Meng et al. (2022)
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Outline

• Neural Machine Translation
• Motivation
• TM-augmented NMT Framework
• TM-augmented Models

• Standard model

• Dual model

• Unified model
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Unified Model: Key idea to CopyNet for TM

p(yi|x, ŷ1:i�1) = pNMT(yi|x, ŷ1:i�1) + �⇥ pTM(yi)

<latexit sha1_base64="q4gTYkTUwPIuPBS4cowmPMGfqoc="></latexit>

Dual model

Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.

• Three components: standard NMT, sub-model from tm, and interpolation
• The neural network is not learnable, and its parameters are directly taken from a

well-trained standard NMT

• Three components: standard NMT, sub-model from tm, and interpolation
• Three components are modeled by neural networks whose parameters are learnable

p(yi|x, ŷ1:i�1; ✓) = ⇣t(✓)pNMT(yi|x, ŷ1:i�1; ✓) + (1� ⇣t(✓))⇥ pTM(yi; ✓)

<latexit sha1_base64="+RvC+qCEALHuemZZXL9/XtJSad0="></latexit>

How to define three components with neural networks?
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Unified Model: CopyNet for TM
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(a) Query the source sentence,
and the search engine returns
K translation pairs;
(b) The NMT model outputs translation
with reference of retrieved pairs 

Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
tions (top-to-down).

That is, we define a similarity function s(X,X ′), and find
(Xn, Y n) where s(X,Xn) is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, 2016) and use a fuzzy matching score
which is defined as

sfuzzy(X,X ′) = 1− Dedit(X,X ′)

max (|X|, |X ′|) , (3)

where Dedit is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.
Require: input X , translation memory M

1: Obtain the subset M̃ ⊆ M using an off-the-shelf search en-
gine;

2: Re-rank retrieved pairs (X ′, Y ′) ∈ M̃ using the similarity
score function s in descending order;

3: Initialize the dictionary of selected pairs R = ∅;
4: Initialize the coverage score c = 0;
5: for k = 1...|M̃ | do
6: ctmp =

∑
x∈X δ [x ∈ R.keys ∪ {X ′

k}] /|X|
7: if ctmp > c then
8: c = ctmp; R ← {X ′

k : Y ′
k}

9: return R

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (3), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene.1
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M̃ ∈ M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X,X ′). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top-K retrieval,
where we simply return the K most similar translation pairs
from M̃. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg. 1.

Translation Stage
In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M̂
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X ′, Y ′) ∈ M̂, we run a full attention-based neural machine

1 https://lucene.apache.org/core/

M1
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Fig. Credit: Jiatao Gu, Yong Wang, Kyunghyun Cho, Victor O.K. Li. Search Engine Guided Neural Machine Translation. AAAI18.
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Unified Model: CopyNet for TM
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Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
tions (top-to-down).

That is, we define a similarity function s(X,X ′), and find
(Xn, Y n) where s(X,Xn) is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, 2016) and use a fuzzy matching score
which is defined as

sfuzzy(X,X ′) = 1− Dedit(X,X ′)

max (|X|, |X ′|) , (3)

where Dedit is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.
Require: input X , translation memory M

1: Obtain the subset M̃ ⊆ M using an off-the-shelf search en-
gine;

2: Re-rank retrieved pairs (X ′, Y ′) ∈ M̃ using the similarity
score function s in descending order;

3: Initialize the dictionary of selected pairs R = ∅;
4: Initialize the coverage score c = 0;
5: for k = 1...|M̃ | do
6: ctmp =

∑
x∈X δ [x ∈ R.keys ∪ {X ′

k}] /|X|
7: if ctmp > c then
8: c = ctmp; R ← {X ′

k : Y ′
k}

9: return R

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (3), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene.1
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M̃ ∈ M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X,X ′). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top-K retrieval,
where we simply return the K most similar translation pairs
from M̃. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg. 1.

Translation Stage
In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M̂
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X ′, Y ′) ∈ M̂, we run a full attention-based neural machine

1 https://lucene.apache.org/core/

M1
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Unified Model: CopyNet for TM
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Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
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That is, we define a similarity function s(X,X ′), and find
(Xn, Y n) where s(X,Xn) is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, 2016) and use a fuzzy matching score
which is defined as

sfuzzy(X,X ′) = 1− Dedit(X,X ′)

max (|X|, |X ′|) , (3)

where Dedit is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.
Require: input X , translation memory M

1: Obtain the subset M̃ ⊆ M using an off-the-shelf search en-
gine;

2: Re-rank retrieved pairs (X ′, Y ′) ∈ M̃ using the similarity
score function s in descending order;

3: Initialize the dictionary of selected pairs R = ∅;
4: Initialize the coverage score c = 0;
5: for k = 1...|M̃ | do
6: ctmp =

∑
x∈X δ [x ∈ R.keys ∪ {X ′

k}] /|X|
7: if ctmp > c then
8: c = ctmp; R ← {X ′

k : Y ′
k}

9: return R

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (3), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene.1
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M̃ ∈ M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X,X ′). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top-K retrieval,
where we simply return the K most similar translation pairs
from M̃. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg. 1.

Translation Stage
In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M̂
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X ′, Y ′) ∈ M̂, we run a full attention-based neural machine

1 https://lucene.apache.org/core/
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Unified Model: CopyNet for TM
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Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
tions (top-to-down).

That is, we define a similarity function s(X,X ′), and find
(Xn, Y n) where s(X,Xn) is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, 2016) and use a fuzzy matching score
which is defined as

sfuzzy(X,X ′) = 1− Dedit(X,X ′)

max (|X|, |X ′|) , (3)

where Dedit is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.
Require: input X , translation memory M

1: Obtain the subset M̃ ⊆ M using an off-the-shelf search en-
gine;

2: Re-rank retrieved pairs (X ′, Y ′) ∈ M̃ using the similarity
score function s in descending order;

3: Initialize the dictionary of selected pairs R = ∅;
4: Initialize the coverage score c = 0;
5: for k = 1...|M̃ | do
6: ctmp =

∑
x∈X δ [x ∈ R.keys ∪ {X ′

k}] /|X|
7: if ctmp > c then
8: c = ctmp; R ← {X ′

k : Y ′
k}

9: return R

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (3), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene.1
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M̃ ∈ M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X,X ′). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top-K retrieval,
where we simply return the K most similar translation pairs
from M̃. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg. 1.

Translation Stage
In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M̂
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X ′, Y ′) ∈ M̂, we run a full attention-based neural machine

1 https://lucene.apache.org/core/
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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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Figure 1: The over-
all architecture of the
proposed SEG-NMT.
The shaded box in-
cludes the module
which handles a set
of translation pairs re-
trieved in the first
stage. The heat maps
represent the atten-
tion scores between
the source sentences
(left-to-right) and the
corresponding transla-
tions (top-to-down).

That is, we define a similarity function s(X,X ′), and find
(Xn, Y n) where s(X,Xn) is large.

Similarity score function s In this paper, we constrain
ourselves to a setting in which only a neural translation model
is trainable. That is, we do not assume the availability of
other trainable sentence similarity functions. This allows
us to focus entirely on the effectiveness of the proposed
algorithm while being agnostic to the choice of similarity
metric. Under this constraint, we follow an earlier work by
(Li, Way, and Liu, 2016) and use a fuzzy matching score
which is defined as

sfuzzy(X,X ′) = 1− Dedit(X,X ′)

max (|X|, |X ′|) , (3)

where Dedit is an edit distance.

Algorithm 1 Greedy selection procedure to maximize the
coverage of the source symbols.
Require: input X , translation memory M

1: Obtain the subset M̃ ⊆ M using an off-the-shelf search en-
gine;

2: Re-rank retrieved pairs (X ′, Y ′) ∈ M̃ using the similarity
score function s in descending order;

3: Initialize the dictionary of selected pairs R = ∅;
4: Initialize the coverage score c = 0;
5: for k = 1...|M̃ | do
6: ctmp =

∑
x∈X δ [x ∈ R.keys ∪ {X ′

k}] /|X|
7: if ctmp > c then
8: c = ctmp; R ← {X ′

k : Y ′
k}

9: return R

Off-the-shelf Search Engine The computational complex-
ity of the similarity search grows linearly with the size of the
translation memory which in our case contains all the pairs
from a training corpus. Despite the simplicity and compu-
tational efficiency of the similarity score in Eq. (3), this is

clearly not practical, as the size of the training corpus is often
in the order of hundreds of thousands or even tens of millions.
We overcome this issue of scalability by incorporating an off-
the-shelf search engine, more specifically Apache Lucene.1
We then use Lucene to retrieve an initial set of translation
pairs based on the source side, and use the similarity score
above to re-rank them.

Final selection process Let M̃ ∈ M be an initial set of
translation pairs returned by Lucene. We rank the translation
pairs within this set by s(X,X ′). We design and test two
methods for selecting the final set from this initial set based
on the similarity scores. The first method is a top-K retrieval,
where we simply return the K most similar translation pairs
from M̃. The second method returns an adaptive number of
translation pairs based on the coverage of the symbols x in
the current source sentence X within the retrieved transla-
tion pairs. We select greedily starting from the most similar
translation pair, as described in Alg. 1.

Translation Stage
In the second stage, we build a novel extension of the
attention-based neural machine translation, SEG-NMT, that
seamlessly fuses both a current source sentence and a set M̂
of retrieved translation pairs. In a high level, the proposed
SEG-NMT first stores each target symbol of each retrieved
translation pair into a key-value memory(Miller et al., 2016).
At each time step of the decoder, SEG-NMT first performs
attention over the current source sentence to compute the
time-dependent context vector based on which the key-value
memory is queried. SEG-NMT fuses information from both
context vector of the current source sentence and the retrieved
value from the key-value memory to generate a next symbol.

Key-Value Memory For each retrieved translation pair
(X ′, Y ′) ∈ M̂, we run a full attention-based neural machine

1 https://lucene.apache.org/core/

M1

<latexit sha1_base64="lgq+iDie7pTzO9J+l4U7EhyUtEY=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiFy9CBfsBbSib7aZdursJuxOhlP4FLx4U8eof8ua/MWlz0NYHA4/3ZpiZF8RSWHTdb6ewtr6xuVXcLu3s7u0flA+PWjZKDONNFsnIdAJquRSaN1Gg5J3YcKoCydvB+Dbz20/cWBHpR5zE3Fd0qEUoGMVMuu97pX654lbdOcgq8XJSgRyNfvmrN4hYorhGJqm1Xc+N0Z9Sg4JJPiv1EstjysZ0yLsp1VRx60/nt87IWaoMSBiZtDSSufp7YkqVtRMVpJ2K4sgue5n4n9dNMLz2p0LHCXLNFovCRBKMSPY4GQjDGcpJSigzIr2VsBE1lGEaTxaCt/zyKmldVL1a9fKhVqnf5HEU4QRO4Rw8uII63EEDmsBgBM/wCm+Ocl6cd+dj0Vpw8plj+APn8wcBs42R</latexit>

M2

<latexit sha1_base64="cHNuwPXCIkfIJHaa1DMCRulJaOM=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lKRY9FL16ECrYW2lA220m7dHcTdjdCKf0LXjwo4tU/5M1/Y9LmoK0PBh7vzTAzL4gFN9Z1v53C2vrG5lZxu7Szu7d/UD48apso0QxbLBKR7gTUoOAKW5ZbgZ1YI5WBwMdgfJP5j0+oDY/Ug53E6Es6VDzkjNpMuuvXSv1yxa26c5BV4uWkAjma/fJXbxCxRKKyTFBjup4bW39KteVM4KzUSwzGlI3pELspVVSi8afzW2fkLFUGJIx0WsqSufp7YkqlMRMZpJ2S2pFZ9jLxP6+b2PDKn3IVJxYVWywKE0FsRLLHyYBrZFZMUkKZ5umthI2opsym8WQheMsvr5J2rerVqxf39UrjOo+jCCdwCufgwSU04Baa0AIGI3iGV3hzpPPivDsfi9aCk88cwx84nz8DOI2S</latexit>
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Pros and Cons of CopyNet for TM

• Pros
• Model capacity is good
• Translation quality is good

• Cons
• Encoding all words from tm needs considerable GPU memory
• Attention over all target words from tm is not efficient

• Improvements
• A compact graph structure to organize translation memory (Xia et al., 2019)
• Customized TM augmented model with a small translation memory (He et al., 2021)
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Limitations in conventional TM framework
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y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Bilingual
Database

{hxi,yii|i = 1, · · ·K}

<latexit sha1_base64="GFhV5hVZCgYIVIqf9I5zz2iIbKY=">AAACJnicbVDLSgMxFM3UV62vqks3wSK4kDIjFd0Uim4ENxXsAzplyGQybWgmGZKMWMZ+jRt/xY2Liog7P8VMW0RbDwTOPedecu/xY0aVtu1PK7e0vLK6ll8vbGxube8Ud/eaSiQSkwYWTMi2jxRhlJOGppqRdiwJinxGWv7gKvNb90QqKvidHsakG6EepyHFSBvJK1bd1GWI9xiBboR03w/Th5FHT36qoalcOe14hLTqGAsHQit44468Ysku2xPAReLMSAnMUPeKYzcQOIkI15ghpTqOHetuiqSmmJFRwU0UiREeoB7pGMpRRFQ3nZw5gkdGCWAopHlcw4n6eyJFkVLDyDed2fJq3svE/7xOosOLbkp5nGjC8fSjMGFQC5hlBgMqCdZsaAjCkppdIe4jibA2yRZMCM78yYukeVp2KuWz20qpdjmLIw8OwCE4Bg44BzVwDeqgATB4Ai9gDN6sZ+vVerc+pq05azazD/7A+voGVGalpQ==</latexit>

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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Limitations in conventional TM framework

Limiting
Applications

Search over bilingual
database

Bilingual data is too
expensive

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

NMT

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Bilingual
Database

{hxi,yii|i = 1, · · ·K}

<latexit sha1_base64="GFhV5hVZCgYIVIqf9I5zz2iIbKY=">AAACJnicbVDLSgMxFM3UV62vqks3wSK4kDIjFd0Uim4ENxXsAzplyGQybWgmGZKMWMZ+jRt/xY2Liog7P8VMW0RbDwTOPedecu/xY0aVtu1PK7e0vLK6ll8vbGxube8Ud/eaSiQSkwYWTMi2jxRhlJOGppqRdiwJinxGWv7gKvNb90QqKvidHsakG6EepyHFSBvJK1bd1GWI9xiBboR03w/Th5FHT36qoalcOe14hLTqGAsHQit44468Ysku2xPAReLMSAnMUPeKYzcQOIkI15ghpTqOHetuiqSmmJFRwU0UiREeoB7pGMpRRFQ3nZw5gkdGCWAopHlcw4n6eyJFkVLDyDed2fJq3svE/7xOosOLbkp5nGjC8fSjMGFQC5hlBgMqCdZsaAjCkppdIe4jibA2yRZMCM78yYukeVp2KuWz20qpdjmLIw8OwCE4Bg44BzVwDeqgATB4Ai9gDN6sZ+vVerc+pq05azazD/7A+voGVGalpQ==</latexit>
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Monolingual translation memory

NMT

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Bilingual
Database

{hxi,yii|i = 1, · · ·K}

<latexit sha1_base64="GFhV5hVZCgYIVIqf9I5zz2iIbKY=">AAACJnicbVDLSgMxFM3UV62vqks3wSK4kDIjFd0Uim4ENxXsAzplyGQybWgmGZKMWMZ+jRt/xY2Liog7P8VMW0RbDwTOPedecu/xY0aVtu1PK7e0vLK6ll8vbGxube8Ud/eaSiQSkwYWTMi2jxRhlJOGppqRdiwJinxGWv7gKvNb90QqKvidHsakG6EepyHFSBvJK1bd1GWI9xiBboR03w/Th5FHT36qoalcOe14hLTqGAsHQit44468Ysku2xPAReLMSAnMUPeKYzcQOIkI15ghpTqOHetuiqSmmJFRwU0UiREeoB7pGMpRRFQ3nZw5gkdGCWAopHlcw4n6eyJFkVLDyDed2fJq3svE/7xOosOLbkp5nGjC8fSjMGFQC5hlBgMqCdZsaAjCkppdIe4jibA2yRZMCM78yYukeVp2KuWz20qpdjmLIw8OwCE4Bg44BzVwDeqgATB4Ai9gDN6sZ+vVerc+pq05azazD/7A+voGVGalpQ==</latexit>

Heuristic metric

Conventional Framework

NMT

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Query

Decode

Monolingual
Database

Learnable metric

The New Framework

{yi|i = 1, · · ·K}

<latexit sha1_base64="jXpUzE0fCKY5foKWkiTjdsGfb3M=">AAACCXicbVDLSsNAFJ34rPUVdelmsAgupCRS0Y1QdCO4qWAf0IQwmUzaoZNMmJkIIWbrxl9x40IRt/6BO//GaZuFth64cDjnXu69x08Ylcqyvo2FxaXlldXKWnV9Y3Nr29zZ7UieCkzamDMuej6ShNGYtBVVjPQSQVDkM9L1R1djv3tPhKQ8vlNZQtwIDWIaUoyUljwTOrkTITX0wzwrPAofIL2wj6GDA64kvHEKz6xZdWsCOE/sktRAiZZnfjkBx2lEYoUZkrJvW4lycyQUxYwUVSeVJEF4hAakr2mMIiLdfPJJAQ+1EsCQC12xghP190SOIimzyNed46vlrDcW//P6qQrP3ZzGSapIjKeLwpRBxeE4FhhQQbBimSYIC6pvhXiIBMJKh1fVIdizL8+TzkndbtRPbxu15mUZRwXsgwNwBGxwBprgGrRAG2DwCJ7BK3gznowX4934mLYuGOXMHvgD4/MHSGSZbQ==</latexit>

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

获取 或 设置 与 批注 关联 的 对象

gets an object that is associated with the annotation label
obtains an annotated label from an object

… …

The database in English

Query in Chinese

Cross-lingual
retrieval
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Cross-lingual Retrieval Metric Definition

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

Corpus

Input 

Retrieval Model

Y

<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>
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Cross-lingual Retrieval Metric Definition

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

source
encoder

target 
encoder

Corpus
…

dense index

MIPS

Input 

Retrieval Model

Y

<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>
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Cross-lingual Retrieval Metric Definition

• Challenge: standard training leads to a trivial retrieval metric.

• Solution: two pretrianing subtasks as regularization

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

source
encoder

target 
encoder

Corpus
…

dense index

MIPS

Input 

Retrieval Model

Relevant
TM

Y

<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

162



Retrieval augmented translation model

• Challenge: standard training leads to a trivial retrieval metric.

• Solution: two pretrianing 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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TM
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<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

context
encoder
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Retrieval augmented translation model

• Challenge: standard training leads to a trivial retrieval metric.

• Solution: two pretrianing 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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<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

context
encoder

Memory
Encoder

Decoder
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Retrieval augmented translation model

• Challenge: standard training leads to a trivial retrieval metric.

• Solution: two pretrianing 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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encoder
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…
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MIPS

Input context
encoder

Memory
Encoder

Decoder

Retrieval Model

relevance scores
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<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

Output ŷ

<latexit sha1_base64="v6UzueTgtuXRAVIvmeJA2uinpEU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRS0WXRjcsK9gFNKJPppB06mYSZSSGE/okbF4q49U/c+TdO2iy09cDA4Zx7uWdOkHCmtON8W5WNza3tnepubW//4PDIPj7pqjiVhHZIzGPZD7CinAna0Uxz2k8kxVHAaS+Y3hd+b0alYrF40llC/QiPBQsZwdpIQ9v2JljnXoT1JAjzbD4f2nWn4SyA1olbkjqUaA/tL28UkzSiQhOOlRq4TqL9HEvNCKfzmpcqmmAyxWM6MFTgiCo/XySfowujjFAYS/OERgv190aOI6WyKDCTRUS16hXif94g1eGtnzORpJoKsjwUphzpGBU1oBGTlGieGYKJZCYrIhMsMdGmrJopwV398jrpXjXcZuP6sVlv3ZV1VOEMzuESXLiBFjxAGzpAYAbP8ApvVm69WO/Wx3K0YpU7p/AH1ucPWiOUIw==</latexit>
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Joint learning retrieval and translation models

• Challenge: standard training leads to a trivial retrieval metric.

• Solution: two pretrianing 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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<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

ŷ

<latexit sha1_base64="v6UzueTgtuXRAVIvmeJA2uinpEU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRS0WXRjcsK9gFNKJPppB06mYSZSSGE/okbF4q49U/c+TdO2iy09cDA4Zx7uWdOkHCmtON8W5WNza3tnepubW//4PDIPj7pqjiVhHZIzGPZD7CinAna0Uxz2k8kxVHAaS+Y3hd+b0alYrF40llC/QiPBQsZwdpIQ9v2JljnXoT1JAjzbD4f2nWn4SyA1olbkjqUaA/tL28UkzSiQhOOlRq4TqL9HEvNCKfzmpcqmmAyxWM6MFTgiCo/XySfowujjFAYS/OERgv190aOI6WyKDCTRUS16hXif94g1eGtnzORpJoKsjwUphzpGBU1oBGTlGieGYKJZCYrIhMsMdGmrJopwV398jrpXjXcZuP6sVlv3ZV1VOEMzuESXLiBFjxAGzpAYAbP8ApvVm69WO/Wx3K0YpU7p/AH1ucPWiOUIw==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

max
✓

X

hx,yi

logP (y|x,y1, d1, · · · ,yk, dk; ✓)

<latexit sha1_base64="KQBSzzS9WNtS53NexMls+Iv+xaU="></latexit>
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Joint learning retrieval and translation models

• Challenge: joint training by MLE 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.

source
encoder

target 
encoder

Corpus
…

dense index

MIPS

Input context
encoder

Memory
Encoder

Decoder

Retrieval Model

Output

Translation Model

relevance scores

Relevant
TM

bias attentionY

<latexit sha1_base64="Xb45OYSthksyMnr2mLuE8sK8SYQ=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNS0WXRjcsK9iHToWTSTBuaSYbkjlCGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmltfWNzq7xd2dnd2z+oHh51jEo1ZW2qhNK9kBgmuGRt4CBYL9GMxKFg3XBym/vdJ6YNV/IBpgkLYjKSPOKUgJX8fkxgTInIHmeDas2tu3PgVeIVpIYKtAbVr/5Q0TRmEqggxviem0CQEQ2cCjar9FPDEkInZMR8SyWJmQmyeeQZPrPKEEdK2ycBz9XfGxmJjZnGoZ3MI5plLxf/8/wUousg4zJJgUm6+ChKBQaF8/vxkGtGQUwtIVRzmxXTMdGEgm2pYkvwlk9eJZ2LuteoX943as2boo4yOkGn6Bx56Ao10R1qoTaiSKFn9IreHHBenHfnYzFacoqdY/QHzucPl16Rdw==</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Esrc(x)

<latexit sha1_base64="wHUsybGd9Y3YqnfPFFxGAT0A1b0=">AAACA3icbVDLSsNAFJ34rPUVdaebYBHqpiRS0WVRBJcV7AOaECbTSTt08mDmRlpCwI2/4saFIm79CXf+jZM2C209cOFwzr3ce48XcybBNL+1peWV1bX10kZ5c2t7Z1ff22/LKBGEtkjEI9H1sKSchbQFDDjtxoLiwOO0442uc7/zQIVkUXgPk5g6AR6EzGcEg5Jc/fDGTW2gY0ilIFlWtQMMQ89Px9mpq1fMmjmFsUisglRQgaarf9n9iCQBDYFwLGXPMmNwUiyAEU6zsp1IGmMywgPaUzTEAZVOOv0hM06U0jf8SKgKwZiqvydSHEg5CTzVmZ8o571c/M/rJeBfOikL4wRoSGaL/IQbEBl5IEafCUqATxTBRDB1q0GGWGACKrayCsGaf3mRtM9qVr12flevNK6KOEroCB2jKrLQBWqgW9RELUTQI3pGr+hNe9JetHftY9a6pBUzB+gPtM8fytaYQw==</latexit>

y1 y2 · · ·

<latexit sha1_base64="LiXEE3LtaqrjYvlWQ7UIpEa+f6k=">AAACD3icbVA9SwNBEN2LXzF+RS1tFoNiFe5CRMugjWUE8wG5GPY2e8mSvdtjd04MR/6BjX/FxkIRW1s7/417yRUx8cHA470ZZuZ5keAabPvHyq2srq1v5DcLW9s7u3vF/YOmlrGirEGlkKrtEc0ED1kDOAjWjhQjgSdYyxtdp37rgSnNZXgH44h1AzIIuc8pASP1iqduQGDo+cl4cu+4wB4hwZM5reLSvgTdK5bssj0FXiZORkooQ71X/Hb7ksYBC4EKonXHsSPoJkQBp4JNCm6sWUToiAxYx9CQBEx3k+k/E3xilD72pTIVAp6q8xMJCbQeB57pTC/Vi14q/ud1YvAvuwkPoxhYSGeL/FhgkDgNB/e5YhTE2BBCFTe3YjokilAwERZMCM7iy8ukWSk71fL5bbVUu8riyKMjdIzOkIMuUA3doDpqIIqe0At6Q+/Ws/VqfVifs9aclc0coj+wvn4BWFqdfg==</latexit>

ŷ

<latexit sha1_base64="v6UzueTgtuXRAVIvmeJA2uinpEU=">AAAB+XicbVDLSsNAFL2pr1pfUZduBovgqiRS0WXRjcsK9gFNKJPppB06mYSZSSGE/okbF4q49U/c+TdO2iy09cDA4Zx7uWdOkHCmtON8W5WNza3tnepubW//4PDIPj7pqjiVhHZIzGPZD7CinAna0Uxz2k8kxVHAaS+Y3hd+b0alYrF40llC/QiPBQsZwdpIQ9v2JljnXoT1JAjzbD4f2nWn4SyA1olbkjqUaA/tL28UkzSiQhOOlRq4TqL9HEvNCKfzmpcqmmAyxWM6MFTgiCo/XySfowujjFAYS/OERgv190aOI6WyKDCTRUS16hXif94g1eGtnzORpJoKsjwUphzpGBU1oBGTlGieGYKJZCYrIhMsMdGmrJopwV398jrpXjXcZuP6sVlv3ZV1VOEMzuESXLiBFjxAGzpAYAbP8ApvVm69WO/Wx3K0YpU7p/AH1ucPWiOUIw==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

d(x,y1)

d(x,y2)

<latexit sha1_base64="ntXg4xMdxX+s8BlZtB1zzHLOQtk=">AAACJXicdZDLSsNAFIYn9VbrLerSzWARKkhJSkUXLopuXFawF2himUwn7dDJJMxMxBDyMm58FTcuLCK48lVM2gja6oGBj/8/hznndwJGpTKMD62wtLyyulZcL21sbm3v6Lt7bemHApMW9pkvug6ShFFOWooqRrqBIMhzGOk446vM79wTIanPb1UUENtDQ05dipFKpb5+MahYHlIjx40fkhP4zVFyZx5bVulft5a5fb1sVI1pwUUwcyiDvJp9fWINfBx6hCvMkJQ90wiUHSOhKGYkKVmhJAHCYzQkvRQ58oi04+mVCTxKlQF0fZE+ruBU/TkRI0/KyHPSzmxPOe9l4l9eL1TuuR1THoSKcDz7yA0ZVD7MIoMDKghWLEoBYUHTXSEeIYGwSoPNQjDnT16Edq1q1qunN/Vy4zKPowgOwCGoABOcgQa4Bk3QAhg8gmfwCibak/aivWnvs9aCls/sg1+lfX4Bj+Wkqg==</latexit>

· · ·

<latexit sha1_base64="rp0XreuM4D78W/IvLVMYSWmRbHI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDabTbt0swm7E6GU/ggvHhTx6u/x5r9x0+agrQ8GHu/NMDMvSKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpxlsskYnuBtRwKRRvoUDJu6nmNA4k7wTju9zvPHFtRKIecZJyP6ZDJSLBKFqp02dhgqYyqNbcujsHWSVeQWpQoDmofvXDhGUxV8gkNabnuSn6U6pRMMlnlX5meErZmA55z1JFY2786fzcGTmzSkiiRNtSSObq74kpjY2ZxIHtjCmOzLKXi/95vQyjG38qVJohV2yxKMokwYTkv5NQaM5QTiyhTAt7K2EjqilDm1Aegrf88ippX9S9y/rVw2WtcVvEUYYTOIVz8OAaGnAPTWgBgzE8wyu8Oanz4rw7H4vWklPMHMMfOJ8/536PSw==</latexit>

Etgt(y)

<latexit sha1_base64="K3y0ZHtLoJsY9NstrRLZNDl3c+I=">AAACBHicbVDLSsNAFJ3UV62vqMtuBotQNyWRii6LIrisYB/QhDCZTtqhkwczN2IJWbjxV9y4UMStH+HOvzFps9DWAxcO59zLvfe4keAKDONbK62srq1vlDcrW9s7u3v6/kFXhbGkrENDEcq+SxQTPGAd4CBYP5KM+K5gPXdylfu9eyYVD4M7mEbM9sko4B6nBDLJ0avXTmIBe4AERpCmdcsnMHa9ZJqeVBy9ZjSMGfAyMQtSQwXajv5lDUMa+ywAKohSA9OIwE6IBE4FSytWrFhE6ISM2CCjAfGZspPZEyk+zpQh9kKZVQB4pv6eSIiv1NR3s878RrXo5eJ/3iAG78JOeBDFwAI6X+TFAkOI80TwkEtGQUwzQqjk2a2YjokkFLLc8hDMxZeXSfe0YTYbZ7fNWuuyiKOMqugI1ZGJzlEL3aA26iCKHtEzekVv2pP2or1rH/PWklbMHKI/0D5/ABZRmF8=</latexit>

max
✓

X

hx,yi

logP (y|x,y1, d1, · · · ,yk, dk; ✓)

<latexit sha1_base64="KQBSzzS9WNtS53NexMls+Iv+xaU="></latexit>
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Pros and Cons of monolingual translation memory

• Pros

• The metric is optimized towards translation quality

• The framework is general to any translation scenarios
because monolingual database is easy to access

• Cons

• Joint training the retrieval metric and translation model
requires additional overheads in computation
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Outline

• Motivation
• TM-augmented NMT Framework
• TM-augmented Models

• Standard model

• Dual model

• Unified model

• Conclusion and Outlook
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Advantages of retrieval-augmented model

• Compact model with less parameters
• The knowledge is not implicitly stored in model parameters but in memory

data Datastore

T5 with 11318M parameters Only 330M parameters

Training

Training

Memorizing

data
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Advantages of retrieval-augmented model

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

SIGIR 2022 will be held in

Mardrid , which is the

capital and the largest

city of Spain .

Text Generation by
retrieval augmented LMMemory
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Advantages of retrieval-augmented model

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

Training data NMTTraining data NMT

Trainingretraining

External data External data
Memorizing
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Future Directions

• Retrieval sensitivity

• Substantial gains for test sentences
with high quality memory

• No gains for those with low quality
memory

• How to alleviate the sensitivity issue? 35
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Future Directions

• Gap when jointly learning a retrieval metric towards translation quality
• Global retrieval: retrieval is globally conducted in the entire database
• Local optimization: the parameters are locally optimized with respect to a tiny fraction of

database.

Database

y1

<latexit sha1_base64="te51gJwJ3BnMLz7t0ojIxrbIGrA=">AAAB9XicbVDLSsNAFL2prxpfVZduBovgqiRS0WXRjcsK9gFtWibTSTt0MgkzEyWE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOH3OmtON8W6W19Y3NrfK2vbO7t39QOTxqqyiRhLZIxCPZ9bGinAna0kxz2o0lxaHPacef3uZ+55FKxSLxoNOYeiEeCxYwgrWRBnY/xHriB1k6G7hoWKk6NWcOtErcglShQHNY+eqPIpKEVGjCsVI914m1l2GpGeF0ZvcTRWNMpnhMe4YKHFLlZfPUM3RmlBEKImme0Giu/t7IcKhUGvpmMg+plr1c/M/rJTq49jIm4kRTQRaHgoQjHaG8AjRikhLNU0MwkcxkRWSCJSbaFGWbEtzlL6+S9kXNrdcu7+vVxk1RRxlO4BTOwYUraMAdNKEFBCQ8wyu8WU/Wi/VufSxGS1axcwx/YH3+ALvokgY=</latexit>

y2

<latexit sha1_base64="6qo4CA4vb0Y/jz2C6LiBPPN9L6o=">AAAB9XicbVBNS8NAFHypXzV+VT16WSyCp5KUih6LXjxWsK3QpmWz3bRLN5uwu1FC6P/w4kERr/4Xb/4bN20O2jqwMMy8x5sdP+ZMacf5tkpr6xubW+Vte2d3b/+gcnjUUVEiCW2TiEfywceKciZoWzPN6UMsKQ59Trv+9Cb3u49UKhaJe53G1AvxWLCAEayNNLD7IdYTP8jS2aBuDytVp+bMgVaJW5AqFGgNK1/9UUSSkApNOFaq5zqx9jIsNSOczux+omiMyRSPac9QgUOqvGyeeobOjDJCQSTNExrN1d8bGQ6VSkPfTOYh1bKXi/95vUQHV17GRJxoKsjiUJBwpCOUV4BGTFKieWoIJpKZrIhMsMREm6LyEtzlL6+STr3mNmoXd41q87qoowwncArn4MIlNOEWWtAGAhKe4RXerCfrxXq3PhajJavYOYY/sD5/AJwVkfE=</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

Input

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

y1

<latexit sha1_base64="te51gJwJ3BnMLz7t0ojIxrbIGrA=">AAAB9XicbVDLSsNAFL2prxpfVZduBovgqiRS0WXRjcsK9gFtWibTSTt0MgkzEyWE/ocbF4q49V/c+TdO2iy09cDA4Zx7uWeOH3OmtON8W6W19Y3NrfK2vbO7t39QOTxqqyiRhLZIxCPZ9bGinAna0kxz2o0lxaHPacef3uZ+55FKxSLxoNOYeiEeCxYwgrWRBnY/xHriB1k6G7hoWKk6NWcOtErcglShQHNY+eqPIpKEVGjCsVI914m1l2GpGeF0ZvcTRWNMpnhMe4YKHFLlZfPUM3RmlBEKImme0Giu/t7IcKhUGvpmMg+plr1c/M/rJTq49jIm4kRTQRaHgoQjHaG8AjRikhLNU0MwkcxkRWSCJSbaFGWbEtzlL6+S9kXNrdcu7+vVxk1RRxlO4BTOwYUraMAdNKEFBCQ8wyu8WU/Wi/VufSxGS1axcwx/YH3+ALvokgY=</latexit>

y2

<latexit sha1_base64="6qo4CA4vb0Y/jz2C6LiBPPN9L6o=">AAAB9XicbVBNS8NAFHypXzV+VT16WSyCp5KUih6LXjxWsK3QpmWz3bRLN5uwu1FC6P/w4kERr/4Xb/4bN20O2jqwMMy8x5sdP+ZMacf5tkpr6xubW+Vte2d3b/+gcnjUUVEiCW2TiEfywceKciZoWzPN6UMsKQ59Trv+9Cb3u49UKhaJe53G1AvxWLCAEayNNLD7IdYTP8jS2aBuDytVp+bMgVaJW5AqFGgNK1/9UUSSkApNOFaq5zqx9jIsNSOczux+omiMyRSPac9QgUOqvGyeeobOjDJCQSTNExrN1d8bGQ6VSkPfTOYh1bKXi/95vUQHV17GRJxoKsjiUJBwpCOUV4BGTFKieWoIJpKZrIhMsMREm6LyEtzlL6+STr3mNmoXd41q87qoowwncArn4MIlNOEWWtAGAhKe4RXerCfrxXq3PhajJavYOYY/sD5/AJwVkfE=</latexit>

✓metric

<latexit sha1_base64="lTktA7pNYPTMH9bIJw0gPbRFA0Q=">AAAB/3icbVDLSsNQEL3xWeMrKrhxEyyCq5JIRZdFNy4r2Ac0IdzcTtpLbx7cOxFL7MJfceNCEbf+hjv/xqTNQlsPDBzOmWFmjp8IrtCyvrWl5ZXVtfXKhr65tb2za+ztt1WcSgYtFotYdn2qQPAIWshRQDeRQENfQMcfXRd+5x6k4nF0h+ME3JAOIh5wRjGXPONQd3AISD0H4QGzEFByNtE9o2rVrCnMRWKXpEpKND3jy+nHLA0hQiaoUj3bStDNqETOBEx0J1WQUDaiA+jlNKIhKDeb3j8xT3KlbwaxzCtCc6r+nshoqNQ49PPOkOJQzXuF+J/XSzG4dDMeJSlCxGaLglSYGJtFGGafS2AoxjmhTPL8VpMNqaQM88iKEOz5lxdJ+6xm12vnt/Vq46qMo0KOyDE5JTa5IA1yQ5qkRRh5JM/klbxpT9qL9q59zFqXtHLmgPyB9vkD8YWWEQ==</latexit>

✓NMT

<latexit sha1_base64="PWi6k5OYMkkyWM83Pz9Sgtgjc8A=">AAAB/HicbVDLSsNQEL2prxpf1S7dBIvgqiSi6LLoxo1SoS9oQri5nbSX3jy4dyKGUH/FjQtF3Poh7vwbk7YLbT0wcDhnhpk5Xiy4QtP81korq2vrG+VNfWt7Z3evsn/QUVEiGbRZJCLZ86gCwUNoI0cBvVgCDTwBXW98XfjdB5CKR2EL0xicgA5D7nNGMZfcSlW3cQRIXRvhEbO729ZEdys1s25OYSwTa05qZI6mW/myBxFLAgiRCapU3zJjdDIqkTMBE91OFMSUjekQ+jkNaQDKyabHT4zjXBkYfiTzCtGYqr8nMhoolQZe3hlQHKlFrxD/8/oJ+pdOxsM4QQjZbJGfCAMjo0jCGHAJDEWaE8okz2812IhKyjDPqwjBWnx5mXRO69ZZ/fz+rNa4msdRJofkiJwQi1yQBrkhTdImjKTkmbySN+1Je9HetY9Za0mbz1TJH2ifPwMUlF4=</latexit>

y

<latexit sha1_base64="DjmuNcqYjsLzipXrC6HxkKDT6Xg=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjOi6LLoxmUF+4DpUDJppg3NJENyRxiGfoYbF4q49Wvc+Tdm2llo64HA4Zx7ybknTAQ34LrfTmVtfWNzq7pd29nd2z+oHx51jUo1ZR2qhNL9kBgmuGQd4CBYP9GMxKFgvXB6V/i9J6YNV/IRsoQFMRlLHnFKwEr+ICYwCaM8m9WG9YbbdOfAq8QrSQOVaA/rX4ORomnMJFBBjPE9N4EgJxo4FWxWG6SGJYROyZj5lkoSMxPk88gzfGaVEY6Utk8Cnqu/N3ISG5PFoZ0sIpplrxD/8/wUopsg5zJJgUm6+ChKBQaFi/vxiGtGQWSWEKq5zYrphGhCwbZUlOAtn7xKuhdN77J59XDZaN2WdVTRCTpF58hD16iF7lEbdRBFCj2jV/TmgPPivDsfi9GKU+4coz9wPn8AOcKROQ==</latexit>

log p(x|y1,y2; ✓)

<latexit sha1_base64="qoM1DPO7ku3QrqT2lfe2TAq5eGc=">AAACHnicbVDLSgMxFM3UV62vqks3wSJUkDJTWhTcFN24rGAf0Kklk2ba0MyD5I5Yxn6JG3/FjQtFBFf6N6btCLX1QODknHu59x4nFFyBaX4bqaXlldW19HpmY3Nreye7u1dXQSQpq9FABLLpEMUE91kNOAjWDCUjniNYwxlcjv3GHZOKB/4NDEPW9kjP5y6nBLTUyZZtEfRwmLc9An3Hje9HD790OLq1TvDMr3iObegzIMedbM4smBPgRWIlJIcSVDvZT7sb0MhjPlBBlGpZZgjtmEjgVLBRxo4UCwkdkB5raeoTj6l2PDlvhI+00sVuIPXzAU/U2Y6YeEoNPUdXjpdV895Y/M9rReCetWPuhxEwn04HuZHAEOBxVrjLJaMghpoQKrneFdM+kYSCTjSjQ7DmT14k9WLBKhXK16Vc5SKJI40O0CHKIwudogq6QlVUQxQ9omf0it6MJ+PFeDc+pqUpI+nZR39gfP0AgUWitA==</latexit>

d(x,yi, ✓metric)

<latexit sha1_base64="TZbvR7M5bOxmkN9YiCovzpo9hKQ=">AAACGnicbVDJSgNBEO1xjXGLevTSGAQFCTMS0aPoxWMEs0BmDD2dGtPYs9BdI4ZhvsOLv+LFgyLexIt/Y2cRNPFBw+v3qqiq5ydSaLTtL2tmdm5+YbGwVFxeWV1bL21sNnScKg51HstYtXymQYoI6ihQQitRwEJfQtO/PR/4zTtQWsTRFfYT8EJ2E4lAcIZG6pSc7p4bMuz5QXafH9Af3s+vhflhD5B1XIR7zEJAJXi+3ymV7Yo9BJ0mzpiUyRi1TunD7cY8DSFCLpnWbcdO0MuYQsEl5EU31ZAwfstuoG1oxELQXjY8Lae7RunSIFbmRUiH6u+OjIVa90PfVA5W15PeQPzPa6cYnHiZiJIUIeKjQUEqKcZ0kBPtCgUcZd8QxpUwu1LeY4pxNGkWTQjO5MnTpHFYcaqVo8tq+fRsHEeBbJMdskccckxOyQWpkTrh5IE8kRfyaj1az9ab9T4qnbHGPVvkD6zPby7BoZw=</latexit>

Global Retrieval Local optimization
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Image database

Future Directions

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

Audio database Video database
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Q&A
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