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Three�Papers
1.�SALTED:�A�Framework�for�SAlient Long-tail�Translation�Error�Detection

- Oral�presentation

- Keywords:�neural�machine�translation,�quality�estimation,�error�detection

2.�CTRLsum:�Towards�Generic�Controllable�Text�Summarization

- Poster�presentation

- Keywords:�summarization,�keyword�control,�length�control

3.�SentBS:�Sentence-level�Beam�Search�for�Controllable�Summarization

- Short�paper

- Keywords:�summarization,�decoding�strategy



Paper�1



1.�Introduction
- Limitation�in�NMT:

1.�Existing�NMT�metrics�do�not�provide�fine-grained�visibility into�rarer�error�categories
- Researchers�do�not�have�a�reliable�way�to�gauge�whether�and�to�what�extent�a�system�may�
exhibit�a�wide�range�of�negative�behaviors (e.g.�hallucinations,�dropped�content,�sporadic�
mistranslation�of�important�content)

2.�These�behaviors�are�rare�enough�that�they�will�not�be�observed�on�standard�test�sets



1.�Introduction
- In�this�paper:

1.�They�explore�Behavioral�Testing�as�a�means�to provide�find-grained�measurements�of�salient�
long-tailed�errors�in�MT,�while�addressing�the�challenges�of�rarity�and�scalability�in�obtaining�those�
measurements

2.�They�propose�an�iterative,�specifications-based�process�for�obtaining�reliable�measurements�
through�high-precision�detectors�and�demonstrate�their�utility�on�seven�MT�error�classes�across�
both�research�and�commercial�systems

3.�They�demonstrate�that�detectors�are�amenable�to�multiple�applications�in�MT,�including�higher-
recall�training�data�filtering,�system�comparisons,�metamorphic�testing�and�fixing�errors�through�
fine-tuning�on�synthetic�data



2.�SALTED�approach
- CHECKLIST(Ribeiro�et�al.,�2020)

- A�process�to�construct�test�cases�for�evaluating�different�linguistic�capabilities

- Limitations:
1. There�could�be�multiple�valid�translations�of�the�same�input

2. Errors�are�highly�contextual:�the�same�phenomenon�may�be�translated�accurately�in�one�sentence,�but�inaccurately�
in�another

3. Errors�are�unstable:�different�model�iterations�may�manifest�errors�in�different�sentences

4. Errors�are�rare:�a�particular�mistranslation�may�manifest�itself�only�once�in�a�million�sentences

à Test�set을 만드는것은 challenging

à Test�cases를 만드는대신 detectors를 생성

à detectors:�an�algorithm,�which�given�an�input-output�sentence�pair�returns�a�boolean value�indicating�the�
presence�of�an�error�condition�with�very�high�precision



3.�Behavior�Specification�for�MT
- Detector를 만들기위한첫번째과정

- 특정한 salient�content,�property들의번역에대해서모델이반드시잘번역해야하는 desired�behaviors들을구체화 (잘
번역되지못했을때심각한문제가생기는요소들로한정)



4.�Designing�Detector�Algorithms
- Three�detector�construction�process:

- 앞선 7가지 specifications 중 하나씩차례로다음과정을
iteratively�거침

1. Behavior�specification

- Desired�behavior를 찾아냄 (10�feet�->�10�meters,�10�miles�->�
16km는모두 error)

2. Resource�construction

- Transformation�Table을 구축

 relevant�source�tokens가 its�set�of�potential�translations에 잘
mapping되는지확인

3. Checking�for�specified�behavior

- Detector는 transformation�table 내의토큰이소스에등장할때, 그에
매핑된단어가타겟이되는지를체크

à 각프로세스들은 human�evaluation을 통한 error�detection의
정밀도를정량화하여 iterate됨

à a�large�initial�set�of�monolingual�source�sentence,�MT에대해
absolute�precision을 얻을때까지위과정을 iterate



4.�Designing�Detector�Algorithms
- Iterations�vs�precision:

- 매 iteration마다 detector를 1M�random�sample에 적용 ->
100개의 flagged�cases에 대해 human�eval�실시, precision�측정

- Iteration�1:�A�number�of�false�positives를 발견 (e.g.�idiomatic�
expressions�“missed�by�a�mile”,�approximations�“a�few�yards�
further”),�즉 detector가 맞게번역된애들을잘못된애들이라고
예측해버림

- Iteration�2:�Error�detection의 범위를 numeric�measurements�
only로 좁힘 -> higher�precision

- Iteration�3:�Added/fixed�entries�to�avoid�FP

->�human�eval에서 precision이 100이되면멈춤

-> high-precision을 지니는 detector 만들기완료!



4.�Designing�Detector�Algorithms
- Full�Suite�of�Detectors

- Token-level�Detectors:

- Physical�units,�Currencies,�Large�numbers,�Web�terms,�Numerical�values

- Numerical�values:�fixed�transformation�table�대신인스턴스마다의 transformation�
functions 활용.�숫자만추출한후숫자변환 format에 대해변환해야함 (time�format�change,�
change�of�separators,�decimal�point�change,�number�system�change�etc.)

- Sequence-level�Detectors:

- Coverage�detector:�src-tgt의 content�words끼리 align으로연결,�unaligned�content�words
가 threshold를 넘으면 error�(소스문장길이의 k%를넘으면 errorneous case로 간주)

- Hallucinations:�oscillatory�+�natural�hallucinations

- (oscillatory)�빈도수가가장높은 bigram이소스에서 4번이상등장,�타겟에서 10번이상등장할경우 error

- (natural)�동일한 output에 대해길이가다른 source�text가 5번이상나타나면 error
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Detector Output Examples



5.�Experiments
- Long-tailed�error는 0.3%�등장할정도로 rare하지만,�NMT에서는꽤나만연하게등장하는유형들임



5.�Experiments
- Unfiltered�(UN-F):�EN-DE�로 학습시킨일반 NMT�모델

- Standard�(STD-F):�Wu�et�al.,�(2020)에서활용한 filtering�method를
활용

- Detector-based�(DB-F):�이 논문의 detectors를 통해 filtering
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à BLEU,�TER은 Unfiltered�case가 가장좋음

à 그러나 Hallucination�등 전체적인 detectors에서는 filtering한 결과가
더낮은 error를 report

à standard�metrics로는이런 error들을잘찾아내지못함을발견



5.�Experiments
- Unfiltered�(UN-F):�EN-DE�로 학습시킨일반 NMT�모델

- Standard�(STD-F):�Wu�et�al.,�(2020)에서활용한 filtering�method를
활용

- Detector-based�(DB-F):�이 논문의 detectors를 통해 filtering

1.�UN-F�VS�STD-F
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à 그러나 Hallucination�등 전체적인 detectors에서는 filtering한 결과가
더낮은 error를 report

à standard�metrics로는이런 error들을잘찾아내지못함을발견

2.�DB-F�VS�UN-F/STD-F

à BLEU,�TER�등에서 improvement를 보임

à동시에,�STD-F와 유사하게낮아진 error가 detect됨
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1.�Introduction
- Abstractive�summarization:�주어진 document에 대해 summary를 생성하는 task

- Limitation:�Summaries�should�select�information�with�respect�to�preferences�of�a�user

- e.g.�NBA�농구경기에대한문서àmatch�result에 대한 summary를 생성,�but�users는 특정농구스타에대한정보를
알고싶을수있음

- In�this�paper,

1. Controllable�summarization�which�allows�the�users�to�manipulate�the�summaries�from�the�model

2. Introducing�CTRLSum,�a�framework�to�control�summaries�through�control�tokens in�the�form�of�a�set�of�
keywords�or�descriptive�prompts

- Overview:

Training�à source�document,�keywords(external�guidance)를 활용해 summary 생성

Inference�à with�keywords�and�optimal�prompts, summary�생성



- CTRLSum

2.�CTRLsum



2.�CTRLsum
- Automatic�keyword�extraction

- Source�document에서키워드를찾기위해 GT�summary를 활용

- (1)�reference�summary마다 rouge�score가 가장높은문장들을선택

- (2) 추출된문장들중 reference�summary와 매치되는가장긴 sub-sequences를 추출

- (3) duplicate�words�and�stop�words�제거

à few�salient�words를 추출하는것보다 summary�내 most�content�words를 찾아낼수있음

àUser�provided�keywords가 summary�생성시무시되지않도록유도

- BERT-based�sequence�tagger�학습:�[input]�document�[output]�keywords

- Tagger는 token마다의 selection�probability(q!)를 계산à문장마다의 average�token�selection�probability를 계산
한후,�probability가 높은순서대로문장 𝑛"개추출à이문장들내에서, maximum�number�m#$% 까지 𝑞! > 𝜀 인경우
를추출 (𝑛",�𝑞!,�𝜀는하이퍼파라미터)



2.�CTRLsum
- Summarization:�Training�details

- Maximize�𝑝 𝑦 𝑥, 𝑧 * 𝑥:document,�𝑧:keyword
- Keyword 무시를방지하기위해 separator�“|”�추가

- Keyword에 대한지나친 dependency로 인해 novel�words�생성어려움à randomly�drop�keywords�at�training�
time�(only�at�training�time)

- Summarization:�Inference�with�keywords
- Entity�Control:�summaries�that�focus�on�entities�of�interest

- Length�Control:�user-specified�length�parameter

(1) Summary�길이에따라 training�data를 동일한 example�개수를지닌 5�buckets로 분할

(2) 각 bucket마다의 keywords�평균개수를구함

à사용자는제시된 keyword를 최대몇개포함할지를선택함으로써 length를조절



3.�Experiments
- Oracle�entity:�GT�summary에서부터얻은 keywords로 summarization�수행

- The�use�of�oracle�entities�helps�boost�the�ROUGE-2�score�by�3.6�points�compared�with�using�
automatic�keywords



3.�Experiments
- Success�rate:�the�fraction�of�decoded�summaries�that�actually�mention�the�given�entity

- Factual�Correctness:�s�the�fraction�of�summaries�that�are�judged�as�factually�correct�by�human�annotators

- Entity�중요도여부와관계없이사실적으로일관된요약을생성함을확인



3.�Experiments
- Mean�of�absolute�deviation�(MAD):�deviation�of�output�length�from�reference�length

- Pearson�Correlation�Coefficient�(PCC):�correlation�between�given�length�signal�and�actual�output�length
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1.�Introduction
- Controllable�text�generation�focuses�on�controlling�the�structure�of�the�output�summary

- Input:�reviews�on�the�research�paper,�control�sequence:�“abstract�|�strength�|�decision”

->�summarizes�the�contents�of�the�paper,�followed�by�a�sentence�discussing�the�strengths,�then�
the�last�sentence�giving�the�final�decision

- Motivation:

- Previous�works�mainly�focus�on�improving�the�summary’s�similarity�with�the�gold�reference,�leaving�room�
for�further�improvement�on�the�controllability

- autoregressive�models�can�suffer�from�error�propagation�in�generation�due�to�self-attention

->�if�the�previous�sequences�are�not�well-controlled,�subsequent�generations�may�deviate�further�from�the�
desired�output

- In�this�paper:

- They�enhance�the�structure-controllability�in�summarization

- Introducing�Sentence-level�Beam�Search�(SentBS)�method



2.�Method

(1) SentBS generates�k�sentence�options�in�parallel�using�multiple�decoding�strategies

Sequence likelihood: log-likelihood of each 
generated token from the decoder, and then 
calculate the normalized sequence log-
likelihood by averaging the loglikelihood for all 
tokens in the sequence
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2.�Method

Control�sequence:�“abstract�|�strength�|�decision”

(1) Generate�the�first�“abstract”�sentence

(2) Get�classification�score�on�both�“abstract”�and�“strength”�for�the�second�sentence

(3) Assign�the�label�with�higher�probability�to�it

(4) second�sentence�is�assigned�a�label�of�either�“abstract”�or�“strength”,�depending�on�the�generated�content

(5) subsequent�sentences�until�the�model�gives�the�stop�signal



3.�Experiments
Dataset:�MReD dataset�(Shen�et�al.,�2022)

->�Each�sentence�in�the�target�meta-review�is�annotated�
with�a�category�label�(“abstract”,�“strength”,�“weakness”,�
“suggestion”,�“rating�summary”,�“rebuttal�process”,�“ac�
disagreement”,�“decision”,�and�“misc”)

Sent-Ctrl:�문장마다의 label을 활용하는 setting

Seg-Ctrl:�segment마다의 label을 활용하는 setting

- Human�eval:�structure�similarity

- Edit�distance�between�summary�structure�and�the�gold�
structure



3.�Experiments

- Beam�Search�generation�results�on�MReD using�Sent-Ctrl�with�increasing�beam�sizes�à 4에서가장좋음

- Human�evaluation�results



Conclusion
1.�SALTED:�A�Framework�for�SAlient Long-tail�Translation�Error�Detection

- Oral�presentation

- Keywords:�neural�machine�translation,�quality�estimation,�error�detection

à long�tail�problem을다루며,�실제 field에도적용될여지가높음.�반드시다루어야할 critical�errors를 이논문에서다룸

2.�CTRLsum:�Towards�Generic�Controllable�Text�Summarization

- Poster�presentation

- Keywords:�summarization,�keyword�control,�length�control

à summarization의 practical�application을 위한논문,�user의 preference를 고려

3.�SentBS:�Sentence-level�Beam�Search�for�Controllable�Summarization

- Short�paper

- Keywords:�summarization,�decoding�strategy

à어떤 seq-to-seq 모델에도추가로활용할수있음.�Retraining�없이도성능을 significantly향상
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