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Introduction

• Hallucination이 발생하는현재의 LLMs

• LLM�이 얼마나,�어느정도로,�어떤종류의
Hallucination을 발생시키는지확인할수있는
Benchmark가 중요함

https://arxiv.org/pdf/2305.11747.pdf



HaLuEval Benchmark

https://arxiv.org/pdf/2305.11747.pdf



HaLuEval Benchmark

• Human�Labeler• ChatGPT

https://arxiv.org/pdf/2305.11747.pdf



Experiments

• Experimental�Setup

• Models:�GPT3-davinci,�text-davinci-002,�text-davinci-003,�ChatGPT
• Tasks:�Summarization,�QA,�Dialogue,�General�

https://arxiv.org/pdf/2305.11747.pdf



Experiments

• Hallucination�Recognition

1. LLM�들은텍스트에내재된 Hallucination을 잘인지하지못함
2. LLM들은특히정답과비슷한형태를띄지만작은범위의키워드가틀릴경우를잘인지하
지못함
(i.e.,�정답:�U.S.�Highway�60�vs.�잘못된답:�U.S.�Highway�70)

https://arxiv.org/pdf/2305.11747.pdf



Experiments

• Hallucination�Recognition

Type1:�Comprehension
Type2:�factualness
Type3:�Specificity
Type4:�Inference

https://arxiv.org/pdf/2305.11747.pdf



Experiments

https://arxiv.org/pdf/2304.10513.pdf



Experiments

• Hallucination�Recognition

1. Comprehension�Error�타입이많은데,�query의 의도를잘못해석하여답한케이스가많
다는것임.�모든 QA,�Dialogue�태스크에서는 entity를 단순히바꾸는정도의대답을하는
경우가많았다고함

2. Text�summarization경우에는 source에 반영하여요약하지않고기존에학습한지식을
반영하여답을한경우가많았음

3. 이는 LLM들이 factual�hallucination 인지아닌지판단하고자할때관련지식을잘못가져
오는것이라고해석될수있음

Type1:�Comprehension
Type2:�factualness
Type3:�Specificity
Type4:�Inference



Experiments

• Hallucination�Recognition

1. ChatGPT의 경우 Hallucination에 관한질문을할때이를잘파악
하는 topic이 있음

2. ChatGPT는 film,�company,�band등에관한토픽일경우잘모르
는경우가많음

3. 또한아이러닉하게도 technology,�language�등에서의
hallucination을 많이구별하지못했음



Experiments

• Improvement�Strategies

1. LLM에관련된지식을넣어주면 hallucination이 훨씬줄어듦
2. CoT는 QA나 Dialogue에서 LLM의 Hallucination을 구별하는성능을떨어트리는모습을보여주지
만,�Summarization에서는성능이올라감

3. Hallucination을 구별해주는 Sample을 미리주면더헷갈려하는상황이발생하였음



Mitigating Language Model Hallucination with 
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Introduction

• Hallucination이 발생하게되면 retrieval-in-the-loop�method�를 사용하여해결하려는접근이있었음
• commonly�referred�to�as�retrieval-augmented�generation�(RAG)
• Knowledge Base를 참조하면서 evidence를 generation에 이용한다는장점이있음

• 그러나,�아직도 hallucination�을 일관적으로제거했다고말할수없음.�
1. 특히,�생성된텍스트가찾아온문서로부터나온것이아닐경우,�
2. 찾아온문서를아예쓰지않는경우등

• 그이유는 user의 question과 stored�knowledge와의misalignment때문이라고함
• Knowledge�base와 LM을통합하는과정에서지속적인간극이있다!

https://arxiv.org/pdf/2305.13669.pdf



Method

• MixAlign
:�a�framework�that�interacts�with�both�the�user�and�the�knowledge�base�to�acquire�
clarifications�on�how�the�user’s�question�relates�to�the�stored�evidence.��

https://arxiv.org/pdf/2305.13669.pdf



https://arxiv.org/pdf/2305.13669.pdf

• MixAlign
:�user의 question�표현과저장된 knowledge의간극을줄이며,�불명확한 query일때,�이를명확하게해줌

Method



https://arxiv.org/pdf/2305.13669.pdf

1. Model-based�Question-Knowledge�Alignment
• Question을먼저입력받으면,�이 질문을 SQL�
query형태로바꿈.

• 그다음,�데이터베이스에 attribute�name들에
채워진 value가 있는지찾아봄

• 찾아낸 value와같거나혹은 co-reference되는
value가 DB에있는경우를찾음

• 이를기반으로 value를 수정하여 question-
refining을진행함

Method



https://arxiv.org/pdf/2305.13669.pdf

2. Human-assisted�Question-Knowledge�Alignment
• 가장정답을다르게만들수있는 attribute을 고름

>�이미 question에 나온 attribute,�그리고 ID�
attribute�은 제거

>�그 다음,�가장 Unique value의개수가많은
attribute을 고름

• 해당 attribute를 기준으로 question을
수정함

Method



https://arxiv.org/pdf/2305.13669.pdf

• Experimental�Setup

• Datasets:�FuzzyQA 데이터셋만듦 (HybridDialogue,�MuSiQue 기반)
• Models: GPT-3-text-davinci-003,�RALM,�CLAM
• Metrics:�
1. Coverage:�생성한답변에 gold�answer가 있는지
2. Hallucination:�정답과질의에없는 value가 생성한답변에있는지

Experiments



https://arxiv.org/pdf/2305.13669.pdf

• Evaluation�with�Controlled�Knowledge�Groundings

Experiments

Q1:�Do�state-of-the-art�Language�Models�(LMs)�still�
hallucinate�even�when�provided�with�accurate�knowledge�
grounding?

Q2:�How�does�the�presence�of�redundant�irrelevant
groundings�impact�LM�hallucination?

Q3:�How�does�the�alignment�between�a�user’s�question�
and�the�stored�knowledge�affect�LM�hallucination?�Is�this�
alignment�necessarily�related�to�question�complexity?



https://arxiv.org/pdf/2305.13669.pdf

• Overall�Evaluation

Experiments



PURR: Efficiently Editing Language Model Hallucinations
by Denoising Language Model Corruptions
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Introduction

• Hallucination이 발생하게되었을때,�이를 Post-hoc�Method 기반으로수정하려는접근들이있었음
• 이러한접근은어떠한 generation�model을썼어도적용가능하다는장점이있음

• LLM들은이런식으로 editing�하기위해서단순히 few-shot�prompting만진행하면된다는장점과
그에수반되는막대한비용이있음

• 그에반해,�작은모델들은 fine-tuning�방법으로비용을최소화할수있으나,�특정도메인에대한데이터
만학습할경우에나타나는한계가있음 (generalization)

• 본연구에서는,�LLM과작은모델들을이용하여이간극을줄임

https://arxiv.org/pdf/2305.14908.pdf



Problem Formulation

https://arxiv.org/pdf/2210.08726.pdf

1. Editing for Attribution

2. 먼저,�Textual�Statement�𝑥가들어오면,�이를기반으로
attribution�report�𝐴를생성함
(Attribution Report 는 evidence�snippet들이고,��𝑥가근거
로할것같은진실된정보들 )

3. System은그러면 𝐴를기반하여 𝑥의이상한점을수정한 𝑦를
생성해야하는 Task임

Attribution�Score는 x와 y가 A에얼마나근거하고있는지를봄
Preservation�Score는 x가 얼마나 y로많이바뀌었는지



Method

https://arxiv.org/pdf/2305.14908.pdf

1. Petite�Unsupervised�Research�and�Revision�(PURR)



Method

https://arxiv.org/pdf/2305.14908.pdf

1. Petite�Unsupervised�Research�and�Revision�(PURR)
• Creating�Training�Data�via�Noising

1) Question이 들어오면,�그 question과 관련된웹페이지들의 passage들을모두모음
2) 그 다음,�cross-encoder�를 이용하여가장높은점수를가진 evidence들을 gold라고가정함
3) 나머지 passage들은 hard-negative라고가정
4) 그 다음,�LLM이 gold�evidence�set을 요약하라고 prompting되고,�요약된 statement를 y라고
정의

• Noising�and�Conditional�Denoising
1) LLM을이용하여 y를 corrupt�시키라고하면이것이 statement�x가됨



Method

https://arxiv.org/pdf/2305.14908.pdf

1. Petite�Unsupervised�Research�and�Revision�(PURR)



Method

https://arxiv.org/pdf/2305.14908.pdf

1. Petite�Unsupervised�Research�and�Revision�(PURR)

- PURR를 T5-large로 Finetuning



Method

https://arxiv.org/pdf/2305.14908.pdf

1. Petite�Unsupervised�Research�and�Revision�(PURR)

- QGen Model은 Statement가 주어지면 Question�을
생성하는 Distillation�모델을사용함



Experiments

https://arxiv.org/pdf/2305.14908.pdf

• Primary�Quantitative�Results



Experiments

https://arxiv.org/pdf/2305.14908.pdf

• Breaking�Down�the�Numbers



Experiments

https://arxiv.org/pdf/2305.14908.pdf

• Qualitative�Analysis



Experiments

https://arxiv.org/pdf/2305.14908.pdf

• Qualitative�Analysis


