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메인 기준으로 Hallucination Paper는 10편 이상..?

그런데 대부분은 Evaluation, Detection, 그리고 벤치마크 생성에 집중함..

완화를 다루는 논문으로 3개 논문이 있었으며, 그 중에서 2개를 선택



3

Hallucination Mitigation in Natural Language Generation from Large-Scale Open-Domain Knowledge Graphs



Overview
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기존�그래프는�small-scale,�human-annotated�datasets�with�limited�variety�of�graph�
shapes
→�Graph-to-text�task에�있어서�not�more�realistic�large-scale�open-domain�settings

제안�1: GraphNarrative데이터셋,�Graph-to-Text�for�open-domain�setting
→�Finetuned�Transformers가�SOTA�성능을�거두긴�했는데�여기서�Hallucination�문제�발견

제안�2:�Trimming�the�sentence to�eliminate�portions�that�are�not�present�in�
corresponding�graph�using�dependency�parse�tree



Graph-to-Text
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Graph�to�text�generation�task�entails,�given�a�subgraph�𝓖	⊂ 𝐺 (a�small�fragment�of�
triples),�generating�a�token�sequence�(𝑦! , … , 𝑦")�to�describe�𝐺.

In�graph-to-text�generation,�the�preciseness�and�naturalness�of�the�textual�narration�
of�graph�fragments�is�important.

WebNLG,�EventNarrative,�TEKGEN..�현실적인�세팅이�아니며,�상당히�단조로운�형태임

→�This�paper�introduces�GraphNarrative,�a�new�dataset�that�fills�the�aforementioned�
gap�between�graph-to-text�models�and�real-world�needs.�



GraphNarrative
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GraphNarrative consists�of�around�8.7�million�(input�graph,�output�text)�pairs
→�Wikipedia�sentence
→�Freebase�(2008)의�entities와�relationships로�문장을�설명함.
→�양이�더�많고�복잡하게�구성해서�더�real-world에�가깝다…
ex)�87만개의�페어,�7,920개의�topological�shapes를�지님.�그�중에서�22%는�star�
shape이며,�다른�KG에서는�94,�96%를�차지함.



How to make?

7

Wikipedia sentence 𝑊
the corresponding subgraph 𝐺 in Freebase
to form a graph-sentence pair (𝐺,𝑊)

Step 1. Entity Linking
Mapping a span of tokens in 𝑊 to an entity 𝑒 in Freebase
- 4,408,115 (one-to-one mapping)
- Using coreference resolution (McCarthy and Lehnert, 1995), wikification (Csomai and Mihalcea, 
2008), and Wikipedia-to-Freebase entity mapping

Step 2. Edge Detection
if Freebase contains only one edge between them, our simple method assumes the corresponding 
relationship is described in 𝑊

If Freebase has multiple edges between them, we include the edge whose label tokens overlap with 
𝑊.. 그래도 남아있다? we include the edge that is most frequent in Freebase.



특별한 점?
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1)�Scale�and�variety�of�entities�and�relations.
- GraphNarrative contains�8,769,634�graph-sentence�pairs,�1,853,752�entities,�15,472,249�
triples,�and�1,724�relations�from�84�Freebase�domains

2)�Linguistic�variation
- A�model�to�learn�from�many�Wikipedia�authors’�diverse�narrations

3)�Graph�structure�complexity
- 7,920�distinct�topological�shapes�based�on�graph�isomorphism.
- Furthermore,�only�22%�of�the�instance�graphs�are�star�graphs



Hallucination in G2T
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Hallucination�발생!!
기존�SOTA�PLM을�쓰니까�생기더라
트리플이�주어졌음에도�전혀�존재하지�않는�(extrinsic)�hallucination이�발생

g:�{(Neff�Maiava,�date�of�birth,�01�May�1924),�(Neff�Maiava,�date�of�death,�21�April�
2018)}
→�t:�“Neff�Maiava (1�May�1924�- 21�April�2018)�was�an�Albanian�actor”

문제1:�생성하라고도�안�했는데�만듦�(Faithfulness�hallucination)
문제2:�사실이�아닌�것을�만들어�버림�(Factuality�hallucination)

[IITP�2024�과제�계획서]
Faithfulness�Hallucination(or�intrinsic�/�user�input-conflict�/�context-conflict)�:�User�
Input�(e.g.,�instruction,�task,�retrieved�knowledge,�etc)에�대해서�주어진�정보와�불일치한�
결과,�스스로�생성한�결과에�대해서�inconsistency,�instruction�불이행�등

Factuality Hallucination(or extrinsic / fact-conflicting): User Input으로는�판단하기�어려운�
신뢰할�수�없거나,불확실한�정보,실제�사실과는�다른�내용을�생성하는�결과�등



Hallucination in G2T
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데이터�퀄리티가�영향을�주기는�함.�(Data-related)

Hallucinated�facts�are�seldom�found�in�the�clean,�manually-crafted�WebNLG but�are�present�in automatically�
extracted�graph-text�pairs�in�TEKGEN�due�to�extraction�errors.

Data-related�해결책으로,�One�is�to�improve�our�graph-text�alignment�method
→�The�graph�extracted�from�a�piece�of�text�during�alignment�may�miss�certain�entities�or�relationships�due�
to�either�extraction�errors�or�disparities�between�the�text�corpus�and�the�knowledge�graph.

그렇지만,�this�method�has�an�inherent�limitation—since�a knowledge�graph�in�real-world�is�often�far�from�
complete

기존엔�어떻게�했는가?
(1) further�fine-tuning�PLMs�on�WebNLG after�fine-tuning�on�noisier�automatically�extracted�datasets.

(2)�filtering�out�training�instances�when�the�ROUGE-1�scores�between�the�input�and�the�output�fall�below�a�certain�
threshold

그러나,�명확히�환각을�줄일�수�있다는�검증은�없으며,�정량적으로�확인할�수도�없음.



Sentence Trimming
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𝑊를�subgraph�𝐺에�없는�일부를�삭제하면서�main�idea는�
유지할�수�있도록�Trimming

1) Parsing�W�to�generate�its�dependency�parse�tree�
𝑊#$%% using�spaCy

2) Each�triple에�대해서�shortest�dependency�path�
(SDP)�between�𝑠 and�𝑜

3) 모든�트리플�내의�SDP에서�모든�토큰�중에서�sentence�
𝑊기준으로�leftmost�position�index�(min_𝑝𝑜𝑠)와�
rightmost�position�index�(max _𝑝𝑜𝑠)를�찾음

4) 𝑊는�시퀀스�형태로�min_𝑝𝑜𝑠와�max _𝑝𝑜𝑠까지의�범위를�
지니도록�trimming



Sentence Trimming
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𝑾: FlyBack is an open-source Backup Software for Linux based on Git and 
modeled loosely after Apple’s Time Machine.

𝑮: {(FlyBack, software_genre, Backup Software), (FlyBack, 
operating_system, Linux),
(FlyBack, basis, Git)}

→ Apple과 Time machine은 이미 mapping 단계에서 사라짐.

SDPs: (1,2) (1,2,3,4), (1,2,5,6,7)

min_pos: Flyback
max_pos: Git

W_trim: FlyBack is an open-source Backup Software for Linux based 
on Git and modeled loosely after Apple’s Time Machine.

일반적인 DPT라면
Back Software도 분리한 head entity
그러나 여기서 적용한 DPT는 별도의 전처리 과정을 거쳐서 단일 토큰화



Results
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HE:�그래프에는�없었으나�문장으로�만들어진�엔티티�(Factuality�Hallucination)
ME:�그래프에는�있었으나�문장에는�없는�엔티티�(Faithfulness�Hallucination)
HR:�그래프에는�없었으나�문장에는�언급된�관계�(Factuality�Hallucination)
MR:�그래프에는�있었으나�문장에는�없는�관계 �(Faithfulness Hallucination)

G:�문장�당�평균�문법�오류�수
à a�scale�of�1-5:�5�(no�errors),�4�(one�error),�3�(two�to�three�errors),�2�(four�
to�five�errors),�and�1�(more�than�five�errors).



Results
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Critic-Driven Decoding for Mitigating Hallucinations in Data-to-text Generation



Overview
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기존에�NLI-based�metrics (Honovich et�al.,�2021;�Dušek and�Kasner,�2020)�중에서�text�
classifiers를�활용한�접근이�많았음.

그러나,�Hallucination�정도를�Detect하거나�결과물을�re-ranking하는�것에�그침.

Combining�the�probabilistic�output�of�a�generator�language�model�(LM)�with�the�output�
of�a�special�“text�critic”�classifier를�제안

→�Guiding�the�generation�by�assessing�the�match�between�the�input�data�and�the�text�
generated�without�any�changes�to�the�underlying�LM’s�architecture�or�training�
procedure



Critic-decoding
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LM�모델의�조건부확률�계산식에�Critic�‘c’를�포함하여�계산
The�output�of�the�critic�c�can�be�seen�as�a�binary�variable,�equal�to�1�if�the�text�matches�the�input�data�
and�0�otherwise

Generation�of�text�‘y’는�representation�x와�critic�c를�바탕으로�함.
Using�simple�probability�transformations을�통해서�아래의�독립변수의�확률�곱을�얻을�수�있음

Left:�The�probability�of�the�match between�the�text�and�the�data�as�evaluated�by�the�critic�
model

Right: The�probability�of�a�standard�conditional�LM



Critic-decoding
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i th token�y를�생성하는�경우,�이전�토큰인�(i-1)�th token�y까지의�값은�고정,�the�critic’s�score�
for�the�previous�tokens�P(c|y≤i−1,�x)�is�a�constant�(독립임)



Critic-decoding
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Binary�classifier는�each�decoding�step마다�적용되며,�현재까지의�생성�결과가�타당하다고�가정하고�이후�
생성에�대한�평가가�이루어짐.�Critic�모델은�LM�모델의�훈련과는�별도로�훈련�가능함�(조건부�독립).
→ �P(c|y≤i,�x)에�근사할�수�있는�별도로�학습된�Additional�critic�model을�활용함.

Implementation�operates�on�logarithms�rather�than�raw�probabilities�and�uses�an�additional�
weight�λ
→�가중치�조정을�통해서�critic�모델의�영향도를�조절하기�위하고�디코딩�단계에서�계산�단순화를�위함.



Critic-model Training
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Positive�instances�for�the�critic’s�training�are�constructed�from�examples�(x,�y)�in�the�underlying�LM’s�
dataset�as�prefixes:�(x,�y1),(x,�y≤2),(x,�y≤3),�...,(x,�y≤n).

Negative�examples�must�be�synthesized�and�are�crucial�for�training�the�critic,�as�they�teach�it�how�to�
detect�that�the�generated�text�starts�deviating�from�the�input�data�
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Takeaways
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1.�Mitigation�연구�상태가…?�
-특정�벤치마크나�케이스�/�LLM..?�/�평가�방법과�중복�/�정량평가와�Confounder�/�3편�모두�KG

2.�Data�+�Training�<->�Inference�
-애초에�안�나오게�하는�연구?�나온�것을�고치는�연구

3.�Mitigation은�아직�할�것이�많아�보임.�연구한다면,�정량화�방법을�반드시�고려


