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1.�Introduction
• A�major�open�challenge�of�LMs:
- LMs�still�hallucinate by�making�up�facts�or�citing�sources�
that�do�not�exist
- Sounding�extremely�plausible

• Hallucination�in�LMs:�attributed�to�knowledge�gaps
àMitigation�through�retrieval�over�knowledge�bases

• LMs�only hallucinate�when�they�do�not�“know” a�fact?
àLMs�generate�incorrect�answer,�‘then’�justifies�it
by�making�incorrect�assertions
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1.�Introduction
• In�this�paper,

• Three�QA�dataset�construction�to�study�this�behavior�empirically
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1.�Introduction
• In�this�paper,

• Three�QA�dataset�construction�to�study�this�behavior�empirically

95%�à Yes/No로�시작

Incorrect�answer�­>�
incorrect�explanation

Incorrect�explanations�are�
presented�alone�­>�model�
recognize�it�as�incorrect

Hallucination�Snowballing

• LMs�produce�snowballed�hallucinations�for�consistency�with�earlier�hallucinations
• They�recognize the�snowballed�hallucination�is�incorrect�when�presented�in�isolation
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2.�Why�do�we�expect�hallucination�snowballing?

• Why�do�we�expect�hallucination�snowballing?
• LM이왜 hallucination snowballing에 취약한지설명

• Hypothesis:�“snowballing�will�occur�on�questions�with�two�key�properties”
1.�Initial�committal:�The�prompt�leads�the�LM�to�first�state�an�answer (Yes/No)
à once�the�LM�generates�Yes�or�No�(often incorrectly),�that�token�remains�in�the�context
à coherent�description�is�generated�for�the�subsequent�justification

2. Inherently�sequential:�Transformers�cannot�find�the�answer within�one�timestep�
because�of�their�limited�reasoning�abilities�within�one�timestep

à Transformer�must�use�one�step to�answer�a�question�that�requires�multiple�timesteps�to�
answer�correctly

à Sometimes�it�commits�an�incorrect�answer
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• Three�QA�datasets�:�primality�testing,�senator�search,�graph�connectivity
• Primality�testing:�x는�prime�number입니까?
• Senator�search:�x주를대표하고모교가 y인상원의원이있습니까?
• Graph�connectivity:�12�flights�among�14�cities�제시,�x도시에서�y도시로�갈�수�있습니까?

• Each�containing�500�yes/no questions
• If�the�model�chooses�the�incorrect�answer,�it�would produce�a�specific�claim�to�
support�it

• Testing�models:�ChatGPT,�GPT-4�(zero-shot)

3.�Experiments
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• LM�Recognition�of�Snowballed�Hallucinations
• LMs�recognize their�snowballed�hallucinations�by�verifying the�model’s�incorrect�
claims�in�the�output�against�the�model�itself?

• With�incorrectly�answered�question,�researchers�manually�extract�
(1) Incorrect�explanations
(2) Related�input�descriptions

• Then�researchers�ask�model�to�classify�whether�it�is�correct�or�not

3.�Experiments
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Verification�examples

11/39



• Results

• Low�accuracy�across�the�board
• ChatGPT:�All�models�achieve�less�
than�50%�accuracy�(exc.�senator)

• GPT-4: performs�worse

à Models�notice�their�incorrectness�
about�67.37%�and�87.03%,�
respectively.

3.�Experiments
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• Two�inference�strategies�in�alleviating�hallucination�snowballing:�
(1) Prompting

(2) Decoding�or�training�methods

• Engineering�better�prompts
• Appending�the�following�text:

“Let’s�think�step-by-step”

• Senator�Search�task�perfectly
• Primality�Testing:�≤10%�err�rate�
• Graph�Connectivity:�≤30%�err�rate�

• Still�find�errors�on�generating�reasoning�chain

4.�Can�we�prevent�snowball�hallucinations?�
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• Algorithmic�Corrections

• Increasing�the�temperature: controlling sharpness�of�output�distribution

• +�Fine-tuning�on�backtracking�data�might�improve�model’s�performance�
(reasoning�chain)

4.�Can�we�prevent�snowball�hallucinations?�
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• New�definition:�hallucination�snowballing
• Demonstrating�its�prevalence�in�generations�from SOTA�models

• Their findings�point�risk�of�training�LMs�that�prioritize�fluency�and�coherence
indiscriminatively at�the�expense�of�factuality

• They encourage�future�work�to�study�remedial�actions�at�all�levels�of�model�
development.

5.�Conclusion
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1.�Introduction
• Online�discourse�surrounds�polarizing�issues
- climate�change,�gun�control,�abortion,�wage�gaps,�death�penalty,�taxes,�etc.
à promoting�democratic�values�and�diversity of perspectives
à However, this�reinforces�societal�biases

• Such�language�constitutes�a�major�portion�of�LMs�pretraining�data:
• News, forums, books, online encyclopedias,�etc. inevitably perpetuates�social�
stereotypes

• In�this�paper,
• Investigation�on�how�media�biases in�the�pretraining�data�propagate�into�LMs�and�
ultimately�affect�downstream�tasks
• fairness�of�misinformation�or�hate�speech�detection
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1.�Introduction
• Investigation�on�the�propagation�of�political�bias through�the�entire�pipeline from�
pretraining�data�to�LMs�to�downstream�tasks.

(1)�Empirically�quantify the�political�leaning�of�pretrained�LMs

(2)�Pretrain�LMs�on�different�partisan�corpora�to�investigate�whether�LMs�pick�up�
political�biases�from�training�data

à학습된�LM�마다�political�leaning이�각각�다름�(데이터가�준대로�편향)

(3)�Train�classifiers�on�top�of�LMs�with�varying�political�leanings and�evaluate�their�
performance�on�misinformation�detection�and�hate�speech�instances

à두 downstream�tasks에서도동일한편향이일관됨
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2.�Methodology
2.1.�Measuring�the�Political�Leanings�of�LMs
- Assessing�political positions on two axes:

- social�values�(Liberal ­ Conservative)
- economic�values�(left�­ right)

(1)�Human
• 62�political�statements
• Agreement�level�{STRONG�DISAGREE,�DISAGREE,�AGREE,�STRONG�AGREE}

(2)�LMs

• Prompt:�“Please�respond�to�the�following�statement:�[STATEMENT]�I�with�this�
statement.”

• Comparing�the�aggregated�probability�of�pre-defined�positive�(agree,�support,�endorse,�
etc.)�and�negative�lexicons�(disagree,�refute,�oppose,�etc.)

• Map�their�answers�to�{STRONG�DISAGREE,�DISAGREE,�AGREE,�STRONG�AGREE}
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2.�Methodology
2.2.�Measuring the Effect of LM’s�Political�Bias�on�Downstream�Task�Performance
- Impact�of�political�biases�on�downstream�tasks�with�social�implications�(hate�speech,�
misinformation�identification)

(1)�LMs

• Using�different�LMs�to�fine-tune�downstream�task�data�­ only�pretraining�corpora�is�
different
• Investigation�on�performance�difference
• Breaking�down�the�datasets�into�different�socially�informed�groups�à per-category�
performance�examination
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3.�Experimental Settings
• LM�and�Stance�Detection�Model:
- BERT, RoBERTa, distilBERT, distilRoBERTa, ALBERT, BART, GPT-2, GPT-3, GPT-J, LLaMA,�
Alpaca,�Codex,�ChatGPT,�GPT-4�+�variants

• Stance�detection�(political leaning�평가를위한 detector)
- 행위자의주장에대한대상의반응추출 ­ neutral,�positive,�negative
- Stance�detector의 reliability 검증à human�eval�결과: 0.97�accuracy�(Fleiss’�Kappa�0.85)

• Partisan�Corpora�for�Pretraining
- six�pretraining�corpora�of�comparable�sizes:�{LEFT,�CENTER,�RIGHT}�× {REDDIT,�NEWS}

• Downstream Task�Datasets
- Table 1
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4.�Results�and�Analysis
4.1.�Political Bias of Language Models

• LMs�do�exhibit�different�ideological�leanings�
à 4개의�영역에�모두�분포

• BERT�(+variants)�>�GPT:�socially�conservative
à BookCorpus (early corpus)�vs�CommonCrawl
(more�liberal)

à LMs�absorbed�liberal�shift�in�pretraining�data

• Stronger�bias towards social issues(y axis)
• Social�issue�discussion�volume is higher�than�
economic issues�(requires�background�
knowledge,�understanding)
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4.�Results�and�Analysis
4.1.�Political Bias of Language Models

• Qualitative�analysis Support “Tax�the�rich”

Clearly�against�to�“Tax�the�rich”

23/39



4.�Results�and�Analysis
4.2.�The�Effect�of�Pretraining�with�Partisan�Corpora

• Re-evaluated�political�leaning�of�RoBERTa and�GPT-2�after being further pretrained with 6
partisan pretraining corpora

• LMs�do acquire�political�bias�from�pretraining�
corpora

• Left-leaning�corpora�->�left/liberal�shift (vice
versa)

• However,�most�of�the�ideological�shifts�are�
relatively�small
à It�is�hard�to�alter�the�inherent�bias�present�in�
initial�pretrained�LMs
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4.�Results�and�Analysis
4.3.�Political�Leaning�and�Downstream�Tasks

• Overall performance:
• Base�RoBERTa +REDDITLEFT,�NEWS-LEFT,�REDDIT-RIGHT,�and�NEWS-RIGHT�corpora

• Left-leaning�LMs�generally�slightly outperform right-leaning�LMs
à The�political�leaning�of�the�pretraining�corpus�could�have�a�tangible�impact�on�overall�task�
performance

25/39



5.�Reducing�the�Effect�of�Political�Bias
• Political�bias�can�lead�to�significant�issues�of�fairness

• Models�with�different�political�bias�have�different�predictions�(offensive/misinformation�or�not)
à It�can create a skewed�representation�of�the�overall�situation

• Two strategies�to�mitigate�the�impact�of�political�bias�in�LMs

(1) Partisan�Ensemble:
- combination,�or�ensemble,�of�pretrained�LMs�with�different�political�leanings
- This�is�to�take�advantage�of�their�collective�knowledge for�downstream�tasks.
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5.�Reducing�the�Effect�of�Political�Bias
• Political�bias�can�lead�to�significant�issues�of�fairness

• Models�with�different�political�bias�have�different�predictions�(offensive/misinformation�or�not)
à It�can create a skewed�representation�of�the�overall�situation

• Two strategies�to�mitigate�the�impact�of�political�bias�in�LMs

(2)��Strategic�Pretraining:
- Opportunity�to�create�models�tailored�to�specific�scenarios
- Great�improvements�in�specific�scenarios,�but�curating�ideal�scenario-specific�pretraining�corpora�
may�pose�challenges
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6. Conclusion
• A systematic�analysis�of�the�political�biases�of�LMs
• LMs�may�have�different�standards�for�different�hate�speech�targets�and�misinformation�
sources�based�on�their�political�biases

• LM의 political�bias를 pretraining의 관점에서측정,�downstream�task까지흘러가면서 bias가 주는
영향을평가했다는점에서큰 contribution
• 다양한언어모델을 political�bias�측면에서비교분석
• 의도치않은 bias는 downstream task의 성능악화로도이어질수있음을시사

• 의문점
• Political�bias를 다르게구성한데이터셋에대해학습한 LM에대해 downstream�task�fine-tuning�시킴

à반드시 bias 때문인지확실히할수없음 (e.g. 데이터가 left인경우더고품질일수도있음)
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1.�Introduction
• Text�detoxification:�rewriting�text�to�be�less�toxic�while�
preserving�non-toxic�meaning

• This paper presents�MARCO(Mask�and�Replace�with�Context):
- An�unsupervised�algorithm�for�text�detoxification that�
combines�mask-and-replace�text

- LM-(non-toxic�data)�+�LM-(toxic�data)�함께�활용�
à Identifying�which�tokens�most�likely�contribute�to�the�overall�
toxicity

à suggest�replacements�that�lower�toxicity

- It outperforms SOTA�baselines
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2. Text�Detoxification�with�MARCO
• MARCO: Unsupervised approach to text detoxification

• 2 steps:�(1)�Masking,�(2)�Replacing

• Expert and Anti-Expert LMs
• Denoising�autoencoder�LMs�(AE-LMs)�기반 (mask-reconstruct)
• Using three models:

• Base�pretrained AE-LM�G
• Expert�AE-LM�G+à LMs�finetuned�on�a�non-toxic�corpus
• Anti-expert�AE-LM�G-à à LMs�finetuned�on�a�toxic�corpus
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2. Text�Detoxification�with�MARCO
• Contextual�Masking

• Identification�of�location�that�could�convey�toxic�meaning
• These�could be words or phrases

• Given�a�sequence�𝑤,�for�every�token�𝑤! ∈ 𝒘
• Temporarily�mask�𝑤!,�generate�probability�distributions�over�the�voca for�that�location�
from�G+�and�G- (P+,�P-,�respectively)

• Computation�for�the�distance�between�P+�and�P-:�JSD(Jensen-Shannon�divergence)�- a�
symmetric�form�of�KL�divergence

• Normalizing all distances�by�the�mean
• Mask�all�𝑤! whose�distance�𝑑! is�above�a�threshold�𝜏
• Resulting�sequence�𝒘𝒎
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2. Text�Detoxification�with�MARCO
• Contextual�Replacing

• After�masking�potentially�toxic�tokens,�MARCO�replaces�them�with�more�begin tokens

• Given�𝒘 and�𝒘𝒎 à autoregressively�produce�a�rewrite�𝑔

• Given�previously�generated�tokens,�𝒘 and�𝒘𝒎

• Next-token�unnormalized�log�probabilities�(logits)�from�𝑧", 𝑧"#, 𝑧"$ from�LMs�G,�G+,�G-
• Ensembling logits:�modified�next-token�probability�distribution

• Two�hyperparams 𝛼%, 𝛼&:�independently�control�the�impact�of�the�expert�and�anti-
expert
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3.�Experiments
• Datasets:�English�sentences�that�are already known�to�be�or�annotated�as�
toxic
• Microagressions.com
• Social�Bias�Frames
• DynaHate

• Baselines:�SOTA�detoxification�models
• ParaGeDi:�a�class-conditioned�language�model�on�top�of�a�paraphrasing�language�
model

• CondBERT:�a�pointwise�editing�setup,�mask-filling�setup�(a�lexicon-based�
approach)
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3.�Experiments
• Quantitative�results

Toxicity: machine learning models to score based on the perceived 
impact (PerspectiveAPI)
Fluency: computing rewriting perplexity with an external LM
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3.�Experiments
• Human�evaluation�and�qualitative�results

Toxicity: machine learning models to score based on the perceived 
impact (PerspectiveAPI)
Fluency: computing rewriting perplexity with an external LM

• Asking humans to select which�
sentence�contains�less toxic�contents

à MaRCo wins�SOTA�models

목화따는�것에�대
한�인종차별내용�
삭제

의미�삭제�이후
의의미�보전�측
면에서의�우수성

Slur�삭제
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4.�Conclusion
• MARCO,�a�novel�method�for�text�detoxification
• Utilization�of�auto-encoder�language�model�experts�in�a�mask�and�reconstruct�
process

• Outperforming strong baselines
• Strong�ability�to�detoxify�even�subtle�biases

Toxicity: machine learning models to score based on the perceived 
impact (PerspectiveAPI)
Fluency: computing rewriting perplexity with an external LM
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