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Theme of the seminar

* How can we mitigate hallucination in terms of factuality?

- Cst Hallucination®| &4t = non-factual error0f| CHS mitigation2 HEH| & 4= Q!

* How can we mitigate hallucination efficiently?

- Hallucination mitigationg S HE £ G|0|E{AlS T

 How can we get evidence effectively for hallucination mitigation?

- Factual hallucination2 s Z5}17| &gt 2H &AM == S taskOICH {EH 2t o= ZIgH
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Problem Setting

Inconsistent
correction

Evidence

‘The novel COVID-19 is
highly contagious and
s transmitted mostly
-through respiratory

droplets. But, whether
iits transmission can be
‘forwarded by touching

asurface (i.e., a
ifomite) is uncertain....

Figure 1: An example of a factual but unfaithful
correction leading to misleading information. While
it is technically true that the majority of people
infected with COVID-19 will recover, there is no
information in the evidence that supports the final
correction. Additionally, when this statement is taken
out of context, it could mislead people to believe that
COVID-19 is not dangerous and that there is no need
for precautions, which is false. A factual and faithful
correction is “COVID-19 is highly contagious.”.

Why Faithfulness matters in FEC?
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ZeroFEC

Input Claim ' Evidence

Night of the Living Dead is a 1968 American
i independent horror film, directed by George A.
Romero, starring Duane Jones and Judith O'Dea ...

Night of the living dead is a Spanish Comic Book.

[ Claim Answer Generation ]

[ Question Answering ]

Claim Answers

1. a Spanish Comic Book Evidence Answers

2. Night of the living dead
'ght otthe fiving dea 1. a horror film

2. La guairita

[ Question Generation ]

[ QA-to-claim ]

Generated Questions

1. What is Night of the Living Dead? Candidate Corrections

i i i ?
2. What is the name of the Spanish comic book? 1. Night of the Living Dead is a horror film.

2. La guairita is a Spanish comic book.

Final Correction : - -
: [ Correction Scoring J
Night of the Living Dead is a horror film.

Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final
correction is produced by scoring candidate corrections based on faithfulness.

5 sub-task

Claim answer generation: answer?} & ¢tot
phrase &

Question generation: answer2t 22 Q=
question A4

Question Answering: EvidenceQHof|A{
QuestionOf| L2t Answer 4

QA-to-claim: A4 %El QA pairE MUECZ W%
Correction scoring: evidence2} corrected

output?te| faithfulness &7



ZeroFEC

Input Claim

Night of the living dead is a Spanish Comic Book.

[ Claim Answer Generation ]

Claim Answers

1. a Spanish Comic Book
2. Night of the living dead

Question Generation

Generated Questions

1. What is Night of the Living Dead?
2. What is the name of the Spanish comic book?

Final Correction

Night of the Living Dead is a horror film.

Evidence

Night of the Living Dead is a 1968 American

i independent horror film, directed by George A.
Romero, starring Duane Jones and Judith O'Dea ...

[ Question Answering ]

Evidence Answers

1. a horror film
2. La guairita

[ QA-to-claim ]

Candidate Corrections

. Night of the Living Dead is a horror film.
. La guairita is a Spanish comic book.

[ Correction Scoring

Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final
correction is produced by scoring candidate corrections based on faithfulness.

« Claim answer generation

Input: €
output: A° = {47, 45, ..., AS)

- Spacy, Stanza 0|&35}0{ noun, verb, adjective,
adverb, noun phrase, verb phrase ==

- not, never&2 negationt F&



ZeroFEC

Input Claim ' Evidence

Night of the living dead is a Spanish Comic Book. Night of the Living Dead is a 1968 American
g i independent horror film, directed by George A.
i Romero, starring Duane Jones and Judith O'Dea ...

[ Claim Answer Generation ]

[ Question Answering ]
Claim Answers
1. a Spanish Comic Book Evidence Answers
2. Night of the living dead i )
1. a horror film
2. La guairita
[ Question Generation
[ QA-to-claim ]
Generated Questions
1. What is Night of the Living Dead? Candidate Corrections
. : . o :
2. What is the name of the Spanish comic book? | 1. Night of the Living Dead is a horror film.
E— i 2. La guairita is a Spanish comic book.
Final Correction : - -
: [ Correction Scoring J

Night of the Living Dead is a horror film.

Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final
correction is produced by scoring candidate corrections based on faithfulness.

 Question Generation

Input: C,
output: Q;

- MixQG 2&(g)2 &Lt claimZ} claim answersE
U= O Z 510 question A4

- Qi =g(4f,0)



ZeroFEC

Input Claim

Night of the living dead is a Spanish Comic Book.

[ Claim Answer Generation ]

Claim Answers

1. a Spanish Comic Book
2. Night of the living dead

Evidence

Night of the Living Dead is a 1968 American
i independent horror film, directed by George A.
i Romero, starring Duane Jones and Judith O'Dea ...

Question Answering ]

[ Question Generation

Evidence Answers

1. a horror film
2. La guairita

Generated Questions

1. What is Night of the Living Dead?
2. What is the name of the Spanish comic book?

QA-to-claim ]

Candidate Corrections

1. Night of the Living Dead is a horror film.
i 2. La guairita is a Spanish comic book.

Final Correction

Night of the Living Dead is a horror film.

Correction Scoring

Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final

correction is produced by scoring candidate corrections based on faithfulness.

* Question Answering

Input: Q;, €
output: A7 =F(Q;,¢€)

- UnifiedQA-v2 (T57|29HE 0|2510{ QA

- 20049

- Abstractive QA HlAlo 2 A8l
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ZeroFEC

Input Claim ' Evidence

Night of the living dead is a Spanish Comic Book. Night of the Living Dead is a 1968 American

independent horror film, directed by George A. ° QA—tO— CI a i m

Romero, starring Duane Jones and Judith O'Dea ...

[ Claim Answer Generation ]

[ Question Answering ]
Claim Answers
1. a Spanish Comic Book Evidence Answers | t: A€
2. Night of the living dead L 4 ahorror film nput. Qi: i
2. La guairita .
g output: §; = M(Q;,A%)
[ Question Generation ]
, [ QA-to-claim ] o y T H
Generated Questions - UnifiedQA-v2 (T57[2H2& MZ 0|23t QA Tt
1. What is Night of the Living Dead? : Candidate Corrections _ =y Clel=Fe) H{J45H= Hlo|E{Ml © SEASEH
2. What is the name of the Spanish comic book? ) - ) ) ; QAE 1T 2= B3 |-'— task -” | -I L= 95
i 1. Night of the Living Dead is a horror film. :
2. La guairita is a Spanish comic book. E':—g,_' Al-.g.
i : T - QA2D, BoolQ, SciTalil
Night of the Living Dead is a horror film. : [ orrection Scofing J Q: Where does Jim go to buy groceries? A: Trader Joe’s

remove
do-support

|. Where dees Jim goes to buy groceries?
Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final

correction is produced by scoring candidate corrections based on faithfulness.

reverse

Il. Wher@to buy groceries? Y e,

delete question

lIl. Jim goes where to buy groceries? words & mark

IV. Jim goes Trader Joe's to buy groceries:  plug in A

insert

V. Jim goes to Trader Joe’s to buy groceries. preposition
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ZeroFEC

Input Claim ' Evidence

Night of the living dead is a Spanish Comic Book. Night of the Living Dead is a 1968 American

independent horror film, directed by George A. e Correction Scorin g

Romero, starring Duane Jones and Judith O'Dea ...

[ Claim Answer Generation ]

[ Question Answering ]
Claim Answers
1. a Spanish Comic Book Evidence Answers .
2. Night of the living dead I3 8 homor fim Input: S;, €, C
: ; 2: La guairita : . 4
g output: V(S;), €
[ Question Generation ]
, [ QA-to-claim ]
Generated Questions - dE IAFE S best corrected claimE 47E5H|
1. What is Night of thefLivinSg Dead? . Candidate Corrections i _?_l.g_ I'_l'%l
2. Whatis the name of the Spanish comic book? 1. Night of the Living Dead is a horror film.
i 2. La guairita is a Spanish comic book. - NLI Scoregl- ROUGE I:-II%K_% '6I;||'AI_|-'§- Elﬁk—i
Final Correction ' [ c —— faithfulness &H™
) B . ) orrection Scoring ]
Night of the Living Dead is a horror film. - Faithfulness score: V(Si) e DOCNLI(Si, g) +

ROUGE—-1(S;, €)
Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating A
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a - Best correction: ¢ = argmax 4CD)
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final

correction is produced by scoring candidate corrections based on faithfulness.



ZeroFEC + Domain Adaptation

Input Claim
Night of the living dead is a Spanish Comic Book.

[ Claim Answer Generation ]

Claim Answers

1. a Spanish Comic Book
2. Night of the living dead

Evidence

Night of the Living Dead is a 1968 American
i independent horror film, directed by George A.
Romero, starring Duane Jones and Judith O'Dea ...

Question Answering

Evidence Answers

1. a horror film
2. La guairita

[ Question Generation

Generated Questions

1. What is Night of the Living Dead?
2. What is the name of the Spanish comic book?

[ QA-to-claim ]

Final Correction

Night of the Living Dead is a horror film.

Candidate Corrections

1. Night of the Living Dead is a horror film.
i 2. La guairita is a Spanish comic book.

[ Correction Scoring

Figure 2: An overview of our framework. First, given an input claim, we generate the claim answers by enumerating
all information units in the input claim. Second, conditioned on each extracted answer and the input claim, a
question is generated. Third, each question is then fed to a question answering model to produce an evidence answer
using the given evidence as context. Fourth, using a sequence-to-sequence approach, each evidence answer and the
corresponding question are transformed into a statement, which serves as a candidate correction. Finally, the final

correction is produced by scoring candidate corrections based on faithfulness.

Biomedical domain adaptation

AP AS 0| A Biomedical domain0fjAQ| &t M=

QAZL} Correction scoring 20| biomedical
dataset2 2 FJt Fine-tuning & A|
PubMedQA, BioASQ H|O|E{Al AFZ

X}= A0l A -DAZE Domain adaptation 21} &

o
o

HED.

=
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Experiment Setup

« Dataset Construction

Raw dataset Dataset Construction Process

- Fact VerificationZ %[¢t Cl|O|E A S B AL 1. Raw datasetOijA T = THHEl claimtE ==
. o e . Lo . . el
- FEVER: ®X| At2| =0|Q] fact verification 2. O] claimZ unfaithful claim H40ot= &Y AA|
- SCiFact: 2fst =0|Q1 fact verification - Knowledge Base Informed Negations(KBIN) O =2 A4
Supports Example
{
"id": 62037,
"label": "SUPPORTS",
"claim": "Oliver Reed was a film actor.",
"evidence": [ I GPT-2 Ranker
[ C0184511 Exergames worse function and
[<annotation_id>, <evidence_id>, "Oliver_Reed", 0] reduce the risk of falls.
'C0426422" (@)
] ’ 'C1998348' (@) Exergames deteriorating function
[ T033: "Finding" Gy 0] and reduce the risk of falls.
[<annotation_id>, <evidence_id>, "Oliver_Reed", 31, -2‘1’323323- O creeres Exergames deteriorate function
[<annotation_id>, <evidence_id>, "Gladiator_-LRB-2000_film-RRB-", 0] 'C1827505' (@] and reduce the risk of falls.
. : o o
1, C1719838 )
Exergames worsened function and
[ Exergames improve function and N reduce the risk of falls.
[<annotation_id>, <evidence_id>, "Oliver_Reed", 2], reduce the risk of falls. cui2vec
[<annotation_id>, <evidence_id>, "Castaway_-LRB-film-RRB-", 0]
][' Figure 2: KBIN method. We start with NER and linking to UMLS using scispaCy. We then find the most similar
[<annotation_id>, <evidence_id>, "Oliver_Reed", 1] concepts with the same type using cui2vec, replace the entity in the source sentence using the canonical name
1, and aliases of similar entities, and rank them using GPT-2. Finally, from the highest ranked replacements, we
[ select the claim which maximizes contradiction with the original claim using an external NLI model.
[<annotation_id>, <evidence_id>, "Oliver_Reed", 6]
1
N ! KBIN framework

FEVER ClO|E{All Of|A|
13



Experiment Setup

 Evaluation Metric

Document
==2| Problem setting= [IH&: Correction0| Evidence 2R HIRE[U=21? The Knicks beat the Rockets. The fans were excited.
Summary
- BS (BARTScore): Correctiona} Evidence@| semantic overlap _ The Knicks beat the Bucks.
- FC (FactCC): CorrectionO| EvidenceZ entailst=X| =X Entailment Matrix Selected Answer
- QFE (QAFactEval): QAGE 0|83}0] CorrectionO| Evidence2 £E{ HIZE|Y=X| £H [Contra, Neutral, Support] Gene:'gie]?lu(c)l:lsestion
- SARI: 7|& Factual Error Correction taskOf|A A2 El lexical 7|HF BItH 090 0.07 0.03 Who did the Knicks beat?
0.02 0.90 0.08 QA Output
the Rockets
Max Support Score Answer Overlap Score
0.08 0.20

QAFactEVal 2 Of|A|



Experiment Setup

GSG considers 23 of 43 minority
stakeholdings to be significant.

Mo d e I Claim:

A} . . old GSG considers 28 of their 42 minority stakeholdings )
H| W EH&: Fully supervised Factual Error Correction s in operationally active companies
Wikipedia: to be of particular significance to the group.
Model v
- T5-Full: T5-base 7|8t Claim + Evidence £sliA T5Z Factual Error GSG considers * * * * % * (_J
C tion AlAd in operationally active companies
orrection ‘s-s to be of particular significance to the group.

- MaskCorrect: Bi-LSTM 0|& Masking #4/© 2 Factual Error Correction

- T5-Distant: T5-base 7|8t Masking &4 9 2 Factual Error Correction h

_ ; . ; HIAI ion01e skod &k Updated GSG considers 23 of 43 minority stakeholdings
RewseRef. ent.lty .swap .O = Data augmentation . | O OrO:i_._ﬁ u_._ S:ntence' beginning in operationally active companies €«

- CompkEdit: entity insertion 4| Data augmentation0|& 5t at& : to be of particular significance to the group. )

MaskCorrect framework

Training

Claim Masked Claim Correction

John Goodman had the John Goodman had the John Goodman had the
lead role in The Babe. —>| |Masker | [ lead role in # #. —>| |Corrector | > lead role in The Babe.

A A
v Evidence

— Page John Goodman. Context His other film performances include
Wiki lead roles in The Babe (1992) and The Flintstones (1992)

T5-Distant framework




Main result

 Quantitative Result

FEVER ScIFACT

Method

SARI(%)  BS QFE  FC(%) SARI(%) BS QFE  FC (%)

Fully-supervised o
Zero-shot |9+ 20| Full-shot& 25 0|4
T5-FULL 35.50 274 1.40 41.91 35.07 3,12 1.23 50.17
Distantly-supervised - ZeroFEC?} FEVERS| ZQ 85 HE0j|M Full-shotS YX|2= M5 + 1
MASKCORRECT 25.66 -4.48 0.67 20.12 15.21 -4.31 0.54 34.92 = Moz Qo b
T5-DISTANT 36.01 2.90 1.12 32.28 20.08 3.51 0.99 44.77 AOPPF 2% SAMSR Rofily
o
Zero-shot - X-Hol_l- %H:Igol _(lj__?%l = %'F?_:'OI')'” EO:‘%
REVISEREF 20.52 5.27 0.30 26.00 17.53 4.58 0.97 52.44 , .
COMPEDIT 25.51 2.83 123 39.46 25.41 331 1.12 50.62 - H|Z SciFact HIO|HAlIOM 2E 2 22| 5= YK EX|= 2Lt
ZEROFEC (Ours) 39.16" -2.58* 2.06" 47.08" 29.67 -3.22 1.12 47.84 H|23t =S T3}
ZEROFEC-DA (Ours)  40.65* 2.67* 2.03* 45.75* 31.93 -3.21 1.30* 50.10 A= co=
Table 1: Main results on the FEVER and SCIFACT datasets. BS denotes BARTSCORE, QFE denotes QAFACTE- - 5= O|O|E{All R =0{|A{ Domain Adaptation(DA)2| 21212 & &= USRS

VAL, and FC denotes FACTCC. ZEROFEC-DA is our framework with the QA and entailment components further
fine-tuned on biomedical QA datasets. Among distantly-supervised and zero-shot results, the best scores per metric
are marked in boldface. Models achieving performance better than the fully-supervised model are marked in gray.
Statistical significance over previous best methods computed with the paired bootstrap procedure (Berg-Kirkpatrick
et al., 2012) are indicated with * (p < .01).



Main result

Qualitative Result

Example 1

Input claim: Clathrin stabilizes the spindle fiber apparatus during anaphase.
Evidence: ...but is shut down during mitosis, when clathrin concentrates at the spindle apparatus...
Gold correction: Clathrin stabilizes the spindle fiber apparatus during mitosis.

Claim answer: anaphase Generated question: Clathrin stabilizes the spindle fiber apparatus during what phase?
Evidence answer: mitosis Candidate correction: Clathrin stabilizes the spindle fiber apparatus during mitosis phase.
DocNLI + ROUGE-1:40.0165k 0.8235 ZEROFEC’s output: Clathrin stabilizes the spindle apparatus during anaphase?

Claim answer: anaphase
Evidence answer: mitgsi
DocNLI + ROUGE-1:§0.9999

Generated question: Clathrin stabilizes the spindle fiber apparatus during what phase?
Candidate correction: Clathrin stabilizes the spindle fiber apparatus during mitosis phase.
0.8235 ZEROFEC-DA’s output: Clathrin stabilizes the spindle fiber apparatus during mitosis phase.

Example 2

Input claim: Fuller House (TV series) won’t air on Netflix.
Evidence: Fuller House is an American family sitcom and sequel to the 1987-95 television series Fuller House, airing as a Netflix original series...
Gold correction: Fuller House (TV series) airs on Netflix.

Claim answer: won’t air on Netflix Generated question: Does Fuller House air on Netflix?
Evidence answer: Yes Candidate correction: Fuller House airs on Netflix.
DocNLI + ROUGE-1: 0.7222 + 0.7143  ZEROFEC’s output: Fuller House airs on Netflix.

T5-DISTANT’s output: Fuller House ( TV series ) isn’t airing on HBO.

Table 2: Example outputs from different approaches. The outputs from our framework are directly interpretable, as
the generated questions and answers reflect which information units in the input claim are erroneous and which
information in the evidence supports the final correction. We only show the generated answers and questions directly
related to the gold correction. In the first example, ZEROFEC-DA corrects a mistake made by ZEROFEC thanks
to domain adaptation. In the second example, ZEROFEC successfully produces a faithful factual error correction,
whereas the output of TS5-DISTANT, the distantly-supervised baseline, is factual yet unfaithful to the evidence.

Xt

- Domain Adaptation2 £t DocNLI 5 24 5! output A4

Question Generation Error
Claim Answer Generation Failure

14'0%10 0%
e Question Answering Error
8.0%

2.0% Annotation error

Correction Scoring Failure

Figure 3: Distributions of errors.

HIEHO| Faithfulness =&

- E3| H|wCHA T5-distant2| A2 H| Wi U Hallucination 2X|2
mitigatione &~ UC= HMEE & £+ USE

- CHEF X XEOF {0 846]5%0| scoring 2201 A LIEIL=

k0| WALl 210 2 HO} best correction ranking2| {2 & 4 Q)

error?} 2}

17

Xt
o
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Main result

* Human Evaluation

Method FEVER ScIFACT

Intel. Fact. Faith. Intel.  Fact. Faith.
T5-FULL 0983 0.516 0.509 0.972 0.683 0.610
T5-DISTANT 0.891 0471 0412 0.628 0.186 0.116
ZEROFEC 0951 0.797 0.797 0.826 0413 0413
ZEROFEC-DA 0893 0.835 0.835 0.953 0.628 0.628

Table 3: Human evaluation on the FEVER and ScCI-
FACT datasets. Intel. denotes Intelligibility, Fact. de-

notes Factuality, and Faith. denotes Faithfulness.

Human eval& £3%t Faithfulness £

- 3%9| graduate school studentOf|?| &

- TOIX}IOf|IA| gold correction, gold evidence, model output E{F1

HILE Tl (Krippendorff alpha 68.85%)

Intel (Intelligibility): correction?| fluency 573
Fact (Factuality): gold2} correction?t2| fact YX|=

Faith (Faithfulness): correctionZt evidenceZt2

- H|Qt HHHO| Faithfulness £
HEoXM e HE2

faithfulness

2ol 2 Y52HKE

CtAl ohH S

)k-l =04
T O O O

1407l caseO]| CHst IOt

| consistency

20| XAlH=

X|3SH
L-O



Main result

 Correlation btw Human & Automatic metrics

Metri FEVER SCIFACT
Metric

Intel. Fact.  Faith. Intel. Fact. Faith.
SARI 0.017 0370 0.383 -0.026 0.379 0.412
BARTSCORE 0.137 0.071 0.104 0.104 0.118 0.119
QAFACTEvVAL -0.045 0360 0.379 0.084 0234 0.272
FAacTCC 0.053 0203 0225 -0.119 -0.073 -0.076

Table 4: Correlation between automatic metrics and
human judgments on the FEVER and SCIFACT datasets
computed using Kendall’s Tau.

X3 A1E QStinsight Al

2 A0 IOt AHRSE metricZt humanzte| correlation &4
- SARI, BARTScoreE X|2|3t metric&0| Summarization
taskOj|A H|ZE factual consistency scoreO|2 2
- 0| metricO| factual error correction0OflA] HEE|=
transferability =+l

Lexical 2|2F2] SARIZ} Fact, Faith 220{|A= JHa &2 A,
£ MAt ZAESt= faithfulness 2 220M= 28740 Ut Ze =
US
BART= semantic similarityE £7456t= metric@IHE fluencyE L&
HEE =~ U= metricE Intel correlation0ijAM 2ol -~ AUZ
Ct2t QAFactEval, FactCCe ZE 220iM %2 correlationg 2

- & Factual error correction taskOi|A{ faithfulness& 112{ot

NEobE metric JHEL ERHEE =+ US
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Problem Setting

Playground Save  Viewcode  Share

Mode
This is a passage from Wikipedia about lenny randle:

Model
Lenny Randle (born May 3, 1949) is an American former professional baseball player and

manager. He played in Major League Baseball as an infielder for the Texas Rangers, Seattle text-davinci-003
Mariners, New York Mets, and Chicago Cubs from 1972 to 1982. He alsc
leagues. Texas = 62.78% hture 07

Washington = 30.45%

Randle was an All-Star in 1977 while with the Texas Rangers. He was ki Seattle = 6.48% Bocin 55 O *H *—I re) |. O I-O | —_ H I' EH (@)
fielder, but an inconsistent hitter. During his 11-year career, Randle bat ~ California = 0.09% E = 1 — O H—
scored, 59% hits, 161 doubles, 54 triples, 39 home runs and 282 runs b, Rangers = 0.08%
145 bases quences

B ol d token probability= & SHOIGH= HiHHO| =X
: <X 0P| [ YEO|THA O[5{57| +| 2 FHollM ZF

Frequency penalty 0
@ Looking for ChatGPT?  Try it now & X

Presence penalty 0

El - 2 9 @2 ¢ 147

|

o b I
L -
i

o

|O

| X7t &%

O| LLM(£73]| ChatGPT, GPT4)= token probabilityE & £ gl
O_c|>_ e DES AJ1SIHLE OFX| 2 THA|0)| linear Iayer% FItet&slof

Figure 2: Example of OpenAI’s GPT-3 interface with token
probabilities displayed.

Per-Token P(IK) Scores
Whatis George W. Bushs athor's name?

loweston | : ] wnat | e Qoo ] w | Jooun e J e e fome J oo J v e s ]

What is Saurav's mother's name?

Who was the first President of Absurdistan?

“
=X

> %0t

= 2

Figure 3 Examples of P(IK) scores from a 52B model. Token sequences that ask harder questions have
lower P(IK) scores on the last token. To evaluate P(IK) on a specific full sequence, we simply take the P(IK)
score at the last token. Note that we only train P(IK) on final tokens (and not on partial questions).

w_ol_r_r\a_\

J|rn rir

ask01l Ciot HotE @It CIO|HAI0] =712 R

CIOIEM S =2 ALESHX| i1l (zero-resource)
=3 A0 O 2 AMRSH=(black-box) Hallucination H &= Ho} i X9t
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SelfCheckGPT

* |ntuition

LLMO| 442k NIH2| output sampling ZZt= HIE S 2 Hallucination 3= 5%
- Sample2te| YX|=It gLh= A2 B2 A0 CHsiA O[sHE St QUCH= A
- Sample?te| YX|=2t HTHH HH2 T AHMO|| CHsHAM OSHE SHX| 2t AEHE generation3tth= 71

Sample?to| YX|EE OjetsH= 371X| M2FO 2 LM2| MM outputdi| CHSF Hallucnation2 £%X38}t= SelfCheckGPT X9t
- zero-resource: 27t SH&H|0|E{E AL SIX| 42
- Black-Box method: GPT-3 2&2 £23l0{ token probabilityE 2-238}X| o1 ZEO| A outputTHS &850 Iots

1. SelfCheckGPT with BERTscore

2. SelfCheckGPT with Question Answering
3. SelfCheckGPT with n-gram
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SelfCheckGPT with BERTscore

Spert(2) =1 —

- max

n=1

(B(Ti’ SZ))

(6)

reference 2M2| 2% rt sample A2 2% s2t9|
BERTscoreZ ?|H9tC 2 hallucinationd = &4

o ohel2 M4 =4 (0H: valid, 18: Hallucinated)

Notation

* 7;: Reference =AM RO| itHmlj 2%t
o ST nEHIY sample SN O| kEHTY 2%k
* B:BERTScore &%~
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SelfCheckGPT with Question Answering

Passage

'
, Giuseppe Mariani was an Italian .
¢ professional footballer who played as a

'
iQueslion: Where... E
'A. Milan

) i R1} sampled output S¥S| MCQA Z1tE HiEfo =2
et R, ety | R Hallucination &= B2t
oI T aea0es Multiple choice Question Answer Generation(MQAG) &-&
LLM
e.g. GPT-3
e . : N 1. T57|8E QAG A|AE! 2k23510{ RO|| 25t QA pair A4
eam = n. hbilcd at the M dOrsa) [truncated] | —_—D> e -
" S e | ; 2. LIHX| distraction answererE AA810| It T52 |8
------------- e distract generation =34
e i 3. T57|8t QAA AR 22510 Answer
II; me o1 [;IIVOO?‘Lerl';?-Sf[ll:ilii] : Do answers
5 ; agree?
"""""""""""""" | ap = argmax [Py (ok|q, R, 0)] ©)
k
Figure 1: SelfCheckGPT with Question Answering

agn = argmax [Py (og|q, S™, 0)]

(10)
k
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SelfCheckGPT with Question Answering

Passage

;gu;/sl:ll::whereé RE_‘?'_E—I E | answergl' SN T= Answerol lell I=|OIX|

'B. rome

g, 8 countE HIZ O 2 Hallucination §= £

\D. Florence
'

Giuseppe Mariani was an Italian
’ professional footballer who played asa !
v forward. He was born in Milan, Italy, !
1 and died in Rome, Italy. [truncated] !

Ny, - Answer €X| count

randomly-drawn passages

LM / rrTtmoTmmmommmommmoommoes =Ko} x
0.9, GPT3 L Ny, : Answer =& X| count
‘Giuseppe Mariani was an Italian painter,
ssculptor, and engraver. He was born in 5 \4
WNaples, Italy, in 1882, and died in Paris, g 3
stochastic ‘France, in 1944. Mariani's work has been

(beam = :cxhibilcd at the Musée d'Orsay, [truncated] | _—>
' ! .
___________________________ >

ey ; N/
; C n
‘Glua eppe Mariani was an Italian violinist, | . ’ 2
ipedagogue and composer. He was born in ! S — 1 1
b
Pavia, Italy, on 4 June 1836, and died in ! Do answers QA ?I , q —
'

Rome on 10 October 1914. [truncated] / /
g ag ree? N N

o ? ' ’71m+')’2n

Figure 1: SelfCheckGPT with Question Answering.
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SelfCheckGPT with n-gram

Avg 1 . 57 CH+f 220} H|==3t token generation probabilityE
Sn-gram (1) 7 Z log pi; (13) [[t2 £ 2 5t45El n-gram model2| log-probabilityE &8
J
EX Q2 M4~ =X (0A™: valid, 1™: Hallucinated)
SMax (’L) — max (_ logﬁz ) (14) Notation
e j ’ © iy T 2| T token®] AAIEIE
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Experimental Setup

« Dataset & Annotation

WikiBio O|O|E{All0]| CHSH] GPT-301|2| CH2 2| promptE 310 synthetic articleS AASHZ 2 X|A|
- "This is a Wikipedia passage about {concept}".

O|ZH GPT-37t M El 2THS 2% T labelingS T3

- M=l G|O|E{AIO)| A 2017HE 22| annotatordi|A] annotationZ!&H

- Btk = annotator?t A2 CHE |abelS H|QH2 AL £ labelEs O B2 21 2 annotation T3l
Cohen's K 3-label: 0.595, 2-label: 0.748

* Major Inaccurate (Non-Factual, 1): The sen-
tence is entirely hallucinated, i.e. the sentence
is unrelated to the topic.

e Minor Inaccurate (Non-Factual, 0.5): The 238 1908 184.7+36.9

sentence consists of some non-factual infor-
mation, but the sentence is related to the topic.

#Passages #Sentences #Tokens/passage

Table 1: The statistics of WikiBio GPT-3 dataset where the
number of tokens is based on the OpenAl GPT-2 tokenizer.

* Accurate (Factual, 0): The information pre-
sented in the sentence is accurate.
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Experimental Setup

« Baseline

Main baseline: GPT-32] token probability, entropyE &-&%t Hallucination & 574

Proxy LLM: L2 LLMQ| token probabilityE A &= /= LLaMA ALE

SelfCheckGPT: H|2Fot BifS M & GPT-B%FB Hallucination ¥ =X
- temp=1.00{ 20742| sample2 ‘- dsA Ho} TIH

6t0] Hallucination He &%
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Main result

* Sentence-level detection task (Black-box based approach capacity)

Sentence-level (AUC-PR) Passage-level (Corr.)

Method NonFact NonFact* Factual Pearson Spearman x-I|(ID_|-0|_I- SelfCheCkG Ple- Gre\/‘bOX, El‘% BlaCk BOX I:CIJI-HQi
Random 7296 2972 2704 - - CHH| 45t detection 52 2

GPT-23’s probabilities (LLM, grey-box)

Avg(—logp) 83.21 38.89 5397 57.04 53.93

Avg(H)! 80.73 3709 5207 5552 50.87 NonFact*= TX| passage?| hallucinationd =2t =X 411 Y2 20|
Max(—lo 87.51 3588 5046  57.83 55.69 o N N

MaxEH)Tgp) 8575 3243 5027 5248 4955 major inaccurateet FLE 2.

LLaMA-30B’s probabilities (Proxy LLM, black-box) XXtz 0]Z0| Challengingﬁ._f task2td A

Avg(—logp) 75.43 3032 4129  21.72 20.20

Av 80.80 3901 4297  33.80 39.49 L e .

Mai((}—DIng) 74.01 2714 3108 2283 2271 Heret 2& SEHE Zeet Combination0] 21 450 £&

Max(H) 80.92 3732 3790 3557 38.94

SelfCheckGPT (black-box)

w/ BERTScore 81.96 4596 4423  58.18 55.90

w/ QA 84.26 40.06 4814  61.07 59.29

w/ Unigram (max)  85.63 41.04 5847 6471 64.91

Combination 87.33 4437 6183  69.05 67.77

Table 3: AUC-PR for sentence-level detection tasks. Passage-level ranking performances are measured by Pearson correlation
coefficient and Spearman’s rank correlation coefficient w.r.t. human judgements. The results of other proxy LLMs, in addition to
LLaMA, can be found in the appendix. TGPT-3 API returns the top-5 tokens’ probabilities, which are used to compute entropy.



Main result

* Ablation study(zero-resource approach capacity)

Sent-lvl AUC-PR

Passage-1vl

Method NoFac NoFac* Fact Pear. Spear.
SelfCk-BERT 81.96 4596 44.23 58.18 55.90
WikiBio+BERT 81.32 40.62 49.15 58.71 55.80
SelfCk-QA 84.26 40.06 48.14 61.07 59.29
WikiBio+QA 84.18 45.40 52.03 57.26 53.62
SelfCk-1gm 85.63 41.04 58.47 64.71 6491
WikiBio+1gm  80.43 31.47 40.53 28.67 26.70

Table 4: The performance when using SelfCheckGPT sam-

ples versus external stored knowledge.

(o))
o
1

Spearman's RankCC
B
o

w
o
!

w
o
1

/r/

/
/

*
/

"t

7’
#-v-v-F

-v-v——V--v—V—V—v—V-v--v--v—v

SelfCk-BERTScore
-¥- SelfCk-QA
—% - SelfCk-Unigram

6 8 10 12 14 16 18 20
Num. samples

Figure 7: The performance of SelfCheckGPT methods on
ranking passages (Spearman’s) versus the number of samples.

30
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Problem Setting

D) @)

esim(gi,p; )

esim(qi,pj ) 1+ Z’?_l eSim(‘Ji’pz’_,j)

MEZZ Task, Domaindi| CisiA DPRF 2| retriever 52| 02

x
Relevance label(positive sample)O| BtEA| HQSICH= A

Mo
rlo

DPREZO| MZ-2 task, domain0|A zero-shot setting@ =
Tllig mie| g5 20| o2g= 205k | = &

RQ: O] positive samplei0|= DPRF2| 22 zero-shot settingdi|A]
Folofet 458 =52 & U YHo| S

— Positive Sample= GenerationdtH | X|!
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HyDE

Instruction-tuned LLM2Z query relevant¢t document generations £

write a passage to answer the question

how long does it take to remove
wisdom tooth

It usually takes between 30
minutes and two hours to
remove a wisdom tooth...
write a scientific paper passage to answer
the question

How has the COVID-19 pandemic impacted
mental health?

...depression and anxiety had
increased by 20% since the
start of the pandemic... L

write a passage in Korean to answer the
question in detail
QIZt2 2N 22 MEHET?

instruction

query generated document

-

Contriever =

‘ real document

"How wisdom teeth are removed... i

Some ... a few minutes, whereas
others can take 20 minutes or

longer....

... two studies investigating

COVID-19 patients ... significantly

higher level of depressive ...

22 Mg ALSY A7|E 21
O S AT ALorE 1428t 4 HO
2 Azt

Figure 1: An illustration of the HyDE model. Document snippets are shown. HyDE serves all types of queries
without changing the underlying InstructGPT and Contriever/mContriever models.

zero-shot dense retriever HyDE |2t

Instruction-tuned LLMOf|A| task® HZ gt instructionZ F0{510{ query-relevant®t hypothetical documentS d-d
sii=h hypothetical document@} 7H& relevance?t &= passageZ retriever pooloi|A] =%
— zero-shot setting X & Jts
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HyDE

write a passage to answer the question

how long does it take to remove
wisdom tooth

write a scientific paper passage to answer
the question
How has the COVID-19 pandemic impacted
mental health?

write a passage in Korean to answer the
question in detail
Q72 oF 22 A8 ETR

It usually takes between 30
minutes and two hours to
remove a wisdom tooth...

...depression and anxiety had
increased by 20% since the
start of the pandemic...

o170 22 AgSt 7|82 o
8008H TRE| LIEFHTY..

instruction query

generated document

‘ real document

How wisdom teeth are removed...
Some ... a few minutes, whereas
others can take 20 minutes or
longer....

... two studies investigating
COVID-19 patients ... significantly
higher level of depressive ...

. E2HS AR AL 38
0= AT MHE 1420t Ho
2 Azt

Figure 1: An illustration of the HyDE model. Document snippets are shown. HyDE serves all types of queries
without changing the underlying InstructGPT and Contriever/mContriever models.

1. Hypothetical document generation
LIH2| taskll 2 El promptE HIE S Z prompt + query
Ao 2 query 22 NIH2| ‘'hypothetical document’ 44/

0|24t query relevantdt document generation XH4|2} 2| &
dual-encoder #419| query-document similarity= CHA]|

documentS MAMSIE £ J|= dual-encoder?]
document embedding space0| mappingdt?| 0|

Ctak A438H= Document?| factuality= =2&et 4= QIS
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HyDE

write a passage to answer the question

i e ‘ “How wisdom teeth g i '
how long does it take to remove H D E ng:v.lf aof:we:lin;:s,rewr?g:as 2 . Q u e ry re p re Se ntat l O n g e n e rat l O n
wisdom tooth : y It usually takes between 30 3 others can take 20 minutes or . = Ex
: y minutes and two hours to longer.... = H
i ki o ~ J Query + N document encoding + average & &9l query
write a scientific paper passage to answer .
the question - 3 depression and anxiety had ( ‘ : .. two studies investigating | re p resen t at Ion AH *-l
How has the COVID-19 pandemic impacted : K—* increased by 20% ;ince the Contriever K\_/y COVlD 19 patients ... significantly '
i | smdvepmne. | [EEEE, - weedeese. (query-doc similarity CHYIS (3 S2+11)

| 017H0] 22 A8 7|22 %
write a passage in Korean to answer the 8008H TRE| LIEFHTY..
question in detail

%2 AX| 22 AHEN?

. E2HS AR AL 38
OHE AT} ALOHE 1420t 14 Fo
2 A2

Contriever2| document encoderE 2235}t 022} Z0|
query representation A4

instruction query generated document ‘ real document

Figure 1: An illustration of the HyDE model. Document snippets are shown. HyDE serves all types of queries
without changing the underlying InstructGPT and Contriever/mContriever models.

1 L
Vai; = N—-i—l[; flde) + f(ai;)] (8
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HyDE

write a passage to answer the question

how long does it take to remove
wisdom tooth

write a scientific paper passage to answer
the question
How has the COVID-19 pandemic impacted
mental health?

write a passage in Korean to answer the
question in detail
Q72 oF 22 A8 ETR

It usually takes between 30
minutes and two hours to
remove a wisdom tooth...

...depression and anxiety had

increased by 20% since the
start of the pandemic...
oZto] 22 A8 7|52 o

8000HA MEE| LIEHHCE .

e il

How wisdom teeth are removed...

Some ... a few minutes, whereas
others can take 20 minutes or

longer....

... two studies investigating

COVID-19 patients ... significantly

higher level of depressive ...

.22 NS A8 A7|E 2R
f

Al
HHTATEHOH 1428 H HO

A
2 A2

instruction query

generated document

‘ real document

Figure 1: An illustration of the HyDE model. Document snippets are shown. HyDE serves all types of queries
without changing the underlying InstructGPT and Contriever/mContriever models.

3. Retrieval
retreival poold| = document representation 2}
similarity scoring= S5l top-1 retrieving

Vd € D; 9)

Slm(ngvd) — <‘A’q'i,j7 Vd>

XXt= 0| scoringZPH0f|A LLMO| Aot 22X 2| factuality
filteringO| £l E|2 2 hallucinated hypothetical

document X €& 2ot = ALt 4
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Experimental Setup

« Dataset & Baseline

Dataset
Zero-shot setting0Of|A] £22 d5= E0|= HyDEQ| 532 IWII6H7| QI6H0 CHRH taskOf|A A2 43
1. Web search: MS MARCO datasetOf|M &%l TREC DL19, TREC DL20 H[O[E{All AFE

2. low-resource tasks: low-resource retrieval dataset=0]| CHat Aol XIgH
3. non-English retrieval: 210{0]| [L}Z zero-shot retrieval A& & T2
Baseline

8 H|WLCHAE SOTA 2291 Contriever

Unsupervised: Hyde ¢} zero-shot setting@ 2 XIS =l retriever
Supervised: Relevance label £ fine-tuningO| ZI14=l retriever



Main result

 Web search experiment

DL19 DL20
mAP nDCG@10 Recall@lk | mAP nDCG@10 Recall@lk

Unsupervised

BM25 30.1 50.6 75.0 28.6 48.0 78.6
Contriever 24.0 44.5 74.6 24.0 42.1 75.4
HyDE 41.8 61.3 88.0 38.2 579 84.4
Supervised

DPR 36.5 62.2 76.9 41.8 65.3 81.4
ANCE 37.1 64.5 75.5 40.8 64.6 77.6
Contriever-ft | 41.7 62.1 83.6 43.6 63.2 85.8

Table 1: Results for web search on DL.19/20. Best performing w/o relevance and overall system(s) are marked bold.
DPR, ANCE and Contriever-ft are in-domain supervised models that are fine-tuned on MS MARCO training data.



Main result

* |ow-resource retrieval task experiment

| Scifact Arguana Trec-Covid FiQA DBPedia TREC-NEWS Climate-Fever

nDCG@10
Unsupervised
BM25 67.9 39.7 59.5 23.6 31.8 39.5 16.5
Contriever 64.9 37.9 27.3 24.5 29.2 34.8 15.5
HyDE 69.1 46.6 59.3 27.3 36.8 44.0 22.3
Supervised
DPR 31.8 17.5 33.2 29.5 26.3 16.1 14.8
ANCE 50.7 41.5 65.4 30.0 28.1 38.2 19.8
Contriever-ft 67.7 44.6 59.6 32.9 41.3 42.8 23.7
Recall@100
Unsupervised
BM25 92.5 93.2 49.8 54.0 46.8 44.7 42.5
Contriever 92.6 90.1 17.2 56.2 45.3 42.3 441
HyDE 96.4 97.9 414 62.1 47.2 50.9 53.0
Supervised
DPR 72.7 75.1 21.2 342 34.9 21.5 39.0
ANCE 81.6 93.7 45.7 58.1 31.9 39.8 44.5
Contriever-ft | 94.7 97.7 40.7 65.6 54.1 49.2 574

Table 2: Results for a selection of low-resource tasks from BEIR. Best performing w/o relevance and overall
system(s) are marked bold.



Main result

* Multi-lingual retrieval task experiment

| sw ko ja bn

Unsupervised

BM25 389 285 212 418
mContriever 383 223 195 353
HyDE 41.7 30.6 30.7 413
Supervised

mDPR 73 219 18.1 258
mBERT 374 281 27.1 35.1
XLM-R 35.1 322 248 41.7
mContriever-ft | 51.2 342 324 423

Table 3: Results on Mr.TyDi in terms of MRR@100.
Best performing unsupervised and overall system(s) are
marked bold.



Main result

* Ablation study

| Scifact FiQA DBPedia

Contriever | 649 24.5 29.2
Model DL19 DL20
mAP nDCG@10 mAP nDCG@10 HyDE
Contriever | 240 445 240 421 zf SeetGrT gg'; e ig'g
HyDE
z; Iélslrlz;l;s gii ggg gg;’ g%g Table 5: nDCG @10 comparing InstructGPT vs. 3-shot
w/ InstructGPT | 41.8 61.3 382 57.9 GPT-3 on BEIR. Best results are marked bold.
Table 4: nDCG@10 on TREC DL19/20 comparing Model DL19 DL20
the effects of changing different instruction LMs on mAP  nDCG@I0 mAP nDCG@10
unsupervised Contriever. Best performing results are Contriever-ft | 41.7 62.1 43.6 63.2
red bold + HyDE 48.6 67.4 46.9 63.5
har - GTR-XL 46.7 69.6 46.9 70.7
+ HyDE 50.6 71.9 51.5 70.8

Table 6: nDCG@ 10 on TREC DL19/20 comparing the
effects of HyDE on supervised models. Best results are
marked bold.



Discussion

+ N ok

- SelfCheckGPTZ2 o2 HX output?| hallucination =& mefst &
- HallucinationO| &2 output®! B2 1 output?| factual error correction2 2Itist= 23k £ hallucination mitigation

- Factual error correctionZpH0|M HESE 2H A E FE=LY o~ Q= Zero-shot retriever 0|8 5! I
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