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KRS EETNVE, MBTHIGEHDD 2 I0E
T & %73, hallucination 5| EE 252 &
N5, KT, KEKRSEETLVLREED
hallucination % MH1 T & % 72 Mgt 3 5. hallucination
MHIZH 5 XDEMBEEXRAZ 2 LTERILL,
LLM @ hallucination AIMEREZ 2 7L — 27— 2
PRETS. %72, LLM ORI X =& 5 EFLA
ik % 5] & 3 72 1T Chain-of-Thought % Fi\ 2 E %
HEFEDIRET 2. EBROKRE, GPT-3.5 Turbo {&
H & O hallucination % 58.2% M3 % Z ¥ BT X,
BAIZRIZ LLM D28 X — XIZHE X TV 5 H#
HICERT 2 Z e BIHL MR o T2,

1 [FC®HIC

GPT-3 [1] % PaLM [2], LLaMA [3] 72 ¥ D KIS
FEETIL(LLM) X, 2—FhSDRkA AL
T, IEFCHGTHEN DD 2 INEEEKTE 3.
ZD—)T, LLMIZANIH T 3G 203505 570
BAETHFREEOE, FHICEOLRVWILEE
TEH5IeNH5. ZDOHEII hallucination [4, 5] &
h, LLM OKRELiEe L citRdbTciEESh
TW5. LLM I XEHBERSLERRR 2 &2 <
D77 r—a yTHEHAINTED, hallucination
B7 7V r—2a v OEEEZKRNEE 57D, B
F3 1% hallucination ZMEHI L TR S HED D 5.

WEAF @ hallucination &1 F7E & LT, LLM O W
ERIRBE & W 2 Tk (6, 71 AV A Z W2 T
58,91 03H 5. LLM ONEBIKEEZ F W 2 FiEiT,
b — 2 ¥ FRIFER R OES7 121X hallucination 23&
FHTVAABEMEREVWEIRET 2 2 L TRAIT
%. L2 L, ChatGPT 72 ¥ DAVER API 2@ L T7 27
AT EIRATLDOEE, - IINEHRELE
5V D NEIREEICRTE § 2 TR X 72w,
F 72, AR E W2 FREZ, TN —2%
VTR A XERIEL, £ TF R b
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WHELTFETZ2HAEREEN TV WDHERR
. L2L, ZOFEZLLM 2 IEFNTHFER— 2
= retriever 72 ¥ DANERE D 2 — AR ELRDT,
NTDL—YRFEIZHEZ 2 L I1FE S .

LLM 23 H & TAR L 23 EHR 2 IS 2 2 i
W= v & 2 54555, LLM % hallucination #5185
CLTHES TR TENRERICETZ XY v b0
»%. LLM % hallucination fR%E185 ¥ UL CHW 2 FiE
&, WERIREEIZ 7 7 AT ERWLLM IZHEHT
X3, X512, NEBEY 2 —ABARERZDT, TR
TOI—FBRFRIMHZ 2. ko T, AFFETIZIL
TV —F 7T ZXF 3 > (RQ) ICHL D FHIr: LLM
\XHB D hallucination ZAFHITE 5,0 ?

AREFZE T, hallucination BH1 % B % XD EBHIE
X227 ¥ LTEREL, LLM O hallucination FA1M:
BREEMZ 7L —L 7 —2I1CX>TRQZMAET 5.
D7 L —nT—=21%, XHOHGEED MY TILTHR
INBXDOEHEREINET—&2Ey FE2HWS. K
HZEICBWT, b YU 7L i (subject, relation, object)
TRINDZEMHROEELZEKRT S. £7, LLM %
HOTTF—2ty FNAOEXD»HEEDL L BIHD
XEERT S, ZLT, LLM BEIZZRZADLD
HEixyzHExd, ARHEREZIEST 5 Z LT,
RQ ZMRAET 5. X 51T, LLM D 8T X — R IZHNE
STV B A% 5] Z H 3 72 ® 1T Chain-of-Thought
(CoD) [10, 11] Z W 2 B HIEFIEZIRET 5.

LAMA — &t v b+ [12] Z AW EEBR D
B, GPT-3.5 Turbo X CoT ZHH W2 Z & T, HEHD
hallucination % 58.2% AT Z 5 Z & R L 7-.
%72, LLM 1213 hallucination BAIDME = 72 08 £ K
BEBRDEPEEL, BERIE T 80% DL LM
HTE2Zedmhoiz. EWXH D object 7L —
A% [MASK] ICEEIZ TCTFHILI- 25, 71—
LT — T THEBLEZEBOXE =BT 39> Tn
BELEZERS, 7L —LT— 7 THERT 2EHE
DI LLM 235] &2 Z L= 3\ hallucination % F
HTETW3eEZONS. LRI OMR,
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Generate a paraphrase of the input. You must use the keyword:

( )

i

Input : NahooToo is the second album by Scotland musician
Paul Mounsey.

Keyword: Scotland

Paraphrase: Paul Mounsey released NahooToo as his second
album as a musician from Scotland.

K1 EEDOXOARH

Generate a false sentence that seems true. You must rewrite only
the one keyword in the input:

( )

i

Input : Paul Mounsey released NahooToo as his second album
as a musician from Scotland.

Keyword: Scotland

Paraphrase: Paul Mounsey released NahooToo as his second
album as a musician from Ireland.

K2 BB odRH)

LLM 7% hallucination % A1 T & 7R WK & 72 IR KNG H]
WARTHD, RTRAXA=RIZTDRABINE I I
TWAIUIRANT & B ATREMED N C & 3 o Tz
2 BEIL—L9—Y

K7L —LT7 =21, —2OHUEDNY TILEED
XL EN ST =&ty beHWE., 7—4&
£y FHDEXIZOWT LLM ZHWT, EEDY

DA, BBOXDAER, 4B AT % IEIZ
795. LI, SMHEIZOWTEL 3T 5.

21 HEOXDXER

LLM ZHWT, 7— Xty PADXDZ WX
NEERT . ZDE, object 7L —X%{HS5 L5
IZfi~$ 5. ¥£7z, In-context Learning (ICL) [1] % H
WC, BB RERDORT % k BHlIIRRT 5.

M1 ETHERS. B, H1256K4128W
TRFEDTE LM O %2R T, FITHITB VT,
LLM R L 72 BFWHZ IO EFRIT MY 7
)L (Paul Monusey, place of birth, Scotland) % & ¥ H 5
DX TH5. 3FEIZBWVT GPT-3.5 Turbo & W T4
WLEEEDOX R T VXL 1006 7Y 7L
TATRHM U 7455, 99% 23Rl b e Xz
BEOLTH-7-.

22 EAEONXDER

LLM % F\WT, 2.1 HiTAR L 72EFHKD XD object
7L —XHEZHRITRBOXZERT S. £D
B, —RAAYMICRZ 2 XEERT 2 L5 RT3
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Does the input contain misinformation? You must answer with
yes or no:

( )

Hi#

Input : Paul Mounsey released NahooToo as his second album
as a musician from Ireland.

Answer: yes

B3 AR EEHER

e B
Does the input contain misinformation? Let's think step by step
to answer this question. You must answer with yes or no:

( )

i

Input : Paul Mounsey released NahooToo as his second album

as a musician from Ireland.

Thought: Let's break down the input sentence to evaluate

whether it contains misinformation:

1. "Paul Mounsey released NahooToo as his second
album'': This part of the sentence is accurate.
'""NahooToo" is indeed the second album released by
Paul Mounsey.

2. "as a musician from Ireland": This part of the sentence
contains misinformation. Paul Mounsey is not from
Ireland; he is a Scottish musician and composer.

So, the sentence contains misinformation in the second part

where it incorrectly identifies Paul Mounsey as being from

Ireland.

Answer: yes

B4 CoT & WA D EfHIER

T, BRHPHLWEBOCEERIES.

X2 iIcETH ERT. ETFICBWT, £
N7z R - 72 b Y 7L (Paul Monusey, place of
birth, Ireland) % ZLBHD L TH 5. 3 HEITBWT
GPT-3.5 Turbo Z HHWTAK L BB DOXE 7 > X
L2100 9> 7Y > 7L T AN FFRM L 724 R,
99% DMETRIE D ICERSINEHBOLTH -7 4
AU 72 BB DT E £ 45 hallucination D3RI
X NG 2003 3.3 Bl TRRGES 5.

23 ERXDOERTIE

LLM ZHWT, 2.1 iz 22 HiCAERLEXOE
HZHEST 5. HEIX "yes/no” THEMEE 3.

JWETHIZRT. ETHICBWT, AN
o 7= b U L (Paul Monusey, place of birth, Ireland)
BURBBOLTH 2725, yes” LHEIEFEL TV,

2.4 CoT ZAHWI-ERXDEBHIE

LLM O HIFRIE R I X =X ICHEDIAETNTE
D [13], HHERRIGRICHE © XD BB HIE T 51213,
NRIRX—RIZHNEENTWBHBRDOTEHPEETH
ZrEZONS. £oT, NI X—XhoH#HE L
FLPIEHT2DIC CoT EHWEFEERET 3.

ZFETHERT. FETHCBWT, LLMIZA
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B 5 relation 7 \JL Z ¥ O hallucination A=

N EEKROFT L ED ZIHEIL, XHEDLIEIC
IERPE TN 2R L TWS. ZOR, By
RBFEERENRT XA —RIINE I TV B HGERICHED
XERT ST, XOEBHEITHILTNS.

3 EE

F—X+tvy b2 LT, LAMAT—Ztvy b EHL
5. LAMA 7—%+t vy M, SBETILVOHMEYL
TS 2720057 —Xty b THY, MU TIALDIF
WM G S NE L THREINTNS.

3.1 RE

FlEEBRICBWT, LLM 23RE&FAZ SO XOE
BEHET 255, REFADEREL DTS2V
CVWOHHBTHEZEZ 2XE 2R LE. 20D
7=, B Y LT NLTK [14] ZHWT, K% %
BUOXERET S, FRICWE 420D T73aVDS
% Wikipedia 12329 W TW5 T-REx [15] Z W 5.
T-REx 121% 41 FEEH D relation I XL3H b, FijLH
BDT AN T—X1326,803 XL TH 5.

LLM & LT, GPT-3.5 Turbo" Z W 3. ¥ R F
2121% OpenAl D AP 2@ L T7 7k RXF 5.
temperature 13 0.0 IZFE L, 10-shot TAHEK T 5. ICL
DFNZ, T-REx DIEFET — X D relation 7 N)LH3HE
%41 LI ANTFTIERL, 72X ALIER
T 5. MEEEMENZDIC LLM BEZEEIEZ -5
A%, hallucination ZMAI L7z & AT .

A1, hallucination FE1 D recall, precision,
Ffifi, Ef#%% 5. hallucination % Hk3 A&
FAGTE X D EZ D TH 5729 recall 13 dEH
B FHME+ERETH D, hallucination BRAHIZR ¥ & FEXR.

1) 2023/11/6 FROEF L& W,
2) https://platform.openai.com/docs/api-reference
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1 FEBER (HIX % FR, Ridrecall, P precision)
R P FfHE IEfXR

GPT-3.5 Turbo 219 85.1 349 59.0
GPT-3.5 Turbo w./Col' 58.2 83.8 687 73.5

3.2 ®BE

£1REBRGEREZRT. CT ZHWVWAEWTIE
& recall 23 21.9% L2272\, CoT Z W3 Z & T,
recall 7% 36.3%, F1{EDS 33.8%, FfRERD 14.5% A L
L7, ZdD X 51T, GPT-3.5 Turbo & CoT %= H Wiz
W & hallucination MEI#R & LTS Z 2 13#HE L was,
COT 12X o TF X=X IZNE XN TV B E 5
XS Z e THRAMRED M LT 2 Z e o T,
Z D—J7T, precision I& 1.3% K F L7z, ZHik
CoT ZHW2 Z & Ttz difkz 5 2 HE 2 K51
2D, FHEPRBEDEK LD S EEHRE L THA
FT2X5C Ko/ eNRERFEEEZONS.

512 GPT-3.5 Turbo (with CoT) @ relation 7 X)L
Z & O hallucination MEIZR Z/~3. ML BZEICE
$ 2 43 @D hallucination ¥ H13% 13 80% MU FTH 3
R DIRDERTT) B3, N> X XIZHET 255D
hallucination A1 1Z 40% U N TH 5 (DB DEL
). D& 512, LLM 1213 hallucination BHI A5
R NIRRT DEET 222D 0h o 7.

3.3 9

£ LEEADXIZERL %L hallucination %
BRIZD? K7L -2V -2 TERT 2EMH
D XIZE 5 hallucination (ZfER X% HWTE
MEICHREZIELZDIDOTHD, EFEOEK LRV
hallucination & B{Z IR > TWAA[EEMDL D 5.
LoL, K7L =67 =27 DEHDOIELLM O
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=2V DOMERDIHIHE > TERINS 2D,
LLM H5| & Z L3\ hallucination 2 IR TE T
W3rEZD., TL—LT =TI TERT 2EMHDI
ZE £ % hallucination DSFEFRICFHEA T 2 HHERL
272912, GPT-3.5 Turbo % Fi T [MASK] |2 i %
ZBHN7z object 7L —XEFHIL/Z2 25, 1.13%
DR DL e —H U 7o GEll72 2 ERERE 3 8% Tk
RD). ZOZehd, 7V—LT—TTHERTZE
HBDOIZLLM OFRD & L TH4 LIS % hallucination
FHETETW 2 EZILNS.
hallucination IR ZE X EFIILOHEE L EFRD
HB3H? 24HITBWT, LLM XD EBZHE
T AIE NI XA —=RIZNE I N TV SR Z 5
TAHAREND D EREL, Mgl s3I0
CoT ZFHW 2 FIEZREL 2. AHITIE, LLM D
hallucination FRAH1Z & Gk E DR E D3 5.
HBTUT 4T 4T3 LLM ORI, F
AiFE 3 — RARHEET 27 FAMBENZTE
FNTWVEDIHRET 5 [16, 17, 18]. LLM D HHi
¥EHA—NRAF T 27 LOHOLOETFRA T —
RTHRINTWE D, BT T 4T 4 1B
TEHTFAINREEZDIY T 47 4 D popularity 12
BHEERD B EZHNS[19]. KoT, LLM D
hallucination FRAIZ & t 1) 7LD popularity D %%
AT 5. RFETIE, FTATHE 9] 1> T
7 4 7 4 O popularity Z7% 43 % Wikipedia R— D
BB L EEL, MU LD popularity 13 subject
¢ object DFIEH DAL T 5.
TAMNTFT—REZELVIZEDZIFIT, EOHAD
GPT-3.5 Turbo (with CoT) @ hallucination 1 H1 R ¥
FY D popularity EETE T 5. £ LT,
Scipy [20] % F T Spearman O JIA {7 AH B R 5 % 3K
8 4. hallucination 1% %1 @ ¥ %) F£ % popularity 7> &
AT X 20 X2 72912, MY 7LD popularity
WIS T2 oL VITHELLIIRD TS, 7,
relation 7 X)L Z ¥ @ hallucination A &1 D #f 5} £ %
popularity 2> HFtHHT % 2 22 FX 2 72912, relation
FZNUES> T4 DO E A ITIRD 91T 5.
K2R ERT. WINDOIRYFITHTTD
EOMBEND -7, Kz, + Y 7LD popularity 12
> TIR D 7710 7= BR DM B REUZ 0.60 TH D, B
PEHEIZEW., ZTOZ 5, LLM O hallucination
A RIIHGEREICEBRLTEBD, I X =212+

3)  Wikipedia API % FA\N T, 2020/10/1 2° & 2021/9/30 ¥ T
PEER—Y OREM T IIG T 5.
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£ 2 hallucination %1% ¥ popularity DAHEE

] DI MHBEEGREL  P1{HE
bV 7LD popularity  0.574  0.008
Relation 7 )b 0.337  0.031

DIRHGEDI N N TOWAIUIREIT = 2 AJREMED
EWZ N oTz. Fiz, relation 7NV D
hallucination #H1D %57 £ % popularity 2> & & % FEFE
FATZ 2 Z 00 o7,

4 BEHEHRSR

PNEBIREE % B\ % hallucination BAT TR, FI
F—2 v THIERD2 S EFILDOMHIZE 2 HET
3 21,22, 7].

EFFRZ WA FRIEZ 7 7 7 v F 2 v 2 O0H
TIHERBICHREINTED, 7L —odl, BIMRER,
X JEHEE & W 5 Z BRSO Z IHICAT 5 T4 [23, 9]
MERTH 5. EEIZ, LIMPEKLZTFZ b
D= DFE[24] DIREESINTWVS,

5 &hHOHIC

ARWFETUlE, hallucination 1% & % X D B
ERXAZ & L TEREL, LLM @ hallucination #%1
HEREZRH 2 7L — LT — 212K > TLIMIZHED
hallucination ZHHITZX 20 ? ¥\ 5 RQ %ML L
2. T2, LLM DO T X — R b HEEG = 37
DI CoT Z V2 EMHIETFEZRE L. £k
IHTDRER, LLM 1Z8F X — R+ 0 A% A AN
waxnTViUE, HEH D hallucination % 1T E %
e EPESMICLI. RIROEBREL NIRRT

AHAEOIMBMYE. AWHKE, LLMAPEHHOD
hallucination Z AT & 2 Z ¥ 2 fH TEEMNITTR
L7>. LLM % hallucination fR%185 ¥ UL CHW 2 FiE
121X, WERIRREIC Y 78 A TE W LLM 12 b E A
TEHNHES 2 —NAR L TIRTDLI—FPFRIC
fEz 2w, BIFFECIBBRVRELD 5.

ARROEEME. AL TIE, LLM D halluci-
nation DEEIZFANT T, MHIX R 7 2 L TEREL
2. MELE7L—207—21%, FSLLMAED X
5 725789 C hallucination Z 5| 2L Z L3 W & &F
fiis 2WF3ED B2 D ¥ 72 5. %7z, hallucination
K& popularity & DBEf%% % Z & T, hallucination
MAIDOMERE Y LLM OHGREICHED H 5 2 & %
HL, HERiEEa—R20B0EE%ZRL.
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Answer an appropriate phrase for [MASK] in the input:

( )

it

Input : Dante Rivera, who was born on August 12, 1974, is a
professional mixed martial arts (MMA) athlete from [MASK],
New York.

Answer: Brooklyn

B 6 object 7L —XFHIDETHI

A object 7 L —XFRIDREREE

QEDI L —LYV = TERTIEHOITEE
1% hallucination DERICHAE T 2 iR T 5729
12, ARCSZAHD object 7 L — X% [MASK] IZ & &= 1
Z, [MASK]ICABE L7771 —X% LLM IZ T H|
5. XOEMRPERHE & FAMIZ ICL Z W T
M & BB DRT % k BlFER L, [MASK]IZA %
T —ADAZAEIES.

X 6 12 GPT-3.5 Turbo @ EATHIZ R~ F. FEITHIIC
BWT, XHD [MASK] IZA B IEL W object 7 L —
Z 1% “Manhattan” T# 5. GPT-3.5 Turbo 13 [MASK]
IZA% 71 —X% "Brooklyn” L iiELTEBD, Zh
W EB DL Y [El— D hallucination TH - 7=.

B EXDXZRHZE LM

£ 11ZTBWT, CoT Z W3 Z & T hallucination
1A D precision 2ME N L TWa. ZHd CoT = H
W3 Z YT, LLM DXF X —X»5 &b EHRA
o ZHE S LR D, HECRIADBERZEL
FHBFRE LTHRAIT 2 X512 L RENA
FrEZLNS.

X 7 12 GPT-3.5 Turbo (with CoT) 2SEFE D % FH]
ELRBlZ RS, ZoflicswT, GPT-3.5 Turbo
WXy Y« = B2V ED 2007 FH 5 2012 FF
THREINZE VWO ZiRE#RE LTHAIL T
BD, [ELIE2006 FE05 2011 FTH3 AEMRL
TW3., EIZ, Xy 2= hrod2007 FEETVIZ
2006 FEICHUENBMA I N TE D, 2011 FEE2FHF-T
AN T ENELLRL TV T 2 7=
FHET3. ZOEIICCT VWS, BEEDXT
HoTHBERBRIBABEZENT VS L BRI L
ETBHIeRD 5.

4) https://ja.wikipedia.org/wiki/X v ¥ -« 74 bR
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IS N
Does the input contain misinformation? Let's think step by step
to answer this question. You must answer with yes or no:

( )

i

Input : The Dodge Nitro, a compact SUV, was manufactured by

Dodge from 2007 to the 2012 model year.

Thought: Let's break down the input sentence to evaluate

whether it contains misinformation:

1. "The Dodge Nitro, a compact SUV": This part of the
sentence accurately describes the Dodge Nitro as a
compact SUV.

2. "was manufactured by Dodge from 2007 to the 2012
model year': This part of the sentence is inaccurate.
The Dodge Nitro was actually manufactured from 2006
to 2011, not until the 2012 model year.

So, the sentence contains misinformation in the second part

where it incorrectly states the manufacturing timeline for

the Dodge Nitro.
Answer: yes
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