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THO - QISAIS, BH2, 2kt BRI, 22t e, Q17 IE 7|t Zatsls, 4240l A0, BE|RE QISKIS
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Literature Review of Al Hallucination Research Since the Advent of
ChatGPT: Focusing on Papers from arXiv*

Park, Dae-Min** - Lee, Han-Jong***

r Abstract Hallucination is a significant barrier to the utilization of large-scale language models or multimodal
v _ models. In this study, we collected 654 computer science papers with “hallucination” in the abstract from
arXiv from December 2022 to January 2024 following the advent of Chat GPT and conducted frequency analysis,
knowledge network analysis, and literature review to explore the latest trends in hallucination research. The results
showed that research in the fields of “‘Computation and Language,” “Artificial Intelligence,” “Computer Vision and
Pattern Recognition,” and “Machine Learning” were active. We then analyzed the research trends in the four major fields
by focusing on the main authors and dividing them into data, hallucination detection, and hallucination mitigation. The
main research trends included hallucination mitigation through supervised fine-tuning (SFT) and reinforcement learning
with human feedback (RLHF), inference enhancement via “chain of thought” (CoT), and growing interest in
hallucination mitigation within the domain of multimodal AlL This study provides insights into the latest developments
in hallucination research through a technology-oriented literature review. This study is expected to help subsequent
research in both engineering and humanities and social sciences fields by understanding the latest trends in
hallucination research.
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L. 27|

20229 11€ 2ZAI(Open A2 AGPT(ChatGPT)
EA| o] BE ARS] Holof] A QIFA|5 e Artificial
Intelligence Transformation, AIX)°] ¥ojd Aozt
£ Aol A& v g}, A E M, HHY Agto]
o]o] 91¥A5(Artificial Intelligence, Al)o] AFg] A
HhE |3l o= 2ol

T2 oo gk 3% HA] gtk AIE ZEAE
U YA Ao 8ot ARk HA| AR o]d
At 22 FE2U AMUATE npEo] QeAlE o
5] 9&oltHLee & Nam, 2022; Eun & Hwang,
2020). Al 719 T2 A2 5 HA 24, Al &
A &) A, GAHE] A4 5 AR meol diet Al
S ket = A715 L ItkSong & Lee, 2024).
FolETh A19] AlE482 7iE =9 l(Domain)e} HE
AH&AHend-user) $EA & HAE ofof FFTH(Park,
2023a).

3tz (Hallucination) &A= EHQlE Al &8 F
Aot e 84 F stuth §35] 23} ¥t 2ol
AR31A FEEol & Bople w2 o AlFA4ol
Q75K Park, 2023a). o|2fgt FofollA AL9] A=A
< £0]7] flsfiAl= 29 ARl Hofelil o] E EA
(Hallucination Detection) ¥ ¥3KHallucination
Mitigation)sh= A7} E4=4o|t},

7 Q3t= AUAE HAES Aok ti A
o] 2¥(Large Language Model, LLM) 7H-& S5t
< YA 7AM e 7 FS856HA Zeke A0l
ot oA EAL= ofEet AIE diEsH] Hsf A
LA u)A| 24 (Supervised Fine Tuning, SFT)¥} Q17F
»=d 718k 7Fsksks(Reinforcement Learning from
Human Feedback, RLHF)E E=3H AHE A7f3gtct
(Ouyang, et al., 2022). oJ5to]l A3 A4S Aot

A 27 A (Retrieval-Augmented Generation,

RAG)oIY A7) A4 (Chain of Thought, CoT)2}
T2 FE 9AY 7 A3} 7 e S T ok

I3y 2EZAL9 Al el R (Multimodal) Al
GPT-4o2 A &7 5] s Aok = K3t 20
2 4HA Qi o AY GPT-400lA 20182 “Hir
EiE A A g 1skd A=) o) i) Aot
2t 8PS o, olet AE WAGE Le-S0 #
B A= A7t RaEh o) A% E
Z(glitch token)oll I35t EAZ FRT. QLEAT}
GPT-405 ETS DA NE AHAT Aoz I3
SOl & Bt A EZ0] o3t Hzto] At Alo]
ot IRk 87 43l ofds) sfdsiof & AR
OF3itt.

o2t e} 71 e 1l 5, 7 7Y, 7 43t
Ho] 48 A 5ol wet o vhefolth. M= g2t
FRE B glom $7 43t 7 E S7FE L Q)
tt. 3] Aoz A4 AlQ] 3zt A5t BA7E A
SO LM 7I§k9] AGPT 574 % eHl= & ¢
ALt GRERIEZHA] Al 82to] i3t FH4lo] 34 ol
g

o] A7= AGPT B4 °l

)

o 28 WE/H A2, 9=l A7t 5 ol A
e

3} 21 Qkefe] ehat ook St 7]ofstad gk,

ol 9% A% AT BAL thet et RA, A
GPT 57 0|5 82 9o} $91 Q179 79 Hof, %4
AT, FR AT FAL RAWR B4, 7IE IR
B2 B0 HOkS v #2495} AT o9 B5T
% QLA A, 28 Hotd] F8 AFATL AT =

1) https://chatgpt.com/share/9f434a84-b316-4114-a185-c8c7ebc1b496?0ai-dm=1
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00| (arXiv)e =28 M2

& 5o BokS f 3k s FAl e ojgA A
P31 =7}
B4 AL AGPT 54 0]391 20224 12¥€+H

20249 197k Q& AN A(Open Access) AHH &
HHPreprint) v |o]El#[o]A(Database, DB) ot
o] H(arXiv)ol A 7 T =8 654710]ct. £4] vy
2 HIE B} 24 A A E4(Knowledge Network
Analysis), A2 U284 &-g3ch Bl BA7} 2|4
AZT BAL &8l ZE3H. & ofrto]HojA A

4
ASHe A% Hopas ZENHe Hop Bojo| 1, Hop

H F8 AARE wold, ofd 7| YEIF FHAoE o
HAEA AwEn, A4AEF £42 AXAETY
o

E40] T2 QA7 B} B, A7 Bk 7 A 52
soteh=Hlo e =82 . ofof of7to]Bof AAH

B =8 28712 AEs] R4S ulaFt o
et AT AL R =R AE ATE vgor 37
dlolel Hwt BY FEoR, BY AL 97 wx|9)
87r gsi2 Wi 5, ARS8 ARl o
o oog H]EHM tﬂ 7\]/&1017&1:} HM_,] _/1,_\_5'3451. 7‘_:':1_31]_3_
EdE A5 24T 41 2o 78 AA 9] =& 1087
£ e 1 e 2ag

o =EE A4 Al9] B2t 93t W TR A7
A AESH= Al 7o} H]7H1?j_P }5 = x
sto] B2ko] 7149k Y3t 7140] SYPS ETRHoR
AHEE A E—agi i} 0|2 Eaf 28k Hof

l->

E& 21 £ 97HHuman in the Loop)& #4149l

HIOS RAISH= Q1 EANS] AFAEAE =0 F
Z 7ehgte.

Q.

)

II. O|2X =9

[

1. 44 Ale| Fol, g

g, 7Z, Y, =8
A9 =00 oA AA Alo] thst 7|20l A
Y& 7HeFelA AdgstaAt stoh Als IA B B

d(Discriminative Model)¥} A4 R (Generative

B
fu
o
=

Model)Z YA tKFoster, 2022). E-F(Classification)
of AFg sl T wely) o) A4 BEo HAEL O
73, oA 52 W=t ARG A Tl F/dolA
bl Hdlo] 7j9} o] Zolae= Ao, B4 BE
ek 7H9]- —IOC}O]E _’_]_Eq Eﬁﬂola—:ﬂ_ Sk A Oh;} Eo]—
EA A =8k (Supervised Learning) O & k5ol Thd
dyh g A rdle 37 82| =8k (Unsupervised
Learning) 0. & F=Ht} A4 A9 FQ o}y |dA 2
= ERAEH(Transformer), FA] &4 2 E(Latent
Diffusion Model), 2 E 213 E(Autoencoder), 23434
At A4 Generative Neural Network, GAN) 5

o] Sltt.

A 7P Zg w= A4 Ale o] XE(Language
Model, LM), £3] 2GPTS} 2 LLMo|th. HIAE §
EHQ] EEEEE Cgaﬂ—a].tq E_Iﬂégg AH/Ho]—\:]- LLM
4 7= BAE 2 7o) @t okt w7

4 $7F AL sLM(small Language Model)o|4} sLLM
(smaller Large Language Model)= it}

\:ﬂ]ﬂEﬂ- AlE _'.Etﬂ"‘l 011—,} uthrJ- Al %_ 7}%(1—
QubAo] #o] tjg HelRY Hd(Large Multimodal
Model, LMM), & 12 AlZF Ao} 2d(Large
Vision Language Model, LVLM)o]t}. o]EL ElA
E DRIEZ It AlE A4dsk= T2I(Text to
Image) 7|5< T@%T}. 923(DALLE-3), PIEAY
(Midjourney), 2~H|o|& tF-A(Stable Diffusion) &

o] iAot} E|EF A= HJAE Qo] o]n|2 L &
I, =48 o= YYoE HE 2k Qrh. £Y0ER:
O]UW olof] IAEY o0 FYA, 3DE BET &

At G2 20244 5Y 3/HE GPT-do= HIAE
9} ojuj = FE SA7H] Yo & Wl ARt

A Al= B4 9179 (Encoding)-t1 29 (Decoding)
TFZE o|FoA Sitk. /1FYg A= GAEL o

1A 5 4 ghol gt S (Feature)S HE FH=
H e F7HVector Space)ell ¥H¥IQ(Embedding)gttt.
H3g oA HH g7t dHgE 542 =9
o2 ZYsttk(Foster, 2022).
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LIM2 712402 ERAZNZ} ARGHY, ERAE
H= 9AEA Q1FY 3 1Yo 5335 & % Hy
2 Zohfli= 9H9E oftld(Multi-Head Attention)
FZE ZF=tH(Vaswani, et al., 2017). ojdlAdolst &
& AA| o] ofd &0l F83% YFg Foffle
Sh5af 7| AR Golut Y BE&E =ol= HH4lo]
HE = ofdld of2] A ofdlM(Self Attention)
Aol =g ATHE A= HHAjolth

LVLMAA = A &4 2@ (Latent Diffusion
Model)o] 2] S&Hc}. ¢4 Ak Q1Y TA 9
A FAHQ ol & 7L S F76le o
A(Noising) 3 T2 GANA olgoz o
5] B2 Ql Aol | = AA AT B B2
= EYoke Yleolg(Denoising) IH L2 o]Fof7
= xPxH A e o o] kAL jq.;q_o_ ;q/\ o] A
ZHLatent Space)llA] 3§t} HE|ZY A= HAE
e} ojujxE BT dH|gsta HAE G} ofH|A]
A d2 vy 3tHRombach, et al., 2022).

R Al sLMo|2tal stefete k53 wj7f 47}
3] Bt whzoll 859l B&42 =017] {1 &l
231t} A Al=

o L dfo

Sk (Transfer Learning)& 2= &8

Al 79 352 3t Huang, et al., 2023a). A
A, A5 (pre-Training)°lt. HtE 352 &3
@%Ei A8E 4= 9= 718 2 (Foundation Mod-
2 W= Iolot &4, W42 (Fine Tuning)®]
‘ﬂr. APAEkE HeofA] oF7te] Sk F7tel A1
53 1Y 52 BS ol otk A kg i
A19] SFTo] Yg] AM-EtHDong, et al., 2023a). T]A|
ZAL APES mdo] 2|4 = ujrfEdo] 1R
ozt Yol Est WA 55 7Pk 3‘4?2

Z7Vok= "HAlo] Qltk(Sarker, et al., 2018, 2019). Al
Z’H 7L9}°*¢(Remforcement Learning)°|t}. RLHFO]
ga=c} nA R4 & HAF B (Reward Model)
%%5 7t Mg HHelA g H, olE 24 4
2 24 3KHProximal Policy Optimization, PPO)2}
2 A5 g5 o83 FokeksE Ayt

6 2024018

(Ouyang, et al., 2022).

o A Als PuRIF A5 (Artificial General
Intelligence, AGD)O] 771 AIZ =2 7|HE B 9}
o} Zeu A Ale A 2T 1 & ik s2s]
of o thfgt A|7F HorltZhang, et al., 2023a).
AA, R5(Ambiguity)olth. ZFAY +EE B

AR "9 719 S5 e gshe Aotk 4,

E 44 (Incompleteness)o|t}. A&F Etojo] WA vk
o Huzogut del Aojtt AlA, HeH(Bias)

ot} MPHQl 25 WA ]‘— gt o o, 01
11:]— H]ZZH }HE
(Under Informativeness)°]t}. 2150 o] 4l Xéi
£ 22703 gst= otk oHAA, o =gollA
AT E 1} ok gHolt

= 3t Montagnese, et al., 2021). €
A= AGAT A5 A5k A2 (llusion) 2t
o|9} FAlSHA B4 Al B2 AL
A7} glo] BE & AR Unfaithful) Tol ¢F ==
(Non-Sensical) EE A= AR S3HI(1, et
al., 2023a).

317} 9sHHallucination Mitigation)= LLM ©]A9]
Ao} oM A EUX|(Factual Inconsistency)
M o5 HgFojfit. &7 ddte &7 fda
(Hallucination Reduction), 2+ @4 (Hallucination
Correction), 3 (Dehalluciation) 59| |0]2%
CHAHTOE 5, 2022; £F4, 2024; Jha, et al.

2023; Rehman, et al., 2023; Ji, et al., 2023a). ©]
oA E B Adteks |olE ARSI

AGPT7t 3709 o]F &2+ =9]= LLM 3422
AP}, LLMo|A &2+ do7]= £8 HYPo 2=
714l ¥ (Machine Translation), 22-32(Question



and Answer), 3} A|AEl(Dialogue System), 2.2F
(Summarization), A4} & Z(Knowledge Graph)
A4 5ol Aok LVIMH T3E Yo 2= A2t &
9]- 3 (Visual Question Answering), 1A 444
(Image Captioning), B34 A34(Report Generation)
So] giEZo|tkYe, et al., 2023). HLoll= Apdo|Lt
og% /\gxé’ _‘%_/lé Agxg’ 3D Ani=)) }\H/d = q.ok—]- EHE]E_
g ALY &7} EA & 5] ARSIt Wang, 2024).

A7 Al9] &2} ZAIE olsfist7] of#E olf+= Hlo]
E-Sk5-FE 02 olof|= AlS] o7 R AT
& AUtk $A ghssdlolE 7} Hdisith. So] wE B
O] A raks Hrala) g A4 Al9] B Eeksofl A=
ShstlolE 5 Al 17+ F4(Annotation) 20|
F|aobE o] fiEo] & 5 TSt 4 HH| 2
S, Q=AY Fx Q7 HoFd JEE S5 AA
SHA] 52 4= ok TR A4 ALY "WHV\ HFA)
o] thFHAIHA 2ztof| tf-g-5k7] YRt LHHAQl 7
oy 2d A 5o ofERE A &
ol A4 At U 18RS 241
ol A=l gzto] ZFHA=AE
o2& 4= YUth(Zhang, et al., 20233)

71& B =2 Review Paper)E 2l H P4
Al9] 87} A9 FAI= thZat Aok AR, S A
Fstetal 11 49l AuEnh 24, Aoy ¢

7Fek HAwtE oA EE 50kl 4
ulgstch, A4, 2k Ay 8k 9
oFstth(Huang, et al., 2023a; Ji, et al,
2023a; Wang, 2024; Ye, et al., 2023; Zhang, et
al., 2023a). T HolA= 249 f3 AS A
2o}, Szt B dlofE et 3+ 'R, 82t Aok
=it WE 24 Aol A Au i,

o ™

rPN

ne
s 9

7F ARE
H

3

o off N i

l—J

2k

3. 812 2ol

riok
ot

a4

A ALY Bhzb

(Factuality) &%

ZFo] Ao whebA AMAA
Al A (Faithfulness) 8210 2 1

gl

o

L
=
<

HGPT 5% 01% 9Bl 7% 979] 28 ZE: 0710|8(ankiv)2l =28 FHO2
4% QltHHuang, et al., 2023a). AL &35
Ag=o] A AHI dAH=AE Kot SAAS
A doleet 298 AAE T E= AP 1Y ¢

4L ojrji,

#7he @7k o] ofgjelAlo] dak YA §zt
(Intrinsic Hallucination)®} A& 3+2H(Extrinsic
Hallucination)2.& W& 4 AtH(i, et al. ,2023a).
WA 22 B Aol gt 2ol ieol
U 9 golg = e ol A5tte ¢
+ ZAo|tt. o] A HloJE oA A %‘fo =
F2 4 ol QA

2] $H71-2 Ho|E
ot Zdo] A& 2okt 1E
Zole}. o] A% Ho[HRte 2
HHeHA| = 52 4l
k7o) EAO et o (Input-Conlflicting),
W2k A2(Context-Conflicting), AH AF%(Fact-

Conflicting) 2 2% Y& £ UtHZhang, et al.,

ol
—_

o l‘

o

=

rZk

4 4%

20230). U Ao nEnE QY e YLe &

g5tz Zloth. ZEIE 2 IA B AAIF Y
Aoz TAH. U FF2 A9} ok 7R} A
oA, JEn HeH S W 45 Kot
gAY 298 st =t AYS sHAL, ATt A

e deged BekE 2shs 497t et
£ Qool} 7 A elo] 4 A% Qolyih, met 3L
A7) 710] EAS} Wt Q4 BAR P A4 Al
£ 717190 071 44 2] el 1 Skl

WS Al YA $A Eoke A7 9l
4 A7} ALl ofehe Aol ek, A4
QA AAS THE AHS ek A ofie
A AZF AR AARIH A7 A7t sl
7tk /158 59 $A4 982 s
e Qe 453 wet A4S 2] 23 o8
WAE SR, A 4SE HolE ] Ak ot 9
A2 GO RE B 4 9tk Ee AMIA B2 o)
A $7 9 A ST BA4 B2Re YAE B
0 45 2 e 45 Baiol kot

Zo

S|
=3
|

=

a

]
A4

=

[}
o=

o=

A
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240l ARl A A Hlole SHI} Bl SHoA A
HE 4 tiHuang, et al., 2023a; Ji, et al. ,2023a;
Zhang, et al., 2023a). g8 W] &7} QAR
(Misinformation), A4} ZAl(Knowledge Boundary)
23}, glolg &8 F=(Inferior Data Utilization) &
o= yepdtt FeAE glolg - (Heuristic Data
Collection) wizol Elo[Ei7F HFE A4 Ut A
& T 192 folgo] E1 JEY ARY HAS &
< AR A7 EA UZ Sk Aok A5E 240y
Ao, Ee= Qe FHEeF A2 FH O o] Z Hlo]
Bl Hjofl Beg AE7E 23k A7t ok dH o]
E7t 355 4712 & itk 388 HolHE 45t
A F5iA, e A HolElE M| ZiA] A7l
3 A4 4 gt 99 A4 (Domain Knowledge)
A AE A4o] BE3 A% At A4 254
(Knowledge Shortcut)2 WEt7tth7 glolEE A
E BE5HA £ & Utk HolE7F A2 71 18 A
Al(Long Tailed Knowledge)o] o|& W= 3tzto] gt
A & itk 20| F 93t o B AR 3
o17] ojgE & St ol 8P 2] AF(Reversal
Curse)E € 4 At(Berglund, et al., 2023). o=
LLMo] “A&= Bo|t}'E Yot "B A7Vl &%
St @S Tt

Td =9] 947 9l 1 sy I iA] Q1R
Al 579 Hdlo] o3t 22 3 WA t2g @Al
o QFE U & Slrt. 2d ok IgollA Sk A
Z8kss, SFT, RLHFS] B& SA A 584 &= Qi

APAEHE ©A 9] 22k o784 9] Hdarchitecture
flaw)oll <Jgt Zolct. ot Q13 TA A Kol
S SARE EetAY FolH e A A
< 2T v ST, AHEolA Wk Al
2 o|gfistA] ot #7hE 4o 4 qlot. ofdlA
(Attention)d] &2 QA% #F SH5(Imperfect
Representation Learning)s & =& It} o ©of
9] o9& Al FAAZ(Entropy)7t =AY AET oF

w
HR7F FASY A5E A oAV AE e 3o

w1 T

>, ofl

=

<=

8 2024018

ol§ d#HA dojEol= +w3°] &4 (Snowballing
Hallucination)®= YEFAtHZhang, et al., 2023b). st
& oA A2 | Ak ShgotA| ¢l w617
1} 5= 3% ZA|(Behavior Cloning) £+ 254 3%
A(Stochastic Parrot) 2AIE 92 4 ATHChiesurin,
et al., 2023).

SFTU RLHF SAOIA & thget 2|4 S-&(Knowledge
Conflict), 29 &912}et Q7 M3 7+ A &Y
Z(Misalignment) 5% 324 4 AUtHZhang, et al,
2023a; Huang, et al., 2023a). 911t DB} 2] Al
O] A4 w7 E A, o]t HiZ |4 A
Al(Parametric Knowledge)¥} SFT, RLHF, AA| AF&
59 @A YFE= F7H A4 2k Zo|7t g 4
ATHSchulman, 2023). AHEAZ} Yok G of
st F2A49] 5%3KSycophancy)4 gt go15
= 374 9= A7F &HCotra, 2021).

F2 19 o7+ vFYY Ao E YEg o 9l
24 85 $H9(Likelihood Trap)o] AtHZhang,
et al,, 2020). thg @ol& FEF o T2 7%
ot g0 o&sy| fizo] Usht= A 714 ¥
Folu} Qo)A FAt= flol ¥H gAERT A
G AE0] &5 Hi= ZHl(over-Confidence) £4]
T 9JtHChen, et al., 2022; Miao, et al., 2021). A
A& AYE 28544 Zote A4 2 Knowledge
Recall) A9 A= Ach(Zhong, et al., 2023b). °]
gldo] A= 255k ot A71= A= TKShi,
et al. 2023b). ojglHo] ARE[H T7Zt o] =
7+ 7FsAE AXHChen, et al., 20232). FE5 &
o] &3] AR E= AZEWAL Xz SHA|] whE
E(Softmax Bottleneck) dAIE 2 Y2 4 Ut
(yang, et al., 2018a). YA Zoh=tl ok= AANE &
H5l= 24 HeF(Positive Bias), BIE Y& 4]
ot UM A ob=t e et Pk Hedt By
Al(over-Conservative Phenomenon) A% 9t
(Zhang, et al., 2023a).
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1. HlOJE| 27

AE 4 =52 oppto|Ho| A £t of7lolH

o=t 39 tfstwofA Fohe FE AR 28 =
A&k DBE AFEZeHS vlEe A A
9 AA" s}, 28 B8}, AR ES]
AFa-gst 2okl =Fo] I/ et F& B
g7] Mol gt HAl A5 whEA T 5 ok
Aoltt. 53] F=(Google), "IEH Meta)

_>i

Mo r[r

N
1o of o
-
o,
OHﬂ

N
al
_[l

e >~ ol rir

e R 0}7}0133 Oﬂ:rL HOFL Al

E5] AFE AR AL E 0](cs.CL),
e EA 4 e (cs.CV), 7
SH5(cs.LG), BEAM(cs.IR) & 407 &oF= U

2 O F
ok
>,
olr
2
=,

a,

2

o3 2t} AAol= ‘hallucination’
CAA 71702 20229 119 30¢5E 202449 1¢¥
3197kA] e}, 20229 11¢¥ 3092 GPT3.57} ti5ol
)= dolct, A JA(Field)S 22(Abstract) O &

At S4E FAR T A 2F00AM Fde I3
A 2 & {71 dieelt AM ZoKSubject)= A

E| 78K Computer Science, ¢s)22 ST Hoks
o= oot &7t 5 Ef ofol A Ale} Tt

Al =0 &2 AT diF-E #iAE 5 U ofFte]
BoA 3 =52 2&97HA] BRE) 28979 B
F % oluet: AfETsto s EREs 49 24 o
goll AT

HEfeo B¢t =% PDF B2 AEFOE 7
ek, detdolE +32 289 =7 ATYAF
(ScrapeStorm)m A3} $4 FEL =8 ID(D),
=5 F3(Link), AE(Title), AAHAuthors), 2=
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(Table 1) Number and Proportion of Papers by Categories.

Sub categories Abbreviation Number* Proportion**

Computation and Language cs.CL 431 4132
Artificial Intelligence cs.Al 283 27.85
Computer Vision and Pattern Recognition cs.CV 145 14.27
Machine Learning cs.LG 53 5.22
Information Retrieval cs.IR 34 3.35
Software Engineering cs.SE 17 1.67
Human-Computer Interaction cs.HC 11 1.08
Robotics cs.RO 9 0.89
Computers and Society cs.CY 7 0.69
Sound cs.SD 7 0.69
Graphics cs.GR 6 0.59
Cryptography and Security cs.CR 6 0.59
Multimedia cs.MM 4 0.39

Logic in Computer Science cs.LO 1 0.1

Multi-agent Systems cs.MA 1 0.1

Data Structures and Algorithms cs.DS 1 0.1

Emerging Technologies cs.ET 1 0.1
Etc. NA 15 NA

* Including duplicate classifications.

** The proportion of papers in the given category out of the total number of papers (654).

=EE A3 o] 52 HAIE Al 974(Tencent Al
Lab), &=k} thi of7kd|u](Alibaba DAMO Academy)
5 5= 7199} AL dist(Soochow University), &5
s ]%W@E(Hong Kong University of Science &
Technology) & $ & -3 tfe &4 AARE0lt
EAZA 714 Y (Statistical Machine Translation), T
3+ Al(conversational Al) 5 Ao g] o A+
£ Wedth 94 o] AFAE = 23l 8 (Mohit

12 2024015

Bansal)o] 6H9] =22 /5] 71 Wkt ml= kA
F}Ee}o|u} thstw(The University of North Carolina
at Chapel Hill)9] AFE st} 42, ZFAojx 2|2t
AFEHA, Qe EE Al 52 A7 =2 ¥ 7
= 1099 ARKHF 1478)= <E 29 2t
Hopd 8 ARt =7 = (E DT ZH F8
XV]‘E—' bS] 2705k, WA cs.CL #ofll= @ A,
17, Az 5 AA =2 97 Be AREl A
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(Table 2) Primary Authors Based on the Number of Papers.

Number of

E— Author
8 Heng Ji
6 Shuming Shi, Min Zhang, Pascale Fung, Mohit Bansal, Fei Huang
5 Ziwei Ji, Xiang Li, Yang Liu, Liangming Pan, Ji-Rong Wen, Huaxiu Yao, Dan Roth, André F. T. Martins

H 3) N5 20pE F2 Xt
(Table 3) Primary Authors by Sub categories.

Sub categories Number of
(Abb.) A Papers
cs.CL Heng Ji, Min Zhang, Pascale Fung, Shuming Shi, Dan Roth 8
cs.Al Liangming Pan, Mohit Bansal, Yue Zhang, Dan Roth, Amitava Das 4
cs.CV Ping Luo, Yu Qiao, Conghui He, Jiaqi Wang, Kaipeng Zhang 4
cs.LG Yiyang Zhou, Huaxiu Yao, Yue Guo, André F. T. Martins, Nuno M. Guerreiro 3
cs.IR Negar Arabzadeh, Yongfeng Zhang, Siqing Huo, Charles L. A. Clarke, Zihan Wang 3
cs.SE Shin Yoo, Felix Juefei-Xu, Mateusz Dolata, Angela Fan, Zhuolin Xu & 833 2
Ari Kouts, Gregor Donabauer, Jinjun Xiong, Zehavi Horowitz-Kugler, Davinia

cs.HC 1
Hernandez-Leo 5 729

cs.RO Chen Feng, Yiming Li, Fei Xia, Jianning Deng, Leila Takayama 5 54% 2
Kamalpreet Kaur, Ned Cooper, Ajith Abraham, Zachary Kilhoffer, Margaret Eby &

cs.CY o 1

cs.SD Rita Frieske, Hankun Wang, Kai Yu, Zhongjie Yu, Andrew T. Campbell 5 30% 1

cs.GR Abhimitra Meka, Eli Shechtman, Jiebo Luo, Yugian Zhou, Christian Theobalt % 329 1

cs.MM Matthieu Cord, Arvind Krishna Sridhar, Erik Visser, Yinyi Guo, Zhou Wang 5 13% 1
Mannudeep Kalra, Francesco Marchiori, Jordan Vice, Tianyu Chen, Ajmal Mian &

cs.CR 28 1
Susmit Jha, Nathaniel D. Bastian, Patrick Lincoln, Sumit Kumar Jha, Alvaro

cs.LO = om 1
Velasquez 5 7%

cs.MA Zili Wang, Jinlin Wang, Jiirgen Schmidhuber, Zijuan Lin, Chenglin Wu & 159 1

cs.DS Felipe Cucker, Alexander Bastounis, Anders C. Hansen 23} 39 1

K‘lEi}X‘iKH 13



TR

AEZ AAA. cs. Al £oFe] 8 AAze B3l vt
4 F HHLiangming Pan), 9l & 5°] U} &9 o
< AP zYoltjat AtetubEtet Fm A(University of
California, Santa Barbara) BtAFS 7902 24l
ojAz|9t A4 TIHLE ALFE AFEHIA E il
Q14 (cs.CV) 2ok 8 A= 3 F(Ping Luo), 9
ZF2(Yu Qiao), 5F°] 3{(Conghui He) 50t %3
(Ping Luo)x= S35t (The University of Hong
Kong) &4 Fuo|t. 9] 2= Asto] Al A4
(Shanghai Al Laboratory)?] ¥4+2, tfE Qe G
2d 5% Aet 71 A5 (cs LO) woFY] AR EE
Sl oFQ (Huaxiu Yao), % F(Yiyang Zhou), ¥
(Yue Guo) 59°] Qlt}. sk of@ = L A7 Eato]Lt tfst
I A% 295 1kego)Ad B E(Foundation Model),
AL QPA(AI Safety) 5= A3t R (cs.IR) £oF

9] 9 A= 83 HYongfeng Zhang), W72 of=t
B} 5 (Negar Arabzadeh), A% (Siging Huo) 5°I
et 8% AL u)= FAA gighi(Rutgers University)
o 2=, F AT Boke JE A 9 34 ALY

(Recommendation Systems) 5°|t}.

27|19

HES AA —71‘— Jo] 4= 2206709}, <I¥ 2)+=
A Fopoll A 43] o)} A 71E 35705 HEE
ZhSEE AJZBIH Aot 4oLt oFo] 5 oul4f
FEEE 7195 Bl ool BAAY. LM
5 W3 Aol Bdg AAst= 7|9ETF 503709 =
of A8 7Y Bt odtol| “natural language
processing” & AFoiA 2] T 7]YE, “ChatGPT,
“large vision-language models" ¥} Z-2 HE| T H Al

g o

machine translation

Iment | reneration

generafive large language
pre-trained language ‘models imaze
neural machine translation e
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IChatGI;TLLM NLP tasks

larcrr. vmon language

vision-language models

natural 1language runeuage processing tasks

multi-modal large language

knowledge

zion language model

[.Ms IanguaEL

single image
& inference
vision language

question answering ]"I'lll][l]TlUddl ldlﬂ’C ]dI]“lld“L

NLP ‘hallucination
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(I 2) Wiz 71
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(Fig. 2) Wordcloud of Major Keywords Based on Frequency.
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(Fig. 3) Visualization of Co-Authorship Networks.
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(Table 5) Result of Co-Authorship Network Analysis: Top 20 Authors by Degree Centrality.

Degree Centrality Author
46 Heng Ji
45 Fei Huang
34 Mohit Bansal, Min Zhang
33 Hao Peng
32 Ming Yan, Haiyang Xu, Ji Zhang, Yue Zhang
29 Shuming Shi, Kaisheng Zeng, Xiang Li
28 Qinghao Ye, Timothy Baldwin
27 Weizhu Chen, Guohai Xu
25 Jifan Yu, David Thulke 5 % 521

(I8 4) x| 7|4E HAL
(Fig. 4) The Whole Keyword Network.
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16 2024-0i%



Z0t =M

) 719=

| HGPT S% 013 91BXS #24 9179 231 4E: 0PjolB(arkiv)e] =28 402

ol

8 449] 2091 71 9= % &

g =20 T E —%
719 AT Lt = 220670010, Z|¥E A W (& 63 Toh AZAE FFA0] M E 719
Aol A A% A ZFel= (TE 4)9) 7t} T = ‘large language models’® g0} 4= 57574

TRADE 7 171700 3 F-ELE 125770
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7H ALEE F FAEDY 270 H A ol &
7k A47F $A WM E F H f714 08 ATy

Aot WL Auet vz dA Ao LLM

NLP #&d 7| {=7k ot A1 £ JA] 43|

2 A%ol7t B2 S4(hub) 71 9=t FH 2 T (fat

tailed)e]l &3t 71=7F ES: Ak 9l 92T

BEE Yt} of FA] &2 A7F A SHolA 4
(o]

I U= ARG =2ER 5719 7IHEE FEW o] A B ABHEZ AARITH(Park, 2023b).

7| whizol 714 Ape TR A7) solck, o]efe 7
Hggel £3 L 45 805712 e o Fusk 2
2 AT AR AT FAE I BEHL Y ok FHo] A2RS THYSER Lo, 94 LM

o xO

&2 ol
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E6) 7|19E HAY 24 21k AZY: SYY Y9 209 FI/E

(Table 6) Results of Keyword Network Analysis: Top 20 Keywords by Degree Centrality.

Degree Centrality (Number of

Related Words) Keywords
575 large language models
315 large language
291 language models
158 LLMs
62 ChatGPT
58 natural language processing
53 natural language
49 models
36 artificial intelligence
32 large vision-language models
31 large language model
27 pre-trained language models
26 NLP tasks
26 knowledge
22 neural machine translation, large vision-language, multimodal large language
20 LLM, single image, image, LMS
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A‘HHX—]OE—C T\j_ 1 ]-
= o9 PR =&ol it} &7 &9 g2t A3 Luo,
et al., 2024), Bi= &7 43} AukE AwE A771 9l
HTonmoy, et al., 2024). Al 32 43} 7S A
HE =702 = 2J4] 74t LLM $7(Andriopoulos &
Pouwelse, 2023), A4 1T &-&(Agrawal, et al.,
2023), ZEZE X Yolg] E&{(Chen, et al., 2023¢),
d(Wang, et al., 2023a), AA| $%(Liangming, et
al., 2023) 5o°] it} ezt A AEske FAE o
£ o7 =2k A4 gk A tiF Aes 2Edl
h2Hold a9 87tE tE A7t Ytk Rawte,
et al,, 2023b). 574 AAE &4 EAE OE A1=2
= 714 9] 32 (Nuno, et al., 2022), &7 Eof9]
LLM 2H(Yun, et al. 2023), BE|ZE LLMY] B2 &
A(Zhai, et al., 2023), 8] &Z{(Chrysostomou,
et al., 2023) 5°] itt. o] 8t GPT-3 (Zong &
Krishnamachari, 2022), ©]u]%] 74449 (Ghandi, et

al., 2022), QA(Xavier Daull, 2023), H}s=F 215

)X (Kasanishi, et al., 2023), AZE0] AxYo{g

(Fan, et al., 2023), BE|E o] E(Durante, et
al, 2024) £ Bx}A o)At 37k thE ]H =Ho] 9

o} &7 -3 3t AFRA, A HohS TARH =
T 9lth(Augenstein, et al., 2023).

2}\1

7 B ¥iA A Eo|HAIEE A Ee
3 grIeith AMAd 7t fIAuEE 2= Truthful QA
(Lin, et al., 2022), FACTOR(Muhlgay, et al., 2023),
Hal uQA(Cheng et al., 2023b), FreshQA(Vu, et
., 2023), REALTIMEQA(Kasai, et al., 2022),
Med HALT(Umapathi, et al., 2023) 5°], 44 ¥
7b WiAuta 2= SelfCheckGPT-Wikibio(Miao, et
al., 2023), HaluEval(Li, et al., 2023a), BAMBOO
(Dong, et al., 2023b), PHD(Yang, et al., 2023),
ScreenEval(Lattimer, et al., 2023), RealHall(Friel
& Sanyal, 2023), LSum(Feng, et al., 2023a),

(2) Hix|ot=22t g5 BI1of et 2R

20 2024018

SAC3(Zhang, et al., 2023¢c) 5°] 3)t}. FELM(Chen,
et al,, 2023b)& & o B7RIT. tiFE go] 23
0 & o] Q1T ChineseFactEval, HaluQA%S} Zo]
Solu Med-HALT®?} Zo] th=o| 2 | 9% itk

7t HAE A% A g2 AHA do B4
7} 37 A& UE 4 Ath(Zhang, et al., 2023a;
Huang, et al., 2023a). olof wtz} ZF WlxjutT= A
4 Aol B2t A 313j0] S3ks) ek, A
4 B WX utaE= BAE SHolY Ao A4
< g7keht. TruthfulQA, FACTOR, REALTIMEQA,
HalluQA, FreshQA 5°] ItHLin, et al., 2021; Min,
et al. 2023) 37 &7 I HAua s YA S
ol gzto] 2P =S WSttt HH WAtz
&+ HaluEval, BAMBOO, FELM, SelfCheckGPT
-Wikibio, ChineseFactEval, PHD, ScreenEval,
RealHall, LSum, SAC37} it}

HA A HolHANEx F 7HA] W20 154 &
itk AA, QIzte] AR08 A4S GAY FHeold
(Curation) sl= "H4]o]t}. TruthfulQA, REALTIMEQA,
ChineseFactEval, HaluQA, FreshQA 5°] afg&t}. &
A, HolHAHES A5 AAsh= Walolth. Med-HALT,
FACTOR, FELM, SelfCheckGPT-Wikibio, HaluEval,
BAMBOO, PHD, ScreenEval, RealHall, LSum,
SAC3°] sflg=c), AGPTS 2L 1A% [IMS AL8S
2t Ho[EHE 55 Y= Aot} FACTORAH #
= AH/KJE] I:-"O]HE _/’\_z jog _o_].o] 0]__1: H]—}\]E oh:].

A% H7F 3L 7 B7HHuman Evaluation)
o} 2hsete H7FE vl AESHE Bk A 2
g 7|9t ¥7HModel based Evaluation)9} 1+2] 7|5k
BH7HRule based Evaluation)2 Y& 4 9t} 2zt
7k W4 0] <lgtol AAE, AAHA %,
T 92 (supported, not-supported, irrelevant)

S 3 F shuE ehrigsts WAl & 4 UtHMin,
et al., 2023). 22 7|5t H7l= A Ho|HE &
&% LLMOE & LIM SE= Bt 4ot
HaluQA7} o]2|et Wajoltt, Y MES A4 &
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o 7H) A AR B EYAE Yoot FEES
(Alignment Function)t} £43(Loss Function)
£ Z&op7| & FHFHE 5, 2023; Zha, et al,
2023). 73 719t B7k= B9 vlolHAEQY] YA
ol ol W2 HYLE A4tsl= AlolthBang, et al.,
2023). /95 B7F AHEZ= = (Accuracy), FY
T (Precision), A¥&(Recall), F144(F1 Score) £
o] $=(Likelihood), AUROC(Area Under ROC
Curve) 5°| &84t}
(3)5._* 2} EFX|0]| CHet 217
7t HA = 37 530 wet A

A4 4 942 U= & AHHuang, et al.,
2023a). A 71 At 7 A A3t 5 95
ol Tk, W& Aeli(Internal State)Z5F-E %5}
AR U 2k o g4 A7} d7toly AR Y
2d v QleA], Bd ARG thE ZE’l7te] whef

B w7ke} A4 H7K(Self-Evaluation) 2 & 23

& ot

ARG B2 A 712 R A A M (Retrieve
External Facts) W43t £344 34 (Uncertainty
Estimation) ¥4]o] Qit}. 95 AMY AN B4 4
e F AH EX9} vl wole Aol EEEE AL
A &A= ¥4y IYPAREE AE DB, Y7]1 o}
S AT A|E, 1337} 22 HAAR 5 A
Aotet ghefsiet. AH BF Tt o= A APIR}
22 i DBE &8dl= 4% AthZhang, et al,
2023a).

23444
4 35
S

2]

rl.°~

ER

A #(Uncertainty Metrics)E ©]-&d}+=

W& A 7|9t 343} 35 (Behavior)
7|4t #3072 Us 4 th(Huang, et al., 2023a;
Ye, et al., 2023). EA/olgt AL sl EES
BRPE o, thx EZS 95k Ao gridt ol

E
4

ﬂl

(T

A 1 4TS ebic W Al 7 e £ 4
CEEEELEDEE PR RS B
ofut FLEct 2R 7|u 2HL PAE e 2L

1 ggo] FAAZY A Holttthd
o7 7hsAdo] Akl B HAloltKLuo, et
1., 2023: Yao, et al., 2023a).

1311'} od AT ofy X Bk QEAATF of
1401/\1 E\:ﬂ S API 22 o EOH}\—PJ]- o]_Q_ﬁl 74_?_ A4
g9 Y F S 71 o "t o] ¢ 3 71N
L A8t} 9= Jjut vl TEOES ]06]-1:}
A LLMOA A olY 3448S AH $A42
dofgetal 208 & UtiXiong, et al., 2023). E]'
%OE‘— O]_:_]—k] 7]1:]]— Z?ﬂo] 01]:]— Z]?g?@ F=
7HH“§ Ol WhEs| A K49 of2 gH 7 A
A 27] Y3E gfetol= WAlolth(Manakul, et al.,
2023). B AVFAE A8HE =TS EE
(Multi-Debate)& 3l AMIA &2 &R E of= A
T ARFAtHCohen, et al., 2023). oyt &2
A 7 7hsAdo] & FEE gAY e
A AAE AFs 1 ol

FAA 3tz g2 = AR 71HE A E(Fact based
Metrics), B57] 7149+ A #(Classifier based Metrics),
QA 719k A H(QA based Metrics), 224 74,
EXE 7|4t A #(Prompt based Metrics) 6= &8
Sich A 719F A1 A2 X9 89 7F N-T1H
(N-gram), 4], QIgo|u; 7] A4t 22 A3
(Named Entities), 7RA] 7+ TAE Ui 2]4] 12
I 59 34 AEE it} B77] 79k AR A2 &
Aot S 7 43S AAolFE(Natural Inference)
= 5o AHEth QA 75 A& WAZ QA AAH
ol &A% S 7F I3 E meleit 84
FAL oA AnE FAAL oz 271 FE(Log

Probability)& &% 4 Ut} TEZE 7|9k g4

=

=3}
=
1o o
\_Z'l =

Im

A, A

o

bo

=

(4) 82t Asjoi ht 2l
Szt Aol b Eof AVE FAAT AMIAS 7
& A9ES LH%E% = FYo|th(Huang, et al.,

2k o]l met 24 Hlol" F

FHokEH 21
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A A 2 S4 AR s 4 qlok A HHA
of WEtie ZEZE dA Yol 1Y EE U=
< QltH(Tonmoy, et al., 2024). && 7jE2 ojd o
AE Hash=Alol wet ok A Het o5 9AY <
Y B, 2 @A HIE HEO R Uss o Sl
(Huang, et al., 2023a). Sk ©A19] &ok= APdShE,
A |27, Z3aFelsoll A olFd 4= Qt(Zhang, et al.,
2023a). o5t 7N 27 A3} 72 ofd {0 2A
k. 27t A} it HEo) e wet gAET
0= LLMY] &2t el ot] ot 3D T AJ4g Al
2 HE Y Al G HAE 0]9] 7} AstE Ly 4
HE % AchWang, 2024).

blolg 4 A2 154 ggulolE 15, 153
glo[8 9] A, ShgHlole F71o] WA 0 XPd 5
Atk APREHE dA oA YIS Eof 15 5T
o[l E F50t= A2 &7 A9 7] 2olthRadford,
et al., 2019). 124 S5ulofe] Fr7t AR whzt
Y =2 7L HIA 5 05@1 E315 w4 A2l DB
£ &8s5t= Aol A Y 4 A Tourvron, et al.,
2023). HE¥ X]H(Debms)% =5 ElolEof A oju]
24 F5Z TN 5 wHYgo|v HAS 92 U
A glol8 5= &8l A4 WS AASH= Aoltt
(Abbas, et al., 2023; Ferrara, 2023; Ladhak, et al.,
2023).

A4 AA ¥3HKnowledge Boundary Mitigation)

< HolH 4 A2y 29 $4 o] A4 1)
Az dA0lA dlolgE &8s Zd A4S +4
3= A4 "3 (Knowledge Editing) ¥ 8 TANA
o5 AAZ Z-&5h= RAGT} 3.
A4 HYZ A e wESe
WA (locate-then-edit methods)¥ &% 1Y
of E3tgl stolHy|E A (Hypernetwork) S o4
3 W7 7RSS YGullo|Este HiEl ks WA
(meta-learning method)°] Ith(Ha, et al, 2016;
Mitchell, et al., 2022a; Meng, et al., 2022).

RAGE= A ©ACIA g A AA Aas 24

g A £A3}

FII‘

22 2024018

$ols

% S AAsH N Lewis, et al., 2020b).

RAG= AT HAAS s AN
3 Aol B4 3o B 45 0, 94 T B

T KTonmoy, et al., 2024). 41 A4 A L34
ZHM(One-time Retrieval)e] AAHHHRam, et al.,
2023). theHA| 20U A2 g4 Alofl= 8 A
(Iterative Retrieval)e] B Q3slth 22 A4S WA
E W §, HAEE oF AAE sk CoT 719
o] tJEZo|tWei, et al., 2023). CoTE &-83] A
4 34 A BAE 7fAs7] = SHHZhong, et al.
2023b). AW A3} [N 2TE g o R 33 AR
2 AAE, Fe AREAROIA Afeto 24 Hekeh= 1
M QK (Press, et al., 2022; Zhang, et al., 2023d).
AFE AM(Post-hoc Retrieval) YAE 23S =
A gelotal LAZF REstAY FEAZ7} #ot
Z¥o] & 7FsAdol e BolE 97(fixen)Z A
% $A5k= HhAlo|ti(Zhao, et al., 2023a; Gao, et
al., 2023 Rawte, et al., 2023a). RAG= €39 =
o7 & 4tk ZFIE <A Yo
3?}7—} 9} Ash= 1= 718 APIE o]-&% LLM
Fasit. Y4E sEl Hig A&t e
E% A5otd AHAHol 1 SASH SHS A
1THSi, et al., 2022). MixAlign Ao
845l AYE 8FFOEN 4, A, 3
A4 8 (Knowledge Alignment)& €443t

&
oo oo
oHE Tt=

> o }I:l
m

dm o
lg A rfm r&
E
i

4

= |y
;O

o,
mlo

>
1o

olfN
rlo

lr & ool o 2 1% 2 o o

oL
2
H1
_ﬂ:
i& -l>
i

7% st} UPRISE(Umversal Prompt Retrieval for
Improving zero-Shot Evaluation)A®d WAjZ o2
=5l ATE D‘.E—L.TIE(SOft Prompt)i o] A 2 A
3 &&5t7|% SFtH(Cheng, et al., 2023). HEWHS
SIM & T:HE Et%lo]],]- g AAE FE H]—A]E Oh:]-
(Liu, et al., 2023a; Dhuliawala, et al., 2023). CoVe
(Chain-of-Verification), CoNLI(Chain of Natural

Language Inference)s= GAE ASI 4L of=

CoTE 3-8 7JAst Aotk Dhuliawala, et al., 2023;
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Lei, et al., 2023).

od T @A e] 27 AotE
oflA] o}7 €A HHO}% 2o
0] OJ:H]-O]: Hﬂ?—ﬂ— ,u_]»O]" ?g-l:r'_ o3
o 52 7MAdske ZAIth(Li, et al 2023
et al., 2023b; Beltagy, et al., 2020; Huang, et al.,
20232). S5 FHAA A A FE(Reference)2t
&9 719 7iAolv 4| 52 Hlishs AT E
ol-&dl HAstol= WAL UTHFHE 5, 2023). A
Aoks AL SFT ©A19 14 7§42 B4 skl
B 7§Ax} Wy Ht ohgt SFT T2 Zd 7j4dof &

23 S5lolH Y F2 APdey ZEY gs5H|olH
Tt FR AtHZhou, et al., 2023a). SFTY] d2=
A E= B2 HloHE s 52 MAlstH= A4
ZF(Knowledge Injection)o|yt HAR(Hallucination
Augmented Recitations) 5°] IthElaraby, et al.,
2023; Koksal, et al., 2023). RLHF ©A|9] 82t 9h3h=
o7t vzl wieko & wdlo] 3H(Helpful, Honest,
Harmless)E 735ttt (Bai, et al., 2022). =%3}
U 34 "3 ZAE g36t7] s A4 BAE 3
ojut= Aol s HEty HH¥ste FFA A%
SFT(Honesty-oriented SFT)%= AIFHATHSun, et al.,
2023a).

FE OA9] 37 A3l b Fg MRS 7RAskE WA
02 o]}, oA ITl(nference-Time Intervention,
ITDS} Zo] AL Zolsts tay HZRe Mgst
hLee, et al., 2022b; Li, et al., 2023¢). 2AAS 7}
Shob= 71HE Aot oA 29 Q14 f3g(Context
Aware Decoding, CAD)X & &9 A4S 7}5}sh
tHShi, et al., 2023b). 7P AAHAE FL5l= Hl
o5l Aol A4 AEZ4 ZATLEN =24 gt

o >4
=
S:‘

A& E=o)7|% 3FHKang & Choi, 2023). @AY It
A AZ3H= CoVe 7S AMAA 733tel 22 11y
S ) AsH= WAootk Dhuliawala, et al., 2023). 3
g A BAok= o7 /iAo 28E Fe= A2k A

(Saunders, et al., 2022).

4) op7lo|H =% 25 £oPd 78 AR FAHLE
o] oA cs.CL, cs.Al ¢s.CV, cs.IG T 4] F
Q Hofo] ¥l% 9 AANE ZoMA 7|Z 29 AR}
AFE A3t cs.CLT cs.AlS) A 1499} 24
ol A E72 37 ot 2ol EARIth ¢s.CLY
cs. Al7F cs.CVY ¢s.LGE} 2&7HA] 3 Ba= o
+ 0s.CVY ¢s. LG9 A A7HFc}. ¢s.CL, cs.Al
A ATE=ET), cs.CV= (E 8), cs.LGE (E D
2o 7t A= A dolH, "4, 43t 5 371 Bl

2 2R olo] ARAY A2 UL H8S
aorg

AAA 47 j%o]%_— Y, 97 93] g =2

ok

MHL 22 A
A9 340 26
A3l 22 Yt 2L

oIt 244 A B B
gk ol 8 gAY 8%

Ho] Q71& ottt &7 YslolAle RAG, HINIRA,
RLHFS} T o] wotth. HErr} uf3 A
RLHF9] $84< Zx3%0l, @dIA= RLHFO| 5

E5tal QAR Ao AHEshE oo|HES E3t
ezt Astel o] A58} 7]Hof Ih4lo] &ttt LVIM
9] 3710 gt TA T EofR] = A2 Heltt,

5. 20t

XA

g

P
i
>~ Az
Ky ru%
2,
< W

Hr
S% re
I

=
iﬁl‘ 2
=)
g o
41N
Y
dlo oS
m‘o =2,
=
4>
%0,
o

r
-{é 1o 1>
4 N
< ok :]jqd

re
Y,
o4,
()
[
|
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o
H1
N, 5,
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re rlO

Sf
h8 o h S v
2ok A, MEEA 9 ANGEY B4 2 33
AFAE0] 2 3kl AT Al oA &
2 L 237 ATA0) ok ofu] P Hol7]:
G ERE Ol e 53] 52 Wt eblel
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(B7) AM Y 20, ASX|S 20f F2 A7
(Table 7) Key Research in the Fields of Computing, Language, and Artificial Intelligence.

Category Approach Articles Summary
(Cheng, 2024) Building a Idk ('T don't know") dataset
(Li. et al., 2023d) EureQA benchmark for the evaluation of hallucination by
’ N knowledge shortcuts
Benchmarks (Amayuelas, et al., Known-Unknown Question (KUQ) dataset for uncertainty
2023) classification
FactCHD, a hallucination detection benchmark incorporating
Data (Chen, et al., 2023d) fact-based evidence chains
Automated data Evaluating multitask, multilingual, multimodal performance of
generation (Bang, et al., 2023) ChatGPT with 23 datasets
Adversarial (Yu, et al., 2023) AutoDebug, an LLM-based framework to automatically generate
evaluation ' v hallucination-inducing adversarial evaluation data
. Assoicantion analysis combining each risk factor hallucination
Metrics (Du, et al., 2023) level with the cause of the hallucination
Detection gstt:i?;?lous (Li, et al., 2024) Autonomous detection of hallucinations
Knowledge MixAlign to improve knowledge alignment based on human-user
alignment (Zhang, et al., 2023d) and knowledge DB
Knowledge (i et al., 2022) RHO(p) utilizing knowledge graphs that contain representations
graph ’ o of objects and relational predicates
LLM-Augmenter, where LLM generates responses referencing
RAG (Peng, et al., 2023) external knowledge in the DB on a task-by-task basis
(Kang, et al., 2023) EVER for real-time, step-by-step verification and correction
(Saha, et al., 2022) A model to generate text from semi-structured data
Model (Wang, et al., 2024a) | TechGPT-2.0, an improved model for building knowledge graphs
development
(Li. et al, 20230) Development of Context-Bias Whisper (CB-Whisper), a new ASR
Mitigation ’ N system based on OpenAl's Whisper model
Encoding Attention structure that emphasizes informative tokens,
improvements (Zhang, et al., 2023¢) untrustworthy tokens, token types and frequency
A DEcoupling method to disentangle the Comprehension and
Functions (Feng, et al., 2023) EmbellishmeNT (DECENT) to detect LLM's comprehension and
writing skills
) Induce-then-Contrast Decoding (ICD) to penalize LLM's
Decoding (Zhang, et al., 2023) hallucinatory induction followed by contrast decoding
Inference (Chen. et al., 2023¢) Abstract Reasoning Induction (ARI) framework to improve
' N temporal knowledge reasoning
T Unlearning through deletion of hallucination-inducing negative
Fine-tuning (Yao, et al., 2023b) data

24 2024018
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Category

Approach

Articles

Summary

Fine-tuning

(Tian, et al., 2023)

Fine-tuning based on automatically generated fact preference
rankings

(Yang, et al., 2023¢)

Fine-tuning of LLMs by providing plug-in supervised knowledge

(Gupta, et al., 2023)

Fine-tuning to avoid multiple input perturbations

Sorting (Wan, et al., 2023) HistAlign complements cache alignment in memory
(Wang, et al., 2023b) Solg Performan'ce Prompting (SPP) Fo improve response by
setting up multiple personas on a single LLM
Prompts : " h
. Improves response performance through human interaction in
(i, etal., 2023b) medical QA systems
Fngineering (Sun, et al.. 2023b) Corex, an autonomous agent that pion.eers multijmodel
collaboration including discussion, review, and discovery modes
Mitigation
Leveraging multi-perspective feedback combining multiple
(Nathani, et al., 2023) | modules, including LM and external tools, to iteratively improve
hallucinations in the reasoning chain
Agents (Liu, et al.. 2023) Apply SFT, RLHF ‘to avoid_answering _unanswerable questions
through adversarial question-answering benchmarks
CRITIC framework to improve model for utilizing external tools
(Gou, etal., 2023) and human feedback
(Kang & Liu., 2023) Valida}tion 9f LLM §omp§tencies gnd hallucination mitigation
techniques in the financial domain
RLHF NormSage, a model for automatically discovering culture-
(Pung. et al., 2022) specific norms in documents, with self-validation to mitigate
hallucinations
E 8) ARE HI™ U IfE Q14 20F F2 A7
(Table 8) Key Research in the Field of Computer Vision and Pattern Recognition
Category Approach Articles Summary
(Li, et al., 20230 POPE: object hallucination assessment benchmark
(Shi, et al., 2023) ChEF: a framework for synthesizing different assessments
(Lovenia, et al., 2023) NOPE(Negative Object Presence Evaluation): object hallucination
evaluation benchmark
Data Benchmarks (Cho, et al., 2023) VDSG-1k: QG/A improvement benchmark for evaluating

multimodal Al generation

(Xu, et al., 2023)

LVLM Evaluation Hub (LVLM-eHub)

(Wang, et al., 2024b)

Mementos: evaluate the ability to generate image sequences

(Wang, et al., 2023¢)

AMBER: Multidimensional benchmark for simultaneously
evaluating the existence, properties, and relationships of objects
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(2 8)0HM H%
Category Approach Articles Summary
Detection | OOD detection | (Dai, et al., 2023) Improve out-of-distribution (OOD) detection

Mitigation

DRESS: an LVLM that introduces sorting using natural language

Alignment (Chen, et al., 2023f) feedback (NLF)

Decodmg (Huang, et al., 2023b) OPERA: a decoding strategy with improved partial overtrust
improvements propensity

Prompts (Wang, et al., 2023d) | VIGC: visual instruction generation and correction framework
Engineering (Zhao. et al., 2023b) Learning to choose facts between hallucinations and facts using

hallucination-aware direct preference optimization (HA-DPO)

Loss function

(Dai, et al., 2022)

ObjMLM: improving object hallucination in large-scale vision-
language pre-trained models

Model

(Jiang, et al., 2023)

Contrastive learning using hallucinated text as negative
examples

Fine tuning

(Liu, et al., 2023d)

Text shearing to learn by suggesting multiple captions for images

B 9) 7|5 20 F2 &7
(Table 9) Key Research in the Field of Machine Learning

Category Approach Articles Summary
Knowledge ) ) .
. . ) Fully unsupervised plugin detector for detecting knowledge
Detection SZ?efgtCi;n (Guerreiro, et al., 2022) conflicts between ground truth and models in NMT
) Improving supervised learning with data hallucination teaching
Data (Qiu. etal, 2022) (DHT) to intelligently generate input data
. LURE(LVLM Hallucination Revisor) to improve object
Addition (Zhou, et al., 2023b) hallucinations in LVLM
Mitigation Bingo (Bias and Interference Challenges in Visual Language
Model (Cui, et al., 2023) Models) benchmark for evaluating bias and interference in
LVLMs
LLM-based hallucination evaluation framework for LVLMs
Benchmarks (Wang, et al., 2023e) HaELM (Hallucination Evaluation based on Large Language
Models)

A= F3A A7A] B3t vl e 7]go] v)
5 Zwiske Aol JThIE 2 % k. ot oplo]
Bo] 2748 F3A Q749 AL )2 WH2 7]
o vl o) S| HA7A A7 ohd Sk 9)

26 2024018

o S5 A7 542
Aot} vl A5 S =
Aol

A, AE=gA T A A2 24
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e U STREC R
T FAE

U A2 gAMLY HlolE P52
A= ZasHA 2F 1 JJr?j: oLz}
Lillﬂ shgdlo]d Ed 7ijdo] o]l = 7]¥t API
EFIAt A 7Hss BT AY [LMo] TRl A
%}Oﬂfﬂ Adeks HE9 nA 243} doteks BA 9
7t kgl A go] FER=th o] Zut3(Llama 3)2F
I Q42 LMo /i 23] § #de &
Atk vAEA T otk Fo =HQle 3t
SLMZ 53k 2o ae#o]7] uZo|tt.

AR, ek BA Y Q1AFE ek AlEE ol
A 32 DAY dZ82 st o] FokHaL
otk 22 WA HwalA e B EE o 4
715 A% A 71ek ool e 7ol A 54 2
Z YR 3 24516t} RAGSF 238! CoT
TE3EE= A

oA, Q12 1) H2T A H2ol AHH o
WS At 340 R s w2 w59 AEE 7]
Blo 2 o st SFT9} RLHFZL 38 Z 02 o4
Hrt.

LEA, LLMS] 87 g8l HolA LVLMY] g7} ¢
Spof] igk #4lo] &1L e}, & HIAE Qfof| ojujx], &
3. =4, 3D T oottt e o HERge] g
ZF ZA7EA71E Aol

mN,

-

AGA, ol ARoIA = A2 w1 AEl
°|EF= DB F2/°] B AL Ut of2et

olEl= # DB, St DB, AEA} DB 508 AlgHct.

mheHlo]d HdS B AR o]He 15 Y
AolH S PAete FAAE A Yol YoM T
AR AREE AT B33 Pt Qleh A o
A HFHOoR I & Q7EozA Al /o] Fojd
P a7t ek o5 B9 ARRlA WA AA 5 ARIE &

it _ll

Ho A& Aol AIAH 1145 AlE 7Hdst, of
Z8sto] 244l FAAYE JAete Aedhg ZAs
Z 7Heich E3] LVLM 7o) 283 154 on|#|
Ur%"é% glojE= ¢ @Wol Bagto= ok, gA
EHT o AA AYits] et weba VLM 82t st
oA glolg &A= © $85HA 2 Aol

2 AFoA ZAASH T A 2 7 T =RE
HES a7} k. oAy 2k 2
X*EE &It 299 fFdE £ & AthZhang, et

L., 2020). ol= AIS] A2 =02 ® ggE 4= 9l
E}(Park 2024). YIAEC} on]7], TP =2 3D
<4, BF 52 Eoole HEHEY TH0NA &4 &
P thofsle R % QIthWang, 2024). 234, &%

AX, Hef, AR HE = 3lzb o]o] BA|% s)dsiok 3t
tHZhang, et al., 2023a). §¥°o]3(Deepfake)} E
oKSecurity) &4 & djA3fof stk (Barrett, et al.,
2023; Khalid, et al., 2021). LVLMo|A &4 59
A B3 4 G A=olu AE A7t 5 FE AR
9] &85 FA M =t Moses, 2024).

2 AolAs 9uHy 2R =Rl Hsf A S
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