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Analysis of Emerging Technology Growth Uncertainty through
Al-empowered Multimodal Sentiment Incongruence Analysis:
A Case Study of Large Language Models
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*Systems Management Engineering, Sungkyunkwan University

This study proposes a novel methodology and a quantitative metric, the Sentiment Incongruity Index (SII), for
analyzing multimodal signals and their incongruence in video-based evidence on emerging technologies,
particularly large language models (LLMs). Our approach integrates Al-based facial expression analysis and text
mining into a unified multimodal framework to quantify discrepancies between textual sentiment and facially
expressed sentiment. Applying this framework to LLMs as a case study reveals a consistent positivity bias in
expert verbal expressions, and pronounced sentiment incongruence across both LLMs in general and their key
sub-technologies. The findings further underscore the importance of experts' nonverbal cues for mitigating
biases inherent in expert judgment and traditional text analytics, and lay the groundwork for incorporating

nonverbal signals into emerging technology analysis.
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o AR A FEFH L AFFA o mRE BRI 4 YT =4,
B RS AFsielr] ol itk ARz o & vy 7}
A A% 70 B IeS 27 @A getsta
B7kshe 92 o33 =41 AA = ol 3Th(Rosenberg,
1996; Rotolo et al., 2015).

AEH o5 B7)e ot o 52 HE7t Bt o &3l
St} A27F B 719 7 E S B Aw b T A4,
Y, &Y &go] Aot 1Yy AFAES N A&
stoluyh W= o) 74 & I (bandwagon effect) 2 21
o EAZ A A 3) $hoh(Rowe and Wright, 1999).
w3E 54 oo 1&Eo gH¥shE Vs
o frAstA th-8-3kA Xk AI7F 3 Th(Landeta, 2006;
Tetlock, 2005). B%¢] 832 71&9] B =7} S84
A, o B Lok AE7FEY AR A 02 Q13 HrH A
S e TAE A A 2
W eE o AAEA St AFE g of vk A
< Wt A dolH #49 EdE vk itk Porter and
Cunningham, 2005). 7S 37| EwA HolHE A%
Ao g B3t AT A Sbibliometrics) S 71284l AT
of 2&37] AZh Hoh w23 Awgk A4 £42 9l
2k 0] ] 2](natural language processing, NLP) 7]/+ €]~ E wn}
o] (text mining) 7|5 o] =Y A thKyebambe et al., 2017).
AFAEL 7E T B4, e dE T oy 53& Al
AA8E NLP 718, A&7t 871 543 0dd As|e®
A 2 & A TH(Erdi et al., 2013).

T471E getat o5 Bop AR 71 HE7H 71N 7T E 9
FAE FE| A F ol HlolH 2 A4 #4 W E
o] At HE AFEL A E D (large language
model, LLM)¥} 132 5 (artificial intelligence, Al)-< Z-&-3) 7]
AT - AP ESY T2 A =3k K Song et al.,
2023; Wanget al., 2024). 3], B| 2 E, o]n|z] B Q. 5 o8] f
& o] tlo|e| & A ¥shs HE e (multimodal) 412 71E £A41
7IREE S A S SES T AT MEL Yo E FE T
U Th(Baltrugaitis et al., 2018; Poria et al., 2017).

A 7R B71e £4 2 S i sde 35
7F EAZ Fd71E0 A%, A, itell= 71e e ¢
AN T8, A 843 2 T QRS0 ME
2L g-5lH A GakS v RIthRogers, 2003). 71& ATFE2
s agol B FelH ol A= domn, s A -
2 QRlEo] A&t al 43K Read ef al., 2011). #3517
A 4E AT HEe AAHA o2 adse &7
o} webA] AAEL o] = FAlolth B3 53 E ¥
gk A7E B EAE AErHEY G 3K optimism
bias)©| 1} 2 9 S(strategic misrepresentation)”} 7l Y = o]
(Flyvbjerg, 2008) 712|584 S-S Z4=stal, ZAH A3
& AU Fadks Bl Atk &, ATOREE B
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AL, BAA, 2Rk As e T s ©
&3k mjtjojoll X F43] F718Fa Jth(Kaplan and Haenlein,
A 2AL 2= EA 0§l
& FrEE(YouTube)= 7|& mjtio] &
HE A A AR 7E AR} A Hel & Ffrshe
A A2 Fdskar At Budzinski er al., 2021). Yrolr}, %
e TS ol AAE Y oS Ao ol d=E &
4, Zae, qeH 22 24 H - gy JEHEE A FE
(Ambady and Rosenthal, 1992; Budzinski and Gaenssle, 2020).

744 B9 A 714 (sentiment incongruity hypothesis)< /g7
& B42 AT 9 ol &8l 0|3 7|§hs AlF3ith
A&7 dojd Fd 3 HIdod 78 ol TF =LA
(incongruity)7} HAgTE F8 Al F IR A F=x3}
(cognitive dissonance)”} A A= o] Stk HZ77F Aoi 2 Ash
o T A4S WA R 7HA L QlofA AlelF s gte] T
Ao, ol|gk 7Hdo] HjlojHog FAHTE Zlolth
(Festinger, 1957). 53] ddojo} viddold As7t YT 4
T, 3 o) AT 2L vdold gAE Fall AgE
T A0] BaE o] Yrh(Mehrabian and Wiener, 1967). &
S0l 7Pt #371e 4R 7hsdel el s8R
AN T, WA BG40 0 A4S A9, d= 54
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HA71eE #4871 T A A 71E deudd S 9
Yohe AEE T 484 E THFE YTh(Dosi,
1982). 27] AT A AT A, A8 e 22
71| A3 A A F 3 of] T5 3 THPorter, 2002). 172
S A A2 AAS TS SA A Zgkar, Al
T (novelty) ¥} W2 43784 (fast growth)oll 5 ) Th(Martin,
1995). 22U F /A Rto 2 = A go] &, 4 A

E2 7= 4 (convergence)s Xt 49§34
(coherence) S F7Fste], F371EE #87]& 7|wke] A3 7
AA g4l g 2.2 A o] $hThDay and Schoemaker, 2000). 1+
Z]..E-O }\-“ 7].}] ,_L_k] O 43]:%4 Oi =l OH o Iﬂ— ]—7]%—%— IL]—O_}'
Sk TS A £ 9 Hhﬁ% % A A YK Cozzens et al., 2010).

a2y 99 Al 7HA] £Ado] B g3 A& E/‘}I‘ﬂ
ZBA A 742 Frzel A ]'573 7 RUT d7AE
&9 Zd(emergence) T A4 FA A YEh= %Qél
S WA Al oz A A THBoon et al., 2008). Eﬂél"é

7€ dHoly g9 22 7)e AA| o YUIE oh e,
Ao} A3 e o 187 o) Wslo] oA ® T 3??_
(Srinivasan, 2008). &, 214l o|® B4 o] Yeh} 437
o L FEe] ks vHA 4537 ol Zﬂ"]‘:} =B
o] =AY A, 73, FFH L Tl A% #A ol
A 242 0 & W3}k Stirling, 2007). THebA 53] B3Ha A4
e A o H & BAVE Aot 89FsiAH, EAA Y o
Z, 3o}, #ee BA7|E AR dalol AR o] AT Ao
= Agstr]e gA otk

Rotolo et al.(2015)2 A FATLE2] =95 F33] Fd7&
o] EAE FFA A7 (radical novelty), W2 A7 (fast
growth), -3 4d(coherence), VA &+ % &= (prominent impact),
E344 3} 25 A (uncertainty and ambiguity)2] THA 714 2
Aokt obx AF3H vpe} 7Lo] A geke e 27 o

ANA shofo] ofel e AFA EAolch Webal 4% B9

om{>xlo>4r1001_

[ex

WA AT, $14, BT mage) FED
o 712 ATES HT1E 43S AT EoR &
[e]

W& ST7IHA, BFEAA T Re A tigshe A

dstm, o] & Fal /\VWW 7:‘7%]—1*149} ZWH’” 9 ]E AA
SHo(Lee et al.,
Wiefels, 2002).
7] %8529 (technology acceptance model)& Y1t
=] g S5 Ao A B A9 Tr/\}i FFHS
3t} Davis(1989)= AF&ALE] 7] A &S F-84 3} A}
O]HO]E} ARA S0 thgk T2 Q1A o ofsf 24
FAEIAT 18y $4& AFES 7 /1A 84 9
?& 7H°J341, AAA 8RlE0] 7% 4k U]X]% T
531 th(Venkatesh et al., 2003). 53] 7|& %7 &
A B4, R A, dAA T oA EU} 8]lE
U F, 7T

2019; Lieberman and Montgomery, 1988,
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z7] @A e e B0l S48, ol& S53
dof HIEA 7|&& 27| AR F7F A Atel9] 7
(chasm)2 do] £429 44 A% 7R '3}74] HhMoore,

1991; Wiefels, 2002). Uo}7} 71& A eA12] w2 715 9|3
M 71E AHEAEY] 384 Bt 484 4 4&]'7} 9 =+
& ol A E o of gk Al e 3HA Aol A o] = A3 ZHHJ
A28 53 B 8 FEAE A A A S
2 Apgste] Bl tigk Al A e & Bar] biZoltt
(Cialdini, 2007). °|4 ¥ 7]& g4k Al WAlE Eg44
o] A3 AAR-E B3l HRHOE i 7t AAH
2% A 0 F B 4= QI THRogers, 2003).
71E AT FA7EY A& o] I gt
Sg& ofygue Ae Az Agtgo] Hojd 5114
7128 AFsh Ao At wEA BAdstd 7]se] of
% A A 7} £-& o o] ti(Christensen, 2015; Kirchberger and Pohl,
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2016). $47149) 4742 SR AT, 14T 2L 3
A7) 44e) Zrhshut ohje), B4 te 7} 2

[3lt}h gk EALO| Estrategic foresight) A7E0] 7FZ8h=
Hpe} o] B4 tiule] A WAl 378 o] th(Vecchiato,
2012). 712 B84 24 e A9 AR} P}k AR
&} v 4 g (machine learning) S B33 B AE EAHE
o] FFE o] F1 9 thTobback et al., 2018). 5 3-& &5
A A3 A A A7) QI7Ee] RIAIE Ff BT A
oy, whebA] Q1A H =4 4 (perceived uncertainty) ol G TS
A E A, AEE QRIES S4 o B E a7t
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Aol 27] BebS flaMe HErE =7, THE, Al
2Hlo] 1537t Fasitt v A AL 7Y WelE o
& ol HAAEY FEAEH BT A EA Y| ARE
O] Ch(Haessler et al., 2023). WA 71& H47)< EE AT
SN A R BT e Aol 235 g0 gt
z7] F47)e gt HHEL FE HAE7F Wbl &S
o}, Bl 2 E"(brainstorming) 3 22 7| 24 WP E0] 2
GEHUO, o= TS AAH HFo = 1% e A
7} A % Bh(Hiltunen, 2008). o]0l ATAEL M)A g4
< 9ol B AE7HE AAH o2 Este i ESe T

NAS. A4S 71 o 2+ duto] 7] (Delphi method), ™
& 23} 7]¥(nominal group technique), AHP(analytic hier-
archy process), H.#|<l2}o]®(brainwriting) 5©] S TH(Dalkey
and Helmer, 1963; Delbecq and Van de Ven, 1971; Saaty, 1977).
W EA S o, AEvh 1 A sAes B A
AbaL HEFe] Hashet AAAQ oA wE T3 dofE =
ke Zlo] FEdelth 1y oA dEkn Add
AL o8] A = ol Qlom, ARt A ARV E 5
4 71E T TP A B71E setdle AgetA o
Th(Landeta, 2006; Okoli and Pawlowski, 2004; Rowe and Wright,
1999; Tetlock, 2005; Tversky and Kahneman, 1974).

Ha71e o] R AAEAS, AFE ool o] A,
AlFr A 8ol Aol ofsl ehA gt 7}8HA| &Sk (scientometrics)
< 571 oot W 2o A 22 A S 714 $-tH(Donthu et
al,2021). 7] AFEL 7€ A4S F BA U AL
o} 22 ] A FE(proxy measure) ] MSIE SA 3= WHES
A QFITHPrice, 1963). 18U 27| AFE2 AYUX|A @3t
of 34 ALt It & A7 A F O #3 e
2 EFT 7 o T4 ] %—(co citation), 54l E¥ o
(co-word) 2t Z-& MZ-E AEE AAshe A5 A HA
& o] th(Callon et al., 1983; Porter and Detampel, 1995; Small,
1973). & WA G389 AFEL A& VIES] d(citation net-
work), =74 Z(main path), 8| ~E njo]d3} o] A v 1
=3l 23S FUHGarfield, 1964; Hummon and Doreian,
1989; Yoon and Park, 2004). ©] & 53] x| £} MAlHY 7|
& Agste] 7371< 2o A3 A AR S Al sk T
o2 WHES WAAA YTHLee ef al., 2018; Zhou ef al.,
2021).

1371 gpetol glof st
Bt 719 S ] F 71 Lxﬁl o] otk AA, = E)
olE] #4E& 3l FuA At A TH

BHE Fe Aol 9T 0
& H43E 5 ok B4, )% Ao 54 P28 v
5l THHOE AT & Ak $471% £4 BHAA
WA g1 AFHR $AH B4 UHEE A
& 5 900, FAE A SR HI3E Bo oA
AR goldhl Bk T o] gF FHo = BT

of mlg FFY oSl o ’5‘] F-3eEA = 2= TH Trajtenberg,
1990). A 71E 7€ A 2S5 Wolu Ay dehS
7L J11E 7< JJr°‘°l olfth. =3 71&9 A7
B3k FA8F AH 7 A ZKtime lag) = 8l 7€ 8 F717F
&2 71eS A getste He 72A1 f&ﬁ]ﬂ ut
o

o]Fo A5 B An} WHES AANCE 2F
e Al=7b BdtHDaim ef al., 2006; Erdi et al., 2013;
Huang et al., 2014). 7]l A 8t £4 L Fall it
A OlEii—rEi BA71E $FRE FET 5 HAETH 7N
7IMES 2830 Aoy v dHES &4, Wik
AT7F FFHTHLee et al., 2009; Shibata ef al., 2008). 121}
o) S A7) 71| 9 AEol o2 el
4 A7 EE RS AAYE P e AN 02 28
Fape) B ek 4 Soisshas sl
@?Z}%S %Er C‘J% YES I} EY 2 (topic model-

FRAR Y, FAR MY V&
A &9} 7IHES AA P THKim and
Shin, 2018). B2 A= & E73}al, H A Ao 7= B
A71ee A TS WA= Hdo A, WA 8 aE
3 EgAAE e, Bgsy] oHus e Ad IS
(Bradley and Lang, 1999; Esuli and Sebastiani, 2006; Hutto and
Gilbert, 2014).

A2 dole) £4 MY 2 ATE WERD ATA S B
2ol 25} 9tk NLP BopolA] 7t 8415 251Ul v
olide] 54 HAE HolHRYH T34 Ansl et o

g AAHOE T £ 9k PHES ATHAHLL
2012; Pang and Lee, 2008). B]~E njo]'d ®{Eo] & o] 3]
oA 2T HE B4 F402 BN, ofn|A) 24 B
2 = 3hakstA| A5 7] A1ZHITHKIm, 2014; You et al., 2015).
ATAE L 2 v|T]ofe] o] )-8 2= A Hlo]E] £4 2
s, of |45} €] ~E ] 40| $% Aol sk AL WA
ThBorth et al., 2013; Poria et al., 2015). ©]& H}IE .2 H2E
ORI, &4 HlolHE 2SN SR AL BHshe T
HEY BA47Ho| wEA Wdstal 9] th(Baltrusaitis ef al.,
2018; Poria et al., 2017; Soleymani et al., 2017; Zadeh et al.,
2016; Zadeh et al., 2017; Zadeh et al., 2018). Yro}7} sh-&-d o] A
29 (foundation model)¥} t)Z8}<5(contrastive learning)2] 2
Ao WE R RS E3) 7k Ao e 2 njekr o g
A1 7] 3L )T Alayrac et al., 2022; Gemini Team, 2024; Jia et
al., 2021; Liu et al., 2023; OpenAl, 2023; Radford et al., 2021;
Yin et al., 2023).

HT F71E got WHE AFES 2719 BERT
(Bidirectional Encoder Representations from Transformers) ol A]
# 9] ChatGPT, Gemini, LLaMA®l| ] 2+ th%¥3 LLM< 7|
Y A L HES AAAN R 2dhe H 24e T
ATHSong et al., 2023; Wang et al., 2024). Y5 AF7} E3] 0]
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Table 1. Emerging Technology Identification Methodologies

>
A

Methodol
Classification etiodology Sources Advantage Disadvantage References
(selected)
Delphi i Dalkey and
- * High cost
Nominal group . ) Helmer(1963),
) * Time-consuming slow
techniques . . Delbecq and Van de
- * Tacit knowledge/ insight| process Ven(1971)
AHP(analytic utilization * Various expert judgment |_. ’
hierarchy process) . . . Linstone and
Expert judgment ; Experts " Groupthink  avoidance | biases Turoff(1975)
pett 10og ANP(analytic P (in structured methods) | * Localized knowledge Saaty(1977) ’
network process) * Flexibility in exploring| (knowledge stickiness) R Y d \’V nt
owe and Wri
Brainstorming unexpected issues * Limited scalability (1999) &
* Limited responsiveness to L
Brainwritin; id ch Okoli and
rapid changes
& P & Pawlowski(2004)
o . * Time |
Citation analysis | Papers, patents, | * Reduced expert e fag .
proceedings judgment biases (retrospective nafure)
i u
: ’ e Limited future Small(1973),
Co-word analysis reports, news, | * Reduced bounded ! L . (1973)
. . L anticipation/forecasting Callon et al.(1983),
social media rationality . . )
. . Topic modeling * Limited emotional/ Trajtenberg(1990),
Scientometrics contents and | ¢ Knowledge structure . )
h dentificati contextual information Porter and
. other identification
Main path entific/techn D i knowled * Quality differences among | Detampel(1995),
ientific/tec * Dynami W
sae : C : © Y uti ¢ 01 ef £e documents Yoon and Park(2004)
; i ion analysi
Social network d oglea ‘ ]eivo unot N alytj'ls't * Limited responsiveness to
i ocuments * Excellent scalabili
analysis y rapid changes
Cltatl.on netwo.rk & « Reduced time lag
topic modeling * Improved performances | * Time-consuming slow
Svstermati Citation network & Exvert of future forecasting process Daim et al.(2006),
stematic use . erts, - . . .
v . ! main path P * Improved reliability of | ¢ Limited emotional/ Shibata et al.(2008),
of multiple documents and . . . ) .
. Main path & . scientometrics contextual information Erdi et al(2013),
methodologies image . . . - .
technology tree * Consideration into * Difficulty in interpreting |Huang et al.(2014)
Keyword network quality (cihfferences results
& image similarity among documents
Deep learning * Significant computational
framevworks * Emotion/context résogrces
. ) * Limited future
Multimodal and Multimodal Documents, analysis Zhou et al.(2021),

anticipation/forecasting

Al-enabled sentiment analysis |image, audio and|  Identification of « Cultural biases/variances in Mariani et al.(2023),
methodologies video incongruence between Gumber(2025)
data of different modes non-verbal cues
Generative Al * Black-box nature of Al
models

X ojnjA] £4 7N E Fs]= gov, dERY 3 o uhy
4e T e Ao £4 SHdde ol2A XY
(Jee et al., 2022). <Table 1> 4] 9} Z-o] 3d7]& vpo} W & 3197 2l
& AE7H BE} HA G| RIS T Yk F PPE
o] B whHEo] AAH B80T ST, o4 WERD B AFe Gl 28 HE7Fe] Aoz 2@ 2olA
3 Ol EA W] MO A2e AV|E Polaty g  HEHE BRI 2UAE RGN, FYTIE w84
o} o] g3t Mo A B A7 By ote o g ae. B EEES AFHOR A= U] o] )ik ol o
o]z £3 HE BT BAL A5 3 AFas Ao o 2 AR EY BExEe 1) 92E 74 24, 2) 34 24 24
o7} 9. A4,3) 244 B4 A3 BYX| o) g A 4oz HY



steth HAE 74 49 73%,
BERTS} LLM A|EE ¢
gk B xslo] EA wEHS
H]—tﬂ

Fed T Aol mEH,
EERE ﬂc 74-9-0]= BERT 7
E°] GPT-41} LLaMA 5 W3] LLM thH] 45°] ¢
VoK (Zhang ef al., 2025). B} B 17 0] A= BERT 71
B ~E 7H4 BAo| Aeat) sla w4 74 BA
71k obE A Q1A 7|Ho g M AT E maz
90:-0] 7%= 9L ©1K(Li and Deng, 2018), W2
= wofel7] mEo ZEA 8= T
& AEsty] ot mebd A Aol M a4 A g
3 —?*—}FZ?_ {3 o] ~(DeepFace) LEAZ FH L9
MTCNN(Multi-Task Cascaded Convolutional Networks) 3} &=
x4 724 24 “J‘ﬂd% Z&3kth olH g " 7]nk o
A2 7] olm IZF Y Aol ZHIFol UFH
H} 9) 0 ™(Taigman et al., 2014), ThFe EA N A 2] dF U2
g B0 i3 & A28 81353 9 THWang and Deng,

o

O]
rlo rE

) O
=
Gk

él—mﬂlﬂ-ﬁm&

]I,

2}
A=o] 74
_1

2021). PFAFOZ dol-24 7 4 3 A3 BYA 24
3 AFser] flsl, 2 2R M S o] 84 7wte g 3t
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A YA A4(Sentiment Incongruity Index, SIS 73}
/‘}%“5]'93\‘3}
<Figure 1> 919 Al P& FAHO=E &
ok WA 2 awcn LLMO| th 2] Reles N4
7 HolHE friBlA ST F3E Fdolx
[ﬂ O]E =3 -5?%'5‘]1 g 2E floJEl 2 Hesta, BEFS
A A E YT FAl °§
WHQ} ARt = Eﬂ° =

Xl
o)A

OpenAM ChatGP 2SO 7Y
TR

Step 1. Target Technology Selection

* Define selection criteria for emerging technologies.
* Target large language models (LLMs).

v

Step 2. Data Acquisition and Preprocessing

* Collect expert videos from YouTube.

* Separate modalities (text vs. video frames).
* Preprocess data for each modality.

v

Step 3. Individual Sentiment Analysis

* Quantify modality-specific sentiment scores:

* Calculate Text Sentiment Score (TSS) via BERT.

* Calculate Facial-expression Sentiment Score (FSS) via DeepFace.

v

Step 4. Integrated Multimodal Sentiment Analysis
* Quantify TSS and FSS discrepancies.
* Calculate Sentiment Incongruity Index (SII).

v

Step 5. Clustering & In-depth Analysis

* Extract key technical topics from subtitles via TF-IDF.

* Perform 2-stage clustering to group similar topics (Jaccard-cosine).

* Analyze incongruity patterns for specific technology sub-technologies.

* BERT: bidirectional encoder representations from transformers, MTCNN: multi-Task cascaded convolutional networks, LLM: large language model,
FSS: Facial-expression Sentiment Score, SII: Sentiment Incongruity Index, TF-IDF: term frequency-inverse document frequency, TSS: Text Sentiment

Score

Figure 1. Overall Research Framework
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Table 2. Overview of Collected LLM Video Data

No LLM models Number of videos | Average Duration (min) Main Contents
* Product/Tech Launch
* Technical Demo
1 OpenAl - Events and Talks 29 18 :Iéz:l:ostfu:}}/)eech
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* Research Talk
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* Product/Tech Launch
3 Google Gemini - Google largest and most 3 1 * Case Study
capable Al * Technical Demo
* Keynote Speech
* Keynote Speech
* Product/Tech Launch
* Education/Workshop
4 Meta - Connect 2023 23 27 .
* Business Strategy
* Case Study
* Interview/Talk
* LLM: large language model
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Table 3. Example of Multimodal Sentiment Data Extraction

Timestamp Subtitle Face sentiment Text sentiment FSS | TSS Sl
00:00:12,500 hi neutral very_positive 0 1 0.5
00:00:14,500 everyone hi everyone thank you thank you sad very_positive -0.6 1 0.8
00:00:18,500 it's great to have you here today sad very_positive -0.6 1 0.8
00:00:23,000 that's it we will start with why it's so happy neutral 0.9 0 0.45
00:00:23,500 that's it we will start with why it's so happy neutral 0.9 0 0.45
00:00:27,000 important to us to have a product that neutral very_positive 0 1 0.5
00:00:29,000 we can make freely available and broadly neutral very_positive 0 1 0.5
00:00:29,500 we can make freely available and broadly fear very_positive -0.8 1 0.9

* FSS: Facial-expression Sentiment Score, SII: Sentiment Incongruity Index, TSS: Text Sentiment Score
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Table 4. Types of Sentiment Incongruity

No. | Text label | Face label Incongruity type Interpretation

1 POS NEU TextPos_FaceNeu Positive text with neutral facial expression: limited optimism

2 POS NEG TextPos FaceNeg Positive text with negative facial expression: internally pessimistic

3 NEU POS TextNeu_FacePos Neutral text with positive facial expression: moderately optimistic

4 NEU NEG TextNeu FaceNeg |Neutral text with negative facial expression; reserved pessimism

5 NEG POS TextNeg FacePos Negative text with positive facial expression: internally optimistic

6 NEG NEU TextNeg_FaceNeu |Negative text with neutral facial expression: strongly limited pessimism

0.4 < 89< 0.6-% Y (Neutral, NEU), §5< 0.4 S 54 (Negative,
NEG) #52 B/} o] gt Fsh= It 744 A 3ol &
54 FE2 59 ¥ AEo|ghs o] 23 uj7(Barrett,
2017)0ll A F T B ATl M= AAR L7 HAE 2@ H
T 23 A S PAIH O R A el o B4 Tt Fo]
HE5HA BRSHs 22 o] fI7] whiTol BEe E9lF 1
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Z9-2 <Table 4>} 2t} SI7F A3 BYA ZEE YERATHE,
TSS-FSS HF 292 74 BUA| o Bk & A E

(Gandhi et al., 2023).
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Table 5. Core Sub-technology Clusters in LLMs

71 EE FE3511L, Tol 9 TR EE A FS}aFSi T Salton and
Buckley, 1988; Sparck Jones, 1972). ©| 3 TF-IDF<] ©o] 2
S5 W9 A FARE 71RE R3S A 8al A 1F 9
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= 2 (13)7} 2.

Major category Original classification

Core technology keywords

Description

1. Architecture

model, transformer, attention, layer,
embedding, positional encoding

LLM's basic structure based on Transformer
architecture. The self-attention mechanism, which
reflects contextual relationships, is key.

1. Foundation model

2. Training

alignment

training, pretraining,
instruction tuning, dataset, RLHF,|supervised or reinforcement learning-based

fine-tuning, | Large-scale unsupervised pretraining followed by

fine-tuning, including RLHF.
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Table 5. Core Sub-technology Clusters in LLMs(Continued)

Major category  |Original classification

Core technology keywords

Description

3. Multimodal
II. Core processing

vision, image, audio, video, speech,
camera, sensor, voice

Extended LLMs capable of processing various inputs
beyond text, such as images, audio, and video (e.g.,
GPT-4V, Flamingo).

capabilities tokenization, token, parsing, Core natural language processing technologies related
4. NLP language, translation, text to text understanding and generation. Includes
generation, sentence, word word-level tokenization and various NLP tasks.
. Conversational interfaces, long-term memory,
memory, chat, UL, app, interface, . .
5. UX personalized responses, and other technologies

. agent, demo
III. Application &

enhancing UX.

optimization
6. Efficiency

inference, quantization, speed,
latency, performance, capacity,
sparsity, distillation, scalability

Efficiency-improving technologies through
computational speed and parameter optimization.
Includes support for low-resource devices.

IV. Responsible Al |7. Safety & alignment

bias, toxicity, alignment, misuse,
trust, safety, security

Alignment and safety measures to prevent harmful
outputs such as racism and sexism, ensuring responsible
Al behavior.

* LLM: large language model, NLP: natural language processing, RLHF: reinforcement learning from human feedback, UIL: user interface, UX: user

experience
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Table 6. Multimodal Sentiment Analysis Results for LLMs (2019-2024)

LLM provider (model) Mean TSS Mean FSS Mean SII (sentiment class)
OpenAl (ChatGPT) 0.312 -0.359 0.429 (Pronounced Incongruence)
Google (Gemini) 0.519 -0.055 0.409 (Pronounced Incongruence)
Anthropic (Claude) 0.227 -0.058 0.336 (Moderate Incongruence)
Meta (LLaMA) 0.439 -0.178 0.439 (Pronounced Incongruence)
Total 0.374 -0.163 0.403 (Pronounced Incongruence)

* FSS: Facial-expression Sentiment Score, LLM: large language model, SII: Sentiment Incongruity Index, TSS: Text Sentiment Score
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