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Abstract

Machine learning (ml) was already developed in the 1940s, but its application value was low
due to limited computational power and lack of data. Since then, based on advancements in
computer technology and data accumulation, artificial intelligence, particularly machine learning,
has gained interdisciplinary attention as a tool for providing insights in the field of design.
Recently, numerous prior studies on image generation using artificial intelligence have emerged,
reflecting this growing interest. However, from a practical standpoint, there are several
criticisms: the images generated by machine learning often lack the resolution required by
designers, and they fall short in providing original images. It is worth examining whether the
perspectives of these prior studies are becoming teleologically biased. Therefore, this study aims
to explore the gap between interdisciplinary discussions and practical applications, seeking to
bridge this gap and integrate Al-generated image creation into practical use. This research is
based on a literature review of Generative Adversarial Networks (GANs) in machine learning
(ml), examining whether the images generated are acceptable from the perspective of product
designers. Based on this, we will use text mining methods to perform clustering, information
extraction, and sentiment analysis to understand consumer attitudes. Through this approach, we
aim to explore the potential use of Al in product design from the standpoint of consumers and
practitioners rather than an interdisciplinary perspective.
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In [71): 1 result = []

2 ufor sentence in org_l:

36 result += sentl.tag(sentence, neutral_thn0.3)
4 result = senti.tag(org_l, neutral_the0.3)

S print(result)

((0.1349, 0.9026), 'positive')
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In [52): result = []

#for sentence in org_l:

# result += senti.tag(sentence, neutral_th=0.3)
result = senti.tag(org_l, neutral_th=0.3)

print(result)

[0, I TV N

((0.1607, 0.8776), 'positive')

(2 14) HAE OjolY 24N 2}
(348 H7t 87.76%)

BAE O[0[R|Lt AKRE CIOJE] HOJAS ZAkSICE

176

B, JHEHel HAES| Uige
CiRQ! ojojzjol| E8ate AECh=

o
2ie A1 20i0] HASD} RIS o

4= uct
Num | Label Content Plain Text
ot
g of A
o o 2 | OB mU2 | Jks0l 23 ¢
o | 22 m w | e ARl
;ﬁ,”'l Y CoEE | XY AlZ QRIS
. 2
001 | gy | oS- 23 | ez st
Co o | MY SSf | At Cist Al
o o | S FESIE | B 2ES=2s
fo B OlAL A5 7 L
77|‘Z| ZI‘ e To }3
S
ofZe  ofo|
= 2ot
(LIDARY  AIA
OloZE | & 23 A | LG AT
1020 | 225 3D O] | 27t Al At
of sA| ORIz BiSof | W ZE|REES
102 | E2 Al U= 222 | 28 ARIGY
g2 o | 1t 272 3D | 2 102 U ¢
of 25| 2AcY opjr| | AER  Myst=
gz | 2 2l | vlag
WAl 242 7|
22 €1y
it
O|0|R| AHA
AZED | EE" A= ol 28 A
= o= ooz
203 | &2 1| ool M2
i CIOJE  MIEOiA]
2ict SIS e ]
eI st
_ L
Al Oﬂ DALE 25| yue nene
2| Ak nAlO|M | T T
sca | S| o da| oW =S 8
= oS R ool opRrig
o 28| A ooiRl A
2ot | =

(13 15y 22 3HClustering) Z2tZt

3-5. 2%

Ol2f3t EIAE Dol YNBSS M olER|SS
225t CJI0l 002 BERA CHECIOR} 23, 12
1 28240 2 HISTR| £28 4 A9Ch iRl

OI0RIE 71X CiUSt HE2Ql Z5H BES &



=510] 242 g 4 W =IUCE 2L ASASsE
&8¢t 0[0jR|e| o=t FIiof et ZEEM 2t
= 22t 90.26%, 87.76%0|Lt 7HE HAES ATE
B 22t =RIEH 1 Olres HARIE2R ddske

OlpjAl CistLE Ofojlel BT SO| CiRjolLe)
272 225 3, SHAl 0jjE A

O, Mo e
Sote |

A

o= £t UCHT =Ct

=
=
o

4. BE

QIESS| M MA[H 2Hitat CHEO| HolH =4, &
1RIF9| MHHe= QIBAls TIE2 HAl AHE0| Jts
SElZ 45| Lol = A2 AKOICE Ol2{Et A
off 2fetsto] = AF0lME CHE Fol| Bl AlE

£l

CRRI! QoI 00| 20l S2% Yol Zest
TS0 CRIQL W B silel M O MY
(GANIZ 7o QIBAfsS B85 AB CiARI
IS BMBICE 2 OiMl2id(m)ol 48H O

LEZGAN)O| st ZHURAE 7|22 510] ZA|
‘g=l= OORPt AiE TR0l YoM 82 +&
QRIS 4D, Ol B2 ABRRQ| B S5
HAE Oi0|d YYs Sot0 28, d2==, dds
MS SICEL OF S3t0] A LARIMe| ¢I5Als
o &8 7580 CHoto] siAld 0l Ofdd AH|R}
LR &5719] Yds EASICE 2lelsk= GAN 7|
=2 0[0] 7ig B[Rl THARIM CRRIO|H0AH SAE
ASg 4~ QAT ESH GAN 7I5S Sot0] e .t
et ODR[S2 AlZfStel EEE TR0 Ase
7 AL, g CRRISZM AH2| SAOIMTE s
52 &Y oAUt s S AR 2& 2RYolM
AlS9| A[20| 7tsg 4 Tt 2Lt EHIAE O
ol aE ERE, BEEM 2= AIE
CR[RIofMe| CISAls 280 oM ¥ S84
OIR|22 Sith HYEMe=Z F2E =2 USAs
A0 gt LHEO| CHE-Z0[2tA AEERIRI0MAS] 2
SAls2| g82 tAolH YHolMe S8 F=0|

SIA| BTt Of2feh AOi|A Of2fOf CRIRI D2AIA0
A g MEY(GAN) 7120 StA[A et 20|

oo X
oC Ok 0

k=X
=

SEINE £U 4 U= 422 Fhlo| A Yo
2 SO} & 202 Tt

177

s
1. L, AIE CIRIQI ZHE J[Bto] Add AL

DEDE =8 o - DEALIZ 285 7H4E
HAE Oof|AaZefla Tl O|D|R| HEE See=,
Journal of Cultural Product & Design, vol.
76, 2024,

2. et O0fR] e QB3RS (A) EEI(DALLE)
o 8 AR &, ZIojTofst A6 Al1Z,
2023

3. SH, 49,

8ot SUTRR! Z2M|A0H| 2t A, eh=st
ClARIStel=E3 Al193 3=. 2024.

4. Alec Radford, Luke Metz, and Soumith 4.

AS2s dd 2= IS A

Chintala, "Unsupervised Representation
Learning with Deep Convolutional
Generative Adversarial Networks,", 2015.

5 Alexei A  Efros. “Image-to-lmage
Translation with  Conditional ~ Adversarial
Networks." In Proceedings of  the

I[EEE conference on computer vision and
pattern recognition, 2017.

6. Arthur L Samuel, "Some Studies in Machine

Learning Using the Game of
Checkers," IBM  Journal of  research
development no. 3, 1959.

7. Can  Uzun, "Architectural  Drawing

Recognition-a Case Study for Training the
Learning Algorithm with Architectural Plan
and Section Drawing Images," , 2019.

8. Computer-Aided  Architectural  Design
Research in Asia,(Christiane tn. Herr
2020.

9. Greg Lynn and Therese Kelly, Animate Form,
vol. 1 (Princeton  Architectural  Press
New York, 1999.

10. Isola, Phillip, Jun-Yan Zhu, Tinghui Zhou,
and K Moore, "Between the Lines: Drawing,
Creativity and Design," Environments by
Design 3, no. 2, 2000,

11. Lynn, Greg. "Blobs, or why tectonics is



square and topology is groowy." ANY:
Architecture New York 14, 1996.

12. M. Haeusler, M. A. Schnabel, and T.
Fukuda, "Approach to Auto-Recognition of
Design  Elements for the Intelligent
Management  of Interior  Pictures," in
Intelligent & Informed - Proceedings of the
24th  CAADRIA Conference, ed. Victoria
University of Wellington, Wellington, New
Zealand: CAADRIA, 2019.

13. Mehdi Mirza and Simon Osindero,
"Conditional Generative Adversarial Nets,"
arXiv preprint arXiv:. 2014,

14. Park, Taesung, Ming-Yu Liu, Ting-Chun
Wang, and Jun-Yan Zhu. "Semantic Image
Synthesis with Spatially- Adaptive
Normalization." Paper presented at the
Proceedings of the I|EEE Conference on
Computer Vision and Pattern Recognition,
2019,

15. Phillip Isola et al, “lmage-to-lmage
Translation  with  Conditional ~ Adversarial
Networks," in Proceedings of the IEEE
conference  on  computer  vision and
pattern recognition, 2017.

16. Radford, Alec, Luke Metz, and Soumith

Chintala. "Unsupervised Representation
Learning with Deep Convolutional
Generative Adversarial Networks."

arXivpreprint arXiv , 2015.
17. Radford, Alec, Luke Metz, and Soumith

Chintala. "Unsupervised Representation
Learning with Deep Convolutional
Generative Adversarial Networks."

arXivpreprint arXiv: 2015.

18. Reed, Scott, Zeynep Akata, Xinchen Yan,
Laj antigen Logeswaran, Bernt Schiele, and
Honglak Lee. "Generative Adversarial Text
to Image Synthesis,.2016.

19. Scott Reed et al., "Generative Adversarial
Text to Image Synthesis," 2016.

178



	13_개념 디자인에서의 AI의 활용에 관한 연구_이문우_권순걸
	책갈피
	thesisTitle



