








PRIAHEAMRORRAL AR AY O BAE
ﬁ‘ﬂ*f:‘»‘%‘ﬂ%iﬂa T L O ‘#‘rl
_}_a‘i;fi—fﬂ
($£>

WA LTS Ew P R A 2 e AT 0 A KRR HAR
iv»’@&#a2%%%@&erﬂ§%3@ﬁ$&iﬁﬁ&i’Pi
FIRGFEUNFEFCHERET %305 2o > A0 2 ERAH
BT ST hEY B B - B T ATREMEY o RD O H
WOREHATRIER Y BT R 2 SRR AT s (P
BRELEEZROME RS PR SBFBEITR w4 > 75

P oBgES 3 o
Metd @ P RA RS S B BRS  HaRE WO EARY
B

B H IR A TR G P e §T R FTE BIIEL Hr BEY
*fjrr R 2ZFY & (%% MOST 108-2410-H-034 -040 -MY2) enipam 3 = % o {
BHHF 034 £ FFLL R @he (hnd
PR v B RBIEE k%420 e-mail: ylwangl022@gmail. com



=~ PRERETEER

W AR AR E 19874 » FITRBHIEI A 2 P EIRBEREH - SrtblEic s @ FER
REBDE DU A A G i - R R AR AL T 1990 (YRGS 34/ - & 12000
FRMEE UK R E KL - ARTECGE » £ 72008512 [ FR & S LE Hr#h
Bi% > R SORARE > HAIRIERIRAT S © 22000 > 20124E R B RESR 71
REENEL Y LE > $20164F 878 REEEIEIR - R R (e e AT
A WEE T ERE E T - MR ERIR g P A AR IR SR R
AREBE NBOHEE N (ALaSE - 2017 3 thE R KEZ S8 > 2018) -

RGBSR ~ KR - BFHSIE  SRBOEE) B 2R BRI - H
BN E EE T HSORUEE IR AR AR e S T BB e BUR
®ETHE BT IRRESERE STt tham BB R R A SR
EH > HEEFREHES » R e B2 A R - P4 AE 522
[ > A LeSR e E S T bEE R - M TP EIR AL - SEWNF B A
FEREERELIS 2 - A B R R R AR EdfR e (TP REIRIEZ A > 2018
FAH16H) -

PRI R R - WS SOR T - ARV - BERE
Heat2016 A 5 HEREWHE £ N B AE32,648 A > ZA1T > H20174E#E » 2R S EFENT
B4 NEERFERRR - 20174.4£25,824 A - 20184F-4£20,597 A - 20194F$£16,696 A -
201952 & [EFERHE A2 N\ Bt 20165 5RIRk&J49% > 5351 » 20204F Hy iR et o T
SEHEAE AL > B FAMIPERETHEE AL (THERBIAEZ & » 20214£2H25
H) - BRMESORATAER -

—RIM = > REHIPEARE T 7 B R 85— T8k » fKEREX
5] 2 S0 Sy R I B S i m w74 A 1= I w3 =1 L w2 A | A2 G A= O PN SR A
ERRE - S5 AR T RIHE L ) o AR R AR ] T =R ) IBCRE S
FIEAWHE LB W IR EIROR R RSB Befk m#os sl s A E AT > (LR EiHE
ANIELER SBERAL R HHY > TS BB E5y h EAVIERMEE - ARG R —
E2HAs B2 (/SIS - 201552918 H ) -

PR EAIEFRERHI A SRS » HAER SO A e AL A /b - B2 Rl e
AT BN TR T BT R S o B TR E R AR
SRR ERAE SRR S BARTR ~ K ~ PR ~ AR RIS ED > WREtE

+

St



FEAENERSOM > (TRRET-12K - SR RIETE > H2006FHEL S HE
DL T higdg s | HAasRBRa sy [ iR AR ERET T AR sORUESE) ) o LU
i PR PR R EHET A B2 R TR AR R » ST R a s E
Wi H - B Tl H YRR ~ SR8 S8 A2 PR 58y
HESAIEEEE IR B — RS E SO - g Rt — 58 £
HHIY B T (e P BIRFEA G EE T AR e g R Tt e e d - 35S
HEMEE  HEGERET -

AT R R RE AR B E B 2T RUGRE =0 VA TR
AUSE(L - BRI EEIVENS - [ TS RRISOR L8N > RIILIKWEETL
HFRIPSERAT DT - i &l 2 S P RV EEER A T - a8
REEAATFHERIITE » K aRa R R e A BB A - S BHAIIAT
A B RIARIR R BT ST -

RIEL » ASCRAHTEBAER? - A ST R HA R (E H ZEEAS0REY Tl FR
SRR A SRS E) ) R TS L 12 AT T - (8] TR RS TR A
[FIRF S B B HVERRIEARE T - R > W E B EPEIRER - F
TR Se bl B ORIy - HHRERE DRE G A FTEA. ?

=~ SUBERS

Tt B e AR SRR 75 R B ERET 2K G A IR 2K & AT HARE AR Y
RUERENTREL A R SR (RS > 2009 ; 8 H 45 » 2011 ; Chou & Ching, 2015 ;
#3755 » 2015 5 [E50 R » 2017) ~ KEERAERAEAE YL &l [F LR F R 2 0 )
B (ZAEE > 2014 5 5RA] > 2019) FUBHEEARE A SSIRANEUGREE ~ Si— M4
TGHEENTSE (5N 0 2015 0 2016) -

AR BETREI AR AR E S B E B GRED MRS TR — Rk EE)
st 20064 LIS A S B A AR A R - DL N RS SO R AR R B S SRR -
A R ST RS B R RE
— ~ B - NS A REH ERE

Lippmann (1922 - #Hff3E - 1989) fEHZE(F (RE) —FHEH - 157
HRZLAE RAMAEY)  BAMESH SR B 5 T REIMERES(E > K
ERoP R - FRAMTR S N ERS - FHMERES R 5 | R AU bR & R






H o EEZAllport (1954) F2H T PEEHEES |, (contact hypothesis) » Fi5
CH W {18 A (] B RS B B YA B 1 » ke R IE T » A B R (R BRI ZIAR
EIRER - &R BIN I D flTzeds 4145 - Pettigrew etal. (2011) LAS15{54H
RAFVIASE ~ DU ARS8 250,000 s E Y E R » S8 EE—MGIRLT » T ERSHE
& ) BB S R PRZIAREN S ~ AR RAVIEERCR - EIH IR ESE » 1
HERAR A FEEE R B R 2 1% » AES9EL IR s NEIRG i B 1Y B4R
BRI NEIEG B AR E MR R AN ZINR EN SR P A » IRtk AR
T PoRE SRS MR JHYIRIREN S AR " A{RIR(E L (deprovincialization )
FNTHEE 5 BESL » FPEEY O EhIERE - A B LA [F B RS R 1B RS ~ B AR
AH o SRR R D EZERYIEESCR (Pettigrew, 1998, pp.70-73) - HEE
WA v TR BER PR - PRETR R R AERYSOR (L
Bt~ thifEZE - 2018) -

FEREHEIRERETHE - "B AR, (Involve Theory) ¥ FHIMT RiATE -
Zaichkowsky (1985) & EF05 ARy— (8 AFINAERYFEEE ~ (B {E S il - 20T
Ao mo B SR AN - EEEREFTEIMTT » R HEF BRI RN
R HRD G ) 18 ARZ ST Ry DR SRR 8] - Zaichkowsky( 1986,
pp. 5-6) f5H B AR R =(ERT#ETH - BE(E AAYEFE (person factors ) »
R EEE  (stimulus factors ) EBfEREIE (situational factors ) o

125 | FARES  BUARWT R BRET AR S - R HARI(E H BYERIE SR &
B R TS aE GRS IR b AR RSB A -
FHERA RSB IMA R E E S B - 5 e A e R T S M 850
HLAEE ~ BUNERFT ~ PSR SEBRSERE S - L HENM ) S EBUETERTERFT » 4177
B ~ AR - IR T —ERAVASEE DU E 2R ARYIE R ©

Wang( 2021, 2022 ) & 48 DU REREER SR 17T - ST &I RN BURRESTRAVER A »
T RHIEE T BIARE S B S G BN OB R EAYRHE ? BT
REFIEREERNGESZA B R  BEcil SO S BURER—E - A CE e mEE
EATRIN S — 7 e BHEE $HEF20074F 220194 25K & 2 EMEREAOR R - 2
WHFERE— © S B EEBRSOREERIE - B RELEN G Ry ] ?






BE L MRS E T - WEA B ERE - Bl - 2018 4 9 HAT
AN TRATERS SN BIFRBOEEERERITEIS - RS EIREZA L
B R RERIRAE R T/ KIEER baby | S 5a8 sl » B5 PR HE AR -
TR — IR RE A T B 2 BB - I8 AIlbG 56 P EIRRE CEZEE4Y) BUPERAE
FEHTR N TR S S PR RE B H T i iR - SER AR IR N
EEREHE " B APELA - BV EE - ik PTT swil K 6B &SRR
A - HRZEEWRSE R TRESENSERE CLEE - R E 0 2020 F 1
H24H)-

ANEIFFE A T [ A A P O R ERR 1T Ky - ST IR BOH i - I TS

( Aldwairi & Alwahedi, 2018 ; Shu, etal., 2020 ; 5% » 2020 ) - IS AL EEEE

(Harvard Library )& $2H 5 FEHEE 775 77 Al R R E RN ~ A A iy URL
TEHMNBITR AR ~ FoREAME R - SR STh8E (Harvard Library, 2017) © R
EEEHGHEE (IFLA) st Ry aRm G 8 (JAF 54 « HERE
G~ i EEEE - wEXEAR - i B SRR - BREEELIMINE
SHEAER 1 B R B —HIZEEE 3252 (International Federation of Library
Associations, 2016 ) - 55/ (2019) REHEH 12 TEHEEG I RE AIIFS 5
A Rl Bl Bl EE ~ fedE B BRE - BEFCFLUMIEE - 25 &1
SRR S A ALLINEL ~ SCFHRR - 2B HAERHRE - i E Y URL ~ 213
EESIhEE ~ SRBNE -

G RAUARHSEEEE R ECHT AR TE AR - PRaTE S (SRR B SR AR e 4 -
R BPLRGE E AR 58 A4S » B3] T BRRE (% M B F e (Dl S B AERAY
BT FEERE R g A ¥ SR IR AR .« S BRI SOREE
% > HEED S BT RN A A EERE s B Ry fn] 2

2 ~ PISEFEREEEITA
AL B S BRSO AR AR fE 3 G AR 3EE 5B (RO U7
VRS2 WIFEREATT

FsBE 4t e m s ¢ (IFLA) > (4R TREWm > 3220 1927 & » B30k & ir ff i
PO UME RRME GG SR nda B LERREEARLES A
TR ek F PR sk o BB A BRI RRIF A B BT T R
il






















































I B SCR; » NIt B0 HAE R A A (e 2 B S S s -

ARSCFE Tt AR RS G 2R A A SR 88 3R » 13 B ok G AR Y 3 e (R e
4o MMe R G HEER RS FARE AR —(E Rt e B R EE
AR GBI R A R AN T RIS o] U 1L RS &
Bty BN EREGZIRENS - SRIHFRUE - ARt - BRI 2 E R
AEEBEEESRNE  FaEEREIE > I 2 B R AR E A E 2E
£

ARt A AT GIFRYFEE » A5 G AR 48 S0 2 m] B B RE 4205 -
ARILEBAER T I —3OMUEBE H AL O E R M 2 A g [a]
BRKRE » fERAARES I & S B RNy AE% B ik s ) BB &
BEHERERE. -

R [E] B KRR BB RE SO AR R o SRE TP EE| T REIEZR § (news
framing ) #l3g - £ G EE BAMIENES - S/ D SIEHEG S YRR E A A EH
A EEN 5 EGE R PR EA S A RIZRE S B2 68

RARH & RE SRR - A - 723 B R G R RREnT - R ER
B B K P s AL A A S R R > — B IR BB 1T 5 A B2 E E RBP4
% QU EEEFIEGBRE— V) FEE SRR, - I sRER Gl » DARF SR
BUR » SZaliEMoRtamRie - T A+ 2w i (A pHF) EAR . BRERE
ol F RS S5 R H e adpET e

EFEENE » £ i ae S IR e FEIREER 90 ~ 00 {31 R
BieECEmwm N EH REZEARBIRIFA YGRS - SRS E RSN
PEREARESS - FEAREE o RS IIOMEEHY 70~80 LB LHrFEH -
"R AhEE A S gAPRE 278 £ 7 0 ¥ BBC R AL
FRAZ 4o nf 2 0 o 4PERIER Covid-19 EiE#EE - MR R (EPE 7
B E BRG] » #A2ET -

BARSTIS » HY BRI RREREE T EARDL » AT BE A R Ry G i et
Vo (HRER 7 EAMRIN R 28 (¢ TR KRB ARG - BA
— TEVRUR - i RiE e e A i AL ® TAER - A S oy TR B -
HREIEASE TS LAE - 208 - 48RS EERT - AWV MESE - 45E =R SR E
REZERIE B2 & 30 2 485 B RE & B (Bor i B A 5 = alUE A AE

25






S50

ETtoday HrEE ARG (201727 H 4 H) - NEEHHE... " REEHE ) K
PEEREHUY A EERE TR - ETtoday IS - HUH
https://www.ettoday.net/news/20170704/959364.htm

ARH#E (2013 /£ 8 H 16 H) - ARH# + FEGBEAFERILT CRE
48” o A% - HLH http://media.people.com.cn/BIG5/n/2013/0816/c40606-
22584001.html

FEREAEZEG (2018) - WFLBEGET A - KERFETER - 307 ¢
2-18 - HUH
https://www.mac.gov.tw/News_Content.aspx?n=2C28D363038C300F &sms=23
1F60B3498BBB19&s=88CF4AB14A7B4BBD

FERBIAEZSS (2018 F4 F 16 H) - BUFHRIEA K EMEAEERE Y
F i & #F @ & @ 2 » @& &F X H - B A
https://www.mac.gov.tw/News_Content.aspx?n=F9057F9640B28033&sms=7C8
440BC86E48FD9&s=9071E9C063DBA01D

FEEREAEZES (2021 42 H 25 H) « EAEKEWE REEZ ST - B
4 K = Bt 2 L) & ° HY H
https://www.mac.gov.tw/cp.aspx?n=A3C17A7A26BAB048

£ E (2021) - EMEREREVATE « SEBRK © ZEAERBRMTARES
WS o BUB RSP EIERE 5

FZEH (2019) « BEER EGH - GBREZFT] > 16(3):155-161 -

E&FT (2018) o @R EENREZ 25T © DLEE 211 TSR - Ei%
EEET] > 19(2): 1-36 -

TERAT (2021) - {HETHAS ~ EEREEREHEPITEE - TEE - B (&) TE
REEtism (BHR) - H 267-301 © Fip -

FEFEINC2015 ) A= Sl 7 bl 5 A= 40T~ B4 - TRERHASE > 46(1): 1-33

TFEIN (2016)  FEHHCEAT ML 2 1t SR PUCRRE BB - BRES
R > 17(4):1-42 -

JLERE - BITER (2020 4 1 F 24 H) - TEORERERE  BIPAG - BRI
= P EE R &E R #E - B & HE - H A

27


https://www.mac.gov.tw/News_Content.aspx?n=2C28D363038C300F&sms=231F60B3498BBB19&s=88CF4AB14A7B4BBD
https://www.mac.gov.tw/News_Content.aspx?n=2C28D363038C300F&sms=231F60B3498BBB19&s=88CF4AB14A7B4BBD
https://www.mac.gov.tw/News_Content.aspx?n=F9057F9640B28033&sms=7C8440BC86E48FD9&s=9071E9C063DBA01D
https://www.mac.gov.tw/News_Content.aspx?n=F9057F9640B28033&sms=7C8440BC86E48FD9&s=9071E9C063DBA01D



https://www.npf.org.tw/1/15374



https://doi.org/10.1016/j.procs.2018.10.171
https://doi.org/10.2307/1251198



https://guides.library.harvard.edu/fake
https://www.ifla.org/publications/node/11174
https://www.medialit.org/media-literacy-definition-and-more
https://www.medialit.org/media-literacy-definition-and-more



https://doi.org/10.1177/14789299221119909
https://doi.org/10.1177/1478929922111990
https://doi.org/10.1086/208520
https://doi.org/10.1080/00913367.1986.10672999













syuzhet

Seymour Chatman

fabula

Narrative Structure in Fiction and Film "

what
Chatman, 1980 19
happening
settings
form
manifestation
------ Chatman, 1980

1 Chatman

a story

existents

style

Kuhn and Schmidt, 2014

Chatman
" Stort and Discourse

narrative

a discourse

events action

character

the structure of narrative transmission

23 1

Expression

Content

Substance

Form

Chatman 1980 24

36



Chatman # — 2 DURFE2 BRGS0 D RO 2R HUBH (% > FE I AE sl 2 (H 2
(Narratives are Communications ) > #{HZEIEHEE story (BRENNETTER
)+ 1 HZ BB ARl discourse (RREMNRIITTR L) KEE - 5Ew
it discourse £ FIAK i EE ( Chatman, 1980 : 31) o 4E-& Bl Ay A EEME S LT
£2 > Chatman S HTEFREHRESAIME 1 -

Actions —_
— Events
Happenings Form
[~ = of
Story Characters Content
(Content) | Existents {
Settings —
People, things, etc., as Substance
Narrative pre-processed by the author’s = of
— culture codes Content
Form
Structure of - of:
narrative transmission —  Expression
Discourse
- (Expression) Verbal ]
Manifestation Cinematic Substance
Balletic - = of
Pantomimic Expression
Etc. —

1 Chatman FYE{EEZEREE] (Chatman, 1980 @ 26)

37



BN AR R B S SR B B R R RR (A )25 55w > George Wilson( 1976)
W B T (E SR R (8 BV R E (RS - BT R B B AR
ST — 2 FEI AR L ARAY 5 (B Sl U 23 A A —RE
RS YD © iBEEG T R ANHCEAE B - EOHRY IR - S8 - FiE&
1~ BiEe  BEER]  BE ~ ACE (narrator ) Y ~ HBHYRE - F
B MR e G s — B E G BT R ST R MR -

R TR EERCERG > SR EB S R BB FEHEG
ERHEIEA O EESESEFREEZERORENER  ZFETR &
SR H Y » B S ST AL > A5 O 2 DRSS TR R T T R TN Al (i
RENER  BEPEAFFEREERN  BEOERSVEE » BEHEiZ=
5 A EEhRIEEHE AT DUE A (AT © AT Fead R dEss A A (i s
S B R EVRS Y 3R S RO AR it A2 Ry 1 S fefE AR Rk ] AR AL
BRI FEZEHENNE -

PRI AWTF LIRS ENE (A Nt An 2ok ) Rl - 35
Chatman FEHEERAVIRSS - (ES IR THEE (e SR = R THIRERED
7\, (form of expression) KSR o fEWIFEEHZAT > AWTFE e AR T SRBAAYE
FUL R > DU SEMIRERT RN A R 5 5 N8 LA R 2 F SCERAHRH 280 40
BEERER B T AR SEHT A B2 R S MR e T R RN R
= R ESR RIS

(—) SEEF RSN

TR T A2 LR E RS 0 » DABIGEI ST ey 7 = - fE i A 2R
THIEL (SRESE ~ P 0 2005) © SEEE T [AHY—(EE R E A 28N ER (TRATE Ry
180 EEEVEERIFEAD) » ERAEE —(EHEmAAR - 55 (fF & LUEE 5 1
CHER - AL A i P R SR T (U Rl (TR > 2002) » $R5H T H
AREEHRARAILIAE - BIA0IEmE 7 & 992 FERIE > (H5 B nik
(Bt AE 2 IR A B RIZE Y SR IRK - 1TERIE EAE SR - (G T R A EhRELR
i e E - HHTERR T A LR  BUEFEHERBE SN thae Bk - 25k
FYIENZ MBI 7 R RE (E B T AR B A F Resi RSy T G AU RE B ZE B AR
e A E R SRR a5 ) N RStk A R [E e Ry 5 i - RErR R
BAV) At n] AR Se B SRR ZE R (GRTHT ~ #E g > 2009) - 405 2

38



K 2 FEARZER

ET I SR -
I IR s S -
I 1 SR e R T <

FHAE 5 1 FHE A CEEYH LR
BRI - At

(Z) SHBEZFRINAR

BEHH RS HAR/ NS Ryl HRIRAE R R ZE M = AR - 2 E)

TR S U AT E REZE A MRBIRHEL - EF)7AMEE T8 REHE
FARE PP B iR T AG R (S - SRS > 2009) - B > $575H
RSP EiE o] DUEEZ RIS AR % - ROTEOR S5 (A 5 - i35
AT DL P S SR S SR VR - TSR R TRy Ny nl (AR 5T ~ A3 55 ) il
B DA o RGO (RS~ FRTHS  2009) - 40%R 3 ¢
* 3 HEHFERIHBRZEE

bl TEFE
R A SV RS PH LRI S - AERIBEE A

Hie

3 RS - HEERRHREACEERYZ
DISRBE AR A E -

ES sROH ] DAt A iy 2 5 - sElItEER A ~ 2=
[~ TAIFEER -

Ll (e ERIR T DL EFBATHRLT - 5 gBRdRE ey — -

BRI - Ahtreie

(=) SEHAEHER 8
BRI A R HUA T R R B TR B - RS RN AR L
R T S RE Rl A SR B BB IR A R EU R AU R B ZE ] e A R
TR LAS - pIR S S S E R EOE > B O HE AT AR SR A R A
OIFEEGIRRE (T - 5RTHT > 2009) - 2258 FER AR ISR 2 LA

39



BT SN AEVE TR BRI TR S RS - RGBT
FHVEE > N ICAE B RAR A L IRr > B ICI SR RIIB RIS R I b RS G e RE
L > WS AE SRR A SR R A S AR I T - I RE S 2 T S R A s
PAREIE T

* 4 FEHAEZER

57 s
45 UKV b0 H
KT U SR TR B -
=558 BT Iy e LA -

BRI - At
(U)W I TE
BERHIRE E T DUE S FEE A\ A DU R s A i A
BEATE A - Mt " (ARt B 2SR ERNEEYBEYHERNRERL
— o WAL A — I R EEE N - R AR EN R > Fydl
R ABR AL - —(ESREH LA (R T AV GUR NS - 1T 2 SRR & SR
EAFERBEHRRE % > 1] RN R ARV E ML - 41K S

% 5 PEETIEE T%

EEEiN] EF
tes b W A TRR RIS TR ARG SUE R AR -
ARG A w2 NECEH T2 LI EEEE) -
S R PR UE TEESRIVESRE NEEEERE > o B S e E L RN
(Zoom-in)  4E/NEPIEEEFIZER (Zoom-out) ©
g A TR SRR TS - SRR E R e E) -

BRI - At

& ~ XORIA
B BB R I (B30 Ry B s e ARy 2 (T LA 2 1 B9 o

40



I DAt 5 =UHET T A > 821 0TRSO A B 24820 DL 3 By
FEFE Wk v RERCH R 2 STRH G NE - A& BEHAGRST  Refal R
FRE ~ R/NEEBT 8 ~ BE - B BREER OFEE - 2013) - JIL > A
WgCEEE DL NIV ST T A B B -
— ~ W AELPER

FESCRRER e 2] > 22 R A RIRYSEBRAYEU > AL AT (E Sif S sk s Bk
AR - IRIE » AHHSE EZAINISE AR (B N BB m it ) (REheE
L T K G ) BARIE R RBENS > BIEEAREESEIE > LR
— Rt~ T o SO EEREHRYE A D= - ISR SRS E I BIB B - B A
AVRAELL R VIASRBRAVRVEL - SEB A AR - DU B s R B A
FiE BRARE ISR ES - AORVREN BRI S ER PR -

AT E AL > S (B Nt h A 2 k) e s 2 -
A~ BRSO PAEC S (E PO RIS IHN A 28 - £ DVD 25 8k
HUREZASHVBIZE 2 ~ SeskBIE B, ~ SREAIrfE] ~ Fhl ~ AR - 51 - SREHE
BEER BLEHSEET—ER R BRI AR SR R EAS S A - AR
ZERIBAVE D > KSR ] DURBEUR T A 2 22 ~ B DRGSR IR R 577
o PR R R AR E A OTHFRIAAVEE - EE R RN E(LREEE T2
s F A SRR =B L s A E S g R A R R P e rg Ry
B SR R A e B R AR R RSUR R (SE S ~ T
2005 ) - HAFFERIEL0E 2 -

41



e =

|

HEILRFE R

|

MR

|

WAL A

|

|

AL SES

|

B NER— A~ REEER

|

SR L=

l

TR i

ACfk SRR EY l

BB BT A T

/

2 WAL

42




= WgERERA

(7 NAH5 — T 2R 2 ik )2 B A S ERE N = AR B ey EE &0 3D 52
SHAEENSEE - B LEERAEUE RS GBI EHES R - 3D #hi#
= ANEEERIES - W AFIH S EREEINES  REBASNE - 547 20
FIERRFEEDL TREL ) ERAAIS > It » FrANAL - SRR ATFRER
SR > N R EEE R VAR B T EAREE T AR AUES > AMEAVER
i - BEEEE - HEZ A KEAN - BREE T HBENSmEITsGT - A
BEAEEEE T > HYAEWENEMEIE > IRMER A EHRE) - 1EEF
BRI b R TIREE TR BIWIR > BN EHRREETEER - 25
EEEIEEERTCT9E R ZEEERR AR AMERE - EEEH
R R EUS RHAR ES R - IEAERENESRAN T - MR TR
TE > REFHS AR - BURRAESE REEhEFEMEITENY
GEE B R ZEH -

FHY (R AT — i m 2 mt) BEgEry T & - &, R
BIEESREAN IR - % E% B R & E 53 R A B0y X B s5 0
FraAMR Y T8 - 50 DR LA I8 B = AR (E Ry /i PSR S AR
AUERE - MELESE A - S5 - SR EE S SRR HRRAYEA
HE o HEAWRAEREBEN RS B - AUTFTZAHE DVD BEEES
Ve R EREER K (BB — AR #) 2 T R - B & BEARE
TEEENEER 5 BIUKESE » HafiAnR 6
%6 (FABB-—EAIH) 2 TR G5 AN
A 2 AE RS BIBEANAR

B FsFrRLARES 2 PSR E (- R %
RAVREBEEL Wk — N &L H

TR Y REN - TRl o SR T Ay
1 8 WY 4 28F N (B PR E A S R E
IS eIk > 7 S REMERH AR O R Ay AHY

SHZE | — T NSRRI 4] 8
b 2Bk - SELLENIRA A E.

43



ok BO% At RIE BITEAN -

BAPEREIN - — (L RR IR T2 2
{Eg3R 7 SCHRE S AR AL SR
TEANTIE > M IRE R A A

o EE \ I
BIRLEE > WA A A A
2 &M 447 06
i BRSSPl —r 2 AR -
SHETE T | BRI G
WIEHEZ 1% » (R — e Ot
% o
BT TR TR AT
) S5S Bl A B W A e A a3
- % AR P A A R
&
ERAHE AR (EIUE T IR IR
3 W PEE 453 54 %) N \
. SRS ZER N —
. B L SR A T PE S s
B SRR BT » DU
HTE B R R E » fE s -
AU E R R ITE S  SIERAT I
e ATE - SRl R B
- e (5L RS (3 [
- DR — (BT TERARIG - HE A RA
4 & [ 347 58 )
. % » SR A—(E AFSTE Y - SR

TR R R s R T R fr
-G LUK ST - R AR
i EE AR S 4 -

*® 7 (E) BERAKR - AtFeie

44



B~ GEREARTER
— DL AES —HEM ) 2 T RstiE iy

AR B dlEC s E U RS B ENE R 7 R > SRR BdE &R
SRR R s T B R A 2 R VIR AR - (R4 R R B R RRE S Y
RRE KT > R 28RS RRY FE SR /DA S S N B AR R R Bl
SR S VBRI MRS - U A SR EAAY S~ A B R R 2= R s T
Dt FEEERET - AU ES & HI52 R I LIEC#k S ST B B IR 55T ~ P8
SRS~ =l TRLUAEEFER > DTREFR S SRR R RS
(] th L1 B BB 7 BT & A (e (58 _E IR AR g (E s A 2 S TSR T 2 B
LB - TFIRE 7 - [ 3 K3k 8 (e A&t — h A k) mEhgdEr s T, &
FRERES]

® 8 (AW —HEmat) 2 T IR

SEH

St DB SEEE R 7 AE S5 DB - Al TR AR
I

1 3 [EEsE &R EE KPE o 28 5 EE  IEHE KP
B
5]

2 6 [EwEsEmE EER fm KFE 29 4 o ER Fm K
Hi5H
[

3 3 [MEwEsEE EE fim K¥E 30 4 B EH KE
B
fiii I E

4 4 [EESHH fim - K 31 4 B RMEE K
= HEHH
I E

5 5 [EEsEE EE fim (M 32 6 R  IEE KF
HEHH
[

6 4 o ER RmEm ME 33 5 BERE  FE KP
5
(2]

7 5 [EEHE &% @EE KFE 34 4 BER  FE KP
HEHH

45



R

gHoh POy SEUEEE) BE m AE &5 PR - Bl E AE
& E

8 5 [EEHE % fim KE 35 2 B HH  KE
PR
& E

9 8 [EE#EE Es AMUmE (IR 36 6 e Hm KP
[E &

10 3 [EEHE e AMiim KE 37 6 wmE fHlE KE
[E &

11 9 [EHEHE 25 AMUE FH 38 4 8 FE KE
$UE
& E

12 6 FHE$EEE &% Fm KFE 39 5 s il KE
& E

13 5 [EEHE s Fm o (% 40 4 wmE fHHIE KE
S
[E &

14 7 [EEsE EsE AMm (IR 41 2  BE OEE KFE
SR
& E

15 10 fEEESRUH s EmE KE 42 7 s fim K
[E &

16 5 [EEsHE 25 AMilm KE 43 6 - 25 fME FH
SIRE]
[E &

17 6 [EEHE 5 ©FEm  KE 4 5 s RHAlE K3
& E

18 5 [EEHRE FE O AMUE KE 45 6 s flm KE
%E)

19 4 [EEHEE EE Em KE 46 4 wmE fFMAlE K
EE i

20 5 [EEsHE =5 fim KE 47 6 FHEIE K
& E

21 3  IEhEREH EE fim KE 48 5 - wmE fFMAlE K
FrRUE

46



R

gHoh POy SEUEEE) BE m AE &5 PR - Bl E AE
E

22 6 [EEHE R Fm KE 49 3 =8 fmE KP
$EoH
T

23 5 FEiEIREH EE Fm KE 50 8 s fim KE
&

24 6 [EEsEEE =EE AMUE KFE 51 5 mE RMlE KE
& E

25 8 [EEHE EERE AMIE FE 52 7 - mE | KE
$E0H
& E

26 4 [EEsgvE s il KFE 53 7 mE fim K
&l E

27 7 [EEHE EE AME (TH 54 4 - mE | KE
$E0E

* 9 (E) BRAR - Abtseiest

(FFABB—L@EmZR) 2 ",

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59

2 L

3 NES— R A TR B EECE: (ANTTEEED)

47



10 = NEHS — At TR B EES RIS

HE) HE Btk EllsE
TEHE SR IE 3 6%
PaRGs | 1 2%
BRI 0 0%
(2 4 7%
[é] 7 $7 UK 46 85%
A 54 100% CHUSEE o SIS« WEEE BB - D
=il HE Btk Bl
T 2 4%
B 39 72%
PR~y 0 0%

&= 17%
Fiey 4 7%
1:@#%‘% O% = SR wiER e IR e 2R e IFH o« EEFH
Ak 54 100%
JiTE HE Btk [El 8
1EH 12 22%
A 8 15%
I 15 28%
A 19 35%
Hag 54 100%

CE oHE efE S

A #HE Btk [El 8 [
R 5 9%
7K 43 80%
LR 6 11%
aEgEy 54 100

il = K = {H =

BRI © AhTre i

48



o (ar NBHS —HEE A Zat) < TR R & T MR IE
SR FHEERI By 67%~98% » P35 e ~ K ~ # ~ & ) 7 B A SEAVEL S Ay 87.53
% » BELTUREVEFILEAIRUR (B ABH —H@mzat) 2 " & - &
ELUES By BTV EEHE LR -

e s o A DU s R SRR SRR T T3 - (e Nt —h
FEATZ ) < TR R & IGE DUHUE SR TE R B IE A s g
AERTE > 4K T A RS ENRE BRI - RIEEE A SREH R Fe R By > 2 LASR
Mo B E PRI AL A (& TRy T sUHET T - B S RS A Rl ey SHB L REE R 18
HYRHZ - USSP (BRSNS A S B BIE A BRI R -
T LAVHAAY E SR H A SRIE R A I RS > — R v DUE AR B B =iy
RER > RN RHTE AR BTSSR0 -

RIBER TR - B ACA REGEBEEER > ERg 28R -
FARE SRR (i B > M A S e A - sl A BRI 5 (4R
HHEMEBI(E - MR ERE A CEEHEAVE (B RO R3S 5
AEAR - DU U] DU 5 50 TR - e BRI A R Ry
AENERAS > AR A Ry EEE (F AR R N —(EREH > DU ARt A @
BIfEREE] T —(ESR -

TESRE 2 I DU A ERy R BiEcE b - 1 (B NS — B8Rt
Z T EY S EEERER AN T — ) DR AR
B ER -~ 5 RrRHY UGBS R R 15 6 -

SN NEB LA ) 2 TR R &) FEEMER ')
DR A S T 3 PR UIRE SRR EVRERENEEE N BT
A O AE DA SR TN - (EBUUH R R A AR - SR A GRS
BOMmAERE > W (S AB—HEm @) 2 K R ERLIE - S
AEARELIE - bR B DU G F Ry BRTE A - ANFREA R A > AILUPRE
BHELLR B ELIR SR - bR T UMRES 2 5h » e IERE S 7 B IER2 A 1
At A S T U BB R BT YIRS > FUIUE SR EICR A e s
b D7 A e R A e E AR

HEAUMBROE SRHY T R DA H At A 5% - (EA TG RIIR AR EPAL sia i

49



{(EVEEC RS ~ IR ~ SRFIAVAERR > BLEUIE BEBos I IR ZAVES - 4
£ (e NEs — A k) 2 TR o FERCICRS SR S R Y A - B LASE
MRS BRI AR B T ECEBIS - AR NZE R — A mHR D ]
DUGE SR 0H - AF (B NS — I agfn i) ~ "R dERE LT K
THRIRECANYN > R 25 zoom-in ERCAMNE R > SCEREHC A zoom-out
5 URLIREIITAFIRECA AR RIMERIRIRER - £ (57 N3 —HEE
k) < T o E e R R R > B S LU ~
BBy T AR B R At g DU 1A A A 5 BA% 5 - T A i 1

AT F IR A AR RN - BB IR TR BRI SR E N A R
HEBEFTFIRIRE -

= ESE LGRS FEIE 20%H 5 5

OBBERSHIN SO S (T AT — h @it ) 2 T R - &
527 BUESEEFHEEPTE 67%~98% » -PH—EZ R R E SRAVELAIZE 87.53% -
BEENA AT LAY E (50 F BB i SR TR B E o oy NS — B A 2 it ) 2 &

(67% N E R L BIETB RS IE 20%E DA 1 o B &7 AN 30 — 2 A 2 ik )
T (67%) HYRITE N A Ao -

A (B NEW— SNz #) 2 T & BRI R B L DG EH R
FEor K EEETRER i R 2R HC-FEUAHRT - B HAER
YRAVTRER - STERARIRAYRRIEG 2 > g IR IR R P B B SR Pe 15 DULESE -
{85 AR IR DU — R B TEEAT IR - A AT 1% S BAR 4 — (8 AFE B2 3>
MEETRRER Kobea Ry TR A ar ZR-E IS LUK E AT - AR
ErEEEAEAL - WA T AR TR O R EEE -

NiREIRFIEL L oy NS — e fm it ) 2 T & ) EBIRE R RIS A
TECAERET o - SRRy 238 7 - 43Ry 42 (E5REH © A% 11 ¢
= U (B HEns#) 2 T E ) WEBEHEEIBNE

SRR PE BIFAE

SUEZKET Y &G EIHIRL T PP TR E A ffi
RFRIT T RIS THL-SE A HRE -

50



FIN B E R IR AR, - HWEEATRARRARAIE % - TAER
6~174%  45F)  [BIARGRITREEESRI P DS - (5 [ E R UK
— [FISH TERAT IR -

18~26 35 54 % HEANEEANR - SERU0—(E AR EEHT -

HEA L EEATR > SN —(E AR EERY > TR &
271~335 61F)

R baa by T iBEYEdn 2R -

EEESDUKEST  HERANIREEEEE AR L
3B~4245 52 Fb

R T RS £ Ve R EHlH -

BRI - Ahrre i

{h - dEemEdER

RS BYRESEEH (S Y A AT DASER > Bt iR B LUE SR B (B0 g
B BRI B AR T B S0 - R BIS R - & T E PRSI A e A
A IR > BE Ry RN R IR 78 5 58 (5 R B ers B AU RE Y 32 B
& o R T ISR ENREEAAFREAVEI LY » AR EE (I AEESRE R E - BEEE LA
OIRIAN R TACRIFSIL -

SRS SRR 3T B AR i B P A S AR R Y U =0 - TR L 2R
BSOS IR AR R R TN EEEEE T (HREFE
PRSI TEET > 2009) - fEBIER A T BB A 2 F{RIEFE 208 K P-F
TR IRRT > 2 aa T SRR A R S 0 — (20T - A5
BRI s T (BT —HEEm ) < e K & BRE
(I gREAr s 2~ F51 ~ $RER TR - oA B B B B R R oy
[B8 7> T S B A T AR SRR REERCR Y 20 A AR e R B R AT
GESR T AR B BRI B R E SR A B T AT 2% - DUT 2 (B ANEHS — 81T
Zak) Z VR R~ 8 & 2R B R PRI AT HIAS  -

— ~ EHTAE RIS S S EHIT R R
(—)  FHFEYRIEL
(E S LRI L A O m R BRI EE - mT DU H A e8RS R 2R %

51






2 AN EE RS EAERIE DA TS bR N — S i) 2

A ) IR 6 PSR R 2 HIEERI - S A EA R AR
BEhRZRE - il ESREL PR R - BBt bR - EFoniiHER
HERGTE IR A R R EIEFR K -

7N~ SO E SRR A ] LR (3 FAE A F RIS

AWFEE (FFAEH —HE@EMo#t) 2 T K - & ) PRI EE
WARESRRETE WA EERER 5 | SHafAat - 52 snEat
BEEHVHS ~ 5 3 SRR IUORmA © - B TA T DIEE IR 22 WEFR
[EHTSR: -

IREAD R < - (AT — A #) < TR - &)
EHEATGIIRE £ hH TREFEHE GRS E RRER RN EET A
PRI RGN A A SRS B PR E A TS - BifERE - 154
RIFNER - CHFHFE - FEEi%- S ST BRI R 2HRAVCR - #i28 3D
BIEEhE AR S A IR BRI RS - (B R A e REE R 2 —
{1 AR FH 82 B S5 AR S SR Y S8 7 T > T A R R B R T P Py 7 B 85 B
s TRFAR A E MR B R £ - S EHIDUSREFTE &0 TR (RR ~ 5% - R
JilE > AR~ R SUAEEL- ) [FIRHE RO R =AY TR - Bl B
DL pA BLEfZ=r8H & BB ROt D 8y S B g B AR ZE R RCEHTROR At e Al e o
B E I RS RE AE AR -

53



»

SRR

T ~ PUF2005) - ETBERCERESM - B oy ST - ALt - BRI
e

FRILEE ~ ZH(2008) - EARBIESRERE Rt © J0at /5

BEE - BUERE - & T1HE(2009) - [BESCF RSB AT S =5 2 [ A E

R - BRETERE 0 14(4) > 1-22 -

pjslnl

SR ~ $EHE1(2009) - EREAYSEALALA RIS — DL (BrE g &) ~ (52
Hiive ) COKIRERREC ) = 3D B s il - BIL E R KRB M FEER e, -

2(2) > 1-32 -

PREESE(2010) - BB - AR ERIPAE - DBREBEFGTERER) - 17(5) -
54-60 -

Aumont, J., & Marie, M. (1996) & (UEE5Z 01T V7 AEm(SAINEEEE) - 2dbm =R
JFZZ R 1988 4F -

Katz, S. D.(2002) - FE & 47 s Ml 5w © ¢ = & P #2 {4 (Film directing shot by
shot:Visualizing from concept to screen)(F-20JkzE) - &dbfi @ 7Fd - [REHAR
1991 4 o

Bal, Mieke (1997). Narratology: Introduction to the Theory of Narrative [ 1985 ] .

o

Toronto, Ont.: University of Toronto Press.

Bordwell, David (1985). Narration in the fiction film. Madison: University of
Wisconsin Press.

Branigan, Edward R. (1984). Point of view in the cinema: a theory of narration and
subjectivity in classical film. Berlin; New York: Mouton.

Bruner, Jerome (1991). The Narrative Construction of Reality, Critical Inquiry, Vol. 18,
No. 1 (Autumn, 1991), pp. 1-21.

Casetti, Francesco (1998). Inside the Gaze: The Fiction film and Its Spectators.
Bloomington and Indianapolis: Indiana University Press.

Chatman, Seymour (1980). Story and Discourse: Narrative Structure in Fiction and
Film. Ithaca, NY: Cornell University Press.

Fludernik, Monika (2009). An Introduction to Narratology. London/New York:

Routledge.

54



Herman, David (2005). Histories of narrative theory (I): A genealogy of early
developments. A companion to narrative theory, 19-35.

Kuhn, Markus & Schmidt, Johann N.: Narration in Film (revised version; uploaded 22
April 2014), Paragraph 3. In: Hiihn, Peter et al. (eds.): the living handbook of
narratology. Hamburg: Hamburg University. URL=http://www.lhn.uni-
hamburg.de/article/narration-film-revised-version-uploaded-22-april-2014[view
date : 12 Aug 2016]

Minuscule TV Series (2016), http://www.futurikon.com/en/programme/minuscule-1-
en/, retrieved: 2016/9/30.

Todorov, Tzvetan (1977). The Poetics of Prose, translated by Richard Howard. Ithaca
NY: Cornell University Press.

Wilson, George (1976). Film, Perception, and Point of View, Modem Language Notes
(MLN), Vol.91, No.5, Centennial Issue: Responsibilities of Critic (Oct., 1976), pp.
1026-1043.

55



A Study on the Narrative Expressiveness of
Pili Movie Puppet Animations —
Take the Movie " The Arti: the Adventure
Begins'" as an Example
Hsi-Bin Yang'
Abstract

Today, in addition to the fantasy martial arts puppet show series, Pili
International also develops science fiction animation. In 2012, Dahua Animation
Company was established, integrating dozens of animation special effects teams
and resources in Taiwan. In 2014, the second 3D three-dimensional movie " The
Arti: the Adventure Begins " was launched. Pili is committed to improving the real-
shooting technology and visual aesthetics of puppet animation.

This research will be based on camera lens movement techniques and narrative
theory, and will record the plot and scene sequences of the Pili Puppet animation "
The Arti: the Adventure Begins ". Make an in-depth analysis of the presentation and
expression of its narrative, and study how to use mirror design to achieve high-

quality narrative effects in " The Arti: the Adventure Begins ".

Keywords: Fixed lens. Anime narrative. Lens length. Movie animation. Lens

movement

' Associate Professor, Department of Advertising, Chinese Culture University.
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INTRODUCTION

With the successful introduction of deep learning technology, Al has become one
of the most important techniques in recent years. Examples include, object detection,
ChatGPT, facial recognition, medical object recognition, speech recognition, etc.
Among them, face swap is the task of switching faces in between two different sources.
It can cut out the source face and paste to the target people with almost perfect swap,
though the photos or videos were derived from variant backgrounds. For different skin
color, high-end face swap technique is able to fine-tune without considering the color-
style which is often made manually. In tradition, people usually adopt well-known
Adobe Photoshop to accomplish the task of face swap where a set of elaborated image
processing techniques, such as color curve, mask, and skin recovery are required. It is
not only time-consuming but also requires a lot of prior knowledge about image
processing. To handle large-scale data, like videos, it is impractical which takes tens of
thousand minutes by human expert. Despite the scaled high human resource efforts,
there are still a lot of people with Internet tutorials available online.

By the introduction of deep Al technologies, face swapping can be automatically
accomplished. The key step is to detect the human face in the given image precisely.
To switch two different faces, face detection is the major and the first step. The goal of
face detection is to identify and localize faces in the given image. In the field of face
swap, it is required to restrict the search space to be only one face per image. In this
step, many prior literatures can be found, for example, MTCNN (Zhang et al., 2016),
S3FD(Zhang et al., 2017), Retinaface(Deng et al., 2020), and SCRFD(Guo et al., 2021).
Next step is to estimate the head pose which can be automatically obtained by
calculating facial landmarks (Abate et al., 2019). To get it more accurate, deep neural
network-based approaches (Liu et al., 2021; Fard et al., 2021) were proposed in recent
years. To reduce computing power, most face swapping techniques adopted the latter
by using PFLD (Guo et al., 2019). Once the face location and landmark positions are
ready, then a smoothed face cut mask is applied to replace the two faces. It is
unnecessary to cut the whole face, instead, it only takes the eyes, nose, mouth into

consideration. Hence, the face mask is only enabled to the central part of the face. In
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the final step, the color tune refinement is needed. Color-tune refinement is to replace
the color style from the source to target, and vice versa. Finally, it re-smooth the entire
face by re-parameterizing the RGB value per pixel. Some black holes or abnormal
pixels were also averaged by nearest neighbors. In terms of deepfake, this step is
iteratively obtained to find the optimal smoothing functions between the source and
target faces.

Deep Al has brought great success in the field of computer vision over the past
few years. Meaning of the previously unsolved problems such as face detection, face
recognition, object recognition, speech recognition, etc. By the introduction of
generative neural networks, it is possible to generate more diverse and different objects.
One of the biggest challenges is to automatically generate synthesized human faces.
Deepfake, a well-known human face replacement system, was first still interested in
the Hader video as an expertly crafted deepfake. It was a technology invented in 2014
by lan Goodfellow. Generally speaking, deepfake technology is mainly based on
generative adversarial networks (GANs) where the learning objective is to generate
different output maps randomly or under some predefined conditions. More specifically,
those methods are used to model target facial expressions, different headposes,
movements of a person. Then, synthesize source facial image sequences of another
person [9]. Users can directly control the trained face models performing specified acts
by following the controller. However, in this paper, we did not model the synthesized
speeches or vocals. Instead, we discuss and analyze the behavior of fake faces. Whether
the audience can distinguish the artifacted and fake news. The experiment was mainly
conducted by dividing the news into different groups: true news with bonifate reporters,
fake news with bonafide reporters, fake news with fake reporters, and true news with
fake reporters.

In this paper, we addressed the used of deep fake technology to the field of
communication education especially college students. Though the Deep Al techniques
and computer systems had been proposed in recent years, it is still difficult for common
people without prior knowledge. To this issue, lecture should be simplified and well

defined. In addition to computer science students, learners in communication college
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have poor knowledge about deep Al technology. The first challenge is familiar with
image processing systems and skills about image retouching. To handle this all paper
gives comprehensive study of using deepfake for face swapping. In this tutorial, we
start from basic steps and easy examples which allows users incrementally learn basic
knowledge about deep Al especially deepfake software. the final outcome after this
tutorial is to swapping faces between two different sources. In this way, one people can
easily control another face by deriving face model from previous training stage. in the
communication education, we also give another example how to combine with virtual
news anchor which have never seen before. To generalize this idea, students can drive
more and more fake face models by using the same techniques. Video authorizing and
effect production techniques are the most beginning skills for most Communication
students. By the introduction of deepfake techniques, most students could generate their
own virtual news.
PRIOR ART
Swapping faces usually involves detecting the face of the given image, then facial

landmark detection is applied to find the precise position of important parts of the face,
like eyes, nose, mouth, and face shape. Finally, the skin color smoothing method is
used. Below, we describe the related works of the above methods.
Face Detection

Before face swapping, the most fundamental step is to identify the face location
in the given frame. The technique is called face detection. Over the past decade, by the
introduction of deep neural networks, large and frontal faces can be identified mostly
by CNN-based methods. Examples include, MTCNN (Zhang et al, 2016),
S3FD(Zhang et al., 2017), Retinaface(Deng et al., 2020), and SCRFD(Guo et al., 2021).

« MTCNN showed an excellent performance in face detection tasks and is widely
used for many downstream purposes, such as face swapping, facial landmark detection,
and face recognition. MTCNN is a multi-task cascaded convolutional net which learns
to find face location and landmark points in order under the same framework. There
are three subnets under this framework, P-net (proposal network), R-net (refine

network), and O-net (output network). In other words, to identify face location, there
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are three stages (P-net, R-net, and O-net) that need to be filled. In the first stage, a set
of small bounding boxes were identified which filter-out non-face information in this
step. The input size of R-net is twice larger than P-net. In this step, face box information
is refined to be more close to the real location. At the final stage, R-net takes twice the
input size for CNN. However, it will finally filter-out some non-face boxes while
finding 5 facial keypoints.

« S3FD was designed based on a purely single deep CNN. One good property of
S3FD is the small face detection under a complex background. This framework of
S3FD is an improved anchor-based algorithm where a scale-equitable anchor matching
strategy is proposed. In comparison to SSD and RPN, this method showed better
accuracy in mAP (using WIDER/PASCAL/AFW face dataset)

+ Retinaface is a single shot with multilevel methods which identify face location,
facial keypoints, and 3D vertex regression under one main CNN framework. To further
enhance the effect of facial keypoints, authors also annotate 5 landmarks with 10 scalars
in the WIDER FACE dataset. Several simplified versions of Retinaface were proposed
in recent years. One remarkable thing is ultra-light face detection. This version is very
suitable for mobile-based environments, such as RasberryPi and Android where the
trained model merely takes about 1MB which greatly reduces the computing
complexity in edge devices.

+ SCRFD is a very high-performance face detection framework which adopted
the main features in Retinaface. They pointed out that key to success in face detection
are training data sampling and computation distribution. The former (data sampling) is
to enhance training data size with variant scale, poses, and angles, while the later
(computation redistribution) reallocates the computational efforts between backbone,
neck, and the head of the CNN. They showed the improved result (3.86% mAP) and
3X faster speed in WIDER FACE hard dataset.

Head pose estimation
Datasets for facial pose include BIWI [10], AFLW2000[44] and 300W-LP [44].
Both AFLW2000 and 300W-LP use a morphable model fit to faces under large pose

variation and report Euler angles. 300W-LP generates additional synthetic views to
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enlarge the dataset. More recently, the UMD Faces[1] and Pandora[3] datasets provide
a range of data labels, including head pose. A disadvantage for our application is that
they do not cover the full range of head poses but only frontal-to-profile views.

A Wide Headpose Estimation Network (WHENet) with multi-loss approaches
which was designed to predict Eular angles for head pose estimation. They showed
excellent results on wide-range yaw-pitch-roll rotation of existing benchmark datasets
such as BIWI and AFLW-2000. The author also provides original source code for
further tracking. By manipulating the provided codes, it is not difficult to reproduce the
same result on different dataset.

« They claimed that the use of CNN-based or traditional machine learning
methods were not only training-based but also not efficient enough for realtime tasks.
To meet the requirement, a purely statistical-based approach was proposed to estimate
3D headpose angles. The main soul of this method is to classify headposes by assigning
facial keypoints into the quad-tree. For some poses, such as head left-right shake, some
certain facial keypoints should occur into some area in the face map instead of
centralized.

+ The backbone of the ASMNet is purely MobilenetV2 (ref) which performs very
efficient facial keypoints detection and pose estimation while keeping acceptable
accuracy. By the introduction of the proposed ASMNet, the accuracy was even
improved than traditional MobileNetV2. By conducting the experiments on both
WFLW and 300W datasets, ASMNet is not only small but also accurate.

By applying 3D-2D matching keypoints, they reconstruct the 3D face map and
jointly optimize both keypoint loss and Euclead distance loss. The proposed method
could be applied to depth-based camera images as input.

Facial landmark detection

+ Khabarlak and Koriashkina (2021) gives a complete survey on the efficient and
light-weight facial landmark detection. The problem definition of this task is clear,
given a three-dimensional tensor of size WxHxC (width x height x channels) for input
image I, a learned mapping function ®@: I->Y, where the given image I learn to find the

landmark matrix Y belongs to R. The R is a two-dimensional coordinate sequence (X,
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y). However, this paper does not mention the 106 facial points which were widely
evaluated in recent competitions.

+ Both MobileNetV2 and MobileNetV3 are very efficient deep neural network
backbones. The proposed PFLD is just a simplified version of the backbone. The name
mobilenet is for mobile devices, such as cell phones. PFLD is very suitable and widely
tested in mobile devices. To find the facial keypoints, this method can handle the work
with a few milli-seconds. It is worth to note that there is a set of PFLD-based facial
landmark detection methods trained with 106 facial keypoint dataset and received great
attention.

+ Other than heatmap-based and anchor-based methods, the designed Pipnet
integrates both features. Pipnet computes heatmap regression scores on low-resolution
feature maps. In this way, there is no need for an upsampling layer while reducing
substantial computing efforts during inference time. To further enhance the result, the
authors also present a self-training strategy benefiting from large unlabeled data. The
result shows that the Pipnet is not only fast (>30 fps) but also achieves state-of-the-art
accuracy for most 68-points facial landmark detection benchmarks (300W, COFW-68,
and WFLW-68). Pipnet is also ported to train with 106 facial landmark tasks
(JADA/Lapa) and also showed excellent performance.

+ This paper adopted well-known heatmap regression framework which is robust
to different poses and its variations, illuminance, and occlusion under difficult
environments. They propose a quantization error function for unbiased regression. In
the experiments, they conduct their method with several well-known benchmarks, such
as WFLW, AFLW, 300W, etc. The result is very convincing and also widely used in
most face swapping tasks.

Face Swap

Face swapping is a technique in computer vision that involves replacing the face
of one person in a photograph or video with the face of another person. This can be
done using a variety of techniques, including image processing algorithms and machine
learning models. Originally, the face swap technique was mainly used to swap faces

between two images. With the rapid development of the computing units, the run time
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of swapping faces is ~30fps which can be applied to real time purposes. One common
approach to face swapping is to use a machine learning model that has been trained to
recognize and detect faces in images. The model can then be used to locate face
positions in both source and target images, and the faces can be swapped by replacing
the pixels in the source image with the pixels from the target image. Another approach
is to use an image processing algorithm to analyze the features of the faces in the source
and target images, such as the shapes of the eyes, nose, and mouth, and use this
information to synthesize a new image that combines the features of both faces. There
are also software tools and apps available that can be used to perform face swapping,
which may use a combination of these techniques. However, it is important to note that
face swapping can have ethical and legal implications, as it can be used to create fake
or misleading images or videos.

The most remarkable integratible face swap tool so far. It contains most recent
face processing techniques, such as S3FD/MTCNN/SSD for face detection and
2DFAN/PRNet for facial landmark detection. In the face segmentation stage, the
TernausNet was adopted which allows cutting face features except for hair, fingers, and
glasses exactly.

GAN is a two-step framework: G is to gen a latent code for sample generation
whereas the D is to verify the generated sample is fake or bonafide. This paper showed
earlier work on the GAN network. The generated non-real person face can be very high-
resolution in comparison to previous literatures.

TASK DEFINITION

In this paper, the final target is to Present virtual news report which combines face
swap technology. In comparison to previous literature, this paper presents a pilot start
and is well suitable for the beginners that have never prior experience in deep Al
technique before. We conduct our experiment by integrating this technique to the
communication college students. Obviously, communication students are totally
different from engineering students who are very familiar with computer operating
techniques. The detailed goals are listed below.

1.swapping two faces between two different people
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2.refine swapped faces

3.representing the result to Virtual news report

The first target is to utilize Deepfake deepfacelive software for handling face
swapping. We restrict the users to record their own videos and then try to find another
well-known people to be replaced. In this way, user can easily control the target and
can be used to report news without considering the real people and real scene.

The second target is to refine the swapped faces and represent them in the video.

Next is to use a video authoring tool, such as Adobe Premiere Pro to refine the overall
color tune to match with the background. For the final target, users could directly make
or create fake news by including the swap face. The generated fake news anchor is
mainly derived from the deepfake. In this stage we also borrow the idea from the
journeys so that audiences could not easily find whether the news is real or fake.
DEEPFAKE NEWS PRESENTATION

In recent years with a rapid development of motion capture, there is a set of
software which supports interacting by webcam. For example, Adobe Character
Animator 2022 is one of the software which can capture a human face and react by an
animator. It can detect the user's head with a frontal face automatically. Users could
move their head or make different head poses so that the animator can do the same
action. Figure 1 illustrates an example of the adobe character animator.

However, this software is obviously restricted to the output animators. There are
only a small number of actors who are not popular with common people. Another

drawback is that the Avatar is far away from reality; it is still not bonafide.
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Figure 1: The motion capture software (Adobe Animator 2022)

The second software we refer to is that GAN face generator. This online tool is
free and copyright free. There's no need to care about the IP and copyright information
because GAN can produce synthetic faces that are not real. However, this result is
almost perfect. Directly adopting these faces to virtual news is not a good idea, the
auto-generated faces were unseen for most audiences. For most people, a popular and
common-seen face is very important. To make the generated face to be a real star, it is
still a long way to go. Figure 2 and Figure 3 show the sample of GAN auto-generated

human faces.

Source A: gender, age, hair length, glasses, pose

Coarse styles.

everything Result of combining A and B
else

Figure 2: A display of GAN face generator

2R O ? OF=

Figure 3: Detail settings of the generated face

Brief review of DeepfaceLive

In this section we briefly review the Deepfake. The following figure illustrates the
overall usage diagram of deepfake. The overall usage can be viewed as two different
stages (see Figure 4). The first stage is to train to find the homogeneity between two
different sources. It will interactively find the optimal solution to find the best match

face position to be swapped. At the same time, it tries to find the smooth ages between
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the swapped face and the target. In the training stage deepfake uses the traditional deep
learning convolutional neural network solution. The feature map is generated to find
common attributes or a side in different ways to different parts of the given faces. After

training, the learn feature map can be generalized to different head poses, emotions,

situations.

Training Stage

FaceA feature map

DeepFace Encoder
Feature Coding

FaceB feature map

FaceB

Swapping Stage

Target face feature
representation

Source Face Target Face

Figure 4: Overall usage diagram of deepfake

Deepfake also provides another software namely deepfacelive which supports live
streaming usage. Figure 5 gives an illustration of the deepfake live streaming UI. This
tool can interact with arbitrary input situations even though the input face is never seen
before. the user can interact and try to control the swap of the face at this moment. the

following figure shows an example of deepfacelive.

Figure 5: Deepfake live streaming
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Step0: Prepare source and target videos

The first step of face swapping is to prepare two videos, source and target which contain
two different faces. Figure shows the preparation of the source and target videos. By
following the scheme of deepfake, we put the two videos into data src and data_dst
folders, respectively. Figure 6 shows the preprocessing allocation of the source and

target folders.

epFaceLab_Directx12_build_05_04 2022 > workspace v o @ workspace

Figure 6: Preprocessing steps of the deepfake (left-hand-side, source video; right-

hand-side, target video)

DeepFake-stepl Face detection

Next step is to identify face position and time. It is required to analyze the whole
video by sequence of frames. In other words, the video is deformed by a sequence of
image frames. Deepfake starts to scan each frame and preserve the frame which
contains human faces. The following Figure shows the extracted face images of source
video and target video. Figure 7 shows the extracted face images of the source and

target folders, respectively.
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Extracted face images (source) Extracted face images (target)

Figure 4: Illustration of the video-to-frame sequence

There are several face detection algorithms provided in deepfake. As mentioned
in prior literature, we choose S3FD which shows excellent performance in face

detection tasks to find faces in the frame image.

Step2: Face Alignment (512x512)

Usually, a human face could be presented in different pose angles by raw-chin-yaw
axes. To classify and induct those poses, it is necessary to calculate the human head
pose and facial landmarks. Once the classification of the pose is found, it can try to find
similar head poses to swap instead of just using the frontal or one image. This will
greatly improve the effectiveness of face swap. In tradition, face swapping is easily
failed by using different poses. By the introduction of head poses and face alignment,
those faults could be recovered by similar head classification. Figure 5 shows different

head poses of one people. Figure 6 draws the 3D illustration of the facial alignement.

Figure 5: Different head poses for facial alignment
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Figure 6: 3D illustration of the facial alignment (green part is the facial landmarks

of the face)

Step3 Options

In this step deepfake provides basic denoise functions that smooth the overall
image by averaging similar and neighbor pixels. This step is optional. For some
situations, the input images could be blurred, under/over-expose, low contract, noise.
To overcome this, Deepfake also provides basic image processing tools, like contract
tweaking, smoothing, exposure settings, color correction, etc. In this paper we did not
run the experiment with this function. We have recorded our videos under pure
background.
Step4 Training

To swap faces between two different sources it is required to extract facial pictures
and try to induct some rules by the input sequence. Those features could be generalized
to different testing environments after training. This state can be viewed as the
encode/decode stage which adopted the encoder and decoder for learning a compact
representation of a face. In other words, this stage is used to learn the embedding of
input faces. Hence in the testing stage, it can resemble the inputs. Once the feature
embedding could be obtained, the choice of loss function is important. This function
could guide the entire training process to be converged in a short time. Common loss
functions include: L1/L2 Loss, perceptual loss, and adversarial loss. Adversarial

training uses a discriminator network to differentiate between real and generated faces.
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The generator aims to fool the discriminator, while the discriminator attempts to
correctly distinguish between real and fake images. This process helps in producing
more realistic results.

By setting up training instances, loss function, and training parameters, Deepfake
training can be triggered iteratively until it meets the requirements of the agenda. The
model is trained iteratively using the collected dataset. Initially, the generated faces
may look unrealistic, but as training progresses and the loss functions are optimized,
the quality of the generated faces improves. To prevent overfitting and improving the
generalization power, the regularization techniques are used, such as dropout, batch
normalization, and weight decay.

It's essential to highlight that while deepfake technology has various applications,
including entertainment and visual effects, it has also raised concerns regarding
misinformation and its potential misuse for malicious purposes. Ethical considerations,
transparency, and responsible use are critical when developing and deploying such
technology. Additionally, the use of deepfake technology to create non-consensual
explicit content is illegal and unethical. Figure 10, Figure 11, Figure 12 show the

sample images of the Deepfake during face swapping.

Figure 7: Sampling image during deepfake training
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Figure 8: Sample frame sequence of the unsmoothed swapped faces
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Figure 9: Frame sequence of the smoothed swapped faces
RESULT

We merge our face to different scenarios for positive communication expression,
for example, virtual anchors. Below shows the result after deepfake transform. The
merged fake news is shown in this figure. The left-hand-side of the figure is the
original source face while the right-hand-side people is the merged target. It is clear
that the imposer is very close to real. It is quite difficult to verify whether it’s a spoof

face or bonafide. Figure 13 shows the final presentation of the deepfake news.
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RUSSIA ORDERS TROOPS TOLEAVE KHERSON

DeepFake
NEWS

Figure 10: Final layout of the virtual news (faces were swapped)

In this image, three men are seen wearing headphones and clothing. The man in
the center is the target face with deepfake person with wearing a white t-shirt with black
stripes, while the left person is the source face. For the right man is another deepfake
generated face by simply replacing the source and target faces.

The background of this image is a light gray color with standard virtual news
illustrations in white. We directly adopted the available world map and made several
revisions of the text to express the fake news. The three news anchors were fake and
the news is also not real. In the bottom part of the Figure is merely standard news
headline layout. The left-hand-side of the bottom banner is the motion visual aids which
often display the news tv text; the right hand side is formed by large white text (This is
totally fake news! Smile with me!) and the logo of the breaking news.

Overall, this image shows the final outcome of the face swap and merged to the
virtual news layout. The result had been viewed by over 20 college students. None of
them believe the news is true. All 20 testing views agree that the merged news is very
close to real. Without headline text, it is quite difficult to distinguish whether the news
is true or not. One student said that the news is amazing to the audience since the
generated fake news is close to being real. If the face was not common, it could be

heard as true news.

CONCLUSION

Deepfake techniques had been investigated over the years. It is still a question
how to utilize this tool for communication education and applications is not commonly
found. This paper presents a pilot study of using deepfake generated faces to virtual

news reports. We gave a complete example of deepfake usage to this field. It firstly
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trains a source/target face model and generalizes the face model according to user
requirements. By merging to virtual news layout, the fake people could be used to play
the role of news anchor. There are still questions not solved by this paper. For example,
we plan to adopt a speech analyzer to clone the target's voice. By integrating with the

deepfake news, it provides a total solution of Al fake news.
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Video Virtual News Presentation by Deepfake

Yu-Chieh Wu! Ting-Kai Huang? Chung-Yang Liu®

Abstract

Deep artificial intelligence (Al) has become one of the most important techniques
in recent years. In this paper, we address the application of deep Al technology in the
field of communication education. The deepfake technique is applied to generate a
swapped face person and the fake person is used to form the virtual news anchor. In
tradition, to produce the traditional news report requires a real place, professional
camera, and real news anchor. Then, the news anchor should be trained well or refine
the videos by re-camera several times. By the introduction of Deepfake, most efforts
could be reduced to one-man’s work. The news anchor does not need to be trained well
and can adapt to different situations and reporting works. To make movie production,
the real actors or actresses could be easily replaced by the deepfake faces. It is very

attractive since the human resource efforts are substantially improved.

Keywords: deepfake technology, virtual news, news visual design
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