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e

AFFEEY = ¥ VX TF 4 7 EDOH A LY ha—
FORREZHET 2-00ERAERET VERE
T 5, BELETNLTIE. ALERER 2 —¥ida
a7 4 2L TV E WS “Homophily” (23
DE, A—VOEREZXy bV —27HDHIAAY b
¥y 27 TETMET S, ZhC&ED, ¥4 L > b
I—HFDry T =T HDIAABEETNMIIANT S
TET, AR Iy ZICHET 3 BEROME ZRA
%o KEKXMAFEZEARF DY 4 — b XEXRICHE
EFEE ZMREE L 7oA. BIFOAERE 7L e AR
FEoMENELh, £y VT —7HDAANZ—F
DEADET MU T RIEHREZFED Z & R
INTz, BIEBEEMEEO 22— OB X - T,
2—FDERNPZEL T L BEFoERE Nz,

1 BC®IC

BE, V=% M RXT 4 7 EOANALDERIX, A
ANDEHRNEIRE L THENZHLTED, v XX
TAa 7B TA2ERE LUEHEIN2 b E
W, —f, V=YX X T 4 TR0 RnmnE
TH2HADOMAMD HH. Bk RKOMERZ Ko
RIE» D IclENE 7 4 VR —NTNVEHRR Y %E
CTC, 2—HZRHGEHREEICESE S (1, 2,3]
L2 L. FERIEEE 12— I3 T, 2R
f#5E z2 2o ERRHZEMIVICITDRVY
ALy bh=Pal7 4 THH, Twitter LTI 40%
DL—FPRFA LY 2T MWELH 2
(4,5, ¥4 LY b~PaVT s OBERHETIE. V—
X NRAT 4 T REHRINETRE UCIERHT 5 24t
W2 NA2 DOHREZ TSR ATE 2 i C 7o D DEE
BRRATTH b,

FA LY b=Pa VT OERHEEDXHRIZEWL
T, BEFIZE [6) TIRFRILERSEBEZ RO 2 -9k
AI2=74 ZBH LT WVE WS “Homophily”[7]
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X DEEZRR X
I went to the store to buy some groceries.
X1
——— 1 were to buy any groceries.
(a)

——— Horses are to buy any animals.

— Horses are my favorite animal.

- DEEER =8
Ry R T—2BHAH) =

No way Trump could have lost.
X3

It's great to have a president that loves America.
(b)

—— Injustice must be righted, but do you have proof of that?

x — There is no election fraud, Joe and democracy wins.
4

1: Bowman & DX EKET IV (a) &
RBET 2EAERET IV (b) DXL

CWVWOWEERERL, 4 LY b 2—F ORIGMmE
HEZRATND, ULh LFECEIEmEEZRLTW
ThH, ZORWHERLR 2551320, HlZIKET
REMZE2ETE2ANLD, ZOHHIIAAE LEF#
725 Z NDRFER, COVID-19 NDXF LKA DI
Hir ¥ 2T bizb, 25 LBE v A2 ED
7EAZIET 2121E. I TH % b D DMty
FICHE LT ERCEZ2ERMEENLEE L,

F ZC. AWFZFEIE Bowman H 12 X 2 XEKET
NI EISHATAZT, P4 LY ba—FOER
HEEZHA S, 1122 D& % 7/R S, Bowman
5. XDBIERBDH T ZA5HITHED LARE L.
Variational Autoencoder (VAE[9, 10]) DR A T &
ZOBERBB OB/ E2EEH L TWE, ZhiTk
D, BIZIEX 1 (a) D XS4 2RXITCDOBIEZEMD
5z o7, x,x, MOZERWE IS E T 2 BE
RELD B, x1,x 2 HEE X700 LEKED
DYLITOZBN L X DBEBSEINE Z e ZHL NI
L7ze —H. BFEY =2 % WX T4 7 EDa—
FOWBERRE LY vV — 27 HDAATHERL.
-V OEEZER LB 2BER M fEETMET
%, Homophily ZRE T % &, EIE2EM LTS
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a—Hun
v bT7—=72
1B A e,

=4ZR10)
bE Y 750,
(NQTMTHRE)

Zs~Mult(6;)

ZS
BRsD /

FEY 77

Xy _ .
TaA—X o=

> ZBw,

(Transformer) Rws

X 2: IR REFNLOMEN

22— (v bV —27 LTE#ETZ2—Y) 138
P2 EREFOZD, 2—FOBAERK L B M
DEZ{EFETHIELT, ¥4 LY b 2—FOER
EPHETEZ2EZ, HIZEK 1 (b) BT 3
x3,%4 DEIWCHEL L TVWE 2 —FOER Y
T5ZT, ZOHRINETLIZHA LY b2 —F
DERMELZXN %,

FHlisEER Tl KREIRFEEZEMY DY £ — b
Xe1—HYDERrARL, 2—HFDpry hT—72
HOAARBREZ D LIZV A — X EHEE T 2 EE
To7ze FHliT—&2 -ty FHODOY £ — FXTDWT
Bowman H>DXEMRETINEFEREOLENE SN
5L BMERL. ALY P a—FOERMEICHE
RIEDENTH 3 e RN,

2 HriEfH

F9. AWEOERE Y 72 2 Bowman 512 & 3 X4
KEF N (VAE-LM) 12D\ THESH 4 5, Bowman
S w, DEBGEEZ LI T TETLEL TV,

1. XOBIERK x,eRY 2 H > T

X5 ~ N (x50, Xo) (1
2.x, ZIEE L. Xwy ZH
Wslxs ~ p(wslxs) = Decoder(x) 2)

72720, wo=0,20 =11 EH T RATGHDINT XA —=XT
Hb, ZOHERETN% VAE ORHATHE T 2
ZEWEoT K1 (@) WWRT LI, 220DXD
BIERBOPH A, S, 2 L BRI X285
TELIZHLNIT LT

INEREIHE, Tang HEIXOBHERKZ b
Yy 7oz EXHEREZOMORE x, 187
feTZE s e REL. XOERBEZUATTET
b L 7 (TATGM; Topic Augmented Text Generation
Model[11])o
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1. XOBERM x, eRY ZH > 7L

xs ~ N (xs|po, Xo) 3)
2. XD MY zoe{l,... . K} BH T
zs ~ Cat(8y) “

3. x5,2s ZIREL. Xwy ZH 7L
Ws|xs,zs ~ p(Wslxs, z5) = Decoder([xs;25])  (5)

7272 L. 0,e ARV I s D MYy 79T, Neural
Topic Model[12, 13] IZ X D #EE T 5. Fizn [x552s]
1 xs ¥ zo D one-hot B z, S L7=2RT hLT
Hb, NI EBIZETNUITEZ LT, x, ZEH
EL Tz, 2EbXE 2, XHEER CIIELxET
2. Y 7 DAEEEEDZ ZEEAREICL T2,

—7. AHFFEIX TATGM % R— 12, XDIBIER
Hx, 22—V ORERH (v PV —2HDAA
KH) x, WEHEHZX 2, L&D, Y= %L
2w FT7—27 OB TRESIoNH 3
I—HN, FED Iy IG5 X, ¥
DEIBREBERERET Z2PICOVTETFTIMILT 3,

3 RBEETIL
BREEFVMERN 2117 T, AETIE, 12—
Fu DER w, ZUTOEBBETETI LT 2,
s Ba—Fue{l,..., U} IZOWVWT:

1. 2=V OBERK x, eRY B> T

Xy ~ N (xy|po, Xo) (6)

ca—Hu DEER se{l,...,5,} ITOWVWT:

2. BERONE Y 7 zoe{l,..., K} BT

25 ~ Cat(y) (7)
3.xu,2, Z1EEL. BERw, 2>

W |xua s Np(ws |xu: ZS) ZDGCOdCI'( [xu; zs]) ®)
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ZDYE, 22—V uDEROLEY, ZOWHOE
DER L, FFRETRUTTCEREINS,

Su
pWis)=[pea [ [{D pwilrizopoar, ©)
s=1  zs

Su
Ly Zﬂz‘l(xu|8u){lelogp(ws|xu’0s)} (10)

- DxL [Q(xuleu)Hp(xu)]

7272 Ue q(xulen) = N(xulfu(ew), fo(en) &L —H u
DIBERBLOE T ERIM T, T—F DXy b7 —
7 HIAH KDL e, eR" % MLPS,, f, 1T & D ZEHT
B THET S, £/, 0,eAK T EZXsDIE Y
i TH Y. AW TIX Neural Topic Model D —
FTH 2 NQTM[14] I X W BT 5, LI, 202
NEHWEHEEBE ZD0HFECOWTHES %,

3.1 A—HDxRy b7—U8HiAdH

AFFLET ALY P2 —FORERHEEERAS Z
EhD, —FOER (FFX M) KELFTIC—F
DEBERIA G2 BEND 5, % ZT. Homophily
DRERICEMEZB/T, 2—F Dty bV —27HHIA
ARBEEHAWS Z L TEERBZES T %,

AFETIEL—Y 2/ —F, 2—FFHLDa3I a2
=r—=yary (VYA—=MNUVTI4) BrzoDt
L7-EAMNEER 7T 72 MNRIC, 2y b7 —2H
®»iAATH L LT LINE[15] Z W/, LINE TIX[H
—aI2=T4WKETE2—YIEET S L5 1
DIABRBEEE T 5, EoT. 2y b7 —7HD
AADEET 52—V 51, FT2EE»E
% E 41, Homophily ZE7 /ML TE 2 L HRFE L5,

32 NOTMICE B ERDFEYIHTE

TATGM T b ¥ v 7 5341 @ #£ £ 1Z Neural Topic
Model[12] Z FHWT W3 5, REL MR L T 5
V=% VAT 4 7 LOBRRYE, HXDTF AT
WX MYy JHEED S EHREL 720, 22T, &K
TR 7 ¥ X b 20 RICHFE S Lz NQTM
(Negative sampling and Quantization Topic Model[14])
FRHAT %, HXDT XA MTIE. M v Z0M0H
—HRDMICEL R b, My 7 DHGE
DADBMUT A2 D TV, 2 2T NQTM Tlid,
MY ZRHOE LIS K D BIVWY — 27 2RO
WAEET e, by 2T 2 EER A
Ble LTHWR AT T 4 7V 7V 72k - T,
BNy 7 OHEBENDAENELD X S ¥ET 5,
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R1:7—&ty hFOV AL — 2 —YE

F—REv b VA= B 2—FH
Ea 8,439,151 1,400,829
MREIE 1,852,497 708,325
B 3,422,534 499,415

® 2: fHli 7 — X DR AHEERE (RWIZS 28 5W0)

EFIL B ONBICE
VAE-LM (Bowman et al.; [8]) 127.69
TATGM (Tang et al.; [11]) 112.71
RETTL 116.61
4 RER

AEETIZ, Y= %X T 4 78 LT Twitter %
FH L. Twitter LOBRE (VA4 — b)) ZERE A
BT ZeT, BEETANEL-—FOERE X ORE
EET Nt TE 20, BT ALY ba—FOER
T ¥ OREEHEETRED ML S %,

4.1 EERERTE

AREBRTIE, BUBNERNZBENDE R
53 2020 F 7 XV A KifinHEE 2 O Fi R I
MEDZ7 ) THHINZY A4 — X [16] ZXR
W, BREBOBEM 2T/, 7—Xt v b
FOYVA = UZ—FHEZR1ITRT, R—R7F
A4 > ¢ LT, Bowman 5 ® VAE-LM[8] &, Tang &
D TATGM[11] ZERA L7z, P E v 78U 10 TEIE
L. R—R 74 v« #BREFI/)LHIZ Transformer[17]
Pra—&xr LTHWE,

42 BEREEDRELLR

¥3. BEETIADE LV OERZEDEE
ETMETEZ0MEET 2720, FiT— Xt v
FHOY A = I XDOLEZMRL 7 FHICHH
LTOVWRVIHi7T— 2D 2 —HF by 4 L
VhA—HARTIENTESZ D, LEEZY
ALY MLV ORERMERE L ARE S, £E
FTAPLEEBINEY A — N XOEDONBLE%
RK2IWCART, RET /X Bowman £ D HWVWHEE
F5 S % HEZR T & =M. TATGM 1Z b VUil 3 3 1aE
R L7 VAE-LM % TATGM IZHEENRDO X w, %
FAWT, XOBERFOFRSAEHEL TV !
CI(xs|Ws)=N(xu|fu(ws)’frr(ws)) (272 L. Jus for &
Transformer > a2 —X&), —Jf. I#RETNVIEER
DAEDOHEEIT L wy ZHVT, 2y P — 27 HDIA
AEHAVNTVWSE 2, R=ZXF74 YDHEBPX wy D
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_ (@PERSON i know . one vote does not mean you re talking about the election in virginia . . if you don t want trump s electors to

mail in .

vote in. please fuck you votes . .

Xg (@PERSON if you really committed voter fraud and the popular vote by president cast your ballot and do fuck bernie sanders .

X7 (@PERSON electoral college vote matters how the electoral vote . . . . get the fuck out stop the electoral college.

Xg @PEOPLE you re a lost popular vote elect fuck elected electoral college americans.

X5 @PERSON you idiot that still stands in vote for november N for electoral votes . <unk> and voted you know what does

X4 (@PERSON fuck fuck . trump really is not afraid of electors he has his victory but popular vote biden . . . fuck you and lock up ! !
X3 @PERSON i 'm wrong i know nothing you are wrong ! why am i dems know for millions to go vote him out . i wont vote by mail .
X5 (@PERSON yes 's! vote like if a republican or amy s or voted for president trump s mail i don t care . that a vote !

(@PERSON you know mail in voting is the safest way . if biden were the president i am registered and am dreaming . fucking vote

Xplue (@PERSON all blue united states in ohio and don 't you how you stand . black votes by votes got you !

B 3: 2 —F DIETEZEH

F£3:Z MY 2B 3HEEE EAL 10 HiEE
MYy 7 BHEE B 10 HiEE

1 electoral vote votes win election
nope fraud supreme democrats majority
2 deaths trump virus covid pandemicdeath
cases coronavirus testing gaiters americans
3 blah fake trump anything news

shit lies mouth lie liar

4 parole brandonbernard commute bernard
sentence brandon paro please parol violates
5 bless birthday god president happy
trump thank merry donald best

6 absentee ballot ballots mail counted
votes electoral mailed vote voting
7 yawn womp ouch nailed tock
yikes boom cuck tick yuck
8 hunter peopleschamp tNa reckoningreckoning
elect reade questions president vice pN
9 giphy randomtrump court fraud supreme
probe voter papadopoulos election capitol
10 antifa supporters blm terrorist trump supremacists

protesters supremacist terrorists police

WEIRGTHEeEZLNDS, ZHUCHEDLT
BRETFTADNIR—ZA54 Ve HET2HEERE LN
722 2lE. 2y b —JHDIAANRLI—FDOERD
ETULIC T A REREFFOZ L ZRBE LTV,

43 FEYIDOTR

KI3IWXKE Iy 7 ITHRBENT 5 LA 10 HiEZ
R, MUT, #EEHEPLE LEBUAN R M E Y
ZICHET AHEIRETETWA I bh b, K
W hE Y 2 1,3,56,8,9 [ FEUREZEREICOWTH
LWisk M Thh 26 TH 5, PEY 7 1IFARIE
FE Ry 7 21X COVID-19, Vv 7 4 1 35H]
P 23 5 % B A 77 Brandon Bernard (5. R ¥ v 2
10 1 2020 F 12K [E T A 72 - 72 Black Lives Matter
HEENZOWT, ZRERLTVWE EEZ BN,
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X 4: 2—FOEBELEREZRIFL-FEo Yy 7 12T 345802

4.4 A—HDEBEZMROIH

i 7 — X2 v hHOZ—F DOBIERH x, 12D
WT, t-SNE[18] 12 & % 2 RILZEfM EADGEEX 3
WWRT, Frlda—¥ERL, HAH/RERTRIIC
BE T 2Ny a2k ((fRAR4S) CHEO0EM
HALl7a—¥2ZhZPNRETRLTWVWS, liH
BHEWIEF > THNELTWS Z ELERTE 5,

F B ERMANOEMNR R - OF) e RE
WEFL— (F) OFELNT ML req, Xpye DH
MM DL =R M LEETIVICAT LR O
NXDEHIZK 4 1Z7RT, 22Tz =1%2A0]
L. FIEERCETZ Y Z 11I200WT, ZOE
ROZLZBIZ LTz, KREETIE, FEETIER
B U CH RS » B N AR Z D2 IED E 4
TdH - 7=, Xbilue WD Y, MERZICHLE
EMREBERPERINTVE —F (X)) Freq 1T
o< L \HHKZE (electoral vote) 12X 3 2 & EN
REAPER NS (x7) HAZHERTZ2, 20D
IO WCBHEEE LONBEIZX > T, 2—FOERN
Z LT L B PO S 7z,

5 &HDIC

AMREFZLI—FOEREZ Ry V7 =7 DALY
Py ZICHEDZETMET 228128 - T, B4
BRIy ZICETE2H ALY b2 —FORERZH
ETEXBETNAERREL 2, KEKRFEEERE A
D Twitter 7 — X TEA (V4 — M) OHEERBE%
MREE L 724551, BEEOSERCGE 7L & [ARE O ERE
PRI, 2 —F DEBELRBD DXL —
PFIZEDOK &, BHOXFL—Y 5 L WERAIAERK
SN BEFREMINC DR SN, U EDZ 2
5, 2y N7 —=IHOAAL P ZITHDI L 12—
FOERDET MEDZY LR X N7z,
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A1 ETILEEHA

AIFFETIE, ARERONBLEDZE S FIR
£,(10) 12, TRLOHITEERT L L MUV L, 2N T
HIWEEE 2 /KL T 2 XD ICETLEEE T3,

=L, +% +A1Z%, (11)

A.1.1 Neural Topic Model &2Tf NQTM
AFHITIE TATGM IZTHW 54T W % Neural Topic
Model[12, 13] &, ZN 2L DT ¥ X MZHAHT
%2 X O5WR XN NQTM[14] IZDOW TS %,
Neural Topic Model TIZ—fHy2 F ¥y 7 ET Lk
[FRRIC LT DA BGEIE 2 RE S 5.
Yy DEER se{l,...,5,} IOV T:
1. BRs DMy 2501 0,eAC 52 7L
Ys ~ N(yslpo, Zo) (12)
0 = softmax(yy) (13)
BB s OFHEEne{l,..., N} ITOWT:
2.HEED MY Y 7 z,e{l,... K} ZH T

zn ~ Cat(6y) (14)
3. HigE w,e{l,...,.V} BT
wy, ~ Cat(B,) (15)

D E, P ZEFARBIT A Z—H u O
TEOES TRIZLTTEZ 5N %,

Sll NS

=3 10g(B - B, ~Dxr[g(yslwy)lIp ()] (16)

s=1 n=1
272 L. Q(yslws):‘Z(ys|f/1(ws)’ fr(wy)) 3T ER
T THH. X wy D bag-of-words XHi % MLPf, K&
U fe TEMTZIETHLONS, NQTM Tl £
TR L 2z, AfloLEKkCEFLHIEZRD b
Yy 70 OREEY £, A TW5,

A.1.2 Discriminator

TATGM[11] & [AIBRIZ. ARSI N7, DHEE S
NI 7 o, TETEIZHNEEZEL XD ICHHEET
578, AT TIEIEE E 7 /1 IZ discriminator[19]
% i Z 7z, Discriminator &, WX DY > T L% b
vy ZETNAMIANLTHELNS Yy 7951
q(zs|Wws) DS, TLDOXD b ¥y 7 5% p(ze) 1D L
X952, UToOHNEHZ RIS %,
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FKd: N aRTDEE
XRBE Ny 2R

HAE  #maga #trump2020 #maga2020 #obamagate #kag
#kag2020 #obamagate #donaldtrump #votered
#voteredtosaveamerica

KF3  #bidenharris2020 #votebidenharris2020

#votebluetosaveamerica #voteblue
#bidenharris2020 #votebluetoendthisnightmare
#trumphasnoplan #trumpvirus
#trumpisanationaldisgrace #trumpislosing
#trumpisacompletefailure #dumptrump2020

La =23 Ep, 2y [10g q(25W5)] (17)
~ 35 5K logq(z, = kW) (18)

7272 L. W} % Gumbel-softmax trick[20, 21] IZ &k - T
HEE LB L DY > TV TH B,

A2 SEERE¥HH

A21 BRIFICEAETI /Ny a2T
BROZRL—FEFET 2 72HI2, KFFETIE
RAWZRIT Ay axTeHWE, BEROLFN
Ny T aRTPREZNH DD, HAR/ERTR I H
WrX iz —EIxZ 24 15,961/9,274 TH %,
B, #trump R#biden 72 ¥ B EMIE E N2 AR
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