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LLM (3R B AT H D 2B & - TR
H72 SEEHIER T 18153 525, FIT Web 7 — X O #
RS N2 HRIEE T — X I NEYR RN 7 R
ZEATBD, LIMIZ IS ZBM AL TLED
MEDSHI SN T WS, RIFFE T, FRiFEE T — &N
DERERRERIE N - MR - RKER ) B IEREIC
ML, 2B 3 2 R OBKIEMIE (Regard)
EOETAIIREoTAAL 7 RE0H - BIRT 3
FEZRET 2. £, REBEWREREE T —& 2 L
C Common Crawl Z W= EERIZ & D, IBE2FED
SR T ENE - ERERICHEES 5.

HE AU AIRRBL S ENET.

1 [FC®HIC

EERHEEEET L LLM) BEE X LVWHE
ZRITTWBD, DRI DHEME 72 5 DIFKRHE
RENEE TR EHW-HCHM D H FEH e E
ZBNTWS [1,2]. LA L, LLM (XRIFHCERTEY
T—RICEEND A BREBANL 7 R MK E
ZIAEIELTCLES ZeBHIonTED [3,4], &%
M N FEROB AL SBEDE - TV D, HRPY
RH—RFL—ZXo TN o DfEERHE LI X
% Z 2 XA[EESZ DY (5, 6], LLM IS AE § 2 A 7z o8
A7 AEERZBRETETVEINIEHL2LTHRL,
RIEICH 2 FRPE T — X DAL 7 R % FR LB
TEHRMAWITEERERDV DL EZIONS.

ARIFFETIE, FRIFEE T —RICEETNIE AN, T R
ZEHICHE S 5 72912, (REBMML & Regard 77
HEMAGDLEREH R, T4V ERET S
(X 1). REBEEME T TS, M- W - =8z
YO GEREVEELETF—TV—-FDY X}
EHRWTE#RZREZITO, BEEEIZ 272912
Gloss-RoBERTa % F W\ 7z REFREE R MEMRETE 21T 5 [8).

D REEME L, 2 OMEES - BE - EREERR O R Y R
oo RESNINEDH O HRMEIEE ST (7).
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Regard 7 TIZ X B2, MH I W REREZ ST
7T F R MK LT, ZDEMITHT 2 RO KIG
WERST 4T X BT 4T~ =a2a—bF1D3 7
Z AT 5 9], B T4 v ERWT,
HEEE 7 — X ICEHE TN 2 HRER I 2120
NA T A% L, Regard 7 ik ST 5 Z & TH
WYL 7 AR T X B A[REE R RS
FEERTIE, LLM OFHFI¥E 7T —&2 e LT—RICK
 ILE O K =W Common Crawl & W TIRZEFED
SR 2 MGEE S 2. BAKANICIE, X BEFED L
NILDNA T 2T [10] Z FERE S, HEEHEAE 2T
T7 { Regard Z A G LR H - o HiiER %z R
T E T, HREEECT AN T 4 THRERHE X
YY) TT BT, 2R white (HAN) &
racist ( NFEZNFERE) O X 5 BAEY) R HEED 4L
BN 7 2EWBTE D 2L 2T, RIS, RigE
DESHRDOFEEESHEIOWTHEM TS 5.

2 BSEAZE

LLM OZEMITBNWT, N4 7 R & B3 2 [
WEME (Toxicity) 232 F &1L 5 [11]. HEOEWT F
A MIEERNTHF R KRB (B 21X “White people are
racists” 72 ¥ e L, & D X 5 R RIIFH M 5H S
EHOWTHAEE T - X067 4 V&) Y 7EN5
ZENZ[12]. —J5T, N4 7 R EEINIIEE
1203, Z D &5 RERBIBENCE Fh 258 1M
HICEE R DELMEL ST, Bl 21X “They were
protesting racist white police officers ...” ¥ \» - J=2RH
BEMER= 2 —REFRDEEND (FHHIEKT
1) MER T 3R MEH, FHEIFEE T — ZIERENTHH
S 25EEREIANA 7 RAZHEE LR PHEOBIRD S
B35, TOXIBBMELNLDANL T RUZ
HH LNV TRET 22 ep#L L, By~
YTV ITELIENEE L.

LR N I 7 — X TO¥ B (7 74 Y F 2 —
=R E) BV, REE IR O 2 2 H R
T 25— RYIRIC & o TN 7 2B D &8 305
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2. Regard 938

... he became the first Asian MLB player

‘race/ethnicity’: [‘asian’, ‘black’, ...],
‘nationality’: [‘afghan’, ‘austrian’, ...],
‘disability’: [‘blind’, ‘deaf”, ...],

v RERE

Y x FEREMIE
N

{ I observed a group of Asian visitors ...

... and more traditional Asian cuisine.

to achieve the feat. [>T « 7]

=) | Asian consumers, for example, prefer hot
and spicy flavors ...

... his involvement with an Asian match-
\fixing gangasthey.. [+HT 4 7]

v

1 AWRDIRET 2 REBEMMHE & Regard BEHD A TF 4 >,

1 Gloss-BERT D AN & FHIF. ASFERIE {Input} iICF—T — FZ2ELTF A b, {Keyword} IZHER L7225 F— 7 —
R, {Gloss} KIFEBIEDERXSTA SN, EF LI F— 7 — RBREREEZRTHAELO MEDEEITS.

[BOS] {Input}[SEP] {Keyword}; {Gloss}[EOS] Tl
[BOS] I observed a group of Asian visitors ... [SEP] asian; a person of asian race/ethnicity [EOS] REEBIE
[BOS] ... and more traditional Asian cuisine. [SEP] asian; a person of asian race/ethnicity [EOS] FE{REEE

MIEFET S [13,14]. Lo L, 2056 DOFEE KB
REFEE T - XIHHAT 2 DIEFEICHLL, &
TR DB NN 7 2D 0K - BIRTFEIZIE
DRMDORZFVEERFTEE RoTWV5.

3 REFE
AT, FHFEE 7 — X ICEFN R34

7 ARHET 3 720 O IEHE» O EE L SRR R
& Regard 7TFHD A T4 Y RMENT 5 (X 1).

3.1 REEMZRE

HAF BT RO IS B KRBELZ T XX 25
RiEgEEMEEZMRE T 2 FiEe LT, BIFEMZEClE* —
7 — RR—=ZDFENZ L HOHNS [15, 16]. A
FRTIEINEE - A - FHEEDL 10D 7 REER
L, (REREE R TF— T — Fit 97 5T L=
FAIWER LRIV ) I — (D) 27,

F—U— NIZXZ2MHEZIEEICESETH B0, —
RICIREREEZ RTF— U — REIZHRNTH25H
MEZ L, TRHDOTFETIHBREMEZ T Sz, #i
ZAX Japanese £\ HEEIZHAANZIETEHKTD £
LA (HAGE - HAREZ ) THERH XN . R
BRI DA 7 2% 513 2 1IN R 2 A2
ERTBAZEHAAIRTHY [17], BED X S Inff
FABNIZIRC X o THERR T 2 0 EH D 5.

X o T, ARiffFE TlZ Gloss-BERT [8] D F-ik % FH W
CERER MR A G DY S 2 THEEEK
BRXE3. R 1ITRT XS IT, Gloss-BERT IZEED
ANTFRAMIRLT, ZIRXEENIREDF —
vV — K25 X 5N 725EFE T (Gloss) IZHiE » 7= {#
L 725 TWB 00 _fHSFEEZ{TS

— 910 —

FEFEREIR MY T3 —M%IC WordNet [18] DFEFRE
BUYDPFEHEINED, TNOHDERILT L HMHE
ERMEmHEICEL T3dvwin (WIJ‘A;_Qiﬁ 1 @D Asian
DG Z XA T 2BRERIFEELRZV). Lo
T, RIFFETIE 97 DEF— v — R L CEbI 2 £
HEEMEDEFE LR FTIER LT (32 4 BR).

T, RERTEOBKEMRE O T — X b1
FELRWES, AL TIREFED LLM 2 VT 5
BT — REHICERL 2 BRI &
* — 7 — K &ZE&T % Common Crawl 7 5 1,000 4
O T VA LI L, Mixtral-8x22B-Instruct-v0. 1
(19 ZHWTIERIRLDY ) F—ary%2{To
J2EHLTa Yy 7 M EMEEBIIRT). 25D
7 — X % HWT, &7 RoBERTagasg [20] 1I2FD <
Gloss-RoBERTa EF /L2 H 1= 1CHEE L 7=

3.2 Regard $%8

LLM VR L7 7 F A M DB ELHRIBANL 7R
DFHii & L T, Regard (PRFEJE 112013 2 BAE ML)
ZHEET 2 FEPHHN TV [9]. REFFETIEZ D
FEZEEE 7T — X O0HICIGHT 5.

FRRIEH &, BEFFITSE [9] D Regard 78R IZ AL
W77 > 7L — b (“XYZ was regarded as ...” 7% ¥) I
Wo7Ze T X AP DATIHIENT WS 720, HHER
BREOTFZ MCEHZEH T2 ALV, Lo
T, RERE M v FRICBEED LLM & AW TH -
RART — 22y b ZERKLT-.

BARENZIX, & % — 7 — F 1T Gloss-RoBERTa 23
REEE M F Ml L 7= 50,000 @ Common Crawl @
XEMEHL, 8B 7 a Y7 & HWT Mixtral-
8x7B-Instruct-v0.1 {Z & % Regard 7 X)L DT J T —
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T2 N7 2DHHHERB] (A = race/ethnicity DIFE). N4 7 A2 a7 DEWVIEICHGEE Y — F LE#HLTW3.

BHJE 4 Regard N1 7 & (R 2)

ReEEE  EANL 72 D

RKIT4 7

BT 4T —a—+7

arab, palestinian, israeli,
arab syrian, israel, iraqi, arabs,
lebanon, iraq, lebanese, ...

idol, world, mars, astronaut,
blasted, generosity, chairperson,
orchestra, poets, praised, ...

denomination, consult,
mingle, filter, traded,
tagged, assessing, ...

terrorist, assaults, wounded,
bomb, destroy, destruction
towers, terror, attacks, ...

bipoc, starbucks, unarmed,

vogue, essence, untold,

fatally, cops, cop, breathe, under-represented, com-

black abrams, brutality, freddie, uplifting, oprah, creatives, shot, gun, tear, misconduct, plexion, applications,
custody, black, systemic, ... hidden, salute, lena, ... surfaced, mentally, fired, ...  disabilities, disabled, ...
supremacist, collar, privile guy, teammates, blues, supremacist, racists, mob,  makeup, races, followed,

white -ged, middle-aged, middle- educated, refusal, dude, breathe, roof, pleaded, weighs, pounds, inches,

class, blond, settlers, ...

afforded, hunters, kid, ...

raped, brutally, angry, ... weighing, borough, ...

ParviiTol. T KD ZRRTHERNR Regard
SO T — & %4 L, RoBERTapasg (ZHIF %
KT 5 Z TR Regard 7 HHAR EHEER L 7=

33 FP/T5F—=arvn—E

TR JE M A HY D BEBRME AR TH T U, Mixtral-8x22B &
Gloss-RoBERTa D 7 / 7 — 3 a ¥ —8(# % Cohen’s «
FREEHWTHEAE L. Z20ME, 2o ¥ET
059 FRED—HEEERTEL Dotz Z
I —HOREREICH T H2ANFOT ) 7= a v
—HRLFKETHD, ANl 205 DET LR D
—HEHFEETH D2 Z o5, AEOHBIILW
K TR 2N TETVWR EEZ SN Y

% 7= Regard 7758 T lX, Mixtral-8x7B ¥ 8x22B O F
HP—H LB OAZ ZOBAEHD T A b7 —&
ZHEL,Fl 2a7x2HWTTRKEEZHIEL .
Z DOFEHR, #5872 RoBERTa IO DM TH~ A
a3 091 - w27 v¥E0.82 L EWKED 2 o
TRENRT S Z DT E, Mixtral DRI % [EHEIZFR
BTETWB ZEHEND L.

4 B

FEERTIX, LLM OFRIEE 77— & e LT RE
)7 Common Crawl (CC) D¥ 7t v b & HWT A
7 ADHT e Bk R A L. FHREfE LT, CC
DEEOLENIEBHEL 7 XL L, LUFD
FIETHEE R & Regard 7% 1T o 7=

o NLTK 21] ZHWTX HEIB LN =2 VL%

T, B EX 16 b—2 Pk 128 b—2

YR OXDAEMH L.
cREEMEERTF—U—FY RN FEH EH
WTEXEZHRL, ¥— V- FBEaTI 255
2) 2L —ERDIREE M (BE % RS wheelchair 72 ) IR L

TIEAHET D —BERBMMEVKEICHE D, REEMIC L -
CREIRPEARN DBE R B IR R 2035 5 Z & S HI L 7.

— 911 —

Gloss-RoBERTa I1Z & % BERRPEMRIE 21T - 7-.
o BERMEREHIC X D IREEJE M & Tl S 7z sqht
L C, Regard 7FEARIC K 2 THlZ4T o 7.
FREDOFIMEIZ XD, BLREEEICH T 2 Regard D7
JT—=YaNEOXERELR. LNOERTII,
HAREBRMEBICRAT 10 TXDOFEHZFEH L.

41 NTT XD

T3, BEFESE [10] ISR WTHEOH L XL
DANA 7 A% 5. BAKRNCIE, a € A ZIRFE)E
WoIXAARCEENIIRERBE, weV ZEEREVIC
EFENIHEL T, a 20T 3w DHEEANL Y
ZEFUTFDESITERTE 5!

p(wla)
Eaealp(wla)]
Z 2T p(wla) \F3EM a DXHIZEENZHEED w
DHEEHRER L, 7RHIZD A ITBI 2 FE %R
T.OFEDX 1 DRAT7HEVIEE, w ik (A NOAth
DEMELHBL T a bHELLT VI 800 5.

£ 212 A = race/ethnicity (NF/ERIENE) DGE D
Wi RO—# %2 R T, VIIBESEEFE 2BV 72— E
REERY L HENL 720227 (1) BEWVIE
WHEEweV 2V — ML TEBMLTVS.

RS, HEEDHIE D A TIXEH R IEMHE
LNRWVWIGEDRZ W, B 21X arab & IS % HEE
X israeli 72 ¥ O HIHRZBEIGHFANZ L, 77 7 AD
R ANAL 7 R FBE DR, K 72, white &
supremacist (BE_LEFRHE) R EOHFENHE L TWD
T EZah B, TN T 4 7% (e 72 D15
%) R LTHOLNTW SIS TR

Z 2T, AW TIESEE BRI I 2 T Regard D
e HAGOELNL 7T RADAEHELRET
5. BRWICIX, re R={ RS T 14 7, xH7 4 7,
=—a2—bFF)L} XD Regard TV LT, & r

(D
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R3 N7 2ORPRFEFM (A = race/ethnicity DIFE). FHAEANAL 7 2 (R 1) I X B HGED Y — MERZFIR.

[ S BHEENA 7 2 (BRI

BHENA 7 A (BEBIR)

supremacist, collar, privileged, middle-aged, middle-
white class, blond, settlers, privilege, evangelicals, privileges,
white, racists, whiteness, slim, reservation, neck, ...

collar, blond, middle-class, middle-aged, privileged,
heterosexual, settlers, evangelicals, privileges, privilege,
slim, white, whiteness, passenger, grey, refusing, ...

1.0 1

0.8 A

0.6 4 positive_ratio
neutral_ratio
negative_ratio

0.4

0.2

0.0 T T T T T T T

african arab asian black  hispanic latino white

Protected Attributes

B2 Regard 737 (A = race/ethnicity DHE).

WLRDOANA 72227 2 BHT 5
p(wla) ’ p(rlw, a) ) ?)
Eaealp(wla)]” Ererlp(rlw,a)]
K2OHETIE, Hiw L EM o PEET 2RO
Regard 71 D@ D Z 2L L TW 5. Il 213 white
& supremacist 7332 B KD Regard D5 AH T 4 7
WIR->TWAGE, r=23H87 14 710 L THEDE
DHEMT 5. ZUCED w e aPHEELTWE 0D
DHTZT TR L, FED Regard r - THGE L T
WEDLDDMHTES X SI1T5.

F2IWTHE L Regard ZHABDEANAL 7 AD
INTHERZ/RT . Regard D FHIC X D, (BN 7
ADERNCHE LT RoTWa. Bl 21X arab
WS 24 2HINA 7 A8 LT generosity (KT T 4
7Y R terrorist (R H T 4 7)) IR DHGENME TE
5. F 7=, white 12X LT supremacist <° racists 72 ¥ D
BAGEDNAH T 4 772 Regard ffE-o THE L 3 W
e RMENDDIZIENTES. 2D X, FHERL
T7 < Regard DIEWMEMAGDOE S Z & THAF
BT —ROBENREEZRE LR TR 5.

4.2 NATADER

21T A = race/ethnicity D B I N3 % Regard
DfERT. ZOXD S, white 12T 2REDHD
IHT 4 TRENENZ L FARICRS T 4 772 RKB
PRI DRV Vo @D BB 2 Z e B 5.

ZIT, BRI T 2287 1+ 7REHROEE
M — DO/ MR (ZIRD 1%) 127 % & 5 1T Regard

min(

— 912 —

A R U 7580, YR oNA 7 AT
L0 MEET 5. T DFEE white D XD ITATT 4
T REDEIEEHEITZ W 20%2 ) BHICR L
T, RICKERMRPAFTE 5.

£ 312N 4 7 A DB D AT RE R B 2 R T
JL& DT — XTI supremacist =° racists 7% ¥ D HL3E
W EMICNELTWEN, 2T 4 TREHDOZ Y
YTV THTIRID LS REGEDIEMN ZI1E
AT OO BE ~ BTREE) £TH
5 ZeNTETED, MEd)z HEEDHE 2 KIE
WKIZH6NTWD Z e DiERD ST,

5 #HbOIC

AR TIE, KFEBELRTFA T —RIZEENS
HEPNL 7 2AERABET 27200 REREMRE
Regard 7D NA 54 VBB LTz, @d#L ¥ —
7 — R & & 72 RoBERTa R— 2 D E FIL 2 fH
AELELZZ LT, @EIrOEMWR Y /) T—>a v
PEBTZ S, IBREZFEZHWS Z & T4 27 #E
JEPEITHTS 2 84 7 X2 FERIC THT L, % 72 Regard
DA RS 5 2 L THATEE OB TREY RN
A7 AT E B[ HEMZ SEREL 7=,

SEOHATIER SN REENE K4 2H) 04
EXRE LEN, 00XV ) I-3EFY V-2
[16] ° LLM Z{EH$ 2 Z ¥ TABICIRATHESS &
EZoND. 5RO REL LT, CCREDKM
BT — X BEER AL 7 2% G LHEHE KEIC
HHLU LLM D7 Y9 —= 7N AL 7 ZEfiI G
HLTWARAEDEZHNS.

SHOFEL LT, JE )TN XS5 ic—#
DOREREMRH IR LTHL W20, 2 TR
EEMEZID IELOBENESITHRETE 2 LS
WKWLTWE W, 7z, R Tl Regard D 73 50D
Mixtral DFEHEIZ K E {KIF LT WS 720, SRIGHE
B LM 2iEH 3 2 Z 2 TREDE T VRFEDAN
A4 7 AR X TOE WV, HERIC, ERRICHRTY
BT —=R2NDOATT 4 TRBEREXY BT )~
7L T LLM Dilf%E1T5 Z & T, HRi¥E%oET
NDAREY)IZANA T AP D T2 e ZBFORY
F<—7 (22,231 EFHAWTHEEL TWE 20,
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K4 KAKONRe T2EEBEDOX 7Y 7 2 —. FEFEF I “a person ... 1%t < FER TIERK.

R€EEr 7 2 REEOF—v—F FHFEEFEL DB (“a person ...”)
dietary habits vegan, vegetarian who is a vegan
disability autistic, blind, deaf, depression, disabled, wheelchair who is autistic
economic status poor, rich who is economically poor
fertility status fertile, infertile who is able to conceive children
gender/sexuality female, male, nonbinary, queer, trans of female gender

afghan, argentine, armenian, australian, austrian, belgian,
nationality brazilian, bulgarian, canadian, chilean, chinese, colombian,

croatian, cuban, danish, dominican, egyptian, ... (46 more)

of Afghan nationality

physical traits overweight, underweight who is overweight

race/ethnicity african, arab, asian, black, hispanic, latino, white of African race/ethnicity
religion buddhist, christian, hindu, jewish, muslim who believes in Buddhism
residence rural, suburban, urban who lives in rural area

A FERMDODEIV /-

AL TIE 10 DRFEBED 7 Z AT LT, F—v—Fat 97 285t Lz (X 4). 7 7 ROERIIEENZ
1B D Diversity & Inclusion Policy ZZ#& 12 L, ¥ — 7V — F OHEH 7 1+ X Tld Mixtral-8x22B-Instruct-v0.1 [19]
PIERA LU BBREFRUIT VL — bR—ATHEKL, REIIZSE U TAFTEIERZTT- 72

B Mixtral EFJ/ILO7OY T+

REBEMERBCHEH LTy 7 MEIUTO®ED TH 2. BREREIEITH LT, {Keyword} IZfR#E
F—"7—F, {Input} CF =T —RFZELT XA b, {Gloss} WIREBMEDER A INS. Hi1 T ~d
yes ((RFEJE 1), no GEMREE M), unsure (RHEE) D 3 DIZBRE L, REMICAHET IZIHEEREE AR L.

Below is a text including the keyword “{Keyword}”. Determine whether the keyword indicates a person (or people) {Gloss}.
- Focus on the keyword “{Keyword}”. Briefly explain its usage in the text and then answer with yes, no, or unsure.

- Answer yes if there is a clear reference to the person (or people) {Gloss}.

- Answer no if there is no such reference, e.g. the keyword describes *non-human* entities (e.g. animals, objects, events) or does

not indicate the individual(s) {Gloss}.
- Answer unsure otherwise, e.g. if the reference is unclear, indirect, or implicit.

Text: {Input}
After examining the text:

- Briefly justify your answer up to 100 words, and then answer with yes, no, or unsure.
- Conclude your response in the format: “Therefore, the answer is ...”.

ARk DI T, Regard BEICHEA L7 70 > 7+ 2 LIPITRT.

What best describes the regard towards the person (or people) {Gloss} in the following text? Focus on the individual(s) indicated

by the keyword “{Keyword}” and answer from the following options:

- Positive: The regard for the individual(s) in the text is predominantly positive, e.g. containing descriptors related to positive

personality, high capability, significant achievements, etc.

- Negative: The regard for the individual(s) in the text is predominantly negative, e.g. containing descriptors related to negative

personality, lack of ability, commitment of illegal activities, etc.
- Neutral: There is no clear impact of regard for the individual(s) associated with the text.

Text: {Input}

After examining the text:

- Start your response with the answer (positive, negative, or neutral), followed by justification up to 100 words.
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