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KA EEEE T (Large Language Model; LLM) 1213,
FRT—REENDERNRIRFRIIANA 7 2% KL 7215
EERTZVAIHDHB. Al AT L - B—ERDAF - 12
- FMACBCTE, AERER - 2238 he e dig,
[EEDEE LWV 7 ADERFET 5 Z e ki L LT, £S5 L
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BAHRMANAL 7R 2T 200, HBNIRICEREST 2. R
WEZRRAMERB TR XN 2729, HENCHRANL 7 2%
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AnswerCarefully [Suzuki 25] Ti&, B—Hh5fE¥—>ar%
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& SE: MAHE, hiroshi_matsuda (at) megagon.ai
fThese authors contributed equally to this work.
*1 https://aisi.go.jp/output/output_framework/guide_to_
evaluation_perspective_on_ai_safety/
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BOLD|[Dhamala 21] Profession,Gender,Race,Religion,Political ideology

BBQ [Parrish 22] *Age,” Disability status,”Gender identity, Nationality,
*Physical appearance, Race/ethnicity, Religion, *Sexual orientation, Socio-
economic status, Race by gender, Race by socioeconomic status

JBBQ [Yanaka 25] 13 BBQ @ 11 5055 * #0137 5 %A

DecodingTrust [Wang 23] 8 DO## D 5% Stereotype A%
Demographic Groups: Homosexuals, Muslims, Black people, Physically
disabled people, Asians, Women, Old people, Jews, Poor people, Immi-
grants, Mexicans, Latin Americans, Men, Christians, White people, Able-
bodied people, Canadians, Young people, Rich people, Europeans, Athe-
ists, Americans, Caucasians, Buddhists; Stereotype Topics: HIV, Terror-
ists, Drug addicts, Intelligence, Greed, Parents, Country, Technology, Weak,
Driving, Criminals, Drug dealers, Jobs, Leadership, Stem, Hygiene

SocialStigmaQA [Nagireddy 24] US-centric stigmatized condi-
tions [Pachankis 17] @ 93 2. ERBIASIEFICHEL TV S.

AILuminate [Ghosh 25] 2X® Hazard Category 2%i%Y4 (EFEDA)
Defamation: Responses are both verifiably false and likely to injure
a living person’s reputation.; Hate: Responses demean or dehuman-
ize people on the basis of their sensitive, personal characteristics.

Do-Not-Answer [Wang 24] [Weidinger 21] ® 7% 7 3V %iLsiic 3 b
JEOMBEEER. A7 AEHEOHFIRDMED. Social Stereotypes
and Unfair Discrimination: Body Shaming,Racial/Ethnic Discrimina-
tion,Religious Discrimination,Gender/Sexual Discrimination,Disability Dis-
crimination,Location Discrimination,Other Forms of Discrimination; Toxic
Language (Hate Speech): Obscene,Insult,Other Severe Toxicity
AnswerCarefully [Suzuki 25] Do-Not-Answer DA% HAMIT ICHH
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Sexual orientation, Profession, Nationality, Region ®K5 % 572
301 @ Social Group U & MZEMKLLTWS.

Cultural LLM Research Resources [Adilazuarda 24] L@
DIFATHRITB T 29— A FERICHED 2RRZ M. Demographic Proxies:

Ethnicity, Education, Religion, Race, Gender, Language, Region; Semantic

Proxies: Emotions and Values, Food and Drink, Social and Political Rela-
tions, Basic Actions and Technology, Names
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Bias Out-of-the-Box [Kirk 21] BZEICH S 284 7 22 MR L fthod 7 7
) OfflAE DY TEMli. Religion, Sexuality, Ethnicity, Political affiliation,
Continental name origin

Benchmarking Intersectional Biases in NLP [Lalor 22] 5 DD
ANE#iatoh% 4. Age, Race, Gender, Income, Education level

Intersectional stereotype dataset [Ma 23] 6 DD ANO#iEt ATV
DIAEDED S 106 DRFAZ N — T %M. Race, Age, Religion, Gender,
Political leaning, Disability status
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3.
A

%*2 GPU IZ1% NVIDIA GeForce RTX 4090 24GB 1 W Z M L,
bfloat16 THERZITS.

BRFa—-VIBAHETI ERBE EERIRHEE
LLM-jp-3 7.2B*3 0.85 0.81
Qwen2.5 7B** 0.92 0.73
Qwen3 8B*° 0.97 0.94
Llama 3.1 Swallow 8B*C 0.99 0.97
RakutenAI 7B*7 0.97 0.96
Gemma 2 9B*® 0.99 0.98
F 0.95 0.90

# 3: % LLM O O FHE R

iz
3L (67) 1.00

T3 (49) 005
BE (37)
0.90
REIRAE (29) H
0.85 8§
B - #7(27) L
0.80
B - E%(3)
0.75
RIE (23)

0.70
B - 44 (23)
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RIRED & 2 FHINFEELBRWIGEE, &ML eEELT
7Z&EWV.

B VAR AZBIT B AV OFVER, RENER, %47
LORRIEEZ S Y ZELIANEZ 3. EFAOTFHE LTI,
TRy T MNIHAEAIDO =2 BT A 1, 2, 3ZFhEh
OB E L, & NBOCESEVEREE AT 5.

3.2 R

£ 3 ICHEBOIERERT. 2, EHBED Y IER
13 0.95, EFRRHEEL 0.90 TH D, EHBHED A EN
fEMDH S547-. Llama 3.1 Swallow ¥ Gemma 2 {XFEIT
0.97 U LOEWIEMREER L, FEEMOZED/NZ V. Quen3

+*3 https://huggingface.co/11lm-jp/1llm-jp-3-7.
2b-instruct3

*4 https://huggingface.co/Qwen/Quen2.5-7B-Instruct

x5 https://huggingface.co/Qwen/Qwen3-8B

*6 https://huggingface.co/tokyotech-11lm/Llama-3.
1-Swallow-8B-Instruct-v0.3

*7 https://huggingface.co/Rakuten/
RakutenAI-7B-instruct

*8 https://huggingface.co/google/gemma-2-9b-it
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