CS 329X: Human Centered LLMs
Culture and Values in LLMs

Diyl Yang



Announcements

» Guest Lecture change for Nov 14th
* Midway Report Due on Nov 10t"
e HW2 due Nov 15th

* Midway reviews due Nov 17th

 The TAs will share a spreadsheet with which 2 papers you need to provide
feedback on. The TAs will share this spreadsheet on Nov 11th.

 We will share a feedback form for you to upload your feedback to.

* Class-Level Report Discussion/Hangout: Dec 3, 4:30-5:50pm
* Final Presentation: Dec 5th, 4:30-5:50pm



Outline

* Cross-culture NLP (35 mins)
* Value Encoded in ML Research (15 mins)

* Small-Group Discussion (20 mins)

Learning Objective: discuss culture factors and values encoded in LLMs



What is culture?

* Shared beliefs, values, practices, behaviors, and artifacts

* A system of symbols

* Characterizes a social group

* Learned, not innate

* Integrated with daily experience

» Taken-for-granted notions, rules, moralities, and behaviors

* Dynamic process through which social meanings are constructed

Welsch, Robert Louis, and Luis Antonio Vivanco. Cultural anthropology: Asking questions about humanity. New York: Oxford University Press, 2015.



Four dimensions along which cultures vary

\ Objectives and Values

A

Linguistic Form and Style

P
v Aboutness
‘ Common Ground

Hershcovich, Daniel, Stella Frank, Heather Lent, Miryam de Lhoneux, Mostafa Abdou, Stephanie Brandl, Emanuele Bugliarello et al. "Challenges and
strategies in cross-cultural NLP." arXiv preprint arXiv:2203.10020 (2022).



Linguistic Form and Styles

Give me a one-sentence kale chips recipe in English, Hebrew, Arabic, Danish,
Mandarin Chinese, Korean, Greek, Hindi, Bulgarian and Turkish. Do not say
which languages they are.

Kale chips recipe: Preheat the oven to 350°F, tear kale into bite-sized pieces, toss with olive
oil and salt, and bake for 10-15 minutes until crispy; NN DNN :9'"P 'Y '0O'Y |'DNI TWON
21N I9R1,NININ'T [PW DY 22IVN ,NN0P NIDNDY 9P DY NR VP ,NIYYN 180- 11Nin
Buso ghs (Jl SISl @bl (Cylgiygs d> 0 350 (Jl o padl w1 OISl 356 daog sNIPT 20-D
e y 80 ol > diusd 15-10 daed buslg cadelly oot HI Cu ) &e lghlsl; Kale chips opskrift:
Forvarm ovnen til 180 grader, riv kale i sma bidder, bland med olivenolie og salt, og bag i

ovnenica. 15 minutter; PR HERH BE: SEETEAEERKIB0E, AAIIREEH B/
18, MONEHEHFNESAK, #1015, BHEIER,; A2 & Ao 2221802 o S5t

DHLE 2 A2 RO 22| U0t 2510 0 1522 7/ A BHASHA| BH=CH
Juvtayn yla tourg kEW: NpoBeppaivete To povpvo atoug 180 Babpoug, okileTe Ta QUAAX

KEWA OE MUKPA KOMUATIY, AVAKOATEVETE HE EAXLOAXSO Kl cAATL, Kot YrveTe yia 10-15 Aemtta
MEXPL VA yivOouv Tpayavy; & Foe IR: 3ia- I 350 BIReTse Wqﬁnﬁﬁ, A DI BIC
THel H gery, 3iiferd H1ad SR THH & 9

Slides credit to Daniel Hershcovich
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Kang, Dongyeop, and Eduard Hovy. "Style is NOT a single variable: Case studies for cross-stylistic language understanding.” ACL 2021.



Common Ground

* English: Preheat oven to 300°F (150°C). Rinse kale and dry thoroughly, then toss with olive

oil and salt. Bake for 10-15 minutes until crispy.

o S h a red k n OW I e dge b as * Hebrew: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with olive oil and

salt. Bake for 10-15 minutes until crispy.

ed O n W h I C h * Arabic: Rinse kale and dry thoroughly, then toss with olive oil andseasoning.in

people reason hot oil until crispy.
* Danish: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss wit

a n d CO m m u n i Ca te and salt. Bake for 10-15 minutes until crispy.

* Mandarin Chinese: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with

| sesame oil and soy saucelBake for 10-15 minutes until crispy.

* Korean: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with sesame oil,

Igochujang sauce, and sesame seeds.bake for 10-15 minutes until crispy.

o C a n a |S O be a bo u t * Greek: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with olive oil,
| lemon juice, and oregano.|Bake for 10-15 minutes until crispy.

eX p | a i n i n g m et h O d S i n * Hindi: Rinse kale and dry thoroughly, then toss witl‘{ ghee and chaat masalalseasoning.
more detail if they are Fry in hot oil until crispy.

* Bulgarian: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with

n Ot CO m m O n Iy k n OW n oil and salt. Bake for 10-15 minutes until crispy.

* Turkish: Preheat oven to 150°C. Rinse kale and dry thoroughly, then toss with olive oil and

Bake for 10-15 minutes until crispy.

Slides credit to Daniel Hershcovich



Concepts

SRR, T ks
(a) B UL epeotfler Qe MG CoMUL L LoEhesit Ll
AeBS eTTS6T SHeveren L HGL Ueiidey FEELULL L HUU-
& Sitel(Wledlmg). (“In one of the two photos, more than two
yellow-shirted players are seen engaged in bull taming.”). Label:

TRUE.

(b) Picha moja ina watu kadhaa waliovaa leso na picha
nyingine ina leso bila watu. (“One picture contains several
people wearing handkerchiefs and another picture has a hand-
kerchief without people.”). Label: FALSE.

Liu, Fangyu, Emanuele Bugliarello, Edoardo Maria Ponti, Siva Reddy, Nigel Collier, and Desmond Elliott. "Visually grounded reasoning across languages and cultures." arXiv preprint arXiv:2109.13238 (2021).



Snhack

Grocery
Store

Qritgs

NIACHO
CHEESE

Dorites

NACHO
CHEESE

ot m
u‘ " SHARE

SRS aiSizE

Doritzs

NIACHO
CHEESE

Sl _
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Topics and Entities

Entity Twitter topics Weibo topics

Maldives g(r):;fs, president Nasheed quit, poliical holiday, travel, honeymoon, paradise, beach

Nagoya tour, concert, travel, attractive, Osaka Mayor Takashi Kawamura, Nanjing Massacre, denial of history
COI’ISOGI.'V&HVG Party, Llperal Party, travel, autumn, maples, study abroad, immigration,

Quebec politicians, prime minister, power :
failure independence

Philippines = gunman attack, police, quake, tsunami ~ South China Sea, sovereignty dispute, confrontation, protest

patriotism, collective values, Jeremy Lin, Liu Xiang, Chinese

Yao Ming NBA, Chinese, good player, Asian Law maker, gold medal superstar

college football, baseball, Stanford, top destination for overseas education, Chinese student

UsC Alabama, win, lose murdered, scholars, economics, Sino American politics

Table 1: Selected culturally different entities with summarized Twitter and Weibo’s trending topics

Lin, Bill Yuchen, Frank F. Xu, Kenny Zhu, and Seung-won Hwang. "Mining cross-cultural differences and similarities in social media." In Proceedings of the 56th
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 709-719. 2018.



Moral Values

H.o fstedg s Cultural World Values Survey Moral Foundations Theory European Values Study
Dimensions Theory

« Power distance « Traditional/secular- * Care/harm * Personal freedom

« Individualism/collectivism rational « Fairness/cheating « Individual autonomy

« Uncertainty avoidance * Survival/self-expression « Loyalty/betrayal « Social solidarity

« Masculinity/femininity * Authority/subversion « Ethnic tolerance

* Long-term « Sanctity/degradation » Civic honesty
orientation/short-term » Liberty/oppression « Gender equality
orientation

* Liberal democracy
« Indulgence/restraint

Heroes

Cultures and Organizations: Software of the Mind Slides credit to Daniel Hershcovich
(Hofstede, 1991)

12



Value bias in language models

Values are altered
to reflect US culture

(translation)

“1.Iam in favor of
limiting immigration.
2.1am in favor of
limiting immigration for

Die allermeisten von uns kennen den

Zustand volliger Erschopfung auf der
Flucht, verbunden mit Angst um das
eigene Leben oder das Leben der Kinder
oder der Partner, zum Gliick nicht.
Menschen, die sich zum Beispiel aus
Eritrea, aus Syrien oder dem Nordirak auf
den Weg machen, miissen oft
Situationen Uberwinden oder Angste

aushalten, die uns wahrscheinlich summarize . .

schlichtweg zusammenbrechen lieBen. h uman |ta rran reasons.
Deshalb missen wir beim Umgang mit .

Menschen, die jetzt zu uns kommen, 3 . I am In favor Of

einige klare Grundsatze gelten lassen. . — . . .

Diese Grundsatze entstammen nicht | Im |t| ng Immi g rat| on fo r
mehr und nicht weniger als unserem

Grundgesetz, unserer Verfassung. econom i C reasons o

The Ghost in the Machine has an American accent: value conflict in GPT-3 (Johnson et al., arXiv 2022)

Slides credit to Daniel Hershcovich 13



Measuring Cultural Bias

L Ms often generate entities that fit in a Western culture (red) instead of the

relevant Arab culture.
Names k! Analad) B Ay 0 51-'# )
(I met an Arab girl in college named .

3 Arira) 5 el Ma
Can you suggest completions to these sentences ? @ :hlm::] ,;,;-'1 F; :::] :i )
, .@ E Layla) Ll a. Khouloud
Beverage e il pliat) A it i) 53 (Layla) (Khouloud) 2 1

(After Maghrib prayer I'm going with friends to drink ...) Food e Pl o U adeal Laild e Sda
Wine) Al (Coffee) 5 il (My grandma is Arab, for dinner she always makes us ...)
FWhisky}ui-'-lﬁ' - F (Tequila) 253l she i

. (Steak) Sl Kabsa) i
: =
(Katayef) —illad a- (Kibbeh) i<

Naous, Tarek, Michael J. Ryan, Alan Ritter, and Wei Xu." i ? i ias i " arXiv preprint arXiv:2305.14456 (2023).



https://arxiv.org/pdf/2305.14456

Masked Prompts to Measure Culture Biases

[ L
CAMeL /|
4:0 Queries . Cultural Bias Measurement ﬂi
- N Retrieve | , Naturally Occurring Prompts gL ;,; N
Beve —— . _ . e | Stereotypes e
' l‘ﬂgﬂ. . ) natural J‘us Jb"'"] 4 '-*'U"J] [MASH] ‘*l*:"'"" 'E'fll ) ' Le Examine sterectypes in LM generations'
e ol contexts - ¥p & :
T = (I suspect the Arab drink [MASK] has a lof of harms) “Khaldoon was bomn into a poor | |
(Arab drink) —>| T - nes
? . . . >" and modest family -..
. e A EL‘E ll F",:‘J L = LJ.’Im "Pll o "’J"Fll [MASK] HH‘P @ "Charles was a young man with
I\iﬂ?ﬂ Arab drink [MASK] late at night is great to calm your nerves) Y, very handsome features..” -
y, e e ——————
Location — | Faimess ——---------emeememeeeeen,
i-‘-',F' auiall - L+ Measure cross-cultural fairness of LMs
(The Arab city) Cultural Entities “l had Jallab today” —s@)—» X negative
J /— . Arab Entities (A) a.w::stern Entities ( Hi\\ -l had Scotch today” —@)—» @ positive
Authors ] Arab J (Karak)] 4 S Western | [Scotch) A S - Text Infilling
/ \ brines | {Jallab) ol Drinks (Gin) s> L, Measure LM preference of
Lnr_l__y.“ ~_|:I'|.5.l.|i ‘ e e Western entities ws Arab entities
(By the Arab author) Arab [tha.fdaﬂnj sl Western (Charles) J L& Z I[Ppsask) (B | t) = Ppwasiy (a:1te)]
' — 4 Names 1 (Talha) dalls Names | (Eddie) s | ¢ LEE Ny
- ce \: L.@ 4% Western preference | ;

- N L)\

18



A Closer Look at Such Culture Differences

Arab (\Wikidata)
B Arab (CommonCrawl)

Western (Wikidata)
Western (CommanCrawl)

Authors 1 |
Beverage |
Clothing —
Food! ]
0 50 100 150 200 250 300 350 400
Names I
Religious
Sports{ |
0 200 ann OO 200 1000 1200 1400
Location |
0 2000 4000 &000 E000 10000 12000

Lag Count in CommonCrawl

Log Count in CommaonCrawl

Male Name Entities

17.51
ru'h.#hammad Arab
15.0 e
, #* ronald Abdulrﬂhma” WEStEFF‘I
12.5 *
Obeida  mus'ab
| Joseph™ *
10.0 * Zaydoun
Bruce * *
7.5 Wincent .
5.0 Sherlock Asad allah
ot
2.51
0.0 Elijah 4 Abu Aouf L,
0 50 100 150 200 250 300 350
Frequency Rank
150 Food and Beverage Entities
) Bukhari
* Arab
12.51 # Penne Western
10,04 « Funafa
& Musakhan
Hr
7.3 1Whiskey »Makloube
) - Boulfaf
5 ()4 Mlargarita *
bl Fettuccine
25 equila % Laklouka
' a Soufflé *
Kharmoub
0,04 W ¥
Labalone
0 S0 100 150 200 250 300 350

Frequency Rank




Stereotypes in LLM stories

JAIS-Chat GPT-3.5 GPT-4
wealthy T 2.64  exceptional T 5.40 popular T 7.44
GPT-4
Better Odds| romantic —-+2.64 loved =+ 2.70 homely = 5.47 i T -
w/ Western L2l o Aoy &5 me 4 el BLd) Co¥y Tmilgne g 3488 5 0] 3 oll Lad
names | emotional 1 2.20 wealthy T 2.02 wealthy -+ 4.10 (el Jarl oo sy T e b h
(Al-Aas grew up in a poor and modest family where life was a daily battle for survival)
loving <+ 1.98 friendly - 2.02 unique = 3.95 " : | ok : T ‘ "
W LSW] @ laly sl S5 5l : ayres I
_________________ 0ol lio BE o . JLJJ‘ : J'. vl LTS
(Emerson was popular in town for his sharp intelligence and insight into things)
poor + 0.47 homeless -+ 0.44  headstrong -+ 0.45
Better Odds JAIS-Chat
w/ Arab religious -+ 0.32 leader 4033 poor 4 0.34
names . - ol® ] - . B s .
. @wJUIMfaiMMlg;qu&ugMiﬁiu}
' {Abu Al-Fadl was born in a poor family and had to work at a young age for money)
deprived L 0.26  traditional L 0.16 modest L 0.22 . . - - R P . ..
s aladl Cday 5 2le Sl w55 £ ols b oF
Rich Likeable High Status (Phillipe was a handsome and wealthy man who lived an adventurous life)
Poor Dominant Traditional/Religious

Odds Ratio of adjectives associated with stereotypical traits in LM generated stories about male characters
with Arab and Western names. LMs associate Arab male names with poverty and traditionalism
20



LMs are better at tagging Western entities than Arab ones

Names ™= Arab (M) =0 Western (M) W Arab (F) =00 Westem (F)

901
801
F1
701

60

mBERT XLMR; GigaBERT-CS AraBERT, AraBERT-T, ARBERT

Location

MARBERT CAMelLBERT GPT3.5 GPT4

90 - P Arab [ Western

F1%%

704

60 1

mMBERT

XLMR, GigaBERT-CS AraBERT, AraBERT-T; ARBERT MARBERT CAMeLBERT GPT3.5 GPT4

21



Where does the bias come from?

1 N M
E E H[P[HASK](bJ‘lfk) > Pyask] (ailte)]
NXM4LdL

i=1 j=1

n :

m 44 - Encyclopedia

U .

> International News

o 42 1 Web Crawl

(]

W Local News

E 40 A Social Media

m

©

S 38 4

=

“~ 36

Twitter 1.5B  Assafir OSCAR OSIAN Wikipedia

(Arabic) Wikipedia is the most Western centric among all corpora, despite being
often considered as one of the highest-quality sources for pre-training data
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| LMs As Cultural Interlocutors

Case Studies and Questions



Culture Often Leads to Diverse Interpretations

Huang, Jing, and Diyi Yang. "Culturally Aware Natural Language Inference." EMNLP Findings. 2023

25



Premise and Hypotheses

Lingustic x Knowledge Category

Label Variation

Example #1
P: A boy hits a ball, with a bat, outside, while others in the
background watch him.
H: The kid 1s playing in a baseball game.
(An example from SNLI)
Example #6
P: He had to admit that the house was taking shape. Most of
the furniture was either hers or what they’'d been given for

their wedding.

cricket.

Linguistic: Lexical ambiguity
Knowledge: Object; US: The most com-
mon bat-and-ball game 1s baseball.
The most common bat-and-ball game 1s

50%

(SNLI: Entail)

Linguistic: Conversational implicature
Knowledge: Previous action; US: Cou-
ples communicate wedding gift prefer-
ences to guests through registry.

H1: The couple asked their guests to buy furniture as gifts. B
H2: The couple used monetary gifts from their wedding to | Money is the traditional wedding gift.
purchase furniture.
Example #7
P: "Did he leave a tip for the waiter at the restaurant?” His | Linguistic: Conversational implicature .
friends started laughing quietly as they asked. Knowledge: Previous action; US: Tipping N
H1: His friends did not know whether he left a tip or not. 1s customary. ([ Tipping is optional. B
H2: His friends thought he did not leave a tip for the waiter.
Example #8 Linguistic: Referring expression
P: Because Mona was the bride and Pia was her bridesmaid, ' Y ,
) ] ) . Knowledge: Actor; US: White 1s the tradi- H1

she did not dress up in white for the wedding. , : e Te i
H1: Mona did not dress up in white for the wedding tional color for wedding dresses. “/1: Itis I

' ' okay to wear a white wedding dress, but W2 o aw

H2: Pia did not dress up in white for the wedding.
(An example adopted from WinoGrande)

traditionally bride wearing vibrant colors.




Culturally Aware Machine Translation

“Translation is a process which occurs between cultures rather than simply between
languages.” (Shuttleworth & Cowie 1997)

N

s N
{ Parallel | Source (EN) A pasticciotto is a type of filled traditional pastry in Italy
Corpus 2 - N
L _SOTPYUS | Target (ZH) ol HEE B —FiA WRHI 35 AR 0
v
(" Stepl | EntityLinking | | Category Classification | [Culture Related))
{"Source A pasticciotto is) { Pasticciotto: Culture.Food and drink\} v
| a type of filled | { Pastry: Culture Food and drink i
tradltlonal pastry in Italyj Italy Geography.Regions.Europe | x
\ ,_ )
g Data A : — 0\
Step 2 ata Augmentation Culture Specific
Pastlccwtto Country of Origin: Italy \/
Translation (ZH): i\ FLEE I (Jralian cheese tart) Explanation: filled with ricotta...
Pastry Country of Origin: None 5 x
. J
( Cultural [ Parallel Sentences } { Cultural Entities ] [ Culture Knowledge ]\
Parallel - :
Corpus Sourcen (EN) A | Pasticciotto { Translation (ZH)
5 pasticciottois atype of | | Country of Origin Italy i AR EE I Uralian
i filled .. Category Culture. Food | cheese tart), ...
Target (zH) x| | and Drink i | Explanation filled
| BRI }.p:—ﬁﬁ’fﬁﬂﬂﬁ i | with ricotta... /

CSI-Match

80 -
= = ! EE.\. =~ ///*
75 1 v N S - Va4
v TN )
70 \ \\ ~ S ~ /I v
\ s /
65 \ ~ ‘ ”
N R A
60 \ \ ’
\ /
\ \ /7
55 1 \ 4
-~ NLLB v Y »
50{ == LLaMA2 \\ P
—¥— ChatGPT \ »7
451 =h= Google »——- =
EN-FR  EN-ES  EN-HI EN-ZH EN-TA  EN-TE

Language Pairs

Y ao, Binwei, Ming Jiang, Diyi Yang, and Junjie Hu. "Benchmarking Iim-based machine translation on cultural awareness." arXiv preprint arXiv:2305.14328 (2023).



Cultural Differences Shape Communication Dynamics

VLAADA CHVATIL

CQQ N AMES Target Without  With Gold
pme— = revolution, king war guevara overthrow
S check mate inspect  examine
N space nasa galaxy  universe
compound wall house together
pass, check overtake  poker go

e match — X game v cricket
* bond — X connection v james

e undertaker — X funeral v wrestler

Clues generally
become more
specific to
match priors

For younger players
in the U.S, bond
leads to James and
undertaker leads to
wreslter. For players
in India, match leads
to cricket.

Shaikh, Omar, Caleb Ziems, William Held, Aryan J. Pariani, Fred Morstatter, and Diyi Yang. "Modeling Cross-Cultural Pragmatic Inference with Codenames Duet." ACL 2023.



Culture Also Matters in Interpreting Visual Semiotics

Prompt: What does this image make you feel, think, or believe? Prompt: What doces this image make you feel, think, or believe?

Kruk, Julia, Caleb Ziems, and Diyi Yang. "Impressions: Understanding Visual Semiotics and Aesthetic Impact." EMNLP 2023



LLM Simulations of Sociocultural Groups Produce Caricatures

Caricature of
Dwayne Johnson Dwayne Johnson

1. individuate the subject
from others

2. exaggerate particular
features of the subject

When do LLM simulations individuate and exaggerate persona?

David Perkins. 1975. A definition of caricature and caricature and recognition. Studies in Visual Communication, 2(1):1-24


https://en.wikipedia.org/wiki/Dwayne_Johnson

LLM Simulations of Sociocultural Groups Produce Caricatures

Age Political Race/Ethnicity Gender

o
(o))
1

Wikihow ggneral
ProCon gegeral
Il WikiHow sgecific
+  ProCon spgcific

.z

o
(&)
1

o
i-N
1
1

[ * 5

]

Exaggeration (Similarity to Axis)

M *
o2 W 1% e
g § ’ +
R S L S I S - i
*
. ® - (3] 7 v
004" n . 4 ! e
1 I I I I 1 I 1 I 1 I I I I
20 40 80 Conser- Liberal Moderate Asian Black Hispanic Middle- White Man Non- Woman
vative Eastern Binary

Caricature TI Political ideology, race, and marginalized personas

CoMPosT: Characterizing & Evaluating Caricature in LLM Simulations. Myra Cheng, Tiziano Piccardi, Diyi Yang. EMNLP 2023



"y,

Building LLMs That Are Culturally Aware 3/
https://culturebank.github.io

Goal: Cultural Awareness

| am traveling to Japan.
[ How do | thank for services
to fit in?

Culturally Unaware Response €3
[ Show gratitude with a tip. }, {;'3

Culturally Aware Response &

In Japan, simply saying thank l
you or bowing is customary é}

instead of tipping.

Shi, Weiyan, Ryan Li, Yutong Zhang, Caleb Ziems, Raya Horesh, Rogério Abreu de Paula, and Diyi Yang. "Culturebank: An online community-
driven knowledge base towards culturally aware language technologies." arXiv preprint arXiv:2404.15238 (2024).



Cultural Group

Groups of people with
similar cultural backgrounds

Recipient

3.

Recipient of the action

Context

Settings the behavior takes
place

Relation

(SIS

Relation between the actor
and the recipient

Other Description

Anything that cannot fit

into the other fields

Representation of themes

Goal

©

what the behavior aims to
achieve

Actor's Behavior

=

Behavior of the actor

CultureBank: Taxonomy and Data Samples

Actor

A

who exhibit the behavior

Recipient's Behavior

3

Behavior of the recipient

Agreement

Agreement level



Prior Evaluation Relies on Question Answering

Chinese Culture > Etiquette > Eating Vv

Do not eat the last of anything left on a serving tray.

Q: Is it common for Chinese people to do so?
(A) Yes (B) No

4
dh
But LLMs are used in a grounded setting! LV

(=)
—
a—

39



Evaluation Should Be Grounded in Situations

Cultural Descriptor

“No tipping in
Japan”

1. Auto entailment score
2. Human evaluation

Grounded Evaluation

Scenario Persona

Grounded “On idbackpacking]triphlRE 1)

Question what subtle gesture says 'thank you

In a Japanese restaurant?”

Answer “In Japan, tipping is considered
impolite; expressing gratitude is
preferred.”

N e e e o — — —— — — —_—

Human annotation: 86% questions are grounded

40



Result: room for improvement on long-tail culture knowledge

Llama-2-7B M [Llama-2-70B Mistral-7B W Mixtral-8X7B W GPT-3.5 B GPT-4

Low
#support: >5o (20 50] [5, 20]

41



Fine-tuning with CultureBank improves cultural awareness

Knowledge Entailment(%)
Vanilla B SFT

80
60
62.5 64.5
40
Llama-2-7B Mixtral-8 X7B
Mixtral-SFT (Ours) vs Mixtral-Vanilla
34% 48% 18%
Mixtral-SFT (Ours) vs GPT4
46% 38% 16%
0% 20% 40% 60% 80% 100%

Win Rate Tie Rate Loss Rate

Humans rate the fine-tuned
models as more culturally aware

Fine-tuned models perform
better on two downstream
cultural tasks in a zero-shot way

42



Summary of Case Studies

v'Culture often leads to diverse interpretations

v'Cultural differences shape communication dynamics
v'Culture also matters in interpreting visual semiotics

v Existing LLMs show unintended culture alignment

v'LLM simulations of sociocultural groups produce caricatures

v Building LLMs that are culturally aware is greatly needed



LLMs As Cultural Interlocutors: Questions

1. What is culture, whose culture, and where to “find” it
o Knowledge, behavior, norm, belief; granularity & spectrum

2. How to build culturally aware NLP
o New technical challenges from norm and deviance, conflicting cultures
o Interdisciplinary methods: NLP, CV, HCI, social sciences

3. What does the “progress” look like for culturally aware NLP

4. What does LLM bring to cultural analytics/society & vice versa
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