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Extract the food dish mentioned in the following text (1)

Sense 1: Sense 2:
Arab Food Entity Flipped (adjective) Makloube (food)
My grandma makes the best Makloube. a-UﬁA iail (A e
Each bite holds her kitchen's warmth. 12 .I sy Jaat dadl S

I—»a_j Makloube \/ L’G—j (kitchen) LPJ‘-“ X

Sense: Lasagna (food)

Western Food Entity
My grandma makes the best Lasagna. _l,,d\j'x' A éh poan
Each bite holds her kitchen's warmth. Leaihe sean 2 il

I—» G‘j Lasagna |—> G—j (Lasagna) L) ¥ v



Extract the food dish mentioned in the following text (1)

Sense 1. Sense 2:
Arab Food Entity Flipped (adjective) ~ Makloube (food)
My grandma makes the best Makloube. Ao glia (bl i aa

CAanlh lWitA IWAlAA hav laatAlhAn'A vhravimatih

Do non-English linguistic phenomena impact entity-centric cultural biases in LLMs?
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Sense: Lasagna (food)

/\f

My grandma makes the best Lasagna. LS Y Jaadl (S pant
Each bite holds her kitchen's warmth. Leanlae eCay Jead dadl S

L’ { Lasagna }\/ I—» % (Lasagna)l-‘-‘by}\/

Western Food Entity




CAMelL-2: Parallel Arabic-English Benchmark

Extension of our entity-centric CAMeL benchmark (Naous et al. 2024)

Large Entity Coverage Natural Contexts Fully Parallel
y | 117 long & implicit context templates "
50k entities contrasting ; J P P - Al erl‘lt'tl'e_s 2”db902teEXt3|?‘rhe
g . . paraliel In AraniC Nnglis
and Western cultures Gﬁo ExtractiveQA o SRR \
| Slo calal Joi a5 SN Leiliie de g piia o yin a8l Sy paial Ll Lia {/ Dave <«— u:,r/_a
Person Names ( / Jessica) leale Jniaim; 43Y GVl gdlog 4BDlall le G815 Ll o) pime 0555 5 i
' ~ iy S e daialla Cpe s la g l il
Food dishes ( /Sloppy Joe ) O 5 Led st OIS (e Credn hyosailag 33,5 gu : Lasagna «+—» Lil j¥Y
€ 4553 Lgilon 48 JaSi L) L Jusil o | —
Beverages ( / Irish Cream ) , \
Locations ( / Atlanta ) 250 culturally-grounded contexts
Authors ( / Charles Dickens ) _ _ /" My grandma is Arab, for dinner she always )
Sports clubs ( / Liverpool ) My grandma is Arab, for dinner she always makes us [MASK] <\\ - rjliﬂ_(eis_lis_ [_NjA_S_}f] _________ )
Gﬁ P[MASK] (Lasagna) >? P[MASK]( ) [ sLiall Lo [MASK] W uans Lails &y e jiaa
Collected semi-automatically from Constructed from natural discussions on X Direct cross-lingual comparisons

Wikipedia + human annotation

Naous, Tarek, et al. "Having Beer after Prayer? Measuring Cultural Bias in Large Language Models" ACL 2024



Is Performance Consistent Across Arabic & English?

Extractive QA Cultural Context Adaptation

Testing Language: Arabic ® English

Llama3.3-70b

Arabic English Llama3.3-70b
| Authors{®
Arab  Western AAcc | Arab  Western AAcc . B _

: everage L

Authors 9262 9028 234 | 9899 99.16  0.17 Food s

Beverage  82.65 78.19 446 | 99.14 9771  -1.43 | Location|

Food 8408 8471 063 | 9584 9821 2.37 |

Location  80.66 9559 [ 1493 | 9858 99.89 131 Names (F);

Names (F) 63.38  77.39 | 1401 | 99.86 99.14  -0.72 Names (M) ®

Names (M) 7545 7623  0.78 | 9943 9978 035 Religion o

Sports 68.58  79.01 [UI0M3M 9277 96.02  3.25 Sports| .

Religious  51.36  80.96 | 29.60 | 98.52 97.69  -0.83 >0 40 60 80
CBS

AAcc = Acc(Western) — Acc(Arab) Cultural Bias Score (0-100%):

Small performance gap between cultures in English Better context adaptation in English than Arabic



Is Performance Consistent Across Arabic & English?

Extractive QA Cultural Context Adaptation

Testing Language: @ Arabic @ English
Llama3.3-70b

Arabic English Llama3.3-70b
i Authors{e—® |

What causes this disparity between both languages ?

Location 80.66  Y5.59 1493 Y8.58  9Y9.8Y 1.31 | A

Names (F) 6338 77.39 [ 1401 | 99.86 99.14  -0.72 Names (M) ®

Names (M) 7545  76.23 9943 9978 035 Religion » ®

Sports 68.58  79.01 9277  96.02 325 Sports ®

Religious  51.36  80.96 | 9852 9769  -0.83 >0 40 60 80
| CBS

AAcc = Acc(Western) — Acc(Arab) Cultural Bias Score (0-100%):

Small performance gap between cultures in English Better context adaptation in English than Arabic



On the Origin of Biases

1 Frequency in Pre-training Data Do we perform better on higher frequency entities?



Testing Language: Arabic B English

—o— Llama3.3-70b —— Qwen2.5-72b —— Aya23-35b

Arab Locations Arab Names Arab Food & Beverage
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Performance drops in Arabic on entities that appear at very high frequencies (>1M times)

Performance is much more stable in English where we don’t see similar steep drops at high frequencies



On the Origin of Biases

2 Impact of Entity Word Polysemy What happens when entities exhibit polysemy?



Regional Influencing Language(s)

North Arabian Canaanite Egyptian Cushic
South Arabian Akkadian I Berber
o Syfia . __------"""""°
Tunisia Lebanong?="c =
‘ Palestine Iraq
Jordan Kuwait
Egypt Qatar
o}
Oman
Sudan Yemen \\
\
Djibouti AN
Somalia

Non-Polysemous Example

Transliterated to Arabic
from Phoenician “br rot”

———————————————————————

Arabic word which
\ also means “red”

———————————————————————

Locations in Arab countries can be non-polysemous transliterations or polysemous Arabic words

Great testing setup to analyze the robustness of models to word polysemy when recognizing entities

—— o o =

— - - o -



Testing Language: B Arabic English
Arab Locations

Niger-Congo Cushitic Berber Egyptian Canaanite North Arabian Akkadian South Arabian
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S, 100 1001 100 - 1001 1001 100+ 1001 100 100'9
0 - - _ 80 2
C 380; 80 — 801 ] 80 1 80 80 80 1 80 "
= 60 3
]
O 607 60 60 1 60 1 60 60 1 60 1 60 - £
< 40 g
g 40 40+ 40 1 401 40+ 40 A 401 401 20 %‘
(o a
20— 20— — 20— 20" 20+ 20— 20- 20- 0 X
éo‘o @,{}"O 03,\ ob,bo fa{.\@ Oé’o-;o‘\!b@a’@qé@ CS\& &\@ “b,bc (\0«:\ 5 $® %@& §$ @00‘3’ @v \@o 6@«\ 6‘6{\
O & O OO 8 & 2 9 o o $ e) )
(_,0& o N ) k@&\ @o AR sz}e $ \§,° e A

Darker blue color reflect higher percentage of polysemous entities
Performance drops as more Arab entities exhibit Arabic polysemy
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Performance is stable for Western entities in Arabic since they are transliterations with no other sense



On the Origin of Biases

3 Overlaps with other Languages Does overlap of entities with other languages matter?



We analyze the impact of overlaps between Arab entities and words in languages that use Arabic script:
Farsi, Urdu, Tajik, Kurdish, Pashto

—o— Llama3.3-70b —&— Qwen2.5-72b —— Aya23-35b

9 Arab Locations %0 Arab Names 90 Arab Food
> > >
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Performance drops as more Arab entities appear in high frequency in other languages



Polysemy in
Arabic

Polysemy with
other languages

Polysemy with
transliterations

Arabic
A phae (8 S Jaa

My grandmother lives in Matrooha

Arabic
¢ ) 138 gl sl s
| was visiting Ouzanne this week

Arabic
Ol (e Oy il al
| bought coffee from Yemen

Arabic
ool da g paa dcadll

The issue is proposed for discussion

Farsi
IR xR pE Sl eld
The poet carefully checked the weight of her poem

Arabic
el o3 O Al oy il
| met a guy named Ben yesterday

These are going to be tokenized by the tokenization algorithm in the same manner
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On the Origin of Biases

Sub-word Tokenization

How does sub-word tokenization impact things?



B Polysemous Tokens Non-Polysemous Tokens Exam P le Cases
Llama3.3 — 70b (Vv =3.8k) ARBERT s (V =93k)

| [ ] Sense

100 ‘ ‘ 1§§ r ﬂb ¢ | (voboki
1 2 3 4+

Yoboki (village)

NER F1

QA Accuracy
N B O
OO0 OO0 O0o

‘Z‘g : &y New (adjective)
0 .
|

[5-222]

i 5 3 4+ (Djedida) s>  Djedida (village)
#Tokens #Tokens

Performance is worst when entities are tokenized into single tokens and exhibit polysemy

Models don’t struggle as much when entities are split into 3 or more tokens
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Performance drops as vocabularies get very large



Takeaways

* Non-English linguistic phenomena contributes to cross-cultural performance gaps in LLMs
« Models are struggle to distinguish entity vs non-entity senses (within and across languages)

« This can lead to a perceived Western bias in models

« Tokenization plays an important role

* Need better ways to tokenize entities that hold multiple sense to enhance model performance



1AUAN 1SS Merci 151 €egdie Asante Tesekkirler
HYHE D Gracias 5% HEOTM Obrigado Thank You

Arab Western

CAMel-2 is available at: O https://github.com/tareknaous/camel?2

Feel free to follow up with me on @tareknaous



Additional Slides



Cultural Bias Score - How often do LLMs prefer Western entities?

My grandma is Arab, for dinner she always makes us [MASK]

Piyask (Lasagna) >? Pryaskl( )
Western entities Prompts Set entities
B = {b}jLs T = {ti}k=1

T

WZ I[Pmask] (bj|tk) > Pimask)(ailty)]

i,jk
Cultural Bias Score (0-100%):



Scaling Trends

Non-Polysemous Entities
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POS Tag Distributions of Entities in Arabic vs English

Food Entities Location Entities Person Name Entities
5 . Arabic (1=0.689 hits) 5 mm Arabic ({=0.896 bits) 5 - mm Arabic (#=0.799 bits)
B Englishyncaseq (H=0.147 bits) B Englishypcased (H=0.674 bits) BmE Englishyncased (H=0.267 bits)

2 41 Englishcaseq (1H=0.127 bits) 2 44 Englishcaseq (1=0.354 bits) + 44 Englishcaseq (11=0.104 bits)
3 3 3
O3 O3 O3
(@) (@) 81
92 92 — 2

1 1 14

Noun Adjective Verb  Other Noun Adjective Verb  Other Noun Adjective Verb  Other

Entities in Arabic have high entropy in terms of their grammatical roles in natural language

Entities in English have lower entropy, which decreases further when capitalization is used




Cultural Adaptation Results — Frequency In Pre-training

Testing Language: Arabic B English

—e— Llama3.3-70b —— Qwen2.5-72b —— Aya23-35b

Arab Locations Arab Names Arab Food
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Similar trend to the extractive QA task, where the CBS increases for high frequency entities



Cultural Adaptation Results — Frequency in Other Languages

—o— Llama3.3-70b —&— Qwen2.5-72b —— Aya23-35b

Arab Locations Arab Names Arab Food
i 7) i 300 » 400 o
80 400 0 80 0 80 0
2 £ 2 2005 2 £
3 1 A
O 60 200 £ O 601 c V60 200 g
ey 100 W W
3 3
40— 1 —— () 40— — —— () 40 — — — — ()
S 333383383 S 333383383 S 333383383
2 T T e e T ' A e e R e YN N Y N N N N Y
Frequency in Other Languages Frequency in Other Languages Frequency in Other Languages

Similar trend to Extractive QA, where we find that the CBS increases with more overlap



