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Language Model

> Language modeling aims at predicting the
probability of the next token w; based on the

| softmax
prefix p(we|wywy === wy_1): m

city 70%

. beautiful 10%
Hangzhou isa __

Island 0.001%

> Architecture

- Transformer has become the backbone
architecture of language model.
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Scaling-up Language Model

> Increasing training tokens and parameters leads to lower training loss

(higher-level intelligence).
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Hoffmann et al., Training Compute-Optimal Large Language Models, NeurlPS'2022.
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Huang et al., Compression Represents Intelligence Linearly, COLM'2024.
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Towards General Artificial Intelligence

> The scaled-up language models acquire a wide spectrum of capabillities.
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Model scale (training FLOPS)

Wei et al., Emergent Abilities of Large Language Models, TMLR'2022. 5
Chen et al.,, MEGA-Bench: Scaling Multimodal Evaluation to over 500 Real-World Tasks, arXiv'2024.



Unbalanced Data Distribution

> Scaling up language model makes data imbalance issues severe.
- relatively easy to collect English corpus

- hard to collect non-English corpus

LLaMAZ2 MADLAD-400
Language Percent Language DPercent I Noisy
en 89.70% | uk 0.07% 10! B Clean
unknown 8.38% | ko 0.06% I on Google Translate
de 0.17% | ca 0.04% 109
fr 0.16% | sr 0.04% ¢
SV 0.15% id 0.03% AGZ) 1 07
zh 0.13% CS 0.03% |9
es 0.13% | fi 0.03%
ru 0.13% | hu 0.03% 10°
nl 0.12% | no 0.03%
it 0.11% | ro 0.03% 103
ja 0.10% | bg 0.02%
pl 0.09% | da 0.02%
pt 0.09% | sl 0.01% GHO% e Ty £ AT PR T OGRS R A 3 E TR TN RE SO E RN YR E O PP RESEEES
vi 0.08% | hr 0.01% “’ “Eo ES S © i

Touvron et al., LLaMA2: Open Foundation and Fine-Tuned Chat Models, arXiv'2023.
Kudugunta et al., MADLAD-400: A Multilingual And Document-Level Large Audited Dataset, NeurlPS'2023.




Unbalanced Data Distribution

> Scaling up language model makes data imbalance issues severe.
- hard to collect non-English corpus

- hard to filter non-English pages ()

- hard to identify page languages (®)

heavily rely on native speakers’
- hard to filter non-English sentences (@) observations and annotations

A A A A A A A A
v T X vVivilX

Kudugunta et al., MADLAD-400: A Multilingual And Document-Level Large Audited Dataset, NeurlPS'2023.

(4) filter noisy sentences




Unbalanced Data Distribution

> Most of post-training datasets, including instruction and preference data
also focus on English.

Datasets Sourced from # Instances N, .z L L

prompt completion
SuperNI [48] NLP datasets + Human-written Instructions 96,913 1.0 291.1 38.7
CoT [50] NLP datasets + Human-written CoT's 100,000 1.0 266.0 53.2
Flan V2 [31] NLP datasets + Human-written Instructions 100,000 1.0 355.7 31.2
Dolly [12] Human-written from scratch 15,011 1.0 118.1 91.3
Open Assistant 1 [26] Human-written from scratch 34,795 1.6 34.8 212.5
Self-instruct [47] Generated w/ vanilla GPT3 LM 82,439 1.0 41.5 29.3
Unnatural Instructions [23] Generated w/ Davinci-002 68,478 1.0 107.8 23.6
Alpaca [43] Generated w/ Davinci-003 52,002 1.0 27.8 64.6
Code-Alpaca [6] Generated w/ Davinci-003 20,022 1.0 35.6 67.8
GPT4-Alpaca [36] Generated w/ Davinci-003 + GPT4 52,002 1.0 28.0 161.8
Baize [52] Generated w/ ChatGPT 210,311 3.1 17.6 52.8
ShareGPT? User prompts + outputs from various models 168,864 3.2 71.0 357.8

More than 7,000 languages' are spoken around the world today, with a considerable number facing
the challenges of being low-resourced, under-represented, or disappearing [Maxwell & Hughes, 2006;
Simons, 2019; Moran & Chiarcos, 2020; Secretariat, 2022; Gao & Liu, 2023; Ilhomovna & Yulda-
sheva, 2023; Marivate et al., 2020]. In contrast, the most widely used datasets and breakthroughs
in NLP have coalesced around a few data-rich languages |Longpre et al., 2023b; Taori et al., 2023;
Chung et al., 2022; Fan et al., 2021; Dodge et al., 2021; Lucy et al., 2024]. IFT datasets are no
exception; the creation of these datasets has almost entirely focused on English. Furthermore, the

vast majority of the creators of these works originate from a few countries [Longpre et al., 2023b;
Zhang et al., 2022|.

Wang et al., How Far Can Camels Go? Exploring the State of Instruction Tuning on Open Resources, NeurlPS'2023. 9
Singh et al., Aya Dataset: An Open-Access Collection for Multilingual Instruction Tuning, arXiv'2024.
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> Chapter Il: Observations and Analyses
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Scaling up does not solve Multilingualism

> LLM performs much worse in translation, reasoning, factual consistency,
etc., for languages that are dissimilar to English, such as Asian languages
and African languages.
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translation (Zhu et al.) reasoning (Shi et al.) knowledge (QiI et al.)

Shi et al., Language Models Are Multilingual Chain-Of-Thought Reasoners, ICLR'2023.
Qi et al., Cross-Lingual Consistency of Factual Knowledge in Multilingual Language Models, EMNLP'2023. 11
Zhu et al., Multilingual Machine Translation with Large Language Models: Empirical Results and Analysis, Findings of NAACL'2024.



Knowledge related tasks

> LLMs perform diversely for different languages in knowledge related tasks.

- especially poor when retrieving knowledge from other languages.

—— ChatGPT —— ChatGPT —— LLaMA2-Chat 13B
—— LLaMA2-Chat 70B —— LLaMA2-Chat 70B —— Vicuna v1.5 13B
—— LLaMA2-Chat 13B —— LLaMA2-Chat 13B , —— BLOOMZ-MT
—— Vicuna v1.5 13B —— Vicuna v1.5 13B
it fr —— BLOOMZ-MT it fr —— BLOOMZ-MT
pl de pl de

ru en ru | "X‘ — en

ar zh ar Zh

he ja he ja

Common Sense QA Factual QA Cross-lingual QA

Gao et al., Multilingual Pretraining and Instruction Tuning Improve Cross-Lingual Knowledge Alignment, But Only Shallowly, NAACL'2024. 19



Knowledge v.s. Cross-lingual Transfer

> Knowledge retrieving seems to be the key obstacle in cross-lingual transfer,
l.e. performance in another language when trained in one.

> Knowledge-free tasks are better transferred to other languages.

EN
Arithmetic Reasoning Symbolic Reasoning Logical Reasoning

EN EN EN

—e— | LaMA 2 —o— BLOOMZ —t— ||aMA2 =—+— Qwenl.5  =—e— BLOOMZ  =—e— Mistral
- Qwen 1.5 —e— Mistral

Knowledge Related Tasks Knowledge-free Tasks

Hu et al., Large Language Models Are Cross-Lingual Knowledge-Free Reasoners, arxiv'2024. 13



Understanding LLM's Multilingual Working Pattern

> Wendler et al. discover that when LLMs

- Phase 3
perform multilingual tasks, they show a |
three-phase working pattern. = - fowe.
‘ R Phase 2
> by observing layer-wise logit lens:
- phase 1: grounding to non-sense tokens e
- phase 2: grounding to English tokens
- phase 3: grounding to non-English tokens
Francais: "vertu" - # 3 "£&"
Francais: "siege" - A7 3(: "JBE"
Francais: "neige" - F3: "&H"
Francais: "montagne" - 7 3C: "[1]"
Francais: "fleur" - 3 "
14

Wendler et al., Do Llamas Work in English? On the Latent Language of Multilingual Transformers, ACL'2024.



Understanding LLM's Multilingual Working Pattern

> layer-wise qualitative fine-grained observation
- entropy: whether latents are orthogonal to output token space
- token energy: how much of the latent is relevant for predicting the next

token
- language probability: the prob that the grounded token belongs to a
specific language  umniities by leye "
ia% 13 embeddings
§ Gj \ Output tgken 1
E 5 [ I | embeddings
> proposed three-phase working pattern 5, ° * * *© %
£ 25 2
- phase 1. context understanding ,_‘j/‘“—\/'] e i
. g0 B 4 e & / e : X
- phase 2: concept processing foed—aw Ty K | «'
. _él:dz: S~
- phase 3: token generation S T
thase1 Phase 2
Sl duiini S s
15

Wendler et al., Do Llamas Work in English? On the Latent Language of Multilingual Transformers, ACL'2024.




Neuro-level Analysis

> Language specific neurons are mainly
distributed in the models' first and last few
layers (Bhattacharya & Bojar., Kojima et al,
Tang et al.).

> The models can control language In text
generation by intervening with language-
specific neurons (Kojima et al., Tang et al.).

Without any Machu Picchu consist of three main structures, namely Intihuatana, the Temple of the Sun,
intervention and the Room of the Three Windows.

Intervention in Machu Picchu besteht aus drei Hauptstrukturen, ndmlich Intihuatana, der Tempel der
German neurons Sonne und die Zimmer mit drei Fenstern.

Intervention in MEHNDBGLE=1"TENER, BIFER. XBRN=EE.

Chinese neurons

150 -

100 -

50 +

0 -

0

5

10

15 20

BLOOM-1.7B (Fr)

200 A
150 -
100 - l

0 10 20 30

LLaMAZ2-13B (Zh)

““Translate a sentence
from English to a target language.”

Accuracy BLEU
de 00 — 620 28 — 16.5
es 50 —» 780 40 — 16.5
ja. 00 — 3850 03 — 9.2
fr 00 — 580 34 — 213
zh 10 —» 790 12 — 12.7

Bhattacharya & Bojar, Unveiling Multilinguality in Transformer Models: Exploring Language Specificity in Feed-Forward Networks, arXiv'2023.
Kojima et al., On the Multilingual Ability of Decoder-based Pre-trained Language Models: Finding and Controlling Language-Specific Neurons, NAACL.2024.
Tang et al., Language-Specific Neurons: The Key to Multilingual Capabilities in Large Language Models, ACL'2024.
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Neuro-level Analysis

> Disabling language-specific neurons _Model Method Fr | Zh | Es | Ru | Avg.
Original 14.2 | 61.1 10.4 | 20.8 | 26.6
harms‘ pe.rformance, whereas Vicuna Deactivate Random | 14.1 | 61.6 | 10.4 | 20.8 | 26.7
deactwatmg random neurons does Deactivate Lang-Spec | 0.83 | 0.00 | 0.24 | 0.42 | 0.37
not Original 15.2 | 56.4 | 10.6 | 21.0 | 25.8
) Mistral Deactivate Random 154 | 55.9 | 10.2 | 21.2 | 25.7
Deactivate Lang-Spec | 0.21 | 0.39 | 0.15 | 0.07 | 0.21
> Fine-tuning language-specific
50 49.349.47 Random 400
neurons boost performance,
whereas fine-tuning random
neurons does not.
0 MGSM XQuAD X-CSQA XLSum
Datasets
17

Zhao et al., How do Large Language Models Handle Multilingualism? arXiv'2024.



Analysis of Internal Representation

> Same concept in different languages may activate the same internal
pattern.

S R EEEERET Golden Gate Bridge feature example

The feature activates strongly on English They also activate in multiple other languages
descriptions and associated concepts on the same concepts And on relevant images as well

in the Presidio at the end (that's the« Jd—=-ITY - =k -7V vy@. EFRBEO7

huge park right next to@#i® Golden@@® . , r;EsEoyY 75> v RIBEXTEN
(bridge ), perfect. But not all people

s TB I LEY S ERS

repainted, roughly, every dozen years." =S4 0/E R E= L =(0)=2 AZELOFE
while across the country in san fran e 0|E sEo| X SHERL 20| CHLIRE H 0
cisco, the goldenfigat® bridge was

MOCT 30N0Tb € BOPOTa — BUCAYUK MOCT
it is a suspension bridge and has similar

coloring, it is often<> compared to the 1€p E3TNPON NBESENOTHCES OP SoTEDTERS

Golden@Gat® Bridge in San Francisco, US )eAUHAET ropon caH-¢paH

Scaling Monosemanticity: Extracting Interpretable Features from Claude 3 Sonnet (https://transformer-circuits.pub/2024/scaling-monosemanticity/). 18




Take-away

> Observead:
- diverse performance across languages.
- knowledge retrieval/transfer affects the performance.
> Analysis:
- solving tasks in other languages may have a multi-phase working pattern.
- there are language specific and language agonistic neurons.
- there are shared patterns for the same concept in different languages.
> The step further:
- how do the cross-lingual effects/transfer happen?

- from understanding to improving multilingualism.

19



Tutorial Roadmap

> Chapter lll: Enhancing LLM for More Languages
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Improving LLM's Multilingual Performance

> Working pattern in three phrases
- Phase 1: context understanding requires language understanding
- Phase 2: concept processing requires knowledge retrieval, reasoning, ...

- Phase 3: token generation requires language generation

> Knowing the Language(s) affects all three phases.
- massive training with monolingual data
- leveraging existing multilingual models

> Advance Abillities
- multilingual post-training

21



Continual Pretraining Recipe

> tokenizer
- fertility issue: it is expensive to process under-represented languages.

- but vocabulary extension may have negative results (TowerLLM, LLaMaX).

"Many words don't map to one token: indivisible." Language  ChatGPT’s  Llama’s
tokenize Vie 4.41 3.46

Zho 2.80 2.36

Many words don't map to one token: indivisible. Tha 9.09 5.10

Ind 2.00 2.09

[7085, 2456, 836, 470, 3975, 284, 530, 11241, 25, 773, 452, 12843, 13] Khm 15.56 12.14
Lao 13.29 13.50

\embedding Msa 2.07 2.16

23 32 83 54 21 39 -89 38 39 33 Mya 17.11 9.85

45 59 45 71 10 53 50 31 07 50 Tgl 2.28 2.22

38 12 38 90 93 31 42 08 92 58 Eng 1.00 (baseline)  1.19

Hyung Won Chung., Large Language Models (in 2023), invited talk@Seoul National University.

Alves et al., Tower: An Open Multilingual Large Language Model for Translation-Related Tasks, arXiv'2024

Lu et al., LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages, Findings of EMNLP'2024 22
Zhao et al., LLaMA Beyond English: An Empirical Study on Language Capability Transfer, arXiv'2024



Continual Pretraining Recipe

» data collection

- multilingual monolingual resource, such as mC4, MADLAD-400, etc.

- multilingual parallel resource, such as CC100, ParaCrawl, LegoMT, etc.

- code-switched data augmentation

‘[ Parallel Data ]

parallel data tnstructions target]: f57, SKENMFET

________________________________

Filtered monolingual & High-quality diverse S .

[source]: : Héllo, today isa gobd day.

[source]: - -is a-day.
[target]: fREF, SREZNTHFET.

=) 1
L == @
(===
] o
- B P
Continued pretraining ﬂ Supervised finetuning

Llama 2 Tower Base Tower Instruct

—[ Monolingual Data ]

Héllo, today isa gobd day.

_______________________

.......................................

[source]:-, — is a - day.

[target]: Hello, today is a good day.

Xue et al., mT5: A Massively Multilingual Pre-trained Text-to-Text Transformer, NAACL'2021.

Kudugunta et al., MADLAD-400: A Multilingual And Document-Level Large Audited Dataset, arXiv'2023.

Banon et al., ParaCrawl: Web-Scale Acquisition of Parallel Corpora, ACL'2020.

Ji et al,, EMMA-500: Enhancing Massively Multilingual Adaptation of Large Language Models, arXiv'2024.

Yuan et al., Lego-MT: Learning Detachable Models for Massively Multilingual Machine Translation, Findings of ACL'2023.

23




Continual Pretraining Recipe

> data mixture
- Incorporating English corpus avoids catastrophic forgetting
- mixing monolingual and parallel data achieves the highest quality

- generalize well even to unseen languages

FLORES-200 (en—xx) FLORES-200 (xx—en)
90 30.63
B LLaMA2-Task 30{ WM LLaMA2-Alpaca
30 . LLaMAX2-Task T LLaMAX2-Alpaca
022 257 23.17
70, 70.62 22.14
> S 201
© 60 - 16.44
O 55.11 D 15- 14.44
< 50.93 ” 11.89
501 10 9.44
43.70
e l I L 1 1 1 | ! ! ! ! 6.04
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8 40 38.32 51
Training tokens (billions) Training tokens (billions) 30. - o
« TOWERBASE Patallel only Monolingual only MGSM En- X (seen) En-X(unseen) X-En(seen) X-En (unseen)
-==--TOWERBASE @20b  =+==e- Monolingual only @ 20b LLaMA-2
TowerLLM (Alves et al.) LLaMAX (Lu et al.)
Alves et al., Tower: An Open Multilingual Large Language Model for Translation-Related Tasks, arXiv'2024. 24

Lu et al., LLaMAX: Scaling Linguistic Horizons of LLM by Enhancing Translation Capabilities Beyond 100 Languages, Findings of EMNLP'2024.



Continual Pretraining Recipe

> architecture: dense vs. sparse
- all-in-one model may encounter "multilingual curse" (Conneau et al.).

- recent efforts start to explore enhancing the base model with language-
specific modules (Xu et al., Zhou et al. )

89.5

( \
o, AMA ﬁ deal Mode! GROUP 1.MODULE | |
L L
38 5 50 languages /, | |
ALMA-R L/ Siss == mm | |
~ 6 languages Aya-23-358 o | I
N 875 e, 23 languages : 7 : :
- ey, Aya-23-8B —_— — 4
w o T [ Y | |
S arc e 23 languages = - I |
S 86.5 pavcUAce-sPeciFIg.. _____ | _ » CROUP 2 MODULE | |
_ ‘o, Aya-101-138 MODULE S | :
L N\
:?:.0 g5 © 0,”’ 101 languages L | _) \\\ - : |
e LLaMAX3 \ | Add+Normalize |
| . I . | "'0. 102 languages BASE MODEL \\\ | Self: A:tenﬁon |
84'5 m u tl I n g u a ‘0“ NLLB-33B \\\ : :
¢ 200 languages \ ' /_/\
835 curse K * GROUP . MODULE | N |
) Input Mult ilingual k Gdilli
- b BB | npu ult ilingua §o i |
1 4 16 64 256 | F® 1 1 00 0 0 :
l
En [Original] Tr [Expanded]
Number of Languages Supported X-ALMA (Xu et al.) \__ helor tginall Tr [Expanded] =/

Conneau et al., Unsupervised cross-lingual representation learning at scale, ACL'2020.

Xu et al., X-ALMA: Plug & Play Modules and Adaptive Rejection for Quality Translation at Scale, arXiv'2024.

MoE-LPR (Zhou et al.)

25

Zhou et al., MoE-LPR: Multilingual Extension of Large Language Models through Mixture-of-Experts with Language Priors Routing, arXiv'2024.



Multilingual Encoder as Plug-in

> use an off-the-shelf multilingual encoder as an plug-in module to map

multilingual queries into the English semantic space.

Align With English Data X,

Angela has sold off 24/4 =6 ...

The answer is: 12 1 * Mapping Stage

[ Linear Layer

% e .
- g General bilingual pairs) T
Multilingual (
[ Encoder j AN Language Model
f
Angela has a collection of 24 ... T
How many does she have left?
Xenc Query q
Test With Multilingual Data X,
Kristin invited 16,:::ends 2. Augmentation Stage
Linear Layer e answer is: o .
L 5 i " ,24 (Query translation task data) ‘ T
Multilingual
[ Encoder ] [ Language Model j Query g
4 ¥
gg;gg;aoxu 5825 G ... O00O-0 0O J T
2301 0)0ed & ) NCDHOR?
Xene Hene Query q

Yoon et al,, LangBridge: Multilingual Reasoning Without Multilingual Supervision. ACL'2024.
Huang et al., MindMerger: Efficient Boosting LLM Reasoning in non-English Languages. NeurlPS'2024.
Liu et al., LLaVA: Large Language and Vision Assistant Visual Instruction Tuning. NeurlPS'2023.

share similar philosophy as

VLM

Text Output
(Answer)

T

Text Decoder

T !

Multimodal
Projector Text Input
I - (Instruction)

Image Encoder

|
daf

Frozen
Fine-tuning ¢ Notfrozen
LLaVA (Liu et al.)
20




Multilingual Encoder as Plug-in
Orca 2-7B

> The multilingual encoder will map multilingual 3 Do
queries into LLM's English representation space. 0 & s
AR Y

L. o

> The plug-in multilingual encoder significantly § e
narrows the gap between non-English languages y £E o
and English. B .
- does not require any multilingual supervision e —

- generalize to multiple languages during test time

Yoon et al,, LangBridge: Multilingual Reasoning Without Multilingual Supervision. ACL'2024.

60.3

AVG mmm HRL mmm URL

51.8 52.3
48.8

42.8
40.5

34.4

______________________

7B (7B + 2B) 8B (13B+2B),




Multilingual Encoder as Plug-in

> Enhancing input queries with mapped representations is

. . [ LLM Transformer layers ]
more effective than replacing them. B b |
. . © 90
> Larger encoder often has stronger mapping capability ST A
and achieves larger improvements. . | LLM Embedding Layer |
[ Mapping Layer J T
x 1
Multilingual Encoder Query q
> : limited in | ti Query
cons: limited in language generation
65
0 Replacement (w/o T)
MGSM #Parm | Bn Th  Sw Ja Zh  De Fr Ru Es En | Lrl. Hrl. Avg. 60 B Augmentation (w T)
MindMerger-Soft
mGPT 1418M | 19.6 204 156 428 48.0 592 596 540 61.2 64.0 | 185 555 444 -
mBERT 178 M | 30.8 376 46.8 500 488 556 524 596 608 664 | 384 56.2 509 O K5
XLM-RoBERTa-large 560M | 440 524 504 524 540 60.8 584 568 568 664 | 489 579 552 g
M2M100-418M 282 M | 492 528 460 488 524 596 580 592 608 656 | 493 578 552 )
M2M100-1.2B 635M | 49.6 524 532 528 544 600 564 600 580 660 | 517 582 563 £ 50
NLLB-200-1.3B T66 M | 456 476 576 544 524 572 572 608 60.8 668 | 503 585 56.2
NLLB-200-3.3B 1,733 M | 524 516 536 528 532 604 600 604 604 67.6 | 525 593 57.2 45 -
mT5-large 564 M | 404 472 536 476 516 592 552 576 568 664 | 47.1 563 536
mT5-x1 1,670M | 504 528 572 544 536 61.2 576 608 584 668 | 535 590 573
40-

Lrl. Hrl.

28

Huang et al., MindMerger: Efficient Boosting LLM Reasoning in non-English Languages, NeurlPS'2024.



Balanced Pretraining

> Improving the ratio of other languages by sampling
- show better alignment among languages

- fall behind English-centric models

Language

Others B en: 28.8%

zh: 10.4%
de: 8.1%
fr: 7.3%

mm es:5.7%

ar Irtu3575// Models m-ARC  m-Hellaswag m-MMLU XWinograd XCOPA  XStoryCloze
Code pl pt: 2.2% (25-shot) (10-shot) (5-xhot) (5-shot) (0-shot) (0-shot)

mm nl: 1.8%

T ‘ pl: 1.8% Llama-2-7B 35.5 48.6 35.4 78.0 58.9 55.6
x e e Mistral-7B-v0.1  40.7 54.5 46.7 80.5 55.8 57.2
Encyclopedi Vi S 7
" Report Web T j(;ihl.5°'/011 » BLOOM-7B1 31.8 43.4 27.1 70.0 56.9 58.2

— PolyLM-13B 30.6 46.0 26.4 73.4 58.9 56.4
LLaMAX?2-7B 33.1 50.3 26.7 76.9 54.5 58.8
ru et g2t FuxiTranyu-8B  32.7 51.8 26.6 76.1 60.5 58.9
mam Code: 9%
Paper: 3%

B Book: 3%
Encyclopedia: 2%
B Report: 1%

zh

de fr

Sun et al,, FuxiTranyu: A Multilingual Large Language Model Trained with Balanced Data, arxiv'2024.
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Early Establishment of Alignment

> PreAlign: pretrain the LLM for language alignment

> The alignment may help multilingualism since early stage of pretraining.

Piano —,
Stage 1: Klavier —,
Multilingual Alignment = _, [EFFHIES
Before Pretraining guitar _,
— —
= | L.
violin —,

Stage 2: The Y= was invented in Italy. Pretrain the LM

Language Pretraining Modern Klavier has 88 keys. - Laa%‘c"age
With Codeswitch Digital pianos appears in 1980s.

Li et al., PreAlign: Boosting Cross-lingual Transfer by Early Establishment of Multilingual Alignment, EMNLP'2024.
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Early Establishment of Alignment

> PreAlign: pretrain the LLM for language alignment

> The alignment may help multilingualism since early stage of pretraining.

- Improves the low-resource language and cross-lingual transfer

Train: English, Test: English-Clone

—&— Joint Training (f=5) X%
| —@— Joint Training (f=10) x}“ M x,(’f x,x\xxzzgxx""e(x)‘xxx ,)§ ,'é ,f‘% X
—e— Joint Training (f=20) ¢ Y v\ TSN L 3(2(35'\ X x* xyx\‘x{&,s&\
-%- PreAlign (f=5) X X x ¥ x \ex"\,'xx Fal "\:\r eV $AY
1 =%~ Prealign (f=10) T WAV Xy % X XO¥
—x%- PreAlign (f=20) WA X
x xt )
;t)& AR L X
1
J X
I }k I A
P I T S WSV
e o JE Y, "X X% X \
l' x’ f"\ I, X\*'K\ " x\é "f
X
)'( :, X % IK){ ‘i
- IM ’)ﬁ "\,(xx'x \55
"f’( X X § ‘\ "
i A Y
e '3
Iy N
JUTRY / '\ ~. \
X .
¥k X \ M et A
eyt \A L '\J’M" WA
&
Qo28e Y\ A2 02,000 /" '
o vgPeel 35 Sved" 28V Nad
250 2750 5250 7750 10250 12750 15250 17750

Training Steps

LM(ppl. |) ZS-CLT(acc. 1) CLKA(acc. 1)

En Zh De Ar Ru En Zh De Ar Ru Zh De Ar Ru

150M

Joint Training 25.7 99.7 435 469 498 80.6 646 635 583 620 262 251 268 263
PREALIGN 254 911 398 40.7 446 806 692 675 608 651 457 482 434 46.0

400M

Joint Training 20.3 79.8 325 348 396 823 658 653 569 637 378 395 36.1 37.7
PREALIGN 199 752 283 307 336 824 700 693 656 68.2 638 665 647 63.6

1.3B

Joint Training 15.8 622 240 277 312 843 708 70.6 637 686 496 44.1 455 480
PREALIGN 16.1 58.0 233 253 294 839 740 729 682 714 711 739 727 725

Table 6: Performance of Joint Training and PREALIGN across different scale of models on language modeling,
zero-shot cross-lingual transfer (ZS-CLT) and cross-lingual knowledge application (CLKA).

Li et al., PreAlign: Boosting Cross-lingual Transfer by Early Establishment of Multilingual Alignment, EMNLP'2024.
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Multilingual Post-training

> One basic idea to enhance non-English
performance is to create multilingual post-
training data using machine translation.

- for general task: Aya, Bactrian-X, Okapi

- for specific task: MathOctopus

Answer

( English )
) L —

N

: : &\ He sprints 3*3=<<3*3=9>>9 time. So he runs 9*60=<<9*60
VSO =540>>540 meters.

{ Chinese )

N—

AT — R 3*3=<<3*3=9>>9 %, Frlftifg/E—tia
9*60=<<9*60=540>>540% ,

=N 7

i Ny
-
: Ry French )  +eeees Japanese

MathOctopus

( German )
) N ——

James sprintet 3*3=<<3*3=9>>9 Mal. Also liuft er 9*60=
<<9*60=540>>540 Meter.

&

Y/

Singh et al., Aya Dataset: An Open-Access Collection for Multilingual Instruction Tuning. ACL'2024.

Stanford £
Alpaca ¥

+
3 Dolly
Instructions

¥ AR

-

Bactrian-X

’ Translated

Instructions
EN to 51

languages

GPT

LoRA

Adapter « 3.4 Million

Instructions

Ol

+ Responses

&
&
g

N
Qé
.
‘/A@
{srTy

¥ 3*Aya Collection

(C Natural Language Generation j\

(6 Text Classification

s

) J

(C Prompt

Classify the sentiment of the following tweet with
either positive, negative, or neutral \n{{tweet}}

" rC Prompt j

What is the corresponding translation in {{target_lang}}
of the following sentence: {{source}}

C Completion ) \ . C Completion )
N\ Llwou Id classify the given tweet as: {{label}} P LThe translation to {{target_lang}} is: \n{{target}} D
@ +2 Translated Text Classification datasets ) @ Eegrens s=dlitGensratonic aiasers )
@ Xlel_wd-inst ) Cm IndicSentiment-inst )
@ NTX-LLM-inst ) (a IndicXParaphrase-inst )
(€ UNER_LLM-inst ) @ XWikis-inst )
@ NusaX.senti-inst ) (o Indo-stories-instruct )
Lii T
@ Masakhanews-inst ) Co L D
@ AfriSenti-inst ) Co SCB-MT-2020-prompt )
Cn Urdu-News-Category-Class ) Co Seed-instructlj )
) IMDB-Dutch-instruct ) L Wiki-split-inst )
@ Scirepeval-biomimicry-inst ) Co Persian-instruct-pn )
> —/ Co Arpa-instruct )
C Question Answering ) :
= ~- @ Turku-paraphrase-inst )
C o ] O
What category does this question come from: ) )
{{question['text'J}}? ( c TamilStories )
C Completion ) C“ Joke-explaination-inst )
| This question can come from category:
k{{document['kind']}}. J C‘. ThirUkkuraI'inStrUCt )
(€D +9 Translated QA datasets ) Cn News-summary-instruct j
(€ X-CSQA-inst ) (o Hindi-article-{task} )
@ AfriQA-inst ) Cn SODA-inst D
Co Mintaka-inst ) Co Urdu-News-Gen-{task} )
Co TeluguRiddles D Co UA-Gec-inst )
(1) LLM-Japanese-vanilla-inst ) @ Telugu-{task} )
\(n Ambharic QA D @ Thai-{task}-inst/prompt )j

Li et al., Bactrian-X : A Multilingual Replicable Instruction-Following Model with Low-Rank Adaptation. arXiv'2023.
Lai et al., Okapi: Instruction-tuned Large Language Models in Multiple Languages with Reinforcement Learning from Human Feedback. EMNLP'2023. 30
Chen et al., Breaking Language Barriers in Multilingual Mathematical Reasoning: Insights and Observations. arXiv'2023.




> performance improvement

- Improves multilingual performance with limited data (Shaham et al.).

> language generalization

Pros of Multilingual Post-training

- Enhances cross-lingual generalization in unseen languages (Shaham et al,

Instruction-Following Scores

Kew et al., Muennighoff et al.).

~ 4 W w w w
o (o 0] o N ey (o)}

iy
B

42

; English Non-English rage
-
- :
RREESE ¢ DRSEERAIRIES NGOy e 8 B CROSMA SRS el Bt RO LSS (A il RIS
—— 4 o b4 @
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@
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English only Uniform

Percentage of Uniform Language Distribution

Muennighoff et al., Crosslingual Generalization through Multitask Finetuning, ACL'2023

Shaham et al., Multilingual Instruction Tuning With Just a Pinch of Multilinguality, ACL'2024

52.5

w 47.5
)
T 45.0
© 42.5;
-
8 40.0

5 37.5;

v
S 50'0'""""""""""'""'"'""‘___‘__"__i-““—“l‘:":;_‘jj‘_‘_‘_‘jj“"

Unseen languages
® Average

35.0

1 2 3 4 5
Number of Train Languages

Kew et al, Turning English-centric LLMs Into Polyglots: How Much Multilinguality Is Needed? arXiv'2024
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Cons of Multilingual Post-training

> cross-lingual alignment

- Multilingual Instruction-tuning can hardly improve cross-lingual
consistency and conductivity (Gao et al.).

> data quality
- Translation engines struggle with lengthy texts with symbols (Zhu et al.).
> annotation cost

- Translating training data into multiple languages is costly, and evolving
datasets quickly make translations outdated.

Gao et al., Multilingual Pretraining and Instruction Tuning Improve Cross-Lingual Knowledge Alignment, But Only Shallowly, NAACL'2024. 34
Zhu et al., Question Translation Training for Better Multilingual Reasoning, Findings of ACL'2024.



Leveraging Pivot Languages

> It Is more challenge to improve advanced abilities, such as instruction
following, multi-turn conversation, human alignment, etc.

> Leveraging a pivot language, such as English, improves the process.

{ BT BOEIE 2 A7

Respond in Chinese.

m@i BB SHETED.. 177 ]
&iD

ERET HHBERE(TAY n
Think in English, then respond in Chinese.

Let me interpret the instruction in
English: What 1s James Webb
Telescope? So the English response
is: James Webb Telescope 1s an
infrared space telescope...... '

'

N@J\ B (BT 2 — NI ME A | ]
&iD

YA EN

35 LM Head

%% Chat-LLM Modules

%% Input Embedding

XqQ EN

LuzUIaILaY

4% TransLL.M

YA EN Yother

& Extended LM Head

\b LORA Modules /
/ ©® LORA Modules \

& Extended Input Embedding

L

%% Chat-LLM Modules

Xq EN XOther

Zhang et al., Plug: Leveraging pivot language in cross-lingual instruction tuning, ACL'2024.
Geng et al.,, Why Not Transform Chat Large Language Models to Non-English? arxiv'2024.

Introduce vourself—» IamallM —>»

Juiiluluea
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Take-away

> Enabling support for more languages with existing LLMs involves continue
pre-training: tokenization, data mixture, multilingual curse, etc.

> Multilingualism could also be taken care of since pretraining, or even
earlier.

> Post-training also improves the multilingual ablility, but requires more
advanced labeled data.

> Further Step:

- more efficient solution (data, compute)

- may come from better alignment/pivot

36



Tutorial Roadmap

Chapter IV: Aligning Non-English to English
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Make the Best Use of LLM's English Expertise

> Explicit Approaches
- Prompting LLM to think in English (Shi et al., Qin et al.)

- Prompting LLM to translate the question and answer (Shi et al., Huang et al., Qin et al.)

> Implicit Approaches
- Eliciting English thinking with translation tasks (Zhu et al.)

- Improve non-English thinking with English thinking via Preference optimization (She et
al.)

> Test-bed
- mGSM (the multilingual benchmark adopted by most leading LLM teams)

38



MGSM: Multilingual Mathematical Reasoning

> Task: based on the given math question, predict the numerical answer with
multiple reasoning steps.

> Shi et al. extend this to a multilingual task (mGSM).

Question: Olivia has $23. She bought five bagels for $3 each. How

(0]
o

English -

much money does she have left? 70

60 B .
human-translate 2 59
- Frage: Olivia hat 23 US-Dollar. Sie hat funf Bagels fur 3 US- Dollar pro § . o
erman
Stuck gekauft. Wie viel Geld hat sie Ubrig? 20 I
13 13
. ) : BFETNEA 23 £, WX 7ATEN 3IEZcHNESTH. ik . M NN - - - -

Chinese 2 /£ # Steps

39
Shi et al., Language Models Are Multilingual Chain-Of-Thought Reasoners. ICLR'2023.



Explicit Approach: Ask LLM to Think in English

> Intermediate reasoning steps help models achieve substantial reasoning
performance gains across all languages.

> Prompting LLM to solve the problem with English CoT
- English in-context exemplars & English prefix: "Step-by-Step Answer"

- English CoT consistently lead to competitive or better results than those
written in the native language of the question

AVG HRL URL| EN | DE FR ES RU ZH JA TH TE BN SW
Lang. Freq. (PalLM, %) - - — |780| 35 33 21 .53 .40 38| .04 .02 .006 .005
Pal. M-540B
® DIRECT 18.6 19.3 16.8|22.0|18.8 19.6 20.0 22.0 19.2 16.0|16.8 17.6 17.2 15.6
* NATIVE-COT 48.1 479 449 (62.4|49.2 464 56.8 48.4 46.8 40.052.8 45.6 46.0 35.2
* EN-CoOT 51.3 52.3 46.862.4|53.6 51.2 58.0 55.6 46.0 49.6|49.6 46.8 46.4 44.4
e NATIVE-COT-0OSHOT 144 132 7.7/48.0|12.8 124 16.8 13.6 10.8 128 7.6 6.8 68 9.6
e EN-COT-0SHOT 30.8 38.3 15.2|48.0|38.4 36.0 424 42.0 35.6 35.220.0 104 14.0 164
® TRANSLATE-EN 55.0 56.3 51.2|62.4|57.2 55.2 60.0 59.6 55.6 50.0|50.8 49.6 53.2 51.2

Shi et al., Language Models Are Multilingual Chain-Of-Thought Reasoners. ICLR'2023.




Explicit Approach: Translate-test

> Prompting LLM to translate question into English and answer it with
English CoT.

> This increases inference cost and is less effective for LLMs with weak
multilingual translation capabilittes.

Please act as an expert in multi-lingual understanding in g i

Request: B LIz ¥, WIART KEY . R AF 20 ¥, !

BENKBEHFHRERRS V? :

P | :

XLT d /f/ Promotin A

ro I !

MGSM : : , : — ; bl !

Input | want you to act as an arithmetic reasoning expert for Chinese. ( / Prompﬁng WS_' |

tep! :

o Request: fEMBATRE A 3 K 3 BRI, SEOHAIE 60 K. e N 1k

Request: EHRHTRES g A —H K2 Prompting p! |ponly ||

FLORES* AR 3 R 3 ERHR, & . . LLM \ | with ]
. ., You should retell the request in English. Let's understand the task i Ser ¥ vitesi .

< E& % 60 K, fthE : et's understand the task in step-by-step! EED )
17 5 R You should do step-by-step answer to obtain a number answer . > : |
T You should step-by-step answer the request WP | 1. "EBE e % % " means "Mary is two .. il |

’ || 2. "smAD X A" means "Joan is five ... : :

You should tell me the answer in this format 'Answer:'. | 3. "o R A5 20 ¥ " means "If Jessie is 20... ‘ e o NE

After understanding, you should act as an expert in ‘ ) i

arithmetic reasoning in AS, ... '

25 24 J {8 :
Output e :

XL-Sum* 5 Sure! Let's solve the task step-by-step: X
. . . . e 1. According to the first sentence, Mary is two... —— |

Request: James decides to run 3 sets of 60-meter sprints three times a week. How many meters does he run in total 2. According to the second sentence, Joan is five... !

each week? Answer: 68, “ :

2 - i

38 36 Step-by-step answer: v - ; swer: 48. X !

1. James runs 3 sets of 60-meter sprints, which means he runs 60 x 3 = 180 meters per sprint. Answer: 68.v swer: 68.v7 [ i

2. James runs 3 sets of 180 meters per week, which means he runs 180 x 3 = 540 meters per week. :

MKQA PAWS-X P b |
Answer: James runs a total of 540 meters per week. Answer: 68.v i

|

________________________________________________________

Huang et al., Not All Languages Are Created Equal in LLMs: Improving Multilingual Capability by Cross-Lingual-Thought Prompting, Findings of EMNLP, 2023
Qin et al., Cross-lingual Prompting: Improving Zero-shot Chain-of-Thought Reasoning across Languages. EMNLP, 2023 41



Implicit Approach: Question Translation Training

> Training LLM on translating non-English to English strengthens language
alignment and implicitly encourages LLM to connect non-English questions

to English questions.

Training Stage I
Question Alignment

" Question (De) | (Question (Zh) | [ Question (Ja) |
\ l e

| Question (Fr) |— [ LLM j<— _ Question (Sw) |
l

(Question (En) )
Training Stage 11 % & Training Stage 11
Response Alignment Response Alignment
( Question (En) ) ( Question (En) )
(mm ) ()
CReSponse (EHD (Response (Code))

Training Stage I: Question Alignment

training the base model to translate non-English questions to English

(German Question] Randy hat 60 Mangobdume auf seiner Farm. Er w

hat auch 5 weniger als die Halfte so viele Kokosnussbaume wie
Mangobaume. Wie viele Baume hat Randy insgesamt auf seiner Farmj

(Uapancsc Question] S VT4 —XATESIZT ‘/:1“—-0);]&%3602]&\
FOoTWVWET. 2. RIEETVYT—DRODFSDLHSAY NI

AFYVDORZHELDTVET . HORFIZIZEIFTHRORDE D
D EF? )

(Chinese Question| 2 Afudy K3 EA0IREFEH ., LA LT
RHBEG—F VSR TH. Z—EAF $ VRHK?

[ English Question] Randy has 60 mango trees on his farm. He also

has 5 less than half as many coconut trees as mango trees. How many

trees does Randy have in all on his farm?

non-English Question Z, arg min Z —logpy(Z,|Z)
0

English Questions Z, leL

Training Stage II: Response Alignment

training stage I model with cutting-edge English-only instruction data

than half as many coconut trees as mango trees. How many trees

EQucsti(ml Randy has 60 mango trees on his farm. He also has 5 less j

does Randy have in all on his farm?

Half of the number of Randy's mango trees is
60/2 = <<60/2=30>>30 trees. So Randy has 30 - 5 =
<<30-5=25>>25 coconut trees. Therefore, Randy has 60 + 25
= <<60+25=85>>85 trees on his farm.

[Question| What is the total amount that James paid when he
purchased 5 packs of beef, each weighing 4 pounds, at a price of $5.50

er pound?

L James buys 5 packs of beef that are 4 pounds
each, so he buys a total of 5 * 4 = 20 pounds of beef. The price
of beef is $5.50 per pound, so he pays 20 * $5.50 = $110. The

answer is: 110.

Question X S arg min Z — log p, (Y| X)
Response Y

Zhu et al., Question Translation Training for Better Multilingual Reasoning, Findings of ACL'2024.
Zhu et al. The Power of Question Translation Training in Multilingual Reasoning: Broadened Scope and Deepened Insights, arXiv'2024.
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Flexible Modular Framework

> The added QAlign stage significantly reduce the gap between non-English
languages and English.

> Perform well with both chain-of-thought reasoning and program-of-
thought reasoning.

MGSM (reasoning with chain-of-thought)

80

1 RAlign 59.6
> 601 HEE QAlign—RAlign 254 54.0 54.8 56.8 56.8 - 58.8 59. —
g 44.0 45.2 : .
e 39.6 40.4 38.4
= 401 32.4 34.0
)
)
< 20;

1.6 5.6 5.2

0 . , o . , , ,
Bengali Thai Swahili Japanese Chinese German French Russian Spanish English Average
- mMGSM (reasoning with program-of-thought)
B B B 23.0
] RAlign 476 52.0
: : 45.6 44.4 43.6 44.8
> B QAlign—RAlign 41.2 41.2 41.6 41.2 39.6
L 40+ 34.0
© 20.6 8.8 31.6 32.0 328 32.3
=
)
<207 128 S
5.2
Bengali Thai Swahili Japanese Chinese German French Russian Spahish English Average

Zhu et al., Question Translation Training for Better Multilingual Reasoning, Findings of ACL'2024.
Zhu et al. The Power of Question Translation Training in Multilingual Reasoning: Broadened Scope and Deepened Insights, arXiv'2024.

43



Scalable Language Alignment

> The question alignment framework effectively scales to extremely large
language models, both dense and sparse.

> Proxy-tuning can quickly extrapolate the results from small models to large
models without updating any parameters in the large model.

Multilingual Reasoning (mGSM) MGSM
0 1 RAIi Family Small tuned M™ Small untuned M~ Large untuned M  Large tuned M
Ign +12.2 Non-En En Avg.
= QAlign=RAlIgn " RAlign (13B 412 684 439
60 - +13.2 tgn (13B) ] ] ] ' | |
. 11 aMA2 QAlign—RAlign (13B) - - - 55.7 69.2 57.1
X 50 - +11.2 QAlign—RAlign (13B)  LLaMA2 (13B) LLaMA2 (70B) - 60.1 768 61.8
o RAlign (8B) - - - 473 744 50.0
g LLaMA3 | QAlign—RAlign (8B) ; ; ; 584 720 59.8
g 40 QAlign—RAlign (8B) LLaMA3 (8B) LLaMA3 (70B) - 640 772 654
RAlign (7B) - - - 352 704 38.7
30 - i | QAlign—RAlign (7B) ; ; ; 482 708 50.4
Isitra
QAlign—RAlign (7B) Mistral (7B) Mixtral (8 xX7B) - 49 4 744 519
20 | | | | QAlign—RAlign (7B) Mistral (7B) Mixtral (8 x22B) - 556 780 579
LLaMA2-7B LLaMA2-13B LLaMA2-70B LLaMA3-8B
Zhu et al., The Power of Question Translation Training in Multilingual Reasoning: Broadened Scope and Deepened Insights, arXiv'2024. 44

Liu et al., Tuning Language Models by Proxy, COLM'2024.



Consistency across Multilingual Query

> Another evidence of establishing language alignment is the improvement it
brings to the consistency of predicted answers against multilingual queries.

MonoReason (7B)

C

L

v

Mg 77.4 100.0

=

e 65.9 72.8 100.0

' /6.8 79.6 82.2 100.0

8 76.2 76.2 77.5 78.9 100.0 |:>
N 57.8 58.9 58.5 60.0 100.0

i 48.3 496 - 49.6 54.0 100.0

= 70 7.0 7.4 88 9.4 LIRS

)

-'E- 85 7.5 10.1 85 9.6 11.5 11.8 38.5 pliXe
5-11.0 11.6 10.9 12.0 11.9 13.3 11.8 154 7.1 pLeKe

En Es Ru Fr De Zh Jé Sw Th Bn

Ru Es En

Bn Th Sw Ja Zh De Fr

QAlign-MonoReason (7B)

76.6 100.0

77.9 85.0 100.0

79.2 79.3 79.2 100.0

66.9 67.1 66.4 68.0 100.0

64.3 67.1 63.8 59.2 68.6 100.0

67.5 729 67.8 67.3 72.0 74.8 100.0

60.4 67.9 66.4 62.6 66.9 66.7 66.4 100.0

47.0 442 - 477 0l BRI
En Es Ru Fr De Zh J Sw Th Bn

MonoReason (13B)

86.0 100.0

Ru Es En

17.2 771.2 100.0

77.8 81.5 77.9 100.0

81.9 83.3 80.5 80.8 100.0

57.3 58.6 61.0 56.4 57.5 100.0

549 52,6 56.4 57.5 67.8 100.0

1.7

99 8.4

9.4 10.4 10.5 pelene

-14.0 14.2 16.2 14.7 13.8 19.1 16.2 37.5 peleRe

Bn Th Sw Ja Zh De Fr

-17.5 179 18.2 17.3 17.5 21.7 21.0 jEl*X¢

En Es Ru Fr De Zh Jé Sw Th Bn

Zhu et al., Question Translation Training for Better Multilingual Reasoning, Findings of ACL'2024.
Zhu et al. The Power of Question Translation Training in Multilingual Reasoning: Broadened Scope and Deepened Insights, arXiv'2024.

Ru Es En

Bn Th Sw Ja Zh De Fr

QAlign-MonoReason (13B)

82.1 82.1 100.0

80.3 77.4 78.3 100.0

78.0 82.1 81.4 79.5 100.0

72.3 75.6 77.0 73.1 74.2 100.0

68.2 67.3 70.2 69.9 66.5 70.9 100.0

61.8 58.3 62.1 62.2 61.3 62.2 62.6 100.0

59.0 62.5 65.8 59.6 63.9 65.5 67.9 71.3 100.0

514 .7/ 52.8 53.2 49.7 52.0 55.0 60.9 54.8 100.0

En Es Ru Fr De Zh Ja Sw Th Bn
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Implicit Approach: Preference Optimization

> Improve LLM's multilingual ability with the help of its English thinking,
which requires no additional labeling

- free, internal teacher, which requires no additional labeling

182 VIR I\ S5, TiEfth AZININ 182 students suggested adding mashed potatoes while others

MultiLingual s WHIA A SRRy o suggested adding bacon to the menu .if 166 more students
Questions Atﬂ*ﬁ°ng)u\§%tb%§,q\$ Eéiﬂg;;\%%éf BARIN suggested adding bacon than those that suggested mashed
' 527 -

potatoes how many students suggested bacon ?

- step 1: preference estimation ! =

Ouli;lljg yacr)gs:ed " u;
- Ste p 2: p refe re n Ce O ptl m Iza t I O n r @Mu)\iﬁsﬂeﬁztt@wgmegﬁzg1ee r i : )

p
The number of students who suggested adding
(There were 166 more students who suggested ,
@ adding mashed potatoes than bacon) @ Mmashed potefocala 132,
& 5 & I I J
G 2) G N
MERBMUINMALZRAIFESEIAZNINANER ...
L (7“‘ . 7"‘ ) _ 41 - (If more students suggest adding mashed ® We know that the number of students who
— V) .
DPO 9 9 I‘ef (a‘; ,y,w ,yl ) ND 8 potatoes 63 suggest adding bacon) ; L , | )
i ) [ mumAtTRNEEANRE ) i f
WINALTERAIFEALZ182 ... ,
ﬂ-g (yw ‘ x) 7‘-0 (yl ‘ a:) © (The number of students recommended to add @ Suggesting mashed potatoes were 182 students
log 0- /B log /B ]'Og - L mashed potatoes is 182) y L .
i Tref(Yuw | T) Tef(Y1 | ) /) v
Estimate Alignment between Y \, ‘
Non English Outputs and <
English Outputs '\ A
Collect Alignment [ RC ] 2 [ RB ] 5 [ RA ]
Preference Ranking Pair ¢
Preference Optimization 1O Oh
MY,
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Making Reasoning Path More Consistent

> After the preference optimization, the non-English thinking are more
similar to the English thinking.

English Solution The number of students who suggested mashed potatoes i1s 182. The number of students who
suggested bacon 1s 182+166=348. /

Chinese Solution [Before Alignment]

RN ALZRGFAELE N AZEREGFEE 166N, PTVAR L RE1664F 5 £ 14
A182-166 =16, H3t, B ANERGFZAE A AL16. (There are 166 more students
recommending mashed potatoes than bacon so subtract 166 from both sides to get a difference
of 182-166 = 16. Therefore, the number of students recommended to join Baconis 16.) X

[PPL]: 2.65

[After Alignment]

B AL 2R FEALLZIS2 . B AR FAEALLZ182 + 166 =348 (The
number of students who suggested mashed potatoes 1s 182. The number of students who
suggested bacon 1s 182+166=348.) v/

[PPL]: 0.97

Model Bn Th Sw Ja Zh Ru De Es Fr En Avg
MathOctopus 7B 29.2 33.6 36.4 35.2 39.2 38.8 44.8 42.4 43.2 52.0 39.5
+ m-RFT 25.6 31.2 28.8 34.0 39.2 36.0 34.8 34.4 36.4 43.2 34.4
+ MAPO-DPO(ours) 30.8 38.0 37.6 452 472 420 452 432  40.8 45.6 41.6
MetaMathOctopus 7B 25.6 42.8 36.4 40.0 46.4 46.8 49.6 54.4 46.4 66.4 45.5
+ m-RFT 23.2 33.6 34.0 34.0 47.2 43.2 45.6 47.6 44.8 62.8 41.6
+ MAPO-DPO(ours) 36.0 448 44.8 47.6 55.2 53.6 53.6 56.8 524  70.8 51.6
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Take-away

> Comparing to multilingual post-training, which requires extensive data
labeling, leveraging English abilities seems to be a more efficient solution.

- close-source models only allow explicit approaches

- implicit approaches pushes open-source models to a new height.

> Further Step:
- Using English v.s. Using Native Language
- More general solution that generalize across tasks.

- Implicit solution that does not affect user experience.
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Tutorial Roadmap
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> Chapter V: Future Challenges
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What's Next? 3

> Developing multilingual system for real-world applications

- evaluation *: from specific tasks to general tasks
- datanl: from basic data mixing to strategic data mixing

- modelW: from action model to reward model

- culture<: from fully sharing to selective sharing
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Accuracy (%)

WGPT-40 MGPT-4T

100

From Specific Task to General Tasks

> Math reasoning is still far away from real-world applications.

> Developing more powerful multilingual systems requires the curation of
reliable and comprehensive benchmark.

MMLU (%)

GPT-4 (Initial release 23-03-14) M Claude3 Opus MW GeminiPro15 M GeminiUltral0 & Llama3 400b

GPQA (%) —

| || |||

MATH (%)
HumanEval (%)

GPT-40 @

MGSM (%)

841
744 | |‘ |||

DRORP (f1)

Capability

Benchmark

General Reasoning

BigBench - Hard: A subset of harder
tasks from Big Bench.
(Srivastava et al., 2022; Suzgun et al., 2022)

DROP: Reading comprehension
& arithmetic. (Metric: F1-Score).
(Dua et al., 2019)

MMLU: Multiple-choice questions in
57 subjects (professional & academic).
(Hendrycks et al., 2021a)

Hellaswag
(Zellers et al., 2019)

Coding

HumangEval
chat preamble* (Metric: pass rate).
(Chen et al., 2021)

Natural2Code
chat preamble* (Metric: pass rate).

Category Benchmark
MMULU (5-shot)
General MMULU (0-shot, coT)
MMLU-Pro (5-shot, CoT)
[FEval
HumanEval (o-shot)
Cade MBPP EvalPlus (o-snot)
GSMS8K (s-shot, coT)
Math MATH (0-shot, com)
R ARC Challenge (o-shot)
GPQA (0-shot, coT)
BFCL
Tool use
Nexus
ZeroSCROLLS/QuALITY
Long context InfiniteBench/En.MC
NIH/Multi-needle
Multilingual MGSM (0-shot, CoT)

Llama3 (OX)

Multilinguality

WMT23: sentence-level machine
translation (Metric: BLEURT).
(Tom et al., 2023)

MGSM: multilingual math
reasoning.
(Shi et al., 2023a)

Gemini-1.5 Q1



From Basic Mixing to Strategic Mixing

> Estimating the optimal data mixture recipe is one of the key problems in

multilingual research.

> He et al. pioneered the formulation of a multilingual scaling law.

- The cross-entropy loss (L) is related to model size (N), dataset size (D),
and sampling ratios for different language families (p).

D=50B, p=1 N=85M, p=1
4 -
= Se - S -
~ S e _ - = Dbkl Tl T A A —)
> I (N R N Ei -9
‘\\' \\N__ °
________  gloplesleylere ettt Einimiaiel bt LT
1 - \ \~
~ e e —— @ = = o ———— ® T e e ——— €
0 2 4 6 8 0.0 0.2 0.4 0.6 0.8 1.0
N le8 D lell

He et al., Scaling Laws for Multilingual Language Models, arXiv'2024.

N=85M, D=508B

L(p)l

n; - == ROomance
ﬁ -==Slavic
{%, — == Indic
\\ N ——— ~ == Germanic
| ~~_’__. _____ oeelo Sino
\\\\
| e e e o
I Li(N,D,p) = (E

- B ik it Lot TR * - -0

00 02 04 06 08 1.0
P
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From Action Model to Reward Model

Average Inner-Model Agreement Across Languages

> Reward model is becoming 07| == i
increasingly important " .|

Cohen's Kappa
S O o
w

| I
- LLM-as-a-judge N LhemEE AR yd
- self-improvement H “

0.0

. . FSLSEERF® T L RS P DD R PR SRS
- test-time scaling SSRGS
SFESE VY ST & v
‘b@ \5
> Multilingual Reward Model Supervised  Reward  Reward
FineTuning Modeling Optimization
- Again, reward model face challenges Monolingual
. ope Spanish-»Spanish
In multilingual context.
' ' : (e
- Is it possible to adapt English reward _ o
model to multilingual scenarios? Multiling -
Base LM (o]
Source Cross-lingual
English (En) English-»Spanish
Wu et al. Reuse Your Rewards: Reward Model Transfer for Zero-Shot Cross-Lingual Alignment. arXiv'2024. 53
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From Fully Sharing to Selective Sharing

> Not all capabilities/knowledge should be shared across languages, as
transferring English proficiency may introduce English bias.

For example, dragons symbolize different meanings in different cultures.

NN E i °
SRR Vo . ™ 7
: \S,,;;*>)>// _'\ R Y\ !
] B ) HE e SN \ \ ' v
3 2 % 5 v / \
: .
]

A <
i e
HEes
i ”

/ XS . munnm

Chinese dragon western dragon
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70

60

Multilingual Performance

20

Yue et al. Pangea: A Fully Open Multilingual Multimodal LLM for 39 Languages. arXiv'2024.

From Single-Modality to Multi-Modality

Adding new modalities, such as vision, will definitely makes LLM more

capable.

How will different modalities interact, and how will the added

Short VQA

(Dataset: MaXM & xGQA)

Impact the model's multilingual capabilities?

Aggregate Performance on Multimodal PangeaBench

fCEP"l:Alo @ |

® Proprietary

Carnegie | <
® Open-weights Mellon \ " Gemini-1.5-Pro
: University 2 19

A Open-weights and Open-data e

Pangea-7B (Ours)
A

N

Llama3.2-11B
J ¢ 4 hiByteDance

Multilingual MLLMs

NYU
E,._,;,g,;g.m Cambrian-8B A2 Llava-OV-7B
£ A \ % Molmo-7B-D
mBLIP BALOOMZ PALO-7B .A. =. o |
nglish-centric
-~ - Phio 5 Vision &

Llava-Next-7B MLILMs

PaliGemma-3B

30 35 40 45 50 29 60 65 70 79

English Performance

modality

Reasoning
(Dataset: xMMMU & M3Exam)

Q: ou sont situés les musiciens?

harpe / une harpiste
(Q: Which street musician is with

Multimodal Chat

(Dataset: xChatBench & M-LlavaBench)

. oo

iy 7ot T

Q: O] 2ejzo| A= FAS LIEHA L
QIZto| Mzof Q37| 28t x| el A0
29 ¥Y ¢n2FL LHYLUN

(Q: What do the results in this graph
indicate? What is the best algorithm to align]
a language model to human preferences?
A MSE A Z= M| 7HX| CHE

2 12|F—KT0, DPO, IPO—2| 4 5.

(A: The graph you provided compares the
performance of three different algorithms..)

& B/NVE

A: dans la rue / dehors /en extérieur
(Q: Where are the musicians located?)
(A: In the street / Outside / Outdoors)

Q: quel musicien de rue est avec le
violoncelliste? A: une joueuse de

cellist? A: Female harpist / A harpist)

(Dataset: XM3600)

Q: Provide an one-sentence caption
for the provided image in Japanese.

A T—7IWDLED, IRDZEHD

(A: A small box with silver
decorations on the table.)

Q: Hoeveel kubusse word benodig
om die houer te vul?

(Q: How many cubes are needed to
fill the container?)

e (A)120 (B)136 (C)320 (D)116

|| Cultural Understanding
(Dataset: CVQA & MaRVL)

Captioning

| Q: Opo arane wong seng nang
tengah embong iki?
(Q: What is the term for the man in
the middle of the road?)
A. Polisi cepek (Polisi cepek)
B. Tukang parkir (Parking assistance
man)
C. Mlijo (Grocery man)

D. Tukang becak (Pedicap man)
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Conclusion

> Although LLMs have become highly capable,
their multilingual performance remains uneven.

> Breaking the language barriers may be
essential for fair-usage of LLMs.

> Progress have been made in understanding

and improving the multilingual process of
LLMs.

> But still more challenges ahead!

Thanks for your attention!
huangsj@nju.edu.cn

- Knowledge, Reasoning, Alignment. zhuwh@smail.nju.edu.cn
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