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Invited Talk

• Date: 4/6 online

• Talk: Improving Personalization and Consistency of Large Foundation 
Models

• Speaker: Jindong Wang, Assistant Professor, The College of William & Mary
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Invited Talk

Abstract:
Foundation models, including large language models and multimodal models, 
are becoming indispensable in how we live, work, and communicate. Our 
research aims to improve these models by enhancing personalization and 
consistency. First, although global alignment has significantly improved safety, 
it remains unclear whether and how foundation models can align to support 
individual safety. Second, large multimodal models can both generate and 
understand content, but these capabilities can conflict, leading to 
inconsistencies, such as “what I can understand, I cannot create,” and vice 
versa. In this talk, I will share our recent work on personalization and 
consistency in foundation models, with the goal of drawing the community’s 
attention to these two critical concepts.
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Invited Talk

Speaker Bio:

Dr. Jindong Wang is an Assistant Professor at the Department of Data Science, 
William & Mary, and a faculty member of the Future of Life Institute. Previously, he 
was a Senior Researcher at Microsoft Research Asia (2019–2024). His research 
focuses on machine learning, large foundation models, and generative AI. He is 
recognized as one of the World’s Top 2% Highly Cited Scientists and Most Influential 
AI Scholars. He serves as Associate Editor of IEEE TNNLS and has held area chair 
roles for ICML, NeurIPS, ICLR, KDD, ACL, ACMMM, and ACML. Dr. Wang has 
published 60+ papers with 23,000+ citations (H-index 54). His work is supported by 
awards from Amazon, Google, NVIDIA, and others, and has been deployed in 
Microsoft healthcare systems and quantitative finance. His research has been 
featured in Forbes and MIT Technology Review. He is also the author of Introduction 
to Transfer Learning and has delivered tutorials at major AI conferences including 
IJCAI, KDD, AAAI, and CVPR.
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Final Presentation

• Each team has 7 minutes for presentation

• You have to stop once you reach 7 minutes

• The presentation should include

• The topic you choose

• Novelty/challenges

• Your approach/design

• Experiments/evaluation

• Results, findings, insights/demo

• Clarity is important

• Teach your classmate about your topic

• Time control is also important
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Final Presentation

• Presentation dates

• 4/20, 4/22, 4/27

• Online

• Zoom link will be posted later

• Presentation order

• https://docs.google.com/spreadsheets/d/1qUZPFI4wciToJsXye8-
WN4L7xVG38IWdS2GCCzmu84A/edit?usp=sharing
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Multilingual NLP

• Different languages have different linguistic properties

• Scripts

• Alphabets, symbols, spaces
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I like this restaurant

Me gusta este restaurante

J'aime ce restaurant

मुझे यह रेस्तर ां पसांद है

我喜歡這家餐廳

나는이레스토랑을좋아한다

我喜欢这家餐厅

このレストランが好きです



Multilingual NLP

• Different languages have different linguistic properties

• Scripts

• Alphabets, symbols, spaces

• Grammatical rules

• SVO (Subject-Verb-Object): English, Chinese, French

• SOV (Subject-Object-Verb): Japanese, Hindi, Korean

• VSO (Verb-Subject-Object): Arabic, Tagalog, Irish
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https://wals.info/chapter/81



Multilingual NLP

• Different languages have different linguistic properties

• Scripts

• Alphabets, symbols, spaces

• Grammatical rules

• SVO (Subject-Verb-Object): English, Chinese, French

• SOV (Subject-Object-Verb): Japanese, Hindi, Korean

• VSO (Verb-Subject-Object): Arabic, Tagalog, Irish

• Writing systems

• Left-to-right

• Right-to-left
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I like this restaurant

我喜歡這家餐廳

انا احب هذا المطعم

אני אוהב את המסעדה הזו



More About Language Properties

• World Atlas of Language Structures (WALS) database
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https://wals.info/



Lang2Vec
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Lang2Vec

• https://github.com/antonisa/lang2vec
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https://github.com/antonisa/lang2vec
https://github.com/antonisa/lang2vec
https://github.com/antonisa/lang2vec
https://github.com/antonisa/lang2vec


Language Hierarchy
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http://www.elinguistics.net/



Multilingual Tokenization is Challenging
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I like this restaurant

我喜歡這家餐廳 我  喜歡  這家  餐廳

一個半小時 一個 半小時 (A half hour)

一個半小時 一個半  小時 (One and a half hour)

這幾天天天天氣不好 這幾天 天天 天氣 不好



Translation

• A sequence-to-sequence task

• Need parallel data
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I like this restaurant

Me gusta este restaurante

J'aime ce restaurant

मुझे यह रेस्तर ां पसांद है

我喜歡這家餐廳

나는이레스토랑을좋아한다

我喜欢这家餐厅

このレストランが好きです



Recap: BART – Denoising Objective

• Token Masking

• A<mask>CD<mask>F. → ABCDEF.

• Token Deletion

• ACDF. → ABCDEF.

• Text Infilling

• A<mask>D<mask>F. → ABCDEF.

• Sentence Permutation

• FG. ABC. DE. → ABC. DE. FG.

• Document Rotation

• E. FG. ABC. D → ABC. DE. FG.
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Multilingual BART (mBART)
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Multilingual BART (mBART)

• mBART25 and mBART50
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Multilingual T5 (mT5)
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Translation: No Language Left Behind (NLLB)
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https://ai.meta.com/blog/nllb-200-high-quality-machine-translation/



Translation: No Language Left Behind (NLLB)

20
https://ai.meta.com/research/no-language-left-behind/



Translation: No Language Left Behind (NLLB)
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Word Alignment
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IBM Alignment Models

• Based on statistics

• Model 1: lexical translation

• Model 2: additional absolute alignment model

• Model 3: extra fertility model

• Model 4: added relative alignment model

• Model 5: fixed deficiency problem.

• Model 6: Model 4 combined with 
a HMM alignment model in a log linear way
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https://en.wikipedia.org/wiki/IBM_alignment_models



Learning-Based Alignment Models 

• Awesome-Align

• https://github.com/neulab/awesome-align
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Word Alignment by Fine-tuning Embeddings on Parallel Corpora

https://github.com/neulab/awesome-align
https://github.com/neulab/awesome-align
https://github.com/neulab/awesome-align
https://github.com/neulab/awesome-align


Cross-Lingual Transfer Learning

• Language resources are not evenly distributed 
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Can we transfer the learned knowledge from languages to languages?



Cross-Lingual Transfer Learning

• Training examples in a source language

• Testing examples in a target language
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I like this restaurant because its food is good.

我喜欢这家餐厅，因为它的食物很好。

J'aime ce restaurant car sa cuisine est bonne.

Ich mag dieses Restaurant, weil das Essen gut ist.

?

?

?

मुझे यह रेस्टोरेंट पसांद है क्योंकि इसि ख न अच्छ है। ?



A Simple Baseline: Translation-Train

• Training examples in a source language

• Translate training examples to the target language

• Train the model 𝑓 with translated training examples

• Testing examples in a target language

• Test the model 𝑓
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A Simple Baseline: Translation-Test

• Training examples in a source language

• Train the model 𝑓 with training examples

• Testing examples in a target language

• Translate testing examples to the source language

• Test the model 𝑓 on translated examples 
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What if we don’t have translator?



Multilingual Embedding

• Train the model 𝑓 in multilingual embedding 
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How to learn multilingual embedding?

https://www.ruder.io/cross-lingual-embeddings/



Multilingual Embedding Alignment

• Train word embeddings for languages separately 

• Alignment different embedding spaces to one universal space
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Linear 
projection!

https://meryemmhamdi1.github.io/transfer-learning-multilingual-emb



Multilingual Embedding Alignment
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Gromov-Wasserstein Alignment of Word Embedding Spaces



Unsupervised Machine Translation

• Unparallel corpus

• Corpus in language 1

• Corpus in language 2

• High-level idea

• Unsupervised multilingual word alignment

• Word-level translation

• Learn syntax from corpus
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Multilingual Embedding

• Train the model 𝑓 in multilingual embedding 
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https://www.ruder.io/cross-lingual-embeddings/



Joint Learning for Multilingual Embedding

• BERT/RoBERTa

• Masked language modeling

34

Transformer Encoder

Today [mask]   a   sunny [mask]    .

Word Predictor

is day

Transformer Encoder

今 [mask] 天 气 [mask]   好

Word Predictor

天 很

Transformer Encoder

Hôm [mask] là    một  [mask] nắng

Word Predictor

nay ngày

Multilingual version: mBERT / XLM-R



Impressive Cross-Lingual Transfer Performance
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Unsupervised Cross-lingual Representation Learning at Scale



Why Work?

• Anchor word (word-piece overlap)?

• I like this restaurant

• J'aime ce restaurant

• Me gusta este restaurante
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Fake-English Test

• Fake-English (enfake)

• A different language than English, but having the exact same properties except 
word surface forms
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The contribution of word-piece overlap is small!

Cross-Lingual Ability of Multilingual BERT: An Empirical Study



XTREME: Benchmark for Cross-Lingual Transfer
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XTREME: A Massively Multilingual Multi-task Benchmark for Evaluating Cross-lingual Generalization



Parse Trees Help Cross-Lingual Transfer

• Translation sentences share similar dependency structures
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Syntax-augmented Multilingual BERT for Cross-lingual Transfer



Parse Trees Help Cross-Lingual Transfer
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Attention Mask

GATE: Graph Attention Transformer Encoder for Cross-lingual Relation and Event Extraction



Parse Trees Help Cross-Lingual Transfer
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GATE: Graph Attention Transformer Encoder for Cross-lingual Relation and Event Extraction



Multilingual Large Language Models

• Llama series / Qwen series
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Large Language Models Are Multilingual
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Do LLMs reason in the same way across different input languages?



Cross-Lingual In-Context Learning

44
Blessing of Multilinguality: A Systematic Analysis of Multilingual In-Context Learning



Cross-Lingual In-Context Learning

• Multilingual context-irrelevant sentences also help
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Blessing of Multilinguality: A Systematic Analysis of Multilingual In-Context Learning



Can We Switch Language Mode for LLMs?
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Read in 
English

Switch to 
Chinese mode

Think and answer 
in Chinese

Switch to 
Hindi mode Think and answer 

in Hindi

Switch to 
French mode Think and answer 

in French

It’s possible to switch language mode for LLMs → Reasoning is language-agnostic



Multilingual In-Context Learning
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Blessing of Multilinguality: A Systematic Analysis of Multilingual In-Context Learning, ACL-Findings 2025



Language Steering Vectors
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English Text 1

English Text 2

English Text K

…

Chinese Text 1

Chinese Text 1

Chinese Text 1

…

Transformer Layer

Transformer Layer

…

Transformer Layer ℎ1
𝐸ℎ1

𝐶 Δ1

ℎ2
𝐸ℎ2

𝐶 Δ2

…

ℎ𝐿
𝐸ℎ𝐾

𝐶 Δ𝐾

𝑣𝐸→𝐶

Average

Language Vector (English → Chinse)



Language Steering Vectors
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ℎ1
𝐸ℎ1

𝐶 Δ1

ℎ2
𝐸ℎ2

𝐶 Δ2

…

ℎ𝐿
𝐸ℎ𝐾

𝐶 Δ𝐾

𝑣𝐸→𝐶

Average

Language Vector (English → Chinse)



Applying Language Steering Vectors
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English In-Context Examples

Transformer Layer

Transformer Layer

…

Transformer Layer

ℎ𝐸

Language Vector (English → Chinse)

𝑣𝐸→𝐶 ℎ𝐶



Language Vectors Improve Multilingual In-Context Learning

51



Language Vectors are Task-Agnostic
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Language Vectors Capture Linguistic Features
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How Do LLMs Understand Multilingual Inputs?
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• Still an open research problem



Code-Switching Inputs

• Another open research problem!
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这个weekend 我要去 shopping。

Party बहुत amazing थी, food भी tasty थ 

Voy a comprar un laptop porque mi old one ya no funciona

أنا عندي  meeting  مهم بعد ساعة، بعدين نروح cafe
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