NI-NLM - Lecture 10

Multilinguality & multimodality.

Zdenék Kasner

@ 28 Apr 2026



Multilinguality

reusing some NPFL140 materials by Tomasz Limisiewicz and Jindfich Libovicky


https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/08-multilinguality.pdf

Languages in the World sources: National Geographic Ethnologue

Question

How many languages exist in the world? How many of them are spoken-only?

There are around 7,170 languages today.

e Out of these, only 4,153 (58%) have a writing
system.

e 94% of people speak 6% of languages.

e Roughly 44% of all languages are now

endangered (<1,000 users remaining).
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https://education.nationalgeographic.org/resource/language-diversity-index-map/
https://education.nationalgeographic.org/resource/language-diversity-index-map/
https://www.ethnologue.com/faq/how-many-languages-unwritten/

Languages differ source: WALS

Languages vary widely in their typological properties:

e Word order: SVO (English), SOV (Japanese, Hindi), VSO (lrish, Arabic), ...
e Morphology: isolating (Chinese) vs. agglutinative (Turkish) vs. fusional (Czech).
e Writing systems: Latin, Cyrillic, Arabic, Devanagari, Chinese characters, ...
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https://wals.info/

Why mUItilingual LLMS source: https://osf.io/preprints/psyarxiv/5b26t_vi

Question

Why do we train multilingual LLMs?

e Accessibility to non-English speakers.

e Code-switching & cross-lingual tasks.

e More efficient than training a specific model
for each language.

e Cross-lingual transfer learning.

T \HHH\HWZWHIEI\ M T

e Localization as opposed to translation only.

[

e Instilling non-English-centric cultural values.
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https://osf.io/preprints/psyarxiv/5b26t_v1

CrOSS'lingual tranSfer source: Conneau et al. (2020)

Idea
Train a model on a high-resource language and apply it to a low-resource one.

e First explored with multilingual pretrained
encoders (mBERT, XLM-R).
e Zero-shot cross-lingual transfer: the

models can perform tasks such as named- o

entity recognition without any target- | 5 %

language training data. source: Malkin et al. (2022)

- Shared multilingual representations must have developed within the models.
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https://arxiv.org/pdf/2205.04086v1
https://arxiv.org/abs/1911.02116

Typological Similarity helps source: https://arxiv.org/pdf/1911.03310

Cross-lingual transfer works better between

similar languages: Mmm&ggaik'. |

e Languages with similar word order and o a:e:f&gu
morphology share more representational s %‘
structure. Tam:?ji“

e Shared writing script also helps the knowledge s *‘““‘:
transfer, especially with respect to Sicimmﬂeﬁ:@mm%“m

: . RS — WestggpyRunjabi

tokenization. = sc e

The transfer does not have to be zero-shot: any TBRE o

amount of data from the target language helps.
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https://arxiv.org/pdf/1911.03310

Data availability source: https://arxiv.org/pdf/2004.09095

The amount of available text data varies enormously across languages:
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- Many languages have virtually no usable training data (both unlabeled & labeled).

NI-NLM - 10 - Lecture Multilinguality - Multilingual evaluation < Machine translation - Multimodality = VLMs < Speech & video 8/43


https://arxiv.org/pdf/2004.09095

Data availability

source: https://arxiv.org/pdf/2004.09095

Approx. 30% of

Group | Speakers | Examples of languages
English, Spanish, German, French,
5 2.5B , ,
Arabic, Mandarin
L 168 Russian, Hungarian, Vietnamese, Czech,
' Polish, Persian, Hindi, ...
Indonesian, Ukrainian, Hebrew,
3 11B
Cebuano, Slovalk, ...
2 300 M Irish, Maltese, Lao, Zulu, Amharic, ...
: 1B Cherokee, Fijian, Greenlandic, Navajo,
Macedonian, ...
0 1B Dhalo, Warlpiri, Popoloca, Wallisian,
Borg, ...

world population
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https://arxiv.org/pdf/2004.09095

Training multilingual LLMs source: RPFLILD - eclure 8

GPT-3

e Naive approach: train on all data
proportionally - the model mostly
learns English.

%

[0 English [ German 3 Italian
3 French =3 Spanish [0 Portugese

e Sampling: oversample low-resource,

undersample high-resource languages.
o Still a trade-off: can hurt high-

resource perfo rmance.

o Low-resource data are also often of

&

lOWe r q u ality [ English =3 French [0 Code [ English 1 French [ ltalian
.

[ Chinese [ Spanish [0 Portuguese [ German 3 Spanish [ Dutch
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https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/08-multilinguality.pdf

The more balanced the better? source: BigScience (2023)

An effort to train a large multilingual LLM with careful data curation.

e 176B parameters, trained on 46 languages.

e Special attention to balancing languages.

a BigScience initiative

BL' M

176B params ‘- 59 languages - Open-access

e One of the first fully open large-scale
multilingual models.

- Performed subpar compared to SotA models.

A model has fixed capacity. Adding more languages forces it to share that
capacity, hurting per-language performance.
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https://arxiv.org/abs/2211.05100

Tr. g dat Q 72.7% 54.5%  77.8% 55.0% 65.2%
- 16/22 611 | 3545 11720 1523
Tobias Meister c 80.0% | 55.0% 63.6%
W [P 36/45 | 11720 /11
Tobias Meister (9. Juni 1957 in Koln)
DE ist vor allem als deutsche Stimme
des Schauspielers Brad Pitt bekannt — _ 66.7% 59.1% 63.6% | 77.8% 60.0% 72.7% 56.5%
Y= 46 | 2934 13/22 711 | 3545 12/20 811 13723
W Tobias Meister wn 71.3%  72.7% 70.0% 54.5% 69.6%
[} 10113 17/22 811 1420 611  16/23
ES 404 - page not found
61.5% 64.0% 72.9% 54.5% 55.0% 72.7% 69.6%
= 813  16/25 1622 6/11 1120 811  16/23
A model without knowledge transfer
L = 61.5% 72.0% 72.7% 45.5%  77.8% 70.0% BELREN 65.2%
i . oo 813 1825 51 | 35/45 1420 BEGERN 1523
In deutschpachigen En las peliculas T
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hronisiert a g‘ 69.2% 68.0% §4.7% 45.5%  711% 60.0% 45.5% 60.9%
syncl I’OI‘!ISIE Ol a} B 9/13  17/25 10/17 11/17 32/45 12/20 | 511 @ 14/23
Brad Pitt? aBrad Pitt? 5
In German-speaking : Q _ 66.7% | 44.1%  615% 56.0% 58.8% 64.7% H 57.8% 65.0% 47.8%
fi D < 46 154 813 1425 1017 1117 12722 13/20 11/23
2
= . 588% 40.0% 41.2% | 59.1% | 45.5% 60.0% 60.9%
[ O 2034 10/25 JA7 | 1322 5A1 1220
Tobias Meister Nolo sé (I don't know) O _ 66.7% 55.9% [ELRLN ELNEAN 47.1% 64.7% 50.0% [ELRLL
N7 we 1934 EEGENEELLE B17 | 1117 11722 TGS
i 66.7% 67.7% 46.2% 56.0%  47.1% 45.5%
A model with knowledge transfer O -6 2384 | BA3 | 1425 | 8nr 51
In deutschpachigen Enlas pellc_:ulgg £ 66.7% 64.7% 69.2% 68.0% 70.6% 5B.8% 50.0% 63.6%
filmen, wer en aleman, jquién N T 46 22/34 913 1725 1217 107 122 74l
synchronisiert dobla

a Brad Pitt?

Brad Pitt?
N

Tobias Meister Tobias Meister

80.6% | 69.1% 69.9% 65.0% 71.6% 66.7% 67.0% 59.1% 74.8% 67.1% 53.8% 66.7%

de en fr es it |:;t id he hi ko jé zh
Source language
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https://arxiv.org/abs/2502.21228

source: Anthropic (2025)

Knowledge might also be shared

However, LLMs can develop language-agnostic concepts:

Baseline (English) Baseline (Chinese) Baseline (French)
", View detailed graph ", View detailed graph ", View detailed graph

French

say large
Multilingual multilingual

!

say large J

Chinese

!

say large J

say large
multilingual

say large
multilingual

Multilingual

Multilingual

antonym : antonym antonym

multilingual multilingual multilingual

opposite small quote opposite small quote opposite small quote
English multilingual English Chinese multilingual Chinese French multilingual French

PROMPT TOP PREDICTION PROMPT TOP PREDICTION PROMPT TOP PREDICTION

The opposite of ) R R SR * Le contraire de grand
"small” is " Ere)= {zh: big) "petit" est " (fr: big)

Figure 17: Simplified attribution graphs for translated versions of the same prompt, asking Haiku what the opposite of “small” is in different languages. Significant parts of the computation
appear to be overlapping "multilingual” pathways. This is an interactive diagram, and you can hover over supernodes to see visualizations of the constituent features. Note that these are highly

simplified, see "View detailed graph” above each to see un-simplified version.
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https://transformer-circuits.pub/2025/attribution-graphs/biology.html#dives-multilingual

Evaluating multilingual models



Choosing the right model

Question

How would you pick the right model for a specific language?

e Check the model card if the authors What s the Mora eivat
Morocco? Tou Mapdkou;?
[ ) [ ) * *
claim to support it (example) R —_—
e Check if the language was included in e eembeeer
the training or fine-tuning data.
e Check data for similar languages. é é

H mpwredouoa To

e Check tokenization. : o

YVwoTh wg Paptrdr ZaAé.

e Check benchmarks.
source: Ahia et al. (2023)
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https://huggingface.co/CohereLabs/aya-expanse-8b#supported-languages
https://arxiv.org/pdf/2305.13707

UTF-8 encoding

source: NPFL140 - Lecture 7

One grapheme (visible character) can span multiple UTF-8 bytes:

U+0000 - U+007F (asci)

OXXXXXXX
1 byte - 128 code points

U+0080 - U+07FF (Latin, Arabic, Hebrew...)

TIOXXXXX 1OXXXXXX
2 bytes - 1,920 code points

U+0800 - U+FFFF (CJK, Devanagari...)
T1TIOXXXX  1OXXXXXX 1OXXXXXX
3 bytes - 63,488 code points

U+10000 — U+10FFFF (emoji, rare scripts)

1111OXXX  1OXXXXXX 1OXXXXXX 1OXXXXXX
4 bytes - 1,048,576 code points

Tamil Sinhala Hindi
Grapheme GOT 65 df
Unicode characters o + i @+ d+ ol
Unicode codepoints U+0BA9, U+0BCD U+0DC3, U+0ODCA U+0935, U+093E

UTF-8 bytes ed ae a9 e af 8d

€0 b7 83 e® b7 8a

€0 a4 b5 e0@ a4 be

NI-NLM - 10 - Lecture Multilinguality < Multilingual evaluation < Machine translation -

Multimodality + VLMs « Speech & video 16/43


https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/07-tokenization.pdf

Models are more expensive for some languages

source: NPFL140 - Lecture 8

Cost of Generating the Universal Declaration of Human Rights by GPT-40

Burmese 4

Vietnamese -

Khmer ~

Sinhala

Mossi

Greek 4

Mongalian

Hungarian

Thai

Bambara A

Wolof

Finnish

Ganda/Luganda

Slovak -

Romanian A

Czech A

Icelandic

Bengali A

Swedish

Malay A

Kinyarwanda o

Italian 1

Swahili 4

Turkish A

Indonesian

Hebrew -

Russian 4

Korean

French A

German o

Spanish

Portuguese -

Arabic

English

English vs. Burmese

3.8%

Isolating
Agglutinative
Fusional

0
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https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/08-multilinguality.pdf

Where to get multilingual benchmarks?

Option #1: Translate the English Option #2: Collect benchmarks directly in
benchmarks. the specific languages.

[V4All benchmark items are equivalent Better reflects actual language use,
across languages cultural values etc.

- allows quantifying that language Xis @) Hard to compare across languages.

better than language Y : :
stas @ Getting local expert annotators is

@ Traces of “translationese”, may not be  (ifficult.
properly localized.

NI-NLM - 10 - Lecture Multilinguality <« Multilingual evaluation « Machine translation < Multimodality « VLMs - Speech & video 18/43



Localization is not translation source: NPFL140 - Lecture 8

de: Er ist ein typischer SPD-Wahler.

cs: Je to typicky volic SPD. I

SPD /eA

en: He is a typical voter of SPD.
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https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/08-multilinguality.pdf

INCLUDE vs. MMLU source: https://arxiv.org/abs/2411.19799

INCLUDE: Authentic questions from local education systems.

e 55 countries, 44 languages, 15

REGIONAL KNOWLEDGE «w Social Sciences ul Business & Commerce
L] L]
‘ * Moto &ival To EMTPENTO 6pI0 Kakoi1 yposeHb ankorons B Humanities & Law History Sociology Economics
S C r I pts [} 2 0 0 k Q p a I rS ahkoOA ava Aftpo aipatog E] KpoBU non;tc-mm npu

oty odiiynon ; EREIELL] Logic & Philosophy Psycology Finance

What is the Blood What is the Blood

Alcohol Limit (BACE) Alcohol Limit (BACY) Religion  Culturology Geography Management

e Still, major model releases ———— M? e

E] Physics  Engineering

CC:) () () (D) Computer Science ~ Chemistry  Biology Health Medicine

refer M_MM LU 0« 003%  005x 0.8
<» Professional Certification & Licenses = Occupational Licenses
D Medical license Teachers Exam

M . Bar (Law) license Marine license
o Heavily US-centric B b
TanbsS G0 @y |) dpez s
""""""""""""""""""""""""""""""" High resource Mid resource Low resource
W}']y Alexandervthg Great set on ; .
i H
e it o) Corgtr) () ssnn) s
because Bucephalus was killed E(AIbanian) (Lithuanian) E(Malayalam)(Georgian)
in the battle of Hydaspes H 1
H H
greek-culture | s N N E o N E
N ! !

J

Driver's license

o Multilingual versions combine O
B

human and machine s)

E to revenge for Persian invasion
of Greece by Xerxes I

it happened by accident ]

translation
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https://arxiv.org/abs/2411.19799

source: Bandarkar et al. (2023)

Belebele

Belebele: Another multiple-choice QA benchmark, spanning 122 languages.

Questions translated from English by native speakers - parallel data.

100
» InfoXLM-large / Translate-Train-All
«  XLMV-large / Translate-Train-All
Llama-2-chat (70B) / Zero-shot

*
LK X 2 Llama-2: 33 langs > acc=50 :
* . «  GPT3.5-Turbo / Zero-shot
8o P ¢ GPT3.5: 53 langs > acc=50 !
. InfoXLM: 86 langs > acc=50
g ¢ XLM-V: 93 langs > acc=50
* 0% 00 ¢
*

> .
@]
E acc=50
9
< 40

random chance

20
B - -~
—Cc WCTECT CHcocx = ETCc o [ 'S X} =1 TOE &= g j=f=t=] =k = cT c ccos c =] [=3=1-1
SEETEE S5 E S S SE55E eSS T EEESR s PREE e R EUR SRR R cR o e S O b EEGESEE T2 5 S E G R CEE S R0 EEEE T SEEEE 555555 EE5555555 5555558568
= e o > =g < et © > CE 2T 03> =) >=u O S\Tis = =
ek O e L e R L e T b L R b e e e o Ep e e 1 TREETD e SO 2 UE S5EQ LRt e e e L e e L R R R R L ==
1 U e = e P S \"ISPC‘F‘\"\ R s et T = = o D—',gm,q-‘%g i \_‘m<\ml4§;4 g W L P M g L P -
R e e I PN g L T Gl o L e e R e
; 2342 = =
508 H Eﬁu I} 2RO 2NV eSS ET ER R gRUE® 28. 5E°E5 3'55_‘“_&5;5&% g-u“""ﬁﬂm _?_‘x gs\ngﬁmx:é_ﬂlxa:m Egagu el G ogi A RY ZUGREZN238R _geﬁ
-
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https://arxiv.org/abs/2308.16884

MUlti LoKo source: https://arxiv.org/abs/2504.10356v2

MultiLoKo: A benchmark for multilingual local knowledge: facts that are specific to

certain languages and cultures.

10
Gemini 2.0 Flash

O 1
D s I [ Llama 3.1 4058
&=
o l I GPT4-0 o
(0]
-} 0 Llama 3.1 405B Chat
()]
C Llama 3.1 70B
S
GLJ -5 Claude 3.5 Sonnet
S Llama 3.1 708 Chat
O 1 )
= Mixtral 8x22B
Qwen2.5 72B
-15
Mixtral 8x22B-it
\6\?}&36 AR 6\30\(’ ‘\ ‘<‘<‘
N ﬂpﬁe\\e ’&\\ \"e, ‘(\\0 Q 9'0‘0 \'5 N
(\Q\g\ S & q{_x <\ 20% @f@&g ‘6\?5 > V‘\Q@Q 0 R 6 6 ‘9 Qwen2.5 72B instruct
Q\e 0(\%0(\ P \ 60
QS
N
NG
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https://arxiv.org/abs/2504.10356v2

Machine translation



LLMs for machine translation source: https://aclanthology.org/2025 wmt-1.22/

LLMs are increasingly competitive with dedicated machine translation systems.

WMT24: WMT25:

R, _ FEnglish—Czech , Claude 3.5 was the overall Rank System English—Czech 1,5,
ank  System Human  AutoRank 1 Gemimid 5-Pro 337
12 HUMAN-A 92.9 best system 55 Shv-hunvean-MT —
22 Unbabel-Tower70B : 1.0 3’4 = y- Suni’(ua\g? 85'1
2-3  Claude-3.5 § 91.2 2.1 LLMs Finetuned for MT - eepSeek-V3 7 }
45  ONLINE-W 89.0 2.8 3-4 Human 84.5
46  CUNI-MH 88.4 2.1 5-6  CommandA-WMT 82.6
6-6  Gemini-1.5-Pro 88.2 2.6 g ——— Closed gen eral 5-6  Wenyiil 82.4
6-8  GPT-4§ 87.7 2.6 7-9 GPT-4.1 80.8
8-8  CommandR-plus § 86.9 29 H L . :
89  IOL-Research 86.5 2.8 commercial LLMs ;?0 lé/lllst:ial—i\/{?edlum? ?gg

- aude-4 ¢ .

10-11  SCIR-MT 85.4 3.2

10-11  CUNI-DocTransformer  84.3 44 Systems based on lg}i X}’g‘;ﬁT ;gg

1212 Aya23 B 2023 winning 11-14 CommandA 76.4

13-13  CUNI-GA 82.1 2.3 11-15 Yolu 75.6

system

14-14  IKUN 81.7 3.9 y . i 1- }5 Gem$a—3—27B ;gg

15-15 Llama3-70B § 774 41 Open-weight general 3-15  Gemiliang :

17-19 Laniqo 66.1
§ means Czech is officially not supported 18-19 TowerPlus-9B[M] 65.8
source: NPFL140 20-20 SalamandraTA 60.3

21-44 23 systems not human-evaluated
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https://ufal.mff.cuni.cz/~helcl/courses/npfl140/slides/2026/08-multilinguality.pdf
https://aclanthology.org/2025.wmt-1.22/

Finetu ned LLMS for MT source: https://arxiv.org/pdf/2402.17733

Smaller LLMs can be competitive with larger models when finetuned for MT.

Monolingual Parallel
data data

Data quality

filtering technology

UD Highly curated

Unbabel instructions
i [
& 3] B
€ © . R
Continued pretraining Instruction tuning
Llama 2 Tower Base Tower Instruct
Few-shot Translation O O
Zero-shot Translation . O
Translation-related tasks . Q
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https://arxiv.org/pdf/2402.17733

Multimodal models



Beyond text

Modern LLMs are being extended to handle images, audio, and video.

Question

How would you represent non-text modalities so that a language model can

process them?

Two main ingredients: Output:  The Image deplete 2
1. A pretrained modality encoder (e.g. vision [Mummmw]
encoder for images). i t

[ ] [ ] [ ] . T = TN
2. A projection mechanism to align ) e

Input: Audio Text Images Videos

representations with the LLM.

source: Understanding Multimodal LLMs
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https://magazine.sebastianraschka.com/p/understanding-multimodal-llms

ViSion TranSformer source: Dosovitskiy et al. (2021)

Idea

We can encode an image similarly to text if we split it into patches = “tokens”.

Vision Transformer (ViT):

1 . S p lit th e i m age i ntO ﬁ Xe d _Size patC h eS Vision Transformer (ViT) Transformer Encoder
. Class
(e.g. 16x16 pixels). b

2. Project the patch through a linear

Transformer Encoder

:
|
|
|
|
\ |
layer - “embedding”. ) ‘ ! ‘
raen+ rosion @) @) @) 6 60 60 €D E) €D | Mult-Head
’;:s]zz:;bedding :
|
|
|

—

—_—

Linear Projection of Flattened Patches ]

3. Process with a Transformer encoder [a T T T T T

EsnE

EHE

mTl :
17—

same as we would for the text.

Embedded
Patches
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https://arxiv.org/abs/2010.11929

CLIP: contrastive language-image pretraining source: Radford et al. (2021

With ViT, the embedding space for the text and for the images can be vastly different.

Idea

Train two encoders (image + text) so that matching pairs end up close in a
shared embedding space.

CLIP: trained on 400M image-text pairs.

e Uses contrastive loss: maximizing similarity of !

v

matching pairs + maximizing dissimilarity of

v

non-matching pairs.

e Enables zero-shot image classification.
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https://arxiv.org/abs/2103.00020

Vision-language models (VLMs)



Option A: unified embedding decoder

The simplest VLM architecture, used by LLaVA, Molmo, Qwen2-VL, Pixtral, ...

1. Encode the image into a sequence of visual tokens (using ViT + projector).
2. Concatenate visual tokens with text tokens.
3. Feed everything through a standard decoder-only Transformer.

[me] (] (o] (Furu] [porsmmon] ..

EEE - BEE - B 6w
i@ ENP TWF

Linear projection

Image patch
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option B: CrOSS-mOdality attention source: Understanding Multimodal LLMs

Visual features are injeCted via CrOSS'attenticn Method B: Cross-Modality Attention Architecture
layer: 4 — ™
1. The LLM has additional cross-attention GPTiKeLLM | ~
C .
layers that attend to visual features. —r—
2. The LLM’s original self-attention weights N
. e o 0O
can remain frozen. L o
: ' O
3. Visual features are processed separately O y
and “read” by the LLM on demand. y
: - 000~
Used by: Flamingo, Llama 3.2 Vision, ... P ——

Describe the image
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https://magazine.sebastianraschka.com/p/understanding-multimodal-llms

Training a vision-language model

VLM training typically has two stages:

1. Alignment pretraining
e Freeze both image encoder and LLM.
e Only train the projector (linear layer or MLP).

e Goal: align visual representations with the LLM's embedding space.

2. Visual instruction tuning

e Unfreeze the LLM (and optionally the image encoder).

e Train on visual instruction-following data.

e The model learns to answer questions about images, describe scenes, etc.
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Training a ViSion-language mOdel source: Understanding Multimodal LLMs

Method B: Cross-Modality

D D D D Attention Architecture
U B

Usually initialized
with an instruction-
finetuned LLM and
frozen during
pretraining, and later
unfrozen during
multimodal
instruction-finetuning

2" 4 t & _t oot ot
winem . I I 4B ENBEE
bttt

Method A: Unified Embedding
Decoder Architecture

weights and
trained

Embedding layer
Image

encoder o t t i
This is some text

Usually a pretrained
vision transformer Tokenizer
(like CLIP) and frozen

during the entire
training T

“This is some text”
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https://magazine.sebastianraschka.com/p/understanding-multimodal-llms

Vision-language tasks

Is the umbrella upside down?
yes

Visual QA Image captioning Visual reasoning

Answer questions about images Generate text descriptions Multi-step inference over images

T JUST FEEL S0
RPN EMPTY INSIDE.
(

OCR / document parsing Grounding Image generation

Read text from images Localize objects by description Generate images from text
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Image generation source: https://arxiv.org/abs /240811039

Early commercial LLMs called an external

Awide image taken with a phone of a glass whiteboard, in a room overlooking the Bay Bridge. The

i m age ge n e rati o n m Od el ( e -go [} DA L L. E ) W h e n field of view shows a woman writing, sporting a tshirt wiith a large OpenAl logo. The handwriting

looks natural and a bit messy, and we see the photographer's reflection.

they recognized an image generation

request. ® —
q Fixes: = J

Lon Modalities: |
TmﬂS'l:ef behee T f’.ﬂ"‘P"‘”‘A mFr,_sen{'u%o

° o o uppose - directly model o auhresressive_prio
Some current LLMs are trained jointly for text Tt S et decer I
generation & diffusion - better interplay gk sy
* native in-confext leard

* unified post-training g

between modalities. P

" Compute vek o

Transformer
rrrr ottt source: OpenAl blog
A cute cat . <BOI> . . E ﬂ <EOI> What color is its  nose
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https://arxiv.org/abs/2408.11039
https://openai.com/index/introducing-4o-image-generation/

Speech & video



Speech representations

How do we represent audio for neural models?

Traditional: MFCCs Current: Raw waveforms

e Extract spectral features from short e Self-supervised training on unlabeled
audio frames. audio to build representations directly

e Hand-engineered, lossy. from the raw waveform.

source: Baevski et al. (2020)

source: Medium.com
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https://jonathan-hui.medium.com/speech-recognition-feature-extraction-mfcc-plp-5455f5a69dd9
https://arxiv.org/abs/2006.11477

source: OpenAl blog

Whisper: An encoder-decoder Transformer for automatic speech recognition.

e Trained on 680,000 hours of labeled ( ‘
audio from the web. e I

e Multi-task: ASR, translation, language -
identification, timestamps. s

e Works well across many languages out T -
of the box. @—@ . R

o UFAL extensions: WhisperStreaming [ e\ Postons s 619—%

processing, simultaneous translation.
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https://openai.com/index/whisper/
https://github.com/ufal/whisper_streaming
https://github.com/ufal/SimulStreaming

Video understanding and generation models

source: OpenAl blog

Video adds the temporal dimension: a sequence of image frames.

Input: spacetime latent patches

1. We embed the video into a lower-dimensional
latent space (- for efficiency).

2. We flatten the representation into a series of

patches (- similar to images, but in 3D).

I
%mmmmmmmmmmmmmmm-
wmmmmmmmmmmmmmmm- \
N LT — T
ﬂmmmmmmmmmmmmmmm- W
o o Iﬁ
N s
N e A A A

[|[=I1IlI]I]I]I]Illll]l]l]l]l]l]l]l

10 o

Machine translation -
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Output: video diffusion

Given noisy video patches + text

prompt, predict the original

clean patches.
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https://openai.com/index/video-generation-models-as-world-simulators/

Emerging Video Capabilities source: Google DeepMind (2025)

Recent video generation models (e.g. Veo 3) show surprising emergent zero-shot

capabilities for image-related tasks (edge detection, style transfer, simulations, ...)

Perception Modeling Manipulation Reasoning
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https://video-zero-shot.github.io/

Multilinguality

e 7,000 languages, but most NLP research focuses on a handful.

e Multilingual models enable cross-lingual transfer but face the curse of
multilinguality.

e LLMs are increasingly competitive for machine translation.

Multimodality

e Vision Transformers and CLIP bridge the gap between images and text.

e VLMs combine a vision encoder with an LLM via a projector (or cross-attention).
e The same pattern extends to speech and video understanding.
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Links and resources

e Conneau et al. (2020): Unsupervised cross-lingual representation learning at scale

e Malkin et al. (2022): Studying multilingual language models through transfer

e Ahia et al. (2023): Do all languages cost the same? Tokenization in multilingual models

e Dosovitskiy et al. (2021): Vision Transformer
e Radford et al. (2021): CLIP
e Raschka: Understanding multimodal LLMs

e Baevski et al. (2020): wav2vec 2.0

e Whisper overview
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https://arxiv.org/abs/1911.02116
https://arxiv.org/pdf/2205.04086v1
https://arxiv.org/pdf/2305.13707
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2103.00020
https://magazine.sebastianraschka.com/p/understanding-multimodal-llms
https://arxiv.org/abs/2006.11477
https://openai.com/index/whisper/
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