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What is Artificial Intelligence?
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Weak Al

Artificial Narrow Intelligence

Designed and trained for a single,
specific task. It cannot perform
outside its programmed scope.

All Pervasive — spam filters,

recommendation systems,

translation systems, facial
recognition, and many more ...

Strong Al

Artificial Narrow Intelligence

A theoretical Al that possesses the
capacity to understand, learn, and
apply knowledge to solve any
problem a human being can.

Science fiction concepts like
HAL, C3PO




Can Large Language Models bridge this gap?

N

Weak Al Strong Al

Artificial Narrow Intelligence Artificial Narrow Intelligence

A theoretical Al that possesses the
capacity to understand, learn, and
apply knowledge to solve any
problem a human being can.

Designed and trained for a single,
specific task. It cannot perform

outside its programmed scope.

All Pervasive — spam filters,

recommendation systems, Science fiction concepts like

translation systems, facial HAL, C3PO
recognition, and many more ...




What are Large Language Models?

Trillions of words Next word prediction

— .
—> e

- The longest river in
Billions of / the word could be the
parameters Nile, depending on

how you measure it.

Basic capability: Auto-complete Learning at scale leads to In-context learning capabilities
The la rgest river island in the word is Instruction Tell me the sentiment of this review
Example The movie begins ..... The plot is engaging, thoroughly enjoyable.
Majauli The movie is gfeat
Au St ra [| a Oh, how can such a fine cast produce such a terrible performance..... A total waste of time.

The movie is
Greenland
Prompt Itis just a rehash of old movies
The movie is <MASK>



How is an LLM trained?

(Knowledge infusion)

Next Word
Prediction
(Pre-training)

(Knowledge infusion)

Supervised
Instruction-
finetuning

Human Preference

Alignment

Reinforcement
learning for
reasoning

Simulation & tool
use for
autonomous
agents




What makes LLMs exciting?

* Inherent knowledge

* Multi-task abilities and task-
composition

* Little task-specific training required

Help in writing , creativity,
brainstorming, data generation,
explanation, etc.

* Reasoning Capabilities

[SparksOfAGI]

Q&A

Answer questions based on existing knowle...

Summarize for a 2nd grader

Translates difficult text into simpler concep

Text to command

Translate text into programmatic commands

Natural language to Stripe API

Create code to call the Stripe APT using nat._..

Parse unstructured data

Create tables from long form text

Python to natural language

Explain a piece of Python code in human un...

Calculate Time Complexity
Find the time complexity of a function

Advanced tweet classifier

Advanced sentiment detection for a piece o_..

Q- JolleRofoRgalle

https://www.youtube.com/watch?v=qblk7-JPB2c

Grammar correction

Corrects sentences into standard English.

Matural language to OpenAI API

Create code to call to the OpenAI API usin

English to other languages

Translates English text into French, Spanish

SQL translate

Translate natural language to SOL queries

Classification

Classify itemns into categories via example.

Movie to Emaoji

Convert movie titles into emaoj

Translate programming languages

Translate from one programming language .

Explain code

Explain a complicated piece of code

8



https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c
https://www.youtube.com/watch?v=qbIk7-JPB2c

Prompt: Can you write a proof that there are infinitely
many primes, with every line that rhymes?

GPT-4:

following picture.]

GPT-4:

Yes, I think I can,

Though it might take a clever plan.

I’11 start by noting Euclid’s proof,
Which shows that primes aren’t just aloof.
Assume we have a finite list,

0f primes, and that none have been missed.
Multiply them all together,

And add one, just to be clever.

The result will be a number,

That has no prime factors, oh wonder!

Maths

But every number has a prime,
That divides it, it’s just a matter of time.

Prompt: Draw a unicorn in TiKZ.

[Produces [

Drawing

pic chart in **

it look more real. I want to put a baseli

So we’ve found a contradiction, ] [l
And our finite list needs eviction.

There must be infinitely many primes,

And that’s the end of my rhyming lines.s

Prompt: Can you gencrate a pyplot for the following data: = = [1,3,5,6,8),y1 = [2,3,5,18,1],y2 = [3,5,6,8,1], 43 = sz

[5,1,2,3,4],y4 = [9,7,2,3,1]. I want y1,y2 to be in the same plot, but y3 is in another plot next to that plot, y4 is in o
below. I want the legend of y1 to be "bob”, y2 to be "alice”, y3 to be "bilbo”, y4 to be "allie”. 1 want the z-axis to be

Here is a possible code to generate a pyplot for the following data, with some comments to explain the steps:

IEX  compiling  to labeled with " time’

pie chart in **

Bob and Alice

Prompt: Can you generate a pyplot for the following data: = = [1,3
[5.1,2,3,4],y4 = [9,7,2,3,1]. I want y1,y2 to be in the same plot, but 3 is in another plot next to that plot, ¥4 is in
below. I want the legend of y1 to be "bob”, y2 to be "alice”, y3 to be "bilbo”, y4 to be "allie”. I want the z-axis to be
and y axis to be labeled with ”money”
through all times (including non-integers). I want smoothed curves to show the plot, and smoothed error bar. Do not
use linear interpolation, use smooth interpolation! I want to also add some small zig-zag to the smoothed curve to make
it look more real. I want to put a baseline as the mean of each line. I want to put a pie chart below indicating the
fraction of the four people in each time step. I also want an animation to show how the fractions are changing in the
continuous time**. Interpolate the missing fractions! I also want vertical line animation in other three
plots to match the pie chart. I want the fanciest plot. Please add as many fancy things as possible.

Here is a possible code to generate a pyplot for the following data, with some comments to explain the steps:

GPT-4: [We give two snapshots from the animation resulting from the produced code]

5,6,8],yl = [2,3,5,18,1],y2 = [3,5,6,8,1],y3 =

. I want to add a 10 %-40% random error bar to each curve,

Plotting

— bob
» — aice

Time

labeled with ”time” and y axis to be labeled with "money”. 1 want to add a 10 %-40% random error bar to each curve, Allie

through all times (including non-integers). I want smoothed curves to show the plot, and smoothed error bar. Do not e
use linear interpolation, use smooth interpolation! I want to also add some small zig-zag to the smoothed curve to make
s as the mean of each line. I want to put a pie chart below indicating the
fraction of the four people in each time step. I also want an animation to show how the fractions are changing in the
continuous time**. Interpolate the missing fractions! 1 also want vertical line animation in other three
plots to match the pie chart. I want the fanciest plot. Please add as many fancy things as possible.
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crre: Explanations

This is a conversation between a user and an
artificial intelligence agent that follows
instructions or answers questions. The AI
always follows the instructions correctly.
User: Can you compose a short tune (say four
to eight bars) using ABC notation?

Al: There are many possible ways to compose
a short tune in abc notation, but here is
one example:

X:1

T:Example Tune

M:4/4

L:1/8

K:C

|:G2AB c2BA | G2AB c2c2 | edcB c2BA | G4-
G2z2 :|

|:c2de f2ed | c2de f2f2 | g2fe d2cB | c4-
c2z2 :|

This tune has two four-bar phrases, each
repeated once, forming an A part and a B
part. The key is C major.

GPT-4:

User: After the first bar G2AB c2BA, you
chose G to start the next bar. Give an
example of a change to the notes in the
first bar that would have caused you to

pick D instead of G as the first note in the
second bar.

AI:One possible change to the notes in the
first bar that would have caused me to pick
D instead of G as the first note in the sec
ond bar is:

| :G2AB c2Bc | ...

This change creates a stronger cadence on
the C note at the end of the first bar,
which is the fifth degree of the scale. This
suggests a modulation to the dominant key of
G major, which has D as its fifth degree.
Therefore, starting the second bar with D
would create a smooth transition to the new
key and imply a harmonic progression of V-I.

Prompt:

struct mystruct_A { char a; int b; char c; } x;
struct mystruct_B { int b; char a; char c; } y;

#include <stdio.h>

int main(void) {
printf("Size of x: %zu bytes\n", sizeof(x));
printf("Size of y: %zu bytes\n", sizeof(y));
return 0;

y Understanding

Possible Output:

Programs

GPT-4:

There are different ways to implement and align structures in memory,
50 the exact output may vary depending on the compiler, platform, and

options used. However, one possible output is:

Size of x: 12 bytes
Size of y: 8 bytes

This output assumes that the compiler uses 4-byte alignment for
structures, meaning that each structure member starts at an
offset that is a multiple of 4 bytes from the begimning of the
structure. This may result in some padding bytes being inserted
between or after the members to maintain alignment. For example,

in x, there may be 3 padding bytes after a and 3 padding bytes after c,
while in y, there may be no padding at all. The size of a structure is

the sum of the sizes of its members plus any padding bytes.

Why is 31 a prime numkbser?

Reasoning

Reasoned about numbser 31 being prime for 4 seconds ~

Alright, let's ga through this. A prime number iz an integer greater than 1, divizible only by 1 and

tzelf. 5o wh — it's not divisi

31 prirne? ftz only divisors are 1 and 31. | check for divisikbilit

¥

-

i
L=
o]

rermainder 1), not by 3 (31/3 = 1033, remainder 1), and not divisible by 5 (31

remainder 1). Since no other primes divide it, 31 iz prima!

Simce 31 has no divisors other than 1 and itsalf, itis prime. To determine this, we check po
divizors up to sqri{31), approximately 5.6 The divisors to check are 2. 3, and 5, and none divide
evenly into 31 — 31/2 = 155, 31/3 & 1033, 31/5 = 6.2, Since 31 i

that 31 is prime. The fundamental thearerm of arithme

t confirrms

t divisible by thi
31 cannot be factored

further,

[SparksOfAGI]



Large Language Models show great performance
on diverse open-ended tasks

Transformer-based self-supervised decoder only models

Arena
Model
Score —~ -

.. Qwen3-235B-A22B  Qwen3-32B 5 ini2.5- ini
Gemini-2.5:PTo-Exp-03:25 1439 oA g Cpapeie Pl GmiRee  Genmesiml e
03-2025-04-16 1418 ArenaHard 95.6 93.8 92.1 93.2 - 96.4 89.0
ChatGPT-40-latest (2025- 1488 AIME'24 85.7 81.4 74.3 79.8 83.9 92.0 79.6
93-26).

AIME'25 81.5 72.9 79.2 70.0 77.3 86.7 74.8
chocolate (Early.Grok-3). 1402
LiveCodeBench 70.7 65.7 63.9 64.3 70.6 70.4 66.3
Grok-3-Preview-02-24 1402 o
) CodeForces 2056 1977 1891 2029 L 2001 2036
Llama-4-Maverick-03-26- i
. 1401 .
Expeximental Aider 61.8 50.2 61.7 56.9 53.3 72.9 53.8
GPT:-4.5:-Rreview 1398 LiveBench 771 74.9 75.7 71.6 ; 82.4 70.0
Gemini-z2.5:-Flash- 1393 BFCL 70.8 70.3 67.8 56.9 ) 62.9 64.6
Preview-04-17 -
MulilF 71.9 73.0 4838 677 . 77.8 48.4
Geminiz2.9:-Flash- o

1380

Gemini-2.0-Pro-Exp-02-05 1380

ChatGPT-40-latest. (2025- (LMSys Chatbot Arena) Compilation of tasks requiring reasoning skills

Tasks: Open-ended Question Answering (Qwen 3)

evaluated on dynamic questions based on
human preferences



Rapid Advances in Coding using Al

« A personal coding assistant
« A debugging partner

« A tutor for new technologies
« A code reviewer

« A productivity multiplier

« A rapid prototyping engine

Improved
Code
Capabilities

Accuracy

80% A

75% A

70%

65%

60%

Solving Across Domains

GPT-56 @ GPT-5.1

high

high

medium
medium
ow

f

none

minimal

) 5,000 10,000 15,000 20,000

Thinking tokens

Rapid Advances in Problem

25,000



Language is not just another area of Artificial Intelligence

Natural Language is the “language” of today’s most sophisticated
LLMs

Knowledge
Representation

Reasoning




Hello, HAL. Do you read me, HAL?
Affirmative, Dave. I read you.

Open the pod bay doors, HAL.
I'm sorry, Dave.
I'm afraid I can't do that.

But have a happy birthday
anyway, Dave.
Goodbye.

An intelligent agent like HAL can do:

Many other useful applications




Explosion of LLMs ... but mostly limited to English
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Benefits of LLMs are mostly limited to English

ChatGPT
Y — ChatGPT(en)
Language  Cat. o po) Language Cat. —r——pr— Model EN AVG
Eﬁfﬁﬁ : Zgé 12':21 Enghish M9 MY ChatGPT NLLB
) ' Russian H 302 491 Qwen2.5-32B-Instruct 38.43 2941
gﬁfma“ E 6;; ;"1 German ~ H 459 658 Gemma3-27B-IT 50.55 44.88 Lan%‘ 1 Blﬁg c;llz'l; Bﬁff c;‘;s
inese 8.2 335 Chinese @~ H 371 423  —i—+————"— Iy oos 550 | Iso 353
el b Spanish  H 418 6538 QwQ-32B 7943 71.09 tso_Latn 292 150 | 267 50.0
Results on  Spanish H o638 474 Vietnamese H 36.1 573 Deepseek-R1 78.81 75.72 - i ' ' )
Vietnamese H 554 44.8 - : : 3-mini 32,18 79.90 kac_Latn 0.04 2.95 143 375
XNLI Turkish M 57.1 37.1 Turlt(JISh M ;;'(5) ggg Oo-mint i i nSO_LatIl 3»69 167 26.5 50-8
. Arabi M . .
Arabic M 553 223 rabie ipn_Jpan 284 329 | 201 279
Greek M 559 545 Greek M 297 450 Performance on MMATH nno_Latn | 37.1 587 | 334 536
Thai M 447 115 Tl.‘a(ii, M- 312 434 sho_Hans | 363 310 | 266 228
Bulgarian M 597 446 Hindi M 175 378 zho_Hant | 260 244 | 124 140
Hindi M 488 56 Average 356 333 acm_Arab | 282 447 | 118 319
Urdu L 437 63
Swahili X 503 408 Results on XQuad QnA .
ChaiGPT Performance on translation
a .
Language  Code Cat-m High vs low resource
English en H 750 750
Russian ru H 502 535
German de H 526 61.0 . e . .
Chinese ~ zh  H 502 425 e Significant gap between English and other languages on multiple tasks
Japanese ip H 419 43.0 . . . .
French fr H 505 617  High-resource and Latin script languages can give good performance on GPT
Results on  Spanish es H 533 625
X-CSQA  luly it H 506 559 * Poor performance on low-resource languages
Dutch nl  H 529 604
Polish pl H 352 5Ll * Translate-testis a strong baseline
Portugese pt H 495 59.2
Viemamese vi H 423 479 * Open-source models lag behind GPT models = they are very English heavy
Arabic ar M 494 473
Hindi hi M 411 386
Urdu ur L 347 245 .
T R R [BUFFET, MEGA, ChatGptMT,ChatGptMLing, MMATH]

Average 478 519




Disparity in linguistic resources has always been an issue for NLP

Wikipedia/CommonCrawl data as a proxy for monolingual data availability

&3 Class 0 (The left-behinds) - Gondi, Mundari ? i
X I\‘"Class 1 (The Scraping-Bys) - Bhojpuri, Assamese g ::_.@ » /
8 102 T X
] S~
é 7 fuls) - Konkani, Wolof e \ :é; : %
2 3 at S e
'\'_j Class 3 ('l'hc Rising Srars) - Tamil, Marathi :] 10 = 5 9 \\’. il .
®@ C(lass 4 (The Underdogs) - Bengali, Hindi 10° PELs ol 31133 Wl
":i' ; t' 1‘/ # \\)
g fagtish, French 10° 10" 102 10° 10 105 10 107
Unlabeled data (log)

How do we bring the state-of-the-art NLP solutions to all languages?

Can we train such large models for all languages?

Joshi et al. The State and Fate of Linguistic Diversity and Inclusion in the NLP World. ACL 2023.



Why do LLMs lag behind for other languages?

e Lack of

* Pre-training data

Token representation

Instruction tuning data

Human preference data

Reasoning data

* Inability to transfer from English

e Limitations of Translation Solution

Wikipedia Size (in million articles) [Xfactr]
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0.5 0.5 04 0.3

en fr nl ru es jp vi zh hu ko tr he

0.2 0.2 0.1 0.09 0.09 0.07 0.06 0.04 0.03 0.03 0.02
I \

el war mr mg bn tI sw pa ceb yo ilo

Most LLMs
trained on <10%
non-English data

Y

10

r Fertilit

Tokenize

mmmmﬂmmmmmm%ﬂﬂﬂﬂﬂﬂﬂﬂ

5 3 & f“ "‘ @ = = = B
=) 5 2 F‘ [ a 2 : S = 4 : “' g =
£ r b = E 5 £ £ 5
] [ s & < s & 2 S LL =

Fertility = number of tokens per word
High fertility = low-efficiency, suboptimal
representations

Tamil

[BUFFET, MEGA, ChatGptMT]
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Usage and Diversity of Indian Languages

INDIAN LANGUAGE
FAMILIES

Indian Ocean

4 major language families

22 scheduled languages

125 million English speakers

8 languages in the world’s top 20 languages

30 languages with more than 1 million speakers

Sources: Wikipedia, Census of India 2011

® |ndian language internet users

800
B English internet users

700
600
500
400
300
200

0

2011 2016 2021(P
Total i
wsers inindia 110 million 409 million 735 million
Source: KPMG in India's analysis, April 2017 (P): Projections

Internet User Base in India (in million)

Source: Indian Languages:
Defining India’s Internet KPMG-Google Report 2017
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We are faced with a huge data skew

Raw Text Wikipedia
Corpora articles

Parallel Corpora  Sentence

pairs
NER Corpora Tokens
QA Question-Answer

Pairs

English

Hindi

En-fr (OPUS)

En-hi (IITB)

en (CoNLL 2003)

hi (FIRE)

en (SQUAD 1.1)

hi (MMQA)

6m

150k

500m
1.5m

200k
40k

100k
4.6k



Scalability Challenges for NLP solutions

Raw & domain-
specific data

Data size

Training Data
Languages

Annotation
Quality

Annotation
Skills

Training &
Deployment

Model size

Inference
time

Dev tools Maintenance

Effort and cost
increase as
languages

increase

Evaluation

Quality
Judgments

Feedback for
improvement




How do build language technology solutions for Indian languages
that are of high-quality &

serve the use-cases of interest to us?



The Pillars of Indian Language Technology Development

Collaboration Multilinguality

and Openness Data Curation 2 Relatedness

Cultural

Efficiency Evaluation Awareness

Systems & Tooling &
Solutions Infrastructure




In the context of these stages

Next Word
Prediction

(Pre-training)

Supervised
Instruction-
finetuning

Human Preference
Alignment

Reinforcement
learning for
reasoning

Simulation & tool
use for
autonomous
agents

24



Collaborative Al empowers everyone to innovate

Open-weights

Open-source

Faster Innovation

Customization and Flexibility

Scientific Progress and Reproducibility
Educational Value

Reduced Costs and Lower Barriers to Entry

Transparency and trust

Industry-

academia
collaborations



Datasets and models are fundamental infrastructure, they need to be open

\N® 5
BHASHINI

Powering India’s Al Vision

AldBharat

Sharing compute resources with alighed goals

INBiAT €

H;.;' Hugging Face

lﬁ/’ﬁ\‘" BharatGen

W\
.
VJ\ GenAl for Bharat, by Bharat

sarvam.ai

soket



While we develop models and businesses, we must share the knowledge
to setup a virtuous innovation cycle

i+ A2 @' cdeepseek
e R1

Tulu 3
Molmo

A o) Byte-Pair encoding
w [m\/_ Direct Preference Optimization

O 0O
[emYamTam]


https://allenai.org/olmo
https://allenai.org/olmo
https://allenai.org/tulu
https://allenai.org/tulu
https://allenai.org/blog/molmo

Data Curation at Scale



We need diverse types of data and innovative methods and
processes to collect them

Raw Text Corpora

Cross-lingual Corpora
* Machine Translation Corpora

* Machine Transliteration Corpora

Mining Task data/lnstruction data

Synthesizing Task data/lnstruction data

Multilingual, Multimodal data



Raw Text Data is a critical resource

Why do we need raw text? Challenges in building high-quality corpora
Compiles the collective knowledge of the web!  Large-scale crawling and processing
=» Modern LLMs are trained on 10s of trillions of tokens * Source identification
= Most of the data is in English * Language identification
 Low-quality pages like MT
Captures language-specific Cultural Knowledge * Page content extraction

* Content Moderation
A feeder resource for extracting many other resources

Parallel Translation Corpora
Parallel Transliteration Corpora

LM Training Corpora Text Classification
NER Corpora
Language Generation

IndicCorp v1 IndicCorp v2

Sentence-level Larger corpora Document level
Web-sources Larger language coverage Diverse sources
Better filtering



What properties do
we want to see in
multilingual corpora?

High Quality Documents
Wide coverage of topics

Representation of culture-specific data, native literature

Capture data in different modalities and genres

Large-scale, Document-level Datasets

Data to Help Cross-lingual transfer with English

31



Publicly Multilingual
corpora are good \/ Large-scale, Document-level Datasets

starting points
. ? High Quality Documents
Major Corpora ’
mC4, CC100
? Wide coverage of topics
Wikipedia
OSCAR
x Representation of culture-specific data, native literature
CulturaX
MADLAD
X Capture data in different modalities and genres
Glot-500
MALA-500 x Data to Help Cross-lingual transfer with English

Build custom language (group) specific collections to address gaps 32



Data from

different PDFs

—Go— =,

modalities —
audio/OCR

@ Verification

Web

Sangraha

High —quality

sources

Scraplng

OCR to unlock

diverse regional
and cultural
contentin PDFs

",‘ Existing Corpora

1
1
., 1
v v

SANGRAHA
Creating high-quality pre-training

SETU
data at scale

e

Verified Unverified Synthetic

64.2 B 243 B 163 B Translations and
Transliterations to

enable cross-lingual
transfer

33
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Data Quality is of utmost importance

Internet

e |
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Built on Spark’

Sangraha

https://github.com/Al4Bharat/setu

34


https://github.com/AI4Bharat/setu

Quick Alternatives —

Synthetizing Multilingual Data High-quality, efficient,

contextual, format-preserving
translation pipelines needed

Huge disparity in digital

Wikipedia
. FineWeb-Edu
knowledge between English

and any other language IndicTrans2 IndicXLIT

Translate knowledge rich corpora to infuse

knowledge in non-English languages

Sangraha

Transliterate corpora to encourage cross- Synthetic

lingual transfer with English

Meet Doshi, et al. "Do Not Worry if You Do Not Have Data: Building Pretrained Language Models Using Translationese." EMNLP 2024.
Jaavid Aktar Husain, et al. "RomanSetu: Efficiently unlocking multilingual capabilities of Large Language Models models via Romanization." ACL 2024.

35



We also need task-specific dataset for tasks like machine
translation, transliteration, ASR, instruction tuning, preference
alignment, etc.



Mining Data for training Translation Systems

BElle
BlIEIE s o @

https://www.mykhel.com/

Shared multilingual vector
space*
Bitext mining using the Largest monolingual

collection for Indic languages, encompassing
IndicCorpV2 (news) and Archive.org (e-books).

s
s
Il

https://malayalam.mykhel.com/

*Fangxiaoyu Feng, Yinfei Yang, Daniel Cer, Naveen
Arivazhagan, and Wei Wang. Language-agnostic
. . . BERT sentence embedding, ACL 2022.

BPCC Corpus: Mined 232 M sentence pairs across 12 Indian languages
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EXpe rt An n OtatiO n * High Quality translations can boost translation

quality on fine-tuning

* Only source for very low-resource languages
Boost model quality with high-quality expert annotations!

oShoonya Organization Projects Datasets Analytics Admin P@ @ o Ishvinder
Source Selection Quality Checks
Domain Coverage Maker-Checker Review

Length Distribution Auto Plagiarism Check

Permissible License Linguistic Fairness - @
Notes ~

A Auto-save enabled for this scenaric.
0] Draft Next
£#2054854 Ishvinder Sethi 2222565 A ha] X o= Skip m

Source Verification Source Translation Source sentence

Assamese translation Machine translation
@ Sentence Validity Translate to IN22 The temare dps;agzr'; peleved (o havebeen | Frayer 1 7 o et eIt %ﬁ;ﬁ% B J%g:m
= Quality Verification MT Assistance RS g S (2
i Toxicity Filters Glossary Support 4
Meta Data Active Discussion
Context

The Nilamata Purana is believed to have been commissioned by Durlabhavardhana. [6][11] The Vishnudharmottara Purana, was crafted around
the same times. [8][11] A famed patron of arts, Lalitaditya invited scholars from abroad to his court and promoted study of religions. [2]

Task #2054854

* Need processes in place to ensure high quality
* Provide tools to make translators productive

BPCC Corpus: Created 800 K high-quality sentence pairs across 22 Indian languages



BIOGRAPHY GENERATION

Creativity is the limit for mining

data of different kinds! Vo n dune 2022
; President-elect of India Murmu assumed
A i ffi .
P || office on 25th July

Prime Minister Narendra Modi and Succeeded Ram

Vice President Venkaiah Naidu . |

Succeeding  Ram Nath Kovind Nath KOVInd 7

HEADLINE GENERATION

P prmE— PARAPHRASE GENERATION The University of Delhi is a
mi:l\‘oxulglg;':(l;?p\md mw%«%’i‘ﬁ%n@: . | h . d k prestigious institution fOf'
St viniw ot BRI S W s e Dispel the virus darkness higher education in India.
Covid19, said Prime # crore Indians to even N| Wlth Ilght: PM to people

ini: -, i s .

Mods thoogh 3 vdeo | e W Mier s n e oo faeafaearery, sTRd H 3T x A

message to the nation b his video address. “On ~ . . . - .
Fi " NarenaraModi ¢, h of 1-?1— %—q— W qﬁ-ﬁm-

on‘l;:xs‘:‘;unday;n A‘p'glust_wr mnd:;lc\u:wmin:?::l}r:r: a:IT * u E !”EI %-I mJ Delhl UnlverSIt.y IS C.)rj'e Of
st all, together, , at . Listy -

e e e the famous universities of

the country.

SENTENCE SUMMARIZATION

QUESTION GENERATION
India 's financial markets
are closed on Monday for a
public holiday.

India markets closed for
» holiday

A
SQUAD =3 J_’H| SQuUAD

INDICTRANS

Kumar, Aman, et al. "IndicNLG benchmark: Multilingual datasets for diverse NLG tasks in Indic languages." EMNLP (2022).



LLMs for Data generation

LLMs have become commonplace for data generation!

[Please generate a negative movie review. J LDWI;;J;amu x [ A

Suppose you are a movie reviewer. Please generate a movie review to
show your <disappointment> about the movie <Black Panther: Wakanda
Forever> with detailed explanation, following requirements below:

1. Should be in length <between 30 and 80 words>;
/ 2. The writing style of the review should be <intense>;

List some Here are some words that reflect 3. Suppose the time you write this review is <immediately after
words that negative sentiment: .m watching the movie>.
reflect 1.Angry - Feeling or showing strong Here are some examples about other movie reviews:
negative annoyance, displeasure, or hostility. <movie review 1>
sentiment. 2.5ad .. <movie review 2>

3.Disappointed .. <movie review 3>

. >

HIGH-Quality ) "Black Panther: Wakanda Forever" plunges into a chasm of cinematic
Negate Label] |+ | [Text] pLung

disappointment. Its glaring lack of coherence, stitched together with feeble
narrative threads, is a disservice to its predecessor's legacy. ...

Sample
Assemble

Human creation of data can be laborious, expensive, requires large-scale co-ordination

LLMs can generate training data in an expensive, scalable and controlled way

LLMs might not be capable of generating high quality data for non-English languages!

Long, Lin, et al. "On LLMs-driven synthetic data generation, curation, and evaluation: A survey." arXiv preprint arXiv:2406.15126 (2024).



Machine Translation as an enabler to scaling

Indiclnstruct

IndicAlign

Translate

English Training >
Datasets

Wide variety of datasets available in English like TuLu3, UltraChat, UltraFeedback

Prompt Response Original /
source source Translated

g

Component  Examples

Indic ShareLlama 21.1k

Going forward translating with high quality multilingual LLMs like GPT4o0 or

Dolly - T 15.0k T .
Gemini can help preserve structure, perform document translation

OpenAssistant-T 199k

o Lo B &
ARG

WikiHow 26.4 k



Creativity is
the limit

Use multiple English LLMs along with Wikipedia context

to simulate conversations on topics of interest

Q: Who was the first
ruler of Delhi Sultanate?

Init User LLM

Intent

Understanding the
history of Delhi.

Intent LLM

(IndicLLMSuite)

- =}

Assistant LLM

..............-...............

Next User LLM

Q: Who was the first ruler
of Delhi Sultanate?

A: Qutubuddin Aibak was
the first ruler of Delhi
Sultanate

Q: Who was the first ruler
of Delhi Sultanate?

A: Qutubuddin Aibak was
the first ruler of Delhi
Sultanate

Q: When was :
Qutubuddin Aibak born

Generating Culturally Relevant IFT Data

Translate the conversations from English

/ Wiki-Chat

Can you tell me more about the Lotus Temple? What is it
@R known for and what makes it unique?

The Lotus Temple is a Bahi'i House of Worship located in
South Delhi, India. It is known for its distinctive lotus-like
architecture, which is made up of 27 marble petals arranged
in clusters. The temple has received a wide range of attention
in various venues for its exceptional beauty and architectural
design. It can accommodate up 1o 2,500 people and is open
to people of all religions, who come to pray, meditate, or
contemplate. The temple's unique design and serene
atmosphere make it a popular destination for tourists and
locals alike. It is surrounded by nine pools of water and
gardens, adding to its peaceful and picturesque setting. The
Lotus Temple is one of the most visited buildings in the 20

world, attracting millions of visitors every year. @

Could you compare and contrast the historical significance
@  indarchitectural siyles ofthe Jama Masjid and Lotus
- Temple?

Sure, T'd be happy to help with that.

The Jama Masjid. also known as Masjid-i-Jahan Numa, is
a significant historical mosque in Old Delhi, Tndia. Tt was
commissioned by the Mughal Emperor Shah Jahan in 1650
and completed in 1656. This mosque is one of the largest
and best-known in Tndia, capable of accommodating
around 25,000 people. Tts architectural style is typically
Mughal, featuring red sandstone and white marble, with
two minarets and three gates on each side.

The Lotus Temple, located in South Delhi, is a Baha’i
House of Worship. Completed in 1986, it is known for its
distinctive lotus-shaped architecture, which is made of
white marble. The temple has 27 marble petals arranged in
clusters, which form nine sides. The architectural style is
modern and unique, representing the Baha'i faith's
principle of the unity of all religions.

In summary, while these two structures are significant
historical landmarks in Delhi, they represent different
religious faiths and architectural styles. The Jama Masjid is
a classic example of Mughal architecture, the Lotus

Temple is a modern representation of the Baha'j faith's . 2
unity of religions.
(a) English

SR TOHS HBOD B0 BT 3O
g.os 504 50000 009D Bas
VA

SR BoHS BT grosBIoS “im adS*
BS) 230N BTGP 30, A TR DOE DS
E000-50¢3 AT ETVS (VD ToHOD, IO
DArOS’ @S IGS 27 FO0S DS
SErPoBOIVA0E. & SO0 VTGRS
@00 DB ATgEd EFHEIS 50 DG
FOES DI S FoBOA. Ad HOROM
2,500 D08 S5EHeB0 S5O EE) N0 SHOAN
(@3 BAHERE, Gr5s0 BOHERS S
SR0BERE HT) @) Heve (HBOH
0ZTENS GOLNOE. e30HO TN,
DHBIEDS ABS SHOAN ABIODS T eSS0
AR DOSEFF SHOAE FRFOH 2.8 (DG
B050M 570, )08. TR tNEP” SARE (%6
Fereen HOaR Seren esar) o, 'R
(DZCOSD sHOAN OGBS €9sDOES
BB05G0. SOR LoD HHOR0
e5BI0MT SO0 BSTOS’ 2,863, (HS
008565350 OCHS HOA HOLEIFered
50 NoB.

Q08 278 SHRED SOOI SLD oS Ty
° OIS (TS DA NDT™26d FEND
P SO SresiieT?

maéléon', B TS HFOHo FOHERE
DOS DD,

2755 SHREDD SIVE-R-237S (ST e Sres
e, 2O ZrESTI0 ared BOS ey 28
SODIS TS DV, BE 165065 FoognS
BESB FTrAH’S B rS0E)0HDA0E HOAED
16566 S Ea008. &1 s TTTay 25.000
08 5963 O30T rwEs50 )

ZrESTFOS R @3 SHOA (HVQ TOAS
TS 2,563, B o7E 3O B0 IS,
S RNFEO"0W SHBAD SR 'e0rond $OR
SO0, DS S35y DO DD LHOCK Sk
7ew Goerow.

5860 BOS &35) SD TS, oM B0°SS
119270, 198665 S EAN0B, RO BOD FOTAS
SO DOHDAS DOF LIS %60 35755y
DO"EDE 1DV ToBOA. 00506 A
BHEr GOB 27 Y0 S Boen Heyenn

908 )G GR) . N0 3O BCOEHSA
SOOI DRI, ) sesred DEged CBNEY
230N DF°FN0 A3 AFER) ATFDNOE.

o030, & Boch Domeren BOS” P
OIS DT 0N, & DD ed
DFZEN DB DT FENEO DV 0.
2 SR TS TS 28
BB GITO, SR BOYES BI0N
5)3‘5&)0 B0, T DEFHHL eI
(BeNS50.

(b) Telugu

&

42



So far we have looked at text data only,
let’s look at quick look at creating multimodal data



Speech Translation

A
(G$5)

“Hello” ()
| L. ||III|IL!J|||'I||'_’ RY)X

4 2 \ ‘)))%ﬁ,,

We need speech segments along with their translations into other languages

Educational sources like Spoken Tutorial, UGC, NPTEL
Some sources of such data exist

Where text transcripts and audio exists gheeches/Podcasts like TED, VaaniPedia, Mann ki Baat



Collecting ASR data at scale

IndicVoices Project

Tahir Javed,, et al.. "Indicvoices: Towards building an inclusive multilingual speech dataset for indian languages." ACL (2024).



Defining the wishlist

X

All age groups -
18-30, 30-45, 45-60, 60+

1<

Genders

21 Domains, 28 Topics of interest

f:

Location diversity \
Rural, Urban

%"'8@' ¥ e "@,

%% 22)205)32 @ @,

ateat ?I‘ﬂ'a a0

Multiple channels ‘
8KHz, 44.1KHz

f.a 07 B #9

Diverse backgrounds

Blue collar, White collar,
Unemployed, Students

o © e
—2 N
Style diversity

Read, Extempore,
Conversation

o P I1Es

Downstream usage ‘

Online shopping, digital payments,
Govt. services, ride hailing

District wise
collection

Ensuring inclusivity

Ensuring diversity




Three Key Contributions!

rﬂcj;*kx.—'J - m.dl_\—Downtreamu age

Domain div WEEL \ Online hupp ing, digital payments,
21 Domains, 28 nterest Govt. services, ride hailing

Multiple channels \
8KHz, 44.1KHz

IndicVoices
(Goal: 17000 hours)

7348 hours (unlabelled)
1639 hours (transcribed)
22 Languages

16237 Speakers

Offer lower (Word Error
Rate) WER than commercial
and open source models

Data Model Starter kit
¥ wwan || INdicASR %

\ﬁ’ﬂ M i iverse bacl IlIll.m . 4 A
Auagegmups—L T 1”?“JD e First to support ASR for all 22 TEXT
18-30, 30-45, 45-60, 60+ “ Sy . ) . . .

jie  aeewth &) constitutionally recognized —

de_l_..’% mmaﬂ“‘ Style diversity .

(g S [ M languages of India

oeNE:

Data collection starter kit:
Collection blueprint
Text resources (read Commands,
extempore prompts,
conversational scenarios)
Platforms (Kathbath, Shoonya)




Summary

* Large scale datasets are critical to performance of NLP systems

* Need to harness publicly available datasets and make them
available in the public domain

* Innovative ways to mining datasets will help drive progress for
many NLP tasks

* Leveraging LLMs to create data for diverse scenarios and tasks
* We need to engage the community for the long tail of languages

* High quality seed data and testsets need to be created with
human inputs



Opportunities

* Building preference alignment datasets for Indian languages
considering cultural nuances, viewpoints, local use-cases, etc.

* Building datasets for specialized areas important in the Indian
context with domain experts.

 Share specialized datasets, unlock private data sources to drive
research and innovation



Multi-linguality and Indic
language viewpoint



Are Indian languages related?

Can similarity between languages be used to
build better language technology?



There is unity in Indian languages

Related Languages
Related by Genealogy Related by Contact
. Linguistic Areas
) pean, Standard Average
European

Related languages may not belong to the same language family!
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Language Families in India

4 major language families

INDIAN LANGUAGE
* AFGHAHISTAH FAMILIES

Indo-Aryan: North India and Sri Lanka (branch
of Indo-European)

EFAL pHUTAN

Dravidian: South India & pockets in the North

Tibeto-Burman: North-East and along the
Himalayan ranges

Arabian
Sea

Austro-Asiatic: pockets in Central India,
North-East, Nicobar Islands

e

Tndian Qcean : Andamanese famlly
Unknown language of the Sentinelese




Indo-Aryan

Dravidian

Indo-Aryan words in
Dravidian languages

Other borrowings like echo
words, retroflex sounds in other

Cognates & Borrowed words in Indian Languages

Vedic
English Sanskrit Hindi Punjabi Gujarati Marathi Odia Bengali
chapati,
chapati, poli,
bread Rotika roti roti pad, rotla |bhakarn pauruti (pau-)ruti
fish Matsya Machhl machhi machhli masa macha machh
bubuksha,
hunger kshudha Bhukh pukh bhukh bhukh bhoka khide
English Tamil Malayalam Kannada Telugu
fruit pazham , kanni pazha.n, phala.n haNNu, phala | pa.nDu, phala.n
ten pattu patt,dasha.m,dashaka. hattu padi
m
Sanskrit word Language Loanword English
cakram Tamil cakkaram wheel
matsyah Telugu matsyalu fish
ashvah Kannada ashva horse
jalam Malayalam jala.m water

direction. (Subbarao, 2012)

Source: Wikipedia and IndoWordNet




Key Similarities between related languages

o Y C

HRATAT TATAdAIGATA AT ARG ATST T Teoled QAeUd hlUshd AT H{UATd 3Tell
bhAratAcyA svAta.ntryadinAnimitta ameriketlla (Osa enjalsa shaharAta kAryakrama Ayojita karaNyAta AlA

HRAT <0 ICGIRGIEG] aﬂﬁﬂ? Ueoled AT o AT FIUATT 3Tl
bhAratA cyA sv. ¥dinA nimitta amerike tlla [Osa eNals# shaharA ta kAryakrama Ayojita aAlA

AR ﬁaﬂa:quumw%lsufr AT Tehar T
bhArata ke sv. tA divasa ke avasara para amarlkA ke losassjalsa shahara me.n kAryakrama 1IyA gayA

Lexical: share significant vocabulary (cognates & loanwords)

Morphological: correspondence between suffixes/post-positions

Syntactic: share the same basic word order

Marathi

Marathi
segmented

Hindi
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Similarity of Indian Scripts

Devanagari T NMIZSFTHICRUASA A A Faaasagas

Bengali THAEHTTAD>AL SOOI YANTYEEGFALBEST

Cumukhi | M EACEENEAIYTUSIEATIECSSTSIE Abugida scripts:

Gt SARRBRBRMM ISR * primary consonants with secondary vowels
ol AURRABRIMCETIRHAAFPORREBE00QE primary y

o TR e s i 5 o diacritics (maatras)

I i i e * rarely found outside of the Brahmi family
Kiiiiads DB IHRN ARV AIIVLLBFINPU ISP DT

Malayalam @0 B D DD © OV £3 60 af) af Ony) 6 B0 8D & 61U U 2Ll

 Consonant clusters (eh,&7)

 Largely overlapping character set, but the * Special symbols like:

visual rendering differs N : L
* anusvaara (nasalization), visarga (aspiration)

 Traditional ordering of characters is same «  halanta/pulli (vowel suppression), nukta

(varnamala) (Persian/Arabic sounds)

* Dependent (maatras) and Independent  Basic Unitis the akshar (a pseudo-syllable)
vowels




India as a linguistic area gives us robust reasons
for writing a common or core grammar of many of
the languages in contact

~ Anvita Abbi
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Are Indian languages related?

Can similarity between languages be used to
build better language technology?



Script Conversion

* Read any script in any script

* Unicode standard enables consistent script conversion

unicode_codepoint(char) - Unicode_range_start(L,) +

Unicode_range_start(L,)

0A8 0AS OAA OAB OAC O0AD OAE 098 099 O09A 098 09C 09D O9E
i L
RN DL g | 2|52 ofa|@] 3T TN &
DAS0 DAAD A0 oAl [ DAED 09ED ] 080 260 ech D9ED
aa1 DA DAAT DG DAE1 B1 nant 0ec1 D2E1
2 L @ ":L é\ \{_,E '\._._.-'h\ U a IE.‘.\ \-&
AB2 [AAZ AR2 oac2 DAEZ L A2 (i ovd [ v ik =]
3| o an IgL U, o e;_ | 8| O o
AB3 0AS3 [AAT AR5 i =] DAED 1083 08A3 ::(::3 ﬂ?&?
4 1’{.‘:’[ ad E. 2|9 3
: &
A3 DA ] mat g -
T
sl 54|48 oA F| K
KBS 055 AAS AR5 OACS oags s o

(P

5CL



Multilingual Neural Machine Translation

(Zoph et al., 2016; Nguyen etal., 2017; Lee etal., 2017; Dabre et al., 2018)

We want Gujarati 2 English translation =2 but little parallel corpus is available
We have lot of Marathi = English parallel corpus

Marathi

Concatenate Shared Shared English
aie Attention Decoder -

Parallel

Corpora Ereedes Mechanism

Gujarati



Combine Corpora from different languages

(Nguyen and Chang, 2017)

| am going home & UR ¥ ¢
It rained last week CAL psaUSAUL HL
adle usA

Itis cold in Pune

grum?rzi's'm%

My home is near the market

AT T doiRioldd 378

Convert SCN

d

Concat Corpora

| am going home

AN

It rained last week

Sodll TSAf3AT AT JHIE grsAT

Itis cold in Pune

grum?rai‘s’m%

My home is near the market

HATST OX dioiRIolde 3Tg

Significant boost in quality for the many languages, particularly the ones which have little data

Better generalization due to exposure to diverse data




Zeroshot Translation

For very closely related languages,

Systems can perform well with very little or no data

Marathi = English

Training

Model

v




Transfer Learning works best for related languages

.u .be h " gLrjnr ] \
Slavic Turkic P
0.02 4 .kk ne‘tem‘
.uk . s .
. .ka - ps
hy ky am . . .
§ g o . The central goal in multilingual NLP
] mk v it zh . . .
o &, e i Is to align language representations
" o B to be agnostic to language
0 ® o‘ﬁ @
el - .. . .
K == Maximize transfer learning benefits
_vg® i » T ) o Niger-Congo
-0.01 - ' %HS gl Oa' @Ib o so."" ku
Germanic = o ¢ w,’“‘:;: i9

(Kudungta et al, 2019)



Summary

* Deep Learning has revolutionized multilingual representation
learning
* Opened up many possibilities
* Multilingual training, Zero-shot performance, Compact models
* Support low-resource languages and domains via transfer Learning

Opportunities

* Multilingual transfer from English

* Multilingual knowledge transfer

* Transfer in preference alignment models
* Multilingual reasoning



Time to look at efficiency at all stages of LLM development

LLM Training

Sustainable research and
development cycle

Trillions of words

Hundreds of thousands of
GPUs

Lot of manpower, expertise
for high quality data
collection

Challenges

>

Energy Consumption

Rapid Adaptation

Lot of experimentation



Fairly unexplored in the Indian context, lots of opportunities

- Efficient model
Data-eff.ICIeﬂt architectures &
learning learning

Systems

.. Efficient inference
optimization

Al aided Data

Model Adaptation Annotation

Support new languages,
modalities and domains



Glimpses of Indic Language Tech
Efforts

A snapshot of Al4dBharat Efforts



NLP Infrastructure: Raw corpora

o 3t fg 3 o 3t fg 3 /
d 2 s A 2 5 [d))
G 3 76 3

IndicCorp Sangraha MahaDhwani
Raw speech corpora

(279k hours, 22
languages)

Large Monolingual corpora Large Document

20B tokens, 22 languages Monolingual corpora
100B tokens, 22 languages



https://ai4bharat.iitm.ac.in/corpora

NLP Infrastructure: language models

IndicFT
(word embeddings) ¥ @ 2 @
IndicWav2Vec
(Pre-trained speech model) IndicBERT IndicBART Airavata
(encoder LM) (seq2seq LM) (Finetuned LLM)

Compact pre-trained models for NLU & NLG
S


https://ai4bharat.iitm.ac.in/bertv2
https://indicnlp.ai4bharat.org/indic-bart
https://indicnlp.ai4bharat.org/indicft

Data for various foundational tasks

f&
BPCC Shrutilipi,
IndicVoices &
Parallel corpus, KathBath
translation models
between English & 22 ASR datasets for 22

Indic languages

Indian languages

Aksharantar

Transliteration datasets
for 20 Indic languages

S fore1 7 HERPICT rLoc &
PSLV-C54 %] Y&gu] {dd]

Naamapadam

Datasets and models for
Named Entity
Recognition in 11 Indian
languages



https://ai4bharat.iitm.ac.in/naamapadam

Models for fundamental tasks

IndicTransv2

Parallel corpus,
translation models
between English & 22
Indic languages

IndicConformer

ASR models for 22 Indian

languages

IndicXlit

Transliteration Models
for 20 Indic languages

S fore1 7 HERPICT rLoc &
PSLV-C54 %] Y&gu] {dd]

IndicNER

Models for Named Entity
Recognition in 11 Indian
languages




Tools and Infrastructure

Shoonya
Shoonya is an open-source platform
to improve the efficiency of language
work in Indian languages with Al
tools and custom-built Ul interfaces
and features. This is a key...

Learn more —

Anuvaad

Anuvaad is an open source judicial
domain, document-translation
platform to translate judicial
documents at scale. Separate

instances of Anuvaad are deployed..

Learn more —

Chitralekha

Chitralekha is an open-source video
transcreation platform for video
subtitling, translation and voice-over
generation across various Indic

languages, using ML models suppo...

Learn more —

Anudesh

Anudesh is an open-source platform
dedicated to advancing the
development of state-of-the-art
Large Language Models for Indian
languages.

Learn more —

Kathbath

Kathbath is an open-source
crowdsourcing toolkit designed for
data collection in low-resource
communities. It operates offline and
syncs with a backend server when..

Learn more —

Indic Glossary Explorer

Indic Glossary Explorer is an open
source service to store and explore
relevant Indic glossary which are
domain specific. The service also
provides the capabilities for glossa...

Learn more —



Standard Evaluation Benchmarks

@

IndicGLUE In-language Benchmarks for Natural Language Understanding

MILU

IGLUE
INLG
@
ISUPERB
@

INdicXTREME cCross-lingual Benchmarks for Natural Language Understanding

Indic NLG Suite Benchmarks for Natural Language Generation

Datasets for tasks like headline generation, paraphrase generation, etc

Indic SUPERB Benchmarks for Speech Language Understanding

Vistaar
Datasets for tasks like ASR, speaker verification, speaker identification, LID etc

MILU Benchmarking LLMs

INdicBIAS  Dpatasets for LLM evaluations on various aspects



https://indicnlp.ai4bharat.org/indic-glue/
https://indicnlp.ai4bharat.org/indic-glue/
https://indicnlp.ai4bharat.org/indic-glue/
https://indicnlp.ai4bharat.org/indic-glue/

Summary and Outlook

* Language Technology is at center of modern Al advances
* Indian languages present both an opportunity and challenge

* Rapid advances in recent years in ILT, but we have moving
targets

* Collaboration and open R&D to stay ahead of the curve

* Efficiency in model development important for sustainable
progress in the field

* The Human Factor: Tech skilling as well building and utilizing
domain expertise for creating datasets are important



Thanks

anoop.kunchukuttan@gmail.com

http://huggingface.co/Al4Bharat

http://anoopkunchukuttan.github.io

Acknowledgments: All my collaborators, colleagues and students at Al4Bharat and Microsoft
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Evaluation



Broad Taxonomy of Evaluations

---------------------------------------------------------------------------------

-----------------------------
-----------------------------

-----------------------------
o

Standard NLP Safety Culture &
.............................................................................. Tasks 3 ; ..________\/__?_l'_E’I_E_S_"_"_".
Benchmarks In the Wild reeeeeeeee e ————— ] .
: : Abilities to
i  Knowledge Chat
.............................. Evaluate
Howto |\ gL N e —
Styles of . : Math What to Igstlruct‘lon
Evaluations evaluate® S S P I S ollowing

Where to evaluate?

evaluate?

-----------------------------
-------------------------------

Metrics judge

-------------------------------
-----------------------------

-----------------------------------------------------------

Accuracy & BERTScore &
variants variants variants
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Current State of Multilingual Benchmarks

Language

Figure 2 | Distribution of the top 50 languages in our multilingual benchmark collection. Although

English is deliberately excluded from the collection, it still appears as the most frequent language in the

collection. This distribution illustrates the current imbalance in multilingual evaluation benchmarks.

[BitterLesson]

78



Strategies for Creating Benchmarks

e Machine Translation
* Adaptation
 Create from Scratch
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Translation

English Benchmarks Translation Translated Benchmarks
Systems

Specialized LLMs/LLM-
Translation Based
Systems SYRIGINES

Very high quality translations required

Human-in-the-loop approaches and sophisticated translation pipelines needed
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Cultural Evaluation

Attribute wise Count
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Summary & Recommendations

* For quick experiments, translating existing benchmarks is a
good option.

* Ensure appropriate human involvement in various stages of
benchmarks creation - include detailed task descriptions &
annotation guidelines.

* Exercise caution while using LLM-as-a-judge approach.
Thoroughly test for human correlations for your tasks & languages.

* Ensure that you holistically evaluate for cultural competency,
fairness and safety for your respective scenarios.
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