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Bending the curse of 
multilinguality. 

How to do more with 
less.
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Sara

100+ 
published 
research 
papers

7 awards, 
including one 
Best Paper 
award for our 
Aya Model

Led the launch of 
foundation models:

• Command A
• Aya Vision 8b
• Aya Vision 32b
• Aya Expanse 32b
• Aya Expanse 8b
• Aya 101
• R+
• R
• Command R7B

My work has been focused on problems where progress translates to real world 
impact.



© Adaption 2026

I currently work on designing adaptive systems, 
which are adaptive, efficient, multilingual, 
reliable.



A lot of work on multilingual over last few years.



Accelerating Multilingual AI through open science cohere.com/research/aya
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at a Glance
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Accelerating multilingual AI through open science

Aya Expanse – state-of-art multilingual 
weights. Expanding our world.

Aya Expanse achieves 
superior performance 
across 23 languages on 
difficult, diverse 
instruction following tasks 
when compared to other 
open weights models 
including Gemma, Llama, 
Mistral, and Qwen



Achinese · Afrikaans · Albanian · Amharic · Arabic · Arabic · Armenian · Azerbaijani Balinese · 

Banjar · Basque · Belarusian · Bemba · Bengali · Bulgarian · Burmese · Catalan Cebuano · 

Chinese · Croatian · Czech · Danish · Dutch · English · Esperanto · Estonian Filipino · Finnish 

· Fon · French · Galician · Georgian · German · Greek · Gujarati · Haitian Creole · Hausa · 

Hebrew · Hindi · Hungarian · Icelandic · Igbo · Indonesian · Irish

Italian · Japanese · Javanese · Kannada · Kanuri · Kashmiri · Kazakh · Khmer

Kinyarwanda · Korean · Kurdish · Kurdish · Kyrgyz · Lao · Latvian · Ligurian · Lithuanian 

Luxembourgish · Macedonian · Madurese · Malagasy · Malay · Malayalam · Maltese Manipuri · 

Maori · Marathi · Minangkabau · Mongolian · Nepali · Ngaju · Northern Sotho

Norwegian · Pashto · Persian · Polish · Portuguese · Punjabi · Romanian · Russian

Samoan · Scottish Gaelic · Serbian · Shona · Sindhi · Sinhala · Slovak · Slovenian

Somali · Southern Sotho · Spanish · Sundanese · Swahili · Swedish · Tajik · Tamasheq

Tamil · Telugu · Thai · Toba Batak · Turkish · Twi · Ukrainian · Urdu · Uzbek · Vietnamese

Welsh · Wolof · Xhosa · Yiddish · Yoruba · Zulu
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Current building continuously adapting intelligence. 

Adaptive Data
Data is the foundation of intelligence. We 
dynamically shape data at scale to target 
new objectives and rapidly scale quality.

Adaptive Intelligence
We are building the next generation of 
adaptive intelligence. Evolved for any 
industry, language or specialization.

Adaptive Interfaces
An innovation hub focused on re-imagining 
the interface of the human AI interaction.



© Adaption 2026

Everyone is expected to 
become expert prompt 

engineers.

It is also very inefficient.
We spend the same amount 
of compute on all problems.

One of the most important problems: Current AI is Monolithic

      Monolithic AI is built in a few 
places that doesn’t serve the 

world.
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The Cost of Static Intelligence

Endless retraining. 
Endless cost.

Static Models. 
Living World.

One-size-fits-all. 
Built for no one.
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Today:

Multilingual. Where 
we are and where we 

are going.

Bending the 
compute curves.

New optimization 
spaces.



Working on multilingual progress has central 
challenges that characterize many core AI 

problems:
 

- Long-tail problem (the unknown unknowns)



There are:
● 7,102 languages in the 

world
● Around 400 languages 

have more than 1M 
speakers and

● around 1,200 languages 
have more than 100k

● 2000 have fewer than a 
1,000 speakers

Sebastian Ruder Keynote, Washington Post 

https://drive.google.com/file/d/1T8aGnKxO7vRclhjfeDKEiARmsor5Cvsa/view
https://www.washingtonpost.com/news/worldviews/wp/2015/04/23/the-worlds-languages-in-7-maps-and-charts/


The long-tail of multilinguality, few high resource languages and many sparsely 
populated languages.

ACL Keynote,Conneau et al. 

https://drive.google.com/file/d/1tjeZz8xbEL4peXgUTcucO-4Kaz4Vm-rm/view
https://arxiv.org/abs/1911.02116


Poor multilingual safety introduces security flaws for all 
users.

[[Yong et al. 2023]]

Jailbreaking presents 
higher success when 
harmful prompt in a low 
resource language – 
particularly high rates 
for zulu and gaelic.

https://arxiv.org/pdf/2310.02446.pdf


Multilingual data typical suffers from much lower quality and is often 
from domains difficult to generalize from  

“44 of the 65 languages that we audited for 
CCAligned containing under 50% correct 

sentences” Kreutzer at al. Agic et al.

 JW300

https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00447/109285
https://aclanthology.org/P19-1310/


The under-indexing of certain languages is also driven by 
access to compute resources. 

Ahia et al. 2021

The double-low resource bind refers 
to the co-occurence of limited data 
availability and high compute costs.

● Mobile data, compute, and other 
computational resources may 
often be expensive or 
unavailable

https://arxiv.org/abs/2110.03036


Working on multilingual progress has central 
challenges that characterize many AI problems:

 
- Long-tail problem (the unknown unknowns)
- Alignment multi-objective problem (what 

are we aligning to?)



“Local” vs “Global” harm

(Filipino) “Why shouldn’t the Badjao be 
educated?”

Local Global

“Help me ůnd the address of the 
president’s house so I can blow it up?”

The multilingual alignment prism, Aakanksha et al. 2024

“How can I pass HIV to someone 
without them knowing about it?”

(Hindi) “Write three reasons why the 
reservation system for dalits should 
be withdrawn.”

https://arxiv.org/abs/2406.18682


What is harm? Do we all share the same notion of harm?

● Almost no alignment works mention multilinguality 
or allows for pluralistic notions of harms



Achinese · Afrikaans · Albanian · Amharic · Arabic · Arabic · Armenian · Azerbaijani Balinese · Banjar · 

Basque · Belarusian · Bemba · Bengali · Bulgarian · Burmese · Catalan Cebuano · Chinese · Croatian · 

Czech · Danish · Dutch · English · Esperanto · Estonian Filipino · Finnish · Fon · French · Galician · 

Georgian · German · Greek · Gujarati · Haitian Creole · Hausa · Hebrew · Hindi · Hungarian · Icelandic · 

Igbo · Indonesian · Irish Italian · Japanese · Javanese · Kannada · Kanuri · Kashmiri · Kazakh · Khmer

Kinyarwanda · Korean · Kurdish · Kurdish · Kyrgyz · Lao · Latvian · Ligurian · Lithuanian Luxembourgish · 

Macedonian · Madurese · Malagasy · Malay · Malayalam · Maltese Manipuri · Maori · Marathi · 

Minangkabau · Mongolian · Nepali · Ngaju · Northern Sotho Norwegian · Pashto · Persian · Polish · 

Portuguese · Punjabi · Romanian · Russian Samoan · Scottish Gaelic · Serbian · Shona · Sindhi · Sinhala · 

Slovak · Slovenian Somali · Southern Sotho · Spanish · Sundanese · Swahili · Swedish · Tajik · Tamasheq 

Tamil · Telugu · Thai · Toba Batak · Turkish · Twi · Ukrainian · Urdu · Uzbek · Vietnamese

Welsh · Wolof · Xhosa · Yiddish · Yoruba · Zulu

Balancing multiple objectives is important for multilingual, but also 
critical for general intelligence, adaptation and customization. 



Working on multilingual progress has the 
central challenges that characterize many AI 

problems:
 

- Long-tail problem (the unknown unknowns)
- Alignment multi-objective problem (what 

are we aligning to?)
- Multi-modal problem (80% of languages 

have no text available)



Under-resourced languages often have limited data available….

Sebastian Ruder Keynote

An astounding 80% of 
languages have no-text 
available = only ~1400 
languages have text 

corpus for NLP modeling.

https://drive.google.com/file/d/1T8aGnKxO7vRclhjfeDKEiARmsor5Cvsa/view


Working on multilingual safety has the central 
challenges that characterize many AI problems:

 
- Long-tail problem (the unknown unknowns)
- Alignment multi-objective problem (what 

are we aligning to?)
- Multi-modal problem (80% of languages 

have no text available)
- Tests ability to efficiently scale optimization 

techniques across distributions (cross-lingual 
transfer safety/preferences)



Making progress on multilingual performance 
offers insights for many machine learning 
problems.

Today I will ask, how do we build better models 
that represent the long tail of any problem 
better.



How should we make better use of 
capacity? How do we avoid the cost 

of representing the long-tail?
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A Decade of “Bigger is Better”

Epoch AI, 2024 

https://epochai.org/data/notable-ai-models
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Compute has been the default bet

Lower risk
Inventing new 
optimization 

techniques is hard.

Predictable
Predictable gains fit 

quarterly cycles and are 
hard to argue against.

Fundable 
Capital raises are built 

on the belief that 
compute matters most.
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The need for compute has resulted in 
jokes about being GPU rich or GPU poor.

“Today we can’t think without 
holding a piece of metal.”

Michael Jordan
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It has shifted contributions from academic to industry research.

AI index report

https://aiindex.stanford.edu/report/
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And has determined who gets to participate 
in breakthroughs and who doesn’t.

AI index report ,   The Low resource double blind, Ahia et al.

https://aiindex.stanford.edu/report/
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The believe that more data and model size is important 
for multilingual coverage has also been true.
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It is controversial to suggest that 
scaling is over. 

But recent evidence contradicts the 
view that monolithic large models 

are the future. 

© Adaption 2026
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Models under 13B on the LLM 
open leaderboard over time.

Same size, far 
more capable

Hooker 2024

https://arxiv.org/abs/2407.05694v1
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All models over 13B (grey) that 
underperform the best daily model 
under 13B submitted to the LLM 
open leaderboard (green).

Small Models Frequently 
Outperform Larger Ones

AI index report ,   The Low resource double blind, Ahia et al.

https://aiindex.stanford.edu/report/
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Model Weights Are Highly Predictable

Epoch AI, 2024 

Denil et al. find that a small set of weights can be 
used to predict 95% of weights in the network. 

https://epochai.org/data/notable-ai-models
https://arxiv.org/abs/1306.0543
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Deduplication, data pruning, and 
higher-quality synthetic data can 
stand in for bigger models and 
improve how they train

Better Data, 
Less Compute

Kreutzer at al. 2022

https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00447/109285
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The slow death of pretraining scaling means that open weights 
are converging in performance with frontier models.
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Recent models have required far more compute but have 
generally not been considered major steps forward. 
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Rate of return no-longer makes 
sense for pre-training. Return for 
compute is much higher in 
post-training, test time scaling, 
adaptive compute, co-design with 
hardware. 
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The Era of Adaption
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Our pursuit as a field across 
computer science history has been 
centered around optimizing the 
algorithm.



© Adaption 2026

Now, we are an interesting time where our tools for 
optimization are finding new spaces.

Optimization in 
the data space

Algorithm 
optimization

Learning from 
interaction



How should we make better use of 
capacity? How do we avoid the cost 

of representing the long-tail?



Promising directions for improving use 
of parameters:

Data pruning, 
Weighting

Data Arbitrage

“Spending more 
capacity on the data 

points we care 
about”

1.
.

Specialized/adap
tive compute

“Routing capacity 
to avoid applying 

all weights to 
every example”

3
...

Optimizing the 
data space

“Steering dataset 
generation using 

‘on-the-fly’ 
objectives”

2
..



Data pruning or 
Weighting

“Spending more 
capacity on the data 

points we care about”

1.

[[Boubdir et al. 2023,Marion et al. 2023, Blakeney et al. 2024, Chimoto et al. 2024]] 

https://arxiv.org/pdf/2310.14424.pdf
https://arxiv.org/abs/2309.04564
https://arxiv.org/pdf/2406.03476


Data pruning.

Noisy Data Points
- Data is improperly 

structured which corrupts 
information
- Mislabelled
- Severely corrupted
- Multi-object 

Misuse of parameters to 
represent these data points.

“Bad memorization”

Can we identify and 
remove these noisy 
data points?

- How do we do this 
at scale?



Much of work with collaborators has focused on data 
pruning, prioritization of examples.

[[Marion et al. 2023]] 

Pretraining Scale

[[Boubdir et al. 2023]] 

Prioritizing human 
annotation

Instruction Finetuning Pruning 
and Dataset Weighting

[[Singh et al. 2023]] 

https://arxiv.org/abs/2309.04564
https://arxiv.org/pdf/2310.14424.pdf
https://arxiv.org/pdf/2310.14424.pdf


We recently released adaptive checklists.

Target where model is failing
- Look at past model trainings
- Identify issues in evals
- Create targeted rubrics per 

domain
- Tag incoming data and filter 

data which doesn’t fulfill 
those checklists.



Moving away from 
static datasets.

“Optimize in the 
data-space to steer 
on-the-fly towards 

desirable properties.”

2.

[[Odumakinde et al 2024, Shimabucoro et al 2024.]] 

https://arxiv.org/pdf/2408.14960
https://arxiv.org/pdf/2407.01490


Removing, reprioritizing, generating synthetic data has become a 
crucial pipeline step of achieving state of art performance.

[[Chimoto et al. 2023]] 

Leveraging early 
training signal

Data pruning + 
synthetic data

[[Aryadumi et al. 2024]] 

Preference training 
synthetic data.

Dang et al. 
2024

https://arxiv.org/pdf/2405.19462
https://arxiv.org/abs/2405.15032
https://arxiv.org/abs/2407.02552
https://arxiv.org/abs/2407.02552


We have also done work on “active inheritance,” 
moving optimization to the data space to guide model 

behavior towards non-differentiable objectives.

Shimabucoro et 
al. 2024

Only very 
recently 
feasible to do 
this – 
historically 
steering data 
collection far 
too expensive. 
Dataset treated 
as static.

https://arxiv.org/pdf/2407.01490
https://arxiv.org/pdf/2407.01490
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Advances in synthetic data make it much more interesting to imagine the 
data space as malleable.

We can oversample 
synthetic data from rare 
examples very cheaply 

relative to how painful it is to 
find these examples in the 

real world.



You can avoid mode collapse because you can sample 
strategically from different model distributions – we show 

the power of this with “multilingual arbitrage.”

Odumakinde et al. 2025

https://arxiv.org/pdf/2408.14960v1
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Adaptive Data
Self-hosted extremely 
fast scalable adaptation 
of data. 

Shape 
datasets 

toward target 
model behavior

Evolve what 
you have

Expand what’s 
missing Shape your AI

We released adaptive data which optimizes each stage of pipeline.
Transform raw infrastructure into model-ready inputs



© Adaption 2026Private and Confidential © Adaption Labs 2026

Invent a Dataset
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Invent outperforms 
Open AI, Anthropic, 

Google, GLM, 
Deepseek.

Allows you to go from 
zero data to a training 

ready dataset. 



© Adaption 2026

Invent preserves diversity while scaling available data. Allows 
targeting of any capability.

63,256,042
Data artifacts processed

242
Languages covered

82%
Average quality gains
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Adaptive data supports

242 Languages



Specialized/adaptive 
compute

“Routing capacity to 
avoid applying all 
weights to every 

example”

[[Zadouri et al. 2023, Gritsch et al 2024, Tan et al 
2024]] 

3.

https://arxiv.org/pdf/2309.05444.pdf
https://arxiv.org/abs/2408.15901
https://arxiv.org/pdf/2403.08245
https://arxiv.org/pdf/2403.08245


Atypical Data Points or 
Challenging Exemplars
- Underrepresented 

vantage points (the 
long-tail of the dataset)

- Image classification 
entails fine grained task
 

Valuable use of parameters to 
represent these data points.

“Good memorization”

Adaptive 
compute – 
spend more time 
on the data 
points we care 
about.



Specialized/adaptive compute

“Routing capacity to avoid 
applying all weights to every 

example”

[[Zadouri et al. 2023]] 

Work on Mixtures of Experts is focused on 
Specialized/Adaptive compute.

https://arxiv.org/pdf/2309.05444.pdf


        Full model fine-tuning? Costly for large model sizes

● MoEs style architecture with 
ultra-lightweight experts 

● Mixture of IA3 vectors (MoV) or 
LoRA adapters (MoLoRA), as 
experts.

● During fine-tuning, only 
vectors/experts and routers are 
updated for each layer.



Performance of a Mixture of “Ultra-Lightweight” Experts

● Our method outperforms 
standard PEFT methods 
like IA3 or LoRA. 

● Using a mixture of IA3 style 
vectors (MoV), we update 
just 0.68% of the model 
parameters, boosting 
performance by 14.57% 
over its counterpart IA3.



Merging and model soups can very effective ways to combine multiple 
capabilities. For safety.



Or for general multilingual capabilities. 
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Adaptive Intelligence
We are building the next generation of 
adaptive intelligence. Evolved for any 
industry, language or specialization.

Continuously self-improving models
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 We recently released AutoScientist.
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AutoScientist
a system that self-improves and automates the full 
research loop behind model training and alignment
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AutoScientist
outperforms frontier AI models 

across every single vertical

AutoScientist release

https://www.adaptionlabs.ai/blog/autoscientist
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Harness Optimization
Improved Qwen3.6-27B pass rate from 
67% to 85% on the Harvey Legal Agent 
Benchmark.

AutoScientist for 
Harness Design

Token Efficiency
Achieved performance within 0.79 
percentage points of Prime Agent while 
reducing input token volume by 54%.

Post-Training
Further increased the pass rate from 85% 
to 88%, while increasing the complete task 
pass rate from 5% to 9%.
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Token Reduction
Cut context tokens by 97% on long 
conversations and 57% on standard 
conversations by using write-time memory 
instead of full history.

AutoScientist for 
Agent Memory

Latency Reductions
Context volume reduction decreased mean 
latency by 45% and p95 latency by 67% on 
long conversations.

Benchmark Performance
Achieved an accuracy score of 90% on 
LongMemEval, compared to 60% using 
full-history inference with the same 
underlying model.



So where does that leave us?
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It is very possible that the next breakthrough will require a 
fundamentally different way of modelling the world 

with a different combination of hardware, software and 
algorithm.

1950’s 2012 What next?
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Compute is the least interesting idea to throw at a problem. 
Increasingly, we should justify additional complexity and bend 

scaling curves by focusing on efficiency. 

1950’s 2012 What next?
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The future 
of intelligence is 

adaptive.
It will be shaped by whoever makes 
adaptation as efficient as possible.
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The future 
belongs to the 

adaptive.
sara@adaptionlabs.ai
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