Building Machine Learning Models
like Open-Source Software

Colin Raffel
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Al21 studio

cohere  custom language models
_' built for scale Enterprise-Grade

Build sophisticated language applications on top of Al21's language models LCI rge LG ng que MOdels
Made Simple & Accessible”

Infroducing Dataflow-as-a-Service™ GPT

API \ I\\/I/\/\ rosoft Megatron-Turing NLG 5308

‘s Largest and Most Powerful Generative Language Model

Introducing the LightOn Muse API

OpenAIAPI Beta ABOUT EXAMPLES DOCS PRICING LOG IN JOIN > Il Create. Process.
Understand. Learn.

%Production-ready intelligence primitives powered by state-of-the-art language modelsﬁfl’
For the first time natively in French, Spanish, Italian, and more. Now in private beta!

OpenAI technology, just an HTTPS call away

Apply our API to any language task — semantic search, AI E — OI [ E.:| OI EI EI' H
summarization, sentiment analysis, content generation, r r—1 O = -
translation, and more — with only a few examples or by
specifying your task in English. AP R2=0o %F'==||o| El= A2 A|CH.
1 A|Zt0| & HyperCLOVAE AJH8fL|Ct,

JOIN THE WAITLIST > </> EXPLORE THE DOCS - .
[emtRe] 0] B2tot EH MES AICHE ASAIR
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Hugging Face Q. Search models, datasets, users...

Models 33,490 Search Models

bert-base-uncased
& Fill-Mask - Updated May 18 - { 30M - © 54

roberta-large
B Fill-Mask - Updated May 21 - 4 13.1M - © 20

distilbert-base-uncased
) Fill-Mask - Updated Aug29 - | 4.83M - © 26

x1lm-roberta-base
B Fill-Mask - Updated Sep 16 « 4 4.78M - © 11

bert-base-cased
[ Fill-Mask - Updated Sep6 - | 4.02M - © 6

roberta-base
@ Fill-Mask - Updated Jul6 «  3.45M - © 6

gpt2
[ Text Generation - Updated May 19 - { 3.34M - © 24

Y Add filters

Tl Sort: Most Downloads
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from https://distrowatch.com/



https://distrowatch.com/

How can we enable collaborative and
continual development of machine
learning models?



Contributors need to be able to cheaply
communicate patches to a model.
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Fisher-Induced Sparse Unchanging (FISH) Mask



GLUE validation score
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Maintainers need to be able to merge
updates from different contributors.
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Users who lack resources need to be
able to train and run large models.
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Distribute across peers with different compute budgets
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Compress activations
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Compress weights
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Inference (steps/s) Parallel (tokens / s)

Network
Sequence length Batch size
Bandwidth Latency 128 2048 1 128
3 local servers on 3xA100
1 Gbit/s <5ms 1.22 1.11 70.0 253.6
100 Mbit/s <5ms 1.19 1.08 56.4 182.0
100 Mbit/s 100ms 0.89 0.8 19.7 112.2

8 desktops & servers in Europe and North America

Real world 0.63 0.57 28.3 135.4




Maintainers need to be able to quickly
vet community contributions.



We need to be able to combine modular
components to enable new capabilities.



A Call to Build Machine Learning Models like Open-Source Software
Colin Raffel

Training Neural Networks with Fixed Sparse Masks
Yi-Lin Sung* Varun Nair* and Colin Raffel

Few-Shot Parameter-Efficient Fine-Tuning is Better and Cheaper than In-Context Learning
Haokun Liu* Derek Tam* Mohammed Mugeeth* Jay Mohta, Tenghao Huang, Mohit Bansal, and Colin Raffel

Merging Models with Fisher-Weighted Averaqging
Michael Matena and Colin Raffel

PETALS: Collaborative Inference of Large Models
Alexander Borzunov* Dmitry Baranchuk* Tim Dettmers* Max Ryabinin* Younes Belkada* Artem
Chumachenko, Pavel Samygin, and Colin Raffel

Please give me feedback:
http://bit.ly/colin-talk-feedback



http://bit.ly/colin-talk-feedback
https://colinraffel.com/blog/a-call-to-build-models-like-we-build-open-source-software.html
https://arxiv.org/abs/2111.09839
https://arxiv.org/abs/2205.05638
https://arxiv.org/abs/2111.09832
http://none

