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Democratizing 
AI

● Access to compute 
(GPU-poor/rich)

● Access to expertise
● Access to models
● Getting your data 

seen
● Bringing your own 

tools to the AI



Mirza et al. arXiv:2404.01475

https://arxiv.org/abs/2404.01475


Broadening impact via decentralized platforms

OPTIMADE
Federated access to 
crystal structure 
data with universal 
search for materials 
discovery & design

datalab
An open source data 
management platform 
for experimental 
materials chemistry 
and beyond

datatractor + MADICES



What is 
OPTIMADE?

“The Open Databases 
Integration for Materials 
Design (OPTIMADE) consortium 
aims to make materials 
databases interoperational by 
developing a common REST 
API.”

❖ 7 annual workshops (est. 
2016)

❖ 70+ authors/attendees
❖ 35,671 words
❖ 25 registered providers, 

60M+ crystal structures

https://www.optimade.org/providers-dashboard 

https://www.optimade.org/providers-dashboard
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AUTOMATED 
VALIDATION

INTEROPERABILITY OF 
REPRESENTATIONS

DATA TO COMPLIANT 
DATABASE PIPELINES

MULTI-PROVIDER 
CLIENTS & QUERIES

DATA-DRIVEN 
WORKFLOWS



What makes an OPTIMADE API?



optimade-python-tools

An open source Python package for consuming 
and implementing OPTIMADE APIs.

❖ Spin-up OPTIMADE API with “no code”
➢ Built with pydantic and FastAPI
➢ Annotated data models with data 

validation
➢ Auto-generated OpenAPI 3.0 and 

JSONSchema 
➢ EBNF grammar implementation with filter 

transformers for MongoDB & Elasticsearch
➢ Mappers between existing formats (ASE, 

pymatgen, CIF) and OPTIMADE, supporting 
aliases etc.

❖ Client for asynchronously querying 
multiple databases

❖ Used by Materials Project, NOMAD, odbx, 
2DMatPedia and Materials Cloud

❖ Provides tools for validating remote 
implementations

Evans, M. L., Andersen, C. W. A. et al.,
Journal of Open Source Software, 6(65), 3458, 2021
10.21105/joss.03458

Materials-Consortia/optimade-python-tools 

http://doi.org/10.21105/joss.03458
https://github.com/Materials-Consortia/optimade-python-tools




How can we screen the 
burgeoning number of 
hypothetical materials for 
real applications?



ML-accelerated high-throughput 
workflows for optical materials 
discovery & design: re2fractive

with Victor Trinquet, Cameron Hargreaves, Pierre-Paul De 
Breuck & Gian-Marco Rignanese (MODL-IMCN UCLouvain)

MODL-IMCN, UCLouvain

modl-uclouvain/re2fractive



Finding materials with the largest refractive index for a 
given band gap: re2fractive

Robust 
automated 

DFT+beyond 
workflows

jobflow-remote

60M+ 
Hypothetical 

inorganic crystal 
structures*

Automated 
submission and 

job handling

Property 
prediction from 
small datasets 

with kitchen sink 
featurisation and 

ensemble 
uncertanties

Leveraging open source tools -- broaden impact by investing in maintenance

Publish repeatable workflows



Finding materials with the largest refractive index for a 
given band gap: re2fractive

“Optical materials discovery and design via federated databases and 
machine learning”, Trinquet, Evans et al, Faraday Discussions (2024)
10.1039/D4FD00092G

Active learning loop
I. Starting from ~4000 materials (Naccarato et 

al, Phys. Rev. Mat. 2019), train MODnet model 
for refractive index

II. Screen databases with appropriate annotations 
in OPTIMADE (4.2m structures)

III. Filter OPTIMADE entries for stable materials 
with non-zero band gap (~150k structures), 
featurize and predict

IV. Select a mix of a) most promising and b) 
highest uncertainty predictions, compute them 
with DFT

V. Retrain model with the new data and repeat 
until Pareto front is sufficiently explored

https://doi.org/10.1039/D4FD00092G


Finding materials with the largest refractive index for a 
given band gap: re2fractive

I. Starting from ~4000 materials (Naccarato et 
al, Phys. Rev. Mat. 2019), train MODnet model 
for refractive index (#1 matbench leaderboard 
for dielectric task)

II. Screen databases with appropriate annotations 
in OPTIMADE (4.2m structures)

III. Filter OPTIMADE entries for stable materials 
with non-zero band gap (~150k structures), 
featurize and predict

IV. Select a mix of a) most promising and b) 
highest uncertainty predictions, compute them 
with DFT

V. Retrain model with the new data and repeat 
until Pareto front is sufficiently explored

Repeat II-V as new 
hypothetical 

structures and new 
databases come 

online

Design with this in mind!

“Optical materials discovery and design via federated databases and 
machine learning”, Trinquet, Evans et al, Faraday Discussions (2024)
10.1039/D4FD00092G

https://doi.org/10.1039/D4FD00092G


“Optical materials discovery and design via federated databases and 
machine learning”, Trinquet, Evans et al, Faraday Discussions (2024)
10.1039/D4FD00092G

Finding materials with the largest refractive index for a 
given band gap: re2fractive

Filtered by sustainability and predicted 
synthesisability

Repeat II-V as 
new hypothetical 
structures and 
new databases 
come online

https://doi.org/10.1039/D4FD00092G


“Optical materials discovery and design via federated databases and 
machine learning”, Trinquet, Evans et al, Faraday Discussions (2024)
10.1039/D4FD00092G

Why stop at refractive index?

● Decentralised AL workflows 
scanning OPTIMADE databases 
daily for potential new 
compounds

● Created datasets themselves are 
then hosted via OPTIMADE, 
tracking provenance of initial 
structures

● Self-reinforcing loops for 
multi-fidelity property 
prediction can help prioritise 
new compounds for synthesis

● AL especially necessary when 
properties are rare + expensive 
to compute

● We have initialised a new 
campaign for non-linear optical 
response

https://doi.org/10.1039/D4FD00092G


with Kristjan Eimre, & Giovanni Pizzi

From static data to an API

● Enhancing discoverability, explorability 
and expressiveness of structural data on 
the MCloud

● User annotates their MCloud entry with a 
simple config file

● Additional services watch for such entries 
and run a processing pipeline to convert to 
our OPTIMADE JSONL format

● Container launches to expose the 
structural data and properties as public 
OPTIMADE APIs

materialscloud-org/optimade-maker

optimade-maker



with Kristjan Eimre, & Giovanni Pizzi

From static data to an API

● Enhancing discoverability, explorability 
and expressiveness of structural data on 
the MCloud

● User annotates their MCloud entry with a 
simple config file

● Additional services watch for such entries 
and run a processing pipeline to convert to 
our OPTIMADE JSONL format

● Container launches to expose the 
structural data and properties as public 
OPTIMADE APIs

materialscloud-org/optimade-maker

optimade-maker

Used to create OPTIMADE 
APIs for:
● Alexandria
● re2fractive
● GNome
● Cambridge Structural 

Database (supported by 
PSDI)



Well-defined 
abstraction: crystal 
structure

Flat(ish) data 
structure

Extensible property 
definitions

Well-defined search

Tools for federation



What about 
experimental 
data?



Data management tech tree



31

Managing experimental lab data
What information would need to 
be recorded to make this 
information useful after the 
student leaves?

What information would need to 
be recorded to make this useful 
to a machine learning algorithm?

What type of cell is this? What are 
the electrodes? What batch are they 
from? Active mass? Where was it cycled? 
What instrument? Cycling parameters? 
Surface area? When was it made? Who made it? 
When? What batch of electrolyte? Was it made in a 
glovebox? Which one? Have other measurements been 
made on this cell? Has this result been repeated 
with other cells? Is there any characterization on the 
electrodes? On the active material? On the electrolyte? 
What was the temperature of the room? Were there any spikes? 
What does the dV/dQ look like? Who “owns” this data?
 



NiO (from 
collaborator) 

Na2O2 from 
ECO glovebox

Jmas-1-4a

Jmas-1-4b

Jmas-1-4c

Jmas-1-4d Jmas-1-4a_e1
Super P

PVDF

NMP

Na metal 

NaPF6  

PC  

electrolyte

Jmas1-4a-e1-c1
Jmas1-4a-e1-c2
Jmas1-4a-e1-c3

Experimental data is only useful in its context



● Automating tedious data handling processes

● Reproducible, robust science

● Enhanced dissemination

● Putting the FUN in data management

● Decentralized data unification

Initial motivations: datalab datalab-org/datalab

Prof Joshua 
Bocarsly 

(Cambridge ✈ 
UHouston)



https://docs.google.com/file/d/1o20DFjmu-uJ7Ue49n7RcNPEETRuxD7qw/preview
https://docs.google.com/file/d/1o20DFjmu-uJ7Ue49n7RcNPEETRuxD7qw/preview


Modular “Data block” approach

Purposefully simple to add new “blocks”:
● File loader
● Interactive plot
● Baseline corrections, background subtraction, schemas, models, 

validation, search, comparative analysis…

Currently, we support:

● Electrochemical cycling
● EIS
● Materials synthesis
● Cell preparation
● Images (common + raw)
● Videos
● Powder X-ray diffraction
● Raman (1D + 2D maps)
● NMR
● Mass spectrometry/TGA
● Your method?



Grey Group Datalab pilot: connected, contextualised data from 
~5 users in ~3 months

~100 ~3000 10



Growth of the 
Bocarsly 
group data

https://docs.google.com/file/d/1Kp3fCm0ETsar1EkOe5s1TABggwLHdn_E/preview
https://docs.google.com/file/d/1Kp3fCm0ETsar1EkOe5s1TABggwLHdn_E/preview


➔ Collaborative development is 
performed on GitHub using modern 
best practices for open source 
software development.
◆ ~30,000 lines of code 
◆ 439 merged PRs

➔ Automated CI with testing of 
server and GUI

➔ Simplified deployment via Docker
➔ Automated cloud deployments with 

Ansible & Terraform
➔ Decentralizing maintenance costs 

via the community
github.com/datalab-org/datalab

datalab is open-source software (MIT)

https://docs.google.com/file/d/1QqlIVVC3bG7LopanEEqN_qX02p5wozNK/preview


➔ Collaborative development is 
performed on GitHub using modern 
best practices for open source 
software development.
◆ ~30,000 lines of code 
◆ 439 merged PRs

➔ Automated CI with testing of 
server and GUI

➔ Simplified containerized 
deployment via Docker 
(instructions online)

➔ Automated cloud deployments with 
Ansible & Terraform

github.com/datalab-org/datalab

datalab is open-source software (MIT)



datalab Architecture



datalab Architecture



datalab Architecture



datalab data model: traits-based



datalab data model: custom schemas



datalab Federation
● Share and discover data between 

collaborators

● Share analysis workflows & schemas

● Share infrastructure: QR codes and 
persistent labelling
○ Decentralize & preserve safety 

information

● Private machine learning
○ opt-in with automatic data 

credit to train new models

● Robust offsite encrypted backups

➔ Grey group (Cambridge)
➔ Bocarsly group (UHouston)
➔ Cliffe group (Nottingham)
➔ Titirici group (Imperial)
➔ ConCat lab (TUBerlin)
➔ 20+ person startup (USA)
➔ Menkin group (Cambridge)
➔ Materials Research Lab (UCSB)



Whinchat
● Chat interface to datalab (LLM 

hackathon 2023)
● Stuff structured data from a 

collection of samples into 
context window of an LLM, then 
interrogate

Jablonka et al, Digital Discovery, 2023, 2

https://docs.google.com/file/d/1EAcV0ixHqrv_8NuI6ats3uE3GFFtA_rd/preview
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Jablonka et al, Digital Discovery, 2023, 2



YeLLowhaMMer 
datalab-org/yellowhammer (with Josh Bocarsly & Yue Wu)

Zimmerman et al arXiv:2411.15221 (2024)

● Agentic interface to datalab -- 
still chat driven, but now uses 
our Python API directly (LLM 
hackathon 2024)

● Can automate complicated (not 
complex) data analysis tasks, 
e.g.
○ Search/RAG
○ Writing tools that we don’t 

have time for
○ Multimodal/historic data input 

from spreadsheets, physical lab 
notebooks or even video

● Saves us writing UI workflows 
for complicated features!

https://github.com/datalab-org/yellowhammer
https://doi.org/10.48550/arXiv.2411.15221
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YeLLowhaMMer 
datalab-org/yellowhammer (with Josh Bocarsly & Yue Wu)

● Agentic interface to datalab -- 
still chat driven, but now uses 
our Python API directly (LLM 
hackathon 2024)

● Can automate complicated (not 
complex) data analysis tasks, 
e.g.
○ Search/RAG
○ Writing tools that we don’t 

have time for
○ Multimodal/historic data input 

from spreadsheets, physical lab 
notebooks or even video

● Jupyter “magic” %%llm interface 
reduces complexity

Zimmerman et al arXiv:2411.15221 (2024)

https://github.com/datalab-org/yellowhammer
https://doi.org/10.48550/arXiv.2411.15221
https://docs.google.com/file/d/1cjsZcUHKstew21Fuowt4lKpit795DrFp/preview
https://docs.google.com/file/d/1cjsZcUHKstew21Fuowt4lKpit795DrFp/preview


YeLLowhaMMer 
datalab-org/yellowhammer (with Josh Bocarsly & Yue Wu)

● Jupyter “magic” %%llm interface reduces complexity

● Can make sure to track the provenance of AI-generated data for human 
inspection

● UI components for guiding the AI through common workflows

● Designing our tools for AI:

○ /llms.txt and agent-readable documentation that is always up to date

○ API schemas and introspective endpoints useful for tool-calling

○ Expose in decentralized way?

Zimmerman et al arXiv:2411.15221 (2024)

https://github.com/datalab-org/yellowhammer
https://doi.org/10.48550/arXiv.2411.15221


datalab Roadmap + sustainability

● Plugin ecosystem

● Deployment-level schema 
customisation

● Sidecar Jupyter “Hub”

● Secure some sustainable funding 
(https://datalab.industries  & 
https://matgenix.com)

● Proper/automatic exports to 
archive servers and integrations 
with other ELNs

● Dashboards of live experiments

datalab-org/datalab

● Ingesting historic data

● Integration with lab “knowledge 
bases”

○ Wiki, Scheduling, Slack

● Advanced chat block:

○ Custom plots and API calls

● Deep search via OPTIMADE

● Integrating ML models fine-tuned 
on “private” data for e.g., DoE
○ Mroz et al, Web-BO Faraday 

Discussions (2024)

https://datalab.industries
https://matgenix.com


Decentralisation means we 
don’t have to all use the 
same tools or schemas

but agreeing on protocols 
can be very powerful



Datatractor (MaRDA extractors working group)
w/Peter Kraus (TUBerlin) & David Elbert (JHU)

Supporting all possible instrument file format types in a 
single platform/framework is not possible

How can we communalize or decentralize this work?

● Common schema for describing file types and extractor 
code

● Machine-actionable definitions for extractor 
installation & usage

● Online registry of such file types and extractors

● API package that can automatically install and 
extract

Evans et al, arXiv:2410.18839 (2024)datatractor

https://arxiv.org/abs/2410.18839


SCHEMA API

REGISTRY

Schema defines a 
format, can define 
mappings between 
“emergent” formats

“Semi-centralized” 
conda-forge style 
recipes with tests 

and auditing
Machine-actionable 
execution: find 
parser -> run it

Ability to 
search/index over 

schemas and point to 
persistent (to some 

degree) URL

Reliable execution 
and integrity

Programmatic schemas 
and validation



Datatractor (MaRDA extractors working group)
w/Peter Kraus (TUBerlin) & David Elbert (JHU)

Evans et al, arXiv:2410.18839 (2024)datatractor

https://arxiv.org/abs/2410.18839


Datatractor (MaRDA extractors working group)
w/Peter Kraus (TUBerlin) & David Elbert (JHU)

datatractor

Follows installation and 
usage instructions then 
installs in container, 
piping resulting data 
back

Evans et al, arXiv:2410.18839 (2024)

https://arxiv.org/abs/2410.18839


Evans et al, arXiv:2410.18839 (2024)

Remaining challenges

● More robust file type detection 

● Automatically running registered 
extractors against example files

● Providing a place in the schema for 
announcing output schemas

● Dockerized execution environment 
(with security features, e.g., no 
access to network or other files)

● Streamlining contributions to 
registry and deciding policies for 
versioning (without implementing our 
own package manager!)

Potential use cases

● Create dynamic datalab plugins form 
datatractor to render data in an ELN 

○ And publish datalab plugins as 
datatractor extractors!

● Extending domain-specific archive 
APIs
○ Currently allows an 

`optimade.yaml` config file to 
create an OPTIMADE API on top 
of archived data, but could use 
`datatractor.yaml` in the 
future

○ Enhances sustainability of 
platforms like datalab

Datatractor (MaRDA extractors working group)
w/Peter Kraus (TUBerlin) & David Elbert (JHU)

https://arxiv.org/abs/2410.18839


Electronic Lab Notebook Comparison Matrix 2021 (https://doi.org/10.5281/zenodo.4723753)



Interoperability hierarchy

Knowledge 
graphs

Data
repositories Journals

Data lakes ELN/LIMS Workflow 
managers

Instruments Observations (Meta)data 
extractors

Interoperability of 
published data

Interoperability of 
live data

Interoperability of 
new data



Machine-Actionable Data Interoperability for Chemical Sciences (MADICES)

● CECAM workshop series: 2022 and 2024 -- hopefully 2025
● Practicable standards for interoperability across:



Concluding thoughts

● Federation enables qualitatively distinct 
applications

● Treat data management as an investment, rather 
than a cost

● LLMs != data management
● Can your data be discovered accidentally?
● Can you easily repeat and share systematic 

screening when new data arises?



Call to arms

OPTIMADE:

● Interesting material dataset?
● Materials data providers
● Potential users
● Developers
● Interested in adopting a generic 

federated API format?

+ Monthly meetings to discuss 
extensions, yearly CECAM workshops

+ Check out Materials-Consortia on 
GitHub

datalab, datatractor & MADICES

● Dealing with tricky 
interconnected data?

● Interested groups/companies
● Individual researchers doing 

this work already, plugin or 
schema development?

● Looking for a postdoc? Talk to 
Josh!

+ Monthly datalab meetings
+ Communal slack
+ Demo server demo.datalab-org.io
+ datalab-org and datatractor on 

GitHub
+ Talk to Josh and I this week!
+ MADICES mailing list and 

pre-meetings
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Useful links

OPTIMADE
https://optimade.org
Digital Discovery, 2024, 3, 1509-1533 
10.1039/D4DD00039K

datalab ecosystem
https://datalab-org.io
https://datalab.industries 
https://demo.datalab-org.io 

Datatractor / MaRDA Extractors WG
https://yard.datatractor.org 

MADICES
https://madices.github.io 

Prof Clare Grey
(Cambridge)

Prof Gian-Marco Rignanese 
(UCLouvain)

+ OPTIMADE consortium
+ Materials Research Data Alliance (MaRDA)
+ Physical Sciences Data Infrastructure (PSDI)
+ re2fractive: Victor Trinquet (UCLouvain)
+ datatractor: Dr Peter Kraus (TUBerlin)
+ Ben Charmes & Dr Yue Wu
+ The Grey Group (Cambridge)

https://optimade.org
https://doi.org/10.1039/D4DD00039K
https://datalab-org.io/
https://datalab.industries
https://demo.datalab-org.io
https://yard.datatractor.org/
https://madices.github.io

