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Intro: AI assistant to “collect” and deposit data 



Intro: AI Assistant job as data depositor



Intro: AI assistant is saving data in Dataverse 

AI Agent job

1. Read input from any source
2. Analyze Web pages and 

find data
3. Extract dataset descriptions 

and form metadata record
4. Create Croissant export for 

Machine Learning tasks
5. Deposit metadata as 

dataset in Dataverse data 
platform

6. Share Croissant back to 
give AI Agent pointers to 
metadata and data files



Intro: AI assistant for Kaunas weather



Intro: AI assistant for Kaunas weather in Dataverse

Dataset reference

https://demo.dataverse.org/dataset.xhtml?persistentId=doi:10.70122/FK2/X4PQSQ


What kind of infra you need to make model fully deterministic? 
CODATA Ollama inference engine with CDIF and ODRL extensions
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https://docs.google.com/file/d/1FzGao1V66j0VJytncXFtFdj_5CY_C1Ua/preview


What is research data infrastructure?
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“Semantic” Croissant ecosystem for AI-Ready data landscape

1. Croissant (Croissant standard for Machine Learning v.1.1)
Navigation layer for AI - find data (resources) and train new models - led by Omar Benjelloun 
(Google, USA) and Elena Simperl (King’s College London, UK) 

2.    CDIF (Cross-Domain Interoperability Framework)
Semantics for AI - knowledge graph to “understand” and transmit context (CODATA, France)

3.    DID (Decentralized Identifiers) with digital certificates 
Trust for AI - to “sign” resources digitally - led by Christoph Fabianek (Frequentis, Austria)

4.    ODRL (Open Digital Rights Language) policies
        Policies for AI - to manage permissions and make resources actionable - led by Darren Bell (UKDS, 
UK)

5.    Model Context Protocol (MCP)
Tools and services to connect AI to resources (CODATA/Harvard University, USA)



AI-ready data - Croissant for Machine Learning spec (2024) 

https://mlcommons.github.io/croissant/docs/croissant-spec.html

Kaggle data

OpenML data platform
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https://mlcommons.github.io/croissant/docs/croissant-spec.html


Croissant Motivation: helping ML users with datasets
Most Machine Learning datasets are uniquely structured and require specialized handling.

Users spend a lot of efforts on data-related tasks.

What makes Datasets used in Machine Learning special?

● Often combine unstructured (text, image, video) and structured (tabular, json) data
● Need to be "flattened" / denormalized to be used in ML frameworks and tools
● Need ML-specific metadata 

(e.g.,  Responsible AI info, test/train/validation splits, labels)
● Require versioning / checkpointing to support model snapshots and reproducibility

Credits: Croissant working group



● Create
○ Editor

■ https://huggingface.co/spaces/MLCom
mons/croissant-editor 

○ Platform auto generate
■ https://huggingface.co/datasets
■ https://www.kaggle.com/datasets 

● Discover and find
○ Google Dataset Search

■ https://datasetsearch.research.google.c
om/ 

○ Crawler in repo
■ https://github.com/mlcommons/croissan

t/blob/main/health/visualizer/report_hug
gingface.ipynb 

● Use it
○ Colab 

[https://githubtocolab.com/mlcommons/croissa
nt/blob/main/python/mlcroissant/recipes/tfds_c
roissant_builder.ipynb]

■ Original 
[https://github.com/mlcommons/croissa
nt/blob/main/python/mlcroissant/recipes
/tfds_croissant_builder.ipynb   

scan to access slides 
and links

Croissant for ML: state of art

https://huggingface.co/spaces/MLCommons/croissant-editor
https://huggingface.co/spaces/MLCommons/croissant-editor
https://huggingface.co/datasets
https://www.kaggle.com/datasets
https://datasetsearch.research.google.com/
https://datasetsearch.research.google.com/
https://github.com/mlcommons/croissant/blob/main/health/visualizer/report_huggingface.ipynb
https://github.com/mlcommons/croissant/blob/main/health/visualizer/report_huggingface.ipynb
https://github.com/mlcommons/croissant/blob/main/health/visualizer/report_huggingface.ipynb
https://githubtocolab.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb
https://githubtocolab.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb
https://githubtocolab.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb
https://github.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb
https://github.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb
https://github.com/mlcommons/croissant/blob/main/python/mlcroissant/recipes/tfds_croissant_builder.ipynb


Croissant Graph in Dataverse network

55 million Croissant triples in Qlever triple store. 
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Croissant layers in detail
● Dataset-level metadata

○ Based on schema.org/Dataset
○ Best practices for required fields, licence choice, etc.

● Resource description
○ Flexible data access schemes (files, archives, local / remote directories)
○ Support commonly used file formats (text, images, video, CSV, JSON, etc.)
○ Allow for fine-grained versioning / checkpointing, and resource verification via 

checksums
● Content structure

○ Agnostic to specific file formats
○ Describe structure of tabular and nested data 
○ Expressive data type system with support for common semantic types
○ "Join" across structured and unstructured data
○ Define "flattened" / denormalized views that are suitable for ML applications

● ML Semantics
○ Mechanisms for data-driven Responsible AI
○ Describe and link ML-specific concepts, e.g. labels, variables, training/test splits



Example for tabular content (CSV table)
{

  "identifier": "movies",

  "@type": "ml:RecordSet",

  "source": "#{movies-table}",

  "key": "#{movie_id}",

  "field": [

    {

      "name": "movie_id",

      "@type": "ml:Field",

      "dataType": "sc:Integer",

      "source": 

"#{movies-table/movieId}"

    },

    {

      "name": "title",

      "@type": "ml:Field",

      "dataType": "sc:Text",

      "source": 

"#{movies-table/title}"

    },

         

    {

      "name": "genre",

      "@type": "ml:Field",

      "dataType": "sc:Text",

      "repeated": "true",

      "source":

        {

          "data": "#{movies-table/genres}",

          "applyTransform": {"separator": "|"}

        }

    }

  ]

}

movieId,title,genres
1,Toy Story (1995),Adventure|Animation|Children|Comedy|Fantasy
2,Jumanji (1995),Adventure|Children|Fantasy
3,Grumpier Old Men (1995),Comedy|Romance
4,Waiting to Exhale (1995),Comedy|Drama|Romance



ML semantics: Splits

       {

         "name": "split",

         "@type": "ml:Field",

         "dataType": [

           "sc:Text",

           "ml:Split"

         ],

         "source": {

           "data": 

             "#{caption_annotations-files/filename}",

           "applyTransform": {

             "regex": ".*_(val|train)2014\\.json$"

           }

         },

         "references": "#{split_enums/name}"

       }

  

name,url
train,https://mlcommons.org/definitions/training_split
val,https://mlcommons.org/definitions/validation_split
test,https://mlcommons.org/definitions/test_split



 Semantic interoperability on the level of infrastructure
We envision a situation where thousands of data nodes (Dataverse, Kaggle, HuggingFace, 
OpenML, etc) on the web can be simultaneously queried for dataset and will form shared Data 
Lake. 

The old dream of Federated search/Universal catalogue  can only be realised if:
(1) Crosswalks; mapping across different metadata schemes are implemented 
(2) In metadata schemes we seek for ways to enrich indexes with values from controlled 

vocabularies

Standard response (centralized) =  standardisation and harmonisation = repository software, 
certain metadata standards, or certain controlled vocabularies

New response (distributed) = explore agile solutions (Proof of Concepts) which can be 
implemented by different communities (even smaller ones), so we keep variety and still enable 
integration in the Distributed Data Network by applying Linked Data technologies based on the 
common metadata exchange standard (Croissant ML). AI is important part of this response.



Interoperability Frameworks

18

Among the most important, but most challenging, recommendations of the 

Turning FAIR into Reality report, is R.4:

‘Develop interoperability frameworks for FAIR sharing within disciplines and 

for interdisciplinary research: Research communities need to be supported to 

develop interoperability frameworks that define their practices for data 

sharing, data formats, metadata standards, tools and infrastructure. To 

support interdisciplinary research, these interoperability frameworks 

should be articulated in common ways and adopt global standards where 

relevant.’

Influential notion of ‘Interoperability Frameworks’.

Led directly to the EOSC Interoperability Framework.

Needs to cover Legal, Organisational, Technical, and Semantic 

Interoperablity (LOTS of Interoperability…)

Core driver of CODATA work on the WorldFAIR project and WorldFAIR+ 

initiative, and on the Cross-Domain Interoperability Framework (CDIF).



▪ Identifies a set of functional requirements for interoperability, 
particular for steps in data combination, and identifies good 
practices for each of these requirements.

▪ Draws on work with the WorldFAIR case studies and with a 
number of international initiatives (ODIS, Science on Schema.org, 
UN Stats KG work, GBIF…)

▪ Good web practices: Significant proportion of CDIF rests on good 
web practice, domain neutral standards and good practice: 
disciplines can adopt or map.

▪ Use cases: domain or cross-domain projects or data services that 
need to combine data for analysis, modelling etc.

▪ Directed at implementers: describes use cases, identifies 
standards, gives guidance and on how to implement them.

▪ Categorically not a new standard.  Rather it is a framework of 
existing and emerging standards.

▪ A framework of standards/specifications to provide a lingua 
franca.

What is the CDIF (Cross-Domain Interoperability Framework)?



What is CDIF?

▪ The Cross Domain Interoperability Framework (CDIF) is 
a set of practical, implementation-level principles 
designed to improve data management practices within 
any community and lower the barriers to cross-domain 
data reuse. CDIF offers standards and methodologies 
for achieving different types of interoperability 
necessary for reusing data across diverse domains. It is 
(currently) built around five core profiles that address 
the essential functions for implementing cross-domain 
FAIR principles. 

▪ Serves a number of use cases, but above all those of 
finding and combining / integrating data for subsequent 
research.

▪ CDIF was first released in May 2024 as an output of the 
WorldFAIR project: 
https://doi.org/10.5281/zenodo.11236871

▪ The point of reference for CDIF and its component 
profiles is now the CDIF Book: https://bit.ly/CDIF-Book  

https://doi.org/10.5281/zenodo.11236871
https://bit.ly/CDIF-Book


CDIF, Next Steps



Data layer: why Dataverse is suitable data repository for AI?

❖ Open source project developed by Institute for Quantitative Social Sciences (IQSS) at 
the Harvard University 

❖ Published on github with a history back to 2006 (which is quite long for collective 
software development)

❖ Very dynamic and experienced development team working in an agile environment 
(e.g., community call scheduled once in two weeks)

❖ Clear vision and understanding of research communities requirements, public roadmap
❖ Strong community (mix of software developers, Dataverse instance providers, and 

partly user communities) behind of Dataverse is helping to improve the basic 
functionality and develop it further

❖ Dataverse has been selected as a data repository infrastructure by countries from all 
continents

❖ State-of-the art well developed architecture with rich API endpoints to build further 
application layers around Dataverse
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Croissant ML export in Dataverse

Croissant 
exporter

Code

Mappings

 



Model Context Protocol (MCP) for Dataverse

Install it and try in your IDE! https://mcp.dataverse.org 
https://github.com/gdcc/mcp-dataverse

https://mcp.dataverse.org
https://github.com/gdcc/mcp-dataverse


MCP protocol for Dataverse powered by Croissant 1.0 ML 



Common questions for Dataverse MCP

Common Questions
● Do onboarding and give me overview of all Dataverses
● List Dataverses from the US
● How many datasets in dataverse.nl?
● How many datasets on {query} exist in the whole Dataverse network?
● How many Dataverse installations were created over the last 10 years, by country?
● How many datasets exist in France?
● How many datasets on economics are in dataverse.nl?
● Which countries have added the most new Dataverse nodes since 2015?
● What kinds of files are in energy consumption datasets from dataverse.nl?
● How many datasets were published in France in 2024?
● Compare number of datasets between Johns Hopkins and Harvard Dataverse.
● I'm studying gender inequality in education. What datasets could help?
● give me overview of dataset doi:10.17026/dans-x8n-hfvr

a. where this coin was found?
b. what is the age of the coin?

󰐗 Summary: Dutch Dataverses (June 2025)
● DataverseNL: 8,161 datasets
● DANS Data Station Archaeology: 162,435 datasets
● DANS SSH: 7,932 datasets
● DANS Life Sciences: 997 datasets
● DANS Physical & Technical Sciences: 845 datasets
● IISH Dataverse: 358 datasets
● ODISSEI Portal: 10,163 datasets

These are the major Dutch Dataverse nodes covering a wide range of research areas.



MCP powered by Croissant ML 2.0 

MCP primitives are “moving pieces” modular, dynamic, and designed to evolve in time: 
● LLM prompts can be created both by human and machine  
● Resources (data points, metadata) can be dynamic such as streaming
● MCP tools can be connected and disconnected (offline)

MCP is about structuring the context in which machine learning models, especially 
LLMs, operate. This includes everything that informs, constrains, or modifies model 
behavior.

Open question: How to make workflows persistent, sustainable and FAIR?



Decentralized Resource Identity & Framework of Trust (DRIFT)
We introduce “DRIFT” - decentralized identity and trust layer that propagates traceable context - such as datasets 
(Croissant), semantic (CDIF), policies (ODRL), sessions, prompts, user metadata, and spans — across AI tools and services 
in event-driven environments like the Model Context Protocol (MCP).

In software engineering, data drift is a key concern that can affect system reliability and trust in data processing pipelines. 
DRIFT helps mitigate these risks by making identity and changes traceable.
Three common types of drift include:

● Infrastructure Drift – Changes in the software environment that can break or invalidate infrastructure configurations.
● Structural Drift – Changes to the data schema that may invalidate databases or data contracts.
● Semantic Drift – Changes in the meaning of data without altering its structure, often caused by multiple developers 

independently modifying system components.
By assigning decentralized identifiers (DIDs) and enforcing consistent, signed metadata, DRIFT supports systems in 
managing and auditing these types of drift.

DRIFT enables trusted interoperability between distributed AI components by providing unique, verifiable identities for all 
parts of an AI pipeline, such as sessions, prompts, users and tools.

“In computer science, online machine learning is a method of machine learning in which data becomes available in a sequential 
order and is used to update the best predictor for future data at each step, as opposed to batch learning techniques which generate 
the best predictor by learning on the entire training data set at once.”

Source: Wikiland

https://www.wikiwand.com/en/articles/Computer_science
https://www.wikiwand.com/en/articles/Machine_learning
https://www.wikiwand.com/en/articles/Training_data_set
https://www.wikiwand.com/en/articles/Online_machine_learning


Why it’s important for AI? DRIFT has another nature

DRIFT in fact is dedicated for 
Machine Learning on streaming 
data where knowledge graphs are 
continuously evolving. 
We need to change current AI 
paradigm to give all rights back to 
content creators and publishers:

● identifiers assigned to MCP primitives 
should guarantee reproducibility.

● Reliable mechanism to filter out low quality 
(“poison”) materials 

● Users should get answers based on 
trustworthy and verifiable information

● New generation of AI models should be 
fully decentralized



Decentralized FAIR data network 

Source: 
Wikipedia

We’re considering experimental implementation of the decentralized identifiers for various content 
types extension to archive various types of content. 

DIDs can be assigned to any artefacts (not only MCP primitives) including images, audio and video, for example, to store 
and link metadata records and provenance information together with their digitized content. ODRL policies can be also 
digitally signed and receive own DID documents.
DID can be private (invisible and not resolvable for public) but available for access with cryptokey.



FAIR decentralized identifiers for AI
 We envision the near future where the it will be possible to create a decentralized system which will not depend on any 
specific registry, one provider, one authority, etc., so all connections will be established in a peer-to-peer network, and but will 
be persistent at the same time. This solution should support AI workflows and infrastructure with FAIR principles of findability, 
accessibility, interoperability, and reusability (FAIR). 

This can be archived with global decentralized identifier - DID.

The resolution of the decentralized identifier (DID) is cryptographically verifiable to prove the identity and the ownership of that identifier and can support 
Model Context Protocol with sustainable infrastructure to keep provenance and origins of prompts, resources and tools.

Core DID features are listed below:

1. A permanent (persistent) identifier (never change)

2. A resolvable identifier (you can look it up to discover metadata)

3. A cryptographically-verifiable identifier (with private and public keys)

4. A decentralized identifier (no centralized authority)

DID should bring control of all provenance and metadata back to their owners instead of giving them away. In the same time public part will/could not be very 
different from other persistent identifiers like DOIs and even replace them for the specific use cases like sharing sensitive data. 



The role of private and public key, and service endpoints in DID

Service endpoints can tell how exactly to interact with the subject, what kind of protocols, what kind of network endpoints are 
available to connect, for example, to an agent that represents the data subjects so that you can then exchange credentials 
or some other messages. 



Policies: demo of Open Digital Right Language (ODRL) 
infrastructure
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https://odrl.dev.codata.org/de
mo

https://odrl.dev.codata.org/demo
https://odrl.dev.codata.org/demo


Universal Resolver for AI primitives 

Try this! https://dev.uniresolver.io

Registrar output:

Decentralized identifier (DID): 
did:oyd:zQmZNDWhhr3cHaL2pfLCpwXXbK5WVKY5wJHtC3RvrgQiG5G
curl 
https://dev.uniresolver.io/1.0/identifiers/did:oyd:zQmZNDWhhr3cHaL2pf
LCpwXXbK5WVKY5wJHtC3RvrgQiG5G

 "service": [
    {
      "id": 
"did:oyd:zQmZNDWhhr3cHaL2pfLCpwXXbK5WVKY5
wJHtC3RvrgQiG5G#payload",
      "type": "Custom",
      "serviceEndpoint": 
"https://oydid.ownyourdata.eu",
      "payload": {
        "prompt": "hello MCP"
      }
    }
  ]

https://dev.uniresolver.io/
https://dev.uniresolver.io/1.0/identifiers/did:oyd:zQmZNDWhhr3cHaL2pfLCpwXXbK5WVKY5wJHtC3RvrgQiG5G
https://dev.uniresolver.io/1.0/identifiers/did:oyd:zQmZNDWhhr3cHaL2pfLCpwXXbK5WVKY5wJHtC3RvrgQiG5G


Nectar Publisher as a “human in the loop” - CDIF
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Demo

https://nectar.dev.codata.org/?fileid=48&siteUrl=https://dataverse.dev1.codata.org&datasetid=doi:10.5072/FK2/BXSHPO&datasetversion=1.0&locale=en


Responsible AI: Croissant and DDI
(Data Documentation Initiative)

 

CESSDA DDI profile 

Responsible AI

“As AI advances at rapid speed there is increased recognition among researchers, 
practitioners and policy makers that we need to explore, understand, manage, and 
assess its economic, social, and environmental impacts. One of the main 
instruments to operationalise responsible AI (RAI) is dataset documentation.

This is how Croissant helps address RAI:

1. It proposes a machine-readable way to capture and publish metadata 
about ML datasets – this makes existing documentation solutions like 
Data Cards easier to publish, share, discover, and reuse;

2. It records at a granular level how a dataset was created, processed and 
enriched throughout its lifecycle – this process is meant to be automated 
as much as possible by integrating Croissant with popular ML frameworks. 
By allowing the metadata to be loaded automatically, Croissant also 
enables developers to compute RAI metrics automatically and 
systematically, identifying potential data quality issues to be fixed.

Croissant is designed to be modular and extensible. One such extension is the 
Croissant RAI vocabulary, which addresses 7 specific use cases, starting with the 
data life cycle, data labeling, and participatory scenarios to AI safety and fairness 
evaluation, traceability, regulatory compliance and inclusion. More details are 
available in the . We welcome additional extensions from the community to meet the 
needs of specific data modalities (e.g. audio or video) and domains (e.g. geospatial, 
life sciences, cultural heritage).”

Croissant spec v1.0 

https://cmv.cessda.eu/profiles/cdc/ddi-3.3/1.0.0/profile.html
https://link.springer.com/book/10.1007/978-3-030-30371-6
https://sites.research.google/datacardsplaybook/


DDI variables in Croissant - breaking the bias
            (attributes, categories, units of measurements, …)

Responsible AI in 
Croissant?



DDI-CDI transformations in CDIF
(Cross-domain interoperability framework)

Input Output

Graph representation serves as
“Navigation layer” for AI models: 
“The system of cells interlinked” 



Dataset in Dataverse represented in CDIF

Mappings



“Interlink”: Semantic Croissant with WikiData prediction



“Interlink”: AI-powered CDIF variables description 



“Interlink”: Multilingual properties in Semantic Croissant: 
“energy”

Short Description

Energy is the capacity to do work or perform tasks. It is a fundamental concept 
in physics and is often measured in units such as joules or kilowatt‑hours. 
Energy can be transferred from one object to another, and can be transformed 
from one form to another. It is essential for powering machines, lighting 
homes, and powering transportation systems.

AI-generated concept description powered by CDIF and based on factual data (MCP)  



“Interlink”: AI “understands” CDIF variables cascade

CDIF reportsAI expert system is able to recreate documentation:

https://github.com/codata/cdi-xas/blob/ai/docs/CDIF_overview_missing.md


Asking questions with AI



Slava Tykhonov, CODATA
slava@codata.org

Listen Croissant song!
 

Demo - Dataverse MCP and CDIF
https://mcp.dataverse.org/

 

Questions

mailto:slava@codata.org
https://www.linkedin.com/feed/update/urn:li:activity:7420496992897961985/?originTrackingId=hfQtZCkO8YXLZ66ErISeyw%3D%3D
https://mcp.dataverse.org/

