AI4XY - Accelerate, Singapore, 16-19 June 2026

EMOS: The Unified Al Platform for Electronic Materials Discovery

Atish Dixit“! Alexandros Keros' Ben D. Rowlinson “! Shashank Mishra “! Jacqui Cole 2
Subramanian Ramamoorthy 3> Themis Prodromakis *
YAPRIL AI Hub, University of Edinburgh, Edinburgh EH9 3BF, UK %Cavendish Laboratory, Department of Physics,
University of Cambridge, Cambridge CB3 OHE, UK 3 Institute of Perception, Action and Behaviour, School of Informatics,
University of Edinburgh, Edinburgh EH8 9AB, UK *Centre for Electronic Frontiers, School of Engineering, University of
Edinburgh, Edinburgh EH9 3BE, UK. Correspondence to: Atish Dixit adixit@ed.ac.uk.

1. Introduction

Al-based materials discovery is gaining significant
traction in electronic materials research, driven by
three main families of computational tools: i) curated
databases (e.g., Materials Project [1], The Alexandria
Library [2], MatHub-2d [3]) provide structural and
property data, ii) generative models (e.g., Mattergen
[4], iMatGen [5], CDVAE [6]) propose novel material
candidates, and iii) property predictors (e.g., Matter-
Sim [7], Orb [8], MACE [9], ALIGNN [10]) guide screen-
ing and assessment. Designing electronic devices
requires integrating multiple computational models
to satisfy multi-objective targets including metallicity,
band gap, thermal conductivity, and carrier mobil-
ity. EMOS serves as a foundational platform for such
materials discovery and device design.

The current landscape remains fragmented:
databases differ in schema and coverage, models
target diverse descriptors and properties, and ma-
terials discovery workflows lack standard interfaces
across the pipeline. This forces researchers to de-
velop brittle glue code, leading to duplicated effort
and poor reproducibility. Consequently, two crit-
ical challenges persist: integrating heterogeneous
models and databases, and building customizable
pipelines tailored to electronic materials discovery
and device design.

Open platforms with clear governance structures
are needed to lower barriers to integration, standard-
ize metadata, and enable reuse. While prior initia-
tives have made progress in specific areas, Table 1
shows that no existing framework provides the com-
prehensive integration necessary for electronic ma-
terials workflows.

EMOS addresses this gap by unifying data, gener-
ators, and predictors into composable information
units within a consistent interface. Researchers can
assemble features, or custom workflows, for elec-
tronic device design without bespoke adapters. New
units and features can be contributed and reused,

Databases Predictors

MatterSim

Generators
MatterGen
MP iMatGen GNoME

MatGAN ALIGNN
‘ Back-end interface
s M

L T T B

Thermal
Conductivity
Benchmarking

Retrieve
Generate
Predict

Device
Synthesizability

LLM-based query system Front-end interface

Features for electronic
device design

Features for generic
materials discovery

Fig. 1: EMOS framework architecture with core ab-
stractions: information units, features, and their
interconnections

while shared logging and provenance support bench-
marking and reproducibility. By prioritizing inter-
operability and modularity, EMOS transforms frag-
mented assets into deployable, end-to-end AI work-
flows for electronic materials discovery.

2. EMOS Framework

EMOS is an open-source, forkable framework with
documentation and examples for onboarding, en-
abling feedback and refinement via issues and pull
requests, while an interactive web application pro-
vides access without local installation.

The framework is organized around three core ab-
stractions: information units, features, and their in-
terconnections (Figure 1). Information units encap-
sulate materials databases, generative models, and
property predictors behind standardized APIs, while
features compose these units into end-to-end work-
flows for electronic materials and device design. By
explicitly representing connections as a graph, EMOS

Table 1: Comprehensive integration in EMOS versus existing materials discovery platforms

Platform Database Generators  Predictors Benchmarking Device Design
Aggregation Aggregation Aggregation Capability Customization

JARVIS [11] v

OPTIMADE [12] v

MatBench [13] v

CHIPS-FF [14] v v

EMOS v v v v v
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enables generators and predictors to be interchanged
without reimplementing downstream components,
enabling systematic model comparison and compo-
nent reuse.

EMOS distinguishes contributor roles, deployment
phases, and the front-end/back-end split (Figure 2),
allowing the platform to evolve while maintaining
coherence and quality.

The front end (HTML, CSS, JavaScript) provides
a consistent interface, while the Python back end
exposes APIs for data access and orchestration, with
the web client hosted on GitHub Pages and compute
tasks delegated to Render.

Contributions remain lightweight: developers in-
troduce new units or features via Python APIs with-
out coupling backend to frontend. Admin review
provides quality control, while community feedback
guides alignment with shared standards, supporting
sustained, community-driven development of EMOS.

3. Result: an Application Scenario

Figure 3 illustrates an application of EMOS frame-
work for MOSFET device design, demonstrating fea-
ture assembly into complete pipelines. The workflow
chains database resources through generative models
and predictors with domain-specific filters, progres-
sively refining candidates according to MOSFET spec-
ifications, demonstrating how EMOS enables tailored
pipelines for specific device classes and performance
targets.
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Fig. 3: An application scenario of Al-based materials
discovery for MOSFET device design

Code Availability
The source code is available at
https://github.com/aprilaihub/EMOS. An

interactive web interface is publicly accessi-

ble at https://aprilaihub.github.io/EMOS/
and through the APRIL website
(https://www.april.ac.uk/, under Research

— EMOS App).
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