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Abstract. Machine-learned interatomic potentials (MLIPs) are rapidly changing the operating
regime of computational chemistry by narrowing the traditional gap between first-principles ac-
curacy and large-scale atomistic simulation. UMA-ASE was developed to make this transition
operational through a reproducible, FAIR-aware environment that couples the Universal Model for
Atoms (UMA) with the Atomic Simulation Environment (ASE) and exposes the resulting work-
flows through both a command-line interface and a browser-based application. The platform
combines structure intake and generation from SMILES, job submission, GeoOpt and TS search,
molecular dynamics, vibrational analysis, visualization, post-processing, queue management, and
integration with ioChem-BD. In this manuscript we position UMA-ASE within the current MLIP
landscape and define the design goals of the new software. We emphasize reproducibility artifacts
such as structured logs, machine-readable .use recipes, result bundles, and repository-oriented
interoperability. We conclude that FAIR-aware scientific tools and user-friendly interfaces are
becoming essential complements to modern ML methods, and that LLM-assisted software de-
velopment is likely to accelerate this trend further.
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1 Introduction

Computational chemistry is undergoing a visible methodological transition, but this transition is best
understood historically. In the early 1990s, broadly applicable classical approximations such as QEq
and UFF provided fast, periodic-table-spanning estimates useful for prescreening and initial structure



refinement.[1, 2] Through the 1990s and 2000s, domain-optimized empirical force fields such as AMBER,
CHARMM, and OPLS became central to large-scale molecular simulation because of their efficiency, while
reactive force fields such as ReaxFF expanded the accessible chemistry to bond-making and bond-breaking
processes at the cost of substantial system-specific parametrization effort.[3-6]

The MLIP era began with high-dimensional neural-network potentials based on atom-centered symmetry
functions, which showed that near first-principles accuracy could be learned from reference data while
preserving molecular-dynamics usability.[7] During the late 2010s and early 2020s, broader reviews and
catalysis-focused informatics studies consolidated this shift and framed machine learning as a practical
layer inside computational chemistry rather than an isolated method.[8-11]

The current phase is characterized by rapid model scaling and architectural specialization. NequlP es-
tablished the practical impact of E(3)-equivariant graph neural networks; PFP/Matlantis demonstrated
production-oriented, broad-coverage deployment; MACE and CHGNet expanded accuracy, scaling behav-
ior, and charge-aware applicability; AIMNet2 broadened transferable coverage for neutral and charged or-
ganic chemistry; SO3LR pushed pretrained biomolecular simulations toward larger, physically augmented
regimes; and Orb-v3 made the performance—speed—memory trade space explicit for increasingly universal
atomistic models.[12-18] In parallel, UMA through FAIR-Chem positioned universal pretrained check-
points as reusable infrastructure across molecules, materials, and catalysis, while lightweight semiempir-
ical interfaces such as TBLite reinforced practical interoperability with xTB-style workflows.[19-24]

Recent evidence now includes both capability and caution: broad catalyst-screening benchmarks suggest
useful ranking performance for UMA, while large cross-domain stress tests continue to map where MLIPs
remain fragile, especially in highly fluxional or near-degenerate regions of chemical space.[25-28] At the
same time, perspective work in computational catalysis increasingly describes ML potentials, generative
Al, reinforcement learning, and LLM-driven workflows as converging components of a single reactivity-
discovery stack, with data quality and mechanistic interpretability as persistent bottlenecks.[29]

At the same time, the rapid growth of MLIP capability has exposed a second bottleneck. In real scientific
work, useful simulation is not only about predicting one energy or one force. Users need to move structures
across file formats, preserve metadata such as charge, spin multiplicity, and periodic cell information,
launch and monitor jobs, inspect trajectories and vibrational modes, perform first-pass analyses, package
outputs, and retain enough provenance for the calculation to be interpretable and reproducible after the
fact. ASE remains central here because it provides a flexible Python framework for atomic structures,
optimizers, dynamics engines, and file /O that can anchor these workflows in a reusable scientific software
layer.[30]

The data-management side is equally important. ioChem-BD demonstrated early on that computational
chemistry increasingly requires repository-oriented infrastructure for structured results, especially when
CML-based records are expected to remain reusable rather than frozen as isolated text outputs.[31] The
broader argument that computational results databases can accelerate scientific discovery, for example in
catalysis, further reinforces the need to couple simulation tools with exchangeable and queryable scientific
records.[32] These concerns align directly with the FAIR data principles introduced by Wilkinson et al.,
which stress that scientific outputs should be findable, accessible, interoperable, and reusable.[33]

Beyond repository archiving, related ecosystem work also uses structured quantum-chemistry data and
workflows to enable Al-assisted simulation setup and execution. Recent examples include LLM pipelines
for generating ORCA input decks and autonomous multi-agent systems in the El Agente Quntur fam-



ily (e.g., El Agente Q) that plan, run, and debug quantum-chemistry tasks from natural-language
prompts.[34, 35]

UMA-ASE was developed in response to this combined methodological and infrastructural shift. The
project couples UMA-based calculations to ASE workflows and exposes them through both a scriptable
command-line interface and a browser-based user interface. The goal is not simply to wrap a modern
MLIP in a web front end, but to provide a coherent environment in which ease of use, workflow continuity,
and reproducibility are treated as first-class design requirements. In the following sections, we describe
the design goals of UMA-ASE, discuss the role of each main webapp tab, and examine how the software
approaches reproducibility and FAIR-aware practice.

2 Design Goals of UMA-ASE

UMA-ASE was designed around four main objectives.

1. Lower the barrier to MLIP-based simulation. A user should be able to import a structure, inspect
or edit it, select a task, and launch a calculation without manually stitching together multiple scripts,
viewers, and file converters.

2. Preserve scriptability. The browser interface should orchestrate the same scientific workflows that
remain available from the command line, so that interactive and automated usage remain consistent.

3. Capture provenance automatically. Logs, timestamps, run metadata, result bundles, and .use
recipe files should be created as part of normal execution rather than being left to manual record
keeping.

4. Connect simulation to FAIR-aware data practice. Structured repository records should be usable
as inputs, and calculation outputs should be easy to package, share, and replay.

These goals shape the software architecture directly. ASE provides the structure handling, optimizers,
dynamics engines, and file 1/0.[30] UMA, through FAIR-Chem, provides the MLIP-backed calculator
and checkpoint ecosystem.[19] The UMA-ASE CLI implements the actual scientific workflows for static
calculations, geometry optimization, vibrational analysis, transition-state search, and molecular dynamics,
while the web interface adds orchestration, persistent job management, and visualization. This keeps the
browser layer from becoming a separate, hard-to-audit execution path.

3 Capabilities of the Web Application

The UMA-ASE web interface is organized around seven main tabs: Load/Edit, Calculate, Visualize,
Analyze, My Jobs, ioChem-BD, and About. The partition is deliberately workflow-oriented: the
interface follows the sequence of actions that users perform in practice rather than mirroring backend
modules.



Table 1: Main tabs in the UMA-ASE web application and their primary roles.

Tab Primary role Representative capabilities
Load/Edit Structure intake Import from local files, ioChem-BD, PubChem, PDBe, and
and preparation SMILES/InChl; inspect 2D and 3D representations; edit
atoms; generate conformers.
Calculate Job setup and Single jobs, multi-job submission, molecular dynamics,
execution checkpoint/task selection, streaming logs, and result
bundling.
Visualize Inspection of results JSmol-based visualization of structures, trajectories, live MD
capture, and vibrational modes.
Analyze Post-processing RMSD reports, XYZ pair analysis, and simple geometry
analysis with downloadable reports.
My Jobs Queue and history Persistent queue, per-job actions,
management restart/kill /download /delete operations, and automatic
log/visualization loading.
ioChem-BD  Repository Browse personal and shared trees, select destinations, and
interoperability integrate with structured external records.
About Embedded In-app README rendering, dynamic section navigation, and

documentation

license access.

3.1 Load/Edit

The Load/Edit tab is the intake layer for atomic systems. It accepts local geometries such as .xyz,
.pdb, .mol, and .cif; ioChem-BD handles and full URLs; PubChem names or CIDs; PDBe entry
identifiers; and SMILES/InChl strings through RDKit-based structure generation. This breadth matters
because real computational projects often begin from heterogeneous sources rather than from a single
standardized format.

The tab centralizes structural metadata in a way that is immediately useful for downstream execution.
Charge, multiplicity, atom count, formula, 2D sketch, IUPAC name, and conformer state are exposed in
the Atomic System Details card whenever those properties are available or can be inferred. This creates
a direct bridge between chemical interpretation and calculation setup. Users do not need to remember
whether multiplicity was encoded in a CML scalar, a comment line, or a separate metadata field: the tab
resolves that information into the fields needed by the calculation layer.

The tab also handles format-sensitive logic. Non-periodic CML records are preserved as CML for direct
visualization, whereas periodic CML records are converted to CIF before being loaded into JSmol so that
the unit cell is retained in the viewer. The same structure is then translated into an ASE-compatible
representation for execution: static jobs use XYZ, while periodic molecular dynamics uses CIF. In practice
this hides file-format friction without hiding scientific metadata.

Two further capabilities make Load/Edit more than a file loader. First, conformer generation and
navigation are integrated directly into the input workflow. Users can generate conformers from SMILES
or from the currently loaded structure, browse isomer/conformer collections, and inspect UFF energies
when they are available. Second, atom-level editing is possible directly in the browser through JSmol

selection plus undo/redo support. These operations are valuable for exploratory model-building before



launching a new MLIP calculation.

Figure 1: Mosaic view of some Load/Edit panel examples, highlighting structure intake, metadata
inspection, [UPAC name generation, 2D image, conformer handling, and lightweight atom editing in a
single preparatory workspace.

3.2 Calculate

The Calculate tab is the main execution hub. It combines three operational modes: Single Job, Multi
Jobs, and Molecular Dynamics. Across these modes, the interface keeps a shared representation of the
selected system, charge, multiplicity, the active method, the UMA checkpoint, and the UMA task. In
the current implementation, the user-facing method is MLIP-UMA, while the checkpoint identifies the
concrete model release used in the run.

Single-job mode covers the main atomistic workflows expected from a compact MLIP environment:
single-point energy evaluation, geometry optimization, vibrational analysis, and transition-state search.
These workflows are presented as a coherent task family sharing the same system metadata and calculator
settings. This improves usability and reduces the chance of inconsistent job setup.

Multi-job mode reflects how high-throughput work is actually performed in practice. UMA-ASE treats
each selected file as an independent queued job rather than as one opaque batch record. This makes
failures easier to isolate and preserves provenance on a per-system basis, while still allowing the results
to be downloaded as one bundle.

The molecular-dynamics submode extends the same design to ASE-based dynamics. Thermostat and
barostat controls, periodic cell parameters, and PBC activation are exposed through the interface while
remaining connected to the same structure metadata used elsewhere in the application. A live MD output
panel complements the persistent job system so that the calculation can be inspected during execution
as well as after completion.



(a) Static and multi-job setup (b) Molecular-dynamics setup

Figure 2: The Calculate tab unifies static calculations (sp, geoopt, fregs, TS), multi-job submission,
and molecular dynamics while reusing the same system and method metadata.

3.3 Visualize

The Visualize tab is the interpretation layer of UMA-ASE. It handles static structures, optimized
trajectories, live MD capture, completed MD runs, and vibrational-mode animation from packaged
*-FREQS-modes.zip archives. Separating this functionality from Calculate allows the application to
distinguish between execution state and inspection state, which becomes especially valuable when a
running or completed job updates visualization assets without clobbering the calculation log.

For vibrational analysis, the tab can load mode bundles together with the matching log and populate the
normal-mode selector for completed frequency or TS jobs. For molecular dynamics, the viewer preserves
periodic cell information for completed periodic runs and recenters playback to the frame center of mass,
which yields a more interpretable visual trajectory than a default origin-biased view. The same tab is
also used for tracking running jobs, but in that mode it updates only the visualization-relevant widgets
until the calculation finishes.

3.4 Analyze

The Analyze tab provides browser-triggered post-processing workflows that complement the calculation
layer. In the current implementation, three analyses are available: RMSD Report, XYZ Pair Analysis,
and Simple Geometry Analysis. These workflows deliberately remain inside the same application context
rather than forcing users into a separate scripting environment for routine structural interpretation.

RMSD Report focuses on geometric variation across a selected set of structures. XYZ Pair Analy-
sis extends this to pairwise metrics and derived visual summaries, including 3D scatter and charge-
aware views. Simple Geometry Analysis provides compact geometric summaries and histograms for one
geometry-centered dataset. A shared action bar and progress bar unify the interaction pattern across
these analyses, while downloadable artifacts preserve the results beyond the browser session.



(a) Structure and trajectory view (b) Vibrational and trajectory inspection

Figure 3: The Visualize tab provides result-aware inspection for structures, trajectories, live MD capture,
and vibrational modes.

[——

(a) RMSD and pairwise workflows (b) Geometry distributions and reports

Figure 4: The Analyze tab embeds routine post-processing workflows directly inside the same environ-
ment used for job submission and visualization.



3.5 My Jobs

The My Jobs tab is the persistent queue and history interface. It records queued, running, completed,
and interrupted jobs together with submission times, elapsed runtime, retention indicators, and storage
usage. It also provides per-job actions such as view, rename, restart MD, kill, download, and delete, as
well as bulk download and bulk delete.

Scientifically, the most important feature of this tab is its result-aware loading behavior. Single-point
jobs restore the log in Calculate; frequency jobs restore the log and the normal-mode data; geometry
optimizations and TS jobs restore the log and optimized trajectories; and MD jobs restore the log while
opening the completed trajectory in Visualize. Running jobs are opened differently: they switch to
a visualization-oriented tracking mode and update only the relevant panels until they complete. This
behavior preserves context rather than forcing every job type into one generic reload pattern.

The tab also reflects the fact that UMA-ASE is not designed as a transient browser front end. Queue
state is persisted across server restarts, which means the job list functions as a lightweight scientific
workbench history rather than as a disposable cache.
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Figure 5: The My Jobs tab provides persistent queue management, result-aware reloading, and per-job
operational controls.



3.6 ioChem-BD

The ioChem-BD tab is the most explicit expression of UMA-ASE's FAIR-oriented design. ioChem-BD
is a platform for managing, storing, and publishing computational chemistry results in structured form,
with Chemical Markup Language (CML) playing a central role in data transformation and downstream
reporting.[31] The repository perspective was later argued to be important not only for data storage, but
also for accelerating discovery through more reusable computational records.[32]

Within UMA-ASE, this tab provides a route between structured external records and executable new
calculations. Users can log in, browse personal and shared trees, filter the active tree, select destination
paths, and use handle-based records as inputs in new simulations. The scientific value is twofold. First,
it reduces the cost of moving from archived data to new MLIP-based exploration: charge, multiplicity,
and periodic information can be inherited from the source record rather than manually reconstructed.
Second, it embeds UMA-ASE inside a broader open-data workflow in which calculations are not isolated
local artifacts but potential contributions to shared, machine-readable knowledge.

Figure 6: The ioChem-BD tab connects UMA-ASE to structured repository workflows for browsing,
importing, exporting, and organizing computational records.

3.7 About

The About tab displays project documentation within the application itself. Although it is not a simu-
lation tab in the narrow sense, it supports reproducibility in a practical way: users can inspect interface
behavior, option meaning, and output structure without leaving the environment in which calculations
are launched and interpreted. In the current README-based layout, no dedicated standalone screenshot
is needed because the tab simply renders the embedded project documentation and license overlay.

4 REST-API Options and Endpoint Families

Beyond the graphical workflow, UMA-ASE exposes a broad REST API layer used by the web client and by
potential external integrations. Most scientific routes are namespaced under /api/uma-ase/. .., with
JSON request/response payloads for control operations and dedicated binary/file routes for downloadable



artifacts. In practice, the API surface follows the same workflow partition as the interface: setup and
diagnostics, structure intake, workflow execution, analysis, and job lifecycle management.

Table 2: High-level summary of REST-API option families in UMA-ASE.

Family Representative Representative endpoints and role

methods
System and di- GET /api/uma-ase/readme, /api/uma-ase/config,
agnostics /api/uma-ase/chem/status, and

/api/uma-ase/chem/diagnostics expose runtime meta-
data and dependency status used for health and configuration

checks.
Input resolution POST/GET Routes such as /api/uma-ase/chem/resolve,
and import /api/uma-ase/pubchem/fetch, /api/uma-ase/pdbe/fetch,

and /api/uma-ase/iochem/* normalize external identifiers
and import structures/CML records into executable workflows.

Workflow execu- POST /api/uma-ase/run and /api/uma-ase/md/run submit asyn-

tion chronous single-point, optimization, transition-state, frequency,
and MD calculations with user-selected checkpoints and task set-
tings.

Analysis work- POST/GET /api/uma-ase/analyze, /api/uma-ase/analyze/driver,

flows and /api/uma-ase/analyze/simple-geometry generate

post-processing artifacts, while tokenized download routes
expose generated reports.
Job lifecycle and GET/POST /api/uma-ase/jobs, /api/uma-ase/job/<job_id>,  can-
downloads cel/delete/rename actions, and file endpoints (log, trajectory,
optimized structure, frequencies, bundle, .use) provide queue
control and reproducibility artifact retrieval.
Chemistry POST Helper routes (e.g., conformer generation, preview, and
helpers structure-details endpoints) support fast pre-run validation and
molecular metadata extraction directly from API clients.

This REST layer is important for reproducibility and interoperability because every browser action can
be mapped to explicit, scriptable HTTP calls. As a result, advanced users can automate parts of the
pipeline programmatically while preserving consistency with the same backend execution path used by
the interactive interface.

5 Reproducibility, Open Data, and FAIR-Aware Practice

UMA-ASE gives reproducibility a more explicit role than is common in lightweight simulation front ends.
Each run emits a structured log with timestamps, phase separators, metadata blocks, timing information,
and output paths. These logs are intended to remain readable by humans, but they are also sufficiently
systematic to function as audit trails of what happened during execution.

In parallel, each job produces a machine-readable .use file that records the parameters needed to repro-
duce the run. This includes the geometry payload, the job kind, the run sequence, the checkpoint, the
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task, and the run-specific settings required for static calculations, transition-state search, or molecular
dynamics. The .use file is especially important because it provides a bridge between the web interface
and the CLI: a job prepared graphically can later be replayed in a scriptable context.

Result bundling adds a third layer to this reproducibility stack. Geometry files, trajectories, normal-mode
archives, and auxiliary outputs are grouped by workflow outcome and can be downloaded together. This
is convenient for ordinary use, but it also matters for scientific record keeping because it discourages the
fragmentation of one calculation into many disconnected files with unclear provenance.

Table 3: Primary reproducibility artifacts generated by UMA-ASE.

Artifact Purpose

.1log file Human-readable run record with timestamps, metadata blocks, setup timings, en-
ergies, structural summaries, and output paths.
.use recipe Machine-readable description of the job inputs and parameters required to replay

the calculation.
Result bundle  Collection of geometry, trajectory, vibrational, and auxiliary files grouped by work-
flow outcome for transfer or archiving.
Queue meta- Persistent record of job identity, status, timestamps, storage usage, and retention
data state.
ioChem-linked Handle- or URL-based import of structured records, preserving important metadata
input from the source record.

These choices align naturally with FAIR data stewardship.[33] A result is more reusable when its inputs
and parameters can be reconstructed; it is more interoperable when its metadata are structured and
exchangeable; and it is more findable and accessible when it can be linked to a repository-oriented
workflow. i0Chem-BD integration extends this logic from local reproducibility to open-data practice
by connecting newly launched simulations with structured external records and repository-compatible
outputs.[31, 32]

From this perspective, UMA-ASE should not be seen only as a convenience layer on top of UMA and
ASE. It is also an experiment in how MLIP-based simulation environments can operationalize FAIR-aware
behavior without forcing users into a heavyweight laboratory information-management system. The
software remains lightweight, but it treats provenance and exchange as part of the scientific workflow.

6 Conclusions and Outlook

UMA-ASE was developed to make modern MLIP workflows usable in a form that fits the practical
rhythm of computational chemistry. Its contribution is not merely to expose a pretrained model through
a graphical front end, but to organize the surrounding scientific tasks that determine whether an MLIP
is truly useful in practice: structure intake, metadata handling, execution, visualization, post-processing,
job persistence, and repository-oriented interoperability.

The current MLIP landscape makes this kind of environment increasingly relevant. Models such as MACE,
NequlP, CHGNet, Orb-v3, UMA, and PFP/Matlantis illustrate that atomistic simulation is moving toward
a regime in which broad-coverage learned potentials can be used productively across many systems and
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tasks. As these models continue to improve, the limiting factor for many users will increasingly be
workflow quality rather than raw model capability.

For that reason, FAIR-aware tools and user-friendly scientific interfaces should be viewed as enabling
infrastructure rather than as secondary embellishments. Reproducibility artifacts such as logs, machine-
readable recipes, and repository-compatible bundles are not optional extras in fast ML workflows; they
are what make those workflows scientifically inspectable and reusable. The same argument applies to
structured interoperability with platforms such as ioChem-BD, which helps connect local simulation work
to broader open-data practice.

Over roughly the past four decades, the way computational chemists interact with computing infras-
tructure has changed profoundly: from punched-card and command-only workflows on non-graphical
terminals to touch-first interfaces and immersive 3D environments, increasingly connected in a near-
transparent way to HPC centers and cloud backends.[36] At the same time, theoretical chemistry meth-
ods continue to co-evolve with advances in computing hardware and software ecosystems.[11, 37-39]
Just as density-functional theory once transformed routine atomistic modeling at scale, modern machine-
learned methods are now driving a new methodological inflection point.[8, 40] In that context, UMA-ASE
illustrates a practical feedback loop in contemporary research: Al-assisted coding agents can accelerate
development of new ML-enabled tools, and those tools can in turn accelerate scientific discovery under
expert researchers supervision.

Finally, the pace at which such environments can now be built and refined is itself changing. ML methods
are expanding what is computationally feasible, while LLM-assisted software development is reducing the
friction of implementing, iterating, and documenting complex scientific interfaces. That combination is
accelerating the emergence of a new class of chemistry software: tools that are simultaneously model-
aware, workflow-aware, and FAIR-aware. UMA-ASE is a concrete example of that direction.
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