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1 Profile of the Team Leader(s) & Expected Team Composi-
tion

The project is co-led by researchers with complementary expertise in machine learning, scientific
computing, and applied physics. The leadership combines experience in deep learning (PyTorch),
simulation-based modeling, and data-driven approaches to physical systems.

We aim to recruit a multidisciplinary team of 4–6 participants with backgrounds spanning AI,
physics, and software engineering. Target profiles include:

• Machine Learning / AI: neural networks, PyTorch, evaluation protocols

• Physics / Applied Mathematics / Aerospace: dynamical systems, orbital mechanics

• Software / Data / Simulation Engineering: Python, numerical simulation, data pipelines

Participants are expected to collaborate across domains rather than in isolated roles, enabling
tight integration between physics-based modeling and learning-based components. The team
structure emphasizes overlapping responsibilities, rapid iteration, and shared ownership of deliv-
erables.

The project is designed to balance methodological rigor and practical implementation. This com-
position supports efficient prototyping within the 2-week timeframe while ensuring scientific qual-
ity and reproducibility, and encourages collaboration across institutions and disciplines.

2 Abstract

Can we learn missing physical laws while keeping models interpretable and auditable?

This project investigates Kolmogorov–Arnold Networks (KANs) for modeling orbital dynamics
under perturbations, with a dual objective: achieving high predictive accuracy while enabling
interpretable and auditable models.

While Newtonian gravity models accurately describes ideal two-body motion, real-world satellite
trajectories are influenced by perturbations such as atmospheric drag, Earth’s oblateness (J2), so-
lar radiation pressure, and third-body effects [1–3]. These phenomena are typically approximated
through simplified models that may fail to capture nonlinear interactions across regimes.

We develop a hybrid framework combining analytical physics with a data-driven KAN component
that learns residual perturbation forces from simulated trajectories. Unlike standard neural
networks, KANs provide a functional decomposition enabling direct inspection of relationships
between physical variables (e.g., altitude, velocity) and perturbations [4–8].

The project delivers: (i) a hybrid orbital propagator, (ii) controlled comparisons with baseline
models (MLPs and operator-learning approaches such as DeepONet [9] ), and (iii) an analysis of
interpretability and auditability of learned components.

A central contribution is the evaluation of interpretability and auditability of learned
physical models, including alignment with known laws, identification of failure modes, and
definition of trust criteria. This contributes to scientific machine learning [10, 11] and addresses
broader questions at the interface of society and intelligent models regarding transparency and
validation of AI-driven scientific methods.
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3 Background Information & Problem Statement

Orbital motion is classically described by Newtonian dynamics, where gravitational acceleration
is given by:

a = −µ
ṙ
|r|3

(1)

with µ = GM . While this formulation accurately models ideal two-body motion, real trajectories
are affected by perturbations such as atmospheric drag, Earth’s oblateness (J2), solar radiation
pressure, and third-body interactions [1–3]. These effects are often approximated analytically,
limiting their ability to capture nonlinear and regime-dependent behaviors.

Scientific machine learning seeks to complement physical modeling with data-driven approaches.
Physics-informed neural networks (PINNs) [11] integrate differential equations into training, but
face limitations such as training instability and spectral bias [10]. Operator-learning methods
(e.g., DeepONet [9], Fourier Neural Operators [12] ) improve scalability but typically sacrifice
interpretability.

Kolmogorov–Arnold Networks (KANs) [10] provide an alternative representation by replacing
fixed activations with learnable univariate functions, enabling direct inspection of learned rela-
tionships. Recent works (e.g., KINNs, KAN-ODEs) show promising results in scientific modeling,
while highlighting challenges in stability and scalability [6, 7, 13–15].

This project addresses three key gaps: (i) accurate modeling of nonlinear perturbations, (ii)
interpretable representations of learned physical relationships, and (iii) transparent validation of
data-driven components.

Research question : Can Kolmogorov–Arnold Networks learn nonlinear perturbation forces
in orbital dynamics while remaining interpretable and physically consistent within a hybrid
framework?

We combine analytical dynamics with a learned residual model, and assess both predictive per-
formance and the interpretability and auditability of learned physical components,
contributing to trustworthy scientific AI. Importantly, the proposed approach is not limited to
orbital mechanics and can be transferred to other physical systems, enabling broader adoption
of auditable and trustworthy AI in scientific modeling.

4 Project Objectives & Concrete Implementation

We develop and evaluate a hybrid orbital dynamics model combining analytical physics with data-
driven learning using KANs. The approach prioritizes a minimal but fully functional pipeline,
with advanced components treated as optional extensions.

Objectives

• Develop a hybrid Newtonian–KAN modeling framework

• Learn key perturbations (e.g., drag, J2) from simulated data

• Perform controlled comparisons with MLP and operator-learning baselines

• Analyze interpretability and auditability of learned components

• Evaluate robustness and generalization across regimes
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Deliverables

• Hybrid orbital propagator

• Reproducible simulation and dataset pipeline

• Experimental framework (code, configs, scripts, checkpoints)

• Evaluation and interpretability report

• Lightweight audit framework for validating learned physical models

• Final report, presentation, and demonstrator

All outputs are designed as a reusable research and prototyping brick. If the quality of the
results warrants it, the outcomes will be consolidated into a scientific publication.

4.1 Implementation

Simulation & Dataset A synthetic pipeline generates trajectories across orbital regimes
(LEO–GEO) with perturbations. Data includes state variables and derived features, with targets
defined as total or residual acceleration. Splits enable generalization testing.

Models We implement:

• KAN (primary)

• MLP (baseline)

• simplified operator-learning model (optional)

Hybrid Model We explore two complementary strategies for modeling perturbations with
Kolmogorov–Arnold Networks (KANs), both based on a progressive increase in dynamical com-
plexity. Starting from ideal Newtonian trajectories (aN ), we incrementally introduce additional
perturbations (J2, drag, solar radiation pressure), generating increasingly realistic trajectories:
aN , aN,J2, aN,J2,D, aN,J2,D,S .

Approach 1 — Additive Residual Decomposition

In this approach, each physical effect is modeled explicitly through a dedicated KAN component
trained on residual dynamics. The method follows a sequential residual learning strategy:

1. Learn Newtonian dynamics: aN ≈ mN

2. Learn J2 residual: aN,J2 −mN ≈ mJ2

3. Learn drag residual: aN,J2,D −mN −mJ2 ≈ mD

4. Learn solar radiation residual: aN,J2,D,S −mN −mJ2 −mD ≈ mS

This yields an additive hybrid model:

atotal = mN +mJ2 +mD +mS (2)

This formulation provides a direct correspondence between model components and physical ef-
fects, enabling fine-grained interpretability and auditability of each contribution.

Approach 2 — Incremental Model Enrichment
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Leveraging the flexible structure of KANs, this approach incrementally enriches a single model
by adding new functional components (neurons) as complexity increases. Instead of decomposing
effects explicitly, the model is progressively extended to capture additional dynamics:

1. Learn Newtonian dynamics: aN ≈ mN

2. Extend model with J2: aN,J2 ≈ mN,J2

3. Extend model with drag: aN,J2,D ≈ mN,J2,D

4. Extend model with solar radiation: aN,J2,D,S ≈ mN,J2,D,S

This yields a unified model:
atotal = mN,J2,D,S (3)

While less explicitly decomposed, this approach enables a more compact representation and
allows analysis of how learned functional components evolve as new physical effects are intro-
duced.

Comparison and Expected Outcomes

The two approaches reflect different trade-offs between modularity and compactness. The addi-
tive formulation is expected to favor interpretability and explicit attribution of physical effects,
while the incremental approach may provide improved efficiency and smoother integration of
dynamics.

Comparing these strategies provides a controlled setting to evaluate how KAN architectures
support interpretable and auditable modeling of physical systems, a central objective of
the project. This comparison also serves as an ablation-style study on the role of model structure
in interpretable scientific machine learning.

Evaluation

• metrics: MSE, MAE

• trajectory rollouts

• controlled comparisons and ablation-style evaluation

• generalization across regimes

Interpretability & Auditability

• visualization of learned functions

• analysis of physical relationships

• consistency checks with known laws

• identification of failure modes

• definition of trust criteria

Optional Extension If time permits, the proposed approach will be validated on publicly
available real-world orbital datasets. This includes data sources such as satellite ephemerides
accessible through public repositories (e.g., TLE-based datasets or NASA-provided data services).
This additional validation step aims to assess the transferability of the model from controlled
synthetic environments to real-world conditions.
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5 Do you plan to deliver, as an outcome of your project, a reusable
“brick” for the TRAIL Factory

Briefly describe what the brick would be and its intended users. The simulation
framework developed for orbital dynamics is inherently modular and can be readily adapted
to other physical systems governed by differential equations. The hybrid modeling approach—
combining analytical laws with data-driven residual learning—applies broadly to domains such
as fluid mechanics, heat transfer, and energy systems, where simplified physical models are often
complemented by empirical corrections. In fluid dynamics, for instance, KAN-based residual
models could learn turbulence closures or unmodeled flow interactions on top of Navier–Stokes
approximations. Similarly, in energy systems (e.g., thermal networks, heat exchangers), the
framework can capture complex nonlinear transfer phenomena that are difficult to model ana-
lytically. In both cases, the interpretability of KANs enables inspection of learned relationships,
supporting model validation and engineering insight. More generally, this approach provides a
pathway toward auditable and trustworthy AI for industrial physics-based modeling,
where transparency, reliability, and integration with existing simulation pipelines are critical for
adoption.

6 Project Dataset

The project relies on a fully synthetic dataset, ensuring immediate availability, full control, and
no legal constraints.

Generation Using astrodynamics libraries (e.g., poliastro), trajectories are simulated across:

• orbit types: circular, elliptical

• regimes: LEO, MEO, GEO

• perturbations: drag, J2 (with optional extensions)

Structure

• inputs: position, velocity, derived features

• targets: total or residual acceleration

Data splits support generalization evaluation.

Experimental Readiness

• fast generation cycles

• progressive complexity

• compatibility with PyTorch pipelines

Data Governance & Reproducibility

• fully documented generation process

• reproducible datasets from code

• dataset versioning

• explicit analysis of modeling assumptions and limitations

This contributes to a data auditability framework for scientific ML.
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Optional Validation Evaluation on public datasets (e.g., TLE-based) if time permits.

7 Detailed Work Plan

The project is structured into milestones with parallel work streams.

Milestone 1 — Setup, Simulation & Baselines (Days 1–3)

• setup environment and repository

• implement and validate simulation pipeline

• generate dataset

• train MLP baseline and initial KAN

Deliverables: dataset, pipeline, baseline results

Milestone 2 — Residual Learning & Hybrid Model (Days 3–7)

• compute perturbation residuals

• build both KANs architecture approaches

• integrate hybrid models

• initial trajectory validation

Deliverables: trained KAN, hybrid propagator

Milestone 3 — Evaluation & Interpretability (Days 7–9)

• quantitative evaluation

• generalization analysis

• interpretability analysis

• auditability assessment

Deliverables: evaluation results, interpretability outputs, audit protocol

Milestone 4 — Consolidation & Dissemination (Days 8–9)

• finalize codebase and documentation

• package reproducible pipeline

• prepare report and presentation

• build demonstrator

• optional real-data validation

Deliverables: reproducible repository, final report, demo
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Execution Strategy & Risk Mitigation

• synthetic data ensures feasibility

• progressive modeling reduces complexity risk

• parallel tasks accelerate development

• early baselines guarantee fallback results

Optional components are explicitly decoupled from the core pipeline to prevent scope overload.
The workflow is designed to support parallel work streams, enabling efficient pacing, rapid iter-
ation, and asynchronous collaboration across the team.

8 Does the project include multidisciplinarity between STEM &
SSH?

The project bridges Science/Technology and Social Sciences/Humanities by combining advanced
scientific machine learning methods with a structured focus on interpretability, auditability, and
trust in AI-:w driven modeling. On the technical side, it develops hybrid models that inte-
grate physical laws with data-driven learning (KANs), enabling accurate simulation of complex
dynamical systems. On the SSH side, it explicitly addresses how such models can be made trans-
parent, interpretable, and verifiable, which are key concerns in domains where decisions rely on
AI-assisted scientific outputs. This integration is operationalized through the development of an
auditability framework that evaluates whether learned components align with known physical
principles, remain stable across conditions, and avoid misleading patterns. By emphasizing val-
idation protocols, reproducibility, and interpretability, the project contributes to broader SSH
questions around trust, accountability, and the responsible use of AI in scientific and industrial
contexts, ensuring that advanced modeling techniques remain understandable and usable by
human experts.
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