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Abstract
Sustained ocean observing networks face growing challenges: evolving scientific requirements, logistical and budgetary constraints, and the imperative to reduce carbon footprint. Quantitative tools for assessing the information content of existing platforms and guiding network evolution remain scarce. Classical OSSE and adjoint-based approaches, while powerful, are often tied to specific data assimilation systems and may not scale to heterogeneous, multi-platform networks.

[bookmark: _GoBack]We present NAIADE (Network Assessment by Information-theoretic AI Design and Evaluation), a modular Python/PyTorch framework that complements traditional OSSE evaluation with AI-based methodologies for observation impact assessment and network design optimization. Operating on a synthetic nature run of sea surface temperature and salinity, the framework is built around two diagnostic components and one optimization layer. The first diagnostic component is an observability autoencoder (ConvLSTM/ViT with stochastic observation masks) that reconstructs full ocean fields from sparse observations; reconstruction error quantifies each sensor’s marginal contribution via leave-one-out analysis and approximate Shapley values. The second uses Graph Neural Networks (GAT, GraphSAGE) to model the network as a spatial graph, where attention weights reveal inter-station redundancy and inductive inference evaluates hypothetical new platforms without retraining.

Building on these diagnostics, a Reinforcement Learning optimization layer (PPO) formulates network evolution as a sequential decision process. The RL agent uses latent representations and scoring metrics from both components as state encoding and reward signal. It learns to add, remove or relocate sensors to maximize information gain under multi-objective constraints on cost and carbon footprint, yielding Pareto-optimal configurations. This hierarchical design diagnoses and optimize makes the RL stage sample-efficient and interpretable, since every action trace back to observability scores and graph-level redundancy analysis.

We illustrate the framework on representative scenarios including moored arrays, ship-of-opportunity lines and mobile platforms, and discuss how NAIADE interfaces with traditional OSE/OSSE workflows as a computationally efficient, platform-agnostic evaluation and design tool. The open-source code is available at https://github.com/Jvient/NAIADE.
