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Abstract  

Reconstructing high-fidelity flow fields from sparse measurements remains a central challenge in applied sensing, 

monitoring, and real-time flow control. This work addresses the problem in a real-world-scale setting, focusing on 

highly advective, turbulent wind-farm flows observed through extremely sparse measurements consistent with 

practical sensing limitations. To span a representative range of reconstruction paradigms, we compare three 

complementary approaches: gappy proper orthogonal decomposition (GPOD), a linear reduced-order baseline with 

negligible computational overhead; the shallow recurrent decoder (SHRED), a state-of-the-art deep learning method 

for sparse flow reconstruction; and a proposed observation-guided generative framework (GGenAI). The methods 

are systematically evaluated on a fully developed wind-farm dataset across sensor densities ranging from 0.12% to 

6.65% of the spatial domain. The results reveal a clear performance hierarchy governed by sensing coverage and 

model expressivity. In the extremely sparse regime (<0.49% coverage), GPOD yields relatively low global 

reconstruction error; however, qualitative analysis indicates that this performance primarily reflects recovery of a 

mean-flow-dominated field rather than faithful instantaneous dynamics. In this same low-coverage regime, SHRED 

exhibits behavior similar to GPOD, producing largely time-averaged reconstructions. As sensor coverage increases 

to intermediate levels (around 0.49%), SHRED begins to recover meaningful coarse flow structures. However, even 

at this coverage, the reconstructions remain overly smooth and fail to capture instantaneous turbulent features. In 

contrast, GGenAI undergoes an earlier transition toward instantaneous-like reconstruction, and at higher sensor 

densities (beyond approximately 0.49% coverage) it consistently outperforms both baselines, achieving lower 

reconstruction errors and substantially higher perceptual fidelity while recovering multiscale wake structures 

characteristic of instantaneous flow dynamics. To further assess physical consistency, we introduce a POD-based 

reduced-order reference field representing the dominant energy-containing flow structures. GGenAI exhibits 

improved agreement with this reduced-order reference, emphasizing that reconstruction quality must be interpreted 

in relation to the spatial scales that can be reliably inferred from sparse measurements. Overall, the study demonstrates 

that observation-conditioned diffusion models can be extended to complex, advection-dominated turbulent flows, 

offering a promising pathway toward data-driven digital twins. 
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Abstract 

Floating offshore wind turbines exhibit strongly coupled aero-hydro-servo-elastic dynamics, where platform motion 

can introduce destabilizing effects such as negative damping. In contrast to bottom-fixed turbines, floating systems 

involve additional degrees of freedom and coupling mechanisms that fundamentally alter the system dynamics,  

making control design significantly more challenging. State-of-the-art control strategies for floating wind turbines are 

often based on baseline controllers  developed for  bottom-fixed systems.  Existing approaches include detuning, 

platform-motion feedback, and multivariable control laws. However, their effectiveness remains limited by model  

inaccuracies, operating-point dependence, and the increasing complexity of the coupled dynamics under realistic  

conditions [1].

In this work, we propose a hybrid model-based/model-free control framework based on the Reinforcement Twinning 

(RT) framework [2]. The approach combines a reduced-order, physics-based model acting as a digital twin with a  

learning-based control policy. The digital twin is used to support model-based control design and policy optimization, 

while the model-free component enables adaptation to complex dynamics. A referee mechanism is introduced to  

arbitrate between model-based and model-free control actions based on performance and consistency with the high-

fidelity environment. The framework is implemented using OpenFAST as a high-fidelity reference environment, 

acting as a ground-truth simulator against which the reduced-order digital twin and the control strategies are evaluated 

under realistic aero-hydro-elastic conditions. The proposed approach aims to address the limitations of purely model-

based or model-free strategies by leveraging their complementary strengths. Attention is given to model uncertainty, 

system coupling, and the role of reduced-order models in enabling efficient and robust control design for floating wind 

turbines.
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Abstract  

Wind tunnel testing is an essential element in the aerodynamic assessment of various technical systems as it offers 

high accuracy at moderate cost compared to full scale testing. However, wind tunnel measurements usually provide 

information for specific parts of the flow field and may not quantify all quantities of interest. Hence, data fusion 

methods can be used to fill these gaps using information from simulation data. These data fusion methods are usually 

applied as a post-processing step. In this work, we propose an infrastructure for online monitoring of distributed 

quantities and apply it to wind tunnel experiments with a full aircraft configuration under transonic, cryogenic 

conditions including aero-elastic effects and featuring various challenging aerodynamic conditions. We discuss how 

data-driven models, leveraging data fusion concepts, can be utilized for this purpose. Specifically, we demonstrate i) 

the online pressure and displacement field inference via Gappy POD, ii) the online prediction of aerodynamic loads 

using the inferred pressure field and iii) the online identification of contextual outliers via either a Bayesian technique 

or through variational autoencoders. The online monitoring aims at complementing the measurement data by 

providing a deeper insight into the flow field. The inferred distributed fields and scalar quantities are visualized and 

continuously updated via an automated Python interface, enabling immediate spatial interpretation of flow features 

and aero-elastic effects during testing. The visualization layer forms an integral part of the monitoring loop, providing 

near-real-time feedback to support experimental decision-making and rapid identification of anomalies. The 

presented framework achieves refresh rates, which are suitable for quasi-steady wind tunnel measurements and is 

capable of detecting outliers during wind-tunnel testing in near-real-time. 
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Abstract  

Unmanned Aerial Vehicles (UAVs) are increasingly employed in applications requiring high levels of autonomy and 

reliability. However, their operation often involves strongly nonlinear dynamics, actuator couplings, and 

environmental disturbances that challenge the design of robust control policies. Purely model-based strategies can 

suffer from modeling inaccuracies, while model-free learning approaches typically require large amounts of 

experimental data and may explore unsafe or inefficient regions of the control space. 

In this work, we propose a framework for Bayesian Reinforcement Twinning, a hybrid methodology that combines 

bidirectional links between digital twin modeling and model-free control. The approach leverages the digital twin, 

consider as low-fidelity, to guide the exploration of the model-free policy search, consider as high-fidelity, within a 

multi-fidelity Gaussian framework. This effectively constrains the learning process toward promising regions 

improving data efficiency while avoiding unsafe exploration. In contrast to standard multi-fidelity approaches, the 

proposed framework introduces a reciprocal interaction between the physical system and its digital counterpart. 

Specifically, observations collected from the real system are used to update the digital twin online. This bidirectional 

exchange enables continuous refinement of the digital twin across the policy search space, leading to progressively 

improved predictions and more informed exploration–exploitation trade-offs. A demonstration of the proposed 

approach is carried out on a dedicated test bench replicating the attitude dynamics of a UAV. This setup features two 

propellers mounted on the ends of a beam pivoting on a central fulcrum, targeting a set point in terms of attitude, using 

the motor torque as control actuation and relying only on measurements of motor rpm and attitude angle. 

Keywords: Reinforcement Twinning, Bayesian Optimization, Multi-Fidelity Gaussian Process, UAVs, hybrid control. 
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Abstract  

Neural surrogates have emerged as powerful reduced-order models for complex dynamical systems, delivering high 
accuracy and real-time performance. Expanding upon traditional surrogates, we define neural twins as models that 
ingest real-time measurements at inference time and are capable of reconstructing a high-dimensional state. How to 
effectively integrate such measurements into neural twins, however, remains an open challenge.  

In recent work [1], we identified a critical limitation in standard autoregressive implementations of complex, 
transient dynamics, which would predict a system state given past predictions as well as sparse real-world 
measurements. Such models tend to over-rely on the autoregressive state rather than the incoming measurements 
when using standard conditioning, as successive states are in many cases significantly correlated and measurements 
offer only sparse information. As errors accumulate over the rollout, the model struggles to remain close to the true 
system trajectory. An ideal neural twin should recognize autoregressive error accumulation and actively correct 
itself using real-world measurements.  

We propose an alternative approach, termed parallel-in-time neural twins (PAINT), which reconstructs the system 
state purely based on a temporal series of sparse measurements using a sliding window formulation. In the absence 
of autoregressive state propagation, this approach avoids error accumulation and exhibits a bounded error during 
inference. We tested this methodology on a challenging two-dimensional turbulent single jet of varying Reynolds 
number using a generative transformer-based neural network. Both theoretical analysis as well as empirical results 
demonstrate that this approach is able to stay close to the true trajectory over time and accurately recover system 
states from sparse measurements with high fidelity.  

Another viable approach leverages physics guidance within the framework of diffusion models. In this setting, a 
prior model is trained exclusively to learn the underlying dynamics, allowing it to be flexibly adapted to different 
measurements at test time. As the model is not exposed to any measurements during training, it avoids the 
aforementioned issue of over-relying on the autoregressive state. As we demonstrate, this allows classical 
autoregressive models to be utilized for general-purpose applications.  
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