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Developing Neural Surrogates for Complex Flow Physics

Suitable offer: Master Thesis/ Guided research / IDP / Semester thesis

Developing new machine learning architectures for complex multiphase flow physics (Refer
Figure 1) requires models that can represent interactions across sharp interfaces, evolving
topologies, and widely separated spatial and temporal scales. Unlike standard data-driven
approaches, these architectures should embed physical structure directly into the learning pro-
cess, such as conservation of mass and momentum, phase-specific transport laws, interfacial
tension effects, and closure relationships for unresolved phenomena. Promising directions in-
clude neural operators or transformer-based architectures for learning mappings between flow
fields under varying conditions, physics-informed losses for enforcing governing equations, and
hybrid models that combine high-fidelity simulations with experimental data. By integrating in-
ductive biases from fluid mechanics with scalable deep learning methods, these architectures
can improve prediction accuracy, generalize beyond training regimes, and provide faster surro-
gates for design, control, and uncertainty quantification in multiphase flow systems.

Milestones

+ Understanding limitations of current architectures to capture discontinuities.
+ Implementing and experimenting with the newly developed architecture.
« Benchmarking against state-of-the-art (SOTA) architectures.

Requirements

» Good understanding of SOTA/robust neural architectures: FNO (Li et al. 2020), SwinV2
transformer (Liu et al. 2021), Diffusion Transformers (Peebles & Xie 2023).

» Strong Python and Pytorch understanding.
+ Ability to understand and debug large repositories.
* Ability to work independently.

Contact

Harish Ramachandran harish.ramachandran@tum.de with the subject "Interested in contribut-
ing to the development of neural surrogates for complex flow physics”. Please also attach your
CV, current grade report, and link to Github (if worked on any open-source projects).
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Figure 1: Uniformly spaced time snapshots of Shock-induced Droplet Breakup in Air (SDBA) at
shock Mach number 2.0, with all droplets in the SIE regime (Weber greater than 1000) having
a surface tension coefficient ¢ = 0.0719, under North—South symmetric and East-West open
boundary conditions (SSOQO), showing the evolution of pressure, density, x-velocity, y-velocity,
volume fraction, and schlieren from ty = 0.0 us t0 tgpg = 215.5 us.



