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Physical Systems in Nature
Lotka-VolterraSimple Pendulum

An environment corresponds to an underlying physical parameter value.



The Generalization Problem

Yin et al., “LEADS: Learning Dynamical Systems That Generalize Across Environments”, NeurIPS 2021

One For All (OFA) One Per Env (OPE) • Multi-Task Learning
• Meta-Learning*

Desiderata:
• Few-shot adaptation to new environments
• Quick finetuning for new environments

Training

Adaptation (OoD)

Limitation of existing methods:
• Leveraging information from related environments
• Complex optimization landscapes
• Parameter inefficiency
• Lack of interpretability and uncertainty estimation



Our Solution - NCF
2. Perform a Taylor expansion about neighboring 𝝃1. Introduce learnable context vectors 𝝃

Why do a Taylor expansion?
• The vector field is typically differentiable w.r.t. to its physical 

parameters
• Forces contexts to cluster by contextual-self modulation
• Candidate trajectories can be used for uncertainty estimation
• Easy to compute JVPs, including for Taylor orders 𝑘 > 1

3-networks architecture

Blanke & Lelarge., “Interpretable Meta-Learning of Physical Systems”, ICLR 2024



Optimization procedure
During meta-training: 

• the shared weights 𝜃, and 
• the contexts 𝜉! !"#,…,& 

are optimized in an alternating manner

NCF 
Variant

Taylor 
Order

Alternating 
Minimization

Strategy

NCF-𝑡! 𝑘 = 1 Ordinary

NCF-𝑡" 𝑘 = 2 Proximal

During adaptation:
• Only the new context vector is 

fine-tuned
• Taylor expansion is disabled
• Can be performed in bulk !

Li et al., “Alternating Minimizations Converge to Second-Order Optimal Solutions”, ICML 2019



Extrapolation

Few-Shot Learning Results

Lotka-Volterra (LV)

Ground Truth

CAVIA

CoDA

NCF  (Ours)

Navier-Stokes (NS)

Interpolation



Analyzing the Landscapes

Grid-Wise Adaptation Loss Landscape



Interpretability of Context Vectors

Affine system identification with NCF is robust to noise.

Parameters of affine systems are recoverable up to an affine transform.



Uncertainty Estimation
Standard deviation across candidate trajectories grows with time !



Neural Context Flow in a Nutshell
We propose a powerful framework for meta-learning dynamical systems:

1. Achieves SoTA results on common datasets
2. Parallelizable and scalable
3. Interpretable and robust to noise
4. Provides uncertainty estimation

https://github.com/ddrous/gen-dynamics
To improve reproducibility, we propose Gen-Dynamics 



Thank You !
Paper: arxiv.org/abs/2405.02154 

Code:
• JAX : github.com/ddrous/ncflow 
• PyTorch : github.com/ddrous/ncflow-torch 
• Gen-Dynamics: github.com/ddrous/gen-dynamics 

Contact: rd.nzoyemngueguin@bristol.ac.uk

https://arxiv.org/abs/2405.02154
https://github.com/ddrous/ncflow
https://github.com/ddrous/ncflow-torch
https://github.com/ddrous/gen-dynamics

