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Introduction Results Results
Hamiltonian Neural Networks (HNNs) 
require positions q and momenta p, limiting 
their use when only positional data is 
available [1]. Because momentum and 
velocity are mathematically invertible, the 
HNN can be reformulated as a 
Velocity-Inferred Hamiltonian Neural 
Network (VI-HNN), which replaces the need 
for explicit momentum data with inferred 
velocity.

Methods
We evaluate the VI-HNN model on the 
spring–mass, pendulum, two-body, and 
three-body problems.

We define the HNN as a feedforward 
network [2], trained to satisfy Hamilton’s 
equations.
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Figure 1: Performance of Baseline and HNN models. 

(a) Models on the spring-mass system. The baseline drifts from ground 
truth and diverges in MSE, while HNN preserves energy- like 
quantities.

Figure 2: Comparison of baseline models and HNNs.

(b) Models on the pendulum system. HNN remains accurate and 
conserves energy-like quantities, unlike the diverging baseline.

Across all tested systems, VI-HNN maintains long-term trajectory 
stability and near-exact energy conservation while relying solely on 
position observations, demonstrating its effectiveness as a robust 
extension of Hamiltonian learning methods to scenarios where 
momentum data is unavailable.

(c) Two-body problem. HNN accurately follows ground truth and 
conserves total energy, unlike the baseline model.

(d) Three-body problem. HNN approximates conserved dynamics, 
outperforming the baseline.

Future Work

Extend VI-HNN to systems with partially known mass matrices or 
unknown geometries, investigate robustness under high noise, sparse 
sampling, and high-dimensional systems.


