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Water, and liquids in general, 
represent an especially tough class 
of physics problems, as the 
constantly changing boundary 
conditions at the liquid-gas interface 
result in a complex space of 
surface motions and config-
urations. Even an initially very small 
difference can lead to large 
differences in surface position, as 
shown on the right.

Our idea is to accelerate the 
simulation by interpolating between 
well chosen key points (i.e. 
simulations). The simulations are 
represented as 4D grids containing 
the liquid simulation over space and 
time in the form of an SDF. For the 
interpolation we need a multi-
dimensional interpolation technique 
that takes the strong non-linearity of 
liquids into account.

A simple linear interpolation leads to 
ghosting artifacts as it doesn’t take 
into account the spatio-temporal 
behavior. The effect is visible in the 
right images (bottom). We therefore 
use a deformation based approach. 
Deformations are calculated via 5D 
optical flow. Even though the 
deformation can only represent a 
linear behavior, it provides a good 
baseline which we can further refine.

For the pre-computed deformations 
we have the problem that the 
deformations are calculated for a full 
step. Also, the multi-dimensional 
deformations aren’t independent from 
one another. If we apply only a partial 
deformation, i.e. an interpolation, we 
get an error and each subsequent 
deformation will lead to an 
accumulation of deformation errors. 
The solution is an additional forward 
advection step.

To calculate and represent the deformations efficiently, we take a two-
stage approach: First, we span the sides of the original parameter region 
with pre- computed deformations, and infer a suitable weighting function. 
In a second step, we synthesize a dense deformation field for refinement. 
Both the parameter weighting problem and the deformation synthesis are 
highly non-linear problems, therefor neural networks are a particularly 
suitable solver to robustly find solutions. 
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Discrete loss function used to train the networks:

Gradient of loss function according to the deformation parameter:

Gradient of loss function according to a correction deformation:

Ablation study: We evaluated the average loss for a test data set for four 
different data sets. Left: numeric values, again as a graph (center), and a 
graph of the loss values normalized w.r.t. initial surface loss (right). Our 
method achieves very significant and consistent reductions across the 
very different data sets.

We propose a novel approach for deformation-aware neural networks 
that learn the weighting and synthesis of dense volumetric deformation 
fields. Liquids exhibit highly complex, non-linear behavior under changing 
simulation conditions such as different initial conditions. Our method 
allows us to approximate the behavior efficiently.


Our contributions are:

• A novel deformation-aware neural network approach

• Loss gradient approx. for parameter and deformation inference 

• Mobile device implementation that generates liquid simulations 

interactively


