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Motivation

Problem statement: Graphical models are structured probabilistic models that
encode conditional dependencies between random variables. Traditional inference
methods ”reason”over these random variables to infer latent variables in the graphical
model. In many cases, the generating process is only a poor approximation of the
much more complex true data generating process leading to poor inference estimations.
However the subtleties of the generative process are captured in the data itself and
we can “learn to infer”, i.e. learn a direct mapping from observations to explanatory
latent variables.
Contribution: In this work we propose a hybrid model that combines graphical in-
ference with a learned inverse model, which we structure as in a graph neural network.
By using cross-validation we can automatically balance the amount of work performed
by graphical inference versus learned inference. We apply our ideas to the Kalman
filter. And we show in a variety of experiments that our hybrid model outperforms
both graphical or learned inference when run in isolation.

Fig. 1: Examples of inferred 5K length trajectories for the Lorenz attractor ∆t = 0.01 trained on 5K length trajectory.

Background

In a Hidden Markov Process we usually want to infer a set of unobserved variables
x = {x1, . . . , xK} that define the state of a process given a set of observations
y = {y1, . . . yK}. The probabilistic graphical model is defined as follows:

p(x,y) = p(x0)

K∏
k=1

p(xk|xk−1)p(yk|xk) (1)

Fig. 2: Visual representation of a Hidden Markov Process

We want to infere x values such that x̂ = arg maxx p(x|y). One of the best known
algorithms for inference in this type of graphical models is the Kalman Filter.
The Kalman Filter assumes the transition p(xk|xk−1) and measurement p(yk|xk)
conditional distributions to be linear and gaussian:

Transition −→ xk = Fxk−1 + qk,Measurement −→ yk = Hxk + rk (2)

The prior knowledge of the dynamics is encoded in F,H, and the uncertainty is
modeled by a gaussian noise qk ∼ N (0,Q), rk ∼ N (0,R).
E.g. In a GPS system, y would be the GPS noisy readings, x the actual state of the
GPS, F the motion dynamics, and H the measurement function.

Method - Hybrid Inference

We cast our hybrid model as an iterative message passing algorithm that combines two types of
messages:
Graphical Model Messages (GM-messages): These messages are derived from the
generative graphical model (e.g. equations of motion from a physics model).
Graph Neural Network Messages (GNN-messages): These messages are learned by
a GNN in combination with the GM-messages

1 GM-messages

In order to define the GM-messages we interpret inference as an iterative optimization process
to estimate the maximum likelihood values of states x:

x(i+1) = x(i) + γ∇
x(i)log(p(x(i),y)) (3)

When computing the above mentioned operation on a Hidden Markov Model we can decompose
the gradient in three different terms:
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Where these three terms are the three GM-messages each xk node is receiving from its three
neighbors. Actually, assuming the linear and Gaussian condition from Kalman Filters, we can
analytically obtain these three messages:

2 Adding GNN-messages

We create an equivalent graph where the Graph Neural Network operates. The nodes of this
graph will be called hxk and hyk. In each edge operation, the GNN will also receive as input the
GM-message from its corresponding edge.
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Finally, the following equation defines the hybrid iterative process:

Experiments

We compare our Hybrid Model with its GNN-messages variant (i.e. a Recurrent -
GNN), its GM-messages variant and the Kalman Smoother algorithm.

Linear dynamics: We generate synthetic trajectories T = {x,y}. Each state
xk ∈ R6 is a 6-dimensional vector that encodes position, velocity and acceleration
(p, v, a) for two dimensions. Each yk ∈ R2 is a noisy measurement of the position.
The transition dynamic is a non-uniform accelerated motion that also considers drag
(air friction).

Non-linear dynamics - Lorenz attractor: The Lorenz equations describe a
non-linear chaotic system used for atmospheric convection. We add some Gaussian
noise to the Lorenz trajectories to generate y. The Lorenz transition dynamics
depend on the current state, becoming non-linear such that Fxk is an approximation
of the true dynamics at every state xk:

Real world dynamics - Michigan NCLT dataset: We demonstrate how
our hybrid method generalizes to real world dataset using the NCLT dataset. Which
consists of a segway moving around the Michigan campus and storing its ground
truth trajectories and the corresponding y noisy GPS measurements.

Conclusion

We explored the combination of recent neural network advances with more traditional
methods demonstrating the benefits of our hybrid method with respect to graphical
inference o learned inference when run in isolation.


