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1. Introduction 4. Mixture Density Particle Smoother (MDPS)

New discriminative learnable particle smoother method: Mixture Density Particle Smoother Starting from Two Filter Smoother:
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5. Results

Bearings Only TraCking Task  observations: y¢ ~a - Uniform(—m,m) +(1—a) - VonMises (Y (X¢),k) P (x,):= true bearing
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Step 2: Particle Proposal (Noisy Dynamics)

(i) City Scale Global Localization Task

xt(i)"’ fxelxemq = X¢_1, At n) n~N(0,1)

Learnable Particle Filters:

Classical Particle Smoother method: No Existing

e State Dynamics -> Learned outside . . .
Y | Differentiable Particle
of smoother algorithm

« Used True Observation Likelihood Smoothers!

Task: Estimate 3D state (position and heading) of a subject as it moves
through a real-world city-scale environment.

Step 3: Measurement Update
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Neural Networks (Resnet, VGG)
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