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problems in robotics and vision as end-to-end differentiable architectures
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The literature is fragmented
Implementations are application specific

Limited batching and GPU support
Do not leverage sparsity
Backprop only via unrolling
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Pose graph optimization

Homography estimation
Tactile state estimation =
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Solvers
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Linear
Solvers

CHOLMOD,
LU, BaSpaCho
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Sparse vs Dense solvers

Pose Graph Optimization

—a—cudalLU —=—CHOLMOD —e—BaSpaCho —+—dense
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Time (seconds)

Sparse vs Dense solvers

Pose Graph Optimization
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Sparse vs Dense solvers

Pose Graph Optimization
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® Scales to 256 batch x 4096 poses on a standard GPU
® Dense solvers are slow and run out of memory
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Parallelization

Batching, GPU,
Auto Vectorization
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Automatic vectorization

'small=32; Iarge=2.56 .small=256; large=1024
Fixed batch size Fixed num. poses

Speedup
=N
N U1O O

No vectorization - ----+1"-
VX D 0 A% QL0 YV & o) ©
Num. poses Batch size

—#—Forward (small) —#—Backward (small) —=#-Forward (large) —M-Backward (large)

25



Automatic vectorization
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e Up to an order of magnitude speed-up
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Theseus forward vs Ceres

Pose Graph Optimization
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Theseus forward vs Ceres

Pose Graph Optimization
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e Up to 20x speed-up over Ceres
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Backward
Modes

Implicit, Truncated,
Unroll, Direct Loss
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Backward modes

Tactile state estimation
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Time (seconds)

Backward modes

Tactile state estimation
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Backward modes

Tactile state estimation
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e |mplicit needs only constant time and memory
e Implicit gives better gradients

o Even with few inner loop iterations

Validation loss at epoch 100

Inner loop iterations
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