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Figure 1: Conceptual overview of the proposed learning-based bundle adjustment for event-based SLAM.

Background
Simultaneous Localization and Mapping (SLAM) is critical for
autonomous UAVs. While frame-based visual–inertial odome-
try achieves low drift in benign conditions, it fails under motion
blur and high dynamic range. Ultimate SLAM showed that
coupling events, frames, and IMU reduces error, yet its back-
end relies on hand-crafted solvers. Recent work shows that
learning-based optimization improves robustness, adapts
weights dynamically, and amortizes computation, motivat-
ing a fully learning-based bundle adjustment (BA) for event-
based SLAM.

Project Goal
Design and implement a learning-based BA back-end that
replaces hand-tuned robust costs and classical solvers with
neural components. The system will learn uncertainty-aware
reweighting of event, frame, and IMU factors; integrate a dif-
ferentiable optimizer (unrolled GN/LM or GNN-based); and
support loop-closure with learned descriptors.

Learning Outcomes
Students will learn to build a modern, learning-based BA
back-end for hybrid event-based SLAM: uncertainty-aware fu-
sion, differentiable optimization (unrolled/GNN), and learned
loop-closure.

Intermediate Goals
• Establish Baselines: Reproduce UltimateSLAM’s back-

end and at least one recent learning-based BA for com-
parison.

• Unrolled Differentiable Optimization: Develop a learning-
based optimizer that replaces classical Gauss–Newton
with trainable iterations.

• Graph Neural Network Optimizers: Explore GNN-
based message passing on factor graphs as an alternative
optimizer.

• Uncertainty-Aware Fusion: Integrate uncertainty mod-
eling (e.g., heteroscedastic/evidential) to improve ro-
bustness of event–frame–IMU fusion.

• Extensibility: Demonstrate how the proposed frame-
work can incorporate additional modalities such as IMU
factors in a differentiable way.

Requirements
• Core Skills: Solid grasp of nonlinear optimization/factor

graphs; Python/PyTorch (or TensorFlow); Linux work-
flow.

• Perception & VI-SLAM: Camera models, reprojec-
tion, IMU preintegration basics, and data handling.

• Nice to Have: GTSAM/Ceres familiarity (baseline run-
ning), CUDA experience, and embedded deployment
(Jetson).
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