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1.a Background - Simultaneous 1.b Background — Object-Level SLAM
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Drawbacks: f

* Per-class models required

- e— * Mixed inference, exponential number of hypotheses:
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1.c Viewpoint-Dependent 2. Continuous Semantic Representation

Semantic Models ldea: learn a continuous semantic representation
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Advantages:
 Continuous inference

robot pose  Relaxed ground-truth requirements
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2 (cont’d). Approach 3. (Initial) Results
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