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Our study explores the impact of varying temporal history fusion steps during
inference on the performance of S2TPVFormer for 3D SOP. Results show that
the optimal number of fusion steps differs across semantic classes, highlighting
the untapped potential for improving temporal fusion in our model.

Conclusion & Future Directions

We demonstrate the significant potential of incorporating temporal information
Into model representations in 3D SOP.

The full potential of long-range temporal information, generation of dense SOP,
and adaptation to downstream tasks like flow prediction is yet to be explored.
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