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| - We treat the stethoscope attached to the RNN as
only local loss with global loss .
| an adversary and add a confusion loss to the
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over traveled distances)

- This penalises the network for extracting
Drift - the accumulation of local errors - is an inherent problem of location-specific information.
visual odometry. We found that adding a global component to the . The results show less overfitting (reduced gap
between training and test performance) and a
minor increase in test performance.

loss function which penalises drift improves the accuracy.
Local loss measures the accuracy of frame-to-frame pose changes:
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