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Introduction Temperature Scaling - MDRM-T Further Results
We investigate class probabilities, i.e. the uncer- MDRM is underconfident, as shown in Figure 2a.
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tainty/confidence of a prediction. We solve this by adding Temperature Scaling. By scaling up the dis-
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- Good uncertainty can reject bad samples, preventing

unwanted commands being sent to a device. Optimal T" minimizes the Expected Calibration Error. Table 1. Within-subject performances. Highlighted scores indicates

the best performing model for a metric and dataset. Deep Learning
gives better classifications (Acc.), but MDRM-T and CSP-LDA give
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Figure 1. Event Related Desynchronisation (blue) and 0.2 0.2 0.2 | M[,)RMT , , , ,
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classification, with predictions and probabilities. Models should be 0 Confidence O Confidence 0 onfidence J
uncertain when EEG is too noisy. (2) MDRM (b) MDRM-T () CSP - LDA Figure 3. Rejection rate (x) and accuracy (y), calculated on remaining

samples. Accuracy is improved by rejecting uncertain samples.
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Conclusions

- MDRM calculates Riemannian distance of covariance . . =
matrices to class means. Softmax turns this into 02 02 02 - MDRM is underconfident.
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. We use a ShallowConvNet CNN as Deep Learning rondence rondence romdence Scaling, and does not affect accuracy.
nethod. (d) DUQ (e) Deep Ensembles () CNN - Well designed BCI models have better uncertainty
- Deep Ensembles (DE) and Direct Uncertainty Figure 2. Uncertainty calibrah’on p.lots. Per.fect calibration has conﬁdence (X) calibration than Deep Learning models.
Quantification (DUQ) are specialised Uncertainty equal accuracy (y), following the diagonal line. Deep Learning (d-f) is . Models are able to improve accuracy by rejecting
L . overconfident, MDRM (a) is underconfident. MDRM-T (b) and CSP-LDA (c) are : : . L
Quantification methods for Deep Learning. difficult samples using uncertainty.

well-calibrated.
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