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Challenging Scenario

Optimizing jointly:
- The supervised future prediction loss (e.g., EWTA).
- The contrastive loss.
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scores are based on kalman filter

Contrastive loss:
- Positive: samples with similar difficulty scores.
- Negative: samples with different difficulty scores.
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- Easy scenarios dominate existing datasets.
- Challenging scenarios are less frequent, harder and
the most relevant ones for decision making.

- Challenging scenarios are scattered among the frequent easy ones.
- Propose: reshape the feature space by pushing challenging scenarios closer to each other.
- Why: they can share relevant features.

Results

ETH-UCY (BEV) nuScenes (BEV) nuScenes (EGO) Waymo (EGO) Bl agentofinterest future baseline X— history baseline
All Top 3% | Top 1% All Top3% | Topl1% | All | Top3% | Top1% | All | Top 3% | Top 1% Bl otheragents =a=z=: history Heontrastive fure +eontrastive
Baseline [60, 47] | 0.16/0.32 | 0.47/1.07 | 0.42/0.87 | 0.19/0.32 | 0.48/0.88 | 0.59/1.02 | 7.10 | 29.98 36.16 | 6.39 | 24.87 27.32
+ LDAM [5] 0.17/0.33 | 0.47/1.04 | 0.42/0.83 | 0.18/0.32 | 0.48/0.88 | 0.60/1.10 | 8.04 | 25.23 31.13 | 7.61 23.00 25.05
+ BAGS [41] 0.17/0.32 | 0.48/1.08 | 0.42/0.85 | 0.18/0.31 | 0.48/0.88 | 0.61/1.11 | 7.28 | 29.54 3574 | 6.67 | 24.45 26.66
+ contrastive 0.16/0.32 | 0.46/1.03 | 0.38/0.71 | 0.18/0.30 | 0.44/0.73 | 0.54/0.85 | 7.04 | 25.05 2749 | 649 | 22.36 24.09

- Joint optimization with contrastive learning yields significant improvements on the challenging cases (top 1-3%).
- Joint optimization with contrastive learning maintains the performance on all cases (All).
- Optimizing jointly with LDAM or BAGS bias the challenging scenarios

ETH-UCY | nuScenes-B | nuScenes-E Waymo
All/Top 1% | All/Top 1% | All/Top 1% | All/Top 1%
Baseline [60, 47] | 0.32/0.87 0.32/1.02 7.10/36.16 | 6.39/27.32

+ resample [61] 0.53/1.22 0.37/1.33 10.20/21.62 | 10.48/19.69 Acknowledgment "7 Bird's eye view Ego centric view
+ reweight [2Y] 0.56/0.76 0.58/1.67 14.47/16.20 | 14.00/16.44 : References

+ contrastive 0.32/0.71 | 0.30/0.85 | 7.04/27.49 | 6.49/24.09 K| '
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