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1 ADDITIONAL RESULTS

1.1 Quantitative Performance on nuScenes [1] (test
set)

Table 1: Performance comparison on nuScenes test split.

Method ‘ Backbone ‘ Epochs ‘ NDS mAP ‘ mATE mASE mAOE mAVE mAAE
DETR3D [15] V2-99 24 479 412 | 0641 0255 0.394 0845 0.133
PETR [10] V2-99 24 504 44.1 | 0593 0249 0383 0.808 0.132
UVTR [5] V2-99 24 55.1 472 | 0577 0253 0391 0.508 0.123
BEVFormer [7] V2-99 24 56.9 48.1 | 0582 0256 0375 0378 0.126
BEVDet4D [2] Swin-B [12] 90% 569 451 | 0511 0241 038 0301 0.121
PolarFormer [3] V2-99 24 572 493 | 0556 0256 0364 0440 0.127
PETRv2 [11] V2-99 24 59.1 50.8 | 0.543 0241 0360 0.367 0.118
Sparse4D [8] V2-99 48 59.5 5110533 0263 0369 0317 0.124
BEVDepth [6] V2-99 90% 60.0 503 | 0.445 0245 0378 0.320 0.126
BEVStereo [4] V2-99 90* 61.0 525 | 0431 0246 0358 0357 0.138
SOLOFusion [14] | ConvNeXt-B [13] | 90% | 61.9 54.0 | 0453 0257 0376 0276 0.148
SparseBEV [9] V2-99 24 62.7 543 | 0502 0244 0324 0.251 0.126
QE-BEV V2-99 24 657 59.2 | 0326 0261 0.293 0252 0.183

The performance of QE-BEV compared with other state-of-the-art
methods on the test set of nuScenes is in Table 1. We still outperform
all the baselines by an obvious gap of +3.0 in NDS and +4.9 in mAP.
It also reveals considerable advantages.

1.2 Parameter Sensitivity in Dynamic Adaptation
and Temporal Fusion

The optimal values for key parameters are discussed with respect
to their impact on model performance. As shown in Figure 1a, the
optimal value for f is around 0.6, providing the best blend of initial
and dynamically aggregated features. Deviating too much from this
value results in suboptimal performance. Similarly, Figure 1b shows
that the value of ¢ = 0.4 yields the highest NDS and mAP, suggesting
that balancing the current and previous dynamic queries effectively
captures temporal information.

2 CORRECTION OF TYPOS

Due to an oversight, the data depicted in Figure 6 of the main paper
was inadvertently taken from a previous experiment, and not from
the most recent results that were intended for this submission. The
revised Figure 6 is provided to ensure accurate evaluation of our
work, as shown in Figure 2. Additionally, the *60.5” in the original
manuscript’s statement '’QE-BEV outshines its competitors with an
NDS of 60.5’ is a typo error; it should be 61.1.

We have also submitted the log files from both experiments as sup-
plementary materials to verify the authenticity of the research data. I
deeply regret this mistake and sincerely apologize for any inconve-
nience it may have caused. We value the opportunity to contribute to
the ACM MM conference and appreciate your understanding and
support.

Impact of Dynamic Adaptation of Queries Impact of Lightweight Temporal Fusion Module
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Figure 1: Sensitivity analysis of parameters f and « in the model.

Impact of K in k-means Clustering Impact of K in Top-K Attention
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Figure 2: Sensitivity analysis of parameters $ and « in the model.
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