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Scene Start Frame End Frame

segment-10359308928573410754 720 000 740 000 with camera labels.tfrecord 120 159
segment-11450298750351730790 1431 750 1451 750 with camera labels.tfrecord 0 39
segment-12496433400137459534 120 000 140 000 with camera labels.tfrecord 110 149
segment-15021599536622641101 556 150 576 150 with camera labels.tfrecord 0 39
segment-16767575238225610271 5185 000 5205 000 with camera labels.tfrecord 0 39
segment-17860546506509760757 6040 000 6060 000 with camera labels.tfrecord 90 129
segment-3015436519694987712 1300 000 1320 000 with camera labels.tfrecord 40 79
segment-6637600600814023975 2235 000 2255 000 with camera labels.tfrecord 70 109

Table 1. Eight scenes from the Waymo dataset [6] featuring high interactive activity, numerous vehicles, and complex driving trajectories.

In the supplementary material, we provide further details
about the datasets and an explanation of the evaluation met-
rics. Additionally, we present more extensive qualitative
results conducted on these datasets.

1. Datasets and Evaluation Metrics

Waymo. For the selection of Waymo [6] scenes, we fol-
low the approach used in ReconDreamer [5]. These eight
scenes are characterized by their rich dynamic foregrounds
and large-scale variations. The specific scene names are
listed in Tab. 1.
nuScenes. Similarly, we select eight scenes from the
nuScenes dataset [1], each featuring complex traffic envi-
ronments with diverse and challenging conditions. The spe-
cific scenes are as follows: 0037, 0040, 0050, 0062, 0064,
0086, 0087, 0100.
PandaSet. The selection of scenes from the PandaSet
dataset [8] follows the approach used in UniSim [10] and
NeuRAD [7]. The specific scenes are 001, 011, 016, 028,
053, 063, 084, 106, 123, and 158.
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†Corresponding authors. zhengzhu@ieee.org, xingang.wang@ia.ac.cn.
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EUVS. EUVS [3] is a dataset specifically designed for ex-
trapolated urban views, where all results across different
lanes are captured from real-world observations. However,
since the data for different lanes are not collected simultane-
ously, the dataset primarily focuses on static backgrounds,
requiring the foreground to be ignored during evaluation.
Consequently, when calculating metrics such as PSNR,
SSIM, and LPIPS, the foreground must first be masked out
to ensure accurate assessment of the static scene reconstruc-
tion. The four scenes from Level 1 are: vegas location 1,
vegas location 2, vegas location 15, vegas location 22.

Metrics. As mentioned in the main text, we utilize Novel
Trajectory Agent Intersection over Union (NTA-IoU) and
Novel Trajectory Lane Intersection over Union (NTL-IoU)
to assess the quality of the rendered video, both metrics pro-
posed in DriveDreamer4D [11]. These metrics are specifi-
cally designed to evaluate the spatiotemporal coherence of
foreground agents and background lanes, respectively.

The NTA-IoU processes images rendered under new
trajectories using the YOLO11 [4] detector to extract 2D
bounding boxes of vehicles. Meanwhile, by applying geo-
metric transformations to the 3D bounding boxes from the
original trajectories, they can be accurately projected onto
the new trajectory perspective, thus obtaining the ground
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Figure 1. Qualitative comparisons of different trajectory renderings on nuScenes [1]. The orange boxes highlight that ReconDreamer++
significantly enhances the rendering quality with Street Gaussians [9] and ReconDreamer [5].

truth 2D bounding boxes in the new trajectory view. Each
projected 2D bounding box will find the nearest 2D bound-
ing box generated by the detector and compute their Inter-
section over Union (IoU).

Similarly, the NTL-IoU employs the TwinLiteNet [2]
model to detect lane in the images rendered under the new
trajectories, and the lane from the original trajectories will
also be projected onto the new trajectory through corre-
sponding geometric transformations. Finally, the mean In-
tersection over Union (IoU) between the projected and de-
tected lane lines is calculated.

2. More Qualitative Results

The visualization and comparison results for all datasets can
be found in the ./video comparison folder. This folder con-
tains detailed comparisons for each dataset under both orig-
inal and novel trajectories, along with ablation study videos

that highlight the contributions and impact of different com-
ponents.
nuScenes. The visualization results for the nuScenes
dataset are presented in Fig. 1, offering a comprehensive
comparison of the performance of different methods. The
experimental findings demonstrate that ReconDreamer++
achieves results on the original trajectory that are com-
parable to traditional reconstruction techniques such as
Street Gaussians [9]. Notably, ReconDreamer++ even out-
performs Street Gaussians in certain fine-grained details,
showcasing its ability to capture intricate structures within
the scene. In contrast, ReconDreamer [5] exhibits limi-
tations, producing relatively blurry and less detailed ren-
dering results on the original trajectory, which highlights
the challenges faced by earlier approaches. When evaluat-
ing novel trajectories, the visualizations reveal the superior
capabilities of ReconDreamer++. Specifically, the method
demonstrates exceptional performance in maintaining high
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Figure 2. Qualitative comparisons of different trajectory renderings on PandaSet [8]. The orange boxes highlight that ReconDreamer++
significantly enhances the rendering quality with Street Gaussians [9] and ReconDreamer [5].

geometric consistency of structured elements, particularly
the ground surface, with respect to the ground truth. As
highlighted by the orange bounding boxes in Fig. 1, Re-
conDreamer++ accurately renders left-turn arrows on the
ground under novel trajectories, maintaining strong geo-
metric fidelity. In contrast, both ReconDreamer and Street
Gaussians struggle to render these ground structures with
sufficient accuracy, often leading to distorted or incomplete
representations. Such inaccuracies can significantly impact
downstream tasks in autonomous driving, where precise un-

derstanding of road markings and other structured elements
is essential for safe navigation.
PandaSet. The visualization results for PandaSet [8] are
shown in Fig. 2, with comparisons that align with the exper-
imental findings on Waymo [6] and nuScenes [1]. Recon-
Dreamer++ demonstrates a comprehensive improvement
over ReconDreamer [5] in rendering quality for both orig-
inal and novel trajectories. Notably, it not only ensures
rendering performance on par with traditional reconstruc-
tion methods, such as Street Gaussians [9], for original tra-
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Figure 3. Qualitative comparisons of different trajectory renderings on EUVS [3]. The orange boxes highlight that ReconDreamer++
significantly enhances the rendering quality with Street Gaussians [9] and ReconDreamer [5].

jectories, but also achieves state-of-the-art (SOTA) results
for novel trajectories. In particular, ReconDreamer++ ex-
cels in rendering structured elements such as lane markings
on the ground, achieving exceptional accuracy and consis-
tency. As highlighted by the orange bounding boxes in
Fig. 2, the method accurately reconstructs these critical road
features even under challenging novel viewpoints. These
results further validate the effectiveness and robustness of
ReconDreamer++ across diverse datasets and scenarios.
EUVS. The experimental results for EUVS [3] are shown in
Fig. 3, demonstrating the superior performance of Recon-
Dreamer++ on both the training set and the test set. Since
this dataset consists of data collected from the same scene
at different times, the dynamic object regions—including
cars, pedestrians, and other moving elements—in the ren-
dered results are masked to facilitate a clearer and more ac-
curate comparison. Specifically, as highlighted by the or-
ange bounding boxes in Fig. 3, ReconDreamer++ maintains
an exceptionally high level of consistency with the ground
truth in terms of detail rendering.
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