Street Gaussians without 3D Object Tracker

Supplementary Material

1. Evaluation on Static Scenes in Waymo-
NOTR Dataset

We evaluate our method on the static32 subset of the
Waymo-NOTR dataset [5, 13], following the experimen-
tal setup of EmerNeRF [13] for novel view synthesis. As
shown in Table 1, while our primary focus is on handling
dynamic objects, our method also demonstrates robust per-
formance in static scenes.

Method PSNRT SSIM?T  LPIPS|
3DGS (3] 26.82 0.836 0.134
EmerNeRF [13] | 28.89 0.814 0.212
S3Gaussian [2] 27.05 0.825 0.142
MARS [9] 27.63 0.848 0.193
Ours 28.72  0.857  0.092

Table 1. Comparison with state-of-the-art methods on the static32
subset of Waymo-NOTR dataset. StreetGS represents Street Gaus-
sian [12]. The best and the second best results are denoted by
pink and blue.

2. Runtime Analysis

As shown in Table 2, we evaluate the inference speed of our
method and several state-of-the-art methods at a resolution
of 960 x 640 on the same device.

Method 3DGS [3] S3G[2] SG[12] | Ours
Speed (FPS) 200 15 160 100

Table 2. Inference speed at 960 x 640. S3G and SG represent
S3Gaussian [2] and Street Gaussians [12] respectively.

3. Editing Examples

We provide editing demonstrations in Fig. 1. Gaussians
corresponding to cars are associated at initialization and
consistently maintained throughout the optimization pro-
cess. This enables object editing by directly applying rigid
transformations to the corresponding Gaussians.

4. Choice of 3D tracker

To further illustrate the generalization challenges of 3D
trackers, we employ CasTrack [7, 8] as the 3D tracker for
Street Gaussians [12], using the same detection and track-
ing algorithm as in the original paper. Since pretrained

nuScenes weights are unavailable, we instead use weights
pretrained on KITTI. As shown in Table 3, this change leads
to a significant performance drop, indicating that merely
changing the detection or tracking algorithm does not re-
solve generalization issues.

5. Tracking Errors Analysis

We evaluate 3D trajectories from 2D and 3D trackers on
Waymo-NOTR, measuring translation (Euclidean) and ro-
tation errors (clipped at 1m or 30° ; with missing detections
treated as max error). Our 2D tracker-based method is more
robust. Error distributions are shown in Fig. 2; a qualitative
comparison is shown in Fig. 1 in the main text.

6. Comparison with Rigid-transformation-
based Motion Modeling

On Waymo-NOTR, we use 3D trajectories computed from
2D tracking to model vehicle motion via rigid transfor-
mations, following Street Gaussians (SG) [12] (see Tab.
4). While improved trajectories help, SG still underper-
forms—its joint optimization of pose and Gaussians strug-
gles to converge in frames with large pose noise or missing
detections, which in turn degrades the Gaussians across all
frames. In contrast, we use HexPlane to enforce temporal
smoothness by interpolating motion features from a spatio-
temporal voxel grid. Since we remove trajectory guidance
after the first 40% of training iterations, HexPlane can re-
cover from noisy or missing detections by learning consis-
tent motion from correctly tracked frames.

7. Details of Loss Functions

As described in the main paper, the total loss function is

expressed as:
L :)\rgbﬁrgb + )\ssimcssim + )\depth'cdeplh + /\tvﬂlv
+ )\color—reg»ccolor—reg + )\molionﬁmotion~

6]

The components of the loss function are detailed below:

1. Photometric L1 Loss (Lgp): This L1 loss measures the
photometric difference between the rendered image and
the ground truth:

Lrgb = ||Irender - Igt”la (2)

where Iender and I represent the rendered and ground
truth images, respectively.

2. Structural Similarity Loss (Lgsim): This loss evaluates
the structural similarity between Iepger and Ig:

£ssim =1.0- SSIM(Irenden Igt)- (3)



Figure 1. Editing demonstrations on Waymo-NOTR.

| 3Duwacker | PSNRf SSIMf LPIPS| DPSNRT DSSIMt
CasTrack [7,8] | 25.61 0816  0.163  21.07 0.597

Street Gaussians

Street Gaussians | VoxelNext [1] 26.98 0.838 0.149 24.62 0.742

Table 3. Ablation study on the choice of 3D tracker for Novel View Synthesis on the Waymo-NOTR dataset.

Method PSNRT SSIM?T | DPSNRT DSSIM7?T
2D tracker + rigid transformation | 27.69 0.850 25.04 0.758
3D tracker + rigid transformation | 26.98 0.838 24.62 0.742
Ours (2D tracker + HexPlane) 28.85 0.867 25.58 0.779

Table 4. Comparison of rigid-transformation-based motion modeling [12] with our method on the Waymo-NOTR dataset.

3. Depth Loss (Lgepm): This L1 loss computes the differ-
ence between the rendered depth map Diepger and the
ground truth depth map derived from LiDAR data Dy:

6. Motion Loss Lnetion: The motion loss is introduced in
the main paper as,

1 Lmotion = AVExyco ‘A‘Xt — (T X — X)), (N

Edepth = E”Drender - Dgt||1, (4) . .. . . .

where X is the center position of a Gaussian in object O.

The weights assigned to each loss component are: g, =

1.0, Agsim = 0.1, Agepn = 1.0, Ay = 0.1, Acolor-reg = 0.01,
and Apotion = 1.0.

where d = 80 is the predefined maximum depth used
for normalization. Depth loss is calculated only for pix-
els with ground truth depth values between 0.01 and 80
meters.

4. Total Variation Loss (L ): A grid-based total variation
loss is employed to encourage smooth gradients for Hex-

8. Limitation and Failure Cases

Plane feature grids, following K-Planes [4]:

L =avg,,; ([[Po? = PV +[|Pe? = PR7H[),
&)

where avg denotes the average operator, c is the plane

index, and ¢, j are indices on the plane resolution.

. Color Regularization Loss (Lcolor-reg): This L1 regu-

larization loss minimizes the predicted color change AC

for each point to regularize the deformation network:

Ecolor—reg = EHACHI (6)

* Our approach primarily focuses on modeling moving ve-

hicles while using 4DGS [6] to model humans without
explicit motion guidance. This leads to inaccurate hu-
man motion in some cases, which can be improved by
incorporating human pose estimation as prior informa-
tion (see Fig. 3). Incorporating human pose estimation
techniques [10, 11] in future work could enhance human
motion modeling.

Dynamic objects beyond humans and vehicles, such as
animals and traffic lights, are currently treated as static
objects. Further refinement is needed to more effectively
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Figure 2. Distributions of tracking errors.

Figure 3. Failure cases

distinguish between static and dynamic elements within a
scene.

* The proposed method requires per-scene optimization. A
promising direction for future work is the development of

a

feed-forward approach for predicting generalizable 3D

Gaussians.
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