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Supplementary Material

A. Implementation Details

For the GauU-Scene [9] dataset, we conducted parallel
training with a batch size of 4, targeting a total of 60,000
iterations. Subsequently, we train both the single-view and
multi-view geometric refinement stages of L, for 30,000
iterations. During this process, A4 decreases from 0.5 to
0.005 as training progresses, while A, is set to 0.0125, A
to 0.1, and A, to 2.5. For L,;,, the weight A is set to
0.8. Densification terminates after the 15,000th iteration,
with sparsity compensation parameters set to Sy, = 20 and
Vin = 10. The voxel size is set to 0.1 or 0.01 depending
on the scale of the scene. For evaluation, only the view
embeddings from the training set are available. Since the
image filenames encode temporal information, we first use
it to identify the two training views that are temporally clos-
est to each test view. We select the candidate with the most
similar camera pose to the test view. This nearest-neighbor
assignment provides the interpolated view embedding for
the test view.

For the MatrixCity [3] dataset, the Aerial and Street
scenes were trained for 150,000 and 180,000 iterations, re-
spectively. For L,, single-view optimization is performed
until the 50,000th iteration, followed by the switch to multi-
view refinement. Densification is also terminated at the
50,000th iteration. All other training configurations fol-
low those used for the GauU-Scene dataset. For evaluation,
test image filenames lack temporal information, so each test
view selects its most relevant training view solely based on
camera-pose similarity. The corresponding view embed-
ding is then used for image rendering.

For geometric quality evaluation, we follow the param-
eter settings used in CityGSV2 [5]. Specifically, we render
RGB images and depth maps from the training viewpoints
and fuse them into a projected truncated signed distance
functio (TSDF) volume [10] to extract surface meshes and
point clouds. GauU-Scene uses a voxel size of 0.01, an SDF
truncation of 0.04, and a depth truncation of 2.0. In Matrix-
City, the Aerial split uses 0.01 / 0.04 / 5.0 for voxel size,
SDF truncation, and depth truncation, respectively, whereas
the Street split adopts 1 /4 /500.

B. Hyperparameters of Other Methods

For the visualization results of 2DGS, CityGS, and
CityGSV2, we train the models using the default param-
eter settings provided in the CityGSV2 codebase, and for
CityGSV2, we use the provided checkpoints. For the com-

Table 1. Efficiency performance comparison on the GauU-
Scene [9] dataset. Entries marked with an asterisk (*) represent
the intermediate results obtained after 30,000 training iterations.

Scene ‘ Method ‘ PSNR1 FI7 ‘ #G(M) T(min)
V2-coarse* 23.46 0.509 7.98 110
. Ours* 24.60 0.559 8.20 50
Russian
CityGSV2 24.12 0.542 7.77 363
Ours 2494  0.585 8.20 106
V2-coarse* 22.09 0.437 9.29 103
. Ours* 2396 0.470 11.33 78
Residence
CityGSV2 23.55 0.466 8.08 311
Ours 24.51 0.494 11.33 156
V2-coarse* 25.08 0.479 7.61 98
Ours* 26.68  0.508 9.27 70
Morden
CityGSV2 25.79 0.492 7.89 332
Ours 27.07 0.524 9.27 149

Table 2. Efficiency performance comparison on MatrixCity-
Aerial [3]. In CityGS-X, which uses an anchor-based Gaussian
representation, “x10” denotes the Gaussians derived per anchor.

Scene | Method | PSNRT F11 | #G(M) T(min)
.| CityGS-x | 27.53  0.582 | 248x10 716
MC-Aerial | 6 ‘ 2752 0.677 | 17.09 415

A -
(a) w/ Ini. (b) w/ Geo. (c) w/ App.
Figure 1. Supplementary Visualization of ablation study re-
sults. The top row shows results without the modules, and the
bottom row shows results with them. Our components yield a sig-
nificant improvement in depth quality, effectively addressing chal-

lenges across diverse and complex scenes.

parison with CityGS-X, we utilized its provided Mill19
configuration to train the GauU-Scene dataset. Crucially,
we disabled the progressive LOD (Level of Detail) train-
ing within this configuration to ensure better preservation
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Figure 2. Qualitative comparison of meshes on the GauU-Scene [9] dataset. Our method achieves higher-quality results.
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Figure 3. Mesh visualization comparison on MatrixCity-Aerial [9]. Our method provides better results than the baselines.

of scene details. For the MatrixCity dataset, we directly ap-
plied the corresponding official configuration provided by
CityGS-X for training.

C. Additional Results

C.1. Training Efficiency Analysis

Using a system with four RTX 3090 GPUs, we con-
ducted a training efficiency comparison between CityGSV2
and CityGS-&" on the GauU-Scene and MatrixCity-Aerial
datasets, respectively. As shown in Tab. 1, our method con-
sistently outperforms CityGSV2 in both rendering quality
and geometric fidelity, while also demonstrating a signifi-
cant improvement in training efficiency. Notably, even the
intermediate results of our model at 30k iterations already
surpass the final performance of CityGSV2, while requiring
less than 25% of its training time. Across the GauU-Scene
dataset, our final model achieves an average 2.55x training
speedup relative to CityGSV2. Tab. 2 presents a comparison
of training efficiency between CityGS-X and our method on
the MatrixCity-Aerial dataset. Our approach achieves su-
perior geometric fidelity (F1: 0.677 vs. 0.582) with a 1.7x

reduction in training time, while maintaining comparable
PSNR performance. Overall, these results highlight the re-
markable speed and efficiency of our method. It is worth
noting that CityGSV2 and CityGS-X adopt model-size re-
duction strategies such as trimming [!] and anchor-based
Gaussian compression [7]. Enhancing model-size compact-
ness therefore remains a promising direction for further im-
proving the efficiency of our method.

C.2. Additional Qualitative Comparison

Fig. | presents further visualization results for the ablation
study. Our adopted pointmap assisted initialization effec-
tively supplements sparse point cloud regions, thereby lay-
ing a solid geometric foundation for subsequent reconstruc-
tion. Progressive hybrid geometric refinement and depth-
guided appearance modeling then collaboratively ensure the
final geometric quality exhibits high accuracy and com-
pleteness.

In addition, we include more comprehensive qualitative
comparisons with the baseline methods. Fig. 2 presents the
mesh reconstruction visualization comparison on the GauU-
Scene dataset. Given the relatively small size of the im-



Table 3. Quantitative results on the Mill19 [8] dataset and UrbanScene3D [4] dataset. The best and second best results are highlighted.

@

All missing results are denoted by a “—".

Methods | Building | Rubble | Residence | Sci-Art
| PSNRT SSIM{T LPIPS| | PSNRT SSIM?T LPIPS| | PSNRT SSIMtT LPIPS| | PSNRT SSIMtT LPIPS|

NeuS 18.01 0.463 0.611 20.46 0.480 0.618 17.85 0.503 0.533 18.62 0.633 0.472
Neuralangelo 17.89 0.582 0.322 20.18 0.625 0.314 18.03 0.644 0.263 19.10 0.769 0.231
SuGaR 17.76 0.507 0.455 20.69 0.577 0.453 18.74 0.603 0.406 18.60 0.698 0.349
PGSR 16.12 0.480 0.573 23.09 0.728 0.334 20.57 0.746 0.289 19.72 0.799 0.275
PGSR+VastGS| 21.63 0.720 0.300 25.32 0.768 0.274 — - — - — —
CityGS 21.55 0.778 0.246 25.77 0.813 0.228 22.00 0.813 0.211 21.39 0.837 0.230
CityGS-X 22.76 0.817 0.191 26.15 0.823 0.210 22.44 0.819 0.194 22.77 0.867 0.179
CityGSV2 19.07 0.650 0.397 23.75 0.720 0.322 21.15 0.769 0.234 20.66 0.810 0.266
Ours 23.06 0.787 0.173 27.48 0.826 0.147 23.38 0.824 0.166 25.96 0.872 0.152

age data, we conducted an equivalent comparison in terms
of training time: we trained our method for 30,000 iter-
ations and compared its results with those of CityGSV2-
coarse. The reconstructed meshes from our method are
much cleaner, containing minimal spurious artifacts or
floating mesh fragments. Fig 3 further presents a compari-
son of our method’s results against CityGSV2 and CityGS-
X on the MatrixCity-Aerial dataset. The results indicate
that our approach achieves a better balance between geo-
metric accuracy and completeness.

C.3. Additional Dataset Evaluation

We have also conducted supplementary evaluations on the
Mill19 [8] and UrbanScene3D [4] datasets, which are
widely used for assessing rendering quality in the field of
large-scale scene reconstruction. Four scenes were selected:
Building, Rubble, Residence, and Sci-Art. The configura-
tion uses 100,000 training iterations, with 50,000 iterations
allocated to each of the two geometric optimization stages.
The densification process is terminated at the 30,000th iter-
ation. The weight A, set to 0.001. The remaining settings
follow those used for GauU-Scene, as detailed in Sec. A.

Quantitative results are presented in Tab. 3, where we
compare against other state-of-the-art surface reconstruc-
tion methods. Our method achieves state-of-the-art perfor-
mance among surface reconstruction approaches in terms of
PSNR and LPIPS, and ranks first in SSIM for most scenes.
In addition, Fig. 4 provides a qualitative comparison among
our methodd and CityGS (Public Checkpoints), showing
that our approach performs better under challenging illu-
mination conditions and renders fine-grained details more
faithfully. Overall, our method achieves superior visual
quality and robustness.

D. Discussion

While our method successfully delivers efficient training,
accurate geometry, and high rendering quality for large-
scale scene reconstruction, it still presents the following

Figure 4. Qualitative results on Mill-19 [8] and Urban-
scene3D [4] datasets. We compare against CityGS.

limitations: Firstly, due to hardware constraints, mem-
ory consumption remains the primary bottleneck limit-
ing the training scale, which to some extent weakens the
model’s potential performance. Therefore, it is necessary
to introduce techniques such as advanced pruning [6] and
cache management [11] to mitigate memory challenges.
Additionally, our method is based on 2DGS. Although
it achieves excellent geometric reconstruction, its upper
bound for rendering quality may still lag behind 3DGS.
To address this, future work could consider introducing a
new geometry representation similar to [2] for complete de-
coupling of geometry and appearance to further realize im-
proved geometric accuracy and rendering performance.
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