
Supplementary Material of “QuickSplat: Fast 3D Surface Reconstruction via
Learned Gaussian Initialization”

1. More Implementation Details
SuGaR. We follow the official code that optimizes vanilla
3DGS for 7,000 iterations and refine for 15,000 iterations
to get the best quality mesh. Depth-normal consistency
(dn consistency) is used as the regularization objective.

2DGS. We follow the official code and optimize the scene
for 30,000 iterations, using the same hyper-parameters such
as the learning rates and the number of iterations for pruning
and densification; we only optimize the RGB color of the
Gaussians instead of the spherical harmonics.

GS2Mesh. We follow the official code and optimize
vanilla 3DGS for 30,000 iterations. The pretrained stereo
estimation model from DLNR [6] that is trained on Middle-
bury is used to extract stereo depth, with 0.1m as the stereo
baseline. Since we work on scene-level datasets, the object
masks are ignored.

MonoSDF. We follow the official code and use MLP as
the scene representation. We use the Omnidata [3] to extract
the depth and normal of the training images, and both depth
and normal losses are used for the optimization. The model
is optimized for 1,000 epochs.

PGSR. (Chen et al. 2024) We uses the official code
and optimize the scenes for 30,000 iterations, with single
view and multi-view regularization loss after 7,000 itera-
tions. Exposure compensation is not used as ScanNet++
has fixed camera exposure.

QuickSplat. We provide the pseudo code of the optimiza-
tion process of QuickSplat in Algorithm 1.

2. Additional results
Generalization. To demonstrate the generalization ability
of our method, we run QuickSplat trained on ScanNet++
directly on other indoor datasets, such as ARKitScenes [2]
and Mip-NeRF 360 [1], without any additional fine-tuning.

Algorithm 1 The optimization process of QuickSplat

P: SfM points
fI : initializer network
fD: densifier network
fO: optimizer network

G0 ← fI(P)
for t = 0 to T − 1 do
∇Gt ← 0
for all images do

L← rendering loss of the image
∇Gt ← ∇Gt + δL

δGt

end for
Ĝt ← fD(Gt,∇Gt, t)
Ḡt ← Gt ∪ Ĝt ▷ Concatenate the new GS

∇Ḡt ← ∇Gt ∪ 0
∆Ḡt ← fO(Ḡt,∇Ḡt, t)
Gt+1 ← Ḡt +∆Ḡt ▷ Update the parameters

end for

We process the ARKitScenes dataset following the same
procedure as ScanNet++, obtaining the SfM point clouds
and the alignment between camera poses and the ground-
truth mesh. For Mip-NeRF 360 (Room), we restore the ab-
solute scale of the official COLMAP point cloud and poses
using a monocular metric depth estimator [5].

This cross-dataset setting is more challenging due to the
domain gap between datasets. Additionally, the RGB cap-
tures in ARKitScenes and Mip-NeRF 360 have a smaller
field of view compared to ScanNet++, making reconstruc-
tion from images more difficult. We compare QuickSplat
with 2DGS in Tab. 1 and Fig. 1, which demonstrate the gen-
eralization capability of our proposed method. Additional
reconstruction results are shown in Fig. 2.

Method Abs err↓ Acc (10cm)↑ Chamfer↓ Time

2DGS 0.6978 0.3590 0.6015 1780s
Ours 0.1775 0.7698 0.4301 111s

Table 1. Evaluation on ARKitScenes (5 scenes, no fine-tuning).
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