
FastGS: Training 3D Gaussian Splatting in 100 Seconds

Supplementary Material

7. Overview
The supplementary material provides the following con-
tents: Sec. 8 gives a detailed description of the proposed
compact box. Sec. 9 presents additional experimental de-
tails, where Sec. 9.1 provides implementation details, and
Secs. 9.2 and 9.3 describe the execution details of integrat-
ing FastGS into different tasks and backbones. Sec. 10 re-
ports the computational overhead, Sec. 11 includes addi-
tional ablations, and Sec. 12 provides scene-wise results.

8. Details of Compact Box
Formally, during the α-blending process, the alpha value of
the i-th Gaussian at pixel p is defined as:

αi(p) = σi · exp
(
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i2D
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)
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This equation implies that αi(p) decays exponentially with
the Mahalanobis distance:

A(p) = (p− µi2D )Σ
−1
i2D

(p− µi2D )
⊤. (2)

Intuitively, pixels closer to the Gaussian center contribute
more, while those farther away have negligible influence.
Based on this observation, a reasonable criterion can be es-
tablished: Gaussian–tile pairs corresponding to pixels with
large Mahalanobis distances can be safely discarded, as
their effect on the final rendering is minimal.

To prune Gaussian–tile pairs whose contributions are
negligible, we define a threshold for the Mahalanobis dis-
tance as:

(p− µi2D )Σ
−1
i2D

(p− µi2D )
T
= β

(
2 ln

σi

τα

)
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where β is a scaling factor. By adjusting β, the effective
support region of each 2D Gaussian can be flexibly con-
trolled. A smaller β yields a tighter ellipse around the mean
µi2D , thereby reducing the spatial extent of (p− µi2D ) and
limiting the number of pixels influenced by the Gaussian
Gj . This selective suppression of marginal Gaussian con-
tributions effectively reduces redundant Gaussian–tile pairs
and accelerates rasterization.

In implementation, Eq. (3) is integrated into Speedy-
Splat [6]’s snugbox, where the parameter β further re-
duces the 2D Gaussian footprint and shrinks its intersec-
tion region with tiles, thus forming our CB. We then ob-
tain the Gaus- sian–tile pairs using Speedy-Splat [6]’s accu-
tile method. We sincerely appreciate the excellent work of
Speedy-Splat [6].

9. More Details

9.1. Implementation Details

Our FastGS integrate VCD, VCP, and CB into 3DGS-
accel [10, 14] and adopt the widely used absolute gradi-
ents [20] to ensure more accurate densification, ultimately
achieving an average training time of around 100 seconds
per scene. The core of our method lies in strictly control-
ling the number of Gaussians throughout training via VCD
and VCP, maintaining it at a very low level and thereby en-
abling significant acceleration, as shown in Fig. 2.

In practice, our VCD and VCP introduce a multi-view
consistency constraint that strictly regulates Gaussian den-
sification and pruning, preventing the creation of redundant
Gaussians. For densification, newly added Gaussians are re-
quired not only to satisfy the gradient-based criteria but also
to have an importance score greater than τd, which is set to
5. We follow the vanilla 3DGS [10] gradient for cloning,
while adopting the absolute gradient from AbsGS [20] for
splitting. For pruning, before 15k iterations, we follow
3DGS [10] but retain VCP by sampling half of the candi-
date Gaussians according to their pruning scores. After 15k
iterations, pruning is performed every 3k iterations by re-
moving Gaussians with opacity below 0.1 or pruning score
exceeding 0.9, ensuring multi-view consistency.

Our baseline, 3DGS-accel [10, 14], preserves the vanilla
3DGS [10] pipeline while integrating the per-splat paral-
lel backpropagation and accelerated SH optimization from
Taming-3DGS [14], along with an optimizer schedule that
updates the optimizer every 32 iterations from 15,000 to
20,000 iterations and every 64 iterations thereafter. This
schedule is inspired by the SH optimization strategy in
Taming-3DGS [14]. We do not consider it a conceptual
contribution of our method, so instead of discussing it in
the main paper, we incorporate it directly into the baseline
configuration. As shown in Tab. 16, this scheduling strat-
egy provides acceleration comparable to sparse Adam [14]
while fully preserving rendering quality.

We sincerely thank Taming-3DGS [14] for providing a
strong baseline, upon which our work builds. By further
integrating the proposed VCD, VCP, and CB components,
together with the absolute gradients from AbsGS [20], our
method achieves significant acceleration. This improve-
ment largely stems from the strict control of Gaussian count
enforced by VCD and VCP, ensuring that the number of
Gaussians remains as low as possible throughout training.
Other modules contribute only marginally to this aspect,
which we further analyze in the ablation study.



Table 8. Quantitative results of sparse-view reconstruction. We present the results under the 3-view and 6-view settings.

Method
LLFF [15] 3-view LLFF [15] 6-view

Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑

DropGaussian [16] 0.73 20.43 0.707 0.202 0.08M 183 0.88 24.67 0.836 0.116 0.18M 174
+Ours 0.30 20.58 0.708 0.217 0.03M 206 0.37 24.68 0.834 0.131 0.09M 199

9.2. Generalizing FastGS to Other Tasks
Dynamic Scene Reconstruction: Deformable-3DGS [19]
adopts the same ADC strategy as vanilla 3DGS [10], while
additionally predicting per-Gaussian deformation parame-
ters. This design remains fully compatible with our frame-
work. Building on our accelerated 3DGS backbone, we em-
ploy VCD and VCP to precisely regulate densification and
pruning, ensuring that the number of Gaussians remains low
throughout training. CB is further integrated to speed up
rendering, and the optimizer is Adam [11].
Surface Reconstruction: PGSR [2] uses an ADC strat-
egy similar to vanilla 3DGS [10]. Based on our acceler-
ated 3DGS backbone, we replace ADC with VCD and VCP
to strictly control Gaussian growth and elimination. CB is
integrated into the rasterization stage to further improve ef-
ficiency. Adam [11] is used as the optimizer.
Sparse-view Reconstruction: DropGaussian [16] differs
from vanilla 3DGS [10] in that it randomly sets the opac-
ity of a subset of Gaussians to zero during rendering, elim-
inating their contribution. Based on our accelerated 3DGS
backbone, we apply VCD and VCP to precisely control den-
sification and pruning, keeping the number of Gaussians
low throughout training. CB is incorporated to accelerate
rendering, and Adam [11] is used as the optimizer. Addi-
tional experimental results are presented in Tab. 8.
Large-scale Reconstruction: Octree-GS [17] uses an
anchor-based parameterization where each anchor gener-
ates multiple Gaussians. Based on our accelerated 3DGS
backbone, we apply VCD to constrain anchor expansion,
requiring the importance score of associated Gaussians to
exceed 5. VCP is not applied since pruning is performed
at the anchor level. CB is integrated into rasterization. The
optimizer is Adam [11].
SLAM: Photo-SLAM [9] follows vanilla 3DGS [10]’s
ADC strategy. Based on our accelerated 3DGS back-
bone, we integrate VCD and VCP for effective densifica-
tion and pruning, and incorporate CB to speed up rendering.
Adam [11] is used as the optimizer. Results are presented
in Tab. 9.

9.3. Equipping FastGS to Backbones
Mip-Splatting [21]: Mip-Splatting [21] introduces a filter-
ing mechanism for anti-aliasing while following an ADC
strategy similar to vanilla 3DGS [10]. Based on our accel-
erated 3DGS backbone, we replace its ADC pipeline with

Table 9. Quantitative results of SLAM. Our method achieves an
average 2.70× training speed-up.

Method
Replica [18] RGB-D

Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑

Photo-SLAM [9] 5.03 37.01 0.961 0.026 0.33M 744
+Ours 1.86 37.01 0.957 0.042 0.11M 2700

VCD and VCP, which precisely control Gaussian densifi-
cation and pruning to keep the number of Gaussians low
throughout training. CB is also integrated into the rasteri-
zation stage to further accelerate rendering. Adam [11] is
used as the optimizer. Additional experimental results are
presented in Tab. 10.
Scaffold-GS [13]: Scaffold-GS [13] adopts an anchor-
based Gaussian representation. On our accelerated 3DGS
backbone, we apply VCD to control densification and main-
tain a low number of Gaussians. VCP is not applicable
because pruning is performed at the anchor level. CB is
integrated into the rasterization stage to further accelerate
rendering. Adam [11] is used as the optimizer. Additional
experimental results are presented in Tab. 10.
3DCS [8]: 3DCS [8] is a study exploring alternatives to
Gaussian representations, which represents scenes using ex-
plicit 3D Smooth Convexes. We combine FastGS with
3DCS, with results shown in Tab. 11. Our method accel-
erates 3DCS training by over 2×, as summarized below,
demonstrating its broad applicability.

10. Computational Overhead
We report computational resource consumption in Tab. 12.
As shown, our method requires relatively low GPU mem-
ory, making it suitable for devices with limited resources.

11. Additional Ablation
In this section, we perform more comprehensive ablations
based on 3DGS-accel [10, 14] to further demonstrate that
the proposed multi-view consistency-based densification
and pruning strategies, VCD and VCP, contribute most sig-
nificantly to the overall acceleration.
Component-wise Ablation. We examine the effects of
VCD, VCP, CB, and the absolute gradients from Ab-
sGS [20] in Tab. 13. The ablation results indicate that nei-



Table 10. Quantitative results of accelerating various backbones.

Method
Deep Blending [7] Tanks & Temples [12]

Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑

Mip-Splatting [21] 23.94 29.35 0.899 0.241 3.48M 219 14.57 23.77 0.856 0.158 2.36M 300
+Ours 1.74 29.68 0.899 0.274 0.20M 698 2.01 24.18 0.843 0.200 0.36M 729

Scaffold-GS [13] 13.31 30.09 0.905 0.256 0.18M 307 9.83 24.09 0.851 0.175 0.26M 261
+Ours 2.82 30.00 0.900 0.267 0.08M 423 3.77 24.15 0.849 0.180 0.14M 332

Table 11. Quantitative results of accelerating 3DCS [8].

Method
Mip-NeRF [1] Deep Blending [7] Tanks & Temples [12]

Time↓ PSNR↑ NGS ↓ Time↓ PSNR↑ NGS ↓ Time↓ PSNR↑ NGS ↓

3DCS [8] 67.72 27.22 2.61M 93.93 29.35 3.07M 58.07 23.76 2.10M
+ Ours 32.68 27.22 0.86M 36.88 29.39 0.52M 28.93 23.95 0.79M

Table 12. Quantitative comparison of computational overhead. We report the mean GPU memory usage (GB), peak GPU memory
usage (GB), and storage size (MB).

Method
MipNeRF-360 [1] Deep Blending [7] Tanks&Temples [12]

mean GPU mem.↓ peak GPU mem.↓ Storage↓ mean GPU mem.↓ peak GPU mem.↓ Storage↓ mean GPU mem.↓ peak GPU mem.↓ Storage↓
3DGS [10] 7.70 9.89 652 5.97 8.10 610 3.47 4.73 389
Mini-Splatting [5] 5.21 7.44 132 4.16 6.20 138 2.51 4.63 75
Speedy-splat [6] 4.97 7.03 74 3.82 5.03 61 2.19 2.66 45
Taming-3DGS [14] 4.78 5.88 170 3.39 4.01 73 1.94 2.43 79
DashGaussian [3] 6.71 9.96 595 4.79 7.75 482 2.81 4.49 301

FastGS (Ours) 4.58 5.21 99 3.34 3.77 54 1.91 2.27 60
FastGS-Big (Ours) 5.37 6.63 208 3.81 4.65 114 2.22 2.83 86

Table 13. Ablation studies over the proposed methods. Ex-
periments are performed on the Mip-NeRF 360 dataset [1] with
3DGS-accel [10, 14] as the baseline.

Method Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓
3DGS-accel 7.10 27.46 0.810 0.226 2.64M

+Abs grad 6.85 27.60 0.817 0.216 2.29M
+CB. 6.13 27.44 0.810 0.223 2.78M
+VCD. 3.53 27.69 0.798 0.259 0.53M
+VCP. 5.32 27.70 0.812 0.228 1.96M

Full 1.93 27.56 0.797 0.261 0.40M

ther absolute gradients nor CB effectively reduce the num-
ber of Gaussians, and their contribution to acceleration is
limited. In contrast, our proposed VCD and VCP achieve
significantly greater speed-up, as they strictly control
the Gaussian count, keeping it low throughout the en-
tire training process, as shown in Fig. 2.
VCD Threshold τd. We study the effect of the densifi-
cation threshold τd in VCD on Tanks & Temples [12], as
shown in Tab. 14. A smaller τd allows more Gaussians to
be densified, leading to slightly higher rendering quality but
at the cost of increased training time and Gaussian count.

Table 14. Ablation study on thresh τd on Tanks & Temples [12].

τd Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓
1 1.44 24.17 0.841 0.205 0.30M
2 1.42 24.18 0.841 0.207 0.28M
5(ours) 1.32 24.15 0.839 0.210 0.24M
10 1.30 23.98 0.834 0.218 0.21M
20 1.23 23.84 0.829 0.226 0.17M
50 1.15 23.54 0.819 0.241 0.13M
100 1.12 23.26 0.809 0.252 0.11M

Conversely, a larger τd reduces the number of Gaussians,
accelerating training while slightly degrading quality. Our
default choice of τd = 5 achieves a balanced trade-off be-
tween efficiency and rendering fidelity.

Number of sampled views K. We study the effect of the
number of sampled views on both training efficiency and
rendering quality on the Mip-NeRF 360 [1] dataset. As
shown in Tab. 15, using too few views slightly degrades
quality, while sampling more views increases training time
with minimal improvement. Our default choice of K = 10
achieves a good balance.



Table 15. Ablation study on the number of sampled views K
on Mip-NeRF 360 [1]. “all” indicates using all training views.

K Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓
5 1.91 27.47 0.795 0.265 0.36M
10(ours) 1.93 27.56 0.797 0.261 0.40M
20 2.03 27.55 0.797 0.261 0.43M
50 2.10 27.55 0.797 0.262 0.43M
all 2.29 27.54 0.796 0.263 0.42M

Table 16. Comparison of different optimization strategies.

Method Optimizer Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓

FastGS Sparse Adam [14] 1.93 27.37 0.792 0.270 0.37M
Optimizer schedule 1.93 27.56 0.797 0.261 0.40M

12. Scene-wise Results

We present the quantitative results in Tab. 17, Tab. 18, and
Tab. 19, and provide the qualitative comparisons in Fig. 7,
Fig. 8 and Fig. 9.
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Table 17. Scene-wise quantitative results over the Mip-NeRF 360 dataset [1].

Method bicycle flowers garden

Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑

3DGS [10] 27.97 25.14 0.748 0.242 4.71M 80 18.98 21.30 0.586 0.360 2.82M 162 26.78 27.34 0.857 0.122 4.19M 103
Mini-Splatting [5] 16.17 25.23 0.764 0.241 0.59M 564 17.22 21.43 0.614 0.341 0.63M 511 15.97 27.36 0.806 0.215 0.67M 487
Speedy-Splat [6] 15.87 24.79 0.704 0.333 0.58M 460 13.38 21.21 0.560 0.418 0.34M 526 15.73 26.69 0.814 0.214 0.52M 474
Taming-3DGS [14] 5.65 24.72 0.693 0.332 0.81M 199 4.97 21.10 0.552 0.416 0.58M 233 9.82 27.42 0.851 0.138 2.08M 177
DashGaussian [3] 9.93 25.31 0.763 0.222 4.70M 105 7.05 21.78 0.604 0.341 2.82M 158 8.27 27.57 0.857 0.131 3.37M 153

FastGS 1.92 24.84 0.714 0.310 0.54M 582 1.95 21.21 0.560 0.406 0.49M 555 2.47 27.20 0.836 0.174 0.74M 538
FastGS-Big 2.59 25.26 0.755 0.245 1.55M 463 3.22 21.60 0.602 0.341 1.14M 468 6.50 27.56 0.864 0.110 2.64M 332

Method stump treehill room

Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑

3DGS [10] 21.77 26.64 0.768 0.244 4.05M 130 20.33 22.59 0.636 0.347 3.01M 136 18.78 31.71 0.927 0.197 1.25M 164
Mini-Splatting [5] 16.52 26.80 0.839 0.161 0.67M 521 17.05 22.76 0.656 0.326 0.63M 487 18.00 31.48 0.928 0.190 0.39M 506
Speedy-Splat [6] 13.77 26.67 0.765 0.288 0.46M 480 12.90 22.48 0.590 0.462 0.32M 548 12.05 30.83 0.903 0.258 0.11M 617
Taming-3DGS [14] 3.93 26.05 0.729 0.324 0.48M 280 5.37 22.92 0.628 0.395 0.79M 214 3.88 31.64 0.917 0.227 0.23M 230
DashGaussian [3] 6.57 27.17 0.783 0.229 3.42M 164 8.20 22.94 0.640 0.333 3.42M 134 4.00 31.81 0.924 0.205 1.04M 182

FastGS 1.72 26.65 0.756 0.297 0.39M 576 1.72 22.94 0.612 0.429 0.38M 568 1.62 31.98 0.920 0.217 0.21M 632
FastGS-Big 2.88 27.18 0.786 0.240 1.06M 489 2.78 22.83 0.632 0.378 1.01M 507 2.38 32.20 0.929 0.189 0.57M 577

Method counter kitchen bonsai

Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑LPIPS↓NGS ↓ FPS↑

3DGS [10] 17.58 29.16 0.915 0.183 1.05M 171 21.30 31.54 0.932 0.116 1.53M 144 14.90 32.37 0.946 0.180 1.07M 224
Mini-Splatting [5] 9.83 28.65 0.911 0.181 0.41M 590 10.23 31.05 0.930 0.120 0.44M 614 11.02 31.24 0.943 0.177 0.36M 661
Speedy-Splat [6] 12.10 28.22 0.876 0.259 0.10M 606 13.25 30.09 0.895 0.195 0.11M 608 11.37 31.16 0.925 0.228 0.13M 652
Taming-3DGS [14] 4.60 29.20 0.909 0.200 0.31M 221 3.48 31.84 0.929 0.128 0.48M 209 4.60 32.40 0.942 0.193 0.41M 227
DashGaussian [3] 3.95 29.11 0.911 0.191 0.85M 162 5.52 31.69 0.927 0.129 1.18M 135 3.95 32.15 0.945 0.180 0.82M 193

FastGS 1.83 29.15 0.907 0.204 0.21M 596 2.42 31.87 0.929 0.127 0.38M 543 1.83 32.19 0.942 0.191 0.28M 622
FastGS-Big 2.62 29.57 0.917 0.177 0.47M 522 5.15 32.17 0.938 0.105 1.18M 395 3.22 32.97 0.953 0.161 0.85M 498

Table 18. Scene-wise quantitative results over the Deep Blending dataset [4].

Method playroom drjohnson

Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑

3DGS [10] 16.75 30.14 0.904 0.243 1.85M 189 22.78 29.28 0.902 0.239 3.07M 126
Mini-Splatting [5] 12.30 30.47 0.908 0.241 0.51M 618 14.40 29.51 0.905 0.246 0.60M 629
Speedy-Splat [6] 9.70 29.77 0.898 0.274 0.18M 695 11.80 29.07 0.898 0.269 0.31M 633
Taming-3DGS [14] 3.35 29.96 0.901 0.264 0.40M 354 2.77 29.04 0.888 0.292 0.19M 349
DashGaussian [3] 4.70 30.17 0.909 0.243 2.38M 233 3.62 29.13 0.903 0.250 1.51M 182

FastGS 1.22 30.57 0.905 0.266 0.19M 727 1.35 29.50 0.898 0.275 0.25M 700
FastGS-Big 1.93 30.55 0.909 0.239 0.60M 619 2.07 29.69 0.905 0.247 0.70M 595
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Table 19. Scene-wise quantitative results over the Tanks & Temples dataset [12].

Method truck train

Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑ Time↓ PSNR↑ SSIM↑ LPIPS↓ NGS ↓ FPS↑

3DGS [10] 12.50 25.39 0.881 0.142 2.05M 186 10.18 22.03 0.818 0.198 1.09M 203
Mini-Splatting [5] 9.08 25.32 0.879 0.139 0.32M 716 9.03 21.60 0.809 0.223 0.28M 795
Speedy-Splat [6] 7.22 25.18 0.863 0.192 0.26M 648 5.42 21.59 0.768 0.292 0.11M 733
Taming-3DGS [14] 2.38 25.27 0.865 0.187 0.27M 409 3.03 22.50 0.802 0.240 0.37M 348
DashGaussian [3] 4.25 25.80 0.886 0.150 1.43M 257 4.32 22.19 0.819 0.206 1.00M 222

FastGS 1.30 25.73 0.872 0.178 0.25M 666 1.33 22.57 0.805 0.242 0.23M 644
FastGS-Big 2.13 26.09 0.886 0.140 0.63M 579 1.93 22.68 0.824 0.210 0.46M 558



Figure 7. Additional visual comparisons on the bicycle, garden, stump, room, counter, kitchen, bonsai, and playroom scenes.



Figure 8. Additional visual comparisons on different tasks, including the flame salmon, cut roasted beef, Caterpillar, Meetingroom scenes.



Figure 9. Additional visual comparisons on different tasks, including the trex, leaves, amsterdam, and office0 scenes.
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