Supplementary Material for SGAD-SLAM: Splatting Gaussians at Adjusted
Depth for Better Radiance Fields in RGBD SLAM

Pengchong Hu

Zhizhong Han

Machine Perception Lab, Wayne State University, Detroit, USA

pchulwayne.edu,

This supplementary material will include more details on
the implementation and numerical results for each scene.
Additionally, we also include more visual results.

1. Further Implementation Details

We implemented SGAD-SLAM in Python using the Py-
Torch framework, and ran all experiments on NVIDIA
RTX4090 GPUs. In the mapping process, the number of
mapping iterations is set to 100 for Replica [17], TUM-
RGBD [18], and ScanNet [1], 500 for ScanNet++ [25].
During tracking, the downsampling ratio R is set to 10 for
Replica [17] and ScanNet++ [25], 5 for TUM-RGBD [13]
and ScanNet [1]. When calculating the covariance matrix cg
of a 3D point df from its K, nearest neighbors, we choose
K. = 10for Replica [17] and ScanNet++ [25], K. = 23 for
TUM-RGBD [18], and K. = 15 for ScanNet [1]. To bal-
ance each term in the loss function Eq. 1 in the main paper,
weset p = 0.8, 7 = 0.2, and 0 = 1.0 for all datasets. At the
beginning of mapping, we need to initialize Gaussians from
the input RGBD images. The radius of each Gaussian, r, is
initialized by utilizing the following formula as introduced
in [8]:

r=— ey
where D, is the ground-truth depth, and F' is the focal
length. We set the learning rates as follows: Ircpior =
0.0025 for color, I1q4ius = 0.005 for radius, I7opecity =
0.05 for opacity, and Ir,frse¢ = 0.01 for offset. During
mapping, at least 40% of the mapping iterations will be
spent on the current view. In camera tracking, we initial-
ize camera pose for Generalized ICP (GICP) [16] by using
the constant speed assumption on ScanNet [1]. Due to the
high quality of RGBD images and smooth motion of the
camera, we adopt the latest camera initialization strategy
on Replica [17] and TUM-RGBD [18]. Note that Scan-
Net++ [25] is not specifically designed for SLAM tasks,
and its DSLR-captured sequences include occasional sud-
den large motions. Therefore, following previous meth-
ods [26, 28], we utilize multi-scale RGBD odometry [13]

h312h@wayne.edu

to help the pose initialization and only employ the first
250 frames of each scene in evaluations, which present
smoother trajectories.

2. More Results

In this section, to demonstrate the state-of-the-art perfor-
mance of our method, we report more detailed results on
each scene on Replica [17], TUM-RGBD [18], ScanNet [1],
and ScanNet++ [25].

Datasets. Replica [17] is a synthetic dataset that provides
high-fidelity 3D reconstructions of indoor scenes. For eval-
uation, we utilize the widely used RGB-D sequences from
eight scenes captured by Sucar [19], which includes pre-
cise ground-truth trajectories. TUM-RGBD [18], Scan-
Net [1], and ScanNet++ [25] are real-world datasets, offer-
ing diverse and challenging environments for evaluations.
The poses in TUM-RGBD were captured using an external
motion capture system, whereas ScanNet derives its poses
from BundleFusion [2]. Additionally, ScanNet++ employs
laser scanning to register images and obtain accurate cam-
era poses. Similar to previous methods [8, 9, 12, 22, 26, 28],
to evaluate the superior performance of our method, we
conduct experiments on eight scenes from Replica [17],
three scenes from TUM-RGBD [18], six scenes from
ScanNet [1], and five scenes from ScanNet++ [25] ((a)
b20a261fdf, (b) 8b5caf3398, (¢) fb05el13adl, (d)
2e74812d00, (e) 281bcl7764).

Metrics. We evaluate both the accuracy of estimated cam-
era poses at each frame and the rendering quality from both
observed and unobserved viewpoints. To evaluate track-
ing performance, we employ the root mean square absolute
trajectory error (ATE RMSE) [18] as a metric. To assess
rendering performance, we measure PSNR, SSIM [21], and
LPIPS [27]. Consistent with prior works [10, 15, 26, 28], all
rendering metrics are computed by rendering full-resolution
images along the estimated trajectory. Additionally, we
reconstruct scene meshes using the marching cubes algo-
rithm [11], following the approach in [15]. The reconstruc-
tion quality is assessed using the Fl-score, the harmonic



mean of Precision (P) and Recall (R), with a distance thresh-
old of 1 cm for all evaluations. Furthermore, we employ the
depth L1 to evaluate the rendered mesh depth error at sam-
pled novel views as in [29].

Numerical Results. To ensure statistical significance, all
reported numerical results are averaged over five runs. For
camera tracking performance, per-scene results are reported
in Tab. 5 - Tab. 10 for Replica [17], TUM-RGBD [18],
ScanNet [ 1], and ScanNet++ [25]. We present comparisons
in rendering performance for each scene in Replica [17]
in Tab. 1, in TUM-RGBD [18] in Tab. 3, in ScanNet [1]
in Tab. 4, and ScanNet++ [25] in Tab. 11. Additionally,
we report the novel view synthesis (NVS) results on Scan-
Net++, where the test views are distant from training views.
To evaluate PSNR on each novel view, we follow previous
methods [26, 28] to finetune the merged global map with
10K iterations and obtain the renderings in novel views.
Our per scene results in Tab. 12 show that our method yields
the best NVS performance.

Visual Results. Moreover, we provide more visual com-
parisons in rendering and reconstruction. In Replica [17],
we report reconstruction visual comparisons in Fig. 3, and
present each scene reconstruction comparisons in Tab. 2.
Meanwhile, we show a visual comparison in scene recon-
struction with camera tracking in Fig. 4 for Replica, where
the error map is obtained from the reconstructed mesh for
better visualization. Here we employ depth L1 and F1-
score as metrics to evaluate the mesh obtained by march-
ing cubes [11] following [15]. The comparisons show that
our method can acquire more accurate reconstruction, al-
though Point-SLAM [15] requires ground truth depth im-
ages as input to guide sampling when rendering, which is
an unfair advantage over other NeRF-based methods. In
TUM-RGBD [18], we provide more rendering and recon-
struction results in Fig. 1 and Fig. 5 separately. Compared
to the latest methods [3, 6, 8, 26, 29], our method shows su-
perior rendering performance and reconstruction quality. In
addition, we also present more rendering results and recon-
struction results for ScanNet [1] in Fig. 2 and Fig. 6, and
more rendering results for ScanNet++ [25] in Fig. 7. All
of these visual comparisons clearly show our high fidelity
rendering.

Comparison with VTGS-SLAM. Since VTGS-SLAM [6]
still relies on rendering for tracking, it requires complex
strategies to balance the memory limit and the number of
Gaussians, such as splitting a video into sections, adding
dense Gaussians merely on the first frame in a section while
incrementally adding sparse Gaussians on the others, and
adopting different tracking strategies in the same section.
Instead, we do not need section splitting, can use extremely
dense Gaussians on each frame, and run appearance map-
ping on multiple frames in parallel, leading to much simpler
tracking, better appearance modeling, and faster geometry

mapping. Tab. 7 shows VTGS-SLAM fails in tracking with
dense Gaussians on each frame like us.

Performance in Structureless Environments. We report
an evaluation on fr3/nostructure_texture_far in
Tab. 8, which is a scene with minimal geometric structure.
Our point-to-surface metric and rendering-based initializa-
tion contribute to our superior performance in this challeng-
ing scenario.

3. More Analysis.

Our pixel-aligned Gaussians can enhance our ability to han-
dle large scenes and the efficiency during mapping. For
each frame, we only need to splat its Gaussians with the
ones associated to its [V neighboring frames, rather than all
Gaussians in the scene as in previous methods [14, 26, 28].
This design not only saves time on every rendering by re-
ducing the number of Gaussians, but also enables us to
speed up the mapping by splatting Gaussians in each frame
in parallel in some scenarios. Additionally, unlike previ-
ous methods that require a set of keyframes to maintain the
Gaussians’ consistency to all previous frames, we do not
need to minimize rendering errors to all keyframes, but just
the latest frame as shown in Eq. 1 in the main paper.

4. Limitations

In real-world applications, the high-quality depth image are
often difficult to acquire, which increases the time cost in
the mapping process and degrades the rendering and track-
ing performance, although our movable pixel-aligned Gaus-
sians can mitigate the effect of noisy depth images.

5. Code

Please refer to our project page for code at
https://machineperceptionlab.github.io/SGAD-SLAM-
Project.

6. Video

Our accompanying video provides additional visualiza-
tions, including more comprehensive visual comparisons.
Please watch our video for more details.
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Figure 2. Visual comparisons in rendering on ScanNet [1]. Please watch our video for more comparisons in rendering.
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Figure 3. Visual comparisons in reconstruction on Replica [17].
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Table 1. Rendering performance comparisons in PSNR 1, SSIM 1, and LPIPS | on Replica [17]. * indicates methods relying on pre-trained
data-driven priors.

Method Metric RmO Rml Rm2 Off0 Offl Off2 O0Off3 O0Off4d Avg.

Neural Implicit Fields
PSNRT 22.12 2247 2452 29.07 3034 19.66 2223 2494 2442
NICE-SLAM [29] SSIMT  0.689 0.757 0.814 0.874 0.886 0.797 0.801 0.856 0.809
LPIPS] 0.330 0.271 0.208 0.229 0.181 0.235 0.209 0.198 0.233

PSNRT 2239 2236 2392 27.79 29.83 20.33 2347 2521 2441
Vox-Fusion [24] SSIMT  0.683 0.751 0.798 0.857 0.876 0.794 0.803 0.847 0.801
LPIPS| 0303 0269 0.234 0241 0.184 0.243 0213 0.199 0.236

PSNRT 2525 2739 28.09 3033 27.04 2799 2927 29.15 28.06
ESLAM [7] SSIMt  0.874 0.89 0935 0934 0910 0942 0953 0948 0.923
LPIPS| 0315 0296 0245 0213 0254 0.238 0.186 0.210 0.245

PSNRT 3240 3408 3550 3826 39.16 3399 3348 3349 35.17

Point-SLAM [15] SSIMT 0974 0977 0982 0983 0.986 0960 0.960 0.979 0.975
LPIPS| 0.113 0.116 0.111 0.100 0.118 0.156 0.132 0.142 0.124
77777777777777 PSNRT - - - - - oo o 3547
Loopy-SLAMx [10] SSIM T - - - - - - - - 0.981
LPIPS| - - - - - - - - 0.109
3D Gaussian Splatting
PSNRT 32.86 33.89 3525 3826 39.17 3197 29.70 31.81 34.11
SplaTAM [8] SSIMT 098 097  0.98 0.98 0.98 0.97 0.95 0.95 0.97

LPIPS| 0.07 0.10 0.08 0.09 0.09 0.10 0.12 0.15  0.10

PSNRT 3250 3425 35.10 3854 3920 3290 32.05 3275 34.66
SGS-SLAM [9] SSIMt 0976 0978 0981 0984 0980 0.967 0.966 0949 0.973
LPIPS| 0.070 0.094 0.070 0.086 0.087 0.101 0.115 0.148 0.096

PSNRT 31.56 32.86 3259 38.70 41.17 3236 32.03 3292 3427
GS-SLAM [23] SSIMt 0968 0973 0971 0986 0.993 0.978 0970 0.968 0.975
LPIPS| 0.094 0.075 0.093 0.050 0.033 0.094 0.110 0.112 0.082

PSNR{ 34.83 3643 3749 3995 4209 3624 36.70 36.07 37.50
MonoGS [12] SSIMtT 0954 0959 0965 0971 0977 0964 0963 0.957 0.960
LPIPS| 0.068 0.076 0.075 0.072 0.055 0.078 0.065 0.099 0.070

PSNRT 38.88 41.80 4244 4640 4529 40.10 39.06 42.65 42.08
Gaussian-SLAM [26] SSIM{T 0993 0.996 0.996 0.998 0997 0.997 0.997 0997 0.996
LPIPS| 0.017 0.018 0.019 0.015 0.016 0.020 0.020 0.020 0.018

PSNRT 3995 43.06 43.13 46.88 4720 42.14 4099 4335 4334
VTGS-SLAM [6] SSIMT 0992 0996 099 0998 0.997 099 099 0.996 0.996
LPIPS| 0.014 0.013 0.014 0.009 0.009 0.012 0.013 0.015 0.012

LoopSplatx [28] SSIMT 0973 0978 0985 0992 0990 0985 0990 0.989 0.985
LPIPS| 0.116 0.122 0.111 0085 0.123 0.140 0096 0.106 0.112
I PSNRT 3327 - - - - . 3460 - -
CG-SLAM: [4] SSIMt - - - - - - - - -
LPIPS| - - - - - - - - -

PSNRT 40.85 43.94 44.52 48.55 4841 4435 42.62 4571 44.87
Ours SSIMT 0997 0998 0998 0999 0.998 0.998 0998 0.998 0.998
LPIPS| 0.020 0.020 0.022 0.018 0.024 0.017 0.022 0.022 0.021




Table 2. Reconstruction performance comparison in Depth L1 [cm]{ and F1 [%] 1 on Replica [17]. * indicates methods relying on
pre-trained data-driven priors.

Method Metric RmO0 Rml Rm2 Off0 Offl O0ff2 O0Off3 O0ff4 Avg.

Neural Implicit Fields

NICE-SLAM [29] Depth L1 [em]{ 1.81 144 2.04 1.39 1.76 8.33 4.99 201 297

F1 [%]T 450 44.8 43.6 50.0 51.9 39.2 39.9 36.5 439
wronpi | DASLTIL LI e e e e
T R
ostapy BELTITIL 0w s e T e
st BTLIEIL G5 OR0e o0 a0 vl o
gyt BRI 030 om0l 0 o 0ar 0

3D Gaussian Splatting

SplaTAM [8] Depth L1 [cm]] 043 0.38 054 044 0.66 1.05 1.60 0.68 0.72

F1 [%] 7t 89.3 882 880 917 90.0 85.1 77.1 80.1 86.1
s pETIL IR e
st PRSI 08I T8 0w e on o
vissLaMiol e ooy oz sy s wos sea ms st0 oo
Lo DHRLTIT 0970070 g o 0p e 00 o0

Depth L1 [ecm]{ 0.27 0.17 036 0.22 0.38 0.37 0.45 021  0.30

Ours F1 [%] 1 91.6 923 914 939 912 893 889 887 909




Table 3. Rendering performance comparison in PSNR 71, SSIM 1, and LPIPS | on TUM-RGBD [18]. * indicates methods relying on
pre-trained data-driven priors.

Method Metric  frl/desk fr2/xyz fr3/office Avg.
Neural Implicit Fields
PSNRT 13.83 17.87 12.89 14.86
NICE-SLAM [29] SSIM?* 0.569 0.718 0.554 0.614
LPIPS| 0.482 0.344 0.498 0.441
PSNR?T 15.79 16.32 17.27 16.46
Vox-Fusion [24] SSIM? 0.647 0.706 0.677 0.677
LPIPS| 0.523 0.433 0.456 0.471
PSNR?T 11.29 17.46 17.02 15.26
ESLAM [7] SSIMt 0.666 0.310 0.457 0.478
LPIPS| 0.358 0.698 0.652 0.569
PSNR?T 13.87 17.56 18.43 16.62
Point-SLAM [15] SSIM* 0.627 0.708 0.754 0.696
,,,,,,,,,,,,,, LPIPS| 0544 0585 0448 0526
PSNR?T - - - 12.94
Loopy-SLAM: [10] SSIM?T - - - 0.489
LPIPS| - - - 0.645
3D Gaussian Splatting
PSNR?T 22.00 24.50 21.90 22.80
SplaTAM [8] SSIMt 0.857 0.947 0.876 0.893
LPIPS, 0.232 0.100 0.202 0.178
PSNR?T 24.01 25.02 26.13 25.05
Gaussian-SLAM [26]  SSIM?T 0.924 0.924 0.939 0.929
LPIPS| 0.178 0.186 0.141 0.168
PSNR?T 27.09 33.01 30.50 30.20
VTGS-SLAM [6] SSIM* 0.959 0.982 0.974 0.972
,,,,,,,,,,,,,, LPIPS| 0085 0038 0063 0062
PSNRT 22.03 22.68 23.47 22.72
LoopSplatk [28] SSIM* 0.849 0.892 0.879 0.873
LPIPS| 0.307 0.217 0.253 0.259
PSNR?T 39.21 36.74 39.86 38.60
Ours SSIM?T 0.998 0.996 0.997 0.997

LPIPS| 0.009 0.014 0.012 0.012




Table 4. Rendering performance comparison in PSNR 1, SSIM 1, and LPIPS | on ScanNet [1]. * indicates methods relying on pre-trained
data-driven priors.

Method Metric 0000 0059 0106 0169 0181 0207 Avg.

Neural Implicit Fields
PSNRT 1871 1655 17.29 18.75 1556 1838 17.54
NICE-SLAM [29] SSIMT  0.641 0.605 0.646 0.629 0.562 0.646 0.621
LPIPS, 0.561 0.534 0510 0.534 0.602 0.552 0.548

PSNRT 19.06 1638 1846 18.69 1675 19.66 18.17
Vox-Fusion [24] SSIMT  0.662 0.615 0.753 0.650 0.666 0.696 0.673
LPIPS| 0.515 0.528 0439 0513 0.532  0.500 0.504

PSNRt 1570 14.48 1544 1456 1422 17.32 15.29
ESLAM [7] SSIMt  0.687 0.632 0.628 0.656 0.696 0.653 0.658
LPIPS, 0449 0450 0.529 0486 0.482 0.534 0.488

PSNRt 21.30 19.48 16.80 18.53 2227 20.56 19.82

Point-SLAM [15] SSIMT  0.806 0.765 0.676 0.686 0.823 0.750 0.751
LPIPS| 0.485 0499 0544 0542 0471 0544 0514
77777777777777 PSNRT - - - - - . 1523
LoopySLAMx [10] SSIMT - - - - - - 0.629
LPIPS| - - - - - - 0.671
3D Gaussian Splatting
PSNRT 1933 1927 17.73 2197 16776 198 19.14
SplaTAM [8] SSIMT  0.660 0.792 0.690 0.776 0.683 0.696 0.716

PSNRT 28.54 2621 2626 28.60 27.79 28.63 27.70
Gaussian-SLAM [26] SSIMT 0926 0934 0926 0917 0922 0914 0.923
LPIPS| 0271 0.211 0217 0226 0.277 0.288 0.248

PSNRT 31.51 30.60 31.27 32.02 29.60 31.58 31.10
VTGS-SLAM [6] SSIMt 0957 0974 0975 0962 0.954 0946 0.961
LPIPS, 0.131 0.080 0.074 0.091 0.145 0.124 0.108

LoopSplatx [28] SSIMt  0.840 0.831 0.846 0.877 0.824 0.854 0.845

PSNRT 40.85 41.10 4291 42.76 43.51 42.71 4231
Ours SSIMT 0996 0.997 0.998 0.997 0.997 0996 0.997
LPIPS, 0.056 0.051 0.041 0.041 0.057 0.046 0.049




Table 5. Tracking performance comparisons in ATE RMSE |, [cm] on Replica [17]. * methods relying on pre-trained data-driven priors.

Method RmO Rml Rm2 Off0 Offl Off2 Off3 Off4d Avg.
Neural Implicit Fields

NICE-SLAM [29] 1.69 2.04 1.55 0.99 090 139 397 3.08 1.95
DF-Prior [5] 1.39 1.55 2.60 1.09 123 1.61 3.61 1.42 1.81
Vox-Fusion [24] 0.27 1.33 0.47 0.70 1.11 046 0.26 0.58 0.65
ESLAM [7] 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63 0.63

Point-SLAM [15] 0.61 0.41 0.37 038 0.48 054 0.72 0.63 0.52

Loopy-SLAM=x [10] 0.24 0.24 0.28 0.26 0.40 0.29 0.22 035 0.29

3D Gaussian Splatting

SplaTAM [8] 0.31 0.40 0.29 047 0.27 029 032 0.55 0.36
GS-SLAM [23] 0.48 0.53 0.33 0.52 041 0.59 046 0.70 0.50
Gaussian-SLAM [26] 0.29 0.29 0.22 0.37 0.23 041 0.30 0.35 0.31
VTGS-SLAM [6] 0.22 0.26 0.19 0.28 0.26 034 0.25 043 0.28
GS-ICP SLAM [3]  0.15 0.16 0.11 0.18 0.12 0.17 0.16 0.21 0.16

LoopSplatx [28] 0.28 0.22 0.17 0.22 0.16 049 0.20 0.30 0.26
CG-SLAMx [4] 0.29 0.27 0.25 033 0.14 028 031 0.29 0.27

Ours 0.15 0.17 0.10 0.16 0.12 0.16 0.25 0.20 0.16

Table 6. Tracking performance in ATE RMSE | [cm] on TUM-RGBD [18]. * methods using pre-trained data-driven priors.

Method frl/desk fr2/xyz fr3/office Avg.
Neural Implicit Fields
NICE-SLAM [29] 4.3 31.7 3.9 13.3
Vox-Fusion [24] 3.5 1.5 26.0 10.3
Point-SLAM [15] 4.3 1.3 3.5 3.0
Loopy-SLAMx [10] 38 16 34 29
3D Gaussian Splatting
SplaTAM [8] 3.4 1.2 5.2 33
GS-SLAM [23] 33 1.3 6.6 3.7
Gaussian-SLAM [26] 2.6 1.3 4.6 2.9
VTGS-SLAM [6] 2.4 1.1 4.4 2.6
GS-ICP SLAM [3] 2.7 1.8 2.7 24
" LoopSplat [28] 21 6 32 23
CG-SLAMx [4] 24 1.2 2.5 2.0

Ours 2.2 1.7 2.0 2.0




Table 7. Tracking performance in ATE RMSE | [cm] on TUM-RGBD [18]. * indicates VTGS-SLAM [6] treats each frame as a section,
initializing dense Gaussians on each frame similar to our approach.

Method frl/desk fr2/xyz fr3/office  Avg.
VTGS-SLAM [6] 382.4 3462.5 400.5 1415.1
Ours 2.2 1.7 2.0 2.0

Table 8. Tracking performance in ATE RMSE | [cm] on fr3/nostructure_texture_far in TUM-RGBD [18]. % methods using
pre-trained data-driven priors.

Method SplaTAM [8] LoopSplat« [28] VTGS-SLAM [6] GS-ICP SLAM [3] Ours(w/o init.)  Ours(w/ init.)
ATE RMSE | [cm] 113 7.3 9.7 115.8 122.4 4.7

Table 9. Tracking performance in ATE RMSE | [cm] on ScanNet [1]. * methods using pre-trained data-driven priors.

Method 0000 0059 0106 0169 0181 0207 Avg.
Neural Implicit Fields

NICE-SLAM [29] 120 140 79 109 134 6.2 10.7
Vox-Fusion [24] 688 242 84 273 233 94 269

Point-SLAM [15] 102 7.8 87 222 148 95 122

Loopy-SLAM=« [10] ~ 42~ 75 83 75 106 79 7.7

3D Gaussian Splatting

SplaTAM (8] 128 10.1 177 121 111 7.5 119
Gaussian-SLAM [26] 24.8 8.6 11.3 146 18.7 144 154
VTGS-SLAM [6] 178 87 11.8 105 106 8.6 11.3

LoopSplatx [28] 62 71 74 106 85 6.6 7.7
CG-SLAM=x [4] 71 75 89 82 116 53 &1

Ours 119 64 53 85 103 47 179




Table 10. Tracking performance in ATE RMSE | [cm] on ScanNet++ [25]. * methods relying on pre-trained data-driven priors.

Method a b C d e Avg.
Neural Implicit Fields

Point-SLAM [15] 246.16 632.99 830.79 271.42 574.86 511.24
ESLAM [7] 25.15 215 27.02 20.89 3547 22.14
Loopy-SLAMx [10] - - 2516 23425 81.48 113.63
3D Gaussian Splatting

SplaTAM [§] 1.50 0.57 031 443.10 1.58 8941
Gaussian-SLAM [26] 1.37 597 270 235 1.02 2.68
VTGS-SLAM [6] 280 150 1.00 120 130 1.60
LoopSplatx [28] ~ 1.14 3.16 3.16 1.68 091 2.05

Ours(w/o Initialization) 5.57 16.70 1.70 450 420 6.50
Ours 080 0.71 0.05 063 074 0.59

Table 11. Rendering performance comparison in PSNR 1 on ScanNet++ [25]. * indicates methods relying on pre-trained data-driven
priors.

Method a b c d e Avg.

3D Gaussian Splatting

SplaTAM [8] 28.02 2793 2948 19.65 28.48 26.71

Gaussian-SLAM [26]  30.06 30.02 31.15 28.75 31.94 30.38
 VIGS-SLAM 6] - 3284 31.02 3244 3143  33.38 32.22

LoopSplatx [28] 30.15 30.08 30.04 28.94 31.78 30.20

Ours 3595 3484 3581 3571 4132 36.73

Table 12. Novel View Synthesis performance comparison in PSNR 1 on ScanNet++ [25]. * indicates methods relying on pre-trained
data-driven priors. We calculate PSNR including all pixels, regardless of whether they have a valid depth input.

Method a b c d e Avg.
3D Gaussian Splatting
SplaTAM (8] 2395 2266 1395 847 20.06 17.82
Gaussian-SLAM [26]  26.66 2442 1501 1835 2191 21.27
VTGS-SLAM [6] 25.55 2425 1694 18.59 2195 21.46

~ LoopSplat [28] 25.60 23.65 1587 18.86 2251 21.30

Ours 2681 26.79 1538 20.89 21.71 22.32
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