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Abstract

This supplementary material is organized as follows: Sec-
tion 1 provides the system details and hyperparameters for
tracking and mapping. Section 2 presents the complete
comparison tables for rendering performance. Section 3
explains the baseline methods. Section 4 discusses the limi-
tations of this work and future directions. Section 5 provides
additional qualitative results.

1. System and Hyperparameters

For tracking, we use the pre-trained DROID module [8] to
calculate optical flow. The motion filter threshold is set to
2.4 to trigger new keyframe creation. The multi-view filter,
used for extracting reliable depth predictions, uses a repro-
jection threshold of 0.01 for inspecting depth predictions.
The local bundle adjustment (BA) window size is set to 25.
We perform global optimization every 20 keyframes.

For mapping, the learning rate for 3D Gaussian positions
is set to 0.00016 for initialization, and 0.0000016 in the
standard loop. The learning rates for spherical harmonics
(DC only), opacity, scale, and rotation are fixed at 0.0025,
0.05, 0.001, and 0.001, respectively. The 3D Gaussians are
initialized from the first keyframe with 500 iterations of op-
timization by minimizing the loss defined in Equation ??.
During the standard mapping loop, the number of iterations
is set to 30 per step for quick convergence. The optimiza-
tion occurs in a local keyframe window of size 10 to pre-
vent Gaussian optimization overfitting. Gaussian pruning
and densification occur every 150 iterations. Gaussians are
pruned if their opacity falls below 0.8, their scale exceeds
0.1, or their 2D screen-space projection size exceeds 20 pix-
els. Keyframe camera poses are updated during mapping
with learning rates of 0.003 for camera rotation and 0.001
for camera translation. The final refinement phase, consist-
ing of 25,000 iterations is, applied at the very end to opti-
mize all 3D Gaussians globally.

2. Rendering performance table

In this section, we show the complete comparison tables for
Gaussian rendering performance. Table 1, Table 2 and Ta-
ble 3 demonstrates the Gaussian rendering performance for
Replica [6], ScanNet [1] and TUM-RGBD [7], respectively.

3. Baseline Methods

We compare our methods with state-of-the-art RGB-D
Gaussian SLAM methods. Please refer to the complete ta-
bles 1, 2 and 3. For visual comparison, we choose the sem-
inal work SplaTAM [3] which sets for the first Gaussian
splatting SLAM and the G-SLAM [11] which demonstrates
the best performance so far.

4. Limitations

Although our GBG-SLAM shows superior performance in
our experiments, the system still has several limitations.

First, the current system uses DROID for tracking, which
computes the optical flow via 4D correlations of 2D deep
features. Consequently, every keyframe must store these
2D dense feature maps. Due to the memory overhead for
storing the dense 2D features, the length of the input video
is limited. To overcome this issue, replacing the current
pipeline with a sparse (or deep sparse) feature-based track-
ing module would be a promising direction for achieving a
fast and lightweight SLAM system.

Second, although our system achieves faster speeds com-
pared to state-of-the-art methods, it still falls short of real-
time operation (∼ 30 frames per second) on the benchmark
datasets. Accelerating the overall pipeline to bridge this gap
remains an important avenue for future research.

5. Additional Qualitative Results

We provide additional qualitative results on the experimen-
tal benchmark datasets. Figures 1 - 7 present these addi-
tional visual comparisons.
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Methods Metrics Avg. Room0 Room1 Room2 Office0 Office1 Office2 Office3 Office4
PSNR ↑ 24.42 22.12 22.47 24.52 29.07 30.34 19.66 22.23 24.94

NICE-SLAM [12] SSIM ↑ 0.809 0.689 0.757 0.814 0.874 0.886 0.797 0.801 0.856
LPIPS ↓ 0.233 0.330 0.271 0.208 0.229 0.181 0.235 0.209 0.198
PSNR ↑ 24.41 22.39 22.36 23.92 27.79 29.83 20.33 23.47 25.21

Vox-Fusion [10] SSIM ↑ 0.801 0.683 0.751 0.798 0.857 0.876 0.794 0.803 0.847
LPIPS 0.236 0.303 0.269 0.234 0.241 0.184 0.243 0.213 0.199
PSNR ↑ 30.24 27.27 28.45 29.06 34.14 34.87 28.43 28.76 30.91

Co-SLAM [9] SSIM ↑ 0.939 0.901 0.909 0.932 0.961 0.969 0.938 0.941 0.955
LPIPS ↓ 0.252 0.324 0.294 0.266 0.209 0.196 0.258 0.229 0.236
PSNR ↑ 29.08 25.32 27.77 29.08 33.71 30.20 28.09 28.77 29.71

ESLAM [2] SSIM ↑ 0.929 0.875 0.902 0.932 0.960 0.923 0.943 0.948 0.945
LPIPS ↓ 0.336 0.313 0.298 0.248 0.184 0.228 0.241 0.196 0.204
PSNR ↑ 35.15 32.40 34.08 35.50 38.26 39.16 33.99 33.48 35.15

Point-SLAM [5] SSIM ↑ 0.975 0.874 0.890 0.935 0.910 0.942 0.953 0.948 0.923
LPIPS ↓ 0.124 0.113 0.116 0.111 0.100 0.118 0.156 0.132 0.142
PSNR ↑ 33.98 32.48 33.72 34.96 38.34 39.04 31.90 29.70 31.68

SplaTAM [3] SSIM ↑ 0.969 0.975 0.970 0.982 0.982 0.982 0.965 0.950 0.946
LPIPS ↓ 0.099 0.072 0.096 0.074 0.083 0.093 0.100 0.118 0.155
PSNR ↑ 34.66 32.50 34.25 35.10 38.54 39.20 32.90 32.05 32.75

Gaussian-SLAM [4] SSIM ↑ 0.973 0.976 0.978 0.981 0.984 0.980 0.967 0.966 0.949
LPIPS 0.096 0.070 0.094 0.070 0.086 0.087 0.101 0.115 0.148
PSNR ↑ 42.08 38.88 41.80 42.44 46.40 45.29 40.10 39.06 42.65

G-SLAM [11] SSIM ↑ 0.996 0.993 0.996 0.998 0.997 0.997 0.997 0.997 0.996
LPIPS ↓ 0.018 0.017 0.018 0.019 0.015 0.016 0.020 0.020 0.020
PSNR ↑ 37.97 36.35 36.36 36.75 42.90 42.00 35.57 35.92 37.89

Ours SSIM ↑ 0.970 0.965 0.965 0.969 0.986 0.983 0.955 0.964 0.975
LPIPS ↓ 0.026 0.029 0.028 0.030 0.011 0.015 0.043 0.023 0.027

Table 1. Rendering performance on the Replica dataset [6]. Our GBG-SLAM outperforms most existing dense neural RGB-D methods
across the commonly reported rendering metrics. The best, second-best, and third-best results are highlighted in first , second , third .
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Methods Metrics Avg. 0000 0059 0106 0169 0181 0207
PSNR ↑ 17.54 18.71 16.55 17.29 18.75 15.56 18.38

NICE-SLAM [12] SSIM ↑ 0.621 0.641 0.605 0.646 0.629 0.562 0.646
LPIPS ↓ 0.548 0.561 0.534 0.510 0.534 0.602 0.552
PSNR ↑ 18.17 19.06 16.38 18.46 18.69 16.75 19.66

Vox-Fusion [10] SSIM ↑ 0.673 0.662 0.615 0.753 0.650 0.666 0.696
LPIPS ↓ 0.504 0.515 0.528 0.439 0.513 0.532 0.500
PSNR ↑ 15.29 15.70 14.48 15.44 14.56 14.22 17.32

ESLAM [2] SSIM ↑ 0.658 0.687 0.632 0.628 0.656 0.696 0.653
LPIPS ↓ 0.488 0.449 0.450 0.529 0.486 0.482 0.534
PSNR ↑ 19.82 21.30 19.48 16.80 18.53 22.27 20.56

Point-SLAM [5] SSIM ↑ 0.751 0.806 0.765 0.676 0.686 0.823 0.750
LPIPS ↓ 0.514 0.485 0.499 0.544 0.542 0.471 0.544
PSNR ↑ 19.14 19.33 19.27 17.73 21.97 16.76 19.8

SplaTAM [3] SSIM ↑ 0.716 0.660 0.792 0.690 0.776 0.683 0.696
LPIPS ↓ 0.358 0.438 0.289 0.376 0.281 0.420 0.341
PSNR ↑ 27.67 28.54 26.21 26.26 28.60 27.79 28.63

G-SLAM [11] SSIM ↑ 0.923 0.926 0.934 0.917 0.922 0.914 0.923
LPIPS ↓ 0.248 0.271 0.211 0.217 0.226 0.277 0.288
PSNR ↑ 31.36 32.86 28.49 30.80 32.70 31.28 31.94

Ours SSIM ↑ 0.903 0.914 0.890 0.921 0.914 0.902 0.879
LPIPS ↓ 0.108 0.068 0.116 0.094 0.085 0.152 0.130

Table 2. Rendering performance on the ScanNet dataset. Our GBG-SLAM achieves the best performance on this real-world dataset. The
best, second-best, and third-best results are highlighted in first , second , and third , respectively.

Methods Metrics Avg. fr1/dsk. fr2/xyz fr3/of.
PSNR ↑ 14.86 13.83 17.87 12.89

NICE-SLAM [12] SSIM ↑ 0.614 0.569 0.718 0.554
LPIPS ↓ 0.441 0.482 0.344 0.498
PSNR ↑ 16.46 15.79 16.32 17.27

Vox-fusion [10] SSIM ↑ 0.677 0.647 0.706 0.677
LPIPS ↓ 0.471 0.523 0.433 0.456
PSNR ↑ 15.26 11.29 17.56 17.02

ESLAM [2] SSIM ↑ 0.478 0.666 0.310 0.478
LPIPS ↓ 0.569 0.358 0.698 0.652
PSNR ↑ 16.62 13.87 17.56 18.43

Point-SLAM [5] SSIM ↑ 0.696 0.627 0.708 0.754
LPIPS ↓ 0.526 0.544 0.585 0.448
PSNR ↑ 22.80 22.00 24.50 21.90

SplaTAM [3] SSIM ↑ 0.893 0.857 0.947 0.876
LPIPS ↓ 0.202 0.232 0.100 0.202
PSNR ↑ 25.05 24.01 25.02 26.13

G-SLAM [11] SSIM ↑ 0.929 0.924 0.924 0.939
LPIPS ↓ 0.168 0.178 0.186 0.141
PSNR ↑ 28.24 26.16 30.33 28.22

Ours SSIM ↑ 0.883 0.860 0.915 0.875
LPIPS ↓ 0.117 0.156 0.066 0.129

Table 3. Complete rendering performance on the TUM-RGBD dataset. Our GBG-SLAM achieves the best average performance. The best,
second-best, and third-best results are highlighted in first , second , and third , respectively.



Figure 1. Rendering results on the ScanNet [1] scene0000. The first row shows color images normalized to [0, 1] and corresponding error
maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM error[3], G-SLAM [11],
G-SLAM error.



Figure 2. Rendering results on the ScanNet [1] scene0106. The first row shows color images normalized to [0, 1] and corresponding error
maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM error[3], G-SLAM [11],
G-SLAM error.



Figure 3. Rendering results on the ScanNet [1] scene0106. The first row shows color images normalized to [0, 1] and corresponding error
maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM error[3], G-SLAM [11],
G-SLAM error.



Figure 4. Rendering results on the ScanNet [1] scene0169. The first row shows color images normalized to [0, 1] and corresponding error
maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM error[3], G-SLAM [11],
G-SLAM error.



Figure 5. Rendering results on the ScanNet [1] scene0169. The first row shows color images normalized to [0, 1] and corresponding error
maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM error[3], G-SLAM [11],
G-SLAM error.



Figure 6. Additional Rendering results of TUM-RGBD dataset freiburg3-office [7]. The first row shows color images normalized to [0, 1]
and corresponding error maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM
error[3], G-SLAM [11], G-SLAM error.



Figure 7. Additional Rendering results of TUM-RGBD dataset freiburg3-office [7]. The first row shows color images normalized to [0, 1]
and corresponding error maps clamped to [0, 0.2]. From left to right: ground truth, our method, our error map, SplaTAM [3], SplaTAM
error[3], G-SLAM [11], G-SLAM error.


