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1 MORE RELATEDWORK
In order to help understand the characteristics of our GS3LAM, this
section introduces some related work on semantic feature embedding.
It is noteworthy that unlike GS3LAM, which simultaneously estimates
camera poses and constructs semantic maps, these studies require
accurate camera poses.

Pose-Known Feature Embedded Field. To enhance the per-
ception and comprehension of 3D scenes, the embedding of high-
dimensional features into these scenes has been extensively inves-
tigated within the domains of pose-aware NeRF [12] and 3DGS [5].
Early endeavors such as Semantic-NeRF [31] and Panoptic Lifting
[21] aim to embed semantics into 3D space by optimizing a 3D fea-
ture radiance field to effectively reconstruct 2D features rendered
from volumes. Building upon this foundation, Distilled Feature
Fields [7] and LERF [6] extend this approach by incorporating high-
dimensional feature vectors derived from models like DINOv2 [16]
and CLIP [18] into the NeRF framework. In parallel with NeRF
advancements, methodologies like LangSplat [17] and LEGaussians
[20] endeavor to quantize high-dimensional CLIP features into 3D
Gaussians, leveraging them for tasks pertaining to open-vocabulary
scene understanding. Concurrently, techniques like Feature 3DGS
[32] and Gaussian Grouping [30] embed semantic features into 3D
Gaussians for application in tasks related to 3D group analysis. Al-
though these methods can effectively lift 2D features into 3D field,
the optimization for these features usually demands several hours
of offline training, which presents challenges for SLAM systems
requiring real-time pose and field optimization.

In GS3LAM framework, we embed the semantic features with
our proposed Semantic Gaussian Field (SG-Field), in which high-
dimensional semantic labels are encoded as low-dimensional im-
plicit features, and subsequently decoded by a decoder into seman-
tic labels, thereby facilitating an efficient conversion between 3D
implicit features and 2D semantic labels.

2 METHOD DETAILS
This section provides the theoretical foundation of frame-to-model
tracking in our GS3LAM, specifically focusing on the Jacobian of
SG-Field with respect to camera poses. Furthermore, we investigate
the optimization bias problem in Model-based (NeRF/3DGS) SLAM, a
topic that has not yet been explored in the existing literature.

2.1 Analytical Jacobian of Camera Pose
According to the “Semantic Splatting-Rendering and Decoding”
pipeline outlined in Sec. 3.2.2, it is observed that the gradient of the
camera pose T𝐶𝑊 is associated with three intermediary variables:
the 2D covariance matrix 𝚺

2𝐷 , the camera intrinsic parameter K,
and the center of the projected 2D Gaussian g𝑖 = (KT𝐶𝑊 µ𝑖 )/𝑑𝑖 ,
where µ𝑖 is the centroid (mean) of the 𝑖-th 3D Gaussian, 𝑑𝑖 is the
depth of the 𝑖-th 3D Gaussian centroid with respect to the camera
coordinate system. By applying the chain rule of differentiation,

the analytical Jacobian of the semantic loss function L𝑠𝑒𝑚 with
respect to the camera pose T𝐶𝑊 is derived as follows,

𝜕L𝑠𝑒𝑚

𝜕T𝐶𝑊
=

𝜕L𝑠𝑒𝑚

𝜕𝑠𝑝𝑖𝑥

𝜕𝑠𝑝𝑖𝑥

𝜕f̂𝑝𝑖𝑥

𝜕f̂𝑝𝑖𝑥
𝜕T𝐶𝑊

=
𝜕L𝑠𝑒𝑚

𝜕𝑠𝑝𝑖𝑥

𝜕𝑠𝑝𝑖𝑥

𝜕f̂𝑝𝑖𝑥

(
𝜕f̂𝑝𝑖𝑥
𝜕f𝑖

𝜕f𝑖
𝜕T𝐶𝑊

+
𝜕f̂𝑝𝑖𝑥
𝜕𝛼𝑖

𝜕𝛼𝑖

𝜕T𝐶𝑊

)
.

(1)

If the features dependent on viewpoint ( 𝜕f̂𝑝𝑖𝑥
𝜕f𝑖

𝜕f𝑖
𝜕T𝐶𝑊

) are disre-
garded, then,

𝜕L𝑠𝑒𝑚
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)
=
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𝜕𝛼𝑖
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J𝑇
𝑖
)

𝜕T𝐶𝑊
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𝜕g𝑖
𝜕 (KT𝐶𝑊 µ𝑖 )
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)
.

(2)
At this juncture, each component of the equation can be resolved
through direct expansion. Similarly, the Jacobian of the color loss
functionL𝑐𝑜𝑙𝑜𝑟 with respect to the camera pose T𝐶𝑊 is also derived
as,

𝜕L𝑐𝑜𝑙𝑜𝑟

𝜕T𝐶𝑊
=
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)
=
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(
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J𝑇
𝑖
)

𝜕T𝐶𝑊
+ 𝜕𝛼𝑖

𝜕g𝑖
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𝜕T𝐶𝑊 𝑑𝑖

)
.

(3)

2.2 Dive into Optimization Bias of Model-based
SLAM

Forgetting Phenomenon in Model-based SLAM. In contrast to
traditional SLAM methods based on points, surfels[13, 23, 26, 27],
grids[14], or voxels[8, 10, 15] for scene representation, contempo-
rary Model-based (NeRF/3DGS) SLAM systems [4, 11, 19, 25, 29, 36]
typically employ implicit volumetric functions or dense Gaussian
clouds to represent scenes. While these excel in rendering quality
and novel view synthesis, they often exhibit a tendency to forget
previously learned information in large scenes or long-term video
sequences. This is mainly because Model-based SLAM systems
rely on a single neural network with fixed capacity [19, 24, 35]
or a global Gaussian model [4, 11, 28], which are susceptible to
global changes during the incremental optimization. In NeRF-based
SLAM systems, a common method to alleviate this problem is to
use sparse ray sampling to train the network in the current ob-
servation frame, such as optimizing with randomly sampled 1024
pixels. However, in large-scale incremental mapping, this strategy
necessitates complex resampling strategies to maintain lower mem-
ory efficiency as data increases. Conversely, in 3DGS-based SLAM
systems, the sparse sampling strategy for explicit representation of
Gaussian clouds leads to inefficient sampling of information across
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3D space, resulting in uneven model updates and significant varia-
tions in rendering quality across different viewpoints. Despite the
existence of forgetting phenomena in existing Model-based SLAM
approaches, they still demonstrate relatively high mean rendering
quality (PSNR), leading to the oversight of global map consistency,
that is, the variance of the rendering quality (PSNR), in the current
literature.

Optimization Bias. To evaluate the impact of optimization
strategies on the global consistency of the map, we propose a
scheme that incorporates camera trajectories, optimization iter-
ations, and rendering quality. As illustrated in Fig. 1, the covisibility
relationships between frames can be discerned from the camera
trajectories: regions with dense camera trajectories indicate more
co-view frames, while areas with sparse camera trajectories indicate
fewer covisible frames. The size of each point’s radius indicates the
number of optimizations undergone by the current frame during the
model optimization process, with larger radii indicating a greater
number of optimization iterations. Furthermore, the rendering qual-
ity of each frame can be inferred from the color of each point, with
darker colors indicative of lower rendering quality (measured by
PSNR). Additionally, the figure also provides the mean and variance
of PSNR.

If an optimization strategy results in lower PSNR values in re-
gions with high covisibility and frequent optimization iterations,
it means that the strategy impedes the convergence of the model.
Conversely, if lower PSNR values are observed in areas with low
covisibility and fewer optimization iterations, it indicates under-
optimization of the model due to the strategy. We refer to this
phenomenon as optimization bias.

2 1 0 1 2
X (m)

1.5

1.0

0.5

0.0

0.5

Y 
(m

)

PSNR: 42.49 dB2, PSNR: 28.77 dB

Camera Position (Radius = Opt. Iters)
Camera Trajectory
Start Point 17.5

20.0

22.5

25.0

27.5

30.0

32.5

35.0

PS
NR

Figure 1: Illustration of optimization bias.

Based on the observations aforementioned, we aim for an opti-
mization strategy that fosters a higher mean PSNR and lower PSNR
variance in the model, thereby yielding a map with enhanced global
consistency. Therefore, we propose the Random Sampling-based
Keyframe Mapping (RSKM) strategy, which integrates random sam-
pling techniques applied in NeRF-based SLAM into 3DGS-based
SLAM. In comparison to the Local Covisibility Keyframe Mapping
(LCKM) strategy employed in SplaTAM [4], RSKM not only en-
hances rendering quality (resulting in a higher mean PSNR) but
also augments the global consistency of the map (resulting in a
lower PSNR variance). Further experimental results are presented
in Fig. 2.

3 MORE EXPERIMENTS
3.1 Further Implementation Details
Learning rate setting. During the tracking phase, the learning
rate for the rotation quaternion of the pose was set to 0.0004, while
for the translation vector of the pose, it was set to 0.002. In the map-
ping phase, the learning rates of semantic Gaussians are as follows:
position-0.0001, color-0.0025, rotation matrix-0.001, opacity-0.05,
scaling matrix-0.001, and semantic feature-0.0025. Objective func-
tion weight setting. In the tracking phase, color term weight 𝜆𝑡𝑐
was set to 0.5, depth term weight 𝜆𝑡

𝑑
to 1.0, and sematic feature term

weight 𝜆𝑡𝑠 to 0.001. During the mapping state, color term weight 𝜆𝑚𝑐
was set to 0.5, depth term weight 𝜆𝑚

𝑑
to 1.0, semantic feature term

weight 𝜆𝑚𝑠 to 0.01, big scale term weight 𝜆𝑚
𝑏𝑖𝑔

to 0.01, and small scale
term weight 𝜆𝑚

𝑠𝑚𝑎𝑙𝑙
to 0.001. Optimization iteration setting. For

Replica [22], the tracking process underwent 40 iterations, while
the mapping phase was subjected to 60 iterations. Conversely, for
ScanNet [2], the tracking phase involved 100 iterations, whereas
the mapping phase underwent 30 iterations.

3.2 Runtime Analysis
As depicted in Table 1, we present a comparative analysis of the run-
time performance of GS3LAM against SOTAmethods on the Replica
“Office 0” [22]. Leveraging the efficient representation of SG-Field
and the tile-based rasterization technique, GS3LAM demonstrates
expedited mapping capabilities. Furthermore, its rendering speed
surpasses that of 3DGS-based SplaTAM [4] by a factor of 1.78 and
outperforms NeRF-based Point-SLAM [19] by a significant margin
of 36 times.

Table 1: Runtime analysis on Replica “Office 0”.

Method Mapping
/Iteration(ms)

Mapping
/Frame(s)

Tracking
/Iteration(ms)

Tracking
/Frame(s)

Rendering
(FPS)

NICE-SLAM[36] 89 1.15 27 1.06 2.64
Vox-Fusion[29] 98 1.47 64 1.92 1.63
Point-SLAM[19] 57 3.52 27 1.11 2.96
SplaTAM[4] 83 4.94 70 2.82 59.91

GS3LAM (Ours) 55 4.29 89 3.01 106.56

Table 2: Rendering speed (FPS ↑) on Replica [22].

Method R0 R1 R2 O0 O1 O2 O3 O4 Avg.
SplaTAM [4] 71.30 65.90 52.75 59.91 57.77 82.18 63.43 84.49 67.22

GS3LAM (Ours) 121.21 93.46 75.55 97.32 95.33 135.69 101.27 153.09 109.12

3.3 More Tracking Evaluations
As shown in Table 4, we present a comparative assessment of the
tracking performance of GS3LAM against other state-of-the-art
methodologies on the ScanNet dataset [2]. Due to the inherent in-
accuracies in depth measurements in ScanNet, explicit 3DGS-based
SLAM systems encounter challenges. Unlike implicit NeRF-based
approaches, which leverage Signed Distance Function (SDF) Multi-
Layer Perceptron (MLP) branches to overfit the effects of depth
errors effectively, explicit 3DGS-based SLAM methods demonstrate
slightly inferior tracking precision. A potential solution to this issue
involves integrating MLPs to optimize Gaussian attributes, thereby
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Table 3: The comparative analysis of our GS3LAM on Replica [22] with concurrent semantic SLAM-related studies. Under
competitive tracking accuracy, GS3LAM achieves state-of-the-art rendering quality and semantic reconstruction.

Methods Metrics Room0 Room1 Room2 Office0 Office1 Office2 Office3 Office4 Avg.

SNI-SLAM [34]
CVPR 24

PSNR [dB] ↑ 25.91 28.17 29.15 33.86 30.34 29.10 29.02 29.87 29.43
SSIM ↑ 0.885 0.910 0.938 0.965 0.927 0.950 0.950 0.952 0.935
LPIPS ↓ 0.307 0.292 0.245 0.182 0.225 0.238 0.192 0.198 0.235

mIoU [%] ↑ 88.42 87.43 86.16 87.63 78.63 86.49 74.01 80.22 83.62
ATE RMSE [cm] ↓ 0.50 0.55 0.45 0.35 0.41 0.33 0.62 0.50 0.46

SGS-SLAM [9]
arXiv 24

PSNR [dB] ↑ 32.50 34.25 35.10 38.54 39.20 32.90 32.05 32.75 34.66
SSIM ↑ 0.976 0.978 0.981 0.984 0.980 0.967 0.966 0.949 0.973
LPIPS ↓ 0.070 0.094 0.070 0.086 0.087 0.101 0.115 0.148 0.096

mIoU [%] ↑ 92.95 92.91 92.10 92.90 - - - - 92.72
ATE RMSE [cm] ↓ 0.46 0.45 0.29 0.46 0.23 0.45 0.42 0.55 0.41

SemGauss-SLAM [33]
arXiv 24

PSNR [dB] ↑ 32.55 33.92 35.15 39.18 39.87 32.97 31.60 35.00 35.03
SSIM ↑ 0.979 0.979 0.987 0.989 0.990 0.979 0.972 0.978 0.982
LPIPS ↓ 0.055 0.054 0.045 0.048 0.050 0.069 0.078 0.093 0.062

mIoU [%] ↑ 92.81 94.10 94.72 95.23 90.11 94.93 92.93 94.82 93.71
ATE RMSE [cm] ↓ 0.26 0.42 0.27 0.34 0.17 0.32 0.36 0.49 0.33

NEDS-SLAM [3]
arXiv 24

PSNR [dB] ↑ 35.23 34.86 35.16 37.53 39.71 32.68 31.07 31.82 34.76
SSIM ↑ 0.979 0.862 0.983 0.981 0.979 0.973 0.968 0.973 0.962
LPIPS ↓ 0.082 0.075 0.071 0.091 0.087 0.079 0.103 0.113 0.088

mIoU [%] ↑ 90.73 91.20 - 90.42 - - - - 90.78
ATE RMSE [cm] ↓ 0.37 0.40 0.33 0.35 0.28 0.30 0.32 0.47 0.35

GS3LAM (Ours)

PSNR [dB] ↑ 33.67 35.80 35.96 40.28 41.21 34.30 34.27 34.59 36.26
SSIM ↑ 0.986 0.989 0.990 0.993 0.994 0.988 0.990 0.983 0.989
LPIPS ↓ 0.051 0.039 0.046 0.040 0.030 0.065 0.061 0.081 0.052

mIoU [%] ↑ 96.83 96.68 96.40 96.61 97.35 96.83 96.10 95.73 96.57
ATE RMSE [cm] ↓ 0.27 0.25 0.28 0.67 0.21 0.33 0.30 0.65 0.37

Table 4: Tracking performance on ScanNet [2] (ATE RMSE ↓
[cm]).

Method 0000 0059 0106 0169 0181 0207 Avg.
NICE-SLAM[36] 12.00 14.00 7.90 10.90 13.40 6.20 10.70
Vox-Fusion[29] 68.84 24.18 8.41 27.28 23.30 9.41 26.90
Point-SLAM[19] 10.24 7.81 8.65 22.16 14.77 9.54 12.19
SplaTAM[4] 12.83 10.10 17.72 12.08 11.10 7.46 11.88

GS3LAM (Ours) 11.34 10.78 17.00 11.35 10.57 6.39 11.24

enhancing the robustness of 3DGS-based SLAM in real-world sce-
narios [1, 37].

3.4 More Rendering Evaluations
In Fig. 5 and Fig. 6, we present additional comparative analyses of
rendering quality between GS3LAM and state-of-the-art methods
on the Replica [22] and ScanNet [2] datasets, respectively.

3.5 Semantic Reconstruction Results
In Fig. 3 and Fig. 4, we present the semantic Gaussian fields re-
constructed by our GS3LAM, along with the decoupled geometric,
appearance, and semantic maps derived therefrom, respectively.
Furthermore, in Fig. 7, we present the visual results of semantic
segmentation achieved by GS3LAM. From these illustrations, it is
discernible that our approach yields more precise segmentation
along object boundaries, particularly evident on the ScanNet dataset
[2] characterized by imprecise semantic labels.

3.6 Comparison with Contemporary Studies
As of the submission deadline, several concurrent, non-open-source
semantic SLAM endeavors have been identified on arXiv. Our com-
parative analysis with these studies is presented in Table 3, indicat-
ing that our GS3LAM achieves state-of-the-art rendering quality
and semantic reconstruction while maintaining competitive track-
ing accuracy.
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Figure 2: Optimization bias on Replica [22]. Our proposed RSKM strategy not only improves rendering quality (higher mean
PSNR 𝜇𝑃𝑆𝑁𝑅) but also enhances the global consistency of the map (lower PSNR variance 𝜎𝑃𝑆𝑁𝑅). The LCKM strategy employed
in SplaTAM [4] exhibits lower PSNR in regions with high covisibility and frequent optimization iterations, thereby hindering
model convergence in these areas. Conversely, in regions with fewer covisible frames, the reduced optimization iterations lead
to under-optimized model, resulting in decreased PSNR.
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Figure 3: The visualization of the semantic Gaussian fields constructed by our GS3LAM on the Replica [22] and ScanNet [2]
datasets. GS3LAM demonstrates robust tracking capabilities and achieves real-time high-quality rendering at 109 FPS, along
with precise 3D semantic reconstruction.
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Figure 4: Semantic Gaussian field decoupling by our GS3LAM. GS3LAM is capable of real-time construction of 3D semantic
maps that exhibit geometric, appearance, and semantic consistency, thereby enabling potential downstream real-time tasks.
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Figure 5: More rendering results on Replica [22].
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Figure 6: More rendering results on ScanNet [2].



813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

ACM MM, 2024, Melbourne, Australia Anonymous Authors

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

Ground Truth Semantic Feature GS3LAM (Ours) Semantic Residual
O

ffi
ce

 3
O

ffi
ce

 0
O

ffi
ce

 1
R

oo
m

 2
R

oo
m

 0
00

00
00

59
02

07

Figure 7: Semantic rendering on Replica [22] and ScanNet [2]. It is noteworthy that on the ScanNet dataset, which contains real
data with inaccurately annotated semantic labels, our GS3LAM exhibits the capability to achieve more precise segmentation
results at object boundaries.
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