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Abstract— 3D Gaussian Splatting (3DGS) has significantly
boosted novel view synthesis and high-fidelity scene reconstruc-
tion, expanding the potential of 3DGS-based Visual Simultane-
ous Localization and Mapping (SLAM) methods. However, most
existing systems fail to fully exploit the underlying structural
information, which limits rendering quality and often leads
to inconsistent maps. To address these limitations, we propose
MMD-SLAM, a structure-enhanced Visual SLAM framework
that leverages the Atlanta World (AW) assumption to guide
a Multi-Meta Gaussian representation for photorealistic map-
ping. First, we introduce a point-line fusion strategy for
pose optimization, where 3D line segments are incorporated
to improve tracking robustness and provide additional con-
straints for mapping. Second, we design a Multi-Meta Gaussian
representation with dominant directions, explicitly encoding
structural priors from the AW hypothesis. Finally, we propose a
Gaussian evolution strategy that adapts to scene geometry and
incorporates structural cues into global optimization. Extensive
experiments demonstrate that these innovations enable MMD-
SLAM to achieve state-of-the-art performance in both tracking
accuracy and mapping quality. e.g., our method achieves a
48.56% reduction in ATE RMSE on ScanNet and a 5.71%
improvement in PSNR on Replica, compared with MonoGS.

I. INTRODUCTION

Visual SLAM aims to estimate camera poses while simul-
taneously constructing sparse or dense maps of the environ-
ment. As a fundamental problem in 3D computer vision,
Visual SLAM has been extensively applied in robotics,
autonomous driving, and virtual reality (VR) [1]. The tra-
ditional Visual SLAM excels at localization, but its limited
reconstruction capability falls short for Embodied Artificial
Intelligence (Embodied AI). To address this gap, high-fidelity
scene reconstruction with new perspective synthesis shows
high potential in embodied perception and virtual agent train-
ing [2], [3]. Traditional visual SLAM systems primarily fo-
cus on camera pose tracking, while the mapping component
often relies on sparse representations such as point clouds or
voxels. Such low-fidelity maps, which contain holes and lack
texture details, are increasingly inadequate for Augmented
Reality (AR), VR, and Embodied Al. Consequently, research
in Visual SLAM has been shifting toward photorealistic map
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Fig. 1: Comparison of mapping effect. (a) illustrates that
traditional Gaussian ellipsoids, which do not conform to the
underlying structure, interfere with each other and generate
blurred artifacts. (b) demonstrates that the Multi-Meta Gaus-
sians used in our method better fit the scene structure after
training, exhibiting clear edges.

reconstruction, which is essential for embodied perception
and agent training.

The advent of Neural Radiance Fields (NeRF) [4] has
introduced a novel approach to scene representation for
robotics [5]. Integrating NeRF into the Visual SLAM signifi-
cantly enhances the system’s high-fidelity reconstruction ca-
pabilities. Despite these advances, NeRF-based methods [6],
[7] remain limited by over-smoothing and computational
inefficiency.

3D Gaussian Splatting (3DGS) [8] is an explicit scene ex-
pression method that offers substantial improvements in both
training speed and rendering quality. However, most 3DGS-
based Visual SLAM methods [9]-[15] explore improvements
in rendering quality, efficiency, semantics, and robustness,
while ignoring the underlying structural information in the
scene. With this in mind, MG-SLAM [16] leverages the
Manhattan World assumption and extracts line features for
scene optimization. However, its lack of effective integration
between discrete features and Gaussian primitives constrains
its adaptability. Furthermore, the anisotropic ellipsoid of
3DGS makes it difficult to reasonably describe these geo-
metric structures, which limits the mapping quality of 3DGS-
based methods.

To overcome the above limitations, we proposed
MMD-SLAM, a structure-enhanced Multi-Meta Gaussian
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Distribution-guided Visual SLAM. Inspired by the Atlanta
World (AW) assumption [17], which postulates that man-
made indoor environments are dominated by multiple lo-
cally orthogonal directions, we leverage structural priors
to improve both tracking and mapping. Specifically, we
extract line segment features while extracting feature points
in the tracking part, and jointly constrain pose estimation and
perform global bundle adjustment optimization by reproject-
ing point features and back-projecting and reprojecting line
features. On the other hand, in the mapping part, based on
the AW hypothesis, we divide the 3D Gaussian distribution
into three categories: points (spheres), lines, and surfaces,
and introduce a dominant direction for this Multi-Meta
Gaussian, which is very helpful for the accurate descrip-
tion of geometric structure. At the same time, we propose
an evolutionary strategy for Multi-Meta Gaussian, further
dividing the Gaussian primitives into Weak states that can
flexibly convert types and Stable states that stably represent
geometric structures, improving the multi-scene adaptability
of our method. Finally, we propose a structure-enhanced
scene optimization method. By combining the shape loss
and dominant direction loss of Multi-Meta Gaussian on the
basis of color and depth loss, we construct a complete loss
function, further improving the overall scene reconstruction
quality, as shown in Fig. 1.

Overall, the main contributions of our work are as follows:

1) We propose MMD-SLAM, a visual SLAM system
that leverages the AW hypothesis to guide Multi-
Meta Gaussians, leading to significantly improved pose
estimation and photorealistic mapping quality. To our
knowledge, this innovation is unique.

2) We propose a structurally enhanced multi-meta rep-
resentation. By using the AW hypothesis, a set of
Multi-Meta Gaussians with dominant directions was
innovatively introduced, which can fully utilize the un-
derlying scene structure extracted by the tracking part
for mapping. Furthermore, a corresponding optimiza-
tion strategy are introduced, significantly improving
the mapping performance.

3) Extensive evaluation on both real-world and large-
scale synthetic datasets shows that our method achieves
state-of-the-art mapping and rendering quality while
maintaining competitive tracking accuracy.

II. RELATED WORKS
A. Classical Dense Visual SLAM

Over the past decade, extensive work has used visual
SLAM for dense scene reconstruction [18]. Traditional re-
search uses explicit representations like point clouds, surfels,
and Truncated Signed Distance Functions (TSDF) to recon-
struct scenes [19]. For example, BundleFusion [20] estimates
camera poses in real time from sparse features and uses
TSDF for online mapping and map adjustment, achieving
globally consistent 3D reconstruction. ElasticFusion [21]
uses surfel sets for scene representation and periodically
optimizes the map through non-rigid surface deformation.

DI-Fusion [22] integrates scene geometry with deep neural
networks for incremental reconstruction. These traditional
dense SLAM systems primarily focus on tracking and ge-
ometric reconstruction, while our approach also considers
high-fidelity appearance reconstruction.

B. Neural Implicit based SLAM

Following NeRF’s rise [4], integrating neural implicit
representations into SLAM has attracted significant attention.
iMAP [23] first demonstrated the potential of implicit rep-
resentations in SLAM using a single multilayer perceptron
(MLP). Subsequently, various works [5]-[7] explored novel
implicit scene representations. For instance, NICE-SLAM [6]
reconstructs large-scale scenes using hierarchical feature
grids with pretrained MLPs. HS-SLAM [7] combines hash
grids, tri-planes, and one-blob networks into a hybrid encod-
ing scheme. Nevertheless, MLP-based implicit methods often
suffer from over-smoothing and catastrophic forgetting, lim-
iting their ability to capture fine-grained geometric details.

C. 3D Gaussian Splatting based SLAM

The recent success of 3D Gaussian Splatting (3DGS) [8]
has sparked interest in combining this efficient explicit rep-
resentation with SLAM systems. Most approaches focus on
improving rendering quality [9]-[11] and computational effi-
ciency [12], [13], while others investigate semantic [24] and
robustness [14], [25] enhancements. However, they generally
overlook structural regularities in man-made environments,
restricting both rendering quality and mapping consistency.
MG-SLAM [16] addressed this limitation by incorporating
structured line features into pose optimization and map
refinement, improving reconstruction quality. Yet, it is con-
strained by the Manhattan World (MW) assumption [26],
compromising rendering fidelity and adaptability. In contrast,
our method generalizes the MW assumption to the Atlanta
World (AW) assumption and introduces a set of multi-modal
Gaussian primitives that enhance structural modeling while
preserving high-quality appearance reconstruction.

III. METHOD

Fig. 2 illustrates the overall pipeline of our approach,
which is guided by the Atlanta World (AW) assumption. Sec-
tion III-A describes the tracking module, where point-line
constraints are incorporated to extract accurate geometric
features, construct a sparse map, and perform global op-
timization, thereby providing reliable structural constraints
for subsequent mapping. In Section III-B, we present the
Structure-Enhanced Multi-Meta Gaussian representation as
the underlying scene model. By leveraging Gaussian catego-
rization and evolution, we enhance scene reconstruction, and
further optimize the map using a combination of appearance
and geometry-aware loss functions.

A. Tracking of Point & Line Fusion Constraints

1) Geometric primitives and notations: To clearly de-
scribe our method, we first introduce the core mathematical
notations and geometric primitives.

12892



Cameral
Pose

A4 AD®

Tracking

4 3 * ?3‘ Z % .
| 2D Lines & Points | i\ )
] i

Back-projection

3D Line Segments & Points

4 _er ) Rendering Images
: \ Gaussian Map L ’
: v o] % Weak Gaussians Stable Gaussians
| & . e daje—g |
g  Multi-Meta | ’ 7
: E Gaussians | 2 —/. ‘j—. Il’
| i AW Coordinates
| 4%"'?! Gaussl\"{a
| Structure-Enhanced Multi-Meta Gaussian |
I

Fig. 2: Overview. MMD-SLAM consists of two components: Tracking and Mapping. Tracking: First, extracting point and
line features from the input RGB-D frame, the camera pose is determined, and a sparse map is constructed. Secondly, the
tracking process is optimized by minimizing the reprojection error and backprojection error. Mapping: Using accurate point
cloud information to initialize a Weak Gaussian, a set of stable Multi-Meta Gaussian distributions that conform to the AW

assumption is obtained, in order to precisely fit the scene.

Camera: Our system is based on the standard pinhole
camera model, with intrinsic matrix K € R3*3 and pose
(R,t) € SE(3).

Image: Each 2D image I is associated with a depth map
D. A 2D point and a line segment in the image are denoted
as p = [u,v]T € R? and | = (p, q), respectively.

3D Space: In the 3D world domain, given a three-
dimensional point P € R3*3, we use the projection function
7 : R® — I to project the three-dimensional point P; to
its corresponding two-dimensional point p;. At the same
time, there is a back-projection function 3 : I — R? that
uses the depth map D to back-project the 2D pixels to 3D
points in the camera coordinate system. A 3D line segment
is composed of a pair of 3D points (P, Q) € R? x R? in
the map.

2) Point-based pose optimization: Similar to [27], we
extract point features from the 2D image and perform back-
projection to optimize the camera pose. For the observation
point p; in the key frame I, there is a reprojection error:

Lop ZP(HPi — Tk (RkP¢+tk)||2,2)D) (1)

where 212’ D= afh,]lg is the covariance matrix, a?)i € R is the
noise variance of feature points extracted at different scales
in the Gaussian image pyramid [28], and we denote by I
the identity matrix of size 2 x 2.

For RGB-D cameras, we can use depth information to
construct a reprojection error of a 3D point. For point p; in
the kth keyframe, we have

b;
Lip=p , -
Ni‘jﬁ

Tk P (2)

- 2% —b

f(zc ) s
EgD

where, the superscripts W and C' denote the world and

camera coordinate systems, respectively. The variable d
represents the depth of point p, in image I; f, is the focal
length in the z direction; z© is the z-coordinate of point
PC = RkPW + t; in the camera frame; and c, is the
z-coordinate of the principal point.

3) Line segment-based pose optimization: Motivated
by [28], we incorporate additional line constraints to enhance
the robustness of the system. Line segments are efficiently
detected at each level of the image pyramid using the
EDLines method [29]. For line matching, we adopt the LBD
descriptor [30], where correspondences are evaluated based
on the Hamming distance between descriptors. For a 3D
line segment L € R3, its projection on the image plane is
represented as | = (p, q). The back-projection of [ is given as
(B(p), B(q)). The distance between the camera projection of
a 3D point P and the 2D line [ is denoted as d' = |\%§%H’
where p = [p7,1], § = [q7,1]. Therefore, the 2D line
segment reprojection error is defined as:

dy - (RePY +ty,

(3)
d;c ST RkQW + t

ClzD:P

1
2D

In addition, we exploit the available depth information to
overcome the limitations of purely 2D reprojection errors
by introducing constraints in 3D space. In the 3D map, the
distance between an endpoint P of a line segment and its
corresponding back-projected point is defined as:

dr (8. P") = |P° - 5(p)|

where P¢ is obtained from P¢ = RkPW + ti. This regu-
larization term constrains the 3D map endpoints around the
centroid of their observed back-projected points, preventing
drift during optimization.

4)
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Fig. 3: Multi-Meta Gaussian Evolution. The transition
from Weak to Stable states is achieved via adaptive type
Conversion and density control (Clone, Split, and Merge), a
process we term Multi-Meta Gaussian Evolution. Conversion
refers to the operation between different types of Gaussians,
while densification control is the operation between the same
type of Gaussians.

Furthermore, we measure the perpendicular distance from
P to its back-projected 3D line segment:L’ = (8 (p), 5 (q)),
which enforces alignment between the geometric direction of
the 3D line segment and that of its observed back-projection.
This yields a 3D line back-projection error:

) |(PO=8() x (P°-5(0)]
18 (p) x B(q)]

This ensures that the geometric direction of the 3D line seg-
ment is aligned with the direction of the currently observed
back-projection line segment, from which a back-projection
error of the 3D line segment can be obtained:

dip (L PY) 5)

Lhp=»p (6)

i
dSD

dip (L', PY) +wd (B (p), PV
L',Q") +wd, (B(q),Q"

1
E3D

where w € [0, 1] is a scalar weighting factor.

4) Global BA optimization: Based on the point and line
error functions described above, we formulate a global
bundle adjustment to minimize the overall objective function
as:

Lr=> (Z Lo+ Lhp+>  Lop+y £2D> (7)

K Pa2p Psp Lap L3p

where /C denotes the set of keyframes, and P and L represent
the sets of points and lines extracted from a given keyframe
k, respectively.

The optimization is carried out using the Leven-
berg—Marquardt (L-M) algorithm by iteratively solving the
augmented normal as:

(TSI + M) A0 =-J"m""e ()
where the terms ¢ and X correspond to the projection

errors and covariance contributions in the global objective,
respectively.

A 0
I
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Fig. 4: Split and Merge. We improved the original Split
and added Merge to make the Density Control module more
suitable for our system.

B. Mapping of Structure-Enhanced Multi-Meta Gaussian

1) Multi-Meta Gaussian Distribution Guided by AW As-
sumption: For 3D Gaussian primitives G = N (,uW, ZW),
we largely follow the representation in [8]. Each Gaussian is
parameterized by color c derived from spherical harmonics
SH € R!6, opacity 6 € [0,1], mean in world coordinates
uW, and covariance " € R3*3 decomposed into scale s
and rotation R.

To better fit structured 3D scenes, we draw inspiration
from the Atlanta World assumption and extend traditional
3DGS [8] by introducing three types of Gaussian prim-
itives with distinct geometric modalities: Point Gaussian
(GT, Sphere Gaussian), Line Gaussian (G"), and Surface
Gaussian (G°). Furthermore, each primitive is classified into
either a Stable or Weak state depending on its reliability. For
Weak-state Gaussians, we adopt the unified formulation as:

6 = exp (3 (x =) (57) " fx-u)) 0

For Stable-state Gaussians, the definitions follow three dif-
ferent patterns: Point Gaussian, Line Gaussian, and Surface
Gaussian.

Point Gaussian: Similar to SplaTAM [9], we enforce
isotropy on Point Gaussians. Their distribution is expressed

as:
w
X— [
0t (L "1)

Comparing with the Eq. 9, Sable Point Gaussian has fewer
learned parameters, which can significantly improve training
speed.

Line Gaussian: We introduce line Gaussians to model
structural edges and other linear features in the scene.

For each primitive, among the scale parameters s” =
[sk,sk,sL], the largest scale is defined as the dominant

direction, while the other two scales are close to each other
and much smaller. Let x denote the dominant direction, then:

(1)

(10)

SL = [Sgirv SdLir/nLv Sgir/nL}

Surface Gaussian: To represent large planar structures
in 3D scenes, we define surface Gaussians. In this case,
one axis with the smallest scale is defined as the dominant
direction, while the remaining two scales are similar and
relatively large. This configuration is analogous to the 2DGS
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TABLE I: ATE RMSE (cm) | results on TUM RGB-D [31] and ScanNet [32] datasets. The best results are marked as
best score and second best score . The horizontal lines indicate that this method does not support this dataset.

Datasets \ TUM RGB-D [31] \ ScanNet [32]

Methods | fri/desk  frd/xyz  fr3/office | Avg. | 0000 0059 0106 0169 0207 | Avg.
SplaTAM [9] 3.34 1.34 5.21 330 | 1257 1015 1778 1265 798 | 12.23
MonoGS [11] 1.52 1.58 1.65 158 | 1594 13.03 1944 1044 1046 | 1420
RTG-SLAM [12] 1.62 0.39 1.14 1.06 | 811 675 903 1024 933 | 8.69
GS-ICP SLAM [13] 3.12 1.94 3.21 2.76 - - - - - -
MG-SLAM [16] - - - - 595 | 641 807 729 614 | 677
MMD-SLAM (Ours) 1.55 0.61 1.12 109 | 582 652 785 699 651 | 674

representation introduced in [33], and its scale characteristics
can be written as:

SS = [Sgir’ Sgi'r'ns7 Sgirns}

2) Multi-Meta Gaussian Evolution: Fig. 3 illustrates the
operations involved in Multi-Meta Gaussian Evolution. We
initialize Gaussian primitives at the 3D points P generated
during tracking, with all primitives initially assigned to the
Weak state. Through iterative updates, these Weak Gaussians
gradually adapt to the surrounding 3D scene structure and are
progressively classified into different Multi-Meta Gaussians.

Conversion: To obtain Stable Gaussians, we reclassify all
Weak Gaussians every 1000 iterations and generate new Sta-
ble Gaussians. To evaluate this process, we introduce a Type
Stability Score (TSS). Specifically, during each classification,
if a Weak Gaussian Gy, retains the same type, its 1'S'S;
increases by 1; otherwise, if a type conversion occurs, T'S'S;
is reset to 0. When a Gaussian maintains the same type for
n consecutive classifications, i.e., T'S'S; = n, it is promoted
to the Stable state, after which its geometric type remains
unchanged.

Density Control: Our Clone method largely follows [8],
with two additional modifications. First, the cloned Gaussian
primitive is assigned the same type as the original one.
Second, the cloned Gaussian is initialized in the Weak
state. These modifications ensure that our approach remains
adaptable to scene structures.

Meanwhile, we employ different types of Gaussians for
Split and Merge operations to enhance the representation
of complex structures, as illustrated in Fig. 4. During the
Split process, an oversized Line Gaussian is divided along
its dominant vector u, splitting the original Gaussian center

1"V into two centers:

12)

1

i(bua

where ¢ is a scaling factor. The newly generated Gaussians
are set to the Weak state, with their scales also controlled
by ¢. Similarly, we split the oversized Surface Gaussian
into three Weak state Gaussians. The Gaussian centers are
distributed triangularly on a plane orthogonal to the principal
direction p}/V = pu" +¢v;,i =1,2,3, where v; denotes the
in-plane offset vectors.

To reduce computational overhead, we introduce a Merge
operation that fuses neighboring Gaussians of the same type

1
py’ = p"v - py =pt+Sou (13)

with small scales. Specifically, for merged Line Gaussians,
the new dominant scale is defined as the sum of the distances
between their centers. For Surface Gaussians, the two in-
plane scales are set to the average of the pairwise distances
among the three centers. All other attributes are assigned as
the mean of the merged Gaussians.

3) Structure-enhanced scene optimization: We introduce
a structure-enhanced scene optimization method to optimize
the learnable parameters, enabling the Gaussian primitives
to fully fit the three-dimensional information. Following
3DGS [8], we project a 3D Gaussian primitive G;(x) onto
the 2D image to obtain G/(z’). The projected Gaussians are
then sorted by depth, and the appearance is rendered using
a-blending:

i—1
O -66 )

Jj=1

(14)

=) cidiG) (x

iEN

where N is the number of Gaussians corresponding to the
pixel. We use the same method to gain the rendering depth:
D (x'). Broadening this into a single image, and we use L1
loss to optimize:

Lrgy=||C=CT||, Laepn =||D—DT|  (15)

Meanwhile, we introduce a shape constraint 10ss Lnape.
For a single Gaussian primitive Gy (x) from the set of line
or surface Gaussians k € K, the scale components along
different directions are sorted as Smax = Smid = Smin. The
shape error function is constructed by defining the elongation
ratio € = Spax/Smin and flatness ratio f = spiq/Smin Of the
Gaussian basis:

Fue, f) = 2+(f ~ 1) e 1)?

FS(67f):f

(16)
To obtain the shape constraint loss:

)+ ppFs (e f)) (A7)

HMN
ZS
;q

Additionally, using the AW assumption and 3D line seg-
ments extracted from the tracking part, we can guide the
direction of the line Gaussian:

H
1 .
Lair = h§:1 (1= |uy, - &) (18)
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TABLE II: Quantitative evaluation of our method compared to SOTA methods on Replica datasets [34]. Colored cells
indicate best, second , and third performance. FPS (f/s) represents the operating speed of the entire SLAM system.

Methods Metrics | Room0  Rooml  Room2  Officed  Officel  Office2  Office3  Office4 | Avg. | FPS 1
PSNR 1 32.82 33.90 35.28 38.08 38.78 31.79 30.15 31.61 34.05
SplaTAM [9] SSIM 4 0.978 0.970 0.984 0.981 0.982 0.965 0.951 0.946 0.970 0.12
LPIPS | 0.072 0.096 0.070 0.089 0.095 0.098 0.118 0.156 0.099
PSNR 1 33.91 35.73 37.12 40.28 41.58 35.86 35.46 34.04 36.75
MonoGS [11] SSIM + 0.946 0.957 0.964 0.972 0.976 0.962 0.958 0.941 0.960 1.59
LPIPS | 0.072 0.077 0.067 0.072 0.092 0.098 0.097 0.102 0.085
PSNR 1 30.35 33.68 34.48 39.08 39.21 32.65 32.39 35.57 34.68
RTG-SLAM [12] SSIM + 0.960 0.977 0.981 0.989 0.989 0.980 0.981 0.984 0.980 7.14
LPIPS | 0.156 0.115 0.122 0.082 0.102 0.143 0.138 0.123 0.123
PSNR 1 32.89 35.38 34.63 40.25 40.48 34.32 34.72 36.89 36.20
GS-ICP SLAM [13] SSIM 4 0.943 0.958 0.957 0.976 0.975 0.962 0.957 0.963 0.961 6.85
LPIPS | 0.075 0.070 0.083 0.046 0.056 0.067 0.061 0.063 0.065
PSNR 1 34.67 35.52 37.10 40.04 41.38 35.91 34.85 35.75 36.90
MG-SLAM [16] SSIM + 0.976 0.978 0.980 0.987 0.988 0.980 0.977 0.978 0.981 3.76
LPIPS | 0.070 0.084 0.070 0.076 0.083 0.101 0.095 0.112 0.086
PSNR 1 35.94 38.27 38.81 42.59 41.98 37.51 36.92 38.78 38.85
MMD-SLAM (Ours)  SSIM 1 0.958 0.971 0.964 0.982 0.983 0.974 0.971 0.968 0.972 3.82
LPIPS | 0.031 0.028 0.033 0.018 0.044 0.036 0.027 0.042 0.032

\/

(a) SplaTAM (b) RTG-SLAM

(c) GS-ICP SLAM

(d) Ours

(e) GT

Fig. 5: Rendering results on the Replica dataset [34]. The red arrow highlight the differences between our approach and
baselines. For the details of ceiling, floor and window, our method significantly outperforms baselines.

where H is the number of line Gaussians, uy, is the eigen-
vector of the dominant direction, and the reference direction
provided by the line segment is t;. Consequently, the total
loss of this mapping module is

['M = £rgb + Aolepth‘cdepth + )\shapeﬁshape + )\dirﬁdir (1 9)

where Agepth Ashape, and Ag;,- are the weight parameters.

IV. EXPERIMENT

A. Experiment Setup

1) Datasets: Following [6], we evaluate our method and
baselines on three widely used RGB-D datasets. These
include the TUM RGB-D dataset [31] for pose evaluation,
the larger and more challenging ScanNet dataset [32], and
the synthetic Replica dataset for mapping evaluation. The
Replica dataset version follows the setup of [6]. The selection
of the sequence in the ScanNet dataset follows [16].

2) Baselines: To evaluate the tracking and mapping per-
formance of our method, we compare against SplaTAM [9],
MonoGS [11], RTG-SLAM [12], GS-ICP SLAM [13], and
MG-SLAM [16], all of which represent state-of-the-art
(SOTA) 3DGS-based SLAM systems.

3) Metrics: We follow the evaluation protocol in [11].
For pose estimation, we measure the root mean square error
(RMSE) of the absolute trajectory error (ATE) across all
frames. For photorealistic mapping, we report standard ren-
dering quality metrics, including PSNR, SSIM, and LPIPS.
We calculated the FPS of the entire system for real-time
performance.

4) Implementation Details: Our method is implemented
on an NVIDIA RTX A100 GPU (40 GB) and an AMD EPYC
7542 CPU. Except for the non-open-source MG-SLAM [16],
all other baselines are run using their official implementa-
tions on the same hardware. To ensure fairness, we report
the average results over five runs. For the tracking module,
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(a) SplaTAM

(b) MonoGS (c) Ours (d) GT

Fig. 6: Rendering results on the TUM RGB-D dataset
[31]. It can be clearly seen that our method can reconstruct
a clearer appearance.

TABLE III: Ablation study on the key components.
SOTA results are highlighted. The data is derived from the
mean values of eight sequences in the Replica dataset [34].

PLFC  MMGE  SSO | ATERMSE (cm)|  PSNR (dB) t
X X X 0.61 35.92
v X X 0.47 37.78
v v X 0.47 38.31
v v v 0.47 38.85

feature extraction parameters follow those used in [35],
which is built upon [27]. For ScanNet, the ground-truth
(GT) camera poses are obtained using BundleFusion [20].
The weight parameters of the mapping process are A
0.1, A =022, =0.2.

depth ~—

shape dir

B. Results Analysis

1) Evaluation on Tracking: As shown in TABLE I,
we report comparisons between MMD-SLAM and SOTA
baselines on the TUM RGB-D and ScanNet datasets. Our
method achieves competitive pose estimation accuracy on
both datasets. On the TUM dataset, which contains cluttered
structures, [12] performs better by relying solely on point
features for localization. In contrast, on the larger ScanNet
dataset with abundant line features, our method together
with [16] achieves the best results, owing to the similar
point-line fusion tracking strategy adopted by both. Overall,
when combining the results from both datasets, our method
has the best overall positioning performance. This proves the
effectiveness of the point-line dual constraint on pose.

2) Evaluation on Mapping: Since the original image qual-
ity of the TUM RGB-D and ScanNet datasets is relatively
low, we perform quantitative mapping evaluation only on the
Replica dataset. TABLE II reports the mapping results of our
method compared with baselines, where MMD-SLAM sig-
nificantly outperforms all competitors and has a competitive
running speed. Moreover, to better demonstrate reconstruc-
tion quality, we conduct qualitative comparisons on the TUM
RGB-D and Replica datasets, as shown in Fig. 6 and Fig. 5.
In particular, the comparison on the TUM RGB-D dataset
(Fig. 6) clearly shows that our method achieves the best
rendering quality. Finally, as illustrated in Fig. 5, SplaTAM,
which relies entirely on isotropic Gaussians, often produces
holes in the map; RTG-SLAM suffers from generally poor

(a) w/o MMGE & SSO

(b) w MMGE & SSO

Fig. 7: Ablation of MMGE & SSO. The red dashed box
highlights the differences between the two methods. Our
comprehensive approach has more obvious structure.

rendering quality; and GS-ICP SLAM exhibits significant
defects in reconstructed floors and ceilings. In contrast, we
employed the Multi-Meta Gaussian model guided by the AW
hypothesis, fully leveraging the structural information and
achieving the best detail restoration.

3) Ablation Study: In order to demonstrate the role of
key components in our system, we provide a comprehensive
ablation analysis to demonstrate their importance.

Point & Line Fusion Constraints (PLFC): The first two
rows of TABLE III present the ablation study on the tracking
module with respect to Point & Line Fusion Constraints
(PLFC). Row 1 corresponds to tracking using only point
features, while Row 2 incorporates both point features and
line segments. The results show that introducing additional
line constraints plays a critical role in pose optimization and
contributes to improved mapping quality.

Multi-Meta Gaussian Evolution (MMGE): To validate
the effectiveness of the Multi-Meta Gaussian Evolution
(MMGE) component in MMD-SLAM, we train a standard
3DGS model using the same poses. Row 2 reports the map-
ping results with single-modal Gaussian primitives, while
Row 3 shows the results with our Multi-Meta Gaussian prim-
itives under the same poses. This comparison demonstrates
the effectiveness of the proposed Multi-Meta Gaussians.

Structure-Enhanced Scene Optimization (SSO): We
combine appearance and geometric losses to design a
Structure-Enhanced Scene Optimization (SSO) method. We
conduct an ablation by controlling whether geometric losses
are included. Row 4 in TABLE III corresponds to our full
method, showing that each component contributes critically
to the overall performance. Fig. 7 visualizes the effects of
the key components of our method.

V. CONCLUSION

In this work, we presented MMD-SLAM, a novel 3DGS
based SLAM framework. Our method leverages point and
line features as complementary constraints for robust pose
estimation and mapping guidance. Guided by the Atlanta
World hypothesis, we construct a set of Multi-Meta Gaus-
sian distributions as the underlying scene representation,
incorporating Gaussian evolution strategies and structure-
enhanced optimization to accurately capture both appear-
ance and geometry. Extensive experiments demonstrate that
MMD-SLAM achieves SOTA performance. In future work,
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we plan to extend the applicability of our approach and
further enhance its robustness in challenging environments.
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