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Figure 1. Dense Reconstruction on ScanNet [17] scene0054. LoopSplat demonstrates superior performance in geometric accuracy,
robust tracking, and high-quality re-rendering. This is enabled by our globally consistent reconstruction approach utilizing 3DGS [37].

Abstract

Simultaneous Localization and Mapping (SLAM) based
on 3D Gaussian Splats (3DGS) has recently shown promise
towards more accurate, dense 3D scene maps. However, ex-
isting 3DGS-based methods fail to address the global con-
sistency of the scene via loop closure and/or global bun-
dle adjustment. To this end, we propose LoopSplat, which
takes RGB-D images as input and performs dense mapping
with 3DGS submaps and frame-to-model tracking. Loop-
Splat triggers loop closure online and computes relative
loop edge constraints between submaps directly via 3DGS
registration, leading to improvements in efficiency and ac-
curacy over traditional global-to-local point cloud registra-
tion. It uses a robust pose graph optimization formulation
and rigidly aligns the submaps to achieve global consis-
tency. Evaluation on the synthetic Replica and real-world
TUM-RGBD, ScanNet, and ScanNet++ datasets demon-
strates competitive or superior tracking, mapping, and ren-
dering compared to existing methods for dense RGB-D
SLAM. Code is available at loopsplat.github.io.

1. Introduction

Dense Simultaneous Localization and Mapping (SLAM)
with RGB-D cameras has seen steady progress throughout
the years from traditional approaches [8, 18, 52, 53, 65, 84]
to neural implicit methods [32, 39, 45, 61, 62, 72, 75,
80, 87, 98, 100] and recent methods that employ 3D Gaus-
sians [37] as the scene representation [29, 35, 47, 85, 92].
Existing methods can be split into two categories, decou-
pled and coupled, where decoupled methods [15, 29, 48,
59, 98] do not leverage the dense map for the tracking task,
while the coupled methods [35, 39, 42, 47, 61, 62, 72, 75,
80, 85, 87, 92, 100] employ frame-to-model tracking using
the dense map. Decoupling mapping and tracking gener-
ally creates undesirable redundancies in the system, such
as inefficient information sharing and increased computa-
tional overhead. On the other hand, all coupled 3DGS
SLAM methods lack strategies for achieving global con-
sistency on the map and the poses, which leads to an ac-
cumulation of pose errors and distorted maps. Among the
recent methods that enforce global consistency via loop clo-
sure and/or global bundle adjustment (BA), GO-SLAM [98]
requires costly retraining of the hash grid features to de-
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form the map and Photo-SLAM [29] similarly requires
additional optimization of the 3D Gaussian parameters to
resolve pose updates from the ORB-SLAM [51] tracker.
These re-integration techniques need to save all mapped
frames in memory, which limits their scalability. To avoid
saving all mapped frames, Loopy-SLAM [39] uses submaps
of neural point clouds and rigidly updates them after loop
closure. However, to compute the loop edge constraints,
Loopy-SLAM uses traditional global-to-local point cloud
registration. This is not only slow, but also fails to leverage
the property of the scene representation itself. To address
limitations of current systems, we seek a coupled SLAM
system that avoids saving all mapped input frames and is
able to extract loop constraints directly from the dense map,
without redundant compute. Framed as a research question,
we ask: Can we use the map representation (i.e., 3DGS) it-
self for loop closure in a SLAM system? To this end, we pro-
pose a dense RGB-D SLAM system that uses submaps of
3D Gaussians for local frame-to-model tracking and dense
mapping and is based on existing systems [47, 92]. Differ-
ent to the latter, we achieve global consistency via online
loop closure detection and pose graph optimization. Impor-
tantly, we show that traditional point cloud registration tech-
niques are not suitable to derive the loop edge constraints
from 3D Gaussians and propose a new registration method
that directly operates on the 3DGS representation, hence
using 3DGS as a unified scene representation for tracking,
mapping, and maintaining global consistency. Our key con-
tributions are:
1. We introduce LoopSplat, a coupled RGB-D SLAM sys-

tem based on Gaussian Splatting, featuring a novel loop
closure module. This module operates directly on Gaus-
sian splats, integrating both 3D geometry and visual
scene content for robust loop detection and closure.

2. We develop an effective way to register two 3DGS rep-
resentations, so as to efficiently extract edge constraints
for pose graph optimization. Leveraging the fast ras-
terization of 3DGS, it is seamlessly integrated into the
system, outperforming traditional techniques in terms of
both speed and accuracy.

3. We enhance the tracking and reconstruction performance
of 3DGS-based RGB-D SLAM system, demonstrating
marked improvements and increased robustness across
diverse real-world datasets.

2. Related Work

Dense Visual SLAM. The seminal work of Curless and
Levoy [16] paved the way for dense 3D mapping with
truncated signed distance functions. Using frame-to-model
tracking, KinectFusion [52] showed that real-time SLAM
is possible from a commodity depth sensor. To address
the cubic memory scaling to the scene size, numerous
works utilized voxel hashing [18, 33, 48, 53, 54] and oc-

trees [10, 40, 46, 66, 87] for map compression. Point-based
representations have also been popular [8, 12, 33, 36, 39,
61, 65, 84, 95, 96], with surfels and lately using neural
points or 3D Gaussians [35, 47, 63, 85, 92, 95]. To tackle
the issue of accumulating pose errors, globally consistent
dense SLAM methods have been developed, where a sub-
division of the global map into submaps is common [5,
8, 13, 18, 22, 26, 33, 34, 39, 43–45, 48, 58, 69, 75, 75],
followed by pose graph optimization [8, 13, 19, 20, 25–
27, 34, 38, 39, 44, 45, 48, 48, 58, 65, 69, 75, 79, 86] to de-
form the submaps between them. Additionally, some works
employ global BA for refinement [8, 15, 18, 27, 48, 65, 75,
76, 86, 88, 98]. 3D Gaussian SLAM with RGB-D input has
also been shown, however, methods fail to consider global
consistency [35, 47, 85, 92], leading to error accumulation
in the map and pose estimates. Most similar to our work
is Loopy-SLAM [39], which uses the explicit neural point
cloud representation of Point-SLAM [61] and equips it with
global consistency via loop closure on submaps. Loop-
Splat differentiates itself from Loopy-SLAM and demon-
strates improvements in three key areas: (i) We improve
the accuracy and efficiency of the relative pose constraints
by directly registering 3DGS, instead of resorting to clas-
sical techniques like FPFH [60] with RANSAC, followed
by ICP [4]. (ii) We avoid having to mesh the submaps in a
separate process for registration and use the 3D Gaussians
directly. (iii) For loop detection, we rely on a combination
of image matching and overlap between submaps, leading
to better detections than using only image content as in [39].

Geometric Registration. Geometric registration is an im-
portant component of building edge constraints for pose
graphs. Specifically, point cloud registration aims to find
a rigid transformation that aligns two point cloud fragments
into the same coordinate framework. Traditional methods
leverage hand-crafted local descriptors [60, 77] for feature
matching, followed by RANSAC for pose estimation. Re-
cent learning-based methods either use patch-based local
descriptors [23, 93] or efficient fully-convolutional ones [3,
14]. BUFFER [1] balances the efficiency and generaliza-
tion of local descriptors by combining fully-convolutional
backbones for key-point detection with a patch-based net-
work for feature description. To address fragment registra-
tion with low overlap, Predator [31] uses attention mech-
anisms [78] to guide key-point sampling, significantly im-
proving the robustness of algorithms. This has been fur-
ther enhanced through coarse-to-fine matching [57]. Point
clouds lack the continuous, view-dependent, and multi-
scale representation capabilities of NeRFs, limiting their
ability to fully capture complex 3D scenes in SLAM.

Neural Radiance Fields (NeRFs) [50] have been widely
adopted for various applications beyond scene reconstruc-
tion, including scene understanding [21], autonomous driv-
ing [82], and SLAM [55, 73]. When modeling large-scale
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Figure 2. LoopSplat Overview. LoopSplat is a coupled RGB-D SLAM system that uses Gaussian splats as a unified scene representation
for tracking, mapping, and maintaining global consistency. In the front-end, it continuously estimates the camera position while construct-
ing the scene using Gaussian splats. When the camera traverses beyond a predefined threshold, the current submap is finalized, and a new
one is initiated. Concurrently, the back-end loop closure module monitors for location revisits. Upon detecting a loop, the system generates
a pose graph, incorporating loop edge constraints derived from our proposed 3DGS registration. Subsequently, pose graph optimization
(PGO) is executed to refine both camera poses and submaps, ensuring overall spatial coherence.

scenes with NeRFs, it is necessary to partition the scene
into blocks to manage memory constraints and to ensure
sufficient representation power. Consequently, registering
NeRFs to merge different partitions emerged as a research
problem. iNeRF [89] aligns a query image to the NeRF
map through analysis-by-synthesis: it optimizes the camera
pose so that the rendered image matches the query. How-
ever, this method is only suitable for local refinement due
to its non-convex nature, which can cause the model to get
stuck in local minima. NeRF2NeRF [24] aims to align two
NeRFs by extracting surface points from the density field
and aligning manually selected keypoints to estimate the
pose. DReg-NeRF [11] addresses NeRF registration sim-
ilarly to point cloud registration, by first extracting surface
points and then applying a fully convolutional feature ex-
traction backbone. Recently, Gaussian Splatting [37] has
started to replace NeRFs due to its efficient rasterization
and flexible editing capabilities, afforded by the explicit
representation. GaussReg [9] pioneered learning-based 3D
Gaussian Splatting (3DGS) registration, drawing on the fast
rendering of 3DGS. However, all previous NeRF and 3DGS
registration methods [9, 11, 24, 89] assume ground truth
camera poses for training views, which is not applicable to
real-world SLAM scenarios. Moreover, these methods have
only explored pairwise registration in small-scale scenes.
Our method, without any training or preprocessing, directly
operates on estimated camera poses from the SLAM front-
end and can be integrated into loop closure on the fly.

3. LoopSplat
LoopSplat is an RGB-D SLAM system that simultaneously
estimates the camera poses and builds a 3D Gaussian map
from input frames in a globally consistent manner. This
section begins with a recap of the Gaussian-SLAM system
described in [92] (Sec. 3.1) – which is the base of Loop-

Splat, followed by the introduction of the proposed 3DGS
registration module (Sec. 3.2). Finally, the integration of
loop closure into the Gaussian-SLAM system, enabled by
the registration module, is presented in Sec. 3.3. Please
see Fig. 2 for an overview of the proposed system.

3.1. Gaussian Splatting SLAM

We follow [39, 92] and represent the scene using a collec-
tion of submaps, each modeling several keyframes with a
3D Gaussian point cloud Ps, where

Ps = {Gi(µ,Σ, o, C)|i = 1, . . . , NG}, (1)

with the submap index s, individual Gaussian mean µ ∈ R3,
covariance matrix Σ ∈ R3×3, opacity value o ∈ R, number
of Gaussians NG in each submap, and RGB color C ∈ R3.

Submap Initialization. Starting from the first keyframe
Isf , each submap models a sequence of keyframes observ-
ing a specific region. As the explored scene space expands,
a new submap is initialized to avoid processing the entire
global map simultaneously. Unlike previous approaches
that use a fixed number of keyframes [13, 18, 43], we dy-
namically trigger new submap initialization when the cur-
rent frame’s relative displacement or rotation to the first
keyframe Isf exceeds the predefined thresholds, dthre or θthre.

Frame-to-model Tracking. To localize a incoming frame
j within the current submap Ps, we first initialize the cam-
era pose Tj based on the constant motion assumption as:
Tj = Tj−1 ·T−1

j−2 ·Tj−1. Next, we optimize Tj by mini-
mizing the tracking lossLtracking(Î

s
j , D̂

s
j , I

s
j ,D

s
j ,Tj), which

measures the discrepancy between the rendered color Îsj and
depth D̂s

j images at viewpoint Tj , and the input color Isj
and depth Ds

j . To stabilize tracking, we use an alpha mask
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Ma and an inlier mask Min to address gross errors caused by
poorly reconstructed or previously unobserved areas. The
final tracking loss is a sum over the valid pixels as

Ltracking =
∑

Min ·Ma ·(λc|Îsj−Isj |1+(1−λc)|D̂s
j−Ds

j |1),
(2)

where λc is a weight that balances the color and depth
losses, and | · | denotes the L1 loss between two images.
Please refer to the supplementary material for more details.

Submap Expansion. Keyframes are selected by fixed in-
terval for the submap. Once the current keyframe Isj is
localized, we expand the 3D Gaussian map primarily in
sparsely covered regions for efficient mapping. We first
compute a posed dense point cloud from the RGB-D in-
put and then uniformly sample Mk points from areas where
the accumulated alpha values are below a threshold αthre or
where significant depth discrepancies occur. These points
are initialized as anisotropic 3D Gaussians, with scales de-
fined based on the nearest neighbor distance within the cur-
rent submap. New 3D Gaussian splats are added to the cur-
rent submap only if there is no existing 3D Gaussian mean
within a radius ρ.

Submap Update. After new Gaussians are added, all
Gaussians in the current submap are optimized for a fixed
number of iterations by minimizing the rendering loss
Lrender, computed over all keyframes of the submap, with
at least 40% of the compute allocated to the most recent
keyframe. The rendering loss has three components: color
loss Lcolor, depth loss Ldepth, and a regularization term Lreg:

Lrender = λcolor · Lcolor + λdepth · Ldepth + λreg · Lreg, (3)

where λ∗ are hyperparamters. Similar to the tracking loss,
the depth loss is the L1 loss between rendered and ground
truth depth maps. For color supervision, we use a weighted
combination of the L1 and SSIM [81] losses:

Lcol = (1−λSSIM )·|Î−I|1+λSSIM

(
1−SSIM(Î, I)

)
, (4)

where λSSIM ∈ [0, 1]. To regularize overly elongated 3D
Gaussians in sparsely covered or barely observed regions,
we add an isotropic regularization term [47]

Lreg =
1

K

∑
k∈K

|sk − sk|1, (5)

where sk ∈ R3 is the scale of a 3D Gaussian, sk is its mean,
and K is the number of Gaussians in the submap. During
optimization, to preserve geometry directly measured from
the depth sensor and reduce computation time, we do not
clone or prune the Gaussians [37].

3.2. Registration of Gaussian Splats

LoopSplat’s first contribution relates to the registration of
Gaussian splats which is formulated as following. Consider
two overlapping 3D Gaussian submaps P and Q, each re-
constructed using different keyframes and not aligned. The
goal is to estimate a rigid transformation TP→Q ∈ SE(3)
that aligns P with Q. Each submap is also associated with
a set of viewpoints. The set of viewpoints VP for a submap
P is:

VP = {vp
i = (I,D,T)i|i = 0, . . . , NP }, (6)

where I and D are the individual RGB and depth measure-
ments, respectively, and T is the estimated camera pose
in Sec. 3.1. NP the number of viewpoints in the submap.

Overlap Estimation. Knowing the approximate overlap
between the source and target submaps P and Q is crucial
for robust and accurate registration, and this co-contextual
information can be extracted by comparing feature similari-
ties [31]. While the means of the Gaussian splats do form a
point cloud, we found that estimating the overlap region di-
rectly from them, by matching local features, does not work
well (cf . Sec. 4.5). Instead, we identify viewpoints from
each submap that share similar visual content. Specifically,
we first pass all keyframes through NetVLAD [2] to extract
their global descriptors. We then compute the cosine simi-
larity between the two sets of keyframes and retain the top-k
pairs for registration.

Registration as Keyframe Localization. Given that the
3DGS submap and its viewpoints can be treated as one
rigid body, we propose to approach 3DGS registration as
a keyframe localization problem. For a selected viewpoint
vp
i , determining its camera pose Tq

i within Q allows one
to render the same RGB-D image from Q. Hence, the rigid
transformation TP→Q can be computed as Tq

i ·T
−1
i .

During keyframe localization, we keep the parameters
of Q fixed and optimize the rigid transformation TP→Q

by minimizing the rendering loss L = Lcol + Ldepth [49],
where both Lcol and Ldepth are L1 losses.

We estimate the rigid transformations for the selected
viewpoints, from P to Q for viewpoints in VP and vice
versa for VQ, in parallel. The rendering residuals ϵ are also
saved upon completion of the optimization. By using the
sampled top-k viewpoints from the estimated overlap re-
gion as the selected viewpoints, the registration efficiency
is greatly improved without redundancy in non-overlapping
viewpoints. Viewpoint transformations are estimated first,
then used to compute the submap’s global transformation,
as described next.
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Multi-view Pose Refinement. Given a set of viewpoint
transformations {(TP⇌Q, ε)i}2ki=1, where the first k esti-
mates are from P → Q and the last k estimates from
Q → P, one must find a global consensus for the trans-
formation T̄P→Q. As the rendering residual indicates how
well the transformed viewpoint fits the original observation,
we take the reciprocal of the residuals as a weight for each
estimate and apply weighted rotation averaging [6, 56] to
compute the global rotation:

R̄ = arg min
R∈SO3

k∑
i=1

1

εi
∥R−Ri∥2F+

2k∑
i=k+1

1

εi
∥R−R−1

i ∥
2
F ,

(7)
where ∥ · ∥2F denotes the Frobenius norm. The global trans-
lation is found as the weighted mean over individual esti-
mates.

3.3. Loop Closure with 3DGS

Loop closure aims to identify pose corrections (i.e. rela-
tive transformations w.r.t. the current estimates) for past
submaps and, thus, keyframes to ensure global consistency.
This process is initiated when a new submap is created, and
upon detecting a new loop, the pose graph, which includes
all historical submaps, is constructed. The loop edge con-
straints for the pose graph are then computed using 3DGS
registration (Sec. 3.2). Subsequently, Pose Graph Optimiza-
tion (PGO) [13] is performed to achieve globally consistent
multi-way registration of 3DGS.

Loop Closure Detection. To effectively detect system re-
visits to the same place, we first extract a global descrip-
tor d ∈ R1024 using a pretrained NetVLAD [2]. We com-
pute the cosine similarities of all keyframes within the i-th
submap and determine the self-similarity score siself corre-
sponding to their p-th percentile. We then apply the same
method to compute the cross-similarity si,jcross between the
i-th and j-th submaps. A new loop is added if si,jcross >
min(siself , s

j
self). However, relying solely on visual similar-

ity for loop closure [39] can generate false loop edges, po-
tentially degrading PGO performance. To mitigate that risk,
we additionally evaluate the initial geometric overlap ratio
r [31] between the Gaussians of two submaps, and retain
only loops with r > 0.2. See Supp. for more details.

Pose Graph Optimization. We create a new pose graph
every time a new loop is detected and ensure that its con-
nections match the previous one, besides the new edges in-
troduced by the new submap. The relative pose corrections
{Tci ∈ SE(3)} to each submap are defined as nodes in
the pose graph, which are connected with odometry edges
and loop edges. Here Tci denotes the correction applied
to i-th submap. The nodes and edges connecting adjacent

Method LC Rm 0 Rm 1 Rm 2 Off 0 Off 1 Off 2 Off 3 Off 4 Avg.

Neural Implicit Fields
NICE-SLAM [100] ✗ 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.13 1.06
Vox-Fusion [87] ✗ 1.37 4.70 1.47 8.48 2.04 2.58 1.11 2.94 3.09
ESLAM [32] ✗ 0.71 0.70 0.52 0.57 0.55 0.58 0.72 0.63 0.63
Point-SLAM [61] ✗ 0.61 0.41 0.37 0.38 0.48 0.54 0.69 0.72 0.52
MIPS-Fusion [74] ✓ 1.10 1.20 1.10 0.70 0.80 1.30 2.20 1.10 1.19
GO-SLAM [98] ✓ 0.34 0.29 0.29 0.32 0.30 0.39 0.39 0.46 0.35
Loopy-SLAM [39] ✓ 0.24 0.24 0.28 0.26 0.40 0.29 0.22 0.35 0.29
3D Gaussian Splatting
SplaTAM [35] ✗ 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.72 0.38
MonoGS [47] ✗ 0.33 0.22 0.29 0.36 0.19 0.25 0.12 0.81 0.32
Gaussian-SLAM [92] ✗ 0.29 0.29 0.22 0.37 0.23 0.41 0.30 0.35 0.31
∗Photo-SLAM [29] ✓ 0.54 0.39 0.31 0.52 0.44 1.28 0.78 0.58 0.60
LoopSplat (Ours) ✓ 0.28 0.22 0.17 0.22 0.16 0.49 0.20 0.30 0.26

Table 1. Tracking Performance on Replica [67] (ATE RMSE
↓ [cm]). LC indicates loop closure. The best results are high-
lighted as first , second , and third . LoopSplat performs the
best. ∗Photo-SLAM [29] is a decoupled method using ORB-
SLAM3 [7] for tracking and loop closure.

nodes (i.e., odometry edges) are initialized with identity ma-
trices. Loop edge constraints are added at detected loops
and initialized according to the Gaussian splatting regis-
tration (Sec. 3.2). The information matrices for edges are
computed directly from the Gaussian centers and incorpo-
rated into the pose graph. PGO is triggered after loop de-
tection and we use a robust formulation based on line pro-
cesses [13].

Globally Consistent Map Adjustment. From the PGO
output, we obtain a set of pose corrections {Tci =
[Rci |tci ]}Ns

i=1 for Ns submaps, with ci denoting correction
for submap i. For each submap, we update camera poses,
the Gaussian means, and covariances

Tj ← TciTj , (8)

µi ← RciµSi + tci , Σi ← RciΣSiRT
ci . (9)

Here, µi and Σi represent the sets of centers and covariance
matrices, respectively, of the Gaussians in the i-th submap
Si, index j is iterated over the keyframe span of the submap.
We omit spherical harmonics (SH) to reduce the Gaussian
map size and improve pose estimation accuracy [47].

4. Experiments
Here we describe our experimental setup and compare our
method to state-of-the-art baselines. We evaluate tracking,
reconstruction, and rendering performance on synthetic and
real-world datasets, with a dedicated ablation study for loop
closure. For implementation details, please refer to Supp.

Datasets. We evaluate on four datasets: Replica [68] is
a synthetic dataset with high-quality 3D indoor reconstruc-
tions. We use the same RGB-D sequences as [72]. Scan-
Net [17] is a real-world dataset with its poses estimated by
BundleFusion [18]. We evaluate on eight scenes with loops
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Method a b c d e Avg.

Neural Implicit Fields
Point-SLAM [61] 246.16 632.99 830.79 271.42 574.86 511.24
ESLAM [32] 25.15 2.15 27.02 20.89 35.47 22.14
GO-SLAM [98] 176.28 145.45 38.74 85.48 106.47 110.49
Loopy-SLAM [39] N/A N/A 25.16 234.25 81.48 113.63
3D Gaussian Splatting
SplaTAM [35] 1.50 0.57 0.31 443.10 1.58 89.41
MonoGS [92] 7.00 3.66 6.37 3.28 44.09 12.88
Gaussian SLAM [92] 1.37 2.82 6.80 3.51 0.88 3.08
LoopSplat (Ours) 1.14 3.16 3.16 1.68 0.91 2.05

Table 2. Tracking Performance on ScanNet++ [90] (ATE RMSE
↓ [cm]). LoopSplat achieves the highest accuracy and can robustly
deal with the large camera motions in the sequence.

Method 00 59 106 169 181 207 54 233 Avg.

Neural Implicit Fields
Vox-Fusion [87] 16.6 24.2 8.4 27.3 23.3 9.4 - - -
Co-SLAM [80] 7.1 11.1 9.4 5.9 11.8 7.1 - - -
MIPS-Fusion [74] 7.9 10.7 9.7 9.7 14.2 7.8 - - -
NICE-SLAM [100] 12.0 14.0 7.9 10.9 13.4 6.2 20.9 9.0 13.0
ESLAM [32] 7.3 8.5 7.5 6.5 9.0 5.7 36.3 4.3 10.6
Point-SLAM [61] 10.2 7.8 8.7 22.2 14.8 9.5 28.0 6.1 14.3
GO-SLAM [98] 5.4 7.5 7.0 7.7 6.8 6.9 8.8 4.8 6.9
Loopy-SLAM [39] 4.2 7.5 8.3 7.5 10.6 7.9 7.5 5.2 7.7

3D Gaussian Splatting
MonoGS [47] 9.8 32.1 8.9 10.7 21.8 7.9 17.5 12.4 15.2
SplaTAM [35] 12.8 10.1 17.7 12.1 11.1 7.5 56.8 4.8 16.6
Gaussian-SLAM [92] 21.2 12.8 13.5 16.3 21.0 14.3 37.1 11.1 18.4
LoopSplat (Ours) 6.2 7.1 7.4 10.6 8.5 6.6 16.0 4.7 8.4

Table 3. Tracking Performance on ScanNet [17]. LoopSplat
outperforms 3DGS-based systems by a large margin and is on par
with the state-of-the-art baselines.

following [39, 98]. ScanNet++ [90] is a real, high-quality
dataset. We use five DSLR-captured sequences where poses
are estimated with COLMAP [64] and refined with the help
of laser scans. TUM-RGBD [70] is a real-world dataset with
accurate poses obtained from a motion capture system.

Baselines. We compare LoopSplat with state-of-the-art
coupled RGB-D SLAM methods, categorized into two
groups based on the underlying scene representation: (i)
Neural implicit fields: MIPS-Fusion [74], GO-SLAM [98],
and Loopy-SLAM [39], all of which incorporate loop
closure; and (ii) 3DGS: MonoGS [47], SplaTAM [35],
Gaussian-SLAM [92], and Photo-SLAM [29]. For com-
pleteness, we include Photo-SLAM [29] in our evaluation,
noting that it utilizes ORB-SLAM3 [7] for tracking and loop
closure, setting it apart from all other tested methods.

Evaluation Metrics. Tracking accuracy is measured by
the root mean square absolute trajectory error (ATE
RMSE) [70]. For reconstruction, we follow [61] and evalu-
ate via meshes extracted with marching cubes [41], using a
voxel size of 1 cm. We measure rendered mesh depth error
at sampled novel views as in [100] and the F1-score, i.e., the
harmonic mean of precision and recall w.r.t. ground truth
mesh vertices. Rendering quality is evaluated by compar-

Method LC
fr1/ fr1/ fr1/ fr2/ fr3/

Avg.
desk desk2 room xyz off.

Neural Implicit Fields
DI-Fusion [30] ✗ 4.4 N/A N/A 2.0 5.8 N/A
NICE-SLAM [100] ✗ 4.26 4.99 34.49 6.19 3.87 10.76
Vox-Fusion [87] ✗ 3.52 6.00 19.53 1.49 26.01 11.31
MIPS-Fusion [74] ✓ 3.0 N/A N/A 1.4 4.6 N/A
Point-SLAM [61] ✗ 4.34 4.54 30.92 1.31 3.48 8.92
ESLAM [32] ✗ 2.47 3.69 29.73 1.11 2.42 7.89
Co-SLAM [80] ✗ 2.40 N/A N/A 1.70 2.40 N/A
GO-SLAM [98] ✓ 1.50 N/A 4.64 0.60 1.30 N/A
Loopy-SLAM [39] ✓ 3.79 3.38 7.03 1.62 3.41 3.85
3D Gaussian Splatting
SplaTAM [35] ✗ 3.35 6.54 11.13 1.24 5.16 5.48
MonoGS [47] ✗ 1.59 7.03 8.55 1.44 1.49 4.02
Gaussian-SLAM [92] ✗ 2.73 6.03 14.92 1.39 5.31 6.08
∗Photo-SLAM [29] ✓ 2.60 N/A N/A 0.35 1.00 N/A
LoopSplat (Ours) ✓ 2.08 3.54 6.24 1.58 3.22 3.33
Classical
BAD-SLAM [65] ✓ 1.7 N/A N/A 1.1 1.7 N/A
Kintinuous [83] ✓ 3.7 7.1 7.5 2.9 3.0 4.84
ORB-SLAM2 [51] ✓ 1.6 2.2 4.7 0.4 1.0 1.98
ElasticFusion [84] ✓ 2.53 6.83 21.49 1.17 2.52 6.91
BundleFusion [18] ✓ 1.6 N/A N/A 1.1 2.2 N/A
Cao et al. [8] ✓ 1.5 N/A N/A 0.6 0.9 N/A
Yan et al. [86] ✓ 1.6 N/A 5.1 N/A 3.1 N/A

Table 4. Tracking Performance on TUM-RGBD [71] (ATE
RMSE ↓ [cm]). ∗ indicates using ORB-SLAM3 [7] for tracking
and loop closure. LoopSplat performs the best among coupled
SLAM, further closing the gap to sparse solver-based SLAM.

ing full-resolution rendered images to input training views
in terms of PSNR, SSIM [81], and LPIPS [97]. We note
that comparing to training views may yield too optimistic
results, but it enables a consistent comparison with existing
methods. To assess map size, we measure the total mem-
ory needed for the map and the peak GPU memory usage.
Runtime is reported as average per-frame tracking and map
optimization time, as well as loop edge registration runtime.

4.1. Tracking

We report the camera tracking performance in Tabs. 1 to 4.
On Replica, we outperform all the baselines, achieving a
10% higher accuracy compared to the second best one. On
real-world datasets, we achieve the highest pose accuracy
on TUM-RGBD and ScanNet++ among all neural implicit
field-based and 3DGS-based baselines, improving tracking
accuracy by 14% and 33%, respectively. It is worth not-
ing that, for all 3DGS-based baselines [35, 47, 92], tra-
jectory errors accumulate as trajectories grow longer in
larger scenes with loops and motion blur, e.g., ScanNet 00,
59, 181 and TUM-RGBD fr1/desk2 and fr1/room.
We attribute our superior tracking performance to the ro-
bust 3DGS registration that underpins our loop closure.
On ScanNet, we obtain the third-best performance. We
note that the ground truth poses in ScanNet, derived from
BundleFusion [18], appear to have limited accuracy: visual
inspection suggests that our method achieves better align-
ment and reconstruction than the ground truth; see Fig. 1,
Fig. 3, and scene 233 in Fig. 4. Additional qualitative
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Figure 3. Comparison of Submap Alignment on ScanNet [17].
We visualize the centers of 3D Gaussians as point clouds. Two
submaps are colorized differently. LoopSplat consistently aligns
the submaps better than Gaussian-SLAM [92].

examples are in Supp. Besides superior tracking accuracy,
our coupled method avoids redundant computations for sep-
arate tracking and map reconstruction, in contrast to decou-
pled ones like GO-SLAM [98] and Photo-SLAM [29].

4.2. Reconstruction

We evaluate the mesh reconstruction quality on Replica,
the only dataset with high accuracy ground truth mesh, in
Tab. 51. LoopSplat outperforms all 3DGS-based baselines
attributed to more accurate pose estimates. LoopSplat falls
behind Loopy-SLAM [39] and Point-SLAM [61] but note
that the latter two require ground truth depth to determine
where to sample points during ray-marching, thus assuming
perfect input depth. Fig. 4 compares ScanNet meshes re-
constructed with LoopSplat to those of the best-performing
baselines, GO-SLAM and Loopy-SLAM (both also includ-
ing loop closure), as well as to a 3DGS baseline, Gaussian-
SLAM (which does not perform loop closure). Our method
recovers more geometric details (e.g., on the chairs). On
ScanNet 233, the visual quality and completeness of our
reconstruction appears even better than the ground truth, es-
pecially on the floor, desk, and bed.

4.3. Rendering

Tab. 6 reports our rendering performance on training views.
To conduct a fair comparison, we merge all the submaps
into a global one and optimize the global map with esti-
mated cameras pose, to avoid local overfitting on submaps2.

1∗Depth L1 for GO-SLAM is based on results reproduced by [39] using
random poses, as GO-SLAM originally evaluates on ground truth poses.

2Gaussian-SLAM evaluates rendering on local submaps.

Method Metric Rm0 Rm1 Rm2 Off0 Off1 Off2 Off3 Off4 Avg.

Neural Implicit Fields

NICE-
SLAM [100]

Depth L1 [cm] ↓ 1.81 1.44 2.04 1.39 1.76 8.33 4.99 2.01 2.97
F1 [%] ↑ 45.0 44.8 43.6 50.0 51.9 39.2 39.9 36.5 43.9

Vox-
Fusion [87]

Depth L1 [cm] ↓ 1.09 1.90 2.21 2.32 3.40 4.19 2.96 1.61 2.46
F1 [%] ↑ 69.9 34.4 59.7 46.5 40.8 51.0 64.6 50.7 52.2

ESLAM [32]
Depth L1 [cm] ↓ 0.97 1.07 1.28 0.86 1.26 1.71 1.43 1.06 1.18
F1 [%] ↑ 81.0 82.2 83.9 78.4 75.5 77.1 75.5 79.1 79.1

Co-SLAM [80] Depth L1 [cm] ↓ 1.05 0.85 2.37 1.24 1.48 1.86 1.66 1.54 1.51

GO-
SLAM [98]

Depth L1 [cm] ↓ - - - - - - - - 3.38
∗Depth L1 [cm] ↓ 4.56 1.97 3.43 2.47 3.03 10.3 7.31 4.34 4.68
F1 [%] ↑ 17.3 33.4 24.0 43.0 31.8 21.8 17.3 22.0 26.3

Point-
SLAM [61]

Depth L1 [cm] ↓ 0.53 0.22 0.46 0.30 0.57 0.49 0.51 0.46 0.44
F1 [%] ↑ 86.9 92.3 90.8 93.8 91.6 89.0 88.2 85.6 89.8

Loopy-SLAM [39]
Depth L1 [cm] ↓ 0.30 0.20 0.42 0.23 0.46 0.60 0.37 0.24 0.35
F1 [%] ↑ 91.6 92.4 90.6 93.9 91.6 88.5 89.0 88.7 90.8

3D Gaussian Splatting

SplaTAM [35]
Depth L1 [cm]↓ 0.43 0.38 0.54 0.44 0.66 1.05 1.60 0.68 0.72
F1 [%]↑ 89.3 88.2 88.0 91.7 90.0 85.1 77.1 80.1 86.1

Gaussian SLAM [92]
Depth L1 [cm]↓ 0.61 0.25 0.54 0.50 0.52 0.98 1.63 0.42 0.68
F1 [%]↑ 88.8 91.4 90.5 91.7 90.1 87.3 84.2 87.4 88.9

LoopSplat (Ours)
Depth L1 [cm] ↓ 0.39 0.23 0.52 0.32 0.51 0.63 1.09 0.40 0.51
F1 [%] ↑ 90.6 91.9 91.1 93.3 90.4 88.9 88.7 88.3 90.4

Table 5. Reconstruction Performance on Replica [67]. Loop-
Splat obtains the second-best F1-score, falling behind only to
Loopy-SLAM. It is noteworthy that both the NeRF-based Loopy-
SLAM and Point-SLAM methods require ground truth depth in-
put to guide the depth rendering, whereas our method, leveraging
3DGS, only requires estimated camera poses at rendering time.

Dataset Replica [67] TUM [71] ScanNet [17]

Method PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

NICE-SLAM [100] 24.42 0.892 0.233 14.86 0.614 0.441 17.54 0.621 0.548
Vox-Fusion [87] 24.41 0.801 0.236 16.46 0.677 0.471 18.17 0.673 0.504
ESLAM [32] 28.06 0.923 0.245 15.26 0.478 0.569 15.29 0.658 0.488
Point-SLAM [61] 35.17 0.975 0.124 16.62 0.696 0.526 19.82 0.751 0.514
Loopy-SLAM [39] 35.47 0.981 0.109 12.94 0.489 0.645 15.23 0.629 0.671
SplaTAM [35] 34.11 0.970 0.100 22.80 0.893 0.178 19.14 0.716 0.358
Gaussian-SLAM [92] 42.08 0.996 0.018 25.05 0.929 0.168 27.67 0.923 0.248
LoopSplat (Ours) 36.63 0.985 0.112 22.72 0.873 0.259 24.92 0.845 0.425

Table 6. Rendering Performance on 3 Datasets. LoopSplat
achieves competitive results on synthetic and real-world datasets.
Gray indicates evaluation on submaps instead of a global map.

LoopSplat surpasses all competing methods in terms of
PSNR and LPIPS on Replica and ScanNet, and is compet-
itive with SplaTAM on TUM-RGBD. Note the significant
margin over baselines that employ implicit neural represen-
tations. We report the per-scene rendering results in Supp.

4.4. Memory and Runtime Analysis

Tab. 7 profiles the runtime and memory usage of LoopSplat.
While our per-frame tracking and map optimization time
falls behind the fastest baselines, our Gaussian Splatting-
based registration significantly shortens the loop edge reg-
istration time compared to Loopy-SLAM. Through careful
control of submap growth, our Gaussian splats embedding
size is 8× smaller than that of the 3DGS baseline SplaTAM.
Additionally, we require the least GPU memory to process a
room-sized scene. In contrast, baselines like ESLAM, GO-
SLAM or SplaTAM require >15 GB of GPU memory.
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Figure 4. Comparison of Mesh Reconstruction on two ScanNet [17] scenes. For the first scene, we highlight shape details with normal
shading, showing that LoopSplat yields the best geometry (e.g. the chairs). For the second one, we display renderings of the colored mesh.
Note the distortions at the desk in ground truth that are not present in ours, indicating accuracy limitations of ScanNet ground truth poses.

Method Tracking Mapping Registration Embedding Peak GPU
/Frame(s) ↓ /Frame(s) ↓ /Edge(s) ↓ Size(MiB)↓ Use(GiB)↓

NICE-SLAM [100] 1.06 1.15 - 95.9 12.0
Vox-Fusion [87] 1.92 1.47 - 0.15 17.6
Point-SLAM [61] 1.11 3.52 - 27.2 7.7
ESLAM [42] 0.15 0.62 - 45.5 17.3
GO-SLAM [98] 0.125 - 48.1 18.4
SplaTAM [35] 2.70 4.89 - 404.5 18.5
Loopy-SLAM[39] 1.11 3.52 12.0 60.9 9.3
LoopSplat (Ours) 0.83 0.93 1.36 49.7 7.0

Table 7. Runtime and Memory Usage on Replica office 0.
Per-frame runtime is calculated as the total optimization time di-
vided by the sequence length, profiled on a RTX A6000 GPU.
The embedding size is the total memory of the map representation.
Note that implicit field-based methods require additional space for
their decoders. We take runtime values from [92] and embedding
values from [39] for the baselines.

4.5. Ablations

We first demonstrate that straightforward point cloud regis-
tration is not suitable to derive loop edge constraints from
3DGS. To illustrate this, we replace the proposed 3DGS
registration in our SLAM system with FPFH+ICP [99] and
evaluate the trajectory error (ATE) on Replica. As shown
in the last row of Tab. 8, FPFH+ICP applied directly to the
center points of 3D Gaussians leads to less accurate loop
edges compared to our method and deteriorates loop clo-
sure. We hypothesize that this is because the center points
do not accurately represent the scene surfaces, as previously
discussed in [28, 91, 94]. Furthermore, the pre-processing
of [99] involves re-rendering and back-projecting 3DGS to

Mul. Opt. Ove. Est. Rot. Ave. ATE (cm) Runtime (s)

✗ ✗ ✗ 0.31 -
✗ ✓ ✗ 0.31 1.25
✓ ✓ ✗ 0.27 1.36
✓ ✗ ✓ 0.37 11.02
✓ ✓ ✓ 0.26 1.36

FPFH+ICP [99] 0.40 12.0

Table 8. Ablation Study on 3DGS Registration. The num-
bers are computed based on average performance of 8 scenes on
Replica [68]. Mul. Opt. denotes multi-view optimization, Ove.
Est. and Rot. Ave. denote view selection and rotation averaging.

obtain 3D points, downsampling the point clouds and vox-
elizing them. This heavy pre-processing makes [39] more
than 8× slower than our method. In contrast, LoopSplat ef-
ficiently reuses the native map representation without any
pre-processing, answering the research question we asked
in Sec. 1. We also explore the impact of different mod-
ules in our registration method. The ablation study confirms
that every component contributes to the final performance:
Multi-view optimization and rotation averaging greatly im-
prove registration accuracy by fusing information from dif-
ferent viewpoints. View selection via overlap estimation
(Sec. 3.2) is crucial to identifying informative viewpoints
and ensuring the efficiency of the SLAM system.

5. Conclusion

We presented LoopSplat, a dense RGB-D SLAM system
that exclusively uses 3D Gaussian splats as scene represen-
tation, achieving global consistency through loop closure.
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