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LoopSplat: Loop Closure by Registering 3D Gaussian Splats

Supplementary Material

Abstract

This supplementary material includes a video of Loop-
Splat running on a multi-room scene, showcasing the ef-
fectiveness of the online loop closure module of Loop-
Splat. Furthermore, we provide the implementation details
and statistics on loop closure and pose graph optimization
(PGO). We also present more qualitative results and abla-
tion studies. Lastly, we discuss the limitations and future
work.
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A. Video

We submit a video 1oopsplat_0054 .mp4, demonstrat-
ing LoopSplat’s online tracking and reconstruction capabil-
ities on ScanNet [3] scene0054. This video showcases
the effectiveness of our globally consistent reconstruction
process. The visualization includes the reconstructed mesh,
the colorized camera trajectory that denotes average trans-
lation error from the ground truth trajectory — see heatmap
legend on the right, and the point cloud observed from the
current frame colored in blue. As the camera completes its
scan of the first room, one can clearly observe the signif-
icant improvements achieved through loop closure. While
substantial drift occurs in the bathroom and storage room
(the leftmost room), the online loop closure (LC) mod-
ule in LoopSplat successfully corrects the accumulated er-
ror when the camera revisits the first room at the end of
the video. This correction highlights the robustness of our
method in maintaining global consistency throughout the
reconstruction process.

B. Implementation Details

Hyperparameters. Tab. B.1 lists the hyperparameters used
in our system, including \. in the tracking loss, learning
rates [,- for rotation and [; for translation, and the number of

optimization iterations iter; for tracking and iter,,, for map-
ping on the reported Replica [15], TUM-RGBD [16], Scan-
Net [3], and ScanNet++ [19] datasets. Additionally we set
Acolors Adepth> aNd Areg to 1 in the mapping 10ss Lrenger for all
datasets.

Params Replica TUM-RGBD ScanNet ScanNet++
Ac 0.95 0.6 0.6 0.5
I 0.0002 0.002 0.002 0.002
Ut 0.002 0.01 0.01 0.01
iters 60 200 200 300
iter,, 100 100 100 500

Table B.1. Per-dataset Hyperparameters.

Submap Initialization. A new submap is triggered based
on motion heuristics with the displacement threshold dy,.. =
0.5 [m] and rotation threshold Oy = 50°. For the ScanNet
and ScanNet++ datasets, we adopted a different approach
to submap initialization. Motion heuristics were not em-
ployed, primarily due to two factors: significant motion blur
in ScanNet and substantial per-frame motion in ScanNet++
(c¢f. Tab. C.1). Instead, we implemented a fixed interval
system for triggering new submaps. Specifically, we set in-
tervals of 50 frames for ScanNet and 100 for ScanNet++.
Frame-to-model Tracking. Instead of estimating the cur-
rent camera pose T'; directly, we optimize the relative cam-
erapose T;_; ; of frame j with respect to j — 1. To achieve
the equivalent of rendering at the current pose T';, we trans-
form the submap with the relative transformation Tj_fL j
and render from the last camera pose T;_; to get the ren-
dered color ij and depth D e

Tracking Loss. The inlier mask Mjje; in the tracking
loss filters out pixels with depth errors 50 times larger than
the median depth error of the current re-rendered depth
map. Pixels without valid depth input are also excluded
as the inconsistent re-rendering in those areas can hinder
the pose optimization. For the soft alpha mask, we adopt
Mapna = o for per-pixel loss weighting. On the Scan-
Net++ dataset, if at the initialized pose the re-rendering loss
is 50 times larger than the running average during tracking
optimization, we use ICP odometry [11] to re-initialize the
pose for the current frame.

Submap Expansion. When selecting candidates to add to
the submap at a new keyframe, we uniformly sample M,
points from pixels that meet either the alpha value condi-
tion or the depth discrepancy condition. My, is set to 30K
for TUM-RGBD and ScanNet datasets, 100/ for Scan-
Net++, and all available points that meet either condition
for Replica. The alpha threshold oy is set to 0.98 across
all datasets. The depth discrepancy condition masks pixels
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where the depth error exceeds 40 times the median depth
error of the current frame.

Submap Update. The radius p for the neighborhood check
when adding new Gaussians to the submap is set to lem.
Newly added Gaussians are initialized with opacity val-
ues 0.5 and their initial scales are set to the nearest neigh-
bor distances within the submap. As mentioned in the
main paper, the Gaussians are not pruned until optimiza-
tion finishes. After the mapping optimization for the new
keyframe, we prune Gaussians that have opacity values
lower than a threshold oge. We set oge = 0.1 for Replica
and 0.5 for all other datasets.

Submap Merging. Upon completing the mapping and
tracking of all frames for the input sequence, we merge the
saved submaps into a global map. The mesh is extracted
by TSDF fusion [2] using the rendered depth maps and es-
timated poses from the submaps. Then we use the recon-
structed mesh vertices to initialize the Gaussian centers of
the global map, providing a good starting point as they rep-
resent the scene geometry. We perform color refinement on
the global map for 30K iterations using the same hyperpa-
rameters as in [8]. The Gaussian parameters of the global
map are optimized from scratch using the RGB-D input and
our estimated camera poses.

Params Replica TUM RGB-D ScanNet ScanNet++
Itrotation 0.003 0.015 0.015 0.015
Ifranstation 0.001 0.005 0.005 0.005
Irexposure 0.1 0.1 0.1 0.1
overlap, 0.1 0.2 0.2 0.2
interval iy 2 4 3 1

Table B.2. Per-dataset Hyperparameters on Loop Closure.

Loop Detection. For NetVLAD [1], we use the pretrained
weights VGG1 6-NetVLAD-Pitts30K from HLoc [13].
We compute the cosine similarities of all keyframes within
the i-th submap and determine the self-similarity score s’ _;
corresponding to their p-th percentile. We set p = 50 on
Replica, TUM RGB-D, and ScanNet and p = 33 on Scan-
Net++. After getting the initial loops from the visual simi-
larity between submaps, we further filter detected loops by
computing their overlap ratio (OR) using the pose estimated
from the front-end. The overlapping region between P and
Q is defined as in [5]:

3

OR =
|K:Zj | (P,a)EX;

[ITpsqP) —all, <7], M

with [-] the Iverson bracket and (p € P,q € Q) € K;; the
set of putative correspondences found by reciprocal match-
ing the closest point between P and Q. We set 71 = 0.1m
on Replica and 71 = 0.2m on TUM RGB-D, ScanNet, and
ScanNet++. The selected thresholds are quite loose com-
pared to standard point cloud registration, as we only need

to ensure that two submaps have a spatial overlap for the
next step. We also remove the loops where two submaps
are too temporally close to each other to avoid redundant
computations. We set the minimum submap id interval
(interval,,;,,) (cf. Tab. B.2) and remove the loop edges
whose submap id distances are smaller than interval, ;.

3DGS Registration. We first find the overlapping view-
points between two submaps using NetVLAD, as discussed
in the main paper. For all datasets, we select the top-k pairs
as the overlapping viewpoints, k¥ = 2. In multi-view pose
estimation, we optimize the camera pose parameters (i.e.
translation and rotation) and the exposure coefficients for
selected viewpoints because the exposure of renders in dif-
ferent submaps can differ. We set different learning rates
of parameters in Tab. B.2. The learning rates of camera
pose parameters are significantly smaller because Replica
is a synthetic dataset with high-quality RGB-D measure-
ments from rendering; thus, the step size for optimization
should be smaller. The learning rates on the three real-world
datasets are consistent with each other.

Number of LCs. We report the number of frames,
submaps, and loop closures (LCs) for each scene in our
LoopSplat system. On Replica scenes, LCs occur on aver-
age every 500 frames, about 4 times per scene (Tab. B.3a).
The relatively low frequency of LCs in Replica is due to its
single-room layouts and shorter sequences (approximately
2000 frames). In contrast, ScanNet [3] scenes feature longer
sequences, averaging 4000 frames per scene (cf. Tab. B.3b).
More challenging scenes like Scene 00, 54, and 233
require LoopSplat to create over 100 submaps and perform
more than 30 pose graph optimizations (PGOs) per scene,
which is attributed to their high sequence lengths. The TUM
RGB-D dataset presents a mix of long and short sequences
(cf. Tab. B.3c), resulting in varied numbers of submaps and
PGOs across its scenes. This diversity in scene complexity
and sequence length across datasets showcases the adapt-
ability of LoopSplat to different scene capturing scenarios.

C. Datasets

We first specify the ScanNet++ sequences used through-
out our evaluation: (a) b20a261fdf, (b) 8b5caf3398,
(c) fb05el3adl, (d) 2e74812d00, (e) 281bcl7764.
Some sudden large motions occur in the DSLR-captured se-
quences. To avoid this, we only use the first 250 frames of
each sequence. Tab. C.1 shows the average ground truth
frame translation distance and rotation degree per dataset
on the scenes (and frame length) we evaluated. The aver-
age motion on ScanNet++ is about 10x larger than in other
datasets, making it a challenging dataset for accurate pose
estimation and, hence, highlighting the robustness of Loop-
Splat given its superior performance on it.
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Method r0 rl r2 o0 ol 02 03 o4 Avg

Method Metric RmO0 Rml Rm2 Off0 Offl Off2 Off3 Off4 Avg

# Frames 2000 2000 2000 2000 2000 2000 2000 2000 2000
# Submaps 38 25 33 27 11 39 45 39 32
# LCs 2 8 4 3 4 1 2 6 4

(a) Replica [14]

Method 00 54 59 106 169 181 207 233 Avg.

# Frames 5578 6629 1807 2324 2034 2349 1988 7643 4073
# Submaps 112 132 36 47 41 47 39 153 76

# LCs 48 36 17 4 11 15 19 55 26
(b) ScanNet [3]

Method frl/deskl frl/desk2 frl/room fr2/xyz fr3/office Avg.

# Frames 595 640 1362 3669 2585 1770

# Submaps 14 15 24 6 39 20

#LCs 7 7 6 2 5 5

(¢) TUM-RGBD [17]

Table B.3. Number of Submaps and PGOs Across Different
Datasets.

Dataset Replica  TUM-RGBD  ScanNet  ScanNet++
Translation (cm) 1.07 1.39 1.34 14.77
Rotation (°) 0.50 1.37 0.69 13.43

Table C.1. Average Frame Motion Across Datasets.

D. Novel View Synthesis

We evaluate the novel view synthesis (NVS) performance
using the test set of the ScanNet++ sequences, where the
test views are held-out and distant from training views.
PSNR is evaluated on all test views after 10K iterations
of global map refinement using the image resolution of
876 x 584. Tab. D.1 shows that ours yields the best NVS re-
sults. For the baselines, we implement the evaluation using
their open-sourced code.

Method a b c d e Avg.
ESLAM [10] 13.63 11.86 11.83 1059 10.64 11.71
SplaTAM [7] 2395 2266 1395 8.47 2006 17.82
Gaussian-SLAM [21] ~ 26.66 24.42 1501 18.35 2191  21.27
LoopSplat (Ours) 25.60 23.65 15.87 18.86 22.51 21.30

Table D.1. Novel View Synthesis on ScanNet++ [19] (PSNR 1
[dB]). For the baselines, results were obtained using the open-
sourced code with our implementation for the NVS evaluation.
PSNR calculations include all pixels, regardless of whether they
have valid depth input. LoopSplat yields the best results.

E. Additional Analysis

Rendering Performance at Scene Level. In the main pa-
per, we only report the average rendering performance on
each dataset. Tab. E.1, Tab. E.2, and Tab. E.3 report the per-
scene rendering performance on Replica, TUM RGB-D,
and ScanNet, respectively. On Replica and ScanNet, Loop-
Splat has the best performance on most of the scenes and on
TUM RGB-D, LoopSplat is only second to SplaTAM [7].

PSNRT 22.12 22.47 24.52 29.07 30.34 19.66 22.23 24.94 24.42
NICE-SLAM [23] SSIM 1 0.689 0.757 0.814 0.874 0.886 0.797 0.801 0.856 0.809
LPIPS | 0.330 0.271 0.208 0.229 0.181 0.235 0.209 0.198 0.233
Vox-Fusion [18] SSIMT  0.683 0.751 0.798 0.857 0.876 0.794 0.803 0.847 0.801
LPIPS] 0.303 0.269 0.234 0.241 0.184 0.243 0.213 0.199 0.236

Point-SLAM [12] SSIMT  0.974 0.977 0.982 0.983 0.986 0.960 0.960 0.979 0.975
LPIPS] 0.113 0.116 0.111 0.100 0.118 0.156 0.132 0.142 0.124

“Gaussian-SLAM [21] SSIMT  0.993 0.996 0.996 0.998 0.997 0.997 0.997 0.997 0.996
LPIPS] 0.017 0.018 0.019 0.015 0.016 0.020 0.020 0.020 0.018
LoopSplat SSIMT 0973 0.978 0.985 0.992 0.990 0.985 0.990 0.989 0.985
LPIPS] 0.116 0.122 0.111 0.085 0.123 0.140 0.096 0.106 0.112

Table E.1. Rendering Performance on Replica [14]. * denotes
evaluating on submaps instead of a global one.

Method Metric  frl/desk fr2/xyz fr3/office Avg
PSNR?T 13.83 17.87 12.890 14.86
NICE-SLAM [23] SSIM T 0.569 0.718 0.554 0.614
LPIPS| 0.482 0.344 0.498 0.441
PSNRT 15.79 16.32 17.27 16.46
Vox-Fusion [18] SSIMT 0.647 0.706 0.677 0.677
LPIPS) 0.523 0.433 0.456 0.471
PSNR?T 11.29 17.46 17.02 15.26
ESLAM [6] SSIM T 0.666 0.310 0.457 0.478
LPIPS| 0.358 0.698 0.652 0.569
PSNR?T 13.87 17.56 18.43 16.62
Point-SLAM [12] SSIM*T 0.627 0.708 0.754 0.696
LPIPS] 0.544 0.585 0.448 0.526
PSNRT 22.00 24.50 21.90 22.80
SplaTAM [7] SSIMT 0.857 0.947 0.876 0.893
LPIPS 0.232 0.100 0.202 0.178
PSNRT 24.01 25.02 26.13 25.05
*Gaussian-SLAM [21]  SSIM?T 0.924 0.924 0.939 0.929
LPIPS| 0.178 0.186 0.141 0.168
PSNRT 22.03 22.68 23.47 22.72
LoopSplat SSIMT 0.849 0.892 0.879 0.873
LPIPS] 0.307 0.217 0.253 0.259

Table E.2. Rendering Performance on TUM RGB-D [17]. *
denotes evaluating on submaps instead of a global one.

Online LC. We investigate the significance of applying
LC and PGO online in LoopSplat, as opposed to applying
them only after the entire run concludes. The online mode,
as presented in our main paper, continuously performs LC
and PGO during the SLAM process. In contrast, the offline
mode delays these operations until the input stream ends,
applying them only once. Results in Tab. E.4 reveal that for
smaller scenes, such as those in Replica, online LC does
not significantly improve performance due to the limited
number of loops. However, in more complex environments
like ScanNet and TUM RGB-D, online LC proves crucial to
LoopSplat’s superior performance. This is because it con-
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Method Metric 0000 0059 0106 0169 0181 0207 Avg. Overlap Ratio. We first illustrate the overlap ratio we 214
PSNRT 1871 1655 1729 1875 15.56 1838 17.54 adopt to determine if a detected loop is added to the pose 215
NICE-SLAM [23]  SSIMI 0641 0605 0646 0629 0562 0646 0621 graph. In Fig. G.1, we showcase three representative Scan- 216
LPIPS| 0561 0534 0510 0534 0602 0552 0.548 Net submap pairs with descending overlap ratios. 217
PSNRT 19.06 1638 1846 18.69 16.75 19.66 18.17
Vox-Fusion [18] SSIMt  0.662 0.615 0753 0.650 0.666 0.696 0.673 3DGS Registration. Fig. G.2 presents more registration 218
LPIPS, 0515 0528 0439 0513 0532 0500 0.504 results on the submaps. The red arrows highlight the dif- 219
7777777777777 PiSli\Il;Ti 1570 1448 1544 1456 1422 1732 1520 ferences between odometry, ours, and ground truth. The 220
ESLAM [6] SSIMT 0.687 0.632 0.628 0.656 0.696 0.653 0.658 odometry results have the most misalignment, whereas esti- 221
LPIPS| 0449 0450 0529 0486 0482 0.534 0488 mates from LoopSplat are closer to, or even better than, the 222
7777777777777 PSNRT 2130 1948 1680 1853 2227 2056 1982 ground truth through visual inspection. 223
Point-SLAM [12] SSIMtT  0.806 0.765 0.676 0.686 0.823 0.750 0.751
,,,,,,,,,,,,, LPIPS| 0485 0499 0544 0342 0471 0544 0514 Mesh Reconstruction. We present additional qualitative 224
PSNRT 1933 19.27 1773 21.97 1676 198 19.14 results for mesh reconstruction on ScanNet scenes 0059 225
SPIATAM [7] SSIMT 0660 0792 0.690 0776 0683 0696 0716 and 0207 in Fig. G.3. Our analysis concentrates on re- 226
,,,,,,,,,,,,, LPIPS| 0438 0289 0.376 0281 0420 0341 0358 gions with high geometric complexity. As evident from the 227
PSNRT 28.539 26208 26.258 28.604 27.789 28.627 27.67 results, LoopSplat consistently produces higher-quality and 228
“Gavssian-SLAM [21] SSIMT 0926 0.9336 09259 0917 09223 09135 0923 more consistent reconstructions compared to baseline meth- 229
,,,,,,,,,,,,, LPIPS} 0271 0211 0217 0226 0277 0288 0.248 ods, particularly in these challenging areas. 230
PSNRT 2499 2323 2335 2680 24.82 2633 24.92
LoopSplat (Ours) ~ SSIMT  0.840 0.831 0.846 0.877 0.824 0.854 0.845 G. Limitations and Future Work 231
LPIPS| 0450 0400 0409 0346 0514 0430 0425
Table E.3. Rendering Performance on ScanNet [3]. ~ denotes Limitations. LoopSplat still faces certain limitat.ions. As 232
evaluating on submaps instead of a global one. We exclude these the number of'sul?maps e.xcee.ds 100, t'he computational de?_ 233
results from the comparison for not being fair and for evaluating mands for pairwise registrations during pose graph opti- 234
an easier setting. mization increase significantly, reducing the efficiency of 235
the loop closure module. While LoopSplat demonstrates 236
LC Mode Replica ScanNet TUM RGB-D competitive performance and achieves the lowest.peak. GPU 237
usage among all compared methods, there remains signifi- 238
Offline 0.26 15.27 12.54 cant room to improve the system’s overall efficiency. The 239
Online 0.26 8.39 3.33 iterative nature of optimizing 3D Gaussians and camera 240
Table E.4. Ablation Study on Offline LC. (ATE [cm]|) poses limits the speed of the system. The pose initial- 241
ization is based on the constant speed assumption, which 242
Dataset Replica TUM-RGBD  ScanNet  ScanNet++ can be improved with Kalman Filters. In terms of submap 243
construction, we use different hyperparameters for different 244
# Gaussians 295K 29K 33K 330K datasets, which is a standard practice in the SLAM commu- 245
Table E.5. Average Number of Gaussians Per-scene. nity, but we believe it hinders the generalization ability of 246
the system to in-the-wild data. 247
202 stantly correct.s map drift, preventing curpulatwe errors that Future Work. Several promising avenues for future re- 248
203 would otherwise degrade accuracy over time. . . .
search emerge from this work. First, employing advanced 249
204 Average Number of Gaussians Per Scene. Tab. E.5 re- mesh extraction methods that directly operate on 3DGS, 250
205 ports the average number of Gaussians after global map re- such as SUGAR [4] or GOF [20], can improve the recon- 251
206 finement for each dataset. For a room-sized scene, we ob- struction performance. Second, integrating uncertainty es- 252
207 tain on average around 300K Gaussian splats, which is a timates for each viewpoint could improve both overlap es- 253
208 reasonable number. The number of Gaussians is dependent timation and multi-view optimization in 3DGS registration. 254
209 on the scale of the scenes, the number of vertices used to Additionally, exploring techniques to refine 3DGS recon- 255
210 initialize the Gaussians, and the number of densification it- struction in overlapping regions between submaps presents 256
211 erations during the optimization of 3DGS. another intriguing direction. 257
212 F. Additional Qualitative Results
213 In this section, we present additional qualitative results.
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Overlap Ratio Merged Submap Overlap in Source Overlap in Target

Figure G.1. Qualitative Results of Overlap Ratio between Submaps. We visualize the centers of 3D Gaussians as point clouds, with
two submaps only colorized in the overlapping region. The top row demonstrates a large overlap between submaps with OR = 0.9. The
middle row showcases a medium overlap of OR = 0.6, while the bottom row exhibits an extremely low overlap of OR = 0.1. This last
case was rejected as a loop due to its insufficient overlap, which typically leads to low-accuracy registration or even complete failure.
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Odometry LoopSplat (Ours) Ground Truth

Figure G.2. Qualitative Results on Submap Registration. We visualize the centers of 3D Gaussians as point clouds, with two submaps
colorized differently. LoopSplat consistently improves upon the initial odometry-based alignment and outperforms the pseudo ground
truth. In the first row, LoopSplat (middle) achieves better alignment of the chair’s back compared to both odometry and ground truth.
Similar improvements are observed in the second row. The last row demonstrates LoopSplat’s superior alignment of walls and trash cans.
These results, representative of ScanNet and not cherry-picked, consistently showcase the method’s effectiveness across various scenes.
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GO-SLAM [22] Gaussian-SLAM [21] Loopy-SLAM [9]

LoopSplat (Ours) Ground Truth
Figure G.3. Mesh Reconstruction on ScanNet [3] scenes 0059 and 0207. Per example, the first row displays the colored mesh, while
the second row shows the corresponding normals. LoopSplat demonstrates superior performance compared to baseline methods, excelling

in both texture fidelity and geometric detail. Notably, our approach yields smoother and more complete mesh reconstructions than the
strongest baseline, Loopy-SLAM.
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