VarSplat: Uncertainty-aware 3D Gaussian Splatting for Robust RGB-D SLAM

Supplementary Material

In Supplementary Material, we provide implementation
details with hyperparameters and per-scene results that sup-
port the conclusions in the main paper.

* Implementation. System hardware and software details,
along with changes to the rasterizer to render appearance
variance.

¢ Additional results. Per scene PSNR, SSIM, and LPIPS
on Replica, TUM RGB-D, and ScanNet

* Limitations and future work. Discussion of current lim-
itations and directions for applying appearance variance
in dynamic scenarios.

S1. Implementation.

System Details. We implement VarSplat in Python 3.10
and PyTorch 2.4.1 on NVIDIA A100 80 GB GPU with
CUDA 12.6. Starting from the original 3DGS rasterizer [5]
and its depth-rendering extension with pose [12], we extend
the renderer to propagate per-splat appearance variance via
the law of total variance (Eq. 9 in the main paper) to obtain
a differentiable per-pixel uncertainty map.

Hyperparameters. Defaults follow LoopSplat [13] for
fair comparison. We report the settings used in our experi-
ments in Table S1, including A, for tracking loss, learning
rate [,. for rotation and [, for translation, and optimization it-
erations iter; and iter,,, for tracking and mapping processes,
7 for variance-based weighting. Specifically, 7 controls the
sharpness of the uncertainty-aware weighting function. For
scenes where uncertainty-based regularization is less criti-
cal or requires minimal calibration, we set 7 = 100 to ef-
fectively maintain nearly uniform weight distribution across
pixels and splats, thereby softening the penalty on high-
variance regions. Unless noted, Acolor, Adepths Areg are set
to 1 and Ay, is set to 0.0001 in mapping loss Ly, for all
datasets.

Table S1. Per-Dataset Hyperparameters.

Params Replica [9] TUM-RGBD [10] ScanNet [2] ScanNet++ [11]
Ae 0.95 0.6 0.6 0.5
I 0.0002 0.002 0.002 0.002
Iy 0.002 0.01 0.01 0.01
iter; 60 200 200 300
iter,, 100 100 100 500
T 10 50 5 10

Tracking loss. In the tracking loss, the inlier mask Mjyjier
filters pixels whose depth residual is extreme. Concretely, a

pixel is removed if its depth error exceeds 50 times the me-
dian depth error in the current frame. Pixels without valid
depth are also excluded from pose optimization. For soft al-
pha masking Mypha = a2, we follow prior work [12, 13] for
loss weighting. On ScanNet++, we reinitialize the current-
frame pose with ICP odometry [6] whenever the tracking
loss exceeds 50 times the running average.

Submap. Based on motion heristics, new submap is trig-
gered with displacement threshold dy = 0.5[m] and rota-
tion threshold 0y,,. = 50°[13]. Due to motion blur and far
camera poses in ScanNet and ScanNet++, we use a differ-
ent approach for submap initialization as setting fixed iter-
ations of 50 and 100 frames. For new keyframe, we uni-
formly sample M}, points to meet alpha value condition or
depth discrepancy condition. Mj; is limited for per-dataset
setting, 30k for TUM-RGBD and ScanNet, while 100K for
ScaNet++, and all available points for Replica. The alpha
threshold cupe is set to 0.98 for all datasets. The depth dis-
crepancy condition is depth error passes 40 times median
depth error of current frame. New Gaussians are initialized
with opacity 0.5 and initial scales to the nearest neighbor.
After finishing mapping optimization, we prune Gaussians
based on fixed opacity threshold with 0.1 for Replica and
0.5 for remaining datasets.

Loop Detection. We use NetVLAD [1] with the VGG16-
NetVLAD-Pitts30K weights from HLoc [8], similar to [13].
For each submap, we compute cosine similarities among its
keyframes and define a self-similarity score s’ as the p-th
percentile of these values. We set p = 50 on Replica, TUM-
RGBD, and ScanNet, and p = 33 on ScanNet++. After
obtaining submap-to-submap similarities, we rescore them
with the submap-level reliability ratio 7(*) derived from per-
splat variances, so simy, = cross_simgr (D7) We then fil-
ter candidates by an overlap ratio computed with the front-
end poses.

3DGS Registration For each accepted loop, we select
the top £k = 2 overlapping viewpoints using NetVLAD
and solve a multi-view pose estimation between the two
submaps [13]. We optimize the relative pose and per-view
exposure coefficients for the selected viewpoints. The reg-
istration objective uses the photometric loss weighted by
the per-pixel variance weight w,, and an unweighted depth
loss, as defined in the tracking and registration losses ear-
lier. During registration, variance parameters are fixed.



Datasets. The DSLR sequences contain abrupt motions,
so we evaluate only the first 250 frames of each sequence.
Table S2 reports, for all evaluated scenes, the average frame
to frame translation, rotation, and the frame count. Among
the benchmarks, ScanNet++ shows about 10x larger mo-
tion per frame than the others, which makes pose estima-
tion more challenging and more prone to drift, highlighting
the effectiveness of our approach in reducing drift for real-
world SLAM.

Table S2. Frame Motion on Replica [9], TUM-RGBD [10], Scan-
Net [2], and ScanNet++ [11].

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

S2. Additional Results.

In the main paper we report dataset level averages for ren-
dering quality. Tables S3 to S5 list per-scene results for
Replica, TUM RGB-D, and ScanNet. Across the three
datasets, VarSplat is competitive on most scenes.

S3. Limitations and Future Work

Although VarSplat improves robustness, a depth-based ap-
proach for where and when to add Gaussians limits per-
formance when depth is sparse or missing. As seen in
the per-scene TUM-RGBD results, future work should ex-
plore joint learning of appearance and geometric uncer-
tainty with depth completion. Additionally, learning and
rendering variance add computation and memory. Future
work includes variance sharing across splats, pruning, and
lightweight approximations of the uncertainty map. Fian-
Ily, Our experiments focus on mostly static scenes. Ex-
tending appearance variance to handle moving objects with
variance-guided motion segmentation and dynamic map-
ping is a promising direction.
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