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A.1 Experiments and visualizations

A.1.1 Ablation study

(c) + Dense Init. (d) + Geometry-guided Supervis.

Figure 5: Visualizations of ablation study

As illustrated in Fig.[3] the baseline exhibits noisy scene elements and holes in the building’s rooftop
due to insufficient geometric support. With our dense initialization, complete surfaces are rendered.
Our multi-view geometry-guided supervision regularizes the scene appearance and suppresses residual
artifacts.

A.1.2 Initialization comparisons

Table 5: Experiments on the effectiveness of different initializations. The metrics are reported as the
average on the Sparse Mip-NeRF 360 dataset.

Method | PSNRT SSIM? LPIPS| DSIM|
sparse init. 20.83 0.627 0.267 0.109
image-level alignment | 21.06 0.631 0.253 0.094
semantic alignment 21.96 0.690 0.216 0.080
DUSt3R 19.89 0.585 0.270 0.118

In this section, we compare different initialization strategies, namely the sparse SfM point cloud,
dense initialization with image-level alignment as introduced in Section 3.1} our proposed dense
initialization with semantic alignment, and DUSt3R point cloud. In Figure[6, the sparse SfM
point cloud contains only a few thousand points and covers a small fraction of the scene. Even
though initialization with image-level alignment is much denser, it also introduces more errors in the
point cloud, leading to noisy structures. In contrast, our method, which favors more accurate local
alignments, achieves cleaner and semantically meaningful scene components.

Quantitatively (Table [5), initialization from image-level alignment offers only marginal benefit
compared to the baseline, as misplaced Gaussians that are not pruned or densified correctly can
produce noisy structures, as shown in Fig. [7] DUST3R is a two-view pointmap estimator. When the
number of images is greater than two, it aggregates all pairwise pointmap predictions into a very
dense point cloud, usually millions of points. To utilize DUSt3R points, we align them to the SfM

13



438
439
440
441
442
443
444
445

446

447
448
449

(a) Sparse point cloud (b) Image-level alignment

(d) Sparse point cloud (e) Image-level alignment (f) Semantic alignment

Figure 6: Visualizations of different point cloud initializations.

(a) Ground Truth (c) Image-level Alignment

(d) DUSt3R (e) Semantic Alignment

Figure 7: Visualizations of rendering with different point cloud initializations.

points based on corresponding pixels using Procrustes Alignment [32]]. While the output of DUSt3R
is visually pleasing, it still suffers from the two-view depth ambiguities, often leading to incorrect
distances between objects. As shown in Fig. [7, it produces ghosting artifacts due to the strong
initialization bias. Notably, our approach improves the PSNR by 1.13, SSIM by 0.063, LPIPS by
0.051, and DSIM by 0.029. In addition, the time complexity of DUSt3R to run N images is O(N?)
compared to O(N) for the monocular depth estimator, which makes it harder to scale to more images.
This analysis highlights the importance of semantic depth alignment, which guides 3DGS to converge
to a better scene reconstruction.

A.1.3 Dense init. for other in-the-wild methods
In this section, we investigate the performance of other in-the-wild methods using our proposed

dense initialization. Based on Table[6] on one hand, all methods achieve significantly better metrics
compared to their original baseline. For example, GS-W gains 0.9 dB in PSNR, 0.054 in SSIM,
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and reduces 0.11 in LPIPS and 0.069 in DSIM. This experiment confirms that our initialization is a
drop-in enhancement for any 3DGS-based pipeline, requiring only a few lines of code change for
switching the initialized point cloud. On the other hand, the improved performance of other methods
is still inferior to MS-GS by a large margin, validating the effectiveness of our appearance modules
and multi-view geometry-guided supervision in this challenging setting.

Table 6: Experiments on the effectiveness of our dense initialization applied to other methods for
multi-appearance synthesis. The metrics are reported as the average on the Sparse unbounded drone
dataset.

Method PSNR?T SSIM? LPIPS| DSIM]|
GS-W [12] 17.33 0.491 0.487 0.279
+ dense init. 18.23 0.545 0.377 0.210
Wild-GS [13]] 14.13 0.345 0.547 0.487
+ dense init. 14.35 0.395 0.544 0.443
WildGaussians [[17]] 15.60 0.388 0.546 0.428
+ dense init. 16.50 0.449 0.482 0.316
Ours 19.87 0.580 0.322 0.096

A.2 Semantic alignment algorithm

Algorithm 1: Semantic Masks Prediction

Input :Image I,,, a set of visible 2D SfM points X on I,,, segmentation model S, threshold
THggm, threshold THy,y.
Output : Final set of masks Mgy,.
Def append_mask (M;, Mpuq, THiop) :
merged = False;
for M € Mﬁnal do
if Mz NM > TH,,u then
M=MuM;; /* Merge the masks */
merged = True;
break;
end
end
if not merged then
| M; — Mg /* Append the mask to set */

Mna = 5
while X is not empty do
@~ X /* Sample a point */
M; = S(zi, I,) ; /* Prompt a mask */
T = X 0 M /* Find points within the mask */
if |21, | > THy, then

| append_mask (M;, Ma, THiou) ; /* Enough points */
else

M; = S(@mi, In) ; /* Re-prompt with points within the mask */
T, = X 0 M

if |2y, ;| > THy5, then

| append_mask (M;, Ma, THio0)
else

| continue;
end

end
Exclude z,, ; from X ; /* Remove points from set */

end
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The iterative refinement algorithm is detailed in Algorithm|[I] This is an automatic process to find the
semantic masks anchored by SfM points, which are back-projected individually to form a dense point
cloud for 3DGS initialization.

A.3 Appearance embedding initialization

t-SNE of per-image appearance embeddings t-SNE of per-image appearance embeddings
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Figure 8: t-SNE visualizations of per-image appearance embeddings after training with different
initializations

Appearance embeddings are typically initialized with a normal distribution in [07 1] [33,114]. We
find that this initialization introduces view-specific biases. Instead, we initialize them near zero, i.e.,
uniform distribution in [—1 x 10741 x 10_4], which shows improved metrics and yields meaningful
clusters after training, as shown in Fig. [§. We attribute this result to the near-zero initialization: it
delays the expressive power of the per-image appearance embeddings, minimally influencing the
MLP training in the early stages, so the network first learns a shared color basis and later allocates
capacity to disentangle appearances.

A.4 Implementation details

We develop MS-GS based on the 3DGS implementation from NeRFStudio, called Splatfacto [34].
The baseline introduced in our ablation study Section[4.3 uses the same Splatfacto model. In Semantic
Depth Alignment, the minimum number of SfM points threshold within a valid mask is 10. The
intersection of two masks for merging is 0.7. The appearance MLP consists of 3 layers of 64 hidden
units. The embedding sizes for the Gaussian feature and per-image appearance embeddings are 16
and 32, respectively. Virtual views are generated by interpolating toward one of the k=4 nearest
training cameras. We use features extracted from blocks 3 and 4 of VGG-16 [25} 135} 136, 137]] for
feature loss at different resolutions and receptive fields. We set A\r = 0.8, A\pix = 1.0, and Ageoe = 0.04.
The total number of training iterations is 16,500, with the geometry-guided supervision enabled after
15,000 iterations. The same hyperparameters are maintained throughout the experiments. Results are
obtained using an NVIDIA RTX A5500 GPU.

A.5 In-the-wild evaluation

Sparse-view and multi-appearance registration is challenging because of limited overlap and view
inconsistency; Fewer reliable feature matches result in suboptimal pose estimation and point tri-
angulation. Sparse-view methods [27} 13} 14, 16l [7, I8}, 15} 9] commonly assume ground-truth camera
poses, i.e., calibration from dense views. However, only training views should be available in an
in-the-wild setting. 3DGS-based methods rely heavily on the SfM point cloud, further necessitating
the separation of training and testing views from the registration stage. A previous approach [11] has
tried to perform re-triangulation based on known train poses, but does not account for pose inaccuracy.
Therefore, we propose a coordinate alignment method, illustrated in Fig. [9] to disentangle train and
test images in registration while maintaining them in the same coordinate system.
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Figure 9: Illustration of Coordinate Alignment. We first compute the transformation M* between

train cameras in two coordinate systems C' and Cti;ﬂ[; each camera corresponds to 4 points: one
position and three rotation points, displayed as small black, red, green, and blue points in the figure.

The transformed C{Ef is denoted as C™f in dashed lines, which is used to compute the error £

- rain train
between C P

"P"". Finally, M* transforms test camera poses C!\ to C™! in the input coordinate system.

test test

A.5.1 Coordinate alignment

In coordinate alignment, we perform two registrations: 1. train-only images to get train cameras

in the input coordinate system C;> " 2. train-test images to get train cameras and test cameras in

the reference coordinate system, C™f and Ci!. A transformation M* is computed between Cfg‘;ﬁ[
and C™L using Procrustes Alignment [32] to transform test cameras Ci<!, to the input coordinate

system C™f'. Conventionally, only camera positions/centers are considered during alignment. To

leverage the camera rotation information, we sample additional 3 points along the rotation axis for
each camera with the camera positions to achieve more accurate alignment. Formally, the point cloud
of each camera Py, € R**3 is:

R = [T’x,Ty,TZ],

5:4/03—&-05—1—037 9)

Pcam = {T7T + S?"w,T + ST‘y,T + S’I“z},

where R € R3*3, T € R'*3, and s € R'*3 are camera rotation matrix, translation, and scale
. . . . . i t 4 .
approximated by per-dimension standard deviation o. As a result, we use Cj - Cref’, and points

. rain > “test >
triangulated from C;2*"' for 3DGS training and evaluation.

As shown in Table |Z our rotation-aware alignment reduces the rotation error Fg, in degrees, by
more than 10 times and the position error E'r, in an arbitrary unit as in the SfM, by 4 times. This
improvement results in accurately aligned test cameras and, consequently, more reliable evaluations.

Table 7: Experiments on the effectiveness of our rotation-aware camera alignment. The metrics are
reported as the average on the Sparse Unbounded Drone dataset.

Method | Eg(med) FEg(p) FEr(med) FEr(p)
w/o rotation points 0.791 0.793 0.0397  0.0377
ours 0.063 0.066 0.0067  0.0085

A.5.2 Evaluation metrics

We evaluate the novel view rendering quality based on the image and perceptual metrics, including
PSNR, SSIM [28]], and LPIPS [29]. We also propose to use DreamSim (DSIM) [30] as an additional
metric, which is an ensemble method of different perceptual metrics [29, 138,39, 140L /41 42] fine-tuned
for human visual perspectives.

Our coordinate alignment method is accurate but not perfect, leaving small residual pose shifts.
However, this slight pixel offset should not reflect a significant difference in metrics, dominating
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Figure 10: Evaluation of DSIM as metric

the quality assessment. As Fig. shows, PSNR and SSIM drop steeply with a few pixel offsets,
whereas DSIM remains almost flat. When images are dissimilar, where we add a blob of Gaussian
blur at different kernel sizes in Fig. to simulate semi-transparent Gaussians, DSIM shows a
consistent decline as other metrics. This analysis indicates that DSIM is an appropriate metric for

in-the-wild evaluations: it avoids over-penalising inevitable alignment errors while still capturing real
perceptual degradation.
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