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Supplementary Material

A. Implementation details
A.1. Change detection
We detect fine object-level changes in 2D by using the se-
mantic prior of the SAM model [5]. We prepare a pair of
images (Iit , Î

i
t ) from captured and rendered images from the

corresponding viewpoints. To find abstract differences be-
tween the rendered and captured images, we extract fea-
tures from the segmentation model for both images. We
used features obtained from the pretrained SAM encoder
and interpolated them to match the original image resolu-
tion, after which we computed pairwise cosine similarities
for comparison. We additionally use SSIM to capture struc-
tural differences, where using only semantic cosine similar-
ity struggles to find slightly deviated objects.

To obtain coarse change masks, we need a binariza-
tion by thresholding the obtained differences. Since the
binary coarse mask is highly sensitive to manually defined
thresholds, which vary significantly across scenes, we adopt
Otsu’s method [12] to automatically determine the thresh-
old τcos. We obtain the coarse binary masks Mi

t,coarse as
follows:

M i
t,coarse = γ · cos(E(Iit), E(Îit))

+ (1− γ) · SSIM(Iit , Î
i
t) ≤ τcos,

(1)

where E denotes the feature extractor of SAM. γ = 0.7 was
used throughout our experiments.

After obtaining coarse change regions, we extract fine-
grained object-level change masks to model instance-wise
changes. Since precise object-level changes are difficult to
capture using the coarse stages described above, we lever-
age the automatic mask generation from SAM [5] within the
coarse binary mask M i

t,coarse. For each generated mask, we
first calculate the intersection-over-union (IoU) between its
region and the coarse binary mask. We further compare the
cosine similarity between the accumulated features within
those regions in the extracted features of the rendered and
captured images. The fine object-level masks can be ob-
tained as follows:

Oi
t =

⋃
k

{
oit,k

∣∣∣IoU(oit,k,M
i
t,coarse) ≥ τIoU∧

cos
(
Φ(oit,k, E(Iit)),Φ(oit,k, E(Îit))

)
≤ τcos

}
,

(2)

where oit,k denotes the kth object mask generated
by automatic mask generation, and Φ(m,X) =
1

|m|
∑

p∈Ω m(p)X(p) denotes the average pooling
operator of feature X within the interior Ω of mask m. We

select and keep only the highly overlapped and semanti-
cally different masks following [4]. We further removed
masks occupying only small regions to prevent noise, and
we dilated the change masks to address pixel-wise errors.

A.2. Object tracking
We provide additional details of our pipeline to associate
with changed instances. Given 2D object-level change
masks from Sec. 3.2 of the main paper, we leverage
both visual feature and SAM feature matching to asso-
ciate 2D change masks. As mentioned in Sec. 3.3 of
the main paper, we separate the instance matching into
intra-timestep matching and cross-timestep matching. Let
Oi

t = {oit,1, oit,2, . . . , oit,No
} be the set of object-level masks

of ith viewpoint at timestep t. We first compute pairwise
matches across images Iit and Ijt using MASt3R within the
same timestep. Given the extracted MASt3R descriptors
di
t,k and dj

t,l for object oit,k and ojt,l respectively, we find de-

scriptor matches M(i,k)↔(j,l)
t within object change masks

as follows:

M(i,k)↔(j,l)
t = match(di

t,k,d
j
t,l),

oit,k ∈ Oi
t, o

j
t,l ∈ Oj

t , i ̸= j.
(3)

Note for matching, we follow the fast reciprocal matching
procedure from MASt3R [6]. Based on these matches, we
construct a graph Gt = (Nt, Et) as:

Nt =
⋃
i

Oi
t,

Et =
{(

oit,k, o
j
t,l, |M

(i,k)↔(j,l)
t |

) ∣∣ i ̸= j
}
.

(4)

where the nodes Nt are objects and the edge weight Et

encodes the total number of matches between every pair
of objects oit,k and ojt,l. We then cluster the graph using
the depth-first search (DFS) algorithm [16] to identify con-
nected components, where each component corresponds to
a unique global object identity. Here, we retain an edge
only if the number of matches exceeds a threshold τmatch.
Based on these clustering results, we assign instance IDs to
the matched components and filter out unmatched objects
for consistency. This filtering strategy gives robustness to
detected instances that are inaccurate due to the artifacts in
rendered images.

After obtaining object-level matches for every sequence
within an identical timestep, it is essential to associate ob-
ject masks across different timesteps. For each object oit,k



and oj
t̃,l

where t and t̃ are the set of target times after intra-
timestep matching, we accumulate the SAM [5] features in
the object region, and build a matrix Sk↔l that contains co-
sine similarity among every pair as follows:

Sk↔l = cos
(
Φ(oit,k, E(Iit)),Φ(o

j

t̃,l
, E(Ij

t̃
))
)
. (5)

Based on the matrix, we leverage Hungarian matching [11]
to solve an optimal assignment problem between the in-
stances as π∗ = argmaxπ

∑
k Sk↔π(k), where π(k) de-

notes the matched object in timestep t̃. After semantic
matching, we filter out false pairs for those with the cosine
similarities lower than τcos defined in Eq. (1) and Eq. (2).
Note that we conduct this process identically for every pos-
sible timestep pair for t ∈ [0, T ].

A.3. Object Gaussian Template reconstruction
Given the tracked object masks M = {M i

t |i =
1, ..., Nv; t = 0, ..., T}, we provide additional details of
the construction and initialization of object-level Gaussian
Splats. Here, we define the total number of instances at the
initial timestep as E. For the objects that emerge in initial
reconstruction, we separate those using the optimal label
assignment problem introduced in FlashSplat [15]. For our
task, the problem is defined as follows:

min
{Pk}

F =
∑
i

∣∣∣∣∣∑
k

PkαkTk −M i
0

∣∣∣∣∣ ,
Pk ∈ {0, 1, ..., E},

(6)

where αk, Tk each denotes the alpha value and transmit-
tance during volume rendering, and Pk denotes the per-
Gaussian 3D label. Among the Pk, index 0 corresponds
to the background, while the remaining indices correspond
to the foreground. The above equation solves the problem
of assigning the 3D label Pk by volume rendering them to
the image domain to match the given multiview masks at
t = 0. Specifically, we use the majority voting algorithm as
follows:

Pk = arg max
n∈{0,m}

An,

Am =
∑
i

αkTk1(M
i
0,m),

A0 =
∑
i

∑
e̸=m

αkTk1(M
i
0, e),

(7)

where 1(M i
0,m) denotes the indicator function which is

equal to 1 if the pixel in mask M i
0 belongs to object m, and

0 otherwise. Eq. (7) solves the assignment problem by al-
locating the label that maximizes the weighted contribution
of Gaussians within the object mask regions. Please refer
to the original FlashSplat [15] paper regarding the details
and the derivation. We additionally filter Gaussians that are

out of the object mask region after directly projecting the
centers to remove floating artifacts.

After registration and geometric verification as presented
in Sec. 3.3 of the main paper, we initialize Gaussians for ob-
jects that do not exist in the initial reconstruction. We first
extract point clouds for new objects from the global scene
reconstruction of MASt3R [6] with estimated poses from
the hierarchical localization pipeline [13]. In the original
implementation of MASt3R, camera parameters were opti-
mized jointly with per-view depth maps and global scales.
We modify the optimization loop to operate only on depth
maps with scale and offset parameters, while the camera
poses remain fixed. To reduce noise, we retain only the
point clouds with per-pixel confidence values greater than
1.5, and we randomly downsample the point cloud by a fac-
tor of 4, as per-pixel point clouds are overly dense, which is
inefficient for optimization.

A.4. Hyperparameters
In this section, we discuss how key hyperparameters are set
and evaluate their influence on performance. We analyze
the effect of the τcos in Eq. (1) and Eq. (2), and the con-
nectivity threshold τmatch in Sec. A.2. Additionally, we
evaluate the geometric verification threshold in Sec. 3.3 of
the main paper, where we compare the chamfer distance be-
tween the two Gaussian object templates to τoverlap to ex-
amine the geometric consistency across the temporal track.
We demonstrate the results of variations on above hyperpa-
rameters in Tab. 1.

For the change detection, we set τcos = 0.9 in Eq. (1)
and Eq. (2), which were used throughout our experiments.
We sweep the values between [0.8, 0.95], referring to the
cosine similarity threshold in [4], originally set to 0.88. We
set τmatch = 50, considering that higher threshold values
tend to neglect small objects while tracking. In geometric
verification stage, τoverlap = 0.15 worked well to distin-
guish the geometrically matched objects. Severely lower
τoverlap interrupts the object from being rigidly tracked.

To initialize Gaussian primitives, we use the dense point
cloud’s position and its corresponding color as the initial
position and color. We convert the RGB color into spheri-
cal harmonics (SH) coefficients and initialize higher-order
SH components with zeros. We use low initial opacity val-
ues as α = 0.1 for all Gaussians. Rotations are initialized as

τcos PSNR τmatch PSNR τoverlap PSNR

0.80 22.79 10 23.40 0.05 23.29
0.85 22.76 50 23.43 0.1 23.39
0.90 23.43 100 23.33 0.15 23.43
0.95 23.33 200 23.22 0.20 23.41

Table 1. Effects of the hyperparameter.
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(a) Examples of Capture

Lab Livingroom Hall

(b) Initial Reconstruction

Figure 1. Examples of our datasets. (a) Illustration of long-term captures of our dataset for each scene. (b) Initial reconstruction of
Gaussian splats at t = 0 and tracked instances at the initial timestep.

identity quaternions, i.e., q = (1, 0, 0, 0) for all Gaussians,
while the scales are determined by the pairwise squared dis-
tance as done in the original 3DGS [3]. For refinement,
we update the Gaussian Splats for 5000 iterations using the
same learning rate as done in the official 3DGS [3] imple-
mentation. We skipped several techniques that were used
in the original 3DGS such as opacity resetting, cloning and
pruning operations to preserve the original reconstruction.

B. Datasets

In this section, we provide some additional details for the
datasets that we have introduced in our main manuscript.
We casually captured video sequences using Galaxy S24

with fixed focal lengths and manually changed several ob-
jects between the captures for 5 sequences. After convert-
ing video frames to images, we regularly sampled 300-400
images for initial reconstruction to cover the scene of in-
terest, and obtain camera poses using COLMAP SfM [14].
Fig. 1 illustrates the example of our datasets for every scene,
captured from different timesteps. In total, our dataset con-
tains five scenes that cover a diverse set of indoor spaces
(Cafe, Diningroom, Livingroom, Hall, Lab). We addition-
ally visualized the initial reconstruction of sampled scenes,
with tracked instances using our pipeline, which serve as
the initial object Gaussian templates before refinement. For
evaluation, we selected every 8th frame following the con-
ventional evaluation protocol of neural rendering [9, 10].



C. Additional performance analysis
C.1. Lighting changes
To ensure robust change estimation, we use semantic differ-
ences and structural differences rather than directly compar-
ing the RGB values. We validate our framework’s robust-
ness against varying illumination by applying different ex-
posure, tone, and contrast curves to our dataset, as demon-
strated in Fig. 2. To account for the exposure changes in
the different input images, we used the exposure compensa-
tion provided in the official 3DGS [3] implementation. As
a result, our framework successfully isolates object-level
modifications without being degraded by global illumina-
tion shifts, maintaining high rendering fidelity.

C.2. Geometry estimation errors
The robustness experiments in the main paper primarily an-
alyze descriptor noise, related to the matching error. To fur-
ther simulate the actual estimation failures, we conduct an
additional analysis by assuming errors in depth maps and
camera poses during reconstruction, which closely mimics
real-world failure scenarios, as depicted in Fig. 3. While
moderate noise is refined during the final refinement step,
MASt3R [6] point clouds with severe errors and unstable
registration are naturally treated as separate instances and
refined independently. Consequently, this isolation strategy
prevents initial pose or depth inaccuracies from corrupting
the global scene geometry, effectively absorbing the errors
to yield coherent structural reconstructions.

C.3. Lightweight representation capability
In our main experiments, we utilize 3 images per timestep
across 4–5 timesteps per scene. To further evaluate the im-

Pre-change render Novel-view renderPost-change input

Figure 2. Different lighting results with estimated change.

w/o error Depth error Camera error

PSNR: 21.19
SSIM: 0.920

PSNR: 20.83
SSIM: 0.915

PSNR: 20.36
SSIM: 0.898

Figure 3. Geometry estimation errors and rendering results.

pact of input sparsity, we conduct an additional performance
analysis by varying the number of images per timestep on
the LIVINGROOM scene, as detailed in Tab. 2. As a ref-
erence baseline, we measured the performance of standard
3DGS [3] using 100 densely sampled images per timestep.
Notably, our approach achieves comparable reconstruction
quality using only sparse updates, eliminating the need for
dense image captures.

Although we incorporate pretrained modules, our
pipeline remains lightweight by leveraging reusable priors
from the existing scene. As demonstrated in Tab. 3, our
framework effectively models dynamic scenes while main-
taining real-time rendering performance after optimization.
Furthermore, it significantly reduces the memory footprint
required for long-term environment maintenance, keeping
memory usage comparable to the initial static 3DGS [3].
Ultimately, these results demonstrate that our updating
mechanism not only renders photorealistic images but also
provides a highly scalable and memory-efficient solution
for long-term scene representations.

D. Additional comparative studies
D.1. Additional qualitative comparisons
We present additional qualitative results for both CL-
NeRF [18] and our datasets in Fig. 4. We illustrate scenes
that are not covered in Fig. 3 of the main manuscript.
By incorporating reusable priors into scene representations,
we achieve a notable reduction of artifacts, particularly
in under-constrained regions where other baselines often
struggle. Compared to the baselines, our method produces
cleaner geometry and more photorealistic synthesis under
novel viewpoints. This improvement highlights the effec-
tiveness of our method in reducing ambiguity and enabling
stable reconstructions across diverse scenes.

D.2. Per-scene quantitative comparisons
We provide the evaluation results of all scenes in terms of
PSNR, SSIM, and LPIPS. As demonstrated in Tab. 4, Tab. 5
and Tab. 6, our framework achieves the best results for most
scenes.

# image 2 3 4 5 6 3DGS [3] (∼100)

PSNR 23.06 23.46 23.92 24.21 24.41 25.66
Time 6m 2s 7m 11s 8m 42s 10m 4s 11m 20s 31m 32s

Peak VRAM 7.8 GB 8.7 GB 9.2 GB 10.3 GB 11.7 GB 8.3 GB

Table 2. Performance analysis for different number of images.

3DGS [3] (Single time) 4DGS [17] CL-Splats [1] LTGS (Ours)

Memory 125.8 MB 172.8 MB 192.9 MB 128.5 MB
FPS 190.3 82.6 34.1 102.8

Table 3. Memory and dynamic rendering FPS comparison.
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Figure 4. Additional qualitative comparisons. We illustrate the results of our method and baselines using CL-NeRF dataset and our
dataset.



CL-NeRF dataset Our dataset
Method Whiteroom Kitchen Rome Cafe Diningroom Livingroom Hall Lab

3DGS [3] 20.66 24.55 28.38 15.97 18.44 20.44 22.35 20.60
InstantSplat [2] 19.35 17.66 19.92 17.71 22.14 19.30 18.66 18.98
4DGS [17] 24.84 25.41 28.15 18.01 22.84 22.51 23.33 20.76
NSC [7] 18.13 17.40 26.36 15.10 18.21 19.81 18.63 15.86
3DGS-CD [8] 23.86 22.20 24.77 17.94 22.15 21.00 22.22 21.41
CL-NeRF [18] 26.22 25.81 24.55 16.53 22.66 22.32 22.40 20.87
CL-Splats [1] 26.84 24.90 25.79 18.71 19.29 23.94 22.21 21.47

LTGS (ours) 26.67 26.21 28.65 20.77 25.22 23.50 25.22 22.64

Table 4. PSNR comparisons on CL-NeRF dataset and our dataset. The first and second best results are highlighted in bold and
underlined, respectively.

CL-NeRF dataset Our dataset
Method Whiteroom Kitchen Rome Cafe Diningroom Livingroom Hall Lab

3DGS [3] 0.821 0.645 0.899 0.776 0.866 0.897 0.911 0.835
InstantSplat [2] 0.699 0.443 0.660 0.723 0.857 0.795 0.809 0.739
4DGS [17] 0.827 0.644 0.885 0.772 0.893 0.882 0.892 0.812
NSC [7] 0.710 0.536 0.849 0.705 0.795 0.813 0.804 0.658
3DGS-CD [8] 0.815 0.563 0.803 0.719 0.792 0.797 0.751 0.812
CL-NeRF [18] 0.829 0.636 0.725 0.696 0.863 0.881 0.859 0.775
CL-Splats [1] 0.848 0.627 0.840 0.749 0.873 0.836 0.866 0.819

LTGS (ours) 0.848 0.645 0.892 0.845 0.911 0.922 0.924 0.840

Table 5. SSIM comparisons on CL-NeRF dataset and our dataset. The first and second best results are highlighted in bold and
underlined, respectively.

CL-NeRF dataset Our dataset
Method Whiteroom Kitchen Rome Cafe Diningroom Livingroom Hall Lab

3DGS [3] 0.522 0.537 0.116 0.323 0.313 0.216 0.234 0.273
InstantSplat [2] 0.561 0.579 0.257 0.328 0.295 0.367 0.377 0.346
4DGS [17] 0.539 0.547 0.148 0.363 0.306 0.307 0.299 0.334
NSC [7] 0.585 0.619 0.192 0.441 0.385 0.426 0.431 0.510
3DGS-CD [8] 0.527 0.571 0.213 0.337 0.366 0.345 0.375 0.318
CL-NeRF [18] 0.521 0.536 0.339 0.463 0.324 0.328 0.350 0.428
CL-Splats [1] 0.492 0.542 0.214 0.345 0.308 0.323 0.303 0.280

LTGS (ours) 0.478 0.522 0.128 0.246 0.253 0.185 0.204 0.260

Table 6. LPIPS comparisons on CL-NeRF dataset and our dataset. The first and second best results are highlighted in bold and
underlined, respectively.
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