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1. Visualization

This paper harnesses vision foundation models to help the
reconstruction of nighttime glow scenes. The motivation
is that VFMs can generate discriminative representations in
glow regions. We show more visualization results in Figure
1.

2. Experimental Details

In this paper, we leverage image-to-video diffusion models
and vision foundation models (VFMs) to enable our 3DGS
framework to effectively reconstruct nighttime glow scenes.
Given a training view, we first use image-to-video diffu-
sion models to generate novel views with unknown camera
poses. A VFM-based verification module then assesses the
quality of these novel views. Once the high-quality gener-
ated views are obtained, we extract robust semantic features
using VFMs to construct a semantic feature bank. The ex-
perimental details are as follows:

Image-to-Video Diffusion Models We employ state-of-
the-art image-to-video diffusion models, such as Pika [4]
and PromeAl [5], to synthesize novel views. Pika and
PromeAlI generate 3-second and 4-second videos per input
view, respectively. We then extract one frame per second,
resulting in three frames from Pika and four from PromeAl
for each training view. For Pika, we do not use a text prompt
to guide the generation process, whereas for PromeAl, we
use the prompt: “Slow camera movement, static scene, no
new objects.”

VFM-Based Verification We use DINO to measure the
distance between the input and generated views, as shown
in Figure 3. If the distance exceeds 1.5, the image-to-video
diffusion models re-generate novel views by adjusting the
motion intensity or random seed. Specifically, for PromeAl,
both motion intensity and the random seed can be adjusted,
whereas for Pika, only the random seed can be modified.

robby.tan@nus.edu.sg

(b) CLIP (c) DINO

(a) Input

Figure 1. Visualization of features extracted by different Vision
Foundation Models.

Table 1. (PSNR/SSIM) vs. Number of Training Views

Method 2 views 4 views 6 views 8 views 10 views
MGS [8] 21.0/0.64 25.8/0.80 26.5/0.82 27.6/0.84 28.2/0.85
MGS [8] + Ours 22.1/0.72 27.2/0.85 28.2/0.87 29.2/0.88 29.8/0.90

Feature Extraction We leverage vision foundation mod-
els such as DINO [1] and CLIP [6] to extract semantic fea-
tures, which are then stored in a semantic feature bank.

3. Evaluation on Glow and Non-Glow Regions

Glow is defined as the area surrounding a light source where
luminance gradually decays but remains above a certain
threshold (e.g., 10% of the source peak). In practice, this
region can be approximated using an Atmospheric Point
Spread Function (APSF) [2] centered on the detected light
source. Fig. 2 illustrates the resulting glow mask. Based
on the generated glow mask, PSNR and SSIM are com-
puted separately for the glow and non-glow regions. Table 2
shows that our method achieves significant improvements in
both regions.



(a) Input

(b) Glow Mask

(c) MGS [8] (d) Ours

Figure 2. Glow masks and results from MGS [8] and ours.

Table 2. (PSNR 1/ SSIM 71/ LPIPS |) computed separately on glow and non-glow regions using the glow mask.

\ NightGlow \ RawNerf-Glow (sSRGB) [3] \ Bilarf-Glow [7]
Method ‘ Glow Regions ‘ Non-Glow Regions ‘ Glow Regions ‘ Non-Glow Regions ‘ Glow Regions ‘ Non-Glow Regions
MGS [8] ‘ 25.7/0.97/0.2154 ‘ 26.9/0.84/0.2298 ‘ 18.4/0.97/0.3723 ‘ 24.7/0.67/0.3491 ‘ 17.8/0.93/0.2853 ‘ 18.1/0.69 /0.3098

MGS [8]+ours ‘ 28.1/0.98/0.1610 ‘ 28.6/0.89/0.1893 ‘ 22.0/0.98/0.3189 ‘ 26.0/0.71/0.3446 ‘ 18.4/0.94/0.2292 ‘ 19.9/0.78 /1 0.2418

4. Ablation Studies

In this section, we present additional ablation studies to ver-
ify the effectiveness of GlowGS.

Analysis of the Number of Training Views In our exper-
imental setup, each scene includes six training views, with
the remaining frames used for evaluation. To assess the
robustness of GlowGS, we perform ablation studies with
varying numbers of training views. As shown in Table 1,
our method consistently outperforms baseline approaches,
regardless of the number of training views. This improve-
ment stems from our novel-view semantic learning strat-
egy, which optimizes rendered novel views without requir-
ing ground-truth supervision.

Analysis of Generated Views The additional generated
views total 18 for Pika and 24 for PromeAl. To assess
the impact of the number of generated views, we con-
duct experiments using 0, 12, and 24 additional views.
Our method achieves PSNR/SSIM scores of 26.46/0.8233,
27.53/0.8650, and 28.24/0.8739 for 0, 12, and 24 additional
views, respectively. These results indicate that increasing
the number of generated views improves performance. Note

that these images cannot directly train 3DGS due to un-
known camera poses.

5. Ethical Considerations

This paper introduces a new nighttime glow dataset, com-
prising 18 scenes. Each scene contains approximately 30
images, all affected by glow effects. To ensure privacy and
ethical compliance, our collected images do not include any
identifiable individuals, vehicles, or sensitive content. Ad-
ditionally, our dataset is intended solely for research pur-
poses, focusing on improving nighttime scene reconstruc-
tion without infringing on personal privacy or security con-
cerns. We adhere to ethical data collection guidelines and
ensure that no copyrighted or restricted content is included
in our dataset.
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Figure 3. Visualization of generated results. Given a training view, we use image-to-video diffusion models to synthesize novel views. The
last three columns show the outputs of these models. Red bounding boxes highlight high-quality results below the threshold, while blue

bounding boxes indicate low-quality results exceeding the threshold.
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