Supplementary Materials

A. Overview

* In Sec. B we provide training details for training densifica-
tion and fusion modules.

* In Sec. C we provide more analysis, including effects of
thresholds, choices for hyper-parameters, comparison with
3D re-projection based baseline with estimated depth and
pose, and effects of 3D reconstruction from large models
such as VGGT and MapAnything.

¢ In Sec. D we provide more evaluations following the main
experiments.

¢ In Sec. E we further experiment on RGB-Normal map as
a style to transfer between views.

B. Training Details

Details of D and F training. To train D, we use RGB image
and downsample its paired X-image by random sparsity
as the input that uniformly samples a density within [0.05,
0.85]. The low density simulates situation such as larger
homogeneous areas, and the high density simulates situations
with more matched keypoints. We combine this uniform
sampling with ORB and SIFT keypoints extraction on the
X-images. The original X-images is the groundtruth. We use
a batch size of 4, an image size of 512x512, a learning rate of
0.001, and an epoch number of 24 on a NVIDIA RTX-4090
GPU. We adopt losses that are combined with commonly
used L1, Laplacian [13], and gradient matching [5, 8], which
are widely used in depth estimation and completion tasks.
Then, we freeze D during the test time.

F is pretrained on image enhancement with lightweight
architecture [12]. During the test time, we perform test-time
training (TTT) to train F to fuse multi-level X-images. Self-
supervised losses with RGB images are computed, including
the cosine similarity loss and self-matching loss. For each
modality, F is trained for 100 steps for the fusion step ini-
tialization, with data randomly drawn from the pool. Then a
2-step update is applied to each inference sample. A learning
rate of 0.00006 is used for this high-dimensional task.

We keep the larger size D as a frozen foundation, which

is unaffected by specific test scenes and still maintains test-
time efficiency. Meanwhile, we update lightweight F to
efficiently adopt test-time information to better synthesize
X-views built upon D’s performance.
RGBX-3DGS. For training RGBX-3DGS, we follow the
official and most general 3DGS setting and add X-channels
in the CUDA kernels in addition to RGB channels. We
keep one set of all the other GS parameters, such as scale,
rotation, or opacity. This is different from [4], where they
use disentanglement to have one set of scale, rotation, and
opacity for RGB and the other set for another modality (See
paper Section 3.3)

The learning rate for the additional X-channel is set
to 0.0025, which is the same as the RGB channel, and
the rendering follows the alpha composition from RGB-
channels and X-channels separately to render RGB-images
and X-images. The hyper-parameters such as iterations, den-
sity control, and learning rates follow the official settings.
Note that there are 3DGS methods tailored for individual
modalities, such as RGB-Thermal 3DGS [7], Thermal-only
3DGS [2], or RGB-NIR [3].

In contrast, we retain the original formulation of 3DGS,
as our goal is to address general RGB-X modalities rather
than design yet another modality-specific variant. Our nov-
elty lies in developing a scalable framework, built upon the
proposed match—densify—consolidate paradigm, to enable
cross-sensor view synthesis. We are the first scalable work
for this practical but widely-overlooked task of aligning sen-
sor pairs without requiring 3D priors of X sensors. Our
purpose is not to build tailored and new 3DGS formulations
for each individual modality.

C. More Analysis

Analysis on Impact from Thresholds. As mentioned in the
paper Section 3.2, a higher threshold yields sparser initial
points and needs to rely on RGB cues for densification,
whereas a lower one yields more points as initialization but
they are noisier. We show examples in Fig. S2 to describe the
observations. Using the fusion module and trained with the
given self-supervised losses with respect to RGB images, our
proposed F successfully preserves the advantages of both,
showing details, smoother regions, and less noise.

Study on the Hyper-Parameters. We experiment with dif-
ferent hyper-parameter choices and show results in Fig. S1
using RGB-NIR-Stereo 09-28-16-48-17/1, including the
number of levels K, the number of frames NV, and the density
in area sampling. For K, K = 3 attains similar scores with
more levels used and becomes the choice. A lower K value
is not efficient for utilizing the advantages of multi-level
confidence as mentioned earlier. For N, N = 7 attains the
best score. Specifically, using more frames risks matching
across low-overlap views, leading to more noisy matches,
and thus K = 9 drops the score.

For density in area sampling, we also find 5% is a good
spot for peak performance, and a higher sampling rate per-
forms slightly worse due to errors from homography warping.
Further, based on main paper Tab. 5’s last entry, we add an
experiment to control sampling density of pixels and report
PSNR. 0%: 16.45, 1%:18.70, 2%: 18.91, 5%: 19.22, 10%:
18.88, where a 5% rate seeds enough points.

Compare to 3D Reprojection by Estimated Pose and
Depth. Here we provide more details about experiments
on 3D reprojection-based method. Given unpaired RGB and
thermal images, we first use DepthAnythingV2 to estimate
depth, MINIMA'’s cross-modal matcher to match keypoints
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Figure S1. PSNR Changes with Hyper-Parameters. We study the hyper-parameter choices and PSNR changes, while controlling all the

other factors.
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Figure S2. Effects of Different Thresholds. Higher thresholds yield less noise but also fewer details; lower thresholds yield more details
but also a higher noise level. Our fusion strategy combines the advantages across thresholds and shows better quality.

and compute relative pose between RGB and thermal images,
and intrinsics from the dataset’s groundtruth.

We experiment with two settings to cover depth estima-
tion from thermal images directly or from RGB images. The
first (Setting A) is to estimate depth from RGB’s view and
reproject RGB’s view onto thermal camera’s view space by
the following relation.

uT URGB
1
vr | = K1 | RrRaBoT - Kgge * DraB | VRGB | + tRaBoT
1 1

where [urGB, URGB, 1] and [ur, vT, 1] mean homogeneous
coordinates for RGB and thermal images, Krgp, KT mean
intrinsics for RGB and thermal cameras from the dataset,
which also consider lens distortion, R and ¢ represent esti-
mated relative rotation and translation between two views,
and Drgp is the estimated depth map. We infill the hole
with the nearest neighbors after re-projection.

We show visualization and error analysis in Fig. S3. Dif-
ferent errors in depth estimation are marked, including wrong

depth by comparing the neighboring regions (Box A and B),
faint and irregular structures (Box C), and also irregular sky
areas. For the pose error, the translation RMSE is about
0.99m and the rotation error is about 0.8°. However, this
slight pose error still results in a visible global misalignment
in the reprojected RGB, which does not align well with the
thermal view.

Then we use the reprojected depth map as depth for ther-
mal images and reproject thermal images back to RGB’s
view by

URGB ur
-1
vreB | = Kree | Rr—res - Kt - Dt |vr | +t15RGB
1 1

Then we train with 3DGS for consolidation.

The second (Setting B) is to estimate depth from thermal
images directly, and then we re-project thermal images with
estimated depth back to the RGB views. We show a result
in Fig. S4, where depth from thermal views is not reliable,
as DepthAnything primarily operates in the RGB domain,
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Figure S3. 3D Re-projection Artifacts: From RGB to Thermal. Pseudo-color for the depth map captures 3-75m. We infill the disocclusion
areas with the nearest values. Visible Depth Errors: In Box A, the van is roughly at the same depth as the neighboring car, but the colormap
shows a visibly closer depth since the size is larger. (The metric depth for the car inside Box A is 16.1 m, and the depth for the car on its
right-hand side is 20.4m. The difference is 4.3m, much larger than it should be from the parallel parking situation.) In Box B, the car should
be slightly farther than the neighboring car, but it shows a closer depth (3.2m closer than its neighboring car on the left). In Box C, the pole
structure cannot be reflected. Further, the sky areas are associated with wrong and irregular depth values. Visible Pose Error: The car is
reprojected to the left-facing, but the groundtruth from the target thermal view is right-facing, and the projected view is misaligned globally

with the target view, showing pose estimation error.
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Figure S4. 3D Re-projection Artifacts: From Thermal to RGB.
Visible depth errors are shown in the car roof areas and the pole
with skewness or larger shifts.

leading to larger errors such as a skewed pole and shifted car
roofs. We also train 3DGS for consolidation in this setting.

Video or Multiview Depth Estimators. We show numeri-
cal and visual comparison on METU-VisTIR-Cloudy sc-1 in
Tab. S1 and Fig. S5. Our performance shows much better re-
sults from both numerical and visual aspects. Low numerical
values and poor rendering quality are affected by imprecise
depth and pose.

To further strengthen the depth reprojection-based base-
line, we replace the monocular DepthAnything with dense
multiview stereo, MapAnything (MA), or video depth,
VideoDepthAnything (VDA) methods. We use the networks
to predict metric depth for each frame from multiviews,
which potentially improves regions where monocular one
struggles. Following the Setting A, we use the predicted
RGB’s depth and reproject the scene depth to the X-view
and infill holes. Then, we back-project the X-view to RGB
using the scene depth. We use METU-VISTIR-Cloudy 6
scenes for evaluation and show the results in Table S2, where
we also include results using groundtruth relative pose for
reprojection. From the table, our results still outperform the

Table S1. Comparison with 3D reprojection-based settings on
METU-VisTIR-Cloudy sc-1.

Method |Icos 1|p307 | p501|p7071 | p901 [ ITMT|ITcost
Setting A | 0.658 [30.9434.23(36.24|38.24| 0.860 | 0.414
Setting B | 0.651 |30.22|33.39{35.35(37.71| 0.648 | 0.393
Ours 0.702 |35.67(39.56 |41.14 |42.64 | 0.988 | 0.460

Table S2. Comparison with 3D reprojection-based methods with
depth from multi-view estimators.

Method Icos 1| p3071 | p5071 | p701 | p901 [ ITMT|ITcosT
VDA 0.66 [29.71(32.56|34.56|36.68| 0.88 | 0.44
VDA (+ gt pose)| 0.68 {30.40|33.18|35.12|37.20| 0.90 | 0.44
MA 0.66 |29.42132.06|34.20(36.38| 0.87 | 0.42
MA (+gt pose) | 0.67 [30.09|32.89(34.91|36.72| 0.88 | 0.44
Ours 0.69 (31.18(34.39|36.43(38.72| 0.92 | 0.45

those baselines with a large margin, even with groundtruth
poses. The challenges of inexact depth for thin or cropped
objects persists that cause object deformation, indicating
getting precise metric depth from images is still challenging.
Foundation Model-based Reconstruction on RGB-X. We
experiment with two foundation models, including VGGT
and MapAnything. We feed in RGB and thermal images
together, alternatively sampled with three frames as a step
(e.g., frame-1 RGB, frame4-thermal, frame7-RGB, frame10-
thermal, and so on.), and show the VGGT’s 3D reconstruc-
tion in Fig. S6 and MapAnything’s in Fig. S7. Both recon-
structions have cleared out the sky areas. VGGT reconstructs
each modality separately without aligning their features. Ma-
pAnything though can recognize cross-modal features and
reconstruct a single building; it still suffers from large errors,
such as unaligned and multiple layers for each object from
each modality (e.g., two separated car layers from RGB and
thermal views in Fig. S7).
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Figure S5. Visual Comparison to 3D Re-projection Methods.

Our results show much better structures.

Figure S6. 3D Reconstruction by VGGT. The reconstruction are
separated without alignment.

D. More Results

RGBT-Scenes. We show the visual results for RGBT-Scenes
in Fig. S8, which includes both train view and novel view
results. Numerical results are in Table 3 of the paper. Our
synthesis is closer to the groundtruth for both train and novel
views.

Evaluation on Image Quality. Fig. 6 of the paper shows
improved rendering quality with better thermal images. Here
Table S3 also shows the numerical results on image quality
metrics. Our RGB rendering also slightly outperforms others
due to better thermal images involved in 3DGS training, as

Figure S7. 3D Reconstruction by MapAnything. The method
suffers from large 3D reconstruction prediction errors, which can
be seen in two separated car rows from RGB and thermal on the
bottom.
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Figure S8. Visual Comparison on RGBT-Scenes. Ours shows
closer structures to the groundtruth in the thermal domain.

Table S3. RGB Image Quality on METU-VisTIR-Cloudy.

Method PSNRt | SSIM? | LPIPS|
XoFTR [11] | 26.838 | 0.833 0.170
LightGlue [6] | 26.843 | 0.828 0.172
LoFTR [10] 26.834 | 0.830 | 0.171
MINIMA [9] | 26.841 | 0.832 | 0.169
Ours 26.990 | 0.842 | 0.145

our side benefit.

More RGB-SAR Visualization. Following Fig. 8 in the
paper, we show more RGB-SAR results in Fig. S10, where
our SAR maps are closer to the groundtruth compared with
other methods.

Source and Target View Visualization. We show the source
current frame and the synthesized target frame in Fig. S9, to
help understand how information propagate.

E. More RGB-X Modality

. Although our work is presented in the context of sensor-
based captures, the method is not restricted to sensor modal-
ity only and can be applied to general RGB-X settings. In
particular, it naturally supports scenarios involving two un-
paired Camera A and B, where modality X is captured or
derived from Camera B, and the goal is to fuse X into the
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Figure S9. Visualization of Source and Targeted Views.

3D fields of Camera A. This also covers practical cases
where X originates from external sources—for example, a
third-party map or reconstruction provided without the orig-
inal viewpoints—yet one still wishes to integrate it into a
self-captured scene.

We further conduct an experiment on RGB-Normal by
treating the normal map as an additional style modality. We
adopt the METU-VisTIR-Cloudy dataset and use its orig-
inal RGB images as Camera A. Then, using our trained
RGBX-3DGS model, we render novel RGB views to serve
as Camera B. To introduce larger viewpoint displacement,
the pose of each novel view is set to the mean of the current
frame’s pose and that of the frame 10 steps ahead. Next, we
apply DSINE [1] to estimate normal maps from Camera B’s
RGB images. Finally, we use our method to fuse Camera
B’s estimated normals with Camera A’s RGB observations
into a unified 3DGS field.

We show the results in Fig. S11 and compare with MIN-
IMA’s warping + 3DGS. MINIMA is trained with higher
robustness across different modalities. Other image match-
ers like LOFTR, XoFTR, or LightGLUE fail to match across
RGB and normal maps to produce reasonable results to con-
solidate in 3DGS. Our method produces much better, more
structured normal maps. A numerical comparison is shown
in Tab. S4, where we compare using the ITM and ITcos.

Table S4. Comparison on RGB-Normal using METU-VisTIR-
Cloudy.

Method ITM1 |ITcost
MINIMA [9]]0.412] 0.333
Ours 0.906 | 0.422
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Figure S10. More RGB-SAR Results and Comparison.
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