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A. Dataset Details

We discuss more details about the MvD-1M used in this work
and the way to get metric depth of them. The visualization
of some examples from MvD-1M is shown in Figure 1.
Co3Dv2 [16]: Co3Dv2 is a widely used object-centric
dataset with diverse classes, backgrounds, and image resolu-
tions. We filtered the official Co3Dv2 dataset, retaining the
scenes whose short sides are larger than 256. Furthermore,
we ensure that all categories in Co3Dv2 are sampled in bal-
ance during training. Since Co3Dv2 contained sparse depth
maps from SfM, which were used to align metric depth.
MVImgNet [24]: MVImgNet contains high-quality object-
centric images, while the viewpoint changes are not as large
as Co3Dv2. Similarly, we maintained category balance for
each training epoch in MVImgNet. MVImgNet has sparse
Colmap points which could be utilized to align metric depth.
DL3DV [10]: DL3DV is a large-scale, scene-level dataset
with a variety of scenarios, and it serves as the primary
source for our model’s training. Note that only some DL3DV
scenes contain sparse Colmap points, others do not. For
scenes lacking SfM results, we employed the MVS [3] to
achieve metric depths, applying a confidence filter of > 0.5.
GL3D [17]: GL3D primarily contains aerial images, along-
side a limited number of scene-level multi-view images.
Given that the authors did not provide detailed camera poses
for the undistorted images, we utilized Colmap to estimate
the camera poses and extract sparse SfM points.
Scannet++ [22]: Scannet++ comprises indoor scenes. To
ensure the image quality, we use images captured by DSLRs
rather than RGBD from cell phones. We first undistorted
the DSLR images, and then applied the officially provided
sparse Colmap points to align the metric depth.
3D-Front [5]: 3D-Front includes numerous indoor scenes
rendered using Blender. For this dataset, we directly utilized
the rendered ground truth depth for geometric warping.
RealEstate10K [26]: RealEstate10K is a widely used scene-
level dataset. We combined the training and test sets to
maximize its utility, retaining 50 scenes for validation, as
detailed in Table 1 of the main paper. Because RealEstate10k

only contains camera poses, we employed MVS [3] to get
metric depths.
ACID [11]: ACID is built with aerial images captured in
natural landscapes. We filtered out samples with minimal
motion and used MVS [3] to obtain the metric depths.
Objaverse [4]: All images from Objaverse are rendered in
512 × 512. To improve the diversity, we randomly altered
the background colors for different objects in this dataset.
Importantly, we did not apply 3D priors in this relatively
simpler dataset to increase the challenge.
Megascenes [18]: Megascenes contains diverse places col-
lected from the wiki, captured at various times, using a range
of devices. We retained scenes with a valid view count of at
least 8 and aligned the metric depth using sparse SfM points.
Aerial: The Aerial dataset was collected from Google
Earth [1], capturing images below 500 meters above the
ground. We retain the images with top-3 heights to ensure
superior visual quality. To derive metric depths, we trained
Instant-NGP [14] for each scene and rendered the metric
depth through the reconstructed mesh.
Streetview: The Streetview dataset was also collected from
Google Earth [1], which comprises both indoor and outdoor
scenes from New York. All Streetview scenes are panoramic
images. We utilized Equirectangular projection to derive
standard images and camera poses with random intrinsic
and extrinsic matrices to enhance diversity. Notably, as
depth data is essentially meaningless for geometric warping
for panoramic images, we opted not to employ geometric
warping for this dataset, including only the camera poses.

B. More Implementation Details
B.1. Canonical Coordinate Map (CCM)

We provide more details about CCM [9] mentioned in the
main paper. To incorporate precise positional information
to MVGenMaster, we begin by unprojecting 2D coordinates
xr from reference views into the 3D world space (canonical
space) as:

Cworld
r ≃ P c→w

r D̂r(xr)K
−1
r xr, (1)
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Figure 1. Illustration of MvD-1M used in MVGenMaster.

where Cworld
r denotes the 3D coordinates in the world space,

i.e., CCM; P c→w
r is the transformation matrix converting

coordinates from camera to world space; D̂r(xr) and K−1
r

indicate metric depth and camera intrinsic’s inversion of ref-
erence views, respectively. Subsequently, Cworld

r is further
warped into target views, i.e., Cwarp

r→t following Eq.(3) in the
main paper. Note that we further normalize Cwarp

r→t into 0 to
1 before send it to the Fourier embedding.

B.2. Multi-Scale Training

All resolutions used in our multi-scale training are listed in
Table 1. And we ensure that at least one batch samples are
allocated for each resolution group per-epoch.

Resolution (height × width)
320×768 384×448 576×448
320×704 448×576 576×384
320×640 448×512 576×320
320×576 512×512 640×384
320×512 448×384 640×320
384×640 512×448 704×320
384×576 512×384 768×320
384×512 512×320

Table 1. Resolutions used in the multi-scale training.

B.3. Normalization of Camera Poses

The Plücker ray [21] enjoys dense and good camera presen-
tations for NVS, which can be denoted as (o× d,d), where
o,d indicate the origin and direction of pixel-aligned rays
respectively. We clarify that the cross-product result o× d
is not scaling invariable due to different scales of o. Since
the SfM results of different datasets contain different camera
scales, we need to normalize them before the training and
inference to avoid unseen camera scales during the inference.
Specifically, we analyzed all camera positions within each
scene and saved the longest distance between the two far-
thest cameras. If this distance exceeded 5, we normalized
the global scene to ensure the longest side was 5, while the
metric depth should also be re-scaled accordingly. Such
normalization allows the model to effectively adapt small

camera motions instead of straightforwardly normalizing all
cameras into the same scale.

B.4. Settings of 3DGS Reconstruction

We follow the vanilla 3DGS implementation of [8] with
L1, SSIM, and LPIPS [25] losses as many other works [12,
13, 23]. The point cloud from Dust3R [19] is leveraged to
initialize the 3DGS training. The dynamic LPIPS weighting
strategy [6, 12] is also incorporated according to the distance
to the nearest reference view, and the LPIPS weight changes
from 0 (reference view) to 0.25 (the farthest view). The
training is accomplished within 2000 steps in our work.

B.5. Efficiency and Memory Costs

Our model enjoys a similar efficiency as CAT3D [6], while
the cost of 3D priors incorporation is negligible. Inference
efficiency and GPU memory costs of the 50-step DDIM
scheduler with different target view numbers are listed in Ta-
ble 2. The experimental device is one 80GB A800 NVIDIA
GPU; the image resolution is 384×576. Note that our model
can synthesize all views at once instead of cumbersome
iterative generations.

Views 3D priors Time Memory
8 × 7.0085s 6420M
8 ✓ 7.1768s 6440M

25 ✓ 21.272s 14048M
50 ✓ 53.055s 27762M
100 ✓ 132.67s 50542M
158 ✓ 262.86s 80738M

Table 2. Efficiency and memory costs of our model. The experi-
mental device is one 80GB NVIDIA A800 GPU, while the image
resolution is 384x576. The setting of 8-view without 3D priors can
be regarded as the baseline CAT3D [6].

C. Supplementary Experiment Results
We show the qualitative comparison of 3DGS reconstruction
in Figure 2. More NVS results are listed in Figure 5, Figure 6,
and Figure 8. Additionally, more reference views further
strengthen the performance as shown in Table 4 and Figure 9.



3-view 6-view 9-view
PSNR↑ LPIPS↓ PSNR↑ LPIPS↓ PSNR↑ LPIPS↓

R
ea

l1
0k Recon[20] 25.84 0.144 29.99 0.103 31.82 0.092

CAT3D[6] 26.78 0.132 31.07 0.092 32.20 0.082
Ours 25.15 0.091 27.28 0.067 27.54 0.062

C
O

3D

Recon[20] 19.59 0.398 21.84 0.342 22.95 0.318
CAT3D[6] 20.57 0.351 22.79 0.292 23.58 0.273

Ours 19.99 0.278 21.96 0.214 22.77 0.195

M
ip

36
0 Recon[20] 15.50 0.585 16.93 0.544 18.19 0.511

CAT3D[6] 16.62 0.515 17.72 0.482 18.67 0.460
Ours 16.29 0.489 17.51 0.405 18.21 0.354

Table 3. Reconstruction results of the official Reconfusion
benchmark. Results of reconfusion [20] and CAT3D [6] are from
their papers. Our results are under once NVS inference and 3DGS.

Reconstruction Benchmark. To ensure the effectiveness
of MVGenMaster, we compare our method with the official
data splits from the benchmark of Reconfusion [20] as in Ta-
ble 3. Results of Reconfusion [20] and CAT3D [6] are from
their papers. Our method enjoys a much simpler pipeline to
produce all views with one forward process without iterative
generation (CAT3D) and distillation (Reconfusion), only tak-
ing 3 minutes for each scene with one A800 (NVS+3DGS).
Besides, Reconfusion and CAT3D use ZipNeRF [2], which
costs much more training times for each instance. More-
over, we should clarify that the results of MipNeRF-360 are
slightly different from Table.3 of the main paper. Because
the data splits of Reconfusion are different from ours. They
use a heuristic strategy to encourage more reasonable cam-
era placing for the object centric reconstruction [20]. Even
under such a challenging setting, our method achieves better
human perception (lower LPIPS) and comparable PSNR.

Datasets
PSNR↑ SSIM↑ LPIPS↓

Reference View
CO3D+MVImgNet
Ours (1-view) 18.619 0.573 0.316
Ours (3-view) 21.466 0.653 0.220
Ours (5-view) 22.594 0.682 0.188
Ours (7-view) 23.299 0.697 0.169
DL3DV+Real10k
Ours (1-view) 15.729 0.468 0.376
Ours (3-view) 18.296 0.552 0.266
Ours (5-view) 19.366 0.585 0.224
Ours (7-view) 20.039 0.604 0.204
Zero-shot Datasets
Ours (1-view) 12.879 0.394 0.466
Ours (3-view) 15.533 0.491 0.319
Ours (5-view) 16.826 0.531 0.263
Ours (7-view) 17.559 0.550 0.233

Table 4. Results of MVGenMaster with different reference
views. The total view number N +M = 25.

Extending to More Target Views. To explore the robustness
of the proposed key-rescaling, we conduct an exploratory
ablation study in Table 5. In this study, we increase the
total number of views to 158, which represents the memory
limit of an 80GB GPU. Key-rescaling with γ = 1.2 is still

views at once key-rescaling PSNR↑ SSIM↑ LPIPS↓

8/158 – 15.193 0.378 0.362
28/158 – 14.913 0.386 0.361

158/158 1.15 15.439 0.410 0.358
158/158 1.2 15.565 0.409 0.355
158/158 1.25 15.597 0.403 0.356
158/158 1.3 15.538 0.397 0.359

Table 5. Results of extremely long sequence generation of MV-
GenMaster. The total view number N + M = 158 reaches the
upper bound of an 80GB GPU.

effective and robust in persisting the reference guidance for
such an extremely long sequence. We should clarify that
this memory limit is merely a hardware constraint of our
method, which could potentially be overcome with efficient
engineering optimizations. We regard these engineering
optimizations as interesting future work to further extend the
target view numbers of MVGenMaster. Furthermore, our
method’s capability to generate 100 views is sufficient to
address most NVS scenarios, as verified in our main paper.

N/M γ PSNR↑ LPIPS↓ N/M γ PSNR↑ LPIPS↓

1/97

1.0 12.53 0.541

2/97

1.0 13.69 0.468
1.1 12.56 0.528 1.1 14.31 0.432
1.2 12.52 0.523 1.2 14.46 0.426
1.3 12.50 0.526 1.3 14.35 0.438

3/50

1.0 14.82 0.386

3/97

1.0 14.75 0.402
1.1 15.47 0.359 A1 15.59 0.360
1.2 15.55 0.358 1.2 15.64 0.358
1.3 15.28 0.371 A2 15.48 0.364

Table 6. Detailed Ablation of Key-rescaling. Following the
adaptive γ settings based on attention-entropy [7], A1 is set based
on the length of N +M , while A2 further considers the various
sequential lengths across different layers.

Detailed Ablation of Key-rescaling. We clarified that γ =
1.2 defined in the main paper works robustly enough for
our method across various N,M (up to upper bound N +
M=158). We further provide detailed ablation studies and
discussions about key-rescaling in Table 6. i) N = 1 suffers
from ambiguous NVS by generating vast number of views
(usually set M ≤ 25 for N = 1). As exploratory results, key-
rescaling’s effect of N = 1 is a little weaker than N > 1,
but it still achieves the best quality under γ = 1.2 (best
LPIPS). ii) Longer sequence enjoys larger γ, while shorter
one requires smaller γ. Since N +M = 100 addresses most
scenarios, γ = 1.2 is robust enough for our method. iii) We
show adaptive γ settings based on attention-entropy [7] (A1,
A2). They fail to get superior results compared to constant
γ. Further exploring the key-rescaling theory and finding
the optimal γ is interesting future work. Our work provides
this insight to the community and verifies the proposed key-
rescaling is generalized enough to address our problems
based on Occam’s Razor.
Results Compared on Megascenes. We further compare



Methods PSNR↑ SSIM↑ LPIPS↓

Warp+Pose [18] (1-view) 9.808 0.201 0.597
MVGenMaster (1-view) 11.188 0.299 0.575
MVGenMaster (3-view) 12.374 0.347 0.484

Table 7. Results on the challenging Megascenes dataset. Our
method is compared with the warp+pose based model in [18].

the NVS results on the challenging Megascenes dataset [18]
in Table 7 and Figure 4. Our method outperforms the
Warp+Pose baseline in [18] with 1-view reference. More-
over, our 3-view-based results achieve better qualities. Al-
though both methods of MVGenMaster and [18] used 3D
priors from depth estimation, MVGenMaster could handle
high-resolution, multi-view consistent, and impressive gen-
erations with varying reference and target views. In con-
trast, the baseline in [18] only performs with restricted low-
resolution (256x256) and 1-view conditions.
Robustness of 3D Priors. Benefiting from the 3D prior
dropout and suboptimal monocular depth alignment, MV-
GenMaster enjoys good robustness to 3D priors as illustrated
in Figure 7. In this case, the depth alignment is failed, lead-
ing to poor metric depth maps. However, our method still
achieves proper results with camera pose conditions.
Limitations. In Figure 3, we show some ambiguous artifacts
in the background generated by our model. Such artifacts are
mainly caused by the unclear and ambiguous background re-
gions of the reference view. Improving the model backbone
with superior capacity would refine this issue as mentioned
in our main paper.

D. Discussion and Future Work

Although MVGenMaster is a powerful NVS model, an in-
teresting future work involves modifying the base model
design, e.g., replacing the backbone with Diffusion Trans-
former (DiT) [15] for superior capacity. Besides, unifying
both rendering and multi-view generation is a promising way
to improve consistency and stability of NVS.

E. Broader Impacts

This paper delves into the realm of image-based multi-view
generation. Because of the powerful generative capacity,
these models pose risks such as the potential for misinforma-
tion and the creation of fake images. We sincerely remind
users to pay attention to generated content. Besides, it is cru-
cial to prioritize privacy and consent, as generative models
frequently rely on vast datasets that may include sensitive
information. Users must remain vigilant about these con-
siderations to uphold ethical standards in their applications.
Note that our method only focuses on technical aspects.
Both images and pre-trained models used in this paper will
be open-released.

Ground truth CAT3D* ViewCrafter Ours

Figure 2. Visualization of the novel views from 3DGS recon-
struction on DTU, MipNeRF-360, and Tanks-and-Temples.
3DGS results are trained with 21 frames, while the other 4 frames
are validated. Given the first and last frames, other views are
generated by related methods.

Reference Target view 1 Target view 2 Target view 3

Figure 3. Limitation. The artifacts in the background caused by
unclear and ambiguous background regions in the reference view.
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Figure 5. Qualitative NVS results compared among CAT3D*, ViewCrafter, and our MVGenMaster from DL3DV, MVImgNet, and
Co3Dv2. The synthesis is based on (N = 1) reference view and (M = 24) target views. The leftmost column displays the reference view,
while the remaining visualizations are uniformly sampled from the 24-frame generation due to page limitation.
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(a) DTU

(b) ETH3D

(c) MipNeRF-360

(d) Tanks-and-Temples

Figure 6. Qualitative NVS results compared among CAT3D*, ViewCrafter, and our MVGenMaster from zero-shot datasets. The
synthesis is based on (N = 1) reference view and (M = 24) target views. The leftmost column displays the reference view, while the
remaining visualizations are uniformly sampled from the 24-frame generation due to page limitation.



Reference views Generated target views

Wrong depth Warped RGB pixels with wrong depth

Ground truth

Figure 7. Visualization of NVS results with inaccurate metric depth. Our method still shows good robustness.

(a) 1-view NVS for text-to-image samples

(b) 2-view NVS for interpolation

Figure 8. More results of MVGenMaster based on 1-view NVS and 2-view interpolation.
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Figure 9. NVS results with varying reference views.
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