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1. Z-order Based Maximum Coverage View-
point Selection Algorithm

In the main paper, we provide a high-level introduction
to the proposed Z-order based Maximum Coverage View-
point Selection algorithm. Here, we include the detailed
description of this algorithm, as shown in Algorithm 1. The
proposed algorithm aims to select at most M viewpoints
from a dense candidate set V = {V1, . . . , VN} such that
their union maximally covers the underlying 3D scene while
avoiding redundant views. For each candidate viewpoint Vi,
we first obtain its associated point cloud Pi and discretize
the 3D space into a regular grid with a cell size δ. Each
point p ∈ Pi is mapped to its grid cell and then serial-
ized into a one-dimensional key using a Z-order encoding
Z(ϕ(p/δ)), which preserves spatial locality, where ϕ de-
notes the quantization from continuous 3D coordinates to
integer grid indices, implemented as component-wise floor
ϕ(p/δ) = ⌊p/δ⌋. The resulting set of encoded grid cells
for viewpoint Vi is denoted as Si, and its cardinality |Si| re-
flects the raw coverage of that viewpoint. We then initialize
a max-heapHwith tuples (|Si|, i) for all viewpoints, so that
the viewpoint with the largest coverage can be efficiently re-
trieved. The algorithm proceeds in a greedy fashion for at
most M iterations. At each iteration, we repeatedly pop
the current best candidate (c, j) from H and compute its
marginal contribution ∆ = Sj \ C with respect to the al-
ready covered set C. If |∆| > 0, viewpoint Vj is accepted:
we update the global coverage C ← C ∪∆ and append j to
the selected viewpoint index set S. If the heap is exhausted
without finding a viewpoint that adds new coverage, the se-
lection process terminates early, indicating that remaining
viewpoints are completely redundant. After each successful
selection, we rebuild the heap by recomputing, for every re-
maining candidate viewpoint Vj , its updated marginal cov-
erage ∆j = Sj \ C and pushing only those with |∆j | > 0
back into a new heap Hnew. Overall, this Z-order based
greedy scheme incrementally selects the most informative
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Inp. Views Selection PSNR↑ SSIM↑ LPIPS↓ Time(s)↓

64
NA. 29.44 0.911 0.098 1.891

RS. 16 28.50 0.897 0.118 0.421
ZS. 16 29.13 0.908 0.106 0.498

24
NA. 28.91 0.906 0.102 0.622

RS. 16 27.97 0.891 0.113 0.417
ZS. 16 28.73 0.903 0.108 0.448

16
NA. 28.67 0.901 0.110 0.417

RS. 8 27.06 0.876 0.125 0.255
ZS. 8 28.07 0.898 0.116 0.272

Table S1. Ablation Study with Different Selection Strategies.
NA. indicates that all views will be used during inference, RS.
refers to random selection, while ZS. denotes our Z-order-based
view selection method. The input resolution is 360×640.

viewpoints under a discretized spatial coverage criterion,
effectively eliminating redundant views and improving in-
ference efficiency while avoiding significant performance
degradation.

In Tab. 6 of the main paper, we investigate the impact of
different view selection strategies. Here, we further include
a denser input setting to extend Tab. 6 and evaluate perfor-
mance, as shown in Tab. S1-top. For the denser 64-view in-
put setting, our method still performs well, exhibiting only a
minor performance drop while removing redundant views.
The efficiency improvement is also more pronounced in this
case, as we discard half of the input views.

2. More Comparisons with Related Works
While our comparison baseline, AnySplat [4], has al-
ready been shown to outperform NoPoSplat [14] and
FLARE [15], and DepthSplat [12] has been shown to sur-
pass MVSplat [2] and PixelSplat [1], we have also in-
cluded direct comparisons with these methods, as well as
MonoSplat [6], to further validate the effectiveness of our
approach. All methods are trained and evaluated on the
RealEstate10K dataset [16] using the same training and test-
ing split at a resolution of 256 × 256 with 2 input views.
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Algorithm 1 Z-order Based Maximum Coverage Viewpoint
Selection with Max-Heap

Require: Viewpoint set V = {V1, V2, . . . , VN}, Number
of viewpoints to select M , Grid size δ

Ensure: Selected viewpoint indices S, final coverage C
1: C ← ∅ ▷ Set of covered grid cells
2: S ← ∅ ▷ Set of selected viewpoints
3: H ← ∅ ▷ Max-heap (coverage, viewpoint index)
4: for i = 1 to N do
5: Pi ← Get point cloud for viewpoint Vi

6: Si ← {Z(ϕ(p/δ)) | p ∈ Pi} ▷ Z-order
serialization with grid size δ

7: push (|Si|, i) intoH ▷ Push initial coverage into
heap

8: end for
9: for k = 1 to M do

10: ifH = ∅ then
11: break
12: end if
13: found← False
14: whileH ̸= ∅ and not found do
15: (c, j)← pop fromH ▷ Get max coverage

candidate
16: ∆← Sj \ C ▷ Find new covered grid cells for

viewpoint j
17: if |∆| > 0 then
18: C ← C ∪∆ ▷ Add new covered grid cells
19: S ← S ∪ {j} ▷ Add viewpoint j to

selected viewpoints
20: found← True
21: break
22: end if
23: end while
24: if not found then
25: break ▷ No more coverage can be added
26: end if
27: Hnew ← ∅
28: whileH ̸= ∅ do
29: (c, j)← pop fromH
30: ∆j ← Sj \ C ▷ Recalculate new coverage for

viewpoint j
31: if |∆j | > 0 then
32: push (|∆j |, j) intoHnew
33: end if
34: end while
35: H ← Hnew
36: end for
37: return S, |C|

As summarized in Table S2, our method consistently deliv-
ers better reconstruction quality (higher PSNR and SSIM,
lower LPIPS), demonstrating that our design provides clear

Method PSNR↑ SSIM↑ LPIPS↓
NoPoSplat [14] 27.41 0.884 0.116
FLARE [15] 23.78 0.801 0.191
MonoSplat [6] 26.68 0.875 0.123
MVSplat [2] 26.39 0.869 0.128
pixelSplat [1] 25.89 0.858 0.142
Ours 27.89 0.892 0.110

Table S2. More Comparisons. We present additional comparison
results on the RealEstate10K dataset at a resolution of 256×256
with 2 input views.

Method PSNR↑ SSIM↑ LPIPS↓

Ours w/o sel 26.79 0.847 0.174
Ours w/o SA 26.79 0.847 0.174
Ours 28.56 0.901 0.110

Table S3. Ablation Studies of Sparse Attention. We conduct ab-
lation experiments on different components of our sparse attention
module. Experiments are conducted on the RealEstate10K dataset
at a resolution of 360×640 with 12 input views. Note that we do
not perform an ablation of the group attention removal, as the se-
lection attention depends on it.

advantages over these related approaches.

3. Ablation Studies of Sparse Attention
To quantify the contribution of each component in our
sparse attention module, we perform ablation experiments
on the RealEstate10K dataset with 12 input views under
the same training and evaluation settings as in the main pa-
per. As reported in Table S3, disabling the selection mech-
anism (“Ours w/o sel”) degrades performance, demonstrat-
ing that adaptively selecting informative tokens is impor-
tant for effective sparse attention. When we remove the
entire sparse attention module (“Ours w/o SA”), the per-
formance degrades the most, confirming that group atten-
tion and selective attention jointly contribute to the overall
gain. The complete model achieves the best reconstruction
quality, with the highest PSNR/SSIM and the lowest LPIPS,
demonstrating the effectiveness of our sparse attention de-
sign. Note that we do not perform an ablation of the group
attention removal, as the selection attention depends on it.

4. Analysis of Using the VGGT Backbone
We also considered using VGGT [10] as the backbone
for feature extraction instead of the depth-anything-v2-
small [13]. Since VGGT also utilizes DINOv2 [8] and
DPT head [9] structures, we fused the global and geo-
metric features extracted from VGGT. The experiment was



Method PSNR↑ SSIM↑ LPIPS↓ Time(s)↓
with VGGT [10] 28.81 0.907 0.108 0.815
Ours 28.56 0.901 0.110 0.337

Table S4. Comparisons with and without the VGGT Back-
bone. Using a pre-trained VGGT as the feature and depth ex-
tractor slightly improves performance but requires more inference
time. Experiments are conducted on the RealEstate10K dataset at
a resolution of 360×640 with 12 input views.

also conducted on the RealEstate10K dataset with 12 input
views. As shown in Table S4, using a pre-trained VGGT
backbone slightly improves reconstruction quality (higher
PSNR/SSIM and lower LPIPS), likely due to VGGT be-
ing trained on a larger dataset. However, the inference time
is significantly longer when using VGGT, as it has many
more model parameters (1B) compared to depth-anything-
v2-small (24.8M). As a result, we continue to adopt the
depth-anything-v2-small backbone. This experiment also
demonstrates that our framework is not limited to a specific
feature extractor.

5. Supplementary Video
We provide a supplementary video showcasing additional
visual results rendered from multiple viewpoints. We highly
recommend watching it to better appreciate the view consis-
tency and high fidelity achieved by our method.

6. Limitations and Future Work
Although our proposed method demonstrates improvements
in feed-forward 3D Gaussian Splatting for novel view syn-
thesis, there are still certain limitations that could be ad-
dressed in future work. One key limitation of our model
is that, although it is efficient, it may still face difficulties
when processing very high-resolution datasets (e.g., those
exceeding 1K), where fine details are not always accurately
captured due to the inherent trade-off between model com-
plexity and memory constraints. Moreover, our current Z-
order transformer employs one or two Z-order blocks to ag-
gregate Gaussian primitives. Using more such blocks can
further reduce the number of Gaussian points; however, it
leads to a noticeable degradation in performance, as illus-
trated in Fig. 7 of the main paper. Therefore, achieving
higher compression without significant performance loss re-
mains a challenging task.

In future work, several possible directions could be ex-
plored to further improve the proposed approach. One
potential direction is to investigate hierarchical or multi-
scale feature representations, which might help preserve
fine-grained details when processing very high-resolution
datasets while maintaining computational efficiency. It
is also worth exploring alternative designs of the Z-order

transformer, such as varying block configurations or in-
troducing learnable aggregation depths to achieve a better
balance between Gaussian primitive reduction and perfor-
mance. Finally, combining the proposed framework with
hybrid neural rendering methods [3, 5, 7, 11] might help
enhance robustness and generalization across diverse sce-
narios.
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