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A More Experimental Analysis

Cross dataset generalization. Following MVSplat [1], we conducted experiments using a pretrained
model on the RealEstate 10K (RE10K) dataset [2] (as detailed in Tab. 2) and tested its performance
on the ACID dataset [3] to evaluate the generalization capabilities of our proposed ZPressor across
diverse datasets. As demonstrated in Table[A] MV Splat with ZPressor exhibits remarkable efficacy
in cross-dataset generalization. Notably, this performance advantage becomes progressively more
pronounced with an increasing number of input views.

Table A: Quantitative comparison on ACID [3] with trained model on RE10K. Trained on indoor
scenes (RE10K), MVSplat [1] and pixelSplat [4]] with ZPressor perform much better as evaluated on
the ACID dataset.

Views Methods PSNRt SSIMT LPIPS|
pixelSplat OOM OoOM OoOM
36 views pixelSplat + Ours 27.78 0.823 0.238
MV Splat 24.89 0.812 0.179
MVSplat + Ours 28.16 0.853 0.145
pixelSplat OOM OoOM OoOM
24 views pixelSplat + Ours 27.91 0.825 0.235
VIEWS MV Splat 25.46 0.829 0.167
MVSplat + Ours 28.33 0.856 0.142
pixelSplat OOM OoOM OoOM
16 views pixelSplat + Ours 27.97 0.826 0.234
MV Splat 26.08 0.844 0.156
MYVSplat + Ours 28.42 0.858 0.141
pixelSplat 26.69 0.807 0.260
8 views pixelSplat + Ours 28.05 0.828 0.234
VIEWS MV Splat 27.89 0.864 0.140
MVSplat + Ours 28.60 0.860-0.004 0.140

B More Implementation Details

Network architectures. In Algorithm [T we provide a detailed description of how ZPressor is
integrated into existing feed-forward 3D Gaussian Splatting (3DGS) frameworks [[11 14} 5]]. Initially,
we select anchor views and their corresponding support views following Algorithm[2]and Eq. (5). The
features associated with these views are then processed by an attention-based network. This network
is composed of 6 structurally identical blocks, wherein each block encompasses a cross-attention
layer, a self-attention layer, and an MLP layer. The cross-attention mechanism operates by employing
the anchor features as query, while the support features provide the key and value. Subsequent to this
fusion, the resulting features are further refined by the self-attention and MLP layers.

To ensure training stability, deviating from traditional Transformer architectures, we employ Pre-
Layer Normalization [6] (Pre-LN), which enhances the robustness of the model. Furthermore,
system-level advancements have been incorporated to accelerate computation. For example, we
employ FlashAttention [7, 8], which uses highly optimized GPU kernels and leverages hardware
topology to compute attention in a time- and memory-efficient manner.

More training details. We use the first model version of DepthSplat [5] from its October 2024
release. Experimental results obtained with this specific version may exhibit slight variations when
compared to the current version. ZPressor was incorporated subsequent to the monocular feature
extraction performed by CNN.

Adhering to its original configuration, experiments were conducted at a resolution of 256 x 448. The
model was initially trained on the RE10K [2] for 100,000 steps and subsequently fine-tuned on the
DL3DV [9] for an additional 100,000 steps. We employed the AdamW optimizer [[10] with a learning
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Algorithm 1 Overview of Feed-Forward 3DGS framework with ZPressor

Input: K input views V = {V;}£ |, camera poses P = {P;}X |, the number of anchor views N,
the number of network blocks h.
Output: Gaussian parameters ) = {(u, X, o, ¢) }.
X (bimage (Va ,P)
Xanchor, Xsupport <— X, with Anchor view selection.
Assign support views to anchor cluster C < Xsupport
Initialize state Z < X,chor
for i < 1to hdo
Z < Cross-Attn(Q, K, V), where Q < Z K,V < Xsupport
Z + Self-Attn(Q, K, V), where Q, K,V + Z
Z + MLP(Z)
end for
{(;u'u Eia Q;, Cz)} — \Ilpred(z7 P)
return Y < {(p;, s, 4, ¢;)}

Algorithm 2 Farthest Point Sampling for Anchor View Selection

Input: Set of view camera positions 7 = {T, Ta, ..., Tk }, Number of anchor views N
Output: Indices of the selected anchor views S = {T,,, Tq,, ..., Ta, }
Initialize the set of anchor view indices S + ()
Randomly select a random anchor view T,, € T, where T, ~ Uniform(7)
Add T, t0S: S+ {T,,}
for j < 2to N do
Initialize a dictionary to store minimum distances D <+ {}
for k£ < 1to K do
if k ¢ S then
Calculate the minimum distance dy, < min;es || Tr — T2
Store the distance: D[k] + dj,
end if
end for
Find the view position T,,, with the maximum minimum distance: Ty, < arg maxy¢s D[k]
Adda;to S: S <+~ SU{Ty,}
end for
return S

rate of 2 x 10~%. The total training duration was approximately two days, and the integration of
ZPressor did not significantly alter the original training time of DepthSplat.

Similarly, for MV Splat [1] and pixelSplat [4], ZPressor was integrated after the monocular feature
extraction stage. MVSplat utilizes a CNN for feature extraction, whereas pixelSplat employs
DINO [[L1} [12f]; this architectural choice in pixelSplat contributes to a marginally higher VRAM
consumption compared to the other two baselines. We maintained the model parameter settings as
published in their respective original works, training models on the RE10K [2] at a resolution of
256 x 256. The learning rate was set to 2 x 10~* for MVSplat and 1.5 x 10~* for pixelSplat, where
both of which were trained for 100,000 steps. Notably, due to memory constraints, we trained the
pixelSplat model incorporating ZPressor using 4 anchor views, in contrast to the 6 anchor views
configured for DepthSplat and MV Splat. The training times for MV Splat and pixelSplat, when
augmented with ZPressor, remained comparable to their original durations.

We will open-source the complete codebase for ZPressor, our ZPressor-integrated versions of
DepthSplat, MV Splat, and pixelSplat, and all associated model checkpoints.

C Limitation and Societal Impacts

Limitation analysis. As discussed in Sec. 5, ZPressor exhibits limitations when processing scenarios
with an extremely high density of input views. Specifically, its efficacy in compressing the information
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Inputs (~500 views)

Figure A: Limitations. Visual results from extremely dense input views show slightly poor presenta-
tion effect.

from such dense views through a limited set of anchor views is diminished. To illustrate this, we
conducted an experiment on DepthSplat [3] integrated with ZPressor, using approximately 500
images as input. As depicted in Fig. [A] the quality of the rendered novel views was perceptibly
affected, which can be attributed to an insufficient number of Gaussian primitives to adequately
represent the scene under these dense input conditions.

Potential and negative societal impacts. ZPressor can significantly reduce the training costs
associated with feed-forward 3DGS networks. It enables the processing of a larger number of input
views within the same VRAM budget and training duration, delivering high-fidelity rendering results
and thereby decreasing energy consumption during the model training process. While the capability
to render higher-quality novel views from more densely sampled perspectives positions ZPressor as a
valuable tool for augmented reality applications, it is important to acknowledge that the fidelity of
the rendering can be compromised by the emergence of artifacts, particularly when processing input
views of extremely high density. Consequently, in safety-critical applications, such as the training of
autonomous driving models, the deployment of ZPressor would necessitate the implementation of
additional precautionary measures to mitigate potential risks arising from such limitations.

D More Visual Comparisons

This section provides additional qualitative comparison results. We present further visualizations for
DepthSplat [5] on the DL3DV [9] and MV Splat [1] on the RE10K [2] in Fig. [B]and Fig.[F with our
ZPressor.

Furthermore, to illustrate how ZPressor performs with dense input views, we showcase comparative
results. For DepthSplat [3]], comparisons between the original framework and DepthSplat augmented
with ZPressor are presented for scenarios with 24, 16, and 12 input views in Fig. [C| Fig. D] and
Fig.[E] Similarly, for MV Splat [1]], visual comparisons between the original framework and MV Splat
integrated with ZPressor are displayed for inputs of 24, 16, and 8 views in Fig.[G] Fig.[H] and Fig.l
The corresponding quantitative results for these multi-view experiments can be found in Tab. 2.
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Inputs (36 views) DepthSplat DepthSplat + ZPressor Ground Truth

Figure B: More qualitative comparisons on DL3DV [9] with DepthSplat [5] under 36 input
views. Models with ZPressor performs the best in all cases.

Inputs (24 views) DepthSplat DepthSplat + ZPressor Ground Truth

Figure C: More qualitative comparisons on DL3DV with DepthSplat under 24 input
views.



Inputs (16 views) DepthSplat DepthSplat + ZPressor Ground Truth

Figure D: More qualitative comparisons on DL3DV with DepthSplat [5] under 16 input
views.

Inputs (12 views) DepthSplat [3] DepthSplat + ZPressor Ground Truth

Figure E: More qualitative comparisons on DL3DV [9] with DepthSplat [5] under 12 input
views.



Inputs (36 views) MV Splat (i MV Splat + ZPressor Ground Truth

Figure F: More qualitative comparisons on RE10K [2]] with MVSplat [1] under 36 input views.
Models with ZPressor performs the best in all cases.
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Inputs (24 views) MV Splat (i MV Splat + ZPressor Ground Truth

Figure G: More qualitative comparisons on RE10K [2] with MVSplat [1] under 24 input views.



Inputs (16 views) MV Splat [l MV Splat + ZPressor Ground Truth

Figure H: More qualitative comparisons on RE10K [2] with MVSplat [1] under 16 input views.

Inputs (8 views) MV Splat (11 MV Splat + ZPressor Ground Truth

Figure I: More qualitative comparisons on RE10K [2] with MVSplat [1] under 8 input views.
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