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1 Implementation and Network Details

Implementation Details. Following ENeRF [8], we partition the DTU [1]
dataset into 88 training scenes and 16 test scenes. We train the generalizable
model on four RTX 3090 GPUs using the Adam [6] optimizer, with an initial
learning rate set to 5e − 4. The learning rate is halved every 50k iterations.
During the training process, we select 2, 3, and 4 source views as inputs with
respective probabilities of 0.1, 0.8, and 0.1. For evaluation, we follow the criteria
established in prior works such as ENeRF [8] and MVSNeRF [3]. Specifically, for
the DTU test set, segmentation masks are employed to evaluate performance,
defined based on the availability of ground-truth depth at each pixel. For Real
Forward-facing dataset [10], where the marginal region of images is typically in-
visible to input images, we evaluate the 80% area in the center of the images. This
evaluation methodology is also applied to the Tanks and Temples dataset [7]. The
image resolutions of the DTU, the Real Forward-facing, the NeRF Synthetic [11],
and the Tanks and Temples datasets are 512 × 640, 640 × 960, 800 × 800, and
640 × 960 respectively. As discussed in Sec. 4.3 of the main text, we employ a
consistency check to filter out noisy points for high-quality initialization. Specif-
ically, we apply a dynamic consistency checking algorithm [9, 15], the details of
which are provided in Algorithm 1. The predefined thresholds {θp(n)}Nθ

n=1 are set
to {n

8 }
Nθ
n=1, and {θd(n)}Nθ

n=1 are set to { n
10}

Nθ
n=1. For 3D-GS [5], following [20], we

use COLMAP [12] to reconstruct the point cloud from the working set (training
views) as initialization. Specifically, we employ COLMAP’s automatic recon-
struction to achieve the reconstruction of sparse point clouds. Some examples
are shown in Fig. 1. As mentioned in Sec.5.1 of the main text, our optimization
strategy and hyperparameters settings remain consistent with the vanilla 3D-
GS, except for the number of iterations. The iterations of our method on Real
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Algorithm 1: Dynamic Consistency Checking
Input: Camera parameters, Depth maps D0 and fDigNi=1, predefined

thresholds f�p(n)gNθ
n=1 and f�d(n)gNθ

n=1

Output: Mask
1 Initialization: Mask  0
2 for i in (1; :::; N) do
3 Errip  zeros(H;W ); Errid  zeros(H;W )
4 for p in (0; 0) to (H � 1;W � 1) do
5 �ip  kp� p′k2, . calculate the reprojetcion error between D0 and Di
6 �id  kD0(p)� d′k1=D0(p)

7 Errip(p) �ip
8 Errid(p) �id
9 end

10 for n in (1; :::; N�) do
11 Maskin  (Errip < �p(n))&(Errid < �d(n))
12 end
13 end
14 for n in (1; :::; N�) do
15 Maskn  0
16 for i in (1; :::; N) do
17 Maskn  Maskn +Maskin
18 end
19 Maskn  (Maskn > n)
20 Mask  Mask [Maskn
21 end

Forward-facing, NeRF Synthetic and Tanks and Temples datasets are 2.5k, 5k
and 5k, respectively.
Network Details. As mentioned in Sec. 4.2 of the main text, we apply a pooling
network ρ to aggregate multi-view features to obtain the aggregated features via
fv = ρ({fi}Ni=1). The implementation details are consistent with [8]: initially,
the mean µ and variance v of {fi}Ni=1 are computed. Subsequently, µ and v are
concatenated with each fi and an MLP is applied to generate weights. The fv
is then blended using a soft-argmax operator, combining the obtained weights
and multi-view features ({fi}Ni=1).

2 Additional Ablation Experiments

Numbers of Views. Existing generalizable Gaussian methods, such as Pixel-
Splat [2] and GPS-Gaussian [19], focus on image pairs as input, while Splatter
Image [13] prioritize single-view reconstruction. Our method is view-agnostic,
capable of supporting varying numbers of views as input. We report the perfor-
mance with varying numbers of input views in Table 1. As the number of views
increases, the model can leverage more scene information, leading to improved
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Fig. 1: Visualization of camera calibration and point cloud reconstruction
by COLMAP.

Table 1: The performance of our method with varying numbers of input
views on the DTU, Real Forward-facing, and NeRF Synthetic datasets.
“Mem” and “FPS” are measured under the image resolution of 512� 640.

Views DTU [1] Real Forward-facing [10] NeRF Synthetic [11] Mem(GB)# FPS"
PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS #

2 25.78 0.947 0.095 23.11 0.834 0.175 25.06 0.937 0.079 0.866 24.5
3 28.21 0.963 0.076 24.07 0.857 0.164 26.46 0.948 0.071 0.876 21.5
4 28.43 0.965 0.075 24.46 0.870 0.164 26.50 0.949 0.071 1.106 19.1

performance. Meanwhile, increasing the number of views only introduces a slight
increase in computational cost and memory consumption.
Numbers of Sampled Points. In the main text, we apply a pixel-align Gaus-
sian representation, where each pixel is unprojected into 3D space based on the
estimated depth, corresponding to a 3D Gaussian. An alternative approach is to
sample M depths centered at the estimated depth map, resulting in each pixel
being unprojected into M Gaussians. As shown in Table 2, increasing the num-
ber of 3D sampled points improves performance but raises computational costs.
To strike a balance between cost and performance, we set M = 1.
Density for Volume Rendering. Since only one point per ray is sampled,
our model predicts single radiance r and density σ. In this case, the pixel’s color
c obtained through volume rendering is given by c = (1 − exp(−σ))r. This re-
sembles pixel-aligned splatting, where one Gaussian contributes one pixel, shar-
ing the alpha-based rendering principles but offering a simpler implementation.
Therefore, predicting density is necessary as it indicates the point’s opacity, as
validated by ablation results in Table 3.
Initialization Comparison. Our generalization model can provide a denser
point cloud for 3D-GS [5] than Structure-from-Motion (SfM) as initialization.
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Table 2: The performance of di�erent numbers of sampled points on
the DTU, Real Forward-facing, NeRF Synthetic, and Tanks and Temples
datasets. Here, �Samples" represents the number of 3D points sampled along the ray
for each pixel.

Samples
DTU [1] Real Forward-facing [10] NeRF Synthetic [11] Tanks and Temples [7]

Mem(GB) # FPS"
PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS #

1 28.21 0.963 0.076 24.07 0.857 0.164 26.46 0.948 0.071 23.28 0.877 0.139 0.876 21.5
2 28.26 0.963 0.075 24.20 0.861 0.163 26.64 0.949 0.070 23.20 0.879 0.151 1.508 19.0

Table 3: The ablation study on the density prediction.

Settings
DTU Real Forward-facing NeRF Synthetic

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

w/o density 28.03 0.963 0.076 23.96 0.854 0.165 26.22 0.947 0.071
w density 28.21 0.963 0.076 24.07 0.857 0.164 26.46 0.948 0.071

Considering that the MVS method can also obtain a denser point cloud, we con-
duct the comparison in Table 4. MVS methods are typically trained on DTU [1]
and BlendedMVS [17], then tested on Tanks and Temples dataset [7]. Thus, we
select the latest ET-MVSNet [9] and compare it on Tanks and Temples dataset.
While ET-MVSNet [9] surpasses SfM, it's still limited. Because it focuses solely
on accurate depth, while our method generates point clouds tailored for view
synthesis. Depth and view quality aren't directly proportional, as mentioned in
previous works such as ENeRF [8].

Depth Analysis. Bene�ting from the explicit geometry reasoning of MVS,
our method can produce reasonable depth maps, as illustrated in Fig. 2. The
quantitative results are shown in Table 5. Compared with previous generalizable
NeRF methods, our method can achieve the most accurate depth estimation.

Point Cloud Analysis. As discussed in Sec. 5.4 of the main text, di�erent
point cloud aggregation strategies can provide varying-quality initialization for
subsequent per-scene optimization. Here, we report the initial and �nal num-
bers of point clouds in Table 6 and provide the visual comparison in Fig. 4.
The direct concatenation approach leads to excessively large initialization point
clouds, which slow down optimization and rendering speeds. The down-sampling
approach can reduce the total number of points and mitigate noisy points, but
it also leads to a reduction in e�ective points. Our applied consistency check
strategy can �lter out noisy points while retaining e�ective ones.

Inference Speed Analysis. As shown in Table 1 of the main text, the inference
speed (FPS) of our generalizable model is21:5. Here, we present the inference
time breakdown result in Table 7. The primary time overhead comes from the
neural network, while the subsequent rendering process incurs minimal time
overhead. Therefore, we discard the neural network component during the per-
scene optimization stage, resulting in a signi�cant increase in speed.
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Table 4: Initialization Comparison.

Initialization PSNR SSIM LPIPS Time f t FPS

ET-MVSNet [9] 22.66 0.861 0.204 90s 300+
Ours 24.58 0.903 0.137 90s 300+

Table 5: Quantitative comparison of depth reconstruction on the DTU test
set. MVSNet is trained using depth supervision, while other methods are trained
with only RGB image supervision. �Abs err� refers to the average absolute error, and
�Acc(X)� denotes the percentage of pixels with an error less than X mm.

Method
Reference view Novel view

Abs err # Acc(2)" Acc(10)" Abs err # Acc(2)" Acc(10)"

MVSNet [16] 3.60 0.603 0.955 - - -
PixelNeRF [18] 49 0.037 0.176 47.8 0.039 0.187
IBRNet [14] 338 0.000 0.913 324 0.000 0.866
MVSNeRF [3] 4.60 0.746 0.913 7.00 0.717 0.866
ENeRF-MVS [8] 3.80 0.823 0.937 4.80 0.778 0.915
ENeRF-NeRF [8] 3.80 0.837 0.939 4.60 0.792 0.917
Ours 3.11 0.866 0.956 3.66 0.838 0.945

3 More Qualitative Results

Qualitative Results under the Generalization Setting. As shown in Fig. 3,
we present qualitative comparisons of the generalization results obtained by dif-
ferent methods. Our method is capable of producing higher-�delity views, partic-
ularly in some challenging areas. For instance, in geometrically complex scenes,
around objects' edges, and in re�ective areas, our method can reconstruct more
details while exhibiting fewer artifacts.
Qualitative Results under the Per-scene Optimization Setting. As shown
in Fig. 5, we present the visual comparison after �ne-tuning. Bene�ting from the
strong initialization provided by our generalizable model, excellent performance
can be achieved with just a short �ne-tuning period. The views synthesized by
our method preserve more scene details and exhibit fewer artifacts.
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Table 6: Comparison of point cloud quantities under di�erent aggregation
strategies on the Real Forward-facing dataset. For downsampling, we employ
widely-used voxel downsampling, with a voxel size set to 2. The iteration number for
all strategies is set to 2:5k.

Strategy initial points(k) �nal points(k)

direct concatenation 2458 2176
downsampling 836 839
consistency check 860 913

Table 7: Time overhead for each module (in milliseconds).

Modules coarse stage �ne stage

Feature extractor 1.3

Depth estimation 8.1 7.9
Gaussian representation - 24.0
Gaussian rendering - 4.4

4 Per-scene Breakdown

As shown in Tables 8, 11, 10, and 9, we present the per-scene breakdown results
of DTU [1], NeRF Synthetic [11], Real Forward-facing [10], and Tanks and Tem-
ples [7] datasets. These results align with the averaged results presented in the
main text.
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Fig. 2: Depth maps visualization. We visualize the depth maps predicted by our
method on di�erent datasets [1,10,11].

Fig. 3: Qualitative comparison of rendering quality with state-of-the-art
methods [3, 4, 8] under generalization and three views settings.
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Fig. 4: Point cloud visualization under di�erent aggregation strategies.
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Fig. 5: Qualitative comparison of rendering quality with state-of-the-art
methods [5, 8] after per-scene optimization.
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