
Generative Densification: Learning to Densify Gaussians for High-Fidelity
Generalizable 3D Reconstruction

Seungtae Nam1* Xiangyu Sun2* Gyeongjin Kang2 Younggeun Lee2 Seungjun Oh2 Eunbyung Park1†

1Yonsei University 2Sungkyunkwan University

https://stnamjef.github.io/GenerativeDensification/

Figure 1. Our method selectively densifies (a) coarse Gaussians from generalized feed-forward models. (c) The top K Gaussians with
large view-space positional gradients are selected, and (d-e) their fine Gaussians are generated in each densification layer. (g) The final
Gaussians are obtained by combining (b) the remaining (non-selected) Gaussians with (f) the union of each layer’s output Gaussians.

Abstract

Generalized feed-forward Gaussian models have made sig-
nificant strides in sparse-view 3D reconstruction by lever-
aging prior knowledge from large multi-view datasets.
However, these models often struggle to represent high-
frequency details primarily due to the limited number of
Gaussians. While the densification strategy from per-scene
3D Gaussian splatting can be adapted for feed-forward
models, it typically requires tens of thousands of optimiza-
tion steps to reconstruct fine details and can easily lead
to overfitting in sparse-view scenarios. In this paper, we
propose Generative Densification, an efficient and general-
izable densification strategy specifically tailored for feed-
forward models. Instead of iteratively splitting and cloning
raw Gaussian parameters, our method up-samples feature
representations produced by feed-forward models and gen-
erates their corresponding fine Gaussians in a single for-
ward pass, leveraging learned prior knowledge for en-
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hanced generalization. Experimental results on both object-
level and scene-level reconstruction tasks demonstrate that
our method outperforms state-of-the-art approaches with
comparable or smaller model sizes, achieving notable im-
provements in representing fine details.

1. Introduction

3D Gaussian splatting (3D-GS) [18] has been a massive
success in high-quality 3D scene reconstruction and real-
time novel view synthesis, representing a 3D scene with a
set of learnable Gaussian primitives and exploiting a fast
differentiable rasterization pipeline. Since its introduction,
numerous studies have explored 3D-GS as a versatile 3D
representation with various applications extending beyond
the per-scene optimization. One notable example is gener-
alized feed-forward Gaussian models [3, 7, 49], which gen-
erate Gaussian primitives to reconstruct 3D scenes or ob-
jects in a single forward pass. By leveraging prior knowl-
edge learned from large multi-view datasets (e.g., Obja-
verse [9, 10], RE10k [50]), these models can reconstruct
3D scenes or objects from just a single or a few images.
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Figure 2. Generative Densification overview. Our method selectively densifies Gaussians with large view-space positional gradients.

While effective and promising, the feed-forward Gaus-
sian models often face challenges in capturing high-
frequency details primarily due to the limited number of
Gaussians and the lack of a densification strategy tailored
for these approaches. One possible solution is to generate
more Gaussians, but this does not fully address the prob-
lem. For example, in the pixel-aligned Gaussian model [3],
a widely adopted architecture in the feed-forward models
(see Sec. 2 for details), we can predict multiple Gaussians
per pixel. However, this strategy uniformly increases the
number of Gaussians across the entire 3D space, resulting
in an excess of unnecessary small Gaussians that may de-
grade rendering quality and speed. Ideally, the scene details
should be represented by numerous small Gaussians, while
smoother regions can be covered by a few large Gaussians.

In per-scene 3D-GS optimization, adaptive densifica-
tion strategy selectively increases the number of Gaussians
to better reconstruct complex 3D geometry and fine de-
tails. Specifically, every few optimization steps, it den-
sifies only the Gaussians with large view-space positional
gradients, replicating the existing Gaussians or splitting
them into smaller ones when more Gaussians are required.
Through repeated optimization and densification processes,
the Gaussians gradually become non-uniformly distributed,
with numerous small Gaussians concentrated in detailed ar-
eas and a few large Gaussians scattered across smooth re-
gions. This simple heuristic algorithm has demonstrated its
effectiveness across various real-world scenes and objects.

A straightforward approach to extend the densification
strategy to the feed-forward Gaussian models is to fine-tune
the output Gaussians from the feed-forward models using
the original 3D-GS optimization and densification proce-
dure. However, directly applying the densification strategy
used in per-scene optimization scenarios presents several
challenges. For example, it demands tens and thousands
of optimization steps to converge and reconstruct the fine
details, which significantly reduces generation speed. Addi-
tionally, the per-scene 3D-GS optimization usually assumes
many input images from various viewpoints, whereas the

feed-forward models typically take just a few views or even
a single view image. Thus, the densification and extensive
optimization to a few view images can easily lead to over-
fitting, compromising the feed-forward models’ ability to
generalize and synthesize novel views effectively.

In this paper, we propose Generative Densification (GD),
an efficient generative densification strategy for general-
ized feed-forward Gaussian models, which is designed in
accordance with the following principles: 1) adaptability,
allowing the model to distinguish Gaussians that requires
densification and those that do not; and 2) generalizability,
enabling the model to learn and leverage prior knowledge
from large multi-view datasets. Inspired by the 3D-GS den-
sification strategy, our approach leverages view-space posi-
tional gradients to identify where additional Gaussians are
needed. We selectively densify the top K Gaussians with
large gradients, and the remaining (non-selected) Gaussians
are used together with the densified ones to render high-
fidelity images (Fig. 2). Unlike the 3D-GS densification
strategy, the proposed GD densifies the selected Gaussians
based on the learned prior knowledge for the purpose of
generalizable 3D reconstruction. More specifically, GD
densifies feature representations from feed-forward mod-
els instead of raw Gaussian parameters, embedding prior
knowledge in these features for improved generalization.

We further propose to utilize an efficient point-level
transformer [37] to implement GD. Due to the quadratic in-
crease in memory and the unstructured nature of point-level
3D data, it is infeasible to apply naive self-attention on hun-
dreds of thousands of input Gaussians. While local atten-
tion can be applied within groups of neighboring Gaussians,
finding the neighbors by calculating and comparing dis-
tances between the Gaussians is computationally expensive.
Instead, we sort the Gaussians in traversing order of space-
filling curves [28] to rearrange them into non-overlapping
groups and apply group-wise attention, enabling efficient
operations directly in 3D space. Additionally, while we se-
lectively densify the Gaussians with large view-space posi-
tional gradients, multiple rounds of densification are unnec-
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essary for all of them. To optimize this process, we predict
a confidence mask for each densification layer to filter out
the Gaussians that do not require further densification.

We integrated GD into two recent feed-forward Gaus-
sian models: LaRa [5] for object-level reconstruction and
MVSplat [7] for scene-level reconstruction. On the large-
scale Gobjaverse [38] and RE10k [50] datasets, two models
incorporating our method achieved the best performance,
significantly improving reconstruction quality compared to
their respective baselines. Qualitative analysis further high-
lights that the fine Gaussians generated by GD effectively
capture thin structures and intricate details, which are of-
ten challenging for the coarse Gaussians to represent accu-
rately (Fig. 1). Additionally, cross-dataset evaluations con-
firm that GD consistently improves image quality, demon-
strating its robust generalizability across different datasets.

2. Related Work
Feed-forward Gaussian Models. Feed-forward Gaus-
sian models learn a mapping from a single or a set of few
input images to a set Gaussian representations that can be
rendered into any viewpoint. One common approach com-
bines a pre-trained image encoder [2, 14, 27] with a learn-
able embedding decoder, where the decoder generates 3D
features via a series of cross-attention between 3D embed-
dings and image features. These 3D features are commonly
represented as voxels [5, 45], point-cloud [24], or a hybrid
of point-cloud and triplane [52], and Gaussians are typically
obtained by decoding the features using an MLP.

Another approach involves pixel-aligned Gaussian rep-
resentations [3, 33], where each Gaussian is assumed to be
on a ray of each pixel and distanced from the ray origin by
a depth. The depth is either directly regressed from pixel-
wise image features [33] or determined by the probability
that a Gaussian exists at a depth along a ray [3]. Since its
introduction, substantial efforts have been made to estimate
the depth more accurately [7, 23, 32, 40, 46], scale up mod-
els for better generalizability [34, 41, 47], and generate 3D
scenes leveraging learned prior [15, 21, 36]. Recent works
further leverage these representations to cover wide-ranging
views [6, 8, 35, 51] or reconstruct 4D scenes [20, 30].

While effective, both approaches often struggle to re-
construct fine details, mainly due to the limited number of
Gaussians and the lack of a densification strategy specifi-
cally designed for feed-forward models. We aim to develop
a unified densification framework that can be seamlessly ap-
plied to both of these representative approaches.

Adaptive Density Control of Gaussians. Adaptive den-
sification [18] plays a crucial role in capturing fine details
and controlling the number of Gaussians. However, it relies
heavily on well-initialized Gaussians, and its core opera-
tions (splitting, cloning, and pruning) are not sufficiently ef-
fective, often leading to blurry reconstructions, overfitting,

and slow training. A line of studies [17, 19] tackles the re-
liance on accurate initialization, achieving comparable or
superior rendering quality even with random initialization.
Another line of studies [1, 13, 26, 42, 48] explores alter-
native densification criteria beyond view-space positional
gradients to better capture Gaussians in blurry regions. Re-
cently, overfitted Gaussian pruning [11] and aggressive den-
sification [25] have been introduced, with the former en-
hancing generalization and the latter accelerating training.

These methods typically require more than thousands of
optimization and densification steps, and the discussions are
limited to per-scene scenarios. Instead of directly applying
them to generalized settings, we learn from large multi-view
datasets to generate fine Gaussians in a single forward pass.

3. Method
3.1. Generative Densification
A feed-forward Gaussian model is a function Φ that maps a
set of images I = {Iv}Vv=1 and camera poses C = {Cv}Vv=1

to a set of Gaussians G = {(µi, αi,Σi, ci)}Ni=1 and their
associated features F = {fi}Ni=1:

G,F = Φ(I, C), (1)

where V is the number of input views, and N is the number
of Gaussians. Each feature fi is the penultimate feature ex-
tracted from the feed-forward model (see Sec. 3.3), which
can be decoded into Gaussian parameters, including center
position µi, opacity αi, covariance Σi, and spherical har-
monics (SH) coefficient ci.

Our goal is to learn a model Ψ that adaptively densifies
Gaussians generated by a variety of feed-forward models:

G̃ = Ψ(G,F , I, C). (2)

First, we calculate gradient scores to split the Gaussians into
two groups, Gden and Grem, the Gaussians requires densi-
fication and the remaining Gaussians, respectively. More
specifically, we compute the scores as the norms of the gra-
dients with respect to view-space coordinates of Gaussian
positions and average the norms across the V input views:

si =
1

V

V∑
v=1

∥∇p(µi,v)LMSE(Iv, Îv)∥2, (3)

where LMSE(Iv, Îv) is a mean squared error loss between
ground truth images (Iv) and rendered images (Îv), and
p(µi, v) ∈ R2 denotes the projected coordinate of i-th
Gaussian position onto input view v. Then, we select the top
K scoring Gaussians (Gden), and their positions and features
(Xden ∈ RK×3, Fden ∈ RK×D) are passed to the densifica-
tion module, which consists of L layers of serialized atten-
tion (SA), up-sampling (UP), splitting via learnable masking
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(SPLIT), and Gaussian head (HEAD) blocks (Fig. 3-(a)):

(X̃ (l), F̃ (l)) = SA(X (l−1)
den ,F (l−1)

den ), (4)

(X (l),F (l)) = UP(X̃ (l), F̃ (l)), (5)

(X (l)
den,F

(l)
den,X

(l)
rem,F (l)

rem) = SPLIT(X (l),F (l)), (6)

G(l) = HEAD(X (l)
rem,F (l)

rem), (7)

for l ∈ {1, ..., L − 1}, where X (0)
den = Xden and F (0)

den =
Fden. Here, we initialize the input positions as the Gaus-
sian center positions. SA(·, ·) : RK×3×RK×D → RK×3×
RK×D, efficiently aggregates scene information through se-
rialized attention. UP(·, ·) : RK×3 × RK×D → RK̃×3 ×
RK̃×D (K̃ >> K), up-samples the Gaussian positions
and features. SPLIT(·, ·) : RK̃×3 × RK̃×D → RK̃den×3 ×
RK̃den×D × RK̃rem×3 × RK̃rem×D (K̃ = K̃den + K̃rem), di-
vides the up-sampled positions and features into those re-
quiring further densification in the next layer and the re-
maining ones (see Appendix C for further details). By using
the remaining ones, we generate each layer’s Gaussians G(l)

using HEAD(·, ·) block. For the L-th layer, we generate the
Gaussians by G(L) = HEAD(UP(SA(X (L−1)

den ,F (L−1)
den ))),

and the final set of fine Gaussians is obtained as follows:

G̃ = Grem ∪ {
L⋃

l=1

G(l)}. (8)

3.2. Architecture Details
Serialized Attention. Due to the quadratic increase in
memory requirements and the unstructured nature of the
Gaussian representations, it is infeasible to apply self-
attention directly to all input Gaussians. One alternative
is to group the Gaussians by searching for their neighbors
and apply group-wise attention. While this approach allows
the model to consider the relative positions of the neigh-
bors, searching for neighbors across hundreds of thousands
of Gaussians is memory and computationally expensive.

Serialized attention [37] enables efficient operations on
unstructured point clouds by sorting them in traversing or-
der of given space-filling curves [28]. Following its design
principles, we first encode each Gaussian position into a
serialized code, an integer value that reflects its order in
the space-filling curves [37]. Then, the Gaussian features
are structured by sorting the serialized codes and divided
into non-overlapping groups, where self-attention is applied
within the same group. By adapting serialized attention, our
method efficiently embeds prior knowledge and local scene
context into the features, allowing the output features to be
used as sources for generating fine Gaussians.

Up-sampling. In the UP block, we predict residuals for
each Gaussian position and feature (Fig. 3-(b)). We gener-
ate R offsets for each Gaussian position by passing the input

Figure 3. (a) Given Gaussians and features, out method selects K
Gaussians and densifies their positions and features through densi-
fication module. (b) Predicted positional and feature residuals are
added to their respective inputs after a broadcasting operation.

features through an MLP parameterized by θ
(l)
x . These pre-

dicted offsets are then positionally encoded, concatenated
with the input features, and transformed to residual features
using another MLP parameterized by θ

(l)
f . More formally,

∆x
(l)
i = MLP(f̃ (l)

i ; θ(l)x ), (9)

∆f
(l)
i,j = MLP(γ(∆x

(l)
i,j)⊕ f̃

(l)
i ; θ

(l)
f ), (10)

where f̃
(l)
i ∈ RD is the feature of i-th Gaussian after the l-

th serialized attention block. ∆x
(l)
i ∈ RR×3 is the predicted

R offsets per Gaussian, and ∆x
(l)
i,j ∈ R3 denotes each pre-

dicted offset. Similarly, ∆f
(l)
i ∈ RR×D is the predicted R

residuals per Gaussian feature, and ∆f
(l)
i,j ∈ RD denotes

each predicted residual. γ(·) is a positional encoding func-
tion, and ⊕ represents a concatenation operator. The output
positions and features are obtained by adding the residuals
to their respective inputs, following the broadcasting of the
input positions and features to align the dimensions.

Splitting via Learnable Masking. In the SPLIT block,
we use learnable masking to filter out Gaussians not requir-
ing further densification in the next layer. While gradient
masking initially selects Gaussians (Gden) for densification,
computing gradients in every layer introduces considerable
computational overhead. Instead, we predict a confidence
score s(l)i ∈ [0, 1] for each Gaussian using an MLP parame-
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Figure 4. Overview of the Generative Densification pipelines for object-level (top) and scene-level (bottom) reconstruction tasks.

terized by θ
(l)
s and a sigmoid function σ(·). More formally,

s
(l)
i = σ(MLP(f (l)

i ; θ(l)s )), (11)

where f (l)
i ∈ RD is the feature for the i-th Gaussian. Based

on these predicted scores, the top K̃den scoring Gaussians
are selected for further densification, while the remaining
K̃rem Gaussians are decoded into Gaussian parameters.

Since the top-k operation is non-differentiable, we attach
the computational graph of the score s

(l)
i to the input fea-

tures f (l)
i while keeping the feature values intact:

f
(l)
i = SG(f (l)

i − f
(l)
i s

(l)
i ) + f

(l)
i s

(l)
i , (12)

where SG(·) is a stop-gradient operator. Analogous to the
straight-through estimator [43], the gradients with respect to
the output features ∂L/∂f (l)

i propagate back to the second
term of the Eq. (12), hence, which enables us to learn the
confidence scoring function and do end-to-end training.

Gaussian Head. In the Gaussian HEAD block, the posi-
tions and features of the remaining Gaussians (X (l)

rem,F (l)
rem),

filtered out by the learnable masking block, are decoded into
a set of Gaussian parameters (G(l)). Their positions are set
to match the input positions (X (l)

rem), while the remaining at-
tributes (opacities, covariances, SH coefficients) are gener-
ated from the input features (F (l)

rem) using an MLP.

3.3. Applying Generative Densification
We present two models incorporating generative densifica-
tion, based on LaRa [5] and MVSplat [7]. For object-level
reconstruction, we use the Gaussians and the volume fea-
tures generated by the LaRa as input, from which we gen-
erate fine Gaussians (top row of Fig. 4). For scene-level
reconstruction, fine Gaussians are generated per view by

utilizing the pixel-aligned Gaussians and image features ex-
tracted from the MVSplat (bottom row of Fig. 4). Addition-
ally, residual learning is incorporated into the scene-level
model to better reconstruct complex real-world scenes. Fur-
ther details on the residual learning and the pipelines are
provided in Appendix B and Appendix C, respectively.

4. Experiment
4.1. Experimental Setup
Implementation Details. We jointly trained the genera-
tive densification module with the LaRa backbone for 30
epochs, and then fine-tuned for 20 epochs to achieve fur-
ther improvements in rendering quality. The training was
conducted on four A6000-48G GPUs over 3.5 days, with
a batch size of 4 per GPU. Similarly, the MVSplat back-
bone was trained jointly with our densification module for
300,000 iterations, followed by fine-tuning for 150,000 it-
erations. The scene-level training was conducted on four
H100-80G GPUs over 6.5 days, also with a batch size of
4 per GPU. For a detailed description of the network and
training hyperparameters, please refer to Appendix D.

Datasets. We train and evaluate our object-level model
on Gobjaverse [38] dataset, a large-scale multi-view dataset
with an image resolution of 512×512. To further demon-
strate the cross-domain capability, we evaluate our method
on Google Scanned Objects [12] dataset and a subset of
Co3D [29] test set, following LaRa [5]. Similarly, we train
and evaluate our scene-level model on RE10k [50] with an
image resolution of 256×256, and further evaluate it on two
cross-domain datasets, ACID [22] and DTU [16], following
MVSplat [7]. For both models, we use training and testing
splits provided in each dataset without any modifications.

Baselines. We compare our object-level model against the
original LaRa [5], as well as LGM [34] and GS-LRM [47].
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Table 1. Quantitative comparisons of our object-level models against their baselines. ‘Our-fast’ is trained on the Gobjaverse [38] training
set for 30 epochs, and ‘Ours’ is further fine-tuned for 20 epochs. ‘Ours (w/ residual)’ is trained on the same set for 50 epochs with residual
learning (Appendix B). LaRa is re-evaluated using the publicly available checkpoint and our view-sampling method (Appendix D).

Method #Param. (M) Gobjaverse [38] GSO [12] Co3D [29]

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

MVSNeRF [4] 0.52 14.48 0.896 0.185 15.21 0.912 0.154 12.94 0.841 0.241
MuRF [39] 15.7 14.05 0.877 0.301 12.89 0.885 0.279 11.60 0.815 0.393

LGM [34] 415 19.67 0.867 0.157 23.67 0.917 0.063 13.81 0.739 0.414
GS-LRM [47] 300 - - - 30.52 0.952 0.050 - - -
LaRa [5] 125 27.49 0.938 0.093 29.70 0.959 0.060 21.18 0.862 0.216
Ours-fast 134 28.23 0.943 0.084 30.62 0.964 0.062 21.67 0.864 0.209
Ours 134 28.58 0.945 0.080 31.06 0.966 0.058 21.72 0.865 0.209
Ours (w/ residual) 134 28.75 0.946 0.078 31.23 0.967 0.058 22.08 0.867 0.206

Figure 5. Qualitative comparisons of our object-level model trained for 50 epochs against the original LaRa. The zoomed-in parts within
the red boxes are shown on the right side of the second and third columns, focusing on the comparison of fine detail reconstruction. The
two images in the rightmost column present the Gaussians input to and output from our generative densification module, respectively.

Additionally, we include two feed-forward NeRF models,
MVSNeRF [4] and MuRF [39], for reference. For compar-
ing our scene-level model, we include feed-forward NeRF
models (pixelNeRF [48], GNPR [31], and MuRF [39])
and pixel-aligned Gaussian models (pixelSplat [3], Depth-
Splat [40], and the original MVSplat [7]) as baselines.

4.2. Results

Object-level Reconstruction. Fig. 5 compares the ren-
dered images from the baseline LaRa against those from our
object-level model. Our model clearly outperforms LaRa in
reconstructing fine details, such as the white dots on the red
ribbon (first row of Fig. 5) and the intricate floral patterns
on the socks (second row of Fig. 5). It is also evident that
our densification strategy effectively captures detailed areas
and generate fine Gaussians, as shown in the rightmost col-
umn of Fig. 5. While LaRa quickly learns the object’s gen-
eral shape by leveraging explicit volume representations, it
struggles to accurately represent edges or contours.

The quantitative comparison provided in Tab. 1 further
demonstrates the ability of our model to capture and recon-

struct fine details. Our model achieves the highest PSNR
in both in-domain reconstruction and cross-dataset gener-
alization tasks. It even outperforms GS-LRM, the current
state-of-the-art model for object-level reconstruction, using
significantly fewer number of parameters (300M vs. 134M).
This highlights that selectively generating Gaussians in the
detailed areas can be more effective than uniformly gener-
ating numerous Gaussians across the entire object.

Scene-level Reconstruction. Fig. 6 and Fig. 7 compare
the rendered images from the baseline MVSplat against
those from our scene-level model. Our model better recon-
structs thin structures and fine details, such as the guardrail
(first row of Fig. 6) and the wave (second row, first col-
umn of Fig. 7). Moreover, we empirically found that our
method reduces the opacity of Gaussians in empty space,
making them less visible in the rendered images. For ex-
ample, it makes the floaters more transparent near the water
pipe (second row of Fig. 6) and the iron fence (first row, first
column of Fig. 7), removing artifacts in the images.

In the quantitative comparisons, our model not only out-
performs the baselines including DepthSplat [40] on the in-
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Figure 6. Qualitative comparisons of our scene-level model against the original MVSplat on the RE10k [50] dataset.

Figure 7. Qualitative comparisons of our scene-level model against the original MVSplat on the ACID [22] and DTU [16] datasets.

domain reconstruction task (Tab. 2), but also consistently
achieves the best performance on the cross-dataset general-
ization task (Tab. 3). While DepthSplat is concurrent work,
we include it as a baseline for the reader’s reference. Our
model outperforms DepthSplat with fewer parameters (37M
vs. 28M) and a smaller batch size (32 vs. 16). Additionally,
unlike DepthSplat, which relies on a pretrained depth pre-
dictor, our model is solely trained with multi-view images.

4.3. Analysis and Ablations

We begin by providing an intuitive example comparing
coarse and fine Gaussians, with an analysis of their posi-
tions, opacities, and scales. Here, coarse Gaussians refer
to the selected input Gaussians for densification, while fine
Gaussians represent the union of each layer’s output. Next,
we present ablation results to demonstrate: 1) the superior-
ity of our method over naive densification, 2) the adaptive-
ness of gradient masking and its role in improving rendering
quality, 3) the effectiveness of learnable masking in reduc-
ing redundant Gaussians and accelerating model inference,
and 4) the necessity of combining both masking strategies
to balance rendering quality and inference speed.

Table 2. Quantitative comparisons of our scene-level model
against its baselines on the RE10k [50] dataset. The MVSplat-
finetune model is fine-tuned for 150,000 iterations from the MVS-
plat checkpoint at 300,000 iterations. * indicates concurrent work.

Method #Param. (M) PSNR ↑ SSIM ↑ LPIPS ↓

pixelNeRF [44] 250 20.43 0.589 0.550
GPNR [31] 27 24.11 0.793 0.255
MuRF [39] 15.7 26.10 0.858 0.143

pixelSplat [3] 125.1 25.89 0.858 0.142
MVSplat [7] 12 26.39 0.869 0.128
MVSplat-finetune 12 26.46 0.870 0.127
DepthSplat* [40] 37 26.76 0.877 0.123
Ours 27.8 27.08 0.879 0.120

Table 3. Cross-dataset generalization results on the ACID [22]
and DTU [16] datasets. All models are trained on the RE10k [50]
training set and evaluated on each dataset without fine-tuning.

Method
ACID [22] DTU [16]

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

pixelSplat [3] 27.64 0.830 0.160 12.89 0.382 0.560
MVSplat [7] 28.15 0.841 0.147 13.94 0.473 0.385
Ours 28.61 0.847 0.141 14.05 0.477 0.380

Comparison of Coarse and Fine Gaussians. The left
side of Fig. 8 illustrates that reconstructing contours is chal-
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Figure 8. 2D histograms of Gaussian attributes. Each pixel repre-
sents a histogram bin, with brighter colors for higher counts.

lenging with insufficient number of Gaussians. Although
these areas are covered by large Gaussians with no vis-
ible holes in the rendered image, it still appears blurry,
with the object not clearly separated from the background
(Fig. 5). As shown on the right side of Fig. 8, fine Gaussians
have smaller scales and lower opacities compared to coarse
Gaussians, indicating that our method reconstructs details
by accumulating partially overlapping small Gaussians.

Effectiveness of Generative Densification. Increasing
the per-voxel Gaussian count in LaRa raises the total num-
ber of Gaussians by 68%, but only results in a slight
PSNR improvement (second row of Tab.4). In contrast, our
method achieves a significantly higher PSNR with a com-
parable Gaussian count (third row of Tab.4). Moreover, al-
though LaRa cannot be trained with more than 80k Gaus-
sians due to memory overhead, our approach handles over
110k Gaussians on the same GPU. The scene-level model
shows similar results, further illustrating the efficiency and
effectiveness of our adaptive strategy (last row of Tab. 4).

Gradient Masking. The first row of Tab. 5 presents the
re-evaluation of the ‘Ours-fast’ model from Tab. 1, where all
masking blocks are removed. In comparison to the model
with a single gradient masking block (second row of Tab. 5),
there is a notable increase in the number of Gaussians, and
the average inference time for reconstructing a single scene
rises by 32%. Additionally, the PSNR decreases by 0.52
dB, highlighting that the adaptive densification enabled by
gradient masking improves rendering quality compared to
densely producing an excess of Gaussians across the scene.

Learnable Masking. Learnable masking plays a pivotal
role in reducing computational and memory demands by
controlling the number of Gaussians generated in each den-
sification layer. Ideally, it should filter out Gaussians not re-
quiring further densification without compromising image
quality. As shown in the second and third rows of Tab. 5,
although masking leads to a minor decrease in PSNR, it re-

Table 4. Comparison against naı̈ve densification. Object and scene
models are evaluated on the GSO [12] and RE10k [50] datasets.

Method #Gauss. ↓ PSNR ↑ SSIM ↑ LPIPS ↓
LaRa (2 Gaussians per voxel) 46,878 29.70 0.959 0.060
LaRa (3 Gaussians per voxel) 79,111 29.77 0.961 0.068
Ours (K = 6, 000) 78,084 30.95 0.965 0.060

MVSplat (1 Gaussian per pixel) [7] 65,000 26.39 0.869 0.280
MVSplat (3 Gaussians per pixel) [7] 195,000 26.54 0.872 0.127
Ours (K = 30, 000) 173,000 27.08 0.879 0.120

Table 5. Ablation results on two masking strategies with varying
configurations, evaluated on the GSO [12] dataset. ‘Grad.’ and
‘Learn.’ refer to gradient and learnable masking (Sec. 3), respec-
tively, while ‘None’ indicates no masking is applied. Inference
time (‘Time’) is measured in milliseconds on a single A6000 GPU.

Masking Configuration #Gauss. ↓ Time ↓ PSNR ↑
1st Masking 2nd Masking

None None 413,066 255 30.21
Grad. (K = 12k) None 151,968 193 30.73
Grad. (K = 12k) Learn. (K̃den = 19k) 114,351 187 30.62
Grad. (K = 15k) Learn. (K̃den = 24k) 130,056 198 30.68
Grad. (K = 30k) Learn. (K̃den = 48k) 189,322 208 30.63

Grad. (K = 12k) Grad. (K̃den = 19k) 114,371 199 30.12
Learn. (K = 12k) Learn. (K̃den = 19k) 114,565 188 29.31

sults in a substantial 25% reduction in the number of Gaus-
sians and notably accelerates model inference. This indi-
cates that the efficiency gains from reducing the number of
Gaussians outweigh the slight drop in image quality, em-
phasizing the significance of learnable masking.

Combining Gradient and Learnable Masking. Both
masking strategies can be used interchangeably to reduce
the number of Gaussians and accelerate inference. How-
ever, gradient masking is primarily designed to select de-
tailed regions for adaptive densification, in addition to re-
ducing overhead. The last row of Tab. 5 shows a significant
PSNR drop when replacing gradient masking with learnable
masking, highlighting that the former is better suited for
selecting to-be-densified Gaussians. Conversely, learnable
masking can be replaced with gradient masking, but ren-
dering quality still lags behind that of the combined model
(second last row of Tab. 5), which demonstrates the neces-
sity of using a combination of both masking strategies.

5. Conclusion

We proposed generative densification, an efficient densifi-
cation strategy tailored for generalized feed-forward Guas-
sian models. We integrated the proposed method into LaRa
and MVSplat, providing practical guidance for real-world
applications. Extensive experiments demonstrate that our
method effectively reconstruct high-frequency details by
generating fine Gaussians, establishing new benchmarks in
both object-level and scene-level reconstruction tasks. We
believe our work paves the way for future research on feed-
forward adaptive densification leveraging learned prior.
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