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Abstract. Feed-forward 3D Gaussian Splatting methods enable single-
pass reconstruction and real-time rendering. However, they typically
adopt rigid pixel-to-Gaussian or voxel-to-Gaussian pipelines that uni-
formly allocate Gaussians, leading to redundant Gaussians across views.
Moreover, they lack an effective mechanism to control the total number
of Gaussians while maintaining reconstruction fidelity. To address these
limitations, we present F4Splat, which performs Feed-Forward predic-
tive densification for Feed-Forward 3D Gaussian Splatting, introduc-
ing a densification-score-guided allocation strategy that adaptively dis-
tributes Gaussians according to spatial complexity and multi-view over-
lap. Our model predicts per-region densification scores to estimate the
required Gaussian density and allows explicit control over the final Gaus-
sian budget without retraining. This spatially adaptive allocation reduces
redundancy in simple regions and minimizes duplicate Gaussians across
overlapping views, producing compact yet high-quality 3D representa-
tions. Extensive experiments demonstrate that our model achieves su-
perior novel-view synthesis performance compared to prior uncalibrated
feed-forward methods, while using significantly fewer Gaussians.

Keywords: Feed-Forward 3D Gaussian Splatting · Compact 3DGS

1 Introduction

In modern computer vision, 3D scene reconstruction using deep learning has be-
come the de facto standard. In particular, 3D Gaussian Splatting (3DGS) [25] has
emerged as a highly efficient alternative to existing methodologies [14,38,40,44].
3DGS represents scenes using an explicit set of 3D Gaussian primitives, en-
abling high-fidelity 3D reconstruction and real-time novel-view rendering. It in-
corporates adaptive density control (ADC), which periodically adds or removes
Gaussians during optimization. These iterative updates assign a different num-
ber of Gaussians in each region, and through this adaptive assignment, the final
3DGS representation achieves high reconstruction fidelity with a relatively small
number of Gaussians. However, the conventional 3DGS framework still inher-
its key limitations shared by other optimization-based 3D reconstruction meth-
ods [14, 39, 40]. It requires costly per-scene iterative optimization and typically
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Fig. 1: Comparison of Gaussian allocation under different target Gaussian
budgets. (a) Given the same target Gaussian budget, F4Splat allocates Gaussians
non-uniformly using predicted densification scores, avoiding over-allocation in simple
regions and concentrating primitives on fine-detail regions (e.g., flowers) to better pre-
serve details even under a small budget, in contrast to voxel-based uniform alloca-
tion (AnySplat [23]). (b) Compared to pose-free and uncalibrated baselines, F4Splat
achieves the best reconstruction fidelity (LPIPS & PSNR), while largely preserving the
rendering quality as the number of Gaussians is reduced.

relies on densely captured input views with known camera parameters, which can
be impractical in real-world scenarios. This has motivated feed-forward 3DGS
methods [4,8,21,23,33,55,57], which are trained on large-scale datasets to build
strong 3D priors. These frameworks can reconstruct a 3D scene from only a few
input images through a single forward pass, preserving the real-time rendering
capabilities of 3DGS while enabling generalization to unseen scenes. However,
existing feed-forward 3DGS methods have a significant limitation in that they
do not allocate Gaussians efficiently. This limitation stems from removing the
iterative optimization process of conventional 3DGS, which also eliminates its
periodic adaptive density control (ADC) that densifies Gaussians during train-
ing. Most works [4,8,21,33,55,57,63] adopt a pixel-to-Gaussian pipeline, which
assigns Gaussians at the pixel level. This fixes the total number of Gaussians
to the number of pixels in the entire image and prevents flexible adjustment
of Gaussian positions, resulting in duplicated Gaussians across different views.
AnySplat [23], which employs a voxel-to-Gaussian pipeline, can adjust the num-
ber of Gaussians by changing the voxel size, but this typically requires training
a new model. Moreover, because it allocates Gaussians uniformly in space (i.e.,
assigning one Gaussian per voxel), it struggles to produce a high-quality and
compact Gaussian representation under a limited Gaussian budget.

To address inefficient Gaussian allocation, we introduce F4Splat, a feed-
forward network that performs predictive densification for 3D Gaussian Splat-
ting from a set of uncalibrated images. Our approach predicts densification de-
cisions in a single forward pass, treating Gaussian densification as a learnable
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prediction problem within a unified feed-forward pipeline. Specifically, the net-
work estimates a densification score that indicates whether additional Gaussians
should be allocated to each region. By estimating both spatial complexity and
multi-view overlap, the predicted densification score avoids over-allocation in
simple regions and prevents duplicate Gaussians in areas covered by overlapping
input images. This feed-forward densification strategy enables spatially adap-
tive allocation and yields compact Gaussian representations while maintaining
competitive reconstruction fidelity. As illustrated in Fig. 1, this allows F4Splat
to concentrate Gaussians on fine-detail regions while avoiding unnecessary al-
location in simple regions, achieving higher rendering quality under the same
Gaussian budget. Through extensive experiments, F4Splat achieves on-par or
superior novel-view synthesis quality while using significantly fewer Gaussians
than prior uncalibrated feed-forward methods that rely solely on image inputs.

The contributions of our work can be summarized as:

– Gaussian-count controllable feed-forward 3DGS. We propose F4Splat,
a feed-forward framework that reconstructs 3D Gaussian Splatting represen-
tations from sparse, uncalibrated images while enabling explicit control over
the final number of Gaussians through feed-forward predictive densification.

– Densification-score-guided allocation for high fidelity under a lim-
ited budget. We introduce a densification score that predicts where addi-
tional Gaussians should be allocated, enabling spatially adaptive Gaussian
allocation without iterative optimization and maintaining high reconstruc-
tion fidelity even under a limited Gaussian budget.

– State-of-the-art performance in the uncalibrated setting. Extensive
experiments show that F4Splat achieves on-par or superior novel-view syn-
thesis quality while using significantly fewer Gaussians than prior uncali-
brated feed-forward methods that rely solely on image inputs.

2 Related Work

3D Gaussian Splatting for Novel View Synthesis. NeRF [39] established
a dominant paradigm for neural scene representation and sparked extensive
subsequent research [1–3, 5, 14, 27, 37, 40, 45, 59], driving rapid progress in neu-
ral scene reconstruction. However, its per-ray volumetric rendering incurs high
compute cost, motivating more efficient alternatives. 3DGS [25] mitigates this
inefficiency by representing a scene with a set of 3D Gaussian primitives and
rendering them through differentiable rasterization, enabling real-time render-
ing and faster optimization. To achieve high fidelity with a compact represen-
tation, it further employs adaptive density control (ADC), which periodically
adds Gaussians in under-represented regions and prunes primitives with negligi-
ble contribution during iterative optimization. This has inspired a line of work
on more compact 3DGS representations, spanning both refinements of the ADC
strategy [10, 12, 16, 26, 28, 36, 47, 58, 61, 64] and various compaction and pruning
methods [6, 11,15,30,41,43,50,56].
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Despite the advantages of 3DGS, it still has several practical limitations. It
typically assumes dozens to hundreds of diverse input views for stable recon-
struction, which can be impractical in real-world scenarios. This dense-view re-
quirement has been partly addressed by recent studies on sparse-view 3DGS [17,
29,32, 54, 62, 67], which aim to reconstruct 3D scenes from only a few input im-
ages. Another major limitation is that 3DGS still requires iterative per-scene
optimization, which remains a significant burden for practical deployment. To re-
duce this time-consuming optimization process, a variety of recent approaches [7,
13, 18, 49, 65] have sought to accelerate the original 3DGS optimization pipeline
through more efficient rasterization, parallelization, and improved optimization
strategies. Among these approaches, feed-forward 3DGS represents a particu-
larly promising paradigm, as it amortizes iterative optimization into a single
feed-forward pass, thereby enabling much faster 3D reconstruction.

Feed-Forward 3D Gaussian Splatting. Feed-forward 3DGS approaches [4,
8,9,19,21,23,24,33,48,53,57,63] have been proposed to alleviate the costly per-
scene optimization of standard 3DGS. These methods are trained on large-scale
datasets to learn strong priors, allowing them to predict 3D Gaussian representa-
tions in a single feed-forward pass without iterative optimization. Consequently,
they can reconstruct from sparse views while enabling real-time rendering and
generalization to unseen scenes. Early generalizable feed-forward 3DGS meth-
ods [4, 8, 53] typically assume calibrated multi-view inputs with known camera
poses. Recent works [9, 48, 57, 63] relax this assumption by moving to pose-free
settings. In addition, self-supervised pose-free approaches [19, 21, 24] further re-
duce reliance on pose annotations by learning from reconstruction consistency,
with pose estimation integrated into the pipeline. More recently, uncalibrated
formulations [23,33] are enabling reconstruction without camera calibration.

Despite these advances in efficiency and robustness, existing feed-forward
3DGS methods largely rely on a uniform output parameterization, in which a
fixed number of Gaussians is allocated per pixel or spatial unit. As a result, the
total Gaussian count becomes tightly coupled with the input resolution, rather
than being adaptively allocated according to scene complexity. This leads to
redundant primitives in simple regions, while failing to sufficiently model geo-
metrically complex regions, resulting in a suboptimal and non-compact repre-
sentation under a limited Gaussian budget. In conventional optimization-based
3DGS, this issue has been mitigated through adaptive density control (ADC),
which dynamically allocates Gaussians based on scene structure. However, such
mechanisms rely on iterative per-scene optimization and are therefore not di-
rectly applicable to feed-forward pipelines. The recent feed-forward approach,
AnySplat [23], is able to control the Gaussian count via voxel granularity. How-
ever, the allocation remains spatially uniform, and adapting to different budgets
typically requires retraining, limiting flexibility and compactness. In contrast,
we introduce Gaussian-count controllable feed-forward 3DGS, which predicts a
budget-aware densification score that enables non-uniform and spatially adap-
tive Gaussian allocation. This yields a more compact 3D representation under a
controllable Gaussian budget.
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3 Method

We propose F4Splat, a feed-forward network that generates 3D Gaussian prim-
itives [25] from an image collection via feed-forward predictive densification.
Unlike prior feed-forward 3DGS methods that rely on uniform allocation, our
method allows users to adjust the number of Gaussians on demand through spa-
tially adaptive Gaussian allocation, making more effective use of the available
Gaussian budget. In this section, we formulate the problem in Sec. 3.1. Next,
Sec. 3.2 presents the overall framework, and Sec. 3.3 details the training pipeline.

3.1 Problem Formulation

Given Nctx input context images {Ictxi }Nctx
i=1 , where Ictxi ∈ R3×H×W , most prior

feed-forward 3D Gaussian Splatting (3DGS) works [8, 21, 33, 55, 57, 63] uni-
formly allocate one Gaussian per pixel, resulting in a fixed number of Gaussians,
NctxHW , to represent the scene. In contrast, our goal is to develop a feed-forward
network Fθ that enables control over the number of Gaussians. Specifically, Fθ

takes as input not only the context images but also a user-specified target Gaus-
sian budget N̄G , and predicts a set of 3D Gaussian primitives G = {gg}NG

g=1,
where NG does not exceed N̄G , and camera parameters {P̂ctx

i }Nctx
i=1 :(

{gg}NG
g=1, {P̂ctx

i }Nctx
i=1

)
= Fθ

(
{Ictxi }Nctx

i=1 , N̄G

)
. (1)

Each Gaussian primitive gg ∈ Rdg is parameterized by center µg ∈ R3, opacity
σg ∈ R, rotation in quaternion qg ∈ R4, scale sg ∈ R3, and spherical harmonics
(SH) hg ∈ Rν . Each camera parameter tuple is denoted as P̂ctx

i = (K̂ctx
i , T̂ctx

i ),
where K̂ctx

i ∈ R3×3 is the intrinsic matrix and T̂ctx
i ∈ R4×4 is the camera-to-

world pose. We use f̂ ctx
i to denote the focal length in K̂ctx

i . Here, (̂·) denotes a
predicted value.

It is not enough to merely control the number of Gaussians; it is also impor-
tant to use them efficiently to generate a high-quality scene representation. To
this end, Gaussians should be allocated non-uniformly across the scene accord-
ing to local characteristics, assigning more capacity to geometrically or visually
complex regions. In the case of AnySplat [23], the number of Gaussians can be
adjusted by changing the voxel size. However, due to the inherent limitation of
uniformly assigning a single Gaussian primitive to each voxel, it represents the
scene less faithfully even under the same Gaussian count. Uniform-Gaussian-
allocation methods [4,8,21,23,33,55,57,63] ignore the fact that different regions
require different Gaussian densities, yielding redundant Gaussians in simple re-
gions while under-allocating complex ones. Consequently, the Gaussian budget
is not spent where it is most needed for faithful scene representation. To ad-
dress this, we introduce a spatially adaptive Gaussian allocation framework that
allocates Gaussians more effectively within a given budget.
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Fig. 2: Overview of F4Splat. Given multi-view context images, the Geometry Back-
bone predicts camera parameters, multi-scale Gaussian parameter maps, and densi-
fication score maps. During training, camera and Gaussian parameters are jointly
optimized with the camera loss Lcamera, rendering loss Lrender, and scene-scale reg-
ularization Lscene. The predicted densification score maps are trained by score loss
Lscore derived from the backpropagation of rendering loss. The final representation Gτ ,
constructed using a randomly sampled threshold τ , is also supervised by the rendering
loss Lrender. At inference time, given a target Gaussian budget N̄G , the corresponding
allocation threshold τ̄ is determined following the budget-allocation algorithm in Sup-
plementary Sec. S1. By varying N̄G , the same model produces a family of compact,
high-fidelity, Gaussian-count controllable representations Gτ̄ without retraining.

3.2 Spatially Adaptive Gaussian Allocation

As illustrated in Fig. 2, our framework consists of three parts: a Geometry
Backbone that encodes geometric information from a multi-view image set and
predicts camera parameters; Gaussian Center Head and Gaussian Parameter
Head, which predict multi-scale Gaussian parameter maps along with densifi-
cation score maps; and Spatially Adaptive Gaussian Allocation that effectively
allocates the available Gaussian budget.
Geometry Backbone. To encode geometric information from a given image set
{Ictxi }Nctx

i=1 , we adopt a geometric backbone following the structure of VGGT [51].
Each input image Ictxi is processed by a pretrained DINOv2 encoder [42] to ex-
tract patch tokens. The resulting image tokens tIi are concatenated with learnable
camera tokens tPi and register tokens tri. The reference view has its own learnable
camera and register tokens, while the remaining views share their corresponding
tokens. The combined tokens {[tIi ; tPi ; tri]}

Nctx
i=1 are then passed through alternat-

ing frame-wise and global self-attention layers, resulting in the encoded tokens
{[t̃Ii ; t̃Pi ; t̃ri]}

Nctx
i=1 . The encoded camera tokens {t̃Pi }Nctx

i=1 are passed through four
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additional self-attention layers, followed by a projection head to estimate camera
parameters {P̂ctx

i }Nctx
i=1 .

Multi-Scale Prediction. To control the final number of Gaussians, multi-
scale Gaussian parameter maps {Gl

i}Ll=1 and densification score maps {D̂l
i}

L−1
l=1

are predicted from the encoded image tokens t̃ Ii encoded by the geometry back-
bone, where Gl

i ∈ Rdg×Hl×W l

and D̂l
i ∈ RHl×W l

. We modify a DPT-based de-
coder [46] to introduce two parallel heads, a Gaussian Center Head and a Gaus-
sian Parameter Head. Before the final two layers, the decoded feature maps are
bilinearly interpolated to the target resolution (H l,W l) at each level, and then
the level-specific layers are applied. Each level-specific module consists of only
two layers, enabling efficient multi-scale map prediction. The Gaussian center
head predicts the Gaussian centers, and the Gaussian parameter head predicts
the remaining Gaussian primitives along with the densification score maps. In
the Gaussian parameter head, an RGB shortcut [57] is utilized before the level-
specific layers. As the level l increases, the spatial resolution doubles at each
step, (H l+1,W l+1)= (2H l, 2W l). By exclusively selecting a scale level for each
spatial region, we can control the final number of Gaussians NG . In the extreme
case, selecting all regions from the coarsest level (l=1) yields NctxH

1W 1 Gaus-
sians, while selecting all regions from the finest level (l=L) yields NctxH

LWL

Gaussians. Therefore, NG is bounded as:

NctxH
1W 1 ≤ NG ≤ NctxH

LWL. (2)

Spatially Adaptive Gaussian Allocation. Meanwhile, to represent a scene
faithfully under a limited Gaussian budget, more Gaussians should be allocated
to geometrically or photometrically complex regions. Additionally, redundant
allocations to the same spatial locations across overlapping views should be
minimized. If we can estimate how densely Gaussians should be in a given lo-
cal space, we can allocate Gaussians more efficiently across the scene. To this
end, we utilize a densification score map D̂l

i ∈ RHl×W l

, which indicates how
densely Gaussians should be placed in each spatial region. As shown in Fig. 3,
thresholding the predicted densification scores yields spatially adaptive alloca-
tions, assigning more Gaussians to detail-rich regions while avoiding unnecessary
allocation in simple or overlapping areas. More details on the computation of
the densification map are provided in the following Sec. 3.3.

Using the densification score maps, we determine the appropriate representa-
tion level for each region via a simple thresholding rule. Starting from the coarsest
level (l=1), if the densification score is higher than a given threshold τ , more
Gaussians are allocated to that region from a higher-level Gaussian map. Ulti-
mately, as illustrated in Fig. 2, Gaussians are selected such that allocations are
non-overlapping across levels. The binary allocation masks Ml

τ,i ∈ {0, 1}Hl×W l

,
which indicate whether a particular location is allocated, can be computed as:

Ml
τ,i =


1{D̂l

i<τ} if l = 1,

1{D̂l
i<τ} ⊙

(
1−

∑l−1
k=1 Up(Ml−k

τ,i ; 2k)
)

if 1 < l < L,

1−
∑l−1

k=1 Up(Ml−k
τ,i ; 2k) if l = L,

(3)
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Fig. 3: Spatially adaptive Gaussian allocation. Given two context images (left),
the model predicts densification score maps that estimate where additional Gaussian
density is required. The red color indicates where more Gaussians are placed based on
different fixed thresholds τ . In the top example, we can clearly observe that more Gaus-
sians are allocated in complex regions. The example below demonstrates redundancy-
aware allocation across overlapping views, avoiding unnecessary allocations.

where 1{·} is an indicator function that outputs 1 when the condition is satisfied,
1 denotes a matrix of ones, ⊙ is the element-wise product, and Up(·; 2k) denotes
the nearest-neighbor upsampling with a scaling factor of 2k. Using these masks,
the final 3D Gaussian representation Gτ ={gg}

NGτ
g=1 is generated, where the total

number of Gaussians NGτ
=
∑

l,i ∥Ml
τ,i∥1. Given a target Gaussian-count budget

N̄G , we can compute the minimum threshold τ̄ that satisfies the target budget by
a simple budget-matching algorithm, since the Gaussians are exclusively selected
across levels. The computed threshold τ̄ guarantees that the final number of
Gaussians NGτ̄ satisfies the following conditions:

0 ≤ N̄G −NGτ̄ < 4L−1 − 1. (4)
The budget-matching algorithm is provided in the Supplementary Sec. S1.

3.3 Training Strategy

Feed-Forward Predictive Densification. To allocate a limited number of
Gaussians adaptively, the densification signal must satisfy two key properties.
First, it should correlate with potential quality gain. It should allocate more
Gaussians to under-represented regions and fewer to simple regions, so that
representation quality tends to improve as the number of Gaussians increases.
Second, it must be available at inference time without requiring iterative op-
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Fig. 4: Effect of the threshold τ across scene complexity. For a fixed τ , complex
scenes yield higher densification scores and allocate more Gaussians, while simpler
scenes allocate fewer.

timization. A desirable densification score must be computable using only the
input images. To satisfy these conditions, we draw inspiration from the adaptive
density control (ADC) strategy of standard 3DGS works [25, 58], which itera-
tively optimizes 3D Gaussian primitives.

These previous works [25,58] periodically densify 3D Gaussians during train-
ing. In AbsGS [58], for a set of predicted Gaussian primitives G = {gg}NG

g=1,
whether to densify the Gaussian gg is guided by the homodirectional target
view-space positional gradient vg, which can be obtained by backpropagating
the rendering loss. The rendering loss Lrender is calculated between the pre-
dicted target image Îtgt and the ground-truth target image Itgt. With this loss,
we can calculate the homodirectional view-space positional gradient vg:

vg =

 m∑
j=1

∣∣∣∣∣∂Lrender
j

∂µ̄g,x

∣∣∣∣∣ ,
m∑
j=1

∣∣∣∣∣∂Lrender
j

∂µ̄g,y

∣∣∣∣∣
 . (5)

Here (µ̄g,x, µ̄g,y) denotes the center of Gaussian gg after projection onto the
2D image plane of the target view, Lrender

j denotes the rendering loss computed
by the j-th pixel of the image Îtgt, and m is the total number of pixels that
Gaussian gg participates in rendering of Îtgt. A large value of vg indicates that
the Gaussian gg significantly affects the rendering loss, implying that the cor-
responding region is underrepresented. AbsGS [58] empirically shows that as-
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signing more Gaussians based on the norm of this gradient improves the fidelity
of the representation. Therefore, this gradient-based value is a suitable signal
for our spatially adaptive Gaussian allocation pipeline. However, feed-forward
3DGS predicts 3D Gaussian primitives in a single forward pass without iterative
scene optimization, and ground-truth images are not available at inference time.
As a result, the gradient vg cannot be utilized directly at inference time.

To overcome this limitation, we instead learn to predict d̂g from the gradient
vg. Here, d̂g denotes the predicted densification score associated with the spatial
region occupied by the Gaussian gg. During the training process, using the 3D
Gaussian representation G predicted by input context images {Ictxi }Nctx

i=1 , we can
compute the rendering loss Lrender(Îtgt, Itgt) and the homodirectional view-space
positional gradient vg for each Gaussian gg ∈ G, as explained above. Based on the
accumulated gradient vg, we define the supervision signal dg for the densification
as a log-scaled value of the ℓ2 norm of the gradient: dg = log

(
1 + 104 · ∥vg∥2

)
.

Then, the predicted densification score d̂g for gg is trained to match dg via the
following ℓ1 loss:

Lscore
G = Egg∈G

[
∥d̂g − dg∥1

]
. (6)

This gradient-based supervision also implicitly captures cross-view redun-
dancy: regions already well represented by overlapping context views produce
lower densification signals, suppressing duplicate Gaussian allocation, as visu-
alized in Fig. 3. Furthermore, since the score is learned from gradient signals,
it serves as an absolute and comparable criterion across different scenes, rather
than a purely relative ranking within a single scene. Consequently, the threshold
τ serves as a control knob for reconstruction fidelity, determining the level of
detail preserved in the final representation. As shown in Fig. 4, under a fixed
τ , a complex scene generally produces higher densification scores, resulting in
higher Gaussian allocation. In contrast, a simple scene yields lower scores and
consequently fewer Gaussians.
Training with Novel Views. Training the model by supervising the final 3D
Gaussian representation using the input context views, rather than novel views,
can lead to trivial reconstruction and potential overfitting, as the model may
simply memorize the observed views instead of learning a representation that
generalizes across viewpoints. To address this issue, unlike the previous feed-
forward approach [23] that supervises reconstruction of input context views, we
instead use a novel view as the target image during training. However, directly
using the ground-truth camera parameters of the target view is problematic be-
cause the camera coordinate system predicted by the model may differ from the
ground-truth coordinate frame. To resolve this mismatch, we align the ground-
truth target camera into the predicted coordinate system before rendering the
target view. Specifically, let Tctx

n1
and Tctx

n2
denote the ground-truth poses of the

two context views closest to the target view, and T̂ctx
n1

and T̂ctx
n2

denote their
corresponding predicted poses. We estimate a similarity transformation matrix
A ∈ Sim(3) that maps poses from the ground-truth coordinate frame to the pre-
dicted one. The context view n1 closest to the target view is used as the anchor
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reference for rotation and translation alignment, while the scale is estimated
from the relative translation between the two context views n1 and n2 closest
to the target view. The ground-truth target pose Ttgt is then transformed using
the matrix A to obtain the aligned target pose, T̂tgt = ATtgt. For the intrinsic
parameters f , we adjust the focal length of the target view using the ratio be-
tween the predicted and ground-truth focal lengths of the nearest context view,
f̂ tgt = f̂ ctx

n1
/f ctx

n1
· f tgt. This simple yet carefully designed alignment procedure

ensures that the aligned target view parameters (T̂tgt, K̂tgt) are geometrically
consistent with the coordinate system predicted by the model, enabling stable
and reliable novel view training.
Overall Training Pipeline. During training, we randomly sample a threshold
τ and predict the corresponding Gaussian set Gτ , which is supervised using the
rendering loss Lrender. In addition, we also apply the rendering loss to level-wise
Gaussian representations Gl ∈ Rdg×NctxH

lW l

, which are constructed using only
the Gaussians predicted at each level l. The densification score loss Lscore is
computed using the densification scores derived from the multi-level Gaussian
representations {Gl}L−1

l=1 . The loss for camera parameter estimation, Lcamera, is
learned in the same way as VGGT [51]. We further introduce a scene-scale regu-
larization loss Lscene, which normalizes the average distance of Gaussian centers
from the origin to 1, i.e., Lscene =

∣∣∣ 1
|G|

∑
gg∈G ∥µg∥2 − 1

∣∣∣. This regularization
is applied independently to the representation of each level. Without this regu-
larization, training can become unstable. Finally, the total training objective is
defined as the weighted sum of Lrender, Lscore, Lcamera, and Lscene.

4 Experiments

Datasets. We train F4Splat on the large-scale RealEstate10K (RE10K) [66],
ACID [35] datasets, and DL3DV [34], following prior work [57] for train/test
splits. For two-view evaluation, we adopt the same test split as prior feed-forward
methods [4,8,33,55,57]. For multi-view evaluation, we use the scene categoriza-
tion provided by NoPoSplat [57] and select input pairs with small overlap. Ad-
ditional input views are sampled between the selected pair without duplication
to match the target number of input views (8, 16, and 24 views).
Implementation Details. We use three levels of multi-resolution feature maps
(L = 3) in all experiments and choose the finest level to match the input image
resolution, (HL,WL)=(H,W ). We initialize our model from pretrained VGGT
weights. We use a learning rate of 2× 10−4 for most modules, while freezing the
patch embedding weights of the geometry backbone and training the remaining
backbone parameters with a smaller learning rate of 2 × 10−5. For multi-view
training, we train on RE10K. At each iteration, each GPU independently sam-
ples the number of input views from {2, 3, 4, 6, 12, 24} and selects context images
accordingly. We additionally sample the same number of target novel views for
supervision. To keep the total number of images processed per iteration con-
stant, we use a dynamic batch size that is inversely proportional to the number
of context images. The multi-view model is trained for 15,000 iterations. For
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Table 1: Novel view synthesis performance on RE10K [66] under different
numbers of input views. We report LPIPS/SSIM/PSNR for 8, 16, and 24 input
views. Best and second-best results are highlighted in bold and underlined, respec-
tively. τ+ and τ− denote the high- and low-threshold variants, respectively.

Method 8 views 16 views 24 views

#GS↓ LPIPS↓ SSIM↑ PSNR↑ #GS↓ LPIPS↓ SSIM↑ PSNR↑ #GS↓ LPIPS↓ SSIM↑ PSNR↑

Pose-Free
NoPoSplat 524K 0.213 0.756 22.31 1049K 0.252 0.713 21.11 1573K 0.275 0.691 20.49
VicaSplat 524K 0.241 0.713 21.18 1049K 0.384 0.596 17.56 1573K 0.443 0.546 16.13
SPFSplat 524K 0.142 0.849 25.66 1049K 0.137 0.855 25.88 1573K 0.139 0.853 25.78

Uncalibrated

VicaSplat 524K 0.258 0.686 20.77 1049K 0.417 0.556 16.78 1573K 0.470 0.517 15.58
AnySplat 447K 0.167 0.819 24.07 820K 0.148 0.842 25.10 1142K 0.143 0.849 25.40
F4Splatτ+ 105K 0.140 0.851 25.35 210K 0.126 0.866 25.91 315K 0.122 0.870 26.01
F4Splatτ− 447K 0.128 0.863 25.73 820K 0.116 0.875 26.28 1142K 0.113 0.879 26.43

Table 2: Generalization to unseen datasets. Models are trained on RE10K [66]
and evaluated on the unseen ACID dataset [35]. We compare reconstruction quality
under different numbers of input views (8, 16, and 24).

Method 8 views 16 views 24 views

#GS↓ LPIPS↓ SSIM↑ PSNR↑ #GS↓ LPIPS↓ SSIM↑ PSNR↑ #GS↓ LPIPS↓ SSIM↑ PSNR↑

Pose-Free
NoPoSplat 524K 0.268 0.672 22.84 1049K 0.294 0.644 22.14 1573K 0.307 0.630 21.78
VicaSplat 524K 0.271 0.656 22.57 1049K 0.327 0.609 21.20 1573K 0.356 0.581 20.37
SPFSplat 524K 0.215 0.736 24.89 1049K 0.214 0.743 25.07 1573K 0.218 0.744 25.00

Uncalibrated

VicaSplat 524K 0.315 0.588 21.31 1049K 0.377 0.547 19.82 1573K 0.399 0.529 19.22
AnySplat 481K 0.248 0.696 23.30 906K 0.236 0.720 23.88 1289K 0.234 0.727 24.04
F4Splatτ+ 52K 0.230 0.726 24.55 105K 0.215 0.745 25.02 315K 0.195 0.768 25.51
F4Splatτ− 481K 0.194 0.759 25.16 906K 0.184 0.775 25.56 1289K 0.181 0.780 25.70

two-view training, separate models are trained on RE10K and ACID, following
the training configuration of NoPoSplat [57]. Each model is trained for 18,750
iterations with a total batch size of 128. We set the weight of MSE and LPIPS
loss as 1 and 0.05 for Lrender. For the final total loss, we fix the weight of Lrender,
Lscore, Lcamera, and Lscene as 1.0, 10−4, 10.0, and 10−2 respectively, in all exper-
iments. All experiments are conducted on eight NVIDIA H200 GPUs, and each
training run takes approximately 15 hours.
Baselines and Evaluation Metrics. For multi-view evaluation, we compare
F4Splat with recent feed-forward 3DGS methods under two settings: uncali-
brated methods that take only images as input without camera poses or intrin-
sics, and pose-free methods that do not require camera poses but assume known
intrinsics. For the uncalibrated setting, we compare against VicaSplat [33] and
AnySplat [23]. For fair comparison, we retrain AnySplat under the same training
setup as ours, which requires approximately 27 hours on eight NVIDIA H200
GPUs. VicaSplat uses the officially released multi-view pretrained weights on the
RE10K dataset. For the pose-free setting, we compare against NoPoSplat [57],
VicaSplat [33], and SPFSplat [21], using their officially released pretrained mod-
els. For two-view evaluation, we compare with pixelSplat [4], MVSplat [8], No-
PoSplat [57], VicaSplat [33], and SPFSplat [21]. We also compare baselines that
are not a feed-forward 3D Gaussian splatting method, including pixelNeRF [60],
DUSt3R [52], MASt3R [31], and CoPoNeRF [20]. We evaluate the performance
of novel view synthesis using three standard metrics: LPIPS, SSIM, and PSNR.
We also report the number of final Gaussian primitives to enable joint compar-
ison of rendering quality and Gaussian-count efficiency.
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Table 3: Novel view synthesis perfor-
mance comparison under 2-view set-
ting. Results on ACID [35] dataset.

Method Average

#GS↓ LPIPS↓ SSIM↑ PSNR↑

Pose-
Required

pixelNeRF - 0.533 0.561 20.32
pixelSplat 131K 0.195 0.779 25.82
MVSplat 131K 0.196 0.773 25.51

Pose-Free

DUSt3R - 0.447 0.411 16.29
MASt3R - 0.461 0.409 16.18
CoPoNeRF - 0.406 0.606 20.95
NoPoSplat 131K 0.189 0.781 25.96
VicaSplat 131K 0.201 0.757 25.44
SPFSplat 131K 0.176 0.807 26.80

Uncalibrated
VicaSplat 131K 0.218 0.726 24.55
F4Splatτ+ 26K 0.201 0.772 25.75
F4Splatτ− 131K 0.178 0.794 26.26

Table 4: Ablation Studies. Experi-
ments are conducted with 24 input views,
where the Gaussian budget is fixed to
20% of the maximum number of Gaus-
sians. (a)-(b) compare different Gaus-
sian allocation strategies, (c) removes the
level-wise Gaussian supervision during
training, and (d) removes the scene-scale
regularization term.

Variant LPIPS↓ SSIM↑ PSNR↑

(a) Rand. based allocation 0.194 0.828 24.68
(b) Freq. based allocation 0.160 0.841 25.36
(c) w/o level-wise GS train 0.192 0.813 24.25
(d) w/o scene scale reg. 0.712 0.006 4.82
(e) Ours 0.143 0.854 25.47

4.1 Experimental Results

Multi-view Reconstruction. As shown in Tab. 1 and Tab. 2, our method
achieves competitive performance among uncalibrated baselines and remains
competitive with pose-free and pose-required methods. When using a similar
number of Gaussian primitives as the baselines, our approach achieves strong
reconstruction performance. Notably, even when using only 10-28% of the Gaus-
sian primitives, our method still maintains competitive results. These results
suggest that our explicit density control enables a compact yet high-fidelity 3D
Gaussian representation, leading to improved efficiency without sacrificing re-
construction quality.
Two-view Sparse Reconstruction. Tab. 3 demonstrates the novel view syn-
thesis performance on the ACID dataset under the challenging two-view setting.
Our method achieves superior performance compared to the uncalibrated base-
line. Moreover, it remains competitive with both pose-required and pose-free
approaches, including feed-forward 3DGS methods and other baselines, demon-
strating robust performance even with only two sparse input views.
Qualitative Comparison. Fig. 5 shows qualitative comparisons on RE10K
under different input-view settings. Our method produces sharper structures
and more faithful scene details compared to existing approaches. Notably, even
with substantially fewer Gaussian primitives (24-29%), our approach maintains
high rendering quality while reducing blurring artifacts, resulting in visually
more accurate renderings.
Generalization Under Larger-Scale Data. While Tab. 2 evaluates cross-
dataset generalization from RE10K to ACID, we further examine whether the
advantage of F4Splat persists under a larger-scale training setting. Specifically,
we train on RE10K+DL3DV and evaluate zero-shot performance on DTU under
the two-view setting, a held-out 3D reconstruction benchmark. As shown in
Tab. 5, F4Splat outperforms NoPoSplat across all metrics, indicating that our
predictive densification strategy remains effective when scaling the training data.



14 I. Kim et al.

GTOursAnySplatSPFSplatVicaSplat
(Uncalibrated)

VicaSplat
(Pose-Free)

NoPoSplat

8 
vi

ew
s

16
 v

ie
w

s
24

 v
ie

w
s

13.07/524K 16.34/524K16.38/524K 16.77/524K 13.91/445K 21.00/105K

15.90/1049K 13.43/1049K13.75/1049K 13.63/1049K 15.49/830K 17.72/210K

14.77/1573K 12.58/1573K12.98/1573K 22.93/1573K 19.45/1079K 25.42/315K

Fig. 5: Qualitative comparisons of novel view synthesis on RE10K [66]. The
bottom-right corner of each image shows the PSNR of the rendered view and the
number of Gaussian primitives used for scene reconstruction. Our method achieves
high-quality rendering even with substantially fewer primitives, while consistently out-
performing competing approaches.

4.2 Ablation Studies and Analysis

Densification-Score-Guided Allocation. We validate the effectiveness of our
learned densification score for Gaussian allocation by comparing it with two
alternative strategies, (a) and (b) in Tab. 4. For (a) random-based allocation,
we replace the learned densification score with a uniform score, which leads
to random Gaussian allocation. For (b) frequency-based allocation, we compute
a heuristic frequency score by resizing the input image to each scale level and
applying a Sobel filter to emphasize high-frequency (edge) regions. Both alterna-
tives underperform, demonstrating that the learned densification score provides
a more effective signal for allocating Gaussians than either random selection
or simple frequency-based heuristics. Qualitatively, Fig. 3 further illustrates the
behavior of the learned densification score. The predicted maps of the top ex-
ample assign higher scores to structurally and visually complex regions (e.g.,
object boundaries, textured areas, and fine details), indicating where increased
Gaussian density is likely to be beneficial. Moreover, as in the example below,
overlapping areas observed from multiple context images tend to have lower
scores, reflecting redundancy-awareness across views. This encourages allocat-
ing Gaussians to regions that need more capacity while avoiding redundancy in
well-covered areas, improving efficiency and fidelity under a fixed budget.
Level-Wise Gaussian Supervision. Next, we examine the impact of level-
wise Gaussian supervision during training. If we supervise only the final Gaus-
sian set Gτ , the sampled threshold τ causes some scale-level Gaussians to be
excluded from training in each iteration, resulting in less stable optimization. As
shown in Tab. 4, removing level-wise supervision clearly degrades performance
(c), confirming the benefit of supervising multi-scale Gaussians during training.
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Table 5: Generalization on DTU
under larger-scale training. Mod-
els are trained on RE10K [66] and
DL3DV [34], and evaluated on the
DTU [22] dataset.
Method #GS↓ PSNR↑ SSIM↑ LPIPS↓

NoPoSplat 131K 17.51 0.570 0.304
F4Splat 26K 19.76 0.647 0.271

Table 6: Effect of our VGGT-prior train-
ing strategy. Our strategy leverages the
VGGT prior more stably than the AnySplat-
like alternative, enabling stable novel-view
training while reducing training time.
Strategy LPIPS↓ SSIM↑ PSNR↑ Train. Time↓

AnySplat-like 0.244 0.711 20.59 5H 35M
Ours 0.171 0.829 24.62 3H 03M

Scene-Scale Regularization. Finally, we ablate the scene-scale regularization
loss in Tab. 4 (d). Without this term, training becomes highly unstable, and the
model fails to learn a meaningful reconstruction, leading to training failure. In the
uncalibrated setting, where the model must jointly predict camera parameters
and scene geometry, this simple regularizer is crucial for stable optimization.
VGGT-prior training strategy. Tab. 6 analyzes how to effectively leverage
the VGGT prior for feed-forward 3DGS training. The AnySplat-like alternative
performs input-view training with frozen VGGT distillation, whereas our strat-
egy enables stable novel-view training through aligned target-camera supervision
and scene-scale regularization. As shown in Tab. 6, our strategy achieves better
reconstruction quality while reducing training time.

5 Conclusion
We present F4Splat, a feed-forward 3DGS framework that reconstructs com-
pact representations from sparse, uncalibrated inputs. By introducing a feed-
forward densification through a densification-score-guided allocation strategy,
our method adaptively distributes Gaussians according to spatial complexity
and multi-view overlap, enabling explicit control over the final Gaussian budget
without retraining. By allocating more primitives to informative regions while
avoiding redundancy in simple or overlapping areas, F4Splat produces compact
Gaussian representations while achieving high reconstruction fidelity. Experi-
ments demonstrate that our approach achieves competitive or superior novel-
view synthesis performance compared to prior feed-forward methods while re-
quiring significantly fewer Gaussians, highlighting the effectiveness of spatially
adaptive Gaussian allocation for efficient feed-forward 3DGS reconstruction.
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