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Figure 1. (a) EcoSplatis a feed-forward 3D Gaussian Splatting framework that enables explicit control over the number of output primitives.
(b) It consistently outperforms state-of-the-art methods across a wide range of target primitive counts.

Abstract

Feed-forward 3D Gaussian Splatting (3DGS) enables effi-
cient one-pass scene reconstruction, providing 3D repre-
sentations for novel view synthesis without per-scene opti-
mization. However, existing methods typically predict pixel-
aligned primitives per-view, producing an excessive number
of primitives in dense-view settings and offering no explicit
control over the number of predicted Gaussians. To address
this, we propose EcoSplat, the first efficiency-controllable
feed-forward 3DGS framework that adaptively predicts the
3D representation for any given target primitive count at
inference time. EcoSplat adopts a two-stage optimization
process. The first stage is Pixel-aligned Gaussian Training
(PGT) where our model learns initial primitive prediction.
The second stage is Importance-aware Gaussian Finetun-
ing (IGF) stage where our model learns rank primitives and
adaptively adjust their parameters based on the target prim-

*Co-first authors (equal contribution).
Co-corresponding authors.

itive count. Extensive experiments across multiple dense-
view settings show that EcoSplat is robust and outperforms
state-of-the-art methods under strict primitive-count con-
straints, making it well-suited for flexible downstream ren-
dering tasks. Code and project page will be released.

1. Introduction

Novel View Synthesis (NVS) is a fundamental task in 3D
vision, enabling applications in virtual reality (VR), aug-
mented reality (AR), and cinematic production. Neural im-
plicit representations [2, 3, 7, 16, 37, 38, 55] have shown
impressive progress, yet their training and rendering re-
main computationally expensive. Recently, 3D Gaussian
Splatting (3DGS) [28] has emerged as a state-of-the-art
method, achieving both improved rendering quality and
real-time rendering speeds. Its underlying framework has
been further applied to dynamic reconstruction [31, 39, 48,
52], unconstrained image reconstruction [18], degraded in-
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puts [60], and geometric reconstruction [23]. Although
3DGS enables real-time rendering and fast reconstructions,
it still requires substantial training time, often several min-
utes or even hours per scene for reconstruction, since it re-
lies on per-scene optimization. To address this limitation,
several feed-forward-based approaches [8, 11, 24, 27, 42,
50, 53, 57] have been proposed to directly predict the prop-
erties of 3D Gaussians (primitives) from multi-view im-
ages, leveraging large-scale datasets. In general, these ap-
proaches unproject the 2D pixels of each input image into a
corresponding 3D primitive (i.e., pixel-aligned Gaussians)
and aggregate the resulting primitives from all input views
to represent the corresponding scene.

After the feed-forward reconstruction stage, the pre-
dicted 3D Gaussian primitives can be stored and reused
for real-time rendering on end-user devices such as mo-
bile phones or AR/VR headsets. In practical applications,
reconstruction is typically performed once on the server-
side devices, while the generated 3DGS must support mul-
tiple rendering requests across diverse end-user devices.
However, existing feed-forward methods typically generate
a large number of pixel-aligned primitives, especially for
dense-view reconstructions, which can be impractical for
resource-constrained devices. To mitigate this, several ap-
proaches [26, 59, 62] have attempted to reduce redundant
Gaussians across multiple views through voxelization [26],
graph-based aggregation [59], key-frame clustering [47],
or opacity-based pruning [62]. Nonetheless, these meth-
ods lack explicit control over the target numbers of primi-
tives because they were not specifically designed for fine-
level control over this number, which is a crucial factor
for flexible deployment in real-time and streamable applica-
tions. Their threshold-based pruning strategies (e.g., voxel
size or opacity-based pruning) often yield scene-dependent
and unstable primitive counts, resulting in a poor quality-
efficiency trade-off. In practice, explicit control over the
number of 3D Gaussian primitives is essential: without a
mechanism to enforce a prescribed count, the final number
of primitives varies across scenes and view counts, leading
to unpredictable latency, memory, and bandwidth require-
ments. Importantly, it should be noted that our work is dis-
tinguished from the standardization activities of MPEG [25]
and other academic works [12, 40] where 3D Gaussians
are subject to compression via codecs while our approach
is related to effective and controllable compaction of feed-
forward 3DGS in terms of the number of the primitives.

To overcome these challenges, we propose EcoSplat, an
Efficiency-controllable feed-forward 3D Gaussian Splatting
framework for dense-view reconstruction. As shown in
Fig. 1, EcoSplat maximizes rendering quality while explic-
itly controlling the number of 3D Gaussians to match a
target number, all in a feed-forward manner. To achieve
this, we introduce a two-stage training process consisting

of Pixel-aligned Gaussian Training (PGT) and Importance-
aware Gaussian Finetuning (IGF). In the first stage (PGT),
we train our model to reliably predict pixel-aligned 3D
Gaussians. In the second stage (IGF), we further train our
model to adaptively predict the 3D Gaussian parameters
conditioned on the target number of primitives. Specifically,
in the IGF stage, we introduce an importance-aware opac-
ity loss L;, to encourage the suppression of less informa-
tive primitives. Moreover, for improved training stability,
we adopt a Progressive Learning on Gaussian Compaction
(PLGC) strategy that gradually expands the sampling range
of the target number of primitives during training. As a re-
sult of this training process, our EcoSplat can adaptively
select the most important Gaussians for any target number
of primitives during inference (Fig. 1-(b)). Our main con-
tributions are summarized as follows:

* We introduce EcoSplat, the first feed-forward 3DGS
framework that reconstructs a high-quality and robust set
of Gaussian primitives while satisfying explicit and con-
trollable constraints on the target number of primitives.

* We design a two-stage training process, including
Pixel-aligned Gaussian Training (PGT) followed by
Importance-aware Gaussian Finetuning (IGF), that en-
ables the model to learn an importance-aware primitive
ranking and achieve controllable efficiency.

* We demonstrate state-of-the-art efficiency-controllable
NVS performance on dense-view benchmarks such as
RealEstate10K [61] and ACID [34]. By achieving an
optimal trade-off between primitive count and rendering
quality, EcoSplat significantly outperforms previous feed-
forward methods that lack fine-grained control over the
number of primitives.

2. Related Work

Optimization-based NVS. Since the introduction of Neu-
ral Radiance Fields (NeRF) [37], the research on novel view
synthesis (NVS) has made remarkable progress, with nu-
merous extensions [4, 5, 7, 10, 16, 17, 19, 22, 38, 55].
3D Gaussian Splatting (3DGS) [28] has emerged as an ex-
plicit scene representation approach that models a scene
using millions of anisotropic Gaussian primitives and em-
ploys differentiable rasterization to achieve photorealistic
novel views with real-time inference. Despite these advan-
tages, 3DGS relies on per-scene optimization of Gaussians
and cannot directly render novel views from input images
without retraining. Very recently, several post-optimization
techniques have been proposed to control the number of
Gaussian primitives [15, 20]. PUP 3D-GS [20] computes
a spatial sensitivity score to prune pretrained 3DGS mod-
els. LightGaussian [15] utilizes significance-based pruning,
SH coefficient distillation, and vector quantization to reduce
the 3DGS model size. However, similar to 3DGS [28], these
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Figure 2. Overview of EcoSplat. EcoSplat is trained in two stages: Pixel-aligned Gaussian Training (PGT) (Sec. 3.2) and Importance-
aware Gaussian Finetuning (IGF) (Sec. 3.3). During IGF, the combination of the importance-aware opacity loss Li, and the Progressive
Learning on Gaussian Compaction (PLGC) encourages EcoSplat to suppress the opacities of less important Gaussians. At inference, it

adaptively satisfies an arbitrary user-specified primitive count and

methods cannot operate in a feed-forward manner.

Feed-forward NVS. To enable generalizable NVS, early
methods learn generalizable neural radiance fields [9, 43,
56] or image-based rendering models [35, 41, 46], leverag-
ing data-driven priors via transformer-based architectures.
More recently, due to the superior rendering quality and ef-
ficiency of 3DGS, several feed-forward approaches [8, 11,
24,27,42,50, 53, 57] have been proposed to directly gener-
ate 3D Gaussians from input images. These methods predict
the parameters of a single 3D Gaussian per pixel in each in-
put image to represent the target scene. PixelSplat [8] and
Splatter Image [42] are pioneering works that predict 3D
Gaussians directly from image features. MVSplat [11] con-
structs a cost volume via plane sweeping to capture cross-
view feature correspondences, while DepthSplat [50] lever-
ages pre-trained monocular depth features [51] to achieve
more robust 3D Gaussian reconstructions. Several meth-
ods [21, 24, 27, 33, 53] have been studied for pose-free
feed-forward NVS. However, all of the aforementioned
feed-forward methods are constrained by their pixel-aligned
Gaussian representations, which inevitably introduce re-
dundant Gaussians, limiting their efficiency and scalability
for dense multi-view scenarios.

Efficient Feed-forward NVS. To address the inefficiency
of the above pixel-aligned feed-forward NVS methods, re-
cent studies [26, 36, 47, 59, 62] have proposed strategies
for Gaussian aggregation and pruning. AnySplat [26] and

produces the optimal Gaussians in a feed-forward manner (Sec. 3.4).

WorldMirror [36], built upon the VGGT [45] architecture,
cluster Gaussians into fixed-size voxels via differentiable
voxelization, but the voxel size is a sensitive hyperparam-
eter that strongly affects rendering quality. GGN [59] mod-
els the inter-view relationships among Gaussian groups us-
ing a graph-based approach and prunes redundant Gaus-
sians via pooling. However, this graph-based approach has
been shown to lack sufficient robustness, which hinders its
generalization across diverse scene geometries and dense
multi-view inputs. Zpressor [47] also resolves the bottle-
neck of inter-view relationships using key-frame clustering.
Long-LRM [62] utilizes a Mamba?2 [13]-based architecture
to compress long sequences of Gaussians through token
merging and opacity-based pruning. Despite of their ad-
vancements in efficient rendering, the aforementioned ap-
proaches provide neither explicit control over the desired
number of primitives nor a guaranteed, optimal trade-off be-
tween rendering fidelity and primitive count.

3. Proposed Method: EcoSplat
3.1. Overview of EcoSplat

Given N multi-view images {I;}¥, for a scene and a tar-
get number of Gaussians K, we aim to predict, in a feed-
forward manner, a set G = {G }2_, of 3D Gaussian prim-
itives [28] that maximizes the rendering quality. Our pro-
posed EcoSplat controls the per-view number of predicted
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3D Gaussian primitives by ranking and selecting the most
informative primitives in each view, ensuring that the set of
selected primitives meets the target primitive number K.

To accomplish this, we adopt a two-stage optimization
process: (i) The first stage is Pixel-aligned Gaussian Train-
ing (PGT) (Sec. 3.2) where we train our model to predict
pixel-aligned Gaussians, similar to prior works [8, 11]; (ii)
The second stage is Importance-aware Gaussian Finetun-
ing (IGF) (Sec. 3.3) where our model is further trained
to predict the Gaussian parameters (opacities, 3D covari-
ances, and colors) adaptively based on the target primi-
tive number K, enabling effective ranking and selection of
important Gaussians. Specifically, we inject K as a con-
ditioning signal into our model. Adaptive to K, EcoS-
plat suppresses the opacities of less important Gaussians in
the pixel-aligned set, allowing the most informative ones
to be retained. This process ensures the final output can
be obtained by directly preserving the Gaussian primitives
with the K -highest opacity scores, which are called ‘top-K
Gaussians’. For inference (Sec. 3.4), we describe our pro-
cedure, which satisfies the target primitive number K by al-
locating per-view Gaussian counts based on the importance
of each view to maximize the rendering quality.

3.2. Pixel-aligned Gaussian Training (PGT)

In the PGT stage, we train a pixel-aligned feed-forward
3DGS model whose architecture is built on the recent meth-
ods [24, 53]. Each view image I is tokenized into P tokens.
These tokens are then processed independently by a shared
ViT [14] encoder to produce encoded tokens. The encoded
tokens from all views are then fed jointly to a ViT decoder
composed of m decoder blocks. This decoder applies cross-
attention to aggregate multi-view information into a unified
scene representation. The output of the decoder for the i-th
view consists of multiple decoded tokens {Zi(é) 7., where
each Z\*) € RP*C_with C, denoting the per-token chan-
nel dimension, is extracted from the /-th decoder block.
These decoded tokens are fed into a Gaussian center head
F,, and a Gaussian parameter head F,,, which predict the 3D
centers and all remaining parameters of the pixel-aligned
Gaussians for the i-th view, respectively, as:

£ym
{mi 2 = Fa((Z7)),
£ym

{lai g3 Zigs i VY = F,({Z7V 0, o(I),
where p; ;, oy, 3; 5, and ¢; ; represent the 3D center,
opacity, 3D covariance, and color, respectively, of the 3D
Gaussian G; ; corresponding to the j-th pixel in the ¢-th
view. 1 (I;) denotes a feature map extracted from the input
image I; via a shallow CNN layer v that acts as a low-level
feature encoder. Using the predicted pixel-aligned Gaus-
sians, derived from all N input images, we render a target

novel view image I'¢ via rasterization with its correspond-
ing camera. To train our model, we compute the rendering

(D

loss as the sum of the MSE and LPIPS [58] losses, averaged
across all N'¢" target novel views as:

N R R
Lrender = 5 3 Lase(LF, IE) +0.05 - Lopps (I, IF). (2)
p=1

3.3. Importance-aware Gaussian Finetuning (IGF)

Our EcoSplat mitigates the redundancy of pixel-aligned
prediction, where the total number of generated primitives
grows linearly with both the number of input views and the
image resolution, leading to inefficient rendering. In the
IGF stage, we aim to make our model aware of the tar-
get primitive number K, enabling it to adaptively predict
the parameters of the pixel-aligned 3D Gaussians. For this,
we finetune the Gaussian parameter head F), to adaptively
suppress the opacities {a; ;} of less important primitives,
while simultaneously optimizing {3; ;} and {c¢; ; } to max-
imize rendering quality. We inject a learnable importance
embedding R; € RHEXWXC which is derived from the tar-
get primitive number K, into the intermediate feature of F},.
Then, F, predicts the adjusted per-view pixel-aligned 3D
Gaussian parameters as:

({60 S eV = F,({Z) e o(L), Ry), (3)

where (-) denotes the adjusted Gaussian parameters. To pre-
dict R;, we compute the preservation ratio p; from K as
pi = ﬁ and broadcast p; to an H x W tensor, and feed
it into a shallow CNN layer. Note that p; is set to a uniform
value for all N views during training, while it is computed
individually for each view during inference to maximize the
rendering quality (Sec. 3.4). In the IGF stage, the ViT en-
coders/decoders and the Gaussian center head F), are kept
frozen as shown in Fig. 2.

Importance Mask Generation. To adaptively finetune F,
with respect to K, we aim to generate a pseudo ground truth
(pseudo-GT) 2D importance mask €2; for each view. This
€; can be inferred from the set G$* of important 3D Gaus-
sians that should be retained. The importance mask genera-
tion process is divided into three steps, as follows:

1) Binary Variation Map Generation: First, we compute a
variation map g; € R¥*W for I, that captures both photo-
metric and geometric complexities at each pixel. The pho-
tometric variation map gphow,i € R "W is computed as the
gradient magnitude of I;:

Gphoto,i = \/HszZH% + ||vyIlH%’ “)

where || - ||2 denotes the L2-norm. To compute the geomet-
ric variation map geeo,i € RAXW “we obtain a depth map
from the predicted means {p; ; jH:”{ of the pixel-aligned
3D Gaussians and compute its corresponding normal map
n;. Then, ggeo ; is computed from 72; as:

Geeos = /IIVamill3 + [V mal 3 5)
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The final variation map g; is the average of the two variation
maps, g; = (Gphoto,i + Geco,i) /2. We then binarize g;, where
g;,; s the variation value at the j-th pixel location, to obtain
a binary variation map g, as:

' 1, lfg77 > €,
9i; =

where ¢ =Q,. ({g:;}"), (6
0, otherwise, @ = Qnllgishi=1), (6

where @, (+) denotes the p;-th quantile. Here, g ; = 1
indicates high-variation pixels and O othewise.

2) Important Gaussians Collection: Using the obtained bi-
nary variation map g/, we select the set G52 of important
3D Gaussians. We partition the predicted pixel-aligned 3D
Gaussians from I, using g/ into two sets of 3D Gaussians:

g?igh = {Gi,j | g;,j = 1}7 giow = {Gi,j | 927]- = 0}4 @)

Intuitively, high-variation pixels should be represented by
individual primitives to preserve fine reconstruction details.
Therefore, we fully include GI"€" within the set of important
3D Gaussians G, as G§* D g;“gh. Next, we reduce the re-
dundancy in the low-variation set G/ by merging its Gaus-
sians using single-step K-means clustering. We first parti-
tion the input image I; into non-overlapping 4 x 4 patches.
Within the low-variation set Q%"W, we designate the Gaus-
sian associated with the first (top-left) pixel of each patch
as a key Gaussian. The centers of these key Gaussians serve
as cluster centroids. We then run single-step K-means clus-
tering over Q%OW to compute the final compact set G;. This
procedure reduces redundancy while preserving local struc-
ture, yielding a smaller, faithful set of Gaussians for subse-
quent processing. The final set G{* is computed as:

Gaghityge (®)

3) Important Gaussians Projection: The per-view impor-
tance mask (2; is generated by projecting the 3D centers of
all Gaussians in g? onto the ¢-th image plane. This results
in a binary mask where pixels intersected by any projected
center are set to 1, and all other pixels are set to 0.

Loss Function. The model needs to learn suppressing
the opacity of less important Gaussians while retaining
those of more important Gaussians. For this, we intro-
duce an importance-aware opacity loss £, that encourages
{a; ;i to match the importance mask €; using a binary
cross-entropy (BCE) loss as:

1 N HW
£i0 = /\io . m Z Z ‘CBCE(Qi,j7 di,j)- (9)

i=1 j=1

Finally, unlike the PGT stage, we only use the top-K Gaus-
sians to render a target novel view image I'®" via rasteriza-
tion. The rendering loss is then computed as:

e

Licrender = o 30 Lwse (L ) + 0.05 - Lopes (I, IE). (10)
p=1

The total loss is computed as £ = Lio + L i render- Based on
this total loss, our model is trained to predict an optimal set
of primitives that maximizes rendering quality while adher-
ing to the target primitive number K.

Progressive Learning on Gaussian Compaction (PLGC).
It is important to stably train our model such that it can
be robust to meet a wide range of target primitive num-
bers K. A naive approach for this is to randomly select
K values over the entire training process. However, we
found that this can lead to unstable training. To mitigate
this, we propose a progressive learning strategy that ex-
pands the sampling range of K depending on the current
training iteration. Specifically, we define the sampling in-
terval as [Kmin, Kmax|, Where the upper bound is fixed to
Kipax = 095 - NHW. Ky, is gradually annealed from
0.85- NHW down to 0.05 - NHW according to:

Kumin = max (0.85 — Ageeay [t/ 5], 0.05) - NHW, (11)

where t denotes the current iteration, S is the decay in-
terval, and Agecay is the decay rate. At each iteration, K
is randomly sampled from the interval [Kpin, Kmax]. This
sampling strategy allows the model to gradually adapt to
more aggressive pruning, ensuring both stability and effec-
tiveness across a wide range of target primitive numbers.

3.4. Inference

During inference, to predict the target KX Gaussians, we
allocate different numbers of primitives to each view, as
some views contain more informative Gaussians than oth-
ers. As the images with large portions of complex details
tend to contain more informative primitives for scene de-
tails, more primitives are necessitated for such images. In
this regard, we incorporate a view importance factor x; as
the proportion of high-frequency components to indicate the
amount of scene details in the 2-th view. Thus, the view-
specific preservation ratio p; can be adaptively determined
based on the view importance factor «; as p; = k;p, where
p = % This adaptive allocation allows our EcoSplat
to focus resources on the views that are more critical for
reconstruction quality, while reducing redundancy in less
informative views. Following MoBGS [6], we quantify the
high-frequency components of each image I; by defining a
high-frequency score 7; as the ratio of spectral magnitude
in the high-frequency region to the total spectral magnitude
of the i-th image. We apply a 2D Discrete Fourier Trans-
form (DFT) to I; and shift the resulting spectrum to cen-
ter the low-frequency components, yielding the shifted DFT
F(I;). The high-frequency score 7; is then computed as:

' S Ei(€)
where £ = (w,, w,) denotes a 2D frequency index vector
with horizontal and vertical frequencies of w, and w,, and

where E; = |F(L;)|, (12)
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Methods 5% Gaussians 10% Gaussians 40% Gaussians 70% Gaussians
PSNRT SSIMt LPIPS| | PSNRT SSIMf LPIPS| | PSNRT SSIMT LPIPS] | PSNRT SSIM{ LPIPS|
GGN [59] N/A N/A N/A N/A N/A N/A 15.86 0.580 0.408 15.71 0.577 0.408
AnySplat [26] 8.08 0.229 0.593 10.37 0.363 0.513 19.66 0.677 0.248 21.85 0.723 0.177
WorldMirror [36] 8.09 0.220 0.632 10.20 0.349 0.552 19.66 0.692 0.277 22.11  0.744 0.196
MVSplat [11]+ [15] 5.82 0.053 0.717 6.41 0.085 0.696 8.71 0.224 0.598 9.26 0.245 0.581
MVSplat [11] + [20] 5.86 0.051 0.699 6.66 0.096 0.678 9.00 0.232 0.590 9.26 0.245 0.580
SPFESplat [24] + [15] 7.44 0.231 0.624 8.23 0.280 0.584 11.77 0.514 0.410 15.32 0.671 0.280
SPFSplat [24] + [20] 6.48 0.167 0.589 7.61 0.256 0.536 12.01 0.522 0.378 16.72 0.697 0.257
EcoSplat (Ours) ‘ 24.72 0.822 0.183 ‘ 25.00 0.831 0.171 ‘ 25.11 0.835 0.164 ‘ 25.00 0.832 0.166

Table 1. Quantitative comparison of NVS under controlled numbers of primitives on the RE10K dataset [61] with 24 input views.
Red and Blue indicate the best and second-best performances, respectively. ‘N/A’ denotes that GGN [59] cannot achieve configurations
with primitive counts below 15% of the total number of pixel-aligned Gaussians due to its limited control over the primitive count.

70% Gaussians 40% Gaussians

e R

SPFSplat
+PUP 3D-GS

AnySplat

WorldMirror

10% Gaussians

5% Gaussians Ground Truth

Figure 3. Visual comparison of NVS under controlled numbers of primitives on the RE10K dataset [61] with 24 input views.

A is the centered square region of side length s that captures
the low-frequency portion of F(I;). Then, we compute the
view-wise importance factor as:

ki =N - Uy, 13)

where \I/z = =N -
Eq—l enq/T

With temperature 7', this softmax formulation amplifies dif-
ferences among the high-frequency scores 7; across views.
We then set p; = k; p, thereby ensuring that the average
preservation ratio over all input images is equal to p.

4. Experiments

Implementation Details. All details regarding our imple-
mentation are provided in the Supplementary.

Datasets. We train our EcoSplat model on the large-
scale RealEstate10K (RE10K) dataset [61], which contains
over 10 million frames collected from approximately 10K
YouTube real estate videos. To assess our model’s ren-
dering quality, we use the RE10K test split and the ACID

dataset [34] for in-domain and cross-domain generalization,
respectively. The ACID dataset [34] consists of thousands
of aerial drone YouTube videos depicting diverse coastal
and natural scenes. Following prior works [11], we train
and evaluate the models on 256 x 256 images.

Evaluation Protocol. We follow the evaluation protocol
of NoPoSplat [53]. To evaluate model performance with
a large number of input views, we first select challenging
sequences from NoPoSplat characterized by large spatial
gaps (0.05%-0.3% image overlap). We then densify these
sparse sequences by randomly sampling intermediate views
to meet our desired numbers of input views (e.g., 16, 20,
24 views). Following prior works [24, 26, 50, 53, 59],
we quantitatively evaluate NVS quality using Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index Mea-
sure (SSIM), and Learned Perceptual Image Patch Similar-
ity (LPIPS) [58]. The final number of Gaussians is also
reported as an additional metric to highlight EcoSplat’s ro-
bustness when rendering for various numbers of primitives.
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Methods 16 Views 20 Views 24 Views

PSNRT SSIMtT LPIPS| #GS] | PSNRT SSIMt LPIPS| #GSJ| | PSNRT SSIMt LPIPS| #GS|
MVSplat [11] 14.88 0.463 0.435 1048K | 14.87 0.462 0.437 1310K | 14.86 0.461 0440 1573K
DepthSplat [50] 20.05 0.752 0.258 1048K | 19.53 0.733 0.274  1310K | 19.18 0.718 0.286  1573K
NoPoSplat [53] 20.78 0.746 0.248 1048K | 20.74 0.745 0.250  1310K | 20.70 0.743 0.252  1573K
SPFESplat [24] 25.09 0.841 0.141 1048K | 24.97 0.838 0.142  1310K | 24.74 0.832 0.145 1573K
GGN [59] 15.82 0.578 0.409 425K 15.81 0.578 0.408 472K 15.80 0.578 0.408 512K
AnySplat [26] 21.73 0.720 0.177 887K 21.88 0.725 0.173 1078K | 21.90 0.724 0.173 1259K
WorldMirror [36] | 21.96 0.737 0.197 T46K 22.07 0.741 0.195 891K 22.16 0.745 0.193 1020K
Ourssg; 24.77 0.823 0.182 52K 24.78 0.825 0.181 65K 24.72 0.822 0.183 78K
Oursy 25.27 0.839 0.161 419K 25.21 0.837 0.162 524K 25.11 0.835 0.164 629K

Table 2. Quantitative comparison of NVS on the RE10K dataset [61] under various input-view settings. We evaluate all models with
16, 20, and 24 input views. ‘Ourssy,’ and ‘Ours,gy,” refer to our EcoSplat model constrained to 5% and 40% of the total pixel-aligned
Gaussians, respectively. We provide the inference FPS for all baselines in the Supplementary.

Methods | PSNRT  SSIMt LPIPS| #GS|
MVSplat [11] 1809 0500 0379 1573K
DepthSplat [50] 1978  0.688 0289 1573K
NoPoSplat [53] 2225 0666 0288 1573K
SPFSplat [24] 2440 0720 0222 1573K
GGN [59] 1806 0553 0389 475K
AnySplat [26] 2196 0619 0258  1230K
WorldMirror [36] | 22.34  0.658 0273 1141K
Ours;o, 2387 0689 0282 78K
Oursou 2402  0.696 0256 629K

Table 3. Cross-dataset generalization with 24 input views. We
train all methods on the RE10K dataset [61] and evaluate their
zero-shot performance on the ACID dataset [34]. We provide re-
sults for 16 and 20 views in the Supplementary.

4.1. Comparison with State-of-the-Art Methods

NVS under Controlled Number of Primitives. Table |
and Fig. 3 present quantitative and qualitative comparisons
of feed-forward 3DGS models under varying target 3D
Gaussian counts, which are set to 5%, 10%, 40%, and 70%
of the total pixel-aligned primitives (N HW). For this com-
parison, we use the RE10K dataset with 24 input views.
We compare our EcoSplat with representative efficient feed-
forward 3DGS methods, such as GGN [59], AnySplat [26],
and WorldMirror [36]. Since these methods lack explicit
control over the primitive counts at inference, we tune their
relevant hyperparameters to indirectly control the primi-
tive counts, such as similarity thresholds for GGN [59] and
voxel sizes for AnySplat [26] and WorldMirror [36]. Fur-
thermore, we compare our EcoSplat against the cascades of
the SOTA pixel-aligned feed-forward 3DGS methods (SPF-
Splat [24] and MVSplat [11]) and the post-pruning meth-
ods [15, 20]. To preserve the feed-forward setting, we ap-
ply only the pruning step from [15, 20] to the pixel-aligned
Gaussians predicted by SPFSplat [24] and MVSplat [11],
with no additional optimization. As shown in Table I, ex-
isting methods experience substantial degradation as the
number of allowed primitives decreases. Due to its limited

algorithmic design, GGN [59] cannot reduce its primitive
counts below a certain minimum threshold. Voxel-based
approaches, such as AnySplat [26] and WorldMirror [36],
suffer from rendering artifacts at moderate pruning levels
(e.g., 40%) and fail completely under aggressive pruning
(e.g., 5%, 10%), as illustrated in Fig. 3. Although Light-
Gaussian [15] and PUP 3D-GS [20] perform reasonably
well for zero-shot pruning on optimized, per-scene 3DGS,
they break down on feed-forward, pixel-aligned primitives.
In these per-pixel representations, each Gaussian is tied to a
single pixel, so pruning any primitive directly creates miss-
ing regions (Fig. 3). In contrast, EcoSplat maintains high
rendering fidelity over a wide range of primitive counts,
with only marginal degradation even under aggressive re-
duction of primitives. These results highlight EcoSplat’s
robustness of explicit primitive-count control.

NVS under Various Multi-view Settings. Table 2 shows
the NVS performance comparison of our EcoSplat against
recent SOTA feed-forward 3DGS methods [24, 26, 50, 53,
59, 62] across varying numbers of input views. For this
comparison, we explicitly constrain our EcoSplat to ex-
tremely compact (5%) and moderate (40%) primitive ra-
tios. As shown in Table 2, EcoSplat consistently achieves
high rendering qualities across all input-view configurations
while using substantially fewer Gaussian primitives. More-
over, even with a primitive budget ~7x smaller than the
most compact baseline, GGN [59], EcoSplat still achieves
a +9 dB gain in PSNR and an LPIPS score that is over
2x lower. Compared to other efficient baselines [26, 36],
EcoSplat delivers 2.5-3.5 dB higher PSNR while requiring
over 10 x fewer primitives. These results demonstrate that
EcoSplat combines superior rendering quality with explicit
control over the primitive counts.

Cross-Dataset Generalization NVS. Table 3 shows the
cross-dataset generalization performance of EcoSplat under
multi-view settings, compared against recent SOTA feed-
forward 3DGS methods [24, 26, 36, 50, 53, 59]. For this
comparison, we use the REI0K dataset [61] for training
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5% Gaussians 40% Gaussians
PSNRT SSIM?T LPIPS| |PSNRT SSIM?T LPIPS]

w/oPGT | 2293 0.778 0.221 | 23.70 0.806 0.184
w/o IGF 6.45 0.107 0.651 | 14.02 0.586 0.341
wilo Lio 20.58 0.724 0.289 | 23.81 0.815 0.167
w/o PLGC| 21.49 0.725 0.280 | 23.84 0.799 0.193
Ours 2472 0.822 0.183 | 25.11 0.835 0.164

Variants

Table 4. Ablation study on RE10K [61] with 24 input views.

and the ACID dataset [34] for evaluation. EcoSplat con-
sistently outperforms existing efficient feed-forward models
and most of the pixel-aligned 3DGS methods except SPFS-
plat [24] in this setting. Note that EcoSplat underperforms
SPFSplat with 0.38dB lower in PSNR, but uses substan-
tially fewer primitives (only 40%).

4.2. Ablation Study

Training Strategy. We validate our two-stage training
strategy by ablating each stage, removing PGT and IGF to
obtain the variants ‘w/o PGT’ and ‘w/o IGF’, respectively,
as shown in Table 4 and Fig. 4. Under a low primitive ratio
(5%), ‘w/o IGF’ results in a drastic PSNR drop of over 18
dB and behaves similarly to the pixel-aligned feed-forward
methods [11, 24] in Table 1. Likewise, ‘w/o PGT’ results in
a 1.5 dB PSNR drop and visible rendering artifacts (Fig. 4),
indicating the effectiveness of PGT.

IGF Components. We vaildate the core components of
the IGF stage, L;, and the PLGC strategy in Table 4 and
Fig. 4. Without L;, (‘W/o Li,’), our model improperly allo-
cates top- K Gaussians relative to scene complexity, leading
to under-reconstructed geometry and incomplete structural
details (Fig. 4). This results in significant degradation in
both structural (PSNR, SSIM) and perceptual (LPIPS) met-
rics, especially under aggressive pruning (5%). Similarly,
without the PLGC strategy (‘w/o PLGC’), our model re-
sults in unstable optimization and fails to effectively adjust
Gaussian parameters, leading to distorted outputs (Fig. 4).

Importance-Aware Opacity. In Fig. 5, we visualize the
opacity distributions predicted by EcoSplat for varying tar-
get primitive counts K on a given scene. When K is large
(‘70% Gaussians’, orange), the model retains a substan-
tial proportion of high-opacity primitives that capture fine
geometric and appearance details. In contrast, when K
is reduced to 5% (blue), EcoSplat effectively suppresses
the opacities of low-importance primitives, pushing most
of them toward the low-opacity region. Only a compact,
highly informative subset maintains high opacity, corre-
sponding to the most structurally and photometrically crit-
ical elements of the scene. This behavior illustrates that
EcoSplat learns a robust importance ranking and dynami-
cally adjusts Gaussian visibility according to the target K.

w/o PGT
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Figure 4. Visual results of ablation study: (a) the PGT stage; (b)
the importance-aware opacity loss; and (c) the PLGC strategy.
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Figure 5. Opacity distributions of pixel-aligned Gaussians
across target primitive counts K. The blue and orange curves
show the distributions when the target primitive count is set to 5%
and 70% of the total number of pixel-aligned Gaussians, respec-
tively. EcoSplat adaptively predicts Gaussian opacities based on
the primitive budget and selects the top-K Gaussians.

5. Conclusion

We present EcoSplat, the first feed-forward 3D Gaussian
Splatting framework with explicit control over the num-
ber of output Gaussian primitives from multi-view im-
ages. EcoSplat enables flexible rendering on a wide range
of end-user devices while maintaining high rendering qual-
ity. We validate the effectiveness of EcoSplat across exten-
sive input-view settings and under various numbers of tar-
get primitives. Our experiments demonstrate that EcoSplat
significantly outperforms SOTA methods using fewer prim-
itives, and provides the freedom to dynamically control the
primitive counts, offering an optimal trade-off between ef-
ficiency and rendering fidelity.
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