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Abstract. We present MVSGaussian, a new generalizable 3D Gaussian
representation approach derived from Multi-View Stereo (MVS) that can
efficiently reconstruct unseen scenes. Specifically, 1) we leverage MVS to
encode geometry-aware Gaussian representations and decode them into
Gaussian parameters. 2) To further enhance performance, we propose a
hybrid Gaussian rendering that integrates an efficient volume rendering
design for novel view synthesis. 3) To support fast fine-tuning for spe-
cific scenes, we introduce a multi-view geometric consistent aggregation
strategy to effectively aggregate the point clouds generated by the gen-
eralizable model, serving as the initialization for per-scene optimization.
Compared with previous generalizable NeRF-based methods, which typ-
ically require minutes of fine-tuning and seconds of rendering per image,
MVSGaussian achieves real-time rendering with better synthesis qual-
ity for each scene. Compared with the vanilla 3D-GS, MVSGaussian
achieves better view synthesis with less training computational cost. Ex-
tensive experiments on DTU, Real Forward-facing, NeRF Synthetic, and
Tanks and Temples datasets validate that MVSGaussian attains state-of-
the-art performance with convincing generalizability, real-time rendering
speed, and fast per-scene optimization.

Keywords: Generalizable Gaussian Splatting · Multi-View Stereo · Neu-
ral Radiance Field · Novel View Synthesis

1 Introduction

Novel view synthesis (NVS) aims to produce realistic images at novel viewpoints
from a set of source images. By encoding scenes into implicit radiance fields,
NeRF [29] has achieved remarkable success. However, this implicit representation
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Fig. 1: Comparison with existing methods. (a) We present the generalizable re-
sults on the Real Forward-facing dataset [28]. Compared with other competitors, our
method achieves better performance at a faster inference speed. (b) The results after
per-scene optimization, where circle size represents optimization time. Our method
achieves optimal performance in just 45 seconds. (c) We illustrate a scene (“room”),
showcasing the (PSNR/optimization time) of synthesized views, with "-" indicating
results from direct inference using the generalizable model.

is time-consuming due to the necessity of querying dense points for rendering.
Recently, 3D Gaussian Splatting (3D-GS) [19] utilizes anisotropic 3D Gaussians
to explicitly represent scenes, achieving real-time and high-quality rendering
through a differentiable tile-based rasterizer. However, 3D-GS relies on per-scene
optimization for several minutes, which limits its applications.

To remedy this issue, some initial attempts have been made to generalize
Gaussian Splatting to unseen scenes. Generalizable Gaussian Splatting meth-
ods directly regress Gaussian parameters in a feed-forward manner instead of
per-scene optimization. The general paradigm involves encoding features for 3D
points in a scene-agnostic manner, followed by decoding these features to obtain
Gaussian parameters. PixelSplat [4] leverages an epipolar Transformer [37] to
address scale ambiguity and encode features. However, it focuses on image pairs
as input, and the introduction of Transformers results in significant computa-
tional overhead. GPS-Gaussian [56] draws inspiration from stereo matching by
first performing epipolar rectification on input image pairs, followed by dispar-
ity estimation and feature encoding. However, it focuses on human novel view
synthesis and requires ground-truth depth maps. Splatter Image [35] introduces
a single-view reconstruction approach based on Gaussian Splatting but focuses
on object-centric reconstruction rather than generalizing to unseen scenes.

Due to the inefficiency of existing methods and their limitation to object-
centric reconstruction, in this paper, we aim to develop an efficient generaliz-
able Gaussian Splatting framework for novel view synthesis in unseen general
scenes, which faces several critical challenges: First , unlike NeRFs that use an
implicit representation, 3D-GS is a parameterized explicit representation that
uses millions of 3D Gaussians to overfit a scene. When applying the pre-trained
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3D-GS to an unseen scene, the parameters of 3D Gaussians, such as locations
and colors, are significantly different. It is a non-trivial problem to design a
generalizable representation to tailor 3D-GS. Second , previous generalizable
NeRFs [6, 9, 22, 40, 54] have achieved impressive view synthesis results through
volume rendering. However, the generalization capability of splatting remains un-
explored. During splatting, each Gaussian contributes to multiple pixels within a
certain region in the image, and each pixel’s color is determined by the accumu-
lated contributions from multiple Gaussians. The color correspondence between
Gaussians and pixels is a more complex many-to-many mapping, which poses a
challenge for model generalization. Third , generalizable NeRFs show that fur-
ther fine-tuning for specific scenes can greatly improve the synthesized image
quality but requires lengthy optimization. Although 3D-GS is faster than NeRF,
it still remains time-consuming. Designing a fast optimization approach based
on the generalizable 3D-GS model is promising.

We address these challenges point by point. First , we propose leveraging
MVS for geometry reasoning and encoding features for 3D points to establish
pixel-aligned Gaussian representations. The point-wise features are aggregated
from multi-view features, and the spatial awareness is enhanced through a 2D
UNet, as each Gaussian contributes to multiple pixels. Second , with the en-
coded point-wise features, we can decode them into Gaussian parameters through
an MLP. Rather than solely relying on splatting, we propose adding a simple
yet effective depth-aware volume rendering approach to enhance generalization.
Third , with the trained generalizable model, lots of 3D Gaussians can be gen-
erated from multiple views. These Gaussian point clouds can serve as an ini-
tialization for subsequent per-scene optimization. However, the generated 3D
Gaussians from the generalizable model are not perfect. Directly concatenating
such a large number of Gaussians as initialization for per-scene optimization
leads to unexpected computational costs because these Gaussians further split
and clone during optimization. One approach is to downsample the point cloud,
such as voxel downsampling, which can reduce noise but also result in the loss
of effective information. Therefore, we introduce a strategy to aggregate point
clouds by preserving multi-view geometric consistency. Specifically, we filter out
noisy points by computing the reprojection error of the depth of Gaussians from
different viewpoints. This strategy can filter out noisy points while preserving
effective ones, providing a high-quality initialization for subsequent optimization.

To summarize, we present a new fast generalizable Gaussian Splatting method.
We evaluate our method on the widely-used DTU [1], Real Forward-facing [28],
NeRF Synthetic [29], and Tanks and Temples [21] datasets. Extensive experi-
ments show that our generalizable method outperforms other generalizable meth-
ods. After a short period of per-scene optimization, our method achieves perfor-
mance comparable to or even better than other methods with longer optimization
times, as shown in Fig. 1. On a single RTX 3090 GPU, compared with the vanilla
3D-GS, our proposed method achieves better novel view synthesis with similar
rendering speed (300+ FPS) and 13:3× less training computational cost (45s).
Our main contributions can be summarized as follows:
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� We present MVSGaussian, a generalizable Gaussian Splatting method de-
rived from Multi-View Stereo and a pixel-aligned Gaussian representation.

� We further propose an e�cient hybrid Gaussian rendering approach to boost
generalization learning.

� We introduce a consistent aggregation strategy to provide high-quality ini-
tialization for fast per-scene optimization.

2 Related Work

Multi-View Stereo (MVS) aims to reconstruct a dense 3D representation
from multiple views. Traditional MVS methods [12, 13, 33, 34] rely on hand-
crafted features and similarity metrics, which limits their performance. With
the advancement of deep learning in 3D perception, MVSNet [51] �rst proposes
an end-to-end pipeline, with the key idea being the construction of a cost volume
to aggregate 2D information into a 3D geometry-aware representation. Subse-
quent works follow this cost volume-based pipeline and make improvements from
various aspects,e.g. reducing memory consumption with recurrent plane sweep-
ing [47, 52] or coarse-to-�ne architectures [10, 14, 49], optimizing cost aggrega-
tion [41,43], enhancing feature representations [11,25], and improving decoding
strategy [31, 53]. As the cost volume encodes the consistency of multi-view fea-
tures and naturally performs correspondence matching, in this paper, we develop
a new generalizable Gaussian Spatting representation derived from MVS.
Generalizable NeRF. By implicitly representing scenes as continuous color
and density �elds using MLPs, Neural Radiance Fields (NeRF) achieve impres-
sive rendering results with volume rendering techniques. Follow-up works [2, 5,
17,18,30,38,39,45,46] extend it to various tasks and achieve promising results.
However, they all require time-consuming per-scene optimization. To address
this issue, some generalizable NeRFs have been proposed. The general paradigm
involves encoding features for each 3D point and then decoding these features to
obtain volume density and radiance. According to the encoded features, general-
izable NeRFs can be categorized into appearance features [54], aggregated multi-
view features [22, 24, 36, 40], cost volume-based features [6, 22, 24, 26], and cor-
respondence matching features [9]. Despite considerable progress, performance
remains limited, with slow optimization and rendering speeds.
3D Gaussian Splatting (3D-GS) utilizes anisotropic Gaussians to explicitly
represent scenes and achieves real-time rendering through di�erentiable raster-
ization. Motivated by this, several studies have applied it to various tasks,e.g.
editing [3,8], dynamic scenes [27,44,50], avatars [15,16,32] and others [7]. How-
ever, the essence of Gaussian Splatting still lies in over�tting the scene. To
remedy this, a few concurrent works make initial attempts to generalize Gaus-
sian Splatting to unseen scenes. The goal of Generalizable Gaussian Splatting is
to predict Gaussian parameters in a feed-forward manner instead of per-scene
optimization. PixelSplat [4] addresses scale ambiguity by leveraging an epipolar
Transformer to encode features and subsequently decode them into Gaussian pa-
rameters. However, it focuses on image pairs as input and the Transformer incurs
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signi�cant computational costs. GPS-Gaussian [56] draws inspiration from stereo
matching and performs epipolar recti�cation and disparity estimation on input
image pairs. However, it focuses on human novel view synthesis and requires
ground-truth depth maps. Spatter Image [35] introduces a single-view 3D recon-
struction approach. However, it focuses on object-centric reconstruction rather
than generalizing to unseen scenes. Overall, these methods are constrained by
ine�ciency, limited to object reconstruction, and restricted to either image pairs
or a single view. To this end, in this paper, we aim to study an e�cient gener-
alizable Gaussian Splatting for novel view synthesis in unseen general scenes.

3 Preliminary

3D Gaussian Splatting represents a 3D scene as a mixture of anisotropic 3D
Gaussians, each of which is de�ned with a 3D covariance matrix� and mean� :

G(X ) = e� 1
2 (X � � )T � � 1 (X � � ) : (1)

The covariance matrix � holds physical meaning only when it is positive semi-
de�nite. Therefore, for e�ective optimization through gradient descent, � is
decomposed into a scaling matrixS and a rotation matrix R, as � = RSST RT .
To splat Gaussians from 3D space to a 2D plane, the view transformationW and
the Jacobian matrix J representing the a�ne approximation of the projective
transformation are utilized to obtain the covariance matrix � 0 in 2D space, as
� 0 = JW�W T J T . Subsequently, a point-based alpha-blend rendering can be
performed to obtain the color of each pixel:

C =
X

i

ci � i

i � 1Y

j =1

(1 � � i ) ; (2)

where ci is the color of each point, de�ned by spherical harmonics (SH) coe�-
cients. The density � i is computed by the multiplication of 2D Gaussians and
a learnable point-wise opacity. During optimization, the learnable attributes of
each Gaussian are updated through gradient descent, including 1) a 3D position
� 2 R3, 2) a scaling vector s 2 R3

+ , 3) a quaternion rotation vector r 2 R4,
4) a color de�ned by SH c 2 Rk (where k is the freedom), and 5) an opacity
� 2 [0; 1]. Additionally, an adaptive density control module is introduced to
improve rendering quality, comprising mainly the following three operations: 1)
split into smaller Gaussians if the magnitude of the scaling exceeds a threshold,
2) clone if the magnitude of the scaling is smaller than a threshold, and 3) prune
Gaussians with excessively small opacity or overly large scaling magnitudes.

4 MVSGaussian

4.1 Overview

Given a set of source viewsf I i gN
i =1 , NVS aims to synthesize a target view from a

novel camera pose. The overview of our proposed generalizable Gaussian Splat-
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Fig. 2: Overview of MVSGaussian. We �rst extract features f f i gN
i =1 from input

source viewsf I i gN
i =1 using FPN. These features are then aggregated into a cost volume,

regularized by 3D CNNs to produce depth. Subsequently, for each 3D point at the esti-
mated depth, we use a pooling network to aggregate warped source features, obtaining
the aggregated feature f v . This feature is then enhanced using a 2D UNet, yielding the
enhanced feature f g . f g is decoded into Gaussian parameters for splatting, while f v is
decoded into volume density and radiance for depth-aware volume rendering. Finally,
the two rendered images are averaged to produce the �nal rendered result.

ting framework is depicted in Fig. 2. We �rst utilize a Feature Pyramid Network
(FPN) [23] to extract multi-scale features from source views. These features
are then warped onto the target camera frustum to construct a cost volume
via di�erentiable homography, followed by 3D CNNs for regularization to pro-
duce the depth map. Based on the obtained depth map, we encode features for
each pixel-aligned 3D point by aggregating multi-view and spatial information.
The encoded features can be then decoded for rendering. However, Gaussian
Splatting is a region-based explicit representation and is designed for tile-based
rendering, involves a complex many-to-many mapping between Gaussians and
pixels, posing challenges for generalizable learning. To address this, we propose
an e�cient hybrid rendering by integrating a simple depth-aware volume render-
ing module, where only one point is sampled per ray. We render two views using
Gaussian Splatting and volume rendering, then average these two rendered views
into the �nal view. This pipeline is further constructed in a cascade structure,
propagating the depth map and rendered view in a coarse-to-�ne manner.

4.2 MVS-based Gaussian Splatting Representation

Depth Estimation from MVS. The depth map is a crucial component of our
pipeline, as it bridges 2D images and 3D scene representation. Following learning-
based MVS methods [51], we �rst establish multiple fronto-parallel planes at the
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