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ABSTRACT

3D Gaussian Splatting (3DGS) has achieved excellent rendering quality with fast
training and rendering speed. However, its optimization process lacks explicit
geometric constraints, leading to suboptimal geometric reconstruction in regions
with sparse or no observational input views. In this work, we try to mitigate
the issue by incorporating a pre-trained matching prior to the 3DGS optimization
process. We introduce Flow Distillation Sampling (FDS), a technique that leverages
pre-trained geometric knowledge to bolster the accuracy of the Gaussian radiance
field. Our method employs a strategic sampling technique to target unobserved
views adjacent to the input views, utilizing the optical flow calculated from the
matching model (Prior Flow) to guide the flow analytically calculated from the
3DGS geometry (Radiance Flow). Comprehensive experiments in depth rendering,
mesh reconstruction, and novel view synthesis showcase the significant advantages
of FDS over state-of-the-art methods. Additionally, our interpretive experiments
and analysis aim to shed light on the effects of FDS on geometric accuracy and
rendering quality, potentially providing readers with insights into its performance.
Project page: https://nju-3dv.github.io/projects/fds .

1 INTRODUCTION

3D Gaussian Splatting (3DGS) (Kerbl et al., 2023) has been widely applied to the field of 3D
reconstruction and rendering, including novel view synthesis of static scenes (Kerbl et al., 2023; Yu
et al., 2024a), mesh surface reconstruction (Guédon and Lepetit, 2024; Yu et al., 2024b), inverse
rendering (Liang et al., 2024; Gao et al., 2023), object detection (Cao et al., 2024), and dynamic
3D reconstruction (Wu et al., 2024; Lin et al., 2024), However, in scenarios with less-observed
areas, such as indoor scenes and unbounded scenes, radiance field optimization often suffers from
overfitting to these limited input views (Li et al., 2024), resulting in unreliable and corrupted geometry
reconstruction.

To mitigate the issue, recent research efforts (Li et al., 2024; Paliwal et al., 2024; Turkulainen
et al., 2025) have focused on incorporating geometric priors from input views into the training
process, thereby regulating the optimization of radiance field represented by 3D Gaussian points. For
instance, DN-Splatter (Turkulainen et al., 2025) integrates sensor depth and normal cues into the
reconstruction process. However, sensor depth acquisition is costly, and the depth prior information
from pre-trained monocular deep models inevitably suffer from the scale ambiguity (Liu et al., 2023b).
While the normal prior provides even better geometric details, the scale ambiguity still exists due to
its monocular nature.

In contrast to monocular priors, pairwise matching priors can provide absolute scale information
of the scene. In this paper, we introduce Flow Distillation Sampling (FDS), an online method for
distilling matching prior from a pre-trained optical flow model into the 3DGS training process. FDS
aims to enhance the geometry quality of Gaussian radiance field by leveraging the matching prior
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Figure 1. Pipeline of the proposed FDS. For each input view, we apply the FDS camera sampling scheme to
generate corresponding unobserved sampled view. We then compute Radiance flow base on rendered depth and
the Prior flow from matching prior model. Finally the Prior Flow is used to supervise Radiance flow, which
enhances the geometric quality of Gaussian Radiance Field.

into the unobserved novel view. Specifically, we observe that the flow between the input view and
the unobserved view generated by the match prior model (i.e., Prior Flow), can guide and refine the
flow analytically calculated from the 3DGS geometry (i.e., Radiance Flow), improving the 3DGS
reconstruction quality. Moreover, better 3DGS scene will lead to more accurate Prior Flow, creating a
mutually reinforcing effect between two computed flow maps. This remains effective even when the
radiance field is poorly optimized and the image rendered from the unobserved viewpoint is blurry
during training. In addition, a camera sampling scheme is proposed to adaptively control the overlap
between input view and sampled view for better Prior Flow calculation, which allows to leverage
prior geometric knowledge more profoundly and thereby better enhance the 3DGS reconstruction
quality.

The proposed FDS has been extensively evaluated on MushRoom (Ren et al., 2024), ScanNet
(V2) (Dai et al., 2017), and Replica (Straub et al., 2019) datasets for the task of geometry reconstruc-
tion. We apply FDS to two commonly used baseline approaches, namely 3DGS (Kerbl et al., 2023)
and 2DGS (Huang et al., 2024). The results demonstrate a significant improvement in geometry re-
construction accuracy. Additionally, we provide interpretive experiments and comprehensive analysis
on the effectiveness of FDS, shedding light on its influence on the quality of geometric reconstruction
and novel-view rendering. Our contributions are summarized as follows:

• FDS leverages matching prior information to recover absolute scale, significantly enhancing
the geometric quality of the Gaussian radiance field.

• An adaptive camera sampling scheme is proposed to selectively choose unobserved views
with controllable overlap with the input view, further improving the geometric quality of the
Gaussian radiance field even in less-observed areas.

• By employing FDS and the adaptive camera sampling scheme, we bring significant improve-
ments to state-of-the-art 3D geometry reconstruction approaches.

2 RELATED WORK

Geometry Reconstruction Based on 3DGS: To enhance the geometry of 3DGS representations,
some studies (Gao et al., 2024a; Waczyńska et al., 2024; Lyu et al., 2024; Chen et al., 2023)
focus on integrating mesh or SDF representations with 3DGS. (Gao et al., 2024a) improve the
splitting of 3DGS under the guidance of mesh representation and deformation gradients. A hybrid
representation that integrates 3DGS with mesh, allowing 3DGS to be modified as a mesh, is introduced
in (Waczyńska et al., 2024). Mani-GS (Gao et al., 2024b) binds Gaussian and shape-aware triangular
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mesh to manipulate 3DGS directly. 3DGSR (Lyu et al., 2024) combines a signed distance �eld (SDF)
network with 3DGS to enhance geometry quality, aligning the SDF network's geometry with that of
3DGS. NeuSG (Chen et al., 2023) utilizes point clouds from 3DGS to regulate NeuS, while its normals
are also used to re�ne 3DGS. Additionally, NeuSG includes regularizers to ensure that 3DGS remains
close to the surface. Some work (Guédon and Lepetit, 2024; Huang et al., 2024; Yu et al., 2024b;
Chen et al., 2024) tends to extract geometry from 3DGS directly, bene�ting from its fast training and
rendering speed. Sugar (Guédon and Lepetit, 2024) proposes an ef�cient mesh extraction method
from 3DGS, aligned with a regularization term during the training process and a re�nement strategy.
2DGS (Huang et al., 2024) proposed a 2D surface modeling and two regularization losses which can
preserve perspective-correct splatting and enchance geometry reconstruction. A ray-tracing-based
volume rendering is introduced in GOF (Yu et al., 2024b), allowing the extraction of geometry from
3DGS directly. PGSR (Chen et al., 2024) proposes unbiased depth rendering, combined with singe
and multi-view regularization loss to preserve geometric consistency. However, in low-texture and
less frequently observed areas, such as indoor scenes, 3DGS still tends to over�t to the limited input
views, necessitating regulation through additional prior cues.

Prior Regulation for Rendering: Prior information is usually incoporated in ill-posed problems,
including sparse view novel view synthesis, dynamic scene reconstruction, and mesh reconstruction.
For sparse novel view synthesis tasks, most works utilize the prior depth information (Deng et al.,
2022; Roessle et al., 2022; Song et al., 2024; Wang et al., 2023b; Zhu et al., 2023; Xiong et al., 2023;
Paliwal et al., 2024), semantic information (Jain et al., 2021; Wynn and Turmukhambetov, 2023;
Xiong et al., 2023), and matching information (Paliwal et al., 2024; Lao et al., 2024) to constrain
the optimization process of 3DGS. Dynamic scene reconstruction is another challenging task which
requires reconstructing the scene geometry and object motion at the same time. Therefore, optical
�ow priors are crucial as they can help distinguish between camera motion and object motion (Liu
et al., 2023b) while providing motion priors between frames (Liu et al., 2023a; Gao et al., 2021; Li
et al., 2023; Wang et al., 2023a; Guo et al., 2023; Tian et al., 2023). For the mesh reconstruction task,
geometry quality is also enhanced by depth priors (Wei et al., 2021; Yu et al., 2022; Turkulainen
et al., 2025) or normal priors (Yu et al., 2022; Turkulainen et al., 2025). However, using optical
�ow model priors to obtain metric depth priors to help geometric reconstruction, while leveraging
unobserved regions to enhance the quality of limited view reconstruction, has not yet been explored.

3 METHOD

Our FDS regulates the optimization of Gaussian radiance �eld by incorporating matching priors from
the pretrained deep model. The generation of Radiance Flow and our proposed FDS loss, along with
the equipped camera sampling scheme, are detailed in Sec. 3.1 and Sec. 3.2, respectively.

3.1 3D GAUSSIAN SPLATTING AND RADIANCE FLOW

We utilize 3DGS as an example to demonstrate how Radiance Flow is generated. 3DGS (Kerbl et al.,
2023) employs a collection of 3D Gaussians to represent the 3D scene. The expression ofi -th 3D
Gaussian distribution shows below:

Gi (X ) = e� 1
2 (X � � i )T � � 1

i (X � � i ) ; (1)

where� i = R i Si ST
i R T

i , and� i represents the position of the Gaussian, which is optimized during
training. BothSi andR i are represented by a 3D scaling vectorsi and a quaternionqi , respectively.
In addition to the above parameters, each GaussianP i has extra learnable attributes, including opacity
� i and color featuref i .

To render a color for pixelx, a volume rendering based method similar to NeRF (Mildenhall et al.,
2021) is adapted:

C (x ) =
X

i 2 N

ci ^� i

i � 1Y

j =1

(1 � ^� j ); (2)
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whereci is the color of each Gaussian point, represented by spherical harmonics.�̂ is the blending
weight for each 2D Gaussian point which is the projection of 3D Gaussian points on the image plane.
N is the number of Gaussian points. Similarly, the depth of pixelx is rendered using alpha blending.

D (x ) =

P
i 2 N di ^� i

Q i � 1
j =1 (1 � ^� j )

P
i 2 N ^� i

Q i � 1
j =1 (1 � ^� j )

; (3)

wheredi is the distance from the target camera to the Gaussian PointP i . We can also render Radiance
Flow between two views of cameram; n using their camera poses and position of Gaussian points
� i . As mentioned above, we can project pixelx = ( u1; v1) in m-th view image to then-th view by
its corresponding depth and their pose transformation:

D n (u2; v2)

"
u2
v2
1

#

= KT n
m K � 1D m (u1; v1)

"
u1
v1
1

#

; (4)

whereT n
m is the relative transformation fromm-th view ton-th view,K is the intrinsic matrix, and

D m (u1; v1) is the rendered depth of(u1; v1) in m-th view.

Next, we calculateF m ! n (x ) for pixel x = ( u1; v1) from viewm to viewn:

F m ! n (x ) =
�
u2 � u1
v2 � v1

�
: (5)

For other type of Gaussian radiance �eld such as 2DGS (Huang et al., 2024), we only need to replace
the alpha blending based depthD (x ) with corresponding formulation.

3.2 FLOW DISTILLATION SAMPLING

Given a collection of imagesf I i gi =1 ;2;:::N , Gaussian Radiance Field typically employs the following
loss function for rendering optimization:

L =
1
B

BX

i =1

(1 � � )L 1 + �L D � SSIM + � normal L n ; (6)

whereB denotes batch size, andL n represents the normal consistency loss from (Huang et al., 2024).
However, whenN is small, this representation suffers from over�tting (Li et al., 2024; Paliwal et al.,
2024).

Figure 2.Explanation of depth-adaptive translation
radius. A �xed-radius camera sampling scheme may
result in signi�cantly different �ow values (Flow 1 and
Flow 2) in areas with varying depth (d1 andd2).

We propose the Flow Distillation Sampling
(FDS) method to incorporate pretrained match-
ing priors into the rendering optimization pro-
cess, thereby mitigating over�tting and improv-
ing rendering performance.

The camera sampling scheme and loss function
design in FDS are introduced in Sec. 3.2.1 and
Sec. 3.2.2.

3.2.1 CAMERA SAMPLING SCHEME

During the training process, FDS randomly sam-
ples unobserved camera views nearby the input
view and then incorporates the matching priors
into these views. To utilize the matching prior information between input view and sampled view
more profoundly, we propose a camera sampling scheme that ensures suf�cient movement to perceive
the geometry of the scene while avoiding excessively abrupt motions that could make it dif�cult for
the prior model to match.
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Given the world to camera transformation matrixT i for the i -th input view , a small translation
disturbancet and rotation disturbanceR are applied to get the sampled transformation matrixT s,
expressed as:

T s = (( T i ) � 1E ) � 1 (7)

whereE = [ R ; t ] denotes the transformation matrix from the sampled view to the input view, andt
is a translation vector satisfyingjt j = � t ; t = ( t1; t2; t3), indicating that unobserved view is sampled
along a small spiral circle with a radius of� t . As noted in (Bian et al., 2021), the rotation �ow in
image warping is independent of depth. Therefore, we set the rotation part to identity matrix. So that
E is a pure-translation transformation. For the translation radius� t , as illustrated in Fig. 2, using a
uniform radius for all views leads to varying �ows due to the differences in depths; the closer the
depth, the larger the �ow. To ensure �ow consistency across all views while maintaining controllable
overlap between the input views and sampled views, we hope to implement a depth-adaptive radius,
which can help to preserve the same �ow between all input views and their sampled views.

According to (4), the pure translation transformation (Bian et al., 2021) between the input viewi
and its sampled views is shown below:

D s (u2; v2)

"
u2
v2
1

#

= D i (u1; v1)

"
u1
v1
1

#

+ K

"
t1
t2
t3

#

(8)

whereK is the intrinsic matrix of the camera, after solving the above equation (Bian et al., 2021), we
get:

�
u2
v2

�
=

"
D i (u 1 ;v 1 )u 1 + f x t 1 + cx t 3

D i (u 1 ;v 1 )+ t 3
D i (u 1 ;v 1 )u 1 + f y t 2 + cx t 3

D i (u 1 ;v 1 )+ t 3

#

(9)

We sett3 = 0 in our camera sampling scheme and assume camera intrinsic parameters:f x � f y = f .

The radiance �owF i ! s (u1; v1) =
�
u2 � u1
v2 � v1

�
from the input viewi to its sampled views is shown

below:

F i ! s (u1; v1) =

"
f

D i (u 1 ;v 1 ) t1
f

D i (u 1 ;v 1 ) t2

#

(10)

We aim to keep the value ofjjF i ! s (u1; v1)jj2 constant for the pixelx = ( u1; v1) during each camera
sampling. By settingjjF i ! s (u1; v1)jj2 = � and incorporating this with (10), we get:

� t =
q

t2
1 + t2

2 = �
D i (u1; v1)

f
(11)

Thus, the radius of translation in our camera sampling is de�ned as� t = � D i (u 1 ;v 1 )
f which helps

maintain stable �ow. The parameter� can be tuned as a hyperparameter, which represents the mean
radiance �ow between the input view and its sampled view. Given that pixel depths vary within an
image, we use the mean depth�D i of the image and set the radius of our translation� t = �

�D i
f .

t =

2

6
4

�
�D i
f sin (2�� )

�
�D i
f cos(2�� )

0

3

7
5 (12)

Where� � U(0; 1) is a uniform random value between[0; 1] during training.
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3.2.2 FLOW DISTILLATION SAMPLING LOSS

Speci�cally, to optimize the rendered results of thei -th view, every iteration, we sample an unobserved
view s near thei -th input training camera to render the color imageC s . The Radiance FlowF i ! s (p) ,

guided by Equ. (5), bene�ts from the introduced matching priors. We de�ne the Prior FlowF
i ! s

as:

F
i ! s

= M � (I i ; C s ); (13)

where� represents the parameters of pretrained networkM , I i is the rgb ground truth of viewi , and
C s is the rendered image of sampled views. Instead of usingC i to generate Prior Flow, we �nd
that usingI i can help us to remove the �oaters inC s as shown in Tab. 4. However, bothF i ! s and
F

i ! s
face challenges:

• F i ! s , derived from Equ. (5), is inaccurate due to the incorrect positioning of Gaussian
points.

• F
i ! s

, derived from Equ. (13), suffers from the blurred rendering quality ofC s .

Despite these inaccuracies, we observe thatF
i ! s

is more robust and precise during training compared
with F i ! s . Motivated by this observation, we aim to utilizeF

i ! s
to re�ne F i ! s , which can make

F i ! s more accurate, enhancing the positioning of Gaussian points and subsequently improving
the rendering quality ofC s . This process also leads to a more accurateF

i ! s
. Based on these

observations, we propose the FDS loss, which distills matching priors from a pretrained deep model
through mutual re�nement of the two �ows:

L fds = jjF
i ! s

� F i ! s jj2 (14)

Algorithm 1 Flow Distillation Sampling

Input: A batch of input training image:f I i gN
i =1 , Transformation Matrix:f Ti gN

i =1 , Prior Matching
NetworkM � , Gaussian Pointsf P i gM

i =1 with f r i ; t i ; f i ; � i ; � i g.
Output: L fds
1: for i in f 1; 2; : : : ; B g do
2: � � U(0; 1); R  I
3: t1  �

�D i
f sin (2�� ); t2  �

�D i
f cos(2�� ); t3  0

4: E  [R ; t ]; T s  ((T i ) � 1E ) � 1

5: C s ; D s  Render(T s ; P )
6: C i ; D i  Render(T i ; P )
7: X s  KT s

i K � 1D i (X i )X i =D (X s )
8: F i ! s  X s � X i

9: F
i ! s

 M � (I i ; C s )

10: L fds  L fds + 1=BjjF
i ! s

� F i ! s jj2

11: return L fds

To maintain training stability and reduce computational complexity, we detachF
i ! s

from P i when
we calculate loss. This prevents the propagation of gradients, as computing them is resource-intensive
and time-consuming, as noted in (Poole et al., 2022). Additionally, this helps to ensure thatF

i ! s
is

not directly in�uenced by the less reliableF i ! s .

In summary, the procedures of our proposed Flow Distillation Sampling are presented in Algorithm 1.
The overall training loss is:

L =
1
B

BX

i =1

(1 � � )L 1 + �L D � SSIM + � normal L n + � fds L fds : (15)
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