Complex & Intelligent Systems (2025) 11:78
https://doi.org/10.1007/5s40747-024-01696-6

ORIGINAL ARTICLE l‘)

Check for
updates

Rugularizing generalizable neural radiance field with limited-view
images

Wei Sun’2@ - Ruijia Cui’ - Qianzhou Wang' - Xianguang Kong* - Yanning Zhang?3

Received: 12 December 2023 / Accepted: 23 November 2024 / Published online: 19 December 2024
© The Author(s) 2024

Abstract

We present a novel learning model with attention and prior guidance for view synthesis. In contrast to previous works that
focus on optimizing for specific scenes with densely captured views, our model explores a generic deep neural framework
to reconstruct radiance fields from a limited number of input views. To address challenges arising from under-constrained
conditions, our approach employs cost volumes for geometry-aware scene reasoning, and integrates relevant knowledge
from the ray-cast space and the surrounding-view space using an attention model. Additionally, a denoising diffusion model
learns a prior over scene color, facilitating regularization of the training process and enabling high-quality radiance field
reconstruction. Experimental results on diverse benchmark datasets demonstrate that our approach can generalize across
scenes and produce realistic view synthesis results using only three input images, surpassing the performance of previous
state-of-the-art methods. Moreover, our reconstructed radiance field can be effectively optimized by fine-tuning the target
scene to achieve higher quality results with reduced optimization time. The code will be released at https://github.com/dsdefv/
nerf.
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Introduction

Synthesis of novel views is a fundamental and challenging
task within the fields of computer vision and graphics [1].
The objective is to produce realistic images of a given scene
from new viewpoints. This process necessitates the capacity
to comprehend the three-dimensional layout and geometric
interconnections of the scene, and to precisely predict and
render an image from a previously unseen perspective [2, 3].

Early researches focus on modelling 3D shapes by dis-
crete geometric 3D representations, such as mesh surface
[4], point cloud [5] and voxel grid [6]. Although explicit 3D
geometry-based representations are intuitive, they encounter
challenges related to the need for explicit proxy geometry or
dense input views. Under-constraint conditions is difficult to
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for a specific scene, enabling differentiable rendering from
arbitrary viewpoints.

Neural scene representations, such as NeRF, have shown
significant promise in accurately predicting and render-
ing novel views by leveraging image relationships within
large datasets [10]. However, these models require the opti-
mization of a scene-specific 3D representation for each
individual scene, which is computationally expensive and
fails to capture shared information across different scenes.
Furthermore, NeRF often produces unrealistic geometries
and low-quality surface appearances when relying on a lim-
ited number of input views, resulting in noticeable artifacts.
To address these challenges, various hand-crafted regulariz-
ers and learned priors have been proposed. These include
hand-engineered priors to constrain scene geometry [11],
learned priors designed to ensure plausible renderings from
arbitrary viewpoints [12], and approaches leveraging single-
image depth and normal estimation to impose high-level
constraints on scene geometry [13]. Additionally, approaches
like ColNeRF [14] integrate collaborative compensation and
constraints into NeRF, significantly improving its general-
ization capabilities. Despite these advancements, no existing
methods explicitly learn a joint probability distribution of
scene geometry and color. Moreover, inaccuracies persist due
to inconsistencies in the mapping between 2D pixels in the
source images and the corresponding queried 3D locations.
As a result, these methodologies often encounter modeling
inaccuracies, struggling to maintain geometric and visual
coherence across diverse viewpoints. This underscores the
critical importance of adequately accounting for inter-view
correlations and collaborative interactions.

To address these issues, we present a practical approach
to neural scene reconstruction and rendering that focuses on
efficient radiation field estimation. The proposed network
incorporates two core designs tailored for learning a general
continuous 3D scene representation from a limited number
of observed views. The first key element involves encod-
ing scene information and utilizing key knowledge to aid
density value and color estimation. Our designs build on the
transformer-based framework and utilize the attention mech-
anism to integrate deep relationships between the rendering
view and observed views. By leveraging the attention mech-
anism, we consider adjacent 3D points on the target ray and
multiple views simultaneously, enhancing the local consis-
tency of a 3D scene representation in both the ray-cast space
and the surrounding view space. Consequently, we can learn a
more comprehensive neural radiance field from limited-view
images and effectively generalize to novel scenes without
per-scene fine-tuning.

The second essential aspect under consideration is the
generation of high-quality geometry and appearance under
a limited number of input views. In contrast to prevailing
methods in radiance field reconstruction [16, 17], which pri-
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marily rely on constraining the estimation process with an £,
loss, our approach integrates a denoising diffusion model as a
learned prior to promote the fitting of color and density fields
by NeRFs. By incorporating the denoising diffusion model
into the rendering pipeline, our proposed model effectively
addresses the issue of low-quality geometry and appear-
ance in scenarios with limited views, thereby improving
rendering results with enhanced fidelity and visual appeal.
Furthermore, our reconstructed radiance fields can be easily
optimized through fine-tuning the estimation on the target
scene, requiring less optimization time and leading to photo-
realistic results that are comparable to or even better than
those achieved through per-scene overfit NeRFs (see Fig. 1).

In brief, the main contributions of our work are summa-
rized as follows:

— We present an innovative and feasible approach for
reconstructing and rendering neural scenes by combin-
ing information from multiple viewpoints and leveraging
prior knowledge. The use of cross-attention and relevant
knowledge exploitation mechanisms enables the match-
ing of point densities and colors across different views,
thereby enhancing the precision of prediction.

— We integrate a denoising diffusion model as a regular-
ization term to reduce noise and enhance the smoothness
of the radiance field. This approach allows us to tackle
the challenges associated with low-quality geometry and
appearance in scenarios with limited-view images.

— We conduct experiments on various widely used bench-
mark datasets and show that the proposed method is
comparable to existing methods both qualitatively and
quantitatively, especially for realistic view synthesis
when there are only limited input views.

Related work

In recent years, there has been considerable research and
attention devoted to the complex issue of novel view synthe-
sis in the field of computer vision. This challenge remains
persistent due to the need to accommodate a wide range of
observed views. Recent endeavours have focused on address-
ing novel view synthesis, with existing solutions categorized
into image-based rendering and neural scene representation.

Image-based rendering aims to synthesize realistic ren-
dered images from input views. Early research in this field
focuses on synthesizing novel views through a weighted
blending of reference images, with blending weights deter-
mined by approximate proxy geometry [18] or ray-space
proximity [19]. In recent years, the advancement of deep
learning has significantly contributed to image-based render-
ing. Researchers employ neural networks to estimate optical
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SSIM:0.822

(a) Ours w/o fine-tuning  (b) Ours 10 min fine-tuning

Fig.1 Our network is trained using scenes from the DTU dataset [15]
and demonstrates the ability to generalize effectively across a wide range
of scenes with just three input view images (a). Furthermore, signifi-
cant improvements in performance can be achieved by fine-tuning our

flow [20, 21], compute proxy geometry [22-25], and soft
blending [26, 27]. While these methods can handle sparser
views and have shown promising results in some cases, they
are constrained by the performance of 3D reconstruction
algorithms [28, 29]. They struggle in low-textured or reflec-
tive areas and cannot handle partially translucent surfaces. In
contrast, our approach involves learning continuous volume
densities and colors in an end-to-end manner and utilizes a
denoising diffusion model to regulate neural radiance fields
for improved rendering quality.

Neural scene representation focuses on utilizing neural net-
work models to learn and depict the structural and visual
information of 3D scenes. Recent developments in this area
have made significant progress in representing the shape
and appearance of scenes using neural networks. Previous
approaches [10, 30, 31] to neural scene representation pri-
marily utilize MLPs as implicit shape representations, with
the weights of the MLPs establishing a mapping between
continuous spatial coordinates and either signed distance or
occupancy values. Advancements in rendering techniques
[24, 32] have led to a shift in research towards learning the
spatial structure and visual characteristics of scenes through
the analysis of multiple viewpoints [33—-35]. For example,
the NeRF model [9] trains a deep neural network to encode
the density and color information of a scene into a vol-
ume, yielding impressive results for novel view synthesis.
However, NeRF focuses on optimizing the representation of
each scene individually, without considering potential shared
information among scenes, which can be time-consuming
and inefficient. Other concurrent works [17, 36] attempt to
address this issue and generalize NeRF, but the pooling-
based fusion models employed in these methods have limited
capability to effectively analyze the intricate interconnec-
tions among multiple perspectives, hindering comprehensive
comprehension of 3D scenes. While our approach utilizes
knowledge from multiple viewpoints and priors to regularize
the rendering process, reducing artifacts and inconsistencies.

SSIM:0.935

SSIM:0.741

Fra, s L=

(c) NeRF 5h optimization

estimation on specific target scenes for a mere 10min (b), surpassing
the quality achieved by NeRF [12] with 5h of per-scene optimization
(©

Our method

In this section, we first present the proposed architecture
for novel view synthesis in “Overview”. Subsequently, we
discuss the cost volume construction module in “Cost vol-
ume construction”. Following this, we provide a detailed
explanation of the process for predicting density and color
in “Density and color prediction”. Lastly, we focus on our
design of rendering details in “Rendering”.

Overview

The proposed rendering network with attention and prior
guidance design, depicted in Fig.2, consists of three main
modules: a cost volume construction module, a radiance
field reconstruction module and a volume rendering module.
Given N input views [;(i = 1,..., N) of a real scene and
their corresponding camera parameters ¢;, the network ini-
tially projects the 2D image features from the input images
captured from different viewpoints onto a planar scanning
volume in the reference view. Subsequently, it constructs a
cost volume at the reference view by warping the features
from nearby input views onto sweeping planes in the ref-
erence view’s frustrum, similar to [37], where each voxel
contains information about feature variation at a specific
depth.

In the module for reconstructing radiance fields, we
employ a 3D Convolutional Neural Network (CNN) to gener-
ate a volumetric representation of a neural scene, containing
neural features at each voxel that capture details about the
local scene’s geometry and visual characteristics. We then
employ cross-attention and relevant knowledge exploitation
mechanisms to decode the volume density and radiance at
arbitrary continuous locations. Unlike traditional methods
that predict density and color independently, we utilize an
attention mechanism to aggregate all sample information
along the ray path and views, and allocate specific weights

@ Springer
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Fig. 2 The architecture of our whole network. Given input views, we
first construct a cost volume. Subsequently, instead of processing each
3D point independently, we combine attention mechanism and view dif-
ference to learn the neural radiance field. Finally, volumetric rendering

to each sample point. This mechanism for assigning weights
enables the network to prioritize points with higher weights,
thereby disregarding inaccurate or inconsequential points,
and consequently enhancing the accuracy of density and
color prediction. Specifically, our approach can naturally
decode observed views and spatial location information for a
query 3D point in the rendering ray direction into its density.
We combine the correlations between directional color rep-
resentations and viewing angle differences to focus on key
information from surrounding views for improving color pre-
diction.

Finally, to achieve realistic rendering, we utilize volume
rendering techniques to aggregate color and density values
along the rays and produce the final rendering outcomes.
However, when the input views are limited, the rendering
procedure may give rise to numerous artifacts, commonly
referred to as “ghosting”, which are erroneous projections not
corresponding to the scene objects. To tackle this challenge,
we introduce a denoising diffusion model as a learning prior
for color and geometry. The denoising diffusion model con-
tinuously assesses the level of noise introduced to the image
during the diffusion process and gradually learns to restore
the noise-free image through denoising, thereby enabling
the prediction of potential scene structure and details. This
results in more realistic and accurate generated outcomes.
The overall time complexity of the process is determined by
the number of points in the scene and the sampling count per
point. Generally, the time complexity of our model can be
approximated as O (N M), where N denotes the total num-
ber of points in the scene, and M represents the sampling
count per point.

@ Springer

Color Prediction

Radiance Field Reconstruction

Denoise Diffusion &
Model D

Backpropagate

Ray Distance

I

|

Difference-based |
Relevant Knowledge 1—

Exploitation |

|

Volume Rendering

predicts the expected directional color for the query 3D point on a target-
viewing ray. Denoising diffusion model is introduced to regularize the
reconstruction process and refine the results

Cost volume construction

To capture the local visual characteristics, we first utilize
a deep CNN to extract high-dimensional neural features
based on individual input views. This sub-network consists of
down-sampling convolutional layers that convert each input
view I; € RHi*Wix3 into a feature map F; e RHi/4xWi/4xC,
Here, H and W represent the height and width of an image,
respectively, while C denotes the desired number of feature
channels.

Once the features are extracted, we perform coordinate
transformations to map the features from their respective
view to the reference view, similar to [37]. This process
entails the adjustment of camera parameters and coordinates
to ensure the alignment of all features within a unified coor-
dinate system. Given the camera’s intrinsic and extrinsic
parameters ¢ = [K, R, t], homographic deformation is for-
mulated as

_ T
Qi(g) = K; (RiRlT + %)K:l. (1)

Here, Q;(g) represents the matrix distortion from view i to
the reference view at depth g. K denotes the intrinsic param-
eter matrix of the camera. R and ¢ represent the rotation and
translation matrices of the camera, respectively. Each feature
map F; can be warped to the reference view by

Fio(a,b) = F;(Qi(g)la, b, 117, 2)
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where F; . represents the distorted feature map at depth g,
and the coordinate (a, b) corresponds to the pixel position in
the reference view.

Following the transformation of coordinates, the con-
verted features are mapped to their corresponding positions
within the planar scanning volume. Subsequently, the dis-
parities of characteristics for each voxel are determined by
comparing the distinctions between characteristics from the
reference viewpoint and those from other input viewpoints.
Feature disparity vectors depict the coherence of features
across various depths and are preserved in the relevant depth
layers of the scanning volume. The variance-based metric is
employed to calculate the cost. For each voxel centered at
(a, b, g) in P, its cost feature vector is computed as follows:

P(a, b, g) = Var(F; ¢(a,b)). 3)

Here, Var(-) calculates the variance of the feature map at
position (a, b) across N views. By following these steps, we
construct a cost volume where each voxel encapsulates data
pertaining to the depth of the scene and the coherence of
features across diverse views.

Density and color prediction

Neural encoding volume. For rendering tasks, relying solely
on geometric information is insufficient. To achieve high-
quality rendering outcomes, a thorough comprehension of
the scene’s visual properties, including lighting, textures, and
materials, is essential. Therefore, it is imperative to deduce
appearance-related information from the cost volume and
integrate it into the reconstruction process. Specifically, we
employ a 3D CNN B with a UNet [38] structure to extract sig-
nificant scene geometry and appearance characteristics from
the constructed cost volume P, and represent them as a new
neural feature volume S. This process can be formulated as

S = B(P). )

The scene encoding volume S can be seen as a high-
dimensional feature space, where individual channels repre-
sent distinct attributes of the scene. Through the interpolation
and transformation of these features, it becomes possible to
infer characteristics such as volume density and brightness
dependent on viewpoint. This process empowers us to lever-
age these features in subsequent tasks, thereby enhancing the
precision of volume rendering results.

Volume density prediction. Firstly, density estimation is
deduced through the examination of the coherence among the
multi-view features { f;} lN: | pertaining to a specific point. The
density feature encompasses a comprehensive representation
of the view information relevant to that point. Specifically,

in our attention-based multi-views information fusion mod-
ule (see Fig.3), we employ a structure similar to PointNet
[5] to utilize multiple view features and utilize variance as
a global pooling operator. The mean u and variance v are
calculated from view features { f; }lNz | to capture global infor-
mation. Subsequently, each view feature f; is concatenated
with global features ¢ and v, and fed into an MLP to integrate
local and global information. This results in a multi-view
aware feature fl., and a weight vector w; € [0, 1]. Ultimately,
the fused features are obtained through weighted averaging
and mapped to the density feature f, by an MLP. Conse-
quently, our approach, based on the weighted pooling design,
can more accurately utilize information from different per-
spectives, eliminate interfering components, and enhance the
precision of density estimation.

After consolidating data from multiple perspectives to
derive the density feature f;, prior studies traditionally uti-
lize a basic MLP to directly transform it into a singular
density value o. However, it has been observed that this
simplistic approach is inadequate for accurately forecasting
the density of scenes characterized by intricate geometric
configurations. We attribute this limitation to the fact that
relying solely on the observations of individual point fea-
tures is insufficient for accurately predicting their density.
Additional contextual information and global correlations
are necessary for predicting density. Therefore, we introduce
an attention-based multi-position information fusion mod-
ule, which allows samples along a ray to attend to each other
before predicting their densities (refer to Fig. 3). When deal-
ing with a sequence of M samples along a ray, we apply
positional encoding and a multi-head self-attention mecha-
nism [39, 40] to the density feature sequence { f5, j}g”: - By
considering the correlations and significance of each sample
in relation to other samples, we can predict the final density
value o for each sample.

In this way, the two attention-based modules are designed
to focus on distinct objectives and are intricately combined,
resulting in comprehensive localization of spatial position
information and enhanced data propagation and processing.
The integration of global and contextual key information
is thoroughly and mutually taken into account, ultimately
enhancing the accuracy of density prediction.

Color prediction. To predict the color of a specific point,
we utilize a technique that involves forecasting the blending
weights for the colors associated with the point in the source
views, as shown in Fig.4. In contrast to the conventional
NeRF approach, which relies on absolute viewing directions,
we take into account the relative viewing direction in relation
to each input view i. A smaller difference indicates a closer
similarity between the color of the target view and the color
corresponding to view i. To forecast the blending weights for
each input view’s color ¢;, we combine the feature fi/ with
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Fig.3 The architecture of our density prediction network, which extracts correlated information from multi-views and ray positions to adapt density
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Fig. 4 The architecture of our color prediction network, which takes into account view disparity and integrates analogous colors from adjacent

views to facilitate prediction

view disparity Av; and process the combined feature through
an MLP to produce the blending weights w; . Ultimately, the
color of the point is calculated as the weighted sum of the
colors ¢ = Zf\;l [c,-exp(a)i”)/ Z;V:1 exp(a)g)]. By assign-
ing different weights to the colors of the surrounding views,
relevant knowledge is taken into account, thereby improving
the accuracy of predictive capabilities.

Rendering

The processes described above enable us to calculate the
color and density values at a specified location. In order to
visualize the color of a ray r as it moves through the scene,
we initially gather the color and density information from
M samples along the ray. We then utilize volume rendering
methods to reconstruct the image’s color based on the color
and density data obtained from these samples.

Volume rendering. Volume rendering involves the computa-
tion of pixel color through the accumulation of radiance along
aray. To be specific, a ray is traced from the camera position
through each pixel, and sampling is conducted along the ray.

@ Springer

The ultimate pixel color is determined by aggregating the
contribution from each sampling point, considering factors
such as transmittance, radiance, and accumulated radiance
at occlusion points. The rendering process along the ray r is
given by:

M
ér) =Y a1 —exp(—0)))c;. (5)
j=1 ‘
j—1
and A, =exp(—ZGq>. (©6)
qg=1

Here, ¢(r) is the final color of the point and A denotes the
volume transmittance. o; and c; represent the density and
color of the j-th sample on the ray r, respectively.

Denoise diffusion model. Exclusively restricting the color
¢(r) using an £, loss may result in the production of low-
quality geometry and appearance that deviate from the object
surface when provided with restricted views. Therefore, we
employ a denoising diffusion model [41] as a learned prior
and backpropagate it to the preceding network as a form of
regularization.
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The forward diffusion process involves the incremen-
tal introduction of small Gaussian noise to a data sample
xo ~ g(xp), resulting in the generation of progressively more
noised versions, SO

Xk = /MicXk—1 + /Vk€k—1, @)

where xj represents the data sample with added noise at time
step k, while €;_; denotes the noise component conforming
to a Gaussian distribution with mean 0 and identity covari-
ance matrix L. ny = 1 — y and { yk}le controls the level of
noise. Employing the reparameterization technique enables
us to derive the following result

gk lx0) = N (xis v/Tikxo, (1 — ix)). ®)

Here, nx = 1_[];:0 n, allows for efficient generation of noisy
samples for arbitrary k. As the value of k tends towards
infinity, the distribution of noisy samples x; approaches con-
vergence to an isotropic unit Gaussian distribution.

The objective of the denoise diffusion model is to acquire
knowledge of the inverse diffusion process, which entails
estimating the distribution of the preceding noisy sample
Xr—1 based on the current noisy sample xy:

Pr—1lxi) = N (xe—1; i (xx, k), %), 9)

where p(x;_1|xx) is a Gaussian distribution and p; = (1 —
k- vi/ (1 — ).

When provided with the input x4, the mean p(xx, K) can
be computed by estimating the noise term €;_; using the
noised input:

1(xg, k) = L eD(xk,k>>, (10)

1 1Z
-
Jﬁ( NI

where ¢p (xg, k) is a neural network.

Hence, the disturbance component can be approximated
through the training of a neural network ep(x;, K) using
a noised input and noise level. It is noteworthy that the
noise estimator integrated with the denoise diffusion model
is linked to the concept of score matching [42] and is directly
related to the score function e p (x;, K) x vylogp(x).

In accordance with the Bayes theorem, the posterior prob-
ability of density and color fields given training views {/;} lN: 1
is expressed as p(o, ¢) p({Ii}lN=1 |o, ¢)p(o, ¢). The loss
function is derived from the gradient of the log-posterior and
formulated as

vlogp(o, c{I;}Y.)) o vlogp(o, ¢) + viegp({L} o, ).
(11)

By substituting e p (xx, K) o vlogp(x) into the aforemen-
tioned equation, we can employ a diffusion model as a prior
for (o, ¢). In the context of p({Il-}lN=1 |o, ¢), we utilize a Lo
loss function £, = ||é(r) — ¢, ’;, where ¢, represents the
true color. In this way, the gradient for our loss function is

vL=vL,+ Apep. (12)

Here Ap controls the weight of the regularize and is set as
0.01 when training our model.

Experiments

In this section, we will commence by outlining the exper-
imental parameters in “Experimental settings”. Following
this, we will assess the efficacy of our method through quali-
tative and quantitative analyses in “Evaluations and results”.

Experimental settings
Datasets

To evaluate the effectiveness, a series of comprehensive
experiments are carried out using both synthetic and real
datasets. These datasets include the NeRF synthetic dataset
[43], DTU dataset [15] and LLFF dataset [44]. The NeRF
synthetic dataset comprises eight scenes and eight distinct
objects, each with 100 input views and 200 test views. The
DTU dataset consists of images of objects placed on a table
against a black background, captured by a 6-axis industrial
robot equipped with a camera and a structured light scanner.
The LLFF dataset contains eight real-world scenes captured
by a handheld camera, with camera poses, intrinsic parame-
ters, and 3D scene bounds estimated using COLMAP [29].
The resolution for the synthetic, DTU and LLFF datasets are
800 x 800, 800 x 600 and 1008 x 756, respectively.

Implementation details

In our experiment, we train our network using the DTU
dataset with the aim of acquiring a generalizable framework.
The DTU dataset is divided into 88 training scenes and 16
testing scenes, following a similar approach to PixelNeRF
[33]. We also evaluate the performance of our model (merely
trained on the DTU dataset) on the NeRF synthetic dataset
and LLFF dataset, which possess distinct scene and view
distributions compared to our training set. For each testing
scene, we select 20 nearby views, from which 3 center views
are chosen as input, and 4 images are designated as testing
views. In cases where fine-tuning is necessary, the remaining
13 images are utilized as additional input for per-scene fine-
tuning. Our feature extraction employs 32 channels, which

@ Springer
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Table 1 Quantitative evaluations on our network architecture

Table 2 Depth reconstruction

PSNR 1 SSIM 4 LPIPS | Abs err | Acc (0.01) 1 Acc (0.05)
MVSNeRF [17] 20.49 0.822 0.197 MVSNeRF [17] 0.057/0.065 0.551/0.493 0.715/0.685
No AMIF 24.85 0.938 0.179 No AMIF 0.036/0.047 0.635/0.593 0.737/0.681
No DRKE 25.96 0.943 0.214 No DRKE 0.025/0.049 0.629/0.624 0.752/0.747
No DDM 25.74 0.893 0.181 No DDM 0.032/0.038 0.612/0.584 0.741/0.656
Ours full model 26.47 0.952 0.172 Ours full model 0.023/0.035 0.663/0.651 0.814/0.792

Since the proposed model profits greatly from cross-attention-based
density prediction, difference-based olor prediction and diffusion regu-
larize, it obtains better performances and indicates the effectiveness of
the architecture

Bold indicates the best results

also corresponds to the number of channels in our cost vol-
ume and neural encoding volume. In the attention-based
multi-position information fusion module, we sample 128
points on each marching ray. Our multi-head attention design
utilizes 4 heads, and the MLP decoder is implemented with 6
layers. We train our network with one RTX 3090Ti GPU and
use Adam optimizer with an initial learning rate of Se—4.

Evaluations and results

Evaluations on our network. We first conduct studies on our
network architecture to validate the importance of different
modules in our whole model, including cross-attention-based
density prediction, difference-based color prediction and dif-
fusion regularizer. To ensure a fair comparison, all models
are retrained, and additional layers are incorporated into the
various variants to ensure a similar number of parameters
as our final model. For “No AMIF”, we remove the design
of our cross-attention-based density prediction and replace
it with MLPs. In this way, the density prediction for sam-
ples on each ray is independent and local. As shown in
Table 1 and Fig. 5, when removing this module, the net-
work cannot accurately predict the object density and local
artifacts appear. For “No DRKE”, we remove the difference-
based relevant knowledge exploitation for color prediction
and employ MLPs to estimate color. Removing view dif-
ferences reduces our network’s ability to combine relevant
information from surrounding views to perform predictions
and harmful factors affect the accuracy of color predictions.
For “No DDM”, we directly train our model with £, loss,
resulting in blurry reconstruction results and disappearance
of detailed information.

Compared to the previous methods, our variants exhibit
distinct advantages and roles. While both can enhance accu-
racy, they serve different roles in handling radiation field
reconstruction tasks. The cross-attention design in density
prediction excels in capturing long-range dependencies and
complex relationships within the radiation field. It effectively
handles pixel interactions and global information, thereby

@ Springer

We evaluate our depth reconstruction on the DTU testing dataset [15]
with our variants and other neural rendering methods. The two numbers
of each item denote the depth at reference/novel views. Our method is
superior to other rendering methods and achieves high accuracy com-
parable to other structure variants

Bold indicates the best results

improving the accuracy and detail preservation of the recon-
struction results. Our difference-based relevant knowledge
exploitation establishes the connection between the differ-
ence in viewing direction and color, and we focus on the
relevant color information under different views to jointly
predict the color of a certain point. Our denoise diffusion
model constrains the reconstruction process as a prior to mit-
igate interfering factors and achieve more stable and reliable
results. By combining advantages, our final model leverages
multi-level knowledge and obtains superior performances.

Depth reconstruction. In order to verify our ability of
geometry reconstruction, we evaluate various variants by
comparing depth reconstruction results. These results are
generated from the volume density using a weighted sum
of the depth values of sampled points on marched rays, as
detailed in [9]. The quantitative performance of different
methods is summarized in Table 2. Abs err represents the
disparity between the calculated depth estimation results and
the actual depth map for each scene and view. Meanwhile,
Acc measures the proportion of pixels in the depth estimation
map with a relative error from the true depth map that falls
below a specified threshold. Note that, although our network
is trained with only rendering supervision and no depth super-
vision, we obtain advantages with the help of our designed
modules. Combined with visual results in Fig.5, it is clear
that we can generate high-quality of geometry reconstruc-
tion, which is one critical factor that leads to our realistic
rendering.

Comparisons. To validate the effectiveness of the proposed
model, a comparative analysis is conducted between our
approach and existing state-of-the-art neural rendering algo-
rithms. We use the released code and retrain the generalizable
model, including MVSNeRF [17], IBRNet [16], SRF [36],
PixelNeRF [33], ColNeRF [14] and ours, on the DTU train-
ing dataset [15], and test these existing models using three
input views as used in our paper. This evaluation is performed
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Fig.5 Results of rendering and depth reconstruction based on different variants

Table 3 Quantitative evaluation of novel view synthesis

T )
Fe Ain

No DDM

A\

Ours full model

Method Setting Synthetic data [43] Real data (DTU [15] / LLFF [44])
PSNR 1 SSIM 14 LPIPS | PSNR 1 SSIM 1 LPIPS |

MVSNeRF [17] No per-scene optimization 2341 0.897 0.176 20.49/19.98 0.822/0.776 0.197/0.311
IBRNet [16] 22.44 0.897 0.195 24.04/19.79 0.891/0.782 0.190/0.379
SRF [36] 19.21 0.584 0.302 15.32/12.34 0.671/0.250 0.304/0.591
PixelNeRF [33] 22.65 0.808 0.202 20.56/16.17 0.753/0.438 0.223/0.512
ColNeRF [14] 22.50 0.843 0.198 19.55/18.96 0.716/0.587 0.362/0.447
Ours 23.59 0.905 0.172 26.47/20.03 0.952/0.784 0.172/0.306
MipNeRF [46] Per-scene optimization 25.47 0.934 0.163 16.54/14.62 0.741/0.351 0.198/0.495
DifNeRF [47] 21.37 0.784 0.241 20.34/19.79 0.818/0.568 0.160/0.209
RegNeRF [12] 22.89 0.822 0.196 22.20/19.08 0.741/0.587 0.190/0.336
DSNeRF [35] 21.42 0.792 0.261 21.23/18.90 0.730/0.649 0.264/0.350
FreeNeRF [48] 22.78 0.832 0.217 19.92/19.63 0.787/0.612 0.182/0.308
Ours f1—10min 26.62 0.939 0.161 27.07/21.79 0.956/0.877 0.168/0.236

We compare our approach with state-of-the-art rendering methods on various datasets with complex scenes. Our approach achieves optimal results

in most cases of novel view synthesis
Bold indicates the best results

on three widely-used benchmark datasets with the same input

views and uses four additional images to test each scene.

Table 3 summarizes the quantitative performances
achieved by different methods. The evaluated metrics of

PSNR, SSIM and LPIPS [45] are exhibited on different
datasets. Overall, our rendering method demonstrates supe-
rior performance in the majority of cases and effectively
addresses view synthesis using only three images as input.

@ Springer
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RegNeRF [12] &

DifNeRF [47]

DSNeRF [35]

ColNeRF [14] 18

FreeNeRF [48]

Ours

Oursfi—_10min

Fig.6 Rendering quality comparisons with different methods on the selected challenging samples. Our 10-min fine-tuning results are also exhibited

In contrast, generalizable PixelNeRF [33] and ColNeRF [14]
tends to overfit the training setting on DTU and exhibits fail-
ure on the other two datasets. Despite being trained solely
on the DTU dataset, our network exhibits strong general-
ization capabilities on two other datasets that have highly
different view distributions and scenes. The designs of our
cross-attention and relevant knowledge exploration focus on
key information and improve the accuracy of prediction.
Furthermore, we also compare the results of the proposed
generalizable framework with the state-of-the-art methods
that need optimization on each testing scene, including Mip-

@ Springer

NeRF [46], DifNeRF [47], RegNeRF [12], DSNeRF [35]
and FreeNeRF [48]. Due to the the strong initialization
achieved from our network, we only fine-tune our neural
reconstruction for a short period of 10 min, which already
yields photorealistic results. In contrast to the results gen-
erated with substantially longer optimization time (up to
2h), our initial rendering results can be notably enhanced
with just 10min of fine-tuning. Our approach reconstructs
localized radiance field representation as a neural encoding
volume with explicit 3D structures. This leads to superior
generalizability and rendering quality across diverse test-
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ing scenes. Moreover, we integrate a denoising diffusion
model as a regularization term to address the challenges of
low-quality geometry and appearance in limited-view sce-
narios. The consistent performance improvement over other
state-of-the-art methods is consistent with the visual results
depicted in Fig.6. By leveraging our generic network with
the designed modules, we can capture more intricate details
and achieve superior visual performance in fine structures.
Some failed examples can also be found when the captured
images contain degrading interference information, such as
mirror-like reflections. This can complicate the reconstruc-
tion process. Therefore, further image pre-processing and
joint optimization with the reconstruction process are future
research directions.

Conclusion

In this paper, we propose a learning model with attention and
prior guidance design, which presents a novel approach for
optimizing NeRF in data-limited scenarios. The model oper-
ates under the assumption that scenes remain static across
different views and that the multi-view data is precise and
reliable. Our key insight is that NeRF’s performance signifi-
cantly deteriorates in sparse input scenes due to the difficult
optimization of scene geometry. To overcome this limita-
tion, we leverage a cross-attention mechanism to integrate
information from surrounding views and neighbouring points
along query rays, facilitating more effective learning of scene
geometry. Additionally, we analyze and fuse view differ-
ences to highlight critical information for improving color
prediction. Recognizing the impact of limited input views on
geometry and appearance quality, we further incorporate a
denoising diffusion model to learn scene priors, enhancing
regularization during training. Consequently, our approach
learns consistent 3D representations, enabling the synthesis
of high-quality novel views. Comparative evaluations across
diverse test sets and scenes show that our method outperforms
existing approaches, especially under conditions with a lim-
ited number of input views. However, for highly challenging
scenes featuring high glossiness, mirror-like reflections, or
motion blur, directly recovering pronounced view-dependent
effects through network inference remains difficult. Address-
ing these complexities may require extended fine-tuning and
additional view pre-processing to fully enhance these effects.
Consequently, further improvements in this area are neces-
sary and will be actively pursued. In future research, we aim
to develop more efficient methods to improve the learning
process under extreme imaging conditions. We will focus on
several strategies, including integrating multi-scale feature
volume representations, enhancing the utilization of sampled
points, and applying frequency regularization constraints.
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