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ABSTRACT

This paper introduces a novel paradigm for the generalizable neural radiance
field (NeRF). Previous generic NeRFs combine multiview stereo techniques with
image-based neural rendering, yielding impressive results, while suffering from
three issues. First, occlusions often result in inconsistent feature matching. Then,
they deliver distortions and artifacts in geometric discontinuities and locally sharp
shapes due to their individual process of sampled points and rough feature aggre-
gation. Third, their image-based representations experience severe degradations
when source views are not near enough to the target view. To address challenges,
we propose the first paradigm that constructs the generalizable neural field based
on point-based rather than image-based rendering, which we call the General-
izable neural Point Field (GPF). Our approach explicitly models visibilities by
geometric priors and augments them with neural features. We propose a novel
nonuniform log sampling strategy to improve both rendering speed and recon-
struction quality. Moreover, we present a learnable kernel spatially augmented
with features for feature aggregations, mitigating distortions at places with drasti-
cally varying geometries. Besides, our representation can be easily manipulated.
Experiments show that our model can deliver better geometries, view consisten-
cies, and rendering quality than all counterparts and benchmarks on three datasets
in both generalization and finetuning settings, preliminarily proving the potential
of the new paradigm for generalizable NeRF.

)

Ground Truth

Figure 1: Our approach produces sharper and clearer at discontinuous geometries in an unobserved
scenario without per-scene training and synthesizes higher quality images than baselines.

1 INTRODUCTION

Novel view synthesis has emerged as an important and widely discussed topic in computer vision
and graphics. In recent years, neural rendering techniques have made remarkable progress in this
domain, with Neural Radiance Fields (NeRF) Mildenhall et al.| (2021)) being a prime instance. How-
ever, traditional NeRF-based approaches are heavily constrained by a long time for optimization and
the inability to generalize to unseen scenarios.
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Recent works such as Chen et al. (2021); Yu éf al. (R021); Wang et al. (2021c); Lin et al. (2022); Liu
et al| (2022); Johari et al. (2022) have investigated into generalizing NeRF to unobserved environ-
ments without retraining. At present, the common motivation of existing approaches is to integrate
multi-view stereo (MVS) techniques into the NeRF pipeline. Their methods are called image-based
neural rendering. In this paradigm, the image features extracted by networks are projected to the
guery 3D points which are generated by uniform sampling in volume ray marching and regressing
their colors and densities. However, the paradigm has a few issues. First, geometry reasoning sig-
ni cantly relies on stereo matching between multi-view features. However, occlusions often destroy
the feature consistencies, resulting in inaccurate geometry reconstruction. On the other hand, the
sampled 3D points are often processed individually, which damages the local shape connections.
In this case, distortions and artifacts commonly occur in shape-varying regions. Next, they use
simple methods to aggregate features, which limits the expressive abilities of networks and causes
undesirable degenerations in out-of-distribution scenes. Besides, such image-based rendering rep-
resentation is not capable to interact with and edit.

To address these problems, this paper proposes a novel paradigm for generalizable NeRF based on
point-based instead of image-based rendering, Generalizable neural Point Field. The proposed ap-
proach includes three main components, the visibility-oriented feature fetching, the robust log sam-
pling strategy, and the feature-augmented learnable kernel. Furthermore, we present a three-stage
netuning scheme. Extensive experiments were conducted on the NeRF synthetic |[dataset Milden-
hall et all (20211), the DTU dataset Jensen et|al. (2014), and the BlendedMVS @dataset Yao et al.
(2020). The results showcase that the proposed method outperforms all benchmarks with clearer
textures, sharper shapes and edges, and better consistency between views. Additionally, we show
examples of point completion and re nement results to illustrate its validity in improving recon-
structed geometries. Moreover, we show the potential of the method in interactive manipulation.

The main contributions of this paper are as follows:

« We rst propose a novel paradigm GPF for building generalizable NeRF based on point-
based neural rendering. This novel paradigm outperforms all image-based benchmarks and
yields state-of-the-art performance.

* We explicitly model the visibilities by geometric priors and augment it with neural features,
which are then used to guide the feature fetching procedure to better handle occlusions.

» We propose a hovel nonuniform log sampling strategy based on the point density prior, and
we impose perturbations to sampling parameters for robustness, which not only improve
the reconstructed geometry but also accelerate the rendering speed.

» We present the spatially feature-augmented learnable kernel as feature aggregators, which
is effective for generalizability and geometry reconstruction at shape-varying areas.

2 RELATED WORK

Neural Scene RepresentationsDifferent from traditional methods that directly optimize explicit

3D geometries, such as mesh Liu etfal. (2020), VoxelSitzmann et al.|(2019), and point cloudLiu et al.
(2019), recently the use of neural networks for representing the shape and appearance of scenes
Sitzmann et al/ (2019); Xu et Al. (2019); Tancik et al. (2020); Jiang et al. (2020) is prevailing. More
recently, NeRFMildenhall et al. (2021) achieved impressive results. The following works improve
NeRF in different aspects Yang et al. (2022b); Deng et al. (2022). Fridovich-Keil et al. (2022) store
neural features in voxels. Xu et al. (2022) integrate point cloud into neural rendering. Yariv et al.
(2021) and Wang et al. (2021b) apply NeRF to model signed distance elds. 3D Gaussian splatting
Kerbl et al. (2023) achieves fast and high-quality reconstruction for per-scene settings.

Generalizable Neural Field Typical NeRF requires per-scene optimization, and cannot be gen-
eralized to unseen scenes. In recent years, many methods Chen et al. (2021); Johari et al. (2022)
have proposed generalizable neural elds from multi-view images. PixelNeRF Yu et al. (2021) and
IBRNet Wang et al. (2021c) regard multiple source views as conditions, query features from them
and perform neural interpolation. MVSNeRF Chen et al. (2021), GeoNeRF Johari et al. (2022) and
ENeRF Lin et al. (2022) incorporate Multiview stereo into NeRF to generate neural cost volume to
encode the scene. To avoid occlusion in stereo matching, NeuralRay Liu et al. (2022) infers occlu-
sions in a learnable fashion. The above methods either require source views to reconstruct the neural
volume before each rendering or are fully inaccessible. We propose the generalizable point-based
paradigm to avoid issues that can hardly be solved by image-based methods.
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Figure 2: The Overview pipeline with our model. (a) depicts the hierarchical feature extraction.
(b) is visibility-oriented feature fetching. (c) denotes the density-guided robust log sampling. (d)
illustrates feature aggregation by the feature-augmented learnable kernel.

Editing NeRF. Most of the works (Yuan et al., 2022; Sun et al., 2022; Jiang et al., 2022) combine
typical NeRF with different explicit representations. CageNeRF (Peng et al.) incorporate control-
lable bounding cages into NeRF. Xiang et al. (2021); Yang et al. (2022a); Kuang et al. (2022) decom-
pose appearance editing of NeRF. Manipulation is a by-product of the GPF that can be manipulated
by users in both the appearance and geometry individually.

Point-based RenderingPoint-based rendering involves generating images from point clouds. In the
past years, neural-based point renderers Rusu & Cousins (2011).Debevec et al. (1998) have made
signi cant advancements in generating images from point clouds. Very recently, studies Dai et al.
(2020); Rickert et al. (2022) have combined it with the prevailing NeRF pipeline to achieve better
results, such as PointNeRF Xu et al. (2022) and Point2Pix Hu et al. (2023). Our method is partially
similar to this category, while with good generalizability and performance.

3 METHODOLOGY

Given multi-view images, our aim is to generate representations for different source scenes without
per-scene optimization. For each scene, rst, we initialize the point scaffold by the MVS technique.
Next, we propose to explicitly compute the physical visibilities of points to each source image.
Then, we fetch image features for all points oriented by the visibility scores to mitigate occlusion
effects. Up to this step, the occlusion-aware neural point representation is built from multi-view
images. We access this representation by volume rendering to synthesize novel views. Furthermore,
we propose a robust log sampling strategy based on the physical visibility scores, which improves
not only the rendering speed but also the quality of reconstructed geometries. Last we propose to
aggregate neural features for query points via a spatially learnable kernel function to obtain better
generalizability. The whole paradigm is described in Fig. 2.

3.1 VISIBILITY-ORIENTED FEATURE FETCHING

First, we extract multi-level image features from all input source vibwgﬁ':l via a symmetric U-
Net-like Convolutional Network. As described in Fig. 2, the multi-view images are rst fed to the
UNet-like extractor to produce lowr( 2 R" W &) and high F,, 2 RH=4 w=4 32) gcale features,
respectively. Meanwhile, the PatchmatchMVS is used to initialize point cloud scaffolds.

Moreover, we fetch these features to the point cloud based on their physical visibilities. This is
necessary to mitigate the adverse effect of stereo-matching inconsistency caused by occlusions. We
rst estimate the visible depth map for each camera viewpoint. We do not use either the depth map
obtained by the MVS network or directly project points into view planes by camera parameters.
Because the former contains lots of noise and the latter only produces sparse depth maps with a
mass of holes. Instead, inspired by volumetric rendering, we propose a novel method to extract
clean and dense depth prior from the point cloud. In detail, we emit rays from all pixels and sample
128 query points along each ray. We search neighbors in their adjacent areas with the eadius
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Iter out queries with no neighbors. Then we de ne the spatial density of each query point as the
function of their neighbors, in the following:

X

1 1
d= 3 n exp( 5(x X)) @)

whereN refers to the number of neighbors axglis the coordinates of centers. The transmittance
can be de ned as

X
n=exp( 2dr) 2)
i=0
whered; is the density and r is the search radius. As to the above, the opacity weight of each query
point is determined as; = T;d;. The depth can be estimated softly:

D=pPg— Wi Z 3)

Next, the physical visibility score can be calculated by Eq. 4, wiRgrdenotes the z value of the
camera coordinates arigl can be considered as the visible depth estimation, especially ef cient
when the number of points causes bleeding problems via rasterization. Details are in the Appendix.
It is natural forP, to be inherently smaller than its correspondihg xy by the de nition of depth
projection. Therefore, The visibility score is naturally constrained between 0 and 1.

Pz Dixy |

5 )

Score=1

Each point oBIy fetches features from mlgalges with the top k visibility scords.py= Ik 1 w!

fri, Fam = o wh fri andFen = o, W& |, wherew;s are computed over the top k
visibility scores via two independent learnable modules conditioned by the physical visibilities and

featuresF|, Fy, F are low-level features, high-level features, and colors for each point.

Fe;FiiFn = ( frizpwp iz iz Vizkg) ®)

The depicts the entire feature fetching process, which is also determined by their visibility scores,
moreover, we augment the process with neural features, a detailed description is in the Appendix.

3.2 ROBUST DENSIT¥GUIDED LOG SAMPLING STRATEGY

Conventional sampling strategy either skips surfaces or requires more sampled points hence improv-
ing computational burden, which not only slows the rendering but also severely affects reconstructed
geometries. Point clouds contain rich geometric priors that can be used to improve the sampling
strategy. We reutilize the visible depth map introduced in Sec. 3.1 to determine the intersection
points of a ray with the surface, which we call central points. In contrast to the uniform sampling
used in NeRF, we sample points along a ray nonuniformly and irregularly by spreading out from the
central point, following the guidance of Eqg. 6.

N . 2N
fpg?"* = P, basew * D (6)
I

in which the total number of sampled points on a ragik . TheP, refers to the central point, and
thebaserepresents the logarithm base value that controls the sparsity of the sampling process. This
equation describes that we sample points on both sides of the center in a symmetric and nonuniform
way. The implication of this sampling strategy is to sample more points near the surface with
rich geometric information and sample fewer points far away from it. In addition, to alleviate the
in uence of the error between the estimated and the real depths, small perturbatons are
added tdbaseandP.. TheP. and in Eq. 6 are replaced bl?c = P.+ andbdse= base+ |,
respectively. This is also able to avoid model trapping in the local minimum. Moreover, previous
generalizable NeRF methods require two identical models to implement "coarse to ne” sampling,
but our model generates good sampling directly from the geometry prior and does not need the
"coarse stage”. Hence, we consume fewer memories and less time.
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3.3 PROINT-BASED NEURAL RENDERING WITH FEATUREAUGMENTED LEARNABLE KERNELS

In the above two subsections, we discuss building the neural augmented point scaffold and the log
sampling strategy. In this section, we introduce how to convert information from the neural scaffold
to the sampled points. First of all, we search K nearest neural points for each query point within
a xed radiusr, and lter out those without neighbors. Popular aggregation approaches in point-
based rendering include inverse distance weighting, feature encoding, and prede ned radial basis
functions. They suffer from distortions and blurs when generalizing to varying geometries. Because
geometries and scene scales drastically vary across different scenes. Thus bridging neural scaffolds
and the continuous eld via simple prede ned functions is challenging. Therefore, we propose a
feature-augmented learnable kernel to aggregate features. For the nearest K jpoirg  of

the queryp;, we rst compute their spatial information encoding including the distances, positions
under camera coordinate systems, and relative coordinates by Eq. 7, detailed in Appendix.

h& = MLP (cat(pf;p¢  pisiip¢  piji)) ©)

Then we input the local spatial features and their neural featérem(Eq. 5, containgl; h;c) to
the feature-augmented learnable kernel, which is illustrated by Eg. 8 to Eq. 10.

WK = MLP (h&;); (8)

V€ HE = Sigmoid(hy); ReLU (hy) = MLP (cat(h;; F )); (9)
X

F= softmax (vf WHK; (10)
k=1

wherecat is the concatenation operation, the spatial features are rst initialized as wafghts
Meanwhile, they are then concatenated with the neural features to produce another feature vector
H K and a tunning coef cient. The tuning coef cients are multiplied with thito adjust their ratio,

and thenH ¥ is weighted summation to obtain the nal feature vector for each query point. The
results are interpreted asor by decoders. Besides, if the nal target is the coler, denotes

the concatenation d¥, andF. in Eq. 5. In contrast, if the target is, it should beFy. With this
feature-augmented learnable kernel, our network expresses local features better and performs well
at geometric discontinuities, such as the edge of an object.

P
Finally, conventional vqumS rendering€  Tj(1 exp( ; j))¢)isapplied to obtain color

at pixels, wherd; = exp( {:11 j j)- The only loss we used tg train our model is the MSE loss

between predictions and groundtruth, which is depicteld.as ﬁ ror G Cgr(n)ii.

3.4 HERARCHICAL FINETUNING

We present a hierarchical netuning paradigm. Different from previous image-based generic NeRF
approaches, we remove the image feature extractor before ntuning, and only maintain features
attached to the point scaffold, because our method can render views independently of source images.

The proposed hierarchical netuning paradigm includes three stages: 1. feature netuning 2. point
growing and pruning 3. point re nement. The rst stage optimizes neural features stored in the
point scaffold and the weights of the learnable kernels. The initialized point clouds sometimes are
imperfect and contain artifacts and pinholes. Inspired by PointNeRF, we introduce point completion
and pruning techniques in the second netuning stage. For point completion, we grow new points
at places with higher opacity (=1 exp( ; j)). If the opacity of a candidate point is larger
than a preset threshold> T opacity and the distance to its nearest neural points is not smaller than
another thresholdpn Taist , @ New point with averaged features over its neighbors is added.

Our point pruning is different from PointNeRF because our representation does not rely on the per-
point probabilistic con dence. Instead, we follow the feature-augmented kernel to recompute the
opacity at the positions of neural points and delete them when they have smaller opacity.

The third stage is called point re nement. Point positions might be suboptimal in their vicinities.
In this stage, we freeze features and all networks and iteratively adjust the coordinates of the point
scaffold, following Eq. 11. In detail, a trainable offsep; is assigned to each point, andefers to

the camera viewpoint. The offset is regularized with its L2 loss to ensure that they would not move
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