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Figure 1: a) We present SimNP, a renderable neural point radiance field that learns category-level self-similarities from data
by connecting neural points to embeddings via optimized bipartite attention scores. b) The learned self-similarities can be
used to transfer details from single- or few-view observations to unobserved, similar and symmetric parts of objects.

Abstract

Existing neural field representations for 3D object re-
construction either (1) utilize object-level representations,
but suffer from low-quality details due to conditioning on a
global latent code, or (2) are able to perfectly reconstruct
the observations, but fail to utilize object-level prior knowl-
edge to infer unobserved regions. We present SimNP, a
method to learn category-level self-similarities, which com-
bines the advantages of both worlds by connecting neural
point radiance fields with a category-level self-similarity
representation. Our contribution is two-fold. (1) We de-
sign the first neural point representation on a category level
by utilizing the concept of coherent point clouds. The re-
sulting neural point radiance fields store a high level of de-
tail for locally supported object regions. (2) We learn how
information is shared between neural points in an uncon-
strained and unsupervised fashion, which allows to derive
unobserved regions of an object during the reconstruction
process from given observations. We show that SimNP is
able to outperform previous methods in reconstructing sym-
metric unseen object regions, surpassing methods that build
upon category-level or pixel-aligned radiance fields, while
providing semantic correspondences between instances.

1. Introduction

The human visual system succeeds in deriving 3D repre-
sentations of objects just from incomplete 2D observations.
Key to this ability is that given observations are successfully
complemented by previously learned information about the
3D world. Replicating this ability has been a longstanding
goal in computer vision.

Since the task of reconstructing complete objects re-
lies on generalization from a set of known examples, deep
learning is an intuitive solution. The common approach
is to use large amounts of data to train a category-level
model [35, 41, 54, 29, 13, 26, 25, 22, 31, 9, 44, 57] and let
the reconstruction process combine observations with the
prior knowledge learned from data, which we refer to as the
data prior. Notably, this introduces an inherent trade-off be-
tween contributions of the data prior and the observations.

On one extreme of the spectrum, NeRF-like meth-
ods [32, 55, 4] do not use a data prior at all. With a
high number of observations and an optimization process,
they are able to nearly perfectly reconstruct novel views of
scenes and objects. However, this renders them incapable of
deriving unseen regions. On the other extreme of the spec-
trum are methods that learn the full space of radiance or
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signed distance functions belonging to a specific object cat-
egory, such as SRN [41] and DeepSDF [35]. While these
methods succeed in learning a complete representation of
objects on an abstract level, they fail to represent individ-
ual details and the reconstruction process often performs
retrieval from the learned data prior [42]. A similar be-
haviour has also been observed for generative models based
on GANs [6] or diffusion [2], which yield visually impres-
sive results but still diverge from given observations.

The key challenge lies in combining the strengths of the
methods from both ends of the spectrum. While one can
perform a highly detailed reconstruction of the visible re-
gions, the object model should allow to reuse this informa-
tion in unseen regions. To this end, it is important to know
that most objects show many structured self-similarities,
often arising from different types of symmetries, such as
point/plane symmetries or more general variants. None
of the current approaches try to explicitly learn such self-
similarities to perform better inference.

This is where SimNP comes in. We propose a better
data prior vs. observation trade-off by combining the best of
both worlds: (1) a category-level data prior encoding self-
similarities on top of a (2) local representation with test-
time optimization. Instead of learning the full space of ra-
diance functions for a given category, we move to learning
a data prior one level of abstraction higher, i.e., we learn
how information can be shared between local object re-
gions. This enables us to learn characteristic self-similarity
patterns from training data, which are used to propagate in-
formation from visible to invisible parts during inference.

As learning a representation for category-level self-
similarities implies modeling relationships between local
regions of objects, a key observation in this work is that
neural point representations are especially well-suited to de-
scribe such relationships. Besides their capacity to capture
high-frequency patterns, the underlying sparse point cloud
allows for explicit formulations of similarities.

In summary, the contributions of our work are:

1. We present the first generalizable neural point radiance
field for representation of objects categories.

2. We propose a simple but effective mechanism that
learns general similarities between local object regions
in an unconstrained and unsupervised fashion.

3. We show that our model improves upon state of the art
in reconstructing unobserved regions from a single im-
age and by outperforming existing two-view methods
by a large margin. At the same time, it is more efficient
in training and rendering.

2. Related Work
Reconstruction from Observations Only While 3D re-
construction has traditionally been dominated by multi-

stage pipelines [38, 39], NeRF-like approaches [32, 55, 4]
revolutionized novel view synthesis by using a volumetric
density representation in continuous 3D space. Although
such approaches can achieve very accurate reconstructions,
they only work for the visible regions and require a large
number of input views.

Reconstruction with Data Priors To reduce the number
of input views required for the reconstruction, many ways
to leverage data priors have been proposed.

Pixel-Aligned methods such as PixelNeRF [54] lever-
age image-based rendering and use features that represent
data priors obtained from CNNs [47, 45] or vision trans-
formers [29] trained on large amounts of data. The fea-
ture for a 3D location in space is then derived from the
associated local 2D image features. Methods specialized
on multi-view input additionally utilize Multi-View Stereo
(MVS) [7, 10, 23]. FE-NVS [17] uses an autoencoder-like
architecture with a 2D and 3D U-Net. Voxel-Based ap-
proaches use an MLP taking in a local latent code [5, 30]
to learn a data prior of geometry and appearance for a sin-
gle voxel. Point-Based approaches [1, 37, 52] first obtain
a point cloud from an RGB-D sensor or with MVS, and
then initialize features for the points from CNNs similar
as in image-based rendering. In contrast to the above, our
method introduces a combined global and local representa-
tion. The local features of our approach can be optimized
during test time and are propagated to unobserved regions
via our learned category-specific attention.

Reconstruction with Object-Level Data Priors Early
works for 3D reconstruction from single or few images
leverage voxel grids [11, 16, 49]. However, while being
able to reconstruct complete objects, for the latter it was
shown that they do not actually perform reconstruction but
image classification [42] and are therefore on the far end of
data prior in the data prior vs. observation trade-off.

Some approaches model objects via 3D point clouds [13,
26, 25] but do not model surfaces and appearance. More
recently, approaches that model a continuous representa-
tion of 3D space with MLPs were proposed. Scene Rep-
resentation Networks [41] (SRN) model the scene as a con-
tinuous feature field in 3D space. Implicit representations
of surfaces were introduced in DeepSDF [35] and Occu-
pancy Networks [31, 9]. While these approaches can be
extended to model the appearance on the surfaces [53, 34],
recent approaches leverage neural radiance fields [22]. All
of the mentioned models can be parameterized by a global
latent code to model a distribution over objects as an object-
level data prior. However, since prior and representation are
global, the reconstructions usually lack details. In contrast,
our method learns a global geometry prior with local ap-
pearance features enabling higher frequency details. We are
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Figure 2: Overview of SimNP. Our method is a category-level, coherent neural point radiance field, where points are con-
nected to embedding vectors E via learnable attention scores A. The representation can be rendered using ray marching
and a neural renderer. (a) During training, all parameters (■, ■) are optimized using multi-view supervision. Networks,
features S, and scores are shared over the category (■), while embeddings are instance-specific (■). During inference, only
embeddings E (■) are optimized from observations. In case of similar points i, j (e.g., those shown in red), the network
learned ai,k ≈ aj,k ∀ k during training. Thus, supervision from one side means only one of points i and j needs to be visible
to infer the value of embedding k. (b) Given optimized embeddings, we can render the object from novel views.

the first to introduce a point-based neural radiance field rep-
resentation on object level.

Modeling Self-Similarity and Symmetry To our knowl-
edge, learning general self-similarities of 3D structures is
a novel concept and has not been explored before. How-
ever, many early works proposed to use or recover prede-
fined symmetries to obtain improved reconstructions [43,
33, 14, 20, 15, 27, 3, 40, 36, 8], which can be seen as a spe-
cific instance of self-similarity. More recent work performs
reconstruction of a single instance by jointly optimizing the
position and orientation of a symmetry plane [21] or pro-
viding the symmetry as input [28]. Modeling plane or rota-
tional symmetry is also common in object reconstruction in
the wild [51, 50, 24, 46]. However, the constraints are only
used for training and not for inference. In contrast to all
of the above, SimNP learns arbitrary self-similarities from
data without supervision.

VisionNeRF [29] extends PixelNeRF [54] with a Vision
Transformer (ViT) [12], which is able to globally propagate
features among different rays. Therefore, one can argue
that the transformer is able to learn category-level symme-
tries, but only implicitly, and only in 2D pixel space. In
contrast, SimNP operates directly in 3D and learns local
self-similarity relationships explicitly, which improves re-
constructions of symmetric parts, as our results show.

3. Self-Similarity Priors between Neural Points
In this section, we present SimNP. An overview is shown

in Figure 2. At the heart of our method is a neural point

representation that is comprised of a point cloud with at-
tached feature vectors P = (P,S,F) with point positions
P ∈ RN×3 and two sets of point features S ∈ RN×D and
F ∈ RN×D. The point features S are shared across the
whole category and encode a point identity, while features
F and positions P are individual for each instance, encod-
ing local density and radiance. Features F are not explicitly
stored but derived from embeddings E (c.f . Sec. 3.1). Note
that we require our point clouds to be coherent, meaning
that over different instances of one category, a single point
with index i describes roughly the same part of the object,
e.g., the area around the right rear mirror of a car.

Overview. The neural points are connected to a large set
of embeddings E via bipartite attention scores A represent-
ing our category-level self-similarity, which is further de-
tailed in Section 3.1. The neural point cloud can be volu-
metrically rendered from arbitrary views by using a network
to decode color and density as described in Section 3.2. We
employ the autodecoder framework [35], finding the opti-
mal embeddings via optimization in training and inference,
which is explained in Section 3.3. After assuming given
point clouds for the introduction of our neural point ra-
diance field, we cover the coherent point cloud prediction
from single images independently in Section 3.4.

3.1. Representing Category-Level Self-Similarity

We learn self-similarity by learning how information can
be shared between coherent neural points. There are two
characteristics why neural point clouds are a well-suited
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representation for learning such explicit self-similarities:
(1) They disentangle where the geometry is (represented
by P) from how it looks (represented by F) and (2) they
provide a discrete sampling of local parts that stays co-
herent across different instances due to this disentangle-
ment. Since, with coherent point clouds, category-level
self-similarities are invariant to variations in point location,
similarities can be formulated on top of the neural point fea-
tures F, independent of individual instances of P.

Formally, we store local density and radiance informa-
tion in a larger number of embeddings E ∈ RM×D and
connect these to our neural points by

F = softmax(A) ·E, (1)

where A ∈ RN×M are learnable attention scores between
N points and M embeddings. The matrix A is shared
across the whole category and encodes the category-level
self-similarity prior. It learns to connect two object points
to the same embeddings, if they are similar and share in-
formation (see also Figure 2). Then, during reconstruction
with single or few views, it is sufficient if an embedding
receives gradients from only one of the connected points.

3.2. Neural Point Rendering

Rendering a neural point cloud P = (P,S,F) follows
a ray casting approach with a single message passing step
from neural points to ray samples, similar to that of Point-
NeRF [52]. We cast rays through each pixel and sample
points along the rays. An inherent advantage of point-based
neural fields is that ray samples which are not in the vicin-
ity of any neural points can be discarded before neural net-
work application, which increases performance in contrast
to dense approaches.

The rendering network consists of two MLPs, a kernel
MLP Kθ describing local patches around each neural point,
and a rendering MLP Fψ producing density and radiance
from aggregated features. Given a ray sample point x ∈ R3,
an intermediate feature vector h is computed as

h =
1

W

∑

i∈N (x)

w(x,pi) ·Kθ(x− pi, fi, si), (2)

where N (x) contains the indices of the k-nearest neural
points (k = 8 in our case) of x from P within a radius
r. w is a weight based on inverse point distance:

w(x,pi) =
1

∥x− pi∥ 2

(3)

and W is the sum of weights in the neighborhood. Then,
the final radiance r and density σ are obtained as

(r, σ) = Fψ (h,d) (4)

based on features h and view direction d ∈ R3. For com-
puting N (x) we created a custom PyTorch extension that
implements an efficient, batch-wise voxel grid for ray sam-
ple k-nn queries in CUDA. The module is based on the
Point-NeRF code [52] and will be made publicly available
with the rest of the code.

Note that the rendering network is purely local, only re-
ceiving relative coordinates between ray samples and neural
points. Thus, it is only able to learn a local surface model
during training and no global, category-level information.
The shared features S are a key ingredient in this formu-
lation. In our studies, we found that they help to train a
high-quality category-level neural point renderer and that
they represent a density/radiance template of the category.
We refer to the supplemental material for further discussion.

3.3. Training and Inference

For training and inference, we adopt the autodecoder
framework [35, 5], thus, optimizing embeddings using
gradient descent instead of predicting them using an en-
coder. Recent research has shown that approaches based on
such test-time optimization have better capabilities when it
comes to accurately representing the given observation [52].

As input during training, we assume multi-view render-
ings of a large set of objects, including camera poses for
each view. For simplicity, we omit camera poses from the
following formulations. Let V = fθ,ψ(P,S,A,E) denote
the function that renders an image V from a neural point
cloud with positions P, embeddings E, attention scores A,
and shared features S from a given camera pose.

Training Given a dataset {(Pi, Ii,j)}K,Wi=j=1 of K objects
of one category with coherent point clouds Pi, and W ren-
derings {Ii,j}Wj=1 from random views for each object i, our
training procedure jointly optimizes embeddings Ei (omit-
ted here for simplicity), attention scores A, shared point
features S, and rendering network parameters θ, ψ:

Â, Ŝ, θ̂, ψ̂ = argmin
A,S,θ,ψ

∑

i,j

L (fθ,ψ(Pi,S,A,Ei), Ii,j) ,

(5)
where L is chosen as Mean Squared Error (MSE). After

training, we freeze point renderer parameters (θ̂, ψ̂), shared
features Ŝ and category-level symmetries Â, which are used
to guide gradients to the correct embeddings during test-
time optimization.

Inference During inference, we assume that the camera
pose is known. Given one or multiple views {Ij}Wj=1 and
the coherent point cloud P, we can find embeddings Ê by
test-time optimization:
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Figure 3: Coherent point cloud prediction. An MLP with bottleneck is used to enforce the point cloud to be constructed
as a low-rank deformation of a template (second to last layer output). During training, all trainable parameters (■, ■)
are optimized using ground-truth point cloud supervision. During inference, the embedding z (■) can be optimized using
different supervision signals: a ResNet predicting a point cloud from single image, mask, or depth.

Ê = argmin
E

∑

i

L
(
fθ̂,ψ̂(P, Ŝ, Â,E), Ii

)
. (6)

Afterwards, the example can be rendered from other views.

3.4. Coherent Point Clouds from Single Image

Until now, coherent point clouds were assumed as given
for the sake of simplicity. Still, they also have to be ob-
tained from a single image during test time and are a crucial
part of our method. We separate the point cloud prediction
from the rest of SimNP such that it can be tackled indepen-
dently. Note that we do not optimize point positions based
on rendering losses.

The full architecture for point cloud prediction is shown
in Figure 3. Just like for our rendering branch, we follow
the autodecoder framework in order to allow for flexible
supervision at test time. However, unlike the local neu-
ral point features for capturing fine details, we opt for a
global representation of the point cloud in form of a sin-
gle learnable latent code z ∈ Rl. During training, we op-
timize these embeddings jointly together with an MLP de-
coder Dϕ : Rl → RN×3 predicting the neural point coor-
dinates in canonical space, given by the normalized orien-
tation and position of ShapeNet objects. The output of the
second to last layer is a low-dimensional bottleneck in order
to serve as a low-rank representation of a high-dimensional
point template from RN×3 [18]. The global representation
together with this low-rank regularization allows us to al-
ways obtain coherent point clouds irrespective of the final
supervision signal.

Given point clouds {Pi}Ki=1 of training examples, we
train Dϕ and latent codes {zi}Ki=1 to minimize the 3D
Chamfer Distance (CD):

LCD =

K∑

i=1

CD(Dϕ(zi),Pi). (7)

As one form of point cloud supervision during test time,
we jointly train a ResNet18 [19] encoder with the image,

segmentation mask, and camera ray encodings [48] as in-
put to predict the same point cloud after decoding with Dϕ,
by minimizing the MSE. At test time, we optimize the la-
tent codes while keeping encoder and decoder fixed. At first
sight, it may seem counterintuitive to bring back an encoder
into the autodecoder framework. However, by parameter-
izing the latent code directly, we gain flexibility regarding
additional supervisory signals.

Two optional sources of additional point cloud supervi-
sion at test time are the segmentation mask and a depth map,
e.g., captured by an RGB-D camera. For the mask, we use
a 2D Chamfer loss between its pixel coordinates and the 2D
projection of the point cloud. Depth maps can be utilized
by projecting the individual depth samples into the world
frame and employing an asymmetric 3D Chamfer loss, i.e.,
minimizing the distance between each sample and its near-
est point in the point cloud. Note that although occluded
points from the perspective of the depth map are not explic-
itly supervised by this optional loss, they are still optimized
implicitly because of our global latent representation.

Besides leveraging these additional forms of data, test-
time optimization of the point cloud is directly compatible
with multi-view supervision. Given multiple views, the pa-
rameterized latent code z fuses the point clouds predicted
individually for each image by the encoder. The follow-
ing experimental results demonstrate that our neural point
representation can benefit significantly from flexible point
cloud supervision at test time.

4. Experiments and Results

In this section, we describe experiments made with
SimNP and present our results. The goal of the experi-
ments is to provide evidence for the following statements:
SimNP (1) improves on previous approaches in reconstruct-
ing unseen symmetric object parts (c.f. Section 4.2), (2)
learns correct self-similarities that respect symmetries of
the object category (c.f. Section 4.3), (3) provides a mean-
ingful representation that can be used for interpolation
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1 Input View 1 Input View (Sym.) 2 Input Views
Cat. Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

SRN [41] 22.22 0.893 0.107 22.05 0.893 0.106 24.82 0.920 0.093
PixelNeRF [54] 23.17 0.905 0.112 22.42 0.895 0.122 25.67 0.935 0.083
CodeNeRF1 [22] 23.80 0.91 0.106 —1 —1 —1 25.71 0.93 0.099
FE-NVS2 [17] 22.83 0.906 0.099 —2 —2 —2 24.64 0.927 0.085
VisionNeRF [29] 22.88 0.908 0.085 22.07 0.898 0.091 —3 —3 —3

Ours 23.00 0.911 0.081 22.67 0.910 0.084 26.69 0.948 0.055

C
ar

s

Ours + GT PC 23.69 0.920 0.077 23.31 0.916 0.080 27.29 0.953 0.051

SRN [41] 22.32 0.904 0.092 22.11 0.901 0.095 25.72 0.935 0.072
PixelNeRF [54] 23.72 0.913 0.101 23.15 0.906 0.109 26.21 0.941 0.070
CodeNeRF1 [22] 23.66 0.90 0.136 —1 —1 —1 25.63 0.91 0.129
FE-NVS2 [17] 23.21 0.920 0.077 —2 —2 —2 25.25 0.940 0.065
VisionNeRF [29] 24.48 0.930 0.077 23.88 0.925 0.085 —3 —3 —3

Ours 23.46 0.918 0.081 23.03 0.912 0.088 27.36 0.953 0.057

C
ha

ir
s

Ours + GT PC 25.80 0.940 0.071 25.24 0.934 0.077 28.43 0.961 0.053

Table 1: Novel view synthesis on ShapeNet cars and chairs. Our approach achieves state-of-the-art or competitive perfor-
mance in single-view reconstruction and outperforms previous baselines by a large margin in the two-view setting. While
PixelNeRF achieves a higher PSNR with single-view input, it can be seen that their results are blurry (c.f . Fig. 4a). Addition-
ally to the standard setup, (Sym.) provides results on all target views that show mostly the opposite object side to the input
view. We show results of our method using point cloud supervision (Ours + GT PC) at test time. These results are only to
identify the gap induced by errors in point cloud prediction. The results shown in the rest of the paper use the Ours setup.

(c.f. Section 4.4), (4) is a very efficient approach (c.f. Sec-
tion 4.5), and (5) is compatible with test-time pose opti-
mization (c.f. Section 4.6). We provide additional results
in the appendix, such as more qualitative results, ablation
studies, and an analysis of our point cloud prediction.

4.1. Experimental Setup

We conduct experiments for category-specific novel
view synthesis, given one or two input views. We make use
of the ShapeNet dataset provided by SRN [41], which com-
prises 3514 cars and 6591 chairs split into training, valida-
tion, and test sets. Each training instance has been rendered
from 50 random camera locations on a sphere around the
object. The test sets have 704 and 1318 examples, respec-
tively, all with the same 251 views from an Archimedean
spiral and the same lighting as during training. As done by
all baselines, view 64 and additionally view 104 are used as
input for single- and two-view experiments. The image res-
olution is 128× 128. We use PSNR, SSIM, and LPIPS [56]
to compare our approach with SRN [41], PixelNeRF [54],
FE-NVS [17], and VisionNeRF [29].

We use 512/4096 points and 512/128 32-dim. embed-
dings per object. The shared features are of dimensionality
64. After separate pretraining of the point cloud prediction,
we train for 0.9/1.2M iterations. At test time, the instance-
specific parameters are optimized for 10k iterations each.
Please refer to the suppl. mat. for additional information.

4.2. Single- and Two-View Reconstruction

Table 1 summarizes our quantitative results. We lever-
age three different test-time optimization setups. In our
main setup (Ours), we use the ResNet and the mask for
test time optimization of point clouds to ensure a fair com-
parison with previous approaches. This setup is used for all
comparisons and qualitative results shown. Furthermore,
we report results using ground-truth point clouds (Ours +
GT PC) and provide results with additional ground-truth
depth supervision in the supplement.

In single-view reconstruction of cars, SimNP outper-
forms the state-of-the-art in SSIM and LPIPS. We attribute
the small PSNR advantage of PixelNeRF to the blurriness of
its reconstructions visible in Fig. 4a, which is confirmed by
higher LPIPS. Also, we outperform PixelNeRF in inferring
symmetric regions, as we show in columns 3-6 in Table 1
and in Figure 4b. SRN lacks details due to its global rep-
resentation. PixelNeRF’s reconstructions are overly-blurry
in unseen regions, because pixel-aligned features are shared
along the same rays of the input view without respecting
the category-level self-similarities. VisionNeRF is not able
to consistently transfer uncommon local color variations
to symmetric object regions, which indicates a too strong

1CodeNeRF [22] does not provide trained models. Note that the input
views differ from the usual setup.

2FE-NVS [17] does not have public code. Thus, shown numbers are
taken from the paper/from authors, where available. SRN, PixelNeRF and
VisionNeRF are evaluated using the PixelNeRF calc metrics script.

3VisionNeRF [29] not applicable for multiple input views.
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(a) Qualitative single-view reconstruction.
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Figure 4: a) Our method enables more detailed reconstructions and can better transfer appearance information to symmetric
regions compared to SRN, PixelNeRF, and VisionNeRF. b) We show metric comparisons for each target view in the 251-view
SRN test spiral for single-view reconstruction of cars. As visible, our overall better performance can be attributed to views
showing regions symmetric to the input view (green areas and example views 10, 84, 175). Also, the related object-level
method SRN shows rather flat curves indicating a weak adaptation to observations. This is not the case for SimNP.

global prior. In contrast, as visible from Figure 4a and
Figure 1, our approach correctly transfers local patterns by
leveraging learned category-level self-similarities. As visi-
ble from Figure 4b and columns 3-6 in Table 1, it signifi-
cantly outperforms all baselines for views on regions with
symmetric counterparts in the input image.

Compared to cars, the chairs category exhibits a larger
variety in geometry but less texture details, leading to a
smaller advantage through the self-similarity prior. Still,
SimNP performs competitively compared to the baselines.
Moreover, our strong results under the assumption of a
given ground-truth point cloud (last rows in Table 1) indi-
cate further potential of our method in combination with an
improved point cloud prediction.

In the two-view setting, our approach surpasses previous
methods by a large margin on both categories. Here, the
benefit comes not only from modeling self-similarities but
also from our local point-based representation. The results
show that it is better suited for fusing multiple observations
than pixel-aligned methods, while at the same time being
able to fit details. Looking at the qualitative results in Fig. 5,

we can observe detailed reconstructions. In Tab. 2, we com-
pare different two view setup against each other. The same
side setup, which does observe one side of the object with
two views, already clearly improves the results.

4.3. Learned Self-Similarities

As SimNP learns category-level self-similarities explic-
itly, we can directly inspect them to gain more insights. For
visualizing the attention between neural points and embed-
dings, we proceed as follows. The rendering network com-
putes weights between ray samples and neural points (see
Eq. 3). By treating these weights just like RGB channels
during ray marching, we obtain the influence of each neu-
ral point on each pixel. Finally, we multiply the learned
category-level attention scores of a single embedding to
the respective neural point influence, resulting in the self-
similarity visualizations given in Figure 6. We describe the
visualization procedure in detail in the supplemental ma-
terial. Although we use as many embeddings as neural
points (for cars) such that the attention could learn a one-to-
one mapping, the representation learns to share information
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Cat. View Idx. PSNR↑ SSIM↑ LPIPS↓

single view (64) 23.00 0.911 0.081
2 v. close (63,64) 23.39 0.916 0.078

2 v. same side (44,64) 25.76 0.938 0.064C
ar

s

2 v. opposite (64,104) 26.69 0.948 0.055

single view (64) 23.46 0.918 0.081
2 v. close (63,64) 24.24 0.924 0.077

2 v. same side (44,64) 26.50 0.944 0.064C
ha

ir
s

2 v. opposite (64,104) 27.36 0.953 0.057

Table 2: Effect of input views. We evaluate different two
view setups, comparing two very close views, 2 views from
the same side of the object (approx. 90 degrees apart) and 2
views from opposite sides of the object. It can be seen that
even if one side of the object is not seen (same side setup),
the results improve strongly with 2 views.

InputsTargetOursPixelNeRFSRN

Figure 5: Two-view reconstruction. SimNP learns a high-
quality 3D object representation given only two input views.

between similar points. Further, we observe that the con-
nections for all embeddings are symmetric with respect to
a reflection plane, indicating that the method successfully
learned a prior about the plane symmetry of each category.

4.4. Meaningful Representation Space

Figure 7 provides results for interpolating the point cloud
latent code and/or the embeddings of two instances obtained
by multi-view fitting. SimNP learns a meaningful, disentan-

RGB Attention Scores for 4 Embeddings

Figure 6: Attention visualization. We render the influence
of four different embeddings per category (one per column)
on each ray, and visualize them on eight different exam-
ples. It becomes evident that embeddings specialize on self-
similar local areas, e.g., wheels, or front lights. All em-
beddings show plane symmetric patterns, showing that our
method recovers the symmetry of the category.

gled representation space allowing for smooth shape and/or
appearance transitions from one object to another. This is in
contrast to pixel-aligned methods, which are not suited for
interpolation. As an example, Fig. 8 shows a comparison
with VisionNeRF, for which interpolation of the intermedi-
ate feature maps results in pixel space interpolation.

4.5. Efficient Representation

SimNP renders a frame in 59ms, which is more than an
order of magnitude faster than the pixel-aligned methods
PixelNeRF (2.116s) and VisionNeRF (2.700s). We can-
not fairly compare against FE-NVS, as no public code is
available. The evaluation they provide in the paper is us-
ing amortized rendering, which is not comparable, as it only
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Figure 7: Disentangled interpolation. Our point-based
representation disentangles the basic shape from appear-
ance. Point cloud latent code z and embeddings E can
be interpolated independently resulting in a smooth shape
and/or appearance transition between different objects.
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Figure 8: Interpolation comparison. Unlike VisionNeRF,
which sticks to interpolation in pixel space for views sim-
ilar to the input perspective, SimNP enables semantically
meaningful interpolation like SRN but with more details.

works on many views simultaneously. However, we suspect
that their method is also very fast. We train our method on
a single A40 GPU for ≈ 1.6 days. In comparison, SRN and
PixelNeRF take 6 days on an RTX 8000 or Titan RTX, re-
spectively, FE-NVS 2.5 days on 30 V100, and VisionNeRF
around 5 days on 16 A100 GPUs, according to the authors.
Overall, our method is very efficient with resource-efficient
training and fast rendering that shows potential to be applied
to larger scale reconstruction in future work.

4.6. Pose Optimization

To alleviate the assumption of a known camera pose at
test time, we investigate optimization of camera parameters.
More precisely, for each test example, we initialize eight
evenly distributed camera locations on the sphere around

InputInput

w
/o

w
/

T
ar
ge
t

Figure 9: Pose Optimization. SimNP is compatible with
camera pose optimization. The figure compares single-view
reconstruction results with and without given camera pose.

the object. The rotation matrix is always defined by the z-
axis pointing towards the sphere center and the y-axis point-
ing upwards. At test time, we first initialize the point cloud
latent using an encoder without ray encodings. Then, the
pose in form of the camera location on the sphere is opti-
mized by minimizing the Chamfer loss between the mask’s
pixel coordinates and the 2D projection of the point cloud.
Lastly, we further finetune the point cloud with the Cham-
fer loss and optimize the embeddings for reconstruction of
the input image. We select the pose that leads to the best
reconstruction based on LPIPS against the single input im-
age. Fig. 9 shows a comparison given vs. optimized camera
pose. We achieve competitive performance (0.116 LPIPS)
compared with CodeNeRF (0.114) without camera poses.

5. Conclusion

We presented SimNP, the first object-level representa-
tion based on neural radiance fields, utilizing shared atten-
tion scores to learn category-specific self-similarities. Our
method reaches state-of-the-art quality in single- and two-
view reconstruction, while being highly efficient. Overall,
it achieves a better data prior vs. observation trade-off.
The improvements can be contributed to (1) leveraging a
local neural point radiance field for the representation of
object categories and (2) correctly propagating information
between similar regions.

Limitations and Future Work The main limitation of
SimNP is the assumption of a canonical space with ground-
truth point clouds during training, which prohibits direct ap-
plication on in-the-wild datasets. Therefore, an improved
point cloud prediction in camera frame could be an excit-
ing path for future work. Furthermore, we believe that it
is promising to relax the point identities and to apply our
self-similarity priors on a scene level to obtain large-scale,
prior-driven reconstruction.
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