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ABSTRACT

Driven by the appealing properties of neural fields for storing and communicating
3D data, the problem of directly processing them to address tasks such as classi-
fication and part segmentation has emerged and has been investigated in recent
works. Early approaches employ neural fields parameterized by shared networks
trained on the whole dataset, achieving good task performance but sacrificing
reconstruction quality. To improve the latter, later methods focus on individual
neural fields parameterized as large Multi-Layer Perceptrons (MLPs), which are,
however, challenging to process due to the high dimensionality of the weight space,
intrinsic weight space symmetries, and sensitivity to random initialization. Hence,
results turn out significantly inferior to those achieved by processing explicit repre-
sentations, e.g., point clouds or meshes. In the meantime, hybrid representations,
in particular based on tri-planes, have emerged as a more effective and efficient
alternative to realize neural fields, but their direct processing has not been investi-
gated yet. In this paper, we show that the tri-plane discrete data structure encodes
rich information, which can be effectively processed by standard deep-learning
machinery. We define an extensive benchmark covering a diverse set of fields
such as occupancy, signed/unsigned distance, and, for the first time, radiance fields.
While processing a field with the same reconstruction quality, we achieve task
performance far superior to frameworks that process large MLPs and, for the first
time, almost on par with architectures handling explicit representations.

1 INTRODUCTION

A world of neural fields. Neural fields (Xie et al., [2021) are functions defined at all spatial
coordinates, parameterized by a neural network such as a Multi-Layer Perceptron (MLP). They have
been used to represent different kinds of data, like image intensities, scene radiances, 3D shapes, etc.
In the context of 3D world representation, various types of neural fields have been explored, such as
the signed/unsigned distance field (SDF/UDF) (Park et al.l 2019; Chibane et al., [2020; Gropp et al.,
2020; Takikawa et al., [2021]), the occupancy field (OF) (Mescheder et al., 2019} |Peng et al.| |2020),
and the radiance field (RF) (Mildenhall et al., 2020b). Their main advantage is the ability to obtain a
continuous representation of the world, thereby providing information at every point in space, unlike
discrete counterparts like voxels, meshes, or point clouds. Moreover, neural fields allow for encoding
a 3D geometry at arbitrary resolution while using a finite number of parameters, i.e., the weights of
the MLP. Thus, the memory cost of the representation and its spatial resolution are decoupled.

Recently, hybrid neural fields (Xie et al.,[2021]), which combine continuous neural elements (i.e.,
MLPs) with discrete spatial structures (e.g., voxel grids (Peng et al.| 2020), point clouds (Tretschk
et al.,2020), etc.) that encode local information, are gaining popularity due to faster inference (Reiser
et al.| [2021), better use of network capacity (Rebain et al.| [2021)) and suitability to editing tasks (Liu
et al.,[2020). In particular, the community has recently investigated tri-planes (Chan et al.| 2022), a
type of hybrid representation whose discrete components are three feature planes (xy, yz, zz), due to
its regular grid structure and compactness. Tri-planes have been deployed for RF (Hu et al.| 2023)
and SDF (Wang et al., 2023).
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Figure 1: Left: Neural processing of hybrid neural fields allows us to employ well-established
architectures to tackle deep learning tasks while avoiding problems related to processing MLPs, such
as the high-dimensional weight space and the random initialization. Right: We achieve performance
better than other works on this topic, close to methods that operate directly on explicit representations.
without sacrificing the reconstruction quality of neural fields.

Neural processing of neural fields. As conjectured in|De Luigi et al.[(2023)), due to their advantages
and increasing adoption in recent years, neural fields may become one of the standard methods for
storing and communicating 3D information, i.e., repositories of digital twins of real objects stored
as neural networks will become available. In such a scenario, developing strategies to solve tasks
such as classification or segmentation by directly processing neural fields becomes relevant to utilize
these representations in practical applications. For instance, given a NeRF of a chair, classifying the
weights of the MLP without rendering and processing images would be faster, less computationally
demanding, and more straightforward, e.g., there is no need to understand where to sample the 3D
space as there is no sampling at all.

Earlier methods on the topic, such as Functa (Dupont et al., |2022), approached this scenario with
shared networks trained on the whole dataset conditioned on a different global embedding for each
object. In this case, a neural field is realized by the shared network plus the embedding, which is then
processed for downstream tasks. However, representing a whole dataset with a shared network is
difficult, and the reconstruction quality of neural fields inevitably drops (see the plot in Fig. [I). For
this reason, later approaches such as inr2vec (De Luigi et al., 2023)), NFN (Zhou et al.,2023b)), NFT
(Zhou et al.} 2023b)), and DWSNet (Navon et al.,|2023) propose to process neural fields consisting of
a single large MLP, such as SIREN (Sitzmann et al.,|2020), for each object. Although this strategy
effectively maintains the reconstruction capabilities of neural fields, task performance suffers due to
the challenges introduced by the need to handle MLPs, such as the large number of weights and the
difficulty of embedding inductive biases into neural networks aimed at processing MLPs. Moreover,
randomly initialized MLPs trained on the same input data can converge to drastically different regions
of the weight space due to the non-convex optimization problem and the symmetries of neural weight
spaces (Entezari et al., 2021} |Ainsworth et al.|[2023)). Thus, identifying a model capable of processing
MLPs and generalizing among all possible initializations is not straightforward. Previous works
partially address these problems: inr2vec proposes an efficient and scalable architecture, and bypasses
the initialization problem by fixing it across MLPs; NFN, NFT, and DWSNet design networks that
are equivariant to weight symmetries. Nonetheless, all previous methods processing neural fields
realized as single MLPs achieve unsatisfying performance, far from established architectures that
operate on explicit representations, e.g., point clouds or meshes, as shown in Fig. [T|right.

Neural processing of tri-plane neural fields. To overcome the limitations of previous approaches
and given the appealing properties of hybrid representations, in this paper, we explore the new
research problem of tackling common 3D tasks by directly processing tri-plane neural fields. To
this end, we analyze the information stored in the two components of this representation, which
comprises a discrete feature space alongside a small MLP, and find out that the former contains rich
semantic and geometric information. Based on this finding, we propose to process tri-plane neural
fields by seamlessly applying, directly on the discrete feature space, standard neural architectures
that have been developed and engineered over many years of research, such as CNNs (He et al.|
2016) or, thanks to tri-plane compactness, even Transformers (Vaswani et al.| 2017) (Fig. E] left).
Moreover, we note empirically that the same geometric structures are encoded in tri-planes fitted on
the same shape from different initializations up to a permutation of the channels. Thus, we exploit
this property to achieve robustness to the random initialization problem by processing tri-planes with
standard architectures that are made invariant to permutation of the channels. We achieve much better
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performance than all previous methods in classifying and segmenting objects represented as neural
elds, almost on par with established architectures that operate on explicit representations, without
sacri cing the representation quality (F[g. 1).

Summary of our contributions. Code available athttps://github.com/CVLAB-Unibo/
triplane processing

We set forth the new research problem of solving tasks by directly processing tri-plane neural elds.
We show that the discrete features encode rich semantic and geometric information, which can be
elaborated by applying well-established architectures. Moreover, we note how similar information is
stored in tri-planes with different initializations of the same shape. Yet, the information is organized
with different channel orders.

We show that applying well-established architectures on tri-planes achieves much better results than
processing neural elds realized as a large MLP. Moreover, we reveal that employing architectures
made invariant to the channel order improves performance in the challenging but more realistic
scenario of randomly initialized neural elds. In this way, we almost close the gap between methods
that operate on explicit representations and those working directly on neural representations.

To validate our results, we build a comprehensive benchmark for tri-plane neural eld classi cation.
We test our method by classifying neural elds that model various eldBF, SDF, OF, RF).
In particular, to the best of our knowledge, we are the rst to classify NeRFs without explicitly
reconstructing the represented signal.

Finally, as the tri-plane structure is independent of the represented eld, we train a single network
to classify diverse tri-plane neural elds. Speci cally, we show promising preliminary results of a
unique model capable of classifyitdpF, SDF, andOF.

2 RELATED WORK

Neural elds. Recent approaches have shown the ability of MLPs to parameterize elds representing
any physical quantity of interest (Xie etlal., 2021). The works focusing on representing 3D data with
MLPs rely on tting functions such as the unsigned distance (Chibane€ gt al., 2020), the signed distance
(Park et al., 2019; Gropp etfal., 2020; Sitzmann éf al., 2019; Jiang let al|, 2020; Pehg et al., 2020), the
occupancy (Mescheder et|al., 2019; Chen & Zhang, 2019), or the scene radiance (Mildenhall et al.,
2020a). Among these approaches, SIREN (Sitzmann &t al.| 2020) uses periodic activation functions
to capture high-frequency details. Recently, hybrid representations, in which the MLP is paired with
a discrete data structure, have been introduced within the vision and graphic communities motivated
by faster inference (Reiser et|al., 2021), better use of network capacity (Rebajn et &l., 2021) and
suitability to editing tasks (Liu et al., 20R0). These data structures decompose the input coordinate
space, either regularly, such as for voxel grids (Reiserlet al., 2021; Fridovich-Keijl et al.| 2022; Liu
et al|| 2020), tri-plane$ (Wang etl|al., 20P23; Chan et al., 2022; Wu & Zlheng| 2022; Hu et al., 2023),
and 4D tensors (Chen et al., 2022), or irregularly, such as for point clouds (Tretschk et al., 2020),
and meshes (Peng et al., 2021). Unlike these works, we do not focus on designing a neural eld
representation, but we investigate how to directly process hybrid elds to solve tasks such as shape
classi cation and 3D part segmentation. We focus on tri-planes due to their regular grid structure and
compactness, which enable standard neural networks to process them seamlessly and effectively.

Neural functionals. Several recent approaches aim at processing functions parameterized as MLPs
by employing other neural networks. MLPs are known to exhibit weight space symmetries (Hecht-
Nielsen, 1990), i.e., hidden neurons can be permuted across layers without changing the function
represented by the network. Works such as DWSNet (Navon et al., 2023), NFN (Zhou et al., 2023a),
and NFT (Zhou et al., 2023b) leverage weight space symmetries as an inductive bias to develop novel
architectures designed to process MLPs. Both DWSNet and NFN devise neural layers equivariant to
the permutations arising in MLPs. In contrast, NFT builds upon the intuition of achieving permutation
equivariance by removing positional encoding from a Transformer architecture. Among the works
processing MLPs, inr2vec (De Luigi et al., 2023) is the rst that focuses speci cally on MLPs
representing 3D neural elds. It proposes a representation learning framework that compresses neural
elds of 3D shapes into embeddings, which can then be used as input for downstream tasks. In
the scenario addressed by inr2vec, DWSNet, NFN, and NFT, each neural eld is parameterized
by its own MLP. Differently, the framework proposed in Functa (Dupont et al., 2022) relies on
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Figure 2: Left: Tri-plane representation and learning of each neural dRight: Datasets are
composed of many independent tri-plane hybrid neural elds, each representing a 3D object.

learning priors on the whole dataset with a shared network and then encoding each sample in a
compact embedding. In this case, each neural eld is parameterized by the shared network plus
the embedding. In particular, Functa (Dupont et al., 2022) leverages meta-learning techniques to
learn the shared network, which is modulated with latent vectors to represent each data point. These
vectors are then used to address both discriminative and generative tasks. It is worth pointing out
that, though not originally proposed as a framework to process neural elds, DeepSDF (Park et al.,
2019) learns dataset priors by optimizing a reconstruction objective through a shared auto-decoder
network conditioned on a shape-speci c embedding. Thus, as investigated in De Luigi et al. (2023),
the embeddings learnt by DeepSDF may be used for neural processing tasks similar to Functa's.
However, as noted in De Luigi et al. (2023), shared network frameworks are problematic, as they
cannot reconstruct the underlying signal with high delity and need a whole dataset to learn the
neural eld of an object. Thus, akin to inr2vec, DWSNet, NFN, and NFT, we adopt the setting in
which an individual network represents each sample in a dataset, as it is easier to deploy in the wild
and thus more likely to become the standard practice in neural eld processing. Unlike all previous
works, however, we process hybrid neural elds that combine an MLP with a discrete spatial data
structure. By only processing the discrete component, we circumvent the issues arising from directly
processing MLP weights and obtain remarkable performance.

3 TRI-PLANE HYBRID NEURAL FIELDS

3.1 PRELIMINARIES

Neural elds. A eld is a physical quantity de ned for all domain coordinates. We focus on elds
describing the 3D world, and thus &? coordinate = (x;y;z). We consider the 3D elds
commonly used in computer vision and graphics, i.e. 3B& (Park et al., 2019) andDF (Chibane

et al., 2020), which map coordinates to the signed an unsigned distance from the closest surface,
respectively, th®©F (Mescheder et al., 2019), which computes the occupancy probability, and the
RF (Mildenhall et al., 2020b), that outpufR; G; B)) colors and density. A eld can be modelled

by a function, , parameterized by. Thus, for any poinp, the eld is givenby§ = ( p; ). If
parameters are the weights of a neural network,is said to be a neural eld. On the other hand, if

some of the parameters are the weights of a neural network, whereas the rest encode local information
within a discrete spatial structure,is a hybrid neural eld (Xie et al., 2021).

Tri-plane representation. A special case of hybrid neural elds, originally proposed in Chan
et al. (2022), is parameterized by a discrete tri-plane feature Tagnd a small MLP network,
M (Fig. 2, left). T consists of three orthogonal 2D feature mapsz (Fyy; Fxz;Fyz), with
Fyxy:FxziFyz 2 R H W whereC is the number of channels akid; H are the spatial dimensions
of the feature maps. The feature vector associated with a 3D poiigt,computed by projecting
the point onto the three orthogonal planes so to get the 2D coordipajeg . , andpy;, relative

to each plane. Then, the four feature vectors corresponding to the nearest neighbours in each plane
are bi-linearly interpolated to calculate three feature vectgysfy, , andfy, , which are summed
up element-wise to obtain= fy, + fy, + f,;,f 2 R®. Finally, we concatenatewith a positional
encoding (Mildenhall et al., 2020bYE , of the 3D pointp and feed it to the MLP, which in turn
outputs the eld value ap: § = ( p; ) = M([f;PE]). We implementM with sin activation
functions (Sitzmann et al., 2020) to better capture high-frequency detalils.



Published as a conference paper at ICLR 2024

Mesh fromSDF Point Cloud fromUDF
Method Type # Params (K) CD (mm) F-score (%) CD (mm) F-score (%)
inr2vec (De Luigi et al., 2023)  Single 800 0.26 69.7 0.21 65.5
Tri-plane Single 64 0.18 68.6 0.24 60.7
Tri-plane Shared 64 1.57 42.9 3.45 33.3
DeepSDF (Park et al., 2019) Shared 2400 6.6 25.1 5.6 5.7
Functa (Dupont et al., 2022) Shared 7091 2.85 21.3 12.8 5.8

Table 1:Results of mesh and point cloud reconstruction on the Manifold40 test setSingle” and
“Shared” indicate neural elds trained on each shape independently or on the whole dataset.

Learning tri-planes. To learn a eld, we optimize &T; M) pairfor each 3D objectstarting from
randomly initialized parameters, for bothM andT. We sampleéN pointsp; and feed them td

andM to compute the corresponding eld quantiti@és= ( pi; ). Then, we optimize with a

loss,L, capturing the discrepancy between the predicted @idand the ground trutl;, applying

an optional mapping between the output and the available supervision if needed (e.g., volumetric
rendering in case d®F). An overview of this procedure is shown on the left of Fig. 2 and described in
detail in Appendix A. We repeat this process for each 3D shape of a dataset, thereby creating a dataset
of tri-plane hybrid neural elds (Fig. 2, right). We s€tto 16 and botltH andW to 32. We use

MLPs with three hidden layers, each having 64 neurons. We note that our proposal is independent of
the learning procedure, and, in a scenario in which neural elds are a standard 3D data representation,
we would already have datasets available.

3.2 TRI-PLANE ANALYSIS

We investigate here the bene ts of tri-planes for 3D data representation and neural processing. Firstly,
we assess their reconstruction capability, which is crucial in a world where neural elds may be used
as a standard way to represent 3D assets. Secondly, we analyze the information learned in the 2D
planes and how to be robust to the random initialization problem when handling tri-planes.

Reconstruction quality. We assess the tri-plane reconstruction performance by following the
benchmark introduced in De Luigi et al. (2023). In Table 1, we present the quantitative outcomes
obtained by ttingSDFs andUDFs from meshes and point clouds of the Manifold40 dataset (Hu et al.,
2022). We compare with neural elds employed in inr2vec (De Luigi et al., 2023) and alternatives
based on a shared architecture, such as DeepSDF (Park et al., 2019) and Functa (Dupont et al., 2022).
Given theSDFandUDF elds learned by each framework, we reconstruct the explicit meshes and
point clouds as described in Appendix B.1 and evaluate them against the ground-truths. To conduct
this evaluation, we sample dense point clouds of 16,384 points from both the reconstructed and
ground-truth shapes. We employ the Chamfer Distance (Fan et al., 2017) and the F-Score (Tatarchenko
et al., 2019) to evaluate delity to ground-truths. As for meshes, the tri-planes representation stands
out with the lowest Chamfer Distance (CD) (0.18 mm), indicating its excellent reconstruction quality
despite the relatively small number of parameters (only 64K). For point clouds, tri-planes produce
reconstructions slightly worse than inr2vec but still comparable, i.e., 0.21m vs 0.24mm CD. In
Appendix B.2 (Fig. 10), we show reconstructions attained from tri-plane representations for various
types of elds. Moreover, in agreement with the ndings of De Luigi et al. (2023), Table 1 shows that
shared network frameworks such as DeepSDF and Functa yield signi cantly worse performance in
terms of reconstruction quality. We nally point out how sharing the MLP for all tri-planes is not as
effective as learning individual neural elds (third vs second row). These results support our intuition
that reconstruction quality mandates hybrid neural elds optimized individually on each data sample
and highlight the importance of investigating the direct neural processing of these representations.
In Appendix B.3 (Fig. 5, Fig. 6), we show the reconstructions obtained by tri-planes and the other
approaches considered in our evaluation.

Tri-plane content. To investigate how to directly process tri-plane neural elds, we inspected the
content of their discrete spatial structure by visualizing the features stored in a plane alongside the
view of the object rendered from the vantage point corresponding to the plane. Examples of these
visualizations are depicted in Fig. 3 (left) for various objects such as a car, an airplane, and a bottle.
To visualize features as a single image, displayed Wayidis colormap, we take a sum across the
feature channels at each spatial location. These visualizations show clearly that the tri-plane spatial
structure learns the object shape, i.e., it contains information about its geometry. For this reason
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Figure 3:Left: For three different hybrid neural elds (from top to bottof8DF, UDF, RF) we

render a view of the reconstructed 3D object alongside the corresponding tri-plane feature map.
Right: From left to right, reconstructions of twiri-plane MLP) pairs with different initializations,
namely(Ta;Ma) and(Tg ; Mg ); the mixed pai(Ta; Mg ); a channel permutation dfy andMg .

and further investigations reported in Appendix D, we conjecture, and demonstrate empirically in
subsequent sections, that to tackle tasks such as classi cation and segmentation we can discard the
MLPs and process only the tri-plane structure of the neural elds. Remarkably, the regular grid
structure of tri-planes allows us to deploy popular and effective neural architectures, such as CNNs
and Transformers. On the contrary, direct ingestion of MLPs for neural processing is problematic and
leads to sub-optimal task performance.

Random initialization. Furthermore, we investigate the effect of random initializations on tri-plane
neural elds. We note here that by “random initialization” we mean that €aéiplane MLP)

pair adheres to the same initialization scheme but has a different random seed (see Appendix E.5).
We nd out empirically that the main difference between tri-plane structures learnt from different
optimizations of the same shape lies in the channel order within a feature plane. Indeed, we conducted
experiments where we t the same 3D shape twice (see Fig. 3 (right)), starting from two random
initializations of both the tri-plane structure and the MLP weights. Although the geometric content
of the two tri-planes is similar, due to the different initialization, the tri-plane learnt in the rst

run cannot be used with the MLP obtained in the second (third column of Fig. 3, right side), and
vice-versa. However, it is always possible to nd a suitable permutation of the channels of the rst
tri-plane such that the second MLP can correctly decode its features (fourth column of Fig. 3, right
side), and vice-versa. We found the right permutation by a brute-force search based on maximizing
reconstruction quality. To make the search feasible, we used a smaller number of channels, i.e.,
C = 8 rather tharC = 16. Still, the experimental results in Section 4.1 support our belief that the
main source of variance across randomly initialized tri-plane optimizations of the same shape consists
of a permutation of the channel order. Thus, unlike neural elds realized as MLPs, with tri-planes,

it is straightforward to counteract the nuisances due to random initialization by adopting standard
architectures made invariant to the channel order.

3.3 ARCHITECTURES FOR NEURAL PROCESSING OF TRHLANE NEURAL FIELDS

Based on the above analysis, we propose to process tri-planes with Transformers (Vaswani et al.,
2017). In particular, we propose to rely on a Transformer encoder without positional encoding, which

is equivariant to token positions. By tokenizing tri-planes so that each token represents a channel of a
plane, such architecture seamlessly computes representations equivariant to the order of the channels.
Speci cally, we unroll each channel of sit¢ W, to obtain a token of dimensiddW within a
sequence of lengtBC tokens. These tokens are then linearly projected and fed into the Transformer.
The output of the encoder is once again a sequen8€ abkens.

For global tasks like classi cation, the output sequence is subsequently subjected to a max pool
operator to obtain a global embedding that characterizes the input shape. In our experiments, this
embedding is then processed through a stack of fully connected layers to compute the logits. The
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