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Abstract

Implicit neural representations (INRs) have become an
important method for encoding various data types, such as
3D objects or scenes, images, and videos. They have proven
to be particularly effective at representing 3D content, e.g.,
3D scene reconstruction from 2D images, novel 3D content
creation, as well as the representation, interpolation and
completion of 3D shapes. With the widespread generation
of 3D data in an INR format, there is a need to support ef-
fective organization and retrieval of INRs saved in a data
store. A key aspect of retrieval and clustering of INRs in a
data store is the formulation of similarity between INRs that
would, for example, enable retrieval of similar INRs using a
query INR. In this work, we propose INRet (INR Retrieve),
a method for determining similarity between INRs that rep-
resent shapes, thus enabling accurate retrieval of similar
shape INRs from an INR data store. INRet flexibly sup-
ports different INR architectures such as INRs with octree
grids, triplanes, and hash grids, as well as different im-
plicit functions including signed/unsigned distance function
and occupancy field. We demonstrate that our method is
more general and accurate than the existing INR retrieval
method, which only supports simple MLP INRs and requires
the same architecture between the query and stored INRs.
Furthermore, compared to converting INRs to other rep-
resentations (e.g., point clouds or multi-view images) for
3D shape retrieval, INRet achieves higher accuracy while
avoiding the conversion overhead.

1. Introduction

Implicit neural representations (INRs) have become an im-
portant approach for representing various types of data, in-
cluding images, videos, audio, and 3D content [14, 26, 40,
54]. Instead of storing the data explicitly (such as RGB
pixel values for images or meshes for 3D data), INRs typi-
cally encode the data implicitly by training a neural network
that maps an input location to an output value. Compared

to traditional representations, INRs offer several key ad-
vantages including a compact and differentiable representa-
tion, and the ability to be decoded at any resolution [8, 30].
INRs have seen many applications including neural com-
pression [14, 54], super-resolution, and super-sampling for
images and videos [7, 9]. More importantly, INRs have
emerged as a promising approach for learning and repre-
senting 3D content, including learning 3D neural radiance
field (NeRF) from 2D images for novel view synthesis,
combining with image diffusion models for 3D model gen-
eration, as well as the representation, interpolation and com-
pletion of 3D shapes [26, 30, 32]. Given the promising ad-
vantages of INRs, they are expected to become an impor-
tant format for representing and storing 3D visual data. As
more and more 3D visual data are generated in this format,
we need a way to store, organize, and retrieve them as re-
quired.

A key aspect of organizing and retrieving INRs in a data
store involves defining a similarity measure between INRs.
This enables the retrieval of any stored INR from a database
or data store using a query, such as an image or another
similar INR. For instance, accurate INR retrieval can facili-
tate finding a similar but more detailed model or alternative
recommended models from a collection of Al-generated
3D models or reconstructed models of real scenes. Re-
trieval of similar INRs from a store can also be potentially
used in content creation pipelines [15], for applications
such as scene completion [38] and shape enhancement [3].
Prior research has explored methods to determine similarity
and retrieve 3D models represented by traditional formats
like point clouds [33-35], meshes [16, 22, 27], and voxel
grids [46, 47]. These approaches typically involve encoding
shapes into embeddings using deep neural networks, where
the similarity between shapes is indicated by the cosine sim-
ilarity of their embeddings. However, there is little research
on determining similarity and enabling the retrieval of INRs
in a data store.

In this work, our goal is to design a method that ac-
curately and efficiently determines the similarity between



INRs that represent shapes in a data store. This enables ac-
curate retrieval of similar shapes (represented as INRs) from
an INR data store using a query INR, as well as the cluster-
ing and organization of INRs representing similar shapes in
the data store.

There are several challenges in enabling the accurate re-
trieval of shapes represented as INRs. Firstly, INRs can
have many different architectures. For example, INRs can
be multilayer perceptrons (MLPs) with different activation
functions [30, 39] or more commonly, a combination of
MLPs and different types of spatial feature grids, such
as octrees [42], triplanes [4], and hash grids [29]. The
only prior works that enable determining similarity between
INRs only support an MLP-based architecture [13, 36],
which is less commonly used today due to their limitation
in representation capacity and training speed. This raises a
challenge in how to flexibly support MLP-only INRs, fea-
ture grid-based INRs, and possibly any future architectures
the query/stored INRs may have. Secondly, INRs can rep-
resent similar shapes using different implicit functions. For
example, to represent 3D shapes, signed distance function
(SDF), unsigned distance function (UDF), and occupancy
field (Occ) are common implicit functions that INRs can en-
code [11, 25, 30]. Different implicit functions are used be-
cause of their different advantages and heterogeneity of the
source 3D data. First, these functions are capable of captur-
ing different information of the same shape. For example,
as we will demonstrate in Fig. 3, a car can be represented
as a multi-layered car using UDF, capturing more intricate
details inside the car. The same car can also be represented
with an SDF, such a representation can facilitate the creation
of watertight surfaces that clearly delineate the car’s interior
from its exterior. This characteristic of SDFs is particularly
advantageous for applications requiring clear boundary def-
initions, such as voxelization and marching cubes [18, 23].
Second, the heterogeneity of source data often dictates the
choice of implicit function. For example, UDF INRs are
most commonly used to encode point clouds [11, 55]. Dif-
ferent shape generation methods can also produce different
representations; Pix2Vox generates voxel grids [51], while
other efforts like SDFusion and AutoSDF opt for SDF to
represent shapes [10, 28]. Therefore, it is essential to de-
velop a general method that is effective across a broad spec-
trum of INR architectures and implicit functions, a solution
that has yet to be achieved in current literature.

In this work, we investigate different approaches to en-
able 3D shape retrieval and similarity estimation for INRs
while addressing these challenges. We propose INRet, a
framework that enables identifying similar INRs and thus
accurate retrieval of similar INRs given a query INR. IN-
Ret flexibly supports INRs that use any architecture as well
as any implicit function. We also compare INRet with re-
trieval using existing approaches for traditional representa-

tions (for example, point clouds and multi-view images) by
simply converting the shape INRs into these representations
for retrieval.

With INRet, we determine the similarity between INRs
by first generating embeddings for each INR. The similarity
between these INRs is then estimated by calculating the co-
sine similarity of their embeddings. We now describe how
we generate embeddings that are general across different
INR architectures and implicit functions, allowing for com-
parison in a common embedding space.

First, we design an INR Embedding Encoder (hereafter
referred to as Emb. Encoders) that generates an embedding
from the weights of the INR MLP and the learned pa-
rameters of the INR’s feature grid. The key idea behind
Emb. Encoder is to encode the MLP and feature grid of the
INR using an MLP encoder and a Conv3D encoder respec-
tively. This encoder supports both MLP-only INRs and
INRs with feature grids. The Conv3D encoder can take
in learned feature vectors from any spatial grid as input.
In this work, we demonstrate this generality with octree
grids (NGLOD), triplanes (EG3D), and multi-resolution
hash grids (iNGP) [4, 29, 42]. The embeddings created
from these encoders are then concatenated to create the
INR embedding for shape retrieval. To train these encoders,
we also simultaneously train a Shape Decoder that receives
the INR embedding as input and outputs the INR’s implicit
function. The decoder is trained to approximate the implicit
function values of the INRs used for training.

Second, to support retrieval of different implicit func-
tions, we use separate Emb. Encoder to encode INRs with
different implicit functions. They are however trained to
generate embeddings that are consistent across different im-
plicit functions. To do this, during the encoder training pro-
cess, we generate INRs and the corresponding INR embed-
dings, representing UDF, SDF, and Occ for each training 3D
shape. We then introduce two key regularization techniques
to unify the embedding space. The first technique involves
applying an explicit L2 Loss to reduce the discrepancies
between embeddings of INRs that (despite their different
implicit functions) represent the same shape. The second
regularization is to use a Unified Shape Decoder that out-
puts a single type of implicit function value (such as UDF)
for all three implicit functions. The Shape Decoder is only
used to assist the training of Emb. Encoders, by using a Uni-
fied Shape Decoder, we improve the generality of the INR
embedding created across different implicit functions. Our
findings indicate that the Unified Shape Decoder approach
greatly contributes to unifying the latent space. We show
that applying both regularizations is essential for ensuring
the high retrieval accuracy of INRs across different implicit
functions.

We demonstrate the effectiveness of our solution on the
ShapeNet10 and Pix3D datasets. Compared to existing
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Figure 1. Encoders trained to generate embeddings for grid-based INRs: INRs with hash-table/octree/triplane based feature grids
are used to generate embeddings for similarity calculations using encoders (1 and c¢). The encoders take MLP weights and feature grid
parameters as inputs to generate the INR Embedding. During training, the encoders (1m, ¢) and the decoder (fg) are jointly trained: the
encoders to produce the INR Embedding and the decoder to reconstruct the original shape, ensuring the embeddings carry information
about the shape. During inference, only the encoders are used to generate the INR Embedding for similarity calculations and retrieval.

methods that perform retrieval of INRs directly, our method
enables retrieval of INRs with feature grids, which can-
not be done with existing solutions. Our method achieves
10.1% higher retrieval accuracy on average than existing
methods that can only retrieve shapes represented by MLP-
only INRs [13]. We show that our regularization techniques
enable retrieval of INRs across different implicit functions,
achieving accuracy close to retrieval of INRs with the same
implicit functions. Compared with retrieval methods ap-
plied to other representations such as point cloud and multi-
view images converted from INRs, INRet achieves 12.1%
higher accuracy. Except in cases where INR architecture
conversion is required, INRet has lower retrieval latency as
it avoids the computation overhead associated with convert-
ing to other representations.

The contributions of this work are summarized as follows:

e We pose the challenge of evaluating similarity between
INRs for the retrieval and organization of shape INRs in a
data store. This involves assessing various techniques, in-
cluding conversion to traditional formats and direct embed-
ding creation from INRs.

e We propose a method to create embeddings from
INRs, with or without feature grids, to represent shapes for
retrieval and similarity evaluation purposes.

e We propose regularization techniques to produce em-
beddings in a unified latent space that facilitates comparison
and retrieval across INRs with different implicit functions.

e We achieve higher retrieval accuracy on both the
ShapeNet10 and Pix3D datasets compared to existing INR
retrieval methods and methods involving conversion to tra-
ditional representations.

2. Background & Related Works
2.1. Implicit Neural Representation for Shapes

Traditionally, 3D shapes have been represented with ex-
plicit representations including meshes, point clouds, and
3D voxels. Implicit Neural Representation (INR) has
emerged as a novel paradigm for encapsulating shapes, em-
ploying neural networks to encode functions that implicitly
represent a shape’s surface. Seminal works like DeepSDF
and Occupancy Networks demonstrate the feasibility of em-
ploying neural networks to encode signed distance function
(SDF) or occupancy of 3D shapes [25, 30]. Recent advance-
ments extended this approach to encode unsigned distance
function (UDF), showcasing higher representation quality
for thinner surfaces [1, 2, 11, 55].

INRs with Multi-layer Perceptron. Earlier works in
INRs for shapes use simple multi-layer perceptrons (MLPs)
with ReLU activations to represent the implicit functions
[1,2,8,11,25,30,55]. SIREN proposed to use sinusoidal
activation functions in MLPs to more efficiently encode
higher frequency details [39]. Since the implicit function
is encoded in a single MLP, the MLP is usually relatively



big and expensive to evaluate. The training of these MLPs
to accurately represent the shapes is also time-consuming.

INRs with Spatial Feature Grids. While overfitting
a large MLP to a shape can be difficult and computation-
ally expensive, recent INRs for shapes use a combination
of smaller MLPs and feature grids with learnable parame-
ters. Peng et al. introduced Convolutional Occupancy Net-
works, which combine a trainable 3D dense feature grid and
an MLP [31]. Recent works have extended this notion and
applied multi-level feature grids to encode and combine in-
formation at varying levels of detail. These multi-level spa-
tial grids can be represented as sparse octrees as seen in
NGLOD, VQAD, Neural VDB, and ROAD [20, 42, 43, 53].
EG3D and iNGP introduced the idea of using triplanes
multi-level hash grids to store these features at a fixed mem-
ory budget [4, 29]. Sparse octrees, triplanes, and hash grids
have seen wide applications in implicit neural representa-
tions for shapes or for radiance fields [6, 45, 52]. Compared
to INRs with only MLP, they significantly improve repre-
sentation quality, as well as training and rendering speed.
Our method considers INRs with or without the spatial grid
for retrieval. We do so by optionally encoding the spatial
grid for the INR embedding creation.

2.2. Shape Retrieval

INR Retrieval. Numerous techniques have been devel-
oped to encode 3D shapes using INRs. The seminal work
DeepSDF employs a shared Multi-Layer Perceptron (MLP)
with varying latent codes to represent distinct shape in-
stances [30]. These latent codes can be used for shape
retrieval, as akin shapes tend to exhibit similar codes.
Nonetheless, the adoption of the shared MLP concept in
subsequent research has been limited due to its compro-
mised representation quality when contrasted with employ-
ing a dedicated MLP for each shape [12]. The retrieval of
dedicated MLP INRs has been studied in [13]. However,
MLP-only INRs still fall behind INRs with feature grids
in terms of representation quality and training speed. The
method allowing the retrieval of INRs with spatial feature
grids and/or across INRs with different implicit functions
has yet to be developed.

Retrieval by Converting to Traditional Representa-
tions. Shape retrieval for traditional 3D representations
has many established works with techniques proposed for
voxels, meshes, point clouds, and multi-view images [22,
33, 46, 48]. However, these methods do not directly ap-
ply to the retrieval of INRs. A viable approach to retrieve
INRs for shapes is to first transform these representations
into one of the aforementioned traditional representations,
and then apply established retrieval methods. For compari-
son with our method, We select two representations: point
clouds and multi-view images, as they achieve higher ac-
curacy in retrieval compared to other traditional represen-

tations [22, 46]. Besides higher accuracy, point-based and
multi-view image-based methods also avoid the computa-
tional overhead of the voxel-based methods and the require-
ment for watertight surfaces for the mesh methods [27, 47].

We use the state-of-the-art methods PointNeXt and
View-GCN as point-based and multi-view images-based
baselines for comparison [35, 48].

3. Methods
3.1. Preliminary - INR for Shapes

In this section, we introduce the different INR implicit func-
tions and architectures we consider in this work. Con-
sider a general distance or occupancy function d(-), de-
fined for input coordinates * € R? on the input domain
of @ = {||z|~ < 1|z € R3}. The goal of INR for shape
is to approximate d(-) by a function fy parameterized by a
neural network.

fo(x) = d(x), Vo € Q. ey

Popular choices for the implicit function include signed dis-
tance function (SDF, d,(-) € R), unsigned distance function
(UDF, d,(-) € RY), and occupancy fields (Occ, d,(-) €
{=1,1}) [I1, 25, 30]. INRs are trained to minimize the
difference between fp(x) and d(x). Earlier works param-
eterize the function with a multi-layer perceptron (MLP).
More recent works combine a feature grid with a smaller
MLP, where the MLP takes the feature z sampled from the
feature grid Z as input.

fo(x; z(x, 2)) = d(x), Ve € Q. 2)

The feature grid Z has various forms including sparse voxel
octree, triplane, and hash grids, for which we all consider in
this work [4, 29, 42]. All of these grids can be multi-level,
encoding features at different spatial resolutions. For a
multi-level feature grid, at each level [ € {1, ..., L}, the fea-
ture vector 1 (x; [, £) is interpolated (i.e., trilinearly) from
local features. The final feature vector z from the grid is a
summation (octree, triplane) or concatenation (hash grid) of
features from all levels. The feature vector is then option-
ally concatenated with the input coordinate = and fed to a
shallow MLP to calculate the distance or occupancy value.

3.2. Embedding Creation for INR with Feature
Grids

We determine the similarity between 3D shapes represented
as INRs by converting each INR into an embedding, and
the similarity between shapes is determined by the cosine
similarity between these embeddings. We demonstrate our
process for creating embeddings from INRs with feature
grids in Fig. 1. Given a trained INR with an MLP com-
ponent parametrized by 6 and a feature grid Z, we use an



MLP Encoder m and Conv3D Encoder c to encode the fea-
tures from the MLP and feature grid components of the
INR respectively. Collectively, the MLP encoder m and
Conv3D Encoder c constitutes the Emb. Encoder. 1If the
INR only contains an MLP component, we can simply omit
the Conv3D Encoder c. For the INR MLP component, the
flattened weights of INR’s MLP become input vectors to
the MLP encoder. The structure of the encoder MLP is de-
scribed in App. 7.2.

For the INR feature grid, we sample (2/N)? feature vec-
tors at a fixed resolution from the feature grid, i.e. S =
{[z1zoas]T |z; = £(5% + &), Vn € {1,2,...,N — 1}}.
The sampled features are used as inputs to the Conv3D en-
coder, a 3D convolutional network that fuses discrete spa-
tial features with gradually increasing perception fields (see
Appendix 7.2 for more details). We use an octree (visual-
ized in 2D) as an example in Figure 1(c). Depending on the
sampling resolution and resolution of the octree level, the
feature is either collected directly from the corners of the
voxels (Octree Level 3 in the example), or interpolated us-
ing features stored at the corners of the voxel containing the
sampling location (Octree Level 2 & 1). The features col-
lected from each level are summed together, simply adding
zero if a voxel is missing (due to sparsity in the octree).
The collected features are fed to a Conv3D Encoder to cre-
ate the INR Grid Embedding. A similar summation process
can be done by traversing through the triplane grid levels.
For a multi-resolution hash grid-based INR, we retrieve the
features directly at the sampled locations using the original
hash function and hash table. The MLP embedding and grid
embedding are then concatenated to create our INR embed-
ding.

Training Emb. Encoders. During the encoder training
process, we feed the concatenation of the INR embedding
and the input coordinate x to the Shape Decoder f4. The
decoder is supervised to generate the original implicit func-
tion that represents the shape. Thus, the encoders are trained
to generate embeddings that can be used to regenerate the
original shape using the decoder. The following equation
describes the process, where the decoder f, approximates
the implicit function value of the original shape:

folai e mOD = dies ol foe @ D
Note that since the INR parametrized by 8, z also encodes
the implicit function, the INR Embedding [c¢(z); m(0)] is
trained to contain information of the original shape.

Supporting other INR architectures. INRet assumes
a separate encoder for each type of INR architecture that is
supported. Our proposed encoders already support the com-
monly used octree-based, triplane, and hash grid INR archi-
tectures. A similar feature grid sampling approach can be
used to also train an encoder for any new grid-based archi-
tecture. Alternatively, other architectures can still be used

with the above two encoders by using a distillation tech-
nique that converts a new INR architecture into one of the
representations that we support. We describe how this can
be done in App. 7.3.

3.3. Unified Latent Space for INRs with different
Implicit Functions

Besides different architectures, INRs can encode different
implicit functions for the same underlying shape. To sup-
port multiple implicit functions of the same shape, we train
separate encoders for each implicit function. To ensure that
the generated embeddings map to the unified latent space,
we apply two regularization techniques during the encoder
training process.

The first regularization applied is explicit L2 loss to
minimize the difference between embeddings created from
INRs for different implicit functions of the same shape. The
second regularization is to use a Unified Shape Decoder
that outputs a single type of implicit function value (such as
UDF) for all three implicit functions. We show in App. 8.4
that the specific choice of Unified Shape Decoder implicit
function (UDF vs. SDF vs. Occ) has minimal impact on the
retrieval accuracy. The key is that both regularizations are
applied.

The overall loss function for this process is

L= D |felme)—du(@)|+X DY Jei—gjlf
i€{s,u,0} i,j€{s,u,0}
(4)

e; = [c;(z;);m;(6;)] is the INR embedding for the im-
plicit function ¢ (unsigned/signed distance or occupancy).
The first part of the loss is the difference between the Uni-
fied Shape Decoder’s output with the groundtruth unsigned
distance d,,, and the second part is the L2 loss between the
INR embeddings. A is a hyperparameter balancing the con-
tribution of the two parts, we found a A of 1 works well
in practice. During the encoder training process, we create
INRs for all implicit functions of each training shape to train
the encoders to generate embeddings that share the unified
latent space.

4. Retrieval by Converting to Explicit Repre-
sentations

An alternative approach to evaluate similarity and enable re-
trieval of similar INRs is to first convert to an explicit repre-
sentation, such as point clouds or multi-view images. This
approach would enable the use of prior research to eval-
uate similarity between shapes represented in these tradi-
tional formats. In this work, we also evaluate the effec-
tiveness of this approach in comparison to directly using
INR embeddings. Conversion to point clouds and multi-
view images from SDF INRs can be done through spheri-
cal tracing [17]. For point cloud sampling, we start spheri-
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Figure 2. INR Embed. Creation for INRs with Different Implicit Functions. (a) For each shape, we train INRs with different implicit
functions. (b) We train different encoders for INRs with different implicit functions. The differences between embeddings created by the
encoders are minimized by L2 loss. (c) We feed the embeddings into a Unified Shape Decoder to recreate the UDF of the original shape.

cal tracing from randomly selected locations and directions
until enough points on the surface of the object are col-
lected [42]. The multi-view images are also collected via
spherical tracing starting from camera centers at fixed posi-
tions. For UDF INRs, we use the damped spherical tracing
presented in prior work [11] that avoids overshooting. For
the occupancy values, spherical tracing is not possible so we
follow the method presented in Occupancy Networks [25].
Using occupancy values sampled at fixed resolutions from
the trained INR, we combine isosurface extraction and the
marching cubes algorithm to create the surface mesh of the
object [23]. We then perform point cloud sampling and
multi-view image rendering from the constructed mesh. To
generate embeddings for similarity evaluations from these
formats, we use PointNeXt [35] for extracted point clouds,
and View-GCN [48] for multi-view images (details are in
App. 7.4).

5. Evaluation
5.1. Experimental Setup

Datasets. We use ShapeNet and Pix3D to demonstrate the
generality and robustness of our solution [5, 41]. For the
ShapeNet10 dataset, each category has 50 models for train-
ing and 50 models for testing. For Pix3D, we use 70% of
the shapes from each category as training data and 30% as
testing data.

Metrics. We evaluate the effectiveness of our framework in
identifying similar shapes in the data store by using a test
INR shape to retrieve the most similar k£ INR shapes. We

report the mean Average Precision (mAP) as the average
accuracy of retrieving a shape from the same category as the
query shape across all shapes in the test set. We also report
precision, recall, and F1 score as defined in the ShapeNet
retrieval challenge in the App. 8 [37].

Baselines. We compare against inr2vec for retrieval from
INRs by directly encoding the INR weights. We also com-
pare with PointNeXt and View-GCN by converting the
trained INR to point-cloud and multi-view images, respec-
tively.

Ablations. We only report key results in this section, and
provide additional results and more detailed ablation studies
in App. 8.

5.2. INR Retrieval with Feature Grids

To create a baseline shape INR data store, we train NGLOD
(octree), EG3D (triplane) and iNGP (hash-grid) INRs
with SDF to encode shapes from ShapeNet10 and Pix3D
datasets [4, 29, 42]. The encoders are trained on our train-
ing set and used to generate embeddings for the test set.
Tab. 1 presents mAP@1 and retrieval speed (in seconds),
and additional metrics are available in Appendix 8.1. Our
comparison includes INRet against inr2vec, which performs
retrieval on MLP-only INRs of the same implicit function.
Additionally, we compare with PointNeXt and View-GCN
by converting the trained iNGP INR to point clouds and
multi-view images for retrieval.

As seen in Tab. 1, INRet achieves the highest accuracy:
on average 12.0%, 15.4%, and 12.6% higher accuracy than
inr2vec, PointNeXt and View-GCN methods respectively



Method Ours inr2vec PointNeXt | View-GCN
Input Type NGLOD EG3D iNGP MLP INR | Point Cloud | Multi-View
mAP @ 1 82.6/74.3 | 82.8/74.1 | 84.2/78.0 | 73.4/71.4 71.2/69.3 73.6/70.5

Ret. Speed(s) 0.034 0.031 0.14 0.062 0.98 3.05

Table 1. Shape Retrieval Accuracy and Speed on SDF INRs (ShapeNet10/Pix3D)

Method Ours PointNeXt View-GCN
Input Type NGLOD EG3D iNGP Point Cloud | Multi-View Images
mAP @ 1 76.2/71.3 | 76.4/70.4 | 79.2/75.5 | 70.2/67.1 71.4/68.2

Ret. Speed(s) 30.2 34.1 29.6 1.26 4.57

Table 2. Shape Retrieval Accuracy with MLP-only INR as Query (ShapeNet10/Pix3D)

(for iNGP INRs). For INRet, retrieving from iNGP INRs
achieved slightly higher performance than retrieving from
NGLOD and EG3D INRs. In terms of retrieval speed, IN-
Ret on NGLOD and EG3D are the fastest, followed by
inr2vec, which is slightly slower due to the large number of
weights in the INR MLP. Compared to NGLOD and EG3D,
from which the embedding can be directly summed from the
feature grid, embedding sampling from the iNGP hash-grid
is slower due to the higher overhead of the hash operations
during sampling. Converting to point clouds or multi-view
images for retrieval with PointNeXt or View-GCN is 1-2
orders of magnitude slower than directly encoding the INR
weights.

In summary, INRet enables high-accuracy retrieval of
similar shape INRs. Converting to images or point clouds
leads to lower accuracy due to information loss during the
conversion process and incurs the latency overhead for for-
mat conversion.

5.3. INR Retrieval with Different Architectures

In this section, we evaluate INRet’s effectiveness in re-
trieving shapes across different INR architectures. Given
an MLP-only INR as the query, we want to retrieve from
a data store of INRs with different architectures from the
query INR. We consider an MLP INR similar to that used
by inr2vec as input. We apply the INR distillation technique
discussed in Sec. 3.2 (Supporting other INR architectures)
to convert the MLPs into INRs with feature grids to retrieve
NGLOD, EG3D or iNGP INRs.

As depicted in Tab. 2, following INR distillation, INRet
achieves an average accuracy of 73.8%, 73.4% and 77.4%
respectively for NGLOD, EG3D and iNGP Emb. Encoders
across the two datasets, surpassing the average accuracy of
72.4% achieved by inr2vec. Our method also performs bet-
ter than converting to point cloud or multi-view images.
This highlights the robustness of our approach in adapt-
ing to different architectures not directly supported by the
encoder. Despite performing a distillation, the converted
INRs with a feature grid can be used to generate better
embeddings for retrieval when compared with generating

Retrieval INR
UDF SDF Occ

80.2/80.8/83.0|81.4/79.4/79.0|78.8/79.2/80.4
68.8/72.0/70.8(10.4/61.8/72.6| 8.8/58.2/68.4
82.2/81.2/81.8(83.4/82.4/84.6|79.2/79.6/82.4
11.4/62.2/70.2{70.2/67.2/69.4|10.4/56.2/68.8
76.0/79.8/81.0(77.0/79.4/82.6|76.8/80.0/83.0
9.2/55.4/62.6(10.4/56.2/61.8(69.4/51.2/66.4

79.4/80.2/82.0

29.9/60.0/67.9

Ours: NGLOD/ EG3D / iNGP

Baselines: inr2vec/PointNeXt/View-GCN

UDF

Query

SDF

Occ

Average

Legend

Table 3. Shape Retrieval Accuracy on Different Implicit Functions
INRs for ShapeNet10

Retrieval INR
UDF SDF Occ
= UDF|83.4/83.4/83.0| 9.4/52.4/79.0|10.8/51.8/80.4
8 |SDF|10.8/57.8/81.882.4/81.4/84.6| 9.6/53.2/82.4
Ol Occ [11.4/65.4/81.010.2/53.2/82.6|81.6/82.4/83.0
Average \ 34.0/64.6/82.0

Table 4. Shape Retrieval Accuracy on iNGP INRs for ShapeNet10
(No Reg. /L2 Reg. / L2 Reg. & Unified Shape Decoder)

the embeddings directly from MLP-only INR. While for-
mat conversion introduces some overhead (approximately
30 seconds), a potential speed-accuracy tradeoff could be
explored by converting to point clouds/images when INRet
lacks a pre-trained encoder for a new architecture.

5.4. INR Retrieval with Different Implicit Functions

In this section, we evaluate the effectiveness of our method
in performing INR retrieval across INRs with different im-
plicit functions (i.e., UDF, SDF and Occ). We compare
against inr2vec and point-based and image-based methods.

As seen in Tab. 3, using our method to retrieve iNGP
INRs with different implicit functions achieves the highest
82.0% accuracy, which is higher than the accuracy achieved



with inr2vec, PointNeXt, and View-GCN. In particular,
inr2vec achieves very low accuracy (around 10%) for re-
trieving INRs with different implicit functions. As seen in
Tab. 4, using INRet to retrieve iNGP with different implicit
functions also achieves very low accuracy (around 10%) if
no regularization is used. The average accuracy for retrieval
improves significantly if the L2 regularization (64.6% ac-
curacy) and both regularizations (82.0% accuracy) are ap-
plied.

In this section, we used the original meshes to sample
SDF, UDF and Occ values to train the INRs with different
implicit functions. However, for the UDF INRs, one can
also train the INRs given an input point cloud, we demon-
strate in Appendix 10 that the retrieval accuracy does not
change significantly compared to when the UDF INRs are
trained using the meshes. This demonstrates that by en-
abling retrieval from INRs with different implicit functions
with INRet, we ultimately enable retrieval of INRs trained
with different 3D input modalities.

5.5. Retrieval Visualization

We visualize the retrieved shapes in Fig. 3. In particular, we
demonstrate our solution enables the retrieval of INRs with
different implicit functions, which is not possible with other
baseline solutions.

Ours
Occ-UDF

Ty @y Wy W

Figure 3. Retrieval Qualitative Comparison.

Ours
UDF-UDF

Ours
UDF-SDF

inr2vec
SDF-SDF

View-GCN

4441

PointNeXt

Query

Fig. 3 shows the query and retrieved results for the car
class in ShapeNet. As we can see from the figure, given a
convertible as the query, our method consistently retrieves
the other convertibles from the dataset as the top candidates
while most other methods fail to do so. Fig. 3 also demon-
strates INRet’s ability to retrieve watertight surfaces (rep-
resented with SDF INR) from surfaces with multiple inner
layers (represented with UDF INR). For the ”Ours UDF-
UDF” and ’Ours UDF-SDF” rows, we show renderings of
the same query car, but with the middle cut open when the
shape is represented using a UDF INR. We can see that
the UDF INR can capture the details inside the car. When
used as the query, these UDF INRs can retrieve cars rep-

resented with different implicit functions correctly. In ad-
dition, compared with the renderings demonstrated in the
row “’inr2vec SDF-SDF” which used an MLP-only INR to
represent the underlying shape. Our method uses iNGP to
represent the shape thus capturing more details. We provide
additional quantitative results on the reconstruction quality
in App. 9.1.

While different implicit functions have very different
values, we show in App. 7.5 that for the same underlying
shape, their values are highly correlated.

5.6. Embedding Space t-SNE Visualization

In Fig. 4, we provide the t-SNE plot of the INR embeddings
created by the Emb. Encoders trained with and without
the Unified Shape Decoder. When trained using different
Shape Decoders, the embeddings for shapes belonging to
the same category are much more spread out, this is likely
due to the different decoders requiring the INR embedding
for the same shape to be used for different purposes (decod-
ing UDF, SDF, or Occ). This misses the regularization from
the unified decoder that further minimizes the difference be-
tween embeddings of the same shape represented with INRs
with different implicit functions.

(a) INR Emb. tSNE with different (b) INR Emb. tSNE with Unified
Shape Decoders Shape Decoder

Figure 4. INR Embedding tSNE Plot

6. Conclusion

In this work, we presented a new framework for determin-
ing similarity between INRs that can be used for accurate
retrieval of INRs from a data store. We proposed a new
encoding method for INRs with feature grids including the
octree and hash table based grids. By using L2 loss and
a common decoder as regularizations, INRet also enables
the retrieval of INRs across different implicit functions. On
ShapeNet10 and Pix3D datasets, INRet demonstrates more
than 10% improvement in retrieval accuracy compared to
prior work on INR retrieval and retrieval by conversion to
point cloud and multi-view images. Compared to point
cloud and multi-view image retrieval methods, INRet is also
faster by avoiding the conversion overhead when retrieving
INRs with same or different implicit functions.
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