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Abstract: 3D meshes consume more storage than is required for most applications. In this paper we use this surplus of
precision to connect to a variety of online services, all while still being able to use the mesh as-is in the graphics
pipeline. We describe our method to link to online services through an encoded URL in the mesh itself. We
then introduce our machine learning based subdivision surface approach which uses the extra precision to also
store user driven preferences. We then describe a method to store an embedding that can be used to retrieve
similar meshes from an online database. Our similarity model does not rely on model categories and our
embeddings are also significantly smaller, since they are encoded directly into the mesh.

1 INTRODUCTION

Meshes power games, movies, VR, and CAD, yet
they often remain static after export. Our method
embeds metadata into unused mantissa bits of ver-
tex positions, enabling persistent connectivity without
changing file size or format. Unlike transient GPU-
based techniques, this lightweight, format-agnostic
approach supports artist-driven creasing and links to
online services for continual enhancement, making
it suitable for entertainment and visualization work-
flows while adaptable to stricter CAD tolerances.

Existing metadata approaches often require cus-
tom formats, reducing interoperability. Our method
leverages unused bits in standard floating-point posi-
tions, adding functionality without increasing file size
or breaking compatibility with existing pipelines.

Our primary contribution is a lightweight, format-
agnostic method for embedding metadata directly into
unused bits of mesh vertex positions, enabling per-
sistent connectivity without increasing file size or
breaking compatibility. We demonstrate this concept
through two applications—machine-learning-based
subdivision surfaces and similarity-based mesh re-
trieval—showing how embedded metadata can guide
automated refinement and facilitate dynamic online
services.

This paper begins with a discussion of related
work followed by an analysis of how many bits can be
used without causing visual artifacts in Section 3. We
then discuss how these bits can be used to link their
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corresponding meshes to online services. This opens
the door for updating and improving meshes over
time, such as in Section 5 where we apply this online
service concept to subdivision surfaces with user pref-
erences encoded. We follow this with a method of en-
coding online service information to support similar
mesh retrieval in Section 6. This would allow meshes
to be linked to an online database and similar looking
meshes in a way that could ease the creation of virtual
scenes.

2 PRIOR WORK

There are many methods to compress the storage re-
quirements of a mesh. For example, Deering (1995)
uses a modified Huffman encoding to store the deltas
between the vertices, essentially splitting the model-
ing space into a grid and storing the local position
in that grid. Chou and Meng (2002) compress the
vertices with a codebook of codevectors, creating a
lookup table for a fixed number of vectors. However,
we have different aims and do not seek this level of
compression. In our case, the storage requirement of
the mesh will stay the same, but the information in-
side of it will be more compact.

A substantial body of work exists on digital water-
marking for 3D meshes, aimed at ownership verifica-
tion and IP protection. Techniques include covert em-
bedding using secret keys (Cayre and Macq, 2003),
spatial noise encoding with normal constraints (Yang
et al., 2013), and reversible schemes for recovery (Lyu



et al., 2023). Surveys such as Wang et al. (2008) high-
light robustness and imperceptibility as key goals.

Unlike classical watermarking, which priori-
tizes imperceptibility and ownership verification, our
method openly encodes functional metadata for inter-
operability. Watermarking schemes often require se-
cret keys and reversible embedding to restore the orig-
inal mesh, whereas our approach accepts minor, visu-
ally imperceptible perturbations without guaranteeing
exact reversibility—trading reversibility for persistent
connectivity and zero file-size overhead. In terms of
robustness, our encoding survives typical mesh op-
erations such as rendering, subdivision, and format
conversion, provided floating-point precision is pre-
served. Detectability is intentional: metadata is not
covert but structured for optional use, avoiding the
complexity of watermark extraction while ensuring
compatibility with standard pipelines.

Subdivision surfaces are widely used by 3D mod-
ellers to split the polygons of a mesh into finer el-
ements. After repositioning the newly added ver-
tices, the mesh has higher quality geometry such as
smoother edges. Traditional methods (Catmull and
Clark, 1978; Loop, 1987; Dyn et al., 1990) typically
position the newly made vertices through a weighted
average of its neighbours.

But more recently there has been research on us-
ing other methods to update the vertex positions rather
than a weighted average. Neural Subdivision (Liu
et al., 2020) uses Loop subdivision’s topological up-
date of placing vertices in the midpoints of edges, but
replaces the weighted average with small neural net-
works to determine the offset. Point cloud upsam-
pling has been explored as well (Qi et al., 2017, 2016;
Yu et al., 2018). However, this loses connectivity data
so maintaining information like texture coordinates
through changes in resolution is very difficult.

The subdivision method we propose in Section 5
is related to both (Liu et al., 2020) and (Yu et al.,
2018) due to the fact that our machine learning model
interprets our inputs as points. We use PointNet (Qi
et al., 2016) as a backbone, but we use Neural Subdi-
vision’s (Liu et al., 2020) method of offsetting already
subdivided points, as well as their training data gen-
eration technique. But we also augment this approach
with user preferences regarding the handling of mesh
creases and encode the information in the lower bits
of the mesh itself.

Similar mesh retrieval is the process of retrieving
an ordered collection of meshes from a database that
are most similar to an input mesh. View based match-
ing operates by rendering the mesh at various angles,
and a descriptor is made from those renders (Chen
et al., 2003; Su et al., 2015; Kanezaki et al., 2021;

Zhirong Wu et al., 2015a). That descriptor is then
used to calculate distances between the meshes, and
can return the meshes with the most similar descrip-
tors.

Our method is most similar to the approach of
(Labrada et al., 2024). They use a view based con-
volutional autoencoder to generate embeddings of a
mesh which are used to calculate distances between
meshes. However, the structure of our model is
smaller and the training is simplified since we do not
rely on the category of the input models. Our result-
ing embeddings are also significantly smaller, and we
encode them directly into the mesh.

3 Storing Services in Vertices

We analyze IEEE 754 floats and show that using
10–12 mantissa bits per axis introduces impercepti-
ble error for typical rendering pipelines. This en-
ables 30–36 bits per vertex for metadata, sufficient
for linking meshes to services or storing user prefer-
ences without breaking compatibility.

For bits b0 to b31 in a 32 bit IEEE floating point
number, the value v is calculated as:

v=(−1)b31 ∗2(b30b29...b23)2−127∗(1.b22b21...b0)2 (1)

Where the most significant bit dictates the sign of the
value, bits 30 to 23 define the exponent, and least sig-
nificant bits 22 to 0 dictate the mantissa.

Since vertices can occupy any location in 3D
space (positive or negative) we can ignore the sign bit.
As previously discussed, the visual artifacts we aim to
minimize stem from changes to the least significant
bits of the mantissa. To estimate the maximum pos-
sible impact, we consider the largest offset that could
result from flipping all these bits from zeros to ones,
or vice versa.

Assuming we are allocating k bits from the man-
tissa for encoding, the largest difference on a given
axis is:

k

∑
i=1

2i−24 ∗2(b30b29...b23)2−127 (2)

with meshes typically modelled around the origin.
For a floating point value of n, the exponent is equal
to 2⌊log2(n)⌋, or floored to the nearest power of two.
For a float value of n, the maximum error would be:

k

∑
i=1

2i−24 ∗2⌊log2(n)⌋ (3)

Figure 1 shows the maximum error while encoding a
different number of bits k for a range of values n. The



error doubles every time n passes a power of two as
more bits are used, as can be seen in the loglog graph.

This is intuitive, as the maximum possible error
occurs when all bits are flipped from 0 to 1 or vice
versa. Such a change effectively shifts the mantissa
from a value of 1 to nearly 2 (or the reverse), which is
then scaled by the exponent.

Figure 1: Maximum Error for floating point values of n,
with increasing number of bits allocated for encoding k.
Loglog plot (bottom).

While numerical estimates are useful, it’s also
valuable to understand how these changes manifest
visually on 3D meshes. This can be demonstrated
by embedding arbitrary data into the lower bits of the
mantissa, gradually increasing the number of bits un-
til visible artifacts appear. For this experiment, we
used the first 19 digits of pi in a repeating loop across
all vertices as a stand-in for actual metadata.

Figure 2 shows the relative distance of each ver-
tex between the ground truth and a version with 12
bits per axis. As the histogram on the left shows,
green represents smaller differences from the original
mesh, and red and blue indicating larger differences.
As mentioned, the relative error depends on the ex-
ponent of the floating point number, and therefore the
distance the vertex is from the origin. The number of
bits with encoded data stays constant per vertex, but
the relative distance is larger the further away from
the origin it is. With 12 bits per axis, it is still on the
magnitude of 3.09∗10−2 at the outside portions of the
mesh (red and blue), but the majority of the vertices
have a much smaller error (green) around the origin.

Based on our empirical testing with meshes cen-
tered at the origin, we found that we can readily utilize
10 to 12 bits per axis without introducing noticeable
visual artifacts. A 3D vector, or coordinate typically
requires 96 bits, one 32-bit float per axis, and if we
make use of 10-12 bits per axis for metadata, we ef-
fectively store each vertex with 60 to 66 bits.

Empirical testing shows that encoding 10–12 bits
per axis introduces a maximum positional error of
3.09∗10−2 units at extreme distances, which is imper-
ceptible in typical rendering pipelines and well within

tolerances for entertainment and visualization work-
flows. For CAD or engineering contexts requiring
stricter precision, fewer bits can be allocated, preserv-
ing compatibility.

Figure 2: Relative signed distance from encoding pi in the
bottom 12 bits of vertex positions

4 Distributed Services for the Mesh

If we view vertices and meshes as a basis for inter-
net services, we can explore uses for this encoding
concept that are varied and impactful. For example,
if the mesh has extra metadata encoded in it, there
are more attributes or features we can optionally add
by requesting it from an online service. In other
words, embedding URLs directly in vertex data en-
ables persistent connectivity without external files or
custom formats, unlike glTF or USD extensions that
require specialized parsers and may break compati-
bility. This lightweight approach keeps meshes us-
able “as-is” while supporting dynamic services such
as hardware-aware quality adaptation. Then the mesh
simply needs an encoding of quality enhancements
and a link to the online service that provides the data
augmentation.

We can allow vertices and meshes to interface
with these online services by encoding a URL within



the vertices themselves. To support multiple metadata
types, we include a small header in the encoding. This
header specifies the data type (e.g., URL, subdivision
creasing, or similarity embedding) before the actual
payload. For example, an eight-bit field can denote
the type, followed by length and content fields. Ser-
vices can be hosted via standard APIs.

Furthermore, a mesh does not need to be limited to
a single service. As discussed, it is possible to encode
many URL’s in a single mesh, and metadata associ-
ated with that service may only take a few bits per
vertex. As long as the metadata for each service uses
mutually exclusive bits, the mesh can link to multiple
services without conflict.

In a sense, this URL encoding causes the meta-
data to always be updating and can therefore improve
over time. For example, one of the applications that
will be explored is similar mesh retrieval and link-
ing the metadata to a service will cause the mesh
to link to more and more similar meshes over time
as the database grows. In the following section, we
describe a subdivision surface based service, which
allows mesh customization and continual enhance-
ments.

5 Encoding Subdivision Surfaces

Our encoding stores crease metadata in the mesh, en-
abling ML-driven subdivision without external files.
It supports continuous enhancement across hardware
generations without requiring artists to recreate as-
sets.

Our machine learning-based subdivision method
provides automated resolution enhancement, but it
cannot always infer artistic intent, such as where
edges should remain sharp or smooth. To address
this, we encode creasing metadata directly into the
mesh, allowing artists to guide the process without
external files. This tight integration ensures that the
ML model operates efficiently while respecting user-
defined constraints, and the encoded URL links the
mesh to an online service for continual refinement.
These hard and soft edges called creases are generally
discarded once the modelling software exports the
mesh because meshes are typically considered static
at that point.

The overall process of our subdivision method
will be as follows: We first add new vertices accord-
ing to Loop’s method (Loop, 1987) see Figure 8 (top),
but we do not offset them using a weighted average.
We will instead use a machine learning model to gen-
erate the offsets. After this we use information that
was pre-encoded by an artist in the lower bits of the

mesh to sharpen or smooth edges where our model
may misinterpret the object.

We use machine learning because we are limited
by space and want to use the storage we have avail-
able for creasing. This aims to provide the correct re-
sult the majority of the time, then only requires artist
involvement where it is needed.

In terms of architecture, we use PointNet (Qi et al.,
2016) as our backbone because we have two goals that
should be met. The first is that we want the model to
be robust to mesh topology. The second goal is that
we want to preserve any attributes that are currently in
the mesh, such as texture coordinates across subdivi-
sion levels. We use a traditional subdivision topolog-
ical update followed a machine learning step to offset
the newly added points. This is a similar process to
Neural Subdiv(Liu et al., 2020), though we note that
their architecture requires meshes with no boundaries
or holes, which does not satisfy our first goal.

To reiterate, we aim to create a subdivision sur-
face pipeline that can interpret sharp and soft edges
correctly the majority of the time, and requires mini-
mal artist involvement.

5.1 Architecture

As mentioned, we base our architecture on Point-
Net (Qi et al., 2016). However, this prior work was
based on classification and segmentation, so we have
changed the output to be a 3D vector representing the
offset to apply to the newly made vertex. We have
also reduced the number of parameters in the linear
layers for speed of training. Furthermore, we only in-
put the nearest n vertices, rather than the entire cloud
of vertices. But before diving into specifics, we first
describe the benefit of using this architecture and why
it applies to subdivision surfaces.

We use PointNet as a base because of the un-
ordered nature of our input. Given a set of vertices,
the order in which those vertices were given should
not affect what surface they create. Unordered input
is difficult to input into a typical multi-layer percep-
tron (MLP), since the model would need to implicitly
learn that the order of the input vertices does not mat-
ter. But an MLP interprets the input as a high dimen-
sional vector, so it would need to spend effort learn-
ing that the vertices (or groups of 3 dimensions) can
be permuted in any way and still give the same out-
put. It is therefore more efficient to use a different
architecture than an MLP.

An overview of the architecture can be seen in
Figure 3. The input is the nearest n vertices to the
current position that were present in the mesh before
subdividing, and the output is a 3D vector describing



Figure 3: PointNet Qi et al. (2016) architecture, modified to have less parameters for faster training and a three dimensional
output denoting the offset to apply to a vertex. Each layer except the last includes batch normalization. Brackets indicate the
size of the layers. Blue indicates operations. T-Net is a smaller version of the larger architecture, consisting of two hidden
layers, an average pooling then two more hidden layers which outputs a matrix, biased around the identity matrix. In our tests
n = 30.

how that vertex should be offset from its original po-
sition. A series of small shared MLPs are used along
with T-Nets, which are essentially more shared MLPs.
After this an average pool is used, followed by a few
linear layers to generate the final output. Each linear
layer uses ReLU activation, along with batch normal-
ization, except the last layer.

For each vertex we supply the machine learning
model with the positions of the nearest n = 30 ver-
tices that were present in the original mesh. The in-
tuition being that most of the information needed to
determine local curvature is within the vicinity of the
vertex itself. The choice of n = 30 is somewhat ar-
bitrary, however it is important that it is large enough
to capture local detail, but not so large that it starts to
cause memory and performance issues.

Importantly, the choice of n is not overly sensitive.
We trained our model with n = 25,30,35 and found
that all gave similar results, as shown in Figure 4. We
can also show that n = 30 is not mesh dependent and
can operate on meshes with varying resolutions, see
Figure 7.

Figure 4: Original Bob mesh (left) and subdivided with
models trained with n = 25,30,35 from left to right.

However, simply inputting these positions in
world space would cause some issues because the
model would output a different vector if the mesh
were translated, rotated or scaled in any way. If any
of these affine transformations were applied, it would
make sense for the output to be the same, since the
object’s geometry is the same, and it is simply moved

around in space. To address this we move each ver-
tex and the nearest neighbouring vertices to the ori-
gin, and rotate them so the vertex’s normal is facing
up. This provides both translation and rotation invari-
ance. We can achieve scale invariance by also scaling
the input vertices to be within a distance of zero and
one. In our case we divided by the distance to the
furthest vertex. After obtaining the offset from our
model, we then transform it back to the original point
in space using the inverse transformation used to nor-
malize it.

We use the Neural Subdivision method (Liu et al.,
2020) of generating training data. By creating a bi-
jective mapping between two subdivision mappings
through repeated decimations. A bijective mapping
means that we have a one-to-one mapping between
a vertex in one subdivision level to the next. This
is generated through a series of decimations of the
mesh by collapsing edges until a desired vertex count
is reached while keeping track of which vertex will
subdivide to which. This means that a simple L2 loss
can be used between the output position and where it
was in the original mesh before being decimated.

For training, we used the first 300 meshes of the
SHREC15 database (Lian et al., 2015), with three
subdivision levels, the lowest having 6000 vertices.
We implemented this in PyTorch, using the Adam
optimizer. Our model takes approximately less than
hour to train on a off-the-shelf GPU.

5.2 Results

Before describing how we will be encoding informa-
tion in the lower bits relating to subdivision surfaces,
we can first analyze how our machine learning based
method performs compared to traditional methods.



Figure 5: Original low poly meshes in green, subdivided with our model in blue

Figure 5 show some results of our model. Compared
to traditional methods, ours can preserve hard edges
more accurately without human involvement.

A benefit of scale invariance is that our subdivi-
sion method can be used for any number of itera-
tions. As the resolution increases, the local neigh-
bourhood of a vertex becomes more and more flat,
and the model generally preserves the flatness of sur-
faces. Figure 7 shows this, even after five iterations,
the model does not introduce any major artifacts, even
though it has not trained past two subdivision levels.

We can quantify our results by using Hausdorff
distance. In Figure 6 we take the TOSCA dataset and
decimate the meshes to 1000 faces. We then subdi-
vide them twice with our method, and Blender’s Cat-
mull Clark implementation, then calculate the Haus-
dorff distance between the subdivided meshes and the
originals using 40000 samples. We can see that over-
all our initial method provides lower median distances
than Catmull Clark. Two tailed T-tests assuming un-
equal variances were run and found that our distances
were statistically significant using a confidence inter-
val of 0.95. Over forty thousand data points were used
per test, so we assume central limit theorem applies
and the T-Test is a valid statistical test to use.

5.3 Creasing Encoding

Traditional subdivision methods are almost always
smoothing functions, and have difficulty maintaining
sharp edges. With low-poly meshes it can be inher-
ently ambiguous whether certain edges should stay
sharp, or be smoothed out. Consider the icospheres
in Figure 9, there’s a possibility that they should be
completely smoothed out, or perhaps the author cre-
ated the flat square face shown on the front side with
intention and it should remain flat. Since curvature
can be ambiguous, our model may also misinterpret
the curvature in a certain area, like smoothing an edge

when it should remain sharp.
Using the available bits in the vertices, we imple-

mented an augmentation where the user can dictate
which edges stay sharp and which can be smoothed
beforehand. We based this on the traditional method
of creasing. In our case, our model may sharpen edges
we want smooth, or smooth edges we want sharp, so
we allow the user to optionally mark vertices as ei-
ther of the two by encoding a boolean value into the
lower bits of the vertices. Then an edge is considered
marked if it is between two tagged vertices. These
vertices are marked by encoding a boolean value in
a bit of the vertex, along with some information on
whether it is a sharp crease, or a soft crease. In prac-
tice, this vertex tagging could be facilitated with di-
rect vertex painting in any 3D modelling package.
The encoding of the crease can then be stored into
the lower bits of the mesh.

5.4 Sharp Creasing

The topology of the mesh updates in the same way on
each iteration using loop subdivision, which places a
new vertex at the midpoint of each edge. We then
offset the newly added points with our model. We
can visualize an update of two triangles in Figure 8.

If a hard crease is marked between pm
c and pm

1
then on the surface these two triangles are approxi-
mating, the immediate angle θ between those two ver-
tices should stay pronounced up to a certain distance
depending on the strength of the crease.

Consider in Figure 8 (bottom row), in the example
with the hardest edge, the influence of θ is strong, so
anywhere along the crease up to pm

2 or pm
0 that angle

stays the same.
However, in the smoother example, the further to-

wards pm
2 or pm

0 from the crease one goes, the more it
deviates from θ. We approximate this angle through θ

by fitting two planes to pm
c , pm+1

c1 , pm
1 with pm

2 and pm
0



Figure 6: Mean Hausdorff distance between the original mesh in the TOSCA dataset, and subdividing a 1000 face decimation
twice using Blender’s Catmull Clark implementation and our method.

Figure 7: Subdividing for more iterations than it has seen
during training does not produce visual artifacts. Cactus
model from (Liu et al., 2020) source code.

Figure 8: Subdivision of two triangles using loop subdivi-
sion’s topology update. pm indicates vertices that exist on a
mesh and vertices pm+1 are vertices that exist in the subdi-
vided version (top). Possible crease strengths ranging from
infinitely hard to very soft (bottom).

and project the four points pm+1
2 and pm+1

0 onto this
plane. We use the mean position of the input points to
find a point on the plane, then singular value decom-
position to calculate the normal.

We include pm+1
c1 in the plane fit in case there

is any curvature introduced from the output of our
model that we should keep. For example, the creased
edge is a convex edge and bends outwards away from
pm

0 in Figure 8 (top), which helps preserve that curva-

ture as well.
We can further extend this approach by setting the

strength of the hard edge. Instead of having a boolean
value, hard or not, we can associate a value between
zero and one to interpolate between the original out-
put, and the projected points. So instead of encoding
a boolean value into the mesh’s lower bits to guide the
subdivision creasing, we can encode a fixed precision
value. For example, if we allocate four bits towards
the strength of a hard crease, we can set eight different
strengths with intervals of 0.125. The crease calcula-
tions can be deactivated if the strength is zero. We
apply the creasing on every level of subdivision since
the creasing effect will be stronger the larger the tri-
angles are.

Figure 9: Modified icosphere subdivided with hard creases.
Base model with highlighted edges in orange showing the
creases and their subdivided counterparts below. Left most
pair has no creases marked.

5.5 Soft Creasing

Softening an edge is almost an identical process as
hardening an edge, except that instead of preserving
θ, we flatten it. By fitting a plane between the four
new vertices pm+1

0 and pm+1
2 and projecting pm

c , pm
c1



Figure 10: Softening of creases on the Stanford bunny.
Edges are marked as orange if they are softened (left). De-
fault output from model (middle) and output with softened
edges (right). Note the seams around the neck and tail.

and pm
1 onto it, we can flatten θ. Figure 10, shows this

method applied to the Stanford bunny around edges
that may be interpreted as too sharp.

Similar to hard creases, we can adjust the strength
of the softening by scaling between the original out-
put of the model, and the plane projected point, as
well as only applying the softening on later subdivi-
sions. In practice, this user guidance would again take
the form of direct user ”painting” of crease values.
Figure 11 shows soft creasing at varying strengths.

Figure 11: Original mesh in green, then soft creasing along
the middle at strengths 0.0, 0.25, 0.5 and 1.0 from left to
right in blue, three times subdivided.

6 Similar Mesh Retrieval

We can further take advantage of the unused bits
within the 3D vertices by establishing connections be-
tween the meshes online. Scene design often requires
finding visually compatible assets. We embed com-
pact similarity embeddings and service URLs directly
in meshes, enabling dynamic retrieval without extra
files or format changes.

A naive way to retrieve similar meshes from a
database is to send the mesh itself, and have the server
analyze it and perform a search. However, meshes
can be large in size or may be proprietary. It would be
better to send a compressed slice of data that contains
enough information needed to perform a search. We
can include this in the lower bits of the mesh so it is
available to anyone who comes across it.

We do this by using a view based approach. We
render the mesh from a set of images and pass it
through a convolutional autoencoder. The output of
which provides an embedding, or a compressed slice
that we encode into the mesh itself. Considering the

limited number of bits available in the vertices, these
embeddings are a suitable method to facilitate similar
mesh retrieval.

While modern formats like glTF and USD allow
high-level metadata storage, these approaches often
require custom extensions and may not be supported
across all pipelines. Our method encodes similarity
embeddings directly in unused bits, ensuring zero in-
crease in file size and full compatibility with exist-
ing tools. This low-level approach enables persistent,
format-agnostic connectivity without breaking stan-
dard workflows, which is critical for assets shared
across heterogeneous environments.

6.1 Methods

Our pipeline renders 12 fixed views per mesh, passes
them through a convolutional autoencoder, and stores
compact embeddings plus a service URL in vertex
bits. At query time, embeddings are permuted to han-
dle orientation and compared via Euclidean distance
for retrieval.

Our approach assumes alignment to global axes
for simplicity, which works well for most models.
However, this assumption is not universal. Alterna-
tives such as detecting principal directions via spec-
tral analysis, wavelets, or smallest enclosing un-
aligned rectangles could reduce reliance on fixed ori-
entations, especially for rigid models. Exploring
these methods is left for future work.

Another assumption is that the software these
meshes are made in, such as Blender (Blender Devel-
opment Team, 2022), or Maya (Autodesk Inc, 1998),
typically have a built-in axis designated as the up di-
rection. Most models are also oriented in a way where
it has an up direction, such as a computer monitor or
a water bottle.

With these assumptions, we can narrow the align-
ment of the mesh down to four possibilities. Consider
the airplane model in Figure 12, if we consider +Y
as the up direction, then the nose of the plane, or its
forward direction is either -X, +X, -Z or +Z. With this
we can record the mesh in twelve images, which will
be enough to allow us to generally avoid explicitly
aligning meshes to one another.

Prior to rendering the images, we also temporarily
scale the object down to a 1m cube and translate it so
its bounding box is centered to the origin for normal-
ization. We then render depth-based screenshots of
the object at fixed angles. One from each of the pos-
sible forward axes (-X, +X, -Z, +Z), and four from the
top and bottom. For the top and bottom, we take four
so that at least one of them has the mesh’s forward
direction towards the top of the image.



Figure 12: Overview of our mesh retrieval pipeline. A mesh is rendered at fixed angles, then those images are sent through
a convolutional autoencoder generating an embedding. Those embeddings are encoded into the lower bits of the input mesh
along with a URL to a mesh retrieval service. This mesh can then be used as is, indefinitely until someone wants to retrieve
similar meshes. They would then send the service those embeddings as a lookup to return similar looking meshes.

Figure 13: Architecture of our autoencoder. Each convolution (square) in the encoder is followed by a max pooling layer,
mirrored by a max unpooling layer in the decoder. After the convolutions in the encoder, it is flattened and put through fully
connected layers to reduce the dimensionality down to our embedding size n. Then increased back to mirror the decoder
convolutions. The reconstructed output image is then compared to the input with L2 loss during training.

Figure 14: Example of permuting the complete set of depth embeddings (represented by their corresponding images) to create
a lookup query.

From this we have twelve 128x128 grayscale ren-
derings of our object from fixed angles. Each one of
these images can then be passed on to a convolutional
autoencoder to generate an embedding.

The architecture can be seen in Figure 13 and is
based on a convolutional autoencoder. It begins with
three convolutional layers. It is then flattened and
passed through two linear layers down to an embed-



ding size n. This linear layer is the data that will be
encoded into the lower bits of the mesh. The rest of
the network essentially runs in reverse: two linear lay-
ers are followed by three deconvolutional layers to re-
construct the input image.

The L2 loss between the output and input images
is used during training. Other approaches such as
(Labrada et al., 2024) use an additional classification
network that attempts to predict the category based
on the embedding layer, then uses that cross entropy
loss with the L2 loss in training. But our autoencoder
has no notion of the categories, and should be able to
generalize to other types of meshes.

With twelve depth based images per mesh, we
have twelve n-float embeddings to encode in the lower
bits. This sums to n ∗ 32 ∗ 12 bits or 48 ∗ n bytes. In
our experiments we tried n equal to 16, 32 and 64,
relating to 768, 1536 and 3072 bytes respectively.

After storing the URL and embedding into the
mesh, we can again use the mesh as-is indefinitely
since the encoded bits would only cause impercepti-
ble changes in the geometry. The benefit is that in the
future the mesh has additional information in the form
of this encoding to retrieve similar meshes, should the
user wish to.

To perform the similarity based lookup, we wish
to have embeddings in the order of front, right, back,
left, top and bottom, where top and bottom have for-
ward facing up. We obtain this ordering by mak-
ing four lookups, permuting the twelve embeddings
and taking six of them. An example of this can be
seen in Figure 14. One of these will be the cor-
rect ordering, regardless of which axis was consid-
ered forward when modelling. We then use the Eu-
clidean distance between the request embedding and
those in the database, as a 6 by n vector to determine
which meshes in the database are most similar. We
trained on ModelNet40 (Zhirong Wu et al., 2015b)
with the training and test split provided in the dataset
for 300 epochs using the Adam optimizer included in
PyTorch.

6.2 Results

Despite the minimal number of bits required, our
method performs well in general. And our method
successfully returns objects that look similar to the
query mesh. In particular, objects with well defined
silhouettes are very well suited to our method.

However, there can be objects within the same cat-
egory that actually do not inherently look like each
other, or look more similar to objects in other cate-
gories which give misleading results.

We attempt to show this with another metric, top-

NmAP (Top N Mean Average Precision), popular in
internet search engines. Mean average precision is
based on the ranking of the entire query, so the metric
is sensitive to how it orders the whole database based
on a query. With internet search engines this is infea-
sible, so instead it takes the first N results of the query
and calculates the metric based on that. In the con-
text of internet searching, N is usually the number of
items on each page.

We developed a prototype interface for our mesh
retrieval that we will discuss later in this section, but
we note here that it shows six items at a time. There-
fore we choose N as six and twelve, relating to the
mAP scores on the first and second ”pages” respec-
tively. These can be seen in Table 1 and Figure 15.

The values show that within the first six or twelve
items it performs well for returning meshes in the
same category. It makes sense that top six and twelve
mAP score well, since they are returning the radios
that look similar.

A drawback of our method can be the relative
scales of objects. Prior to rendering the objects, they
are scaled down to a 1x1x1 cube. If an object is espe-
cially long in one axis, such as a radio with a long an-
tenna then it will get scaled down and the body of the
radio will take up a much smaller area than if it did not
have it. Generally, this means that objects with differ-
ing axis ranges, or aspect ratios are not going to match
as well. This could be improved with some sort of dy-
namic scaling, perhaps ignoring small extensions like
antennae, but this is left for future work

We can further confirm partial rotation indepen-
dence by rotating the test set by random 90 degree
intervals about the up axis. In Table 1, we can see that
the mAP with this prior rotation does not change con-
siderably when the rotation is not applied. The small
change is most likely due to aliasing in the low reso-
lution renders, combined with the fact that there are
a small number of meshes in the dataset that do not
follow our assumptions and have a different up axis
than the rest, or are modeled off of the global axes.

With the networked mesh infrastructure in place,
this can be presented in an interface for scene design-
ers to use. A prototype can be seen in Figure 16.
Pressing the ”Get similar objects” automatically ex-
tracts the embeddings and URL from the whichever
mesh is currently selected, and downloads the meshes
in the database with the most similar embeddings.
The retrieved objects are placed on the neighbouring
circles. They automatically rotate synchronously with
the reference mesh for easy comparison, and clicking
on one of the similar meshes will swap it with the ref-
erence to allow for quick replacements and testing.



Figure 15: mAP, Top 6 mAP, and Top 12 mAP for 32 bit embeddings for ModelNet40.

mAP 16 32 64
ModelNet10 0.517 0.589 0.567
ModelNet10 (with random rotations) 0.511 0.586 0.563
ModelNet40 0.399 0.450 0.434
ModelNet10 Top 6 0.953 0.958 0.960
ModelNet10 Top 6 (with random rotations) 0.945 0.959 0.957
ModelNet40 Top 6 0.943 0.952 0.951
ModelNet10 Top 12 0.903 0.915 0.919
ModelNet10 Top 12 (with random rotations) 0.897 0.911 0.914
ModelNet40 Top 12 0.880 0.900 0.896

Table 1: Changing the embedding size between 16, 32 and 64 does not significantly change the mAP, nor does rotating the
test set, showing that we can model something aligned to any of the four orientations and it does not hinder our lookup
significantly.

Figure 16: Prototype interface for our mesh retrieval sys-
tem. A mesh can be selected, then it extracts the necessary
information for the request (top). Then a request can be
made to retrieve similar meshes from the database (bottom).

7 Limitations

Modifying vertex positions beyond the least signif-
icant bits can invalidate embedded metadata; how-
ever, re-encoding is straightforward since the pro-
cess only requires bitwise operations on vertex coor-
dinates. URL persistence depends on the availability
of the linked service—if the server becomes unreach-
able, the mesh remains usable but loses dynamic func-

tionality. This limitation could be mitigated through
redundancy or caching strategies. Regarding security,
URLs are openly encoded and could be spoofed if in-
tercepted; therefore, services should employ HTTPS
and authentication tokens to prevent malicious redi-
rection.

Additionally, our current evaluation of geometric
precision loss is limited to a single mesh; a more com-
prehensive study across diverse models and resolu-
tions is left for future work. However, crease intent
scales naturally with mesh size because both the data
and its encoding grow proportionally with the number
of vertices. Expanding capacity for global metadata
still requires adding vertices, which may not suit all
applications.

Additionally, we rely on the lower bits of floating-
point positions, so the method is incompatible with
file formats that truncate or compress data—making
binary formats preferable, as ASCII representations
often lack sufficient precision.

8 Conclusions And Future Work

We introduced adaptive meshes by encoding meta-
data in unused bits, enabling persistent services with-
out format changes. Applications include ML-driven
subdivision with crease hints and similarity-based re-
trieval. Future work may explore dynamic effects like
aging or material-aware updates.

To use the decaying example; there could be a sce-



nario where a player’s character ages (or decays if
they were a robot) over real or accelerated time. One
could also consider other aspects of an evolving ob-
ject in an evolving world; for example a multiplayer
game where the world becomes overgrown with moss
or vegetation in real time.

There are also ways to add accessibility to the
mesh, such as detecting vertices vital to the silhou-
ette and encoding a value to increase the contrast on
them for the visually impaired.
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