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Abstract

This work addresses the problem of shape comple-
tion, i.e., the task of restoring incomplete shapes
by predicting their missing parts. While pre-
vious works have often predicted the fractured
and restored shape in one step, we approach the
task by separately predicting the fractured and
newly restored parts, but ensuring these predic-
tions are interconnected. We use a decoder net-
work motivated by related work on the prediction
of signed distance functions (DeepSDF). In partic-
ular, our representation allows us to consider fest-
time-training, i.e., finetuning network parameters
to match the given incomplete shape more accu-
rately during inference. While previous works
often have difficulties with artifacts around the
fracture boundary, we demonstrate that our over-
fitting to the fractured parts leads to significant
improvements in the restoration of eight different
shape categories of the ShapeNet data set in terms
of their chamfer distances.

1. Introduction

Partial objects are very common in shape analysis and pose
special challenges when further processing the geometry.
The partiality is often due to incomplete views when scan-
ning an object which leaves holes in the reconstructed sur-
face. Many methods exist to complete these kinds of sur-
faces, both traditional and learning-based methods (Sharf
et al., 2004; Anguelov et al., 2005; Wu et al., 2015). Another
setting is the completion of partial volumetric shapes. In
contrast to holes in surfaces, the boundaries of partiality are
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not obvious in this case and learned information about the
space of shapes is crucial for obtaining good results. While
such shapes can result from volumetric reconstruction al-
gorithms (Slavcheva et al., 2017), we focus on the case of
shape restoration in this paper. The assumption is that a
broken object was scanned and the parts needed to complete
it should be reconstructed (see Figure 1). In addition to
learning a distribution of complete shapes, it is necessary
to reconstruct shapes that tightly align with the given input
shape, for example to 3D print a fitting replacement part.
This is, for example, important in medical applications from
partial organ scans (Gafencu et al., 2024) or for 3D print-
ing parts for a broken object (Lamb et al., 2022a), e.g. for
cultural heritage applications.

General shape completion methods focus on the appear-
ance of the full reconstruction, which often looks good, but
struggle with precision w.r.t. the input shape and details
(Park et al., 2019). We build our work upon (Lamb et al.,
2022a) which tackles this problem and learns to complete
fractured shapes in a certain class by separating the frac-
tured part from the restoration part. However, (Lamb et al.,
2022a) still struggles to accurately align details, likely due
to the complexity of learned classes whose details are hard
to capture in a joint latent space. To overcome this issue
we propose carefully designing the latent space and im-
plementing test-time training to take the given geometric
information of the input space into account directly. This
allows us to produce restoration shapes that accurately repre-
sent the fractured area and produce a consistent joint shape,
see Figure 1.
Contributions. We make the following contributions:
* A new pipeline for generating accurate restoration
shapes in the setting of volumetric shape completion.

* An analysis and optimization of the network architec-
ture for shape restoration proposed in (Lamb et al.,
2022a).

 The introduction of test-time training for shape restora-
tion, which requires precise alignment and greatly ben-
efits from this approach.
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Figure 1. Overview about our method. While DeepMend gets a good rough estimation for the fractured (upper left) and restoration shape
(upper right), we get via test-time training much sharper and more detailed shapes, especially w.r.t. the break surface. This results in
restoration shapes that fit much better to the original input fractured shape (bottom). In particular, 3D printing as an application case will
benefit from our approach.

¢ Code for Test-Time Training can be found here: disjunctive) from each other but also guarantees an (inner)
https://github.com/mschopfkuester/ relationship between both shapes.

shape_completion_ttt We describe the surface of all shapes by occupancy functions

« Experiments on several datasets showing the advan- ~ 0s(X) : R® ¥ f0;1g;S 2 fF;R;C;Bg, such that for a
tages of the introduced changes.

2. Notation and Problem Description

In this section, we introduce the notation used throughout
the paper and formalize the problem of shape restoration.

We assume that a fractured shape F~ R3 is given as input
which is a partial version of a complete shape C RS,
Therefore, it holds F C. Our goal is to find the (with
F disjoint) restoration shape R R® which completes F
when merged together, i.e. C = F [ R. See Figure 2 for a
visualization.

We do not predict the complete shape directly, but the frac-
tured and restoration shape separately. This ensures we can
learn structural details about the relationship between the
fractured and restoration part. We need a few considerations
to reformulate the problem accordingly. Therefore we in-
troduce a so called break set B R3 such that both, the
fractured shape F and restoration shape R, can be described

as the intersection of the predicted complete shape and the @ ) ©
break set (or its complement), i.e. Fractured Restoration Complete
F=C\Band R=C\B€: 1) Figure 2. Visualization of the problem setting: Given a fractured

shape I’ (a), we want to predict the missing restoration shape R
This allows to model F and R separately (and pairwise  (b) such that we get the complete shape C'= F' [ R (c).


https://github.com/mschopfkuester/shape_completion_ttt
https://github.com/mschopfkuester/shape_completion_ttt
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certain pointx 2 R? it holds that In a volumetric representation, the boundaries of holes are
harder to identify, and semantic information about the prop-
1; xisinside the shaps; erties of the full shapes in this class is necessary. One of the
0. other @) rst works in this direction applied convolutions on voxel
grids in a coarse-to- ne manner to complete incomplete
In the binary formulationge andog can be easily rewritten  depth fusions (Dai et al., 2017). However, voxel methods

0s(x) =

in the following fromoc andog : require a lot of memory to represent ne details. With
(Sellan et al., 2022) and (Lamb et al., 2023) two datasets
O (X) = oc(X) og(X); (3)  with complex fractured shapes were published recently. A
or(X)= 0c(x) (1 og(x): (4) huge step towards more ef cient detail generation was made

in DeepSDF (Park et al., 2019) which learns to predict
This allows an ef cient on-the- y conversion between all a signed distance function (SDF) with a neural network.

entities. DeepSDF can do both, sample new instances from a class
as well as complete partial shapes. However, a strong class
3. Related Work prior learned by the network can lead to semantically mean-

ingful but not well-aligned completed shapes.

In th_|s section, we provide an overview O.f general 3D 9€Ny, applications where a tight t to the input is necessary,
erative models as well as shape completion approaches.

for example, 3D printing replacement parts of broken ob-
jects Ehape restoratiop this is a problem. This can be
avoided by requiring additional information, like an image
Generating 3D geometry has been a widely studied®f the complete shape (Galvis et al., 2024). Another so-
eld (Dai et al., 2017; Luo & Hu, 2021; Qiu et al., 2023) lution was proposed by DeepMend (Lamb et al., 2022a)
which has greatly bene ted from the advances in implicit ahd DeepJoin (Lamb et al., 2022b) in explicitly modeling
representations due to their exibility (Park et al., 2019; the fractured region and the t of the generated part to the
Erkog et al., 2023). These methods are fundamentally diffracture. Due to the more general setup, where only the
ferent from mesh-based methods like deformation modoccupancy of the shapes is needed, we focus on (Lamb
els (Loiseau et al., 2021) or parametric shape models (zufét al., 2022a). We provide a more detailed description of
et al., 2018) which rely on a xed template or topology and,DeepMend in Section 4.1. But like many generative meth-
thus, are limited in the shapes they can represent. CorRds, DeepMend suffers from over-smoothing behavior from
bining both can lead to great results but might suffer fromhaving a single network for many objects, as we can see in
inconsistencies between them (Poursaeed et al., 2020; Meh@4lr numerical experiments. To that end, we propose using
et al., 2022). Generative models based on neural elds cafest-time training for shape restoration which can adjust the
handle different classes and be conditioned with arbitrarj?etwork weights to the input and ensure that a tight t is
modalities, for example, images (Gao et al., 2022; Liu et al.possible.

2023), text (Qiu et al., 2023; Lin et al., 2023), or latent

code manipulation (Park et al., 2019; Zeng et al., 2022; H8.3. Test-Time Training

etal., 20.24)' A.speC|aI case of generative modelirghape The power of learning methods normally comes from huge
pomplet|omyvh|ch takes an mcompletg or broken shape asgeneralization capabilities based on the training data. How-
input and aims to generate the full object. ever, examples that stray from the training distribution might
only be captured suf ciently but not perfectly — often seen
in slightly too smooth test results. Finetuning the network
The partial input can either be an incomplete point cloud ofOr parts of it) during interference can prevent this in applica-
a partial volumetric shape for which semantic informationtions, where itis possible to do self-supervised adaption and
is necessary for completion. A partial point cloud or meshwhere inference time is not critical. This so-called test-time
has identi able holes which can be closed without any in-raining was proposed in (Sun et al., 2020) for generalizing
formation about the object class, for example by Poissoiinder distribution shifts and has been applied in different
reconstruction which generates water-tight surfaces out oPplications like robust classi cation (Gandelsman et al.,
any oriented point cloud (Kazhdan et al., 2006), by lling the 2022) and sketch-based image retrieval (Sain et al., 2022).
hole with structurally tting patches (Hanocka et al., 2020) To the best of our knowledge, this work is the rst to use
or using learned class features (Chibane et al., 2020). Learfgst-time training to improve the geometric consistency in
ing class-based priors for point cloud completion allowinglearning-based shape completion approaches by over tting
to complete more severe degradation is also possible (SUR€e network weights to match the (fractured) input shape.
etal., 2022; Zhu et al., 2023; Cui et al., 2024).

3.1. 3D Generative Models

3.2. Shape Completion
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S for each of the four sets; R; C; B :

X
Ls=  BCE(os(X;Zs;zc; 1; 2);0a(X)): (5)

X

The speci ¢ terms can be derived from Equation (3) and
Equation (4). Each object class is trained separately and
until the chamfer distance error on the validation set is min-
imal. Dropout is used on all hidden layers. During training,
the network parameterg and ; are jointly optimized with

the instance-speci c latent codes andzc:

fo gfelg ;=  argmin Lyan

Figure 3.Network architecture of (Lamb et al., 2022a). The archi- fzg 0ifzc 0 1i 2

tecture is separated into two parts which predict the occupancy = argmin Lc+ Lg + Lg + Lg;
of the complete shapm: and the break sek respectively. The fzh gifzL g; 15 2

input for both parts is the point coordinate2 R® and a latent (6)

code describing the geometry. Via Equation (3) and Equation (4)
we can calculate the occupancies of the fractured sbamnd the  whereL¢;Lg;LF;Lr are the respective binary cross-
restoration shaper : We de ne the skip connection with and  entropy losses for the complete shape, break set, frac-

the multiplication of the outputs of the two networks with tured, and reconstruction shape for the training examples
j =1;:::;n. The losses are taken from Equation (5). Dur-
ing inference, only the latent codes are optimized and the

4. Background fractured shape is given as input, such that we calculate

In this section, we introduce the most relevant previous 2g;2c =argmin Lr + Lyeg 7

work, DeepMend (Lamb et al., 2022a), which tackles the Ze iZc

shape restoration problem and on whose network architegsr each test object separately. Hérg, is a combina-

ture our work is built, in more detail. tion of different penalty terms to ensure that the predicted
restoration shape is not empty and near the fractured shape.

4.1. DeepMend The nal shape is then inferred &s, (2¢c ): For more infor-

DeepMend (Lamb et al., 2022a) learns to predict the o¢nation see (Lamb et al., 2022a).

cupancy functionsc andog, as de ned in Section 2, via )
neural networks and thus learns a representation for the r&. 3D Shape Restoration

lationship between the fractured and restoration shape that

generalizes well to new class instances. The network arch n this section, we introduce our metho_d to comple_te frac-
red shapes based on test-time training. We build upon

tecture is an auto-decoder based on DeepSDF (Park et d o 1 h hil dicti h h fth
2019) which has as input parameters a latent code and Qe fact that while predicting the rough geometry of the

pointx 2 R® and predicts the corresponding occupanc;)"’ ole shape is important, it is equally important to t the
valuesoc (x) andog (x). The latent code is optimized di- predictionexactlyto the partial input to not create artifacts
B8 around the break points and, for example, allow a properly

rectly on every instance without a trained encoder with & . . )

decoder-only framework, see DeepSDF for details. tting spare part to be printed, see Figure 1'.TO thatend, we
apply test-time training on the network weights to allow a

To predict the occupancy of the complete shap€x), tight t to the input geometry, see Section 5.1. Addition-

(Lamb et al., 2022a) uses a netwdrk consisting of a  ally, we perform an analysis of the network architecture and

8-layer MLP with a skip connection after the fourth layer |oss functions used in (Lamb et al., 2022a) to increase the

and al28-dimensional latent code: as input. A similar  performance, see Section 5.2.

networkg , is used to predict the break set but without a

skip connection and a smaller latent cageas input. The 5 1. Test-Time Training

exact architectures can be found in (Lamb et al., 2022a). . o .
See also Figure 3 for an overview. During test-time training, the model's weights are netuned

using input data during inference (Sun et al., 2020). Mod-

els trained on complex classes often overlook ner details,
Training and Inference For model training (Lamb et al., resulting in smoothed edges and missing details, as seen
2022a) considers the binary cross-entropy loss (BICE) in (Lamb et al., 2022a). By incorporating the detailed ge-
between the true targétand the corresponding prediction ometric information from the input fractured shape into

4






