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Abstract

Geometric fracture assembly presents a challenging practi-
cal task in archaeology and 3D computer vision. Previous
methods have focused solely on assembling fragments based
on semantic information, which has limited the quantity of
objects that can be effectively assembled. Therefore, there
is a need to develop a scalable framework for geometric
fracture assembly without relying on semantic information.
To improve the effectiveness of assembling geometric frac-
tures without semantic information, we propose a co-creation
space comprising several assemblers capable of gradually and
unambiguously assembling fractures. Additionally, we intro-
duce a novel loss function, i.e., the geometric-based colli-
sion loss, to address collision issues during the fracture as-
sembly process and enhance the results. Our framework ex-
hibits better performance on both PartNet and Breaking Bad
datasets compared to existing state-of-the-art frameworks.
Extensive experiments and quantitative comparisons demon-
strate the effectiveness of our proposed framework, which
features linear computational complexity, enhanced abstrac-
tion, and improved generalization. Our code is publicly avail-
able at https://github.com/Ruiyuan-Zhang/CCS.

Introduction

Fracture assembly aims to reconstruct a broken object by
composing its fractures. Manually assembling these frag-
ments is time-consuming and requires precision. The task
is complicated due to the vast number of potential combina-
tions and the lack of clear instructions. Therefore, geometric
fracture assembly is a practical but challenging task.
Previous studies have focused on tasks like archaeological
fragment matching and 3D furniture assembly, using meth-
ods such as generative 3D part assembly with graph neural
networks to understand part relationships (Funkhouser et al.
2011; Toler-Franklin et al. 2010; Zhang et al. 2022; Zhan
et al. 2020; Narayan, Nagar, and Raman 2022; Lee, Hu,
and Lim 2021; Li et al. 2020). However, these approaches
often face limitations in handling shapes with numerous
fragments, also called scalability issue or multi-parts issue.
Futhermore, they rely heavily on semantic information like
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Figure 1: Comparison of Transformer-based assembly (left)
and our method (right). Left: Assemblers may become con-
fused when presented with multiple fractures to assemble si-
multaneously, leading to an inability to assemble any parts.
Right: In our method, assemblers focus on essential fractures
of parts, enabling efficient and effective task completion.

part segmentation and ground-truth annotations (Zhang et al.
2022; Zhan et al. 2020; Narayan, Nagar, and Raman 2022;
Lee, Hu, and Lim 2021; Li et al. 2020). To address part
relationship constraints, (Zhang et al. 2022) introduced a
transformer-based framework, IET, which assigns positions
to parts and uses self-attention for positional interactions.
However, this method’s computational complexity increases
significantly with the number of parts due to the quadratic
scaling of attention mechanisms (Goyal et al. 2021).

In this paper, we introduce the Co-creation Space, a novel
approach that enables assemblers to predict the 6-DoF pose
of geometric parts or fractures. This method, illustrated in
Figure 2, involves assemblers competing for write access to
update a shared workspace, thereby predicting part poses
(Baars 1993; Dehaene, Lau, and Kouider 2021). The task
of geometric fracture assembly is divided into specialized
tasks, such as identifying the core fracture and locating rel-
evant ones. Assemblers collaborate in a shared workspace,
which replaces the pairwise interactions found in traditional
dot-product attention methods. This approach ensures global
coherence and reduces computational complexity to a linear
scale relative to the number of assemblers (Baars 1993). As
depicted in Figure 1, the Co-creation Space also acts as an
information bottleneck, denoted as R; in Eq 2, limiting the
capacity of information channels between specialists. This
ensures that only essential information is written into the
workspace. Fig.1(a): when the assembler considers multi-
ple parts/fractures simultaneously, it discovers that multiple
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components can match each other (e.g., a chair seat can con-
nect with both the chair legs and the chair back; a fragment
can link with other fragments at multiple angles). As the vol-
ume of information increases, it would cause confusion is-
sue as other baselines (Fig.1(b)). Just as drivers pay more
attention to important traffic signals rather than the onboard
music while driving, the assembler requires a focus.

Moreover, the presence of identical or similar information
in fractures during assembly can cause ambiguity and hin-
der escaping local optima. We address this by introducing
a geometric-based collision loss, depicted in Figure 3. This
loss function actively separates identical or similar fractures
that share the same location, guiding them towards more ap-
propriate positions. We carried out comprehensive experi-
ments on two major geometric fracture assembly datasets:
PartNet (Mo et al. 2019) and Breaking Bad (Sell4n et al.
2022). Through numerous comparative experiments and ab-
lation analyses, we compared our method with state-of-the-
art works (Zhang et al. 2022; Zhan et al. 2020; Narayan,
Nagar, and Raman 2022) and verified the effectiveness of
our proposed framework. Our method emphasizes scalabil-
ity in assembly processes and can be integrated as a plug-
and-play module to enhance geometric information extrac-
tion research.

Related Works
Geometric Shape Assembly

Geometric shape assembly involves combining multiple
shapes to create a target object (Zhang et al. 2022; Zhan
et al. 2020; Narayan, Nagar, and Raman 2022; Grason 2016;
Chen et al. 2022; Funkhouser et al. 2011; Jones et al. 2021;
Lee, Hu, and Lim 2021; Li et al. 2020; Liu et al. 2023a),
and it is an important problem in science and engineering
(Funkhouser et al. 2011; Zhang et al. 2022; Zhan et al. 2020;
Narayan, Nagar, and Raman 2022). Previous research has
focused on specific cases that simplify the problem, such as
using identical fragments (Funkhouser et al. 2011; Lee et al.
2022) or textured fragments(Lee et al.). However, in practi-
cal applications, the shapes and number of fractures can be
arbitrary, requiring more general methods.

Building on PartNet (Mo et al. 2019), studies like (Zhan
et al. 2020; Narayan, Nagar, and Raman 2022) have pro-
posed graph-based learning methods for predicting 6-DoF
poses of each part and assembling a shape. Similarly, (Zhang
et al. 2022) use a transformer-encoder to understand part re-
lationships. However, these methods often rely heavily on
semantic information of object parts, such as instance en-
coding (Zhang et al. 2022), instance label (Zhan et al. 2020),
and order information (Narayan, Nagar, and Raman 2022),
and become less effective with more parts. Recently, (Sellan
et al. 2021) introduced the Breaking Bad dataset, highlight-
ing the challenge of assembling non-semantic fractures into
complete shapes. This shows that fractured shape assem-
bly is an ongoing issue. In response, we propose a new
framework to tackle the scalability challenge in geometric
shape assembly, demonstrating good performance on non-
semantic datasets.
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Shared Global Workspace

In cognitive neuroscience, the Global Workspace Theory
(SGW) (Baars 1993; Dehaene, Lau, and Kouider 2021) has
been proposed to suggest an architecture allowing specialist
modules to interact through a shared representation called
workspace, a bandwidth-limited communication channel.
The advantage of this approach is that it enables global co-
ordination and coherence among different components, be-
yond just local or pairwise interactions. Workspace can be
modified by any specialist, and that is broadcast to all spe-
cialists. (Goyal et al. 2021) explore the use of such a com-
munication channel in the context of deep learning, leading
to greater abstraction and better generalization, which will
be effective in large geometric fracture assembly tasks with-
out semantic information. Based on this theory, (Liu et al.
2022) propose a Centralized Training Decentralized Execu-
tion learning approach called Stateful Active Facilitator that
enables agents to work efficiently in high-coordination and
high-heterogeneity environments. In this paper, co-creation
is proposed so that the assemblers competing for write ac-
cess can update the workspace. Looking at it from another
perspective, the process in SGW is similar to an information
bottleneck (IB) that distills and extracts crucial information
for our conscious awareness. In this paper, IB corresponds
to Ry, used to address scalability issues.

Method

Let P = {p;}}¥, represent a set of geometric fracture point
clouds, where p; € R™<*3 and N denotes the number of
parts which may vary for different 3D shapes. Our goal is to
predict a set of 6-DoF fracture poses as Z = {(R;, T;)

in SE(3) space, where R; € R* and T; € R denotes the
rigid rotation and translation for each fracture, respectively.
Then, we apply the predicted pose to transform the point
cloud of each part and get the ¢-th fracture’s predicted point
cloud P} = Z;(p;), in which Z; is the joint transformation of
(R;, T;). And the complete shape can be assembled into S =
Ui]\il P! as our predicted assembly result. In this work, we
present a scalable geometric fractures assembly framework
via a co-creation space among assemblers to assemble 3D
shapes, which is illustrated in Figure 2.

Co-creation Space among Assemblers

In this section, we introduce co-creation space among as-
semblers, which serves as the core module of this frame-
work. In this module at each computation stage indexed by ¢,
n, assemblers compete for write access to co-creation space,
ng = N. The contents of the co-creation space, in turn, are
broadcast to all assemblers simultaneously.

Step 1: Generating the message of assemblers. Each
assembler ¢ receives a message containing geometric frac-
tures’ information m;  at each time step ¢. The initialization
information is created through the routing function, which
carries information about the current fracture and its rela-
tionship with other fractures. The first step is external to the
co-creation space, for details, please refer to . we denote the
set of messages generated by the assemblers at time step ¢
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Figure 2: The overall architecture of our framework. (a) geometric fractures feature extraction using shared parameters PointNet
(Qi et al. 2017), (b) geometric fractures relational reasoning and information routing, (c) complete the assembly task among
assemblers using the co-creation space, (d) MLP predictor for pose estimation.

by M;:

Step 2: Writing into the co-creation space. The message
M, generated in step one is distilled into a latent state which
we term as a Co-creation Space. The assemblers compete to
write into the co-creation space, whose contents need to be
updated in the context of new information received from dif-
ferent assemblers. This step ensures that only the critically
important signals make it to the co-creation space, therefore
preventing the co-creation space from being cluttered. We
represent the co-creation space state at time step ¢ by R;. R,
consists of L slots {lo, 1, ..., {1, —1}, each of dimension d; so
that R, € RE*%  The messages in M, compete to write into
each co-creation space’s memory slot via a key-query-value
attention mechanism. In this case, the query is a linear pro-
jection of the state of the current co-creation space memory

content Ry, i.e., Q@ = R;WY, whereas the keys and values
are linear projections of the messages M;. Co-creation space
state is updated as:

QUMW )T
Vd,

In this work, we use a top-k softmax (Ke et al. 2018) to se-
lect a fixed number of assemblers allowed to write in the co-
creation space. Similar to transformer (Vaswani et al. 2017),
we apply multiple heads to improve its expressive ability.

R, = softmax( )M, we.

@

Step 3: Reading from the co-creation space. Each as-
sembler then updates its state using the information broad-
cast from the co-creation space. We again utilize an attention
mechanism to perform this operation. All the assemblers
create queries Q; = {gi4|1 < i < N} € RV*% where
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Qit = medam and a; ; are encoded partial observations
of one assembler. Generated queries are matched with the
keys K = R,W¢ € R from the updated memory slots
of co-creation space. As a result, the attention mechanism
can be written as:

KT
Vde
where M/ = {m! ,|1 < i < N}. After receiving the broad-
cast information from the co-creation space, each assembler
updates its state by a feedforward layer. This yield the new
value M1 for the k-th assembler, from which we start the
next stage (¢t + 1).

Co-creation is a shared workspace with limited capac-
ity, which encourages specialization and compositionality
among assemblers. IET (Zhang et al. 2022) relies on pair-
wise interactions captured via an attention mechanism. Un-
fortunately, such attention mechanisms scale quadratically
with the number of assemblers. Here, the computational
complexity of the proposed method is linear in the number
of assemblers.

M = softmax( YRWY, 3

Geometric Fractures Information Routing

Inspired by modular deep learning (Pfeiffer et al. 2023), be-
fore the parts assembly task, we employed an independent
module to perform geometric information extraction and
fractures relation reasoning, and route the aggregation in-
formation to the next module. A transformer-based architec-
ture is recommended to learn the relationships between frac-
tures. Transformer-encoder applies multiple self-attention
layers(Zhu et al. 2023a,b) that aggregate information (e.g.,
geometry and posture) from the entire input sequence (here
is a set of geometric fractures). The positional encoding is
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Figure 3: The illustration of geometric-based collision loss (The red circles and the blue triangles represent 2 similar fractures).

omitted as the input already contains the information about
3-dimensional XYZ coordinates. We didn’t follow the stan-
dard formulation of the transformer. Instead, in order to keep
the model architecture concise, this framework used the
same Transformer structure as the co-creation space. Here
the co-creation space can support information routing and
relation reasoning at structure, but these two modules are
different in terms of their functions in our framework.

The module discussed mainly performs information ex-
traction and routing, while the co-creation space primarily
completes the logical task of fracture assembly. Learning
routing is a challenging research of modular deep learning,
including training instability (Pfeiffer et al. 2023), module
collapse (Kirsch, Kunze, and Barber 2018), and overfitting
(Pfeiffer et al. 2023). This is not the focus of this paper
to be discussed, we will discuss the learned routing of As-
sembly in future work. We have provided several options to
replace the geometric fracture information routing network
structure, including ResNet (He et al. 2016), Transformer
(Vaswani et al. 2017), and GNN (Scarselli et al. 2008).

Geometric-based Collision Loss

During assembling, fractures with similar or identical se-
mantic information will be placed in the same location. As
shown in Figure 3, other chair legs or similar parts are as-
sembled in the same position. To solve this problem, pre-
vious methods manually input the semantic information of
the parts, such as Instance Encoding (Zhang et al. 2022),
Instance label (Zhan et al. 2020), and order information
(Narayan, Nagar, and Raman 2022). However, these meth-
ods are not suitable for assembly tasks that do not involve
semantic information. Additionally, adding too much bias
into the model will limit the generalization ability of these
methods to new shape distributions.

We hypothesize that the problem arises because of frac-
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tures may assemble at a local optimum point, which is ex-
tremely difficult to escape. When one of the fractures is gen-
tly moved, the model will still pull the moved part back to
its local optimum position during optimization. To verify our
hypothesis, we propose a loss function called collision loss,
which warns and pushes away one of the fractures when
placed in the same location. The displaced fracture will af-
fect other losses, such as the shape chamfer distance loss,
and gradually optimize it to a reasonable position. Experi-
mental results show that our method effectively solves the
ambiguity between fractures c;, where 1 < 7 < N. we de-
fine the Collision loss as:

_2x 30 YL (1~ log(Clles — ¢4ll,))
B N x (N —1) ’

where C' is the hyperparameter of collision loss, that can
be adjusted through grid search (Liu et al. 2023b). Which
presents a correlation with the distance to the cloud point
distribution. |c; — ¢;||, represents the distance d > 0 be-
tween two parts or fractures. We only consider the loss
l;; = 1 —log(C x d). The corresponding derivative is
l;, j —é. As d increases, l; j becomes larger, meaning its
absolute value decreases because the derivative is negative.
The increase of the derivative leads to the slope of the L; ;
becoming flatter. It indicates that the rate of decrease of the
function slows down as d increases. This characteristic ex-
plains that £, can timely separate two overlapping fractures
without affecting the total loss of two non-overlapping parts.
This can effectively solve the ambiguous issue. We add an
ablation study for C' with artifact dataset in Table 2.

Le

“4)

Training Details

In the task of geometric fracture assembly, there are multiple
possible solutions due to the interchangeable positions of the



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

fractures and the ability to place decorative parts in different
locations. In order to establish an uncertainty model and ex-
plore structural diversity, the Min-of-N (MoN) loss (Zhang
et al. 2022; Zhan et al. 2020; Narayan, Nagar, and Raman
2022) and random noise z; ~ N(0, 1) were adopted. Here
the overall framework was defined as f, while the ground
truth pose was defined as f*. The MoN loss is used to cal-
culate the error, which is defined as follows:

£MON = mjn ‘C(f(’Pvzj)af*(,P)) (5)
1<j<n

Given a set of fracture point clouds P, f make n predic-
tions by perturbing the input with n random vector z;. In-
tuitively, it ensures at least one prediction as close as the
ground-truth space. Following (Zhang et al. 2022; Zhan et al.
2020; Narayan, Nagar, and Raman 2022), we set n =5 in the
experiment. The loss function, £ is split into four categories
similar to (Zhan et al. 2020), collision loss was proposed by
this work, for global and part-wise structural integrity.

The translation is supervised by Euclidean loss L;, which
measures the distance between the predicted translation 7}
and ground-truth translation T3* for each fracture,

N
L= |- 1715 ©)
i=1

The rotation is supervised via Chamfer distance on the
rotated fracture point cloud:

zr_é >

zER;(pi)

. 2
min ||z —vy
YyER] (ps) | I>

(N

. 2
N lz—=wyllz ],
in which the R;(p;) and R} (p;) repesent the rotated fracture
points p; using the estimated rotation R; and the ground-
truth R, respectively.

To ensure comprehensive assembly quality, we have em-
ployed Chamfer distance (CD) to monitor the entire shape
assembly S.

— : _ 2 . N 2
o= min o —ylf+ 3 minlle - yl3,  ®
zeS yEeS*

where S is the assembled shape and S* denotes the
ground-truth. The total loss is defined as follows:

L= wc‘cc + wt‘Ct + wr‘cr + ws£sa (9)

where w,, w;, w, and ws denote the weight of different
losses, which are empirically determined.

Experiments and Analysis
Dataset and Baselines

We evaluated our method and baselines on PartNet (Mo et al.
2019) datasets and Breaking Bad (Sellan et al. 2022, 2021).
PartNet is a large-scale shape dataset with fine-grained and
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hierarchical part segmentation. We utilize the Chair dataset
with default train/validation/test being split in the dataset,
which includes 6,323 chairs. Breaking Bad dataset (Sellan
et al. 2021) contains a diverse set of shapes spanning ev-
eryday objects, artifacts without any manually annotated se-
mantic information, e.g., instance label. It combines one mil-
lion geometrically natural fracture patterns, which meets our
needs. We used the categories of Everyday and Artifact. The
number of parts or fractures used in all datasets ranges from
2 to 20. We compare the proposed method with Global (Li
et al. 2020; Schor et al. 2019), LSTM (Wu et al. 2020a), CM
(Sung et al. 2017), DGL (Zhan et al. 2020), RGL (Narayan,
Nagar, and Raman 2022) ,IET (Zhang et al. 2022). To ensure
a fair comparison, the implementations of other baselines are
based on benchmark (Sellan et al. 2022).

Evaluation Metrics

The performance of our proposed method and baselines are
measured by generating a variety of shapes and finding the
closest shape to the ground truth using minimum matching
distance (Achlioptas et al. 2018). To ensure a thorough eval-
uation, we use the metrics of part accuracy (PA) (Li et al.
2020), connectivity accuracy (CA) (Zhan et al. 2020), and
shape Chamfer distance (SCD) (Zhan et al. 2020), as em-
ployed by (Zhan et al. 2020). PA and CA assess the precision
of each individual part and the quality of the connections
between them, respectively, while SCD evaluates the overall
quality of the assembled shape. In addition, we computed
the root mean squared error RMSE(R) (Selldn et al. 2022)
and root mean squared error RMSE(T) (Selldn et al. 2022) to
evaluate both rotation and translation prediction when con-
ducting experiments using the Breaking Bad dataset.

Experimental Results and Analysis

We conducted a performance evaluation of our proposed
method and various baselines, as illustrated in Table 4.
Our proposed method demonstrated superior performance
in most columns, particularly in the part and connectivity ac-
curacy metrics. The red numerical value represents the num-
ber of instances where the proposed method outperforms the
second-best method, and the green numerical value signifies
the extent by which the proposed method lags behind the
best-performing method.

The visual outcomes depicted in Figure 4 and Figure B.2,
Figure B.3 provide empirical evidence that our proposed ap-
proach surpasses the baseline methods in generating meticu-
lously organized geometries. In contrast, the baseline meth-
ods often fail to achieve satisfactory assembly results. Sub-
jectively speaking, our framework shows results that are al-
most indistinguishable from the ground truth. Figure 4 [d-
h] shows that our framework can perform well even with
many parts. This is because our framework includes a co-
creation space, which has an information bottleneck prop-
erty that promotes the emergence of better assembler pro-
fessional skills, resulting in better generalization and logi-
cal reasoning abilities for the network(Tishby, Pereira, and
Bialek 2000; Tishby and Zaslavsky 2015; Wu et al. 2020b;
Ahuja et al. 2021; Goyal et al. 2021). From Figure 4 [c-h],
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Metrics Category | LSTM Global CM DGL RGL IET Ours
Chair | 13.10 1460 24.10 09.10 0870 09.40 || 07.00

SCD (x10-3)| | Everyday | 2042 - 1512 - 1429 || 1426
Artifact | 2542 - ~ 1747 - 1646 || 1549

Chair | 2177 1570 0378 39.00 49.06 37.50 || 53.59

PAT Everyday | 1830 - C 2640 - 2694 || 2857
Artifact | 0622 - ~ 1609 - 1764 | 1978

CAT Chair | 0680 0990 09.10 23.87 3226 2447 || 38.97
Everyday | 8350 - — 8099 - 8049 || 79.18

RMSE (R)| Artifact | 8620 - _ 8264 - 7994 || 77.59
> [ Everyday | 1663 - 1535 - 15.07 | 15.10

RMSE (T) (<1079 | “atifact | 17.50 - - 1605 - 1572 | 15.50

Table 1: Quantitative evaluation on PartNet (Chair) and Breaking Bad datasets (Everyday and Artifact).

w. C |SCD,,0s)} PAT RSMEr] RSMEg ]
0.0 5 1717 1953 0.16I18  80.686
0.10 10 1.610  19.81 0.1585  81.049
0.10 15 1.651  19.10 0.1589  80.854
0.10 20 1.615  19.83 0.1566  80.054
0.10 25 1.603  19.83 0.1560  79.977
0.10 30 1.581 2053 0.1554  80.811
0.10 35 1.623 1939 0.1562  80.509

0 NA| 1631 19.81  0.1579  80.507
0.05 30 1.685  19.10 0.1565  81.028
0.15 30 1587 2054 0.1553  80.261
020 30 1.645 1974 01573  79.837
025 30 1710  19.38  0.1561  80.442

Table 2: The grid search of w, and C in artifact.

Workspace PAT SCD(x107%)] CA?t

w/o any workspace | 45.89 08.10 31.73
k =1wl/lo Col.loss | 49.87 07.60 35.65
k =5 w/oCol. loss | 49.19 07.30 33.75
k =10 w/o Col. loss | 52.53 07.10 38.40
k =15 w/o Col. loss | 52.52 07.32 36.90
k =20 w/o Col. loss | 50.23 07.30 35.56
k = 10 with Col. loss | 53.59 07.00 38.97

Table 3: The grid search of k in our settings and ablation
study. “Col. loss” denotes collision loss.

we can see that in the baseline, similar part problems can-
not be handled well when collisions occur. However, this
problem is resolved in our framework. The success of our
framework relies on the proposed collision loss, which can
identify local optimal points during model training and over-
come this state, and lead better results. Figure 4 [a-b] shows
that our framework still performs well on Breaking Bad,
demonstrating that our framework has better relational rea-
soning abilities than previous baselines, even in assembly
tasks without semantic information.

Ablation Study

Co-creation Space Analysis Co-creation space is a col-
laborative environment for all assemblers. In this context,
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the parameter k represents the memory capacity of co-
creation. This means that k determines how much infor-
mation each assembler can hold and process. Table 3 dis-
plays five different values of k, which range from low to
high memory capacities. As the value of k increases, as-
semblers can hold and process more information. However,
there is a trade-off between memory capacity and communi-
cation efficiency among assemblers. In this particular task,
the optimal result is achieved when k=10. This means as-
semblers with a memory capacity of 10 can hold and process
enough information to contribute effectively to the assembly
process without becoming overwhelmed. The visual assem-
bly effect, as shown in Figure B.1, demonstrates the impact
of memory capacity on the assembly process. At k=10, the
assembly is best because co-creators can hold and process
enough information to assemble the product correctly. How-
ever, when k = z (where x is a lower or higher value than
10), problems such as misplaced parts or interference be-
tween similar parts can arise due to the information bottle-
neck. It is worth noting that our method failed to achieve
a satisfactory result without co-creat space. Thus, it can be
observed that our proposed co-creation space brought out-
standing performance improvement consistent with qualita-
tive analysis.

Collision Loss We carried out experiments to assess the
effectiveness of the collision loss. As illustrated in Figure
5, we compared the performance of our method with and
without the collision loss. The results show a significant en-
hancement in the model’s capability to place similar parts in
different locations with collision loss. This improvement is
particularly noticeable when there are numerous comparable
parts or a large number of parts. Thus, collision loss is effec-
tive to resolving ambiguity between similar parts during the
fracture assembly procedure. Furthermore, we add an abla-
tion study for w. and C on Table 2. The values of w;, w,
and w, follow previous works (Sellan et al. 2022).

Coarse-to-fine Coarse-to-fine (CTF) is a sequential pro-
cess that involves utilizing = different networks to combine
distinct parts into a complete shape(Zhan et al. 2020), with
each network focusing on more detailed information (z = 5
in this paper). This approach enhances efficiency and accu-
racy by progressively refining the output at each step. The
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Figure 4: Visual comparisons between our algorithm and the baseline methods on Breaking Bad (a, b) and PartNet dataset (c,
d, e, f, g and h).

PAT SCD (x10-%)] CA?T

IET 37.50 09.40 2447
Ours 53.59 07.00 38.97
IET + CTF | 41.71 07.80 31.13
Ours + CTF | 55.92 06.20 42.69

Table 4: Coarse-to-fine ablation study.

Conclusion

Ours w/o Col. loss Ground Truth In this paper, we introduce a novel assembly paradigm that

effectively addresses scalability issue without relying on se-
mantic information. Firstly, we propose a co-creation space
where assemblers compete for write access. Which facili-
tates step-by-step assembly, reducing confusion when deal-

Figure 5: Collision loss ablation study visualization.

strategy was employed in both the DGL and IET. To verify ing with multiple fractures. Secondly, we have developed a
its impact on experimental results, we implemented a ver- geometric-based collision loss to minimize collision issues
sion of the IET that employs CTF with five iterations. As during assembly. Our method has been validated across all
depicted in Table 4, our method still outperformed the oth- public datasets, and we are currently exploring its applica-
ers under this condition. tion in robotic hands for assembling real objects.
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