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ABSTRACT
The application of virtual reality technology in complex equipment disassembly
training is widely used, and planning the disassembly sequence and interactively
guiding the disassembly is an issue that requires in-depth research. Traditional
methods based on physical collision detection are very accurate, but the compu-
tational efficiency is too low to meet the requirement of interactivity. In recent
years, deep learning-based disassembly sequence prediction methods have emerged,
which are fast in reasoning but suffer from inaccurate prediction of parts to be
disassembled. In this paper, we propose a novel Transformer-based network, the
Disassembly Sequence Planning Transformer (DSPT), to optimize the disassembly
sequence for guiding users to disassemble objects in VR environments. First, we
define Disassembly Sequence Features and Part History Features, along with their
construction methods. Then, we introduce the parts-to-be-disassembled probability
predictor based on a temporal-spatial score and propose a new loss function leverag-
ing the temporal-spatial score to enhance the predictor’s performance. Experimental
results show that our method achieves higher sequence accuracy and stepwise accu-
racy, both outperforming the state-of-the-art method. The results of the user study
demonstrate that our method significantly reduces the disassembly task completion
time and improves the usability compared to comparison methods.

KEYWORDS
Virtual Reality; Disassemble Sequence Planning; Transformer; Interactive Guided
Disassemble;

1. Introduction

With the rapid development of virtual reality (VR) technology, its application in
industrial manufacturing, maintenance, and training is becoming more and more
widespread. In VR disassembly tasks without disassembly guidance, users may fre-
quently rotate objects and shift viewpoints, making the process cumbersome and po-
tentially dizzying.
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Figure 1. The left figure shows the DSPT-planned disassembly sequence, with numbers in blue circles in-

dicating the predicted order. The middle and right figures display VR guidance process. At each step, DSPT

predicts disassembly probabilities and highlights the most likely component to guide the user.

Disassembly Sequence Planning (DSP) determines the disassembly order of an ob-
ject. It plays a critical role across multiple life-cycle stages, including repair, mainte-
nance, recycling, and reuse. By determining the optimal order of part removal, DSP
reduces labor time, minimizes component damage, and supports sustainable product
recovery. Depending on the disassembly objective, DSP can be categorized as Selective,
Partial, or Complete. Selective DSP targets specific components for maintenance or
replacement; Partial DSP handles subassemblies for remanufacturing; and Complete
DSP fully disassembles the product for material recycling.

When integrated with VR, DSP can provide significant support in industrial train-
ing and operational guidance, maintenance and repair assistance, as well as interactive
decision-making and design verification. Specifically, by leveraging the optimal disas-
sembly sequences generated by DSP within a VR environment, operators can engage
in immersive training simulations. Trainees are able to familiarize themselves with
disassembly steps, tools, and relevant precautions without the need to interact with
physical equipment, thereby reducing operational risks. Furthermore, engineers can in-
tuitively observe the disassembly process in VR, enabling verification and optimization
of design schemes. The disassembly sequences produced by DSP can also be employed
to assess the maintainability and disassemblability of assemblies, providing valuable
insights for subsequent product design improvements.

Existing traditional 3D graphics-based methods for disassembly sequence planning
mainly include physics simulation-based approaches such as Assembly Them All (ATA)
method (Tian et al., 2022). However, since the method relies on physical collision tests
and takes minutes to process individual parts and hours to generate a complete gravity-
aware disassembly sequence, it is usually only suitable for offline planning. In real-time
VR systems, each model upload requires a lengthy pre-planning phase before disas-
sembly can begin. Automated Sequence Planning for Complex Robotic Assembly with
Physical Feasibility (ASAP) method (Tian et al., 2024) addresses this by introducing
a GNN, reducing per-part planning time to the second level and enabling interactive
VR applications. However, its relatively high prediction error rate still results in a high
disassembly failure rate in VR scenarios because they did not consider the influence
of the disassembled parts on the next part to be disassembled.

To address these challenges, we propose the Disassembly Sequence Planning Trans-
former (DSPT) to provide guidance for users to disassemble objects in VR environ-
ments. This method not only considers the spatial relationships between object com-
ponents but also incorporates the historical influence of disassembled parts on the
remaining components. We define Disassembly Sequence Features and Part History
Features, along with their construction methods. Based on them we get the temporal-
spatial score for each part. Then we introduce a predictor based on a temporal-spatial
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score and propose a new loss function leveraging the temporal-spatial score as an op-
timization objective function to guide the updating direction of the model parameters
to enhance the predictor’s performance. In essence, we extend a disassembly sequence
planning algorithm involving graphics and robotics to a VR disassembly sequence
application. Experimental results show that our method outperforming the ASAP
method in accuracy. We also designed a user study to evaluate the efficiency and us-
ability of disassembly guidance based on the DSPT method. The results indicate that
using our DSPT method for assisted disassembly significantly reduces the required
time and improved the usability score compared to the ASAP-based approach.

Figure 1 illustrates a user disassembling an object using a disassembly guide
based on the results predicted by DSPT. At each step, DSPT predicts disassembly
probabilities and highlights the most likely component to guide the user effectively.
This guidance mechanism effectively helps users intuitively understand the disassem-
bly sequence in a VR environment. To see more examples of DSPT, please visit:
https://www.youtube.com/watch?v=WFlZnzhBhlo.

In summary, the contributions of this paper are as follows: 1)We propose the Disas-
sembly Sequence Planning Tranformer, DSPT, to give the guidance to users to disas-
semble the parts of objects in VR. 2)We define and construct Disassembly Sequence
Features and Part History Features, based on which we compute temporal-spatial
scores to quantify the influence of prior disassembly on the current timestep. 3)We
propose a predictor that leverages temporal-spatial scores to estimate the disassem-
bly probability of each part, along with a novel loss function designed to improve
prediction performance using these scores.

The remainder of this paper is organized as follows: Section 2 reviews the related
work on disassembly sequence planning and transformer-based method for sequence
prediction. Section 3 introduces the proposed DSPT framework and its key compo-
nents. Section 4 presents the experimental setup and evaluation results. Section 5 in-
troduces the experimental design of the user study and the corresponding experimental
results. Finally, Section 6 concludes the paper and outlines future research directions.
Table 5 lists the acronyms appearing in this document and their corresponding full
names.

2. Related Work

There has been a lot of work around DSP. We will provide a review of existing work
in the following three dimensions: traditional DSP methods, deep learning-based DSP
methods and Transformer-based sequence prediction methods. Table 1 summarizes the
key characteristics of currently available disassembly sequence planning methods.
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Table 1. Main characteristics of di�erent DSP method type.

Method Main Characteristics

Traditional
method

Based on modeling, optimization and physic-simulation based
approaches. Rely heavily on prede�ned disassembly rules tailored
to speci�c products. Typically involve long perstep prediction times.

Learning
method

The advantage of fast inference speed. But such models often
su�er from low prediction accuracy and the generated sequences
may not align with human operational habits in VR environments.

Ours

Our method is built upon a Transformer-based network architecture
and is speci�cally designed to account for human operational habits
and reduced cognitive load in VR environments. It achieves fast
prediction speed while also providing improved accuracy compared
with current state-of-the-art approaches.

2.1. Disassembly Sequence Planning

Traditional DSP methods can be divided into three categories: modeling approaches,
optimization techniques, and physical simulation based approaches based on tradi-
tional 3D graphics. Modeling methods form the foundation of DSP, providing a struc-
tured representation of the product to be disassembled. Various modeling approaches
have been proposed to capture the relationships between components, constraints, and
disassembly operations(Behdad & Thurston, 2010, 2012; SONG, Hu, GAO, YANG,
& Zhang, 2010). Graph-based models use nodes to represent components and edges
to denote the precedence relationships between them. Kuo & Wang (2010) employed
graph-based methods to describe the precedence relationships among components in
a product. Min, Zhu, & Zhu (2010) proposed a weighted AND/OR graph to repre-
sent product structure and element constraints for disassembly planning. Guo, Liu,
Zhou, & Tian (2017) used an AND/OR graph to represent product information for all
disassembly sequences and optimized selective disassembly sequences using a scatter
search algorithm. S.-e. Zhao, Li, Fu, & Yuan (2014) proposed a Disassembly Petri
Net(DPN) to determine the optimal disassembly sequence based on cost and environ-
mental bene�ts. Gunji et al. (2021) proposed a disassembly sequence planning method
based on the stability graph cut set approach to address the problems of low disas-
sembly e�ciency and unclear component classi�cation in end-of-life product recycling.
Optimization techniques are essential for �nding the best disassembly sequence that
maximizes pro�t, minimizes cost, or achieves other objectives (Duta, Filip, & Popescu,
2008; Giudice & Fargione, 2007; Shimizu, Tsuji, & Nomura, 2007). Tripathi, Agrawal,
Pandey, Shankar, & Tiwari (2009) proposed a fuzzy disassembly optimization model to
maximize net revenue at the EOL disposal of a product, while Lambert & Gupta (2008)
developed a heuristic algorithm for DSP with sequence-dependent costs. Xie, Huang,
Zhong, & Kuang (2007) developed a hybrid GA and simulated annealing method to
prevent premature convergence in DSP, while McGovern & Gupta (2007) presented
an ACO-based approach to solve the DSP problem. W. Li, Xia, Gao, & Chao (2013)
developed an SS algorithm for selective DSP, demonstrating its e�ectiveness in han-
dling multi-resource constraints and optimizing disassembly pro�t. Bahubalendruni
& Varupala (2021) proposed a two-level automatic disassembly sequence planning
method based on CAD attributes and multi-matrix analysis, which addresses the is-
sues of environmental pollution and resource waste caused by the lack of systematic
disassembly schemes during the safe disposal of Waste Electrical and Electronic Equip-
ment (WEEE). Anil Kumar, Bahubalendruni, Prasad, & Sankaranarayanasamy (2021)
proposed a multi-level partial disassembly sequence planning (MDL) method to ad-
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dress the problems of excessive exposure to toxic substances, low disassembly e�ciency,
and the di�culty of balancing resource recovery with environmental protection during
the disassembly of end-of-life products. Gulivindala, Bahubalendruni, P, & Eswaran
(2023) proposed an environmental risk reduction-oriented disassembly sequence plan-
ning model (ECDSP), which enables the collaborative optimization of e�cient recovery
and harmless treatment within a prede�ned safety threshold. Bahubalendruni, Biswal,
Kumar, & Nayak (2015) introduces an assembly predicate consideration method to
optimize the Assembly Sequence Generation (ASG) process, addressing issues such
as computational ine�ciency and infeasible assembly sequences caused by traditional
approaches that neglect critical assembly constraints. Physical simulation based dis-
assembly sequence planning approach automatically plans a feasible disassembly se-
quence by attempting to disassemble the part from all directions through 3D graphical
techniques and detecting collisions using a customized physical simulator (Tian et al.,
2024, 2022; Zhu et al., 2024).

As noted in a number of reviews of DSP issues(Ghandi & Masehian, 2015; Guo,
Zhou, Abusorrah, Alsokhiry, & Sedraoui, 2020; Ong, Chang, & Nee, 2021; Z. Zhou et
al., 2019), traditional disassembly sequence planning methods usually rely on heuristic
rules, search algorithms, optimization strategies, or physical simulation. In contrast,
our method utilizes the powerful learning capabilities of neural networks to more
accurately predict a reasonable disassembly sequence.

Traditional disassembly sequence planning methods based on heuristic rules, search
strategies, or optimization algorithms often su�er from limited generalization capa-
bility and rely heavily on prede�ned disassembly rules tailored to speci�c products.
Physics-based simulation approaches, while more realistic, typically involve long per-
step prediction times, making them unsuitable for real-time interaction in virtual re-
ality environments. In contrast, our method learns the underlying patterns of disas-
sembly behavior directly from data, enabling it to generalize to previously unseen
assemblies. Moreover, it o�ers fast single-step prediction, which makes it well suited
for integration into VR environments where real-time guidance is essential.

2.2. Learning Method for DSP

In recent years, researchers have explored a variety of deep learning-based methods
to improve the rationality of the disassembly sequence, reduce the disassembly cost,
and enhance the adaptability to complex assemblies (Aslan et al., 2022; Sinano�glu &
R�za B•orkl•u, 2005). Reinforcement learning enables the system to gradually optimize
the assembly strategy for a more e�cient and 
exible disassembly process by contin-
uously trying di�erent sequences and paths in the simulation environment. Parzeller,
Koziol, Dagner, & Gerhard (2024) proposed an automated assembly sequence plan-
ning method based on reinforcement learning. The method automatically generates
assembly sequences through a 'disassembly to assembly' strategy. Wang et al. Wang,
Su, Sun, Chen, & Xie (2024) proposed the Object-Embodiment-Centric Imitation and
Residual Reinforcement Learning (OEC-IRRL). M. Zhao, Guo, Zhang, Fang, & Ou
(2020) proposed an assembly sequence planning system based on deep reinforcement
learning (ASPW-DRL). Allagui et al. (2023) proposed a reinforcement learning ap-
proach based on the Q-Network (QN) algorithm to optimize the disassembly sequence
planning.

Neural networks can help aid in establishing a deep mapping of part geometry to
assembly relationships, laying the foundation for predictions in automated sequence
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planning. Zhu et al. (2024) proposed a multi-level reasoning framework incorporat-
ing the Part Assembly Sequence Transformer (PAST) for the automated assembly
problem. PAST is a sequence-to-sequence neural network that recursively infers the
assembly sequence from the target blueprint. Ma et al. (2023) proposed a Graph-
Transformer framework based on heterogeneous graphs. This framework employs a
heterogeneous graph attention network to encode LEGO models and utilizes an at-
tention mechanism for decoding to generate the assembly sequence. Tian et al. (2024)
proposed the ASAP method, which utilizes a graphical neural network (GNN) module
to learn the physical feasibility of learning from a large amount of product assembly
data and to predict the disassembly sequence of an assembly.

Compared with existing neural network-based approaches, our method explicitly
accounts for the temporal dependencies in disassembly sequence planning. Addition-
ally, our method incorporates spatial information about parts, guiding the network to
select those that are easier for users to disassemble.

2.3. Transformer-based Method for Sequence Prediction

This section focuses on exploring the application of Transformer architectures in se-
quence prediction. Here, we cover not only sequence prediction involving disassembly
and assembly but also general temporal forecasting tasks such as economic time series
prediction.

In recent years, transformer-based sequence prediction models have made signi�cant
progress across multiple �elds, becoming one of the mainstream methods for handling
sequence data. The transformer architecture was �rst introduced by Vaswani et al.
(2017), with its core innovation being the introduction of the self-attention mechanism.
This mechanism allows the model to capture long-range dependencies within sequences
without relying on recursive or convolutional structures. This characteristic gives the
transformer a unique advantage in sequence prediction tasks.

In the �eld of sequence prediction, the transformer has demonstrated powerful mod-
eling capabilities. Traditional time series forecasting model, such as Autoregressive
Integrated Moving Average Model (ARIMA), Recurrent Neural Network (RNN) and
Long Short-Term Memory (LSTM) , often face issues like low computational e�ciency
and gradient vanishing when handling long sequences. To address these problems,
H. Zhou et al. (2021) proposed the Informer model, which signi�cantly reduces the
computational complexity of long-sequence predictions while maintaining high predic-
tion accuracy. This is achieved through the design of a sparse self-attention mechanism
which called ProbSparse Self-Attention and distillation operations. S. Li et al. (2019)
introduced the Temporal Fusion Transformer (TFT), which combines temporal dy-
namic features with static features and uses a multi-level attention mechanism to
e�ciently model multivariate time series. TFT not only captures long-term depen-
dencies in time series but also identi�es important temporal patterns and external
variables, achieving excellent performance on multiple real-world datasets. Kang &
McAuley (2018) proposed the SASRec model, which uses a unidirectional transformer
decoder to capture sequential dependencies in user behavior sequences, achieving state-
of-the-art performance on several public datasets. Regarding automatic assembly and
disassembly, a multi-level reasoning framework (Zhu et al., 2024) is proposed, which
incorporates the Part Assembly Sequence Transformer (PAST) to address the au-
tomation of assembly tasks from parts to the target blueprint. A graph transformer
framework based on heterogeneous graphs (Ma et al., 2023) is introduced to encode
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LEGO models and generate assembly sequences using an attention mechanism for
decoding.

Like these methods, our approach is also based on the architecture of transformer to
utilize its powerful multi-attention mechanism. Building upon the Transformer archi-
tecture, we propose a de�nition and construction method for temporal-spatial scores,
integrating them into our network to enhance its performance in disassembly sequence
planning tasks.

3. Method

In interactive systems, high error rates in guidance undermine user con�dence and
increase cognitive load (Daronnat, Azzopardi, Halvey, & Dubiel, 2021). Frequent error
feedback erodes trust in the system, causing users to question its capabilities during
operation and leading to frustration. Secondly, high error rates compel users to expend
additional cognitive resources on judgment, correction, and repetitive actions, signi�-
cantly increasing external cognitive load. As cognitive load rises, users' task e�ciency
and accuracy decline, further compromising overall interaction quality. Therefore, we
propose a Transformer-based approach capable of predicting object disassembly se-
quences with higher accuracy.

Figure 2. Network architecture diagram of DSPT. It primarily includes the construction of part features,
the construction of temporal features, and a predictor based on temporal-spatial scores.

3.1. Disassembly Sequence Planning Transformer

We propose a novel network-based disassembly sequence prediction method, Disassem-
bly Sequence Planning Transformer. This method leverages the powerful sequential
learning capabilities of the transformer network architecture to model the historical
and spatial relationships between parts during disassembly, optimizing the planning of
the disassembly sequence. Our network takes the features of each part in the assembly
as input and outputs the disassembly probability of each part in the current step. The
part with the highest probability is selected and removed from the list of remaining
parts. This iterative process continues until all parts are disassembled, ultimately gen-
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erating a physically feasible and reasonable disassembly sequence. Figure 2 shows our
network architecture.

First, we extract the features of each part under the current timestep. We adopt
the same approach as ASAP (Tian et al., 2024) to extract geometric features (gt ),
connection features (ct ) and distance features (dt ), which characterize the fundamental
structure and constraints of the parts. We also introduce visibility features (vt ) to
measure the visibility of parts from di�erent viewpoints. Speci�cally, in a 3D space,
we calculate the visibility ratio of each part from multiple viewpoints and take the
average across all viewpoints to obtain the overall visibility feature. In this study, we
select eight di�erent viewpoints (front-top-left, front-top-right, back-top-left, back-top-
right, front-bottom-left, front-bottom-right, back-bottom-left, and back-bottom-right)
for visibility ratio computation. This multi-view visibility analysis enables the model
to gain a more comprehensive understanding of part removability, thereby improving
the rationality of the disassembly sequence planning. We denote the geometric feature
of the part i to be disassembled at time t as gti , the connection feature as cti , the
distance feature as dti and the visibility feature as vt

i .
After extracting each part's geometric features, connection features, distance fea-

tures and visibility features at the current time step, our network �rst constructs the
Disassembly Sequence Features and the Part History Features (Section 3.2). Next,
the network fuses the geometric, connection, distance and visibility features of each
part and feeds them into the Assembly Part Encoder to obtain the features of parts
F t = ff t

1; f t
2; :::f t

ng where f t
i represents the feature vector of part i at moment t.

Assembly Part Encoder is a conventional Transformer encoder designed to encode
the integrated features of each component. During this process, we leverage the multi-
head attention mechanism of the Transformer architecture, enabling parts to e�ciently
capture feature information from other parts. This allows for a more comprehensive
understanding of the overall assembly structure and its internal dependencies. Sub-
sequently, we employ the temporal-spatial score based predictor to estimate the dis-
assembly probability of each remaining part at the current time step and select the
part with the highest probability for removal (Section 3.3). Once the disassembly is
executed, the system's memory module is updated by storing and adjusting the disas-
sembly information from this step, along with the feature set of all remaining parts at
the current time step (Section 3.2). This ensures that the model continuously learns
and adapts to the evolving disassembly dynamics.

3.2. Temporal Feature Construction

This section primarily introduces the Temporal Feature Construction component in
Figure 2. As shown in the Figure 2, this section has consists of 3 main parts: Disassem-
bly Sequence Bank, Parts Feature Bank and Disassembly Sequence Encoder. These
modules work in conjunction with each other to help the model e�ectively store and
utilize the historical information of the disassembled parts to provide valuable guid-
ance for the undisassembled parts in the subsequent disassembly steps, thus further
optimizing the prediction process of the disassembly sequence.

The Disassembly Sequence Bank stores the geometric features, connection features,
distance features and visibility features of the disassembled parts. These features re-

ect the historical information of the disassembled components. Meanwhile, the Parts
Feature Bank stores the Part History Features Ft�1 . (feature vectors of the parts to
be disassembled from the previous time step). These feature vectors describe the state
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of each part before the current step, providing reference for the current disassembly
decision.

We take the features of the disassembled parts from the Disassembly Sequence
Bank and perform feature aggregation on these values to obtain a comprehensive
feature for each disassembled part. After that, each part in the disassembled part
sequence undergoes positional encoding to ensure the network can understand the
order information of the parts in the disassembly sequence. The positional encoding is
designed to encode each part's relative position or order in the disassembly process into
the feature vector, enabling the network to capture the importance of the temporal
sequence in the disassembly process. In this study, the classical positional coding
formula proposed by Vaswani et al. (2017). was used:

PE i
t =

(
sin( 1

100002k=d model
t) if i = 2k

cos( 1
100002k=d model

t) if i = 2k + 1
(1)

where t represents the position of the part in the disassembly sequence, which indicates
the order of the current part in the disassembly process. d is the dimensionality of the
positional encoding vector and i is the index of the element in the vector.

Then, the sequence of parts with positional encoding is passed through the Dis-
assemble Sequence Encoder. The function of the Disassemble Sequence Encoder is
to aggregate information from the historical disassembly steps and generate the Dis-
assembly Sequence Feature St�1 = fs 1; s2; :::; st�1 g that contains the features of all
previously disassembled parts. sk represents the feature vector of part that was re-
moved at the k-th time step. This Disassembly Sequence Feature (St�1 ) provides a
global representation of the disassembled parts, capturing the features and historical
information of all disassembled parts in the entire disassembly process.

After obtaining the Disassembly Sequence Features St�1 , we select the feature vector
(st�1 ) of the part disassembled at time t � 1, and combine it with the Part History
Features (Ft�1 ) stored in the Parts Feature Bank, as well as the feature vector of
the part to be disassembled at time t calculated by the Assembly Part Encoder (Ft ).
These feature vectors are used as input to further compute the temporal-spatial score
values for each part to be disassembled (detailed in Section 3.3). This process helps
us to combine historical information with the current state to accurately predict the
proper disassemble sequence.

Figure 3. Updated schematic of Disassembly Sequence Bank and Parts Feature Bank, which are updated at
the end of each time step prediction

9



After each step of the disassembly prediction, we update the contents of the Parts
Feature Bank and Disassembly Sequence Bank to provide new information for the
next prediction. Speci�cally, as shown in Figure 3, after completing the current dis-
assembly step, the features of the remaining components to be disassembled at time
t (F t ) are updated in the Parts Feature Bank. At the same time, the geometry fea-
ture, connection feature, distance feature and visibility feature of the part selected for
disassembly at time t are added to the Disassembly Sequence Bank. Through this up-
dating process, the model continuously accumulates information from the disassembly
process, enhancing its ability to remember historical disassembly steps. Through con-
tinuous updating, the Disassembly Sequence Bank and Parts Feature Bank provide a
dynamic, evolving knowledge base for disassembly tasks, ensuring that the model will
always be able to make more accurate predictions based on the latest historical data
throughout the disassembly process.

3.3. Temporal-spatial Score Based Predictor

Temporal-spatial score based predictor is designed to predict the disassembly probabil-
ity of each remaining part at the current time step based on the temporal-spatial score
value of the part. This section primarily introduces the Temporal-spatial Score based
Predictor component in Figure 2. The input to this module includes the previous-
step disassembly feature st�1 extracted from Disassembly Sequence Features, the Part
History Features Ft�1 , the current parts features Ft computed by the Assembly Part
Encoder, the distance features dt , the connection features ct and the visibility features
vt . By integrating these inputs, the model can compute the disassembly probability of
each part at the current time step.

Speci�cally, we compute the temporal-spatial score for each part based on st�1 , Ft�1 ,
Ft , dt , ct and vt which will be introduced in Section 3.3.1. This score quanti�es the
priority of a part for disassembly at the current time step by incorporating historical
information, geometric relationships and spatial constraints. Next, we fuse each part's
temporal-spatial score with its feature vector and process it through an MLP network,
ultimately predicting the disassembly probability for the current step.

During training, we optimize the model parameters using a temporal-spatial score
based loss function, which enhances prediction accuracy through gradient backpropa-
gation.

3.3.1. Temporal-spatial score calculation

In this section, we will provide a detailed introduction of how the temporal-spatial
score values of parts are calculated. The temporal-spatial score is a composite score
formed by combining the sequence history information of the disassembly sequence,
the history feature information of the part to be disassembled and the spatial location
information of the part to be disassembled during the disassembly process, with the
purpose of helping the model to identify and predict the optimal disassembly sequence.

During the execution of disassembly tasks, the disassembly process of parts exhibits
pronounced characteristics of continuity and dependency. These characteristics persist
throughout the entire lifecycle of the disassembly operation and directly in
uence the
scienti�c soundness of disassembly decisions as well as the e�ciency of task execution.
Speci�cally, the disassembly decision at any given moment does not exist in isolation;
rather, it depends not only on the intrinsic properties of the target part but also on the
dynamic contextual environment shaped by the sequence of parts that have already
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been removed.
For example, in classic assemblies involving screws or bolts, when the previous dis-

assembly step involves removing fasteners like screws or bolts, the next step typically
prioritizes removing other fasteners of the same type. This batch removal of similar
parts helps reduce operational switching costs. Only after all fasteners are removed
can previously constrained parts that were inaccessible for disassembly be further
disassembled.

To precisely capture and quantify the inherent time dependencies within the disas-
sembly process, thereby providing e�ective temporal context for modeling disassembly
decisions, this paper introduces the concept of temporal score. The core function of this
metric lies in measuring the dynamic relationship between parts awaiting disassembly
and the sequence of already disassembled components, as well as the state evolution
of the parts themselves. By quantifying this relationship, the temporal score provides
an objective temporal evaluation criterion, supporting each step of the disassembly
decision-making process.

The temporal score of the part i to be disassembled at time t can be calculated
using the following formula:

temporal ti =
�
�cosine(f t�1

i ; f t
i ) + cosine(st�1 ; f t

i ) � 1
�
� (2)

Here, cosine(ft�1i ; f t
i ) computes the similarity of the disassembly object i between two

consecutive time steps, while cosine(st�1 ; f t
i ) measures the similarity between each

currently disassemblable part and the part disassembled in the previous step.
This formula is designed to maximize the score values for two categories of parts.

The �rst category comprises parts with high similarity to their own historical features
and high similarity to the features of the disassembly sequence. The core characteris-
tics of these parts undergo no signi�cant changes during disassembly and align closely
with the features of the previously disassembled parts. Typical examples include fas-
teners of the same type. The second category comprises parts with low similarity to
both the part's historical characteristics and the features of the disassembly sequence.
These parts undergo signi�cant changes in their feature states due to prior disassembly
operations (such as fastener removal) and exhibit substantial di�erences from the fea-
tures of the previously disassembled part. Typical examples include parts constrained
by fasteners.

In addition to considering the historical continuity of disassembly, from the per-
spective of the rationality of human operation in a VR environment, we also need to
consider the spatial layout of the parts. Speci�cally, we believe that in a disassembly
task, parts that are farther from the center of the object and have fewer connecting
edges should be prioritized for disassembly. This is because these parts are usually
more independent, less likely to be interfered with by other parts during disassembly.
Furthermore, their minimal contact with other components often implies that their
removal will have limited impact on the overall stability of the assembly. Moreover,
parts farther from the center are typically easier to handle, making them more suitable
for disassembly �rst. Therefore, we de�ne our spatial feature of part i as:

spatial t
i =

vt
i � d t

i

ct
i � c t

i
(3)

where vt
i represents the visibility feature value of part i at time t, d t

i represents the
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distance feature value of part i at time t, ct
i represents the connection value of part i

at time t.
This formula is designed to maximize parts that are farther from the assembly's

center, have fewer connecting edges to other parts, and exhibit higher visibility.
Thus, the calculation formula for our temporal-spatial feature is:

� t
i = � � temporal t

i + � � spatial t
i (4)

Here, � t
i represents the temporal-spatial score value of part i at time t, which is used

to measure the importance or disassemblability of the part at the current disassembly
step. This score value combines temporal information (the sequence of disassembly)
and spatial information (the part's position, visibility, etc.), e�ectively guiding the
disassembly process and making the disassembly sequence more rational and coherent.
� and � are balanced weight.

This scoring mechanism fuses these complementary signals to generate disassembly
sequences that better align with human disassembly habits. The temporal component
integrates cumulative dependencies from prior steps, re
ecting how human operators
rely on progressively accumulated context to plan disassembly actions. The spatial
component captures geometric feasibility to measure the di�culty of part removal.

3.3.2. Temporal-spatial score based loss

During the training process of this task, we introduce a regularization term into the loss
function to guide the model to prioritize parts with higher temporal-spatial score values
for disassembly. Speci�cally, the purpose of the regularization term is to constrain the
model's loss function, encouraging the model to favor parts with higher temporal-
spatial score when making disassembly decisions. Our loss function is computed as:

Loss =
1
N

NX

i=1

�
�

�
yi log

�
1

1 + e�ŷ i

�
+ (1 � y i ) log

�
1 �

1
1 + e�ŷ i

��
+ 
y i � i

�
(5)

Here, yi represents the ground truth label, ŷi denotes the model's predicted value, and

 is the balancing weight that controls the contribution of the regularization term.

4. Experiments

4.1. Dataset for Disassembly Sequence Planning

In this experiment, we used the dataset released by Tian et al. (2024), which is sourced
from the Fusion360 Gallery Assembly Dataset (Willis et al., 2022) and a real me-
chanical assembly dataset (Lupinetti, Giannini, Monti, & Pernot, 2019). The dataset
consists of 2,146 assemblies, each comprising between 3 and over 50 components, and
covers common object types found in industrial domains, such as car engines, water
pumps, radios, propellers, and game controllers. The dataset is already divided into
a training set and a test set, with the training set containing 1906 parts and the test
set containing 240 parts. We split the training set by 9:1 into training data and val-
idation data like others. We used the given physical simulation code by Tian et al.
(2024) to generate the disassembly data for all removable parts at each step of the
process for each assembly. This physical simulation code accounts for the in
uence of
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gravitational forces on the stability of each component and the entire assembly, so the
network can learn and model the in
uence of gravity on both individual parts and the
overall assembly stability.

4.2. Comparison Methods

To evaluate the performance of our proposed DSPT method, we compare it with four
methods as well as a SOTA method. The four method are random method which gen-
erate disassembly sequence randomly, Assembly Them All method (Tian et al., 2022)
which designs a special data structure to store randomly generated disassembly se-
quences, Heuristic-Volumes method (Tian et al., 2024) which is an explicit disassembly
sequence prediction method based on part volumes, Heuristic-Distance method (Tian
et al., 2024) which is an explicit disassembly sequence prediction method based on the
distance between parts and the assembly center. The SOTA method is ASAP method
(Tian et al., 2024) which uses a Graph Neural Network (GNN) to predict the disassem-
bly sequence of an assembly. To ensure the accuracy of the evaluation results, we used
physical simulation to compare the correctness of di�erent disassembly sequences. The
physical simulation takes into account several factors, such as the number of parts to
be held, the stability of the objects, and the impact of the gravitational environment
on the disassembly process. In our simulation, the number of parts to be held is set
to the default value of 3.

4.3. Metrics

Sequence accuracy. Sequence accuracy measures the consistency between the dis-
assembly sequence generated by the model and the feasible disassembly sequence. It
is calculated as the ratio of the number of assemblies with successfully predicted com-
plete disassembly sequences to the total number of assemblies. This metric re
ects the
model's accuracy in global disassembly planning and provides an intuitive evaluation
of its overall performance in complete disassembly tasks. Successful prediction of our
sequence is de�ned as all steps being predicted correctly; whenever any of these steps
is wrong, the sequence is considered a prediction failure.

Stepwise accuracy. Stepwise accuracy focuses on the accuracy of the model's
decision making at each disassembly step. If the model predicts a part that belongs
to the feasible disassembly set at a given step, the prediction is considered correct.
Stepwise accuracy is calculated as the ratio of the total number of parts correctly
predicted by the model to the total number of parts in all test samples. Compared to
sequence accuracy, stepwise accuracy provides a �ner-grained evaluation of the model's
stability and reliability in the step-by-step reasoning process. This metric helps analyze
the model's local decision-making capability under di�erent assembly structures and
disassembly constraints.

4.4. Experimental Setup

In this experiment, model training and disassembly sequence planning were conducted
on an NVIDIA RTX 4080 GPU and Intel i9-13900F CPUs with 64GB RAM. All mod-
ules utilize 1024 hidden neurons. Assembly Part Encoder and Disassemble Sequence
Encoder are two independent Transformer encoders respectively implemented in Py-
Torch. Each Transformer encoder comprises 8 hidden layers. The multi-head attention
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mechanism employs 8 attention heads, ensuring the model can capture the spatial
relationships and historical information of components from multiple perspectives.

Our model is trained by Adam optimizer. Training takes 12 hours for 150 epochs
with learning rate of 0.0005. During training, we monitor the model's performance on
the validation set and adjust model parameters based on validation loss to prevent
over�tting and improve generalization capability.

During the prediction process, we input the model-generated predictions into a
physics simulation. This simulation system accounts for the impact of gravitational
forces on the stability of each component and the entire assembly. By simulating the
disassembly process, we verify the correctness of the predictions. This approach e�ec-
tively evaluates the feasibility of the model's predictions, ensuring their applicability
in real-world disassembly tasks.

4.5. Comparison Result

4.5.1. Quantitative comparison

Our experimental results demonstrate that, compared to the ASAP method and other
comparison methods, our proposed DSPT network model achieves signi�cant perfor-
mance improvements in the disassembly sequence planning task.

Table 2. Accuracy rate (%) comparison of DSPT on the test dataset against several baseline methods.

Method Sequence Accuracy(%) Stepwise Accuracy(%)

random 16.67% 74.84%
ATA 13.72% 79.21%

Heuristic-Volumes 47.29% 81.45%
Heuristic-Distance 49.01% 84.67%

ASAP 50.49% 82.30%
DSPT 60.29% 87.68%

As Table 2 shows, on the test set, our method achieved a sequence accuracy of
60:29% and a stepwise accuracy of 87:68%.

From the experimental results, it is evident that our method achieves signi�cant
improvements in disassembly sequence planning compared to the random and ATA
methods. Speci�cally, compared to the random method, our sequence accuracy im-
proves by 43:62%, and stepwise accuracy improves by 12:84%. Compared to the ATA
method, our sequence accuracy improves by 46:57%, and stepwise accuracy improves
by 8:47%. This improvement is primarily due to the fact that the random and ATA
methods still rely on random selection and trial-based approaches, failing to fully uti-
lize the structural information of the assembly to make reasonable disassembly plans.
As a result, these methods exhibit clear shortcomings in maintaining a globally rational
disassembly order.

When compared with Heuristic-Volumes, Heuristic-Distance and ASAP methods,
in terms of stepwise accuracy, our method achieves improvements of 6:23%, 3:01%,
and 5:38%, respectively. Compared with the Heuristic-Volumes and Heuristic-Distance
methods, our network can learn more complex part constraint relationships and is
more accurate in predicting disassembly at each step, resulting in a higher stepwise
accuracy rate. Compared with the ASAP method, our method additionally consid-
ers the in
uence of historical disassembly information on the current prediction. It
makes the prediction of disassembly sequences more reasonable, and better adapts to
the structure of complex assemblies, providing clearer guidance for the disassembly
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process.
Although the stepwise improvement is relatively modest compared with the

Heuristic-Volumes, Heuristic-Distance and ASAP methods, our method shows a sig-
ni�cant advantage in sequence accuracy, with improvements of 13:00%, 11:28% and
9:8% over these methods. This is because the disassembly process usually involves
a multi-step decision-making process where many of the disassembly steps are 
exi-
ble. There may be more than one feasible sequence for disassembly of an assembly.
However, overall sequence accuracy is often determined by a few key steps, incorrect
decisions at these crucial steps can lead to cascading errors in subsequent steps, ulti-
mately reducing sequence accuracy. Our model excels at predicting these critical steps,
ensuring that the �nal disassembly sequence remains both reasonable and feasible.

Figure 4. Line graphs of sequence accuracy and stepwise accuracy for assemblies with di�erent numbers of
parts.

Our experimental results also reveal the impact of the number of parts on the accu-
racy of the disassembly sequence and stepwise accuracy as Figure 4 shows. Speci�cally,
although the disassembly sequence accuracy and stepwise accuracy tend to decrease as
the number of assembled parts increases, both accuracy decreases tend to level o� as
the number of parts increases. The main reason for this trend is that complex assem-
blies have more connections and structural constraints, which increases the di�culty
of inferring the disassembly sequence. Although the accuracy of the stepwise disassem-
bly decisions remains relatively high, disassembly is a process of cumulative error, and
small deviations in early decisions may be ampli�ed in subsequent steps, thus a�ecting
the �nal sequence accuracy. Moreover, regardless of the number of parts, our method
always outperforms all the comparison methods in terms of sequence accuracy and
stepwise accuracy.
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