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ABSTRACT

LEARNING TO ASSEMBLE FURNITURE FROM THEIR 2D DRAWINGS

Uzel, Denge

M.S., Department of Mechanical Engineering

Supervisor: Assoc. Prof. Dr. Ahmet Buğra Koku

Co-Supervisor: Prof. Dr. Sinan Kalkan

December 2023, 57 pages

Prior work on learning furniture assembly assumes the availability of precise 3D in-

formation about the target furniture. This thesis elevates this assumption by learning

to assemble furniture given a 2D drawing of its assembled form. To this end, the the-

sis introduces a novel network that can learn the similarity (conformity) between a 2D

furniture drawing and a 3D point cloud representing the current state of the assembly.

The proposed network is then used to formulate a reward signal for assembly learning

using reinforcement learning.

To ensure real-world applicability, a simulation environment generates a visually sim-

ilar representation of the assembled furniture based on IKEA assembly instructions.

The research encompasses three furniture classes: bookcase, chair, and table. A ded-

icated dataset is presented, including 2D furniture drawings resembling IKEA in-

structions and a 3D mesh model dataset encompassing various furniture assembly

scenarios. The AssembleRL-2D model is trained using positive and negative input

pairs from the 2D drawing and 3D mesh datasets, demonstrating proficiency across

the three furniture classes. Notably, the model achieves accurate final furniture as-
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sembly, even in various assembly combinations where the parts of a chair model are

assembled in different orders.

AssembleRL-2D marks promising progress in furniture assembly learning, represent-

ing the inaugural application of a reinforcement learning model grounded in 2D final

furniture assembly knowledge as a reward. The significance of this model in robotic

assembly is highlighted by its capability to solve previously unencountered problems,

showcasing its potential impact on addressing novel challenges in the field.

Keywords: Assembly Learning, 2D Manual-Like Image Guided 3D Furniture As-

sembly, 2D Drawing - 3D Assembly Similarity Network, Reinforcement Learning
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ÖZ

2B ÇİZİMDEN MOBİLYA MONTAJI ÖĞRENME

Uzel, Denge

Yüksek Lisans, Makina Mühendisliği Bölümü

Tez Yöneticisi: Doç. Dr. Ahmet Buğra Koku

Ortak Tez Yöneticisi: Prof. Dr. Sinan Kalkan

Aralık 2023, 57 sayfa

Mobilya montajını öğrenmeye dair daha önceki çalışmalar, hedef mobilya hakkında

3B bilginin varlığına dayanmaktadır. Bu tez, nihai montajlanmış mobilyanın 2B çi-

ziminden yola çıkarak mobilya monte etmeyi öğrenen yeni bir yöntem sunması iti-

bariyle literatürdeki çalışmalardan ayrılır. Bu doğrultuda tez, 2B mobilya çizimi ile

montajın mevcut durumunu temsil eden 3B nokta bulutu arasındaki benzerliği (uy-

gunluk) öğrenebilen yeni bir ağı tanıtmaktadır. Önerilen ağ, pekiştirmeli öğrenme

kullanılarak montaj öğrenimi için bir ödül sinyali formüle edilmesi için kullanılmak-

tadır.

Gerçek hayata uygunluğu adına, mobilyalara ait IKEA montaj talimatlarında yer alan

görseller baz alınarak, montajlanmış mobilya çizimine ait benzer bir görüntü simü-

lasyon ortamında oluşturulur. Kitaplık, masa ve sandalye olmak üzere 3 sınıf temel

alınarak, IKEA montaj talimatı benzeri 2B mobilya çizim veriseti ile olası mobilya

montaj senaryolarından oluşan 3B ağ modeli veriseti sunmaktayız.

Üç boyutlu nokta bulutları ile temsillenen montajlanmış mobilya ağ veriseti ile iki
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boyutlu çizim verisetinden positif ve negatif girdi çiftleri ile AssembleRL-2B mima-

risi beslenerek, üç mobilya sınıfı üzerinde bu yapının öğrenim başarısı incelenmiştir.

Önermekte olduğumuz model, bir sandalye modeline ait parçaların değişik sırayla

birleştirildiği farklı montaj kombinasyonlarında bile doğru nihai mobilya montajını

gerçekleştirmektedir.

AssembleRL-2B, ilk defa 2B nihai mobilya montaj bilgisininin ödül olarak baz alın-

dığı bir pekiştirmeli öğrenme modeli olmasıyla, mobilya montaj öğrenminde umut

vadeden bir ilerleme olma özelliği taşımaktadır. Bu modelin daha önce karşılaşma-

dığı problemleri çözebilmesinin gösterilmesi ile birlikte robotik montajı için önemi

kanıtlanmaktadır.

Anahtar Kelimeler: Montaj Öğrenimi, 2B Manuel Benzeri Görüntü Kılavuzlu 3B Mo-

bilya Montajı, 2B Çizim - 3B Montaj Benzerlik Ağı, Pekiştirmeli Öğrenme
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

Throughout human history, individuals have constructed structures and crafted tools

to safeguard and enhance their lives. Despite evolving lifestyles and opportunities, the

fundamental nature of human existence revolves around production and consumption.

Modern technological advancements and production methodologies have empowered

individuals to create increasingly complex products easily. The journey from con-

veyor belts and mass production to today's digital era has substantially reduced in-

dustry costs [8]. The Internet's accessibility, virtual simulation capabilities, and the

integration of intelligent concepts have catalyzed a transformation in various sec-

tors, leading to a surge in companies utilizing modern production techniques and the

widespread adoption of industrial robots [9]. While human labor persists in roles de-

manding �exibility, creativity, adaptability, or decision-making skills, robots are now

frequently employed in tasks such as inspection, painting, welding, and assembly

lines that involve repetitive and ergonomically taxing movements [10, 11]. Notably,

the number of industrial robots installed has risen by approximately 135% over the

past decade, and projections suggest that over half a million will be in operation by

2024 in Figure 1.1 [2].

This widespread implementation is anticipated to streamline assembly lines and re-

duce production lead times signi�cantly. As industrial robots have advanced to per-

ceive and respond to environmental factors, they are no longer con�ned to isolated

areas away from human interaction. Collaborative robots, known as "cobots," have

emerged to work alongside humans in joint tasks, both physically and synchronously

1



Figure 1.1: The worldwide shipments of industrial robots from 2014 to 2024. The

data in the graph is taken from [2].

[12]. Integrating cobots into assembly lines serves to help the physical and cogni-

tive burden on humans, simultaneously enhancing production quality and productiv-

ity [13]. Consequently, the collaboration between humans and robots has become a

crucial focal point in industrial advancements.

The ÇIRAK (apprentice) and KALFA (journeyman) initiatives involve collaborative

projects where humans and cobots work together on assembly lines. In this dynamic,

the human takes on a superior role while the cobot is an assistant. In the ÇIRAK

project, the cobot observes and mimics the master human's movements, providing

the necessary tools during the assembly process [14]. Building on this, the KALFA

project further re�nes human-robot interaction using Disney animation principles,

positioning the cobot as a knowledgeable �gure in the assembly line process, similar

to a journeyman rather than a mere apprentice. To simulate real-world challenges,

the assembly scenario chosen for both projects involves the assembly of IKEA fur-

niture. The complexity of this task, coupled with its physical accessibility and the

availability of CAD models and information on furniture, makes it a suitable problem

for exploration. The succeeding KALFA project extends the capabilities of the cobot,

enabling it to collaborate with humans in assembling IKEA furniture. A model is

developed within this project that can learn the sequential installation of parts using
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Figure 1.2: The robot holds a manual-like image and tries to imagine an assembled

chair in the assembly line. The robot and assembly line image generated using Adobe

Firely from the prompt "a cartoon robot is thinking while looking at a paper on a

cartoon conveyor belt."

three-dimensional data [1]. However, traditional learning methods for assembly rely

on product assembly manuals. In practical situations, individuals commonly rely on

the �nal assembled visual of the furniture provided in assembly instructions to ef-

fectively address assembly challenges. This thesis introduces a model suitable for

collaborative efforts between robots and humans on a production line. The proposed

model empowers the robot to accurately establish the correct assembly process by

examining the two-dimensional assembly drawing of the product, mirroring the de-

picted scenario illustrated in the Figure 1.2.

1.2 Contributions

In this thesis, we study the problem of IKEA furniture assembly using learning-based

methods. Our goal is to solve the assembly problem given the target assembled ob-

ject as a 2D drawing, in a similar setting to how an IKEA consumer would perform
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assembly by following 2D drawings.

More speci�cally, we make the following main contributions:

� The novel dataset has been generated, encompassing both 2D manual drawings

and 3D representations of potential assembly actions for IKEA furniture.

� We address assembly learning as a reinforcement learning problem where the

reward is based solely on the 2D drawing of the target assembled object. To the

best of our knowledge, we are the �rst to approach the problem in this fashion.

� In order to be able to learn from 2D drawings, we devised a network which can

learn the similarity between a 2D drawing and a 3D object so that during the

assembly process, the robot can identify whether the assembled object matches

the target 2D drawing.

� The proposed model demonstrates the ability to generalize to previously unseen

furniture objects.

1.3 Outline of the Thesis

In Chapter 2, an extensive review of existing assembly methodologies in the literature

will be conducted. Subsequently, an examination of available datasets and simulation

environments related to IKEA furniture, the focus of this study, will be undertaken.

Moving on to Chapter 3, we will delve into the data collection process for both 2D

and 3D datasets created speci�cally for the AssembleRL-2D architecture, the novel

model proposed in this thesis. A detailed exploration of our network architecture and

a comprehensive explanation of the learning process for furniture assembly steps will

follow.

Within Chapter 4, we will clarify the utilization of dataset data in our network ar-

chitectures as input. Additionally, we will provide insights into the training details

employed in the experiments conducted.

Chapter 5 will commence with an investigation into the most suitable 3D feature ex-

tractor for the proposed architecture. Subsequently, parameters determined through
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hyperparameter optimizations will be outlined. We conducted a comprehensive eval-

uation of the outcomes generated by our proposed method across three fundamental

classes. Ultimately, the performance results of using our approach in assembly learn-

ing the furniture assembly scenario were thoroughly scrutinized.

Finally, in Chapter 6, a summary and discussion of the thesis will be presented, along-

side a mention of planned future studies.
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CHAPTER 2

BACKGROUND AND RELATED WORK

The challenge of furniture assembly has been a longstanding problem that researchers

have attempted to address over numerous years. Existing literature establishes var-

ious methods that have been explored to solve this intricate problem. Furthermore,

a wealth of simulation environments and datasets has been developed to investigate

scenarios involving collaborative work between humans and robots on assembly lines.

2.1 Furniture Assembly

While it has become commonplace for humans and robots to collaborate on assembly

lines, creating assembly plans remains a task managed mainly by people. A relatively

unexplored aspect is the collaborative assembly involving both robots and humans

[1]. The assembly learning based on the parts of the object or the 3D model of the

target object has been studied before.

2.1.1 Assembly Learning Based on 3D Model Knowledge

Huanget al. [15] introduced a dynamic graph learning structure that predicts assem-

bly based on the point clouds of parts from 3D objects within the PartNet dataset.

This study incorporates the 6-degree-of-freedom poses of the parts. In a different

study [16], a model with two network modules is proposed, utilizing learned relations

to estimate the positions and scales of the parts. Liet al. [17] conducted a study using

PartNet [18] objects, employing two network modules that extract assembly informa-

tion from both the mesh rendering of the 3D model and the point cloud information of
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the 3D object. Another similar study [19], utilizing both the point cloud information

of the 3D model and 2D image information, proposes a network architecture based

on a two-stage encoder and decoder structure.

While these studies assume knowledge of the 3D model, they also presume a need for

more manual information or instructional videos demonstrating the assembly steps.

Despite contributing to the �eld, these architectures primarily focus on establishing

relationships between parts, overlooking variations among the parts. This limitation

restricts their generalizability to furniture with repetitive components. Addressing this

challenge, Zhanget al. [20] are developing a self-attention mechanism to identify part

relationship constraints and poses. Notably, their use of PartNet in this study struggles

to identify contact points on furniture with round shapes.

In a different study conducted by Aslanet al. [1] within the KALFA project, the ap-

proach is likely rooted in reinforcement learning. This methodology involves training

an agent by learning a policy that guides the agent's actions to maximize a reward

signal, aiming to assemble furniture from point cloud 3D data. Here, the target point

cloud serves as a guiding reference.

2.1.2 Assembly Learning Based on 2D Instruction Manual Knowledge

All of the above studies hinge on the assumption of having a pre-existing �nal as-

sembled 3D model, which diverges from real-world scenarios. In practical settings,

assembly information for a product on a production line is available, necessitating

planning based on this information. This thesis speci�cally addresses the challenge

of preparing an assembly plan for IKEA furniture. The tasks of strategizing the as-

sembly process by consulting the IKEA manual and identifying potential errors in

robot assembly according to the manual represent ongoing research challenges that

still require investigation [14].

The assembly instructions provided by IKEA are typically extensive, featuring nu-

merous pages, symbols, and diagrams. In contrast to traditional 2D drawings with

clear general rules, IKEA manuals depict how parts should be manipulated using var-

ious methods, such as arrows or images of individuals holding the product, as shown
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Figure 2.1: The original guidance manual for the IKEA ivar chair can be found at

[3]. Here is a breakdown of key instructions: a) The visual representation of a fully

assembled ivar chair. b) Image sequence: Prepare tools, read instructions, contact

IKEA for assistance if there are installation questions or missing/defective parts us-

ing part numbers, and verify parts (6 countersunk head bolts, 1 allen key). c) Con�rm

inclusion of 16 dowels, 4 chair mounting bracket support parts, and 4 screws. Cap-

tion shows correct bracket mounting with a speech bubble. d) Dowel placement and

indication of chair back curvature using �ngers. e) and f) step-by-step assembly of

6 countersunk head bolts with an allen wrench. Arrows denote tightening and turn-

ing directions. g) Invert partially assembled chair for proper center alignment of the

seating part with edges. h) Attach 4 screws to previously installed mounting brackets,

turning in the arrow direction using a screwdriver.

in Figure 2.1. Intermediate elements required for assembly are sometimes illustrated

with bubbles, but these lack detailed information about the entire process. While the

manuals occasionally highlight actions to avoid, these warnings may not always be

apparent. Given these complexities, utilizing the IKEA assembly manual for assem-

bly planning poses a signi�cant and challenging problem. Individuals typically do not
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strictly adhere to a sequential, step-by-step approach when assembling with a manual

as guidance. Instead, they draw upon their general understanding based on past ex-

periences. While seeking assistance for veri�cation at speci�c points, many �nd that

inspecting the �nal version of the product is often suf�cient.

Consequently, studies like [21], which leverage the IKEA manual by tracking in-

termediate steps, prove valuable for detecting tools and elements used in assembly.

However, these studies lack extensions for part identi�cation and detailed assembly

steps. A two-stage network architecture proposed by Wanget al. [22] demonstrates

an ability to identify potential locations for installing a new part based on 2D manual

information and the current 3D Lego shape. Similar to this approach, the design of a

network architecture in which the status of furniture assembly is monitored by com-

paring the �nal assembled form from the 2D IKEA manual to its instantaneous 3D

assembly status is elucidated in this thesis.

2.2 Datasets and Simulation Environments

In assembly learning studies, simulation environments are favored due to the inacces-

sibility and high costs associated with using real robots in assembly lines. Numer-

ous simulation environments for robot learning, particularly in assembly scenarios,

are well-documented in the literature. The Robosuite study [23] presents a versa-

tile simulation environment tailored for various robot learning tasks, facilitating the

comparison of different robot learning algorithms, extending beyond furniture assem-

bly. In contrast, the IKEA furniture assembly environment [24] and RoboAssembly

[25] speci�cally concentrate on furniture assembly tasks. Unlike the more general-

purpose Robosuite, these environments are designed to realistically model the rela-

tionships between furniture pieces. The IKEA furniture assembly environment [24]

is dedicated to the assembly scenarios of IKEA furniture parts and encompasses a

dataset of over 80 distinct IKEA furniture models within its environment.

Apart from simulation environments, datasets containing IKEA furniture information

can be valuable resources for furniture assembly studies. Notably, the IKEA ASM

dataset [28] and the IKEA Object State (OS) dataset [27] serve as distinct sources,
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Table 2.1: A comparison of IKEA 2D image and 3D part level datasets

Shape Manual

Part

Segmentation

Partial

Assembly Steps

Assembled

Object

Real-World

Object Images

Manual-Like

View

2D-3D

Relation

PartNet [18] 3 7 3 7 7 7

Pix3D [26] 7 7 7 7 7 3

IKEA OS [27] 3 7 3 7 7 7

IKEA ASM [28] 3 3 3 3 7 7

IKEA Objects [29] 7 7 3 3 7 3

IKEA Furniture [24] 3 7 3 7 7 7

IKEA Manual [30] 3 7 3 7 3 3

OUR DATASET 3 3 3 7 3 3

each with its unique focus. The IKEA ASM dataset [28] centers on part poses and

their relations during furniture assembly. It was generated through imitation learn-

ing from videos capturing people assembling IKEA furniture, making it particularly

suitable for research on human actions. On the other hand, the IKEA OS dataset

[27] is primarily employed to assess 6-degree-of-freedom object pose estimation al-

gorithms, containing data for only �ve furniture models. In contrast to the IKEA OS

dataset, which comprises only 5 objects, the IKEA Manual dataset is more extensive,

encompassing 3D models and establishing a relation with 2D manual information for

over 100 objects [30]. Additionally, the Pix3D dataset [26] provides relation both 2D

images of furniture and their corresponding 3D CAD models, explicitly focusing on

IKEA furniture [29]. However, it does not include information about the furniture

instruction manual or assembly steps.

Considering all the information presented, the IKEA furniture assembly simulation

environment [24] emerges as the most suitable choice for study. This environment

provides a simulation platform and includes a dataset, making it a comprehensive

resource. The inclusion of a large number of furniture models, along with the seg-

mentation of pieces based on the IKEA manual, adds to its signi�cance. Notably, this

environment has been utilized in the work of [1] and is well-suited for generating sce-

narios involving both fully assembled and partially assembled furniture for furniture

assembly studies. This thesis centers around a scenario for a furniture assembly with

cobots and humans on an assembly line. All 3D datasets in Table 2.1 have assembly

11



scenarios that contain the correct actions. A 3D dataset is essential, encompassing

assembly scenarios that depict all possible correct and incorrect actions. 3D dataset

was generated using AssembleRL [1].

Some models of IKEA furniture are outdated, leading to unavailability of their man-

uals. Additionally, there is a requirement for a new 2D dataset to generate adjustable

manual data for each furniture, particularly for custom products or other brand fur-

niture lacking manuals. Despite the IKEA ASM dataset meeting the 3D data prereq-

uisites, it falls short in providing intermediate steps necessary for action recognition

and tracking on video streaming, as indicated in Table 2.1.

Taking into account the requirements in Table 2.1, there exists a literature gap for

a dataset encompassing images resembling manuals, explicit 2D-3D relationships,

segmented furniture parts, partial assembly steps, and information regarding the �-

nal assembled furniture's 3D shape. Consequently, our dataset serves as a signi�cant

contribution to addressing this crucial gap in the existing literature. The IKEA fur-

niture essential for 2D and 3D data collection was sourced from the furniture model

library within the IKEA furniture assembly simulation environment [24].
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CHAPTER 3

PROPOSED MODEL: ASSEMBLERL-2D

3.1 Overview

In this section, we examine the AssembleRL-2D model, an extension of the Assem-

bleRL model [1] to learn furniture assembly from 2D drawings of furniture. This

chapter provides an overview of the AssembleRL-2D and AssembleRL architectures,

as depicted in the Figure 3.1. We will delve into the details of these architectures

in the subsequent sections. The AssembleRL-2D network needs both 2D and 3D

data. For this reason, we had to collect 2D manual data and 3D data consisting of

point clouds having furniture assembly steps to create 2D and 3D datasets. This data

collection process is also described in this chapter.

3.2 Data Collection

To serve as inputs for AssembleRL-2D, it is imperative to create 2D and 3D datasets.

Despite the existence of manuals for assembling IKEA furniture, there might be in-

stances where accessing these manuals is not feasible, or the product in question is

outdated and no longer available. Consequently, we generate 2D data that closely

resembles the IKEA instruction manuals for the furniture models in our possession.

In the context of this assembly scenario, we also generate 3D data, representing a 3D

point cloud of the fully assembled furniture.
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Figure 3.1: (a) AssembleRL-2D establishes a similarity between the 2D image and

the furniture assembly status, which is depicted as a 3D point cloud. (b) AssembleRL

is a reinforcement learning architecture developed for acquiring correct furniture as-

sembly steps.

3.2.1 2D Data

XML �les of furniture models and mesh �les of furniture parts were obtained from

the IKEA furniture assembly environment [24]. According to the XML �le, the tar-

get locations of each part to be connected were obtained. We obtain the assembled

version of the assembled furniture using AssembleRL [1] study. The fully assembled

furniture mesh is saved in STL format. The furniture created is imported into the

Blender environment in STL format. Subsequently, essential scene objects and tools

are generated using the Blender Python API to create manual-like images.

The maximum dimension in thex, y, andz axes of the imported furniture are deter-

mined. Based on this length, the longest dimension of the piece is resized to0:5m.
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Subsequently, the object is repositioned in the coordinate system at (0 m, 0 m, 0:5 m)

beacuse of the object location is based on the object's center of gravity. The object

is always as close as possible of the origin with this reloaction values. A material is

assigned to the created object to white color the shadow method set to none.

In IKEA manuals, furniture is typically depicted in white on a white background,

with the lines of the furniture drawn in black. To replicate this, black lines are created

using the Grease Pencil object to emphasize details around the furniture. The brush

radius of the Grease Pencil object is set to1. The object input type is designated as a

line art object (LRT _OBJECT ) to be added to the active object, i.e., the furniture.

Additionally, the value, i.e.use_in _front , True is input to ensure that the line art

grease pencil appears in front of everything else. The thickness of the pen is set to

3, and back face culling is employed to showcase all the line details. A time offset

of 5 frames is established to fully load this object before moving on to subsequent

steps. Similar to the assembly instruction, when capturing images of the object, a

plane with a size of1000m is incorporated under the furniture to create a white

background. The plane color and the background color attached to the world are also

con�gured to white, with shadows turned off. The camera object is situated at (2 m,

2 m, 2 m), a constraint is established to follow the furniture, and the target is set

as the furniture. Subsequently, the scene is created, and the camera is added. The

desired image format to be generated is set to PNG. Following this setup, the camera

is rotated around the object at user-de�ned angles between0° and360°, as shown in

Figure 3.2, and the rendering is captured with the assistance of the camera, saving the

output to a �le. These steps can be examined in Figure 3.3.

In this study, the recorded images were captured at1° intervals. For each furniture

in both the train and validation sets, a total of360 images were generated, each at

1° intervals. As for the furniture in the test set, there are90 images captured at1°

degree intervals, speci�cally featuring only front views of the furniture, similar to

those found in manuals.

The post-processes are performed to remove the unnecessary shadows, creating a

guide-like image. Figure 3.4 shows the generated and the IKEA manual images. It

can be seen that the images obtained are very similar to the images in the IKEA
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Figure 3.2: The image captured by rotating the camera360° in the counter-clockwise

direction to track the object.

Figure 3.3: The stages and images of the process are given to create a manual-like

image in the Blender environment.

manuals.

16



(a) (b)

Figure 3.4: (a) The original IKEA manual image of the assembled Ivar furniture and

(b) a sample image from the generated 2D data are given.

3.2.2 3D Data

3D geometry information can be represented as a mesh, voxel, or point cloud. The

voxel data type has an input space around the object, while the mesh data type has

a sparse structure, as shown in Figure 3.5. Also, the mesh format only involves the

surface information about the object. On the other hand, when we receive data from

a real-world object with the help of a sensor, such as a lidar or camera, the raw data

we get is similar to a point cloud. In addition, the point cloud can be easily converted

to other representations.

The voxels have a regular form, but mesh and point cloud are not. Convolutional

architectures generally require regular information like 3D voxel. For this reason, data

with mesh or point cloud representations could be transformed into a voxel format and

used in the network. This situation causes a more signi�cant need for computational

power and also a lot of unnecessary data storage. For all these reasons, it would

be a more accurate approach to use the point cloud directly. With the discovery of

the PointNet [5] architecture, it has been made possible to use the point cloud in

convolutional architectures directly. Hence, we collected our 3D data in point cloud

format.
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(a) (b) (c)

Figure 3.5: Some of the 3D geometric representations: (a) mesh, (b) point cloud, and

(c) voxelization.

Within the scope of the KALFA project, the method recommended in [1] is used for

3D data collection. Point clouds of assembly scenarios are created by using 11 pieces

of IKEA furniture taken from the IKEA furniture assembly environment. It is as-

sumed that the target poses of the furniture are known. They usedPT to denote the

point cloud of fully assembled furniture,P0 to denote the point cloud of the seed

part at the start of assembly, andP t to denote partially assembled furniture at step

t of assembly. The current assembly's point cloud,P t , graph is rendered by convo-

lutional layers, followed by fully connected layers. The selected action is rewarded

by comparing it with the updated assembly(P t+1 ) targetPT . Deep reinforcement

learning was used to �nd a policy (� ) for successful furniture assembly and, more

speci�cally, Proximal Policy Optimization. Graphs are used to code the environment

status, and a Graph Convolutional Network calculates probability distribution on ac-

tions. A reward function consisting of two measures is used to train the network:

incompleteness and incorrectness, as shown in Figure 3.6.

Furniture scenarios encompassing all potential correct and incorrect actions in three

dimensions were generated as a result of this study. The creation of the 3D dataset was

a collaborative effort conducted in partnership with Özgür Aslan, the author of the

AssembleRL [1] study. The approach employed in this study involves generating and

capturing mesh models of potential assembly scenarios. Subsequently, these mesh

models will be treated as point samples, serving as the basis for creating and utilizing

point clouds. With the help of this study, 3D data collection involving negative and
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