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Learn to Create Simple LEGO® Micro Buildings
JIAHAO GE∗, MINGJUN ZHOU∗, and CHI-WING FU, The Chinese University of Hong Kong, Hong Kong

Fig. 1. LEGO® micro buildings created by our approach exhibit a rich variety of shapes and styles, ranging from modern city buildings to iconic landmarks, to
simple houses, and to miniature castles, in compact but intricate forms. The LEGO® trees are manually added for decoration.

This paper presents the first learning-based generative pipeline for effectively
creating 3D LEGO® 1 models. This task is very challenging due to the lack
of dedicated representations and datasets for learning coherently-connected
bricks arrangements, as well as an immense design space that is combinato-
rial in nature. We approach this task by focusing on creating LEGO® micro
buildings. Our contributions are four-fold. First, we propose the LEGO®

semantic volume representation to encode LEGO® models, considering the
bricks types and bricks connections, while allowing back-propagation learn-
ing. Second, we further consider the transformative nature of LEGO® to
atomize the semantic volume and formulate a generative model to learn
the representation. Third, we build a rich dataset of micro buildings for
model learning. Last, we design the progressive reconstructor to create 3D
LEGO® models from the generated representations, while ensuring bricks
connections. We employed our pipeline to create LEGO® micro buildings
with a wide array of bricks types, demonstrating its strong capability of
learning diverse micro-building styles and producing assemble-able LEGO®

models. Further, we performed various quantitative evaluations, ablations,
and a user study to show the compelling capability of our approach in terms
of generative quality, fidelity, and diversity.

CCS Concepts: • Applied computing→ Computer-aided manufactur-
ing.

Additional KeyWords and Phrases: LEGO®, machine learning, 3D generation,
assembly
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1 Introduction
The word “Lego” comes from the Danish words “leg godt,” which
mean “play well.” Since 1958, LEGO® bricks have become popular
toys, enabling children and adults to build almost anything, so long
as one can imagine. Especially, children can “learn through play,”
as this building process promotes creativity, imagination, spatial
awareness, and beyond. Indeed, LEGO® bricks offer endless building
possibilities, thanks to the simple but effective brick interlocking
system with a rich variety of specifically-designed brick pieces.
Motivated by this astonishing possibility, in 1998, the LEGO®

Group presented the following question to the academics: “Given
any 3D model, how can it be built with LEGO® bricks?” [Gravesen
and Hjorth 1998]. In this construction problem, only generic rect-
angular bricks are considered and the task is to “create a computer
program to determine which brick should be put at which place.”
Then, after the pioneering work of [Gower et al. 1998], many re-
searchers began to explore the answer to this question. The out-
comes include various brick representations, algorithms, and meta-
heuristic cost functions, such as graphs [Peysakhov et al. 2000],
cellular automata [Smal 2008], force-based layout refinement [Luo
et al. 2015], and so on. However, most existing methods consider
only rectangular bricks perfectly inside a simple regular 3D grid, so
undermining the versatile expressiveness of LEGO® bricks. Also,
due to the combinatorial nature of the task, heuristic-based methods
are widely used, yet they may become intractable when handling
the ever-expanding variety of brick types and arrangements.
In the era of 2020s, generative models demonstrate remarkable

success in creating AI-generated contents in natural languages,
images, videos, and shapes. For the LEGO® construction problem,
an extended question would be: “Given a family of LEGO® models,
can the machine learn to generate similar models?” The question
is challenging for several reasons. First, the machine has to learn
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Fig. 2. Overview of our approach: (i) build a dataset of LEGO® micro buildings; (ii) voxelize each data sample into the LEGO® semantic volume that encodes
both brick types and bricks connections; (iii) atomize the semantic volume representation to contain only simplex bricks; (iv) train the generative model to
learn to produce the proposed representation; and (v) progressively reconstruct the final LEGO® model from the generated semantic volume.

the LEGO® system to a certain extent that it can follow the system
to reproduce similar models. Yet, such a system includes a large
number and also a large variety of bricks, as well as various types of
bricks connection. Second, LEGO® models are not as structural as
natural languages and images. They are not directly compatible with
conventional neural networks, for the networks to effectively learn
from. Third, following the above reason, it is thus hard to devise
an effective representation of LEGO® model for machine learning,
while capturing brick semantics and allowing back-propagation
learning. Last, there is a lack of dedicated datasets for LEGO® models
to support the machine learning.
At present, machine learning has been studied on few LEGO®

-related tasks such as brick classification [Boiński et al. 2022] and
assembly planning [Ma et al. 2023]. As for LEGO® model generation,
we are aware of only two works: Thompson et al. [2020] use a graph
to represent the model structure, whereas Lennon et al. [2021] use
a voxel volume. Yet, both works consider only rectangular bricks.
Thompson et al. focus on models built with 2 × 4 LEGO® bricks,
whereas Lennon et al. convert each voxel into a 1× 1 brick and then
merge the small bricks into larger cuboid bricks. Hence, both meth-
ods can produce only coarse and simple voxel-like results. Besides,
the two representations encode either connections or shapes while
neglecting the other. However, both connections and shapes are
crucial for the machine to learn the LEGO® system.
To approach the challenging task of generating LEGO® models

by learning in a manageable manner, we focus our attention on
unconditionally generating a specific class of models called the
LEGO® micro buildings and constrain the physical size in a volume
of 4.8𝑐𝑚 × 4.8𝑐𝑚 × 6.4𝑐𝑚. We elaborate on the choice of size later in
Section 4. Though these models are made up of limited number of
bricks on small physical scales, they employ a wide variety of bricks
and exhibit diverse structures and rich styles. From modern city
buildings to iconic landmarks and from simple houses to miniature
castles, LEGO® micro buildings showcase the essence of creating
LEGO® models in compact but intricate forms. See Figure 1 for
diverse micro buildings produced by our learning-based approach.

To develop our computational approach, we start by first building
a dataset of 1,000 LEGO® micro buildings, capturing diverse building
shapes and styles with different kinds of bricks. Second, to facilitate

effective learning, we design a novel volumetric representation
named the LEGO® semantic volume, which spatially encodes both
the brick-type and brick-connection information. Particularly, our
representation encodes the LEGO® studs and tubes (see Section 4)
to help the neural network learn bricks connections in the LEGO®

system. Third, we consider the transformative nature of building
things with LEGO®, meaning that the same shape can be built by
different bricks management, we propose to simplify the LEGO®

semantic volume by atomizing (decomposing) larger bricks into
simpler ones, such that the neural network can focus on learning
the 3D model shapes and the connection structures. Lastly, we
develop a generative model to learn to generate the semantic volume
by formulating a discrete diffusion-based classification task, and
design the progressive reconstructor to create coherently-connected
LEGO® models from the generated semantic volume by iteratively
arranging bricks while respecting the network model predictions
and the bricks connections.

We demonstrate the capability of our generative pipeline by cre-
ating diverse LEGO® micro buildings of varying shapes, styles, and
scales. Also, we quantitatively evaluated the quality, fidelity, and
diversity of the generated micro buildings, showcasing the com-
pelling performance of our pipeline. Besides, we conducted a user
study to demonstrate that our generated micro buildings are almost
indistinguishable from the human-crafted ones. Further, ablation
studies and a comparison with baseline were performed to validate
the effectiveness of our proposed pipeline.

Overall, this work makes the following contributions:

(i) We introduce the first generative pipeline that can effectively
learn to create LEGO® micro buildings, considering a wide
array of non-rectangular bricks;

(ii) We design a novel representation for LEGO® models, the
LEGO® semantic volume, coupled with the atomization idea,
to facilitate effective model learning;

(iii) We formulate the learning process of training the genera-
tive model as a discrete diffusion-based classification task
for high-quality generation of the LEGO® semantic volumes,
and develop the progressive reconstructor to create LEGO®

models from the semantic volumes; and
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(iv) We contribute the first LEGO® micro-building dataset with
diverse shapes and design styles.

Training code and dataset can be found on the following GitHub
page: https://github.com/Occulte/LEGO_Buildings_Generation.

2 Related Work
In this section, we discuss assorted related topics.

LEGO® construction. Our work aligns with research on LEGO®

model construction using computer programs. The first work is
Gower et al. [1998], which automatically constructs LEGO® mod-
els with regular bricks. Subsequent studies focus on constructing
voxelized LEGO® models from colored 3D models. Some follow-up
works include [Petrovič 2001] using an evolutionary algorithm, [Win-
kler 2005] using a beam search, [Testuz et al. 2013] using a graph-
based algorithm, [Stephenson 2016] using a multi-phase method,
and [Lee et al. 2018] using a genetic algorithm. Recently, some meth-
ods focus on constructing specific types of LEGO® models, e.g.,
LEGO® houses with slope bricks [Zhou et al. 2019], LEGO® Technic
models [Xu et al. 2021], layered LEGO® sketches [Zhou et al. 2023],
and LEGO® Figurines [Ge et al. 2024].

Exploiting machine learning for LEGO® construction, Thompson
et al. [2020] and Lennon et al. [2021] are early attempts to learn the
bricks arrangements for generation. Thompson et al. conceptualize
LEGO® structures as graphs and employ a generative graph model
to learn from human-built structures. Lennon et al. employ a voxel
volume and build an autoencoder to generate voxels from images.
Overall, both approaches work only with basic rectangular bricks
and their representations encode either the bricks connections or
the 3D model shapes but not both. Also, without specific techniques,
their results are coarse and simple voxel-like models. Very recently,
Ge et al. [2024] design a new pipeline to aid the production of LEGO®

figurine models. Yet, the approach makes use of machine learning
mainly to match human photos and LEGO® figurine appearance
and to transfer garment textures from photos to LEGO® figurines,
without learning to generate 3D LEGO® structures.

Aiming at generating more expressive 3D LEGO® models, we
consider a wider array of bricks types and develop a novel generative
pipeline that can effectively produce diverse LEGO® micro-building
models. Our method is capable of learning not only the shapes of
the LEGO® models but also the bricks connections, for producing
physically assemble-able LEGO® models.

Procedural modeling. Procedural modeling aims to create objects
of specific categories algorithmically with rules and parameters, e.g.,
plants [Prusinkiewicz 1986], terrain [Musgrave et al. 1989], build-
ings [Parish and Müller 2001], rivers [Kelley et al. 1988], etc. Our
task is related to procedural modeling of buildings. Methods in this
category mostly use rewriting systems, such as L-system [Coelho
et al. 2005; Greuter et al. 2003], split grammar [Müller et al. 2006;
Wonka et al. 2003], or shape grammar [Patow 2010; Silva et al. 2013].
Please refer to the survey by Smelik et al. [2014] for details.
To further control grammar-based procedural modeling, Talton

et al. [2011] develop an algorithm based on Reversible jump Markov
chain Monte Carlo to produce a model that conforms to a high-
level specification of the desired model. Ritchie et al. [2015] propose

Stochastically-Ordered Sequential Monte Carlo to receive feedback
from incomplete models and handle many possible sequentializa-
tions of a hierarchical and recursive procedural model.
As mentioned in [Smelik et al. 2014], procedural modeling is

instrumental for technical artists and is still far from widespread
acceptance among non-technical, creative users. Yet, the recent Ar-
tificial Intelligence Generative Content (AIGC) approach [Hui et al.
2024; Rombach et al. 2022] demonstrates great success in generating
high-quality images and 3D models, making the approach popular
among mainstream users. Unlike grammar-based methods, AIGC
leverages large datasets to learn to create contents of varying styles
and categories. Hence, taking the AIGC approach to design our
techniques, our method can well adapt to the high variety and com-
plex connectivity of LEGO® models, enabling us to create LEGO®

micro-building models of various shapes and styles.

Representations for 3D shape generation. Early works on 3D gener-
ation focus on voxel volumes and point clouds [Girdhar et al. 2016],
but these representations have limited expressiveness. Polygonal
meshes, which are well-suited for downstream tasks, have also been
studied [Gao et al. 2024; Nash et al. 2020; Wang et al. 2018]. Recently,
implicit representations, such as signed distance fields (SDF) [Chen
and Zhang 2019; Hui et al. 2022, 2024] and neural radiance fields
(NeRF) [DeVries et al. 2021; Kosiorek et al. 2021; Schwarz et al. 2020],
are popular for 3D shape generation. They offer superior capabilities
in modeling diverse shapes and appearances.
The aforementioned 3D shape generation tasks focus on 3D ob-

ject sufaces. Yet, LEGO® models are more than 3D surfaces. They
are made up of bricks with intrinsic internal connections. So, the
representation should encode more than just the external surfaces,
but also the internal structures, in order to enable the generative
model to learn to produce feasible LEGO® models.

Learning-based assembly. Our task is related to Design for Assem-
bly (DFA), which aims for fast and high-yield manufacturing. DFA
has two main tasks: (i) find an optimal sequence to assemble compo-
nent parts, given the parts and target assembly, and (ii) predict the
joint of two/more parts, given the 3D representation of the parts.

For task (i), various optimization and simulation-based techniques
have been studied to find the optimal assembly sequence [Chen et al.
2006, 2008; Qin and Xu 2007; Sinanoğlu and Börklü 2005; Tian et al.
2022]. However, learning-based assembly planning is relatively new.
Wang et al. [2022b] present a dataset, consisting of IKEA objects
paired with assembly manuals and fine-grained annotations. Wang
et al. [2022a] study the problem of translating image-based, step-
by-step assembly LEGO® manuals created by human designers into
machine-interpretable instructions.
For task (ii), some datasets have been compiled for joint pre-

diction. Jones et al. [2021] compile the first large-scale dataset of
parametric boundary representation CAD assemblies and train a
graph convolution network to predict the CAD mate type. Willis et
al. [2022] present the fusion 360 assembly dataset, containing assem-
blies with rich information on joints, contact surfaces, and holes,
with the assembly graph structure. They further train a network
over a graph representation of solid models to predict joints.
However, both tasks require the target assembly/parts to be

known, in order to plan the joints or to find a feasible assembly
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Fig. 3. The brick set employed for creating LEGO® micro buildings.

sequence. Unlike these tasks, this work aims to generate 3D LEGO®

models assembled with diverse bricks by learning from data samples,
without prior knowledge of the target assembly/parts.

3 Overview
Task definition. In this work, we aim to train a generative model

that can learn the semantic structures and bricks connections in
LEGO® micro buildings, such that it can produce 3D semantic in-
formation reconstructible into LEGO® models. Importantly, the
resulting models should make up of coherently-connected bricks
and exhibit building elements such as storeys and rooftops, over a
LEGO® baseplate. To enhance the appearance and diversity of the
produced LEGO® models, we consider not only rectangular bricks
but also bricks of various shapes such as slopes, round plates, grilles,
etc., see Figure 3 for the 28 types of bricks we employed.

As the first attempt to take a learning-based pipeline to generate
LEGO® models, particularly considering assorted bricks types and
bricks connections, we focus our effort on micro buildings rather
than general models.
So, we consider a brick set of a manageable

size for creating LEGO® micro buildings; see
again Figure 3. Also, we limit the physical di-
mensions (width, depth, and height) of the data
samples to be 4.8𝑐𝑚 × 4.8𝑐𝑚 × 6.4𝑐𝑚 to control
the computational overhead and consider only
bricks that are inter-connected by studs and
tubes; see the inset figure on the right. Further, we consider only
bricks placements with axis-aligned (rather than arbitrary) orien-
tations. See the red arrows in Figure 4; they mark bricks that are
rotated by 90 degrees to connect with side studs on the modified
LEGO® bricks2. We leave the efforts to generalize the method to
bricks placements with arbitrary orientations as future works.

Challenges. Despite the above considerations to try to make the
task manageable for training the generative model, to learn to create
LEGO® micro buildings is still very challenging for various reasons.

First, existing widely-used 3D representations such as polygonal
meshes, implicit fields, and neural volumes are designed to encode
standalone 3D shapes, without considering building blocks and
connections. Yet, the task requires a uniform representation that
can effectively capture not only the 3D shape features but also the
bricks and the bricks connections. Also, the representation should
allow backpropagation for optimization, i.e., differentiable.

2Modified LEGO® brick means a regular LEGO® brick modified with one or more
studs on its side; see the brick at top-right corner and the two bricks below it in Figure 3.

Fig. 4. Some of the LEGO® micro buildings in our dataset. Top row: initial
models created by the recruited designers. Bottom row: models augmented
by brick replacement and level adjustment. Particularly, beyond the default
up-facing orientation, bricks can be re-oriented sideways (see the red arrows)
to connect with the side studs on the modified LEGO® bricks1.

Second, LEGO® bricks are discretely placed and connected, gen-
erally via one/multiple pairs of studs and tubes. We will elaborate
on the connection mechanism later in Section 4. How to encode
brick connection information effectively in a representation for the
generative model to learn from is still an open question.
Third, considering many non-rectangular LEGO® bricks types

and flexible connection choices, the brick arrangement is essentially
a combinatorial optimization, which has an immense and discrete
solution space. A small local variation of a brick placement may
propagate to large changes in the appearance and connections of the
final assembly. So, we need to learn the assembly structures over a
vast and discrete space, where outliers may fail to be reconstructed
to buildable and aesthetic assembly structures.

Last, the lack of datasets hinders the development of data-driven
methods for LEGO® generation. We remedy this by contributing
the first LEGO® micro-building dataset that features a rich variety
of building styles and scales.

Our Pipeline. Our pipeline has five major steps as Figure 2 depicts:

(i) Dataset preparation. We start this research by creating a LEGO®

micro-building dataset. First, we studied LEGO® micro buildings
and identified expressive bricks suitable for creating the micro build-
ings; see again Figure 3. Then, we recruited three expert designers
to create LEGO® micro buildings using this brick set. In short, the
designers employed the Studio Software [Bri 2024] to first create
around 300 models, then expanded the set into one thousand models
by adjusting the number of repeated patterns (i.e., levels or storeys),
swapping partial building parts between data samples, and splitting
large buildings into multiple smaller ones. Further, we examine each
data sample to ensure design criteria such as scale, connection, sta-
bility, non-overlap, and diversity; see Figure 4 for example models
in the dataset.

(ii) LEGO® semantic volume representation. In this step, we parse
the data file of each LEGO® model sample in the dataset and con-
vert it into a representation that can be learned by the generative
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model. Importantly, we propose to use a volumetric representation
to spatially encode both the bricks types and bricks connections, i.e.,
the studs and tubes, and carefully design the voxel dimensions and
granularity in our representation. See Section 4 for the details.

(iii) Semantic volume atomization. Next, to achieve efficient learn-
ing, while avoiding ambiguity in the representation, we consider
the transformative nature of LEGO® and propose to atomize the
LEGO® semantic volume, say, e.g., by decomposing the 2×1 LEGO®

plate into two 1 × 1 LEGO® plates (Figure 2). See Section 5.

(iv) Semantic volume generation. Next, we construct the network
architecture of the generative model and formulate a classification
task to train it with the cross-entropy loss to learn to predict the
occupancy types in the semantic volume. See Section 5.

(v) Progressive reconstructor. Last, we design the LEGO® recon-
structor to create LEGO® models from the generated semantic vol-
umes. In short, we iteratively arrange simplex bricks from bottom
to top, then merge the bricks to produce the final LEGO® model.
See Figure 2 for an example and Section 6 for the details.

In the end, we employed our pipeline to generate a wide range of
models and conducted a series of evaluation experiments to demon-
strate the quality, fidelity, and diversity of our results.

4 LEGO® semantic volume
After constructing the dataset, we next aim to design a represen-
tation to encode necessary information for the generative model
to learn from. At the beginning of this research work, we consid-
ered two possible approaches: (i) a graph representation with nodes
(bricks types & locations) and links (bricks connections) to model the
LEGO® assembly; and (ii) a 3D volume representation that voxelizes
the LEGO® model. The graph representation is a natural choice for
modeling an assembly structure but it cannot effectively encode spa-
tial information and bricks information together for learning. Also,
it cannot easily take advantage of the powerful denoising diffusion
model, which has demonstrated strong capability of generating grid-
structured data such as images, videos, and implicit fields. Hence,
we proceed to design a volume representation.

Before looking into our representation, we first describe the
LEGO® brick system, which leads us to designing the represen-
tation. Fundamentally, LEGO® bricks are connected via an inter-
locking system [Kirk 1961], primarily by the studs and tubes on
the bricks. Studs are cylindrical protrusions on top of conventional
bricks, whereas tubes are hollow cavities under many bricks for
connecting with the studs; see again the inset figure in Section 3.
When properly connected, they exert strong frictional forces to put
the associated bricks together. Importantly, they occupy certain
space at dedicated locations in the LEGO® bricks and are paired
across the associated connecting bricks.

To make up the volume representation, after exploring alternative
design choices, we found it important to spatially encode both the
bricks types and bricks connections in the representation, such that
the generative model can be aware of learning and generating also
the studs and tubes to ensure proper bricks connections; see an
ablation study in Section 7.4. On the other hand, we considered

Fig. 5. (a) The 2×1 LEGO® plate brick (top) and 2×1 LEGO® tile brick
(bottom). Their semantic volumes when viewed (b) from top and (c) from
bottom. Each occupied voxel stores either a brick type ID or a stud/tube ID.

an alternative design of additionally predicting the brick instances.
However, we found it hard to train the generative model to learn to
produce also the brick instance IDs per voxel, so we defer the task
of creating brick instances at a later stage of the pipeline.

Motivated by the above considerations, we design the LEGO® se-
mantic volume representation to spatially encode brick type and brick
connection information, and formulate a procedure to construct the
representation with the following two steps.

(i) Extract Bricks Placements and Bricks Connections. The LEGO®

model samples in the constructed dataset are stored in the LDraw
file format [Jessiman 1995]. So, for each data sample, we parse its
LDraw file and extract a list of LEGO® bricks in the model. For
each brick, we can obtain its brick type, which is a unique ID, and
also its 3D location, which is represented by a 3D transformation
matrix. Since connection information is not explicitly available in
the LDraw file format, we annotated the position and orientation
of each stud and tube in each brick of the employed brick set. By
doing so, we can obtain the locations of all the studs and tubes in
the LEGO® model and locate the connecting studs and tubes.

(ii) Construct LEGO® Semantic Volume. Next, we convert each
LEGO® model sample into a LEGO® semantic volume, which is a
grid of𝑊×𝐷×𝐻 voxels, each storing a one-hot vector 1𝐶 , where 𝐶
denotes the number of channels;𝑊 denotes width; 𝐷 denotes depth;
and 𝐻 denotes height. In detail, 𝐶 = 1 + 28 + 2 = 31, where the first
channel is one if the voxel is empty; the next 28 channels indicate
the type of the occupied brick if the voxel is not a stud or tube; and
the last two channels indicate stud or tube. Note that we use one-hot
vectors instead of integer values to denote brick/connection type
IDs, helping to ensure that the 31 occupancy types are independently
chosen by the neural network.
Procedure-wise, we start with an empty semantic volume, then

fill the voxels occupied by each brick with its brick type ID, stud ID,
or tube ID accordingly. Figure 5 shows example LEGO® semantic
volumes for two different bricks: a LEGO® plate with studs on top
and a LEGO® tile without studs on top. As the examples show, we
encode one layer of LEGO® plate (thickness 0.32 cm) using two
layers of voxels, such that studs are encoded at the relevant voxels
in the top voxel layer whereas tubes are encoded in the bottom voxel
layer of the bricks. Note that we use the same voxel coloring scheme
to indicate the bricks types, studs, and tubes in the entire paper; see
the legend at the top right corner of Figure 2. Also, Figure 6 shows
a running example using a simple four-brick LEGO® model.
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Fig. 6. A running example. From the given LEGO® model (a), we locate the
bricks (b), then construct the LEGO® semantic volume accordingly (c).

Fig. 7. Limiting physical size of LEGO® models. The max width/depth is 4.8
cm, corresponding to a grid of six-by-six units of studs. The max height is
6.4 cm, corresponding to the height of stacking 20 LEGO® plates.

Granularity of Semantic Volume. Choosing a proper granularity
for the LEGO® semantic volumes is essential for preserving the
geometric details of LEGO® models, while avoiding computational
overhead in training and preventing non-overlapping bricks from
occupying the same voxel. In practice, a simple one-by-one LEGO®

brick can be represented by a volume of 0.8𝑐𝑚×0.8𝑐𝑚×0.96𝑐𝑚, and
a one-by-one LEGO® plate by a volume of 0.8𝑐𝑚 × 0.8𝑐𝑚 × 0.32𝑐𝑚;
see the inset figure. To accurately represent any model built by these
simple bricks, the side
length (width/depth) of the
voxel cubes in the semantic
volume—which also corre-
sponds to the smallest dis-
crete displacement of any
brick in the system—should at least be the greatest common divisor
of the brick dimensions. In this case, the side length is 0.16𝑐𝑚. On
the other hand, this number is equivalent to half the plate thickness,
as the representation needs to encode studs and tubes of a plate in
its two separate layers; see, e.g., Figure 5 (b & c).

Based on this granularity setting, Figure 7 illustrates the limited
physical size of LEGO® models considered in this work, i.e., a volume
of 4.8𝑐𝑚 × 4.8𝑐𝑚 × 6.4𝑐𝑚. This physical volume proportionally
corresponds to a LEGO® semantic volume of𝑊 = 𝐷 = 30 and
𝐻 = 40, i.e., six-by-six LEGO® studs horizontally and a stack of 20
LEGO® plate bricks vertically. Also, with such a granularity, each
LEGO® plate unit corresponds to a sub-grid of 5 × 5 × 2 voxels; see
again the simple examples in Figures 5 and 6.

Discussion. The connection voxels for studs and tubes help en-
courage the neural network to learn to locate the studs and tubes
more accurately, bringing us the following two benefits. First, guided
by the stud and tube voxels, the generative model can better arrange

Fig. 8. When trained with the LEGO® semantic volumes, the generative
model may produce results with non-fill-able brick type IDs. For the 3 × 2
layer extracted above, its voxels are filled with the ID of the 2×2 LEGO®

plate. We may use the 2×2 brick to fill any voxel in this layer. However, we
cannot fill the entire layer with only 2×2 bricks, without bricks overlap.

Fig. 9. Transformative nature of building things with LEGO® bricks. There
are multiple ways of filling/building the 3 × 2 layer shown in Figure 8.

inter-connected bricks. Second, the connection voxels provide addi-
tional cues for the neural network to differentiate individual bricks
from a cluster of voxels of the same brick type.

5 LEGO® model learning
With the LEGO® semantic volume prepared for each dataset sample,
we can start to train a generative model to learn to produce such
a volume. However, we experimentally found that the generated
semantic volumes may contain voxel layers that cannot be filled by
the bricks types recommended by the generative model.

Issue with the LEGO® semantic volumes. Figure 8 reveals the issue.
For the 3 × 2 layer extracted in the generated semantic volume
shown in Figure 8(b), we can see that the voxels contain the brick
ID of the 2×2 LEGO® plate. While it is feasible to use the 2×2 plate
to fill any voxel in this layer, if we are allowed to use only the
2×2 plate, we cannot fill the entire layer without bricks overlap.
The underlying reasons are two-fold. First, when the generative
model is trained to assign brick type IDs, it can only predict bricks
placements that are locally feasible. It cannot have a global view to
ensure compatible bricks placements over the entire layer. Second,
LEGO® is transformative by nature. As Figure 9 shows, the same
single layer, or more generally a shape, can be built using different
bricks arrangements. So, it is a huge burden for the generative model
to further learn to ensure compatible bricks arrangements.

Atomization. Inspired by the transformative nature of LEGO®,
we propose the idea of atomizing the LEGO® semantic volumes
and train the generative models on the atomized volumes. Overall,
we first identify the bricks in the brick set that can be atomized;
see the leftmost five bricks in Figure 3. Among them, the top three
LEGO® plates can be atomized into four, two, and three 1×1 LEGO®

plates next to them, whereas the bottom two LEGO® tiles can be
atomized into four and two 1×1 LEGO® tiles next to them in the
figure. Hence, after the atomization, the number of channels 𝐶 in
the semantic volume can be reduced from 31 to 26. Besides, Figure 2
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Fig. 10. A running example of LEGO® reconstruction. From (a) a generated semantic volume, we (b) first arrange ground-level bricks, then (c & d) progressively
place connectable bricks with maximized IoU until (e) a LEGO® model is reconstructed. Further, we merge simplex bricks to enhance brick connectivity (f).

presents a full example of atomizing a LEGO® semantic volume,
which is simplified to contain only the simplex LEGO® bricks, while
still representing the same overall 3D shape.
The atomization process is important. First, it reduces the ambi-

guity, stemming from the transformative nature of LEGO®. For the
different bricks arrangements shown in Figure 9, although they rep-
resent the same shape, they have different semantic volumes. Since
the generative model should first be tasked to learn the shapes and
bricks connections in the dataset, this ambiguity poses an unneces-
sary burden for effective shapes and connection learning. Second,
it remedies the aforementioned incompatible bricks arrangements.
Without brick-instance information, a region in the generated se-
mantic volume may not be filled with the assigned brick type; see
again Figure 8. The atomization allows to decouple the problem, so
that the generative model can focus fully on the overall shape and
bricks connections, while the LEGO® reconstructor later on (see
Section 6) will help to arrange the actual brick instances.

Network Architecture. We formulate the generative model based
on denoising diffusion [Ho et al. 2020], adopting a U-Net architec-
ture with 3D convolutions to predict the voxel labels. Overall, the
encoder network has four downsample blocks, each of three layers,
whereas the decoder network has four upsample blocks, each of four
layers. Also, there are three downsampling and three upsampling
operations, so we zero-pad the semantic volume from 30×30×40 to
32× 32× 40 before feeding it to the U-Net. Hence, the input volume
scales for the four blocks are 32 × 32 × 40, 16 × 16 × 20, 8 × 8 × 10,
and 4× 4× 5, and their hidden dimensions are 192, 384, 576, and 768,
respectively. To further learn the spatial correspondence between
bricks, we adopt transformer layers after the convolution layers in
the two blocks at the smallest scales.

Network Training. To learn the shape and connection distribution
of the LEGO® models from the atomized semantic volumes, we
propose to formulate the model training as a discrete diffusion-based
classification task. First, instead of predicting the applied noises at
each diffusion step, our generative model is trained to predict the
semantic volume itself from random initial noises. Second, instead
of predicting an integer-valued brick/connection type ID for each
voxel, supervised by the widely-adopted Mean Square Error (MSE)
loss, we propose to use a one-hot vector for each voxel and formulate
a per-channel classification task, supervised by the cross-entropy
loss. Specifically, the generative model is trained to progressively
predict the semantic volume 𝑓𝜃 (𝑉𝑡 , 𝑡) ∈ R𝐶×𝐷×𝐻×𝑊 from a random

noise volume 𝜖 , supervised by

L = E𝑡,𝜖

[
− log

exp(𝑓𝜃 (𝑉𝑡 , 𝑡)𝑉𝑔𝑡 )∑𝐶
𝑐=1 exp(𝑓𝜃 (𝑉𝑡 , 𝑡)𝑐 )

]
,

where 𝑡 is the time step;𝑉𝑡 is the noisy semantic volume at timestep
𝑡 ;𝑉𝑔𝑡 is the label of the ground-truth volume; 𝑓𝜃 (𝑉𝑡 , 𝑡)𝑐 is the volume
slice of the 𝑐-th channel of the semantic volume 𝑉𝑡 ; and 𝑓𝜃 (𝑉𝑡 , 𝑡)𝑉𝑔𝑡
is the volume where the value of the voxel at position (𝑥,𝑦, 𝑧) is the
value of 𝑓𝜃 (𝑉𝑡 , 𝑡) at the 𝑉𝑔𝑡 (𝑥,𝑦,𝑧) -th channel and (𝑥,𝑦, 𝑧) position.

Network Inference. At the inference, we employ the softmax func-
tion to normalize 𝑓𝜃 (𝑉𝑡 , 𝑡), i.e. ,

Softmax(𝑓𝜃 (𝑉𝑡 , 𝑡)𝑖 ) =
exp(𝑓𝜃 (𝑉𝑡 , 𝑡)𝑖 )∑𝐶
𝑗=1 exp(𝑓𝜃 (𝑉𝑡 , 𝑡) 𝑗 )

,

which indicates the probability distribution of the voxel occupancy
types in the generated volume. We take Softmax(𝑓𝜃 (𝑉0, 0)) as the
generated semantic volume and feed it to the LEGO® reconstructor
(see Section 6) to produce the final LEGO® model.

6 Progressive LEGO® Reconstructor
We design the LEGO® reconstructor to arrange bricks based on
the generated semantic volume to produce a coherently-connected
LEGO® model. Figure 10 shows a running example. Overall, the key
idea is to progressively arrange bricks in a bottom-up manner to
cover the generated semantic volume, while respecting the network-
recommended bricks types and ensuring proper bricks connections.
Here, we first arrange simplex LEGO® bricks, and then merge the
bricks to reduce the brick count. Optionally, we analyze the building
levels in the structure to assign colors to the bricks. Overall, the re-
constructor has the following three steps. More details are provided
in Supplementary material Part F.

Step (i) Arrange Bricks. To start, we first arrange simplex bricks
to cover the generated semantic volume iteratively in a bottom-
up manner, from ground-level bricks (Figure 10 (b)) to upper-level
bricks (Figure 10 (c & d)). In each iteration, we locate a bottom-
most uncovered voxel in the generated semantic voxel and select a
brick with the largest IoU with the semantic volume (i.e., the brick
with the largest percentage of matched brick- and connection-type
IDs) that covers the located voxel. Note that the selected brick, if
not ground-touching, should connect with some previous brick(s)
primarily via a stud-tube connection. Yet, for rectangular simplex
bricks, we temporarily allow them to be placed in contact with
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Fig. 11. Height-range decomposition and color assignment to bricks.

same-type bricks side-by-side, since they can be merged into larger
non-simplex rectangular bricks later on.

Step (ii): Merge bricks. Local groups of rectangular simplex bricks
(i.e., 1×1 LEGO® plates/tiles) can be merged into larger rectangular
bricks (the left five bricks in Figure 3). To do so, we first enumerate
all possible candidate instances of these rectangular bricks that
cover the arranged rectangular simplex bricks. Then, our objective
is to find a minimal and non-overlapping subset of these candidate
brick instances, which exactly cover the target simplex bricks. This
process is formulated as a constrained integer programming and
solved using [Gurobi Optimization, LLC 2024].

Step (iii): Assign Brick Colors. Optionally, as Figure 11 shows, we
decompose the arranged LEGO® bricks into groups for different
height ranges (levels), then assign a standard LEGO® color to each
group based on predefined color palettes. We admit that this is a
simple scheme without considering structures and bricks semantics.
A more structure-aware color assignment strategy may necessitate
a semantic segmentation of the LEGO® model. Possible methods
include supervised training on the dataset annotated with brick
color and differentiable rendering supervised by pre-trained models
like CLIP [Radford et al. 2021]. We leave this as a future work.

7 Results and experiments

7.1 Implementation Detail
We implemented our neural network model using PyTorch and ran
all the experiments on a single A40 GPU. We employed the Adam
optimizer to train the generative model for 2,000 epochs, using a
batch size of 20, a learning rate of 1𝑒−4, and a total of 1,000 denoising
steps. Training the generative model took around one day. Inference
takes around 20 seconds per LEGO® model on an A40 GPU.

7.2 Gallery of our Results
In addition to Figure 1, we present 24 more results in Figure 12 to
showcase the compelling capability of our method. These results
cover a wide range of architectural styles, including arch (e.g., col-
umn 1 top), castle gates (e.g., column 1 middle & bottom), Greek
temple (e.g., column 2 top) traditional pavilions (e.g., column 2 mid-
dle & bottom), modern buildings (e.g., column 3), churches (e.g.,
column 4), and sculptures (column 8). The results exhibit diverse
topologies and fine details without obvious artifacts, in which the
bricks are all coherently connected.

For example, though the buildings have layered structures, many
of them contain hollowed exteriors, reproducing windows, doors,
passages, and other openings. Also, the building styles are accom-
panied by various levels of complexity. Some results show stacks
of simple bricks to mimic modern buildings, whereas some present
intricate patterns, exhibiting fine details in traditional buildings.
On the other hand, we found the generated models mostly exhibit
symmetry without explicit constraints, showcasing the capability
of our method to learn the structural patterns at a global scale.

7.3 Quality Evaluation
Metrics. Following [Chen et al. 2021; Hertz et al. 2022], we eval-

uate the generation quality using (i) minimum matching distance
(MMD), which measures the fidelity of the generated LEGO® mod-
els, and (ii) 1-NN classifier accuracy (1-NNA), which measures how
well a classifier differentiates the generated model from those in
the dataset. In practice, we uniformly sample 2,048 points on each
of our generated models (treated as generated shapes), and also
on each model in the dataset (treated as reference shapes). Then,
we use Chamfer Distance (CD) and Earth Mover’s Distance (EMD)
as the distance measures for MMD and 1-NNA. CD measures the
average deviation between a generated shape and a reference shape,
whereas EMDmeasures the effort required to transform a generated
shape into a reference shape. Overall, a low MMD and a 1-NNA
close to 50% indicate good generation quality.
Besides, we introduce two additional metrics: (iii) Voxel Recon-

struction Accuracy (VRAcc) and (iv) Mean Maximum Voxel Accuracy
(MMAcc). The VRAcc measures how well the reconstructed model
matches the generated semantic volume. Specifically, after we obtain
the final output model guided by the generated semantic volume
from the network, we calculate the voxel accuracy between the
final output and the generated semantic volume. A high VRAcc
implies that the generated semantic volume has clean shapes and
connections with little noise for model reconstruction. The MMAcc
measures the shape and connection similarity between the gen-
erated model and the dataset. We determine the maximum voxel
accuracy (MAcc) between each generated model and all samples in
the dataset, then compute the mean of these MAcc values across
all generated models as the MMAcc. This metric aims to remedy
the shortcomings of CD and EMD, which consider only the shape
similarity and ignore the connection similarity. In our task, LEGO®

models of the same external shape but different internal connec-
tions are not identical. A high MMAcc indicates that the generated
LEGO® models are highly similar to the samples in the dataset;
please refer to the Supplementary material Part B for details.

Quantitative evaluation. We employ the above four metrics to
quantitatively evaluate our results. First, we generated 400 LEGO®

models from random noise volumes. Second, we randomly selected
400 samples from the dataset. Third, we compared our method with
a naive method, as a baseline, which arranges only rectangular
LEGO® plates when creating LEGO® micro buildings, similar to
the voxel-like shapes produced by many existing works. To do so,
we converted the LEGO® semantic volumes of the 400 generated
models all to be 1 × 1 simplex LEGO® plates and reconstructed
LEGO® models from the converted volumes.
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Fig. 12. A gallery of LEGO® micro buildings created by our pipeline. The results exhibit a rich variety of styles and quality, ranging from arches to city
buildings, from bell towers to ancient tempers, and from gazebos to sculptures. The rightmost two columns show LEGO® models with brick color assignment.

Table 1. Qualitative evaluation of our method. The unit of CD and EMD in
MMD is 10−4, whereas the unit of VRAcc and MMAcc is percentage (%).

MMD ↓ 1-NNA (∼50) VRAcc ↑ MMAcc ↑Method CD EMD CD EMD
Naive method 11.21 15.74 82.75 80.87 89.03 39.59

Ours 9.74 12.58 57.28 53.05 95.34 70.77

Overall, we have 1,200 LEGO® models, i.e., 400 generated by our
pipeline, 400 by the naive method, and 400 from the dataset. Then,
we evaluated our results and the naive method results on the four
metrics. As Table 1 shows, our generated models have high fidelity
like the human-crafted dataset samples. In addition, Figure 13 pro-
vides some visual comparisons. Both the quantitative and visual
results show that the naive method can hardly show meaningful
and aesthetic shapes under at the micro-building scale, meaning
that the results cannot well reproduce micro buildings with rich
details. Therefore, considering a wide array of specialized LEGO®

bricks helps produce LEGO® models aligned with the human de-
signs, thanks to their versatile expressiveness.

7.4 Model Analysis
Ablation study. To evaluate the effectiveness of some of the major

designs in our pipeline, we consider the following ablation cases:
(i) supervising the training using the MSE loss instead of the cross-
entropy loss; (ii) removing the connection (stud/tube) channels in
the semantic volumes by simply considering the brick type IDs; and
(iii) removing the atomization process before training.

In Case (i), for each atomized semantic LEGO® volume, we need to
replace the one-hot vectorswith the integer-valued brick/connection
type IDs, so as to use the MSE loss to supervise the prediction of
the noises added to the integer-valued semantic volumes. Here, the
generated semantic volumes are found to possess massive noises.
Thus, they cannot be reconstructed in practice. Hence, we exclude

Fig. 13. LEGO® models generated by our method (middle column) and by
the naive method (right column). Our method employs expressive bricks
to depict nontrivial building structures, whereas the naive method simply
uses rectangular bricks, thus failing to show rich details in micro buildings.

Table 2. Ablating our full pipeline. The unit of CD and EMD in MMD is
10−4, whereas the unit of VRAcc and MMAcc is percentage (%).

MMD ↓ 1-NNA (∼50) VRAcc ↑ MMAcc ↑Method CD EMD CD EMD
w/o atomization 13.02 17.37 62.44 59.15 80.11 55.53
w/o connection 9.82 12.78 60.98 57.75 91.87 65.99
Full pipeline 9.74 12.58 57.28 53.05 95.34 70.77

this case in the subsequent quantitative and qualitative evaluations.
The underlying reason is that the MSE loss penalizes values distant
from the ground truths, yet the brick/connection type IDs are pure
semantic labels, carrying no distance meanings. So, the prediction
of brick/connection IDs is a classification task, not a regression task.
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Fig. 14. Results produced by our pipeline without connection channels for
studs and tubes (top) or without the atomization process (bottom). The red
arrows mark obvious artifacts related to regions failed to be reconstructed.

For Cases (ii) and (iii), we generated 400 results for each case.
Then, we compare them with a randomly-selected subset of the
dataset, following the experiment presented in Section 7.3. Table 2
reports the quantitative results of our full pipeline against the two
ablated cases. The full pipeline quantitatively outperforms the ab-
lated ones, signifying the importance of the atomization process and
the connection information encoded in the LEGO® representation.

Figure 14 visualizes the generated volumes and the final LEGO®

models, where the ablated models produce obvious artifacts. First,
for Case (ii), see Figure 14 (a), the generative model assigns the
type ID of the 1 × 1 × 2 modified brick (see the very soft orange
voxels) to a region with only half of the height of the intended
brick. Subsequently, the intended grille bricks (light yellow voxels)
cannot be attached to the main structure. In Figure 14 (b), there
are two artifacts marked by the red arrows. First, only half of the
circle plate (soft light green voxels) is generated. Second, this halfly-
generated circle plate is predicted to be placed on the side surface of
a 1×1×1 brick, where no studs nor tubes are available for making the
connections. The two examples show that the neural network makes
use of the connection information to better locate the individual
bricks. Without such guidance information, the generative model
may fail to accurately perceive the shapes of individual bricks and
consequently fail to arrange proper connections.
Proceeding to Case (iii), In Figure 14 (c), the generative model

created a 2 × 3 region and assigned the voxels with the label of
the 2 × 2 tiles, making it impossible to find a feasible placement.
In Figure 14 (d), there is also a 2 × 3 region below the LEGO® tiles
marked by the red arrows that are intended to be filled by 2 × 2
plates. These failure cases further confirm the ideas in Section 5.
Without atomization, the generative model may struggle to arrange
non-atomic bricks to feasibly fill the predicted target shapes.
Interestingly, from Figure 14, we observe that ablating the two

components may result in similarly failing cases. This indicates that
the generative model jointly makes use of the connection voxels and
the atomization process to effectively arrange bricks types, without
explicitly requiring instance-level information.

Fig. 15. Leftmost column: LEGO® models generated by our method. The
other four columns: similar LEGO® models retrieved from the dataset with
the Maximum Voxel Accuracy.

Fig. 16. Distribution of Maximum Voxel Accuracy between the 400 gen-
erated LEGO® models and the LEGO® models in dataset, showing that
our pipeline can generate models highly similar and also more different
relative to those in the dataset. Some example pairs (generated in yellow
and retrieved in blue) at 20%, 40%, 60%, and 80% voxel accuracy are shown.

Novelty analysis. Furthermore, we studywhether our pipeline can
generate LEGO® models, not necessarily the same as those in the
dataset. To do so, for each of the 400 generated models, we retrieve
the top four most similar models in the dataset using Voxel Accuracy.
The Voxel Accuracy is computed between each generated model and
all dataset samples. Figure 15 shows two of the 400 cases, together
with the top four most similar models found in the dataset. The two
example models clearly exhibit structures and details distinct from
the similar dataset samples, while being connected. More results
can be found in Supplementary material Part E.
We further statistically analyze the novelty of our generated

models relative to the models in the dataset. Figure 16 plots the
distribution of theMaximumVoxel Accuracy between our generated
LEGO® models and the samples in the dataset. Also, we show four
LEGO® model pairs (generated and retrieved) at different Maximum
Voxel Accuracy, i.e. , 20%, 40%, 60%, and 80%. From the distribution
plot, we can see that our generative model can learn a distribution
that covers the models in the dataset (with high voxel accuracy) and
also generates novel models (with low voxel accuracy) that exhibit
different features from the dataset samples.
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Other experiments. We provide further experimental results in
the Supplementary material: (i) Time analysis for the LEGO® recon-
structor in Part C and (ii) Distribution of the metric VRAcc in Part D.

7.5 User study
To evaluate the quality of the LEGO® models generated by our
method, we compare the quality of our generated models with the
quality of the samples in the dataset, which contains both initial
models created by designers and augmented models.
First, we use a binomial test, in which our key idea is to test if

humans can differentiate our generated models from the human-
crafted ones. If they cannot, it means the quality of our models is
on par with the human-crafted models in the dataset. To start, we
randomly picked ten models generated by our method and another
ten models from the dataset. According to the hypothesis of the
binomial test, if humans cannot differentiate whether a model is
created by our method or by a human designer, the accuracy should
be 0.5. We recruited ten participants in this user study, comprising
four females and six males. Procedure-wise, we first showed them
the 20 LEGO® models in a random order and told them that each
model is created either by a human or by an AI tool. Then, each
participant needed to mark their choice on each model. In the pro-
cess, we did not tell the participant how many of the 20 LEGO®

models were generated by an AI tool, nor did we limit the number
of choices on AI-generated models. The overall accuracy is found to
be 0.55, which is very near to the perfect value (0.5), showing that
our generated LEGO® micro buildings are almost indistinguishable
from the human-crafted models.
Further, to quantitatively compare the quality of the generated

models with the human-crafted ones, we asked each participant to
rate each of the 20 models from one (worst) to five (best) in terms
of visual quality, without informing the participant which models
were designed by humans or created by our method. It turns out
that the average rating for the generated models is 2.82, and the
average rating for the human-designed models is 3.18, which is
very close. Details can be found in Supplementary material Part G.

8 Conclusion, Limitations, and Future Works
This paper presents the first generative pipeline that can effectively
learn and generate 3D LEGO® models, i.e., micro buildings, con-
sidering a wide variety of non-rectangular bricks to enhance the
expressiveness of the results. The LEGO® models generated by our
pipeline demonstrate nontrivial structures, diverse styles, and high
fidelity, almost indistinguishable from the human-crafted ones.
This work makes the following notable contributions: (i) the

overall pipeline, which is a very first attempt to learn and generate
non-rectangular LEGO® models in a data-driven manner, advancing
over prior works on LEGO® construction; (ii) the LEGO® seman-
tic volume representation, considering encoding both the bricks
types and bricks connections while allowing back-propagation for
optimization; (iii) the idea of atomizing LEGO® models, addressing
the transformative nature of LEGO®, to facilitate effective learning;
and (iv) a neural generative model partnered with the progressive
LEGO® reconstructor, to generate coherently-connected LEGO®

models that are physically assemble-able. Furthermore, we con-
ducted a series of evaluations and analyses to assess the effective-
ness of our generative pipeline, including the production of 400
LEGO® models using our pipeline and evaluating these models com-
prehensively using various metrics. In the end, we also performed
an ablation study on our pipeline, studied the novelty distribution
of our results, and conducted a user study to showcase the high
fidelity of our results, compared with human-crafted models.

Limitations. This work still has limitations for creating more
expressive and more controllable results. First, as a data-driven
method, the scale of the dataset is relatively limited. Second, though
we consider a wide variety of bricks types, the LEGO® system
has several thousands of different types of brick [bri 2024], even
excluding colors. The one-hot vector is not scalable to handle a larger
brick set. Third, as an initial attempt to learn to generate LEGO®

models, to ensure the network learning is manageable, we limit
the physical size and connection types of the LEGO® bricks when
building the dataset and the generative process is unconditional.
Fourth, the LEGO® representation allows only axis-aligned bricks
orientations. We can improve the expressiveness of our results if
the generated bricks can have arbitrary orientations. Last, using a
diffusion-based generative process sometimes introduces artifacts
in the semantic volumes, resulting in generated volumes that cannot
be fully reconstructed into a complete model. Details on failure cases
and their causes can be found in Supplementary material Part H.

Discussion and Future works. Addressing each of the above limi-
tations is already very challenging and will lead to the creation of
a more general method with larger brick variety, arbitrary bricks
orientations, and larger LEGO® models. At first glance, our bene-
fits can be extended to other downstream tasks with extra condi-
tions, e.g. , LEGO® model generation from photos, 3D shapes, or
user sketches. Also, it would be interesting to explore the possi-
bility of generating scenes, say a LEGO® city, beyond individual
buildings. Following the high-quality generation applications in
2D images [Rombach et al. 2022] and 3D shapes [Hui et al. 2024],
the dataset with corresponding multimodal annotations like text,
multi-view images, and 3D shapes, is the key to conditional genera-
tion. Given the annotated dataset, we can develop a pipeline that
can fuse information from text, images, or 3D shapes to generate
contextually relevant LEGO® models. This can be achieved using
existing techniques such as cross-attention and ControlNet [Zhang
et al. 2023]. Additionally, considering the availability of powerful 3D
shape generative tools trained on multimodal datasets, we can adapt
these tools to the LEGO® generation task through transfer learning.
There is a prospect to build a generative engine to aid the creation
of LEGO® models given multimodal inputs with a continuous effort
in creating a dedicated dataset at a larger scale.
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