LEGO®-Maker: Autoregressive Image-Conditioned LEGO® Model

Creation

JIAHAO GE*, MINGJUN ZHOU*, and HANYOU ZHENG, The Chinese University of Hong Kong, Hong Kong, China

HAO XUT, Unicus® Research, Hong Kong, China

CHI-WING FUT, The Chinese University of Hong Kong, Hong Kong, China

=
=i

[ MmN
al
=)

=

mi mi

=1
=g
N0
§ 0
L
=
i
i=n
=1
1 =1
B
B
§
|
mi
= 1
1 (m

M
i
1

| |

Fig. 1. A street view of 3D LEGO® facades generated by LEGO®-Maker. LEGO®-Maker is able to generate LEGO® models from photos (see Figures 9 and 11),
considering over 100 unique brick types, rapidly generating bricks at a speed of 300 bricks per minute, and producing large LEGO® models with several hundreds
of bricks, beyond the capabilities of all existing generative approaches. Note that the lamp posts, chairs, bins, and plants are manually added as decorations.

This paper presents LEGO®-Maker, a new learning-based generative model
that can effectively consider over 100 unique brick types and rapidly gen-
erate hundreds of bricks to create LEGO® models conditioned on images.
This work has three major technical contributions that enable it to achieve
surpassing capabilities beyond existing generative approaches. First, we
design a compact LEGO® tokenization scheme to serialize LEGO® mod-
els and bricks into tokens for autoregressive learning. Second, we build
LEGO®-Maker, an autoregressive image-conditioned architecture, with a
multi-token prediction strategy to encourage pre-considering multiple brick
attributes and a rollback mechanism for collision-free generation. Third, we
propose an effective data preparation pipeline with a procedural generator
to synthesize LEGO® models and a LEGO®-to-real image translator distilled
from a large vision language model to translate LEGO® renderings into
associated photorealistic images, leveraging rich prior to address the scarcity
of image-to-LEGO® data. Extensive evaluations and comparisons are con-
ducted on two object categories, facade and portrait, over metrics in four
aspects: geometry, color, semantics, and structural integrity, together with a
user study. Experimental results demonstrate the versatility and compelling
strengths of LEGO®-Maker in producing structures and details given by
the reference image. Also, the evaluation scores manifest that our method
clearly surpasses the baselines, consistently for all evaluation metrics.
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1 Introduction

LEGO® ! is a versatile and globally-popular construction system,
making use of interlocking plastic bricks to assemble 3D objects of
almost any kind. We can reproduce objects in the real world, such
as buildings, vehicles, animals, flowers, and human characters, as
well as objects that are artistic, imaginary, and out-of-the-box.
Building LEGO® models is generally a physical process. Yet, phys-
ically building LEGO® models is largely limited by the types and
number of bricks that we currently have at hand. Also, finding a spe-
cific brick in a large repository can be tedious. To this end, various
LEGO® building software tools, such as BrickLink Studio [Brick-
Link. 2024] and LDraw [Jessiman 1995], have been developed to
support virtual LEGO® building. Using these tools, we enjoy not
only unlimited use of bricks, with almost any LEGO® color, but
also fast access to any specific brick and photorealistic rendering
of our results. Besides, one can load a reference image into the 3D
virtual space and then virtually arrange LEGO® bricks in the same
3D space to try to match the object in the reference image. This
function is called the “reference image” in the BrickLink Studio tool.

'LEGO® is a trademark of the LEGO® Group, which does not sponsor, authorize
or endorse this work. All information in this paper is collected and interpreted by its
authors and does not represent the opinion of the LEGO® Group.
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Fig. 2. Our objective is to generate LEGO® models (right) from natural
photos (left), reproducing the structure, details, and colors in the inputs.

Earlier in the research community, various methods, e.g., [Gower
et al. 1998; Petrovi¢ 2001; Testuz et al. 2013; Winkler 2005] have been
developed to leverage computing power to transform 3D shapes
into LEGO® brick models. To enhance the results, [Luo et al. 2015]
propose to introduce stability analysis and coloring of bricks in the
LEGO® model construction process. In these early works, the result-
ing LEGO® models are basically voxel-based, since only rectangular
LEGO® bricks are considered. Therefore, the produced LEGO® mod-
els typically lack expressiveness and often fall short of capturing de-
tails. More recently, some research works [Zhou et al. 2019] [Xu et al.
2019] [Zhou et al. 2023] start to consider nonrectangular bricks in
creating LEGO® models. Yet, they are formulated for specific LEGO®
categories. Hence, it is hard to extend them for more general LEGO®
construction. Also, they involve combinatorial optimization, which
comes at a high cost in computational overhead.

Motivated by recent advances in deep learning, some research
works, e.g., [Lennon et al. 2021; Thompson et al. 2020], start to
explore neural networks for generating LEGO® models. Pun et
al. [2025] further propose a text-to-LEGO® approach to generate
LEGO® models from text inputs. Yet, the generated models are
voxelized, as only basic rectangular bricks are considered. Another
work [Ge et al. 2024a] presents a diffusion model to unconditionally
generate simple micro LEGO® buildings, using around 30 brick
types to create tiny buildings of assorted styles.

To go beyond the prior works, our goal in this work is to develop
a learning-based approach for broader use, capable of considering
more diverse brick types and colors, while conditioning the genera-
tion with a reference image (see Figure 2), such that we can generate
intriguing LEGO® models beyond the existing approaches. Also, we
aim at an approach that can be customized to generate LEGO® mod-
els beyond a single LEGO® category, while ensuring connectable
bricks in the output LEGO® models without bricks collision and
floating. Further, we aim to rapidly generate standard-sized LEGO®
models (~300 pieces) in a reasonable time frame, say hundreds of
bricks in a few minutes. To our best knowledge, no existing research
or commercial tools can fully meet these requirements.

Jointly considering all the above requirements in developing a
general-purpose image-conditioned LEGO® generator is very chal-
lenging. This is mainly due to the scarcity of high-quality LEGO®
designs with paired image references. Hence, to make the task more
manageable, we consider category-specific generation and focus
on two categories: LEGO® facades and portraits. Overall, there are
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three innovations in this work: First, we design a LEGO® tokeniza-
tion scheme to carefully serialize LEGO® models into tokens, in
which we compactly represent bricks, as well as the brick attributes,
including brick type, color, orientation, and position. Through this
compact representation, we can effectively consider more brick
types and colors, as well as enable our approach to generate LEGO®
models of larger size and finer details, beyond the existing genera-
tive approaches. Second, we formulate the LEGO®-Maker model, a
new autoregressive pipeline for LEGO® model generation. In the
pipeline, we effectively train the model to learn to produce LEGO®
brick tokens conditioned by a reference image, while encouraging
the model to learn brick-by-brick planning with a multi-token pre-
diction strategy. Third, we design two data-acquisition pipelines
to prepare paired image-LEGO® data for model training. The first
pipeline includes a highly automated procedural generator for cre-
ating facade models and a LEGO®-to-real image translator distilled
from GPT-4o to inversely produce associated photorealistic refer-
ence images. The second pipeline is a manual designer-driven pro-
cess for LEGO® portrait models. It is worth noting that the pipelines
are general and extensible to handle additional LEGO® categories.

LEGO®-Maker is a versatile approach for LEGO® model genera-
tion. In particular, we can condition the generation on a reference
image of a facade or human portrait, consider over 100 brick types,
and rapidly generate LEGO® models at ~ 300 bricks per minute. Also,
we extensively evaluated our approach on metrics in four aspects, i.e.,
geometry, color, semantics, structural and integrity, together with a
user study. The quantitative evaluation demonstrates our method’s
compelling performance over various baselines, showcasing that it
can effectively compose bricks to reproduce prominent structures
and details in the reference images. Further, we performed various
ablations to show the effectiveness of our designs and conducted
floating-brick tests on the generated results to show the structural
robustness of the generated LEGO® models.

The technical contributions of this work are summarized below.

(i) We introduce the first approach that can effectively learn to
generate large-sized, multi-color LEGO® models from refer-
ence images, and demonstrate its versatility and applicability
on two object categories, facade and portrait;

(ii) We design the LEGO® tokenization scheme, by which we
can compactly encode the brick type, color, orientation, and
positions, enabling us to efficiently consider a large number
of bricks in the LEGO® model and over 100 types of unique
bricks when generating LEGO® models;

(iii) We construct LEGO®-Maker, a new image-conditioned au-
toregressive architecture to generate LEGO® models, with a
multi-token prediction strategy to encourage brick-by-brick
planning by pre-considering multiple brick attributes and a
rollback mechanism to avoid bricks collision;

(iv) We propose a data preparation pipeline to address data scarcity,
with a procedural generator to synthesize LEGO® models and
a LEGO®-to-real image translator distilled from GPT-40 to
generate associated photorealistic images; and

(v) We extensively evaluate our method against multiple base-
lines on a rich set of quantitative metrics on geometry, color,
semantics, and structure, as well as through a user study.
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Fig. 3. Example bricks in the LEGO® facade scenario, in which we consider six categories of bricks, from regular rectangular bricks to a wide range of
nonrectangular types (left to right), including frames, panels, windows, modified bricks, and slope bricks, as well as bricks for decorative purpose. There are
103 unique brick types in total and we show only a subset of them. Please refer to Supplementary material Part A for the full brick set.

2 Related Work

Image-conditioned 3D Shape Generation. The task of generating
LEGO® models from images closely relates to the broader task of
generating 3D models from images. Building upon the remarkable
progress in 2D image generation, e.g., DALL-E [2021], Imagen [2022],
and Stable Diffusion [2022], many methods explore these capabilities
in 3D shape generation. DreamFusion [2023] optimizes NeRF [2020]
with Score Distillation Sampling (SDS) for 3D generation. Subse-
quent works [Li et al. 2024a; Seo et al. 2024; Tang et al. 2024; Zhu
et al. 2024] explore SDS in various neural field representations.
Some other works take a multi-view approach to 3D generation.
To improve the view consistency, Zero-1-to-3 [2023] conditions
pre-trained diffusion models on explicit camera transformations,
whereas [Li et al. 2024b; Qiu et al. 2024; Shi et al. 2023, 2024] incor-
porate enhanced attention mechanisms. Later, Misra et al. [2025]
extend SDS to multi-shape arrangements, arranging rigid shapes in
a non-overlapping manner to match a semantic description.

In parallel, large 3D datasets such as Objaverse [Deitke et al.
2023a,b] greatly accelerate the development of data-driven 3D gen-
eration. Leveraging these resources, reconstruction models [Hong
et al. 2024; Xu et al. 2024; Zhang et al. 2024a], diffusion models [Hui
et al. 2024; Lan et al. 2025; Wu et al. 2024; Xiang et al. 2025; Zhang
et al. 2024b], and autoregressive models [Chen et al. 2025b] show im-
pressive results in producing high-quality, diverse, and structurally
rich 3D assets from images via different latent representations.

Clearly, existing 3D representations and generative paradigms
cannot be applied to directly generate LEGO® models. More than
conventional surface-based 3D representations, LEGO® models are
3D assemblies of discrete bricks that must be arranged in an inter-
connected, collision-free manner. Also, the bricks should come from
a pre-defined set, with connections governed by rules. Hence, we
formulate LEGO® model generation as a step-by-step brick assembly
process, analogous to autoregressive generation.

Autoregressive shape generation. Another related topic is autore-
gressive shape generation, which aims to produce vertices, edges,
and faces that make up global shapes with fine geometric details.
As a pioneering effort, MeshGPT [Siddiqui et al. 2024] generates
triangular meshes by modeling them as sequences of triangles. Me-
shAnything [Chen et al. 2025a] proposes to learn a discrete vocabu-
lary of mesh tokens using a VQ-VAE then use a shape-conditioned,
decoder-only transformer to generate meshes. To improve efficiency
and scalability in the generation, EdgeRunner [Tang et al. 2025] em-
ploys the mesh compression algorithm EdgeBreaker [Rossignac

2002]; MeshAnything V2 [Chen et al. 2025c] proposes Adjacent
Mesh Tokenization; and OctGPT [Wei et al. 2025] presents a serial-
ized octree representation. Leveraging an autoregressive model for
meshes, PrimitiveAnything [Ye et al. 2025] propose to learn from
and reproduce human-crafted shape decompositions.

In parallel, some recent works study the combination of autore-
gressive models with procedural content generation (PCG). Latent
L-systems [Lee et al. 2023] learn to generate procedural string se-
quences that define tree structures. FacAID [Plocharski et al. 2024]
transforms static facades into editable procedural grammars. Build-
ingBlock [Huang et al. 2025] integrates generative models, PCG,
and large language models to produce hierarchically consistent 3D
building layouts. Overall, this stream of works has great potential
for creating complex structures that remain highly editable.

Inspired by these successes, we propose to learn the step-by-step
LEGO® brick construction process by modeling an autoregressive
framework to generate different categories of LEGO® models.

Computational LEGO® model construction. In the last few decades,
various algorithms [Gower et al. 1998; Lee et al. 2018; Luo et al. 2015;
Peysakhov et al. 2000; Smal 2008] are proposed for creating LEGO®
models. Yet, the earlier works mainly consider rectangular bricks and
focus on stability and bricks connectivity. To consider more brick
types beyond regular rectangular bricks, Xu et al. [2019] designed
models with LEGO® Technic bricks; Zhou et al. [2019] designed
houses with sloping and circular bricks; and Zhou et al. [2023]
designed LEGO® sketches with LEGO® tiles and plates.

Entering the era of Al, some works, e.g., Thompson et al. [2020]
and Lennon et al. [2021], start to exploit learning-based approaches
for LEGO® model generation. Yet, all these works produce only
voxelized single-color results, without considering nonrectangular
bricks and different available brick colors. To call for quality, Ge
et al. [2024b] create LEGO® figurine models from human portraits.
Yet, the bricks are arranged by retrieval, not generation. Later, Ge et
al. [2024a] design a volumetric diffusion approach to generate simple
micro LEGO® buildings using 28 different brick types. However,
the generation is unconditional and the method can handle only
single-color small-sized LEGO® models.

A very recent concurrent work is Pun et al. [2025], which also stud-
ies autoregressive models for generating LEGO® models. Compared
with our work, this work considers LEGO® assemblies composed
of conventional cuboid bricks and focuses on creating physically
stable assemblies. Also, it is text-conditioned, without image con-
ditioning and without considering brick colors in the generative
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process. Besides, while the approach is effective within its scope, it
does not address the creation of larger-scale models.

Our work presents the first approach that can generate larger-
scale, multi-color LEGO® models with image conditioning and with
brick details. Specifically, we take natural photos as inputs and
consider more than 100 types of bricks and 30 different brick colors
to generate LEGO® models as large as 35.2cm in size, significantly
beyond the scale and capabilities of all the prior methods.

3  Overview

To put our research objective in mathematical form, we denote 7
as the input natural image and train an autoregressive model ¥ to
generate LEGO® model M that resembles the object given in image
T ; see Figure 2 for an example. Denoting N as the number of bricks
in LEGO® model M and b; as the i-th brick in M, M can then be
represented as {b; | i € {1,2,.., N}}. In the autoregressive process,
bricks are generated sequentially one at a time:

bi = F (I, {bi}).

where each brick b; in the completed LEGO® model consists of four
attributes—type, color, orientation, and position.

Requirements on results. We consider the following requirements
in the LEGO® model generation. Specifically, the results should

(i) capture the overall structure and local details of the target
object in the input image as faithfully as possible;
(ii) be able to use a wide range of bricks to form shapes with
intricate details (see some of our employed bricks in Figure 3);
(iii) have regular physical sizes similar to generic LEGO® models,
surpassing the scale constraints in the previous works (6.4 cm
in [Ge et al. 2024a] and 16 cm in [Pun et al. 2025]);
(iv) preserve the colors in the input image with best effort (this is
not supported in previous learning-based methods);
(v) be physically buildable, where the bricks in the final assembly
should be collision-free and connectable; and
(vi) be able to generate LEGO® designs within a reasonable time
frame; see the performance of our method in Section 7.6.
Fulfilling the above requirements is very challenging. First, there
is a substantial domain gap between natural images and LEGO®
models. The generative method needs to bridge the gap. Second, the
method should be general and flexible, capable of generating LEGO®
models of not so small scale, while capable of deploying a wide
variety of brick types and colors. Third, the scarcity of paired data
between images and LEGO® models makes it difficult to train the
generative method, especially for arbitrary generic LEGO® designs.
Aiming to consider a large variety of brick types and colors, rather
than being too ambiguous, in this work, we focus on two LEGO®
model categories, which are less complex and more manageable:
(i) LEGO® facade: Brick number ranges from 100 to 675 (average
300); unique brick type number 103; maximum dimension 35.2
cm; average generation time 55 seconds per model; and
(i) LEGO® portrait: Brick number ranges from 40 to 63; unique
brick type number 75; maximum dimension 16.96 cm; average
generation time 6 seconds per model.
Excitingly, no previous LEGO® generative methods have ever suc-
ceeded in generating LEGO® models of such complexity, in terms of
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brick types and brick numbers. Yet, our method is able to efficiently
generate good-quality LEGO® models for both categories, beyond
the capabilities of all existing generative methods.

Our approach. There are three major components in our approach:
(i) A LEGO® tokenization scheme to serialize a LEGO® model into
bricks and brick attributes for generative learning (Section 4); (ii)
LEGO®-Maker, an image-conditioned autoregressive model trained
to generate brick tokens for constructing LEGO® models (Section 5);
and (iii) We prepare data for model training, especially with our pro-
cedural generator and LEGO®-to-real image translator to produce
synthetic paired data to address data scarcity (Section 6).

In the following sections, we present our approach primarily us-
ing the LEGO® facade category in our examples, while experiments
presented in Section 7 will include both facades and portraits.

4 LEGO® Tokenization

The core to enable autoregressive LEGO® learning is a compact
LEGO® tokenization scheme for representing bricks and the asso-
ciated assembled model. In our approach, instead of treating each
LEGO® brick as a single token, we go deeper to consider four basic
attributes of bricks in the assembled model, i.e., type, color, orienta-
tion, and position. Also, we consider bricks in a bottom-up manner,
following a natural LEGO® building order.

Specifically, we represent brick b; as a tuple of six tokens, i.e.,
(¢, ¢i, 04, Xi, Yi, zi), which denotes b;’s type, color, orientation, and
x/y/z position in the assembled model, respectively. To aim for
compactness in tokenization, all token values are integer-valued
indices in our LEGO® vocabulary V. Below, we shall first define our
LEGO® vocabulary, then present the LEGO® tokenization process.

Building LEGO® vocabulary. The LEGO® vocabulary V is a list
of all possible values of each brick attribute. Essentially, V is a
concatenation of all brick types V;pe, brick colors Voo, brick ori-
entations Voriens, and brick positions V5. Considering the LEGO®
facade category, we construct brick types V;yp. and brick colors
Veolor by recruiting 20 professional designers and getting their help
to decide the set of brick types (103 for facade) and brick colors (37
standard LEGO® colors) that best match the facades in a real photo
collection. Here, the majority of colors in V.., are solid colors,
except for a few transparent colors for windows.

For brick orientations Vpyjent, observing that bricks are connected
mostly by the studs and tubes on top/bottom/side faces, for simplic-
ity, we consider only the 24 unique axis-aligned orientations in 3D.
Extending to arbitrary orientations will be our future work.

For brick positions Vs, we define brick position (x, y, z) as a dis-
placement vector from the LEGO® model’s origin, i.e., the minimum
x/y/z coordinates of the model’s bounding box. Importantly, to avoid
floating point values in the tokens, which are tedious to compute
and hard to predict, we extensively examine the dimensions of the
employed brick types and con-
nections, and find that the
greatest common factor of the
dimensions is 0.8 mm, con-
sidering also the irregularly-
shaped bricks such as those
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Fig. 4. (a) LEGO® tokenization serializes a LEGO® model brick-by-brick in a bottom-up manner into a sequence of tokens (type, color, orientation, and
position), which are integer indices in our LEGO® vocabulary. (b) LEGO® generation: taking the image embedding from input image and brick token sequence
from associated LEGO® model, we train LEGO®-Maker (backbone, six transformer (TF) layers, and output head) to predict tokens autoregressively. Also,
we adopt a multi-token prediction strategy to compute losses for predicting six consecutive future tokens altogether to aim for brick-by-brick planning by
pre-considering more brick attributes in the generation. Note that BOS means beginning of sentence; EOS means end of sentence; and CE means cross entropy.

shown in the inset. Each position token can be expressed as an
integer value, which multiples 0.8 mm to obtain the x/y/z displace-
ment from origin. Empirically, the position tokens range from 0 to
439, as the largest dimension observed in the LEGO® facade data
samples (see Section 6) is 35.2 cm, which is 440 x 0.8 mm. Also,
we need three special separator tokens Viep = {BOS, EOS,PAD}
to denote the beginning of sentence, end of sentence, and padding,
respectively. Hence, the overall LEGO® vocabulary V = V,yp. U
Veotor U Vorient U Vpos U Viep, i.e., 103 + 37 + 24 + 440 + 3 = 607
for the LEGO® facade category. For the LEGO® portrait category,
the size of the LEGO® vocabulary is 503.

LEGO® tokenization. With the LEGO® tokenization scheme, we
can then tokenize a given LEGO® model in the following two steps.
In the first step, we need to sort all the bricks in the model in a
bottom-up manner, along the z-axis from the xy ground plane. To
do so, we sort the bricks first by their minimum z values, then by
their minimum y values, followed by their minimum x values.

In the second step, we iterate through the sorted bricks, from
b; to by. For each brick b;, we set its type token t;, color token c;,
and orientation token o; as the indices to values in Viype, Veotors
and Voient, respectively. Next, we set the brick’s position tokens
Xi, Yi, and z; based on the brick’s displacements from the model’s
origin. Also, we include token BOS at the beginning and token EOS
at the end of the token sequence; see Figure 4 for an example. Note
that when we train a batch of sequences of different lengths, we
additionally append PAD after the EOS, such that all sequences in
the same batch will have the same length. Formally, given LEGO®
model M, the final token sequence S 5y is given as

Sm = Tokenizer(M),

where S/ is a sequence that has 6N + 2 tokens altogether.

5 LEGO®-Maker architecture

Our pipeline to train the LEGO®-Maker architecture has three major
steps, as illustrated in Figure 4(b): (i) encoding the input image;
(ii) tokenizing the associated LEGO® model (Section 4); and (iii)
training LEGO®-Maker (including the LEGO®-Maker backbone, six
transformer layers, and a shared output head) to autoregressively
predict respective tokens. The details of how the data samples are
prepared will be presented in Section 6. In this section, we shall first
elaborate on the details of encoding the input image and training
LEGO®-Maker, then provide additional details in our approach.

Image encoding. We extract features from input image 7 using the
DINOv2 encoder [Oquab et al. 2024]. In detail, the encoder output
is an image embedding S of length 257. As shown in Figure 4(b),
we incorporate the image embedding into the token sequence by
prepending Sy before the tokenized LEGO® model embedding Sy,
resulting in a combined sequence Sy @ Sp.

LEGO®-Maker training. The training of LEGO®-Maker is per-
formed token by token. Specifically, at each decoding step ¢, we
take the partial sequence S; & Sp<; as input to produce a proba-
bility distribution over the LEGO® vocabulary for predicting the
token at step t. During the training, we supervise LEGO®-Maker
with the ground-truth token sequence obtained from the associ-
ated LEGO® model, where the objective is to minimize the negative
log-likelihood of the correct tokens across the entire sequence.

Formally, given the token sequence (Sp1.1, Spm.2, - - - Sm,r), Where
step t € {1,2,..., T}, the training loss is defined as
T
- ZlogP(SM,t | Sr.Sm<t)s (1)
=1

where S o1 represents all the tokens before step . During the infer-
ence, we can employ the trained LEGO®-Maker model to generate

ACM Trans. Graph., Vol. 44, No. 6, Article 201. Publication date: December 2025.
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Input image Attention map Generated LEGO® model

Fig. 5. Visualizing the attention map (last layer of the backbone) in our
LEGO®-Maker model when generating the LEGO® bricks in the facade
entrance marked by the red box. From the attention map, we can see that
the model attends mainly to the ground level and entrance regions in the
input image when generating the LEGO® bricks in the facade entrance.

tokens autoregressively from an image embedding, starting from
the BOS token until arriving at the EOS token.

It is worth noting that at each token decoding step, the model at-
tends to the entire image sequence Sy, allowing it to adaptively align
the generated brick with the visual structure. This attention-guided
conditioning helps the model preserve key geometric and semantic
features, such as facade layout and colors of specific elements, as il-
lustrated in Figure 5. Also, at the beginning of this research, we have
considered segmenting the input image into semantic regions, such
as windows, wall, and doors, and then using the segmentation to
spatially guide the LEGO® generation. However, since the generated
LEGO® models need not strictly follow the semantic contents in
the 2D image space, we thereby do not incorporate strong semantic
guidance in the image space in our pipeline design.

LEGO®-Maker backbone. The backbone is from the Open Pre-
trained Transformer (OPT) 1.3B model [Zhang et al. 2022]. It com-
prises 24 layers of standard OPT decoder with a hidden size of 2,048.
As the original model is pre-trained on natural languages, we train
the model from scratch instead of using the pre-trained weights.

Multi-token prediction. In standard autoregressive modeling, the
decoder predicts a single token in each forward step. To improve
the coherence in generating LEGO® bricks, we adopt a multi-token
prediction strategy [Gloeckle et al. 2024; Liu et al. 2024a] to predict
the next six tokens altogether within a single forward pass. To do
so, we deploy six dedicated transformer layers stacked on top of
the backbone decoder (Figure 4(b)). During the training, the hidden
states produced by the LEGO®-Maker backbone are successively
consumed by these additional layers, each responsible for predicting
one of the next six tokens. By doing so, the LEGO®-Maker model
can better capture local brick dependencies more effectively.

Formally, we denote Fpackbone s the backbone transformer, %o, 77,
..., Fs as the six sequential transformer layers, and H as the shared
output head. At the decoding step ¢,

SM,t+i = 7’[((7‘_1‘0'7‘:‘_10. . ~°%°ﬁackbone)(sM<t))’ i=0,...,5.

Accordingly, the loss term presented in Eq. (1) shall be updated to
account for the joint prediction of the six tokens:
T 5

1
L= % Z Z log P(Spte+i | S1>Sm<t)- @

t=1 i=0
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By incorporating the next six tokens into the training supervision,
the LEGO®-Maker model can learn to jointly pre-consider multiple
brick attributes when predicting the next tokens. Note that we
adopt MTP only in training. At inference, we still generate LEGO®
models token-by-token to maximize the model’s pre-consideration
ability. After a sequence of tokens is generated, we use them to
index the next brick attribute in our LEGO® vocabulary and employ
the combined attributes to reconstruct to a complete LEGO® model.

Rollback mechanism. We observe that the LEGO®-Maker model
exhibits improved learning of assembly patterns, as the training
dataset scales up. However, there are no strict collision constraints
when predicting tokens. Hence, to avoid potential collisions, we
introduce a rollback mechanism. After predicting each brick, we
perform a collision detection between the brick and all the pre-
vious bricks. If a collision occurs, we mask the corresponding to-
ken options and regenerate the brick. This adaptive mechanism is
rarely needed in practice. Experimentally, our model can generate
sequences of hundreds to thousands of bricks without any collision.
So, only around 28% of the generated LEGO® models trigger this
mechanism in the generation. Also, all the generated models can
become collision-free, thanks to this mechanism. See Section 7 for
details.

6 Dataset Preparation

This section presents our pipelines for preparing training data for
LEGO®-Maker. Specifically, we focus on two categories in this work:
facades and portraits. For the facade category, we employ a highly
automated pipeline, creating a procedural generator and a LEGO®-
to-real image translator to inversely prepare 40,000 paired LEGO®
facade models with natural images. For the portrait category, we
utilized a designer-driven pipeline to create 3,300 data pairs.

Discussion on category-specific datasets. The reason we opt for
category-specific datasets is due to large variation in the employed
LEGO® bricks and also assembly patterns utilized in different LEGO®
categories. For instance, LEGO® mosaics employ mainly flat plates
connected by studs, whereas LEGO® buildings make use of win-
dows, doors, and various decorative bricks. Also, the scarcity of
paired image-LEGO® models renders this task too challenging in
training a single model for diverse categories.

6.1 LEGO® Facade Dataset

For facades, we first create an initial dataset of 2,000 LEGO® facade-
image pairs, which are meticulously created by professional de-
signers; see Figure 6(a). Then, we aim to expand this dataset by
automatically generating more paired samples; see Figure 6(b).
Inversely to the main task, i.e., image-to-LEGO®, our key idea here
is to develop a procedural generator to first automatically generate
a large volume of LEGO® facade models, then train a LEGO®-to-
real image translator to inversely produce photorealistic images of
the generated LEGO® models. By then, we can obtain not only a
reference image for each LEGO® model but also 3D LEGO® models
composed of connecting bricks for training LEGO®-Maker.

LEGO® facade procedural generator. To start, we identify bricks
in LEGO® facades and basic architectural components (windows,
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Fig. 6. Expansion of the initial designer-crafted dataset (a), which contains
2,000 pairs of reference images (green boxes) and facade models (blue boxes),
to a larger dataset of 38,000 pairs (b). The augmented dataset maintains a
consistent style with the original dataset. Facade images in (a) are created
by GPT-4o.
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Fig. 7. Comparing LEGO®-to-real image translation results produced by
different methods. GPT-40 [OpenAl 2024] produces realistic textures but
falls short of maintaining coherent facade layouts. SD 3.5 [Esser et al. 2024],
paired with ControlNet [Zhang et al. 2023], maintains general structures,
but struggles with color fidelity and photorealism. Our LEGO®-to-real image
translator can better preserve both the layout structure and appearance.
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Fig. 8. Our LEGO®-to-real image translator architecture. The Reference
DiT blocks extract image features from the LEGO® rendering, whereas
the Generative DiT blocks iteratively denoise the noisy tokens to produce
a photorealistic image. Guided by the features from the Reference DiT
and embedded text condition, the generation process can better align the
generated image with the layout structure in the LEGO® rendering.

doors, walls, etc.) in the initial dataset. Then, we design the generator
with various parameters on the facade layout, e.g., floor levels from
ground to roof, window and door locations, as well as component
type, wall texture, color, etc. After that, we can arrange LEGO®
bricks accordingly to generate LEGO® facade models. Please see
Supplementary Material Part C for implementation details.

LEGO®-to-real image translator. To ensure good coherence be-
tween the paired LEGO® models and reference images in the dataset,
we exploited various image generation tools, i.e., GPT-40 [OpenAl
2024], FLUX [Labs 2024], and Stable Diffusion 3.5 [Esser et al. 2024]
with ControlNet [Zhang et al. 2023]. As Figure 7 shows, although
the images generated by the existing tools appear mostly natural,
they are not well aligned with the LEGO® facade models, especially
in the layout arrangement of windows and doors.

Inspired by the dual U-Net architecture in recent style transfer
works [Ge et al. 2024b; Hu 2024], we adopt a dual-DiT diffusion
architecture tailored for our image translation. As Figure 8 illus-
trates, our architecture comprises two DiT modules with identical
architecture, both initialized from the Stable Diffusion (SD) 3.5 back-
bone to leverage its image prior. In detail, the reference DiT extracts
structural features from the rendering of the LEGO® model, whereas
the generative DiT utilizes these features to guide the image denois-
ing and photorealistic synthesis. Given a LEGO® model rendering,
we first extract image features using a convolutional layer. Con-
currently, we initialize a noise sequence of the same dimension. In
each denoising step, the reference DiT branch processes the image
features via a sequence of DiT blocks to produce reference features.
Next, at each generative DiT block, we concatenate the noisy tokens
with the reference feature produced by the same-layer reference
DiT block, and then send this concatenated feature to the Genera-
tive DiT block. To ensure compatibility with the pre-trained SD 3.5
backbone, we retain its text condition by fixing the text prompt as
“A photorealistic image of the front view of a facade.”

In addition, to improve the robustness of LEGO®-to-real, we fur-
ther leverage the powerful cross-modality capability of GPT-40 [Ope-
nAI 2024]. Specifically, we create 1,000 LEGO® facade models using
our procedural generator and translate their renderings to photo-
realistic images using GPT-4o0. Then, we identify 200 good-quality

ACM Trans. Graph., Vol. 44, No. 6, Article 201. Publication date: December 2025.



201:8 + Geetal.

vy mu i

0110
0110
00

|04

Fig. 9. A gallery of LEGO® facade models generated by our method, alongside with the reference image on the left of each generated LEGO® model.

LEGO®-image pairs and include them to train the LEGO®-to-real
image translator alongside with the designer-crafted dataset.

Dataset expansion. Overall, we expand the designer-crafted dataset
by first employing the procedural generator to produce 38,000
LEGO® facade models by randomly varying the parameters in the
procedural generator. Then, we employ the LEGO®-to-real image
translator to create a photorealistic image for each generated LEGO®
model. See Figure 6 for example data samples.

6.2 LEGO® portrait dataset

To demonstrate the versatility of LEGO®-Maker, we further cre-
ate a dataset for the portrait category. To do so, we recruited ten
professional designers to create 3,300 portrait models, each asso-
ciated with a reference human photo. In short, the design process
starts with a template model with fixed face and body styles. The
designers can then creatively make modifications on the hair, and
incorporate additional objects such as hat, adjust the garment colors,
etc., to better align with the reference photo.

7 Results and experiments
7.1 Implementation Details
We implemented LEGO®-Maker using PyTorch and the Transform-

ers library. For the facade dataset, we randomly split it into 38,000/2,000

samples for training/testing and trained LEGO®-Maker on eight
NVIDIA RTX 4090 GPUs using the Adam optimizer with a learning
rate of 1 X 107* and a batch size of 64, for 60 epochs. The entire
training was completed in around two days. For the portrait dataset,
we randomly split it into 3,000/300 samples for training/evaluation
and trained LEGO®-Maker on a single RTX 4090 GPU using the
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same optimizer and learning rate, with a batch size of 12, for 150
epochs. The training was completed in about three hours. For the
LEGO®-to-real image translator, we implemented it using the Dif-
fusers library and trained it on eight NVIDIA A100 GPUs using
the Adam optimizer, with a learning rate of 1 x 107> and a batch
size of 32, for 100 epochs. The training took around three hours to
complete.

7.2 LEGO® generation Results

Figures 9 and 11 present 15 LEGO® facade models and five LEGO®
portrait models created by our LEGO®-Maker from the reference
images in the testing sets. These results demonstrate that our method
is able to effectively generate LEGO® models that reproduce rich
variety of features, intricate details, and component colors given in
the reference images. Also, each generated model comprises LEGO®
bricks of diverse shapes and colors, and these bricks are arranged
to connect coherently in varied configurations.

Gallery of LEGO® facades. From the generated LEGO® facades
shown in Figure 9, we can see that the essential architectural com-
ponents, e.g., windows and doors, maintain accurate counts and
positions. By effectively leveraging the limited LEGO® brick color
palette, our approach can roughly reproduce the original colors
seen in the input images, including good distinctions between the
ground and upper floors, window frames, wall surfaces, and deco-
rative details. Additionally, the generated facades reflect authentic
architectural symmetry, both vertically and horizontally.

Moreover, our method demonstrates high diversity in architec-
tural styles. Beyond basic rectangular windows and doors (see the
three examples shown in the 3rd column of Figure 9), the gener-
ated facades showcase various design elements such as balconies
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Fig. 10. Screenshots of assembling three example LEGO® facade models generated by LEGO®-Maker.

(row 1 column 1), windows with hoods (row 1 column 4), cross-bar
panes (row 3 column 1,4), and more intricate window designs (row
1 column 1,2,5; row 2 column 4,5; row 3 column 5). Entrance doors
flanked by decorative columns (row 3 column 5) further enrich the
variety. Roof styles range from sloped to flat and protruding, with
additional details such as chimneys, attics, and cornices.

Figure 10 shows screenshots of assembling facade models gen-
erated by LEGO®-Maker, similar to instruction manuals. The gen-
erated facades are not only visually plausible but also structurally
feasible, in which new bricks are placed to connect with the previ-
ous bricks, while avoiding brick collisions and floating. Readers are
referred to the supplementary video for the associated animations.

Gallery of portrait models. Figure 11 presents five LEGO® portraits
generated from human photos. Besides LEGO® models, we also
generate decals on the body part of the LEGO® model, by following
the generative method in [Ge et al. 2024b] to extract decals from the
input image. Since the training data is based on a common template,
all portraits share the same face and body parts, with hairstyle as
the primary variation. Our method effectively generates different
hair styles and colors, handling photos taken from varied angles
and lighting conditions. Also, it is able to capture prominent hair
features—such as long, nape-length, or neckline styles—by skillfully
arranging bricks to replicate different hair styles.

7.3 Compare with Baseline methods

We evaluate our approach by comparing it with three baseline meth-
ods to demonstrate the effectiveness of our approach.

Baseline #1: Cuboid-based method. We replace every noncuboid
brick in the training data with a cuboid brick of same size and con-
nectivity, aiming at preserving the overall geometry. We then train
our proposed model on this modified dataset and generate outputs

with only cuboid bricks. This baseline highlights the expressiveness
gained by using diverse nonrectangular bricks.

Baseline #2: Retrieval-based method. We precompute CLIP [Rad-
ford et al. 2021] features for all natural images in the training set.
In the evaluation, we extract the CLIP feature of the input image,
find the nearest neighbor by cosine similarity among the training
features, and output the LEGO® model paired with the retrieved
image. This baseline helps to reveal that our results are not created
by simple memorization or retrieval.

Baseline #3: Basic OPT. We remove the proposed multi-token
prediction (MTP) strategy, the rollback mechanism, and the proce-
dural data-synthesis pipeline. Since only the facade dataset has a
procedural pipeline, this ablation is conducted on the facade dataset.
Unlike Section 7.1, we train with only 2,000 human-designed LEGO®
facades, while keeping all other training settings unchanged.

7.3.1  Visual comparison. We apply the baselines and our method
to generate LEGO® models for 2,000 facade evaluation samples and
300 portrait evaluation samples. Figure 12 presents a visual com-
parison of the facade models. After training, our method learns to
closely mimic human designs, especially in window details, roof
shapes, overall layout, and color accuracy. In contrast, Baseline #1
produces only basic shapes and color matches, failing to capture
intricate details such as window boundary frames. Baseline #2 ben-
efits from the large training set of 38,000 models and can retrieve
designs with similar high-level semantic features like color distribu-
tion and general window styles. However, it struggles to reproduce
fine-grained details and often fails to match the exact number and
layout of basic elements, such as windows, resulting in less accurate
facade compositions. Baseline #3 fails to generate buildable LEGO®
models with coherent brick connections, often producing models
with disconnected bricks, collisions, and structural artifacts.

7.3.2  Quantitative Comparison. We employ the following four sets
of metrics and a user study to quantitatively evaluate all methods:

ACM Trans. Graph., Vol. 44, No. 6, Article 201. Publication date: December 2025.
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Fig. 11. LEGO® portraits models generated by LEGO®-Maker alongside with the reference image on the left of each generated model. Image (a) ©Asim

Bharwani. Image (c) ©dephisticate. Images (b, d, & e) created by GPT-40.

Table 1. Quantitative comparison of LEGO®-Maker with Baseline #2 (retrieval-based method) and Baseline #3 (basic OPT). Evaluation metrics include
geometric, color, and semantic similarity against the ground-truth models. Structural integrity is measured by the percentage of models containing unconnected
bricks. Additionally, three human perception scores (min: 1.0, max: 5.0) from a user study are reported.

Geometry Color | Semantic | Structural Integrity Human Assessment

Category | Method CD| EMD| Color Semantic Floating Similarity ~ Color  Aesthetic
Metric T | Metric T Models | Rating T Rating T Rating T

LEGO®-Maker (ours) 0.0269 90.41 0.772 0.902 0.05% 3.24 3.74 3.84

Facade Baseline #2 (Retrieval) | 0.0774 188.24 0.680 0.873 0% 2.54 1.08 3.12

Baseline #3 0.0737  173.85 0.649 0.822 6.25% 1.18 1.42 1.08

Portrait LEGO®-Maker (ours) 0.0308 96.81 0.623 0.810 16.0% 3.48 3.94 3.74

Baseline #2 (Retrieval) | 0.0571  151.50 0.339 0.736 0% 2.08 2.54 2.72

IEMNEimage|

Geometric metrics. To measure the geometric similarity between
the generated models and ground-truth models, we compute the
Chamfer Distance (CD) and Earth Mover’s Distance (EMD). First,
we sample 1,024 points on the frontal surfaces of the ground-truth
models by casting rays from the camera position used in Figures 9
and 11, recording the depth from camera to surface points. Similarly,
we sample points on the generated models to obtain comparable
depth sets. We further normalize the depth values to [0, 1] based
on the minimum and maximum depths in the entire dataset. This
amplifies the geometric features encoded in small depth variations,
such as decorative brick details, window ledges, and wall textures.
Then, we calculate CD and EMD between these normalized depths
to robustly measure the geometric similarity.

Color metric. Color consistency is measured by computing color
histograms from rendered images of the generated and ground-truth
models, counting pixels per color bin. We compute the histogram
intersection to quantify the overlap between the color distributions.
This pixel-level metric (normalized to [0, 1]) assesses both global
and local color fidelity, where a higher score means a better match.

Semantic metrics. Leveraging pretrained large language models,
we define semantic faithfulness, separately for facades and portraits.

For facades, we use Grounding DINO [Liu et al. 2024b] to detect
windows and doors in both input images and generated model ren-
derings. Each detected element is represented by its type (window
or door) and its row and column indices. Two bounding boxes are
assigned the same row or column if their projections overlap on the
vertical or horizontal axis, respectively. This forms an element set
E = (ti, ri, ci)?zl, where D denotes the number of detected elements;
t; denotes type; r; denotes row indices; and ¢; denotes column in-
dices. Semantic consistency between a LEGO® model E 5 and input
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image Ejmage is computed as S = where a value

closer to 1 indicates a better layout agreement.

For the LEGO® portrait dataset, we design a series of yes or no
questions centering on the attributes shared by the human portraits
and LEGO® renderings, e.g., whether the subject in the portrait has
long hair or short hair, or whether the subjects wear a hat, etc. Then,
we ask GPT-40 [OpenAl 2024] to answer these questions, collect
the set of answer values for all attributes, then define the semantic
metric as the percentage of input-generated pairs with consistent
attribute answers, reflecting semantic alignment.

Structural integrity metrics. Since our rollback mechanism helps
to avoid brick collisions, our evaluation focuses on connectivity. It is
worth noting that full buildability encompasses brick connectivity,
collision avoidance, and physical stability. In this work, we have not
explicitly considered physical stability and leave it for future work;
see Section 8. Specifically, a LEGO® model is fully connected, if every
brick connects to the main body without floating (unconnected)
bricks. Such checking can be done by building a connectivity graph,
with bricks as nodes and adjacent-bricks connections as edges. A
model is considered structurally sound, if its connectivity graph is
fully connected (i.e., only one connected component), indicating
that there are no floating parts. Table 1 reports the percentage of
generated LEGO® models with floating bricks.

We compute evaluation scores on 2,000 facade and 300 portrait
test samples, comparing models generated by our method against
the baseline methods. Table 1 summarizes the results, in which each
value reports an average across all models in the corresponding
test set for each LEGO® category and method. Baseline #1 is ex-
cluded from the quantitative comparison due to its consistently poor
performance with cuboid-shaped models, which are visually and
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Fig. 12. Visual comparison of the LEGO® models designed in different approaches: our approach (2nd column) and three baseline methods (3rd to 5th
columns). We also put the ground-truth models in the last column, as a reference.

intuitively inferior. In addition, since we do not apply data synthesis
for portrait models, Baseline #3 experiments were not conducted
on the portrait dataset.

From Table 1, it is clear that our approach outperforms all base-
lines on the geometric, color, semantic, and structural integrity met-
rics. For facades, the retrieval method (Baseline #2) performs better
than Baseline #3 on the color and semantic metrics, as retrieval-
based models at least preserve prominent visual features from the
inputs, whereas Baseline #3 often fails to produce valid LEGO®
constructions at this scale (~300 bricks). Notably, only 0.05% of the
facade models generated by our method contain floating bricks—just
one failure case out of 2,000 samples. In contrast, the failure rate
rises to 16% for portrait models, likely due to the compact brick
placement in these models, where even slight brick misplacements
can cause disconnections from the main body of the model.

7.4 User study

To further evaluate the design quality of our approach based on
human perception, we conduct a user study by recruiting ten par-
ticipants and asking them to assess the LEGO® models produced by
different methods. First, we randomly selected five facade images
and five portrait images from our dataset. For each facade image, we

Table 2. Comparison between LEGO®-Maker and ablated methods.

Category Facade Portrait
Method Ch| EMD| | CD| EMD|
Ours 0.0269 90.41 | 0.0308 96.81
Ours w/o rollback 0.0270  90.81 | 0.0282  98.60
Ours w/o MTP 0.0296  92.63 0.0332  100.56
Ours w/o both 0.0300  93.50 0.0343  102.11
Rectangular bricks only | 0.082  170.68 | 0.0469  119.64

obtained four LEGO® models created by (i) expert human design-
ers, (ii) our approach, (iii) the retrieval-based method (Baseline #2),
and (iv) Baseline #3. For each portrait image, we similarly gathered
three LEGO® models, excluding Baseline #3, which is not applica-
ble because we do not synthesize data for LEGO® portrait models.
The participants were asked to rate each LEGO® model based on
three criteria, image similarity, color accuracy, and overall model
aesthetic, using a rating scale from 1 (worst) to 5 (best).

Figure 13 shows representative results from the four input im-
ages and shows the average participant scores for each method.
Detailed average scores for all evaluated models are presented in Ta-
ble 1 for comprehensive comparison. Overall, the results show that
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201:12 « Geetal.

LEGO® facade models  (g) (b) (c) (d) LEGO® portrait models ()
&5 & mE T wew ‘
== == A ==z FETT
S8 o = === = -
EEEE EEE s =
e
oo i
E BEE Ta@ & & e
B BEE BE B H R '
B B B BERE B B £ % %| ] Syt
e (KN TT e .
Input image Human designer Ours Retrieval Basic OPT Input image dius?;ir;r
Image 436 3.24 2.54 118 Image 4.30 3.48 2.08
similarity similarity
Average| Color Average| Color
human |accuracy 452 3.74 1.08 1.42 human |accuracy] 420 3.94 2.54
rating rating
Model Model
aesthetic 4.86 3.84 312 1.08 aesthetic 4.72 3.74 2.72

Fig. 13. Human ratings on LEGO® models produced by different methods. We invited ten participants to assess the quality of the LEGO® models produced
by (a) expert human designers, (b) our method, (c) a retrieval-based baseline, and (d) a basic OPT method. Participants rated each model based on image
similarity, color accuracy, and overall aesthetic quality. The reported scores represent the average ratings (from 1 (worst) to 5 (best)) of all participants on each
method. Note that the input images for LEGO® portrait model generation are created by GPT-4o.
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Fig. 14. Plot of brick generation time. For a LEGO® facade models with 675
piece, we plot the generation time (y-axis) per brick as a function of the
number of bricks generated so far (x-axis).

our method consistently outperforms the baselines for all aspects,
aligning with the results of the quantitative evaluation presented in
Section 7.3. The visual comparisons also demonstrate that compared
with the baselines, the LEGO® models generated by our method
more closely approach the quality of the human designs, particu-
larly on color fidelity and aesthetic appeal. Additional details of the
user study can be found in Supplementary Material Part D.

7.5 Ablation study

To evaluate the effectiveness of the multi-token prediction (MTP)
and the rollback mechanism in our approach, we conduct the follow-
ing ablation study based on the LEGO® facade and portrait datasets:
(i) generating the results without the rollback mechanism; (ii) train-
ing LEGO®-Maker without MTP; (iii) generating the results without
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both techniques; and (iv) substituting the LEGO® bricks in the gen-
erated models with only rectangular bricks. Table 2 shows the CD
and EMD metrics of the ablated methods.

Removing rollback mechanism. The CD and EMD only decrease
slightly without the rollback mechanism. This is reasonable, since
rollback focuses on improving the buildability of the final results.
We observed that without the rollback, the model places different
types of bricks in the same place, leading to overlapping. However,
the overlapping is usually not salient in the appearances of the
generated models. When generating the 2,000 testing cases, about
28% of bricks trigger the rollback mechanism during inference.

Without multi-token prediction. To design the baseline without
MTP, we preserve only the first output head in the autoregressive
model and train the model with the vanilla loss term (1) in Section 5.
Table 2 shows that our full method outperforms the ablated one
on both CD and EMD. Besides the geometry metrics, we find that
61% of models need rollback without MTP, while the percentage is
reduced to 28% when we train the model with MTP. This finding
validates the strong local dependencies given by the MTP.

Rectangular bricks only. To validate the ability of our LEGO®
tokenization scheme, which can scale our method up to over 100
types of brick, we substitute the bricks in the generated models with
the rectangular bricks with the same bounding boxes. Figure 12
shows the visual comparison between our method. Our method
makes full use of the expressivity of various types of bricks. The
geometry metrics are also reported in Table 2.

7.6 Generation speed

Lastly, we evaluate the generation speed of our model by measuring
the time it takes to generate bricks. Figure 14 plots the average time



to generate a brick versus the number of generated bricks. From
the plot, we can see that the time taken increases roughly linearly
with the number of bricks. The underlying reason is that each new
token has to attend to all the previously generated tokens, thereby
gradually slowing down the overall generation.

Consequently, the total generation time increases quadratically
with the number of bricks. Our method generates 100 bricks in about
11 seconds, 300 bricks in one minute, and 600 bricks in roughly three
minutes. This is significantly faster than [Ge et al. 2024a], which
requires around 40 seconds to generate 100 bricks.

8 Conclusion, Limitations, and Future Works

In conclusion, this paper introduces the first autoregressive model
LEGO®-Maker that can generate standard-scale, multi-color LEGO®
models conditioned on natural images. Importantly, it is capable of
reproducing the structure and details in the given reference images,
considering diverse brick types and colors, and being versatile in
generating LEGO® models of both facade and portrait categories.

The main technical contributions of this work are summarized
below: (i) the overall architecture that enables effective learning and
generating LEGO® models with more than 600 bricks, considering
over 100 brick types, 30 colors, and a maximum size of 35.2 cmy; (ii)
the LEGO® tokenization scheme, which serializes LEGO® models
brick-by-brick in a bottom-up manner, encoding the brick type,
color, orientation, and position, to support efficient autoregressive
learning; (iii) LEGO®-Maker, equipped with the multi-token predic-
tion strategy and rollback mechanism, making our model effective
in pre-considering multiple brick attributes and achieving collision-
free LEGO® model generation; and (iv) an effective data preparation
pipeline, comprising a procedural generator and a LEGO®-to-real
image translator, leveraging 3D priors from GPT-4o to bridge the
domain gap between LEGO® models and natural images.

Trained on the LEGO® facade and portrait datasets, we demon-
strate that LEGO®-Maker can successfully generate a rich variety
of high-quality LEGO® models of varying layouts, model sizes, and
vivid colors. We extensively evaluate our approach on metrics in
four aspects, i.e., geometry, color, semantics, and structural integrity,
together with a user study. Comparing our method with three alter-
native baselines, LEGO®-Maker showcases compelling capabilities
of generating detailed results, while faithfully reproducing the struc-
tures and colors in the reference images.

Limitations. Though the LEGO® models generated by our method
rival those created by experienced human designers, they are still
far from the level of complexity and expressiveness in commercial
LEGO® products. First, this work has not explicitly incorporated
physical stability in its method. Second, due to the challenges of
acquiring high-quality LEGO® models paired with images, we only
tested LEGO®-Maker on two object categories. Third, we consider
colors in a relatively limited color palette following the standard
LEGO® models, while we can consider continuous color distribution
when tokenization and create more colorful LEGO® models for vir-
tual showing. Finally, we limit the brick orientation to axis-aligned
options, while generic LEGO® models, when incorporating diverse
connection mechanisms such as hinge connections, may exhibit
arbitrary orientations to enhance the model expressiveness.
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Future work. Inspired by the recent success of autoregressive
models and our results, we foresee a vast space for conditional gen-
eration of LEGO® models in terms of generality, complexity, and
diversity. To this end, large datasets featuring human-level LEGO®
models and real natural images are necessary. Future research direc-
tions could focus on (i) expanding the model categories by curating
larger-scale datasets of diverse LEGO® designs paired with asso-
ciated images, text descriptions, or 3D meshes; (ii) enriching our
generative approach with multi-modal capability by incorporating
text descriptions and geometric conditions (e.g., point clouds, depth
maps, etc.), offering higher generation flexibility; (iii) extending the
framework to synthesize larger scenes composed of multiple LEGO®
models, enabling reconstructions of city-scale LEGO® scenes; and
(iv) integrating stability constraints into the generative process with
physics-based simulations and stress analysis.
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