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Figure 1. Structured 3D abstraction (bottom and top right for a zoom-in) in the form of architectural programs, obtained by our method
ArcPro, which takes as input an extremely sparse point cloud (only ~300 points) segment over each building. Despite such low-density,
non-uniform, and noisy inputs, our method produces clean, low-face-count meshes that structurally conform to the real building objects.
ArcPro can process 1,090 buildings over an area of 2.92 km? in approximately 37 seconds on a single 4090 GPU.

Abstract

We introduce ArcPro, a novel learning framework built
on architectural programs to recover structured 3D ab-
stractions from highly sparse and low-quality point clouds.
Specifically, we design a domain-specific language (DSL)
to hierarchically represent building structures as a pro-
gram, which can be efficiently converted into a mesh. We
bridge feedforward and inverse procedural modeling by us-
ing a feedforward process for training data synthesis, al-
lowing the network to make reverse predictions. We train an
encoder-decoder on the points-program pairs to establish
a mapping from unstructured point clouds to architectural
programs, where a 3D convolutional encoder extracts point
cloud features and a transformer decoder autoregressively
predicts the programs in a tokenized form. Inference by our
method is highly efficient and produces plausible and faith-
ful 3D abstractions. Comprehensive experiments demon-
strate that ArcPro outperforms both traditional architec-
tural proxy reconstruction and learning-based abstraction
methods. We further explore its potential to work with multi-
view image and natural language inputs. Project page:
https://vcc.tech/research/2025/ArcPro.
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1. Introduction

Efficient extraction of structured 3D representations from
unstructured architectural scene acquisitions such as point
clouds is crucial for urban modeling, planning, and spa-
tial computations in applications like autonomous navi-
gation, augmented reality, and digital twins [4]. How-
ever, building a mapping from unstructured point clouds
to meshes representing potential architectural entities poses
two main challenges. First, raw point clouds from aerial or
ground scanners often contain missing data and noise, while
point clouds obtained from acquired images, e.g., through
structure-from-motion (SfM), may even be of lower qual-
ity with additional sparsity and non-uniformity. Such low
data qualities necessitate the integration of prior knowledge
to identify architectural features, since traditional methods
relying on constraints such as the manhattan [14] or planar
hypothesis [3] are inadequate for complex structures. Sec-
ond, direct mapping from sparse points to the mesh space is
challenging due to the coupling of geometric data and con-
nectivity relationships, where an overly flexible represen-
tation can easily lead a neural model to exhibit excessive
sensitivity to noise and other data artifacts from the input.

In this paper, we introduce a program-based learning
framework to recover structured 3D abstractions from low-
quality, unstructured building point clouds. Our core idea


https://vcc.tech/research/2025/ArcPro

is to design a domain-specific language (DSL), called ar-
chitectural programs or ArcPro for short, which serves as
an intermediate representation, dividing the 3D abstraction
problem into two steps: mapping point clouds to programs
and mapping programs to meshes. Our program repre-
sentation for architectural models has its roots in classical
graphics methods for procedural and grammar-based city
and building modeling [20, 23] and offers three advantages:

Our DSL models building hierarchically using architec-
tural trees, which is a compact and intuitive representa-
tion conforming to architectural design principles.

With a controlled representational capacity, our DSL
can cover most prevalent architectural structures without
overfitting to noisy or incomplete data.

The procedural nature of our programs allows easy data
generation, which, when coupled with data augmentation
via point sampling, allows us to create large volumes of
program-point cloud pairs to train our mapping network.

We train an encoder-decoder on the points-program pairs
to establish a mapping from unstructured point clouds to
architectural programs, where a 3D convolutional encoder
extracts point cloud features and a transformer decoder au-
toregressively predicts the programs in a tokenized form to
minimize a next-token prediction loss. To establish a bijec-
tive mapping between our architectural program and a token
sequence for the transformer, an architectural tree is serial-
ized into a sequence of nodes through breadth-first traversal,
which is further converted into a geometrically equivalent
program for mesh conversion. To ensure syntactic correct-
ness of the predicted tokens, we design a masking strategy
with the aid of a finite state machine (FSM) to prevent er-
roneous tokens that would introduce syntax errors based on
the context of the preceding token sequence.

During inference, the trained network uses the input
point cloud as a condition to generate an architectural pro-
gram. Then, we employ a learning-free interpreter, akin to a
geometry compiler, to translate the predicted program into
a mesh — a structured 3D abstraction of the input; see Fig. 2
for our method pipeline.

Our work builds on the recent successes on learning vi-
sual programs and neuralsymbolic representations for CAD
shapes and other visual concepts [9, 26]. Our main contri-
butions can be summarized as follows.

To the best of our knowledge, ArcPro is the first program-
based method for structured representation learning from
sparse architectural point clouds. Prior inverse procedu-
ral models in this domain are based on either optimiza-
tion [16] or template instantiation [29].

We connect feedforward and inverse procedural modeling
by applying a feedforward process to synthesize training
data, enabling the network to make reverse predictions.
Inference by our ArcPro method is highly efficient and
produces plausible structured 3D architectural abstrac-
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tions conforming to the reference despite low-quality
point cloud inputs with sparsity, noise, non-uniformity,
and incompleteness, as shown in Fig. 1.

Comprehensive experiments demonstrate that ArcPro
outperforms existing architecture proxy reconstruction and
learning-based 3D abstraction methods. We also analyze
the performance of our method in various low-quality point
cloud scenarios and show its potential with other modalities,
e.g., multi-view images and natural languages.

2. Related Works

Architectural proxy reconstruction. Architectural
proxy reconstruction aims to automatically rebuild the
main structures of buildings from unstructured point
clouds. Existing methods typically follow a pipeline of
primitive detection and assembly. For instance, Chauve
et al. [5] propose an adaptive 3D space decomposition using
planar primitives, generating a watertight mesh through
Delaunay triangulation. Lin et al. [15] fit parametric
building blocks to LiDAR data for building reconstruc-
tion. Polyfit [21] apply optimization techniques based on
integer programming to approximate building geometries.
KSR [3] develop a more efficient algorithm to combine
detected primitives. However, these methods require dense,
high-quality point clouds to ensure that primitive extraction
algorithms [19, 27] can yield reasonable primitives for
surface assembly. As a result, they often fail to produce
plausible results when working with incomplete or noisy
data. The recent ProxyRecon [8] avoids using primitive
detection for proxy reconstruction but struggles with
common non-convex building structures.

Learning 3D structures and abstractions. Shape ab-
straction aims to capture the underlying structure which ap-
proximates complex shapes. Most approaches focus on pre-
dicting the parameters of predefined geometric primitives.
These primitives can explicitly be planes [6], cuboids [35],
and superquadrics [24]. The primitives may also be rep-
resented implicitly [22, 28], which requires conversion to
meshes using techniques like Marching Cubes [2]. How-
ever, this conversion often results in meshes that are not
very clean. Neurosymbolic 3D shape modeling [26] of-
fers a way to represent clean geometry through programs.
Researchers have developed various domain-specific lan-
guages (DSLs) to formulate these programs [1, 11, 12] and
have also used CAD construction commands [32, 33, 36],
both tailored to different datasets or scenarios [13, 18, 31].
These approaches reduce complexity by narrowing the solu-
tion space to a more compact program space, which inspires
us to infer architectural programs from sparse points.

Procedural bulding models. Feedforward programs aim
to develop procedural grammars that enable users to write
rules to produce architectures, which are both interpretable



(Statement) (Program) | A

(SetGround) | (CreateLayer)

SetGround (z=(Float))

CreateLayer (parent=(LayerID), h=(Float), c=(Contour))

(Program)
(Statement)
{SetGround)
(CreateLayer)

DSL
Definition

(Contour) (Polygon)
(PointList)

(Point) | (Point) ; (PointList)
((Float), (Float))

a real number R

(Polygon)
(PointList)
(Point)
(Float)
(LayerID)

a symbol in {®,Ly,...,Lr}

Data Synthesis

Inference

Network
| t

{ 3D Convolution
Encoder

Geometry
Compiler

Transformer ]
Decoder

Training

Figure 2. Our architectural programs, a DSL defined using Backus-Naur Form, and the ArcPro method for structured 3D abstraction
from point clouds. Procedural generation synthesizes paired programs and 3D meshes, from which point clouds are sampled to create
input-output pairs. The network, consisting of a 3D convolutional encoder and a transformer decoder, is trained to autoregressively predict
a program in tokenized format, which is then compiled into a 3D mesh as a structured abstraction of the input during inference.

and editable [20, 23]. However, crafting rule documents
from scratch is often challenging for most users, who typi-
cally need to adjust existing rule templates. Consequently,
there has been an interest in Inverse Procedure, which fo-
cuses on reconstructing procedural representations from in-
put data such as point clouds [16, 29]. These methods rely
on carefully designed algorithms to embed architectural pri-
ors and an initial RANSAC plane extraction, which is prone
to failure under sparse conditions. Our method construct a
simple feedforward procedural process, and learn the deep
network to establish the inverse mapping.

3. Overview

Our goal is to recover the primary 3D structure of a building
from a sparse architectural point cloud, even in challeng-
ing cases where the data is noisy, non-uniform, and incom-
plete. The key idea of ArcPro is to represent the architec-
tural structure as a Program, which serves as an intermedi-
ary between the input point cloud and the output mesh; see
Figure 2. To achieve this, we tackle two key challenges:

1. Domain Specific Language (DSL): How to design a
DSL that effectively represents architectural structures?
2. Training Data: How to acquire suitable training data?

The key challenge lies in bridging the gap between the
hierarchical nature of architectures and the linear represen-
tation used in programs. We model architectural structures
using trees. An architectural tree is serialized into a se-
quence of nodes through breadth-first traversal, which is
further converted into a geometrically equivalent program.
Finally, the program is processed into meshes, similar to
how compilers translate code into executable formats.

To generate training data, we synthesize architectural
trees using procedural generation and convert them into pro-
grams, allowing us to produce large-scale datasets. By sam-

6565

pling point clouds from the converted meshes, we obtain
paired datasets of input point clouds and their correspond-
ing ground truth programs. We then take the point clouds
as conditional input to our model, employing an autoregres-
sive approach with next-token prediction loss to output the
program in a tokenized format.

4. Method

In order to recover the primary 3D structure of a building
from a sparse architectural point cloud, we aim to model
the conditional probability distribution p(Y | X), where
X = {x1,...,xn} is the input point cloud consisting of
N points. Each point x; € R? denotes the 3D coordinates
of the i-th point. The output Y is the underlying primitive
geometry represented as a mesh.

To achieve this, we introduce the program P as an in-
termediate representation. We use a learnable network 6 to
model pg(P | X). The network is trained using supervised
learning with paired data (z,p), where © € X represents
an input point cloud, and p € P corresponds to the ground
truth program. The conditional distribution p(Y | P) is
modeled as a deterministic function G that maps the pro-
gram P to the corresponding mesh: Y = G(P). Thus, we
transform the solution space from the mesh space to a more
compact program space:

po(Y | X) = /H[Y = G(P)] po(P | X)dP, (1)

where I[-] is the indicator function, which equals 1 if the
condition inside holds (i.e., Y = G(P)) and 0 otherwise.

4.1. Domain-Specific Language

We assume the architectural structure is a geometric body
above the ground plane. The DSL aims to encode two key



¢ = SetGround(-.28)
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Figure 3. The geometry compilation process transforms the pro-
gram into architectural meshes by constructing an architectural
tree that encodes layer heights, contours, and spatial relationships.

pieces of information: the ground height and the shape of
the building profile. Figure 3 illustrates the construction
process from program to architecture.

Statement for localization. In real-world scenarios, ar-
chitectural point clouds are in a global coordinate system
with one axis perpendicular to the ground, assumed to be
the z-axis. Although the exact ground location is unknown,
it can be specified by a single z-coordinate. To enable the
network to predict it, we design the following statement:

® = SetGround(z = z3),

where @ is the ground plane at z-coordinate zg.

Architectural tree. We model the architectural structure
as a rooted tree ' = (V| E), where V represents the set
of nodes, and £ C V x V defines the parent-child re-
lationships among nodes. Geometrically, we express V'
asa 'V = Ule L;, where each L; represents a layer, and
E' captures the spatial hierarchy among them. Each layer
L; is a geometric column characterized by two attributes:
L; = (hi,c;), where h; € RT denotes the height, and
¢; C R? specifies the 2D contour in the form of a polygon.

Statement conversion. We serialize the architecture tree
T = (V, E) into a node sequence using breadth-first search:

s Lo(ny)

where o : {1,2,...,I} — {1,2,...,I} is a permutation
function that defines the order in which the nodes are tra-
versed. To convert this node sequence into statements, we
design a statement in our DSL: CreateLayer. The syn-
tax is defined as follows:

(Lo(1)s Lo(2)s Lo(3), - - -

L; = Createlayer(parent = Lj,h = h;,c = ¢;),

where L is the parent of L;, and h; and c; are its attributes.
If L; = ®, it means that L; is the root node. Each node

6566

Figure 4. Child nodes contour generation: single child (top) and
multiple children (bottom). Left shows parent node contour; right
shows possible child node contours.

in the sequence corresponds to a statement in the program,
thereby translating the hierarchical structure of the architec-
ture into a linear programmatic representation.

4.2. Procedural Generation

The next challenge is to obtain a large-scale training dataset
of programs based on the format defined above. Since we
have established a connection between architecture trees
and programs, this challenge translates into large-scale syn-
thesis of architecture trees.

We model the synthesis process as procedural genera-
tion. Specifically, we iteratively generate a tree where, in
each iteration, a leaf node is randomly selected to spawn
child nodes. The height of new child nodes are random-
ized within a specified range, and 2D contours are sampled
according to the following two scenarios:

Initialize root node p(cr,). To enhance realism, the
root node’s contour is sampled from the BingMaps [17]
dataset, which contains a large collection of real-world
building footprints. This provides a diverse set of con-
tours for the ground levels of architectural models.

Add child nodes p({cz; } | cr). This step involves de-
termining M subregions within the parent node’s con-
tour cr: 1) M = 1: Generate a single child contour cz/
by contracting selected edges of c;, inward by random
distances. 2) M > 1: Extend edges of c;, to perform
planar bisection, splitting the interior into cells. Sample
M blocks as unions of adjacent cells to form subregions
{cr; } with area and distance constraints. The specific
examples are shown in Figure 4.

4.3. Training and Inference

Tokenization. The goal of tokenization is to establish a
bijective mapping between a program and a sequence of in-
teger tokens, which serves as the data format that the net-
work can process. We classify token types into two cate-



Statement and Its Tokens

® = SetGround(z = z¢)
(®)(SetGround) [z5](/z)

L; = Createlayer(parent = Lj,h = h;,0 = 0;)
(Li)(CreateLayer) (L;)[h] () [z{][y; ](/p) - . . [2}][y7"] (/p)

Table 1. The tokenization rules for each statement.

gories: Numeric Tokens and Non-Numeric Tokens. Numeric
Tokens represent all numerical values, such as coordinates
or height values, whereas Non-Numeric Tokens denote the
syntax structure or label the nodes within the program. The
tokenization rules for each statement are shown in Table 1.
Notably, this tokenization scheme is distinct from tradi-
tional NLP methods like Byte-Pair Encoding (BPE).

Network and loss function. Our network employs a sim-
ple yet effective encoder-decoder scheme. The input is a
point cloud, and the output is a sequence of tokens that can
be de-tokenized into a program. The training approach is
autoregressive, relying solely on next-token prediction loss.
Specifically, our encoder is a 3D sparse convolutional net-
work that extracts features from the point cloud. These fea-
tures are then flattened into a feature sequence for the de-
coder. The Transformer decoder autoregressively predicts
the next token, with point cloud features injected as condi-
tional information through cross-attention.

Syntax-constrained token sampling. Our model pre-
dicts a sequence of tokens, which must be detokenized into
a syntactically valid program. However, syntactic errors
may arise during inference. To this end, we propose a mask-
ing strategy that ensures the syntactic correctness of each
predicted token during inference. This strategy constructs a
finite state machine (FSM) model to guide token selection,
masking tokens that would introduce syntax errors based
on the context of the preceding token sequence. For ex-
ample, if the most recent token is (SetGround), the subse-
quent token must be a numeric value to represent zg. To
enforce this constraint, the strategy masks all non-numeric
tokens, allowing only valid candidates for the next token.
This approach integrates seamlessly with other sampling
techniques, such as top-K, top-P, and beam search, without
introducing conflicts or diminishing their effectiveness.

Geometry refinement. During training, we apply a cross-
entropy next-token prediction loss, leading to probabilistic
token sampling during inference. Combined with a dis-
crete coordinate representation, this can introduce impre-
cision, causing the model to miss identical coordinates for
two points or misplace a point slightly off an edge to impact
visualization quality. To address this, we implement geom-
etry refinement in post-processing. This method recursively
adjusts each layer node’s contour by snapping points to the
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nearest points or edges on the parent node’s contour within
a specified threshold. This approach not only enhances vi-
sualization clarity but also encodes spatial relationships be-
tween parent and child contours, enabling easy edits.

S. Experiments
5.1. Implementation

Synthetic training dataset. Based on the procedural gen-
eration introduced in Section 4.2, we use an architectural
program synthesizer to generate training data online. To
bias the training data toward clean, well-formed geometries,
we developed a validator to filter contours based on quality.
Valid contours must be free of self-intersections, have inte-
rior angles in [20°, 160°], a longest-to-shortest edge ratio
of less than 10, and an area between 15% and 85% of the
parent contour’s area. For p(cy, ), we cleaned 872,487 foot-
prints from the Bing Maps [17] dataset to serve as contours
for the first layer. For p({cr: } | c), our synthesizer ran-
domly generates potential sub-contours based on ¢y, until all
passing the validator. We use G to convert these synthetic
programs into meshes and sample sparse points from them
to form paired training data of programs and points.

Training detail. The model is trained for 100k steps with
a batch size of 128, using the AdamW optimizer (weight
decay A\ = 0.1, 51 = 0.9, B2 = 0.95). The learning
rate schedule includes a Sk-step warm-up phase, where the
learning rate linearly increases from 10~7 to 10~4, followed
by a cosine decay back to 10~7. The point cloud encoder
adopts a ResNet-style [10] architecture with sparse 3D con-
volutions [7], extracting R?'2? features in 4> from the in-
put 1283 voxel space. The decoder is a classical trans-
former [30] with 12 layers, each featuring 8 attention heads,
a model dimension dyoger = 512, and a feed-forward di-
mension dg = 2048. All experiments were conducted on a
server equipped with 8§ NVIDIA RTX 4090 GPUs.

Data augmentation. To enhance the model’s ability to
handle low-quality point clouds from real-world scenarios,
we perform sparsity sampling on the mesh during training
data synthesis and post-process the sampled point clouds
to introduce non-uniformity, incompleteness, and noise.
The number of points is randomly chosen from the range
[200, 2000]. Specifically, given the target number of sam-
ples N, we first generate a clean mesh and then apply
non-uniform sampling to create 5 X N points, where non-
uniformity is introduced through random weights on the tri-
angular faces. Incompleteness is introduced by randomly
selecting anchor points and iteratively dropping nearby
points, until N points remain. Finally, we add uniform or
Perlin noise [25] to the spatial positions of these points. By
pairing the low-quality sampled point clouds with programs
as training data, we aim to improve the model’s robustness
in handling real-world data imperfections.



Figure 5. Qualitative comparison of our method with state-of-the-art (SOTA) methods on two evaluation datasets: the SfM and sparse
sampling point clouds. The SOTA methods include traditional proxy reconstruction (PolyFit [21], KSR [3], ProxyRecon [8]) and learning-
based 3D abstraction (CA [35], BSP-Net [6]). Our method outperforms all these alternatives. ArcPro’s program representation balances
the geometric primitives of cubes (as CA) and planes (as BSP-Net), enabling more efficient 3D abstraction of building structures.

SfM Point Cloud Sparse Samping Point Cloud
#V  #F  #P Rg HD LFD #V  #F  #P Rg HD LFD

PolyFit [21] 84 72 11 40% 0.0473 4365 91 78 12 15% 0.0458 7779 0.3%

Method User Study

KSR [3] 280 97 97 78% 0.0397 5905 32 42 40 54% 0.1131 8713 1.1%
ProxyRecon [8] 107 114 58 100% 0.0243 4364 60 90 34 100% 0.0256 5340 21.0%
CA [35] 60 180 180 100% 0.0363 6246 56 168 168 100% 0.0396 6987 0.1%
BSP-Net [6] 132 96 84 100% 0.0431 6671 102 170 67 100% 0.0487 7162 0.9%
Ours 64 36 14 100% 0.0154 3873 27 32 15 100% 0.0219 4932 76.7 %

Table 2. Quantitative comparison of our method with state-of-the-art (SOTA) methods and user study results. We report geometric
properties (number of vertices #V, faces #F, and planes #P) and distance metrics (Hausdorff distance = HD, Light Field Distance = LFD),
which evaluate the structural simplicity, similarity to the reference, and the ratio of successful outputs (Rs), respectively.
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Figure 6. Vsualization examples on diverse low-quality input point clouds: low-density (#pc=200) and incomplete point clouds sampled
from the dense meshes, as well as SfM point clouds where both issues often coexist.

5.2. Evaluation

Evaluation datasets. We collected two test datasets. The
first comprises 270 building instances from point clouds
generated via structure-from-motion (SfM) using UAV im-
agery, with corresponding MVS dense meshes as reference.
To comprehensively evaluate our method, we additionally
collected 1,038 building instances in MVS dense mesh from
the UrbanBIS [34]. Sparse point clouds were sampled from
these meshes at an approximate density of one point per
20m?, with potential noise and incompleteness originating
from the quality of the original meshes. Notably, the second
dataset allows for decoupled analyses of various low-quality
conditions by adjusting sampling methods.

Metrics. We compare our method with five existing ap-
proaches for point cloud abstraction. To evaluate their abil-
ity to extract structured 3D representations from unstruc-
tured points, we use Hausdorff Distance (HD) and Light
Field Distance (LFD) to measure geometric and visual er-
rors between the abstraction and the reference. In both the
SfM and sparse settings, the mesh from MVS dense recon-
struction serves as the reference. We also report the geo-
metric properties of the abstraction, including the number
of vertices (#V), faces (#F), and planes (#P), as well as the
ratio of successful outputs (R;) on the evaluation dataset.
Quantitative results in Table 2 demonstrate that our method
robustly handles various inputs, achieving the best perfor-
mance in nearly all geometric properties and distance met-
rics. Notably, some methods achieve better geometric prop-
erties at the cost of lower success rates, as their metrics are
based only on simpler successful cases.

Comparing to traditional methods. We compare our
method with three optimization-based approaches for archi-

tecture proxy reconstruction: KSR [3], PolyFit [21], and
ProxyRecon [8]. PolyFit and KSR use planes as primi-
tives to create proxy models, relying on plane detection al-
gorithms like RANSAC [27] or Region Growing. These
algorithms struggle with sparse, unstructured point clouds,
resulting in suboptimal performance for KSR and PolyFit.
In our experiments, we set the plane detection parameters to
a maximum point-to-plane distance of 1.5m, a minimum of
10 supporting points, and an angle threshold of 40°. These
methods often fail either due to plane detection failure (see
Supp.) or computation times exceeding 40 minutes. Prox-
yRecon [8] uses convex hulls as primitives to create archi-
tectural proxies. This representation inherently limits the
ability to model non-convex structures, such as U-shaped
buildings or those with multiple branches.

Comparing to learning-based methods. We compare
ArcPro to two other learning-based methods for 3D struc-
ture abstraction from point clouds: CA [35], which uses
cubes as geometric primitives, and BSP-Net [6], which re-
lies on planes. We train both methods on our synthetic
dataset. The quantitative and visual comparisons in Fig-
ure 5 demonstrate that our structured representation outper-
forms theirs in handling architectural inputs. CA, limited
to fitting data with boxes, often struggles to accurately cap-
ture complex and diverse architectural structures. BSP-Net
offers the most flexible structural representation among the
three, but this flexibility leads to overfitting the noise in the
input. Our proposed structured representation strikes a bal-
ance between the two, capturing the main structure from the
input without overfitting the noise.

Analysis. We control different sampling methods on the
second type of evaluation dataset, that is, the MVS dense
mesh, to obtain various low-quality sampled point clouds



Figure 7. More applications of ArcPro: (a) architecture geometry structure analysis and natural language retrieval; (b) processing of raw
SfM point clouds with ground points from drone aerial multi-view images; (c) processing of LiDAR-derived point clouds.

for analysis. We investigate two relatively decoupled and
common types of low-quality data: low-density and incom-
pleteness, which often coexist in SfM point clouds. The
results are shown in Figure 6. For low-density point clouds,
even with as few as 200 points, our method is still able to
infer the underlying structure that aligns with the reference
mesh. This capability stems from our DSL design, which
constrains the solution space, along with data biases intro-
duced during training that guide the network to favor predic-
tions with clean, balanced geometry. For cases with severe
incompleteness, some lead to structural ambiguity, while
others do not. In the left example, despite a large incom-
plete area in the plane, intact surrounding regions provide
clues that help preserve the underlying structure. In con-
trast, the right example’s incompleteness creates ambiguity;
in this case, our method tends to adhere closely to the input
point cloud rather than attempting to complete it.

User study. We conducted a user study with 110 partic-
ipants to evaluate the quality of abstractions generated by
various methods. In this study, 20 randomly selected mod-
els were used, and the user study participants selected the
best abstraction from six results—each generated by a differ-
ent method—based on achieving a balance between fidelity
and simplicity. Detailed results are shown in the last col-
umn of Table 2. Our method received a preference rating
of 76.7%, making it the most preferred approach. This con-
firms the effectiveness of our method for abstracting point
clouds, as our results are not only geometrically and visu-
ally accurate but also aesthetically appealing.

6. Conclusion, Limitation, and Future Work

We present ArcPro, a program-based learning framework
to recover structured 3D abstractions from low-quality, un-
structured building point clouds. By designing a DSL, we
transform the solution space into a compact program space
that embeds architectural structure priors, capturing a wide
range of building abstractions. Extensive experiments show
that our method outperforms other SOTA methods, and ef-
fectively handles diverse low-quality point clouds.

Applications. We explore the application potentials of
our method, as showcased in Figure 7. ArcPro bridges
program-level information processing with 3D building
model representation. Its natural language features facili-
tate architectural analysis and retrieval, while its editability,
interpretability, and scalability support diverse statement
types. Another promising area is the processing of multi-
view aerial images without relying on point cloud segmen-
tation by incorporating ground point simulation into data
augmentation. Compared to traditional MVS, our approach
provides a significant advantage in inference speed, while
generating lightweight, textured 3D abstractions.

Limitations. ArcPro lacks precision in capturing detailed
structures, likely due to its reliance solely on next-token pre-
diction loss. While this approach aids early low-frequency
structure learning, it struggles with high-frequency detail.
Also, structure recovery from sparse point clouds may have
multiple valid solutions, as shown by the second incomplete
point cloud in Figure 6. Our method currently infers only
a single solution via top-1 sampling, and using top-3 sam-
pling reduces output quality rather than improving diversity.

Future work. We shall focus on scalability, diverse data
modalities, and targeted designs. With program scalability,
we can define new statements for more geometric features,
such as curved surfaces or sloped roofs. Our framework is
not limited to point clouds as input; it may be extended to
images or multi-modal program learning. Currently, we use
a standard network with only next-token prediction, treating
tokens generally from a network perspective. This leaves
room for targeted designs, such as embedding explicit geo-
metric information to enhance 3D modeling.
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