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Figure 1: CAD Library reconstructed by PartCAD

Abstract

This paper presents PartCAD, a novel framework for reconstructing CAD modeling
sequences directly from point clouds by projection-guided, part-aware geometry
reasoning. It consists of (1) an autoregressive approach that decomposes point
clouds into part-aware latent representations, serving as interpretable anchors for
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CAD generation; (2) a projection guidance module that provides explicit cues about
underlying design intent via triplane projections; and (3) a non-autoregressive de-
coder to generate sketch-extrusion parameters in a single forward pass, enabling
efficient and structurally coherent CAD instruction synthesis. By bridging geomet-
ric signals and semantic understanding, PartCAD tackles the challenge of recon-
structing editable CAD models—capturing underlying design processes—from 3D
point clouds. Extensive experiments show that PartCAD significantly outperforms
existing methods for CAD instruction generation in both accuracy and robustness.
The work sheds light on part-driven reconstruction of interpretable CAD models,
opening new avenues in reverse engineering and CAD automation.

1 Introduction

Computer-Aided Design (CAD) plays a central role in modern industrial manufacturing and product
development [1]]. While CAD models can be represented by point clouds, meshes, boundary represen-
tations (B-Reps), and constructive solid geometry (CSG), these representations primarily capture the
final geometry rather than the generative design process. In contrast, the modeling sequence represen-
tation defines the model through a sequence of modeling commands such as sketching, extrusion, and
Boolean operations that encode not only geometric construction but also high-level design intent and
the underlying semantic logic. These modeling sequences are fundamental for supporting editability,
version control, and downstream analysis [2]. However, recovering such sequences from raw 3D
data, especially from unstructured inputs like scanned point clouds, remains a challenging problem.
Manual reconstruction is labor-intensive and requires substantial domain expertise [3} 4} 5]]. Thus,
automating the conversion from point clouds into editable modeling workflows offers transformative
potential for reverse engineering, redesign, and knowledge transfer in CAD systems [6} [7].

This paper focuses on converting 3D point clouds into ordered parametric instructions—such as
sketches (e.g., line, arc, circle) and operations (e.g., extrusion) [8| 9]—that can be replayed or
edited in standard CAD environments [10} [11} [12]]. The problem by nature lies at the intersection
of geometric reasoning, program induction, and sequential learning. Recent works have framed
this as a sequence prediction problem, applying encoder-decoder architectures to map geometric
inputs to command sequences [13]. While effective for simple shapes, these approaches often fail
to scale to real-world models that require reasoning over intermediate constructions, hierarchical
dependencies, and geometric constraints. To mitigate this, other methods incorporate geometric
priors or sketch-based abstractions to guide the generation process [[14]. More recent hybrid models
combine low-level geometric cues with high-level structure to improve interpretability and output
validity, though many of them still focus on fitting continuous primitives rather than generating
symbolic instructions, limiting their ability to capture procedural intent [[15]].

Despite substantial advances in CAD modeling sequence generation, current techniques still exhibit
notable limitations. For instance, many approaches treat raw geometric input as a monolithic entity,
overlooking the procedural structure and hierarchical dependencies inherent to CAD modeling,
which in turn leads to inefficiencies in capturing design intent and guiding accurate reconstruction.
Another challenge lies in the sequential reasoning of CAD operations. Fully autoregressive methods
ensure sequential consistency but are highly vulnerable to error accumulation, where early mistakes
propagate and compound over subsequent steps [[16,[17]]. In contrast, non-autoregressive approaches
improve efficiency by generating sequences in parallel, but often struggle to capture hierarchical
dependencies and structural constraints, leading to incoherent or invalid outputs [[18|19]. In addition,
current methods lack explicit mechanisms to align high-level geometric features with stepwise
modeling instructions, limiting their ability to produce semantically consistent instructions. The
inherent one-to-many mapping between geometry and valid command sequences further introduces
ambiguity, complicating both learning and inference. These challenges lead to a fundamental question:
How can raw geometry be structured and interpreted to reflect the underlying design process and
guide the generation of accurate and semantically meaningful CAD instructions?

To answer this question, we introduce PartCAD, a semi-autoregressive framework that generates
structured CAD modeling instructions by leveraging implicit part abstractions and projection-guided
geometry. Rather than treating raw input as a whole, PartCAD autoregressively decomposes the
point cloud into a sequence of part-aware latent representations, each semantically aligned with a
simple modeling step, thereby providing procedural structure and capturing design intent. These



latents serve as anchors for CAD generation, guided by canonical triplane projections that explicitly
encode view-aligned geometric cues. To decode latents into parametric instructions, PartCAD adopts
a non-autoregressive decoding strategy that produces precise sketch—extrusion parameters in a single
forward pass. Several key techniques are introduced to bridge low-level geometry and high-level
semantics for coherent and interpretable CAD reconstruction. The main contributions of our work
include:

* PartCAD, a semi-autoregressive framework for parametric CAD generation, which decomposes
input point clouds into procedurally aligned part-aware latents and generates structured modeling
instructions with triplane projection guidance;

* an adaptive projection strategy to refine view-aligned geometry, and a hierarchical KNN aggrega-
tion kernel to extract robust triplane features;

* aprojection-guided decoding mechanism that integrates part-level semantics with both point-level
local features and global geometric context, enabling accurate CAD instruction generation in a
single forward pass.

Extensive experiments demonstrate that PartCAD achieves superior performance in learning CAD
instruction sequences and generalizes well across domains (see Figure [T for some models recon-
structed by PartCAD). The proposed approach provides new insights into reconstructing editable and
semantically meaningful CAD programs from raw geometry.

2 Related Works

Shape Representations: Various low-level shape representations such as point clouds, voxels, and
meshes are widely used to describe 3D geometry. These discrete formats have become standard
in modern 3D vision pipelines, supporting substantial progress in tasks like feature extraction,
segmentation, and classification [20} 21} 22} 23| 24]. With advances in geometric learning, recent
techniques enable translation across representations, for example, reconstructing meshes from point
clouds [25| [26] or converting voxel grids into implicit fields [27, 28]. Their outputs, however,
lack explicit structure and editability, and fail to convey the parametric representation needed for
downstream design, analysis and manipulation. Our goal is to translate raw geometric inputs,
particularly point clouds, into structured parametric representations suitable for procedural modeling.

Parametric CAD Learning: Parametric modeling aims to learn structured representations of CAD
models, with Constructive Solid Geometry (CSG) and Boundary Representation (B-Rep) being two
widely adopted paradigms. CSG constructs 3D shapes by hierarchically combining primitives (e.g.,
cubes, spheres, cylinders) through Boolean operations (e.g., union, intersection, difference), making
it well-suited for procedural tasks involving regular geometries and well-defined topologies. Recent
works have applied deep neural networks to infer CSG trees for inverse or generative design, showing
promising results on synthetic or simple shapes [29! [30, [31]]. However, its reliance on a limited
primitive vocabulary restricts expressiveness in modeling complex surfaces and high-level design
intent. In contrast, B-Rep explicitly represents geometry through vertices, edges, and faces, offering
high fidelity in capturing intricate geometric and topological details. Combined with deep learning,
recent methods have exploited B-Rep using graph neural networks and Transformer-based models
to learn spatial and connectivity-aware features [32} 33| 34} 135,136, [37]]. Nevertheless, learning with
B-Rep remains challenging due to its strict consistency constraints and sensitivity to topological
variations or geometric imperfections. Moreover, B-Rep focuses on final geometry rather than
the design process, limiting its capacity for sequential reasoning and intent-aware editing. Unlike
these works, we focus on learning parametric instruction sequences (e.g., sketch, extrusion, Boolean
operations) that describe 3D shapes through a step-by-step modeling process. These instructions
compactly encode both geometric structure and design logic in an interpretable form, aligning
naturally with procedural modeling workflows.

CAD Instruction Language Generation: Instruction language offers a procedural representation
of 3D modeling, where shapes are incrementally constructed via sequences of semantic commands.
Rather than directly defining geometries, CAD instruction captures the logic of the actual modeling
workflows, offering high interpretability and editability [38]]. Early methods used handcrafted rules,
templates, or grammars to encode domain-specific priors. Recently, generative paradigms have
emerged, leveraging the semantic and sequential nature of instruction sequences under supervised or



unsupervised learnin@®9, 40, 41]. Autoencoder-based methods encode entire instruction sequences
into compact latent vectors and decode them holistically, capturing global dependencies and improving
stability [42]. Seq2Seq models formulate instruction generation as conditional sequence translation
from multimodal inputs (e.g., sketches, images, point clouds) to command sequences, aided by
attention mechanisms for long-range dependency and cross-modal aligd®)er [ Autoregressive

models further enhance local control and syntactic consistency by generating instructions token-by-
token @5, 46, 47, 48]. Additionally, large-scale pre-trained models (e.g., large language models or
multimodal large models) have been introduced into CAD instruction generdt®b(, 51, 52, 53].

In contrast to existing paradigms, we propose a semi-autoregressive framework that rst derives
part-aware latent representations in an autoregressive manner, followed by a projection-guided non-
autoregressive decoder to generate CAD instructions in a single forward pass. This design enables
precise semantic reasoning alongside ef cient and structurally coherent instruction generation.

3 PartCAD for Inferring Modeling Sequences from Point Clouds

Figure 2:Overview of PartCAD Architecture. Starting from a point clou&X , PartCAD generates
parametric CAD instructions in three steps: PErt Decompositiorextracts a global point cloud

featuref chd and autoregressively decodes it into a sequence of part latents ; z ; (2) Projection
Guidancepredicts an orientation, for eachz, and derives canonical-aligned projections used to
extract triplane featureg?®?® = ff X . fX2.fY2g; (3) Instruction Generatiordecodes each part
latent by leveraging its projection features to generate instruction pararhétits c)gh_,

Given the input point clou&X , our goal is to generate a sequence of structured parametric instructions
C = fcyg).; , where each sketch—extrusion pair compactly describes a constructive step in the
modeling process. Formally, each instructimn= ( c<'; ) consists of two componentss<t
encodes 2D primitives (line, arc, and circle in our work) to de ne the pro le geometry of the sketch,
while c& speci es the corresponding solid operation via parameters such as orientation, origin,
extrusion distance, scaling, and Boolean operation type. FollowWiagiB, 48], both components are
represented as discrete intervals obtained by quantizing continuous modeling parameters into xed
vocabularies. More details about CAD sequence representation are provided in Appendix A.1.

Inspired by the compositional nature of human CAD modeling, we introfactCAD, a semi-
autoregressive framework that translates unstructured point clouds into structured parametric in-
structions. Instead of treating instruction generation as a at sequence prediction task, PartCAD
decomposes the input geometry into part-wise latent representations, each grounded in implicit design
intent. Given that design details are inherently embedded within canonical planes and different
perspective views encode distinct geometric and topological features, we extract triplane projection
features to provide low-level geometric guidance for each part latent. Finally, each part latent is
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