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Fig. 1. Reconstruction results for the proposed CADRec. Le�: Diverse CAD reconstruction results. Right: The recursive reconstruction process for CAD shapes.

We show the recursive bounding box prediction along with the part hierarchy constructed using reconstructed CAD scripts.

We present CADRec, a recursive CAD sequence reconstruction framework

based on a hierarchically de�ned CAD DSL. This method addresses two

limitations of previous methods. First, the �at, lengthy script representation

of LLM-based reconstruction methods hinders generalization and does not

take into account the reuse of code snippets. Second, existing one-shot and

iterative geometric context encodings lack the structural clues necessary to

accurately localize the geometric context for subsequent sequence recon-

struction. CADRec recursively decomposes the input shape into spatially

localized parts and reconstructs each part with a local CADQuery program

based on a hierarchical CAD DSL. At each node of the hierarchy, the model

decides whether to further split the current part into child parts or stop
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and synthesize its leaf-level CAD script. The generated local programs are

then mapped back to the global coordinate frame and composed into the

�nal CAD model. This hierarchical formulation turns global CAD recon-

struction into a sequence of simpler local part prediction problems, reducing

geometric complexity while preserving the structural organization of the

design. To support this process, we encode localized point-cloud context and

use an MLLM-based decoder to predict decomposition decisions and CAD

programs. We further train the model with geometry-aware objectives that

encourage consistent part decomposition and spatially grounded predictions.

Experiments on standard CAD reconstruction benchmarks demonstrate

that CADRec improves both geometric �delity and program validity over

prior sequence- and code-based baselines. Notably, the robustness of our

approach is particularly evident in cross-dataset scenarios: when trained on

the limited DeepCAD dataset and tested on the unseen Fusion360 set, our

method drastically reduces mean CD, median CD, and IR by 85.8%, 67.2%,

and 92.3%, respectively. The code and data for this paper are available on:

https://github.com/shinodashx/CADRec.

CCS Concepts: • Computing methodologies→ Parametric curve and

surface models.

Additional Key Words and Phrases: CAD modeling, Constructive Solid Ge-

ometry, MLLM, CAD sequences
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1 Introduction

While a point cloud accurately captures an object’s surface geome-

try, it lacks the underlying logic of how the object was constructed,

parameterized, or intended to be edited. This distinction is critical in

engineering and manufacturing work�ows, where downstream de-

sign reuse necessitates a Computer-Aided Design (CAD) model with

explicit construction operations and user-controllable parameters.

Consequently, recovering editable CAD sequences from scans re-

mains a fundamental challenge for geometric modeling and reverse

engineering.

Previous approaches primarily reconstruct CADmodels as sketch-

and-extrude primitives [Li et al. 2023a; Ren et al. 2022; Sharma et al.

2018] or as linear sequences of discrete, learned tokens [Wang et al.

2026; Wu et al. 2021; Xu et al. 2023, 2022].

Recently, the remarkable success of Large LanguageModels (LLMs)

in code synthesis has catalyzed a paradigm shift toward script-based

CAD representations [Dai et al. 2026; Dupont et al. 2024; Guan

et al. 2026; Kolodiazhnyi et al. 2025; Li et al. 2026; Ma et al. 2023;

Rukhovich et al. 2025; Wang et al. 2025a; Xu et al. 2024b; You et al.

2025]. By utilizing Domain-Speci�c Languages (DSLs) such as CAD-

Query or Blender scripts [Blender Online Community 2024; Con-

tributors 2023], these methods bridge the gap between geometric

perception and programmatic generation. However, despite achiev-

ing state-of-the-art results, these code-script-based approaches are

inherently constrained by two fundamental limitations: the struc-

tural opacity of the �at, sequential solid organization and a one-shot

point-cloud feature encoding without considering the recursive

modeling process.

In this work, we advance code script-based modeling by intro-

ducing a novel hierarchical part decomposition of CAD shapes, as

illustrated in Fig. 2. Departing from the conventional solid sequence

generation, we formalize the modeling process as a top-down recur-

sive decomposition, where the partition at each level is governed

by a dedicated block of localized scripts. This representation is mo-

tivated by the duality between the recursive bottom-up modeling

process of human designers and the top-down structural analysis

of CAD shapes. The proposed hierarchical DSL o�ers two distinct

advantages. First, it facilitates a divide-and-conquer reconstruction,

decomposing complex global operations into a suite of manage-

able code snippets that enhance the modular reuse of intermediate

parts. Second, this structured organization enables localized context

encoding, e�ectively isolating sub-part features within the global

geometry.

Parallel to the sequence representation, a critical line of inves-

tigation focuses on how geometric contexts are encoded to guide

the reconstruction process. Existing CAD reconstruction methods

either extract holistic contexts all at once [Karadeniz et al. 2026;

Liu et al. 2026a], or iteratively update contexts based on previously

predicted boxes, planes, or reconstruction states [Ding et al. 2026;

Kabisov et al. 2026; Khan et al. 2024; Yang et al. 2025]. While these
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Fig. 2. Illustration of a flat sequence-based representation and our hierarchi-

cal part decomposition-based CAD DSL. (a) CAD-Recode-style CAD�ery

scripts [Rukhovich et al. 2025] represent the modeling process as a list of

solids along with the corresponding Boolean operation, resulting in a non-

structured, lengthy sequence of cascaded API calls. (b) Our representation

organizes the same script as a hierarchical decomposition of solid parts. The

root part P1
1 is recursively decomposed into child parts {PĚ+1

ğ,ġ
}
ćğ
ġ=1

, where

each child is associated with a Boolean command ċ
Ě+1
ğ,ġ

and a bounding

box þĚ+1
ğ,ġ

. The bounding boxes localize part geometry and define the spatial

regions for further decomposition until leaf parts are represented by ele-

mentary CAD�ery code blocks CĚ
ğ
.

strategies improve geometry awareness, the precise localization of a

speci�c extrusion cylinder remains an elusive and ill-posed problem

without modeling the structural relations between di�erent model-

ing steps. This work advocates a third recursive geometric encoding

strategy grounded in our part hierarchy. By exploiting the property

that each sub-part partitions its parent, the context most relevant to

a sub-part is bounded by its spatial extent and its parent derivation.

This formulation transforms the global reconstruction task into a

sequence of localized reconstruction processes. In this framework,

each component is treated as an independent CAD reconstruction

problem, where the hierarchical reuse of sub-parts signi�cantly

enhances the model’s generalization across diverse and complex

geometries.

Based on the aforementioned dualmotivations, we propose CADRec,

a hierarchical point-to-CAD reconstruction framework designed

to address the lack of a hierarchical organization and inadequate

geometric context encoding. CADRec leverages an MLLM-based

decoder to recursively decompose the input point cloud as parts.

For each decomposed part, the method processes the localized point

cloud within the current part’s bounding box to determine the next

action: either splitting the part into a list of bounding boxes corre-

sponding to its child parts or deriving the localized CAD script for a

single-step solid. This process is executed recursively and yields a re-

construction tree with single-step solids as leaf nodes and split parts

as non-leaf nodes. Upon completion, the locally synthesized scripts

are mapped back to the global coordinate frame and assembled via

a bottom-up integration process to produce the �nal, editable CAD

model. Reconstruction results are shown in Fig. 1.

Furthermore, we introduce two specialized objective functions

to ensure reconstruction �delity and structural accuracy. First, a

geometric contrastive loss is employed to robustify the encoding
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process against shape variations and noise encountered during the

recursive cropping of localized sub-parts. Second, we formulate a

spatially-grounded localization loss, which utilizes bounding-box

and mask segmentation supervision to re�ne the precision of part-

level partition and alignment. Together, these mechanisms enable

CADRec to maintain high geometric consistency while navigating

the complexities of hierarchical part-based modeling.

Extensive experiments demonstrate that our method outperforms

state-of-the-art approaches across all metrics, including CD, IoU,

and IR, on both the DeepCAD and Fusion 360 datasets. Moreover,

our method achieves drastic error reductions over competing ap-

proaches (85.8% in mean CD, 67.2% in median CD, and 92.3% in IR),

when trained on the small-scale DeepCAD training set and tested

on the unseen Fusion360 dataset.

2 Related Works

This section reviews existing literature on 3D CAD reconstruction,

focusing speci�cally on reconstructing command sequences and on

geometry context encoding. Furthermore, we discuss related works

in �ne-grained visual perception leveraging MLLMs.

2.1 Command Sequence-based CAD Reconstruction

CAD command sequences serve as the de facto standard in indus-

trial design, capturing step-by-step solid modeling and Boolean

operations.

A core paradigm in this �eld is sketch-and-extrude reconstruc-

tion [Li et al. 2023a; Ma et al. 2025; Uy et al. 2022], which de�nes

complex solids through a series of sketch planes and extrusion

parameters. Based on this paradigm, Point2Cyl [Uy et al. 2022]

formulates reverse engineering as extruded surface detection and

extrusion parameter estimation. However, the discrete nature of

CAD sequences presents a signi�cant hurdle, making their recon-

struction highly challenging. To mitigate these di�culties, some

recent approaches [Li et al. 2023a; Ren et al. 2022; Yu et al. 2022] at-

tempt to simplify the learning process by predicting a �xed number

of extrusions guided by unsupervised reconstruction losses. While

this avoids the need for complex sequential labels, the lack of step-

wise modeling supervision often results in a fundamental disconnect

from design logic. Consequently, these methods typically produce

an unorganized collection of extrusions that accurately approximate

the geometry but lack semantically meaningful structures or valid

design intent. Meanwhile, another cateogry of methods [Liu et al.

2024a,b] recover boundary representation shapes from point clouds

without the step-by-step modeling procedures.

Another prominent line of work directly predicts a sequence of

CAD modeling operations. The seminal work, DeepCAD [Wu et al.

2021], employs a Transformer-based autoencoder to generate se-

quences of sketch-and-extrude commands. However, its architecture

is constrained by a �xed-length output, which severely limits its ca-

pacity to represent structurally complex command sequences found

in real-world designs. To overcome this limitation, subsequent re-

search has moved toward autoregressive generation coupled with

specialized tokenization schemes [Wang et al. 2026; Xu et al. 2023,

2022]. While these methods e�ectively handle variable-length se-

quences, they introduce new challenges. Speci�cally, they typically

require two decoupled training stages for tokenization learning and

token prediction, respectively. More critically, the discrete tokeniza-

tion of continuous CAD geometry inherently leads to quantization

errors, potentially sacri�cing �ne-grained parameter precision and

compromising the �delity of local geometric details.

Recent advances in LLMs [Anthropic 2025; Chen et al. 2021] have

catalyzed a transition towards code-based CAD sequence reconstruc-

tion, leveraging script languages such as CADQuery [Contributors

2023] and Blender [Blender Online Community 2024]. Representa-

tive work, including CAD-Recode [Rukhovich et al. 2025] and Mesh-

Coder [Dai et al. 2026], has achieved promising results by tuning

point cloud encoders and LLMs on specialized CAD datasets. This

code-centric scheme has proven highly versatile, extending beyond

geometry-to-code tasks to multi-modal reconstruction from textual

and visual inputs [Li et al. 2026; Wang et al. 2025a; Xu et al. 2024b;

You et al. 2025]. To further re�ne reconstruction quality, subsequent

research has explored diverse strategies, including contrastive learn-

ing [Ma et al. 2023], sketch-loop-extrusion structures [Dupont et al.

2024], and advanced training paradigms such as masked token mod-

eling [Ma et al. 2024] or reinforcement learning [Guan et al. 2026;

Kolodiazhnyi et al. 2025]. Despite these enhancements, these meth-

ods often overlook explicit structural contexts during reconstruction,

leading to suboptimal encoding of local geometric details. To ad-

dress this, this work leverages structural bounding boxes and local

contexts as informative prompts, ensuring a more geometrically

conforming and detail-accurate reconstruction.

2.2 Geometry Context Encoding for 3D Reconstruction

To enhance the reconstructed geometry quality, recent research ex-

plores diverse context encoding strategies for raw scan inputs. One

strategy is to extract the holistic contexts all at once prior to CAD se-

quence reconstruction. Such holistic contexts can be constructed via

step-aware latent features [Liu et al. 2026a], triplane-based feature

encoding [Liu et al. 2026a], and cross-sectional sketch context encod-

ing [Karadeniz et al. 2026]. However, these static holistic contexts fail

to account for the evolving information generated during sequence

prediction. Some other works alleviate this problem via progressive

context encoding that is dynamically updated based on previously

predicted CAD sequences. For instance, CAD-SIGNet [Khan et al.

2024] and PS-CAD [Yang et al. 2025] alternate between sketch and

extrusion predictions, conditioned on localized point clouds cropped

via previously inferred bounding boxes [Khan et al. 2024] or de-

tected planes [Yang et al. 2025]. Similarly, CADReasoner [Kabisov

et al. 2026] re�nes predictions based on geometric discrepancies

between the input and execution of reconstructed programs, while

ReACT [Ding et al. 2026] formulates the reconstruction as a Markov

decision process, utilizing the preceding reconstruction steps as

geometry-aware feedback.

2.3 Visual Context Localization in MLLMs

To enable �ne-grained visual perception, recent works in MLLMs

progressively encode local visual features [Guo et al. 2024; Shi et al.

2025; Wang et al. 2025b] rather than relying on a one-time global

feature encoding [Dai et al. 2023; Li et al. 2023b; Liu et al. 2023; Zhu

et al. 2023].
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These methods usually learn to localize �ne-grained visual evi-

dence during training by image slicing [Guo et al. 2024], recursive

partitioning [Wang et al. 2025b], and prompt-guided region crop-

ping [Khayatkhoei et al. 2025; Shi et al. 2025; Zhong et al. 2026].

Some works further learn region-aware visual grounding during

training through explicit region prompting with RoI features [Zhang

et al. 2025], coordinate tokens [You et al. 2024], or visual marks [Yang

et al. 2023]. Recent approaches take one step further by investigating

inference-time visual search or zooming [Shen et al. 2025; Shi et al.

2026a,b; Wu and Xie 2024; Yu et al. 2025], where high-resolution

local patches, selected crops, region features, and re-encoded visual

tokens are fed back to MLLMs as �ne-grained context.

This scheme also extends to 3D MLLMs-based tasks [Dai et al.

2026; Fang et al. 2025; Qi et al. 2024; Tang et al. 2024], where localized

contexts, such as part-level masks, patch features, bounding boxes,

or semantic part programs [Ahmed et al. 2025; Hadgi et al. 2026;

Wang et al. 2025c], are explored. Our method transfers this principle

from multimodal perception to CAD sequence reconstruction. We

progressively predict a list of bounding boxes, with each bounding

box denoting a potential solid shape. These bounding boxes not only

facilitate more localized geometry context encoding for solid-wise

CAD sequence reconstruction but also act as a structural decompo-

sition of complex CAD shapes. In this way, CAD shapes with much

longer sequences can be factorized and properly reconstructed.

3 Methodology

Our goal is to reconstruct CAD command sequences from a point

cloud input. The input Ĕ = {Įğ ∈ R
3}Ċğ=1 is a list of Ċ 3D points.

The output is formatted as a CADQuery script that can be executed

to reconstruct the input geometry. To tackle this problem, we pro-

pose a recursive reconstruction pipeline that explicitly leverages the

hierarchical geometric structure of the input shape, as illustrated

in Fig. 3. Our framework consists of three key designs, including a

hierarchical CAD DSL, localized context encoding, and the MLLM-

based CAD DSL prediction. We �rst detail the proposed hierarchical

CAD DSL that formats the CAD command sequence as a recursively

decomposed part hierarchy (see Sec. 3.1). Then, Sec. 3.2 introduces

the network architecture with two components: a geometry en-

coder that captures localized part contexts and an MLLM-based

decoder that jointly supports recursive geometric decomposition

and CAD DSL prediction. Finally, we describe the training objective

(see Sec. 3.3) and data construction pipeline (see Sec. 3.4).

3.1 Hierarchically structured CAD DSL

This section describes how to represent a CAD shape as a structured

hierarchy along with a corresponding CADQuery script.

Motivation analysis. Existing CAD scripts are typically orga-

nized as a sequence of modeling operations to construct a �nal

shape [Rukhovich et al. 2025]. As illustrated in Fig. 2(a), even a sim-

ple �ve-step construction can result in an excessively long, single-

line command due to cascaded API calls. This linear structure su�ers

from poor readability and fails to capture the spatial relationships

between individual solids. In practice, designers reason about ge-

ometry through two complementary perspectives. During design,

complex shapes are built bottom-up by recursively grouping solids

through Boolean operations into a hierarchy of shape parts to facili-

tate modeling reuse. Conversely, when analyzing shapes, these com-

plex geometries are decomposed top-down into their constituent

part hierarchies. Motivated by this observation, we propose a hi-

erarchical CAD DSL that recursively decomposes the input shape

into intermediate parts in a top-down manner until reaching the

elementary parts (i.e., an extrusion cylinder in our case) as shown

in Fig. 2(b). Each elementary part is represented by a CADQuery

code, and the overall shape is reconstructed in a bottom-up manner

by progressively merging part codes.

Hierarchical CAD DSL. The part hierarchy starts from the root,

denoted as P1
1 , representing the entire CAD shape S with a leaf

elementary part denoting a single-step solid ā∗ ∈ E, where E is the

complete set of elementary parts. A non-leaf part PĚğ at depth Ě

encapsulates a subset of elementary parts, denoted by the index set

I(PĚğ ) ¦ E. Part P
Ě
ğ can be decomposed into a sequence of child

parts {PĚ+1
ğ,ġ
}
ćğ
ġ=1

, such that the child parts are mutually exclusive

with respect to their elementary part constituents:

I(PĚ+1
ğ,ġ
)
⋂

I(PĚ+1
ğ,ġ ′
) = ∅, if ġ ≠ ġ′;

ćğ
⋃

ġ=1

I(PĚ+1
ğ,ġ
) = I(PĚğ ),

(1)

where ćğ denotes the number of child parts for PĚğ .

Based on the hierarchical representation, we can de�ne a hierar-

chical CAD DSL as:

S → þ11P
1
1 ; (2)

PĚğ → SPLIT,PĚğ,split | STOP,P
Ě
ğ,stop; (3)

PĚğ,split → {ċ
Ě+1
ğ,1 þĚ+1ğ,1 P

Ě+1
ğ,1 , · · · , ċĚ+1ğ,ćğ

þĚ+1ğ,ćğ
PĚ+1ğ,ćğ

}; (4)

PĚğ,stop → {C
Ě
ğ }; (5)

where {STOP, SPLIT} denotes two deriving operations with STOP

deriving a part PĚğ as a CADQuery code CĚğ and SPLIT decomposing

a part PĚğ into child parts {PĚ+1
ğ,ġ
}
ćğ
ġ=1

. Each child part PĚ+1
ğ,ġ

is asso-

ciated with a Boolean commandċĚ+1
ğ,ġ

and an axis-aligned bounding

box þĚ+1
ğ,ġ

. The Boolean commandċĚ+1
ğ,ġ

can be Union or Difference.

The axis-aligned bounding box provides spatial localization and the

relative transformation between the coordinate frame of a child part

and its parent. To ensure a consistent output format across both

SPLIT and STOP operations, the bounding box þĚ+1
ğ,ġ

and Boolean

ċĚ+1
ğ,ġ

are implemented with CADQuery APIs. Fig. 2 (b) illustrates

an example shape with a three-level CAD DSL hierarchy, where

di�erent colored code blocks correspond to di�erent part levels.

Note that these code blocks are not directly executable and need

further post-processing to form the �nal CAD shape (see Sec. 3.2).

The construction of the part hierarchy for general CAD scripts is

elaborated in Sec. 3.4.

3.2 Localized Context-Guided CAD DSL Reconstruction

This section describes an MLLM-based network for reconstructing

hierarchical CAD DSLs. The input is the point cloud Ĕ and the

output is the CAD DSL sequences de�ned in Eq. 2-5. The DSL se-

quence is reconstructed recursively from the top level to the leaf

ACM Trans. Graph., Vol. 45, No. 6, Article 212. Publication date: December 2026.



CADRec: Reconstructing a CAD Sequence Recursively with Localized Geometric Contexts • 212:5

Point Encoder

...
Qwen2-VL-2B

...

<box>  ...  ...  <box>

STOP

Point encoder

� �

code

...
Text Tokenizer

�
... ... ...

Text Tokenizer

... ...
Text Tokenizer

...
Text Tokenizer

“Infer the next 
derivation command”

“Infer the child-part 
bounding boxes”

“Infer the next 
derivation command”

“Infer the next 
derivation command”

... ...

<OP> 

SPLIT

<OP> 

Fig. 3. Overview of the recursive CAD DSL reconstruction pipeline. Given the input point cloud Ĕ = {Įğ ∈ R
3}Ċğ=1, the queue Q is initialized by enqueuing

the whole shape S as the root active part P1
1 . At each recursive step, an active part PĚğ is dequeued from Q, and the localized point cloud ĔĚğ is cropped from

Ĕ using its bounding box þĚğ for PĚğ . The localized geometry ĔĚğ is encoded by the point cloud encoder into geometric tokens TĚĝ,ğ , while the text instruction

is tokenized into the instruction embedding TĚĪ,ğ . Conditioned on TĚĝ,ğ and T
Ě
Ī,ğ , the LLM-based decoder Ĝĉ first predicts a derivation operation ėĚğ using

an OPERATION (OP.) instruction. If ėĚğ = SPLIT, the decoder predicts a set of tokens ĕ̂Ěğ as child parts {PĚ+1
ğ,ġ
}
ćğ
ġ=1

with their Boolean commandsċĚ+1
ğ,ġ

and

bounding boxes þĚ+1
ğ,ġ

, and the point clouds inside each þĚ+1
ğ,ġ

are inserted into Q for subsequent recursive prediction. If ėĚğ = STOP, the recursion terminates for

PĚğ and the model synthesizes its CAD�ery code CĚğ . A�er all active parts in Q are resolved, the predicted leaf-level CAD�ery scripts are transformed back

from local normalized coordinates to the global frame and merged according to their Boolean operations to produce the final executable CAD�ery script.

level. For each part PĚğ , we �rst encode localized point clouds within

its bounding box þĚğ , and the network decides whether to further

split the part PĚ
ğ,split

or to predict the step-wise solid modeling code

PĚğ,stop. Finally, we perform a post-processing step that composes

the predicted code blocks bottom-up into a target CADQuery script.

Localized Point Cloud Encoding. Given the bounding box þĚğ
of part PĚğ and the input point cloud Ĕ , we �rst crop the points

within þĚğ and then normalize the cropped point cloud to [−1, 1]3,

obtaining the localized point cloud ĔĚğ for geometric context encod-

ing. We encode the point cloud feature with the pretrained Utonia

encoder [Zhang et al. 2026]. The point-wise Utonia features are

fused with a sine-cosine Fourier positional embedding of the nor-

malized point coordinates. To keep computational e�ciency, we

sample 512 points from ĔĚğ and use their features as geometric em-

beddings. A two-layer MLP maps the embeddings to the MLLM

hidden space (Ā = 1536), producing features TĚĝ,ğ ∈ R
512×Ā for CAD

DSL decoding.

Context-guided CAD DSL Prediction. Given a part entity PĚğ
and its deriving operation ėĚğ ∈ {SPLIT, STOP}, we employ Qwen2-

VL-2B [Wang et al. 2024], denoted as Ĝĉ , to perform part-wise CAD

DSL sequence prediction. To support di�erent types of deriving

operations, we construct operation-dependent textual instructions:

OPERATION (“Infer the next derivation command”), SPLIT (“Infer

child-part bounding boxes”), and STOP (“Synthesize CADQuery

code”) with the OPERATION denoting choosing the next deriving

operation. The instruction is tokenized using the Qwen2-VL tok-

enizer as the embedding TĚĪ,ğ .

The model Ĝĉ takes as input the localized geometric context TĚĝ,ğ ,

the instruction embedding TĚĪ,ğ , and the historical MLLM context

TĚģ,ğ , and predicts the CAD DSL tokens as:

ĕ̂Ěğ = Ĝĉ

(

TĚĝ,ğ ,T
Ě
Ī,ğ ,T

Ě
ģ,ğ

)

, (6)

where the MLLM context TĚģ,ğ for the �rst step prediction is NULL.

The predicted tokens ĕ̂Ěğ are detokenized into the CAD DSL se-

quence for the part PĚğ , corresponding to the part-level CADQuery

code block shown in Fig. 2(b). For a non-leaf part, the target sequence

is
〈

SPLIT, (ċĚ+1ğ,1 , þ
Ě+1
ğ,1 ), . . . , (ċ

Ě+1
ğ,ćğ

, þĚ+1ğ,ćğ
), END_SPLIT

〉

.

END_SPLIT terminates the child list, after which the decoded chil-

dren are inserted into Q. <os> and <oe> delimit operation tokens

ċĚ∗ , while <bs> and <be> delimit bounding-box tokens þĚ∗ . A leaf

target sequence is ïSTOP, CĚğ ð.

To support hierarchical CAD DSL prediction for the entire shape,

we maintain a queue Q of active parts, as illustrated in Fig. 3. The

queue is initialized with the whole shape S as P1
1 . At each step,

an active part PĚğ is dequeued for prediction, and in the case of

ėĚğ = SPLIT, the predicted sub-parts are inserted back into Q. This

process continues until the queue is emptied.

CADQuery script post-processing. Since the part-wise CAD

DSL sequence is predicted under the normalized geometric context,

an additional coordinate frame transformation is required across
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parts at di�erent hierarchy levels. We maintain an accumulated

transformation for each part that maps its local coordinate frame

to the global root coordinate frame. Speci�cally, the part PĚğ stores

a scale ĩĚğ ∈ R
1 and translation tĚğ ∈ R

3, initialized at the root as

ĩ11 = 1 ∈ R1 and t11 = 0 ∈ R3. For a subpart PĚ+1ğ, Ġ of part PĚğ , the

scale and the translation can be derived as:

ĩĚ+1ğ, Ġ = ĩĚğ Ă, tĚ+1ğ, Ġ = ĩĚğ Ā + t
Ě
ğ , (7)

where the scaling Ă is determined by the maximal bounding box size

value of BĚ+1ğ, Ġ and the translation Ā is determined by the relative

positions of bounding boxes centroids of BĚ+1ğ, Ġ and BĚğ . With the

accumulated transformation in Eq. 7, a local point plocal ∈ Ĕ
Ě
ğ within

part PĚğ can be mapped to the root coordinate system via

proot = ĩĚğ · plocal + t
Ě
ğ . (8)

We apply this transformation to convert each leaf-part code into

the root coordinate frame. Given the �xed sketch–extrude grammar,

this conversion is performed by transforming the API parameters:

the 3D origin of each Workplane is scaled and translated; the 2D

sketch coordinates, as well as the extrusion length in extrude, are

scaled accordingly; and Boolean operations remain unchanged.

3.3 Training Objectives

We train the CAD DSL reconstruction model using three comple-

mentary objectives: a sequence-based token prediction loss and two

geometry-aware losses.

Token Prediction Loss. For the prediction of CAD DSL tokens

ĕ̂Ěğ , we employ the standard token-wise negative log-likelihood loss

Lęě in a teacher-forcing manner.

Contrastive Geometry Regularization Loss.We �nd the lo-

calized point cloudsĔĚğ of the part PĚğ are often incomplete or noisy

due to bounding-box cropping and recursive decomposition (Fig. 4).

As a result, di�erent observations of the same part may exhibit sub-

stantial geometric variations. We assume that, despite an incomplete

geometric context, the remaining geometry should preserve the in-

trinsic structure of the underlying CAD part. Therefore, the feature

representations extracted from di�erent partial observations of the

same part should remain consistent. We thereby introduce a con-

trastive geometric regularization based on the InfoNCE loss [Oord

et al. 2018]. Speci�cally, for the point clouds ĔĚğ , we treat the aug-

mentation of ĔĚğ , together with the complete geometry obtained

from the ground-truth CADquery code execution of PĚğ as positive

samples, while point clouds of other parts are negative samples. We

generate each augmentation by randomly rescaling the crop bound-

ing box by a factor in [0.95, 1.05] and masking 0%–20% of its points.

We apply mean pooling over the part geometry embeddings TĚĝ,ğ

to obtain a compact part-level representation ĨĚğ = MeanPool(TĚĝ,ğ )

followed by Ĉ2 normalization. Based on these pooled geometry

embeddings, we de�ne the contrastive objective as,

LęĪĨ = −EĨĚ
ğ
log

exp
(

(ĨĚğ )
¦Ĩ+/ă

)

exp
(

(ĨĚğ )
¦Ĩ+/ă

)

+
∑

Ĩ −∈N(ĨĚ
ğ
) exp

(

(ĨĚğ )
¦Ĩ−/ă

)
,

(9)

...
Negative Samples

push

Positive Samples

...

Augmentations ��+

���
���

�−

pull

En
co

de
r

Token Space

Q
ue

ueGT Query

Input

Fig. 4. For each bbox-split point cloud, we treat its cropped or perturbed

variants, together with the corresponding ground-truth point cloud as posi-

tive samples, shown as red point clouds. The remaining point clouds in the

queue are used as negative samples.

where Ĩ+ denotes the embedding from positive samples of the part

PĚğ ,N(Ĩ
Ě
ğ ) denotes the set of embeddings from negative samples, Ĩ−

denotes an element of N(ĨĚğ ), and ă is the temperature parameter.

We apply Eq. 9 on all hierarchical parts, including both elementary

parts and intermediate non-leaf parts.
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Fig. 5. The two-branch grounding head. The box prediction head takes the

pooling features ħĚ
ğ,ġ

of box span tokens for bounding box prediction and

outputs the bounding box. The mask prediction head takes as input ħĚ
ğ,ġ

and point-wise token for the prediction of a binary mask denoting inside

and outside of a bounding box, respectively.

The Grounding Loss.

During decomposing a part PĚ−1
ğ,split

into the child parts {PĚ
ğ,ġ
}
ćğ

ġ=1
,

the token-level loss on generated bounding box {þĚ
ğ,ġ
} does not

explicitly enforce the geometric-level alignment of the predicted

boxes. To address this, we incorporate an auxiliary box grounding

loss applied to the output token embedding representing the bound-

ing box, referred to as box span tokens. For the box span tokens of

part PĚ
ğ,ġ

, we pool them as ħĚ
ğ,ġ

and predict an auxiliary box þ̃Ě
ğ,ġ

and

a part segmentation mask ģ̃Ě
ğ,ġ
:

(þ̃Ě
ğ,ġ
, ģ̃Ě

ğ,ġ
) =

(

čbox (ħ
Ě
ğ,ġ
), čmask (T

Ě
ĝ,ğ )

)

, (10)

where čbox (·) and čmask (·) are grounding heads implemented as

two 2-layer MLPs. Speci�cally, čbox (·) regresses the normalized box
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solid1_1 solid1_2 solid1_3solid2_1 solid2_2

solid1_1

solid1_2 solid1_3

solid2_1 

solid2_2

�11

（a）GT sequence

（b） dependency graph （c） part grouping

�12
�22

Fig. 6. Rule-based construction of hierarchical CAD DSL data. (a) The origi-

nal ground-truth CAD sequence is represented as a list of modeling steps. (b)

We first resolve order-sensitive Difference operations by grouping solids

with cu�ing dependencies into subtrees with blue line connections. (c) We

then merge the single-step solids and extracted subtrees according to their

overlapping relationships, producing the final hierarchy.

coordinates from ħĚ
ğ,ġ

and čmask predicts a segmentation mask for

each point cloud token within þĚ
ğ,ġ

with points belonging to the

part marked as one. The target box þĚ
ğ,ġ

is parsed from the ordered

ground-truth DSL, and the target maskģĚ
ğ,ġ

is obtained by testing

whether each geometry token lies inside þĚ
ğ,ġ
. The grounding loss

between the target ones and the predicted ones can be formulated

as:

LĘĝ =

∑

ġ

[

ČĘĥĮSmoothL1
(

þ̃Ě
ğ,ġ
, þĚ

ğ,ġ

)

+ ČģėĩġLģėĩġ

(

ģ̃Ě
ğ,ġ
,ģĚ

ğ,ġ

)]

,

(11)

where Lģėĩġ combines binary cross-entropy and Dice loss. This ob-

jective encourages each generated bbox span to be spatially aligned

with its local geometric support, leading to more consistent recur-

sive decomposition.

The �nal objective can be de�ned as follows:

L = Lęě + ČęĪĨLęĪĨ + ČĘĝLĘĝ, (12)

where Č∗ are balancing terms for di�erent losses.

3.4 Rule-based Data Construction

To construct the training data, we propose a rule-based strategy

that transforms CAD command sequences into hierarchical CAD

DSLs. We treat each sketch–extrude step as a leaf node and convert

it into the corresponding CADQuery target. This transformation is

grounded in three geometric observations. First, unioned solids are

commutative, meaning their order can be permuted without altering

the �nal geometry. Second, a di�erence operation is order-sensitive,

as it cannot be reordered with preceding solids if they have spatial

overlaps. Third, overlapping solids within a union operation are

more likely to constitute a reusable part.

Algorithm 1 summarizes the rule-based construction of hierarchi-

cal CAD DSL targets. Let a CAD command sequence be represented

as a set of modeling steps {(āĪ ,ċĪ )}
Đ
Ī=1, where āĪ denotes a single-

step solid and ċĪ its corresponding Boolean operator.

Our algorithm �rst resolves dependencies introduced by di�er-

ence operations. We construct a dependency graph where an edge

is established between a solid āĪ ′ involving a di�erence operation

and any preceding unioned solid āĪ (Ī < Ī
′) if their spatial domains

intersect. By identifying connected components within this graph,

we extract sets of solids with cutting relationships, denoted as D,

while the remaining independent solids are grouped intoU. Each

subset in D is encapsulated as a part and subsequently unioned

with single-step solids inU as Û to form the �nal shape. See Fig. 6

(b) for an example.

For the remaining unioned solids Û, we implement a part-grouping

strategy based on spatial proximity to further re�ne the hierarchy.

The unioned solids are represented as an overlap graph, where

nodes correspond to individual solids and edges denote geometric

intersections, weighted by their respective intersection ratios. Ini-

tially, the entire set Û is encapsulated as a root part node P1
1 . Each

connected component identi�ed within G, including isolated nodes

without intersections, is designated as a child part of P1
1 . To ensure

manageable complexity, we enforce a maximum cardinality con-

straint of ć = 6. For any candidate part exceeding this threshold, we

construct its Maximum Spanning Tree (MST) and apply a recursive

bi-partitioning strategy by removing the edge with the minimum

weight. This decomposition continues until each resulting subtree

contains no more than ć nodes. See Fig. 6 (c) for an example. Conse-

quently, this process generates a full hierarchical decomposition of

the CAD shape, where each internal node represents a SPLIT com-

mand and each leaf node denotes a STOP command for a single-step

solid associated with its generative CADQuery code.

4 Experiments

4.1 Experimental Setups

Datasets.Wemainly report results by trainingmethods on theDeep-

CAD [Wu et al. 2021] training set. For testing, the DeepCAD test set

is used for in-domain evaluation, while the Fusion360 [Willis et al.

2021] dataset is used to evaluate out-of-distribution (OOD) general-

izability. The DeepCAD training set contains approximately 160K

samples, and the DeepCAD and Fusion360 test sets contain 8,046

and 1,725 samples, respectively. We further report results obtained

by training on the substantially larger CAD-Recode [Rukhovich et al.

2025] dataset, which contains around 1M training samples. This set-

ting is included to enable fair comparisons with prior MLLM-based

methods trained on the CAD-Recode dataset.

Baselines.We compare our method with seven representative

methods focusing on reconstructing editable geometric solids or exe-

cutable CAD programs from point clouds, including DeepCAD [Wu

et al. 2021], Point2Cyl [Uy et al. 2022], HNC-CAD [Xu et al. 2023],

PartCAD [Liu et al. 2026b], PS-CAD [Yang et al. 2025], Cadrille [Kolo-

diazhnyi et al. 2025], and CAD-Recode [Rukhovich et al. 2025].

Point2Cyl [Uy et al. 2022] segments potential extrusion cylinders

and locates the cross-section (base) and side surface (barrel) for each

segmented instance. Afterward, Point2Cyl �ts the extrusion cylinder

based on the located base and barrel. For HNC-CAD [Xu et al. 2023],

we inject point-cloud features to adapt it to our point-cloud input

setting. We compare with these methods by running the available

codes and pre-trained weights with the same test splits for a fair
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ALGORITHM 1: Rule-based construction of hierarchical CAD DSLs

Input :CAD modeling steps A = { (āĪ ,ċĪ ) }
Đ
Ī=1 and the maximum number

of subparts ć
Output :Hierarchical CAD DSL target Y
// Convert modeling steps to single-step solids

foreach Ī = 1, . . . ,Đ do
ĬĪ ← ExecuteCADCmd(āĪ )

end

V ← {ĬĪ }
Đ
Ī=1

GĀ ← (V,∅)

// Resolve dependencies among step-wise solids

foreach Ī ′ = 1, . . . ,Đ andċĪ ′ = Difference do
foreach Ī = 1, . . . , Ī ′ − 1 do

if āĪ ′ ∩ āĪ ≠ ∅ then
AddEdge(GĀ , ĬĪ , ĬĪ ′ )

end

end

end

B ← ConnectedComponents(GĀ )

// Build the overlap graph

G ← (B,∅)

foreach ğ = 1, . . . , | B | do
foreach Ġ = ğ + 1, . . . , | B | do

if Ęğ ∩ Ę Ġ ≠ ∅ then
ĭğ Ġ ← IntersectionRatio(Ęğ , Ę Ġ )

AddEdge(G, Ęğ , Ę Ġ , ĭğ Ġ )

end

end

end

// Build the hierarchy

T ← MaximumSpanningTree(G)

H ← BuildTree(T, ć )

Y ← ConvertToDSL(H)

Function BuildTree(T, ć):
if CountNodes(T) f ć then

return BuildNode(T)

end

(TĢ , TĨ ) ← SplitAtWeakestEdge(T)

return BuildNode (BuildTree(TĢ , ć ), BuildTree(TĨ , ć ) )

end

comparison. For PartCAD [Liu et al. 2026b] without open-source

code and checkpoints, we report the results in the original paper.

TrainingDetails.Our framework adopts Qwen2-VL-2B-Instruct [Wang

et al. 2024] as the backbone language model for CADDSL prediction,

together with Utonia as the point-cloud encoder. For each input

shape, we uniformly sample 8,192 points as input. Training is per-

formed with a batch size of 4 and a gradient accumulation step of

8 for a maximum of 120,000 iterations. We use an initial learning

rate of 2 × 10−4 with a cosine decay schedule after a 1,000-step

warmup. For the geometry-invariant contrastive objective, we set

the loss weight to Čcon = 0.05, the temperature to ă = 0.07. For

bbox grounding, we use a total weight of Čbg = 0.1. The ground-

ing loss combines a Smooth L1 box regression term with weight

Čbox = 1.0 and a point-mask term with weight Čmask = 0.25, where

the point-mask term consists of BCE and Dice losses.

Metrics. Following prior CAD reconstruction works [Kolodiazh-

nyi et al. 2025; Yang et al. 2025], we evaluate geometry quality and

sequence �delity. For geometric reconstruction, we report Chamfer

Distance (CD), Hausdor� Distance (HD), Edge Chamfer Distance

(ECD), Normal Consistency (NC), intersection-over-union (IoU), and

Invalid Rate (IR). CD and HD are computed from points uniformly

sampled on the predicted and ground-truth CAD surfaces, measur-

ing the average and worst-case bidirectional surface discrepancy,

respectively. ECD is computed on sampled CAD edge points and

re�ects the accuracy of sharp boundaries and structural edges. Note

that the values of CD, HD, and ECD metrics are rescaled by 1000

in our reported results. NC measures the cosine similarity between

corresponding surface normals, capturing local surface-orientation

consistency. IoU is computed on occupied voxels of the normalized

prediction and ground-truth into a unit bounding box. IR measures

the percentage of test samples for which no valid executable CAD

reconstruction can be obtained. In addition to Mean CD, we also

report Median CD to reduce sensitivity to a small number of di�cult

failures.

For sequence �delity, we report the step-wise negative log-likelihood

(NLL) of the CAD reconstruction process. Each step corresponds

to the CAD DSL sequence of an elementary part (i.e., a single-step

solid). Given the input CAD point cloud and all preceding ground-

truth steps, we evaluate the predicted logits for the next step.

4.2 Comparison Study

Quantitative comparisons of DeepCAD-trained models. Ta-

ble 1 reports the main comparison on DeepCAD and Fusion360.

CADRec consistently achieves state-of-the-art results across all re-

ported metrics for both the DeepCAD and Fusion360 test sets. On

DeepCAD, CADRec reduces the Mean CD to 0.62, representing a

70.5% improvement over the second-best method, PS-CAD (2.10).

This suggests that our method consistently enhances reconstruction

quality across the entire dataset, rather than being driven by im-

provements in a few outlier cases. The Median CD decreases from

0.22 to 0.17. Both metrics clearly demonstrate a signi�cant improve-

ment in the quality of the reconstructed geometry. Compared to the

second-best IoU metric of Cadrille, CADRec improves the IoU from

79.40 to 92.70 and reduces the IR from 0.90 to 0.20.

The advantage of CADRec becomes more pronounced on the

out-of-distribution Fusion360 dataset. We observe that the recon-

struction quality of existing methods deteriorates substantially un-

der the domain shift from DeepCAD to Fusion360, with signi�cant

increases in both Mean CD (1.95×) and Median CD (2.3×). In par-

ticular, CAD-Recode and Cadrille obtain Mean CD values of 6.45

and 6.65, respectively. By contrast, CADRec maintains stable re-

construction quality, reducing Mean CD to 0.81, corresponding to

an 87.8% improvement over Cadrille. These results indicate that

CADRec captures more transferable geometry and structural priors,

enabling robust generalization to structurally diverse CAD models

beyond the training distribution. Consistent improvements are also

observed in other metrics, where IoU increases from 67.1 to 85.8

and IR decreases from 1.5 to 0.1.

Test-time sampling. Table 2 reports the test-time sampling

results [Rukhovich et al. 2025] trained on DeepCAD. In this setting,

we execute 10 reconstructions for each input and take the best result

to compute the overall metric. CADRec outperforms CAD-Recode

and Cadrille in Mean CD, Median CD, and IoU on both DeepCAD

and Fusion360, and achieves a lower IR on Fusion360.
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Table 1. �antitative comparison on the DeepCAD and Fusion360 test sets. We report mean Chamfer Distance (Mean CD), median Chamfer Distance (Med.

CD), intersection-over-union (IoU), and invalid rate (IR). Lower is be�er for CD and IR, while higher is be�er for IoU. Results marked with # are taken directly

from the original papers.

Method Train Set
DeepCAD Test Set Fusion360 Test Set

Mean CD³ Med. CD³ IoU↑ IR³ Mean CD³ Med. CD³ IoU↑ IR³

DeepCAD [Wu et al. 2021] DeepCAD 42.5 9.64 46.7 7.1 330 89.2 39.9 25.2

Point2Cyl [Uy et al. 2022] DeepCAD 10.2 4.27 73.8 3.9 – 4.18 67.5 3.2

HNC-CAD [Xu et al. 2023] DeepCAD 10.91 8.64 65.3 5.6 13.8 36.8 63.5 7.3

PartCAD [Liu et al. 2026b]# DeepCAD 4.93 0.24 – 0.9 – 1.13 – 1.3

PS-CAD [Yang et al. 2025] DeepCAD 2.10 0.22 – 0.4 5.70 0.94 – 1.5

CAD-Recode [Rukhovich et al. 2025] DeepCAD 3.37 0.25 78.1 1.0 6.45 0.72 66.4 1.8

Cadrille [Kolodiazhnyi et al. 2025] DeepCAD 3.41 0.25 79.4 0.9 6.65 0.58 67.1 1.5

Ours DeepCAD 0.62 0.17 92.7 0.2 0.81 0.19 85.8 0.1

CAD-Recode [Rukhovich et al. 2025] CAD-Recode 0.76 0.18 87.1 3.8 1.18 0.20 81.9 4.4

Cadrille [Kolodiazhnyi et al. 2025] CAD-Recode 0.66 0.18 87.1 2.1 0.65 0.19 84.4 1.1

Ours CAD-Recode 0.46 0.16 93.3 0.4 0.48 0.17 84.7 0.3

Table 2. �antitative comparison under test-time sampling with 10 recon-

struction candidates per input on the DeepCAD and Fusion360 test sets.

Method Mean CD³ Med. CD³ IoU↑ IR³

DeepCAD

CAD-Recode 1.696 0.230 85.306 0.025

Cadrille 1.657 0.231 85.912 0.025

Ours 0.344 0.164 93.882 0.037

Fusion360

CAD-Recode 2.168 0.320 77.733 0.174

Cadrille 2.012 0.307 78.92 0.168

Ours 0.565 0.178 88.091 0.058

Quantitative comparisons of CAD-Recode-trained models.

Training on the substantially larger CAD-Recode dataset signif-

icantly improves the performance of code-based reconstruction

methods [Kolodiazhnyi et al. 2025; Rukhovich et al. 2025]. CADRec

remains consistently better than CAD-Recode and Cadrille across

both test sets. On DeepCAD, CADRec reduces Mean CD by 30.3%

from 0.66 to 0.46 compared with Cadrille and further improves Me-

dian CD from 0.18 to 0.16. The IoU increases from 87.10 to 93.30,

and IR decreases from 2.10 to 0.40, demonstrating improvement in

geometric accuracy, volumetric consistency, and executable validity.

On Fusion360, CADRec reduces Mean CD from 0.65 to 0.48 and

Median CD from 0.19 to 0.17, while lowering IR from 1.1 to 0.3 in a

large margin. The IoU gain on Fusion360 is smaller, increasing from

84.40 to 84.70, which suggests that CAD-Recode-trained baselines

already recover much of the coarse object volume under this set-

ting. However, the larger improvements in CD and IR indicate that

CADRec better resolves �ne-scale geometric details and produces

more reliable executable programs. To assess the performance on

CAD shapes with long sequences, we plot the stepwise Mean CD

Fig. 7. The plot of Mean CD with respect to the number of modeling steps

of CAD shapes, evaluated using CAD-Recode-trained models and tested on

the Fusion360 dataset.

curve for CAD shapes with more than 10 modeling steps in Fig. 7.

Our method maintains a lower stepwise Mean CD on CAD models

across all steps, indicating better robustness when reconstructing

structurally more complex shapes.

We report the NLL comparison in Table 3. Comparedwith Cadrille,

CADRec reduces the NLL from 1.21 to 0.76. This large improvement

suggests that the proposed hierarchical representation and geo-

metric guidance substantially improve the accuracy of CAD DSL

sequence prediction.

Qualitative comparison. In Figs. 8 and 9, we qualitatively com-

pare CADRec with PS-CAD, CAD-Recode, and Cadrille on the Deep-

CAD and Fusion360 test sets. We illustrate the strongest versions

of the competing methods, including PS-CAD trained on Deep-

CAD and CAD-Recode/Cadrille trained on the CAD-Recode dataset.

Overall, CADRec produces the most accurate overall structures

and the best local geometric details. Existing methods generally
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Fig. 8. �alitative comparison of di�erent methods on DeepCAD. PS-CAD is trained using the DeepCAD training set, while the other methods are trained

using CAD-Recode. Please zoom in to see the deviations from ground truth.
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Fig. 9. �alitative comparison of di�erent methods on Fusion360. PS-CAD is trained using the DeepCAD training set, while the other methods are trained

using CAD-Recode. Please zoom in to see the deviations from ground truth.
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Fig. 10. �alitative comparison on the in-the-wild datasets (MFCAD, CC3D-ops, and Furniture). We use Cad-Recode-trained models for the comparison.

Table 3. �antitative comparison of CAD sequence prediction on the Deep-

CAD test set. We report the negative log-likelihood (NLL) of the predicted

CAD sequence. Lower is be�er.

Method NLL↓

Cadrille [Kolodiazhnyi et al. 2025] 1.21

Ours 0.76

recover plausible coarse shapes, but cannot reconstruct complete

�ne-grained structures. In the second and sixth columns of Fig. 8

and Fig. 9, competing methods miss several small solids. Their ro-

bustness further deteriorates as structural complexity increases. In

particular, they frequently confuse circular and rectangular holes

(Fig. 8 column 7, Fig. 9 column 10), leading to incorrect local topology

and mismatched subtractive operations. We also observe that prior

methods struggle with repetitive structures and may omit repeated

components. This behavior can be observed in the antepenultimate

examples of Fig. 9. In addition, Cadrille often produces small spu-

rious disconnected components, as shown in the third, �fth, and

antepenultimate examples of Fig. 8. By recursively decomposing

the shape into localized reconstruction regions, CADRec reduces

the complexity of predicting the entire CAD shape with a single

long sequence and grounds the CADQuery code of each elementary

part to a precise geometric region in the input point cloud. This

contributes to more complete small structures, more accurate hole

types, and fewer isolated artifacts.

Qualitative evaluations on in-the-wild dataset.We further

evaluate the generalization ability of CADRec on additional in-the-

wild datasets, including MFCAD [Guo 2021], CC3D-Ops [Dupont

Table 4. �antitative comparison on the CAD-MLLM dataset. The results

for CAD-MLLM are directly taken from the original paper (denoting with

#).

Method Mean CD↓ IoU↑ IR↓

DeepCAD [Wu et al. 2021] 45.1 – 5.7

CAD-MLLM [Xu et al. 2024b]# 18.5 – 1.3

Cadrille [Kolodiazhnyi et al. 2025] 0.77 84.2 0.6

Ours 0.59 91.4 0.3

et al. 2022], and the furniture dataset following BrepGen [Xu et al.

2024a]. As shown in Fig. 10, our method can reconstruct editable

CADmodels from point clouds beyond the DeepCAD and Fusion360

domains. The results indicate that the proposed recursive decom-

position and localized CAD reconstruction are not restricted to

synthetic data, and can also handle real CAD models and point

clouds from other object categories.

Comparison on theCAD-MLLMdataset.While CAD-MLLM [Xu

et al. 2024b] released their training dataset, the o�cial source code

remains unavailable. To ensure a fair comparison, we retrained the

competing methods using the CAD-MLLM dataset and evaluated

them. The results are summarized in Table 4. Compared with Deep-

CAD, CAD-MLLM provides a larger and more diverse source of

CAD command sequences, with more detailed and realistic shapes.

This setting therefore tests whether the proposed hierarchy can

scale to other training corpora, rather than being specialized to

the DeepCAD command distribution. Under this protocol, CADRec
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Table 5. �antitative comparison of CAD reconstruction quality on the

DeepCAD test set by training methods with the DeepCAD training set.

Method HD↓ ECD↓ NC↑

PS-CAD [Yang et al. 2025] 8.66 4.65 0.89

CAD-Recode [Rukhovich et al. 2025] 5.28 1.83 0.90

Cadrille [Kolodiazhnyi et al. 2025] 5.01 1.70 0.91

Ours 4.12 1.15 0.92

achieves the best performance among all compared methods. Com-

pared with Cadrille, CADRec reduces Mean CD from 0.77 to 0.59,

improves IoU from 84.20 to 91.40, and lowers IR from 0.60 to 0.30.

The result shows that our method is scalable to di�erent CAD-

sequence training sources. When trained on the more complex CAD-

MLLM data, CADRec maintains strong reconstruction accuracy and

reduces Mean CD compared with the DeepCAD-trained setting.

Boundary and normal consistency. Table 5 evaluates the re-

construction quality using HD, ECD, and NC, following the metric

protocol of PS-CAD [Yang et al. 2025]. HD re�ects large surface

deviations, ECD focuses on edge-level structural accuracy, and NC

evaluates local surface-orientation consistency. CADRec achieves

the best result on all three metrics. Compared with Cadrille, CADRec

reduces HD from 5.01 to 4.12, corresponding to a 17.8% improve-

ment. This indicates that the proposed method suppresses severe

local deviations rather than only improving the overall surface re-

construction accuracy The improvement is more pronounced on

ECD, where CADRec reduces the error from 1.70 to 1.15, a 32.4%

improvement over Cadrille and a 75.3% improvement over PS-CAD.

Since ECD is computed on CAD edge points, this gain suggests that

recursive local reconstruction better preserves sharp boundaries,

pro�le curves, and subtractive feature edges. CADRec also obtains

the highest normal consistency (NC), improving from 0.91 to 0.92

over Cadrille. Although the NC margin is smaller, the consistent

gain indicates that the reconstructed surfaces have slightly better

normal alignment and fewer orientation artifacts. Together, these

results show that CADRec improves not only the overall structure,

but also the local boundary and surface properties that are critical

for editable CAD reconstruction.

4.3 Ablation Study

For all ablation studies, we train the models under the DeepCAD

training set and evaluate them on the DeepCAD test set.

E�ect of the CAD sequence format. Table 6 investigates the

impact of di�erent sequence organizations on performance. We

retrain CAD-Recode and Cadrille using two distinct code represen-

tations: (1) a �at representation that stacks all CAD commands into

a single long sequence (as shown in Fig. 2(a)), and (2) a stepwise

representation that organizes the CAD commands as a composition

of code blocks, where each code block corresponds to the CAD

commands of a single-step solid, following the leaf-part format illus-

trated in Fig. 2(b). Experimental results demonstrate that stepwise

grouping consistently improves performance. For CAD-Recode, the

Mean CD decreases from 3.37 to 2.67, while the IoU improves from

78.10% to 83.30%. Similarly, the Mean CD of CADrille drops from

3.41 to 2.32 and its IoU rises from 79.40% to 82.40%. These results

Table 6. Ablations on di�erent data representations. ^ denotes the training

with a flat, lengthy script,★ denotes the training with stepwise script blocks,

and ours in the last row is trained with the proposed hierarchical CAD DSL.

The metrics are evaluated on the DeepCAD test set.

Method Mean CD↓ Med. CD↓ IoU↑ IR↓

CAD-Recode [Rukhovich et al. 2025]^ 3.37 0.25 78.1 1.0

CAD-Recode★ 2.67 0.24 83.3 0.8

Cadrille [Kolodiazhnyi et al. 2025]^ 3.41 0.25 79.4 0.9

Cadrille★ 2.32 0.22 82.4 0.9

Ours★ 1.27 0.19 88.0 0.6

Ours (hierarchical DSL) 0.62 0.17 92.7 0.2

Table 7. Ablation study of each module on the DeepCAD test set. PE, BM,

H, RG, CL, and BG denote point-cloud encoder, bbox multi-task supervision,

hierarchical CAD DSL, recursive part-wise context encoding, contrastive

learning, and bbox grounding, respectively.

Components Reconstruction

PE BM H RG CL BG Mean CD↓ Med. CD↓ IoU↑ IR↓

2.64 0.24 79.4 0.84√
1.92 0.21 81.0 0.75√
2.06 0.22 84.1 0.83√ √
1.52 0.20 85.6 0.47√ √ √
1.23 0.18 87.6 0.76√ √ √ √
0.79 0.17 92.1 0.27√ √ √ √ √
0.69 0.18 91.0 0.57√ √ √ √ √ √
0.62 0.17 92.7 0.20

indicate that reorganizing CAD command sequences into stepwise

code blocks is inherently bene�cial, even without modifying the

underlying model architecture. Nevertheless, a substantial gap re-

mains compared with CADRec, suggesting that improvements in

sequence organization alone are insu�cient. By introducing the

proposed hierarchical CAD DSL, our method further reduces Mean

CD from 1.27 to 0.62 (a 51.2% improvement), increases IoU from

88.0 to 92.7, and lowers IR from 0.6 to 0.2.

Point encoder and multitask losses. We ablate the primary

components of CADRec in Table 7. Replacing the MLP-based posi-

tional embedding encoder (row 1) with a Utonia-based point cloud

encoder (row 2) leads to a substantial performance gain, reducing

Mean CD to 1.92 and lowering IR from 0.84 to 0.75. These results

highlight the importance of high-quality geometric feature extrac-

tion. Qualitative results in Fig. 11 further show that while the base-

line often misses local point-cloud details, our point cloud encoder

maintains a more accurate grasp of both local patterns and global

structure.

Adding the token prediction loss for bounding boxes of stepwise

solids (BM) provides a complementary e�ect, reducing Mean CD

to 2.06 and improving IoU from 79.4 to 84.1. The IoU gain suggests

that the guidance from stepwise bounding boxes helps the model

learn a better spatial structure. Combining the point-cloud encoder

and the token prediction loss for stepwise solid bounding boxes
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Fig. 11. �alitative comparison of ablation on DeepCAD. Please zoom in to see the deviations from ground truth.

further reduces Mean CD to 1.52, improves IoU to 85.60, and lowers

IR to 0.47, con�rming their complementary in�uences.

Recursive part splitting. By extending the �at solid-wise script

to our hierarchical DSL (H), we observe an improvement of 0.29

in Mean CD, 0.02 in Median CD, and 2.0 in IoU. However, the IR

drops for 0.29, possibly because of the increase in the CAD script

complexity. Adding both the hierarchical DSL (H) and recursive

geometric context encoding TĚ
ĝ,ğ (RG) within the part bounding

box reduces Mean CD from 1.52 to 0.79, improving IoU from 85.60

to 92.10 and lowers IR from 0.47 to 0.27. This result supports the

central design of CADRec. Instead of predicting the whole CAD

program in one global sequence, recursive generation repeatedly

uses predicted boxes to localize geometric contexts, allowing the

model to allocate more resolution to complex regions and synthesize

shorter terminal CADQuery programs. As shown in the �fth row of

Fig. 11, the recursive decomposition enables the model to split the

input point cloud into meaningful local regions, reconstruct each

part independently, and then assemble them into a coherent CAD

model. This leads to a more faithful recovery of the global structure

while preserving small geometric details that are often missed by

non-recursive variants.

Contrastive learning. Although recursive generation substan-

tially improves reconstruction quality, the method can still confuse

the roles of cropped local point clouds and the complete object point

cloud. As shown in the third and last columns of the �fth row in

Fig. 11, this confusion may lead to missing local details or incon-

sistent geometry of reconstructed shapes. We enforce a contrastive

loss to encode robust contexts for point clouds with diverse artifacts.

This design reduces Mean CD from 0.79 to 0.69, further improving

the reconstruction quality.

The bbox grounding loss. Even with recursive generation and

contrastive learning, the model may still su�er from localization

errors in some cases. As shown in the �fth column of the sixth row

in Fig. 11, some reconstructed components are shifted from their

correct positions. Similarly, the third-from-last column of the fourth

row shows that inaccurate splitting can lead to incomplete or mis-

aligned local reconstruction. To further improve spatial perception,

we introduce bbox grounding losses. The use of this component

improves the model’s localization of di�erent parts, as shown in the
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Table 8. The impact of the recursive bounding box prediction. GT denotes

using the GT bounding box for CAD reconstruction.

Reconstruction Box Pred.

Mean CD↓ Med. CD↓ IoU↑ IR↓ mIoU↑

Pred 0.62 0.17 92.7 0.20 73.2

GT 0.58 0.17 93.4 0.09 N/A

Table 9. Ablation study of the DFS and BFS-based part deriving.

Mean CD↓ Med. CD↓ IoU↑ IR↓

BFS 0.72 0.17 91.1 0.62

DFS 0.62 0.17 92.7 0.20

third and �fth columns of the penultimate row in Fig. 11, as well as

single-step operations, especially for handling holes, as shown in

the �rst and third columns from the right of the penultimate row.

With all components enabled, CADRec achieves the best results

on all metrics. Compared with the recursive variant without con-

trastive learning and bbox grounding, the full model further reduces

Mean CD by 21.5% and IR by 25.9%. These gains indicate that bbox

grounding improves the model’s ability to localize each split region

and anchor local program prediction to the correct spatial support.

E�ect of predicted boxes. Table 8 evaluates the impact of the

bounding box quality. Using predicted boxes, our method already

achieves strong reconstruction performance, with Mean CD 0.62,

Median CD 0.17, and IoU 92.7; following [Wang et al. 2025c], the

predicted boxes achieve a bbox mIoU of 73.2. Ground-truth boxes

further improve Mean CD to 0.58 and IoU to 93.4, and reduce IR

from 0.20 to 0.09. The small gap between the two settings indi-

cates that the predicted boxes are su�ciently reliable for recursive

decomposition despite the inaccurate bounding box prediction.

Generation order. Table 9 compares two generation orders for

recursive reconstruction. In the BFS variant, all split boxes are �rst

obtained, and the point cloud inside each box is reconstructed inde-

pendently. In contrast, DFS generates each step with the accumu-

lated context from previous steps. DFS improves Mean CD from 0.72

to 0.62 and IoU from 91.1 to 92.7, while keeping the same Median

CD of 0.17. It also reduces IR from 0.62 to 0.20. These results suggest

that the accumulated context in DFS helps maintain generation con-

sistency and reduces invalid CAD programs. Therefore, we adopt

DFS as the default generation order in our �nal model and all the

other experiments.

Qualitative results for hierarchical CAD reconstruction. In

Fig. 12, we further examine the hierarchical reconstruction along

with its recursive bounding box prediction. Our method is able to

recover the complex hierarchical structure with the guidance of

recursively derived bounding boxes.

4.4 Robustness Evaluation

To further assess the robustness of our approach, we report results

on the full DeepCAD test set with di�erent levels of noise. We add

Gaussian noise sampled from a zero-mean normal distribution to

Table 10. Robustness evaluation for point cloud inputs of di�erent noise

scales. We report Median CD on the full DeepCAD test set.

Method Noise Std. Ă

0.01 0.02 0.03 0.05 0.10

CAD-Recode 0.193 0.223 0.254 0.296 0.392

Cadrille 0.181 0.184 0.193 0.227 0.351

Ours 0.163 0.167 0.165 0.168 0.185

Table 11. Runtime performance.

Params (M) Inference (s/sample)

Cadrille 2209.07 0.57

Ours 2355.69 1.26

each 3D point, with the standard deviation Ă ranging from 0.01 to

0.10. Table 10 reports the Median CD under di�erent noise levels.

The Median CD of our method remains relatively stable from Ă =

0.01 to Ă = 0.05, and increases at Ă = 0.10, showing the robustness

of our approach to small-scale noise. Compared with both baselines,

CADRec consistently obtains the lowest Median CD at di�erent

levels of noise, and its advantage is most pronounced at Ă = 0.10.

4.5 Runtime Performance

Tab. 11 reports the runtime statistics extracted from the pro�ling

summaries. We report the total number of parameters (Params, M)

and the average inference time per sample (s/sample). Our method

requires longer inference time due to its recursive decomposition

and reconstruction process. This design prioritizes reconstruction

�delity and �ne-grained CAD structure over the reconstruction

speed.

4.6 Limitations

Fig. 13 demonstrates two typical failure cases. In the �rst case, the in-

put point cloud has complex nesting, with multiple sets of cylinders

nested together. Our method cannot recover details, as the point

cloud for some parts is a�ected by interference from surrounding

parts. In the second case, the input point cloud are multiple cylin-

ders that can be combined, but the current point cloud sampling

may identify them as a single cylinder by mistake. Moreover, our

framework does not support advanced modeling operations, such as

�llets, chamfer, and freeform surfaces and extending both the train-

ing data and CADQuery codes to cover these modeling operations

is an important direction for future work.

5 Conclusions

We presented CADRec, a hierarchical point-cloud-to-CAD recon-

struction framework that recovers editable CAD models through

recursive decomposition and local CADQuery script prediction.

By organizing single-step solids into a part hierarchy, CADRec

separates global structural reasoning from localized geometry re-

construction and assembles the predicted local programs into a
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Fig. 12. �alitative results for hierarchical CAD reconstruction. Each example displays recursive top-down bounding box predictions (le�) alongside the

corresponding part hierarchy, constructed bo�om-up from CAD reconstructions (right).

Fig. 13. Failure cases. The method has di�iculty in recovering (a) complex

nested structures and (b) small geometry details.

complete CAD model. Experiments on DeepCAD and Fusion360

show that this hierarchical formulation improves geometric ac-

curacy, program validity, and geometric regularity over existing

methods, and further suggests its potential for data-e�cient CAD

reconstruction. A current limitation is that our framework relies

on a prede�ned sketch–extrude grammar and bounding-box-based

localization; extending it to richer CAD operations and more �exible

part decompositions is an important direction for future work.
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