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Abstract

Generative modeling for Computer-Aided Design (CAD) remains

fundamentally challenged by the need to capture the intricate inter-

play between discrete topological connectivity and precise spatial

geometry inherent in Boundary Representations (B-reps). Exist-

ing generative approaches largely formulate CAD construction as

a sequence modeling problem, but consequently lack an explicit

topological inductive bias. In this work, we present GraphCAD,

a geometry-aware generative framework that centers modeling

on the Edge-Adjacency Graph (EAG), a novel graph-based CAD

representation tailored for generative tasks. GraphCAD adopts a

hybrid graph diffusion formulation to jointly model the discrete and

continuous components of EAG and introduces a geometry-aware

denoising mechanism that “renders” node attributes into spatial

point sets. These point sets are encoded by an SE(3)-equivariant

backbone and fused into the node representations, thereby ground-

ing the generative process in physical geometry. To support this

study, we construct EAGBench, a large-scale dataset of engineering

CADmodels. Extensive experiments show that GraphCAD can gen-

erate complex CAD models with more than 50 faces and achieves

state-of-the-art performance in geometric fidelity and distributional

alignment compared with sequence-based baselines.
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1 Introduction

The foundation of modern engineering and manufacturing depends

critically on Computer-Aided Design (CAD) models for the rigorous

specification of physical objects [7, 40, 41]. Although automating

the synthesis of such models is highly desirable for accelerating de-

sign workflows, the inherently hybrid structure of CAD data makes

this problem particularly challenging [3, 26, 34]. In practice, CAD

data is most commonly represented in the Boundary Representation

(B-rep) format [15], which defines 3D models through parameter-

ized faces, edges, and vertices, jointly encoding the geometric and

topological information necessary for a complete description of the

shape [18, 22, 30]. As a result, directly synthesizing B-reps remains

notoriously difficult, since it requires modeling continuous geomet-

ric parameters and discrete topological connectivity in a unified

manner [12, 28, 29].

Prevailing approaches typically model B-reps either as sequences

of commands [19, 23, 37] or as Constructive Solid Geometry (CSG)

programs [36, 39, 54]. While these paradigms are intuitive, they

often struggle to preserve strict topological integrity [24, 51]. In

sequence-based generation, for example, a small error in an early

operation can propagate through the entire construction process,

ultimately producing disjoint loops, non-manifold edges, or entirely

invalid geometries. More recently, methods such as BrepGiff [11]

and GraphBRep [21] have sought to mitigate these topological

issues by abstracting B-reps into Face-Adjacency Graphs [16]. By

leveraging the structural advantages of graph representations, these

methods have shown promising results. However, because they

typically rely on UV-domain sampling to approximate geometry

and do not explicitly anchor generation to a 1D wireframe scaffold,

they remain limited in enforcing the precise boundary constraints

required for high-fidelity industrial CAD models.

To address these limitations, we revisit prevailing graph formu-

lations and introduce GraphCAD. In contrast to prior approaches
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(a) Boundary representation. (b) EAG construction.

(c) EAG representation.

Node Attributes

Type:

☑Line Arc Circle
Parameters:

𝐩start : (x, y, z)
𝐩end : (x, y, z)
𝐩center : (masked)

Face

Edge
Vertex

Figure 1: Construction of the Edge-Adjacency Graph (EAG)

representation. (a) A Boundary Representation (B-rep) of a

CAD solid. (b) Construction of the Edge-Adjacency Graph,

where each graph node corresponds to a topological edge in

the B-rep and graph edges indicate shared B-rep vertices. (c)

The EAG representation with node attributes, where each

node encodes the curve type together with compact analytic

geometric parameters.

based on Face-Adjacency Graphs, where nodes correspond to com-

plex trimmed surfaces, our method adopts a new graph construction

paradigm centered on 1D wireframe edges. Specifically, we propose

the Edge-Adjacency Graph (EAG), which redefines the fundamental

graph unit from faces to edges. Under this formulation, each node

represents a topological edge augmented with hybrid attributes,

including curve types and spatial parameters.

To synthesize the proposed EAG representation, GraphCAD

employs a geometry-aware hybrid graph diffusion framework. To

accommodate the heterogeneous nature of EAG, we formulate a hy-
brid diffusion process that jointly models the distribution of discrete

topological attributes and continuous geometric parameters. Unlike

standard graph diffusion models, which treat node attributes as in-

dependent numerical vectors, our method explicitly interprets them

as spatial geometry. During diffusion, we “render” the numerical

attributes associated with topological B-rep edges into 3D curves,

sample local point sets from these curves, and encode them with an

SE(3)-equivariant backbone. This design grounds abstract param-

eters in their physical realization, enabling the model to capture

the intricate interplay between topological connectivity and geo-

metric fidelity inherent to the EAG representation. To validate our

approach, we introduce EAGBench, a large-scale unified dataset

constructed by aggregating and standardizing component-level

B-reps from existing repositories such as DeepCAD [47] and the

Fusion 360 Gallery [46].

Our contributions can be summarized as follows:

• We introduce the Edge-Adjacency Graph (EAG), a novel

graph representation of Boundary Representations (B-reps)

specifically designed for CAD generation.

• We present GraphCAD, a geometry-aware graph diffusion

framework for CAD generation. Its SE(3)-equivariant de-

noising network produces predictions that transform consis-

tently under rigid transformations while effectively model-

ing the hybrid distribution of EAG data.

• We propose a novel geometry rendering mechanism that

bridges abstract graph attributes and physical shape realiza-

tion. By “rendering” node attributes into 3D curves and sam-

pling spatial point sets, this mechanism enables the graph

neural network to better perceive and encode the underlying

CAD geometry.

• We construct EAGBench, a large-scale unified benchmark

built upon the EAG representation. Extensive experiments on

EAGBench show that GraphCAD achieves state-of-the-art

performance in geometric fidelity and distributional align-

ment, while maintaining highly competitive topological va-

lidity compared with leading sequence-based baselines.

2 Related Work

2.1 Generative CAD Modeling

The generation of CAD models has attracted increasing attention

in recent years [2, 38, 50]. Early approaches often represented CAD

shapes using Constructive Solid Geometry (CSG) [33, 53, 55]. Al-

though theoretically expressive, CSG-based methods are generally

regarded as overly complex and insufficiently flexible for typical

industrial design scenarios [1]. As a result, much of the recent litera-

ture has shifted toward feature-based modeling paradigms in which

shapes are represented as sequences of commands [25, 45, 52, 56].

Recent methods such as Text2CAD [20] and CADDreamer [27]

have substantially improved controllability and geometric fidelity

within this paradigm. Nevertheless, these approaches still rely on

sequential or implicit formulations. Because they primarily encode

command histories rather than explicit geometric-topological struc-

ture, they offer limited direct access to topological and geometric

information and therefore lack an explicit topological inductive

bias. Consequently, a critical gap remains for generative methods

that can directly synthesize robust CAD representations.

2.2 Representation Learning for B-reps

Boundary Representation (B-rep) defines a solid through geometric

primitives, such as parametric curves and surfaces, together with

topological entities including vertices, edges, and faces [31]. While

discrete representations, such as point clouds [35], voxels [48],

meshes [13], and sequences [10], have been extensively studied,

they lack the exact geometric precision required for engineering

design. To bridge the gap between deep learning and precise CAD

modeling, prior work has sought to encode B-reps into learnable

graph structures [4, 5, 49]. UV-Net [16] pioneered the representa-

tion of B-reps as Face-Adjacency Graphs (FAGs), in which nodes

are associated with 2D surface features extracted from UV grids.

This face-centric formulation was later adopted and extended by

generative methods such as BrepGiff [11] and GraphBRep [21],

which leverage graph structures to preserve complex topological

relationships during generation. However, because these methods

typically represent nodes as complex trimmed surfaces and decom-

pose generation into multiple submodules, they often suffer from
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𝓖𝒕 𝓖𝒕−𝟏

Denoising Step

Input Rotation Output Rotation

Geometry-Aware Denoising

RenderVector Neurons

…

𝓖𝟎𝓖𝑻 = (𝐗𝐓, 𝐏𝐓, 𝐄𝐓)

Line

Arc

Circle

Edge-Adjacency 
Graph

…

MPNN

VN Layers

Curve Sampling

Edge

Figure 2: Overview of the GraphCAD framework. Top: The generative pipeline. Themodel synthesizes CADmodels by iteratively

denoising the Edge-Adjacency Graph (EAG), our proposed topological representation of B-rep geometry. Bottom: The Geometry-

Aware Denoising module. Unlike standard graph-based methods that treat node attributes as abstract vectors, our approach

explicitly “renders” these attributes into spatial point sets through “Curve Sampling”. The sampled point sets are then processed

by an SE(3)-equivariant Vector Neuron backbone to extract rotation-robust geometric embeddings.

computational redundancy, error accumulation across stages, and

substantial difficulty in enforcing precise 1D boundary constraints.

2.3 Graph Diffusion and Equivariance

Diffusion models [8, 14] have achieved state-of-the-art performance

across a wide range of generative tasks. In the graph domain, meth-

ods such as GDSS [17] and DiGress [44] have successfully extended

diffusion modeling to continuous and discrete graph structures,

respectively. However, applying these generic frameworks to CAD

requires addressing domain-specific engineering constraints, par-

ticularly the physical symmetries of 3D space. SE(3)-equivariant

networks [9] have demonstrated strong effectiveness in applications

such as molecular dynamics by ensuring robustness to rotations. In

this work, we bring these advances into the CAD domain. Building

upon discrete graph diffusion, we develop an SE(3)-equivariant

hybrid model specifically tailored to the Edge-Adjacency Graph.

This design enables the generation of rigorous engineering geome-

tries with invariant likelihoods, a property that remains largely

overlooked in existing graph generative models.

3 Method

We present a novel generative framework for CAD models (see

Figure 2). To introduce a stronger topological inductive bias in

sequence-based methods, we shift the representation paradigm

from parametric CAD sequences to the Edge-Adjacency Graph

(EAG). This formulation introduces strong structural inductive

biases that naturally promote topological integrity and, in turn,

improve generation quality. Based on this representation, we de-

velop a geometry-aware hybrid graph diffusion model that jointly

generates both structural connectivity and precise 3D geometry,

treating them as physical spatial entities rather than independent

abstract variables.

3.1 Edge-Adjacency Graph Representation

Conventional graph-based representations of B-reps typically adopt

a Face-Adjacency Graph, in which nodes correspond to parametric

surfaces. Although effective for discriminative tasks, the intrin-

sic complexity of these high-dimensional surface features makes

learning their joint distribution computationally prohibitive for

generative modeling. To address this limitation, we identify the

wireframe as the primary structural skeleton of a solid. Accordingly,

as illustrated in Figure 1, we shift the graph formulation from faces

to edges.

Formally, given a Boundary Representation B, we construct an

undirected graph G = (V, E).
Definition 3.1 (Edge Nodes). LetV = {𝑣1, . . . , 𝑣𝑁 } be the set of

nodes, where each node 𝑣𝑖 corresponds to a unique topological edge

𝑒
𝑡𝑜𝑝𝑜

𝑖
in B. Associated with each node 𝑣𝑖 is a compact geometric

feature vector h𝑖 ∈ R12
.

In our specific implementation, we adopt a concise analytical pa-

rameterization. The feature vector is structured as a concatenation

of primitive attributes:

h𝑖 = [xtype, pstart, pend, pcenter], (1)

where xtype ∈ {0, 1}3 is a one-hot encoding of the curve type. In

our representation, edge primitives are categorized into three an-

alytical types: Line, Arc, and Circle. For Spline curves, we adopt

a piecewise-arc approximation and represent each spline as a se-

quence of arc segments in the graph. Each p ∈ R3
denotes a 3D

spatial point. For Line primitives, pcenter is masked. For Circle prim-

itives, pstart and pend are sampled on the circumference such that

the chord connecting them does not pass through pcenter. This geo-
metric constraint ensures that the three points are non-collinear,

thereby uniquely determining the circle’s 3D plane and curvature.

As illustrated in Figure 3, these primitives capture the line, arc, and

circle boundaries produced by common sketch-and-extrude opera-

tions, including solids with curved boundaries. The corresponding

surfaces are recovered during B-rep reconstruction.
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Sketch + Extrude CAD

Line / Arc / Circle CAD Solid

Our EAG Representation

Line Arc Circle

Commands Parameters

< 𝑆𝑂𝐿 > ∅

L (Line) 𝑥, 𝑦: line end-point

A (Arc)

𝑥, 𝑦

𝑥, 𝛼

𝑥, 𝑓

: arc end-point

: sweep angle

: counter-clockwise

R (Circle)
𝑥, 𝑦

𝑥, 𝑟

: center

: radius 

E (Extrude) …

< 𝐸𝑂𝑆 > ∅

E
x

tr
u

d
e

Figure 3: Relationship between sketch-and-extrude CAD and the EAG representation. EAG encodes the resulting line, arc, and

circle boundary primitives as typed nodes, while graph edges capture their topological adjacency.

Definition 3.2 (Topological Connectivity). The set of graph

edges E defines the connectivity between physical CAD edges. We

define an edge (𝑣𝑖 , 𝑣 𝑗 ) ∈ E if the corresponding CAD edges 𝑒
𝑡𝑜𝑝𝑜

𝑖

and 𝑒
𝑡𝑜𝑝𝑜

𝑗
share a common vertex in the B-rep data structure.

3.2 Hybrid Graph Diffusion

To effectively model the distribution of this graph representation,

we introduce a hybrid graph diffusion model M𝜃 for EAG genera-

tion. Specifically, we extend the discrete graph diffusion framework

to a hybrid state space that jointly captures the distribution of dis-

crete semantic attributes and continuous geometric parameters (see

Appendix B for the detailed mathematical derivation).

Data Formulation. Let 𝐺 = (V, E) be the Edge-Adjacency

Graph with 𝑛 nodes. Unlike standard discrete diffusion models

that operate solely on categorical data, our node attributes lie in

a product space of discrete semantics and continuous geometry,

represented by spaces X and P, respectively. We use x𝑖 ∈ {0, 1}𝑑𝑥
to denote the one-hot encoded semantic type (Line, Arc, Circle) of

node 𝑖 , where 𝑑𝑥 = 3, organized in a matrix X ∈ R𝑛×𝑑𝑥 . Similarly,

we use p𝑖 ∈ R𝑑𝑝 to denote the continuous geometric parameters

(e.g., coordinates, radii), organized in a parameter matrix P ∈ R𝑛×𝑑𝑝 ,
where 𝑑𝑝 = 9. The tensor E𝑡 ∈ R𝑛×𝑛×𝑑𝑒 is the one-hot encoding of

the edge set E. The complete state of the graph at time 𝑡 is thus

denoted by the tuple G𝑡 = (X𝑡 , P𝑡 , E𝑡 ).
Forward Process. We define a forward diffusion process 𝑞 that

progressively corrupts the clean graph G0 over 𝑇 timesteps. Cru-

cially, the noise is applied independently to the discrete, continuous,

and topological components. The joint transition distribution fac-

torizes as:

𝑞(G𝑡 | G𝑡−1) = 𝑞disc (X𝑡 | X𝑡−1)
× 𝑞cont (P𝑡 | P𝑡−1) × 𝑞edge (E𝑡 | E𝑡−1) .

(2)

For the discrete components (semantics X𝑡 and topology E𝑡 ), we
adopt the matrix transition formulation from DiGress. The noise

is defined by a sequence of Markov transition matrices Q𝑡 . The
forward transition applies the noise independently to each node

(or edge), sampling from a categorical distribution:

X𝑡 ∼ C𝑎𝑡 (X𝑡−1Q𝑡 ). (3)

A key property of this Markov chain is that the marginal distri-

bution at any arbitrary timestep 𝑡 can be computed in closed form

as X𝑡 ∼ C𝑎𝑡 (X0Q𝑡 ), where Q𝑡 = Q1 . . .Q𝑡 .
For the continuous component P, we employ a standard Gaussian

diffusion process with a variance schedule 𝛽𝑡 . The transition kernel

for the parameter matrix is defined as:

P𝑡 =
√︁
1 − 𝛽𝑡P𝑡−1 +

√︁
𝛽𝑡E, E ∼ N(0, I), (4)

where E ∈ R𝑛×𝑑𝑝 is the sampled Gaussian noise matrix.

Reverse Process. During generation, the reverse transition is

conditionally factorized as

𝑝𝜃 (G𝑡−1 | G𝑡 ) = 𝑞(P𝑡−1 | P𝑡 , 𝝐𝜃 )
× 𝑞(X𝑡−1 | X𝑡 , X̂0)𝑞(E𝑡−1 | E𝑡 , Ê0).

(5)

Here, (X̂0, Ê0, 𝝐𝜃 ) = 𝑀𝜃 (G𝑡 , 𝑡). Although conditionally factorized

for tractable sampling, the three components remain coupled through

the shared denoising network𝑀𝜃 (G𝑡 , 𝑡), which processes the com-

plete noisy graph and jointly predicts (X̂0, Ê0, 𝝐𝜃 ).

3.3 Geometry-Aware Denoising

To fully leverage the geometric priors inherent in the EAG represen-

tation, we design a geometry-aware denoising networkM𝜃 (G𝑡 , 𝑡)
that explicitly grounds latent attributes in their physical realization.

Standard graph diffusion architectures typically treat node features

as abstract numerical vectors. In our framework, however, these

attributes encode explicit spatial definitions that are essential for

valid construction. To effectively capture this geometric structure,

we adopt a modular architecture composed of three stages: Geomet-
ric Feature Extraction, Equivariant Backbone, and Hybrid Prediction
Heads.

Geometric Feature Extraction. To provide grounded spatial

guidance, we explicitly “render” the noisy latent parameters into a

point-based representation before feeding them to the backbone.

For every node 𝑣𝑖 at timestep 𝑡 :

• Bézier Instantiation:We interpret the noisy parameters p𝑖,𝑡
as control points for Quadratic Bézier curves conditioned

on x𝑖,𝑡 . This relaxation robustly generates valid, differen-

tiable 3D loci even when intermediate states violate strict

geometric invariants (e.g., unequal radii).
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• Point Sampling: We uniformly sample 𝐾 = 100 points

along this reconstructed noisy curve to generate a local dis-

crete point set:

P𝑖,𝑡 = {u𝑘 }𝐾𝑘=1, (6)

where P𝑖,𝑡 comprises 𝐾 sampled coordinates u𝑘 ∈ R3
for

node 𝑣𝑖 at timestep 𝑡 .

• Geometric Encoding: To ensure SE(3) equivariance (see

Sec. 3.4), we process P𝑖,𝑡 using a Vector Neuron [6] encoder

𝜓vn. This module maps the point set to a rotation-equivariant

embedding g𝑖,𝑡 =𝜓vn (P𝑖,𝑡 ) ∈ R𝑑𝑔×3, comprising 𝑑𝑔 distinct

3D vector features. This embedding satisfies

𝜓vn (R · P𝑖,𝑡 ) = R ·𝜓vn (P𝑖,𝑡 ), (7)

for any rotation matrix R ∈ 𝑆𝑂 (3), where the rotation is

applied to the spatial dimension of each feature vector.

Equivariant Backbone. The backbone Φbackbone processes the

node attributes h𝑖 (defined in Eq. 1) by partitioning them into two

distinct feature streams: a scalar stream s𝑖 containing rotation-

invariant features (specifically, one-hot node types), and a vector
stream V𝑖 ∈ R(𝑑𝑔+3)×3

formed by concatenating the geometric pa-

rameters p𝑖 with the rendered point-set embeddings g𝑖 . Inside the
network, these streams are updated in parallel: s𝑖 via standard MLPs

and V𝑖 via SE(3)-equivariant operations. This dual-stream design

preserves rotational equivariance within the denoising backbone

while maintaining geometric consistency.

Hybrid Prediction Heads. The network outputs are generated

by hybrid prediction heads 𝜙head: classifiers for the discrete node

types and edge topology, and a regressor for the continuous pa-

rameters. Specifically, we train the model to predict the clean start
state for both discrete structures (X0, E0) and the noise term 𝝐 for

the continuous parameters via a hybrid loss function:

L = LCE (X0, X̂𝜃 ) + LCE (E0, Ê𝜃 ) + 𝜆∥Mask ⊙ (𝝐 − 𝝐𝜃 )∥2 . (8)

Here, the first two terms represent the cross-entropy losses for node

semantic types and edge connectivity. The third term supervises the

continuous geometry, weighted by 𝜆. Crucially,Mask is a semantic-

aware binary mask derived from the ground truth types X0. It zeros

out the loss for geometric attributes that are undefined for a specific

curve type (e.g., the center parameter for a Line), preventing the

model from hallucinating gradients for non-existent geometry.

3.4 SE(3) Equivariance

We focus on the SE(3)-equivariance of the denoising network𝑀𝜃 (G𝑡 , 𝑡).
Let G denote the space of Edge-Adjacency Graphs.

Definition 3.3 (SE(3) Group Action). We define the action of a

rigid body transformation 𝑟 = (R, t) ∈ 𝑆𝐸 (3) on an edge-adjacency

graph 𝐺𝑡 ∈ G, denoted as 𝑟 ◦𝐺𝑡 . Formally, let Γ : G → B be the

mapping from EAGs to solid B-reps. The action is defined by the

commutative property via the underlying geometric coordinates:

𝑟 ◦𝐺𝑡 ≜ Γ−1 (𝑟 · Γ(𝐺𝑡 )). (9)

This formulation ensures that transforming the abstract graph

representation corresponds to rotating and translating the underly-

ing CAD geometry. By handling translation through input canoni-

calization and rotation through an SO(3)-equivariant backbone, the

denoising network satisfies the following equivariance property.

Line

𝐩start: (1,0,0)

𝐩end: (1,0,0)

𝐩start 𝐩end==

(a) Degenerate Line (zero length)

Arc

𝐩start: (0,0,0)

𝐩end: (2,0,0)
𝐩start 𝐩end

Collinear (undefined arc)

(b) Collinear Arc Points

𝐩center: (1,0,0)𝐩center: masked

𝐩center

Circle

𝐩start: (1,0,0)

𝐩end: (0,2,0)

(c) Inconsistent Radius

𝐩center: (0,0,0)
𝐩start 𝐩center

𝐩end

Unequal radius

(d) Inconsistent Vertex Sharing

Endpoint mismatch

Figure 4: Visual categorization of the primary failure modes

encountered during EAG-to-B-rep reconstruction.

Theorem 3.4 (SE(3) Eqivariance). Let 𝐺𝑡 ∈ G be a noisy
graph and 𝑟 ∈ 𝑆𝐸 (3) be a rigid transformation. The denoising network
M𝜃 satisfies (detailed proof in Appendix A):

M𝜃 (𝑟 ◦𝐺𝑡 ) = 𝑟 ◦M𝜃 (𝐺𝑡 ) . (10)

Remark. The theorem states that transforming the input EAG

produces a correspondingly transformed network prediction. This

claim applies specifically to the denoising network and does not

assume strict SE(3)-equivariance of the subsequent sampling and

B-rep reconstruction operations.

4 Experiments

4.1 Setup

4.1.1 Dataset Construction. We introduce EAGBench, a compre-

hensive benchmark suite specifically designed for graph-based CAD

generative modeling. EAGBench consists of two distinct datasets,

EAGBench-DC and EAGBench-FS, enabling robust evaluation of gen-
erative performance across different data distributions and levels

of modeling complexity.

We collect raw B-rep models from two major public repositories:

DeepCAD [47] and the Fusion 360 Gallery [46]. To ensure compat-

ibility with our framework, we first perform geometric dedupli-

cation to remove redundant samples and further exclude models

for which valid surface area or volume cannot be parsed. For each

remaining model, we extract the hybrid attributes required by the

Edge-Adjacency Graph. In particular, we parse the topology to en-

sure that each graph node corresponds to a unique topological edge

in the B-rep. The geometric parameters (pstart, pend, pcenter) are then
extracted and normalized to the unit cube [−1, 1]3. The resulting
benchmarks exhibit diverse topological characteristics:

EAGBench-DC: Derived from the DeepCAD repository, this

subset contains 95,392 unique models. It has an average of 16.6

nodes per graph and an average node degree of 3.7. The dataset is

dominated by line segments, which account for 85.5% of all prim-

itives, reflecting the prevalence of prismatic features in standard

mechanical components.

EAGBench-FS: Derived from the Fusion 360 Gallery, this subset

contains 2,839 models. Compared with DeepCAD, these models ex-

hibit greater geometric complexity. The dataset has an average node

degree of 3.4, and its primitive distribution contains a higher pro-

portion of curved geometries, including 14.3% circles and 8.0% arcs.
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Table 1: Quantitative evaluation of unconditional generation across two benchmarks. We measure distributional alignment

between generated and reference Edge-Adjacency Graphs (EAGs) using maximummean discrepancy over node degree (Deg),
clustering coefficient (Clus), and orbit counts (Orb). Generative quality is further evaluated in terms of Validity, Uniqueness,
and Novelty. Best results are shown in bold.

Model Deg ↓ Clus ↓ Orb ↓ Validity ↑ Uniqueness ↑ Novelty ↑
EAGBench-DC

GraphNVP 0.836 0.749 1.634 52.79 89.79 81.96

GDSS 0.659 0.721 1.310 80.08 85.21 79.50

ConGress 0.313 0.399 0.559 71.97 91.20 85.18

DiGress 0.242 0.383 0.183 95.31 93.42 89.34

GraphCAD (Ours) 0.176 0.248 0.120 98.05 95.76 92.21

EAGBench-FS

GraphNVP 0.202 0.402 0.172 30.03 88.26 83.14

GDSS 0.199 0.297 0.159 54.08 87.19 84.25

ConGress 0.178 0.244 0.131 53.12 93.27 92.13

DiGress 0.169 0.239 0.127 77.45 95.16 95.82

GraphCAD (Ours) 0.162 0.233 0.114 96.58 99.12 98.96

This subset therefore serves as a challenging testbed for generating

complex nonlinear structures.

4.1.2 Baselines. We evaluate our framework against two cate-

gories of baselines to assess both topological correctness and geo-

metric fidelity. For graph generation, we compare against state-

of-the-art autoregressive and diffusion-based models, including

GraphNVP [32], GDSS [17], ConGress [44], and DiGress [44], to

validate the structural quality of the generated EAGs. ForCAD gen-

eration, we benchmark against DeepCAD [47], a representative

sequence-based method, as well as Text2CAD [20] and TGBFN [57].

We further compare with graph-based CAD generation methods,

including BrepGiff [11] and GraphBRep [21].

4.1.3 Metrics. We employ a comprehensive set of metrics covering

both graph topology and geometric fidelity. For graph structure,

following standard protocols [44], we report Validity, Uniqueness,

and Novelty, along with maximum mean discrepancy on degree

distribution (Deg), clustering coefficient (Clus), and orbit counts

(Orb). For CAD geometry, we follow the evaluation protocol of

NURBGen [42]. Specifically, we measure the Invalidity Ratio (IR),
as well as the squared Chamfer Distance (CD) and the Hausdorff

Distance (HD), computed on 8,192 uniformly sampled surface points

after normalizing each shape to the [−1, 1]3 unit cube. To further

assess distributional alignment and generative diversity, we report

the Jensen-Shannon Divergence (JSD) and the Minimum Matching

Distance (MMD). Note that Validity in Table 1 and IR in Table 2, 3 are

complementary measures computed using the same EAG-to-B-rep

reconstruction pipeline.

4.1.4 B-rep Reconstruction. Given a generated EAG G0, we in-

stantiate lines, arcs, and circles using BRepBuilderAPI_MakeEdge
and assemble adjacent edges into closed wires using BRepBuilder-
API_MakeWire. We then reconstruct compatible surfaces from these

wires and stitch the resulting faces into a shell. Its watertightness

is verified using BRepCheck_Analyzer, after which valid shells are

converted into solids for uniform surface sampling. Sequence-based

baselines use their official reconstruction implementations, whereas

all graph-based methods share the pipeline above. The resulting

B-reps are evaluated using identical metrics.

4.1.5 Implementation Details. We implement a hybrid graph dif-

fusion framework with 𝑇 = 500 timesteps. The SE(3)-equivariant

VNEncoder processes local point sets via a three-stage hierarchy

(32, 64, 128 channels) using VN-LeakyReLU activations. Rotation-

invariant embeddings are derived via VN-Max-Pooling followed

by an invariant linear projection. For diffusion, we utilize Markov

transition matrices for discrete variables and a Gaussian variance

schedule 𝛽𝑡 for continuous parameters. Training is conducted on

3 NVIDIA A800 GPUs. Please refer to Appendix C for additional

configurations.

4.1.6 Failure Mode Analysis of EAG-to-B-rep Reconstruction. We

categorize reconstruction failures into four primary types, as il-

lustrated in Fig. 4: (i) degenerate primitives (Fig. 4a), where co-

incident endpoints (pstart ≈ pend) produce zero-length edges that

cannot be incorporated into the B-rep wireframe; (ii) undefined

arc parametrization (Fig. 4b), where collinear pstart, pend, and
pcenter fail to uniquely determine the plane and curvature of an

arc or circle; (iii) geometric inconsistency (Fig. 4c), where the

constraint ∥pstart − pcenter∥ ≈ ∥pend − pcenter∥ is violated beyond

the CAD kernel tolerance, resulting in invalid primitives; and (iv)

topological mismatch (Fig. 4d), where graph-connected edges

have non-coincident endpoints, producing an open wire that fails

the watertightness check required for solid B-rep construction.

4.2 Unconditional Topological Generation

We evaluate the ability of GraphCAD to capture the latent distri-

bution of Edge-Adjacency Graphs (EAGs). As shown in Table 1,

GraphCAD consistently outperforms both flow-based (GraphNVP)

and diffusion-based (GDSS, ConGress, DiGress) baselines across

all evaluation metrics. In particular, our model achieves the lowest

Deg, Clus, and Orb scores, indicating a closer match to the reference

topological distribution. The advantage is especially pronounced

on the more challenging EAGBench-FS benchmark: whereas the
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Figure 5: Unconditional generation results on the EAGBench dataset. GraphCAD generates realistic CAD models with complex

geometry and topology.

Table 2: Quantitative comparison of conditional generation. We evaluate reconstructed B-rep models in terms of topological

validity (IR), geometric fidelity (CD, HD), and distributional quality (JSD, MMD). Note: For readability, CD, JSD, and MMD are

each reported after scaling by 10
2
within the [−1, 1]3 unit cube.

EAGBench-DC EAGBench-FS

Model IR ↓ CD ↓ HD ↓ JSD ↓ MMD ↓ IR ↓ CD ↓ HD ↓ JSD ↓ MMD ↓
Sequence-based
Transformer [43] 12.02 11.83 0.48 83.94 4.02 19.11 17.51 0.81 84.01 5.33

DeepCAD [47] 9.29 6.76 0.51 98.40 4.25 13.07 14.98 0.79 92.53 5.91

Text2CAD [20] 3.87 3.36 0.45 59.63 3.98 8.29 4.62 0.63 70.38 4.78

TGBFN [57] 0.78 2.34 0.37 65.92 3.40 6.48 5.35 0.72 74.73 5.08

Graph-based
GraphBRep [21] 9.08 7.69 0.66 96.39 4.16 16.88 15.71 0.80 88.59 5.36

BrepGiff [11] 2.17 2.27 0.39 67.23 3.62 6.53 4.72 0.74 73.91 4.29

GraphCAD (Ours) 1.67 1.73 0.28 33.22 1.97 5.42 3.37 0.59 64.97 3.52

Table 3: Ablation study on the EAGBench-DC dataset evaluating the contribution of individual components in GraphCAD.

We compare the full model with variants that remove the SE(3)-equivariant backbone (w/o SE(3) Equivariance), semantic loss

masking (w/o Loss Masking), and point-based geometric rendering (w/o Geometric Rendering).

Graph Metrics CAD Metrics

Model Deg ↓ Clus ↓ Orb ↓ Validity ↑ Uniqueness ↑ Novelty ↑ CD ↓ HD ↓ JSD ↓ MMD ↓
Full Method (Ours) 0.164 0.236 0.119 98.33 96.71 90.38 1.73 0.28 33.22 1.97

w/o SE(3) Equivariance 0.234 0.377 0.166 97.27 93.98 89.16 2.17 0.44 42.37 2.67

w/o Loss Masking 0.316 0.395 0.582 73.17 92.11 88.46 2.48 0.51 47.56 2.93

w/o Geometric Rendering 0.352 0.411 0.612 66.45 87.93 80.38 5.70 0.66 67.23 3.62

strongest baseline, DiGress, attains a validity of 77.45%, GraphCAD

preserves a substantially higher validity of 96.58%. This large mar-

gin suggests that our geometry-aware formulation is particularly

effective at modeling the intricate connectivity constraints inherent

in engineering components.

Beyond structural validity, the consistently high Uniqueness

(> 95%) and Novelty (> 92%) scores across both datasets indicate

that GraphCAD produces diverse samples without evident overfit-

ting or mode collapse. Qualitative results in Figure 5 further show

that GraphCAD, trained on the graph-based EAGBench dataset,

generates realistic and diverse CAD B-reps with complex topology

and geometry. Together, these results validate that the EAG repre-

sentation, coupled with our hybrid diffusion process, successfully

grounds topological generation in physical geometric constraints,

thereby promoting both structural soundness and sample diversity.

4.3 Conditional CAD Generation

We further evaluate the ability of GraphCAD to generate precise

3D CAD models under specific input constraints, following the pro-

tocol of TGBFN [57]. As shown in Table 2, our framework achieves

a more favorable balance between topological validity and geo-

metric accuracy. Although TGBFN attains a slightly lower IR on

EAGBench-DC, GraphCAD consistently delivers superior geomet-

ric fidelity, reducing CD by approximately 26% (2.34 to 1.73).

On EAGBench-DC, GraphCAD achieves the best performance

on all geometric and distributional metrics, attaining the lowest
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Table 4: Impact of point sampling density (𝐾). Trade-off be-

tween inference computational cost and generation quality

on EAGBench-DC. Computational cost is measured on a sin-

gle batch of 256 samples.

Points (𝐾)
Computational Cost Generation Quality

VRAM (GB) Time (s) IR (↓) CD (↓)
0 4.40 ± 0.03 131 ± 1 27.59 5.47

10 4.60 ± 0.02 145 ± 2 2.52 2.81

20 4.64 ± 0.02 146 ± 1 2.67 2.23

50 4.93 ± 0.01 149 ± 2 1.84 2.29

100 5.06 ± 0.03 151 ± 2 1.78 1.94

CD, HD, JSD, and MMD. In particular, compared with TGBFN, it

reduces CD from 2.34 to 1.73 and substantially lowers JSD from

65.92 to 33.22. Although TGBFN achieves the lowest IR (0.78%),

our method remains highly competitive in validity (1.67%) while

providing clearly stronger geometric reconstruction quality.

On the more challenging EAGBench-FS benchmark, GraphCAD

consistently outperforms all baselines across all five metrics. Our

method achieves the lowest IR (5.42%), CD (3.37), HD (0.59), JSD

(64.97), and MMD (3.52), surpassing both sequence-based methods,

such as Text2CAD, and graph-based methods such as GraphBRep

and BrepGiff. These results indicate that GraphCAD is not only

more robust in preserving valid topology under complex conditions

but also more accurate in recovering fine-grained geometry and

the overall data distribution. The qualitative results in Figure 6

further support this conclusion, showing that GraphCAD generates

more coherent and geometrically faithful solids, whereas baseline

methods more frequently exhibit structural or geometric artifacts.

4.4 Ablation Study

To validate our architectural design, we compare GraphCAD against

variants lacking specific components. The results in Table 3 con-

firm the necessity of each module. As shown in Table 3, the full

GraphCAD model performs best overall, achieving the strongest

balance between topological quality and geometric fidelity. Remov-

ing SE(3) equivariance leads to a moderate yet consistent decline

across both graph and CAD metrics, with lower validity and worse

reconstruction quality, indicating that equivariant geometric en-

coding improves robustness to spatial variation. Removing loss

masking leads to a much larger drop in validity and noticeably

weaker geometric consistency, confirming that suppressing super-

vision on undefined attributes is essential for stable learning. The

most damaging ablation is removing geometric rendering, which

causes the largest deterioration in validity, geometric fidelity, and

distributional alignment, indicating that directly grounding node

attributes in sampled spatial geometry is critical to the model. Over-

all, the ablation study shows that GraphCAD derives its advantage

primarily from explicit geometry awareness, which tightly couples

topological generation with faithful CAD reconstruction.

Table 4 further examines the effect of the point sampling density

𝐾 . Without explicit rendering (𝐾 = 0), the model struggles to satisfy

structural constraints, resulting in a high invalidity ratio of 27.59%.

Introducing even a sparse point set (𝐾 = 10) reduces this failure

rate to 2.52%, underscoring the importance of spatial grounding

Text2CAD

TGBFN

BrepGiff

GraphCAD
(Ours)

GT

DeepCAD INVALID INVALID

INVALID

INVALID

Figure 6: Qualitative comparison of CAD models from con-

ditional generation. From top to bottom, we show results

produced by DeepCAD, Text2CAD, TGBFN, BrepGiff, our

proposed GraphCAD, and the Ground Truth (GT).

for preserving topological consistency. Increasing 𝐾 to 100 further

improves both geometric fidelity (CD decreases to 1.94) and validity

(1.78% IR), while incurring only a modest computational overhead.

In particular, VRAM usage increases by 0.66 GB (from 4.40 GB

to 5.06 GB), supporting 𝐾 = 100 as a practical trade-off between

reconstruction quality and efficiency.

5 Limitations

Several limitations remain. First, EAG models 1D boundary curves

rather than explicit 2D surface patches. Although it supports curved

boundaries and non-planar surfaces through line, arc, and circle

primitives, complete surface definitions, such as NURBS control

points, are recovered through post-processing. This reconstruction

may introduce errors in regions with complex curvature. Second,

the iterative diffusion process requires 𝑇 denoising steps, making

inference slower than single-pass generative methods. Finally, our

experiments focus on component-level parts. Scaling EAG gen-

eration to large assemblies with thousands of topological edges

remains challenging because of the substantially larger discrete

state space.

6 Conclusion

In this paper, we introduced GraphCAD, a geometry-aware hy-

brid graph diffusion framework for CAD generation built upon the

proposed Edge-Adjacency Graph (EAG) representation. By com-

bining a curve rendering mechanism with an SE(3)-equivariant

backbone, our model grounds abstract node attributes in spatial

geometry, thereby promoting robust topological and geometric

consistency. Extensive experiments on the EAGBench benchmark

demonstrate that GraphCAD achieves state-of-the-art performance

in both validity and fidelity compared with existing sequence-based

and graph-based baselines. In future work, we plan to extend this

probabilistic formulation to infer full surface definitions, moving

beyond wireframe generation toward complete solid reconstruc-

tion.
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