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Abstract. Current token-sequence-based Large Language Models (LLMs)
struggle to directly process 3D Boundary Representation (B-rep) mod-
els that contain complex geometric and topological information. To this
end, we propose BrepLLM, the first multimodal framework that enables
LLMs to directly parse and reason over raw B-rep data. BrepLLM adopts
a two-stage training pipeline: cross-modal alignment pre-training and
two-stage LLM fine-tuning. In the first stage, we design an adaptive
UV sampling strategy to convert B-reps into graph representations that
integrate geometric and topological information. Subsequently, we con-
struct a hierarchical BrepEncoder to extract features from geometric
elements (faces and edges) and topology, generating a global token and
a sequence of node tokens. Then, via contrastive learning, we conduct an
initial alignment between this global token and the text embeddings of a
frozen CLIP text encoder (ViT-L/14). In the second stage, we integrate
the pre-trained BrepEncoder into the LLM and employ a two-stage pro-
gressive strategy to align the sequence of node tokens: (1) training an
MLP-based semantic mapping network that utilizes the prior knowledge
of a 2D-VLM to align the B-rep representation to the 2D visual semantic
space; (2) utilizing LoRA for parameter-efficient fine-tuning of the Q-
Former and the LLM backbone network to achieve the final 3D-language
generation capability. Furthermore, we construct the Brep2Text dataset,
which contains 269,444 B-rep and text question-answer pairs. Experi-
ments demonstrate that BrepLLM achieves SOTA performance on 3D
object classification and captioning tasks.The project page is available
at https://user-deng.github.io/BrepLLM/.
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1 Introduction

Large language models (LLMs) have recently achieved remarkable progress in
natural language processing [1,15,28], computer vision [3,23,25],and 3D under-
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What is this model?

This is a 3D solid model of 
what appears to be a 
mechanical rocker arm or 
a mounting bracket.

How are the holes and the 
keyway added?

After the main body is 
created, the two circular 
holes are made using 
the Extruded Cut or 
Hole command. The 
keyway is also created 
with an extruded cut, 
based on a rectangular 
sketch drawn on the 
inner wall of the hole.

What is the object in this file?

This is a 3D solid model with a 
rectangular base and a 
circular top, featuring a
stepped feature on each side.

What are the components 
of this B-rep model？

The model consists of a cubic 
base with rounded edges, 
one large and four small 
cylinders on top, and curved 
step features on the sides. 
These geometric features 
combine to form this 
complex part.

What is this disc-shaped 
part?

This is a 3D model of a 
Circular Flange, commonly 
used in piping systems.

Are those bolt holes rotated 
out?

The bolt holes are created 
after the main body is 
revolved, using an 
Extruded Cut. You would 
typically create one hole, 
and then use the Circular 
Pattern feature to copy it 
around the center to 
create the other four, 
ensuring they are evenly 
spaced.

Outline this given solid CAD 
model below?

A hexagonal nut with a
central circular hole and
six flat sides.

What are the overall 
dimensions of this B-rep 
model?

The design features a 
hexagonal nut with a 
central through-hole. The 
overall bounding 
dimensions of the model 
are approximately 0.65 
units in length, 0.75 units 
in width, and an extrusion 
thickness of 0.20 units.

Fig. 1: We introduce BrepLLM, a multi-modal large language model capable of under-
standing B-rep models. By natively perceiving the topology and geometry of B-reps,
it enables multi-turn interactions without occlusion or viewpoint dependency.

standing [34,43,51],establishing a unified foundation for multimodal intelligence.
In industrial applications, Computer-Aided Design (CAD) plays an indispens-
able role, widely used in manufacturing, aerospace, and architecture [12]. CAD
models are precisely defined by Boundary Representations (B-reps), which serve
as the predominant format for expressing complex geometries in freeform sur-
face modeling [46]. Unlike point clouds or triangle meshes, B-reps encode exact
parametric surfaces together with a watertight topology and explicit topological
adjacency, making them both information-rich and structurally constrained for
downstream geometric reasoning and symbolic manipulation. Enabling LLMs
to directly parse and reason over native B-rep models would drive significant
advances in industrial model design and intelligent manufacturing.

However, existing large model frameworks still cannot directly process the
native geometric and topological structures of CAD models. Instead of directly
modeling B-reps, they typically convert CAD into executable intermediate repre-
sentations—such as command sequences, sketch operation sequences, or program
code—that are later executed by a CAD kernel. For example, CAD-MLLM [42]
generates CAD command sequences to synthesize parametric models from text,
images, or point clouds. CadVLM and CAD-LLM [38, 39] leverage pretrained
models to generate sketch sequences for tasks such as sketch auto-completion
and constraint reasoning, while cadrille and CAD-Coder [5, 18] use LLMs to
generate CAD programs for indirect 3D construction. Although these methods
have shown progress for generation and editing, their operation space is largely
procedural rather than the underlying B-rep entities (faces/edges) and topology,
which limits genuine geometric or topological reasoning. Moreover, construction
sequence data is extremely scarce, whereas native B-rep models are an industry-
standard format that is abundant and easier to acquire at scale.

To bridge this gap, we propose BrepLLM, the first large language model
framework for directly understanding B-rep (Figure 1). BrepLLM employs a two-
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stage training pipeline, consisting of Cross-modal Alignment Pre-training
and Two-stage LLM Fine-tuning (Figure 2). In the cross-modal alignment
stage, we introduce an adaptive UV sampling strategy that converts B-reps into
graph representation. We design BrepEncoder, a hierarchical architecture that
jointly extracts local geometric features of faces, edges, and topological features,
which are then globally aggregated to produce a representation. We then employ
a CLIP-style contrastive learning strategy [32] to align the global representation
produced by BrepEncoder with the frozen CLIP text encoder (ViT-L/14) [31],
thereby constructing a unified geometry–language embedding space.

In the LLM fine-tuning stage, we integrate the pretrained BrepEncoder into
a large language model and adopt a two-stage progressive alignment strategy.
We first leverage the alignment priors of 2D vision–language models (2D-VLMs)
to establish an initial correspondence between B-reps and text. We then perform
LoRA-based fine-tuning to incorporate B-rep representations into the LLM’s se-
mantic space. Furthermore, we construct the Brep2Text dataset, comprising
269,444 high-quality Brep–language pairs. This dataset serves as a large-scale
benchmark for training and evaluating models on B-rep-centric language under-
standing and reasoning tasks.

Our key contributions are as follows:

– We propose BrepLLM, the first framework that enables large language mod-
els to directly parse and reason over native B-rep models.

– We introduce an adaptive UV sampling strategy and a hierarchical BrepEn-
coder to model geometry and topology, producing multi-granularity repre-
sentations over faces, edges, and their connectivity.

– We adopt a progressive alignment strategy that transfers alignment priors
from 2D-VLMs and gradually integrates B-rep geometric features into the
semantic space of large language models via LoRA-based fine-tuning.

– We establish the first large-scale benchmark for B-rep-centric language un-
derstanding tasks, comprising 269,444 high-quality B-rep models paired with
natural language question–answer examples.

2 Related Work

2.1 CAD in LLMs

Recent work on integrating LLMs into CAD has predominantly followed a pro-
cedural representation paradigm, converting parametric CAD into command se-
quences or domain-specific languages (DSLs) amenable to generation and edit-
ing. In the realm of sequence generation, CAD-LLM [38] and CadVLM [39]
tackle sketch auto-completion, while Text2CAD [16], Text to CADQuery [41],
and Query2CAD [2] pioneer text-conditioned CAD command sequence synthe-
sis paradigm. Building on these foundations, CAD-LLama [20], CAD-coder [5],
LLM4CAD [24], and FlexCAD [50] further enhance code construction capabili-
ties via instruction tuning. Multimodal and interactive applications have likewise
flourished: CAD-MLLM [42] and CAD-GPT [37] supported multimodal sequence
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generation, whereas CAD-Editor [47], CAD Translator [22], BlenderLLM [6], and
CAD-Assistant [27] explore local editing, code migration, and interactive assis-
tance. Nevertheless, these methods primarily operate over procedural sequences
rather than directly on the native B-rep entities — faces, edges, and topological
structures — and thus fall short of direct geometric perception in 3D space. Fur-
thermore, they depend on complete construction history data, which is difficult
to obtain: the DeepCAD dataset [40], which includes build sequences, is only
one-fifth the size of the ABC dataset [17], which provides only the final B-rep
models. These constraints in data scale and modeling flexibility pose significant
bottlenecks when scaling toward larger CAD foundation models.

2.2 Direct B-rep Learning

As the standard data format in industrial CAD, B-rep has attracted growing
attention for 3D model classification, retrieval, feature recognition, and gener-
ation. Especially in the field of 3D generation, learning methods based directly
on native B-rep are gradually becoming a research hotspot because they do not
rely on construction history or predefined modeling operations. SolidGen [14]
decomposes B-rep generation into joint prediction of vertices, edges, and faces,
though it does not support freeform surface and curve types. To overcome these
geometric expressiveness limitations, BrepGen [46] introduces a multi-stage dif-
fusion model for B-rep generation in latent space, and NeuroNURBS [7] employs
B-spline surface primitives in place of traditional UV grids for more compact
geometric encoding. To improve the structural validity of generated outputs,
DTGBrepGen [21] proposes disentangled generation of topology and geometry.
Additionally, HoLa [26] constructs a holistic variational autoencoder that maps
complete B-rep models into a unified latent space, substantially simplifying la-
tent diffusion model training. Most recently, AutoBrep [45] adopts an autoregres-
sive architecture for B-rep sequence generation, achieving notable improvements
in both generation quality and computational efficiency. In a related direction,
BrepARG [19] represents B-rep models as holistic token sequences that jointly
encode geometric and topological information, further demonstrating the poten-
tial of sequence modeling for native B-rep generation. Despite these advances in
native B-rep representation and generation, existing methods mainly focus on
reconstruction or generative modeling, and no existing work has yet realized a
unified multimodal large language model capable of natively parsing B-rep data
and supporting complex engineering reasoning.

2.3 3D Large Models for Object Understanding

Recent efforts to integrate LLMs with 3D data have made substantial progress
on object-level understanding tasks. Early approaches [13] rely on multi-view
2D renderings to leverage existing 2D vision-language models, but such meth-
ods are susceptible to spatial occlusion and lose fine-grained 3D geometric de-
tail. The research paradigm has since shifted toward direct processing of 3D
native data. Representative works including Point-Bind [11], PointLLM [44],
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Architecture of BrepLLM
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Fig. 2: Overview of the BrepLLM architecture. The framework consists of two steps.
Step 1 (Left): Cross-modal Alignment Pre-training. BrepEncoder processes the B-rep
model to produce a global feature. This feature is then aligned with text embeddings
from a frozen CLIP Text Encoder (ViT-L/14) using a contrastive loss. Step 2 (Right):
Two-stage LLM Fine-tuning. The frozen BrepEncoder’s node tokens are progressively
aligned with LLM. Stage I trains an MLP to map the node tokens; Stage II fine-tunes
the Q-Former and LLM using LoRA.

and ShapeLLM [29] introduce pretrained 3D encoders to achieve end-to-end
alignment between point cloud features and the representation space of lan-
guage models, effectively bridging geometric and semantic information. Building
on these, MiniGPT-3D [34] incorporates 2D priors and proposes a Mixture-of-
Query-Experts (MQE) module with a cascaded training strategy, further improv-
ing the efficiency and fidelity of mapping point cloud features to the text space.
GreenPLM [49] enables direct transfer of monolingual pretrained language mod-
els to other languages via bilingual lexicons. Beyond object-level understanding,
recent studies have also extended 3D language-conditioned intelligence toward
physically grounded world modeling and embodied action. Mirage2Matter [9]
constructs a physically grounded Gaussian world model from video for scal-
able embodied training data generation, while HUGE-Bench [10] introduces a
benchmark for high-level UAV vision-language-action tasks in 3D digital-twin
environments. These efforts highlight the growing importance of connecting 3D
perception, language, and action. Despite these advances, existing 3D large mul-
timodal models (3D LMMs) still predominantly operate on discrete point clouds,
polygonal meshes, 2D renderings, or scene-level Gaussian representations. Such
representations inherently struggle to capture the continuous parametric surfaces
and strict topological constraints in native CAD B-rep, leaving precise geometric
understanding and reasoning in engineering scenarios an open challenge.

3 Method

3.1 Architecture Overview

BrepLLM adopts a two-stage training framework: Cross-modal Alignment
Pre-training and Two-stage LLM Fine-tuning, as illustrated in Figure 2.
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Cross-modal Alignment Pre-training aims to extract high-dimensional
geometric and topological features from raw CAD data and align them with
natural language descriptions, consisting of three steps. (1) Graph Represen-
tation: B-rep models are converted into graphs by representing face-adjacency
topology as edge, and representing parameterized fine-grained geometry as node
via adaptive UV sampling; (2) Feature Encoding: A hierarchical BrepEncoder
processes the graph and extracts both a global token representing the entire B-
rep and a sequence of node tokens corresponding to each face; (3) Cross-modal
Alignment: The global B-rep feature is aligned with text embeddings from a
frozen CLIP text encoder (ViT-L/14) via CLIP contrastive loss.

Two-stage LLM Fine-tuning freezes the BrepEncoder and fine-tunes the
pretrained language model Qwen3-8B [36] in two stages. Stage I (Geometry-
to-Vision Bridging): A lightweight MLP is trained to project B-rep features
into the Q-former input space; Stage II (3D–Language Alignment): The
Q-former and selected LLM layers are fine-tuned using LoRA.

3.2 Cross-modal Alignment Pre-training

B-rep Parameterization. To ensure compatibility with neural network inputs
while preserving geometric and topological information, we propose a multi-
scale adaptive UV sampling strategy. See Figure 3(a). This approach constructs
a face-edge topological graph structure for joint discretization of faces and edges,
where nodes represent parameterized face patches and edges encode adjacency
relationships between faces. Face domains employ area-driven grid sampling,
while edges adopt length-adaptive point sampling to establish multi-scale geo-
metric representations across local details and global structures.

For face discretization, in the adaptive UV sampling, with given parame-
ter domain ΩS = [umin, umax] × [vmin, vmax], where umin, umax and vmin, vmax

refer to the two directions minimum and maximum dimensions discretization
respectively. The density NS is computed as:

NS = N face
min +

AS −Amin

Amax −Amin
· (N face

max −N face
min ) (1)

where Amin/Amax denote the minimum/maximum face areas in the model. Each
sample point (uk, vl) ∈ ΩS yields a 10-dimensional feature tensor XS ∈ RNS×10

by extracting 3D coordinates P ∈ R3, unit normals n ∈ S2, mean curvature
H ∈ R, visibility mask V ∈ {0, 1}, face type t ∈ Z, and normalized area a =
AS/Amax.

For edges, the sampling count MC is determined by:

MC = M edge
min +

ℓC − ℓmin

ℓmax − ℓmin
· (M edge

max −M edge
min ) (2)

with ℓmin/ℓmax representing edge length range. Each sample point produces an
8-dimensional sequence feature XC ∈ RMC×8 containing 3D coordinates Q ∈ R3,
unit tangents τ ∈ S2, edge type c ∈ Z, and normalized length b = ℓC/ℓmax.
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Fig. 3: The overview of BrepEncoder. (a) B-rep parameterization using area-adaptive
UV sampling for faces and length-adaptive sampling for edges, producing the face
attribute tensor XS and edge attribution tensor XC . (b) Hierarchical BrepEncoder.
Face features Ff , edge-conditioned features Fe, and global topology features Ft are
extracted from per-node tokens hi. A global graph feature hcls is obtained via global
attention pooling.

This framework provides high-quality input for cross-modal alignment pre-
training through Cface = 10 node features and Cedge = 8 edge features, with face
sampling count NS and edge sampling count MC each constrained to the range
[32, 64], balancing geometric precision and topological integrity.
Hierarchical BrepEncoder. We design a novel Hierarchical BrepEncoder to
encode geometry and topology of a B-rep model. The encoder produces a global
graph feature hcls and a sequence of node tokens obtained by concatenating
three level-wise features. The global feature is used for contrastive learning, and
the node tokens are used to fine-tune the LLM. It explicitly decomposes B-rep
features into three disentangled, fine-to-coarse hierarchical representations: 1)
the fine-grained face feature Ff , 2) edge-conditioned feature Fe, and 3) global
topology feature Ft. See Figure 3(b).

We compute the face feature Ff for geometric details within each face. For
this branch, we process the full attribute tensor of each face that contains ge-
ometric attributes (e.g., coordinates, normals, mean curvature, etc.). This ten-
sor is fed into a PointTransformerV3 module [40], which applies self-attention
over these sampled attribute points to produce a 32-dimensional feature vector
Ff ∈ R32.

Then we compute the edge-conditioned feature Fe to encode local boundary
and neighborhood information defined by adjacent edges. We introduce an Edge
Encoder that transforms five attributes of each edge (e.g., coordinates, tangents,
edge type, normalized length) into a feature representation capturing edge-level
geometry. This representation is used as the kernel in an NNConv layer, en-
abling neighbor-to-center face message passing conditioned on the geometry of
the shared boundary, resulting in a 32-dimensional feature Fe ∈ R32.

Finally, we extract the global topological feature Ft of the B-rep model. We
first encode the 3D coordinates of faces and edges, using 2D and 1D CNNs, re-
spectively. The resulting features are fed into two layers of EGATConv. Through
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multi-hop attention propagation, information about the global topology is inte-
grated into each face node, resulting in a 64-dimensional Ft ∈ R64.

These three features are concatenated to face node i:

hi = [F
(i)
t ∥F (i)

e ∥F (i)
f ] ∈ R128 (3)

For contrastive learning and LLM fine-tuning, the BrepEncoder outputs a
global graph feature hcls and a sequence of node tokens [h1, h2, . . . , hn]. The
global feature hcls serves as a compact representation of the entire B-rep model
for contrastive pretraining, while the node tokens hi encode hierarchical geomet-
ric and topological information and are used as inputs for aligning the LLM.
Brep–Text Embedding Alignment. Directly train a large language model
with a complex, hierarchical graph representations as input is challenging. To
bridge this gap, we first align the B-rep features with natural language descrip-
tions through contrastive pretraining, mapping both modalities into a shared
semantic embedding space. Then, we construct the Brep2Text dataset, which
contains a large number of CAD models paired with corresponding textual de-
scriptions. Based on this dataset, we adopt a CLIP-style dual-tower architecture
for pretraining. The text tower is a frozen CLIP text encoder (ViT-L/14) [32],
while the geometry tower comprises our BrepEncoder combined with a projector
layer, which is jointly trained to align geometric representations with the text
embedding space.

We take the global graph feature hcls and feed it into a projector layer. This
projects the feature to match the embedding dimension D of the text encoder,
resulting in the final B-rep global embedding zbrep ∈ RD. For the text modality,
the descriptive caption is fed into the frozen CLIP text encoder, and the output
is used as the semantic text representation ztext ∈ RD. We employ a symmetric
contrastive loss for training. Given a batch of N matched shape-text pairs, we
first L2-normalize their respective embeddings:

ẑbrep = zbrep/∥zbrep∥2, ẑtext = ztext/∥ztext∥2 (4)

We then compute a pairwise cosine similarity matrix S ∈ RN×N , where
Sij = ẑbrep,i · ẑtext,j . These similarity scores are scaled by a learnable tempera-
ture parameter τ within the softmax normalization to obtain the shape-to-text
distribution P and the text-to-shape distribution Q:

Pij =
exp(Sij/τ)∑N
k=1 exp(Sik/τ)

(5)

Qij =
exp(Sij/τ)∑N

k=1 exp(Skj/τ)
(6)

Finally, we adopt the symmetric InfoNCE loss, which maximizes the similar-
ity of the N correctly matched pairs (i.e., the diagonal elements of the probability
distributions):

LCLIP = − 1

2N

N∑
i=1

(logPii + logQii) (7)
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This loss pulls matched CAD–text pairs closer together while pushing un-
matched pairs farther apart in the shared space. During this stage, we optimize
the BrepEncoder to produce these language-aligned representations, while the
entire CLIP text encoder remains frozen. This process yields a language-aligned
geometric embedding that serves as the foundation for the subsequent LLM
fine-tuning stages.

3.3 Two-stage LLM Fine-tuning

After aligning geometric and textual representations, we integrate the pretrained
BrepEncoder into a large language model [36] to form an end-to-end generation
pipeline from geometry to text. The overall architecture comprises the B-rep
encoding module, the geometry→Q-Former projection, the pretrained Q-Former,
and the LLM backbone. The BrepEncoder outputs a sequence of node tokens,
denoted as [h1, h2, . . . , hn] ∈ RN×Dg . To match the pretrained BLIP-2 Q-Former
embedding width (Dqf = 1408), we use a two-layer MLP to project the 128-
dimensional geometric tokens to Dqf , yielding the Q-Former value input Xqf ∈
RT×Dqf .
Stage I: Geometry-to-Vision Bridging. We freeze the BrepEncoder, the Q-
Former, and the LLM, and train only the geometry→Q-Former projection head
(two-layer MLP). To transform the variable-length geometric tokens into a fixed-
size representation for stable training, the pretrained Q-Former employs Q = 32
learnable query vectors. These queries cross-attend to the geometric embedding
sequence X, distilling the variable-length input into 32 fixed tokens. The result-
ing outputs are linearly mapped into the LLM hidden space and trained with
an autoregressive cross-entropy objective. This establishes an initial semantic
bridge from geometric tokens to the pretrained vision–language interface while
preserving linguistic priors.
Stage II: 3D–Language Alignment Fine-tuning. Building on Stage I, we
apply LoRA-based joint tuning to selected components: key sublayers and neces-
sary normalization layers of the Q-Former, the geometry→Q-Former projection,
and a small subset of LLM parameters. The BrepEncoder remains frozen. This
stage aims to establish a stable and semantically coherent mapping between
structured B-rep representations and the language space. By jointly adapting
the cross-modal interface and the language backbone with a small learning rate,
the model progressively acquires the capability to interpret Brep-specific geo-
metric and topological patterns and express them in natural language.

4 Brep2Text Dataset

To train and evaluate our model, we introduce Brep2Text, the first large-scale
instruction-tuning dataset and benchmark specifically designed for the B-rep
data modality. Built upon the Text2CAD corpus, Brep2Text leverages two se-
mantic tiers: the abstract level and the beginner level. The abstract level prompts
high-level semantic descriptions of CAD objects (e.g., function or category),
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while the beginner level focuses on outlining basic modeling steps. This dual-tier
design explicitly encourages the model to jointly acquire categorical semantic un-
derstanding and procedural modeling logic—two core capabilities essential for
real-world CAD interaction.

For each of the 134,722 unique B-rep models, we use Qwen-Max to auto-
matically generate level-specific questions that are semantically aligned with the
original human-written descriptions in Text2CAD, which serve as ground-truth
answers. This yields a total of 269,444 high-quality question–answer pairs. Fur-
thermore, we strictly reserve 200 CAD models as a held-out test set to ensure
reliable evaluation. Brep2Text is not only the first instruction-following dataset
tailored to B-rep representations but also establishes a reproducible benchmark
for parametric CAD understanding tasks. See Appendix for details.

5 Experiment

5.1 Experimental Setup

Implementation Details. We adopt a two-step training scheme and conduct
all experiments on 4 * 80GB A800 GPUs. We select the Qwen3-8B [36] model
as the large language model backbone and initialize the Q-Former and projector
using the pre-trained weights of TinyGPT-V [48]. In the first stage, we utilize
the AdamW optimizer with an initial learning rate of 1 × 10−4 and a weight
decay of 0.01. A linear warmup is applied for the first 5 epochs, followed by a
cosine annealing strategy. The batch size is set to 256, and the model is trained
for a total of 200 epochs with mixed-precision training and gradient clipping
enabled. In the second stage, the weight decay is set to 0.05. The learning rate
for the stage-1 is set to 3 × 10−5, and 5 × 10−6 for the stage-2. Following the
settings of previous works [29,35,44], we allocate 200 samples to the test set. For
a fair comparison with point cloud-based baseline methods, each B-rep model
is converted into a point cloud representation P ∈ Rn×d, where the number of
points n is 8192 and the feature dimension d is 6 (missing color channels are
set to black). For the VLM baselines, we render standard three-view images for
each B-rep model. Additionally, we employ the “Qwen3-30B-A3B-Instruct-2507”
model as the judge model during the evaluation phase. More implementation
and training details can be found in the supplementary material.
Baselines. To investigate the performance gap among image-based, point cloud-
based, and B-rep-based Multimodal Large Language Models, and to demonstrate
the superiority of the B-rep data format in representing CAD geometry, we select
several competitive 2D and 3D MLLMs as baselines. Under a consistent data split
and evaluation protocol, we retrained all baselines on the Brep2Text dataset and
uniformly use Qwen3-30B [36] for objective quantitative evaluation.

5.2 3D Object Captioning

To evaluate the model’s fine-grained semantic understanding of 3D CAD objects,
we conduct a 3D object captioning task on the Brep2Text dataset.
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Table 1: 3D object captioning results on the Brep2Text dataset. Results are reported
across human evaluation, LLM evaluation, and traditional metrics. The bold and
underline denote the best and second best, respectively; green numbers show gains
over the second best.

Model LLM Size Qwen3-30B Sentence-BERT SimCSE Human Evaluation

Correctness Hallucination↓ Precision

LLaVA-13B [25] 13B 36.73 45.67 47.16 2.16 1.58 63.15
Qwen3-VL-8B [4] 8B 55.48 67.65 68.85 3.97 0.86 78.76
PointLLM-7B [43] 7B 46.81 65.72 66.05 3.32 1.13 74.60
PointLLM-13B [43] 13B 49.65 66.78 67.32 3.46 1.28 72.99
ShapeLLM-7B [30] 7B 48.32 67.14 68.77 3.79 0.96 79.78
ShapeLLM-13B [30] 13B 51.36 68.36 70.12 3.74 1.35 73.47
Minigpt-3D [34] 2.7B 56.58 71.64 73.13 4.01 1.04 79.40

61.36 75.42 77.23 4.63 0.83 83.62BrepLLM 8.4B
(+4.78) (+3.78) (+4.10) (+0.62) (+0.03) (+3.84)

Settings. All models are prompted with a unified instruction: “How was
this CAD model constructed? Please describe this CAD model in detail.” To
ensure a comprehensive evaluation, we adopt three complementary assessment
protocols: (1) Large Language Model evaluation, where Qwen3-30B judges the
semantic consistency between the generated captions and human annotations;
(2) Traditional metric evaluation, following the methods of PointLLM [44] and
MiniGPT-3D [35], which uses Sentence-BERT [33] and SimCSE [8] to compute
embedding-based semantic similarity; (3) Human evaluation, where volunteers
perform blind assessments using FreeCAD. Volunteers visually inspect each B-
rep model and score the models’ responses along two dimensions: Correctness
(the number of accurately described attributes, such as shape, dimensions, and
modeling steps) and Hallucination (the count of unsupported or fabricated de-
tails). Precision is defined as the ratio of the number of correct attributes to the
total number of asserted attributes.

Results. As shown in Table 1, BrepLLM achieves state-of-the-art perfor-
mance across all evaluation dimensions. It obtains a Qwen3-30B score of 61.36,
outperforming the strongest baseline (MiniGPT-3D) by 4.78 points. Further-
more, it improves the Sentence-BERT and SimCSE similarity scores by 3.78 and
4.10, respectively, demonstrating its superior understanding of fine-grained ge-
ometric and parametric structures. In human evaluation, BrepLLM achieves a
precision of 83.62 and the lowest hallucination rate of 0.83, surpassing all base-
lines in generating accurate and structurally faithful descriptions. It is worth
mentioning that our 8.4B BrepLLM comprehensively outperforms larger 13B-
parameter models in both automatic and human evaluations. These results vali-
date BrepLLM’s strong capability to capture CAD-specific semantics and faith-
fully reflect them, showcasing the fine-grained 3D understanding inherited from
B-rep representation learning.
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Table 2: Generative 3D object classification on the Brep2Text test split. We report
accuracy under two prompts (I/C) and their arithmetic mean.

Model LLM Size Input I (%) C (%) Average

LLaVA-13B [25] 13B Single-V. Img. 46.5 44.5 45.5
Qwen3-VL-8B [4] 8B Tri-V. Img. 54.0 55.0 54.5

PointLLM-7B [43] 7B 3D Point Cloud 52.5 51.0 51.75
PointLLM-13B [43] 13B 3D Point Cloud 53.0 51.5 52.25
ShapeLLM-7B [30] 7B 3D Point Cloud 53.5 52.5 53.0
ShapeLLM-13B [30] 13B 3D Point Cloud 54.5 53.0 53.75
Minigpt-3D [34] 2.7B 3D Point Cloud 56.0 56.5 56.25

BrepLLM 8.4B B-rep 60.5
(+4.5)

59.5
(+3.0)

60.0
(+3.75)

5.3 Generative 3D Object Classification

To evaluate BrepLLM’s categorical understanding of parametric 3D CAD geom-
etry, we formulate a generative object classification task based on free-form text
generation on the Brep2Text test split.

Settings. Each sample is queried using two prompt styles: instructional (I)
“What is this?”, and completion (C) “This is an object of ”. Given the B-rep
input and a prompt, the model generates a text response. Following the evalu-
ation protocol of the captioning task, we employ Qwen3-30B as an automatic
judge to determine whether the generated response matches the ground-truth
category. We report the classification accuracy (%) under the instructional (I)
and completion (C) settings, as well as their arithmetic mean (Average).

Results. As shown in Table 2, BrepLLM achieves an accuracy of 60.5% under
instructional prompting (I) and 59.5% under completion prompting (C), result-
ing in an average accuracy of 60.0%. This result comprehensively outperforms the
baselines, exceeding them by margins of +4.5, +3.0, and +3.75 percentage points
on the I, C, and Average metrics, respectively. Notably, BrepLLM exhibits highly
consistent performance across different prompt formats—the gap between I and
C is only 1.0 percentage point, reflecting its robustness to prompt variations.
Furthermore, our 8.4B-parameter BrepLLM surpasses all larger 13B-parameter
baselines. This superiority stems from its direct modeling of B-rep structures,
which explicitly encodes geometric and topological information, thereby enabling
reliable category inference even in open-ended generative scenarios.

5.4 Ablation Studies

Under the same settings and evaluation protocol as the main experiments, we
conduct ablation studies on the core components to quantify their necessity and
contribution to downstream task performance.

Adaptive UV sampling. As shown in Table 3, adaptive UV sampling
brings a significant performance improvement of +3.24% in the first stage (Stage I).
Although the relative gain slightly narrows after full training (Stage I+II), it still
maintains a stable contribution of +2.15%. This suggests that its primary role
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Table 3: Adaptive UV
sampling.

Stage w/o (%) w/ (%) ∆

I 40.59 43.83 +3.24
I+II 59.21 61.36 +2.15

Table 4: Hierarchical
BrepEncoder.

Stage w/o (%) w/ (%) ∆

I 39.64 43.83 +4.19
I+II 57.39 61.36 +3.97

Table 5: Training pro-
cess.

I II Accuracy (%)

✓ 43.83
✓ 59.12

✓ ✓ 61.36

is to enhance the model’s early perception of fine-grained geometric structures.
Even as the model’s overall semantic understanding capabilities improve, adap-
tive UV sampling remains a crucial module for capturing precise surface details.

Hierarchical BrepEncoder. As shown in Table 4, introducing hierarchical
feature extraction brings significant and consistent improvements across all train-
ing stages, increasing accuracy by +4.19% in Stage I and +3.97% in Stage I+II.
This indicates that explicitly modeling the hierarchical structure of B-reps can
effectively capture multi-granular geometric information, thereby significantly
enhancing the model’s deep semantic understanding of complex CAD objects.

Training process. As shown in Table 5, we validate the proposed two-
stage fine-tuning scheme. When only Stage I is enabled, the accuracy is 43.83%,
indicating that while the initial geometry-to-vision mapping is helpful, it is in-
sufficient to support high-quality language generation. When training with only
Stage II, the accuracy reaches 59.12%, demonstrating that 3D-language align-
ment is the primary driver of performance improvement. However, skipping
Stage I limits the model’s geometric prior knowledge. Activating both stages
simultaneously achieves the best performance with an accuracy of 61.36%. This
demonstrates that adopting a progressive training strategy can more fully un-
leash the model’s potential.

5.5 Qualitative Results

Figure 1 qualitatively demonstrates BrepLLM’s strong capability in perceiving
and reasoning about CAD data. Through natural language interaction, Bre-
pLLM can generate technically accurate descriptions of CAD models. It not
only identifies the overall shape but also extracts specific dimensional informa-
tion (e.g., length, width, and extrusion thickness), and clearly explains complex
sequences of modeling operations, such as Extruded Cut and Circular Pattern.

Furthermore, Table 12 presents a comparison between BrepLLM and the
baseline on 3D object captioning. As shown in Sample 1, when faced with com-
plex geometries, the baseline’s description is relatively vague, whereas BrepLLM
successfully identifies fine-grained part details, such as beveled side edges and in-
ternal triangular cutouts, providing a technically precise description that highly
aligns with the ground truth. In Sample 2, which focuses on the model’s construc-
tion method, BrepLLM accurately parses the topological structure of the model.
It not only generates a comprehensive geometric description but also precisely
localizes the spatial composition of various components, such as a rectangular



14 L. Deng et al.

Table 6: Qualitative comparison for 3D object captioning on Brep2Text dataset
against the next-best baseline. Green highlights indicate salient details that align with
the ground truth.

Samples 1, 2

Prompt What is this? How this CAD model was
constructed, describe this CAD
model in detail.

Ground
Truth

This is a rectangular plate with
two triangular braces on its front
face and a flat back; both side
edges are beveled and slope
upward, and there is a centered
rectangular notch along the
bottom edge.

The design features a rounded
rectangular base, a larger
cylindrical body, a smaller
cylindrical body, a cylindrical
shape with a rectangular
extension and a central hole, and
a rectangular prism with a
cylindrical base.

MiniGPT-3D This is a rectangular CAD model
with two triangular brackets on
each side, integrated into the
rectangular plate plane and with
a cut at the bottom.

This model consists of a
rectangular base, a large
cylinder, and a small cylinder. It
is made by stretching a
rectangular base and adding
circular features on both sides.

BrepLLM This is a CAD model based
on a flat rectangular plate.
It features a centered
rectangular notch on the
bottom edge and a flat back.
The front face has two
symmetrically positioned
triangular braces with
internal triangular
cutouts,and both side edges
are slanted faces.

The model is built on a
rectangular base with
rounded corners. It contains
a larger cylinder and a
smaller cylinder at each end.
It combines a cylindrical
body with a rectangular
extension and a central hole,
as well as a straight prism
with a cylindrical base.

base with rounded corners and large and small cylinders located at both ends. Its
grasp of detail is significantly superior to that of the baseline. More qualitative
results and comparisons with other models are provided in the Appendix.

6 Conclusions and Future Work

We introduced BrepLLM, the first multimodal framework that enables LLMs
to directly parse and reason over raw B-rep data. The framework employs a
two-stage training architecture comprising cross-modal alignment pre-training
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and LLM fine-tuning. It generates compact tokens fused with geometric and
topological information and seamlessly integrates them into the LLM, thereby
achieving an in-depth understanding of 3D geometry.

Our main contributions include: (i) an adaptive UV sampling strategy to
construct graph representations that fuse geometric and topological informa-
tion; (ii) a hierarchical BrepEncoder (face/edge/global topology) for extracting
global and node tokens; (iii) a CLIP-style contrastive learning approach to align
B-rep features into a unified geometry-language space; (iv) a two-stage progres-
sive 3D-language semantic alignment strategy; and (v) Brep2Text, a large-scale
benchmark dataset specifically designed for B-rep understanding.

This study demonstrates that processing native B-reps directly enhances
LLMs’ geometric and topological understanding. Future work will scale up high-
quality multimodal B-rep data to improve generalization. We also plan to ex-
tend this framework to B-rep generation, editing, and assembly understanding,
exploring its potential in industrial intelligent CAD workflows.
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