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Abstract

Parametric Computer-Aided Design (CAD) is crucial in
industrial applications, yet existing approaches often strug-
gle to generate long sequence parametric commands due
to complex CAD models’ geometric and topological con-
straints. To address this challenge, we propose MamTiff-
CAD, a novel CAD parametric command sequences gener-
ation framework that leverages a Transformer-based diffu-
sion model for multi-scale latent representations. Specif-
ically, we design a novel autoencoder that integrates
Mamba+ and Transformer, to transfer parameterized CAD
sequences into latent representations. The Mamba+ block
incorporates a forget gate mechanism to effectively capture
long-range dependencies. The non-autoregressive Trans-
former decoder reconstructs the latent representations. A
diffusion model based on multi-scale Transformer is then
trained on these latent embeddings to learn the distribu-
tion of long sequence commands. In addition, we also con-
struct a dataset that consists of long parametric sequences,
which is up to 256 commands for a single CAD model. Ex-
periments demonstrate that MamTiff-CAD achieves state-
of-the-art performance on both reconstruction and gener-
ation tasks, confirming its effectiveness for long sequence
(60-256) CAD model generation.

1. Introduction

Computer-Aided Design (CAD) is a core tool in modern in-
dustrial product manufacturing, constructing complex 3D
models through parametric command sequences (such as
Sketch, Extrusion, and Boolean operations). It not only de-
fines geometric shapes but also thoroughly records design
logic and engineering intentions. With the growing demand
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Figure 1. Gallery of Generated CAD Designs. Our generative
model infers parametric CAD command sequences, enabling the
creation of diverse and structurally valid CAD models. The result-
ing 3D shapes exhibit clean geometry, well-defined features, and
full editability, allowing users to modify designs seamlessly.

for highly complex and long sequence CAD models in in-
dustrial design, existing generation methods are limited by
computational efficiency and sequence modeling capabili-
ties, making it difficult to effectively handle industrial-grade
design processes that contain hundreds of commands.

The key challenges lie in overcoming the bottleneck of
long sequence modeling and enabling the automated gen-
eration of complex CAD models. Significant progress has
been made in deep learning-based parametric CAD mod-
eling, with Transformer architectures being employed to
genarate parametric CAD models [42, 45, 46]. While these
approaches achieve strong performance in short-sequence
command generation, the inherent quadratic complexity of
the Transformer’s self-attention mechanism limits its scal-
ability to longer sequences [37]. This constraint makes it
difficult to model intricate CAD structures, significantly re-
stricting the applicability of existing methods for generating
complex CAD models.

To address these challenges, we propose MamTiff-
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CAD, a novel CAD command sequence generation frame-
work that integrates Mamba+ and Transformer autoen-
coder with a multi-scale diffusion model. In the autoen-
coding stage, the Mamba+ encoder optimizes state tran-
sitions through a gating mechanism, improving its abil-
ity to model long-range dependencies. It works with a
non-autoregressive Transformer decoder to reconstruct la-
tent representations of CAD command sequences. Once
trained, the encoder maps parametric CAD data into a com-
pact, low-dimensional latent space. In the generation stage,
a multi-scale Transformer-driven diffusion model is em-
ployed. Through hierarchical denoising, it synchronizes
local geometric details with global topological constraints,
generating logically coherent latent vectors from Gaussian
noise. These vectors are then decoded into executable para-
metric CAD command sequences. We make following con-
tributions in this paper:

 proposing a novel autoencoder architecture that combines
Mamba+ and Transformer to model long sequence para-
metric CAD commands.

» proposing a multi-scale diffusion-based CAD sequence
generator to fuse local and global topology, improving
both generation quality and

* evaluations showing that our approach achieving state-
of-the-art (SOTA) performance on a long sequence CAD
dataset containing 13,705 samples with sequence lengths
ranging from 60 to 256.

2. Related Work
2.1. CAD Model Generation

Parametric CAD generation has recently shifted from tra-
ditional geometric representations to deep learning ap-
proaches emphasizing sequence modeling. DeepCAD [42]
pioneered the use of a Transformer architecture for au-
toregressive CAD command generation, but it was con-
strained to short sequences (length < 60), limiting its abil-
ity to capture hierarchical structures in complex models.
Follow-up efforts introduced hierarchical representations
to improve generation accuracy. SkexGen [45] proposed
a decoupled approach for sketching and extrusion opera-
tions, facilitating geometric-topological separation, while
HNC-CAD [46] built independent codebooks for rings,
sketches, and extrusions via a VQ-VAE [36] framework, en-
abling multi-granularity control. Nevertheless, these meth-
ods still grapple with the quadratic computational overhead
of Transformer-based architectures, hindering their ability
to generate complex, long-sequence CAD models.

The rise of multimodal generation techniques has opened
new pathways for CAD generation. CAD-MLLM [44] con-
structed the first multimodal dataset supporting text, image,
and point cloud inputs. However, its generative model still
faces topological rupture issues in complex geometric over-

lapping regions. FlexCAD [49], by fine-tuning LLMs[13],
has achieved controllable CAD generation, but the gener-
ated models are relatively simple and do not meet the com-
plex design demands of industrial-grade applications.

2.2. Long-Sequence Modeling Techniques

A key challenge in long-sequence modeling is balancing
computational efficiency with long-term dependency cap-
ture. Traditional methods [5, 12] suffer from the problem
of vanishing gradients, making it difficult to effectively cap-
ture long-term dependencies. While Transformers address
this via self-attention, their quadratic complexity in se-
quence length drives up memory and training costs. To ad-
dress this issue, sparse attention mechanisms [2, 14, 29, 38]
and local window strategies [22, 32, 33]have been proposed.
These methods can alleviate computational bottlenecks to
some extent. However, they sacrifice global context aware-
ness, which can lead to design logic breakdowns and infor-
mation loss when processing CAD sequence generation.
State Space Models [10] offer a novel approach for long-
sequence modeling. Mamba [8] incorporates a selective
scanning mechanism to achieve long-sequence modeling
with linear complexity, demonstrating significant advance-
ments in fields such as audio [3, 16, 40], vision [4, 17, 20,
21], and 3D [19, 39]. However, Mamba’s application in
the CAD domain remains underexplored. In this work, we
adapt Mamba for CAD sequence modeling and refine its
structure to better capture long-range dependencies.

2.3. 3D Generation with Diffusion Models

Diffusion models, as an advanced generative approach,
achieve high-quality generation through the process of
gradually adding Gaussian noise to the data and then per-
forming denoising in reverse [11]. In the field of 3D gen-
eration, diffusion models have been widely applied to tasks
such as point cloud to mesh [9, 26] image to 3D reconstruc-
tion [23, 28, 34, 43] and CAD model generation [7, 47].
Recent studies have made significant progress in com-
bining diffusion models with 3D generation. Generating
3D models through point clouds remains the mainstream
method [25, 35, 50]. For example, 3DShape2VecSet[48]
proposed a latent set diffusion framework, achieving 3D
shape generation and point cloud completion through multi-
scale feature fusion. DiT-3D[30] is the first Diffusion
Transformer architecture designed for 3D shape generation,
leveraging the denoising process of DDPM on voxelized
point clouds to efficiently generate high-fidelity 3D models.
DiffCAD [7] employs diffusion models to learn the proba-
bilistic model of CAD generation and alignment. GetMesh
[27] uses a latent set diffusion model to generate meshes
from point clouds, while Polydiff [1] uses a discrete denois-
ing diffusion model to process mesh data, generating 3D
triangular mesh structures. Diffusion-SDF [18] generates
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Figure 2. The framework of MamTiff-CAD consists of two main steps. In Step 1, an autoencoder integrating Mamba and Transformer
architectures is used to learn the latent representation of CAD command sequences. In Step 2, a diffusion-based module is employed to
model the generative distribution of the learned latent representations. During inference, the model directly generates latent variables,
which are subsequently decoded to reconstruct the CAD command sequences.

3D shapes via diffusion models, offering flexibility in gen-
erating diverse shapes that match textual descriptions.
Although these methods have shown potential in gener-
ating complex 3D structures, they still face challenges when
dealing with parametric CAD sequences. Existing methods
primarily focus on generating geometric shapes, neglecting
the design logic and parametric constraints of CAD models,
which makes the generated results difficult to directly apply
to industrial design. The MamTiff-CAD framework pro-
posed in this paper is the first to introduce diffusion models
into the field of parametric CAD sequence generation. By
learning in latent space vectors and combining Mamba’s ef-
ficient long-sequence modeling capabilities, it significantly
enhances the stability of long-sequence generation.

3. Method

3.1. Architecture Overview

As shown in Figure 2, our MamTiff-CAD architecture con-
sists of two steps. In the first step, we train a autoencoder
to encode CAD command sequences into latent representa-
tion. The input CAD command sequences is represented as
a set of parameterized commands M = {m;}°,, where
N, is the fixed sequence length set to 256. This CAD
first passes through an embedding layer and is then fed into
Mamba+ blocks. Afterwards, it undergoes compression via
a Compress Block for the convenience of following train-
ing, generating a latent vector Z. The Transformer-based
decoder takes both a learnable embedding and Z as inputs
and subsequently outputs the predicted command sequence
M = {rn;}Y<,. In the second step, we use diffusion-based

networks to learn the generation of encoded latent represen-
tation Z. During inference, MamTiff-CAD uses the trained
diffusion network to generate the latent representation Z,
which is then decoded into a command sequence using the
frozen decoder.

3.2. AutoEncoder for Latent Representation

Parametric CAD Representation. We follow Deep-
CAD [42] to represent each CAD model as a sequence
of parametric commands M = {(C1,p1),...,(Cn,pn)},
where C; is a command type and p; is its associated pa-
rameter set. For neural network input, we set the sequence
length to 256 and end with the special token (EOS). For se-
quences less than 256, we pad the length to 256. Each com-
mand’s parameters p; are encoded as a 16-dimensional vec-
tor': p; = [a:,y,oz,f,r,9,qb,%pw,py,pz,s,el,eg,b,u] €
R'6 where unused entries are padded with -1. Continuous
parameters are normalized to a 2 X 2 X 2 cube and quantized
into 256 discrete levels to preserve geometric consistency.
All parameters are eventually converted to discrete tokens
for learning.

Forget Gate Encoder. To encode CAD commands into
the latent space Z, we employ a Forget Gate Encoder. We
first embed the parametric representation by considering the
command type C;, parameters p;, and the command’s posi-
tion within the sequence pos;. The embedding of each CAD
command, Emb(m; ), is defined as follows:

Emb(m;) = Wemadc, +Wha-flatten(Wpp0p, ) +Wposdi (1)

I'See Supplementary Materials for details.
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Figure 3. An overview of our autoencoder architecture. The in-
put CAD command sequence is first parameterized and fused with
command, parameter, and positional embeddings. It is then pro-
cessed through four Mamba+ blocks and mapped to the latent
representation Z via a compression bolck. Finally, the Trans-
former decoder reconstructs the CAD sequence, predicting com-
mand types and their corresponding parameters.

Here, Wena € R0 is a learnable matrix and §¢, € R®
is a one-hot vector indicating the command type. The sys-
tem defines six command types. Each CAD command com-
prises 16 parameters, each quantized into an 8-bit integer.
We convert each integer into a one-hot vector of dimension
257, where 256 dimensions correspond to the quantized val-
ues and the remaining one dimension indicates that the pa-
rameter is unused. Stacking these 16 one-hot vectors forms
a matrix 0,, € R*7*16_ Then, using the learnable matrix
W € R4EX257 e embed each parameter individually,
flatten the resulting embeddings, and apply a linear trans-
formation via W,, € R4=*16de_ Finally, W, € RIz*Ne
is another learnable matrix, and §; € RN« is a one-hot vec-
tor that marks the command’s position within the sequence,
with N, = 256 being the maximum sequence length.

We then use four Mamba+ blocks, i.e. optimized SSM-
based modules integrated with a forget gate mechanism, as
our main encoder block. Specifically, the Mamba+ block
employs a dual-branch structure for information processing.
The feature transformation branch (b1) extracts sequence
features using 1D convolution and SSM blocks, while the
gating mechanism branch (b2) generates control signals for
information flow using the SiL.U activation function. To fur-
ther enhance the retention of historical information, we in-
troduce a forget gate Gy as:

Gy =1—Gp )

Gy is calculated using the Sigmoid function, control-
ling the flow of current input information. The forget gate
Gy, modulates the output x’ from b1, ensuring that some
historical information is not completely discarded. The up-
dated historical information is given by 2" = Gy - 2. The
final output of Mamba+ blocks integrates the SSM com-
putation result with the feature adjusted by the forget gate
houw = " + hssm. This design enables the Mamba+ block
to effectively extract new features while preserving long-
term dependencies, enhancing its ability to process complex
CAD command sequences efficiently.

To efficiently encode long sequence CAD commands,

we construct the Mamba+ block by stacking four lay-
ers of Mamba+ blocks, capable of modeling CAD com-
mand sequences ranging from 60 to 256 in length.
The encoder first converts the input command sequence
M = {mjy,ma, ..., mase} into continuous representations
through an embedding layer, then progressively captures lo-
cal and global dependencies through hierarchical process-
ing in the Mamba+ blocks.
Decoder. We employ a Transformer-based decoder, which
consists of four blocks, to reconstruct parametric CAD
command sequences. The decoder’s input comprises two
parts: 1) a latent vector Z, and 2) a set of learnable em-
bedding vectors produced by a learnable embedding layer,
which provides a representation for each position in the se-
quence. In our model, the maximum sequence length is set
to N. = 256. The decoder processes these inputs layer by
layer to capture global dependencies among commands in
long sequences and ultimately generates the predicted CAD
command sequence M = {1, Ma, ..., M5}, Where
each command 72; consists of a command type C; and pa-
rameters p;. Our objective is to maximize the generation
probability:

Nc
p(M | Z7@) = Hp(ciaf)i | Z,@) (3)
i=1
Here, © denotes the decoder’s network parameters.
Finally, the decoder’s output hidden states are mapped
through a linear transformation layer into the specific com-
mand type and parameter space, thereby completing the
generation of the entire CAD command sequence.
Training of the Autoencoder. We train our autoencoder
by reconstructing parameterized CAD command sequences
to learn the latent representation Z of CAD models. The
training objective is to minimize the discrepancy between
the predicted outputs and the ground truth, ensuring that the
model accurately captures the structural information of the
parameterized CAD sequences. We employ a cross-entropy
loss function to supervise the learning of both CAD com-
mand types and parameters.
Our output sequence is fixed to N, = 256 commands,
each with IV, = 16 parameters. For the i-th command, the
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ground truth command type is denoted by ¢; (derived from
the true command C}), and the corresponding ground truth
parameters are represented as {a; ; };Vzpl (where each a; ;
is an element of the previously defined parameter vector).
The model predicts a probability distribution over command
types p; such that p;(t;) represents the probability assigned
to the true command type, and for each parameter a; j, it
predicts a probability distribution ¢; ; over quantized pa-
rameter values.The total loss is defined as:

N. N. N,
L=2 tpi(t:) +BZZ€(Q’i7j(ai,j)) @

where [ is set to 2 to balance the parameter loss against
the command type loss. Contributions from padding com-
mands, such as the (EOS) token, and unused parameters
labeled as —1 are ignored during loss computation. For fur-
ther details on the experimental configurations, please refer
to the Appendix.

3.3. Diffusion Generator

The above frozen autoencoder encodes the command se-
quences into a compact latent variable Z € R *256x64 Tp
the forward process, we employ a linear variance schedule
{B:} to add noise into the latent space, while the denois-
ing process is guided by a Multi-Scale Transformer-based
Diffusion Generator (MST-D), as shown in Figure 4.
Multi-Scale Transformer Denoiser. The denoising net-
work is composed of stacked multi-scale Transformer lay-
ers, each following a three-stage pipeline: Hierarchical
Attention: Each layer contains three parallel attention
branches with window sizes of 64, 128 and 256 to cap-
ture local geometric constraints, medium-range topological
dependencies, and global semantic coherence respectively,
processing the latent sequence at three different scales.
Adaptive Fusion: The outputs of these attention branches
are concatenated and fused via a learnable gating mecha-
nism:

H = MLP (0(W,[H;[|H,, [ Hy]) © [Hy|[Hyn[[Hg) (5)

where o(+) is the sigmoid function, and || denotes concate-
nation. Time-Step Embedding: This module inputs tempo-
ral information into each Transformer block by transform-
ing the diffusion time step ¢ into an embedding vector. The
embedding is then processed through an MLP to generate
two sets of scale and shift parameters {&;, ¥;,w; }. Here, &;
and v; modulate the layer-normalized activations, while w;
adjusts the strength of the residual connections. Together,
these parameters enable the Transformer to adapt its behav-
ior in a time-aware manner.

Sequence-Aware Positional Encoding. To preserve the se-
quential logic of CAD commands, we employ a scalable si-
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Figure 4. Our denoising diffusion model. The input noise under-
goes linear projection with positional and timestep embeddings,
followed by feature extraction through encoder blocks (x6). The
core denoising structure, MST with Adaptive Fusion, integrates
multi-scale attention and adaptive fusion to dynamically adjust
feature distributions. Finally, the MLP Head reconstructs the de-
noised output features.

nusoidal positional encoding PF, defined as
PE(Z) = Z +n - PE(pos, D) (6)

where 77 € R is a trainable scalar that adaptively adjusts the
positional weighting. Instead of writing the full vector in
one long equation, we define the positional encoding func-
tion piecewise as follows:

. pos
P (pos, D) = sin( - 225 )
2i(pos, D) = sin 100002/
pos (M
PEai s (pos, D) = cos( 25
2i1(pos, D) = cos{ 355005575
fori =0,1,..., g — 1. Here, pos denotes the sequence po-

sition, and D is the embedding dimension. This encoding
scheme provides both absolute and relative position infor-
mation, enabling the model to capture the sequential depen-
dencies of CAD commands more effectively.

Training and Generation. The denoising network learns
to predict the noise injected at each timestep, modeling the
distribution of the target latent space. Given a clean la-
tent vector Z; from the frozen encoder, we first sample a
timestep ¢t ~ U(1,T') and add noise according to the linear
variance schedule {5; }:

Zt:(ltZO—F\/l—OétG (8)

where € ~ N(0,1), oy = HZ:1(1 — f3s) controls the rate
of noise accumulation. The network ¢y is then trained to

predict € by minimizing the mean squared error:

Lat = Ei 2y [|le — ea(Ze, 1)||3] )]
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Table 1. Statistical comparison between the DeepCAD dataset
and our ABC-256 dataset, including the total number, the average
length of parametric CAD sequences, and the length distribution.

Dataset Total ~ Average Length 1-10  11-60 61-128 129-256
DeepCAD 178,238 15 4458 5542 -
ABC-256 13,705 99 - - 82.89 17.11

Sampling Process: Starting from Gaussian noise Zp, the
latent vector is iteratively denoised using:

1 1
Zir = (2= B ol ) Bz (10

where z ~ N(0,1). Here, a; and 3; denote the attenua-
tion factor and variance schedule parameter at timestep {,
respectively. Through this process, our diffusion genera-
tor progressively removes noise in the latent space to yield
CAD command sequences with global consistency and rich
structural information.

4. ABC-256 Dataset

Although several publicly available CAD datasets exist,
such as ABC [15], DeepCAD [42], Fusion 360 Gallery [41],
and CAD as Language [6], datasets that fully capture the
CAD design process remain scarce. The ABC dataset
contains 1 million B-rep models from Onshape [31], but
lacks design operation sequences, making full process re-
construction difficult. The Fusion 360 Gallery dataset pro-
vides CAD command sequences based on sketch profile ex-
trusions, but these sequences are short, limiting their suit-
ability for long sequence CAD generation. DeepCAD in-
cludes 178,238 CAD models with parameterized sequences,
but its maximum sequence length of 60 constrains its ability
to model complex, long sequence CAD designs.

To address this, we constructed and publicly released a
complex CAD command sequence dataset to advance re-
search in this field. Using ABC dataset model links, we
leveraged the Onshape API and FeatureScript to extract
CAD commands from CSG representations and convert
them into parameterized sequences. We then filtered mod-
els to retain only those with complete operations, excluding
simpler cases with only sketching and extrusion, ensuring
sequence lengths between 60 and 256. The final dataset in-
cludes 13,705 CAD models, split into 10,964 for training,
1,370 for validation, and 1,371 for testing. Compared to
DeepCAD, our dataset has a 6.6x longer average sequence
length (Table 1), offering greater complexity in both length
and distribution, making it more suitable for long sequence
CAD model generation.

5. Experiment

5.1. Implementation details

We implemented the MamTiff-CAD model based on the
PyTorch framework and completed the training of the
model on an NVIDIA RTX 4090 GPU. During training, we
adopted the AdamW optimizer [24] with an initial learn-
ing rate of 0.001, applying linear warmup for the first 2000
steps. Additionally, we introduced gradient clipping to pre-
vent gradient explosion issues. The training of MamTiff-
CAD is divided into two stages. The first stage involves
training for 300 epochs with a batch size of 32. In the sec-
ond stage, training for 200,000 epochs with a batch size of
64 to ensure the model has enough time to fully learn and
reach convergence.

5.2. Evaluation Metrics

We comprehensively evaluate the performance of the au-
toencoder using five metrics, including Command Accu-
racy, Parameter Accuracy, Median Chamfer Distance, In-
valid Ratio, and Step Ratio.

* Command Accuracy (ACC,): the match between the pre-
dicted CAD command type and the ground truth.

* Parameter Accuracy (ACC,): the match of command pa-
rameters under the condition that the command type is
correctly predicted.

* Median Chamfer Distance (MCD): the geometric error
between the reconstructed 3D shape and the reference
shape, computed as the median distance between corre-
sponding points.

* Invalid Ratio (IR): the proportion of CAD models that
cannot be converted into point clouds.

» Step Ratio (SR): the proportion of generated CAD se-
quences successfully converted to the STEP format.

For the performance evaluation of the generator, we
adopt six metrics, including Coverage (COV), Jensen-
Shannon Divergence (JSD), Minimum Matching Distance
(MMD), Novelty, Uniqueness, and Step Ratio. The specific
metric descriptions are as follows:

* Coverage (COV): whether the generated data covers the
distribution of real data.

 Jensen-Shannon Divergence (JSD): the difference be-
tween the generated data distribution and the real data
distribution.

* Minimum Matching Distance (MMD): the minimum av-
erage distance between generated and real samples.

* Unique: the proportion of non-duplicate samples in the
generated dataset.

* Novel: the proportion of samples in the generated dataset
that do not appear in the training set.
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Figure 5. This figure compares the CAD models generated by DeepCAD, SkexGen, HNC-CAD, and MamTiff-CAD, highlighting differ-
ences in shape complexity and geometric details among the methods. It can be observed that MamTiff-CAD produces models with higher

structural integrity and greater complexity.

5.3. Autoencoding Parametric CAD

To comprehensively evaluate the effectiveness of our pro-
posed MamTiff-CAD framework, we conducted a compar-
ative analysis across multiple models, including DeepCAD,
MT-CAD, MLSTM-CAD, and our own model. Among
them, MT-CAD integrates Mamba with Transformer, while
MLSTM-CAD combines Mamba with LSTM. Experimen-
tal results confirm that our framework offers significant ad-
vantages in long sequence parametric CAD modeling, fur-
ther reinforcing the rationale behind our design decisions.

Results. The experimental results are presented in Ta-
ble 2. Overall, our model achieves SOTA performance
across all evaluation metrics. Specifically, our proposed
MamTiff-CAD attains a command accuracy of 99.99% and
a parameter accuracy of 99.93%, demonstrating superior ca-
pability in long command sequence prediction. In terms
of Median Chamfer Distance (MCD), MamTiff-CAD out-
performs other baseline models, indicating that the recon-
structed 3D shapes are geometrically closer to the reference
data. Invalid Ratio and Step Ratio, our model achieves an
IR of 8.50% and a Step Ratio of 93.93%, indicating a higher
proportion of valid command sequences, thereby demon-
strating the reliability of MamTiff-CAD. Furthermore, Fig-
ure 6 provides a visual comparison of CAD sequence re-

Table 2. Autoencoding performance on ABC-256 dataset. Com-
parison of MamTiff-CAD and other models in CAD sequence re-
construction. MCD is multiplied by 102, and ACC., ACC,, and
IR are multiplied by 100%.

Method ACC,7 ACC,* MCD| IR SR 1
DeepCAD 9224 7593 41.02  33.11% 70.46%
MT-CAD 8972 66.87 12135 39.89% 63.97%
MLSTM-CAD  86.09 6555 112.89 4253% 59.85%
OURS 9999 9993 (.75  850% 93.93%

Table 3. Quantitative evaluation of generalization ability on the
Fusion360 reconstruction dataset.

Method ACC.? ACC,T MCD| IR SR 1

DeepCAD 9335  77.99 10476 19.41% 82.57%
MT-CAD 91.85  60.18 30021 11.81% 90.17%
MLSTM-CAD 8842  62.13  261.80 23.39% 80.97%
OURS 9999 9799 144  570% 95.16%

construction results across different models. MamTiff-CAD
produces CAD models with better structural integrity and
geometric accuracy, making them closer to the ground truth.
This further validates the superior performance of MamTiff-
CAD in long sequence parametric CAD prediction.

Generalization Performance. To evaluate the general-
ization capability of MamTiff-CAD, we trained the model
on the ABC-256 dataset and directly tested it on the Fu-
sion360 dataset, which was not used during training. The
Fusion360 dataset consists of approximately 8,000 para-
metric CAD sequences derived from Autodesk Fusion 360
designs.  Although the CAD models in the Fusion360
dataset exhibit simpler structures, which narrows the perfor-
mance gap between MamTiff-CAD and the baseline models
in certain metrics, MamTiff-CAD still consistently outper-
forms all other models across all evaluation metrics, achiev-
ing the best overall performance (see Table 3).

5.4. Unconditional Generation

We comprehensively evaluated latent vector-based CAD
generation across several models, including DeepCAD,
SkexGen, HNC-CAD, and our MamTiff-CAD. Each
method randomly generated 10,000 samples, which were
converted to point clouds for metric-based evaluation. The
experimental results in Table 4 indicate that our method
achieves state-of-the-art (SOTA) performance in all met-
rics, particularly excelling in JSD (3.19) and Step Ratio
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Figure 6. Visual illustrations of CAD sequence reconstruction.
GT represents Ground Truth, and Ours refers to MamTiff-CAD.
The symbol @ indicates an invalid CAD sequence, resulting in the
failure of 3D shape construction.

Table 4. The unconditional generation result compared with Deep-
CAD, SkexGen, HNC-CAD and ours.

Method MMD| JSD| COV1T Uniquet Novel T SR 1

DeepCAD 2.66 6.49  56.66% 75.8 88.0 23.96%
SkexGen 2.31 453  57.76% 80.5 96.9 75.26%
HNC-CAD 1.63 425 62.03% 89.2 91.8 80.86%
OURS 1.32 319 65.31% 99.6 99.4 85.38%

(85.38%), demonstrating the higher quality and effective-
ness of the generated sequences. Furthermore, as shown
in Figure 5, MamTiff-CAD generates more complex CAD
models compared to other methods, further validating its
advantage in long sequence CAD generation tasks.

5.5. Ablation Studies

We conducted two ablation studies to systematically assess
the impact of the two key techniques, Mamba+ and Multi-
Scale Transformer (MST), on our model’s performance.

Mamba+ Block. To investigate the role of the Mamba+
block in reconstructing long sequence parametric CAD
commands, we conducted two ablation experiments: (1)
replacing the Mamba+ block with Transformer block, and
(2) replacing the Mamba+ block with the standard Mamba
block. The experimental results (see Table 5) indicate
that, compared to the standard Mamba block, the Mamba+
block achieves improvements across most evaluation met-
rics. This confirms that the incorporation of the forget gate
mechanism enhances the model’s ability to capture long-
range dependencies in CAD command sequences, with par-
ticularly notable improvements in common CAD sequence
tasks over the Transformer-based approach.

MST or Non-MST. To assess the impact of MST on our
generative model, we conducted an ablation study by ran-
domly generating 10,000 models and comparing the gener-
ation capabilities with and without the MST module. The
experimental results in Table 6 demonstrate that incorporat-
ing MST significantly improves model performance, partic-

Table 5. Comparison of reconstruction performance between
Mamba and Mamba+ block for parametric CAD sequences.

Method ACC.1T ACC,1t MCD| IR | SR T

Transformer 717.29 63.62 6430 67.46% 34.28%
Mamba 99.98 99.90 0.76 10.35% 92.01%
Mamba+ 99.99 99.93 0.75 8.50% 93.93%

Table 6. The unconditional generation result compared between
w/o MST and MST.

Method MMD| JSD] COV?T Unique? Novel SR 1

w/o MST 1.47 492  61.69% 99.5 99.6 77.05%
w/ MST 1.32 319 6531% 99.6 99.4 85.38%

ularly in terms of generation quality and validity, confirm-
ing the critical role of MST in the diffusion process.

6. Discussion and Conclusion

Although MamTiff-CAD has demonstrated exceptional per-
formance in long-sequence parameterized CAD modeling
tasks, several limitations remain that warrant further inves-
tigation. Firstly, the dataset used in this study does not
cover all CAD command types in industrial design, which
somewhat limits the model’s ability to handle more complex
topological structures. Secondly, this research primarily fo-
cuses on the generation and parsing of CAD command se-
quences and does not directly extract features from Bound-
ary Representation (Brep). Therefore, future research is re-
quired to address how to effectively integrate CSG (Con-
structive Solid Geometry) and Brep representations to en-
hance the model’s generalization ability and applicability.
This remains a challenging but promising direction.

In conclusion, this paper presents MamTiff-CAD, a
novel framework that integrates an improved Mamba mod-
ule with a diffusion model to efficiently model long parame-
terized CAD command sequences and generate complex 3D
shapes. We also introduce a dataset of 13,705 CAD models
with sequence lengths of 60 to 256, significantly surpassing
existing datasets. Experimental results validate MamTiff-
CAD’s superiority in sequence reconstruction and genera-
tion. Future work will focus on refining the model and ex-
ploring its integration with advanced design processes and
interactive methods to enhance intelligent CAD design.
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