CADMATE: Generating CAD Assembly Plan with Geometric
Chain-of-Thought and Spatial Physical Rewards

Jiali Chen'?*#, Dingba Fu'**?, Xusen Hei'**, Yuhang Liu"*3, Yiyang Chen',

Jiayuan Xie*, Wenqi Fan?, Yi Cai

2,1,3x
b

School of Software Engineering, South China University of Technology,
?Key Laboratory of Big Data and Intelligent Robot, Ministry of Education,
3Joint Guangdong-Hong Kong-Macao Research Laboratory of Big Data
and Robotic Intelligence, Ministry of Education,

“The Hong Kong Polytechnic University

segarychen@mail.scut.edu.cn
Abstract

Computer-aided design (CAD) is crucial in
prototyping complex 3D objects through pre-
cise geometric modeling. In practical design
workflows, designers manually define assem-
bly sequences for individual CAD parts, a pro-
cess that is both time-consuming and expertise-
intensive. To address this challenge, we for-
mulate CAD assembly as a parametric action
prediction task: given a reference design im-
age and disassembled parts, the model predicts
6-DoF transformations (i.e., actions) to pro-
gressively assemble each part. This paradigm
enables multimodal large language models
(MLLMs) to solve the task through autoregres-
sive action generation. While recent MLLMs
demonstrate promising spatial reasoning, they
struggle with fine-grained geometric structure
understanding and physical collision avoid-
ance during assembly. In this paper, we pro-
pose CADMATE, an MLLM-based framework
for sequential CAD assembly action genera-
tion. Our training strategy comprises three
stages: (i) CAD domain adaptation for spa-
tial geometry and position understanding, (ii)
supervised fine-tuning with geometric chain-of-
thought (CoT) reasoning for action generation,
and (iii) reinforcement learning with spatial-
physical rewards jointly optimize spatial accu-
racy and collision avoidance. Additionally, we
also construct CADBuilder dataset, comprising
over 45K CAD assemblies with annotated ac-
tion sequences. Our experiments demonstrate
that CADMATE significantly outperforms ex-
isting prominent MLLMs (e.g., GPT-5), show-
ing great potential in design applications'.

1 Introduction

Computer-aided design (CAD) plays a crucial role
in industrial design and manufacturing, serving as
the fundamental tool for precise 3D product proto-
typing (Wu et al., 2021; Chen et al., 2025a; Doris
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Figure 1: Overview of different ways (i.e., designer
and our CADMATE) to CAD assembly. (b) Input for
CADMATE. (c) multi-turn interactive assembly process
with geometric chain-of-thought.

et al., 2025; Mallis et al., 2024). In practical CAD
workflows, the creation of complex products neces-
sitates not only the meticulous individual compo-
nent design but also the strategic planning of their
assembly—a process that remains labor-intensive
and expertise-dependent. Despite the proliferation
of advanced CAD software (e.g., AutoCAD, Solid-
Works and Blender), designers must manually de-
termine the optimal assembly sequence and posi-
tion each part consistent with the reference design
with multiple attempts, as shown in Fig. 1 (a).
Towards this end, several automatic CAD assem-
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bly approaches have been proposed to streamline
the process. Most approaches focus on reversing
disassembly simulations (Tian et al., 2022, 2024)
or predicting only final CAD part configurations
(Li et al., 2024b; Zhang et al., 2025a), but they limit
by reliance on complete objects or cannot be physi-
cally realized due to neglect of the assembly pro-
cess. To overcome these limitations, we formulate
CAD assembly as a sequential action prediction
task, where the multimodal large language model
(MLLMs) generates step-by-step 6-DoF transfor-
mations to progressively assemble each part. It
naturally aligns with the autoregressive paradigm
of MLLMs, enabling end-to-end learning of assem-
bly actions from reference design.

However, generating assembly actions for indi-
vidual CAD parts with MLLMs remains nontrivial
challenges. First, CAD parts exhibit complex geo-
metric attributes (e.g., shapes and dimensions) and
intricate spatial constraints governing how they fit
together. Existing MLLMs lack fine-grained per-
ception of such CAD-specific geometric features.
Second, while MLLMs have explored spatial rea-
soning in natural scenes (Yang et al., 2025; Deng
et al., 2025), CAD assembly requires multi-turn in-
teractive spatial reasoning to plan sequential trans-
formations, where the next action depends on the
current assembly state. As shown in Fig. 1 (c),
the MLLM observes images with the updated state
after each step to plan subsequent actions. Third,
beyond geometric accuracy, the predicted assem-
bly actions should be physically feasible, i.e., each
assembly step requires planning a collision-free
trajectory for a specific CAD part, to meet the re-
alistic industrial requirement (Boothroyd, 1987;
Grieves and Vickers, 2017; Pun et al., 2025). Ex-
isting MLLMs lack explicit mechanisms to ensure
such physical constraints.

To address these challenges, we develop CAD-
MATE, an MLLM-based framework that interprets
CAD assembly as sequential action generation.
CADMATE progressively builds spatial percep-
tion, geometric reasoning, and physical awareness
through a three-stage training strategy. We begin
by performing CAD domain adaptation to refine
the MLLM'’s spatial perception with CAD cap-
tioning and pose prediction tasks. We then con-
duct supervised fine-tuning (SFT) with geometric
chain-of-thought (CoT), enabling explicit reason-
ing over part attributes and assembly constraints
in a multi-turn interactive manner, i.e., each turn
generates actions for one selected part. To ensure

assembled CAD objects are both geometrically
accurate and physically feasible, we further ap-
ply reinforcement learning with spatial-physical
rewards to jointly optimize precision and collision
avoidance. To support CADMATE, we construct
CADBuilder, a large-scale dataset comprising over
45K CAD assemblies with annotated assembly ac-
tion sequences. CADBuilder includes CAD objects
with 2~15 parts across diverse structural complex-
ities, serving as a comprehensive benchmark for
the CAD assembly task with MLLMs. We sum-
marize our key contributions as follows: (i) We
formulate CAD assembly as a parametric action
generation task that naturally aligns with the au-
toregressive generation paradigm of MLLMs, en-
abling end-to-end learning of 6-DoF pose trans-
formation for each CAD part. (ii) We propose
CADMATE with a three-stage training strategy that
combines CAD domain adaptation, supervised fine-
tuning, and reinforcement learning. It progressively
builds spatial perception, multi-turn interactive ge-
ometric chain-of-thought reasoning, and spatial-
physical awareness. (iii) We construct CADBuilder,
a dataset consisting of 45K CAD assemblies with
annotated action sequences. Extensive experiments
show that CADMATE consistently outperforms
strong MLLMs across assembly complexities.

2 Related Work

CAD Assembly. Previous CAD assembly studies
primarily utilize heuristic rules and physics-based
simulation to derive assembly sequences. Specif-
ically, JoinABLe (Willis et al., 2022) utilizes a
graph representation to predict joint connections
between CAD part pairs, which fails to apply in the
realistic multi-part assembly scenarios. Tian et al.
(2022, 2024) infers assembly sequences by revers-
ing simulated disassembly motions with heuristic
rules. Recent works (Zhang et al., 2025a; Tie et al.,
2025) leverage 3D point clouds of CAD parts to
learn detailed geometric features for assembly.

MLLMs in Spatial Reasoning. Multimodal large
language models (MLLMs) have advanced through
evolving reasoning paradigms (Bai et al., 2025;
Wu et al., 2026). Several benchmarks (Yang et al.,
2025; Li et al., 2025; Cai et al., 2025) are pro-
posed to evaluate their spatial reasoning ability.
Beyond evaluation, other efforts focus on advanc-
ing through perception enhancement approaches
(Wu et al., 2025a; Daxberger et al., 2025; Huang
et al., 2025). However, they are limited to natural
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Figure 2: Construction workflow of our CADBuilder,
including reference image collection, assembly trajec-
tory construction and CAD parts representation.

scenes, whereas CAD assembly requires geometric
understanding and precise transformations.

3 CADBuilder Dataset

We introduce CADBuilder, a parametric CAD as-
sembly dataset that contains over 45K unique CAD
objects from Fusion 360 Gallery (Willis et al.,
2021) and ABC (Koch et al., 2019) datasets. It
contains a wide range of assembly complexities,
with the number of CAD parts per object varying
from 2 to 15. Each sample in CADBuilder con-
sists of a reference design image (i.e., target assem-
bly) and disassembled CAD parts with correspond-
ing initial 6 degrees of freedom (6-DoF) poses.
Our task requires multimodal large language mod-
els (MLLMs) to predict geometric transformations
(i.e., actions) for each distinct part, reconstructing
the complete CAD object that matches the refer-
ence. In the following, we describe construction
process, as shown in Fig. 2. More details are pro-
vided in Appendix A.

3.1 CAD Parts Representation

We formulate the CAD assembly task as predict-
ing parametric actions of disassembled parts un-
der a unified coordinate system. Specifically,
a CAD object O = {pi,...,pn} contains N
parts, each is represented by 6-DoF pose p; =
[t;, t;, tfz, 1%, rh,7.]. The translation components
(t3,ty,t2) define the part’s position, while the
rotation components (7,7, 7;) specify its ori-
entation in Euler angles. During the assembly
process, part p; serves as the fixed base. For
each remaining part p; (¢ > 2), we define
an assembly action as a relative transformation

Ap; = [AtL, At!, AtL, Arl, Arl Arl] that pro-

gressively move the specific part from the initial
disassembled pose to the final assembled position.
This parametric formulation provides a compact
spatial representation of individual CAD parts, en-
abling MLLMs to directly generate these actions
through autoregression.

3.2 Reference Image Collection

To ensure consistent size scales across objects, we
first place each collected CAD object to the (0, 0, 0)
coordinate and uniformly scale it where its bound-
ing box fits within a 10 x 10 x 10 cube, with
the maximum dimension reaching 10 units. To
obtain guidance for the assembly task, we utilize
Blender to render reference images of the CAD ob-
ject. Specifically, candidate rendering viewpoints
are sampled from both the upper and lower hemi-
spheres around the object, with azimuth angles in
[0,27) at an interval of 77/10. An automatic fil-
tering is then applied to remove suboptimal views,
followed by manually selecting a representative
view that best depicts the CAD object. In partic-
ular, the perspective view rendering is utilized to
preserve internal components. More details can be
found in the Appendix A.1.

3.3 Assembly Trajectory Construction

Following previous research (Tian et al., 2022,
2024), we obtain plausible assembly trajectories by
reversing the disassembly simulation. Specifically,
we perform the simulation (Tian et al., 2022) to gen-
erate a disassembly trajectory for each part under
gravity and contact constraints. All trajectories are
rendered into videos to visualize the process using
Blender?. To ensure the physical and geometric va-
lidity, we employ Qwen3-VL-235B-A22B-Instruct
(Bai et al., 2025) to verify the video for physical
plausibility, focusing on inter-part collisions and
the feasibility of assembly order. We re-simulate
the trajectory when it fails verification, and sam-
ples that fail to meet the verification criteria after
five re-simulation attempts are discarded. The de-
tailed prompt for Qwen3-VL is provided in Fig. 7
of Appendix A.3. To meet the realistic industrial
requirements, we also perturb the positions of disas-
sembled parts to obtain their corresponding initial
6-DoF poses {p; }}¥.;, where N is the number of
CAD parts. The assembly trajectories are obtained
by reversing the simulated disassembly ones. The
action Ap; is identified from key pose variations

“https://www.blender.org
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Figure 3: Overview of spatial perception adaptation. (a)
CAD Caption. (b) 6-DoF Pose Prediction.

along the trajectory of part p;. Thus, the trajec-
tory of part p; can be represented by continuous M
actions AP; = [Ap}, ... ApM].

4 CADMATE Model

Given a reference design image and the initial dis-
assembled state, our goal is to generate assembly
actions for each movable CAD part. To this end,
we build CADMATE by fine-tuning a pre-trained
multimodal large language model (MLLM), with
a three-stage training strategy: spatial perception
adaptation to capture spatial features in the CAD
domain, supervised fine-tuning (SFT) to perform
interactive multi-turn action generation, followed
by reinforcement learning (RL) improve further ge-
ometric precision and avoid collisions. To standard-
ize the visual perspectives during training, we use
images from 3 fixed standard camera viewpoints®
(i.e., standard viewpoints) to represent the current
assembled object state. It ensures the model learns
spatial information under uniform conditions. We
further explore different model scales, i.e., CAD-
MATE-4B/8B based on the Qwen3-VL-Instruct.
The overview of CADMATE is shown in Fig. 4.

4.1 Spatial Perception Adaptation

We first enhance CADMATE to capture geomet-
ric structures and spatial relationships within the
CAD domain. Specifically, we collect 320K CAD
caption and 6-DoF poses data for this adaptation
stage, as shown in Fig. 3 More details about the
data processing are in Appendix B.

CAD Caption. In contrast to traditional image
caption, CAD captioning focuses on textually de-
scribing the individual components that constitute
a 3D object rather than the overall object itself. In
this task, we utilize images and beginner-level tex-

3At 45°,135°, 315° with a radius of 32 and height of 15.

tual CAD modeling instructions as image-text pairs
from the Text2CAD (Khan et al., 2024) dataset.
The instruction primarily includes shape proper-
ties (Fig. 3 (a)), e.g., a rectangular CAD object
with a central hole, guiding the MLLM to visually
recognize its geometric features.

6-DoF Pose Prediction. To facilitate accurate as-
sembly, we design a 6-DoF pose prediction task,
which involves determining both the position and
orientation of the CAD model within a unified co-
ordinate system, as illustrated in Fig. 3 (b). It aims
to predict the 6-DoF pose of the entire CAD ob-
ject. To build the training data, we collect over
160K 3D objects from the DeepCAD dataset (Wu
et al., 2021). Next, we apply random pose pertur-
bations to these objects and obtain corresponding
6-DoF poses. We train the MLLMs to predict the
pose based on rendered images of canonical* and
perturbed poses at standard viewpoints.

4.2 SFT with Geometric Chain-of-Thought

Building upon the spatial perception from the adap-
tation stage, we conduct supervised fine-tuning
(SFT) to equip the MLLM with the capability to
generate assembly actions. It requires the MLLM
to understand the geometric attributes (e.g., size,
shape) and account for assembly constraints that
define how parts fit together. Therefore, we train
on CADBuilder with additional geometric chain-
of-thought CoT for the assembly part. Moreover,
we adopt a multi-turn interactive training scheme,
enabling the model to understand the progressive
assembly state. Specifically, CADMATE generates
actions (i.e., trajectory) for a single CAD part at
each turn. The updated assembly state is rendered
as multi-view images for the next turn generation.

Geometric CoT Annotation. We augment each
sample from CADBuilder with geometric CoT, in-
cluding (i) shape descriptions of each part and the
current assembled object; (ii) constraints that de-
fine how they can be assembled. For shape de-
scriptions, we first use Blender to render each part
and the current assembled object and extract their
geometric attributes (e.g., size, number of holes)
into JSON format (Khan et al., 2024). Inspired by
(Khan et al., 2024; Chen et al., 2025b; Wang et al.,
2024; Luo et al., 2023), we feed these images and
properties into GPT-5 (OpenAl, 2025) to generate
their shape descriptions, such as “a hollow cylindri-
cal tube with an outer diameter of 1.46 units ...”.

*All six degrees of freedom set to zero (Ma et al., 2024).
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Figure 4: Overview of CADMATE. Left: spatial perception adaptation. Middle: multi-turn interactive supervised
fine-tuning with geometric chain-of-thought. Right: reinforcement learning with spatial-physical rewards.

Next, we use the ground truth assembly video of
the current turn as a reference. The video, along
with shape descriptions and their corresponding im-
ages, prompts GPT-5 to annotate the compatibility
constraints of the current assembly step, e.g., “the
hollow cylindrical shape aligns precisely with the
open top of the cylindrical tube ...”. To ensure the
reliability of our geometric CoT annotations, we
further verify them in Appendix A.4.1.

Training. Each training sample is structured as a
multi-turn sequential assembly. At the first turn,
the input includes: a reference image of the target
assembled design, multi-view images of the ini-
tial disassembled state from standard viewpoints,
and individual states (i.e., image and pose) of each
part. At subsequent turns, the model receives up-
dated multi-view images about the current par-
tially assembled state. For each turn, the model
generates geometric chain-of-thought reasoning
(i.e., shape descriptions and assembly constraints)
within <description>...</description> and
<constraint>...</constraint> tags, and corre-
sponding assembly actions AP; of selected part p;
(Fig. 4). We minimize the standard autoregressive
negative log-likelihood:

N
Lser = — Y _logpo(yi | x4), M

=2

where N denotes the total number of parts in the
CAD object, x; and y; denote the input and output
for assembling part p;, respectively. Since part p;
serves as the fixed base, the process involves N — 1
sequential turns to assemble the remaining parts.

4.3 RL via Spatial-Physical Rewards

After the SFT stage, our CADMATE shows promis-
ing capabilities in generating assembly actions with
geometric reasoning. However, the predicted tra-
jectories (i.e., action sequences) lack geometric
precision compared to the target object, and the
model struggles with collision-free assembly plan-
ning in complex multi-part scenarios. To address
these limitations, we propose spatial-physical re-
wards for the reinforcement learning stage. Specif-
ically, drawing inspiration from Group Relative
Policy Optimization (GRPO), we extend beyond
traditional textual assessment to evaluate the 3D as-
sembly process, which optimizes spatial alignment
accuracy and physical collision avoidance.

Spatial Distance Reward R . To efficiently eval-
uate the assembly accuracy from generated actions,
we compute the 6-DoF pose deviation between
each predicted part and its ground-truth configu-
ration. Specifically, after executing all predicted
actions, we obtain the final pose for part p;. We
then compute its’ translation and rotation devia-
tions (i.e., D} and D%):

Dj = \/(8t5)2 + (6t} + (6t1)?,

, . : : 2
D} = \J(0ri)? + (6r})? + (ori)2

where (0t¢, 5t;, 5t) is the axial translation devia-
tion from ground-truth and (673, 67y, 077) denotes
the axial rotation deviation in radians. Since transla-
tion and rotation have different units, we normalize
them separately into reward signals (R} and R%)
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using exponential decay:

) D ) Dt
;= exp (—t> , R =-exp <—r> , (3)
Tt Tr

where 7 and 7, are scale parameters controlling the
decay rate of rewards. We set 7, = 0.5 and 7 =
7 /18, which provide appropriate reward gradients
for assembly tolerances. The final spatial reward
averages the rewards across all movable parts:

N . .

1 Ri 4+ Ri
r 4
N—1; 2 @

Rs =

Physical Collision-Free Reward R,. Although
‘R s ensures the part-level spatial accuracy, practical
assembly requires CAD parts do not collide with
each other during the assembly process. There-
fore, we verify the collision feasibility based on
the predicted assembly simulation. Specifically, for
each assembly turn ¢ € {2,..., N}, we execute
the predicted action sequence AP; and perform
mesh-based intersection tests between the moving
part p; and other CAD components. A turn is con-
sidered collision-free if no geometric intersection
occurs throughout the trajectory. We define the
collision-free reward R; for each turn and the final
physical collision-free reward R, is also computed
as the average across all assembly turns:

R, =

)

{1, if no collision detected

0, otherwise

Lo ©)

Training with GRPO. We adopt Group Relative
Policy Optimization (GRPO) (Shao et al., 2024) to
train CADMATE with the spatial-physical rewards.
Before RL training, for each training sample, we
first use CADMATE after SFT to generate K = 8
complete assembly candidates through rollout sam-
pling. We then evaluate each candidate by its spa-
tial deviations (D} and D7, Eq. 2) from ground
truth. A candidate is considered positive if both
D! < 0.5 and DI < 7/18 hold for all parts p;,
representing acceptable assembly tolerances; oth-
erwise, it is labeled negative. Inpired by previous
research (Wu et al., 2025b; An et al., 2025), we
retain samples achieving pass ratio (i.e., pass@k)
criterion with & € {1,2,...,7} to provide appro-
priate challenging data for RL training. Subse-
quently, we adopt GRPO to refine CADMATE

with spatial-physical rewards. For data prepara-
tion, we use the SFT checkpoint to generate 8 com-
plete assembly candidates for each training sam-
ple via rollout. Each candidate is then evaluated
by computing its spatial deviations (D! and DY
from Eq. 2) against ground truth. A candidate is la-
beled positive if all parts satisfy both D! < 0.5 and
D] < 7/18; otherwise negative. Following (An
et al., 2025), we retain samples achieving pass@¥k
with k € {1,...,7} to ensure appropriate train-
ing difficulty. During RL training, we also utilize
the format reward R ; to force the model to gener-
ate required tag format of <description> and <con-
straint>. Finally, we compute the overall reward R
as a weighted combination of R, Ry, and R:

R = ARs + )\CRp + )\fRf. (6)

R is used to compute the advantage A; =

(72];77—;1) for the j-th rollout, where i and o are the

mean and standard deviation over all K rollouts.
The model is optimized via the GRPO objective:

G

1 . :
LrL =E [G Z (mln(rj(H)Aj, clip(r;(6),
j=1 (7

1—¢,1+ E)Aj)) — BDkL(mg || Trer) |,

™9 (0;|2)
T9g1q (05 12)
is the probability ratio between the current policy

mg and the sampling policy 7 . € denotes the clip-
ping range used to constrain policy updates. To
prevent excessive deviation from the initial capa-
bilities, a KL divergence penalty is applied rela-
tive to the frozen SFT reference policy 7. This
mechanism allows CADMATE to iteratively refine
its assembly planning toward spatially precise and
collision-free solutions.

where G is the group size, and () =

S5 Experiments

5.1 Experiment Setting

Implementation Details. All experiments are
conducted with 16 NVIDIA H100-80GB GPUs.
We build CADMATE by fine-tuning Qwen3-VL-
Instruct (Bai et al., 2025) with two different model
scales: 4B and 8B parameters, referred to as CAD-
MATE-4B and CADMATE-8B, respectively. For
the spatial perception adaptation (SPA) stage, we
perform full fine-tuning on both the vision encoder
and LLM for 3 epochs with a global batch size of 64
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Model ‘ 2 ~ 5 parts ‘ 5 ~ 10 parts \ 10 ~ 15 parts

| MMD, CD|, PAt S, |MMD| CD| PAt S,t|MMD| CD| PAt S,t

Few-shot
GLM-4.5V 644 2395 50.62 2.85]| 12.11 3552 2538 221 | 3486 5250 21.44 1.76
Qwen3-VL-Plus 6.11 2153 5285 298| 11.12 3036 2847 235| 3847 4745 2284 1.89
Seed-1.6-Vision 673 2497 5155 276 | 12.89 3623 2525 218 | 3274 4122 2225 1.72
Gemini-2.5-Flash 6.76 2221 5646 3.12| 11.01 3323 2934 248 | 27.55 3621 2132 1.95
Gemini-2.5-Pro 631 2145 5796 325| 11.13 3047 3042 256 | 31.00 39.15 24.12 2.08
GPT-5-mini 6.70 2392 5152 3.08 | 1152 3239 2671 242 | 2687 3695 20.65 192
GPT-5 597 2327 5518 3.18| 1195 3359 27.62 251 | 28.06 3853 2071 201
Fine-tuning

Qwen3-VL-8B 414 181 7712 485| 652 574 51.03 432| 757 749 4558 3.78
InternVL3.5-8B 428 203 7456 4.68| 689 621 4789 4.15| 812 835 4234 356
GLM-4.1V-9B 445 224 7231 452 715 658 4976 398 | 856 892 4512 342
Manual-PA' 197 247 8509 - 545 510 56.81 - 331 410 4952 -
CADMATE-4B w/o SPA | 2.08 215 8456 485| 465 538 5872 452| 592 445 4658 3.68
CADMATE-4B w/o CoT | 378  3.04 7885 472 | 585 562 5342 418| 695  6.58 4725 3.62
CADMATE-4B w/o R 252 2.65 8218 482 | 495 525 56.85 458 | 568 465 4895 3.78
CADMATE-4B w/o R, 225 235 8425 452| 442 488 6075 428 | 515 385 5135 345
CADMATE-4B 170 177 8742 500 | 377 449 6658 496 | 426 277 5482 4.12
CADMATE-8B w/o SPA | 1.85 1.98 8742 498 | 392 478 6825 4.65| 525 3.65 5645 3.92
CADMATE-8B w/o CoT | 328  2.08 8265 4.85| 502 518 6235 438 | 618 592 5528 3.88
CADMATE-8B w/o R 1.71 236 88.17 492 | 3.18 430 7377 488 | 396 215 6476 4.52
CADMATE-8B w/o R, 1.88 218 8872 4.68 | 352 458 7245 448 | 432 252 6258 3.82
CADMATE-8B 148 162 9035 515 | 282 385 7692 508 | 345 178 68.56 4.75

Table 1: Evaluation results of different models on CADBuilder. t denotes model without considering initial part
poses (Appendix D.3). The best results are shown in bold and the second best results are underlined.

and a learning rate of 2e-4, using the AdamW opti-
mizer (Loshchilov et al., 2017). For the SFT stage,
we freeze the vision encoder and fully fine-tune the
LLM for 4 epochs. The learning rate is set to le-5,
with a cosine decay schedule with a 3% warmup
ratio. The maximum sequence length is 16,196 to-
kens. We utilize 28K samples for SFT cold-start to
initialize the policy, preserving the remaining 15K
to facilitate effective exploration for the subsequent
RL stage. For the RL stage, the model is initialized
with SFT weights and trained for 1 epoch with a
fixed learning rate of Se-6. During GRPO training,
we obtain 10K training samples through pass@Fk
criteria. Each input generates G = 8 candidate
completions with with sampling temperature of
0.95 and top-p value 0.9. The KL divergence co-
efficient is set to 5 = 0.02. The hyperparameters
of the overall reward in Eq. 6 are 0.5, 0.4, 0.1. All
geometric computations, including action execu-
tion, image rendering, and collision detection are
performed with Blender.

Evaluation Metrics. Following previous studies
on 3D reconstruction (Wu et al., 2021; Zhang et al.,
2025a), we adopt Minimum Matching Distance
(MMD), Mean Chamfer Distance (CD) and Part

Accuracy (PA) to evaluate fidelity between 3D
point clouds of the assembled and ground truth
CAD object. Beyond static 3D shape accuracy,
we further assess assembly quality through video-
based evaluation in three aspects: motion collision,
assembly gaps, and structural coherence. Each as-
pect is scored by Gemini-2.5-Flash on a scale of
0 to 2, where higher scores indicate better quality.
The overall assembly score S, is computed as the
sum of these three scores. The calculation process
of these metrics is in Appendix D.1.

Baselines. We evaluate CADMATE against
three kinds of baselines: (i) 7 large-scale lead-
ing MLLMs, including GPT-5/5-mini (OpenAl,
2025), Gemini-2.5-Pro/Flash (Comanici et al.,
2025), Doubao-Seed-1.6-vision (Guo et al., 2025)
and Qwen3-VL-Plus (Bai et al., 2025) and GLM-
4.5V (Hong et al., 2025); (ii) full fine-tuning 3
small open-source reasoning MLLMs, i.e., GLM-
4.1V-Thinking (Hong et al., 2025), InternVL3.5-8B
(Wang et al., 2025) and Qwen3-VL-8B-Thinking
(Bai et al., 2025); (iii) training Manul-PA (Zhang
et al., 2025a), 3D point cloud based model, on our
CADBuilder dataset. Details are in Appendix D.3.
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5.2 Performance Comparison

Table 1 reports results on automatic metrics. We
have the following findings: (i) Proprietary
MLLMs exhibit limited spatial reasoning for
CAD assembly. Despite their remarkable reason-
ing ability, their performance on CAD assembly
task remains notably limited under the few-shot set-
ting. On the 2~5 parts subset, GPT-5 and Gemini-
2.5-Pro achieve CD of 23.27 and 21.45 with PA
below 58%, whereas CADMATE-8B attains sub-
stantially better 1.62 CD and 90.35% PA. This gap
indicates that these leading MLLMs struggle to un-
derstand the CAD geometric structures and 6-DoF
spatial transformations. (ii) Fine-tuning alone is
insufficient to transfer of general reasoning to
geometric reasoning abilities. Fine-tuning on the
CADBuilder dataset leads to notable performance
gains for open-source models. Nevertheless, on the
most challenging 10~15 parts subset, fine-tuned
Qwen3-VL-8B lags behind CADMATE-4B across
all metrics (e.g., CD: 7.49 vs. 2.77, PA: 45.58% vs.
54.82%). This suggests that standard fine-tuning
on reasoning MLLMs cannot effectively transfer
their abilities to this geometric reasoning scenar-
ios. Notably, Manual-PA still underperforms CAD-
MATE, even it simplifies the task by directly pre-
dicting final poses without considering actions and
initial poses. (iii) CADMATE exhibits robust
geometric reasoning across varying assembly
complexities. As assembly complexity increases,
CADMATE maintains more stable performance
compared to baselines. From the 2~5 to 10~15
parts subsets, Qwen3-VL-8B’s PA drops by 40.90%
(from 77.12% to 45.58%), whereas CADMATE-8B
shows a smaller 24.11% decline (from 90.35% to
68.56%). On the challenging 10~15 parts subset,
CADMATE-8B still achieves 68.56% PA and 1.78
CD, substantially outperforming all baselines. It
benefits from our three-stage training strategy that
progressively builds spatial perception, geometric
reasoning, and physical awareness. (iv) Physical
feasibility remains a major challenge for exist-
ing models. Both proprietary and fine-tuned open-
source models exhibit limited performance on the
S, metric. While our spatial-physical rewards alle-
viate this issue, CADMATE-8B still achieves un-
satisfactory 4.75/6.0 on the 10~15 parts subset.

5.3 Ablation Study

Table 1 also presents ablation results. We observe:
(i) Removing spatial perception adaptation (SPA),
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Figure 5: Key assembly steps from different methods.

CADMATE-8B increases CD from 1.78 to 3.65
in the 10~15 parts subset, confirming its role in
learning fine-grained part-level spatial awareness
in CAD domain. (ii) CoT causes the substantial
improvement on the 8B variant (CD: from 5.92 to
1.78), indicating that geometric reasoning is essen-
tial for capturing assembly constraints. (iii) For our
spatial-physical rewards, R s is important for spa-
tial accuracy (e.g., CD), while R, primarily affects
S., validating that they target intended objective.

5.4 Qualitative Analysis

Fig. 5 showcases assembly sequences from various
models. CADMATE generates physically plausi-
ble trajectories with precise 6-DoF alignment and
logical ordering. In contrast, although fine-tuned
Qwen3-VL-8B reconstructs the general shape, it
suffers from inter-part collisions (red boxes). More-
over, leading proprietary MLLMs like Gemini-2.5-
Pro and GPT-5 fail fundamentally in spatial rea-
soning, resulting in disconnected and misplaced
components. More cases with generated geometric
CoT are provided in Appendix E.

6 Conclusion

In this paper, we formulate CAD assembly as a se-
quential action prediction task, where the goal is to
generate 6-DoF transformations to progressively as-
semble individual parts based on reference design
images. To address this task, we construct CAD-
Builder dataset and propose CADMATE model
with a three-stage training strategy that progres-
sively builds spatial perception, geometric reason-
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ing via chain-of-thought, and physical awareness
through spatial-physical rewards. Extensive exper-
iments demonstrate that CADMATE outperforms
existing MLLMs, providing a strong potential for
the automated CAD assembly planning in indus-
trial design applications.

Limitations

In this paper, we focus on image-guided CAD as-
sembly, where the reference design is provided
with an image. In other scenarios, designers may
specify assembly requirements through textual de-
scriptions. We believe that our method could be ex-
tended to these contexts with sufficient text-guided
assembly data. Additionally, due to the limitations
about availability of sufficient complex CAD as-
semblies, our current CADBuilder dataset contains
objects with 2~15 disassembled parts. In the fu-
ture, we plan to expand data with greater structural
complexity, which offers challenges for advancing
spatial understanding and physical feasibility.
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A CADBuilder Dataset Construction

In this section, we provide more details about the
construction process of our CADBuilder dataset.
Fig. 6 shows the demonstration of diverse 3D ob-
jects in our dataset.

A.1 Reference Image Collection

We collect reference views for each multi-part as-
sembly using an automated rendering pipeline in
Blender. All parts are first normalized to a canoni-
cal scale, and centered at the origin to ensure consis-
tent camera placement.Predefined viewpoints are
ranked based on part visibility and projected area.
For each candidate view, we define

Score = 0.5 X Syis + 0.5 X Sarea 8)

The visibility score Syis is computed via ray-casting
on part samples and defined as a weighted sum of
minimum and average ratios:

M
) 1
Syis = 0.7 x Inilnri + 0.3 x i Z;ri )
1=
where r; denotes the visible-point ratio of part :.
The projected area score Sy, measures the 2D
coverage of the assembly in camera space and is
defined as

Sarea = Abbox V davg

where the bounding box is computed from all parts
as  Appox = (l‘max - xmin)(ymax - ymin) with
z,y € [0, 1] and dyyg denotes the average camera-
to-part distance. Views with higher combined
scores are rendered with emphasized visible and
hidden edges to highlight structural details. Multi-
ple reference views are generated for each assembly
and manually verified to ensure they sufficiently
capture the essential geometric and structural char-
acteristics of the object.

(10)

A.2 6-DoF Pose Initialization

We initialize the 6-DoF pose of each part using
a collision-aware placement strategy. To avoid
inter-part penetration, we perform an overlap check
based on a projection-distance criterion between
the current part and the already placed parts. Specif-
ically, for two parts A and B, let c4 and cp denote
their geometric centers, and define the direction
vector d = %. We project all vertices of

.
each part onto d and compute their extents along

this direction. Let L4(d) and Lp(d) denote the
projected lengths of parts A and B, respectively.
The two parts are considered non-overlapping if
lca — cp|| > a(La(d)+ Lp(d)),where o €
[0.5,0.6] is a relaxation factor to improve robust-
ness. If overlap is detected, the pose is iteratively
updated along the predefined disassembly direction
v as tg11 = ti + Av, until the non-overlapping
condition or a maximum iteration limit is reached,
where t denotes the translation at iteration k£ and A
is a fixed step size. Following the initial disassem-
bly order, pose initialization is performed sequen-
tially. At order ¢, all parts initialized in earlier steps
are merged into an aggregated part G; = (J,_, P,
and the overlap constraint is evaluated between
the current part P; and G;.This procedure yields a
collision-free 6-DoF pose initialization that strictly
adhere to the assembly logic.

A.3 Disassembly Simulation

We obtain plausible assembly trajectories by revers-
ing physics-based disassembly simulations (Tian
et al., 2022, 2024) and render them into videos us-
ing Blender. Although the simulation framework
provides basic collision-free guarantees, we further
verify each trajectory via Qwen3-VL-235B-A22B-
Instruct (Bai et al., 2025) to ensure inter-part col-
lision avoidance, assembly order feasibility, and
physical plausibility (Fig. 7).

A4 Training Data
A.4.1 Geometric CoT Annotation

To construct geometric chain-of-thought annota-
tions for CAD objects, we design three comple-
mentary prompts covering shape descriptions of
the selected part and the current assembled object
(i.e., sub-assembly), and their assembly compatibil-
ity constraints to construct our geometric chain-of-
thought. Specifically, the selected part captioning
prompt in Fig. 8 focuses on capturing the shape,
assembly features, and functional role of individ-
ual parts. The current assembled object captioning
prompt in Fig. 9 describes partially assembled
structures by summarizing their combined appear-
ance, engaged assembly features, and remaining
exposed interfaces. Based on these captions, the as-
sembly compatibility constraints reasoning prompt
in Fig. 10 guides the model to explain why and how
the candidate part can be assembled with the cur-
rent assembled object, emphasizing geometric com-
patibility and structural alignment. Consequently,
they enable geometric reasoning at each assembly
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Figure 6: Demonstration of various 3D objects from our CADBuilder dataset.

step. To ensure the reliability of our geometric CoT
annotations, we verify annotation quality through
manual inspection of 100 random samples and au-
tomated verification using Gemini-2.5-Flash (Co-
manici et al., 2025). Over 95% of annotations pass
automated verification, with the remaining samples
manually reviewed and corrected.

A.4.2 Training Data Format

We adopt a supervised fine-tuning (SFT) formu-
lation to train the model for step-by-step CAD
assembly planning. Each training sample is or-
ganized as a multi-turn conversation, summarized
in Fig.11. Specifically, each conversation begins
with a system message that defines the assembly
task, constraints, and the required output format.
The user then provides the reference image of the
complete assembly, multi-view images of the ini-
tial disassembled state, a fixed base object, and
the initial 6-DoF poses of all remaining parts. At
each turn, the assistant selects exactly one object
to assemble and outputs three components: a ge-
ometric description of the selected part and the
current sub-assembly, an assembly compatibility
constraints explaining how these parts fit together,
and a precise action trajectory represented as a se-
quence of relative 6-DoF transformations. After
each step, the user supplies updated images of the
partially assembled state, and the process contin-
ues until all parts are assembled. This SFT format

explicitly couples geometric reasoning (CoT) with
executable assembly actions, enabling the model
to learn structured assembly planning. To ensure
numerical stability and prevent overfitting to spuri-
ous precision, we round all 6-DoF transformation
values to two decimal places, which aligns with
practical CAD design tolerances while maintain-
ing sufficient geometric accuracy. We additionally
provide a subset of the SFT training data in the
supplementary material.

A.5 Dataset Statistics

We construct CADBuilder, a parametric CAD as-
sembly dataset that contains over 45K unique CAD
objects across a wide range of assembly complex-
ities in terms of part counts. Specifically, CAD
objects with 2~5 individual parts include 35,483
samples, those with 6~10 parts contain 7,302 sam-
ples, and more complex objects with 11~15 parts
comprise 2,276 samples. It provides enough multi-
part data to learn complex structural and geometric
relations. This distribution ensures coverage of di-
verse assembly difficulty levels, enabling models
to learn assembly reasoning from simple to highly
complex structural configurations.

B Additional Training Data for SPA Stage

We utilize Text2CAD (Khan et al., 2024) and Deep-
CAD (Wu et al., 2021) datasets as the data sources
for the Spatial Perception Adaptation (SPA) stage.
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Verification Prompt for Assembly Trajectory Validation

You are an expert in CAD assembly and mechanical engineering. Your task is to verify the physical plausibility of
assembly trajectories by analyzing video demonstrations of the assembly process. Given the assembly video showing

1. Inter-Part Collision Detection:

2. Assembly Order Feasibility:

3. Physical Plausibility:

Required Output Format (JSON):

{
"collision_free": true/false,
"feasible_order"”: true/false,
"physically_plausible”: true/false,
"overall_valid"”: true/false,

3

the sequential assembly of CAD parts, evaluate the following criteria:

* Are there any collisions or geometric interferences between parts during movement?
* Do moving parts penetrate through already-assembled components?

* Is the assembly sequence logically sound and executable?
* Can each part be physically accessed and positioned without obstruction by other parts?

¢ Do the trajectories respect gravity and contact constraints?
* Are all movements physically realizable in real-world assembly?

Note: A trajectory is considered valid only if all three criteria are satisfied, i.e., overall_valid = true.

Figure 7: Prompt template for verification of assembly trajectory videos.

The model evaluates three key

aspects—collision-free movement, assembly order feasibility, and physical plausibility—to ensure the quality

and executability of trajectories in the CADBuilder dataset.

Text2CAD provides image-text pairs with beginner-
level CAD modeling instructions, which we use for
the CAD caption task. DeepCAD contains para-
metric 3D objects, which we use for the 6-DoF
pose prediction task. To prevent overlap with our
CADBuilder test set, we filter out potential dupli-
cates from the SPA training data. Specifically, we
compute the chamfer distance (CD) between each
SPA sample and all test samples in CADBuilder.
Samples with CD < (.03 are removed from the
SPA training set, ensuring no data leakage during
evaluation. After filtering, we retain 320K samples
for SPA training.

B.1 Text2CAD

The Text2CAD dataset (Khan et al., 2024) is con-
structed based on DeepCAD (Wu et al., 2021), gen-
erating textual modeling instructions through large
language and vision-language models. The con-
struction pipeline first employs LLaVA-NeXT (Li
et al., 2024a) to generate shape descriptions for
CAD models and their intermediate components.
These descriptions, along with design specifica-
tions from DeepCAD, are then fed into Mixtral-
50B (Jiang et al., 2024) to produce multi-level
CAD modeling instructions. We select beginner-

level instructions that focus on how 3D objects are
composed of basic geometric primitives. To in-
crease data diversity, each CAD model is rendered
from four viewpoints, yielding over 600K image-
text pairs in total. During training, we prompt the
MLLM to describe the compositional structure of
CAD objects based on these image-text pairs. After
filtering samples overlapping with our CADBuilder
test set, we retain 160K samples for the CAD cap-
tion task in the SPA stage.

B.2 DeepCAD

The DeepCAD dataset (Wu et al., 2021) contains
178,238 CAD designs from Onshape’s repository?,
each represented as sketch and extrusion command
sequences. The MLLM is trained to predict their
perturbed 6-DoF poses from standard viewpoints.

C More Analysis

C.1 Human Evaluation

Considering that automatic metrics may not fully
capture the quality of assembly sequences from a
design perspective, we conduct human evaluation
to assess whether the generated assembly actions

Shttp://http://onshape.com
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Prompt for Selected CAD Part Description

Prompt:

shape, key assembly features, and functional role.
Requirement for input:

* The ID of the corresponding part

Requirement for output:
¢ The selected part:

Rules:

LTI

like “may”, “likely”, or “possibly”.

¢ The output must be plain natural language text only.
Input:
Part ID: <|Part_x|>
Part images: <image><image><image>
Dimensions: length=[, width=w, height=h

You are a CAD part description assistant. Your task is to describe the candidate part in a way that highlights its overall

* Multi-view rendered images of the candidate part (<image> tags)
» Basic geometric information such as length, width, and height (LWH)

— The approximate overall shape of the part (e.g.rod, plate, block, funnel, bracket)
— Key assembly-related features (e.g., holes, slots, grooves, protrusions) ) )
— Functional role in an assembly (e.g., used for connection, used as a container, can be inserted into another part)

* Do NOT use words such as “image”, “CAD model”, or any color or material descriptors, and avoid uncertain terms

* The description must always start with: Part <|Part_x|>, where x is the part ID.
* Focus on shape, structure, holes or perforations, topology, and proportions inferred from the images and JSON data.

Figure 8: Prompt for the selected part description annotation.

align with human designers’ expectations and prac-
tical assembly workflows. Evaluators were com-
pensated at a rate of $0.50 per sample, equivalent
to approximately $20 per hour. We randomly se-
lect 100 samples from the CADBuilder test set
where CADMATE-8B and the strongest baseline
(i.e., Qwen3-VL-8B-Thinking) both achieve CD <
5.0 and PA > 50%. The selected samples span dif-
ferent complexity levels and are consistent across
all evaluated methods. We invite six graduate stu-
dents majoring in industrial design with CAD de-
sign experience to evaluate the generated assem-
blies based on three criteria: Assembly Rationality
(Rat) measures whether the predicted assembly se-
quence and 6-DoF transformations follow logical
and practical assembly workflows that a human
designer would adopt. Spatial Accuracy (Spa) as-
sesses whether the predicted part poses are spatially
accurate with minimal positioning errors. Physical
Feasibility (Phy) evaluates whether the assembly
process avoids collisions, penetrations, and phys-
ically implausible movements. Each criterion is
scored on a scale from O to 2, with higher scores
indicating greater alignment with human design
practices. Table 2 presents the human evaluation
results. The standard deviations confirm the relia-
bility of our assessment. We observe that: (i) Fine-

Model Rat Spa Phy

Qwen3-VL-8B | 1.24/0.35 | 1.31/0.28 | 0.96/0.31
CADMATE-4B | 1.42/0.32 | 1.38/0.26 | 1.18/0.29
CADMATE-8B | 1.58/0.28 | 1.47/0.24 | 1.32/0.27

Table 2: Human evaluation results. Each value is pre-
sented as 11/0, where p is the mean score and o is the
standard deviation. Bold: best performance.

tuned models demonstrate reasonable spatial accu-
racy, suggesting they have learned to predict plau-
sible part positions. (ii) Our CADMATE-8B out-
performs the baseline in assembly rationality and
physical feasibility, demonstrating that our geomet-
ric chain-of-thought reasoning and spatial-physical
rewards enable more human-like and physically
valid assembly generation.

C.2 Impact of RL Training Data Scale

To investigate how the scale and source of RL train-
ing data affect model performance, we conduct
experiments with different data compositions. We
apply the pass@Fk criterion (1 < k < 7) to ob-
tain trajectories from two sources: D; denotes the
28K SFT training set, yielding approximately 4K
RL samples after filtering; D2 denotes an addi-
tional 15K CAD assemblies, contributing around
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Prompt for Current Assembled Object Description

Prompt:

interfaces for further assembly.
Requirement for input:

* The IDs of the current assembled object

Requirement for output:
* A description should cover three aspects:

— Exposed interfaces available for further assembly
has unused side holes™)

Rules:
like “may”, “likely”, “probably”, or “possibly”.
of part IDs.

* The output must be plain natural language text only.
Input:

Dimensions: length=I{, width=w, height=h

You are a CAD assembled object description assistant. Your task is to describe partially assembled CAD structures in
a way that highlights the combined appearance, the assembly features already engaged, and the remaining exposed

¢ Multi-view rendered images of the current assembled object state (<image> tags)
* Basic geometric information such as length, width, and height (LWH)

— Overall appearance of the combined structure (e.g., “a flat plate with a cylinder attached on top™)

— Completed assembly features already engaged (e.(g., “the cylinder is inserted into the central hole of the plate™)
e.

., “the cylinder’s upper end remains exposed, and the plate

* Do NOT use words such as “image”, “CAD model”, or any color or material descriptors, and avoid uncertain terms
* The description must always start with: The assembled part (<|Part_x|> <|Part_y|>
* Focus on shape, structure, holes or perforations, topology, and proportions inferred from the images and JSON data.

IDs of the current assembled object: The assembled part (<|Part_x|> <|Part_y|> ...)
Images of the current assembled object: <image><image><image><image>

... using the full list

Figure 9: Prompt for the current assembled object description annotation.

6K RL samples. We train CADMATE-4B and
CADMATE-8B using different combinations of
these data sources and report results on the 10~15
parts subset in Table 3. (i) RL training on SFT
data alone yields marginal improvements. When
training with only D1, CADMATE-4B shows mod-
est gains (CD: 3.05 vs. 3.42 for SFT-only base-
line), suggesting that in-domain RL refinement pro-
vides limited benefit when the data distribution
is already well covered during SFT. (ii) Scaling
RL data with additional samples substantially
enhances performance. Incorporating D> leads
to more pronounced improvements, with CAD-
MATE-4B achieving CD of 2.92 using D5 alone,
and the combined D; + D, further reduces CD to
2.77, approaching our full model’s performance.
This demonstrates that diversifying RL training
data is crucial for learning robust spatial-physical
reasoning. (iii) Larger models benefit more from
scaled RL training data. The performance gain
from data scaling is more pronounced for CAD-
MATE-8B. While the 4B model improves CD by
0.28 (from 3.05 to 2.77) when scaling from D; to
D1 + Do, the 8B model achieves a larger gain of
0.45 (from 2.23 to 1.78). This suggests that SFT

primarily provides syntax grounding and basic as-
sembly understanding for smaller models, while
larger models already encode richer geometric and
spatial priors that RL can more effectively amplify
when exposed to diverse training signals.

Model | D1 D, |MMD] CD| PAt S,t
CADMATE-4B

SFT (noRL) | - - 4.85 342 4925 358

v - 452 305 51.68 3.85

-V | 438 292 5312 398

v V| 426 277 5482 4.12
CADMATE-8B

SFT (noRL) | - - 412 268 5842 4.05

v oo 386 223 6235 432

- V| 372 205 6485 448

v v | 345 178 6856 4.75

Table 3: Impact of RL training data scale and compo-
sition on the 10~15 parts subset. v* indicates the data
source is used. Best results are shown in bold.

C.3 Impact of Hyperparameters on Rewards

As described in Eq. 6, our overall reward is a
weighted combination of spatial reward R, physi-
cal reward R, and format reward R f, with hyper-
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Prompt for CAD Assembly Compatibility Constraints

Prompt:

Requirement for input:
* The ID of the corresponding part
* Multi-view rendered images of the candidate part

Requirement for output:

alignment such as support, fixation, or insertion

Rules:
expressions like “may”, “likely”, or “possibly”
* The reasoning must always start with:

* The output must be plain natural language text only
Input (User Prompt):
Part ID: <|Part_x|>
Part images: <image><image><image>

You are a CAD assembly compatibility constraints reasoning assistant. Your task is to explain why and how the
candidate part can be assembled with the current assembled object, based on geometric and structural compatibility.

* The IDs of the current assembled components are already combined
e Multi-view rendered images of the current assembled object
* descriptions of both the candidate part and the current assembled object from the previous step

* A short reasoning (2—4 sentences) explaining why the part can be assembled with the current assembled object
 The reasoning focuses on geometric fit, matching features (e.g., hole—peg, slot-tab, flat—flat contact), and functional

* Both the part and the sub-assembly must be explicitly mentioned

e Do NOT use words such as “image”, “CAD model”, or any color or material descriptors, and avoid uncertain

Part <|Part_x|> can be assembled with Sub-assembly <|Part_a, Part_b|>
where z is the part ID and (a, b, . . .) are the sub-assembly part IDs

* Focus on geometric compatibility such as holes, protrusions, alignment surfaces, and structural matching

Part description (from previous step): <description_single>

IDs of the current assembled object: <|Part_a|> <|Part_b|> ...

Images of the current assembled object: <image><image><image>

Description of the current assembled object (from previous step): <daption_assembly>

Figure 10: Prompt for assembly compatibility constraints between a candidate part and current assembled object.

parameters Ay, Ay, and A respectively. We investi-
gate how different weight configurations affect the
performance of CADMATE-8B on the 10~15 parts
subset, as shown in Table 4. We observe that: (i)
The balanced configuration (A\; = 0.5, A\, = 0.4,
Ay = 0.1) achieves the best overall performance.
Over-emphasizing spatial accuracy (A\; = 0.7) im-
proves CD to 1.65 but degrades S, to 4.52, indicat-
ing increased collisions. Conversely, prioritizing
physical feasibility (A, = 0.6) improves S, to 4.88
but worsens CD to 2.12, demonstrating the trade-
off between spatial precision and collision avoid-
ance. (ii) While removing format reward (A; = 0)
causes minor degradation, the model still maintains
reasonable performance, suggesting that R and
‘R, are the primary drivers of performance, with
Ry serving as an auxiliary constraint.

C.4 Comparison between GRPO and DPO

To further validate the effectiveness of our reward-
based RL approach, we compare Group Relative
Policy Optimization (GRPO) with Direct Prefer-

As Ap A |MMD| CD| PAtT S,t
07 02 01] 328 1.65 7042 452
03 06 01| 38 212 6538 488
045 045 0.1 | 352 185 6785 472
055 045 00| 3.68 192 6628 4.8
05 04 01| 345 178 68.56 4.75

Table 4: Impact of reward hyperparameters on CAD-
MATE-8B on the 10~15 parts subset. Best results are
shown in bold.

ence Optimization (DPO) (Rafailov et al., 2023),
a widely-used preference-based RL method. For
DPO training, we construct preference pairs by
sampling multiple trajectories for each assembly
and ranking them based on our spatial-physical re-
ward scores. We report results for CADMATE-8B
in Table 5. We observe that: (i) DPO underper-
forms the SFT baseline across all complexity lev-
els, with CD increasing from 4.78 to 5.23 on the
5~10 parts subset and from 3.65 to 4.15 on the
10~15 parts subset. This suggests that preference-
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SFT Training Data Format

Conversation Format (JSON-style)
System Message:

for single-object trajectory generation.
User Message (Turn 1):

» Reference image of the complete assembly
e Multi-view images of the initial disassembled state
* Fixed base object with its 6-DoF pose

Assistant Message (Turn ¢):

Select <|Part_X|>,

User Message (Turn ¢+1):

Termination:

Defines the CAD assembly task, including assembly constraints, coordinate conventions, and output format requirements

* List of disassembled objects with object IDs (<|Part_ID|>) and initial 6-DoF poses

» <description>: Geometric chain-of-thought describing the selected part and the current sub-assembly
* <constraint>: Reasoning on assembly compatibility and geometric constraints
* Action sequence for assembling exactly one object, formatted as:

<|begin_of_action|>[Ax,Ay,Az,Arx,Ary,Arz], ...

* Updated multi-view images of the partially assembled state
* Instruction to select the next object and generate its assembly trajectory

The conversation ends when all disassembled objects have been sequentially assembled.

<|end_of_action|>

Figure 11: SFT training data format with geometric chain-of-thought for CAD assembly.

based training struggles to optimize tasks requiring
precise spatial reasoning. (ii) In contrast, GRPO
achieves substantial improvements over SFT. It val-
idates that directly optimizing spatial-physical re-
wards is more effective than learning from prefer-
ence comparisons for CAD assembly tasks.

D More Experiment Details

D.1 Evaluation Metrics

To comprehensively evaluate the quality of gen-
erated CAD objects, we adopt four complemen-
tary evaluation metrics that assess geometric fi-
delity, part-level accuracy, structural correctness,
and assembly-process consistency. Specifically,
we report Minimum Matching Distance (MMD),
Chamfer Distance (CD), Part Accuracy (PA), and
Model-based Assembly Scoring (S;). Together,
these metrics provide a multi-level evaluation from
individual part geometry to overall assembly valid-
ity and dataset-level distribution alignment.
Minimum Matching Distance (MMD) measures
the discrepancy between the distribution of gen-
erated assemblies and that of the ground-truth as-
semblies. Given the ground-truth set G and the
generated set S, MMD is defined as:

MMD =

where CD(-, -) denotes the Chamfer Distance be-
tween two point clouds. For each ground-truth
assembly, we compute its Chamfer Distance to all
generated samples and select the minimum value.

Chamfer Distance (CD) evaluates the geometric
similarity between a generated assembly and its
corresponding ground-truth assembly. Given a gen-
erated point cloud (X) and the ground-truth point
cloud (Y), the Chamfer Distance is defined as:

1
D(X,)Y) = — i — 2

1 , (12)
+ v Z min ly — zll3,
yey

For each matched assembly pair, CD is computed
on normalized point clouds. We report both the
mean and the median CD over all test samples.
Lower CD values indicate higher geometric accu-
racy of the generated assemblies.

Part Accuracy (PA) measures part-level geomet-
ric correctness within an assembly. We define a
part as accurate if its Chamfer Distance (CD) to
the ground truth is within a predefined threshold
7 (CD < 7) setas 0.01. For an assembly with N
parts, PA is defined as:

N
1
PAassembly = N g H(CDz < 7') . (13)
i=1



Method ‘ 2 ~ 5 parts ‘ 5 ~ 10 parts ‘ 10 ~ 15 parts

| MMD| CD| PAt S,f |MMD| CD| PAt S,f|MMD| CD| PAt S,t
SFT-only | 1.85 198 8742 498 | 392 478 6825 465| 525 3.65 5645 3.92
DPO 212 228 8515 472 | 438 523 6482 435| 578 415 5268 3.65
GRPO 148 1.62 9035 515| 282 385 7692 508 | 345 178 68.56 4.75

Table 5: Comparison between GRPO and DPO on

Model-based Assembly Scoring (S,) is a model-
based scoring metric that evaluates the quality of
a generated CAD assembly using rendered videos
and images with Gemini-2.5-Flash. Specifically,
S. consists of three independent scores, each as-
signed by a multimodal vision-language model: (i)
Part Movement (PM) (0 ~ 2): evaluates whether
part motions during assembly contain penetrations
or physically implausible collisions. (ii) Assembly
Gap (AG) (0 ~ 2): assesses whether visible gaps
exist between parts in the final assembled state. (iii)
Structure Similarity (SS) (0 ~ 2): measures the
structural consistency between the final assembled
result and the ground-truth CAD object. The com-
plete evaluation prompt is shown in Fig. 12. The
score S, is computed as:

Sa = Spm + Sag + Sss, S, €[0,6].  (14)

We validate this metric on 100 randomly sampled
assemblies, achieving a Pearson correlation of 0.89
with human ratings, confirming its reliability.

D.2 RL Settings

We utilize the Hugging Face Transformers library,
GRPO implementation from TRL (von Werra et al.,
2020) and DeepSpeed ZeRO-2 for distributed train-
ing. For efficient model inference, we employed
vLLM framework (Kwon et al., 2023) to rollout
action sequences. For RL training data preparation,
we apply the pass@k criterion (with 1 < k£ < 7)
with Eq. 2 on filter both the 28K SFT training set
and an additional 15K samples. Finally, we obtain
over 10K data samples for RL training.

D.3 Baselines Implementation

We evaluate CADMATE against three kinds of
baselines: leading large-scale MLLMs (i.e., over
100B parameters), fine-tuning small reasoning-
oriented MLLM:s, and a 3D point cloud based CAD
assembly model. Notably, in our preliminary ex-
periments, we utilize parameter-efficient strategies
(Hu et al., 2021; Zhao et al., 2025; Zhang et al.,
2025b) and find that the models fail to learn correct

CADMATE-8B. Best results are shown in bold.

coordinate outputs. Therefore, we utilize the full
fine-tuning for our CADMATE Table 6 provides
details of these baseline models. We elaborate on
their implementation as follows.

Leading Large-scale MLLMs. We evaluate 7
leading large-scale MLLMs using the same prompt-
ing protocol (i.e., system message and few-shot
examples), as shown in Fig. 13. Each model is
provided with a reference image of the target CAD
object, multi-view images of individual parts with
object IDs, and the initial 6-DoF poses, with one
part fixed as the base. The models are instructed
to generate assembly trajectory, each consisting
of a minimal sequence of relative 6-DoF actions,
following a strict output format.

Fine-tuning Small MLLMs. We fully fine-tune
three reasoning-oriented MLLMs: Qwen3-VL-
8B, GLM-4.1V-Thinking-9B, and InternVL-3.5-
8B. These models are trained on the same data as
CADMATE’s SFT stage, but with chain-of-thought
reasoning removed to predict action sequences di-
rectly. We train for 3 epochs with a learning rate of
le-5, and report results from the best-performing
checkpoint in Table 1.

3D Point Cloud based Model. We implement
Manual-PA (Zhang et al., 2025a), a point cloud-
based assembly method that directly predicts final
6-DoF poses for each part without modeling initial
states or action sequences. Manual-PA operates in a
simplified setting by directly predicting final poses
rather than generating assembly actions. We train
it on CADBuilder following the original protocol.
The video-based S, evaluation is not applicable as
it does not generate assembly processes.

E More Cases

Fig. 14, 15 and 16 present representative cases of
assembly processes generated by our CADMATE-
8B. In contrast, Fig. 17 illustrates a failure case.
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Model-based Assembly Scoring (S,) Evaluation Protocol

Task Description:
Evaluate CAD assembly quality by analyzing assembly videos and comparing final results with ground-truth structures
using a multimodal vision-language model.

Evaluation Dimensions (Each scored 0-2, integer only):
1. Part Movement (PM) — Video-based collision detection
* Description: Observe part movements throughout assembly to detect penetrations or collisions
* 0: Clear penetration or collision between parts during movement
* 1: Minor contact or near-collision, but not severe
* 2: Smooth movement with no penetration or collision at any stage
2. Assembly Gap (AG) — Video-based gap assessment
* Description: Inspect fit between parts after assembly completion for visible gaps
* 0: Obvious gaps between assembled parts, indicating poor fit
¢ 1: Minor gaps exist, but overall assembly is mostly tight
¢ 2: No gaps visible; parts fit precisely with perfect alignment
3. Structure Similarity (SS) — Image-based structural comparison
* Description: Compare final assembly frame with ground-truth CAD structure images
* 0: Final structure differs significantly from ground truth with major discrepancies
* 1: Somewhat similar to ground truth, but with noticeable differences
e 2: Very close to ground truth with minimal or no differences

Output Format:
e <think>Detailed scoring rationale for each dimension </think>
» <answer>Three comma-separated scores (e.g., 2,1,2)</answer>
* Final Score: S, = Spm + Sac + Sss € [0, 6]

Figure 12: Model-based assembly scoring prompt. The framework assesses assembly quality through three
complementary dimensions: part movement collision detection, assembly gap measurement, and structural similarity
to ground truth.

MLLMs ‘ LLM (Size) Vision Encoder Link

Open-Source Models

Qwen3-VL-8B Qwen3 (8B) SigLip-400M ¥ Qwen/Qwen3-VL-8B-Thinking

GLM-4.1V-9B GLM-4-9B-0414 (9B) Aimv2-Huge ¥ zai-org/GLM-4.1V-9B-Thinking

InternVL3.5-8B Qwen3-8B (8B) InternViT-300M %, OpenGVLab/InternVL3_5-8B

GLM-4.5V GLM-4.5-Air (106BA12B) Aimv2-Huge@224px (%! zai-org/GLM-4.5V

Manual-PA N/A DINOV2 & PointNet ) DavidZhang73/Manual-PA
Proprietary Models

Qwen3-VL-Plus Qwen3-Plus N/A % Qwen3-VL-Plus

Seed-1.6-Vision N/A N/A O Seed-1.6-Vision

Gemini-2.5-Flash N/A N/A 4 Gemini-2.5-Flash

Gemini-2.5-Pro N/A N/A 4 Gemini-2.5-Pro

GPT-5-mini N/A N/A @ GPT-5-mini

GPT-5 N/A N/A & GPT-5

Table 6: The details of the baseline models in our comparison.
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https://huggingface.co/Qwen/Qwen3-VL-8B-Thinking
https://huggingface.co/zai-org/GLM-4.1V-9B-Thinking
https://huggingface.co/OpenGVLab/InternVL3_5-8B
https://huggingface.co/zai-org/GLM-4.5V
https://github.com/DavidZhang73/Manual-PA
https://modelstudio.console.alibabacloud.com/?tab=doc#/doc/?type=model&url=2840914_2&modelId=qwen3-vl-plus
https://seed.bytedance.com/en/seed1_6
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash
https://docs.cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-pro
https://platform.openai.com/docs/models/gpt-5-mini
https://platform.openai.com/docs/models/gpt-5

Few-shot Prompt for Large-scale MLLM Baselines

System: You are a CAD assembly assistant. For the given parts, generate operation instructions to move and assemble
ALL parts. Each part must be represented by exactly ONE trajectory, and each trajectory can contain multiple actions
(separated by commas). Use as few actions as possible for each trajectory, and ensure that during movement, collisions
or mesh penetrations are avoided as much as possible.

Inputs:
1. Complete assembly design (Reference Image)
2. Multi-view images of each part with its object ID (<|Part_ID|>)
3. 6-DoF pose of each part ([x, y, z, rx, ry, rzl)
4. One part is fixed as the base; all others are assembled onto it.
Task: Output exactly one trajectory per part to assemble. Each output must include the <|Part_ID|> of the operated
part and its action sequence.
CRITICAL - OUTPUT REQUIREMENTS:
* ONLY output trajectory blocks in the exact format shown in examples
* DO NOT include ANY reasoning, analysis, explanatory text, or thinking process
e DO NOT add comments, descriptions, or additional information
« Start your response directly with <trajectory> tags
* Follow the exact output format from the examples below
* The number of <trajectory> blocks MUST be exactly equal to the number of moveable parts
Motion Planning Guidelines:
* Move ALL parts except the fixed part; each part must have only one trajectory
» Each trajectory can contain multiple actions (separated by commas), Use the fewest possible action steps for each
trajectory
* Plan trajectories that avoid collision with existing parts (both fixed and already assembled parts)
 Each action vector contains six floating-point values: [Ax, Ay, Az, Arx, Ary, Arz]
o Ax, Ay, Az: relative translation toward final assembled pose (in units)
o Arx, Ary, Arz: relative rotation parameters (in radians)

Few-shot Examples: INPUT:

Reference Image: <image>

Images of initial disassembled state: <image><image><image>

Object initial 6-DoF pose:

Fixed object: <|Part_1|> [-0.01, -2.35, -0.24, 0.00, 0.00, 0.00] <image>

Moveable object:

<|Part_0|> [2.62, 0.05, 9.43, 0.00, 0.00, 0.00] <image>

<|Part_2|> [-1.23, -10.33, 0.17, 0.00, 0.00, 0.00] <image>

<|Part_3|> [-2.79, 5.99, -0.01, 0.00, 0.00, 0.00] <image>

OUTPUT:

<trajectory>Select <|Part_3|> to assemble, <|begin_of_action|>[0.7, -1.33, -0.02, 0.00, 0.00,
0.00], [0.00, -5.05, 0.00, 0.00, 0.00, 0.00]<|end_of_action|></trajectory>

<trajectory>Select <|Part_2|> to assemble, <|begin_of_action|>[1.25, 4.84, -0.16, 0.00, 0.00,
0.00], [0.00, 6.06, 0.00, 0.00, 0.00, 0.00]<|end_of_action|></trajectory>

<trajectory>Select <|Part_0|> to assemble, <|begin_of_action|>[-0.51, -0.46, -1.88, 0.00, 0.00,
0.00], [0.00, 0.00, -7.57, 0.00, 0.00, 0.00]<|end_of_action|></trajectory>

Please refer to the EXAMPLE above. For the following INPUT, output ONLY the trajectories for the given input,
following the exact format and not providing any explanation or extra text.

Output Format (STRICT):

* One <trajectory>...</trajectory> block per part to assemble
* Inside each trajectory: ’Select <|Part_ID|> to assemble, <|begin_of_action|>...<|end_of_action|>’
* Multiple trajectories separated by \n

¢ NO additional text outside this format

Figure 13: The few-shot prompt for large-scale MLLM baselines to perform the CAD assembly task.
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<description>Part <|Part_5|> is a long, narrow rectangular prism measuring 8.42 units in length, 0.83 units in width, and 0.5 units in height. It features two circular
holes, one at each end, designed for fastening or alignment. Its role is as a structural or connecting component in an assembly, likely serving as a guide or support
member. The assembled part (<|Part_7|>) is a long cylindrical rod of 5.81 units in length and 0.83 units in width/height, with a gear segment centered on its length.
The gear segment is securely attached to the rod, aligning with its central axis. The two ends of the rod remain exposed, providing connection points for additional / B
components. </description> (] A
<constraint>Part (<|Part_5|>) can be assembled with Sub-assembly (<|Part_7|>) because the rectangular prism's flat surfaces align perfectly with the cylindrical x

rod, allowing stable perpendicular placement. The two circular holes at the ends of the prism match the rod's diameter, enabling secure fastening or alignment. This .

geometric compatibility ensures a fixed orientation and structural connection between the components. </constraint>
Select <|Part_5|> to assemble, <|begin_of _action|>[0.0, 0.0, -3.5, 0.0, 0.0, 0.0]<|end_of_action|>

<description>Part <|Part_4/|> is a cylindrical tube with an axial length of 9.09 units and an outer diameter of approximately 3.3 units (consistent with width and

height dimensions of 3.32 and 3.27). It features a hollow interior forming a through bore, with no additional holes or protrusions. Its role is to serve as a spacer or

sleeve in an assembly, enabling another part to be inserted through its center for alignment or connection. The assembled part (<|Part_7|> <|Part_5|> <|Part_3|>)

combines a large hollow cylinder (ring) with a long rectangular bar and a shorter bar crossing it, forming a compact structure with overall dimensions of 9.92 x 5.81 »
x 4.85 units. The hollow cylinder is fixed onto one end of the long rectangular bar, while the shorter bar is inserted through a hole in the long bar, creating a

cross-shaped connection at the cylinder's base. The opposite end of the long bar remains exposed, the shorter bar's ends are unattached, and the cylinder’s inner

hollow space is still available for further components. </description> \/b\ '
<constraint>Part (<|Part_4|>) can be assembled with Sub-assembly (<|Part_7|> <|Part_5|> <|Part_3|>) because the cylindrical tube's outer diameter matches the

inner diameter of the sub-assembly's hollow cylinder, allowing it to slide into the existing hollow space. The tube’s axial length aligns with the sub-assembly's

structure, enabling it to extend through the cylinder and maintain a stable, concentric connection. This geometric fit ensures the tube functions as a spacer, filling 4
the available inner volume and supporting alignment between the sub-assembly’s components.</constraint>

Select <|Part_4|> to assemble, <|begin_of_action|>[13.09, 0.0, 0.0, 0.0, 0.0, 0.0)<|end_of_action|>

<description> Part <|Part_2|> is a cylindrical pin with a wider circular base, measuring approximately 1.0 units in stem length, 1.25 units in base diameter, and 1.99

units in total height. The stem is a straight cylinder, and the base is a flat disk attached to the stem's lower end. Its role is to act as a fastener or locator, where

the stem can be inserted into a corresponding hole and the base prevents it from passing through. The assembled part (<|Part_7|> <|Part_5|> <|Part_3|> <|Part_4|>

<|Part_0|> <|Part_61> <|Part_1|>) is a long cylindrical body (10.0 units in length) with a yellow flange on one end, a green circular wheel attached to the side via a

blue rod, and a small red component on the cylinder. The cylinder measures 7.05 units in width and 5.68 units in height, forming an elongated, compact structure.

The yellow flange is securely fixed to one end of the cylinder, and the green wheel is attached to the cylinder via the blue rod, aligning with the cylinder's side. The >
opposite end of the cylinder (without the flange) remains open, the green wheel's outer face is exposed, and the blue rod has unused connection points for further \ '
assembly. «</description

<constraint>Part (<|Part_2|>) can be assembled with Sub-assembly (<|Part_7|> <|Part_5|> <|Part_3|> <|Part_4|> <|Part_O|> <|Part_6|> <|Part_1|>) because the
cylindrical stem of the part fits precisely into the central hole of the sub-assembly’s yellow flange. The flat circular base of the part aligns with the outer surface
of the flange, preventing the stem from passing through and ensuring a stable connection. This geometric compatibility allows the part to function as a fastener or
locator, securing the flange to the sub-assembly. </constraint>

Select <|Part_2|> to assemble, <|begin_of_action|>[0.03, 1.21, 4.26, 0.0, 0.0, 0.0k|end_of _action|>

B Assembly Process

Figure 14: A case of generated actions with geometric CoT and rendered assembly process for our CADMATE-8B.
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<description>Part <|Part_8|> is a rectangular block measuring 4.88 x 6.1 x 2.79 units, featuring a flat base and multiple cylindrical protrusions and through-holes on
its top surface. It includes several circular openings (likely for fastening or interlocking) and raised cylindrical sections, some with hollow interiors. The assembled
part (<|Part_6|>) is a compact rectangular block with vertical fins on its lateral faces, measuring approximately 5.24 units in length, 5.93 units in width, and 1.66
units in height. The fins are securely attached fo the block, forming a unified structure. The top face of the block has several circular holes that remain exposed, ﬁ 'S @
providing interfaces for further assembly.</descriptions y
<constraint>Part (<|Part_8|>) can be assembled with Sub-assembly (<|Part_6|>) because the flat base of the part aligns precisely with the top surface of the sub-
assembly, ensuring stable contact. The cylindrical protrusions and through-holes on the part match the circular holes on the sub-assembly's top face, enabling i °
secure interlocking and structural integration. This alignment allows the part to be attached firmly, leveraging the matching geometric features for a stable y 0
connection. </constraint>

Select <|Part_8|> to assemble, <|begin_of _action|>[0.0, 0.0, -0.51, 0.0, 0.0, 0.0k|end_of__action|>

<description> Part <|Part_7|> is a rectangular block measuring 5.87 x 7.49 x 5.67 units. It features a large circular opening on one face, multiple smaller circular
indentations on the top face, and cylindrical protrusions on the side faces. Its role is as a housing or enclosure with mounting points and a port for connecting to
other components. The assembled part (<|Part_6|> <|Part_8|> <|Part_5|> <|Part_3|> <|Part_4|> <|Part_O|> <|Part_1|>) is a compact assembly combining a lower m@
rectangular block with a textured top face and an upper multi-cylinder component, measuring 5.35 x 8.77 x 10.0 units. The upper multi-cylinder component is 4
attached to the top face of the lower block, and a smaller cylindrical element is inserted into a side opening of the block. The upper component’s cylindrical
openings remain exposed, and the lower block has unused side and top openings, along with the free end of the smaller cylindrical element, available for further
connections. </description>

<constraint>Part (<|Part_7|>) can be assembled with Sub-assembly (<|Part_61> <|Part_8|> <|Part_5|> <|Part_3|> <|Part_4|> <|Part_0|> <|Part_1|>) because the
rectangular block's flat top surface aligns precisely with the upper multi-cylinder component’s base, while the large circular opening on the block matches the
exposed cylindrical openings of the sub-assembly. The cylindrical protrusions on the block's side faces align with the sub-assembly’s unused side openings, enabling
a secure and stable connection through matching geometric features. </constraint>

Select <|Part_7|> to assemble, <|begin_of _action|>[0.0, 17.56, 0.0, 0.0, 0.0, 0.0]<|end_of_action||>

<description> Part <|Part_2|> is a flat circular ring (washer) with an outer diameter of 2.77 units and a thickness of 0.36 units, featuring a central through-hole. Its
role is to serve as a spacer or load-distributing component in an assembly, fitting around a shaft or bolt to provide spacing or support. The assembled part
(<|Part_6|> <|Part_8|> <|Part_5|> <|Part_3|> <|Part_4|> <|Part_0|> <|Part_1|> <|Part_7|>) forms a compact rectangular block of approximately 6 x 9 x 10 units,
consisting of a top section, central section, and base section. The top section is securely attached fo the central section, and the base section is fixed to the
bottom of the central section, with cylindrical components inserted into corresponding holes in the central section. The top section has multiple circular openings ’
remaining unoccupied, the central section has a large circular hole on one face, and the base section has exposed finned surfaces with potential attachment points.

</description>

<constraint>Part (<|Part_2|>) can be assembled with Sub-assembly (<|Part_6|> <|Part_8|> <|Part_5|> <|Part_3|> <|Part_4|> <|Part_0|> <|Part_1|> <|Part_7|>) i
because the central through-hole of the flat circular ring matches the large circular hole on the central section of the sub-assembly. The ring's outer diameter and o
thickness align with the hole's dimensions, allowing it to fit snugly around the cylindrical components inserted into the sub-assembly. This geometric compatibility

ensures the ring can be placed as a spacer or load-distributing component, fulfilling its functional role in the assembly. </constraint>

Select <|Part_2|> to assemble, <|begin_of_action|>[0.0, -7.52, 0.0, 0.0, 0.0, 0.0)<|end_of_action|>

B Assembly Process
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Figure 15: A case of generated actions with geometric CoT and rendered assembly process for our CADMATE-8B.

18346



s Input

Refernece Image Initial State Initial 6-DoF Pose for each CAD Part
- 9
Fixed Part Part 0 Part 1 Part 2 Part 9
[1.99,00,0.12, [-3.31,00,5.62, [-1.99,00, 15.12, [:0.66,0.0, 8.12, [00,-2.3,12.93,
yd 0.0,0.0,00 0.0,0.0,0.0] 0.0,0.0,0.0] 0.0,0.0,0.0] .

& Geometric CoT

<description> Part <|Part_8|> is a slender rectangular rod measuring 10.0 units in length, 0.63 units in width, and 0.24 units in height. It has a smooth, uniform cross-

section with no visible holes or slots. Its role is as a structural or alig p tinan , such as a spacer or a rod for connection. The assembled part
(<IPart_5|>) is a wide, thin rectangular bar with dimensions 0.71 x 5.24 x 0. 16 units. Asasingle componem‘ no assembly features are currently engaged. All
surfaces—including the two long edges, the two short ends, and the top and bottom faces—are exposed and available for future connections. </description>

<constraint>Part (<|Part_8|>) can be assembled with Sub-assembly (<|Part_5|>) because the slender rectangular rod aligns perpendicularly with the wide, thin bar, : £
allowing their flat surfaces to contact and form a stable T-shaped connection. The matching cross-sectional dimensions and smooth surfaces ensure a tight fit, while

the perpendicular orientation provides structural support and alignment between the two components. </constraint>

Select <|Part_8|> to assemble, <|begin_of_action|>[0.0, 0.0, -2.51, 0.0, 0.0, 0.0k|end_of__action|>

<description> Part <|Part_3|> is a rectangular plate measuring 0.71 units in length, 5.24 units in width, and 0.16 units in height. It features a flat, uniform surface

without any holes or slots. Its role is as a structural support or spacer in an assembly, providing a flat surface for alignment or connection. The assembled part

(<|Part_5|> <|Part_8|> <|Part_7|> <|Part_1|>) consists of a long, flat plate (10.0 x 5.24 x 0.4 units) with three shorter bars attached perpendicular to its length. The

three bars are fixed flush to the plate's surface, aligning with the plate's width and height dimensions. The ends of the main plate and the free ends of the three

bars remain exposed, providing surfaces for additional connections. </description>

<constraint>Part (<|Part_3|>) can be assembled with Sub-assembly (<|Part_5|> <|Part_8|> <|Part_7|> <|Part_1|>) because its flat, uniform surface aligns perfectly

with the upper surface of the sub-assembly’s main plate. The matching width and height dimensions of the part and the plate ensure a stable, flush contact, allowing 7

the part to be securely attached as an additional structural element. This alignment maintains the sub-assembly's overall geometry while providing a new flat surface >
for further connections. </constraint> N
Select <|Part_3|> to assemble, <|begin_of_action|>[0.0, 0.0, -8.0, 0.0, 0.0, 0.0)|end_of_action|>

<description> Part <|Part_2|> is a thin rectangular plate with dimensions of approximately 0.71 units in length, 5.24 units in width, and 0.16 units in height. It has a

flat, elongated shape with no visible holes or slots. Its role is as a structural support or spacer in an assembly, providing a flat surface for alignment or connection

between parts. The assembled part (<|Part_5|> <|Part_8|> <|Part_7|> <|Part_1|> <|Part_3|> <|Part_O|> <|Part_4|> <|Part_6|> <|Part_91>) is a thin rectangular slatted

panel measuring 10.0 units in length, 5.24 units in width, and 0.4 units in height, with multiple parallel bars spanning its surface. The parallel bars are securely .
attached to a central base plate, forming a stable, grid-like structure where the bars are aligned parallel to the panel's length. The outer edges of the panel (along .
both its length and width) and the free ends of the slats remain exposed, of fering interfaces for further assembly. </description> b
<constraint>Part (<|Part_2|>) can be assembled with Sub-assembly (<|Part_5|> <|Part_8|> <|Part_7|> <|Part_1|> <|Part_3|> <|Part_O|> <|Part_4|> <|Part_6|>

<|Part_9|>) because the flat, elongated surface of the part aligns perfectly with the upper surface of the sub-assembly's central base plate. The matching width of

5.24 units ensures a tight, level contact between the two components, while the part’s thin profile allows it to be securely placed on top of the slatted panel without
interfering with the existing parallel bars. This alignment provides a stable, flat interface for structural support or further assembly connections. </constraint>

Select <|Part_2|> to assemble, <|begin_of_action|>[0.0, 0.0, -15.0, 0.0, 0.0, 0.0k|end_of _action|>

' Assembly Process

Figure 16: A case of generated actions with geometric CoT and rendered assembly process for our CADMATE-8B.
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<description> Part <|Part_0|> is a semicircular block with two rectangular protrusions, measuring approximately 9.97 units in length, 3.61 units in width, and 4.63 °
units in height. Each rectangular protrusion features a circular hole, and the curved middle section connects the two ends. Its role is as a structural connector, =
designed to join components using fasteners through the holes. The assembled part (<|Part_1|>) is a curved, arch-shaped component with a hollow interior, l

measuring approximately 10 units in length, 3.6 units in width, and 4.6 units in height. The structure features a circular hole on one side, which is fully formed as
part of the component. The curved outer surface and the open end of the hollow cavity remain exposed, providing potential interfaces for further attachment or
integration..</description>

<constraint>Part (<|Part_0|>) can be assembled with Sub-assembly (<|Part_1|>) because the semicircular shape of the part aligns perfectly with the curved outer
surface of the sub-assembly, allowing the two components to fit together seamlessly. The rectangular protrusions on the part match the flat contact surfaces of
the sub-assembly, ensuring stable alignment, while the circular holes on the part correspond to the sub-assembly’s structural features, enabling secure fastening.
This geometric compatibility and matching features allow the part to be integrated into the sub-assembly as a structural connector. </constraint>

Select <|Part_0|> to assemble, <|begin_of_action|>[0.0, 0.0, -13.01, 0.0, 0.0, 0.0)<|end_of_action|>

¢

"o

<description> Part <|Part_2|> is a cylindrical screw with a hexagonal head, measuring 5.9 units in total length, 2.39 units in shaft diameter, and 2.4 units in head
diameter. It features a hexagonal socket in the head for tool engagement and a threaded shaft along its length. Its role is to serve as a fastening component,
allowing parts to be connected by screwing into a corresponding threaded hole. The assembled part (<|Part_1|> <|Part_0|>) forms a compact ring-shaped structure
with a curved upper segment and a curved lower segment, measuring approximately 10 units in height, 10 units in length, and 3.6 units in width. The curved upper
segment is seated within the recess of the lower segment, creating a stable interlocked connection along their curved edges. Both segments retain circular holes
on their outer faces, leaving these openings available for further component attachment. </description>

<constraint>Part (<|Part_2|>) can be assembled with Sub-assembly (<|Part_1|> <|Part_0|>) because the threaded shaft of the screw fits precisely into the circular
hole on the outer face of the sub-assembly's curved segments. The matching diameters and threaded geometry enable secure fastening, while the hexagonal head
aligns with the hole's orientation, ensuring stable engagement and fixation of the sub-assembly components. </constraint> A
Select <|Part_2|> to assemble, <|begin_of_action|>[0.0, 0.0, -19.07, 0.0, 0.0, 0.0k|end_of _action|> ‘/

<«description> Part <|Part_3|> is a threaded fastener with a hexagonal head, measuring approximately 2.4 units in width (head diameter) and 5.9 units in total length.

It features a hexagonal recess in the head for tool engagement and a continuous threaded shaft. Its role is to fasten parts together by being inserted into a

compatible hole and tightened. The assembled part (<|Part_1|> <|Part_O|> <|Part_2|>) is a circular ring structure measuring approximately 10 units in height, 10

units in length, and 3.6 units in width, composed of an upper segment and a lower segment. The upper segment is fitted into the lower segment, forming a continuous

ring with a hollow center, and a smaller component is inserted into the upper segment’s internal circular cavity. The upper segment’s external circular opening :
remains exposed, the lower segment’s outer edge has an unoccupied gap, and the smaller p t's free end is available for additional connections. </description -
<constraint>Part (<|Part_3|>) can be assembled with Sub-assembly (<|Part_1|> <|Part_0|> <|Part_2|>) because the threaded shaft of the fastener fits precisely ‘/
into the internal circular cavity of the sub-assembly’s upper segment. The hexagonal head of the part aligns with the exposed external opening of the upper

segment, allowing the fastener to be inserted and tightened. This connection secures the sub-assembly's components together, leveraging the matching geometric

features of the threaded shaft and the cavity for a stable, functional assembly. </constraint>

Select <|Part_3|> to assemble, <|begin_of_action|>[0.0, 0.0, -30.07, 0.0, 0.0, 0.0k|end_of_action|></trajectory>

B Assembly Process
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Figure 17: A representative failure case from CADMATE-8B. While the model correctly infers the assembly
sequence, it produces physically implausible motions with inter-part penetrations during intermediate steps. It
illustrates that physical collision avoidance remains a significant challenge for current MLLMs.
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