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Abstract. Computer-aided design (CAD) plays a fundamental role in
modern manufacturing by providing the high precision required for in-
dustrial production. Recent large language model based approaches for-
mulate CAD generation as a sequence prediction problem and have
achieved promising results. However, existing methods and evaluation
protocols primarily emphasize visual similarity, while overlooking precise
geometric parameters and correct metric scale. Small numerical devia-
tions that are negligible at the shape-level may still violate industrial tol-
erance requirements, a problem further compounded by current autore-
gressive paradigms that utilize command sequence representations, ag-
gressively quantize numerical parameters to ease LLM prediction. In this
work, we present Pointer-CAD v2. Compared with v1 [36], this version
directly predicts continuous values, bypassing the need for quantized nu-
merical parameters and thereby eliminating quantization errors. Specif-
ically, we propose a unified framework that decouples parameter rea-
soning from geometric construction through a Plan-Then-Construct
paradigm. Our method first produces a structured design plan with
explicit metric scale parameters. These parameters are organized into
a dictionary and directly referenced during sequence generation via a
pointer mechanism, eliminating discretization errors and ensuring dimen-
sionally consistent execution. In addition, we construct a new large-scale
dataset with plan-level annotation and introduce three hierarchical geom-
etry accuracy metrics to evaluate parametric fidelity at the vertex, edge,
and face levels. Extensive experiments demonstrate that Pointer-CAD
v2 consistently outperforms existing baselines and achieves substantial
improvements in geometric accuracy, enabling reliable CAD generation
for precision-critical engineering applications. Our code is available at
https://github.com/Snitro/Pointer-CAD-v2.
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Fig. 1: Strength of Our Proposed Method and Metric. Pointer-CAD v2 gen-
erates CAD models with full-precision parameters and dimensional consistency by
explicitly separating parameter reasoning from command construction. In contrast,
command-sequence baselines rely on quantization and cannot accurately represent pre-
cise dimensions. Unlike shape-level metrics such as Chamfer Distance and Intersection
over Union, our proposed metric spatially measures parametric correctness and is more
sensitive to dimensional errors rather than visual similarity.

1 Introduction

Computer-Aided Design (CAD) plays a fundamental role in modern industrial
design and manufacturing, enabling simulation and fabrication workflows under
strict, near-zero tolerance precision requirements. Recent advances in large-scale
CAD datasets [5, 7, 46] and generative modeling [8, 11, 19] have enabled auto-
matic synthesis of parametric CAD programs [10, 23, 27], yet ensuring accurate
and dimensionally consistent parameters remains an open challenge, as errors in
dimensional values can severely impact production-level engineering processes.

Existing methods [18, 37, 39, 61] formulate CAD generation as sequence pre-
diction under an autoregressive paradigm and can be broadly categorized into
two groups: command sequence representations and code representations. Code
representations generate programs in scripting environments such as CADQuery
[48] or the FreeCAD API [31,33]. They align naturally with large language mod-
els (LLMs) [42,52] and programming ecosystems [2, 13], but generating a single
model is often token-intensive due to the verbosity of uncompressed code [36].
In contrast, command sequence representations [49] use specialized token vocab-
ularies to describe parametric operations, offering higher token efficiency. How-
ever, they remain largely limited to sketch-extrude pair operations and struggle
with high-precision modeling due to the quantization of dimensions introduced
to simplify autoregressive generation. Recently, Pointer-CAD [36] extends the
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representation capability of command sequence models through explicit entity
referencing, enabling support for more diverse CAD operations. Precise dimen-
sional control, however, remains unresolved and limits its applicability in indus-
trial and precision-sensitive scenarios.

The design of command sequence representations inherently constrains pre-
cise geometric and dimensional accuracy, since parameters and geometric op-
erations share the same tokenized space [36, 46]. As a result, continuous geo-
metric quantities must be quantized into a finite vocabulary, leading to a loss
of parametric fidelity. Existing evaluation metrics further obscure this issue.
Widely adopted metrics such as Chamfer Distance (CD) and Intersection over
Union (IoU), illustrated in Fig. 1, mainly measure shape-level similarity and are
insensitive to small numerical deviations. However, such deviations are unac-
ceptable in industrial CAD settings that require strict dimensional tolerances.
Although Pointer-CAD [36] mitigates quantization errors through its pointer
mechanism, particularly for sketch plan localization and special edge endpoint
positioning (e.g., midpoints or existing edge endpoints), small numerical devi-
ations may still arise in other unconstrained geometric configurations. These
deviations are subtle and are not explicitly captured by shape-level evaluation
metrics. As a result, neither existing methods nor evaluation metrics are ex-
plicitly optimized for accurate metric scale, which limits their applicability in
precision-critical engineering design. To address these limitations, we propose a
unified framework that decouples parameter reasoning from geometric construc-
tion while preserving accurate parameters together with their associated units.
Our method, termed Pointer-CAD v2, extends Pointer-CAD with a struc-
tured Plan-Then-Construct paradigm. Pointer-CAD generates CAD models in
a step-wise manner and employs a pointer mechanism to reference intermediate
geometric entities. Our method augments each step with a plan stage that pro-
duces a structured, dimension-aware design plan. The parameters defined in the
plan are extracted to form a parameter dictionary, which is then used to generate
the command sequence. Instead of predicting parameters in a quantized space, a
pointer-based mechanism directly selects values from the parameter dictionary
during sequence generation. This design eliminates discretization errors, decou-
ples numerical reasoning from geometric construction, and ensures dimensionally
consistent parameter usage.

To enable structured parameter planning with explicit unit grounding and
rigorous evaluation, we construct a new dataset and introduce geometry accu-
racy metrics. Built upon Recap-OmniCAD and Recap-OmniCAD+ [36], where
the latter additionally includes models with chamfer and fillet, we establish plan-
level supervision by annotating structured design plans for each CAD model
using Qwen3 [52]. This results in OmniCAD-Plan with 202K unique valid mod-
els and OmniCAD-Plan+ with unique 209K valid models. We further propose
geometry accuracy metrics that spatially measure parametric correctness rather
than visual similarity. The evaluation protocol verifies whether generated mod-
els satisfy the intended dimensional constraints within predefined tolerances at
three geometric levels, including vertex, edge, and face. As illustrated in Fig. 1,
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these metrics are more sensitive to dimensional deviations and better distinguish
visually similar models with different numerical parameters. Under the proposed
dataset and evaluation protocol, Pointer-CAD v2 significantly outperforms ex-
isting baselines across three geometric levels, demonstrating superior parametric
accuracy and dimensional consistency.

Our contributions are summarized as follows: (1) We propose a Plan-Then-
Construct framework for CAD generation and introduce Pointer-CAD v2, which
explicitly separates parameter reasoning from geometric construction and en-
ables the generation of dimensionally accurate CAD models; (2) We introduce
a new dataset and hierarchical metrics for training and evaluating paramet-
ric fidelity beyond visual similarity; (3)Extensive experiments demonstrate that
Pointer-CAD v2 outperforms baseline methods by eliminating the need to pre-
dict quantized numerical parameters, improving the dimensional precision.

2 Related Work

2.1 Command Sequence Representations

Command sequence representations have become a popular paradigm for CAD
generation, largely enabled by the availability of large-scale and diverse datasets [20,
45, 46]. Early work such as DeepCAD [46] formulates CAD modeling as se-
quence prediction over parametric operations, while subsequent methods im-
prove structural modeling capacity through hierarchical designs [50,51] and text-
conditioned generation [20]. Recent advances further enhance generation fidelity
with more expressive architectures, including diffusion-based models [30, 55, 57]
and LLMs [26,44,60]. In parallel, reverse-engineering approaches aim to translate
alternative representations, including B-rep [28, 53, 58], point clouds [9, 21, 30],
and images [3,5,47], into executable command sequences. CAD-MLLM [49] fur-
ther unifies multiple modalities within a single framework. Pointer-CAD [36]
introduces a pointer mechanism for explicit geometric referencing, expanding
the expressive capacity of command sequence. Despite these advances, most ex-
isting methods operate in normalized and quantized parameter spaces, leading
to discretization errors and missing explicit metric dimension information.

2.2 Code Representations

With the rapid progress of LLMs in code generation [4, 59], code-based repre-
sentations have become an alternative paradigm for CAD modeling. Early stud-
ies often designed domain-specific languages for CAD representation [12, 15],
while recent works adopt mature CAD scripting environments such as Cad-
Query [16, 24, 33, 48], PythonOCC [56], and FreeCAD [31, 33]. By grounding
generation in executable APIs, these approaches leverage the coding capabili-
ties of pre-trained LLMs. Code representations have also been extended beyond
text-to-CAD synthesis to reverse engineering from point clouds or images [38,54],
as well as multi-modal and agent-based frameworks [22, 31]. Leveraging mature
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Construction Stage

The design starts with a cube that has side lengths of 5 cm. At the center of the top face of this cube, there is a 
short cylindrical protrusion with a radius of 2 cm and a height of 0.5 cm. On top of this cylinder ………

Plan Stage

Input: Full Prompt, Existing B-rep

Output: Detailed Plan

Existing B-rep 

<es>
Continue Generation

<em> Generation Complete 

Empty B-rep Full
Prompt

Initial
State

Done

Define sketch origin: x <L1=1cm>, y <L1>, 
z <L2=2*L1>. Angles: <A1=0deg> (x⁺→u⁺), 
<A2=270deg> (y⁺→u⁺) ………

Output: Command Sequence

Input: Full Prompt, Existing B-rep, Detailed Plan

Command Sequence

<sketch_plane>, <locate>, <L1>, <L1>, <L2>, <rotate>, 
<A2>, <plane_end>
<circle>, <L1>, <L1>, <L3>, <curve_end>
<extrude>, <L4>, <L1>, <extrude_end>
<es> or <em>

Command Evaluator

Input: Existing B-rep, Command Sequence

Output: Combined B-rep
Evaluate the current command sequence into B-rep 
and merge it with the existing B-rep.

Fig. 2: Pointer-CAD v2 Pipeline. Pointer-CAD v2 generates CAD models in a step-
wise manner under a Plan-Then-Construct framework. Each step includes a plan stage
and a construction stage. The plan stage produces a structured, dimension-aware design
plan conditioned on the full prompt and the existing B-rep. The construction stage
retrieves the planned parameters to form a command sequence, which is constructed
to update the B-rep iteratively until completion.

CAD scripting environments, code-based methods can naturally represent high-
precision parameters with explicit dimensions. However, they typically require
around four times more tokens than command sequence representations [36],
reducing both training and inference efficiency.

2.3 Planning-Based CAD Generation

Planning-based CAD generation seeks to decouple high-level design reasoning
from low-level geometric construction [17]. Prior works introduce intermediate
planning stages to improve interpretability and long-horizon reasoning. For in-
stance, [25] represent 2D sketching as sequential geometric constructions, while
FreeCAD [29] and CAD-Assistant [31] generate structured plans to guide sub-
sequent tool calls. Seek-CAD [26] integrates visual feedback with structured
reasoning for iterative self-refinement. In parallel, concurrent works [16, 34, 43]
incorporate Chain of Thought (CoT) reasoning and reinforcement learning to
enhance long-horizon generation. However, these approaches do not establish an
explicit linkage between planning outputs and metric scale parameters.

3 Method

To enable precise and flexible CAD generation with explicit dimension-aware pa-
rameter reasoning, we propose a Plan-Then-Construct framework built upon
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Dimension-Aware Design Plan

Create a sketch on the Bottom plane. Define sketch origin: x <L1=0mm>, y
<L1>, z <L1> Rotation: x+ and y+ project onto the plane; z+ is perpendic-
ular → ignored. Angles: <A1=0deg> (x+ → u+), <A2=90deg> (y+ → u+).
Define inner circle center: u <L1>, v <L1>. Radius <L2=5mm>.
Define outer circle center: u <L1>, v <L1>. Radius <L3=2 * L2>.
Extrude: normal <L4=3mm>, reverse-normal <L1>

Correspond-
ing model

Fig. 3: Example of a dimension-aware design plan. The plan lists geometric
parameters in symbolic form. Each parameter is enclosed in <> and labeled as L for
length or A for angle. All parameters are associated with units and may reference
previously defined parameters of the same type.

Pointer-CAD [36]. As illustrated in Fig. 2, the framework decomposes generation
into two stages: a plan stage and a construction stage. The plan stage performs
structured reasoning in the textual domain and produces an explicit geometric
plan with complete dimensions. The construction stage converts the plan into
executable CAD command sequences. We first review Pointer-CAD in Sec. 3.1,
and then describe the plan and construction stages in Sec. 3.2 and Sec. 3.3.

3.1 Preliminary: Pointer-CAD

Pointer-CAD [36] extends the representation capacity of command sequences
by introducing a pointer mechanism that enables direct referencing of geometric
entities in the intermediate B-rep. Instead of generating the entire CAD model in
a single forward pass, it adopts a step-wise paradigm to progressively construct
the model. At each step, the model predicts one fundamental operation, including
a sketch-extrude pair, a chamfer, or a fillet, conditioned on the current B-rep
built from all previous operations. To support explicit geometric referencing,
Pointer-CAD encodes all entities in the current B-rep into a set of embeddings,
forming a candidate pool for selection. During command sequence generation,
when an operation needs to reference an existing geometric entity, the language
model predicts an embedding vector in the shared space. The entity with the
highest cosine similarity is selected as the output. This design enables accurate
and flexible entity referencing across diverse shapes and topologies, enhancing
the representation ability of command sequences for complex CAD modeling.

3.2 Dimension-Aware Plan Generation

To enable command sequence representations to express continuous parameters
with metric dimensions in the step-wise paradigm, we introduce a structured plan
representation in the textual domain. Unlike conventional command sequence
methods [20, 46, 49], which predict discretized numerical tokens, our plan stage
conducts dimension-aware parameter reasoning before command construction.

At each step, the model generates a structured design plan that specifies all
associated geometric parameters in symbolic form. As illustrated in Fig. 3, all
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Param Encoder

Detailed Plan

Define sketch origin: x <L1=0cm>, y <L1>, z <L2=5cm>.
Angles: <A1=0deg> (x⁺→u⁺), <A2=270deg> (y⁺→u⁺) ………

Angle Dictionary (degree)

<Ln=1.5m>: id=n; value=1.5

<L3=20cm>: id=3; value=0.2
<L2=5cm>: id=2; value=0.05
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Fig. 4: Plan parameter encoding pipeline. All parameters are first extracted from
the generated plan and organized into separate length and angle dictionaries. Each
dictionary is processed by a parameter encoder that captures both frequency and con-
textual information. The encoder maps every parameter to a dedicated embedding,
forming a set of parameter embeddings for subsequent modeling.

referable parameters are enclosed in <> and explicitly typed as either L (length)
or A (angle). Each parameter is bound to a unit of measurement (e.g., degrees,
meters, millimeters) and supports arithmetic operations as well as references to
previously defined parameters of the same type. This design represents geomet-
ric quantities in a metric-scale accurate and non-quantized manner, providing
explicit guidance for the subsequent construction stage.

3.3 Plan-Based Construction Stage

During command sequence generation, parameters defined in the plan are re-
trieved through a similarity-based pointer mechanism. This improves the di-
mension precision of the predicted command sequence.

Parameter Extraction and Normalization. As illustrated in Fig. 4, we first ex-
tract all parameters from the generated plan and separate them into length and
angle types. Each parameter is converted into a unified unit system (meters
for length and degrees for angle). Since numerical parameter magnitudes may
vary significantly after unit conversion, we apply a sign-preserving logarithmic
normalization to alleviate scale imbalance:

x̃ =
sign(x) · log (1 + |x|)

maxx′∈P |sign(x′) · log (1 + |x′|)|+ ϵ
, (1)

where P denotes the parameter set extracted from the plan and ϵ is a small
constant for numerical stability.

Frequency Encoding. To enhance representation capacity across diverse numer-
ical ranges, we encode the normalized value x̃ using exponentially increasing
frequency bands:

z = x̃ · s · b, (2)
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where s ∈ R is a learnable scale and b = [20, 21, . . . , 2K−1] denotes predefined
frequency bands. The resulting Fourier feature [32,41] is

ϕ(x̃) = [sin(z), cos(z)]. (3)

Parameter Embedding. To unify dimensionality, both x̃ and ϕ(x̃) are projected
into a shared embedding space via a gated MLP block H(u) [6], defined as:

H(u) = LayerNorm (σ(Wgu)⊙MLP(u)) , (4)

where σ(·) denotes the sigmoid function and ⊙ represents element-wise multi-
plication. The final parameter embedding is computed as

e =
1

2
(H(x̃) +H(ϕ(x̃))) . (5)

To encode parameter identity and positional information, we further apply Ro-
tary Positional Encoding (RoPE) [40] to e.

Similarity-Based Retrieval. During command sequence generation, extending
Pointer-CAD [36], where geometry entity selection activates the pointer to re-
trieve a target, our mechanism is also triggered whenever a numerical parameter
is required, then the LLM predicts an embedding vector ẽ in the shared embed-
ding space. We compute cosine similarity between ẽ and all candidate parameter
embeddings ei:

similarity(ẽ, ei) =
ẽ · ei

|ẽ| · |ei|
. (6)

The parameter with the highest similarity is selected and inserted into the com-
mand sequence.

Progressive Command construction. Following [36], after similarity-based re-
trieval, the command sequence is executed immediately to update the current
B-rep. The updated geometry is then fed back to the model to condition the
next prediction, enabling progressive construction of the CAD model. At each
step, the plan tokens and the command tokens are generated sequentially within
a single forward pass using two modality-specific decoding heads. A dedicated
control token separates the two modalities, ensuring coordinated yet disentan-
gled generation.

Overall, this plan-based progressive command construction strategy ensures
that all geometric operations strictly follow the metric scale continuous param-
eters defined in the plan stage, eliminating quantization errors in conventional
command representations.

4 Experiments

4.1 Baselines

To the best of our knowledge, no prior work explicitly models metric scale geo-
metric parameters for CAD generation. We therefore adapt two representative
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CAD Dataset

Detail Plan

Plan-Augmented 
CAD Dataset

Expert Annotation

Key Parameter

Prompt

Expert Annotation

Full Json

CAD Dataset

extract

Qwen3

Verification

Parameter Match

retry if missing pass

Fig. 5: Plan Construction Pipeline. Key parameters are extracted from raw JSON
files and combined with expert annotations to form structured prompts. These prompts
are fed into Qwen3 to generate detailed design plans. The generated plans are verified
for parameter completeness. If required parameters are missing, Qwen3 is re-prompted
up to two times, and any remaining failures are discarded.

methods with different parameter representations as our baselines: the command-
sequence-based Pointer-CAD [36] and the code-based CADmium [15].

Pointer-CAD generates geometry in a normalized unit cube without explicit
units. For fair comparison under metric scales, we treat it as a 1 × 1 × 1 meter
volume and add an autoregressive head to predict a global scaling factor with an
ℓ1 loss. In addition, we employ a dedicated text-generation head to predict all
involved parameters together with their units in textual form, forming a param-
eter book. After rescaling, each geometric parameter is replaced by its nearest
entry in the book to maintain consistency between geometry and parameter pre-
diction. For CADmium, we replace all normalized parameters in the dataset with
their original values and units for both training and testing.

In parallel, recent LLMs have shown the ability to perform text-conditioned
CAD generation by producing executable CADQuery code. We additionally eval-
uate several LLMs under this paradigm, including Qwen3 [52], Gemini [14],
GPT [35], and Claude [1].

4.2 Dataset

We construct our dataset following the pipeline in Fig. 5, based on the datasets
released with Pointer-CAD [36], which preserve true geometric dimensions with-
out normalization. Operation-specific parameters are extracted from the JSON
files and organized into a compact JSON hint. The hint, expert annotation, and
our designed prompt are fed into Qwen3 to generate a detailed design plan,
which is then verified for parameter completeness. If any parameters are miss-
ing, Qwen3 is re-prompted with a non-zero temperature for up to two additional
attempts. The final dataset contains only validated plans. Further details and
data statistics are provided in the supplementary material.

Applying this pipeline to Recap-OmniCAD and its extended version Recap-
OmniCAD+, which includes chamfer and fillet operations, we obtain the plan-
augmented datasets OmniCAD-Plan and OmniCAD-Plan+, used for all subse-
quent training and evaluation.
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4.3 Metrics

Standard geometric distance metrics, such as Chamfer Distance(CD), are of-
ten insufficient for evaluating CAD generation from textual instructions. CD
mainly captures coarse geometric structure, but is less sensitive to fine-grained
geometric details (e.g., specific radii or point positions) mentioned in textual
prompts and it cannot distinguish whether the underlying B-Rep structure (ver-
tices, edges, and faces) faithfully reconstructs these precise geometric features
or merely approximates the overall shape.

To bridge this gap and strictly assess whether the generated models adhere
to the dimensional and structural constraints specified in text, we propose three
hierarchical metrics: Vertex Accuracy, Edge Accuracy, and Face Accuracy. These
metrics shift the evaluation from coarse structural similarity to fine-grained para-
metric alignment.

For all three metrics, we define the Accuracy Ratio (Acc) as:

Acc =
Nmatch

Ngt
× 100 (7)

where Nmatch denotes the number of predicted elements correctly matched with
the ground truth (GT), and Ngt denotes the total number of corresponding
elements in the GT model. Unlike CD, our matching process requires strict
parametric consistency:

– Vertex Accuracy: This metric evaluates the fidelity of edge endpoints. A
predicted vertex is considered correctly matched if its Euclidean distance to
the nearest GT point is within a predefined tolerance ϵ. For circular primitives,
the center point is utilized as the representative coordinate for matching.

– Edge Accuracy: An edge is identified as a match only if its endpoints are
correctly localized and its underlying geometric parameters, (e.g., the center
and radius for arcs, or the normal direction for circles) align with the GT
within the tolerance ϵ. This metric serves as a direct proxy for the model’s
capability to adhere to precise dimensional constraints (e.g., “a cylinder with
a 5mm radius”) specified in textual instructions.

– Face Accuracy: A face is deemed correctly matched if all its constituent
boundary edges are successfully identified and its primitive type (e.g., plane,
cylinder, cone, sphere, or torus) is consistent with the GT.

To maintain consistency across various object scales, the tolerance ϵ is defined
relative to the GT bounding box:

ϵ = 0.001×min
(
bmax
gt − bmin

gt

)
, (8)

where bmin
gt and bmax

gt represent the bounding box extrema. Crucially, all models
are evaluated in their original location and scale without normalization, forcing
the model to demonstrate a true understanding of metric scale parameters as
described in the textual instructions.
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Table 1: Quantitative comparison on the OmniCAD-Plan dataset. Our
method consistently outperforms all baselines across three geometric levels.

Method RMR@3 Vertex
Edge Face

Avg Line Circle Arc Avg Plane Cylinder

CADmium-0.5B 78.60 76.37 74.34 76.05 72.41 4.55 70.57 71.47 66.56
Pointer-CAD-0.5B 66.03 58.87 54.81 54.30 59.18 7.34 54.70 54.44 55.88

Ours-0.5B 87.29 90.10 86.40 85.19 92.21 64.54 84.85 83.89 89.05

CADmium-1.5B 81.15 79.36 78.25 80.58 74.03 5.61 74.19 75.56 67.99
Pointer-CAD-1.5B 72.10 64.67 62.35 62.89 62.40 24.83 61.69 62.19 59.50

Ours-1.5B 91.25 92.76 90.33 89.65 94.23 68.53 89.18 88.73 91.14

Table 2: Quantitative comparison on the OmniCAD-Plan+ dataset. Our
method also outperforms all baselines on the more complex dataset.

Method RMR@3 Vertex
Edge Face

Avg Line Circle Arc Avg Plane Cylinder

CADmium-0.5B 42.43 38.92 34.82 36.10 35.67 0.74 28.25 29.05 26.06
Pointer-CAD-0.5B 54.65 47.41 42.96 44.40 43.90 5.92 42.16 43.41 38.52

Ours-0.5B 83.33 86.95 81.84 80.41 90.03 61.21 80.17 79.22 84.16

CADmium-1.5B 43.41 40.15 36.96 38.88 35.88 0.28 29.80 30.99 26.15
Pointer-CAD-1.5B 61.42 53.53 50.63 52.69 48.19 17.52 49.62 51.34 43.94

Ours-1.5B 90.97 92.60 90.13 89.91 94.03 72.29 88.78 88.77 89.64

We further introduce a repair-aware metric, termed Repairable Model Rate
(RMR). In practical CAD workflows, models with only a few geometric errors can
easily be corrected through post-processing. To reflect this property, a generated
model is regarded as repairable under RMR@3 if the number of incorrectly
predicted faces does not exceed three. RMR@3 measures the proportion of such
repairable models over the entire test set, and complements strict parametric
evaluation by capturing practical usability.

4.4 Implementation Details

We use Qwen2.5-0.5B [52] as the backbone LLM for Pointer-CAD v2 unless
stated otherwise. The model is trained for 10 epochs on NVIDIA H800 GPUs.
Additional implementation details are provided in the supplementary material.

4.5 Comparison with Specialized Text-to-CAD Methods

In this section, we compare our method with Pointer-CAD [36] and CAD-
mium [15], under proposed geometry-aware metrics and conventional metrics.

Evaluation on OmniCAD-Plan. As shown in Tab. 1, our method outperforms all
baselines on OmniCAD-Plan across all three metric levels. The 1.5B model im-
proves average accuracy by 13.49% over CADmium-1.5B, demonstrating strong
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Table 3: Quantitative comparison under conventional metrics (F1, CD). All
methods are evaluated on OmniCAD-Plan with 0.5B models. Our method matches
Pointer-CAD on Line and Circle F1, which are near saturation, while significantly
improving Arc F1. CD gains are marginal, as enhanced parameter accuracy is not
adequately captured by rough shape-level geometric metrics.

Method Line F1↑ Arc F1↑ Circle F1↑ Extrusion F1↑ Mean CD↓ Median CD↓

CADmium 85.30 14.58 76.04 88.49 7.39 0.27
Pointer-CAD 96.62 51.00 98.08 99.73 3.69 0.24

Ours 96.75 63.59 98.48 99.66 3.15 0.19

Table 4: Quantitative comparison with general-purpose LLMs on
OmniCAD-Plan. Our method consistently outperforms all evaluated general-purpose
LLMs across the three-level metrics.

Method RMR@3 Vertex
Edge Face

Avg Line Circle Arc Avg Plane Cylinder

Qwen3-235B-A22B 58.34 53.28 49.62 48.09 56.03 30.14 46.75 46.95 45.93
Claude Opus 4.5 61.34 55.41 52.77 49.21 65.86 30.00 52.31 51.09 57.21

GPT-5.2 69.16 61.03 63.55 63.11 66.59 38.36 60.52 61.41 56.94
Gemini 3 Pro 74.65 68.93 69.51 68.96 73.12 39.73 67.02 67.54 64.93

Ours-0.5B 87.77 89.24 84.34 82.17 92.61 56.16 83.19 81.88 88.44
Ours-1.5B 90.89 92.18 89.26 88.21 93.60 67.12 87.93 87.57 89.37

parametric precision. It also achieves an RMR@3 of 91.25%, indicating high
usability in practical CAD workflows.

Evaluation on OmniCAD-Plan+. For OmniCAD-Plan+, we train CADmium
on OmniCAD-Plan, as it does not support the additional operations. Results
in Tab. 2 show that our method consistently outperforms all baselines, demon-
strating robustness to increased geometric complexity and richer operations.

Performance under Conventional Metrics. Following prior work [15, 20, 36], we
also report conventional metrics, including F1 score and CD. All 0.5B models are
evaluated on OmniCAD-Plan. As shown in Tab. 3, while F1 scores for Line and
Circle primitives have reached near-saturation, our method still achieves a sig-
nificant improvement in Arc F1. Pointer-CAD v2 shows only marginal improve-
ments over Pointer-CAD under CD, which is expected since CD is computed
after normalization and is insensitive to small dimensional differences. Thus, mi-
nor deviations in length or angle have limited impact on shape similarity, and
improvements in parameter accuracy are not fully reflected.

4.6 Comparison with General-Purpose LLMs

We randomly sample 2,000 models from the test sets of OmniCAD-Plan and
OmniCAD-Plan+ and prompt each LLM to generate CadQuery code. Results
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Table 5: Quantitative comparison with general-purpose LLMs on
OmniCAD-Plan+. On the more complex dataset, our method consistently outper-
forms all evaluated general-purpose LLMs by a larger margin.

Method RMR@3 Vertex
Edge Face

Avg Line Circle Arc Avg Plane Cylinder

Qwen3-235B-A22B 56.18 49.01 45.37 43.07 54.21 49.62 43.51 42.57 47.36
Claude Opus 4.5 61.28 54.81 52.73 48.48 67.90 66.17 53.20 51.05 62.04

GPT-5.2 66.81 58.66 59.23 56.89 68.26 64.66 57.37 56.73 60.00
Gemini 3 Pro 74.13 67.40 68.11 66.96 73.88 55.64 66.51 66.33 67.20

Ours-0.5B 83.42 84.98 79.07 76.73 90.36 52.87 78.41 76.93 85.05
Ours-1.5B 90.98 91.24 88.02 86.44 95.55 65.41 87.39 86.37 91.73

Table 6: Ablation study of the pointer mechanism. The results show that pa-
rameter reasoning and plan-based reference are essential, while the pointer mechanism
remains robust to scale sensitivity in continuous parameter retrieval.

Variant RMR@3 Vertex
Edge Face

Avg Line Circle Arc Avg Plane Cylinder

w/o Ref. 65.55 66.30 58.45 55.55 71.14 17.65 56.96 54.86 66.30
w/o Plan 80.93 76.13 73.44 73.44 75.50 29.15 72.89 73.23 71.38
w/o Freq. 86.77 89.02 85.20 84.10 90.67 62.24 83.68 82.85 87.31
w/o Norm. 86.76 89.63 85.89 84.69 91.96 56.99 84.37 83.42 88.51

Full 87.29 90.10 86.40 85.19 92.21 64.54 84.85 83.89 89.05

are reported in Tab. 4 and Tab. 5. Among general-purpose models, Gemini-
3-Pro performs best on both datasets, yet our method consistently surpasses
it. Our 1.5B model improves over Gemini-3-Pro by 21.30% on OmniCAD-Plan
and 21.54% on OmniCAD-Plan+ averaged over the three-level metrics. General-
purpose LLMs also achieve much lower average RMR@3 on both datasets (65.88%
and 64.60%) than Pointer-CAD v2. These suggest that current LLMs remain un-
reliable for CAD generation in terms of parametric precision and robustness.

4.7 Qualitative Comparison of CAD Generation

Qualitative Comparison with Baselines. In Fig. 6, we present qualitative compar-
isons of generated CAD models. The code-based method CADmium [15] strictly
follows numerical dimensions but often produces structural errors, such as miss-
ing or incorrectly constructed parts. Pointer-CAD [36] generates geometrically
plausible shapes resembling the ground truth, yet small dimensional deviations
remain. In contrast, our method achieves both structural completeness and ex-
act dimensional consistency. The generated models are visually faithful to the
target geometry while strictly satisfying all specified parameters.

Complex Generation and Failure Cases. Fig. 7 shows additional CAD models
generated by our 1.5B method. Our approach remains robust across diverse
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Fig. 6: Qualitative comparison with specialized text-to-CAD methods. Cad-
mium follows the specified dimensions but shows structural errors. Pointer-CAD pro-
duces plausible shapes with dimensional deviations. Our method achieves both struc-
tural correctness and exact dimensional consistency.

geometries, but occasional inaccuracies appear in very fine features, such as
small holes or thin cylinders. More qualitative results and analysis are provided
in the supplementary material.

4.8 Ablation Study of the Pointer Mechanism

We ablate the pointer mechanism on OmniCAD-Plan using the 0.5B model. As
shown in Tab. 6, we evaluate four variants: w/o Ref., which replaces parameter
references with direct regression and nearest-value matching; w/o Plan, which re-
moves the planning stage and directly extracts parameters from the raw prompt;
w/o Freq., which removes the frequency encoding mechanism; and w/o Norm.,
which removes the sign-preserving logarithmic normalization.

The w/o Ref. and w/o Plan variants lead to notable degradations of 26.54%
and 12.96%, respectively. This suggests that explicit parameter reasoning and
plan-based parameter reference are necessary, as raw prompts often omit com-
puted construction parameters and direct regression is easily affected by nearby
values. In contrast, w/o Freq. and w/o Norm. cause only minor drops of 1.15%
and 0.48%, respectively, suggesting that the pointer mechanism is robust to scale
sensitivity in continuous parameter retrieval.

4.9 Application: Plan-Based Model Editing

Our plan representation also enables direct editing of generated CAD models.
Since geometric parameters are explicitly defined in the plan, modifying them
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Fig. 7: Visualization of generation and failure cases. Our 1.5B method shows
strong robustness across diverse geometric compositions, while occasionally failing to
capture extremely fine-grained features.

Generated Plan

Outer radius: <L1=2m>, Inner 
radius: <L2=L1/2>, and Height: 
<L3=2m>……

Parameter Edit

Set L1 = 10m

Fig. 8: Example of CAD model editing via plan modification. Changing param-
eters in the plan adjusts the inner and outer radii while preserving relative proportions.

updates the model without regenerating the full sequence while preserving rela-
tive proportions (Fig. 8). Details are provided in the supplementary material.

5 Conclusion

In this work, we present Pointer-CAD v2, which addresses quantization limita-
tions of command sequence representations through a Plan-Then-Construct
framework. We generate plan-level annotation, forming a dedicated dataset for
structured training. To better align CAD generation with real-world engineering
requirements, we introduce a multi-level accuracy metric that explicitly evalu-
ates geometric and parametric correctness. Extensive experiments validate the
effectiveness of our approach, achieving state-of-the-art performance.
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