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Computer-Aided Design (CAD) is widely used for conceptual design and parametric 3D modeling, but
typically requires a high level of expertise from designers. To lower the entry barrier and facilitate early-
stage CAD modeling, we present CADDesigner, an LLM-powered agent for conceptual CAD design.
The agent accepts both textual descriptions and sketches as input, engaging in interactive dialogue with
users to refine and clarify design requirements through comprehensive requirement analysis. Built upon

a novel Explicit Context Imperative Paradigm (ECIP), the agent generates high-quality CAD modeling
code. During the generation process, the agent incorporates iterative visual feedback to improve model
quality. Generated design cases can be stored in a structured knowledge base, providing a mechanism
for continual knowledge accumulation and future improvement of code generation. Experimental
results show that CADDesigner achieves competitive performance and outperforms representative
baselines on conceptual CAD model generation tasks.

1. Introduction

Conceptual design of Computer-Aided Design (CAD)
models often begins with incomplete or abstract specifica-
tions, requiring designers to translate rough ideas into precise
parametric models. Creating such 3D models using traditional
CAD software typically demands substantial expertise and
familiarity with complex modeling operations, which can
be a barrier for novice users and slow down early-stage
product development. Traditional CAD platforms—such as
OnShape, AutoCAD, SolidWorks, and CATIA—primarily
rely on manual sketching and extrusion workflows, making
iterative prototyping time-consuming and error-prone. How-
ever, recent advances in artificial intelligence, particularly
the emergence of LLMs, present promising opportunities to
automate CAD model generation, thereby reducing the entry
barrier and accelerating the design workflow.

Early research on automatic CAD model generation has
primarily focused on parametric modeling approaches [1,
2, 3, 4]. However, these methods are constrained by the
limited diversity of training data and the representational
capacity of their model outputs, supporting only a narrow
set of CAD operations. Recent work leveraging LLMs for
CAD code generation has shown promise in overcoming
these limitations [5, 6, 7]. Fine-tuned LLMs can interpret
multimodal user inputs and generate corresponding CAD
modeling code. Nevertheless, fine-tuning open-source LLMs
requires substantial GPU resources, and high-quality CAD
training datasets remain scarce, limiting the diversity and
quality of the generated code.

To address these challenges, we propose CADDesigner,
an LLM-powered agent for conceptual CAD design. CADDe-
signer accepts both textual descriptions and sketches as input
and engages in interactive dialogue with users to refine design
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requirements. The system combines knowledge-constrained
code generation with iterative visual feedback, enabling the
agent to generate high-quality CAD modeling code that better
aligns with user design intent.

To further improve code generation quality, we pro-
pose the Explicit Context Imperative Paradigm (ECIP), an
LLM-oriented representation style implemented through a
lightweight API layer built on top of CadQuery [8]. ECIP
explicitly represents modeling context and restructures CAD
operations into an explicit imperative workflow, enabling
clearer state transitions, more reliable code generation, and
easier iterative correction while remaining aligned with
CadQuery semantics. Representative results generated by
CADDesigner are shown in Figure 1, and our main contribu-
tions are summarized as follows:

e We present CADDesigner, a framework for conceptual
CAD model generation. CADDesigner accepts textual
descriptions and sketches as user input, and integrates tools
for requirement analysis, knowledge-constrained code
generation, and vision-based error correction to generate
CAD scripts that satisfy user intent.

e We introduce an explicit context imperative paradigm for
CAD modeling script generation based on an imperative
function-calling structure. This paradigm decouples in-
dividual CAD operations and improves code generation
quality through explicit type annotations, LLM-friendly
error representations, and self-evolving capabilities. It
supports a wide range of operations, including extrusion,
revolution, fillet, chamfer, sweeping, lofting, etc.

The remainder of this paper is organized as follows. We
begin with a review of related work. We then introduce our
proposed CAD modeling code generation framework, CAD-
Designer, along with the novel code generation paradigm
designed to enhance code quality. Next, we describe our
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Figure 1: Demonstration of various CAD models generated by CADDesigner. Our method supports multimodal input and a broad
range of CAD operations, including extrusion, revolution, fillet/chamfer, sweeping, lofting, etc., as well as the creation of standard

components such as flanges and screws.

experimental setup and present the results. Finally, we provide
a comprehensive analysis and comparison to highlight the
strengths and limitations of the proposed approach.

2. Related Work

This section provides a comprehensive review of four
key areas relevant to our work: parametric CAD modeling,
LLM-driven CAD generation, agent-based model generation,
and parametric CAD modeling SDKs.

2.1. Parametric CAD Model Generation

Parametric CAD model generation approaches commonly
employ supervised learning techniques to produce sequences
of CAD commands, which can be imported into CAD
modeling software to generate editable, parametric files [9, 1].
Systems such as DeepCAD [1], Fusion 360 Gallery [9],
SkexGen [10], and Diffusion-CAD [11] adopt customized
neural network architectures trained to generate command
sequences. However, they primarily support only basic
modeling operations such as sketching and extrusion, and
struggle to generalize to more complex modeling procedures.

Additional efforts [3, 12, 13] explore CAD model re-
construction from point cloud data, aiming to recover struc-
tured geometry from unorganized 3D observations. More
recent methods [14, 15] further attempt to infer structured,
editable CAD models directly from unstructured RGB images
(either single- or multi-view), bridging the gap between
2D visual understanding and 3D CAD modeling. Despite
these advancements, existing approaches remain limited in
their ability to generate complex CAD models, primarily
due to constrained training data diversity and limited output
representation capacity.

2.2. LLM-based CAD Model Generation
Fine-tuned LLMs and vision-language models (VLMs)
have emerged as a prominent direction for CAD model gen-
eration, enabling the synthesis of CAD command sequences
or Python code from multimodal input. Cad-LLM [16] and

CadVLM [17] utilize fine-tuned LLMs to generate paramet-
ric models from sketches and images. CAD-MLLM [18]
targets multimodal inputs—including text, images, and point
clouds—for parametric model generation. CAD-Llama [5]
proposes a hierarchical annotation pipeline that transforms
command sequences into semantically structured CAD code.
This is followed by adaptive pre-training and instruction
tuning, enabling LLMs to generate high-fidelity parametric
3D models. CAD-Recode [7] converts point clouds into
sequential representations, then uses a pre-trained LLM
(Qwen2-1.5B [19]) to generate corresponding CAD code.
Text-to-CadQuery [20] directly maps text descriptions to
CadQuery code, leveraging pre-trained LLMs’ capabilities
in Python generation and spatial reasoning.

While these methods demonstrate strong generation
capabilities, they remain limited by several factors: the
computational cost of fine-tuning large models, the closed
nature of many commercial LLMs, and the scarcity of high-
quality, diverse training datasets for CAD.

2.3. Agent-based CAD Model Generation

Another research direction focuses on constructing CAD
generation agents using prompt engineering and ultra-large
foundation models, circumventing the need for additional
training. CAD-Assistant [21] presents a general-purpose
CAD agent framework that integrates visual and language
models (VLLMs) as planners to generate Python code for
FreeCAD [22], achieving zero-shot capability across diverse
CAD tasks. SeekCAD [23] combines retrieval-augmented
generation (RAG), visual feedback, and a chain-of-thought
(CoT) mechanism to generate customized CAD modeling
code with self-optimization. 3D-PreMise [24] investigates
the potential and limitations of LLMs in program synthesis
for manipulating 3D software and generating parametrically
controlled shapes. CADCodeVerify [25] incorporates itera-
tive validation and refinement loops, using visual language
models to pose and answer verification questions about the
generated CAD outputs.

In contrast to these works, CADDesigner accepts mul-
timodal user inputs—text and sketches—to capture detailed
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Figure 2: The Intelligent CAD Orchestrator Agent, CADDesigner, follows a ReAct-style paradigm to progressively transform user
requirements into valid CAD models through iterative reasoning, tool execution, and feedback refinement. It first refines user
requirements into detailed designs, generates executable modeling code using domain APIs, and analyzes execution results via
both symbolic (e.g., shell logs and errors) and visual feedback (e.g., rendered 3D views).

design requirements, engages in interactive refinement with
users, and enhances code quality and model fidelity through
visual feedback and iterative optimization.

2.4. Parametric CAD Modeling SDKs

Beyond modeling methods, existing CAD modeling
SDKs play a crucial role as the underlying representations
for code-based CAD generation. Most Python-based para-
metric CAD frameworks are built upon OpenCASCADE
Technology (OCCT), a widely used boundary representation
modeling kernel. CadQuery provides a high-level Python
interface with a Fluent API based on method chaining
and workplane abstractions [8], enabling concise modeling
workflows through implicit context propagation. Build123d
adopts a different design based on context managers (e.g.,
with statements) and operator-style modeling by overloading
operators in Python, offering tighter integration with native
Python constructs and improved modularity [26].

However, these SDKs are not specifically designed for
LLM-based code generation. CadQuery’s Fluent API relies
on implicit internal state transitions, which can obscure
intermediate modeling context and increase the difficulty for
LLMs to track dependencies across operations. Despite its
explicit context declaration, build123d’s reliance on symbolic
operators (@, 4+, —) for complex modeling may make seman-
tic intent less transparent for LLM-based code generation,
especially compared with explicit function-call interfaces.
Such implicit context handling and lack of well-defined
semantics can lead to ambiguity and reduced reliability in
generated code. These limitations motivate the need for a

more explicit and LLM-friendly CAD representation, which
we address through the proposed Explicit Context Imperative
Paradigm (ECIP).

3. CAD Modeling Architecture

In this section, we introduce the CADDesigner architec-
ture, which features a ReAct-style agent interacting with a
diverse set of integrated CAD tools to iteratively generate
and refine CAD models. The overall framework is illustrated
in Figure 2.

3.1. ReAct Agent rather than Workflow

CADDesigner employs a ReAct-style [27] agent-centric
architecture, where a central agent governs the entire mod-
eling loop through iterative reasoning, tool execution, and
feedback integration.

Unlike traditional hard-coded workflows, our architecture
leverages prompt-based workflow specifications, where the
system prompts encode procedural guidance for the agent.
This design allows for flexible and revisable task orches-
tration, as the workflow is not statically programmed but
interpreted at runtime by the agent. As a result, users can
intervene at any stage of the process, like adding constraints,
correcting directions, or adjusting goals, leading to a truly
interruptible and human-in-the-loop modeling cycle.

The ReAct-style loop includes reasoning, acting, and
reflecting: the agent expands coarse inputs into parameterized
specs, generates executable code, renders outputs, evaluates
results, and iteratively refines the model until user intent
is satisfied. By consolidating control within the agent, we
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enable adaptive tool use and interpretable, interactive CAD
automation in under-specified or evolving design tasks.

3.2. CAD Tools

The intelligent orchestration relies on a diverse suite of
CAD-oriented tools. Each tool addresses a specific stage
within the design-to-modeling pipeline and works in synergy
under the direction of the ReAct agent. This subsection
describes the CAD tools integrated in our pipeline.

3.2.1. Core CAD Toolset

CADDesigner employs various CAD-specific tools to
support its design-to-modeling pipeline. Central to this set
are four tools, denoted 7 = {T}, T,, T3, T, }, each fulfilling a
distinct role.

e Requirement Refinement Tool T : T — D maps user-
provided multimodal input T to detailed design descrip-
tions D, refining initial requirements into structured design
specifications.

o Code Generation Tool 75 : D — C translates finalized
design descriptions into executable CAD modeling code
C. A new code paradigm for CAD code generation has
been designed and used by 7,. This is discussed in detail
in Section 4.

e Command Execution Tool 75 : C — M executes the
generated Python code C to produce the corresponding
CAD model M by running shell commands.

e Visual Feedback Tool 7, : {M,D} — (P, F) outputs
both a high-level termination signal P € {0, 1}, where
P = 1 triggers termination, and structured diagnostic
feedback F for refinement. Inside this tool, a multi-view
rendering result of model M will be generated. We denote
this render result as V. Thus T} can be separated into 2
steps: T41 M-V, and T42 {V,D} - (P, F)

The sequential composition of these core tools forms the
main functional pipeline:

T, oT30T,oT) 1 I — V. 6))

This pipeline is augmented with a closed-loop correction
mechanism: after generating visual feedback V, the system
invokes T42 to obtain (P, F). If P = 0, the feedback F is
used to guide revised design generation via T30T,0T;. If
P =1, the process terminates successfully. Otherwise, the
loop continues until T42 returns a termination signal.

3.2.2. Auxiliary Toolset

In addition to the core CAD toolset, CADDesigner
integrates several auxiliary tools that support efficient context
management and system interaction. These include:

o SketchPad Tool: A flexible key-value storage tool de-
signed to mitigate the context explosion problem in LLM-
based agents. SketchPad allows the agent to store arbitrary
intermediate data at any time during the design process,

including image paths, reference code snippets, execution
results, and more. By storing context data as keyed
entries instead of embedding entire data repeatedly, it
significantly reduces LLM context size. SketchPad also
supports automatic summarization, tag-based search, and
automatic expiration of outdated entries, enabling flexible
and scalable context management.

e File Operation Tools: These tools provide fundamental
file-reading and file-writing capabilities, allowing the agent
to store or load files as required throughout the CAD design
pipeline. Similar to SketchPad, file content or references
are stored and accessed efficiently to avoid large context
overheads.

Together, these auxiliary tools complement the core CAD
toolset by enabling robust, efficient, and scalable operation of
the CADDesigner agent in complex multi-turn interactions.

3.3. Requirements Analysis

During the conceptual design phase, designers typically
have only rough descriptions or sketches, making it challeng-
ing to precisely define detailed model parameters as well as
the modeling process. To address this, we support designers
by conducting requirement analysis to clarify and refine their
design intention.

Let the set of initial information provided by the user
be I C Iy X Liy,, Where 1, denotes the set of possible
text inputs (including empty text @) and ;g denotes the
set of possible image inputs (including a null image @). Let
P be a set of parameters sufficient for generating a CAD
model for the current design task. The process by which
CADDesigner conducts detailed design can be expressed as
Faesign I = Dgeait» Where D,y denotes the detailed
design containing specific parameters, satisfying P C Dgepil»
and this process is accomplished by T). At this stage,
CADDesigner enables users from different disciplines to
realize their design intentions through interaction. The user’s
revision process for the detailed design is modeled as an
iterative function:

R @ Dyeait X U = Dyeqails 2)

where U is the set of user revision operations. After n
iterations of revision, we obtain Dg . = R"(Dyerair» V),
which is then passed to the next stage.

3.4. Knowledge Constrained Code Generation

Djinal 1s the detailed design confirmed by the user. The
process by which the code generation tool T, receives Dy,
and generates CAD modeling code is expressed as G :
Dgpa — C. A structured knowledge base K is constructed
to support code generation. K includes a set of function
annotations Anno C K and a set of basic model cases
Case C K, which provide semantic and structural references
for the code generation tool. With the assistance of the
knowledge base, the code generation process is extended
to:

G, . Dﬁnal X K d C,, (3)
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where C’ denotes the code generated by referencing the
knowledge base, which is semantically and structurally
richer compared to the code C generated without using the
knowledge base. The execution result of the code, including
detailed geometry metadata (see Section 4.2.1, Metadata &
Tagging) such as volumes and measurements of some parts
of the model, is returned after execution. If the execution
succeeds, the code can run successfully and generate a model
M = T5(C"), which is then passed to the next stage; if the
execution fails, structured error information is returned to
guide the next iteration of code generation G’ to produce new
code. This feedback loop helps to iteratively correct the code
and improve the success rate. Therefore, the knowledge base
provides essential semantic and structural support for code
generation, and the iterative process combined with execution
feedback further enhances the likelihood of successful code
generation. In addition, execution-time geometric metadata
and queryable CAD-native representations provide structured
signals for dimension-sensitive and constraint-related verifi-
cation beyond visual inspection.

3.5. Vision-based Iterative Error Correction

Multi-view snapshots of the generated CAD model M are
taken by T, producing an image set ¥ = {Img,,Img,, ...,
Imgg} (corresponding to the Front-Top-Left, Back-Bottom-
Right, Back-Top-Left, Front-Bottom-Right, Top, and Right
views respectively). CADDesigner evaluates whether the
model meets the user’s intent Dy, by using both a high-
level termination signal P € {0, 1} and structured diagnostic
feedback generated from multi-view observations.

Internally, P is determined by T2, which involves two
components:

e Visual Question Generation F,, : V X Dg,, - Q,
which produces a set of targeted visual questions Q =
{41,495, ..., q,} based on the user’s requirements and the
multi-view images V.

e Visual Feedback Generation F; : V X Q — (P, F),
which analyzes the multi-view images V to answer the
questions in Q, and outputs explicit visual feedback F
along with the binary decision P. When P = O, it
returns visual feedback F to the code generation stage
to regenerate the code; when P = 1, the result is delivered
to the user for final judgment. The user’s satisfaction with
the modeling result is determined by Sat : M — {0, 1}.
If Sat(M) = 1, M is added to the case library K, that is,
Case’ = Case U {M}; if Sat(M) = 0, it re-enters the
code generation stage.

In the entire process, except for the user feedback links
(R and Sat), all state transitions Trans : State — State’
are determined independently by CADDesigner.

4. CAD Code Generation Paradigm

In this section, we provide a detailed description of a
new CAD code generation paradigm from four aspects: the
Explicit Context Imperative Paradigm (ECIP), its practical

realization via an ECIP-based CAD API, LLM-friendly CAD
code design, and the construction of a reusable modeling
knowledge base.

4.1. Explicit Context Imperative Paradigm
In recent years, many works have employed CadQuery
(CQ) code as an intermediate representation for CAD model
generation. CadQuery commonly employs a Fluent API
design paradigm [8], where operations are expressed via
chained method calls to enable a highly readable and compact
modeling workflow. This style relies on an implicit internal
context C that tracks the current modeling state and is
automatically passed between operations. Formally, each
operation f, updates the hidden state C, with parameters
P
Civ1 = [i(Cis Pp)- 4

A chained expression can therefore be written as:
Cn =fn° n—lo'“ofl(c())~ (5)

While concise, this implicit state can make semantic
dependencies less explicit, which may complicate automated
code generation for LLMs that must track intermediate
contexts. In contrast, low-level APIs like PythonOCC require
explicit inputs for each operation, yielding clear semantics but
verbose, fine-grained code that lacks high-level abstraction
and usability.

To address these limitations, we introduce the Explicit
Context Imperative Paradigm (ECIP), which enforces
explicit passing of all input objects and parameters to each
operation. Formally, each operation g, maps explicit input
state .S, and parameters p, to a new state Sy i:

Si+1 = 8k(Sks pr)- (6)

Thus, the modeling workflow is represented as a sequence
of explicit state transformations:

Slzgl(SO7pl)7 S2=g2(S17p2)7 ooy Sn:gn(Sn—l’pn)’ (7)

where all intermediate states .S}, are explicit variables.
Figure 3 illustrates a typical code comparison between
CadQuery and ECIP. CadQuery (left) uses chained method
calls that implicitly pass context, making the code compact
but less flexible for inserting standard Python statements or
loops. In contrast, ECIP (right) explicitly passes all inputs,
allowing the use of standard Python control flow like for
loops and variable assignments, which enhances modularity,
readability, and ease of debugging. Thus, ECIP combines
the clarity of low-level APIs with the expressiveness of high-
level modeling, improving the accuracy and interpretability
of agent-driven CAD code generation. This does not imply
that CadQuery cannot support more explicit coding styles;
rather, ECIP standardizes such explicitness in a form that is
more suitable for LLM-oriented generation and refinement.
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CadQuery ECIP

result = ( hole_centers = [(X1, Y1, 21), ...]
cq.Workplane("front") result = make_box_rsolid(2, 2, 0.5)

.box(2, 2, 0.5) holes = [

.faces(">z") make_cylinder_rsolid(..., ... )

-workplane() for hole center in hole_centers]

.rect(1.5, 1.5, forConstruction=True) for hole in holes:

-vertices() result = cut_rsolid(result, hole)

.hole(0.125))

Figure 3: Code comparison between CadQuery (left) and ECIP
(right). ECIP explicitly passes context and supports standard
Python constructs, improving code clarity and flexibility.

4.2. ECIP-Compliant CAD API Design

ECIP (referred to as SimpleCADAPI in the actual project)
is designed as a command-style Python API built on top
of CadQuery’s occ_impl.shapes module. It serves as an
LLM-oriented intermediate representation that remains se-
mantically aligned with CadQuery. The geometric classes
(e.g., Vertex, Edge, Solid) are implemented as lightweight
wrappers over CadQuery objects, preserving full interoper-
ability with native CadQuery operations.

The design follows the Open-Closed Principle: core
geometric types are closed for modification, while operations
and extensions are introduced through additional functions.
Moreover, SimpleCADAPI is fully compatible with the
NumPy library, enabling efficient mathematical computation
and geometric transformation directly on CAD entities. It
provides explicit input-output interfaces for each operation,
facilitating LLM-driven code generation, iterative correction,
and modular composition, while retaining the high-level mod-
eling capabilities of CadQuery. SimpleCADAPI is organized
into two main parts: the Core module and the API module.

4.2.1. Core Module

The Core module encapsulates fundamental geometric
types and primitive operations. By wrapping the underlying
OpenCASCADE TopoDS_Shape classes, it establishes a
clear hierarchy and semantic structure for geometric objects,
while also managing coordinate systems, supporting tagging
and metadata attachment, and enforcing strict type annota-
tions and exception handling.

e Geometric Object Hierarchy: The Core module defines a
layered geometric object model comprising the following
primary classes, all inheriting from TaggedMixin to
provide unified tagging and metadata management:

(1) Vertex: O-dimensional points in 3D space.

(2) Edge: 1-dimensional curves connecting vertices.

(3) Wire: Ordered collections of edges forming open or
closed chains.

(4) Face: 2-dimensional bounded surfaces defined by
wires (outer boundaries and holes).

(5) Shell: Collections of faces forming partial or com-
plete shells.

(6) Solid: Closed 3-dimensional volumes with definable
volumetric properties.

(7) Compound: Arbitrary aggregates of geometric enti-
ties for grouping or assembly construction.

e Coordinate Systems and Working Planes: ECIP em-
ploys a unified coordinate system framework to ensure
consistency and precision in geometric modeling and
transformation. This framework includes:

(1) CoordinateSystem: Represents a 3D spatial frame
with an explicit origin, X-axis direction, and normal
vector, providing an abstraction for spatial transfor-
mations.

(2) WORLD_CS: A global singleton coordinate system
instance defining the default reference frame. It
follows the right-hand rule with origin at [0, 0, 0],
the X-axis pointing along the default width direction,
the Y-axis along the default height direction, and the
Z-axis upward.

(3) SimpleWorkplane: Manages local coordinate sys-
tems via context managers, enabling nested coordi-
nate frames with defined origins and orientations.
The returned workplane object follows the _wp
naming convention when the variable is not directly
referenced within the block, ensuring linter and LLM
compatibility. This simplifies relative geometric op-
erations and supports complex modeling workflows.

o Metadata & Tagging: ECIP unifies semantic tagging and
geometric metadata through a lightweight tag—metadata
layer. Each entity maintains user-visible tags and struc-
tured metadata, while runtime lineage is stored sepa-
rately to avoid polluting modeling data. This design
supports three complementary mechanisms. First, prim-
itive constructors perform geometry-driven tagging. For
example, make_box_rsolid automatically assigns face-
level semantic tags such as “top”, “bottom”, “left/right”,
and “side” based on face normals, edge structure, and
primitive type. Second, derived operations attach semantic
tags via topology tracking after geometric or topological
edits. ECIP wraps OpenCASCADE builders and queries
Modified(), Generated(), and IsDeleted() to compute
a TopoDelta. Resulting faces are then automatically as-
signed operation-aware semantic tags (e.g., origin.tool,
op.cut.generated, origin.body). This approach avoids
brittle index-based bookkeeping and preserves semantic
lineage across boolean and feature operations. Third, ECIP
stores structured geometric metadata alongside shapes, in-
cluding primitive type, box size (x, y, z), cylinder axis and
height, sphere center and radius, coordinate system snap-
shots, topological references (topo_ref), and compact
selector hints (e.g., center, normal, area, length, volume,
and bounding box). These metadata are serializable and
directly consumable by QL predicates such as ql.tag(...)
and ql.meta(...).

e Query Language (QL) for Geometric Selection: Sim-
pleCADAPI provides a dedicated query language module
(q1) for declarative geometric selection. QL selectors are
fully serializable, enabling transparent logging and replay
of selection operations. A selector is constructed by chain-
ing entry-point functions (e.g., q1l.edges(), ql.faces()),
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Table 1
Summary of core CAD modeling functions by category

Category

Examples Count

Creation
Transformation
3D Operations

make box rsolid, make cylinder rsolid, make circle rwire 25
translate_shape, rotate_shape, mirror shape 3
extrude rsolid, revolve rsolid, loft rsolid, sweep rsolid 4
union rsolidlist, cut rsolidlist, intersect rsolidlist 3
4

2

Boolean

Advanced Features fillet rsolid, chamfer rsolid, shell rsolid, helical sweep rsolid

Pattern linear pattern rsolidlist, radial pattern rsolidlist

Tagging & Selection set tag, ql.tag, ql.meta, ql.where, ql.order by 14
Export export step, export stl 2

]

predicates (e.g., ql.tag(), ql.meta()), ordering keys (e.g.,
gql.center_axis(), ql.geo()), and cardinality constraints
(e.g., .take(n), .exactly(n)). Crucially, QL unifies two
complementary selection modes: querying semantic lin-
eage derived from TopoDelta-based tracking, and direct
geometric selection based on shape properties. The ex-
ample below illustrates both behaviors within a unified
workflow.

Example Usage:

from simplecadapi import *

3| # Base solid with user tags and metadata

base = make_box_rsolid(width=12, height=8, depth=4)
base.add_tag("base_frame")
base.set_metadata("material”, "aluminum™)

# Add a boss in a local workplane
with SimpleWorkplane(origin=(@, @, 4)) as _wp:

boss = make_cylinder_rsolid(radius=2.5, height=2)
model = union_rsolidlist(base, boss)

3| # Through-hole cut (TopoDelta tags attached)
i| tool = make_cylinder_rsolid(radius=1.0, height=6)

model = cut_rsolidlist(model, tool)

# Semantic selection via topology tracking
new_cut_faces = (
gl.faces().where(
gl.and_(
ql.tag("origin.tool"),
gl.meta("track.event”, "==", "generated"))
).resolve(model)
)
# Geometry-based selection (order-independent)
top_hole_edge = (
ql.edges() .where(ql.curve_type("circle"))
.order_by(ql.center_axis("z"), desc=True)
.take(1).exactly(1)
)
# Apply chamfer
result = chamfer_rsolid(model, top_hole_edge, distance=0.5)

4.2.2. API Module

The API module builds upon the Core module and pro-
vides higher-level composite operations and LLM-friendly
interfaces for advanced modeling tasks. Its design mainly
includes the following two aspects:

e Core Modeling Functions: A comprehensive set of over
50 CAD modeling functions organized into categories
such as creation, transformation, 3D operations, boolean
operations, advanced features, pattern generation, tagging
& selection, and export. These functions allow users or
agents to flexibly compose complex modeling procedures
while maintaining explicit state transitions and clear
semantics. For user-facing convenience, some primitive
constructors expose semantic dimension names such as
width, height, and depth, but the API documentation
binds them explicitly to the world axes as x, y, and
z, respectively. A summary of the function categories,
representative examples, and counts is shown in Table 1.

e Automation and Self-Maintenance: To maintain consis-
tency and support continuous evolution, the API module
incorporates an automation pipeline with the following
functions:

(1) Source Code Parsing: Automatically parses user-
defined Python source files to extract and integrate
new or updated modeling functions into the public
APL

(2) Function Categorization: Scans and categorizes
source code to generate up-to-date API initialization
files and alias mappings for consistent public expo-
sure.

(3) Documentation Generation: Extracts function sig-
natures and docstrings to produce structured mark-
down documentation, improving usability and main-
tainability.

(4) Knowledge Base Synchronization: Synchronizes
generated documentation with an external knowl-
edge base, enabling keyword-based indexing and
improved traceability.

4.3. LLM-Friendly CAD Code Design
Beyond the ECIP paradigm and its API implementation,
we incorporate several complementary design features aimed
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at improving LLM agents’ ability to accurately generate and
debug CAD modeling code.

4.3.1. Structured Error Information

The error handling mechanism of CadQuery typically
produces generic or partially unstructured error messages,
which can make automated debugging and code correction
more challenging in some scenarios. To facilitate more
effective guidance for LLM-driven code generation, ECIP
introduces fine-grained structured error messages at the
atomic operation level, represented as triples:

ErrMsg = (ErrCau, ErrLoc, CorrAct), ®)

where ErrCau identifies the root cause of the failure, ErrLoc
specifies the exact location of the error in the script, and
CorrAct suggests potential corrective actions. This struc-
tured format provides actionable feedback that LLMs can
leverage to improve fault localization and enable automated
code repair.

4.3.2. Explicit Type Annotations

Type ambiguity commonly leads to erroneous code
generation, particularly when dealing with closely related
geometric entities such as Wire and Edge. ECIP mitigates
this issue by enforcing explicit type annotations through a
disciplined naming convention for functions, following the
pattern:

ActionName_rReturnType, ©)

where ActionName denotes the CAD operation, r is a
fixed prefix indicating "returns”, and ReturnType explicitly
declares the type of the returned object. This ensures that even
without inspecting documentation, the function signature
itself conveys type information, reducing ambiguity during
LLM inference. Each function is also accompanied by com-
prehensive, type-annotated documentation. This explicit type
information reduces ambiguity and improves code generation
accuracy by LLMs.

4.3.3. Self-Evolving Composite Operations

To facilitate knowledge accumulation and abstraction,
ECIP supports the definition of composite operations—higher-
level constructs formed by encapsulating sequences of atomic
operations. These composites are saved as new operations
within the language, enabling agents to invoke them directly
in subsequent tasks.

This self-evolving mechanism effectively expands the
language’s set of available operations, allowing reuse of
complex modeling patterns such as screws, flanges, or other
parametric features. In principle, this can improve one-
shot generation success by allowing LLM agents to reuse
accumulated domain knowledge more efficiently.

4.4. Knowledge Base for Code Framework

LLMs possess strong generative and reasoning abilities
but often struggle with the fine-grained semantic require-
ments of CAD APIs, such as precise parameter formats,

geometric constraints, and operation-specific return types.
These limitations frequently lead to misinterpreted command
signatures or hallucinated inputs, resulting in unstable code
generation.

To provide explicit, domain-grounded guidance during
modeling, we construct a structured knowledge base K cou-
pled with retrieval-augmented generation (RAG). Retrieved
function annotations and example cases supply accurate
API semantics that complement the LLM’s implicit priors,
helping improve generation reliability. The knowledge base K
consists of two key components:

e Function Annotations (Anno): Semantic descriptions of
API functions, including parameter formats, return types,
and usage notes;

e Case Examples (Case): Initially composed of manually
selected examples and gradually expanded during use.

To automate the construction of &, we design a rule-based
pipeline that extracts and organizes information directly from
the source code. Specifically, we collect function signatures,
parameter types, and return types from Python annotations
and type hints, and align them with the corresponding natural
language descriptions provided in function-level docstrings.
This process yields a structured and semantically consistent
API documentation corpus.

4.4.1. Structured Representation for Retrieval

We further organize the extracted knowledge into a
standardized documentation format to support RAG. Each
API entry is represented as a structured Markdown document
following a unified template, including function signatures
with type annotations, purpose descriptions, parameter spec-
ifications, return values, possible exceptions, and practical
usage examples. All entries are presented using second-level
Markdown headings for structural consistency.

This standardized representation improves retrieval ac-
curacy, reduces ambiguity in natural language queries, and
enhances interpretability for both models and developers.
For example, a CAD operation such as chamfer_rsolid
specifies its input types (e.g., a Solid object, a list of Edge
objects, and a float distance parameter) together with usage
examples, enabling the retriever to match queries with correct
API semantics and usage patterns.

4.4.2. Semantic-Friendly Chunking

When building the vectorized representation of K, we
employ a customized semantic-friendly chunking strategy
based on the standardized Markdown structure of API
documents. Specifically, each second-level heading (##) is
treated as a boundary defining a semantic block. This design
ensures semantic completeness (each chunk forms a self-
contained unit such as a method or parameter description),
semantic independence (different chunks can be processed
and retrieved modularly), and structural alignment (the
chunking respects the inherent document structure and avoids
arbitrary or mid-sentence splits).
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Compared to naive fixed-length chunking, this strategy
preserves the logical integrity of API documentation and
ensures that retrieved content remains coherent and directly
usable during generation.

To further improve retrieval precision, we append anchor
keywords to each chunk, which explicitly summarize its
semantic context. These anchors consist of the API name, the
section label, and a small set of representative content tokens.
For example, a chunk corresponding to the purpose section
of chamfer_rsolid may include:

[chamfer_rsolid, purpose, chamfer, edge, transition]

These anchors act as explicit semantic signals that en-
hance embedding-based retrieval and relevance scoring,
improving both recall and precision while preserving the
original document semantics. Overall, this design ensures
that retrieval at inference time yields coherent and con-
textually complete knowledge snippets, effectively guiding
downstream code generation and improving the robustness
of LLM-based CAD reasoning.

5. Experiments and Comparison

This section details the implementation of CADDesigner
and the comprehensive experimental evaluation conducted
to assess its performance in CAD modeling code generation.

5.1. Implementation Details

We evaluate our CAD modeling code generation algo-
rithm on a workstation with an 8-core Intel CPU under Python
3.12. The system is implemented on a customized agent
framework that leverages retrieval-augmented generation
(RAG) via RAGFlow. For embedding-based retrieval, we
utilize the embedding model bge-large-zh-v1.5 to encode
knowledge base documents. The retrieval employs a hy-
brid similarity scoring method, where vector similarity and
keyword-based similarity are combined with weights of 0.6
and 0.4, respectively. The top 3 most relevant documents
(top-k=3) are retrieved for downstream generation. For LLM
services, the primary agent and the code generation tool
(T,) employ Claude-4-Sonnet, while requirement refinement
(T}) and both visual feedback sub-tools (visual question
generation and visual feedback generation) are based on
Gemini-2.5-Flash. Inference uses a temperature of 0.7 and
nucleus sampling (top-p) of 0.9 to balance diversity and
coherence. All experiments are conducted without the user
feedback loops (R and Sat), so the reported results do not
include online case accumulation driven by user approval.

5.2. Dataset

Our experiments are conducted on the large-scale Deep-
CAD dataset [1], which contains approximately 178K para-
metric CAD models represented in a sketch-and-extrude
format. Following SkexGen [10], we first remove duplicate
models to reduce redundancy. From the training set, we
randomly select 1 K models to initialize the RAG knowledge
base. In addition, we develop a conversion script to transform

the parametric command sequences of each model into ECIP
code snippets, which are included in the RAG knowledge base
as Case. For evaluation, we construct two test subsets from
the de-duplicated DeepCAD test set. The first subset contains
200 models, selected using uniform stratified sampling based
on the number of commands in the sequence (1-10, 11-
20, 21-30, 31-40, 41+) to ensure coverage across different
complexity levels. The second subset contains 1K models
randomly sampled from the same de-duplicated test set and
is used for comparison with prior text-to-CAD methods. For
each sampled model, a single representative image is rendered
from a fixed camera viewpoint to provide visual input for the
experiments, while the textual inputs are derived from the
abstract-level descriptions provided in the DeepCAD dataset.

5.3. Evaluation Metrics

To assess the geometric fidelity of the generated CAD
models, we adopt several standard shape similarity metrics.
Let S denote the reference models and G represent the gener-
ated models, with X and Y representing their corresponding
point clouds. These metrics evaluate the agreement between
generated and ground-truth geometries from volumetric and
point-wise perspectives.

Intersection over Union (IoU) is utilized to measure the
similarity between generated models and the ground truth.

gnsS

IoU(G, S) = QU_S’

(10)
where G N S denotes the overlapping volume between the
reference and generated models, and G U S represents their
combined volumetric union. A value of 1 indicates perfect
alignment, while O signifies no overlap.

Chamfer Distance (CD) calculates point-wise proximity
between point clouds sampled from X and Y:

1 .

CD(X,¥) =—= ' min||x - yll3
|X| xeXyey (11)

1 . 2

+ — min ||y — x||5.

Hausdorff Distance (HD) is a metric for quantifying
the similarity between two point sets, primarily used for
evaluating the resemblance of object contours.

HD(X, V) = max { sup inf d(x, y),
xeXx YeY

Su[) lllf d X
Y X ( 7y)}5

where d(x, y) is the Euclidean distance between points x
and y, sup (supremum) and inf (infimum) represent the least
upper bound and greatest lower bound, respectively.

To ensure fair and reproducible comparison, all geo-
metric metrics are evaluated under standardized metric
computation protocols, including normalization, alignment,
voxelization, and point cloud sampling, which are applied
consistently across all methods and baselines:
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e Normalization and Alignment: All meshes and sampled
point clouds are first normalized to fit within a unit cube
[—0.5,0.5]°. For pairwise comparisons, rigid alignment
between predicted and ground-truth shapes is performed
using the Iterative Closest Point (ICP) algorithm to elimi-
nate differences due to translation and rotation.

e IoU Voxelization: For IoU computation, both meshes are
voxelized using a fixed voxel size of 0.02. The voxel grid
is defined over the union of the bounding boxes of both
models, with an additional margin of two voxels to ensure
full coverage.

e Point Cloud Sampling: For Chamfer Distance (CD)
and Hausdorff Distance (HD), 2048 points are uniformly
sampled from the surface of each mesh. This sampling
density is kept consistent across all methods.

In addition, we introduce several process-oriented metrics
to analyze modeling stability, reliability, and efficiency under
ablation settings: Pass@1 denotes the percentage of cases
where valid code is generated on the first attempt, reflecting
generation accuracy. AVG Re (Average Retry) captures
the mean number of retries required during the iterative
correction loop, indicating convergence efficiency. SUC
denotes the proportion of cases where a syntactically valid
CAD model is successfully generated, i.e., models that
can be executed and rendered without errors. Note that a
syntactically valid model is not necessarily semantically
aligned with the input description. Tokens measures the
average number of tokens consumed to generate a single
CAD model. Latency measures the average time required to
generate a single CAD model.

5.4. Comprehensive Ablation Study

To comprehensively verify the design choices and the
effectiveness of different components in our CADDesigner
agent, we conduct four groups of ablation studies using the
200-model test subset described in Section 5.2: one focusing
on the ECIP design, another evaluating the impact of CAD
tools and input modalities, a third analyzing the effect of
different LLM backends, and a fourth investigating how
model complexity influences token usage and generation
latency. Unless otherwise specified, all experiments are
conducted with text-only input.

5.4.1. Effect of ECIP Design Components

To illustrate the benefits of the ECIP design choices, such
as the error handling mechanism that is friendly to LLMs and
the overall architecture of the ECIP system itself, we evaluate
three ECIP variants (full ECIP, ECIP without the detailed
error system, and ECIP without the return type annotations).

The results in Table 2 show that the full ECIP config-
uration achieves the best overall performance among all
variants. When the error handling mechanism is removed
(ECIP w/o Err), the Pass@1 decreases slightly from 0.45 to
0.41, while the AVG Re increases from 1.86 to 2.62, and
SUC drops to 81.5%. This suggests that although the agent
can still generate correct code initially, the lack of detailed

Table 2
Ablation study of ECIP design components on 200 test models.
Pass@1t AVG Rel sSuUCt
ECIP 0.45 1.86 100.0%
ECIP w/o Err 0.41 2.62 81.5%
ECIP w/o Type 0.32 2.30 90.5%

Table 3
Ablation study of CADDesigner components and input modali-
ties on 200 test models.

loUt CD| HD|

A (w/o Anno) - - -

B (w/o Case) 0.2650 0.1350  0.4690
C (w/oT) 0.2726 0.1251  0.5595
D (w/o T,) 02522 0.1192 0.4793
E (Text only) 0.3041 0.1236 0.4154
F (Image only) 03518 0.1167 0.4262
G (Text + Image) 0.3893 0.0693 0.2553

feedback slows down convergence during iterative correction
and reduces the overall success rate. In contrast, removing
type annotations (ECIP w/o Type) causes Pass@1 to drop
significantly from 0.45 to 0.32, indicating that the initial code
generation is more prone to semantic errors without explicit
type guidance. The AVG Re (2.30) is higher than full ECIP,
but still lower than ECIP without error handling, and SUC
also drops to 90.5%. This shows that type annotations help
encode critical modeling intent into the prompt, yet some
type errors can still be corrected through retries. Overall, we
observe a clear division of roles: error handling helps the
agent quickly recover from mistakes during iterations, and
type annotations improve first-attempt accuracy by reducing
semantic ambiguity.

5.4.2. Effect of CAD Tools and Input Modalities

To further analyze the individual contributions of the key
components in CADDesigner, we evaluate seven variants,
labeled A to G, which respectively correspond to: A) removal
of function annotations Anno from the knowledge base,
B) removal of basic model cases Case, C) disabling the
requirement refinement tool 77, D) disabling the visual
feedback tool Ty, E) the full CADDesigner pipeline with
text-only input, F) full pipeline with image-only input, and
G) full pipeline with combined text and image input. Except
for variants F and G, all others use text input exclusively.

Table 3 summarizes the quantitative results across mul-
tiple evaluation metrics. In Model A, removing semantic
API annotations (Anno) prevents the agent from reliably
identifying available operations and their usage, leading to
failure to generate valid models. This indicates that structured
function-level annotations play a critical role in grounding
agent-based CAD code generation and guiding convergence
toward correct solutions.

Models B, C, and D disable key system components—case
examples (Case), requirement refinement (77), and visual
feedback (T} ), respectively. Compared to the text-only variant
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Table 4
Ablation study of different LLM backends on 200 test models
for ECIP code generation.

LLM Backend loUt CD| HD|

Claude-4-Sonnet  0.3041 0.1236 0.4154
Gemini-2.5-Pro 0.2951 0.1571 0.4902
GPT-5.2-Codex  0.2914 0.1604 0.5021

(Model E), all three models show degraded performance in
terms of IoU (0.2650, 0.2726, 0.2522 vs. 0.3041), suggesting
that each component contributes positively to robust and
accurate model generation. Specifically, removing structured
case examples and requirement refinement increases semantic
ambiguity during early-stage generation, while disabling
visual feedback leads to the most significant drop in IoU,
highlighting its critical role in iterative refinement and overall
structural correctness.

Switching the input modality from text-only (Model
E) to image-only (Model F) yields a notable performance
improvement, suggesting that abstract textual descriptions
alone are often insufficient to fully specify geometric details,
whereas images provide richer spatial cues for CAD modeling.
Model G, which combines both text and image as input,
achieves the best results across all metrics, illustrating that
textual information can effectively complement visual context
by resolving ambiguities difficult to infer from images alone.

Overall, these results indicate that structured API knowl-
edge, coordinated tool usage, and multimodal input jointly
contribute to high-fidelity and robust CAD model generation.

5.4.3. Effect of LLM Backend

To investigate the influence of different LLM backends
on CAD code generation, we conduct an ablation study by
replacing the LLM backend used in the code generation
tool (T,) of CADDesigner with three representative models:
Claude-4-Sonnet, Gemini-2.5-Pro, and GPT-5.2-Codex. Each
backend is evaluated under the ECIP code paradigm on 200
test models.

The quantitative results are reported in Table 4. We
observe that CADDesigner achieves consistent performance
across the three LLM backends evaluated. Claude-4-Sonnet
attains the highest geometric fidelity, reflected by slightly
higher IoU and lower CD and HD values. Gemini-2.5-Pro
and GPT-5.2-Codex show comparable results, with small
differences in CD and HD relative to Claude-4-Sonnet. These
observations suggest that, among LLMs of similar capabil-
ity, CADDesigner produces stable and reliable CAD code.
The ECIP representation explicitly manages intermediate
modeling states, and the knowledge-constrained generation
framework provides structured guidance and reference cases,
helping the code generation tool (75) produce scripts that
are structurally correct and semantically meaningful. Overall,
these results suggest that CADDesigner maintains broadly
consistent CAD code generation across these backends, with
moderate variations attributable to the underlying LLM.
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Figure 4: Token usage and generation latency as a function of
model complexity (number of commands). Models are grouped
into bins of 10 commands each.

5.4.4. Effect of Model Complexity on Inference Cost

We evaluate the impact of model complexity on inference
cost in CADDesigner. Specifically, we focus on two main
metrics: Tokens and Latency. For memory consumption,
CADDesigner primarily relies on external LLM APIs, re-
sulting in negligible GPU memory overhead, while the
main memory usage comes from RAG components (e.g.,
RAGFlow), which remain relatively stable and do not scale
significantly with model complexity. Models are grouped into
bins with an interval of 10 commands. For each complexity
bin, we report the average Tokens and average Latency over
all models within the bin. As shown in Figure 4, both Tokens
and Latency increase as model complexity grows. This is
expected, since more complex models require the agent
to generate longer CAD operation sequences and perform
more reasoning steps during code generation. However, the
increase is relatively moderate rather than steep. From 1-
10 to 41 or more commands, token usage and latency grow
steadily without abrupt escalation, indicating that the system
does not incur excessive overhead as complexity increases.
This behavior can be attributed to the design of CADDesigner.
The explicit context representation in ECIP and the structured
code generation process in 7T, help maintain stable reasoning
and avoid redundant or excessively long intermediate steps.
As a result, the inference cost scales in a controlled manner
with model complexity.

We further examine the average contribution of each
component in the pipeline across all 200 test models. Figure 5
shows the average proportion of Tokens and Latency for the
primary agent and the CAD tools. The code generation tool T,
accounts for the largest share in both Tokens and Latency. The
Requirement Refinement Tool 7} and the Visual Feedback
Tool T, each contribute relatively small portions, while the
Command Execution Tool T; contributes modestly to latency
without consuming tokens. The primary agent itself has only
a minor contribution in both metrics. These observations
indicate that T, is the main driver of both token and latency
costs, whereas other components have limited impact on
overall inference cost.

5.5. Comparison Methods
We compare CADDesigner from two complementary
perspectives: (1) different CAD representation paradigms
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Table 5

Comparison of different CAD representation paradigms on 200 test models.

Representation loU?t CD| HD| Pass@11 AVG Re| SuUcCt Tokens (M)| Latency (s)!

ECIP 0.3041 0.1236 0.4154 0.46 1.86 100.0% 0.98 436
CadQuery 0.2827 0.1818 0.5186 0.50 2.01 87.5% 1.40 541
build123d 0.2617 0.1570 0.5126 0.59 191 96.0% 1.35 363

Tokens Latency each operation into explicit object-and-parameter transforma-

tions, which makes dependency tracking, code generation,

‘ 18.7% and iterative refinement more reliable for LLM-based agents.

9.3% ‘

2.2%

Command Execution Tool T3
I Visual Feedback Tool T,

Primary Agent
Requirement Refinement Tool T,
I Code Generation Tool T»
Figure 5: Average inference cost breakdown across the CAD-
Designer pipeline. Tokens (left) and Latency (right) for each
component.

used for code generation, and (2) existing text-to-CAD
generation methods.

5.5.1. Comparison of CAD Representation Paradigms

We first evaluate the impact of different CAD repre-
sentation paradigms on code generation performance on
200 test models. Specifically, we compare our proposed
ECIP paradigm with two widely used alternatives: CadQuery
and build123d. To ensure a fair comparison, we integrate
CadQuery and build123d into the same agent framework as
CADDesigner by replacing the ECIP-based code generation
component, while keeping all other components unchanged
as described in Section 5.1. We further equip both CadQuery
and build123d with RAG modules constructed from their
official documentation. All methods use text-only input for
evaluation. Here, ECIP, CadQuery, and build123d should be
understood as different code representation styles or API
interfaces used for generation, rather than fundamentally
different geometric kernels.

The quantitative results presented in Table 5 illustrate
clear differences among the evaluated CAD code represen-
tations. ECIP achieves the best IoU and SUC, as well as
the lowest AVG Re, indicating stronger geometric fidelity
and more reliable iterative convergence. Since ECIP is
implemented as a lightweight representation layer on top of
CadQuery, these differences should be understood primarily
at the level of code representation and LLM usability rather
than the underlying geometric engine. In particular, although
CadQuery can also support coding patterns that partially
overlap with ECIP, its commonly used fluent interface does
not explicitly standardize intermediate modeling context for
language models. By contrast, ECIP consistently organizes

Build123d attains the highest Pass@1 and shortest latency,
indicating that its compact syntax can often be quickly
converted into executable code. However, its lower IoU and
higher CD and HD suggest that executable code does not
necessarily imply geometric accuracy, which may be due
to its reliance on overloaded symbolic operators, making
modeling semantics harder for LLMs to interpret than explicit
function calls. Overall, the results highlight trade-offs among
representation styles for LLM-oriented CAD coding: APIs
that simplify LLM code generation can improve early success
and reduce execution time, but may compromise geometric
accuracy.

To further assess robustness and distribution-level differ-
ences among ECIP, CadQuery, and build123d, we analyze the
distributions of IoU, CD, and HD across the 200 test models.
As shown in Figure 6, ECIP exhibits higher median IoU and
lower CD/HD values with tighter distributions, indicating
more consistent geometric fidelity. In comparison, CadQuery
and build123d show wider variability and higher CD/HD,
highlighting less precise and less reliable CAD model gen-
eration. These results suggest that ECIP demonstrates more
accurate and consistent performance across the evaluated
models.

5.5.2. Comparison with Existing Methods

We further compare our method with two learning-
based text-to-CAD generation methods: Text2CAD [4],
cadrille [28] and one agent-based method: CADCodeVer-
ify [25].

e Text2CAD proposes an end-to-end transformer-based auto-
regressive network to generate parametric CAD models
from input texts.

o cadrille proposes a two-stage CAD reconstruction pipeline:
supervised fine-tuning (SFT) on large-scale procedurally
generated data, followed by reinforcement learning fine-
tuning using online feedback.

o CADCodeVerify proposes an agent that utilizes validation
questions and visual feedback for design verification.

For evaluation, we use the 1 K-model subset described
in Section 5.2, randomly sampled from the de-duplicated
DeepCAD test set. For each instance, we use the abstract
text description as input. We then perform inference using
their released weights and our method to generate results
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Figure 6: Violin plots comparing the distributions of loU, CD, and HD across ECIP, CadQuery, and build123d on 200 test models.
ECIP achieves higher geometric fidelity and more consistent performance compared to the other paradigms.

Table 6
Performance comparison of different Text-to-CAD methods
under abstract text inputs on 1K test models.

Method loU?t CD| HD| SuUcCt
Text2CAD 0.1831 0.1475 05680 96.6%
cadrille 0.0274 0.2162 0.5817 98.2%
CADCodeVerify 0.2348 0.2329 0.4892 86.1%
CADDesigner 0.2769 0.1097 0.4347 100.0%
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Figure 7: Comparison of generation results across Text2CAD,
CADCodeVerify, cadrille, and our method. CADDesigner
achieves the best input alignment. Text2CAD and CADCode-
Verify show moderate performance, while cadrille generates
syntactically valid but semantically incorrect outputs due to
poor generalization from expert-level training to abstract inputs.

for metric calculation. As presented in Table 6 and Figure 7,
the experimental results show that CADDesigner achieves
the best performance. CADDesigner demonstrates the best
prompt-result alignment, followed by CADCode Verify and
Text2CAD. While cadrille achieves a high SUC score,
indicating it can produce syntactically valid CAD models
in most cases, the visualized results reveal these outputs are
typically meaningless with respect to the input instructions
(see Figure 7). This failure is due to cadrille’s poor general-
ization from expert-level to abstract instructions: it generates
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Figure 8: Comparison of CADDesigner and cadrille on image-
based inputs. CADDesigner (blue) generates CAD models that
more closely match the input images on these representative
conceptual cases, benefiting from support for operations
such as revolve and pattern-based constructions. In contrast,
cadrille (green), relying on low-level extrusion, often produces
geometrically less faithful results.

structurally valid but semantically irrelevant models. In
contrast, the other methods generate outputs that are both
syntactically and semantically valid to varying degrees, with
our method being the most consistent.

Additionally, we compare our method with cadrille
on image-based inputs to further illustrate their respective
modeling capabilities. As shown in Figure 8, CADDesigner
consistently generates CAD models that closely match the
input images, benefiting from a more expressive CAD
operation space. In particular, several models require rota-
tionally symmetric structures that are naturally constructed
via revolve operations, which are explicitly supported by
CADDesigner but not by cadrille, leading to missing or
distorted geometries in the latter. Moreover, models with
rich geometric details and repetitive structures are more
effectively specified using high-level CAD operations such
as arrays or patterned constructs. CADDesigner can leverage
these higher-level APIs to compactly and precisely generate
such structures, whereas cadrille relies primarily on low-level
extrusion-based operations, often resulting in geometrically
less faithful outputs.
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four small holes within
the rectangle, each one
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different corner.

A long, thin cylinder
with three circular holes
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the lower hole closer to
the cylinder's center.
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equipment, enabling

detachable
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them.
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A wheeled office chair
with a padded seat and
backrest supported by

a central column on a
five-spoke base.
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A complex, block-like assembly
characterized by a broad
rectangular base plinth with
sloped sides and slotted holes,
which supports a central
vertical housing featuring a
prominent cylindrical bore on
its front face, and is
surmounted by a beveled top
cap secured by two distinct
vertical hexagonal projections.

This assembly is a mechanical
device consisting of a large
spur gear mounted on a
horizontal shaft, which rotates
within a supported bearing
pedestal that rests on a
rectangular base plate
featuring four mounting holes.

A table with four legs.
First, create a rectangle,
and then create four long
extruded squares that link
to the bottom of each J
corner of the rectangle.

T

A hexagonal nut with a
central circular hole. The

nut has six flat sides and
a smooth surface.

A cross-shaped
connector with four
cylindrical branches

extending in
perpendicular directions.

The objectis a
rectangular prism with a
square base and a square
top. It has four equal-
sized compartments on
the top surface, arranged
in a 2x2 grid.

A rectangular hollow
connector with a square
socket and multiple
through holes for
mounting or securing
components.

A bench. Begin by
sketching a shape
resembling the letter 'h'
on the X-Y axis. Then,
extrude this sketch along
the Z-axis to form an
object that resembles a
bench.

A standard key featuring
a thick, oblong head
with a through-hole
connecting to a long
blade with serrated

teeth along one edge.

A standard pair of
scissors with two pivoted
metal blades ending in
circular finger loops.

A long, slender
cylindrical barrel with a
plunger rod at the back
and a tapered nozzle at

the front, forming an
applicator.

An assembly is shaped by two
large, thick circular flanges
bolted together centrally, with
smaller cylindrical shafts
g rectangular keyways
protruding axially from opposite
sides.

A slender, elongated

object with a pointed

tip and a loop at the
top.

pd

A series of interlocked
oval-shaped links
forming a chain
segment.

A classic light bulb
shape with a bulbous
glass end narrowing
into a threaded
cylindrical metal base.

The object is a circular,
flat, and symmetrical
shape with a central C
hole and five evenly
spaced cutouts. It O
resembles a wheel or a Q
disc.

®

Pipe fitting: Used to
connect different pipes,
with various forms
such as tee pipe fittings
and elbow pipe fittings.

’

A spur gear with a
prominent, wider
cylindrical hub section
extending axially from
one face, all
surrounding a central
through-hole.

A cylindrical column
stand on a square base
with four triangular
bracing fins.

i,

A T-shaped pipe fitting with
two male threaded
connections, and attached

below the main body section

is a hinged bracket
mechanism equipped with
an adjustment slotand a
wing nut.

The assembly, consisting of a
rectangular base plate with four
hexagonal bolt heads secured in
each corner and a raised central
platform, supports a sturdy,
inverted U-shaped bracket with
reinforced vertical arms, which
holds a large, wide, cylindrical
roller on a horizontal axle between
the arms.

A multi-stepped cylindrical
assembly defined by a flattened,
rounded top cap with a central
linear groove, succeeded by a
section featuring external helical
threads above a prominent, wider
circular flange. Below this flange,
the lower body becomes narrower
and includes rectangular blocks
protruding from recessed areas on

Figure 9: Visual results with sketch-text input.

An assembly with a generally

rectangular, block-like body
containing a gap between
two jaws, and a long
threaded screw with a
perpendicular handle
extending from one end.

its sides.

o

A mechanical vise assembly
with a robust, rectangular base
and a fixed rear jaw block. A
sliding jaw rides along a
central channel, operated by a
long, threaded lead screw that
extends from the front, ending
in a hexagonal nutand a
cylinder for a handle
attachment.
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These results highlight that beyond syntactic validity,
the availability of expressive and semantically aligned CAD
operations is crucial for faithful image-based CAD model
generation.

5.6. Visual Results Presentation

We additionally provide qualitative results generated from
sketch—text inputs, with representative examples illustrated
in Figure 9. The content presented here is derived from the
DeepCAD dataset, the CADCodeVerify dataset, and datasets
covering a wide range of geometries, including standard
industrial components (e.g., bolts, flanges, and pipe fittings),
as well as more complex models and assemblies.

5.7. Limitations

Although the latency of CADDesigner scales in a rela-
tively controlled manner with increasing model complexity,
its end-to-end response time remains non-negligible in
interactive usage scenarios, particularly for complex model
generation and multi-round iterative refinement. Our analysis
as shown in Figure 5 reveals that the code generation module
(T>) is the primary contributor to the overall system latency.
Therefore, improving inference efficiency remains a critical
challenge.

Furthermore, the current framework does not yet suffi-
ciently incorporate the domain-specific knowledge required
in industrial design practice, such as manufacturing con-
straints, tolerance requirements, assembly semantics, and
standardized engineering conventions. Therefore, the capa-
bility for complex model generation and validation in specific
industrial domains still requires further improvement.

6. Conclusion and Future Work

We propose CADDesigner, a novel framework for CAD
modeling code generation, combined with an explicit context
imperative paradigm to produce high-quality CAD model-
ing scripts. Experimental results show that CADDesigner
achieves competitive performance and outperforms the evalu-
ated baselines in conceptual CAD design tasks. CADDesigner
is particularly well-suited for rapid prototyping and early-
stage conceptual CAD modeling, where user intent is often
abstract and iterative refinement plays a critical role.

In future work, we plan to extend CADDesigner by
incorporating learning-based methods that accept point
clouds and B-rep data as input, allowing the system to
learn geometric and topological constraints through data-
driven training. Furthermore, we aim to further optimize the
inference efficiency of the framework and introduce domain-
specific industrial cases and functional constraints, thereby
improving the generation capability and efficiency of our
method for complex models in industrial scenarios.
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A. Generation Instance

We give a complete end-to-end example to illustrate
how CADDesigner transforms a user request into an exe-
cutable CAD model. Given the input "Create a model of a
mechanical component featuring a large circular flange base
and a central hollow shaft boss", the system first performs
requirement refinement to expand the coarse description
into a detailed design specification. This process includes
identifying key geometric parameters, structural relationships,
and a feasible modeling procedure, as shown in Figure A.1.
The API documentation in the knowledge base provides
structured information such as function signatures, parameter
types, return values, and usage examples, which help align
natural language intent with executable CAD operations, as
shown in Listing A.1. After the user’s requirements are clearly
defined, the intelligent agent retrieves the knowledge base and
generates code-oriented guidance, as shown in Figure A.2.
Based on the refined design specification and retrieved knowl-
edge, we utilize the prompt illustrated in Figure A.3 to invoke

the code generation tool, thereby producing executable ECIP-
based CAD code. The generated script explicitly constructs
geometric primitives, applies spatial transformations, and
performs boolean operations to assemble the final model.
After execution, the system produces the CAD model together
with structured geometry metadata, including key—value
fields and nested attributes that capture semantic properties,
geometric parameters, and derived physical quantities (see
Listing A.2). The generated CAD model is then rendered into
multiple views and evaluated through visual feedback. The
system formulates requirement-aware visual questions and
verifies whether the generated geometry satisfies the intended
design. If inconsistencies are detected, corrective suggestions
are produced to guide further refinement; otherwise, the
model is accepted as the final output. Figure A.4 illustrates
the prompt structure used for visual feedback generation, and
Listing A.3 presents the complete, validated implementation
for generating the mechanical component. Finally, the ECIP
script is mapped to a FreeCAD macro through a conversion
script as shown in Figure A.5, thereby supporting the editing
of modeling sequences within the CAD environment.

This example demonstrates the full workflow of CAD-
Designer, including requirement refinement, knowledge-
grounded code generation, and iterative validation, forming a
complete pipeline from user input to validated CAD output.
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Basic Expansion
**Requirements:*

1. Build a mechanical component consisting of a circular flange base, a main vertical
shaft, and a perpendicular cylindrical boss near the top.

2. The flange base is a circular disk with specified radius and thickness.
3. The main shaft is a vertical cylinder positioned concentrically on top of the flange
base.
4. The perpendicular boss is a cylindrical structure located near the upper region of the
main shaft and extends horizontally through the shaft.

5. A central vertical bore passes through the base and the main shaft.
6. A smaller horizontal hole passes through the perpendicular boss.
7. Finally, combine the flange base, the main shaft, and the boss into a complete solid
structure, and subtract the bore and boss hole to obtain the final model.

**Parameter Description Table:**
| Parameter | Type | Default Value | Calculation Logic |

| "base_radius’ | float | 30.0 | Radius of the flanged base

| "base_height’ | float | 5.0 | Thickness of the flanged base

| "shaft_radius’ | float | 10.0 | External radius of the main vertical shaft

| 'shaft_height’ | float | 60.0 | Height of the shaft above the base

| "bore_radius’ | float | 6.0 | Radius of the central vertical bore |
| "boss_radius’ | float | 8.0 | Radius of the perpendicular boss cylinder |
| "boss_length’ | float | 20.0 | Total length of the boss |
| "boss z offset’ | float | 50.0 | Height of the boss axis center from the base bottom |
|

‘boss_hole_radius’ | float | 4.0 | Radius of the hole through the boss |

**Modeling Process:**

H#HHt **Steps**

1. **Create the Base Flange™*
- **Purpose:** Construct the circular flanged base of the component.
- **API:** "make_cylinder_rsolid’

7. **Subtract the Hole Features**
- **Purpose:** Subtract the central bore and the boss hole from the merged solid to
form the final geometry.
- **AP1** “cut_rsolidlist’

Figure A.1: Detailed requirements analysis without API details.
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Detailed Requirements (D j.¢4i1)

**Refined Requirements:™*

1. Build a mechanical component consisting of a circular flange base, a main vertical shaft,
and a perpendicular cylindrical boss near the top.

2. The flange base is a circular disk with specified radius and thickness.

3. The main shaft is a vertical cylinder positioned concentrically on top of the flange base.
4. The perpendicular boss is a cylindrical structure located near the upper region of the main
shaft and extends horizontally through the shaft.

5. A central vertical bore passes through the base and the main shaft.

6. A smaller horizontal hole passes through the perpendicular boss.

7. Finally, combine the flange base, the main shaft, and the boss into a complete solid
structure, and subtract the bore and boss hole to obtain the final model.

**Parameter Description Table:**
| Parameter | Type | Default Value | Calculation Logic |

|

| ‘base_radius’ | float | 30.0 | Radius of the flanged base |
| "base_height’ | float | 5.0 | Thickness of the flanged base |
| 'shaft_radius’ | float | 10.0 | External radius of the main vertical shaft |
| “shaft_height’ | float | 60.0 | Height of the shaft above the base |
| "bore radius’ | float | 6.0 | Radius of the central vertical bore |
| "boss_radius’ | float | 8.0 | Radius of the perpendicular boss cylinder |
| "boss_length’ | float | 20.0 | Total length of the boss \
| "boss_z_ offset’ | float | 50.0 | Height of the boss axis center from the base bottom |
I

‘boss_hole_radius’ | float | 4.0 | Radius of the hole through the boss |

**Modeling Process:™*
### **Steps:**
1. **Create the Base Flange**
- **Purpose:** Construct the circular flanged base.
- *APIL:** "make_cylinder_rsolid’
- **Code Snippet:**
python

7. **Subtract the Hole Features™**
- **Purpose:** Subtract the bore and boss hole from the combined solid.
- AP “cut_rsolidlist’
- **Code Snippet:**

python

Figure A.2: Detailed requirements analysis with APl details and code snippets based on querying the knowledge base.
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# Background Info:

The SimpleCAD API provides a complete set of geometric modeling classes, from basic points, lines, and surfaces to complex solids and compounds.
Each class has rich functions and a flexible label management system.

#### Basic Classes

#### [CoordinateSystem - Coordinate System]

#### [SimpleWorkplane - Workplane]

The workplane context manager is used with "with" to provide a local coordinate system environment and supports nested use.
#it# Geometry Classes

H#iHH#H# [Vertex - Vertex]

... [ some background information about primitive type and methods. ]

## Coordinate System

SimpleCAD uses a unified coordinate system:

... [ coordinate system information here ]

## Design Principles
### Consistency
All classes follow the same design pattern and naming convention (V+N+returntype) to provide a consistent user experience.

## Usage Guide

1. **Create Geometries**: Use “make_*" functions to create basic geometries

4. **Combination Operations**: Use boolean operations, transformations, etc., to create complex geometries

5. **Query and Filter**: Query required geometries based on labels and metadata

### Best Practices

1. **Label Naming**: Use set_tag to set labels for geometric elements, such as "category.subcategory.detail

2. **Coordinate System Management**: Reasonably use workplanes to simplify the creation of complex geometries

3. **Check Necessary Translations**: Pay attention to where the final result of the advanced Solid construction API starts and centers. When necessary,
translation adjustments are needed to perform effective boolean operations with other bodies

# Role and Task:

- You are a professional CAD code generation expert, proficient in using the SimpleCADAPI Python code framework for CAD model design.

- Your task is to understand the user's design intent, clarify spatial geometric relationships and parameters, and then help users build CAD models that conform to and
are loyal to their needs by writing high-quality Python code using SimpleCADAPI.

# Task Description:

- Input Information Description: The information provided to you will include two parts. First, there will be reference documents for some APIs
that you should use, and then specific modeling requirements will be given.

- Strategy Description: You should strictly follow the API documentation to use the API. Theoretically, the provided API is sufficient for you to complete the modeling task.
It is very important to understand the user's modeling needs and the spatial geometric relationships expressed in the needs.

# Code Style Description:
- The code consists of two parts:
1. A function to generate the target Solid
2. Call this function in the _main__ function and use the export_stl function to export the result as an STL file, and use export_step to export the result as a STEP file.
- Thoughts and reasoning about spatial geometric relationships should be included in the detailed comments of the code.
- You can also print the Solid object when printing logs. The printed content of the Solid object will prompt you with labels of some primitives that may need to be operated on.
Thus, you can get better code in iterations.

# Important Notes:

* **Always** start with the following for better error tracking:

***python

from rich import traceback

traceback.install(show_locals=True, width=200, code_width=120, indent_guides=True)
from simplecadapi import *

* The docstring for the modeling function **must** follow this format:
**python
Description of what this function does.
Args:
arg1 (type): Description of arg1
Returns:
return_type: Description of return value
Raises:
ExceptionType1: Description

Usage:
Detailed usage instructions and examples.
Example:
Brief example code.
***Do NOT** wrap the "main()* block in a “try/except"; this will disable the rich traceback.
* All code must be enclosed within a single “python" code block using triple backticks:
**“python
# code here
- Print logs must include the “Solid" object itself, as its structure reveals taggable features that help with refinement.
- Use "get_edges()" / ‘get_faces()' + ‘has_tag()" to filter features within a “Solid" for further operations.
- When creating solids, **the origin is always the center of the base face** not the centroid! This matters when aligning or transforming objects.
- Use inline comments to explain spatial calculations during geometry creation.
- If ‘ref_code" is provided, you must refer to it when generating new code.

Figure A.3: The prompt aims to explain how to generate CAD model code.
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System prompt:

Your task is to provide results that meet the requirements based on the given requirements,
focusing on each question (questions) and multi-view rendering results (multi_view_results),
and give visual-based feedback suggestions on the modeling results.

First, present a description of the model shown in the multi-view views, then:

1. Pay close attention to the spatial geometric information and displayed features of each
view in the multi-view renderings.

2. Clearly answer the questions of concern in the questions based on these features.
For specific questions about geometric dimensions, a rough judgment can be made.
However, for features, it is necessary to carefully check whether such features exist.

3. Then give possible modification suggestions.

4. Finally, give a clear feedback suggestion, that is, "Pass" or "Fail" in a separate line.

Note!! You need to clearly answer the agreed questions in the questions; this is mandatory!
Note!! You must give a clear judgment at the end on whether the result meets the requirements!!

Args:
questions (str): Code used to generate the model
multi_view_results (ImgPath): Multi-view rendering results

Returns:
str: Feedback suggestions, must end with "Pass" or "Fail"

Be sure to focus on the three-dimensional geometric information of the image!
The end must state "Pass" or "Fail".

You will receive the following parameters:
- questions: <class 'str'>
- multi_view_results: <class 'SimpleLLMFunc.lim_decorator.multimodal_types.ImgPath'>

The type of content you need to return:
<class 'str'>

Execution requirements:

1. If tools are available, they can be used to assist in completing the task.

2. Do not wrap the result in markdown format or code blocks; please directly output the
expected content or the corresponding JSON representation.

Figure A.4: The task of this prompt is to provide visual feedback suggestions on modeling results based on the concerned questions
and multi-view rendering results.
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10

# chamfer_rsolid

;| ## API Definition

* T python

;| def chamfer_rsolid(solid: Solid, edges: List[Edgel], distance: float) -> Solid

*Source file: operations.py*

## API Purpose

;| Performs a chamfer operation on the specified edges of a solid, creating a planar transition.

Unlike filleting, which creates a curved transition, chamfering uses flat surfaces.
This is commonly used in mechanical part design to facilitate assembly and improve safety.

7| ## API Parameters

#i#t# solid

- xxTypex*x: ~Solid’

»| = **Description**:
;| The solid object to which the chamfer operation will be applied.

### edges

1| = **Typexx: “List[Edge]”

- *xDescription*x*:
A list of edges to be chamfered, usually obtained from the solid.

#i## distance

i| = *xTypexx: ~float~

- **Description*x*:
The chamfer distance. Must be a positive value, indicating the depth of the chamfer from the
edge inward.

7| ## Return Value

Solid: The solid object after the chamfer operation.

## Exceptions

;| = *xValueErrorxx:

Raised if the chamfer distance is less than or equal to @, or if the operation fails.

;| ## API Usage Examples
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N

7

IS

" T python
# Chamfer edges of a box
box = make_box_rsolid(4, 4, 4)
edges = box.get_edges()

2| chamfered_box = chamfer_rsolid(box, edges[:4], 0.3)

# Chamfer edges of a cylinder

sicylinder = make_cylinder_rsolid(2.0, 5.0)
5| cylinder_edges = cylinder.get_edges()

chamfered_cylinder = chamfer_rsolid(cylinder, cylinder_edges[:2], 0.2)

so|# Selective chamfering

complex_solid = make_box_rsolid(6, 3, 2)
top_edges = [e for e in complex_solid.get_edges() if e.has_tag("top")]

.| chamfered_top = chamfer_rsolid(complex_solid, top_edges, 0.1)

[N

Listing A.1: Structured Documentation for chamfer_rsolid APIL.

[grounding] base: type=cylinder, radius=30.0, height=5.0, bottom_center=(0, @, 0), axis=(0, 0, 1)

»| [grounding] shaft: type=cylinder, radius=10.0, height=60.0, bottom_center=(0, @, 5.0), axis=(0,

0, 1)

;| [grounding] base radius from metadata = 30.00

[grounding] shaft height from metadata = 60.00

s| [grounding] derived overall height = 65.00
;| [grounding] boss: type=cylinder, radius=8.0, height=20.0, bottom_center=(-10.0, 0, 50.0), axis

=(1, o, 9)
[grounding] bore: type=cylinder, radius=6.0, height=65.0, bottom_center=(0, @, 0), axis=(0, 0, 1)

s| [grounding] boss_hole: type=cylinder, radius=4.0, height=20.0, bottom_center=(-10.0, 0, 50.0),

axis=(1, 0, 0)

[grounding] combined solid count = 1

[grounding] final geo metadata summary = {'height': 65.0, 'expected_volume_upper_bound':
32986.722862692826}

Total volume: 25552.41

2| [grounding] expected volume upper bound: 32986.72
;| [grounding] upper-bound minus actual = 7434.309794

Listing A.2: Example of geometry metadata output.
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44

45

47

48

from simplecadapi import *

»| import math

def _attach_cylinder_geo(solid, radius, height, bottom_face_center, axis):
"""Attach cylinder geo metadata to a solid."""
solid.set_metadata(
"geo",
{
"type": "cylinder",
"radius”: float(radius),
"height": float(height),
"bottom_face_center"”: tuple(bottom_face_center),
"axis": tuple(axis),
+
)

return solid

def _cylinder_size_from_geo(solid):
"""Read cylinder dimensions from geo metadata (used as grounding signals).
geo = solid.get_metadata("geo”, {3})
if geo.get("type"”) != "cylinder”:
raise ValueError(f"expected cylinder geo metadata, got: {geo}")
return float(geo["radius"]), float(geo["height"])

def _print_cylinder_grounding(name, solid):
"""Print geometry facts derived from geo metadata.”"”
geo = solid.get_metadata("geo”, {3})
print(
f"[grounding] {name}: type={geo.get('type')},
f"radius={geo.get('radius')}, height={geo.get('height')},
f"bottom_center={geo.get('bottom_face_center')}, "
f"axis={geo.get('axis')}"

n

n

def create_flanged_shaft(
base_radius=30.0,
base_height=5.0,
shaft_radius=10.0,
shaft_height=60.0,
bore_radius=6.0,
boss_radius=8.0,
boss_length=20.0,
boss_z_offset=50.0,
boss_hole_radius=4.0,

nnn

Create a flanged shaft boss component.

nnn
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60

61

This example prints geometry facts derived from ~geo™ metadata
to demonstrate metadata-grounded reasoning.

nnn

if min(
base_radius,
base_height,
shaft_radius,
shaft_height,
bore_radius,
boss_radius,
boss_length,
boss_hole_radius,
) <= 0:
raise ValueError(”all size parameters must be positive")

# Step 1: Create the flange base

base = make_cylinder_rsolid(
radius=base_radius,
height=base_height,
bottom_face_center=(0, 0, 0),

)

base = _attach_cylinder_geo(
base,
radius=base_radius,
height=base_height,
bottom_face_center=(0, 0, 0),
axis=(0, 0, 1),

)

_print_cylinder_grounding("base"”, base)

# Step 2: Create the main shaft

shaft = make_cylinder_rsolid(
radius=shaft_radius,
height=shaft_height,
bottom_face_center=(0, 0, base_height),

)

shaft = _attach_cylinder_geo(
shaft,
radius=shaft_radius,
height=shaft_height,
bottom_face_center=(0, 0, base_height),
axis=(0, 0, 1),

)

_print_cylinder_grounding("shaft"”, shaft)

# Grounding: read dimensions from metadata instead of input arguments
base_r, base_h = _cylinder_size_from_geo(base)
shaft_r, shaft_h = _cylinder_size_from_geo(shaft)

Fan et al.: Preprint submitted to Elsevier

Page 24 of 27




105

106

107

108

109

110

111

overall_height = base_h + shaft_h
expected_base_volume = math.pi * base_rxx2 * base_h
expected_shaft_volume = math.pi * shaft_rxx2 * shaft_h

print(f"[grounding] base radius from metadata = {base_r:.2f}")
print(f"[grounding] shaft height from metadata = {shaft_h:.2f}")
print(f"[grounding] derived overall height = {overall_height:.2f}")

# Step 3: Create perpendicular boss

boss = make_cylinder_rsolid(
radius=boss_radius,
height=boss_length,
bottom_face_center=(0, 0, 0),

)
boss = rotate_shape(boss, axis=(0@, 1, @), angle=90)

boss = translate_shape(boss, (-boss_length / 2.0, @, boss_z_offset))

boss = _attach_cylinder_geo(
boss,
radius=boss_radius,
height=boss_length,
bottom_face_center=(-boss_length / 2.0, @, boss_z_offset),
axis=(1, o, 0),
)

_print_cylinder_grounding("boss"”, boss)

# Step 4: Create central bore

bore = make_cylinder_rsolid(
radius=bore_radius,
height=base_height + shaft_height,
bottom_face_center=(0, 0, 0),

)

bore = _attach_cylinder_geo(
bore,
radius=bore_radius,
height=base_height + shaft_height,
bottom_face_center=(0, 0, 0),
axis=(0, 0, 1),

)

_print_cylinder_grounding("bore"”, bore)

# Step 5: Create boss hole
boss_hole = make_cylinder_rsolid(
radius=boss_hole_radius,

height=boss_length,
bottom_face_center=(0, 0, 0),

)
boss_hole = rotate_shape(boss_hole, axis=(0, 1, @), angle=90)

boss_hole = translate_shape(
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149

160

161

163

164

165

166

167

168

169

170

178

179

180

181

189

190

191

192

boss_hole, (-boss_length / 2.0, @, boss_z_offset)

)
boss_hole = _attach_cylinder_geo(
boss_hole,
radius=boss_hole_radius,
height=boss_length,
bottom_face_center=(-boss_length / 2.0, @, boss_z_offset),
axis=(1, 0, @),
)

_print_cylinder_grounding("boss_hole"”, boss_hole)

# Step 6: Boolean union of base, shaft, and boss
combined = union_rsolidlist(base, shaft, boss)
print(f"[grounding] combined solid count = {len(combined)3}")

# Step 7: Subtract bore and boss hole
result = cut_rsolidlist(combined, bore, boss_hole)
final_model = result[Q]

# Attach assembly-level geo metadata so later grounding can read user intent
# directly from the final solid instead of recomputing it from code.
final_model.set_metadata(
"geo”,
{
"type": "flanged_shaft_boss”,
"base": {
"radius”: base_r,
"height": base_h,

b
"shaft”: {
"radius”: shaft_r,
"height”: shaft_h,
1,
"boss”: {
"radius”: boss_radius,
"length"”: boss_length,
"z_offset”: boss_z_offset,
3
"holes": {
"bore_radius"”: bore_radius,
"boss_hole_radius”: boss_hole_radius,
1

"overall”: {
"height"”: overall_height,

"expected_volume_upper_bound”: expected_base_volume + expected_shaft_volume,

IS
3
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196

197

198

199

200

201

202

203

204

205

206

207

208

209

final_geo = final_model.get_metadata("geo”, {3})
print(f"[grounding] final geo metadata summary = {final_geo.get('overall')}")

return final_model

n

if __name__ == "__main_

",

model = create_flanged_shaft()

final_geo = model.get_metadata("geo"”, {})

overall = final_geo.get("overall”, {3})

actual_volume = model.get_volume()

expected_volume_upper_bound = float(overall.get("expected_volume_upper_bound”, 0.0))

print(f"Total volume: {actual_volume:.2f}")
print(
f"[grounding] expected volume upper bound:

n

f"{expected_volume_upper_bound:.2f}"

)
print(
f"[grounding] upper-bound minus actual ="
f"{expected_volume_upper_bound - actual_volume:.6f}"
)

export_stl(model, "flanged_shaft.stl")
export_step(model, "flanged_shaft.step”)

Listing A.3: An example of generating the mechanical component using ECIP.

Model B f X

@ [l boss hole raw
* & ¢ BuildFlangedShaft
v & @ merged
& [l base
=
& @ boss
v & @ result list_tools
& [l bore
& @ boss_hole

Attach t
Attacher E... |Engine 3D
Attachmen...
Map Mode | Deactivated

Base

» Placement |[(0.00 0.00 1.00); 0.00 ° (0.00 mm 0.0...

Label shaft

Cylinder
Radius 10.00 mm
Height 60.00 mm
Angle 360.00 ©

Prism
First Angle |0.00°
Second An... | 0.00 ®

Model X
)’

- fl N
@ [l boss raw

R\‘\\O

z

L

Figure A.5: The generated flanged shaft model is mapped to a FreeCAD macro for further editing within the CAD environment.
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