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Abstract

Reliable text-to-CAD generation remains challenging because syntactically valid programs
may fail during geometric execution or produce inaccurate geometric models. Existing
approaches often treat geometric execution primarily as a post-generation validation step,
limiting its role in guiding the generation process. To address this limitation, this study
proposes a unified execution-supervised framework that incorporates geometric feed-
back throughout data representation, model optimization, inference-time correction, and
self-training. The framework first converts raw boundary representation (B-Rep) data
into compact, executable CadQuery programs. A cost-aware hierarchical verification
mechanism is then established by combining lightweight Mock-CadQuery (Mock-CQ)
screening with authoritative Open CASCADE Technology (OCCT) execution. Furthermore,
Chamfer-Distance-guided reinforcement learning, execution-guided iterative repair, and
execution-verified self-training are integrated to improve geometric fidelity, execution
reliability, and targeted modeling coverage. Experiments demonstrate that the proposed
framework significantly reduces the invalid output rate, while also decreasing the mean
Chamfer Distance among valid geometric outputs. These findings highlight the effec-
tiveness of integrating execution feedback into CAD program generation and provide a
practical approach to producing reliable, executable, and editable parametric models for
Al-assisted engineering design.

Keywords: text-to-CAD; parametric design; large language models; geometric verification;
execution supervision; design automation

1. Introduction

Computer-Aided Design (CAD) plays a fundamental role in architecture, engineering
design, product development, and additive manufacturing. Although a completed solid is
commonly represented using a boundary representation (B-Rep) composed of faces, edges,
and vertices, its design intent is often more naturally expressed through the sequence
of geometric operations used to construct it. A parametric procedure such as Sketch—
Extrude-Fillet provides an explicit description of the modeling process and offers several
practical advantages, including editability, inspectability, reusability, and direct execution
by a geometric kernel. Such properties are particularly important in computational and
parametric design workflows, where generated models are expected not only to reproduce
geometry but also to support subsequent modification, optimization, and engineering use.
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CadQuery provides a Python-based interface for this purpose, while geometric construction
is carried out using Open CASCADE Technology (OCCT). Consequently, a generated CAD
program can serve as an editable and executable engineering representation rather than
merely a static geometric output.

Such executable representations are particularly suitable for automated parametric
design because they preserve construction logic and support subsequent modification and
downstream engineering integration. Natural-language-driven CAD generation could
further reduce the technical barrier between design intent and geometric modeling. Its
practical value, however, depends on whether the generated program can consistently
produce valid and reusable geometry rather than merely syntactically plausible code.

Recent advances in code-oriented large language models (LLMs) support natural-
language program generation. Qwen2.5-Coder provides a code-specialized backbone [1];
Code Llama [2], StarCoder [3], and DeepSeek-Coder [4] offer related programming ca-
pabilities. CAD generation studies follow three main representation choices. DeepCAD
models sketch—extrude sequences [5], SkexGen separates construction codebooks [6], and
hierarchical neural coding supports controllable completion [7]. BrepGen directly gen-
erates structured boundary geometry [8]. Multimodal approaches use additional shape
observations: CAD-MLLM combines textual, visual, and point-cloud conditioning [9],
Cadrille incorporates online reinforcement learning [10], and Img2CAD conditions on a
single image [11]. Point2CAD reconstructs boundary models from point clouds [12].

A third formulation generates inspectable CAD programs. CAD-Llama adapts lan-
guage models to parametric modeling [13]. Text2CAD produces sequential CAD designs
from descriptions at different levels of detail [14]. Text-to-CadQuery generates executable
Python CAD programs [15], while CAD-Coder incorporates chain-of-thought and geomet-
ric rewards [16]. OpenECAD uses a visual language model to produce editable design
commands [17]. These approaches motivate representations that preserve construction
logic and can be inspected, modified, executed, and integrated with existing CAD tools.

Despite this progress, the practical reliability of text-to-CAD generation remains a
major challenge. Syntactically plausible code does not necessarily produce a valid geometric
model. A generated program may reference a nonexistent topological entity, construct a
self-intersecting profile, assign an infeasible fillet or shell parameter, or return an empty
result after a Boolean operation. Such failures are difficult to identify from token-level
probabilities alone because their validity depends on the geometric state created during
execution. This distinguishes CAD code generation from general-purpose code generation,
where functional correctness can often be evaluated using predefined input—output tests. In
CAD modeling, correctness depends on geometric-kernel behavior and therefore requires
explicit geometric verification.

The consequences of these failures extend beyond code validity. In practical parametric
design, a failed geometric operation can interrupt subsequent modeling steps, prevent
geometry export, or invalidate later modifications that depend on the resulting topology.
Even when a program executes, small errors in dimensions, Boolean operations, feature
selection, or construction order may propagate through the modeling sequence and lead
to a result that deviates substantially from the intended design. Therefore, improving
the reliability of text-to-CAD generation requires feedback mechanisms that are aware of
geometric execution rather than relying exclusively on linguistic or syntactic likelihood.
From this perspective, geometric execution is not merely an evaluation tool but also a
potentially valuable source of supervision for model optimization.

Moreover, executability alone is not sufficient to ensure a satisfactory CAD result. A
program can execute successfully while still producing an object with incorrect dimensions,
topology, proportions, or semantic features. Accordingly, reliable text-to-CAD generation
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should distinguish among at least three complementary requirements: syntactic validity,
kernel-level executability, and geometric or semantic fidelity. Existing approaches often use
geometric execution primarily as a post-generation validity check. This strategy can identify
unsuccessful outputs, but it does not fully exploit execution information as a learning signal
for improving the generation process itself. A further difficulty is that repeated invocation
of a full-scale geometric kernel during training can impose substantial computational cost,
making direct execution-based supervision difficult to apply at high frequency.

To address these limitations, this study introduces an execution-supervised text-to-
CAD framework in which executability is incorporated throughout the modeling pipeline
rather than being used only for final validation. The core idea is to combine frequent, low-
cost execution-related supervision with authoritative geometric-kernel verification. Direct
invocation of OCCT for every intermediate candidate would provide accurate geometric
information but would also introduce considerable computational overhead during training
and iterative generation. Therefore, a lightweight execution proxy, termed Mock-CadQuery
(Mock-CQ), is introduced to detect common parameter- and operation-level geometric
violations efficiently. OCCT is retained as the authoritative verifier whenever real geometry
must be constructed and accepted. This cost-aware separation allows execution information
to be used more frequently during optimization without replacing the geometric kernel on
which final geometric validity depends.

In building information modeling, editable geometry must also participate in a struc-
tured design process. Succar’s BIM framework situates model creation within information
delivery and stakeholder coordination [18]. Sacks et al. identify interactions between BIM
functionality and lean construction that depend on reusable, consistent model informa-
tion [19]. For existing buildings, uncertainty and incomplete documentation introduce
additional modeling requirements [20]. These observations motivate generation of in-
spectable parametric programs whose geometric validity can be checked before they are
passed to an engineering workflow.

The overall framework is illustrated in Figure 1. First, raw B-Rep representations
are converted into compact and executable CadQuery programs. The model is then opti-
mized using supervised fine-tuning, Chamfer-Distance-based reinforcement learning, and
execution-aware verification, while EV-RFT expands the reachable training distribution.
During inference, verifier feedback is used to repair residual failures, and OCCT provides
the final geometric validity check. The framework therefore separates frequent low-cost
execution supervision from authoritative kernel-level verification.

Accordingly, this study aims to establish a unified mechanism through which execution
information contributes to representation learning, geometric optimization, inference-time
correction, and distribution expansion. Executable CadQuery programs are investigated as
compact generation targets, continuous geometric rewards and execution-aware verification
are introduced during optimization, localized execution feedback is used to repair residual
failures, and verifier-filtered self-training is employed to improve generalization beyond
the original training distribution. Together, these components form a coordinated execution-
supervised workflow for reliable and editable parametric CAD generation; the contribution
is their verified interaction and allocation of verification cost, rather than each constituent
learning algorithm is independently novel.

The main contributions of this study are summarized as follows:

¢ Execution supervision throughout the text-to-CAD pipeline. Executability is formu-
lated as a supervision signal spanning model optimization, inference-time repair, and
verifier-filtered self-training.

¢ Cost-aware geometric verification and coordinated optimization. A hierarchical verifi-
cation strategy combines lightweight Mock-CQ with authoritative OCCT verification.
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By integrating geometric reinforcement learning, execution-guided repair, and verifier-
filtered self-training, the framework jointly improves execution reliability, geometric
quality, and generation robustness.

¢  Extension to building-oriented parametric design. The proposed framework is applied
to the automatic generation of representative building components, enabling the
conversion of natural-language descriptions into executable CAD programs and
geometric models. Kernel verification and multi-view visualization demonstrate
its potential for rapid component modeling and Al-assisted engineering design.

1. Representation Construction 2. Model Optimization 3. Practical Inference and Validation
From B-Rep to executable and compact programs Execution-supervised training Generation with iterative repair and system-level evaluation

Execution proxy Authoritative kernel

Natural language input Training data preparation (Mock-CQ) (0CCT) Inference-time iterative repair

Feedback and repair

aware checks . R netric execution

B-Rep . Li ight and fast . A verification
(ETAEd) + Low-cost constraint + Geometric evaluation
screening Generated _ - Execute & Executable
program verify CAD model
8 P Comenion $
Learning objectives
CadQuery Supervised fine-tuning (SFT)
LLM (compact and executable) Application domains
(Text-to-CAD) Engin
Excution-verified self-training (EV-RET)
Reliable Al-assisted parametric design
Executable and editable Improved geometric fidelity Applicable to general parametric design Practical and reliable
CAD programs and execution reliability with potential AEC extension Al-assisted design workflow

Figure 1. Overall framework of the proposed execution-supervised text-to-CAD method. The work-
flow comprises three stages: representation construction, execution-supervised model optimization,
and practical inference and validation. B-Rep data are converted into compact executable CadQuery
programs; Mock-CQ provides low-cost execution-related feedback, whereas OCCT is retained for
authoritative geometric verification. SFT, CD-GRPO, EV-RFT, and execution-guided iterative repair
are integrated to improve execution reliability and geometric fidelity. Mock-CQ is a bounded proxy
rather than a replacement for kernel execution, and the final inference model applies this verification
strategy to category-expanded parametric design tasks.

2. Related Work
2.1. CAD Generation and Representation

Learning-based CAD generation has evolved from domain-specific sequence model-
ing toward multimodal reconstruction and program synthesis. Early methods commonly
represent CAD construction histories using discrete geometric operations. DeepCAD [5],
for example, models sketch—extrude sequences as tokenized construction programs. Subse-
quent approaches, including SkexGen [6], Hnc-CAD [7], BRepGen [8], ComplexGen [21],
and CAD-as-Language [22], extend this idea through hierarchical representations, proba-
bilistic modeling, and language-based formulations. These compact representations reduce
sequence length compared with raw B-Rep serialization and make learning of construction
logic more tractable. However, many such representations remain domain-specific and are
not directly executable by general geometric kernels such as OCCT [23].

A second line of research reconstructs CAD geometry from multimodal observa-
tions. CAD-MLLM [9] is a representative example that unifies multimodality-conditioned
CAD generation within a multimodal large language model, allowing textual, visual, and
geometric information to contribute to the generation process. Related approaches, includ-
ing Cadrille [10], Img2CAD [11], Point2CAD [12], Free2CAD [24], and CAD-Recode [25],
further investigate CAD reconstruction from images, point clouds, or other geometric
observations. These methods benefit from direct observations of the target shape and
therefore address a different conditioning setting from text-only CAD generation.
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More recently, CAD modeling has increasingly been formulated as program generation.
Text2CAD [14] and CAD-Llama [13] generate parametric representations from descriptions.
Text-to-CadQuery [15] and CAD-Coder [16] exploit code-capable language models to
generate executable CAD programs. OpenECAD [17] instead conditions a visual language
model on design images to produce editable commands. This formulation is particularly
attractive for parametric design because the output remains editable, inspectable, and
reusable. It also allows CAD generation to benefit from the programming priors from
Qwen2.5-Coder [1]. Code Llama focuses on code specialization [2], StarCoder provides
an open code model [3], and DeepSeek-Coder extends this direction with large-scale
programming data [4]. Nevertheless, executable correctness remains a major challenge.
In many existing systems, geometric execution is primarily used to validate generated
programs after inference rather than to supervise the generation process itself.

Explicit topology is also relevant to the representation choice. UV-Net encodes surface
parameterizations together with face adjacency [26]. BRepNet performs message passing
through oriented topological entities [27]. Vitruvion generates sketch primitives and their
parametric constraints [28]. JoinABLe predicts joints between existing CAD parts [29].
These studies show that surface geometry, feature constraints, and assembly relations
carry distinct information. An executable construction program offers a complementary
representation that exposes operations and parameters directly to verification.

2.2. Execution-Aware Learning and Self-Correction

Feedback from program execution has become an important mechanism for improving
code generation. General code-generation methods such as CodeRL [30], AlphaCode [31],
and RLEF [32] use unit tests or functional-correctness signals during optimization, while
formal methods such as AlphaVerus [33] and PSV-Verus [34] use verification results to filter
or improve generated programs. Reinforcement-learning approaches further extend this
paradigm by optimizing model behavior with explicit feedback. GRPO [35], together with
later variants such as DAPO [36] and Dr.GRPO [37], provides a practical framework for
policy optimization without requiring a separate value network.

Self-training provides a complementary route for exploiting generated supervision.
Methods such as Self-Instruct [38], STaR [39], and ReST [40] iteratively improve a model
using its own generated outputs, while rejection-sampling fine-tuning retains samples
satisfying an external criterion [41]. Its relation to policy optimization has been studied
explicitly [42], and failure-informed agent tuning provides another route to generated
supervision [43]. The same principle is particularly relevant to CAD generation, where
a generated program can be evaluated not only syntactically but also through geometric
execution. However, CAD verification differs from ordinary program testing because there
is rarely a simple input—output oracle. A program may be syntactically correct yet fail
when constructing geometry, or it may execute successfully while producing a shape that
does not match the intended design.

Execution feedback can also be introduced at inference time. Self-Refine [44], Reflex-
ion [45], Self-Debug [46], Self-Edit [47], and RISE [48] revise initial model outputs according
to error messages or constraint violations. For CAD generation, the quality and cost of
such feedback are especially important. Lightweight checks are inexpensive but cannot
fully capture geometric validity, whereas real-kernel execution provides more authorita-
tive information at a substantially higher computational cost. The proposed framework
addresses this trade-off through a two-level verification strategy: Mock-CQ provides in-
expensive operation-level feedback, while OCCT performs final geometric verification.
Execution information is therefore used not only for post-generation checking, but also for
reinforcement learning, iterative correction, and verifier-filtered self-training.
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This separation also relates to neuro-symbolic verification in engineering. For exam-
ple, the SYNAPSE architecture couples probabilistic AI components with deterministic
structural checks to prevent unverified predictions from directly controlling engineering
decisions [49]. Our setting differs in that the symbolic object is an executable paramet-
ric CAD program and the final oracle is a boundary-representation kernel, but the same
principle applies: learned generation should be bounded by an independently evaluated
acceptance condition.

The use of executable intermediate representations has broader precedent. Dream-
Coder learns reusable program abstractions together with a synthesis policy [50]. PAL
delegates generated symbolic computations to a runtime [51]. CodeT selects candidate
programs using generated tests and execution agreement [52]. CAD requires a richer oracle
because geometric construction can depend on evolving topology and numerical tolerances
even when the program is syntactically valid.

2.3. Positioning and Evaluation of Text-to-CAD Methods

Evaluation of generated CAD models generally requires more than a single validity
measure. Geometric similarity is commonly assessed using Chamfer Distance (CD) [53],
F-score [54], intersection over union (IoU), and iterative closest point (ICP) alignment [55].
DeepCAD [5], for example, evaluates bidirectional squared CD after normalizing the
geometry to [—0.5,0.5]3, whereas CAD-MLLM [9] also reports F-score under a specified
distance threshold. Datasets such as ABC [56] and Fusion 360 Gallery [57] are widely used
for geometric reconstruction and CAD evaluation.

These metrics, however, describe only part of the problem. For text-to-CAD generation,
three levels of correctness should be distinguished. Syntactic validity concerns whether
the generated text forms a valid program. Kernel executability determines whether the
program can construct a nonempty geometric model under a real CAD kernel. Geometric
and semantic fidelity evaluates whether the resulting model actually matches the requested
design. A method can perform well at one level and still fail at another.

This distinction also clarifies the position of the proposed method. Domain-specific to-
ken models emphasize compact representation, multimodal reconstruction methods benefit
from direct visual or geometric observations, and code-LLM approaches exploit pretrained
programming knowledge. The present study focuses instead on how execution information
can be incorporated throughout the generation pipeline and how verification cost should
be distributed between optimization and final acceptance. Mock-CQ is therefore used
where feedback must be frequent and inexpensive, whereas OCCT is retained where geo-
metric validity must be determined reliably. At the same time, execution rate is evaluated
separately from geometric similarity because an executable program may still produce an
inaccurate shape. Accordingly, this study treats execution reliability and geometric fidelity
as complementary evaluation objectives for executable parametric CAD generation.

For architecture, engineering, and construction (AEC) workflows, this distinction
is consequential because an executable component remains only an intermediate design
artifact. BIM objects and structural or geotechnical components must additionally satisfy
dimensional, material, interface, and code-based requirements. Low-carbon pile design
demonstrates the need to evaluate parametric alternatives against embodied-carbon objec-
tives [58]. Industry studies identify additional barriers to foundation decarbonization [59].
These studies motivate potential AEC uses of editable generated geometry.

2.4. Natural Language Modeling and Verification in AEC

Natural language interfaces in AEC encompass retrieval, model generation, and regu-
latory checking, each with different acceptance requirements. Lin et al. translate natural-
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language queries into information retrieval over cloud BIM [60]. BIMS-GPT combines
language interpretation with model information search and visualization [61]. Text2BIM
uses a language model-based multiagent workflow to generate editable early-stage build-
ing models [62]. The present method focuses on executable component-level parametric
programs, which can serve as geometric inputs to these larger information workflows after
additional semantic and interoperability checks.

Established BIM verification provides a useful methodological reference. Eastman et al.
organize automated building-design checking around rule interpretation, model prepara-
tion, evaluation, and reporting [63]. Solihin and Eastman classify rules by computational
complexity and required model information [64]. Semantic NLP can extract requirements
from regulatory documents for later compliance evaluation [65]. Automated safety check-
ing additionally depends on construction sequences and hazard-specific predicates [66].
These systems demonstrate why geometric executability is a prerequisite rather than a com-
plete engineering acceptance criterion. A review of Al in construction similarly identifies
data, integration, and validation challenges across applications [67]. The contribution of
the present framework is to make execution information available throughout parametric
generation while preserving an authoritative kernel decision at final acceptance.

3. Methodology

The proposed framework converts natural-language descriptions into executable
CadQuery programs through a sequence of execution-supervised stages. The method
consists of four closely related components. First, raw CAD data are converted into
compact and executable program representations. Second, a cost-aware verification strat-
egy combines the lightweight Mock-CQ proxy with the OCCT geometric kernel. Third,
geometric reinforcement learning and execution-guided correction are used to improve
both geometric quality and execution reliability. Finally, execution-verified self-training
and execute-and-select inference are introduced to improve distributional coverage and
practical generation robustness.

3.1. Executable CadQuery Representation

Raw OmniCAD samples are represented as Fusion 360 B-Rep JSON sequences. Al-
though B-Rep preserves detailed geometric and topological information, its serialized form
is often substantially longer than the effective context window available during code-LLM
fine-tuning. Long sequences are therefore prone to truncation and make it difficult for the
model to preserve dependencies among successive geometric operations.

To obtain a more compact generation target, a B-Rep-to-CadQuery converter is con-
structed to transform the original representation into executable parametric programs.
The conversion consists of four main operations: (i) recognizing Sketch + ExtrudeFeature
sequences; (ii) recovering common geometric primitives, including rectangles, circles, and
regular polygons; (iii) merging or removing collinear, duplicated, and degenerate curves;
and (iv) batching adjacent coplanar profiles and combining symmetric bidirectional extru-
sions. The resulting representation preserves the construction logic of the original CAD
model while substantially reducing the sequence length. Its influence on downstream
generation performance is evaluated in Section 4.4.

Floating-point parameters are additionally shortened to a fixed number of significant
digits to further reduce unnecessary sequence complexity. Because numerical truncation
may alter a geometric constraint near a boundary, each modified value is checked with
Mock-CQ. If truncation changes the corresponding constraint judgment, the original value
is retained. This procedure provides a compact representation without introducing avoid-
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able geometric inconsistencies. The operation-wise verification procedure implemented in
Mock-CQ is summarized in Algorithm 1.

Algorithm 1 Mock-CQ verification

Require: CadQuery program c, mocked geometric kernel M, constraint family F
Ensure: Verification result (v,e), where v € {T, L} and e is an optional diagnostic
1: if ¢ cannot be parsed as a valid program then

2: return |

3: end if

4: Initialize geometric state S <— @

5. for each geometric operation g; € c do
6: Select Fo, € F

7: Validate g; under M

8: if any f; € Fy, is violated then

9: return (L, f;)
10: end if
11:  Update S < M(S, g¢)
12: end for
13: if S contains a valid terminal result object then
14: return T
15: else
16: return L
17: end if

3.2. Cost-Aware Geometric Verification

CadQuery relies on Open CASCADE Technology (OCCT) to construct real geometry.
Although kernel execution provides authoritative geometric validation, its computational
cost is too high for the frequent feedback required during model optimization. To address
this mismatch, we introduce Mock-CQ, a lightweight geometric-constraint verifier that
approximates OCCT executability without explicitly constructing the complete B-Rep.

Mock-CQ maintains a compact geometric state that records the operation history and
local dimensional information. During program interpretation, sketch primitives, extru-
sions, revolutions, Boolean operations, fillets, chamfers, arrays, and related operators are
checked against a predefined constraint family F (Table 1). A program is rejected immedi-
ately when a constraint is violated or when no valid terminal result object is produced.

The implemented constraints cover exactly nine families, including positive geometric
dimensions, polygon edge count, rotation-angle range, torus self-intersection, shell thick-
ness, fillet and chamfer size, hole-diameter bounds, array count, and result-object binding
(Table 1). Mock-CQ is designed as a lightweight execution proxy for screening common
parameter- and operation-level failures rather than as a complete geometric verifier. It
therefore provides inexpensive screening for common failures, while OCCT remains the au-
thoritative acceptance mechanism. Programs outside these operator patterns can be falsely
rejected; when Mock-CQ is used for reward gating, such a false negative down-weights a
geometrically valid candidate and can bias learning toward the covered API subset. The
nonzero gate floor and final OCCT check limit, but do not eliminate, this risk.

Let Cyps denote the cost of one Mock-CQ evaluation, Ck the cost of one OCCT execution,
and p the fraction of candidates forwarded to the real kernel. For a proxy-first cascade,
the expected verification cost is

E[Ccascade] = CM + pMCK- (1)
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Direct execution of every candidate would instead incur a cost of Cg. The proxy is
therefore computationally advantageous when

Cm < (1= pm)Ck. (2)

This reduction in computational cost does not imply equivalence between the two
verifiers. Mock-CQ evaluates local constraints, whereas OCCT resolves the actual curves,
surfaces, topology, Boolean operations, and numerical tolerances of the generated geometry.
Consequently, Mock-CQ is used for frequent intermediate feedback, while OCCT is retained
for final validation.

Table 1. The nine geometric-constraint families implemented by Mock-CQ. They screen common
local violations and are not a complete specification of CadQuery/OCCT executability.

Z
e

Constraint Family

Strictly positive dimension parameters for sketch and 3D primitives
Regular polygon edge count > 3

Rotation angle 6 € (0, 360]

Torus self-intersection forbidden (tube radius < ring radius)

Shell thickness < 0.80x main radius

Fillet/chamfer size < minimum dimension/1.8

Hole radius < main radius

Array count > 1

Result-object binding and type validity

O O IONUl b WN-

3.3. Execution-Supervised Optimization and Inference Repair

After supervised fine-tuning, geometric information is introduced through execution-
supervised reinforcement learning. Let G(c) € R"*3 denote the point cloud sampled from
the geometry produced by program c, and let G* denote the corresponding reference point
cloud. Both point clouds are normalized according to the longest axis of their axis-aligned
bounding boxes:

G= norm[_0.5roh5]3(G), G* = norm[_o_5’0.5]3(G*), 3)
A A 1 1
d(G,6%) = ~— ) min||p —q|* + min |[p —q|%, @)
2|G| pgjqeG* 2‘G*| quC:':* peG
Rep(c) = explpa(G(c), 6*)]. ®)

During CD-GRPO, n = 2048 surface points are sampled per valid geometry and
B = 8.0 in the exponential reward. The independent evaluation protocol uses 8192 points
per geometry. If program ¢ cannot generate a valid point cloud, Rep(c) = 0. Compared
with a binary execution reward, this continuous formulation preserves information about
the geometric distance between an executable result and its reference shape.

Mock-CQ is incorporated into the reward through multiplicative execution gating.
For a program that fails the proxy verification, the geometric reward is down-weighted
according to

R(C) = RCD(C)[wmock + (1 - wmock)“é [MOCkCQ(C)H' (6)

where W,k = 0.2. A program that passes Mock-CQ but fails OCCT execution still
receives zero geometric reward because no valid point cloud can be obtained. The proxy
therefore supplies an additional execution-aware signal without replacing real-kernel
geometric evaluation.

To improve optimization stability, two modifications from recent GRPO variants are
adopted. Following DAPO [36], the upper PPO clipping bound for positive advantages
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is relaxed using Clip-Higher. Following Dr.GRPO [37], standard-deviation normalization
of the advantage is removed to avoid suppressing useful reward differences when the
distribution becomes narrow. A KL regularization coefficient fx; = 0.02 is retained
to limit policy drift, and the run uses group size G = 4. These are training choices:
changing them requires re-optimization and cannot be represented by post hoc rescoring of
frozen candidates.

For aggressive learning-rate settings, ZClip [68] is additionally used to suppress
occasional gradient spikes. Let y; and ¢ denote the exponential-moving-average mean
and variance of the gradient norm, respectively, and let ||g¢|| denote the gradient norm at
step t. The standardized deviation is

gl — e
- lol=m 7)

Zt
When z; > zgresn, the adaptive clipping threshold is defined as

2
z o
thresh . ( 8)

T =
= Yt + Z

Execution feedback is also used during inference through an iterative repair procedure.
For each prompt, the model is allowed at most Tmax = 3 generation attempts. The first
attempt is greedy; later attempts use temperature 0.7 and top-p = 0.95. A candidate is first
evaluated by Mock-CQ. If a local constraint is violated, the corresponding error is returned
to the model and a revised candidate is generated. Candidates that pass the proxy are
subsequently executed with OCCT. Kernel-level exceptions, including empty geometry
or invalid shell construction, are likewise returned as correction signals. The iteration
terminates when OCCT produces an accepted geometry or when the maximum number of
attempts is reached.

This two-stage repair mechanism separates inexpensive local feedback from authori-
tative geometric verification. Mock-CQ handles common parameter- and operation-level
failures, whereas OCCT is invoked only when the candidate requires real geometric valida-
tion. The procedure therefore improves execution reliability without relying on unrestricted
language-model self-critique.

3.4. Execution-Verified Self-Training and Practical Inference

Although OmniCAD contains a large number of CAD samples, its distribution is
dominated by common engineering components. Geometric categories outside this distri-
bution remain comparatively sparse. To improve the coverage of such cases, we introduce
execution-verified rejection-sampling fine-tuning (EV-RFT), which expands the training
data using generated samples that pass both execution and semantic verification.

For a set of out-of-distribution captions, the current model first generates candidate
CadQuery programs. Each candidate is then subjected to two filters:

1. Execution filter. The generated program is first checked by Mock-CQ and subsequently
executed with OCCT. Only programs that construct valid geometry are retained.

2. Semantic filter. The executed geometry is rendered and compared with the input
caption [69]. Samples with rendering—caption cosine similarity below the specified
threshold T = 0.25 are discarded.

Only samples passing both criteria are added to the subsequent training set. The exe-
cution filter removes geometrically invalid programs, whereas the semantic filter reduces
the probability of retaining executable but semantically incorrect samples. The resulting
training distribution is therefore expanded without requiring manual CAD annotation.
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CLIP is a selection proxy rather than a human acceptability measure, however, and self-
generated samples may reinforce the current model’s construction and rendering biases.
The complete EV-RFT procedure is summarized in Algorithm 2.

Algorithm 2 Execution-Verified Rejection-Sampling Fine-Tuning (EV-RFT)

Require: Base model 6y, initial training set Dy, number of rounds K
1: fork=1,...,Kdo
2: Train 6 <+ SFT(Gk,l, ,Dkfl)

3: Construct an OOD caption set Cy

4 Generate Ry = {(x,0k(x)) : x € Ct}

5: Retain samples passing Mock-CQ and OCCT
6: Retain samples with CLIP similarity > 7

7: Dy < D1 UR

8: end for

9: return 6y

The curriculum progresses from relatively simple OOD geometries toward more
complex combinations of primitives and Boolean operations. This gradual increase in
geometric complexity avoids introducing difficult samples before the current model can
generate them reliably. The same verification loop can be applied to additional geometric
categories without changing the overall training procedure.

For practical inference, candidate generation is combined with isolated OCCT exe-
cution and execute-and-select sampling. The model first produces a greedy candidate. If
this candidate fails real-kernel execution, additional programs are sampled according to a
predefined temperature schedule. For candidates cy, . .., cy, the first executable result is
selected as

j =min{j e {1,...,N} : K(¢c;) = T}, )

where K denotes isolated OCCT execution together with nonempty STEP/STL output
verification.

This strategy prioritizes executable coverage when no reference geometry is available
during practical inference. It does not imply that the first executable candidate has the
highest geometric fidelity; controlled evaluation therefore continues to rely on CD, F-score,
and qualitative inspection. Under the idealized assumption that individual candidate
execution events are independent and each succeeds with probability p, the probability of
obtaining at least one executable candidate is

1—(1-p)N. (10)

Although the independence assumption does not strictly hold for generated candi-
dates, the expression illustrates the reliability—latency trade-off introduced by best-of-N in-
ference. In practical use, this strategy combines language-model generation with real-kernel
verification while preserving the editability and executability of the resulting parametric
CAD program.

4. Experiments and Results

This section evaluates the proposed framework in terms of execution reliability, geo-
metric fidelity, representation efficiency, verification cost, training stability, inference-time
correction, and targeted distribution expansion. Unless otherwise stated, the controlled
comparisons use the same fixed 500-program subset of the processed OmniCAD test
partition and the same evaluation protocol.
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4.1. Experimental Setup

Dataset and preprocessing. The experiments are conducted on the OmniCAD
dataset [9]. Raw samples are converted from B-Rep JSON sequences into executable
CadQuery programs using the procedure described in Section 3.1. The processed corpus
contains approximately 210K caption-CadQuery pairs. Training and test partitions are
separated before downstream model training and evaluation. The official test identifiers are
processed into 20,407 reference programs. The controlled study uses a fixed 500-program
subset, hereafter called the OmniCAD-500 subset.

Base model and training configuration. Qwen2.5-Coder-1.5B-Instruct [1] is used as the
base model. Parameter-efficient fine-tuning is performed using LoRA [70], with adapters
applied to the q/k/v/o attention projections and the gate/up/down MLP projections. The
primary SFT training was conducted on an NVIDIA RTX 5080 GPU with 16 GB of memory
using bfloat16 (bf16) precision.

A two-epoch SFT run with an effective batch size of 32, a maximum sequence length
of L = 1024, an initial learning rate of 5 x 107>, cosine decay, and a 3% warmup ratio. The
component-study adapter uses LoRA r = 128, « = 256, and dropout = 0.05. AdamW was
used as the optimizer with € = 10~ and a global gradient-norm clipping threshold of
1.0. The stated hyperparameters define the training protocol. The component study uses
greedy decoding; the recorded results are single training runs and are not presented as
multiple-seed training estimates.

For CD-GRPO, the learning rate is 7 = 1073, the KL regularization coefficient is
Bxr = 0.02, the group size is G = 4, and 300 optimization steps are performed. The
execution-related coefficient is set to wyocx = 0.2, with wep = 1.0. The optimization adopts
DAPO Clip-Higher with ep;g, = 0.28 [36]. Standard-deviation normalization is removed
following Dr.GRPO [37]. For execution-guided iterative repair, the maximum number of
generation turns is set to Tmax = 3.

Training data composition. The primary training set contains 181,593 OmniCAD
samples. EV-RFT adds 8600 verified samples over K = 3 rounds, resulting in a total
of 190,193 training examples. The EV-RFT samples account for approximately 4.5% of
the final training set. Their composition is summarized in Table 2. The SFT row in the
main controlled comparison uses this complete 190,193-example set and therefore already
includes EV-RFT data; the no-EV model appears only in the incremental study in Section 4.7.

Table 2. Composition of the 190,193-example training set used by the main SFT baseline and
subsequent controlled stages.

Source Complexity Samples Proportion
OmniCAD - 181,593 95.5%
EV-RFT R1 Single body of revolution 1000 0.5%
EV-RFT R2 Rotational compositions 1000 0.5%
EV-RFT R3 Multi-primitive + decor. 2600 1.4%
EV-RFT assemblies Nested Boolean operations 1200 0.6%
EV-RFT early Miscellaneous 2800 1.5%
Total 190,193 100%

Evaluation metrics. Normalization follows the DeepCAD protocol [5]; thresholded
F-score evaluation follows CAD-MLLM [9]. Generated and reference geometries are nor-
malized to [—0.5,0.5]% before geometric comparison. This paper reports the invalid rate
(IR), bidirectional squared Chamfer Distance (CD) at the x 10° scale, F-score at the threshold
7, and the ICP- and 13-axis-aligned F-score. Absolute changes in percentage are reported
in percentage points (pp), whereas relative changes are reported in percent.
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CD and F-score are computed only when a finite geometry pair is available; IR always
uses all 500 prompts. Valid-only geometry averages and all-prompt execution metrics are
therefore reported separately. For an all-prompt F-score sensitivity analysis, any missing or
invalid geometry receives F = 0.

4.2. Overall Performance

Table 3 summarizes the controlled component comparisons on the fixed OmniCAD-
500 subset. All rows use text conditioning and the same geometric evaluation protocol.
The table isolates the sequence of supervised learning, geometric policy optimization, and
inference repair.

Table 3. Controlled text-only ablation on the same OmniCAD-500 subset. Geometric metrics are
reported valid-only aggregates; IR uses all 500 prompts.

Method Invalid Count/500 IR | Mean CD | F@0.05 Aligned T F@0.20 Aligned 1
SFT 38 7.60% 199.9 66.65% 93.31%
SET + Iter 31 6.20% 199.7 66.44% 93.27%
SFT + CD-GRPO 23 4.60% 186.0 65.25% 93.95%
SFT + CD-GRPO + Iter 3 0.60% 183.8 64.73% 93.76%

Note: CD values use the x 103 scale and 8192 sampled surface points.

SFT alone produces an invalid rate of 7.60% (38/500; Wilson 95% CI, 5.59-10.26%).
Adding Iter reduces the value to 6.20%, while CD-GRPO achieves a larger reduction
to 4.60%. When CD-GRPO and Iter are combined, the invalid rate decreases to 0.60%.
Thus, 497 of the 500 evaluated prompts produce executable outputs (Wilson 95% CI for
IR, 0.20-1.75%). The intermediate Wilson intervals [71] are 4.40-8.67% for SFT + Iter and
3.08-6.81% for SFT + CD-GRPO.

Geometric fidelity follows a related, but not identical, trend. Mean CD decreases
from 199.9 for the SFT baseline to 183.8 for the complete pipeline, corresponding to an
improvement of approximately 8%. The aligned F@0.20 remains above 93% throughout the
controlled experiments and reaches 93.76% for the complete model.

At the stricter threshold of 0.05, however, the reported valid-only aligned F-score
decreases from 66.65% to 64.73%. The substantial improvement in execution validity
is therefore not accompanied by a uniform improvement across all geometric metrics.
This behavior indicates that the proposed optimization is more effective at recovering
globally plausible and executable geometry than at uniformly improving fine-scale surface
correspondence. It may also reflect a change in the set of outputs entering the valid-only
average: repair adds previously invalid, potentially difficult cases.

CD-GRPO and Iter address different aspects of the problem. CD-GRPO directly
optimizes an aggregate discrepancy between generated and reference geometry, whereas
Iter is activated by execution failures and responds to localized verification feedback. A
repaired program may therefore become executable while remaining slightly different from
the reference at local geometric features.

The controlled comparison within OmniCAD provides the most direct evidence for
the contribution of the proposed components. Table 3 reports same-protocol component
comparisons. Related methods are discussed as methodological context in Section 4.8.
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4.3. SFT Output Distribution and Geometric Fidelity

A more detailed analysis of the SFT baseline is conducted using the 500-prompt
OmniCAD evaluation. Among these samples, 462 programs are executable, yielding
38 o
IR = 500 7.60%. (11)
Of the generated outputs, 444 have finite DeepCAD-normalized CD and F-score
records. The corresponding mean and median CD values are 199.889 and 157.574, re-
spectively, at the x103 scale. A 20,000-resample paired-row bootstrap [72] with seed
20261008 gives a 95% interval of 183.442-219.017 for the mean CD. The mean aligned
F-scores are 66.650% (95% bootstrap interval, 64.136—69.146%) at threshold 0.05 and 93.312%
(92.296-94.306%) at threshold 0.20. The progression of invalid rates across the principal
stages of the proposed framework is presented in Figure 2, with the in-domain and OOD
evaluations shown separately.

(a) OmniCAD-500 controlled study (b) Controlled distribution expansion (N=60)
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Figure 2. Progression of invalid rate across the principal stages of the proposed framework. The
in-domain OmniCAD evaluation and the OOD test are shown separately because they represent
different evaluation settings. The plotted in-domain values are single-run aggregate counts on the
fixed OmniCAD-500 subset.

To expose valid-only survivorship bias, we also assign F = 0 to every output without
a finite geometric record and average over all 500 prompts. The resulting all-prompt F@0.05
and F@0.20 are 59.18% and 82.86%, respectively. The distribution of finite CD values and
the corresponding execution and aligned F-score statistics are presented in Figure 3.
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Figure 3. Distribution of the recorded SFT evaluation results. (a) Empirical cumulative distribution
of finite DeepCAD-normalized CD values. (b) Execution rate and aligned F-scores obtained on
the 500-prompt evaluation. Geometry distributions use the 444 finite records; execution uses all
500 prompts.
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The distribution provides information that is not captured by the mean alone. Half
of the 444 finite-CD outputs have CD values below approximately 157.6, whereas a small
number of cases exceed 2000 and increase the mean to 199.9. A similar distinction can
be observed between F@0.20 and F@0.05: the much higher value at the relaxed threshold
indicates that global shape agreement is stronger than strict local correspondence.

This behavior is consistent with the compact program representation adopted in this
study. The dominant body, symmetry, or Boolean structure can be recovered correctly even
when local edge placement, profile proportions, or fillet radii remain imperfect. Represen-
tative execution failures, geometric-detail errors, and their corresponding improvements
are illustrated in Figure 4.

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

T T S
T @ W &

Figure 4. Diagnostic comparison of five deliberately selected OmniCAD cases illustrating both

execution failures and geometric-detail errors. SFT generates invalid programs for samples 2, 4, and
5 and misses important geometric details in samples 1 and 3. Adding CD-GRPO and Iter repairs
the execution failures and improves the topology or proportions in these examples. The selection
criterion was visibility of a documented failure or repair mode.

4.4. Mock-CQ Verification and Representation Ablation

The first set of ablation experiments evaluates the lightweight execution proxy intro-
duced in Section 3.2. The verification performance of Mock-CQ is evaluated against direct
OCCT execution using the constraint families defined in Table 1.

Mock-CQ is compared with direct OCCT execution on 200 reference CadQuery pro-
grams. Every reference program is OCCT-executable, so this is a positive-only recall audit.
Defining an OCCT-executable program as positive and Mock-CQ acceptance as a positive
prediction gives TP = 192, FN = 8, FP = 0, and TN = 0. Recall and accuracy on this
single-class set are both 96.0%; precision is 100% conditional on the absence of negative
cases, whereas specificity is undefined. The eight disagreements are false rejections, not “no
false negatives”. Mixed generated-candidate results are reported separately in Section 5.3.
The corresponding verification performance and computational costs are summarized in
Table 4.

Table 4. Timing and positive-class recall audit on 200 OCCT-executable reference programs. Timing
scopes are reported separately.

Method and Scope Time per Sample Accepted Recall
OCCT kernel, in process 17.0ms 200/200 100% (reference)
OCCT isolated worker + export 1577 ms 200/200 100% (reference)
Mock-CQ, in process 0.37 ms 192/200 96.0%
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The 17.0 ms value measures kernel construction in the same process, whereas 1577 ms
includes a fresh interpreter, CadQuery/OCCT import, isolated execution, and STEP export.
The values therefore are not contradictory and must not be used interchangeably. The
results support Mock-CQ for frequent low-cost feedback, but its false rejection rate affects
reward gating and its single-class agreement cannot establish specificity or population
accuracy. OCCT remains the final acceptance mechanism.

The verifier is further evaluated on a fixed expanded test population in Section 5.3. All
500 held-out reference programs are retained, and 200 predefined single-fault derivatives
introduce negative examples. This larger study supplements the original positive-only
check without changing the verifier or selecting cases according to its outcome.

The second ablation examines the B-Rep-to-CadQuery representation described in
Section 3.1. Token statistics for 100 randomly selected OmniCAD samples are reported
in Table 5. Under the Qwen2.5-Coder tokenizer, raw B-Rep JSON requires an average of
9922 tokens per sample, with a median of 3640 tokens and a 75th percentile of 9221. The
converted CadQuery representation requires only 955 tokens on average.

Table 5. Sequence-length comparison between raw B-Rep JSON and CadQuery using the Qwen2.5-
Coder tokenizer (n = 100).

Representation Characters  Token Mean Token Median Token p75
B-Rep JSON (raw) 24,824 9922 3640 9221
CadQuery 1570 955 281 1028
Reduction 15.8 % 10.4 % 13.0x 9.0x

The mean sequence length is therefore reduced to approximately 1/10 of its original
length. Floating-point normalization was logged for 190,189 processed records. For all
samples subjected to this check, the Mock-CQ geometric-constraint judgment remains
unchanged before and after numerical normalization.

To determine whether sequence compression also affects downstream learning, two
generation targets are evaluated under the same SFT setting: caption-to-B-Rep JSON and
caption-to-CadQuery. Most raw JSON sequences exceed 4096 tokens, resulting in extensive
truncation and incomplete generations. The corresponding invalid rate reaches 73.4%.

By contrast, more than 95% of the converted CadQuery programs fit within the
L = 1024 sequence budget. The resulting invalid rate is 7.60%, with an aligned F@0.05
of 66.65% and a mean CD of 199.9. The downstream generation performance of the two
representations is compared in Table 6.

Table 6. Effect of the generation representation on downstream performance on the OmniCAD

test set.
Generation Target L IR | F@0.05 Aligned 1 CDh |
B-Rep JSON (raw) 4096 (truncated) 73.4% 32.1% 295.7
CadQuery 1024 7.60% 66.65% 199.9

These results show that the representation change is not merely a reduction in storage
or sequence length. It also produces a generation target that is better matched to the
available context length and to the programming priors of the pretrained code model.

4.5. Training Stability with ZClip

The principal SFT configuration described in Section 4.1 does not require ZClip. A sep-
arate experiment with a more aggressive learning rate is used to evaluate training stability.
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Under this configuration, pronounced loss spikes occur approximately 100-150 op-
timization steps after the learning rate reaches its maximum. Reducing the fixed global
gradient-norm threshold from 1.0 to 0.2 does not remove the instability. In the most extreme
event, the pre-clipping gradient norm reaches approximately 685X its exponential-moving-
average mean, corresponding to a z-score of 234.

When ZClip is enabled, 292 gradient-norm anomalies are detected and adaptively
clipped. The resulting training process completes 11,900 steps and reaches a final evaluation
loss of 0.140.

This experiment is intentionally separated from the main SFT configuration. Its
purpose is to evaluate optimization stability under a more aggressive learning-rate setting.
The training stability of different gradient clipping strategies is compared in Table 7.

Table 7. Training-stability ablation under the aggressive-learning-rate configuration.

Gradient Clipping Strategy Training Completed Final Eval. Loss
Fixed norm cap 1.0 No (peak +155 steps) -

Fixed norm cap 0.2 No (peak +115 steps) -

ZClip + AdamW e = 10° Yes 0.140

4.6. Interaction Between CD-GRPO and Iter

The contribution of Iter depends strongly on the model to which it is applied. As
shown in Table 8, applying Iter directly to SFT reduces IR by 1.40 pp, from 7.60% to 6.20%.
When Iter is applied after CD-GRPO, IR decreases from 4.60% to 0.60%, corresponding to a
reduction of 4.00 pp.

Table 8. Effect of execution-guided iterative repair on different upstream models.

Baseline Baseline IR IR After Iter AIR
SFT 7.60% 6.20% —1.40pp
SFT + CD-GRPO 4.60% 0.60% —4.00 pp

One plausible explanation is that CD-GRPO changes the distribution of residual
failures. After SFT, some remaining errors involve deeper geometric or topology-dependent
failures, such as unstable intersections in nested Boolean operations. Such errors are difficult
to localize using operator-level feedback alone.

After CD-GRPO, a larger fraction of the remaining failures appears amenable to
execution-guided correction. These cases include parameter, API, selector, and related
errors for which localized feedback is more informative. The present results are consistent
with this interpretation.

The turn-level statistics provide further evidence. With Thax = 3, the complete
pipeline produces 477 successful outputs at the first turn. Fifteen additional samples are
repaired at the second turn and five at the third, leaving three failures. The turn-level
success and repair statistics for the two model configurations are summarized in Table 9.

Table 9. Turn distribution of execution-guided iterative repair on the OmniCAD test set (N = 500).

Model Turn 1 Success Turn 2 Repair Turn 3 Repair Failure
SFT + CD-GRPO + Iter 477 15 5 3
SFT + Iter 462 3 4 31
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For SFT + Iter, seven of the 38 initially invalid samples are repaired during the second
and third turns. Following CD-GRPO, Iter repairs 20 of the 23 programs entering the repair
stage. The corresponding conditional repair rates are

% = 18.4%, % = 87.0%. (12)

These results indicate that the effectiveness of iterative repair depends on both the
quality and the error characteristics of the upstream generation model. Most successful
corrections also occur during the second turn: 15 of the 20 repaired samples after CD-GRPO
require only one additional generation attempt, whereas five require a third turn.

Because Iter is applied only to an upstream model’s failed cases and an already
successful first-turn result is retained, the recorded turn counts define nested paired out-
comes. An exact two-sided McNemar [73] test gives p = 0.0156 for SFT versus SFT + Iter
(7 improved, 0 worsened) and p = 1.91 x 10~ for SFT + CD-GRPO versus the complete
pipeline (20 improved, 0 worsened).

4.7. Effect of EV-RFT on Controlled Distribution Expansion

The EV-RFT experiment evaluates whether verifier-filtered self-training can extend
the generation distribution beyond the dominant engineering-part categories in OmniCAD.
The controlled OOD test contains six categories: vessels, chair, chess rook, L-bracket,
candlestick, and circular plate. Each category contains 10 manually designed caption
variants, resulting in 60 prompts. The predefined prompt set contains descriptions and
category labels but no reference geometry. The categories were targeted by the EV-RFT
curriculum, so semantic category overlap is expected even though the exact test prompts are
held out. We therefore call this a controlled distribution-expansion test, not an open-world
or unseen-category benchmark.

A model trained using OmniCAD alone is compared with a model trained using
OmniCAD together with the EV-RFT increment. Both models are evaluated on the same
in-domain OmniCAD test set and on the same OOD test set. The corresponding execution
reliability results are summarized in Table 10.

Table 10. Effect of EV-RFT on execution reliability.

Configuration Invalid/Total IR (Wilson 95% CI) |
In-domain: OmniCAD-500 subset

Without EV-RFT 39/500 7.80% (5.76-10.49%)
With EV-RFT 38/500 7.60% (5.59-10.26%)
Controlled distribution-expansion test: 6 categories x 10 prompts

Without EV-RFT 23/60 38.33% (27.09-50.98%)
With EV-RFT 3/60 5.00% (1.71-13.70%)

The in-domain IR changes by only —0.20 percentage points. A larger execution
difference is observed on the controlled distribution-expansion test, where IR decreases
from 38.33% to 5.00%. CD and F-score are not evaluated for this prompt set because no
reference geometry is available.

In terms of sample counts, the number of invalid OOD outputs decreases from 23 of 60
to 3 of 60. This corresponds to 20 fewer execution failures and an 87.0% relative reduction.
The contrast between the in-domain and OOD results is consistent with the intended role of
EV-RFT: expanding the range of construction patterns accessible to the model while largely
preserving its behavior on the original OmniCAD distribution.
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About the scope of this experiment, The OOD set contains only 60 manually con-
structed and category-balanced prompts. Therefore, it provides a controlled test of dis-
tribution expansion. EV-RFT is self-generated and category targeted; consequently this
experiment cannot rule out semantic leakage or reinforcement of the source model’s pre-
ferred construction patterns.

4.8. Comparison with Related Methods and Residual Failures

Cross-method comparisons require caution because existing approaches differ in both
conditioning information and benchmark configuration. CAD-MLLM [9] reports F@0.05
values of 90.88% using point-cloud input and 76.70% using image input on OmniCAD.
These settings provide direct geometric or visual observations of the target object and
therefore address a different conditioning problem from the text-only setting considered in
this work. The corresponding model is also substantially larger. Representative outputs
from the controlled distribution-expansion test, including both executable and failed cases,
are shown in Figure 5.

Wine glass Chair Chess rook L-shaped bracket Candlestick Circular plate

w/o EV-RFT

w/ EV-RFT
(Ours)

Figure 5. Selected diagnostic examples from the six controlled distribution-expansion categories,
including executable and failed outputs. They illustrate observed construction differences.

Text2CAD [14] generates domain-specific construction sequences, whereas CAD-
Recode [25] reconstructs editable programs from point clouds. These representation and
conditioning differences affect the information available to the model and the acceptance
protocol. Invalid rate is less sensitive to geometric normalization than CD, but it still
depends on the dataset, program representation, and execution criterion.

Accordingly, the principal quantitative conclusions of this study are drawn from
controlled comparisons using the same OmniCAD-500 subset, model family, and evaluation
pipeline. A same-protocol evaluation of external text-to-CAD methods has not been
performed. Comparative conclusions would require harmonized caption-to-program
representations, processed reference geometry, surface sampling, invalid-output handling,
and OCCT execution conditions. Published cross-dataset values provide context, the
required controlled external comparison remains future work.

Residual invalid programs provide additional information about the remaining limita-
tions. Among the 31 programs that remain invalid for SFT + Iter, three failure patterns occur
repeatedly: (i) nested Boolean operations that produce unstable or empty intersections in
OCCT; (ii) floating-point tolerance boundaries that introduce defects between nominally
coplanar faces; and (iii) ambiguous edge references in complex fillet or chamfer operations.

These cases illustrate the distinction between local execution constraints and topology-
dependent geometric failures. Some errors arise from parameters or selectors that can be
corrected from localized feedback. Others become apparent only after the B-Rep topology
has evolved inside the geometric kernel and therefore cannot be fully resolved by Mock-CQ.

These observations motivate future extensions toward topology- and tolerance-
aware correction, including more structured kernel diagnostics, selector provenance, and
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robustness-aware geometric parameter generation. Their broader engineering implications
are discussed further in Section 6.

5. Practical Inference and System-Level Validation

The controlled experiments in Section 4 evaluate the proposed execution-supervised
framework under standardized benchmark conditions. This section further examines
whether the same execution-aware principle remains effective in a practical inference
setting, where reference geometry is generally unavailable and generated programs must
be validated directly through the CAD kernel.

The final inference model was trained independently of the component-study model
evaluated in Section 4. Although both configurations use Qwen2.5-Coder-1.5B-Instruct as
the backbone and generate executable CadQuery programs, they differ in their training
datasets and LoRA adapter configurations. The controlled experiments in Section 4 evaluate
the contributions of individual optimization and repair mechanisms, whereas the present
section examines the practical generation of executable parametric models without reference
geometry. Accordingly, the results reported here should be interpreted as a complementary
system-level evaluation of the execution-aware design principle rather than as additional
ablations or a continuation of the same trained model.

5.1. Final Model and Training Configuration

The final model uses Qwen2.5-Coder-1.5B-Instruct as the backbone and LoRA with
r =64, « = 128, and dropout = 0.05. Its training data combine a category-structured
synthetic CAD corpus with sampled OmniCAD examples. The synthetic corpus con-
tains 163,306 caption-CadQuery pairs spanning geometric primitives, rotational bodies,
furniture-like objects, mechanical components, industrial parts, organic profiles, and more
complex composite constructions. The supervised learning objective and execution-verified
program representation follow the framework described in Section 3.

An additional 12,000 OmniCAD samples are incorporated into the training data, and
1000 records are reserved for validation. The resulting training set therefore contains
174,306 examples. Category expansion increases the diversity of executable construction
patterns used for final inference, while the 190,193-example component study quantifies the
effects of the learning stages on the fixed benchmark. Unlike the controlled experimental
configuration in Section 4, the final inference model does not employ the CD-GRPO-trained
adapter. Accordingly, the practical inference results provide complementary system-level
evidence for the execution-aware framework rather than representing a further stage of the
same controlled ablation sequence.The training configuration of the final inference model
is summarized in Table 11.

Table 11. Training configuration of the final execution-supervised inference model.

Configuration Item Setting

Base model Qwen2.5-Coder-1.5B-Instruct
LoRA rank r =64

LoRA scaling a =128

LoRA dropout 0.05

Synthetic CAD samples 163,306

OmniCAD samples 12,000

Validation samples 1000

Training samples 174,306

The final training recipe uses two supervised epochs, a learning rate of 2 x 10~* with
cosine decay and 3% warmup, a per-device batch size of one with 16 gradient accumulation
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steps, and a 1024-token packed context. The final model is selected by validation loss.
During reference-free inference, the model is held fixed and OCCT feedback drives candi-
date acceptance. Geometric policy optimization is evaluated where reference geometry is
available, whereas execute-and-select uses the first successfully constructed candidate as
defined by the same kernel acceptance condition.

5.2. Kernel-Verified Execute-And-Select Inference

In practical text-to-CAD generation, a reference point cloud is generally unavailable.
Candidate selection therefore cannot rely on CD or F-score. Instead, generated programs
are evaluated through direct OCCT execution, with successful construction of a nonempty
geometric object used as the acceptance criterion.

The evaluation uses a predefined set of 60 English prompts ordered as 20 short object
names, 20 compound scenes, and 20 detailed object descriptions. No target CAD or
reference geometry is supplied. Accordingly, the audit measures executability, verifier
confusion, and measured computational cost.

The inference procedure follows the execute-and-select strategy introduced in Section 3.
A greedy candidate is generated first. If this candidate fails geometric execution, up to
four additional candidates are sampled at temperatures 0.6, 0.8, 1.0, and 0.6 (top-p = 0.9;
candidate seeds 1-4). The fixed audit seed is 20261008 and the maximum output length is
1024 tokens. For a candidate set ¢y, .. ., ¢y, the selected candidate is

j*=min{je{1,...,N}:K(¢;) = T}, (13)

where K(c;) denotes successful OCCT execution and construction of a nonempty CAD object.

This procedure does not attempt to identify the geometrically closest candidate to an
unavailable reference model. Instead, it addresses a different objective: increasing the prob-
ability that at least one candidate is executable under the real CAD kernel. Consequently,
kernel execution remains the final acceptance criterion.

The final-model evaluation was performed once with the stated decoding protocol.
Greedy generation produced 55 executable programs out of 60 (91.67%; Wilson 95% ClI,
81.93-96.39%). Execute-and-select recovered all five failures, producing 60/60 executable
programs (100%; Wilson lower bound 93.98%). Two prompts were recovered by the second
candidate and three by the third; no fourth or fifth candidate was required. Thus, the
procedure required 60 first-pass calls, five second-candidate calls, and three third-candidate
calls, totaling 68 LLM calls and 68 OCCT calls. The corresponding execution success rates
and computational call counts are summarized in Table 12.

Table 12. Final-model execution and call-count evaluation on the fixed 60-prompt inference test.

Protocol Executable/60 Wilson 95% CI LLM Calls OCCT Calls
Greedy first pass 55/60 81.93-96.39% 60 60
Execute-and-select (N < 5) 60/60 93.98-100% 68 68

These results demonstrate that the five first-pass execution failures in this prompt set
can be resolved by eight additional candidates. The scope of this conclusion is limited to
execution validity: the first executable candidate is not necessarily the most geometrically
or semantically faithful candidate.

The audit made 68 LLM calls and 68 isolated OCCT calls, or 1.133 calls of each type
per successful prompt. On an NVIDIA GeForce RTX 5070 Ti, model generation consumed
629.07 s and isolated OCCT execution/STEP export consumed 163.85s; total measured
generation-plus-execution time was 792.92s, or 13.22s per successful prompt (model
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loading: 4.61s; audit wall time after loading: 793.40's). Mean per-call times were 9.25s for
generation and 2.41 s for the isolated OCCT worker.

5.3. Expanded Validation of the Lightweight Verifier

The positive class is a program that successfully executes under OCCT and exports
a nonempty STEP model within a 30 s isolated-worker limit. Mock-CQ acceptance is a
predicted positive. The expanded evaluation retains all 500 reference programs in the
fixed held-out subset. A seed-20261009 permutation selects 200 source programs for single-
fault injection, with 50 cases each for a missing result binding, an undefined translation
parameter, a zero-radius profile, and an oversized fillet. These derivatives test common
execution and geometric-parameter failures. The verifier is unchanged, every case is
included, and labels are assigned by actual OCCT execution.

Re-execution accepts 482 of the 500 reference programs. The remaining 18 fail under
the stated evaluation conditions, including 12 three-point arc construction failures, four
other topology or Boolean-construction failures, one null-curve failure, and one timeout.
All 200 fault derivatives fail execution. Consequently, the mixed population contains
482 positive and 218 negative cases. Mock-CQ yields TP = 482, FP = 18, TN = 200, and
FN = 0, giving precision 96.40%, recall 100%, specificity 91.74%, and accuracy 97.43%.
Each of the four predefined fault types is detected in 50/50 cases. The 18 false acceptances
demonstrate that topology and tolerance-dependent construction remain the responsibility
of OCCT even when local parameter checks pass. The corresponding prediction results
across the evaluated populations are summarized in Table 13.

Table 13. Mock-CQ predictions against OCCT execution.

Population TP FP TN FN Precision Recall Specificity Accuracy
500 held-out references 482 18 0 0 96.40% 100% 0% 96.40%
200 single-fault derivatives 0 0 200 0 - - 100% 100%
700-case diagnostic mixture 482 18 200 0 96.40% 100% 91.74% 97.43%
68 naturally generated candidates 48 3 5 12 94.12% 80.00% 62.50% 77.94%

The diagnostic mixture measures coverage of the specified fault mechanisms, whereas
the 68 naturally generated candidates evaluate the verifier under final-model output
variation. This second population contains 60 OCCT-executable and eight non-executable
candidates, yielding TP = 48, FP = 3, TN = 5, and FN = 12. The earlier 200-program
positive-only check provides a further reference-distribution recall result of 96%. These
confusion statistics and the per-fault detection results are visualized in Figure 6.

(a) Fixed diagnostic population (n = 700) (b) Natural generated candidates (n = 68) {c) Predefined fault detection

Missing result 50/50
FP

18 Accept

Accept
Undefined parameter 50/50

Mock-CQ decision
Mock-CQ decision

Zero radius 50/50
. FN TN ’ FN TN
Reject 0 200 Reject 12 5
Oversized fillet 50/50
T T T T
Executable Non-executable Executable Non-executable (‘) 2'0 4‘0
OCCT outcome OCCT outcome

Correctly rejected cases

Figure 6. Expanded verifier evaluation. (a) Confusion matrix for all 700 predefined diagnostic
cases; (b) confusion matrix for 68 naturally generated candidates; (c) detection of four predefined
fault mechanisms, each with 50 tested cases. Counts are actual OCCT execution outcomes. The
two matrices represent different program distributions.
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Among the 17 candidates rejected by Mock-CQ in the generated sample, eight failures
are attributed to unsupported solid construction, five to conservative fillet constraints,
and four to API calls or identifiers outside the proxy’s supported namespace. To further
characterize the verification behavior across different geometric operations, the 68 gener-
ated candidates are classified into overlapping operation categories: 64 involve Boolean
operations, 56 primitive solids, 26 revolutions, sweeps, or lofts, 19 sketch or profile construc-
tion, 18 edge or shell finishing operations, and 17 extrusions. Among the false negatives,
12 involve Boolean operations, 11 primitive solids, four extrusions, three sketch or profile op-
erations, and three edge or shell operations, whereas no false negatives are observed among
the 26 candidates involving revolutions, sweeps, or lofts. These results characterize the
verification behavior of Mock-CQ on the fixed generated sample and highlight differences
in its coverage of geometric operation patterns. The fixed expanded evaluation population
is therefore used as the primary basis for quantitative validation, while the boundary-case
results provide complementary insights into the coverage of the lightweight verifier.

False positives and false negatives in Mock-CQ have different implications for the
execution-supervised framework. A false positive primarily introduces additional compu-
tational overhead, as the candidate must undergo OCCT verification and will be rejected if
geometric execution fails. In contrast, a false negative may incorrectly penalize a geometri-
cally valid candidate through the reward-gating mechanism in Equation (6), potentially
biasing model optimization toward the operation patterns supported by Mock-CQ. There-
fore, although Mock-CQ effectively identifies common parameter- and operation-level
errors, its predictions cannot replace authoritative geometric verification. By combining
lightweight constraint checking with OCCT execution, the proposed framework enables
frequent, low-cost supervision during optimization while ensuring that the final acceptance
of generated CAD programs is determined by the actual geometric kernel.

5.4. Representative Parametric CAD Results

Figures 7 and 8 present representative parametric CAD models generated by the
final inference model, illustrating its capability to construct diverse geometric objects from
natural-language descriptions. Eight models successfully verified by OCCT are presented,
including five building-related examples—an I-beam, a connection flange, an architectural
column, a gusseted bracket, and a lighthouse tower—and three general-purpose CAD
objects comprising a spur gear, a wine glass, and a mug. These examples were selected
from two additional prompt batches following the quantitative 60-prompt evaluation to
demonstrate representative modeling capabilities rather than to provide an independent
statistical benchmark. All eight models were generated without manual code modification.
Seven were successfully constructed through greedy decoding, while the gusseted bracket
was accepted on the second candidate (T = 0.6, seed 1) using the same kernel-verified
execute-and-select strategy.

The generated models exhibit a variety of parametric construction operations and
geometric features. The I-beam is constructed by extruding an I-shaped profile, while
the connection flange combines a circular disk, a central bore, and six circumferentially
distributed holes. The architectural column consists of a revolved shaft together with plinth
and capital elements. The gusseted bracket combines perpendicular plates and a reinforcing
gusset, whereas the lighthouse incorporates a tapered tower, gallery, lantern room, and
roof. The general-purpose examples further demonstrate periodic tooth replication, the
construction of thin-walled revolved profiles, and the integration of a swept handle with a
hollow vessel. Based on the exported STEP models, the eight generated B-Reps contain
14, 10, 13, 30, 13, 85, 13, and 9 faces, respectively. These results illustrate the diversity

https:/ /doi.org/10.3390/buildings16214204


https://doi.org/10.3390/buildings16214204

Buildings 2026, 16, 4204 24 of 31

of geometric construction operations and topological configurations represented by the

generated CAD programs.
I-beam Six-hole flange Architectural column Gusseted bracket
 Civil/AEC] [Civil/AEC]  Civil/AEC]
Lighthouse tower Spur gear Wine glass Mug on coaster
[ General CAD] [General CAD] [General CAD]

Figure 7. Representative parametric CAD models generated by the final inference model and success-
fully verified by OCCT. The first five examples (blue tags) illustrate building-related components
and structures, while the remaining three (gray tags) demonstrate general-purpose CAD modeling
capabilities. All models were generated without manual code modification.

I-beam Six-hole flange Architectural column Gusseted bracket Lighthouse tower

Isometric

Front

Top

H N

Figure 8. Isometric, front, and top views of the five building-related parametric CAD models shown in
Figure 7. The multi-view visualizations illustrate their geometric configurations, including sectional
profiles, openings, orthogonal plate connections, and axial features. All five models were successfully
constructed and exported through OCCT without manual code modification.

The multi-view results in Figure 8 further demonstrate the geometric characteristics of
the building-related examples. The isometric views provide an overall representation of
the generated structures, while the front and top views reveal sectional profiles, geometric
proportions, openings, and component arrangements. These complementary views facili-
tate the inspection of geometric features and construction details that may not be apparent
from a single perspective. Together with the successful OCCT verification, these results
demonstrate the ability of the proposed framework to generate executable and inspectable
parametric models with diverse geometric configurations.
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It should be emphasized that successful geometric execution establishes the validity
of the generated CAD construction under OCCT, rather than complete compliance with
specific engineering design requirements. For example, the generated spur gear exhibits
repeated tooth features without verification against an exact involute specification, while
the building-related examples demonstrate geometric construction rather than validated
structural performance or building-code compliance. Similarly, the generated mug is not
evaluated against ergonomic or manufacturing specifications. These distinctions are further
discussed in Section 6.

Overall, the representative results demonstrate that the proposed framework can
translate natural-language descriptions into executable, editable, and geometrically di-
verse CAD programs. The combination of parametric construction, kernel-level verifica-
tion, and multi-view visualization provides a practical foundation for automated compo-
nent modeling, geometric inspection, and subsequent design refinement in Al-assisted
engineering workflows.

6. Discussion
6.1. Effects of Execution Supervision

The results indicate that the proposed framework improves text-to-CAD generation
through complementary mechanisms operating at different stages of the modeling pipeline.
Supervised fine-tuning (SFT) establishes the mapping from natural-language descriptions
to parametric CAD programs, including syntactic correctness, operation ordering, pa-
rameter definition, and valid result-object binding. The compact B-Rep-to-CadQuery
representation supports this process by reducing the target sequence length and expos-
ing executable construction patterns within the effective context window of the model.
Execution-related supervision is subsequently introduced to address geometric behavior
beyond program syntax.

During model optimization, CD-GRPO uses continuous geometric rewards derived
from executed CAD models to favor generated shapes with smaller discrepancies from their
references. At inference time, execution-guided iterative repair (Iter) addresses residual
failures by revising candidate programs in response to localized parameter, API, and
geometric-kernel diagnostics. EV-RFT operates at the training-data level by retaining
self-generated examples that satisfy both execution verification and a semantic-similarity
filter, thereby extending the range of construction patterns represented in the training
corpus. These mechanisms serve distinct purposes: geometric policy optimization, failure
correction, and targeted distribution expansion, respectively.

The quantitative findings are consistent with these complementary roles. On the
fixed OmniCAD-500 subset, the invalid rate (IR) decreases from 7.60% to 0.60%, while the
reported valid-only mean Chamfer Distance (CD) decreases from 199.9 to 183.8, an improve-
ment of approximately 8%. The aligned F@0.20 remains above 93% across the controlled
comparisons, whereas the stricter aligned F@0.05 decreases from 66.65% to 64.73%. Thus,
the results demonstrate improved execution reliability and lower aggregate geometric dis-
crepancy, but not a uniform improvement in fine-scale surface correspondence. Moreover,
iterative repair changes the set of samples included in valid-only geometric averages.

6.2. Proxy Verification and Engineering Implications

A central feature of the proposed framework is the separation of frequent, low-cost
execution-related supervision from authoritative geometric-kernel verification. Mock-CQ
checks a defined set of parameter- and operation-level constraints without constructing a
complete B-Rep, whereas OCCT explicitly evaluates curves, surfaces, topology, Boolean
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operations, and numerical tolerances. The two verifiers therefore provide complementary
information rather than interchangeable judgments of geometric validity.

This division is important for computational efficiency because execution-related
feedback must be obtained repeatedly during model optimization and iterative genera-
tion. Mock-CQ can identify common local errors at low cost, reserving full geometric
execution for candidates requiring kernel-level acceptance. The validation results also
reveal asymmetric consequences of proxy errors. A false acceptance may result in an
unnecessary OCCT execution, whereas a false rejection can reduce the reward assigned to
a geometrically valid program through the gating mechanism in Equation (6), potentially
favoring the proxy’s supported operation patterns. Retaining OCCT as the final acceptance
mechanism preserves kernel-level verification while allowing lightweight feedback to be
used more frequently.

The practical inference results further illustrate the operational value of this separation.
For the predefined set of 60 text prompts without reference geometry, the final category-
expanded model produces 55 executable programs under greedy decoding and 60 under
OCCT-verified execute-and-select inference. The generated CadQuery programs remain
editable and inspectable, allowing their parameters, feature definitions, and construction
sequences to be reviewed and modified. Representative building-related examples, includ-
ing an I-beam, a connection flange, an architectural column, and a gusseted bracket, further
demonstrate the construction of diverse component geometries. These results establish
execution-verified generation capability within the evaluated settings.

In architecture, engineering, and construction (AEC) and building information mod-
eling (BIM) workflows, potential applications include preliminary modeling of connec-
tion plates, openings, brackets, facade subcomponents, foundations, retaining structures,
excavation-support components, and tunnel elements. Before such models can be accepted
for engineering use, domain-specific requirements concerning units, dimensions, interfaces,
materials, load paths, code compliance, constructability, and life-cycle performance must
be evaluated separately. This distinction is consistent with established approaches to auto-
mated BIM rule checking [63] and classifications of model-information requirements [64].
The proposed framework therefore provides a basis for generating and inspecting ed-
itable parametric geometry that can subsequently enter more specialized engineering
verification workflows.

6.3. Limitations and Future Work

The scope of the present evaluation is primarily limited to constructive parametric
CAD objects. Free-form geometry, large assemblies, complex feature histories, and domain-
specific engineering constraints are less represented in the tested settings. The controlled
out-of-distribution (OOD) evaluation contains 60 manually designed prompts across six
categories targeted by the EV-RFT curriculum. This experiment supports conclusions about
execution reliability and targeted distribution expansion.

The available experimental design also defines the scope of statistical inference. The
main controlled comparisons are based on a fixed OmniCAD-500 subset and single training
runs. Paired outcomes support McNemar tests for the nested Iter repair stage; they do not
establish a paired training effect between SFT and CD-GRPO. Consequently, aggregate geo-
metric comparisons and uncertainty estimates must be interpreted within their respective
evaluation protocols.

A further consideration is the coverage of the verification and data-selection mech-
anisms. Mock-CQ implements nine local constraint families and can incorrectly reject
programs that are valid under OCCT, while the CLIP ViT-B/32 threshold of 0.25 used by
EV-RFT provides an automated semantic-similarity filter rather than direct human assess-
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ment of design intent. The influence of alternative reward-gating parameters, geometric-
reward settings, group sizes, and semantic thresholds would require additional training
experiments rather than post hoc rescoring of fixed model outputs.

Future research will extend execution-aware generation toward richer topological
constraints, tolerance-sensitive geometric operations, and more informative verification
feedback. Larger held-out benchmarks with reference geometry and independent semantic
assessment will help characterize geometric quality and generalization across more diverse
CAD tasks. Repeated training runs and controlled implementations of external baselines
will further strengthen statistical and cross-method comparisons. For AEC-oriented appli-
cations, integrating domain-specific dimensional, material, structural, and interoperability
checks will provide a pathway from executable parametric models toward engineering-
validated design workflows.

7. Conclusions

This study developed a unified execution-supervised framework for reliable text-to-
CAD generation, extending geometric execution from conventional post-generation valida-
tion to a supervisory mechanism throughout model optimization, inference-time repair,
and self-training. The framework employs compact, executable CadQuery representations
and a hierarchical verification strategy that combines lightweight Mock-CQ screening with
authoritative OCCT execution to balance computational efficiency and geometric verifica-
tion reliability. Furthermore, Chamfer-Distance-guided reinforcement learning, execution-
guided iterative repair, and execution-verified self-training were integrated to coordinate
geometric optimization, failure correction, and targeted category expansion. Experimental
results demonstrate that geometric reinforcement learning and execution-guided iterative
repair provide complementary benefits by reducing geometric discrepancies and correcting
residual execution failures, respectively. On the OmniCAD-500 subset, the invalid output
rate decreased from 7.60% to 0.60%, while the valid-only mean Chamfer Distance decreased
from 199.9 to 183.8. Additional category-expansion experiments show that execution-
verified self-training reduced the invalid output rate from 38.33% to 5.00%, improving
generation reliability across targeted geometric categories. In a separate reference-free
evaluation, OCCT-verified that execute-and-select inference successfully yielded executable
outputs for all 60 test prompts. These findings demonstrate that incorporating execution
feedback throughout the generation process can substantially reduce geometric execution
failures and improve the robustness of automated parametric modeling. Nevertheless, the
decrease in the stricter F@0.05 metric indicates that improved executability and aggregate
geometric similarity do not necessarily guarantee better fine-scale geometric correspondence.

From an engineering perspective, the proposed framework enables natural-language
descriptions to be converted into executable, editable, and inspectable parametric CAD
models, providing a technical foundation for automated building-component modeling
and Al-assisted engineering design. However, geometric executability does not necessarily
imply engineering validity, and the present evaluation remains limited to selected geometric
categories and execution-related requirements. Future research will extend the framework
toward more complex geometries and topological operations, improve geometric and
semantic fidelity, and incorporate structural performance, engineering constraints, and
domain-specific verification mechanisms to support reliable automated engineering design.
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