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Abstract—Text-to-CAD generation has the potential to make
mechanical CAD more accessible, but existing approaches face
a trade-off between data dependence and output fidelity. Super-
vised methods rely on large paired text-model datasets, while
zero-shot prompting strategies are often brittle and tend to lose
the parametric structure needed for downstream editing and
customization. We present CRAFT, a corrective and robust multi-
agent framework that produces parametric OpenSCAD pro-
grams from natural language without task-specific training. At its
core is a JSON intermediate representation that preserves sym-
bolic parametric expressions throughout the generation process,
enabling models to remain editable rather than collapsing into
hard-coded geometry. CRAFT combines semantic understanding,
parametric planning, compilation, rendering, self-correction, and
component-level verification within a layered recovery process,
using multi-view visual feedback to detect and repair geometric
errors. Our results show that structured corrective generation
produces reliable and customizable CAD models that are com-
petitive with more heavily supervised alternatives.

Index Terms—Text-to-CAD, parametric modeling, multi-agent
systems, large language models, zero-shot generation, OpenSCAD

I. INTRODUCTION

Text-driven geometric modeling has seen rapid progress in
recent years, with large language and vision models enabling
increasingly capable systems for generating 3D shapes directly
from natural language descriptions [1-4]. These advances have
raised the prospect of making mechanical computer-aided
design (CAD) accessible to users without specialized CAD ex-
pertise, reducing the barrier between a design intent expressed
in words and a manufacturable geometric model. Despite
this progress, existing approaches remain brittle in practice.
Supervised methods that fine-tune models on paired text—
CAD datasets can produce geometrically plausible outputs
within their training distribution, but generalize poorly to novel
shapes and require substantial curated data to train [5—-8]. Zero-
shot prompting strategies avoid this data dependency but are
prone to generating syntactically invalid code, non-renderable
geometry, and outputs that fail to faithfully reflect the original
prompt. Critically, both families of approaches tend to produce
hard-coded numeric geometry rather than editable parametric
models, limiting their utility for downstream engineering and
customization tasks [9, 10].

Agentic systems offer a natural path toward addressing these
limitations [11, 12]. Rather than treating CAD generation as a
single forward pass, a multi-agent pipeline can decompose the
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problem into discrete stages, including semantic understand-
ing, structured planning, code synthesis, and verification, each
of which can be independently validated and repaired. This
staged architecture allows errors to be detected and corrected
locally rather than propagating silently into the final output,
improving both reliability and geometric fidelity. A particu-
larly well-suited target for such a pipeline is OpenSCAD [13],
a declarative scripting language in which geometry is ex-
pressed as a program over symbolic parameters. Generating
OpenSCAD code rather than mesh geometry preserves the
parametric relationships that make CAD models editable and
reusable. However, verifying the correctness of generated
OpenSCAD programs is non-trivial: a program may compile
successfully yet produce geometry that is visually or dimen-
sionally incorrect relative to the prompt. Effective verification,
therefore, requires grounding generated outputs in external
reference knowledge, both to check that recognized compo-
nents conform to standard specifications and to confirm that
expected parts are geometrically present. NopSCADIib [14]
is a parametric OpenSCAD component library that provides
catalog-defined specifications for standard mechanical parts.
These specifications ground generated outputs in physically
meaningful dimensions and enable verification of component
completeness.

We present CRAFT (Fig. 1), a corrective and robust
multi-agent framework for text-to-parametric CAD genera-
tion. CRAFT produces executable and editable OpenSCAD
programs from natural language without task-specific training
through three core mechanisms: a JSON-based intermediate
representation that preserves symbolic parametric expressions,
multi-view visual feedback to detect and correct geometric
errors, and a layered recovery strategy to handle failures at
every stage of the pipeline. Our main contributions are as
follows:

« We develop a corrective and robust six-stage multi-
agent framework for zero-shot text-to-parametric CAD
generation that combines structured planning, multi-view
visual verification, and layered error recovery to produce
executable OpenSCAD programs from natural language.

e We propose a JSON-based intermediate representation
that preserves symbolic parametric expressions through-
out the generation process, enabling the produced CAD
programs to remain editable and reusable rather than
collapsing into hard-coded geometry.

o We evaluate CRAFT across three datasets (NopSCADIib,
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Fig. 1: Examples of different CAD models created by CRAFT from the prompts.

ABC, and Slice-100K) and show that it achieves compet-
itive perceptual and geometric quality relative to direct
generation baselines.

II. RELATED WORK

Text-to-3D and Text-to-CAD Generation. Generative ap-
proaches to 3D modeling have advanced rapidly, spanning
neural implicit representations [2], point cloud synthesis [4],
and shape generation from text [3]. While these methods
produce visually compelling outputs, they typically yield fixed
mesh geometry that cannot be edited parametrically or reused
in engineering workflows. A parallel line of work targets CAD-
specific representations. Text2CAD [5] generates sequential
CAD construction sequences from natural language, while
LLMA4CAD [8] explores multimodal models for 3D CAD
generation. CAD-Coder [6] fine-tunes a language model on
text—-CadQuery pairs with reinforcement learning using geo-
metric rewards, and Text-to-CadQuery [7] scales this paradigm
through larger paired datasets. These supervised approaches
achieve strong in-distribution results but require curated paired
training data and produce outputs that are often not directly
editable as parametric programs. CRAFT avoids task-specific
training entirely and instead uses structured zero-shot genera-
tion to produce symbolic, editable OpenSCAD programs.

Program Synthesis and Code Generation. Generating
executable code from natural language has become a well-
studied problem, with large language models demonstrating
strong performance across programming tasks [15]. Tech-
niques such as chain-of-thought prompting [16] and self-
refinement [12] have shown that decomposing generation into
reasoning steps improves correctness on structured outputs.
These ideas are particularly relevant for CAD, where generated

programs must satisfy multiple simultaneous constraints: syn-
tactic validity, successful compilation, geometric correctness,
and semantic alignment with the input prompt. Direct single-
shot generation is often insufficient in this setting, motivating
the use of intermediate representations and iterative repair.
CRAFT operationalizes this insight through a JSON-based
intermediate representation that decouples planning from code
synthesis, enabling schema-level validation before any Open-
SCAD code is produced.

Verification and Visual Feedback. Recent work has begun
to address correctness verification as a first-class concern
in CAD generation. CADCodeVerify [17] introduces vision-
language model-based verification and iterative correction as
a post-generation step, achieving measurable quality improve-
ments without retraining. More broadly, visual feedback has
emerged as a powerful signal for program repair: rendering a
generated program and comparing the output against a refer-
ence provides information that is difficult to obtain from code
analysis alone. CRAFT extends this direction by rendering
six orthographic views rather than a single image, enabling
the VLM to detect geometric errors that are invisible from
any single viewpoint, and integrating this feedback within a
bounded iterative correction loop rather than as a one-shot
post-processing step.

Retrieval-Augmented Generation. Retrieval-augmented
generation (RAG) has shown that grounding language model
outputs in external knowledge sources improves both factual
accuracy and domain specificity [18]. In the code-generation
setting, retrieving relevant library components or API sig-
natures at generation time can reduce hallucination and im-
prove structural correctness. CRAFT applies this principle to
parametric CAD by retrieving component specifications from
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Fig. 2: Overview of the CRAFT pipeline. The system maps a text prompt and optional reference images to a parametric
OpenSCAD program through six stages: understanding, planning, compilation, rendering, multi-view visual correction, and
component verification. Reasoning-intensive stages use GPT-5.2, while deterministic translation and repair steps use GPT-4o.

NopSCADIib [14] during the understanding stage, grounding
generated geometry in catalog-defined dimensions rather than
relying on the model’s implicit knowledge of part geometries.

Multi-Agent Systems. Multi-agent pipelines have demon-
strated advantages over single-model generation in tasks re-
quiring planning, execution, and verification across multiple
steps [11]. Such systems can isolate failure modes and apply
targeted repair without regenerating earlier stages by assigning
specialized roles to distinct agents. This architecture is well-
suited to CAD generation, where failures can occur at the plan-
ning, compilation, rendering, or geometric correctness levels,
each requiring a different repair strategy. CRAFT adopts a six-
stage multi-agent design in which each stage is independently
recoverable, and coordinates these stages through a five-layer
recovery strategy that escalates from cheap structural fixes to
more costly semantic correction only when necessary.

Parametric Modeling. Parametric CAD represents geome-
try through symbolic variables and editable relationships rather
than fixed coordinate values, enabling downstream customiza-
tion, reuse, and engineering analysis [9, 10]. Despite this
importance, most text-to-CAD systems emit hard-coded nu-
meric geometry, discarding the symbolic structure that makes
models practically useful. OpenSCAD [13] provides a natural
target for preserving this structure through top-level parameter
declarations and symbolic expressions. CRAFT is designed
around this requirement: its JSON intermediate representation

explicitly stores dimensions as symbolic strings, which are
carried through compilation unchanged, ensuring that the final
OpenSCAD programs remain fully editable.

III. METHODS

CRAFT transforms natural language descriptions and op-
tional reference images into parametric OpenSCAD code
through six sequential stages. In our implementation,
reasoning-intensive stages (understanding, planning, multi-
view assessment, and component verification) are handled by
a reasoning LLM (GPT-5.2), while deterministic translation
and repair steps are handled by a traditional LLM (GPT-40).
The six stages describe the forward generation path, whereas
the five recovery layers introduced in Section III-C describe
how the system escalates repair when intermediate artifacts
are invalid or the rendered result is unsatisfactory.

The pipeline (Fig. 2) begins with understanding (Stage 1),
where image and text inputs are processed in parallel. The
image-analysis path extracts geometric cues from any provided
reference images and fuses information across views when
multiple images are available. The text-reasoning parses the
prompt to identify required components, classify them by im-
portance (essential, secondary, optional), and detect references
to standard parts such as motors or fasteners. When such com-
ponents are recognized, their specifications are retrieved from
NopSCADIib [14] using five strategies: exact name matching,



fuzzy name matching, category-based lookup, dimensional at-
tribute matching, and semantic embedding retrieval. If retrieval
fails, the pipeline proceeds with LLM-only synthesis using a
retrieve-then-generate design pattern [18].

The output of stage 1 is passed to planning (Stage 2), where
the planner produces a JSON CAD plan (Section III-A). This
intermediate representation encodes geometry, constructive
solid geometry (CSG) operations, and symbolic parametric
expressions in a structured format that can be validated before
any code is generated. In compilation (Stage 3), the validated
plan is translated into OpenSCAD that preserves expression
strings and generates parameter ranges for the customizer
interface.

In rendering (Stage 4), OpenSCAD produces six ortho-
graphic views: front, back, left, right, top, and bottom. The
renderer also applies timeout-aware simplifications for com-
putationally expensive constructs such as hull (), which
can become slow when computing enclosing geometry over
multiple primitives. These views are then used in VLM self-
correction (Stage 5, Section III-B), where a vision-language
model compares the rendered output against the original
prompt and iteratively proposes fixes for up to three rounds.
Finally, component verification (Stage 6) checks whether the
expected parts are present using tiered confidence thresholds
of 85% for essential parts, 65% for secondary parts, and 50%
for optional parts. These thresholds were set empirically during
pilot runs to prioritize functionally necessary components over
cosmetic details. This reflects the idea that missing mounting
holes in a motor bracket constitute a failure, whereas omitting
a cosmetic chamfer may still yield an acceptable design. More
broadly, this iterative repair process is conceptually related to
recent self-refinement approaches for large models [12].

A. JSON Intermediate Representation

CRAFT uses a JSON intermediate representation (IR) be-
tween design understanding and OpenSCAD generation. The
IR encodes parameters, geometric primitives, and CSG op-
erations in a structured form that can be validated before
compilation. Unlike direct code generation, the IR preserves
symbolic parametric expressions rather than evaluating them
into constants. Expressions such as "outer_diameter/2"
are passed directly into the compiled OpenSCAD code, allow-
ing the final model to remain editable and fully parametric.

B. Multi-View VLM Assessment

Single-image assessment can miss geometric issues that are
visible only from specific viewpoints. A model that appears
correct from the front may still have incorrect depth or missing
features visible only from the side. CRAFT addresses this
by rendering six orthographic views (front, back, left, right,
top, and bottom) and presenting them jointly to a vision-
language model (VLM) for assessment. The VLM returns a
confidence score on a 0—1 scale, a list of identified issues, and
suggested corrections. If the confidence falls below 0.95, the
system generates targeted fixes for the affected parts rather
than regenerating the entire design. This loop runs for up

to three iterations, with early stopping once the confidence
threshold is reached. In our implementation, this assessment is
performed using GPT-5.2 due to its stronger spatial reasoning
capability.

C. Layered Error Recovery

The recovery layers describe how CRAFT escalates repair
when intermediate artifacts fail validation, rendering, or se-
mantic checks. Failures in text-to-CAD generation can arise at
several levels: invalid intermediate plans, non-renderable code,
and geometrically incorrect outputs. CRAFT addresses these
through a five-layer strategy that orders repair mechanisms
from inexpensive structural fixes to more costly semantic
correction. The first layer repairs malformed JSON plans
through schema validation and automatic repair. The second
layer applies deterministic OpenSCAD fixes for common ren-
dering failures, such as expensive operations or excessive mesh
resolution. The third layer re-invokes the multi-view VLM
assessment from Stage 5 to detect semantic and geometric
mismatches and generate targeted corrections. The fourth layer
re-invokes the component verification procedure from Stage 6
under the same tiered thresholds. The fifth layer incorporates
manual repair hints when automatic recovery remains insuffi-
cient. Automatic recovery operates under a fixed retry budget
of 10 total attempts across the first four layers, set empirically
to balance correction capability against latency and cost. In the
reported experiments, staged recovery resolved compilation
and rendering failures before final output assessment, allowing
the comparison to focus on geometric fidelity and semantic
alignment of the final recovered outputs.

IV. RESULTS

We evaluate CRAFT against direct generation baselines
using GPT-40 and GPT-5.2 to examine whether its structured
design improves semantic alignment with the input prompt,
geometric faithfulness, and robustness under challenging gen-
eration settings, while retaining editable parametric relation-
ships rather than collapsing into fixed geometry. Experiments
are conducted on the NopSCADIib benchmark and two ad-
ditional datasets (ABC and Slice-100K) to assess both in-
domain performance and cross-dataset generalization. Detailed
experimental settings are provided in Section A.i.

A. Perceptual Alignment

We first evaluate how well generated models match their text
descriptions using CLIP Score and Fréchet Inception Distance
(FID). CLIP Score measures semantic alignment between
rendered CAD images and their prompts, while FID measures
how closely the generated renderings match the distribution of
ground-truth CAD images.

Table I shows that CRAFT achieves the strongest overall
perceptual alignment on NopSCADIib. CRAFT reaches a
mean CLIP score of 0.2223, which is the highest among the
compared methods and closest to the ground-truth reference
score of 0.2333. This advantage is maintained across all
three complexity tiers, indicating that the structured pipeline



TABLE 1: Perceptual evaluation on NopSCADIib. CLIP
Score measures text—image alignment (higher is better), while
FID measures distributional similarity to ground-truth renders
(lower is better). GT denotes the ground-truth CLIP score as
a reference upper bound.

Metric CRAFT GPT-40 GPT-52 GT

CLIP Score 0.2223 0.2033 0.2145 0.2333
Simple 0.2260 0.2098 0.2174 0.2279
Medium  0.2159 0.2014 0.2144 0.2317
Complex 0.2251 0.1983 0.2116 0.2409

FID 9447 118.01 104.63 —
Simple 154.65 14485 136.43 —
Medium  130.33 155.06 143.33 —
Complex 136.90 184.38 160.51 —

TABLE II: Geometric evaluation on NopSCADIib, including
overall results and breakdown by prompt complexity. FI is
reported at a 1% distance threshold. Best results in each row
group are shown in bold.

Split Method CDJ Fi11 Voxel IoU?T
CRAFT 0.0704 0.2369 0.2242
Overall GPT-40  0.0742 0.2467 0.2182
GPT-5.2 0.0671 0.2585 0.1870
CRAFT  0.0941 0.3054 0.2529
Simple GPT-40  0.0840 0.3424 0.3475
GPT-5.2 0.0788 0.3480 0.1567
CRAFT  0.0563 0.2256 0.2450
Medium  GPT-40  0.0650 0.2253 0.1807
GPT-5.2 0.0583 0.2342 0.2536
CRAFT  0.0593 0.1744 0.1712
Complex GPT-40 0.0737 0.1677 0.1207
GPT-5.2 0.0638 0.1871 0.1500

helps preserve the semantic intent of the prompt consistently
rather than only on simpler examples. FID follows a similar
overall trend. CRAFT achieves the lowest overall FID of
94.47, compared to 104.63 for GPT-5.2 and 118.01 for GPT-
4o, suggesting that its generated shapes more closely match
the visual distribution of the reference CAD models. The
gap becomes more pronounced on medium and complex
components, where structured planning, component retrieval,
and iterative verification appear to better preserve global shape
organization. On simple components, GPT-5.2 achieves the
lowest FID, suggesting that direct generation can be effective
for basic geometry, while the advantage of CRAFT becomes
more apparent as design difficulty increases.

B. Geometric Accuracy

We next evaluate geometric fidelity using Chamfer Distance
(CD), F1, and voxel IoU. F1 score is reported at a 1% distance
threshold. These metrics measure complementary aspects of
reconstruction quality, including surface proximity, point-level
matching, and volumetric overlap with ground-truth models.

Table II, Table III, and Table IV summarize geometric
results on NopSCADIib, ABC, and Slice-100K, respectively.

TABLE III: Geometric evaluation on ABC, including overall
results and breakdown by prompt complexity. F1 is reported
at a 1% distance threshold. Best results in each row group are
shown in bold.

Split Method CDJ F11 Voxel IoU?T
CRAFT  0.0804 0.1303 0.0401
Overall GPT-40 0.1009  0.0847 0.0211
GPT-5.2 0.0950 0.0880 0.0187
CRAFT  0.0825 0.1538 0.0353
Simple GPT-40 0.0978 0.0778 0.0288
GPT-5.2 0.0903 0.0942 0.0148
CRAFT 0.0701 0.1137 0.0325
Medium  GPT-40  0.0994 0.0947 0.0152
GPT-5.2 0.0936 0.0946 0.0146
CRAFT  0.0884 0.1244 0.0519
Complex GPT-40  0.1059 0.0828 0.0180
GPT-5.2 0.1006 0.0762 0.0261

TABLE IV: Geometric evaluation on Slice-100K, including
overall results and breakdown by prompt complexity. FI is
reported at a 1% distance threshold. Best results in each row
group are shown in bold.

Split Method CD| F11 Voxel ToU?
CRAFT 0.0617 0.2831 0.0633
Overall GPT-40 0.0743 0.2146 0.0718
GPT-5.2 0.0607 0.2828 0.0627
CRAFT 0.0414 0.4018 0.0763
Simple GPT-40 0.0601 0.2976 0.0537
GPT-5.2 0.0439 0.3770 0.0609
CRAFT 0.0752 0.1918 0.0428
Medium GPT-40 0.0783 0.1026 0.0498
GPT-5.2 0.0631 0.2364 0.0579
CRAFT  0.0682 0.2565 0.0706
Complex GPT-40  0.0837 0.2417 0.1094
GPT-5.2 0.0743 0.2366 0.0687

On ABC, CRAFT achieves the strongest overall performance
across all three metrics, obtaining the lowest CD, highest
F1, and highest voxel IoU, suggesting that the structured
intermediate representation and layered recovery improve gen-
eralization to unfamiliar geometry. On Slice-100K, results are
more comparable: GPT-5.2 achieves the lowest CD, CRAFT
achieves the highest F1, and GPT-4o0 attains the highest voxel
IoU despite weaker surface-based metrics. On NopSCADIib,
GPT-5.2 leads on CD and F1 while CRAFT achieves the
highest voxel IoU, indicating that direct generation can yield
slightly better average surface proximity on in-distribution
examples, whereas CRAFT produces stronger volumetric con-
sistency. Taken together with the perceptual results, CRAFT
is particularly effective at producing geometrically coherent
parametric models rather than optimizing any single surface
metric in isolation.



C. Effect of Complexity

We break down results by prompt complexity to exam-
ine how performance varies with design difficulty. On Nop-
SCADIib, direct generation remains highly competitive on
simple components: GPT-5.2 achieves the lowest CD and
highest F1, while GPT-40 attains the highest voxel IoU. When
prompts describe basic geometry with limited part interactions,
direct code synthesis often produces acceptable models. As
complexity increases, CRAFT’s advantage becomes more ap-
parent. On medium-complexity examples, CRAFT achieves
the lowest CD, though GPT-5.2 remains slightly stronger on
F1 and voxel IoU. On complex examples involving multiple
interacting features such as mounting holes, flanges, or internal
cutouts, CRAFT achieves the lowest CD and highest voxel
IoU. Although GPT-5.2 retains an advantage in F1 on medium
and complex tiers, CRAFT shows more consistent geometric
behavior as structural difficulty increases. On ABC, CRAFT
achieves the best CD, F1, and voxel IoU at every complexity
tier, with especially pronounced margins on complex com-
ponents, indicating consistent generalization across prompt
difficulty on previously unseen geometry.

Overall, these results support the design motivation behind
CRAFT. Structured planning and layered recovery offer lim-
ited advantage on simple targets, but become increasingly
useful when prompts require multiple relations, reusable di-
mensions, coordinated part composition, and recovery from
intermediate errors.

D. Robustness and Recovery Behavior

Beyond final-shape quality, CRAFT is designed to im-
prove robustness through bounded staged recovery rather than
relying on a single forward generation pass. In the main
evaluation, we report only the quality of the final recovered
outputs, not per-stage failure counts. As a result, the geometric
and perceptual gains in Tables I-IV should be interpreted
primarily as end-to-end outcome quality after recovery, rather
than as isolated measurements of intermediate compilation or
repair success. Even under this conservative view, the stronger
performance of CRAFT on medium-complexity, complex,
and out-of-distribution examples is consistent with the role
of structured planning and targeted correction in stabilizing
generation when direct one-shot synthesis becomes brittle.

This robustness mechanism is especially important for
text-to-parametric CAD, where failure can occur at mul-
tiple levels: malformed intermediate plans, non-renderable
OpenSCAD code, incomplete part composition, or geometry
that is syntactically valid but semantically inconsistent with
the prompt. CRAFT addresses these failure modes through
schema-level repair, deterministic OpenSCAD fixes, multi-
view VLM-guided correction, and component-level verifica-
tion within a bounded retry budget. Expanded qualitative
illustrations of this layered recovery process and its role in
improving generation stability are provided in the appendix.
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Fig. 3: Examples of preserved parametric editability in gener-
ated CAD models. Changing individual parameters produces
coherent geometric and appearance variations, showing that
the generated OpenSCAD programs retain interpretable para-
metric relationships rather than only fixed final shapes.

E. Preservation of Parametric Relationships

Beyond perceptual and geometric quality, we also examine
whether the generated CAD programs preserve editable para-
metric structure. Fig. 3 shows representative examples where
changing individual parameters produces coherent geometric
and appearance changes. This indicates that CRAFT generates
executable parametric programs rather than only fixed shape
approximations.

V. DISCUSSION

CRAFT achieves consistent improvements over direct one-
shot generation across multiple datasets and object categories,
with the largest gains on medium and complex designs.
This result confirms that structured generation becomes more
valuable as geometric dependencies and design complexity
grow. The JSON intermediate representation is central to this
behavior: it preserves symbolic parametric intent before code
synthesis, ensuring that generated programs retain meaningful
design controls rather than collapsing into fixed geometry.
The qualitative parameter-edit results directly support this
interpretation.

Several limitations should be noted. Performance declines
as complexity increases, particularly when shapes involve
many interacting parts or implicit structural relationships that
are difficult to infer from text alone. OpenSCAD, while well
suited for symbolic parametric modeling, does not capture the
feature-history richness of industrial CAD systems such as
Fusion 360 Gallery [10]. The multi-stage pipeline also depends
on external language and vision models, increasing inference
cost and introducing the risk of error propagation across stages.
Finally, the evaluation covers three datasets, which represents
only a subset of real-world engineering designs.

VI. CONCLUSIONS

We presented CRAFT, a multi-agent pipeline for text-to-
parametric CAD generation that combines structured reason-
ing, a JSON-based intermediate representation, visual verifica-
tion, and layered error recovery. Unlike direct code-generation



approaches, CRAFT explicitly preserves symbolic parametric
relationships during generation, producing OpenSCAD pro-
grams that are executable, editable, and reusable. Experiments
across three datasets show that CRAFT achieves strong per-
ceptual and geometric quality while maintaining high reliabil-
ity. The results demonstrate that preserving parametric intent
through an explicit intermediate structure is both feasible and
consequential for practical CAD systems.
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A.1. EXPERIMENTAL SETUP

Datasets. We evaluate CRAFT on three datasets total-
ing 668 components to assess both in-domain performance
and cross-dataset generalization. Our primary benchmark is
NopSCADIib [14], comprising 468 text—-CAD pairs derived
from parametric OpenSCAD components in the NopSCADIib
mechanical library. Ground-truth models are derived from
catalog-defined parametric specifications in the library, pro-
viding reference geometry anchored in standard mechanical
dimensions. To test generalization beyond the primary bench-
mark library, we also evaluate on 100 shapes from ABC [19]
and 100 shapes from Slice-100K [20]. These external datasets
contain geometry outside the NopSCADIib library and there-
fore provide a more challenging test of whether the pipeline
can synthesize coherent parametric programs for previously
unseen shapes.

Prompt Complexity. For each dataset, components are
grouped into Simple, Medium, and Complex tiers to study
how generation quality changes with design difficulty. For
NopSCADIib, tiers are assigned by source code analysis: a
weighted composite of seven structural features—primitive
count (x1.0), boolean operations (x1.5), CSG depth (x0.5),
parameter count (x0.3), sub-module calls (x2.0), lines of code
(x0.05), and transform count (x0.3)—split at the 33rd and
66th percentiles (boundaries: 36.50 and 66.25). These weights
were chosen heuristically based on pilot inspection of code
complexity and are intended only to define relative within-
dataset difficulty tiers. This yields 159 Simple, 160 Medium,
and 149 Complex components. For ABC and Slice-100K,
where source code is unavailable, tiers are assigned by mesh
geometry analysis using five features: face count (0.25), con-
nected components (0.15), convex hull ratio (0.25), surface-to-
bounding-box ratio (0.20), and compactness (0.15), with the
same percentile-based splitting. These weights were likewise
chosen heuristically to induce relative geometric difficulty
groupings within each dataset. Because the NopSCADIib and
external datasets use different feature spaces, these tiers should
be interpreted as relative within-dataset groupings rather than
directly comparable across datasets.

Baselines. We compare CRAFT against single-stage direct
generation baselines using GPT-40 and GPT-5.2. Both base-
lines receive the same text prompt used by CRAFT along with
a system prompt instructing the model to output only valid,
executable OpenSCAD code. Generation uses temperature 0.0
(deterministic) in a single API call, with no intermediate JSON
planning, no component retrieval, no visual feedback, and
no error recovery. This comparison isolates the benefit of
CRAFT’s staged parametric planning and multi-layer recovery
over direct code generation from the same underlying model
family [21].

CRAFT Configuration. CRAFT uses a hybrid model allo-
cation: GPT-5.2 for reasoning-intensive stages (understanding,
planning, VLM self-correction, component verification) and
GPT-40 for deterministic stages (compilation, repair). The
planner is allowed up to 2 schema-repair attempts. VLM self-

correction runs for up to 3 iterations with early stopping
at confidence > 0.95, and component verification permits
up to 3 iterations with tiered thresholds (Essential 85%,
Secondary 65%, Optional 50%). Temperature is set to 0.0 for
deterministic compilation and 0.7 for planning-oriented stages.

Metrics. We report both geometric and perceptual metrics.
For geometric evaluation, we compute bidirectional Chamfer
Distance [22]:

1
CD = 5 (mean(dgt—nored) + mean(dpred—)gt)) . (1)

which captures both accuracy (predictions close to ground
truth) and coverage (ground truth adequately represented);
F1 at a 1% distance threshold; and voxel IoU measuring
volumetric overlap. Point clouds of 10,000 points are sampled
from each mesh for CD and F1 computation; voxelization uses
a 643 grid along the longest axis. For perceptual evaluation, we
report CLIP score using ViT-L/14 [23] to measure text-image
semantic alignment, and Fréchet Inception Distance (FID) [24]
computed from 2048-dimensional features extracted at the
average-pooling layer of Inception-v3 to measure distribu-
tional similarity between generated and ground-truth renders.
Rendering and Evaluation Protocol. For each method, the
generated OpenSCAD program is compiled and rendered into
multi-view images for perceptual evaluation, and the resulting
geometry is exported to STL and converted into point clouds
and voxel grids for geometric comparison against reference
models. OpenSCAD renders all models at 512x 512 resolution.
STL export uses a 300s timeout and PNG rendering uses a
120's timeout to accommodate complex CSG operations. Six
orthographic views (front, back, left, right, top, bottom) are
rendered for VLM assessment and perceptual metric compu-
tation. CRAFT follows the full staged pipeline described in
Section III, while baselines output a single OpenSCAD file
evaluated using the identical metric pipeline. All methods are
evaluated over the same set of prompts. When a method fails
to produce a valid output under the evaluation protocol, the
example is assigned worst-case metric values so that invalid
generations remain reflected in the aggregate results.

A.1l. EXTENDED ABLATION STUDIES

In particular, they show that the hybrid configuration im-
proves component completeness, that multi-view correction
contributes most strongly in the first two rounds, and that tiered
part verification preferentially preserves functionally important
components.

A.1II. LAYERED RECOVERY AND MULTI-VIEW
ASSESSMENT

Fig. A.1 and Fig. A.2 illustrate two mechanisms most re-
sponsible for CRAFT’s robustness: bounded layered repair and
six-view visual feedback. These mechanisms are included here
in expanded form because they are central to the engineering
behavior of the system, but too detailed for the space-limited
main paper.



Layer 1: Schema Auto-Repair
JSON schema validation — LLM repair prompt — Retry
(max 2)

lIf schema valid

Layer 2: SCAD Auto-Fix
Detect hull/minkowski/high-$fn — Simplify — Extended
timeout

lIf renders OK

Layer 3: VLM Correction
6-view render — GPT-5.2 assessment — LLM fix — Iter-
ate (max 3)

lIf VLM approves

Layer 4: Component Verification
Tiered part check — Connectivity check — Targeted fix
(max 3)

lIf parts present

Layer 5: Manual Repair
User hint (e.g., "make wheels bigger") — Incorporate into
prompt

Fig. A.1: Expanded view of the layered recovery strategy
used in CRAFT. The recovery process progresses through
five stages: schema auto-repair, SCAD auto-fix, multi-view
VLM correction, component verification, and optional manual
repair. Repairs proceed from inexpensive structural fixes to
increasingly semantic correction, with bounded retry budgets
at intermediate stages.

A.1V. ADDITIONAL QUALITATIVE EXAMPLES

To supplement the benchmark metrics, we include addi-
tional qualitative examples across simple, medium, and com-
plex prompts. These examples illustrate both the diversity of
generated outputs and the role of preserved parameters in
enabling post-generation edits.



Prompt: "40mm axial cooling fan"

S HEEE——

Front Back Left Right Top Bottom

Isometric

Prompt: "Simple spur gear"

@ 00 = -

Front Back Left Right Top Bottom

Isometric

Prompt: "Parametric placeholder model of a standard RC servo motor body (approx. 40x20x36mm) with
housing, top cap, output shaft boss, mounting ears/faceplate, and mounting hole pattern"

¢

Front Back Left Right Top Bottom

Isometric

Prompt: "Parametric sedan: chassis, cabin, bumpers, wheels, axles"

Front Back Left Right Top Bottom
Isometric

Prompt: "Parametric cylindrical coffee mug with hollow interior, defined rim, flat base, bottom ring foot, and ergonomic
rounded-rectangular loop handle blended into the mug wall. No text or decorative surface texture included"

Front Back Left Right Top Bottom

Isometric

Prompt: "3D model of a DC motor with essential structural and functional components"

Bottom

Isometric

Fig. A.2: Multi-view rendering outputs from CRAFT. Each row shows a generated model from a text prompt: the isometric
output alongside six orthographic views used for VLM assessment. This spatial coverage helps reveal geometric issues that
may be hidden from a single viewpoint.



TABLE R1: Refreshed geometric evaluation on NopSCADIib
(replaces Table II). FI at a 1% distance threshold. Best in
each row group in bold.

Split Method CDJ F11 Voxel IoU?T
CRAFT  0.0654 0.2530 0.2356
Overall GPT-40  0.0733  0.2467 0.2135
GPT-5.2 0.0662 0.2587 0.1890
CRAFT 0.0805 0.3771 0.2863
Simple GPT-40  0.0841 0.3399 0.3339
GPT-5.2 0.0800 0.3475 0.1554
CRAFT 0.0594 0.2277 0.2431
Medium  GPT-40  0.0652 0.2262 0.1810
GPT-5.2 0.0571 0.2357 0.2591
CRAFT  0.0559 0.1492 0.1744
Complex GPT-40 0.0706 0.1694 0.1201
GPT-5.2 0.0614 0.1883 0.1487

A.v. CAMERA-READY ADDITIONS (STAGING)

This section stages the revisions requested in review, for
redistribution into the main paper. No part of the pipeline was
changed: the additions are an ablation isolating each agent
(requested by all three reviewers), a quantitative editability
metric (Awu5), a short explanation of the “Overall” FID
computation (Awu5), and typographic fixes. The geometric
results are recomputed on the same models and prompts, and
the comparative wording is softened so that claims are stated
no more strongly than the numbers support (UIGD). Where
the re-run changes a submitted number, the refreshed value
supersedes it.

A. Refreshed Geometric Results on NopSCADIib

Table R1 recomputes the NopSCADIib geometric results;
it is intended to replace Table II. On the full benchmark,
CRAFT attains the best overall Chamfer distance and the
best overall voxel IoU, and is comparable to the strongest
baseline on F1. As in the submitted version, direct generation
remains competitive on the simpler in-distribution parts, while
CRAFT’s advantage is clearest on volumetric overlap and
on the more complex components. We therefore characterize
CRAFT’s geometry as competitive and tied-or-better rather
than dominant.

B. Ablation Study

Table R2 isolates the contribution of each pipeline com-
ponent by disabling one at a time on the full NopSCADIib
benchmark; the final column summarizes the effect of removal
relative to the complete system. Removing component retrieval
(—retrieval) is the most damaging change, degrading every
geometric metric: grounding generation in catalog specifica-
tions is the single largest contributor to in-domain geometric
fidelity. Disabling multi-view correction (—multi-view) and
the recovery layers (—recovery) each reduce Chamfer distance
and F1 while leaving voxel IoU essentially unchanged. Two
effects are worth noting. Removing the JSON intermediate

TABLE R2: Ablation on NopSCADIib: full pipeline versus
single-component-disabled variants (—component). The final
column summarizes the effect of removing each component
relative to the full system.

Variant CD] Fl1@1%1 IoUtT Effect of removal

CRAFT (full) 0.0654 0.2530 0.2356 —

— retrieval 0.0764 0.2030 0.1545 large drop on all
metrics

— multi-view 0.0738  0.1907 0.2272 lower CD and F1

— recovery 0.0773  0.1878 0.2289 lower CD and F1

—JSON-IR  0.0643 0.2383 0.1999 geometry =~ un-
changed

— verification 0.0637 0.2574 0.2411 CD slightly better

TABLE R3: Editability on NopSCADIib: exposed parameter
count, symbolic-preservation rate, edit-success rate, and post-
edit render validity.

Method  #Params Symbolict Edit succ.t Validf
CRAFT 13.1 66.8% 99.9% 99.1%
GPT-5.2 4.2 47.7% 99.2% 97.7%
GPT-40 0.1 3.0% 95.0% 95.0%

representation (—JSON-IR) leaves geometry essentially un-
changed; its contribution is to editability (§A.v-C), not to
raw geometry, which is consistent with its role of preserving
symbolic structure rather than altering the final shape. Re-
moving component verification (—verification) slightly lowers
Chamfer distance, because verification adds or repairs parts to
satisfy the prompt—improving semantic completeness while
occasionally moving the surface away from a ground-truth
mesh that omits those parts—so we describe it as a complete-
ness mechanism rather than a geometric one.

C. Editability

The paper’s central claim—that CRAFT produces editable
parametric programs rather than fixed geometry—was pre-
viously shown only qualitatively. We quantify it by parsing
the exposed top-level parameters of each generated program,
perturbing them by +10% and £50%, re-rendering, and
measuring whether the program remains valid and structurally
intact. Table R3 shows that CRAFT exposes 13.1 editable
parameters per model on average, against 4.2 for GPT-5.2
and 0.1 for GPT-40, and preserves symbolic expressions in
66.8% of cases versus 47.7% and 3.0%. Edit-success and post-
edit render validity are uniformly high, so the difference is
in how much editable structure is exposed, not whether edits
apply cleanly. The advantage widens with design difficulty:
CRAFT’s symbolic-preservation rate rises from 59.2% on
simple parts to 63.9% on medium and 78.1% on complex parts,
with the mean exposed-parameter count increasing from 10.2
to 17.6.

D. Clarification: How “Overall” FID Is Computed

A reviewer asked how the Overall FID is obtained, noting
that it is lower than each per-tier value and so cannot be
a weighted average. It is not an average. FID is a distance



between two distributions rather than a mean of per-image
scores: it fits a multivariate Gaussian to the Inception-v3
feature activations of each image set and measures the Fréchet
distance between the generated and reference Gaussians. Two
consequences follow. First, the statistic is non-additive across
subsets—the FID of a pooled set is not a weighted mean of the
FIDs of its parts, because the pooled mean and covariance are
re-estimated over all samples rather than combined linearly.
Second, FID carries a known finite-sample bias that decreases
as the number of images grows, so estimates from small
samples are inflated. The per-tier values are each computed on
roughly 150 renders, whereas the Overall value is computed on
all 468; the Overall FID is therefore both better estimated and,
as expected, lower than any single tier. The Overall row should
be read as the distributional distance over the full benchmark,
not as a summary of the three tier rows.

E. Typographic and Wording Fixes

The following in-body corrections will be applied (raised

primarily by Awu5):

« “orthographic” spelled correctly in the Fig. 2 / multi-view
caption.

e “OpenSCAD” used consistently (not “OpenScad”).

o “Fréchet Inception Distance (FID)” with the correct ac-
cent and no stray accent on “Inception”.

o “GitHub” capitalized correctly.

o “Datasets and Benchmarks Track” capitalized where ref-
erenced.

« Reword “OpenSCAD renders all models at 512 x 512
resolution” to “All views are rendered at 512 x 512
resolution,” since images, not models, carry a resolution.

« Promote the ablation (Table R2) from the appendix into
the main Results section, as requested.



