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Abstract

Computer Aided Design (CAD) software is a key tool that mechanical engineers
use to construct 3D models of their designs which can then be used as a refer-
ence for construction, or sometimes printed directly using 3D printers. However,
creating CAD models is a complex and tedious process. A recently published
paper proposed a framework for generating 3D CAD models directly from text
descriptions, with the help of a custom transformer that they pretrain to autore-
gressively generate CAD data. Empirical analysis shows this model has overfit
its training set, and cannot generalize well enough to be practically useful. We
propose an alternative framework which we call Multi-Agent Refined Construction
(MARC) that requires no additional pretraining and leverages existing LLMs in
an agentic fashion to generate CAD models directly. Early analysis shows this
model generalizing far better than Text2CAD, and outperforming Text2CAD on
an evaluation set gathered from data that it was trained upon. We demonstrate
how to draw out latent capabilities of large models through familiar interfaces.
Additionally, we inadvertently construct a new task for long context evaluation.
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2 Introduction

Research into 3D generative models dates back to the advent of neural networks, but progress in the
field first started to accelerate after the introduction of Generative Adversial Networks [1]. Since
then countless approaches have been pursued to accelerate the domain and in recent years, Diffusion
Models have become the dominant architecture [2]. This has proven to be an effective solution for
generating realistic 3D assets that responding well to conditioning, however these representations
lack the geometric specification that are paramount to CAD models [3]. Engineers cannot import
these artifacts and expand on them like they would with a CAD representation of a 3D structure.

Thus far there has been limited open research into controlling model generation through text condi-
tioning, however a recently published a paper describes an architecture which the authors claim is
the first neural network capable of generating CAD from text [4]. The authors of this paper chose
to leverage the spatial reasoning capabilities of LLMs to guide a newly pretrained transformer that
operates in a learned CAD embedding space and auto regressively decodes into CAD tokens.
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We initially set out to contribute to improving the Text2CAD architecture based on promising
data included with the paper, however after an initial evaluation revealed the limited range of the
framework and strong signs that it had overfit its training set, we reverted to first principles thinking
and questioned the value of the added complexity of the architecture.

Given that in the Text2CAD framework the LLM that is responsible for refining the prompt into
detailed components is performing the challenging spatial reasoning work, our first goal was to
identify if the model could generate CAD representations directly. We found that with the right
formulation and iterative refinement, frontier LLMs are able to eventually produce valid CAD data
that more consistently represents the structures described in the prompt. Next, we extended this
iterative refinement process into a two agent framework (MARC) [5]that leverages a Large Multi
Model (LMM) to provide feedback to the LLM CAD designer such that it can improve its generations.
Our evaluations provided signal that this framework is significantly better than Text2CAD at handling
complex object descriptions, and can handle a wider range of prompts. After evaluating MARC
we also found that it is able to eventually able to produce generations preferred by GPT4o over
Text2CAD when tested on the DeepCAD dataset that Text2CAD was generated on.

We experimented with both Supervised Finetuning, as well as PPO and Advantage Actor Critic
reinforcement learning to expand the capabilities of smaller models. We found that supervised
finetuning will improve the Design Agents ability to generate data in the expected format, but did not
improve its spatial reasoning skills (as measured by its ability to create geometrically correct designs).
We could not scale our PPO training enough to see a significant improvement on final generations.

3 Related Work

Earlier research into 3D CAD generation has ranged from generating CAD from high fidelity 3D
representations such as 3D point clouds [? ] to using generative models to generate novel CAD
models through a random sampling proces [3]. Additionally, there has been significant research in
Agentic and more specifically Mult-Agent LLM architectures [6].

DeepCAD [3] introduced a Autoencoder-style architecture with a Transformer backbone that can
reconstruct CAD models from sketch-and-extrusion CAD representations. We will expand on this
format in the next section as it is highly pertinent to our research. They open sourced a dataset
of 178,238 CAD models and their corresponding sketch-an-extrusion representations. They found
their model to be both adept at reconstruction as well as random structure generation. Text2CAD
also trained their network on the DeepCAD sketch and extrusion dataset, however they also used a
Large Multi Model (also called a Large Vision Model) to annotate the DeepCAD data by passing in
rendered images and prompting the model to describe the structures.

Shortly after the release of Text2CAD, researchers in South Korea [7] put forth what they also claimed
to be the first framework for generating CAD from text, and they also chose to call their framework
Text2CAD. They also leverage a LLM for prompt refinement, however their pipeline then generates
an isometric reference image which is passed as an input to a stable diffusion model [8] that they fine
tuned to specifically generate orthographic images. They use deterministic third party software to
convert their orthographic images into 3D mesh models. While they have not released any code or
weights, in their pipeline the LLM is still responsible for performing the hard spatial reasoning task.

Finally, Wu et. al did significant work in evaluating the abilities of LVM-as a judge for spatial data,
and found the preferences of frontier models like GPT4 to be mostly aligned with human experts [9].
This introduces a path past one of the key bottlenecks that stifles generative CAD research: a lack
of scalable evaluation systems. Human expert evaluations are considered the gold standard of 3D
CAD generation, and there are not proven quantitative metrics that consistently align with human
preferences and capture all the data that human experts care about.

4 Approach

Both Text2CAD [4] and Text2CAD [] rely on premier Large Language Models to reason about the
prompt and the related spatial data to create a thorough design plan which is then fed as an input to
the Text to CAD transformer.
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The core hypothesis beyond the approaches we have explored so far is that we can enable LLMs to
create better CAD generations than Text2CAD without pretraining additional networks. LLMs are
already performing the challenging spatial reasoning problems in the Text2CAD pipeline, and with
improvements to the problem formulation we find that they can generate valid CAD data native.

There is validity to the hypothesis that connecting a language embedding space to a well-learned
latent representation of CAD data can help language models efficiently connect language concepts to
related CAD structures. Vision Transformers (ViT) have been used to create state of the art vision
models that prove adept at media understanding [10]. However, successful implementations of this
have worked by extending already extensively pretrained LLMs [11]. The pipeline proposed in
Text2CAD creates a communication bottleneck by forcing the reasoner to communicate to the model
through text tokens. The Text2CAD has no world-model to work off of, and therefore the LLM has
to provide high fidelity instructions in either case, this is backed up by the data they present on the
accuracy of their network when used with varying degrees of prompt detail.

Our proposal is that with a familiar interface to construct CAD models through, the LLM can perform
the task without the help of the custom transformer. Therefore, we provide a way for a LLM to define
a complete CAD model through python code, a programming language that frontier models have
proven to be adept in using [12]

4.1 CAD through Code

DeepCAD [3] demonstrates that the format you provide CAD data in has a large impact on a LLMs
ability to reason about the model. For example, Boundary Representation (brep) files which represent
a solid by defining the limits of a volume, prove nearly impossible for a LLM to understand. The
data is almost completely numerical, and does not contain abstract representations that the model can
use to reason about the structures.

DeepCAD and Text2CAD use a JSON representation of sketch and extrusion commands which is
significantly more abstract. However, we find that without any finetuning, SoTa models like GPT4o
still are not able to reliably construct valid CAD representations in this format, even with the help of
in-context learning examples.

Therefore we created a simple and intuitive python library for incrementally building a 3D CAD model
with step and extrusion commands. The library wraps over code primarily written by DeepCAD
and extended by Text2CAD that is used for transforming sketch and extrusion json into other CAD
formats such as breps.

Claude 3.5 has proven adept at learning to use new libraries not seen at training time, and additionally
it is able to reason about python execution errors well. Claude 3.5 shows a 100 percent success rate
when it comes to constructing a valid CAD model using this library within 10 tries.

4.2 Inference-time Refinement

MARC consists of two LLMs working in an agentic fashion [6], a Design Agent and a Eval Agent
which for most of our experimentation is GPT4o [13] . The Design Agent is responsible for
constructing the CAD model through our python library. We enable the Design Agent to build the
model incrementally by providing it with two commands it must include at the end of every response.
<continue> indicating it would like to try running the code and evaluating the current state, and
<done> indicating it is ready for a final evaluation. To get feedback on a submission, we define
an orchestrator which executes the python code generated. If there are execution errors they are
provided back to the Design Agent so it may correct them. If the execution succeeds and a model is
constructed, we render it and take snapshots of it from four angles and feed that to the Eval Agent
with the original prompt description.

The Eval Agent will describe the current state of the rendered model as the Design Agent does
not have direct access to the images. It will also score the model on four criteria and then provide
feedback for the Design Agent on how to improve the submission.

If the average of all four scores is greater than our target threshold, then the Design Agent does not
get the opportunity to resubmit. Otherwise it will get up to 10 opportunities to refine its submission,
after each attempt it will again solicit feedback from the Eval Agent.
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Figure 1: MARC architecture diagram

4.3 Supervised Finetuning on Task Examples

The main objective for our research was to improve the quality of the CAD generations using as many
refinement steps as needed so long as the generations were getting continuously better. While there
was an average of 3.2 failed generations per request, the eventual correctness was sufficient for this
stage. After evaluating our agentic framework at inference, we wanted to see if we could leverage
Deep Reinforcement Learning to to train the model to improve its generation abilities by using policy
based gradient updates to increase the score assigned to it by GPT4o. The largest model that we could
both inference and hope to train is a 70B so we chose to work with Llama 3.1 70B-Instruct. However,
we found it failed completely at generating valid cad sequences with our library using the 10 steps
that our compute budget allowed for. Therefore, in an attempt to improve performance for Llama 70B
to support further experiments, we constructed a dataset of 5,000 examples of LLM-annotated sketch
and extrusion models from DeepCAD that we converted to the code defintion that uses our library,
where the LLM generated descriptions were the inputs and the labels were the tokens representing
the valid code, the loss function was cross entropy for the tokens in the label position. Due to the
lack of success we had in matching Claude 3.5’s native performance, we will focus on our agentic
framework and expand on this area in future work.

4.4 Latency Optimizations

Latency proved to be a key bottleneck for experimentation which constrained the evaluation size for
our experiments. The observe latency between Claude and the GPT4o APIs were around 4 seconds
on average for TTFT (Time To First Token). We were able to inference the Llama 70B model much
more efficiently using VLLM which has native support for chunked prefill, kv cache, and efficient
inter-rank communication for our tensor-parallel world. With VLLM we found that context encode
(Time To First Token) improved dramatically and we were able to handle throughput of 585 tokens
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per second, but decoding became a key bottleneck as were getting constrained at 20 OTPS (output
tokens per second). We opted to use VLLM to host our eval agent as it had a simpler task with less
rigid formatting requirements. This significantly expanded the extent to which we could scale our
experiments, and perform thorough evaluations.

5 Experiments

5.1 Assessing the benefits of CAD through Code

As sketch and extrusion JSONs were the carefully selected representation used by DeepCAD and
Text2CAD we will use this as our baseline.

We sampled 1000 sketch and extrusion files from the DeepCAD dataset with the LLM generated
annotations for the models that were added in Text2CAD. For each annotation, which is a description
of the model, we ask Claude 3.5 to construct a CAD model from this description using both the
json format and the python format. For each prompt, we provide a single in-context example and a
description of that format.

• Syntax correctness: Valid JSON: 96%, Valid Python 91%.

• Valid model generated after 1 try: JSON: 22 percent, Python: 47 percent. Python more
than doubles the success rate of JSON on the first attempt.

• Valid model generated within 10 tries: Python: 100 percent, JSON: 29 percent. Due to
the verbosity of python runtime errors, we were able to easily provide the model with more
signal that it could use to correct itself.

5.2 Text2CAD vs our Agentic Framework

Our first goal was to evaluate our Agentic Framework relative to Text2CAD. One generation from
our framework consists of at most 10 calls to the Anthropic API that serves Claude 3.5. For each
valid CAD generation that the Design Agent produces, there can be at most 3 calls to the OpenAI
api for evaluation loops. Therefore, in the worst case scenario, a single request can map to 30 API
calls per request. Thus, given the need to iterate on our experimentation code and improve our agent
codebase, we were only able to baseline with 2000 examples from the DeepCAD dataset.

Taking inspiration from Wu. et. al., for every valid generation, we ask our Eval Agent to provide four
scores based on the original prompt and the images of the rendered model. Adherence: how well the
generated model aligns with the description in the prompt. Detail: whether the model provided a
model with sufficient detail. Consistency: how well the model shows consistency in geometry and
topology. Correctness: How error-free the model is. An example of a error is an invalid hole, an
unwanted gap, or other geometric issues. Each score is given as an integer between 1 and 10, where 1
represents poor performance and 10 represents excellent performance.

Below is the average for each of these metrics across the evaluation set, the metrics collected from
MARC were taken using the highest scoring submission rather than the final submission. We consider
this to be a valid experiment setup as this same strategy can be used at inference time in applications.

Framework Adherance Detail Consistency Correctness

Text2CAD 5.3 4.1 7.3 5.5
MARC 5 6 7 7

Note the difference in precision is due to an accidental flooring of the MARC scores.

5.3 Evaluating the Evaluation Agent

While validating the accuracy of the CAD generations is key to assessing the Design Agent, it is also
important for us to understand how well the signal the Eval Agent is providing to the Design Agent is
actually improving the generations.
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We will leverage deterministic quantitative metric that was also used by Text2CAD to measure the
reconstruction loss with the original CAD models provided by DeepCAD. The metric we chose is the
Chamfer Distance (CD).

The Chamfer Distance (CD). Chamfer Distance measures the similarity between two sets of points,
X and Y, by taking the sum of the distance between every point in X and its closest neighbor in Y and
vice versa. We iterate through our successful generations, for each generation prompt we construct
the point cloud from the step files that are a part of the DeepCAD and use this as our grand truth.

We will again rely on the Chamfer Distance. For all of our generations we iterate through all of
the valid submissions, for each submission that succeeded as part of the Design Agents iterative
refinement loop for that prompt, we calculate the CD. We take the average CD of all our examples at
each index in the submission loop and use this this to assess how the average CD changes at each
submission index.

The following graph shows this progress, as we can see there is continuous improvement up until
submission 5. After which, there is a decline.

Now we will also measure alignment between the LLM Judge scores and the Chamfer Distance.

Figure 2: CD over time

5.4 Real World Examples

In order to assess how well each framework generalizes to real world task examples that do not fall
under the category of the very specific geometric objects that are provided in the code base, we use
Gemini to construct 50 real world examples and we construct CAD models from them using both
frameworks. We used the full Text2CAD pipeline that provides the same prompt to the LLM to create
instructions for the Text2CAD transformer. Because we don’t have reference CADs to perform the
Chamfer Distance on, we will again rely on LLM as a Judge metrics.

6 Analysis

Generations for Text2CAD collapse to a simple cube for anything that does look very similar to
prompts in the DeepCAD codebase. The DeepCAD code base consists primary of very simplistic parts
such as screws and simple hexagons, and the model does not show signs of being able to compose
these parts using guidance from the LLM. Our Agentic Framework however proved successful at
constructing real world items such as a desk. While this is far from the kind of complexity that you
would expect from a expert CAD engineer, one of the main limitations appears to be deteriorating
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Figure 3: LLM Judge Scores over time

performance over longer context lengths. This is evidence by continuous average performance
increase over the first 6 attempts and then performance deterioration after.

- Adapting to make the the python library more intuitive

7 Conclusions

Despite not having any pretraining we were able to attain better performance than Text2CAD, however
our framework proves to be context and latency bound. Text2CAD however is more severely context
bound as it only supports up to 500 text tokens. Without standardized benchmarks, we can’t contend
to have a superior pipeline, however we have shown how LLMs can adapt to tasks that may appear
outside of their domain simply by adjusting the problem formulation. The fact that Claude was always
able to eventually correct its programming errors and come up with a valid construction using the
library that it only had seen one example of, is a testament to the benefits of test-time scaling. Going
forward, significant work will need to be done to improve evaluation mechanisms for Generative
CAD models.
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