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Abstract— Robot design is a complex and time-consuming
process that requires specialized human expertise. Gaining a
deeper understanding of robot design data can enable various
applications such as automated design generation, retrieving
example designs from the text prompt, or developing AI design
assistants. While recent advancements in foundation models
present promising approaches to addressing these challenges,
progress in this field is hindered by the lack of large-scale robot
design datasets. In this paper, we introduce RobotDesign1M, a
large-scale dataset with 1 million samples. Our dataset features
multimodal data collected from scientific literature, covering
various robotics domains. We propose a semi-automated data
collection pipeline, enabling efficient and diverse data acqui-
sition. To assess the effectiveness of our new RobotDesign1M
dataset, we conduct extensive experiments across multiple tasks,
including design image generation, visual question answering
about designs, and design image retrieval. The experimental
results demonstrate that RobotDesignlM can be used as a
challenging benchmark for several robot design understanding
tasks. Furthermore, the cross-dataset evaluations demonstrate
the ability of RobotDesignlM in improving model generaliza-
tion, proving its data quality.

I. INTRODUCTION

Foundation models such as ChatGPT trained on large-
scale datasets have demonstrated significant potential across
various robotics applications [1], [2]. Recently, several stud-
ies have explored the use of large foundation models to
support the robot design process, aiming to lower costs,
reduce human effort, and push beyond the limits of human
creativity [2]-[9]. Despite these advancements, the ability
of foundation models to deeply understand and contribute
to robot design remains largely underexplored. Designing
robots is a highly complex task that integrates knowledge
from multiple disciplines and involves a series of critical
steps, from functional requirements to physical implemen-
tation [3], [10]. Developing foundation models specifically
for robot design has the potential to transform the field
by leveraging intelligent, data-driven insights to enhance
creativity, efficiency, and performance. In practice, those
models can offer insightful feedback, suggest improvements,
streamline workflows, and drive innovation [11].

While foundation models are useful to support the robot
design process, the lack of large-scale robot design datasets is
a major problem [12], [13]. Efforts have been made to expand
datasets for other engineering domains to fuel modern deep
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Fig. 1. We introduce RobotDesign1M, a new large-scale dataset with 1M
samples covering various designs from different robotic disciplines.

learning models [14]-[16]. Most of these datasets are syn-
thesized by trying and testing generated parameters through
simulation [14], [17]. Other datasets [16], [18] provide
computer-aided design (CAD) to facilitate research in engi-
neering design generation. Recently, Ghezelbash et al. [15]
proposes a small-scale dataset comprising mechanical de-
signs and text descriptions. Unlike other generic engineering
domains, robot design involves not only the geometric prop-
erties of individual components but also their attributes and
interrelationships [19]. The absence of specialized large-scale
robotic design datasets limits the development of dedicated
foundation models tailored for robot design.

In practice, collecting a large-scale robot design dataset
is a non-trivial task and a time-consuming process. First,
collecting technical design data is challenging as robot
design involves highly specialized knowledge, and it cannot
be generated by existing generative models (e.g., text to
images) alone as in [30]. While datasets for robot design
do exist, they are often proprietary and restricted within
the industry, making them inaccessible at scale for the
community [17]. Second, collecting large-scale robot design
data requires an automated data collection pipeline and a
strategy to support the labeling process. In this work, we
address these two fundamental challenges. We first propose
collecting robot designs from published scientific literature.
These sources encompass a wide variety of technical designs
of different robotic domains, reflecting extensive research
efforts of the community over time. Then, we propose a data
creation pipeline with a semi-automated data filtering and
labeling process. In addition, we utilize a Large Language
Model (LLM) to automatically construct visual instruction-
following data, enhancing the utility of the curated data for
recent advancements in multi-modal learning [31]-[35].
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TABLE I
COMPARISON OF DESIGN DATASETS.

Dataset #Samples  Design Representation Domain Caption  Conversation Real Design  Public

Daele et al. [20] 5K Technical Drawing Generic (4

Khan et al. [21] 400 Technical Drawing Engineering v

ABC [22] M CAD Model Generic v (4
DeepCAD [23] 178K CAD Model Generic v v
Omni-CAD [16] 453K CAD Model Generic (%4 v v
CAD Fusion [24] 20K CAD Model Generic (%4 (4 (%4
Text2CAD [18] 170K CAD Model Generic v 4 v
Fusion 360 Gallery [25] 8K CAD Model Generic 4 v
SketchGraph [26] 15M CAD Sketch Generic v v
Khan et al. [27] 300 CAD Image Generic 4

LINKS [14] 100M Parameter Engineering v
Ghezelbash et al. [15] 9K CAD Image Engineering v v (4
Jayanti et al. [28] 867 CAD Model Engineering v v
Lee et al. [29] 715K CAD Model Engineering v
RobotDesign1M (ours) ~ 1M CAD Image Robotics v 4 4 (4

Technical Drawing

We introduce RobotDesign1lM, a large-scale dataset for
robot design with approximately 1 million (1M) samples.
In contrast to prior datasets [15], [18], [20], [22]-[24],
[36], our dataset consists of 2D drawings and images of
robot design and offers two key advantages: (i) it is a
dedicated dataset for robot design, covering various types
of robots and design aspects; (ii) it provides high-reliability
figures and text sourced from scientific documents. Fig. |
illustrates the robot design topics distribution of the collected
scientific documents, along with representative data sam-
ples from selected topics. We empirically demonstrate that
RobotDesign1M enhances the robot design understanding
of general-domain models across multiple tasks, including
visual question answering, text-image retrieval, and text-to-
design image generation. Our findings confirm that general-
domain models finetuned on RobotDesignlM outperform
those finetuned on other related datasets. In summary, our
contributions are as follows:

« We introduce RobotDesignlM, a large-scale dataset
dedicated to robot design with over 1M samples and
multimodal ground truth.

« We intensively benchmark several models on various
design-related tasks with RobotDesignlM, proving that
the quality and diversity of our dataset improve model
generalization and validate it as a challenging bench-
mark for robot design understanding.

II. RELATED WORK

Datasets for Robot Design. Robotics is inherently in-
terdisciplinary, integrating insights from several fields [37].
Consequently, a comprehensive robot design dataset must
draw from multiple domains [38]. We review existing robot-
related design datasets in Table I. Most current design
datasets [16], [18], [20], [22]-[27], [36], [39] predominantly
target generic objects. For example, ABC [22] is a large
collection of CAD models in B-rep format and has served
as a foundation for later datasets such as DeepCAD [23],
Omni-CAD [16], Text2CAD [18]. Although extensive and
diverse, these datasets only contain CAD models of generic

objects. In contrast, recent works have begun to address the
specific needs of mechanical engineering. Lee et al. [29]
introduce a large dataset of 3D CAD models featuring
mechanical parts. Ghezelbash et al. [15] propose a dataset
dedicated to mechanisms and gears. However, these datasets
remain confined to mechanical engineering, leaving a gap in
interdisciplinary robotic domains. Our RobotDesign1M fills
this gap by collecting large-scale data from multiple robotic
fields, for example, soft robots, bipedal robots, etc.

Robot Design Automation. Numerous approaches have
been studied for automating robot design process [3], such as
evolutionary algorithms [1], [5], reinforcement learning [6],
[40], and topology optimization [7]. Recently, generative
models have been leveraged for robot design automation [4],
[8], [9]. Wang et al. [4] introduce a framework that integrates
diffusion models with physics simulation for morphology co-
design. Song et al. [41] utilize an LLM within an evolu-
tionary design loop to generate soft robot designs. Stella et
al. [11] leverage LLM to discuss ideas and outline the
specifications for the robot design. Jadhav et al. [42] combine
LLM with the finite element method to assess and refine
design outcomes. These early studies of LLM applications in
robot design inspire our investigation into a potential research
direction: creating a large-scale dataset that benefits the fine-
tuning process for robot design. Distinct from existing robot
design datasets [1], [5], [9], which comprise parameter con-
figurations for specific robot designs, our RobotDesignIM
dataset includes textual descriptions, 2D drawings, and visual
instruction data to advance robot design understanding.

Multi-modal Learning. Recently, multi-modal learning
has been widely applied in several tasks [43], [44], owing
to the significant progress in learning [32], [34], [35], [45]
and the availability of multi-modal datasets [46], [47]. In
robot design, several multi-modal learning models are useful
when applied in the design process. Text-image retrieval
supports design knowledge acquisition, comparative analy-
sis of designs, and inspiration discovery [13], [48]. Visual
question answering assists engineers in analyzing design
choices, providing useful feedback [11], and offers students
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instruction-following data construction.

guidance in their curriculum [49]. In recognizing these useful
applications, we integrate LLM in our pipeline to construct
the data that supports multi-modal learning frameworks [35].

III. THE ROBOTDESIGN1M DATASET

Fig. 2 presents an overview of our dataset creation
pipeline. We first collect scientific works from the public
domain, followed by extracting images and text from these
documents. To ensure relevance, we apply a series of semi-
automated filtering processes to refine the extracted relevant
data. Finally, these images and texts are utilized to construct
an instruction-following dataset for further finetuning.

A. Data Acquisition

We collect scientific documents from multiple public do-
main sources, including Google Search, OpenAlex [50], and
open access of IEEE Xplore [51]. To systematically retrieve
robot design documents, we first compile a list of robotic
keywords extracted from IEEE Robotics & Automation Let-
ters [52]. This list is expanded using ChatGPT [53], which
generates semantically similar terms and conceptually related
keywords. After manual filtering, we finalize a set of 1K
keywords, which are then used to query our data sources.
Beyond robotics, we further collect scientific publications
from related domains, including mechanical engineering and
electrical engineering [37], [54], [55]. This data acquisition
process results in a corpus of more than 1M documents,
covering diverse publication types, including conference pro-
ceedings, journal articles, and dissertations.

For content extraction, we utilize PDFFigures [56] to
extract images, associated captions, and the full text from
the collected documents. This yields a total of 5SM image-
text pairs, where each image is linked to a caption and the
full text of its respective document.

B. Data Filtering

Irrelevant Data Filtering. The initial extraction includes
noisy image-text pairs that are not related to robot design,
such as charts, tables, and human-robot experiment images.
To filter irrelevant images while maintaining a scalable
and automated data collection pipeline, we train an image
classifier that is an ensemble model comprising pretrained
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Dataset creation pipeline. Our semi-automated dataset creation pipeline comprises three stages: raw data acquisition, data filtering, and visual

OpenCLIP [45] and pretrained EfficientNetV2 [57] as back-
bones. For the OpenCLIP model, we select the pretrained
checkpoints with the highest performance on the ImageNet
Sketch benchmark [58], as this benchmark has the most
similar visual concept to robot design schematics. To train
the classifier, we manually annotate 32,000 images, which
are a subset of the extracted data. The classifier achieves over
95% accuracy on our held-out test set before being used to
classify the full data. Despite a potential modest amount of
noise in our dataset, we demonstrate that its high quality still
greatly benefits downstream tasks in our experiments.

Deduplication. To remove duplicate samples, we use an
approximate k-Nearest-Neighbor (kNN) method as in [59].
Specifically, we compute the embeddings of images using
a pretrained OpenCLIP [45] and identify similar images
using approximate kNN, implemented by Faiss [60]. Many
robot designs are different despite the visual representations
being similar. To prevent the erroneous removal of distinct
designs, we first identify similar images using approximate
kNN. We then compare their associated text descriptions to
verify whether they represent the same design. Only samples
with both highly similar images and nearly identical textual
descriptions are removed. After completing the data filtering
process, the final dataset contains approximately 1M image-
text pairs relevant to robot design.

C. Visual Instruction-Following Data

Visual instruction-following data plays a crucial role in
finetuning multi-modal learning models [34], [61]. However,
such data remains scarce in the context of robot design,
hindering the development of domain-specific multimodal
models. To bridge this gap, we further leverage our curated
data to construct a dedicated visual instruction-following
dataset for robot design. In this data, each image is associated
with a single or multiple question-answer pairs between User
and Assistant, which interpret the visual content of the image.

Our visual instruction-following data construction process
is designed to enhance reliability while ensuring scalability.
First, we observe that several captions provide insufficient
descriptions for the images. To enrich the textual content,
we leverage an LLM to extract reference texts that are
sentences mentioning the image in its respective document.
To mitigate LLM hallucination [62], the extracted reference
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texts are validated by cross-checking them with the full text.
Since LLMs are less prone to hallucination when processing
short input [62], we prompt the LLM to generate question-
answer pairs based on the caption and validated reference
texts. We invite 5 robotic engineers to manually verify 100
generations before processing the remaining data. In the
implementation, we experiment with GPT-40 [53], LLaMa
3.3 70B [63], and Qwen2.5 72B [64] and choose LLaMa
3.3 70B as our primary LLM, owing to the balance between
affordability and the quality of generation. In addition, to
ensure the reference text is extracted accurately, we only
provide LLM with paragraphs that contain the image num-
ber. Fig. 4 illustrates an example of the caption, reference
text, and generated question-answer pairs. We show more
samples from our dataset in Fig. 5. Overall, we construct
approximately 1.3 million question-answer pairs associated
with the design images.

Caption: w|§| A cutaway view of the
finger, showing the tendon channel of the
proximal phalange.

Reference Text: |§|

The key advantage of this joint design over the previous one is that it allows for the

tendons to pass through the center of rotation of the joint, which will eliminate any
coupling effect between the consecutive MP joint and the PIP- DIP joints.

Visual-Instruction Following Data: ;‘ C:?

User: What is the primary advantage of the joint design shown in the figure, in terms
of tendon placement and joint rotation?

Assistant: The joint design allows for the tendons to pass through the center of
rotation of the joint.

User: How does the tendon placement in the figure affect the interaction between
consecutive joints?

Assistant: The tendon placement eliminates any coupling effect between the
consecutive MP joint and the PIP-DIP joints.

Fig. 4. Visual Instruction-Following Data. Caption and Reference Text
are extracted from the documents, while question-answer pairs are generated
using LLaMa 3.3 70B [63].

D. RobotDesignlM Statistics

Caption Length Distribution. RobotDesign1M contains
captions of varying lengths. Fig. 3(a) illustrates the distri-
bution of caption lengths in the training and test sets. The
average caption length across the dataset is 15.14 words.

Caption Vocabulary. To evaluate caption diversity, we
apply lemmatization [65] to map words to their base forms
based on context, resulting in a refined caption vocabulary.
Fig. 3(b) compares the vocabulary sizes of RobotDesign1M,
Ghezelbash et al. [15], and Text2CAD [18]. RobotDesignIM
contains 113K unique words, excluding stop words and
numbers. Our dataset vocabulary size is approximately 16-78
times higher than Ghezelbash [15] and Text2CAD [18].

#Occurrences

(b) Caption vocabulary.
Dataset Statistics. We provide statistics on (a) caption length, (b) caption vocabulary, and (c) image keywords.
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Visual Content Analysis. In addition to textual diver-
sity, we assess our dataset’s visual diversity by analyzing
the topics and keywords associated with each image. We
assign each image the primary topics and keywords from its
respective documents, as indexed by OpenAlex [50]. Fig. |
presents the distribution of robot design topics that contain
“robot” in their name and their description includes robot
design aspects. We shorten the topic names for ease of
presentation. The images in RobotDesign1M cover 1K topics
classified by OpenAlex [50]. While topics provide a higher-
level abstraction, we further examine image keywords to gain
a more granular understanding of content diversity. Fig. 3(c)
visualizes the distribution of image keywords. The images
in RobotDesignlM are associated with over 12K keywords
about robotics and related disciplines, covering a broad range
of topics, such as mechanical joints, ball bearings, etc.

E. How will RobotDesignIM be used in the community?

We anticipate several promising directions that can benefit
from our dataset. Two direct applications are:

e Robot Design Chatbot. Finetuning foundation models
on visual instruction-following data enables intelligent
interaction for robot design. The texts and images
in RobotDesignlM are sourced from scientific works,
ensuring accurate information for chatbot training.

o Cross-modal Design Search: Cross-modal design search
assists engineers and students in looking for design by
different modalities such as text and images, facilitating
design analogy and inspiration exploration [13], [48],
[66]. By providing captions and enriched, detailed texts
associated with each design, RobotDesignlM allows
training models that accept various types of queries,
e.g., design name, functionality, and appearance.

Furthermore, with its large-scale nature, our RobotDe-
signlM dataset can be utilized to develop high-quality data
filters [67], [68], robot design generation [2], [4], design
retrieval [13], [48], and scientific image captioning [69].

IV. EXPERIMENTS

To assess the utility of RobotDesignlM, we evaluate how
models trained on it perform in comparison with those on
related datasets on three robot design tasks: Visual question
answering on robot design data; Retrieving design images
from text; and Generating new designs from user prompts.



Q: How are the fly wheels attached
to the bicycle as illustrated in the
figure?

A: The fly wheels are connected by
a developed fly wheel cage.

Q: What components make up the
foot board design as shown in the
figure?

A: The foot board design includes
the forefoot and the hind paw.

Q: What is the purpose of the rods in
the figure?

A: The rods are lead screws, which can
extend and shorten, leading to the
posture change of the footplate.

Q: What mechanism is utilized in the
system to achieve easy handling and
positioning as shown in the figure?
A: The system uses a lock system to
achieve easy handling and
positioning.

Q: How are the twist angles of
opposite links related in the figure?

A: Opposite links have equal twist
angle.
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Q: What is the difference in length
between the leftwards and rightwards
pillars in the picking head?

A: The leftwards pillar is longer than
the rightwards pillar.

Q: How many degrees of freedom
does each robot arm have as
illustrated in the figure?

A: Each arm has 4-DOF.
Fig. 5.
A. Visual Question Answering in Robot Design

Setup. In the visual question answering (VQA) task, a
model is provided with an image and a textual question
and is expected to generate a correct answer. To compre-
hensively assess the model’s understanding of robot design,
we construct open-ended question-answer pairs. We use
common text generation evaluation metrics [70], specifically
BLEU [71], METEOR [72], and L3Score [73]. For L3Score,
we use GPT-40 as the evaluator as in [73].

Implementation. We finetune two pretrained LLM mod-
els: LlaVa-1.5 [74] and Qwen2-VL [75] on three datasets:
RobotDesign1M, Text2CAD [18], and Ghezelbash et al. [15]
(Ghezelbash). While Text2CAD and Ghezelbash are not
specifically designed for robot design, they are the most
comparable datasets, as their publicly available data modal-
ities align closely with ours, and their domains focus on
engineering design, which shares more similarities with robot
design. For Text2CAD, we construct image-text pairs by
utilizing multi-view images along with their corresponding
generated textual descriptions [18]. Since both Text2CAD
and Ghezelbash datasets include only image-text pairs, we
adapt our pipeline to construct visual instruction-following
data for a fair comparison. All models are trained on 4
NVIDIA A100-80GB GPUs until convergence.

TABLE II
OPEN-ENDED VISUAL QUESTION ANSWERING RESULTS

RobotDesign1M (Ours) Text2CAD [18] Ghezelbash [15]

Models FT? Bt Mt Lt Bt Mt Lt Bt Mt Lt
GPT-40 No 251 2083 030 312 774 030 532 1152 038
LlaVa-1.5 [61] No 082 463 0.12 306 669 027 190 722 020
Qwen2-VL [34] No 061 623 0.13 163 708 030 132 683 027

LlaVa-1.5 [61] Yes 0.83 980 0.18 6.75 32.64 094 354 1790 048
Qwen2-VL [34] Yes 1.32 1233 0.31 694 32.64 094 362 1850 0.52

VQA Results. Table II presents the BLEU (B), METEOR
(M), and L3Score (L) of the finetuned (FT) models, along
with the performance of original pretrained models (without

Q: What type of fastener is used in
the target design to reduce assembly
complexity?

A: A rotationally activated tensile
fastener is used.

Samples for VQA task from RobotDesign1M.

Q: What type of mechanisms are used
to design the gripper of the snake-like
robot as shown in the figure?

Q: What type of components are
mounted on the base along with the
motors in the figure?

A: The figure shows gearboxes mounted ~ A: The gripper is designed using two
on the base along with the motors. parallel four-bar mechanisms.

finetuning) and GPT-40 as reference points. The results
reveal two key observations. First, general LLMs without
finetuning perform poorly across three datasets, highlight-
ing a significant gap in their applicability to engineering
and robotic design. While finetuning on domain-specific
datasets improves performance, there remains considerable
room for further enhancement. Second, Table II shows that
our RobotDesignlM dataset is a challenging benchmark as
models finetuned on our dataset achieve lower accuracy in
all metrics, compared to those trained on other datasets.
The low accuracy performance of all models in Table II
also indicates that the current methods do not handle well
the challenging cases in our dataset. However, we note that
models trained on RobotDesignlM are neither overfitting to
the training set nor suffering from dataset noise, as evidenced
by their superior performance compared to models trained on
other datasets in the cross-dataset evaluation (Table III).

TABLE III
CROSS-DATASET VQA GENERALIZATION RESULTS

w Text2CAD [18] Ghezelbash [15] RobotDesign1M (Ours)
Train Bt Mt Lt Bt M Lt Bt Mt Lt

Text2CAD [18] 6.94 32.64 0.94 132 884 0.2 044 650  0.09

Ghezelbash [15] 2.63 1593 034 3.62 18.50 0.52 084 993 019

RobotDesignIM (Ours) 3.03 1742 047 212 1293 033 132 1233 031

Cross-dataset VQA Generalization. Table III presents
the results of finetuning LLMs on a dataset (row) and testing
on another dataset (column). For example, the pretrained
Qwen2-VL model finetuned on Text2CAD achieves a BLEU
score of 0.013 when tested on Ghezelbash. We highlight
the best metrics in cross-dataset evaluations in bold and
mark in-dataset results with underlines. RobotDesignlM
leads to an improvement of ~ 15-62% compared to other
datasets in the cross-dataset setting. This proves the quality of
data in RobotDesignIM in promoting model generalization.
Fig. 6 provides two qualitative examples from the RobotDe-
signlM test set. In these examples, models finetuned on the



Text2CAD and Ghezelbash datasets fail to correctly answer
the questions for the given images.

User: What type of joints are used in the 3-UU system as
shown in the figure?

Text2CAD: The 3-UU system has four cylindrical joints.
Ghezelbash: The 3-UU system uses only revolution joints.
| Ours: The 3-UU system uses universal joints.

User: What is the actuation type of the robotic mechanism
shown in the figure?

" Text2CAD: The mechanical device is articulated with two
intersecting cylindrical joints.
Ghezelbash: The actuation type is hydraulic.
Ours: The robotic mechanism is redundantly actuated.

Fig. 6. Qualitative VQA Results on Test set. Answers of Qwen2-VL
finetuned on Text2CAD [18], Ghezelbash [15], and our RobotDesign1M.
Correct answers are highlighted in green, while incorrect ones are in red.

B. Retrieving Design Images from Text

Setup. In text-image retrieval for robot design tasks, a
model receives a text query and is tasked with retrieving
robot design images that best match the query. We use
Recall@k (R@k) [76] as the evaluation metric, which mea-
sures the proportion of ground-truth instances that appear
within the top k retrieved results across all test cases. We
report results for k values of 1, 5, and 10.

Implementation. We finetune a state-of-the-art multi-
modal encoder BLIP-2 [32] on three datasets: RobotDe-
signlM, Text2CAD [18], and Ghezelbash [15]. We leverage
the image-caption pairs from the selected datasets as training
and test data. In this setting, each text query corresponds to
a single ground-truth image. All models are trained on 4
NVIDIA A100-80GB GPUs until convergence.

TABLE IV
TEXT-IMAGE RETRIEVAL RESULTS
N Text2CAD [18] Ghezelbash [15] RobotDesign1IM (Ours)
R@It R@51 R@107 R@It R@5T R@10t R@IT R@5T R@10T
Text2CAD [18] 16.21 40.92 5345 6.44 14.00 19.89 536 10.10 1298

Ghezelbash [15] 1.01 5.04 874 22.11 4944 63.00 478  9.86 13.20
RobotDesignIM (Ours) 1.68 630  9.33 8.77 2111 29.22 129 2746 36.28

Retrieval Results. Table IV presents the finetuning results
of the BLIP-2 model on one dataset (rows) and evaluating it
on another dataset (columns). Results suggest that RobotDe-
signlM is a challenging benchmark, as models finetuned on
it achieve lower performance in all metrics, yet generalize
better in cross-dataset testing, compared to those trained on
other datasets. Fig. 7 shows top-1 retrieval results for queries
from three test sets. The qualitative results show that the
model finetuned on RobotDesignlM performs well across
various design types, including CAD images and drawings.

C. Text-To-Design Image Generation

Setup. In this task, a model takes a textual description
of the robot design as input and generates a corresponding
design image. We use the FID [77] metric, a widely used
metric for evaluating text-to-image generation quality [78].
FID is used to measure the distance between two distribu-
tions of generated images and the source distribution of the
ground-truth data. The lower FID is better.

Ours  Text2CAD  Ghezelbash
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Fig. 7.  Top-1 Text-Image Retrieval Results. The top-1 retrieval re-
sults of models finetuned on three datasets (columns) on three test sets:
Text2CAD [18] (top), Ghezelbash [15] (middle), and RobotDesignlM
(bottom). Correct samples are in green, and incorrect ones are in red boxes.

Implementation. We finetune a pretrained state-of-the-art
image generation model, Stable Diffusion XL [79] on image-
caption pairs of RobotDesignlM. We train the model on a
server with 4 NVIDIA A100-80GB for 6 days with a batch
size of 4 and a gradient accumulation of 8.

Generation Results. We report generation results in Ta-
ble V. The results show that the model finetuned on Robot-
DesignlM significantly optimizes the FID metric. Fig. 8
presents images generated by GPT-4o, a pretrained Stable
Diffusion XL model, and the finetuned model on our Robot-
Design1M. The finetuned model produces more realistic im-
ages, while those generated from GPT-40 and the pretrained
Stable Diffusion XL focus more on aesthetics.

TABLE V
TEXT-TO-IMAGE GENERATION RESULTS

Model Finetuned on RobotDesign1M? FID |
Stable Diffusion XL [79] No 45.83
Stable Diffusion XL [79] Yes 39.42

User Study Results. We conducted a user study with
12 robotics engineers and 1,200 evaluations on robot de-
signs generated by GPT-4o, Stable Diffusion XL with and
without finetuning on RobotDesign1M. Participants rated
each generated image on a 5-point Likert scale based on its
alignment with the input text. Fig. 9 presents the results. The
model finetuned on RobotDesign1M received higher ratings
compared to both the original pretrained model and GPT-4o.

D. Discussion

Through the experiments, we demonstrate the effective-
ness of our RobotDesignlM in supporting robot design
tasks. The diversity of our dataset across various robotic do-
mains enhances the generalization capabilities of multimodal
LLMs, as evidenced by its superior performance compared
to other datasets in cross-dataset test settings (Table III and
Table 1V). While our dataset improves multimodal LLMs in
the robotic domain (Table II and Table V), their suboptimal
performance highlights the need for further advancements in
model architectures to better capture the underlying patterns
in robot design data.

Limitations. Although RobotDesign1M shows promising
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Fig. 8. Qualitative Results. Images generated from the same prompts
(column) by GPT-40 (top), the original Stable Diffusion XL (middle), and
a finetuned version on RobotDesign1M (bottom). The model finetuned on
our dataset produces more realistic design images.
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Fig. 9. User Study Results. Users voted on the design images generated
by Stable Diffusion XL [79] with and without finetuning on our dataset.

results, there are limitations necessitating further studies.
There is a trade-off between reliability and the richness of
textual descriptions. In our dataset, we prioritize reliability
and only provide the LLMs with short paragraphs explic-
itly referring to the images, thereby mitigating hallucina-
tions [62]. However, this approach inadvertently excludes
relevant text that implicitly describes the images. Developing
methods to address hallucinations while increasing the rich-
ness of extracted texts would enhance the dataset’s utility.
In the future, incorporating additional modalities such as
parametric designs, CAD models, or converting 2D images
into 3D representations [47], [80] would provide a more
comprehensive understanding of robot design, increasing the
usefulness of our dataset.

V. CONCLUSIONS

We introduce RobotDesign1M, a new large-scale dataset
for robot design understanding. Our dataset with 1M samples
is constructed by a semi-automated data creation pipeline.
RobotDesign1M possesses two unique attributes, which are
its diversity over a broad range of robotic domains and its
high reliability, owing to its data collection sources. The in-
tensive experiments show the usefulness of RobotDesign1M
as foundation models gain consistent improvements on robot
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