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Fig. 1. Progression of shape beautification with our Aesthetic3D work. Given an input shape (a) or (b),
Aesthetic3D can compute aesthetic scores for them at real-time speed, and provide a suite of aesthetics-driven
editing tools (see example tools under each arrow), letting users effectively adjust 3D shapes based on the
computed scores until the desired aesthetic effects are achieved.

3D Aesthetics is significant in digital design, shaping how users experience real-time 3D content in games,
VR, and product design. However, creating aesthetically pleasing shapes remains challenging due to diverse
subjective standards and the lack of tools that support aesthetics-driven editing. Users often rely on intuition
without explicit guidance on visual appeal, making aesthetics refinement slow, inconsistent, and cognitively
demanding, particularly in fast-paced, iterative workflows. To address this challenge, we conducted in-depth
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interviews with design experts to identify challenges in aesthetics-oriented modeling workflows. Based on
the findings, we developed Aesthetic3D, a 3D modeling interface that provides real-time aesthetics scores
learned from human perceptual data. Furthermore, Aesthetic3D seamlessly integrates the learned aesthetics
measures into intuitive editing operations, enabling aesthetics-driven exploration and refinement of shape
geometry. We evaluated Aesthetic3D through an ablation study, an open-ended study, and three generalization
evaluations. Comprehensive experiments show that with Aesthetic3D, users can easily and effectively enhance
the aesthetics appeal of 3D shapes.

CCS Concepts: • Computing methodologies → Shape modeling; Perception; • Human-centered com-
puting→ Graphical user interfaces.

Additional Key Words and Phrases: 3D Shape Beautification, Aesthetics Guidance, Neural Aesthetics Measure,
3D Modeling Interface
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1 Introduction
Aesthetics plays a pivotal role in how people perceive, evaluate, and engage with digital 3D content
across industrial design [6, 7, 13], animation [33, 59], and digital art [47, 56, 57]. In these fields, users
strive to create models that are not only functionally effective but also visually pleasing. Unlike
tangible characteristics such as geometry, topology, or texture, which are quantifiable and well-
supported by established 3D modeling tools such as Autodesk Maya [1], Cinema 4D [34], ZBrush
[35], etc., characterizing shape aesthetics during the 3Dmodeling process remains largely subjective
and under-supported. To the best of our knowledge, no existing tools provide the explicit guidance
or feedback on the visual appeal of the objects that are being modeled during the interactive 3D
modeling process. Therefore, designers have to rely heavily on intuition, experience, and iterative
trial-and-error when refining 3D shapes to make them aesthetic. This hinders fast-paced creative
workflows that demand rapid iteration and decision-making.

Recent advances in computational aesthetic measurement [12, 13, 17] offer promising opportu-
nities to bridge this gap. Currently, most algorithms are designed for the aesthetic beautification
of 2D images [16, 22, 53, 60], such as layout optimization [53] and photo retouching [60]. For 3D
shapes, prior works [4, 38, 42–44] build relationships between aesthetics properties suggested by art
and philosophy with manually-defined geometric features (e.g., curvature, symmetry, proportion)
or mathematical criteria (e.g., bending energy, minimum variation surface). However, manually-
defined features are difficult to generalize across different shape styles and user preferences. More
recent techniques [12, 13, 17] leverage data-driven approaches to learn the user preferences of
shape aesthetics directly from shape aesthetics datasets. However, prior approaches lack methods
for guiding users about how their design choices affect the perceived aesthetics of the 3D shape
that is being modeled.
In order to investigate the key challenges and underlying needs in the design workflows of

aesthetics-oriented 3D modeling scenarios, we conduct a formative study by interviewing expert
designers experienced in interior design and furniture design. Based on the interview findings, we
summarize their motivations, methods, difficulties in designing and editing 3D shapes, and their
expectations for an ideal shape beautification tool. We then formulate four design considerations
for such an ideal system (Figure 1): (i) the use of aesthetics measures during the 3D modeling process,
(ii) aesthetics-oriented 3D editing in a coarse-to-fine manner, (iii) iterative re-scoring and re-designing,
(iv) interactive scoring-and-editing at real-time speed.
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Based on the design considerations, we present Aesthetic3D, an interactive 3D modeling interface
with aesthetics scoring guidance, enabling users to iteratively refine shapes by providing continuous,
real-time feedback on the aesthetic quality of their designed shapes. Aesthetic3D consists of two key
components: (1) a real-time perceptual aesthetics scoring module and (2) a suite of aesthetics-guided
editing tools. The former is learned from the human-annotated aesthetics ratings and computes
a real-time aesthetics score for a given shape. The latter are designed in a coarse-to-fine scale
(based on the editing effects on 3D shapes) that mimics common designers’ workflows. This allows
Aesthetic3D to help users obtain immediate visual and quantitative feedback on the shape aesthetics
during the modeling process, making it easier for users to create more complex shapes.

To evaluate Aesthetic3D, we conduct an ablation study, an open-ended study, and three general-
ization evaluations among both experts in art and design and novice users. From the analysis of
their modeling processes, the comparisons of their diverse beautified results, and discussions with
them, we find that Aesthetic3D is an easy-to-use and efficient modeling tool that can help users
create aesthetic 3D shapes with highly useful guidance.

In summary, the main contributions of our work can be summarized as follows:

• We identify the challenges and needs of users in aesthetics-oriented 3D modeling from
in-depth expert interviews, and use these findings to guide the design of our system.

• We introduce an intuitive aesthetics-guided 3D shape editing approach that allows users to
beautify 3D shapes with their aesthetics scores computed and displayed interactively.

• We incorporate the 3D shape aesthetics measures into 3D modeling interfaces, and present a
suite of 3D shape editing tools in a coarse-to-fine scale to facilitate the modeling of aesthetic
3D shapes.

• We validate the usability and effectiveness of the interface through user studies, and show
diverse and aesthetic 3D models created with the system.

2 Related Work
2.1 Computational Aesthetic Measures
While aesthetics is a highly abstract and theoretical concept in philosophy and art, researchers
in computer graphics and vision endeavour to investigate computational metrics for the explicit
evaluation of aesthetics. In the literature, existing works in computational aesthetic measures can
be broadly categorized into two branches: image-based [5, 27, 45] and shape-based [17, 38].
For 2D images, early studies [15, 26, 39] relied on handcrafted features describing visual and

compositional attributes to explicitly model well-established photographic rules. More recent works
[27, 36, 54] focused on end-to-end learning of aesthetics, facilitated by advances of neural networks
and the growth of large-scale annotated image datasets. However, supervised by the aforementioned
aesthetic metrics or aesthetics-revealing features, 2D image beautification remains confined to color
enhancement [2, 16, 53], composition adjustment [20, 22, 28], and aesthetic image generation [7],
thus are inadequate for 3D shapes involving complex geometry editing and structure manipulation.

In the 3D domain, early works [42, 43] explored the relationships between aesthetic characteristics
and linguistic or parametric design variables in 3D designs via empirical investigations. Following
this, mathematical models [4, 38] for 3D aesthetic design were introduced, extending 2D aesthetic
criteria to 3D geometric features [4] or formulating aesthetic curves and surfaces with well-
defined splines [38]. More recently, Dev and Lau [17] proposed a cross-category end-to-end 3D
geometry aesthetics assessment trained on their curated shape aesthetic dataset. Using the same
dataset, a subsequent work [12] proposed a patch-based learning framework to further predict both
global aesthetic scores and local aesthetic maps for 3D shapes. Other efforts explored aesthetic
enhancement for specific contexts, such as 3D layouts [52], 3D sketch strokes [32], etc., by predefined
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geometric and spatial constraints related to symmetry, angles, proportions, and alignment. However,
such task-specific aesthetic measures do not generalize well to broader 3D modeling scenarios.
The most relevant work to ours is [13], where Chen and Lau proposed a reference-guided

approach to deform an unattractive input shape into its more beautiful reference shape retrieved
from the dataset. However, the lengthy optimization time of tens of minutes and the reference-
guided approach are limited by dataset size. Furthermore, it struggles when the input and reference
differ significantly, hindering the practical usage of their method. Aesthetic3D fills this gap by (1)
integrating 3D shape aesthetic measures into interactive design that supports real-time response,
and (2) replacing the reference-guided approach with a more direct aesthetic score–guided way.

2.2 Aesthetics-oriented 3D Modeling Interfaces
Aesthetic considerations, such as symmetry, curvature, balance, and proportion, span the entire
lifecycle of design, but most commercial modeling systems, such as Autodesk Maya [1], Cinema
4D [34], etc., offer little to no support for evaluating or enhancing a shape’s visual appeal.

Existing works [11, 25, 51, 55] for aesthetics typically tackle this challenge indirectly, falling
into two general categories: either by employing style transfer techniques [24, 55] or by retrieving
parts and shapes from aesthetically pleasing examples [11, 25]. Following this, various data-driven
modeling frameworks [13, 40, 51] have incorporated examples of high-quality shapes to guide
synthesis or recombination. However, these methods are generally offline and lack interactive
feedback, thus cannot inform users about aesthetic quality in real time. Our work takes a further
step in advancing this line of research by introducing Aesthetic3D, the first interactive 3D modeling
system (to our knowledge) that couples learned aesthetic measures with real-time visual feedback.

2.3 3D Shape Editing
The advancement of 3D shape editing techniques [14, 30, 37, 58] has significantly expanded the
computational expressiveness and interaction paradigms of aesthetic-enhancement systems. De-
pending on the employed shape representations, existing research can be broadly divided into
two major classes: implicit-representation editing [37, 41, 58], which offers topological flexibility
and smooth continuity, and explicit geometric editing [14, 30], which provides direct control over
surface structure and fine-grained geometry. Note that a comprehensive review of shape generation
and shape editing methods is beyond the scope of this work.

Implicit representations such as DeepSDF [41], Occupancy Networks [37], and Neural Radiance
Fields [58] underpin differentiable editing frameworks. For example, leveraging continuity and
topological flexibility of these fields, methods like NeRF-Editing [58] and Instruct-NeRF2NeRF
[21] enable controlled modification of appearance and geometry through conditional pose-level or
language-guided, semantics-level editing. However, lacking fine-grained geometric controllability
and real-time response, this line of methods is less suited for our interactive aesthetic enhancement.

Explicit geometric editing methods [14, 30] operate directly on meshes, point clouds, and polygo-
nal surfaces, enabling fine-grained shape manipulation across multiple scales. For example, GenPara
[14] supports high-fidelity structural editing via multi-granularity selection of local point sets
or fragments, while MeshDiffusion [30] and its variants exploit the tetrahedral parametric way.
Compared with implicit approaches, explicit approaches offer stronger local controllability and
better interpretability, aligning well with interactive design needs. Our system also builds on explicit
representations and corresponding editing operations to support direct, real-time, and interactive
shape editing with aesthetic guidance.
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3 Formative Study
To better understand aesthetics-oriented design workflows in practical 3D modeling scenarios and
to identify the challenges involved, we conducted an in-depth semi-structured interview study.

3.1 Interviewees
We recruited five interviewees through our personal and research networks. The interviewees
consisted of 5 design experts (E1-E5, 5 males): 1 interior designer (E1), 3 furniture designers (E2,
E3, E4), and 1 3D modeler (E5). They had 5-20 years (mean: 11 years, SD: 4.90 years) experience in
furniture design, scene modeling or interior decoration. They worked closely with design studios
to provide user-customized and aesthetically pleasing products, tailored proposals, and services
(e.g., aesthetics trend forecasting, brand aesthetic positioning, and brand aesthetic heritage).

3.2 Interview Protocol
We conducted interviews remotely via Zoom video/audio conferencing tool. After collecting their
background information, we asked them about their 3D modeling tools for design and workflows,
common challenges and problems during 3D shape aesthetics editing, and expected features of a
novel tool. They were allowed to freely talk about their experiences and opinions during a 30-40
minute interview. Please refer to the supplementary materials for the detailed interview questions.

3.3 Data Analysis
We used an open coding method [9, 10] to collect and analyze the interview data. Two authors
conducted the coding process. We discussed all the codes among the co-authors to identify emerging
themes, which were then grouped into two themes (Sections 3.4.1 and 3.4.2). Within the second
theme, we further sub-categorized the codes into several sub-themes. We sorted these sub-themes
by mentioned frequency and distilled five main issues (I1-I5), summarized as follows.

3.4 Findings
3.4.1 Conventional design workflow and methods. All participants typically design 3D shapes in a
coarse-to-fine manner. They typically first blocked out a rough convex hull for a target shape using
simple primitives (e.g., cubes or spheres) and then refine local details towards the desired form,
with their years of design experience. To produce qualified 3D shapes, they relied on professional
software (e.g., Autodesk Maya, 3ds Max, Cinema 4D, etc.) to create 3D shapes and effects in the
modeling stage (E1, E2, E3, and E5) for design workflows and scenarios (E2, E3, and E4). Becoming
a competent industry designer, typically required new starters to review and analyze large number
of online product samples diverse aesthetic styles (E3 and E4). They aimed to communicate and
evaluate designed ideas by rapidly modeling 3D products regarding the aesthetic appeal (E1-E5).

3.4.2 Common Difficulties and Expectations. I1: shape aesthetic measures. All participants
emphasized that measuring shape aesthetics is an essential dimension for product design. However,
their individual aesthetic judgment can be difficult to persuade other cooperators, leaders, or
customers, thus hampering effective communication and evaluation of design ideas. E3 mentioned
that “disagreements on aesthetics arise frequently (also reported by E1, E2, E4 and E5) and are often
resolved only by repeatedly revisiting higher design concepts or original goals to reach consensus”. This
further incurs higher time costs and additional workload.
All participants reported a broad consensus on aesthetic aspects of shape, such as the golden

ratio and overall harmony. E4 described a distinction between hard and soft aesthetic standards:
“hard standards are rule-based (e.g., curvature magnitudes) and precisely computable, whereas soft
standards are perception-based and can be coarsely estimated by ranges or thresholds.” According to
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E4, hard standards: 1) are often partially defined, 2) may conflict with others (e.g., symmetry vs.
vitality sense), 3) may be optimal in one design context but undesired in another. While historically
soft standards such as the golden ratio (mentioned by E1–E3, E5) can become widely accepted
and eventually solidify into hard standards through broad adoption. E1 and E4 further pointed out
that “establishing new soft aesthetic standards is expensive, since it typically requires extensive expert
involvement for rating and labeling”. Despite this cost, all participants preferred soft standards
because they are more widely defined and better aligned with common human perception.

I2: coarse-to-fine workflow. All participants reported using a coarse-to-fine design manner in
their modeling workflows but found it inconvenient to perform coarse and fine-grained edits when
it required frequently switching between different software. E2 mentioned “3ds Max works well on
global shaping but is unfriendly for refining curved local regions. Therefore, I need to switch to Maya for
local design and then back again, which is cumbersome and tedious.” It resonates with E5’s comments
“it is important to have a platform integrated coarse-to-fine editing tools for aesthetics-oriented 3D
modeling. It would allow faster prototyping and help me focus more on ideations and creations”.

I3: freeform aesthetics-driven editing tools. All participants mentioned that mainstream 3D
software rarely provides aesthetics-oriented editing functions or tools. This confirms the challenges
identified in the previous works, i.e., “while the aesthetics of images has been extensively researched
to date, work in 3D shape aesthetics is very limited” in [17]. E1, E3, E4, and E5 reported that “it’s
challenging for traditional 3D software to perform creative 3D modeling or shape beautification because
everything is quantified by parameters, unfriendly for freeform modification, fast embodiment, or
smooth beautification”. All participants advocated for more non-parametric and intuitive editing
capabilities to better support aesthetics-relevant 3D modeling in a novel tool.
I4: re-scoring and re-design. Participants E1 and E5 mentioned that aesthetics-oriented 3D

modeling was supposed to be both reversible and traceable. E1 further emphasized that “beautifica-
tion should not be a destruction process, we need to preserve the prior designed versions in case designers
go back to the earlier state”. In this case, designers tend to restore the original shape and withdraw
the operations. Without considering this, the whole process will become more time-consuming.

I5: real-time feedback. For a system supporting aesthetics-guidance 3D modeling, the partic-
ipants believed that aesthetic guidance (scores) should respond to the user’s edits as quickly as
possible. E1 and E5 emphasized that “real-time feedback is also a very important aspect for designers
in the 3D modeling process”. Although the real-time issue was not emphasized by all participants,
we treat it as a necessary design choice and a default goal in our system.

According to these findings, we have four important design considerations for our Aesthetic3D:
DC1: incorporate common 3D shape aesthetic measures into modeling process.
DC2: support coarse-to-fine level aesthetics-oriented 3D editing.
DC3: support iterative re-score and re-design of 3D shapes easily.
DC4: support interactive scoring-and-editing at real-time speed.

4 System Design
Considering flexibility, compatibility, and ease of development for a freelance 3D system, we deploy
Aesthetic3D on a Microsoft Surface with a stylus pen (Figure 3), built on the Blender framework. In
the following, we introduce modeling walk-through (Section 4.1) and key components (Section 4.2).

4.1 Modeling Walk-through
Under the interactive mechanism, the usage of Aesthetic3D for 3D shape beautification can be
divided into four primary steps: (1) object import and aesthetics scoring, (2) shape editing with
tools, (3) aesthetics re-scoring and re-editing, and (4) iterative refinement (Figure 2 (a-d)).
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Fig. 2. Modeling walk-through of Aesthetic3D (a-d) and current design (e-f). During modeling (a), aesthetic
scoring module (b) and aesthetics-driven editing tools (c), make aesthetic enhancement perceptible, measur-
able, editable, and iterative (d). The user (e) can easily adjust the aesthetic appeal of a 3D object by scaling
the table surface with a stylus pen on our UI. (f) shows the screenshot of a designed shape in editing mode.

Aesthetics Score: 0.056
a

bb

bc

d

Fig. 3. Our Graphical Interface, presents four key elements: (a) computed aesthetic score of the current 3D
shape, (b) being edited regions (yellow color), (c) a list of aesthetics-driven editing tools, and (d) a panel of
three sliders for fine-grained control of editing effects, e.g., adjust the effective region size via “Radius” slider.

Step 1: object import and aesthetics scoring.When importing a 3D shape, it is first placed
at the center of the interface. Building upon the Blender framework, our interface also supports
two modes: object and edit modes. In object mode, user can view and manipulate the 3D object as
a whole, while edit mode parses the 3D object into a mesh of triangular faces, allowing directly
adjusting vertices, edges, or faces. Users can switch between two modes by pressing "Tab". In object
mode, the initial aesthetics score can be manually triggered by pressing ("Ctrl" + "Alt" + "R").

Step 2: shape editing with tools. After obtaining the initial aesthetic score of the imported 3D
shape, users can freely manipulate global proportions, surface characteristics, or local geometry
with our aesthetics-driven editing tools. For example, given the input shape (Figure 2 (a)), the user
first replaces the original tabletop with a more round one by the "part transplant" tool, and then
refines local geometry, such as the thickness and length of the table legs, by applying the "thickness
adjustment" tool to leg regions and the "vertex dragging" tool to selected vertices, respectively.
Step 3: aesthetic re-scoring and re-editing. Throughout the 3D beautification process, our

Aesthetic3D system displays real-time aesthetic scores on top of the interface. When users wish to
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Fig. 4. Aesthetics-driven editing tools in Aesthetic3D support the following operations: (a) surface convexity
and concavity adjustment, (b) region thickness adjustment, (c) region moving, (d-e) face subdivision or merge,
(f) planar uniform scaling, (g) vertex dragging, (h) line dragging, (i) face dragging, and (j) part transplant.

explore alternative design directions or more complex aesthetic effects (see intermediate shapes in
Figure 2), they can manually trigger scoring by pressing ("Ctrl" + "Alt" + "R") after completing an
operation or automatically trigger real-time scoring by switching from edit mode to object mode.
By comparing the scores before and after each edit, users can clearly measure the impact of their
modifications and make informed design decisions.

Step 4: iterative refinement. Our system supports iterative refinements: if the aesthetic score
increases after an edit, the user is encouraged to continue and optimize in that direction; otherwise,
the user can undo the change and explore alternative strategies. Through repeated iterations,
the edited 3D shape progressively converges toward the one that better fulfills the user’s design
intention with a higher aesthetic score.

4.2 Key Components
Based on the design considerations distilled from the interviews, we design two key components
of Aesthetic3D: an aesthetic scoring module and a suite of aesthetics-driven editing tools.

Aesthetic scoring module. Our system enables users to explicitly measure the aesthetic score
of a 3D object being designed (Figure 3 (a, b)), making the impact of editing operations on shape
aesthetics observable throughout the modeling process (DC1). Once activated, this module runs in
the background and updates the score when a new 3D shape is imported or an editing is completed.
To support real-time aesthetic scoring (DC4), our system: (1) renders a 3D shape into 12 multi-

view images (uniformly sampled every 30 degrees in azimuth); (2) leverages EGL (Embedded
Graphics Library) API to accelerate rendering time speed from around 1∼2 seconds to under 0.2
seconds; (3) feeds these multi-view images into a lightweight neural network that serves as the
core neural aesthetic measure. Note that all the aforementioned functions run in the background.
We elaborate our underlying neural aesthetic model in Section 5.

Aesthetics-driven editing tools. To support iterative, aesthetics-oriented scoring and designing
of 3D shapes (DC3), our system further provides a suite of aesthetic editing tools (Figure 3 (c)) that
allow users to repeatedly adjust their design until the desired aesthetic effect is achieved.
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We summarize prior works [12, 13, 42, 43] and designers’ suggestions (Section 3), and define 9
types of commonly-used aesthetics-driven editing tools (Figure 4), organized in a coarse-to-fine
hierarchy (DC2). The Blender framework provides fundamental 3D editing functions such as vertex,
line, and face operations, which partially reduces our coding burdens and allows us to focus more
on the rest editing tools.

Detailed descriptions of these aesthetics-driven tools are provided in the supplementary materials.
Our editing tools are structured hierarchically, ranging from global manipulations that alter the
overall form to local refinements at the surface, line, and vertex levels. To enable more fine-grained
user control, our system further provides interactive sliders (Figure 3 (d)). For example, users can
easily adjust the affected region size and editing intensity by “Radius” and “Strength” sliders.

5 Neural Aesthetic Measure
In this section, we introduce the underlying algorithm of Aesthetic3D (scoring module), i.e., neural
aesthetic model, from two aspects: data collection (Section 5.1) and learning strategy (Section 5.2).

5.1 Human Perceptual Aesthetic Data Collection
Inspired by prior works [12, 13, 17], we develop our aesthetic measure in a data-driven manner
(Figure 2 (b)). However, collecting a large dataset of human-perceptual aesthetic annotations from
design experts is challenging and costly. To mitigate the cost issue and enhance the generality of our
learned aesthetic measures: (1) we first curate a subset of 3D shapes from ShapeNet [8], focusing
on four representative categories: chairs, lamps, mugs, and tables; and (2) we invite both experts (3
artists) and ordinary people (13 graduate students in computer science) from our university to label
shape data. We manually filtered out shapes with flaws (e.g., missing faces) in each category to
ensure data quality. To further enrich the dataset diversity, we removed repeated or similar shapes
from the filtered subset. Our final dataset comprises 277 chairs, 88 lamps, 74 mugs, and 40 tables.

- 0.388 0.442 0.508 0.526 0.284 0.333 0.850 0.891

- 0.091 - 0.115 0.439 0.598 0.223 0.262 0.551 0.707

Fig. 5. Representative human perceptual aesthetic data in our dataset. We show the collected shapes and the
average rating for each shape.

To collect human-perceptual aesthetic annotations, we randomly divided shapes of a category
into groups of five, with each group was independently rated by the participants from our institution.
Participants could freely rotate and zoom each 3D model and rate their aesthetic agreement using
a 5-point Likert scale, ranging from strongly disagree (-1) to strongly agree (1). Please examine the
representative examples in our dataset in Figure 5.
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Fig. 6. The details of the neural aesthetic model for our Aesthetic3D.

5.2 Learning Aesthetic Measures
After obtaining human-perceptual aesthetic data (3D shapes 𝑋 with corresponding aesthetic rating
scores 𝑌 ) and considering the real-time needs, we design a lightweight network 𝐹𝑊,𝑏 (Figure 6) to
learn the aesthetic mapping (𝑋 → 𝑌 ) from training data.
As shown in Figure 6 (a), we represent a 3D shape 𝑋 using 12 multi-view images 𝑥 , uniformly

sampled every 30 degrees in azimuth. Different from [17], our method employs a Vision Transformer
(ViT) backbone (Figure 6 (a)) [18] to aggregate and encode features across multi-view images 𝑥 .

𝑌 = 𝐹𝑊,𝑏 (𝑥) (1)

More specifically, we first extract the view features (1 × 64) from each view image (256 × 256)
using a simple CNN with four Conv and Norm layers (Figure 6 (a)), and then feed embedded features
(13 × 128) (concatenate position tokens to view features) to the transformer (Figure 6 (b)), mapping
the rendered multi-view images 𝑥 of a 3D shape 𝑋 to its corresponding aesthetic score 𝑌 .
To train the neural aesthetic model 𝐹𝑊,𝑏 , we adopt the same pairwise ranking strategy [17] to

encourage our model to learn the ranking function over different input 3D shapes. More specifically,
we randomly select multi-view images (𝑥𝐴, 𝑥𝐵) of paired shapes (𝑋𝐴, 𝑋𝐵) as training data and further
minimize the loss function as below:

𝐿(𝑊,𝑏) =
∑︁

(𝑥𝐴,𝑥𝐵 ) ∈𝐼𝑡𝑟𝑎𝑖𝑛

max (0,𝑚 − (𝑌𝐴 − 𝑌𝐵)) (2)

where 𝑌𝐴 = 𝐹𝑊,𝑏 (𝑥𝐴), 𝑌𝐵 = 𝐹𝑊,𝑏 (𝑥𝐵), and𝑚 = 1.

6 Evaluation
We compare our learned neural aesthetic model with Dev and Lau’s [17], since they have similar
objectives to ours. We first split our collected dataset (Section 5.1) into training and test sets at a 7:1
ratio empirically, similar to [12], and then train two methods on the same training set, and finally
report their performance (on test set) in Table 1.

Table 1. Accuracy of different methods on test set.

Methods Chair Table Lamp Mug Avg. accuracy

Dev and Lau’s [17] 0.409 0.355 0.401 0.384 0.387
Ours 0.532 0.542 0.550 0.594 0.554
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- 0.031 0.139 0.338 0.067 - 0.179 0.169 - 0.318 - 0.026 0.227

0.624 0.573 0.780 0.192 - 0.014 0.452 0.126 0.059 0.701

0.234 0.120 0.336 0.107 0.049 0.452 0.707 0.501 0.843

Input  w/o w/ Input  w/o w/ Input  w/o w/

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 7. 3D shape beautification w/o vs. w/. our aesthetics scoring. Given input shapes (blue), we display the
ablated results of both without (yellow) and with (green) the aesthetic scoring asides.

From Table 1, we observe that our method achieves noticeably higher accuracy than the approach
of Dev and Lau’s [17] across all four test categories, with more than 10 percentage improvements.
We owe this performance gain to the adoption of the ViT backbone in our neural aesthetic model.

6.1 Usability Study
To assess the usability of Aesthetic3D, we further conducted two user studies: an ablation study
(Section 6.3), an open-ended study (Section 6.4), and two generalization evaluations (Section 6.5).

6.2 Participants
We recruited 18 participants (13 male and 5 female, aged between 23 and 35) from the university
email portal and personal networks. Ten of them (S1-S10) are graduate students major in computer
science with no prior 3D modeling training, and the remaining eight are professional experts
possessing varying levels of 3D modeling experience, including six 3D digital media designers
(D1-D6), one artist (A1), and one engineer (E1) developing 3D products with CAD software.

Before the experiment, all participants were given a 15-minute introduction to the functionalities
of the Aesthetic3D system and the overall procedure of the studies. Each participant was then given
10 minutes to freely explore the interface and tools to become familiar with the system. After
this brief orientation, participants proceeded to complete two studies using Aesthetic3D. During
the studies, a researcher remained present to answer any questions and provide verbal guidance
when needed, ensuring the smooth progress of the experiment. After they finished the tasks, we
conducted a shorter interview (approximately 10 minutes) with them, to collect their feedback.
Note that we recorded the beautification time, usage frequency of each editing tool, and editing
steps used to beautify each 3D shape by every participant, for further in-depth analysis.

6.3 Ablation Study
To validate the importance of Aesthetic3D’s aesthetic scoring module, we deploy an ablation study
where all participants are asked to beautify the same 3D shapes (Figure 7) twice: first without
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aesthetics scoring, only relying on their intuitions and experience, then with our aesthetic scoring.
Note that our ablation follows a within-subject design where both rounds use the same tools with
an initial warm-up, so the performance gain in the second round primarily depends on the presence
or absence of the aesthetic scoring module rather than increased tool proficiency.

Task.We first disabled the aesthetic scoring module on Aesthetic3D interface, asking participants
to freely edit 3D objects without any scoring feedback, and save their results (yellow shapes in
Figure 7). Next, we enable the scoring component, letting them adjust the same objects using the
provided aesthetic scores for guidance until completing their final edits (green shapes in Figure 7).
Qualitative Results. We found that relying solely on participants’ intuition (or experience)

without aesthetics scoring often led to minor improvements or even degraded the input shapes.
For example, in Figure 7 (c), one participant modified the "U"-shape table leg into "11"-shape
legs to enhance visual balance, but this adjustment did not yield the highest aesthetic score. By
contrast, with our aesthetic scoring, participants could refine their designs through instant feedback,
progressively achieving more visually appealing outcomes. Using aesthetics scoring, all participants
successfully beautified the input shapes to more aesthetic versions (green shapes in Figure 7).

Regarding time cost, the average editing duration per shape without aesthetics scoring was ap-
proximately 4 minutes, whereas those with aesthetics scoring increased to 6 minutes. This additional
time reflects participants’ exploration of broader beautification directions and an expanded design
space enabled by real-time feedback. A portion of the additional time was spent iteratively refining
shapes in response to aesthetic guidance. Notably, participants with prior Blender experience (e.g.,
D4 and D5) completed the beautification task with our aesthetics scoring in just 3 minutes.
In our user interviews, participants expressed strong appreciation for the usefulness of the

aesthetic scoring feature. For example, S10 reported that the aesthetic score module was highly
helpful for guiding adjustments in shape, proportion, and quantity. D3 also emphasized that the
aesthetics scoring effectively guided users toward more aesthetically pleasing direction.

6.4 Open-ended Study
To further explore the potential of Aesthetic3D and allow participants greater freedom for creative
expression, we conducted an open-ended study.

Task. In this study, participants were asked to select and beautify a set of basic 3D models (e.g.,
chairs, tables, lamps, mugs) with the full functionality of Aesthetic3D system in a freeform manner.

We further evaluate the usability and user experience of Aesthetic3D using three questionnaires:
(1) a System Usability Scale (SUS) with a 5-point Likert scale (1=strongly disagree, 5=strongly agree);
(2) a NASA Task Load Index (NASA-TLX) with a 5-point scale, where lower scores indicate lighter
mental and physical workload; and (3) a 5-point Likert scale questionnaire [3] assessing participants’
preferences for each aesthetics-driven editing tool and overall evaluation of the system.

Qualitative Results. In this study, participants created a total of 34 beautified results. On average,
beautification usingAesthetic3D takes approximately 5minutes, which significantly reduces the time
compared to Chen et al. [13] (over 10 minutes). From Figure 8, we observed significant modification
or creative beautification was performed on the input shapes, compared to the ablation study (Figure
7). For example, in A1’s beautified mug and chair (Figure 8 (b) and (f)), although the original shapes
already scored well, A1 can still further enhance them with fancy effects, such as “flower” pattern
on the mug and "cat ear” on the chair back. Similarly, D2’s beautified results exhibit significant
changes, including a smaller lampshade and a more curved lampshade (Figure 8 (e) and (i)).

Figure 8 demonstrates that Aesthetic3D effectively supports the creative and aesthetic enhance-
ment across various categories, demonstrating its practical value for different people. Figure 9
depicts participants’ editing progression and corresponding aesthetic scores. Each point in the
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Fig. 8. Open-ended study: Exhibition of beautified results. For each pair, the left and right represent the
shapes before and after beautification. The aesthetic scores and participants’ codes are displayed for reference.
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Fig. 9. Open-ended study: four figures showing the results of the participants’ explorations.

charts represents a distinct modification, reflecting how design decisions affected aesthetic out-
comes during the iterative explorations. For example, in Figure 9 (a), adjusting the lampshade’s
upper edge led to score variations that guided participants toward a more elegant design.
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Fig. 10. Mean scores of SUS (left). For the odd-numbered questions, higher scores indicate better performance;
for the remaining questions, lower scores indicate better performance. Mean scores of NASA-TLX (right).

Q1 I felt confident when editing shapes.
Q2 3D shape editing was easy.
Q3 I needed to re -edit shapes rarely to achieve better aesthetics.
Q4 Guidance for shape beautification was not necessary.
Q5 Personalized beautification aid was necessary.
Q6 Adjusting surface convexity/concavity was helpful for beautification.
Q7 Thickness adjustment was helpful for improving aesthetics.
Q8 Planar scaling was helpful for shape beautification.
Q9 Local deletion/transplantation was flexible for editing.
Q10 Existing 3D editing interfaces are adequate.
Q11 Aesthetic perception among users is consistence.
Q12 The system was helpful for me to create aesthetic models.
Q13 Real-time aesthetic metric was helpful for making decisions.
Q14 The beautification interface was intuitive.
Q15 Iterative editing with feedback was helpful for improving results.
Q16 The aesthetic metric made the experience feel meaningful.
Q17 Beautification tools made manual work reduced.
Q18 Real-time feedback made me feel confident when editing.
Q19 Interactive adjustments made achieving aesthetic goals feel easy.
Q20 I am willing to use this interface in the future.

strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree
strongly disagree strongly agree

Fig. 11. Open-ended study: questions and participants’ voting in the 5-point Likert-scale questionnaire (1–5),
describing preferences for individual aesthetics-driven editing tools and overall evaluation of the system.

Quantitative Results. We demonstrate a comprehensive evaluation of Aesthetic3D using the
SUS and NASA-LTX scores shown in Figure 10. The SUS scores (Figure 10 (left)) indicate that
participants generally perceived Aesthetic3D’s usability and learnability, reflecting a favorable
overall experience. Similarly, the NASA-TLX results (Figure 10 (right)) further suggest relatively
low levels of mental, physical, temporal, effort, and frustration.
To report the usefulness of each aesthetics-driven editing tool in Aesthetic3D, we analyze re-

sponses from the 5-point Likert scale questionnaire (Figure 11). Figure 12 further present four key
aspects: participants’ preference, usage frequency, usage time for each tool.
(1) Participants’ preference. In Figure 12 (left), participants generally held a positive attitude

toward the system’s tools, with most received average ratings between 3.8 and 4.6. The "Part
Transplant" tool achieved the highest rating at 4.6, followed by "Planar Uniform Scaling" and
"Thickness Adjustment" (both 4.4). These statistics suggest a preference for the tools producing
structural-level modifications.
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a: Part Deletion and Transplantation 
b: Surface Convexity and Concavity 
c: Thickness Adjustment 

d: Planar Uniform Scaling
e: Region Moving
f: Face Subdivision and Merge

g: Face Dragging 
h: Line Dragging 
i: Vertex Dragging

Fig. 12. Three radar charts: distribution of preference ratings for each tool (left), usage frequency for each
tool (middle), and time consumption for each tool (right).

(2) Usage frequency. As shown in Figure 12 (middle), tools such as "Planar Uniform Scaling",
"Thickness Adjustment", and "Face Subdivision and Merge" were used most frequently, reflecting
their widely usage in 3D modeling scenarios. In contrast, finer operations such as "Vertex Dragging"
and "Line Dragging" were used less often, mainly serving as auxiliary functions.
(3) Usage time. From Figure 12 (right), basic tools such as "Vertex Dragging", "Line Dragging",

and "Face Dragging" required less than 30 seconds per use, while the more complex tools such as
"Part Transplantation" and "Surface Convexity and Concavity Adjustment" took 60–80 seconds. The
statistics suggest that participants tended to rely on basic tools for quick adjustments but invested
more time in advanced tools for defining key structural features.

(4) Used Edit Steps. Based on our recordings of editing steps per shape performed by participants,
we observe a unimodal distribution, with a peak between 15 and 18 steps (over 20 users), indicating
that most participants completed shape beautification within this range. This suggests that Aes-
thetic3D’s editing tools are efficient and allow users to achieve desired results with a reasonable
number of steps.

6.5 Generalization Evaluation
To verify the generalization of Aesthetic3D beyond the settings of previous user studies, we con-
ducted three generalization evaluations: cross-dataset validation, cross-category validation, and
aesthetic tastes on artworks.
Cross-dataset evaluation. As shown in Figure 13, we evaluate Aesthetic3D on unseen shapes

from the same categories in the ModelNet dataset [50]. Despite noticeable variations in style (Figure
13 (a), (f)) and geometry detail (Figure 13 (c), (d)), the beautified results demonstrate that Aesthetic3D
can still effectively support aesthetic enhancement even on previously unseen shapes.

Cross-category evaluation. To explore whether our learned aesthetic measures could generalize
to other different categories in ModelNet, such as vase, bench, and stool. The beautified results
(Figure 14) demonstrate not only the generalization of our learned neural aesthetic measures but
also a shared consensus in human perception of aesthetics and beauty across similar categories.

Aesthetic tastes on artworks. To explore how Aesthetic3D behaves on shapes that are widely
regarded as aesthetic, we apply it to a violin, an art statue, and a product logo, as shown in Figure
15. From the aesthetic scores before and after beautification, we observe that Aesthetic3D clearly
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Fig. 13. Cross-dataset validation (ShapeNet→ModelNet). Each pair shows the shapes before and after
beautification with Aesthetic3D.
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Fig. 14. Cross-category validation. Each pair shows the shapes before and after beautificationwithAesthetic3D.
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Fig. 15. Aesthetic3D applied to artworks that already conform to common aesthetic preferences: (a) violin, (b)
Apple logo, and (c) Venus statue, shown before and after beautification.
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prefers intact shapes with harmonious structure (Figure 15 (a) and (c)) and favors designs with
more curved lines, even when the shape is not fully intact (Figure 15 (b)).

7 Conclusion
In this work, we propose Aesthetic3D, a novel 3D shape editing interface that integrates a neural aes-
thetic measure to enable real-time aesthetics-guided 3D modeling. Aesthetic3D quantifies aesthetic
features of 3D shapes using a neural network model and incorporates a suite of aesthetics-guided
editing tools, allowing users to receive instant feedback and intuitively beautify 3D shapes during
modeling. Insights gained from the interviews were useful in the design of Aesthetic3D, and could
inspire subsequent works for better understanding and studying shape aesthetics further.
While Aesthetic3D provides an efficient aesthetic enhancement approach for 3D modeling, our

method has some limitations. First, our aesthetic scoring module data-driven and trained on a
specific user study dataset, which may constrain its generalization to novel classes with significant
shape divergence. This could be partially solved by constructing a larger 3D aesthetics dataset
by lifting the 2D image-domain aesthetics dataset to the 3D domain with the help of the Large
Language Models (LLMs). Second, our aesthetics-guided editing tools focus more on local geometric
modifications, such as convexity adjustments, thickness adjustments, and proportional scaling.
In future work, we could explore more complex topological manipulations. Third, our method
focuses on capturing common aesthetic consensus for 3D shape. In practice, however, users might
want to have a personal aesthetics feedback and even prefer unconventional or polarizing designs.
Therefore, our Aesthetic3D does not explicitly model bimodal or highly divergent ratings and
favors broadly “safe” shapes. One possible solution is to introduce an adaptive mechanism that
tailors the common aesthetic measure to individual user preferences. Fourth, the formulation
of our Aesthetic3D isolates aesthetics from external factors such as material [23, 46], lighting
[19], or spatial composition [29], ensuring geometry-focused modeling workflows. Therefore,
Aesthetic3D will be less effective in scene-context aesthetic scenarios, exploring how an object’s
appeal emerges within a broader environment, such as composition styles and overall color harmony
[31, 48, 49]. Lastly, the interface of our Aesthetic3D adopts a straightforward integration of some
high-level tools (e.g., convexity/concavity or thickness operations) and low-level operators (e.g., face
splitting/merging and vertex dragging). But a more ideal aesthetics-oriented 3D modeling toolset
should accommodate diverse aesthetic goals and user expertise, offering multi-level operations
guided by aesthetic feedback to lower the entry barrier for novices. Furthermore, incorporating
intelligent recommendations could be more friendly and boost creation efficiency.
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1 Formative Study
1.1 InterviewQuestions
(1) Background and Objectives (Introduction)

Purpose: To understand participants’ backgrounds and their relevance to the research topic.
• Could you briefly introduce your role, work, or experience? How many years have you been
working in this field?

• Have you ever been involved in aesthetic design of 3D shapes? What kind of experience
do you have?

• What are your main goals or expectations regarding aesthetic enhancement technologies
for 3D objects?

(2) Current Behaviors and Needs
Purpose: To explore users’ existing practices, pain points, and unmet needs.
• How do you judge whether a 3D object is aesthetically pleasing? Do you encounter
situations where team members or supervisors have inconsistent standards?

• How do you currently beautify or enhance a 3D object? What tools do you use?
• What is the biggest challenge or frustration you experience in this process?
• Are there any existing solutions? What are their limitations?
• How would you like to improve your current workflow or tools?
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(3) Attitudes and Perceptions
Purpose: To understand participants’ perspectives and potential biases regarding the research

topic.
• What is your first impression of 3D aesthetic enhancement?
• What do you think is the core value of aesthetic scoring?
• Are there other factors (e.g., cultural background, resource constraints) that influence your
view of aesthetic design?

(4) Specific Scenarios and Use Cases
Purpose: To gather detailed insights through concrete scenarios.
• Could you describe a recent case where you used an aesthetic enhancement tool?
• In this case, which aspects did you find efficient or inefficient?
• If you could have an ideal interactive aesthetic enhancement tool, what features would
you expect it to have?

(5) Feedback and Iteration Purpose: To collect feedback and improvement suggestions on existing
prototypes or concepts (if available).

• (Show prototype/concept) Does this design meet your expectations? Why or why not?
• Which aspects do you think need the most improvement?
• Are there any additional features you would like to see included?

(6) Closing and Additional Input
Purpose: To ensure no important topics are missed.
• Are there any other issues we haven’t discussed that you think are important?
• Are there other people or roles you would suggest we interview?

2 Method
2.1 Details of our Aesthetics-driven Editing Tools
We detailed the instructions for the usage of our 9 types of aesthetics-driven editing tools below:

(a) Surface Convexity and Concavity Adjustment: supports precise modification of surface cur-
vature by adjusting convexity and concavity, or sculpting relatively flat regions to enhance the
hierarchical richness of the form.

(b) Region Thickness Adjustment: provides localized control over the thickness of structural parts,
facilitating proportional refinement of vertical or elongated components (e.g., chair legs, table
posts).
(c) Region Moving: allows the selection of connected regions composed of vertices, edges, and

faces, which can then be translated to different positions within the model, supporting mid-level
structural rearrangements.

(d-e) Face Subdivision or Merge: provides dual capabilities for surface granularity control. Subdi-
vision splits larger faces into smaller ones to create finer editing units, while merging integrates
adjacent planar faces into larger regions for holistic editing.

(f) Planar Uniform Scaling: allows for uniform scaling of planar elements such as seats, backs, or
tabletops, enabling users to adjust relative proportions of planar versus vertical components in a
controlled manner.
(g) Vertex Dragging: provides the most fine-grained level of control, enabling users to directly

move vertices for detailed adjustments of geometry.
(h) Line Dragging: allows users to reshape geometry along edges, enabling precise adjustments

of linear structural features.
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(i) Face Dragging: enables the direct manipulation of surface elements by translating selected
faces to adjust the geometry at the surface level.
(j) Part Transplant: enables users to remove redundant local parts or transplant substructures

from one region to another, thereby reshaping the overall composition while maintaining aesthetic
coherence.

3 Evaluation
3.1 Questionnaires
Here, we elaborate on the questions used in the three questionnaires with a 5-point scale, namely, the
system usability scale (SUS) questionnaire, the NASA Task Load Index (NASA-TLX) questionnaire,
and the questionnaire specifically designed to evaluate our Aesthetic3D system and aesthetics-
driven editing tools, respectively. Note that 5-point scale answers are omitted for simplicity, only
describing the questions below.

For the SUS questionnaire, we invite participants to rate the questions below:
Q1: "I think that I would like to use this system frequently."
Q2: "I found the system unnecessarily complex."
Q3: "I thought the system was easy to use."
Q4: "I think that I would need the support of a technical person to be able to use this system."
Q5: "I found the various functions in this system were well integrated."
Q6: "I thought there was too much inconsistency in this system."
Q7: "I would imagine that most people would learn to use this system very quickly."
Q8: "I found the system very cumbersome to use."
Q9: "I felt very confident using the system."
Q10: "I needed to learn a lot of things before I could get going with this system."

Regarding the NASA-TLX questionnaire, we invite participants to rate the questions below:
Q1: "Mental Demand: How much mental and perceptual activity was required ?"
Q2: "Physical Demand: How much physical activity was required?"
Q3: "Temporal Demand: How hurried or rushed was the pace of the task?"
Q4: "Performance: How successful were you in accomplishing what you were asked to do?"
Q5: "Effort: How hard did you have to work to accomplish your level of performance?"
Q6: "Frustration: How insecure, discouraged, irritated, stressed, and annoyed were you?"

As for the questions for evaluating our Aesthetic3D and aesthetics-driven editing tools, we
describe them below:

Q1: "I felt confident when editing shapes."
Q2: "3D shape editing was easy."
Q3: "I needed to re-edit shapes rarely to achieve better aesthetics."
Q4: "Guidance for shape beautification was not necessary."
Q5: "Personalized beautification aid was necessary."
Q6: "Adjusting surface convexity/concavity was helpful for beautification."
Q7: "Thickness adjustment was helpful for improving aesthetics."
Q8: "Planar uniform scaling was helpful for shape beautification."
Q9: "Part transplant was flexible for editing."
Q10: "Existing 3D editing interfaces are adequate."
Q11: "Aesthetic scoring among users is consistence."
Q12: "The system was helpful for me to create aesthetic models."
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Q13: "Real-time aesthetic scoring was helpful for making decisions."
Q14: "The beautification interface was intuitive."
Q15: "Iterative editing with feedback was helpful for improving results."
Q16: "The aesthetic scoring made the experience feel meaningful."
Q17: "The aesthetics-driven editing tools reduced manual workload."
Q18: "Real-time feedback made me feel confident during 3D modeling."
Q19: "Interactive adjustments made achieving aesthetic goals easy."
Q20: "I am willing to use this interface in the future."
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