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Abstract—Generative AI techniques are revolutionizing the cre-
ation of 3D and immersive content, yet challenges remain, such as
achieving precise user control in 3D generation. Current text-to-3D
and image-to-3D pipelines often produce outputs that deviate from
user expectations, lacking the ability to refine or correct generated
models effectively. To address these limitations, we propose Ima-
gin3D, a novel human-in-the-loop (HITL) system that integrates
Multimodal Large Language Models to enhance the controllability
and adaptability of 3D content generation. Imagin3D leverages a
Multi-View Question Answering module to evaluate the consis-
tency of generated views with user-provided textual descriptions,
enabling iterative refinement through guided inpainting while pre-
serving multi-view consistency. This allows users to co-create 3D
models, which are then synthesized into a final 3D asset using Neu-
ral Rendering. We validate Imagin3D through extensive quantita-
tive evaluations and a comprehensive user study, demonstrating its
effectiveness in improving usability, accuracy, and user satisfaction
in interactive 3D generation tasks. Our results highlight the poten-
tial of HITL approaches to bridge the gap between AI-generated
outputs and user intent, paving the way for more accessible and
user-centered 3D generation workflows.

Index Terms—Generative AI, image generation, 3D generation,
human-in-the-loop, user intent, content customization.

I. INTRODUCTION

G ENERATIVE Artificial Intelligence (GenAI) algorithms
are transforming the way we create 3D and immersive

content. Recent advances in text-to-3D and image-to-3D gen-
eration enable AI to synthesize three-dimensional objects from
high-level inputs, reshaping how virtual worlds, designs, and
processes can be developed [1]. Despite its importance, creating
geometrically accurate 3D models reflecting the user’s specific
requests, starting from a single image or text, remains a con-
siderable challenge [2]. Despite state-of-the-art 3D generation
and reconstruction methods that can produce high-quality re-
sults [1], [2], they often lack precise user 3D generation control,
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yielding outputs that do not align with what the user envisioned.
Current approaches largely fall into two limited paradigms: (i)
Text-to-3D pipelines that take a descriptive prompt but offer
only coarse control over the result [2], and (ii) Image-to-3D
reconstruction that builds a model from one or few reference
images [3]. The former often struggles with fine-grained specifi-
cations (beyond the initial text prompt), while the latter limits the
result to mimic the input image and can introduce artifacts when
“lifting” 2D details into 3D geometry, potentially leading to
unwanted results. In practice, this means users have little ability
to correct or refine the generated model if it deviates from their
intended outcome. Considering Image-to-3D methods, another
critical aspect regards multi-view consistency: many Image-
to-3D paradigms work by producing novel 2D images of the
depicted object (novel views), that must be combined later into a
3D asset with Neural Rendering approaches [3]. Without specific
techniques, a generative model that produces different views
independently, usually a diffusion model [3], [4], often fails to
keep them geometrically and texturally consistent. Moreover,
making targeted edits to the generated content exacerbates this
issue: a local change in one viewpoint (for instance, painting
a door on the front view of a house) will not automatically
reflect on the other views. Solutions to such a problem are
non-trivial [2].

Given these limitations, there is a growing consensus that
human-in-the-loop (HITL) approaches are needed to make gen-
erative 3D modeling more controllable and practical [2], [5].
Rather than leaving the generative process fully autonomous, a
HITL framework keeps the user actively involved at key steps
- guiding the AI model, correcting mistakes, and refining the
output. Incorporating human feedback in this way can solve
ambiguities and align the output with the user’s intent [6], [7].
In this context, Multimodal Large Language Models (MLLMs)
have emerged as a powerful facilitator for HITL creativity [8].
Modern MLLMs possess high multimodal understanding and
therefore can act as intelligent assistants in the generative
loop [9]. Recent works have proved how MLLMs can act as
a “bridge” between users and complex content modalities like
images and 3D assets, showing improvements in users’ genera-
tive process [6], [7]. Despite these advances, existing approaches
still offer limited support for explicit back-and-forth HITL de-
sign processes in which intermediate outputs are semantically
analyzed, exposed to user inspection, and iteratively refined
before final 3D reconstruction. In particular, prior pipelines for
text-to-3D, image-to-3D, or interactive editing typically provide
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either direct generation with limited structured feedback, or
refinement mechanisms without an explicit multi-view semantic
validation stage.

To address these challenges, we present Imagin3D, a GenAI-
driven system for 3D content creation with a HITL approach.
Imagin3D pipelines different GenAI models with interactive
user input and MLLM assistance, enabling users to iteratively
design and co-create 3D models by interacting with the inter-
mediate steps of the generative process, before the final 3D
reconstruction. The system allows, starting from a single input
image and textual prompt, to guide the user in the generation
and refinement of multi-view 2D representations of the target
3D object, by integrating MLLMs, Image2Image, and Neural
Rendering models. Within this workflow, the newly introduced
Multi-View Question Answering (MVQA) module plays a cen-
tral role by leveraging an MLLM to assess whether the generated
views align with the user’s specifications. By analyzing multiple
perspectives of the object, MVQA applies a Davidsonian Scene
Graph (DSG)-based approach [10] to reason about structural
and compositional consistency (e.g., “Does the chair have four
legs?”), thereby providing users with semantic feedback that
can inform subsequent refinements. Exploiting the MVQA,
Imagin3D enables MLLM-assisted refinement: users can re-
quest modifications, and the system translates these edits into
visual structured inpainting instructions, ensuring multi-view
coherence through our Score-Guided Inpainting (SGI) module.
The refined 2D views are then synthesized into a complete
3D model using a neural rendering technique. The outcome is
a collaborative workflow in which humans and GenAI work
together to the creation of 3D assets, where users progressively
steer the output toward their vision. We clarify that Human
co-creation amounts to the interaction with the MLLM through
the MVQA and the SGI stage, which allows users to both refine
the prompts and generate multi-view images. The system has
been implemented by integrating a Web Application, enabling
users to perform each step of the system in a user-friendly
manner. To validate the system, we conducted a comprehensive
evaluation of the MVQA module and carried out an experimental
user study involving 15 participants to assess the overall efficacy,
efficiency, and usability of the system. The results indicate
positive user adoption and demonstrate improved effectiveness
of the generative models when guided through the proposed
HITL workflow.

While recent works have explored text-to-3D, image-to-3D,
and interactive editing pipelines, most of them either rely on
direct generation with limited user steering or support refinement
without an explicit multi-view semantic validation loop. In con-
trast, Imagin3D is designed as a HITL orchestration framework
in which multi-view generation, MLLM-based multi-view ques-
tion answering, guided inpainting, and 3D reconstruction are
combined into a unified iterative workflow. Our goal is therefore
not to introduce a new standalone 3D generator, but to improve
controllability and alignment to user intent through structured
feedback and iterative user intervention.

Our contributions can be summarized as follows: (i) We
introduced Imagin3D, a novel system that orchestrates GenAI
paradigms, exploiting an innovative HITL framework to
enhance human-AI collaboration for 3D generation; (ii) We

defined a novel application of MLLMs for MVQA, alongside a
Consistency-Aware Inpainting Mechanism, to guide the user in
the 3D generation process; (iii) We developed a UI for the system
that lets end users perform all the steps in an easy-to-use manner;
(iv) We conducted a comprehensive quantitative evaluation of
the novel MVQA module on the Google Scanned Objects (GSO)
observing the effectiveness of our approach; We carried out a
user study assessing Imagin3D’s effectiveness in guiding the
user during the 3D generation process, with a Human-Computer
Interaction perspective.

II. RELATED WORKS

In this Section, we review the state-of-the-art methods falling
nearest to out area of contribution according to 3D Generation,
MLLM assistance and HITL AI systems.

a) Text-to-3D and Image-to-3D Generation: Early ap-
proaches to text-conditioned 3D modeling attempted to directly
learn mappings from text to shape using paired datasets, but
progress was limited by the scarcity of large-scale text-3D
data [11]. Recent advances have shifted toward leveraging
powerful 2D generative models and neural implicit represen-
tations to bridge this gap [3], [4]. One prominent line of work
leverages Neural Rendering methods, such as Neural Radiance
Fields (NeRFs) and SDF-based approaches, optimizing them
so that renderings match a target description [3], [4]. In con-
junction with text-to-3D, image-to-3D generation has emerged
as another key area of research. Works such as [3], which
employs a diffusion-based mechanism to generate 3D content
from a single image. Usually, these approaches fine-tune a
2D diffusion model to generate novel views of an input im-
age, which serve as a 3D prior for higher-quality view recon-
structions. While existing methods demonstrate considerable
capabilities, they struggle with consistency across views and
following textual prompts in varied scenarios. The proposed
approach improves 3D synthesis by leveraging diffusion pri-
ors and incorporating human guidance and editable outputs,
addressing both fidelity and editability through generative AI
techniques.

b) MLLM assisted Generation: MLLMs are increasingly
used as coordinators in multimodal generation, guiding work-
flows and refining outputs beyond text and could also serve
as critics, iteratively refining generative outputs by detecting
inconsistencies or missing details. On this line, [12] introduced
iterative LLM-guided refinements for text-to-image generation.
This kind of two-phase generate-and-refine loop has been shown
to significantly improve adherence to the prompt, and the same
principle can be applied to multi-view generation. Also, MLLMs
can be applied to various forms of multimodal assistance, such
as Visual Question Answering (VQA). VQA methods, however,
are often limited to single images, may struggle with questions
requiring multi-view or 3D understanding. Multi-view VQA
addresses this by supplying multiple images to the model, ne-
cessitating MLLMs capable of processing such inputs. This was
investigated in [13], where a multi-view MLLM was fine-tuned
on tasks like 3DMV-VQA, showing strong capabilities in spatial
reasoning and complex visual understanding. Building on this
line of work, Imagin3D utilizes MLLMs to support MVQA on
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Fig. 1. Overview of the Imagin3D system.

generated views and 3D models, adopting a novel approach com-
pared to existing literature. Imagin3D automatically generates
questions and answers based on the rendered images to detect
missing details relative to the user’s initial textual description. To
ensure semantic coherence, it employs the DSG score. Identify-
ing these missing elements aids users in performing Generative
Manipulations on the views.

c) Human-in-the-Loop AI Systems for 3D Modeling: In-
tegrating human feedback into the generative process can sub-
stantially improve the quality and usability of AI-created con-
tent [2], [14]. Prior interactive design tools in both 2D and
3D domains have shown that a HITL approach helps guide
generative models toward the user’s intent. An example amounts
to DragGAN [14], which allows users to interactively drag points
on a GAN-generated image to deform objects, easily steering
the generation. In the 3D domain, authors of [2] employs a
two-stage generative process, allowing the user to intervene
between stages, making adjustments before the final refinement
(e.g, textual semantic editing and part combination). Consider-
ing modifications made on 2D views of a 3D scene, approaches
like Instruct-NeRF2NeRF allow the user to provide textual
instruction (e.g., “make the chair legs wooden”) [15]. Imagin3D
was built on top of such an idea, extending the generative
paradigm by incorporating a HITL feedback mechanism. Instead
of relying on one-shot generation, it enables iterative refinement
where users can identify and correct issues, such as distortions
or misinterpretations, using GenAI techniques. A feature-level
comparison with prior works is reported in the Appendix (Sec-
tion B-A), available online, to clarify how Imagin3D differs in
terms of HITL interventions and implemented components.

III. METHODS

Imagin3D is a system designed for user-guided 3D model
generation from a single image and prompt. By incorporating a
HITL and GenAI approaches, it aims to enhance the accuracy
and consistency of 3D generation. The system integrates mul-
tiple GenAI components that assist users throughout the entire

generation process. Its architecture, illustrated in Fig. 1, com-
prises three core modules: MVQA, SGI, and 3D Reconstruction
(3DRec).

Novel views are generated with a Multi-View Diffusion
(MVD) model. The MVQA module evaluates user prompt ad-
herence with the generated images through a scoring mecha-
nism. The SGI module allows users to review the MVQA output,
including scores, questions, and answers, while providing an
optimized prompt to facilitate inpainting. Additionally, SGI
enables users to refine images to better align with the initial
request, preserving multi-view consistency. Finally, the 3DRec
module reconstructs the 3D object using the refined images,
by leveraging a Neural Rendering approach. These modules are
pipelined to achieve multi-view consistency, fast refinement, and
prompt fidelity in the 3D reconstruction process. Imagin3D is
implemented as a web-based application featuring an intuitive
user interface that enables seamless visualization, interaction,
and processing. The system UI consists of three main web
pages, each corresponding to one of the core components. The
application has been developed in Python and deployed on a
web server using Gradio.1

To validate the system, we conducted an evaluation of the
MVQA scoring procedure to assess the effectiveness of the
proposed approach. Additionally, a comprehensive user study
was performed to evaluate the system’s usability, efficacy, and
efficiency. The results of these evaluations are presented in
Sections IV and V. The adopted validation strategy was inten-
tionally twofold. On one end, we evaluated the MVQA compo-
nent, implemented as a novel module of the Imagin3D system.
On the other end, the remaining stages (multi-view diffusion,
guided inpainting, and neural 3D reconstruction) rely on SOTA
open-source methodologies. Specifically, we integrated: (i) a
Multi-View Diffusion model [3], responsible for generating
six novel views per object; (ii) a grid-based latent diffusion
inpainting framework adapted from [16]; and (iii) a neural
surface reconstruction approach based on NeuS [17]. Each of
these modules was adopted as a robust building block, allowing
the study to focus on validating the HITL integration rather
than re-assessing each method’s baseline performances [18].
We designed Imagin3D as a human-AI co-creation system to
maintain methodological validity, rather than as a collection of
independent GenAI approaches. This aligns with recent human-
centered evaluations in GenAI systems, where user studies
replace isolated benchmarks to assess usability and perceived
fidelity under realistic interaction conditions [19], [20], [21].

A. Multi-View Question Answering (MVQA)

The MVQA module serves as the basis for multi-view consis-
tency evaluation in Imagin3D. The system starts with a single
user-provided image and employs a MVD model to generate
six novel views of the object [3]. Given that a single image is
typically insufficient for a complete 3D description, since details
such as side or back features may not be visible, users can

1Gradio framework: https://www.gradio.app/

https://www.gradio.app/
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Fig. 2. “Image Generation” tab of the Imagin3D system. Given a single image
and a textual description, 6 novel views are generated, and a text-image matching
score is given to each image, letting users assess the text-image adherence.

supplement the input with a textual description, detailing the
object from multiple viewpoints.

The primary goal of MVQA is to assess the consistency of the
generated views with the provided textual description, helping
users in the subsequent image refinements through GenAI meth-
ods. This is achieved through a series of structured steps, detailed
in the following sections. The MVQA module is integrated into
the UI of the Imagin3D system via the “Image Generation” tab.
Fig. 2 shows an example of the interface.

a) Per-View Prompt Generation (PVPG): Starting from
the user’s input prompt z, six viewpoint-specific prompts zc
are generated using a LLM (LLama 3.3-70B in our case),
each describing the object from a different perspective: c ∈
{front, front-right, right, back, left, front-left}. This ensures
that each view is described in a localized and detailed manner.
The viewpoint-specific prompt extraction is formalized as:

zc = fview(z, c, LLM), c ∈ [1, 2, . . . len(c)] (1)

where fview is the function that refines z to generate zc, the
prompt tailored for viewpoint c according to a MLLM. The
function fview instructs the LLM to extract viewpoint-specific
descriptions from the comprehensive prompt. Its objective is
to produce individual captions for each perspective-namely
“front”, “front-right”, “right”, “back”, “left”, and “front-left”.
These descriptions focus solely on the visible characteristics of
the object from each respective angle, ensuring that details not
observable from a given perspective are excluded. To achieve
this, fview begins by generating a prompt for the LLM that
instructs it to create isolated descriptions for each viewpoint
based on the comprehensive description z. The prompt specifies

Fig. 3. Example of questions, answers, and DSG scoring based on the front-
right description and generated image.

the need for exclusive descriptions by view, explicitly instructing
the model to omit any details not visible from the specified
angle. The model is then guided, through a meta-prompt, to
output each viewpoint’s description in a standardized format:
<view >:< caption> for each of the requested view. Further-
more, by instructing the model to avoid cross-referencing other
views, fview generates precise, isolated descriptions that focus
on individual perspectives. For instance, the “front-right” view
will only describe features observable from that angle, without
inferring or referencing the “right” or “back” views. In this
manner, fview constructs a consistent, modular set of descriptions
that collectively provide a complete understanding of the object,
essential for applications requiring accurate multi-view analysis
or evaluation (full implementation details can be found in the
Appendix B-B, available online).

b) Questions Generation: In our system, a critical compo-
nent involves feeding visual feedback to the LLM to evaluate
and improve prompt-image consistency. This visual feedback
is quantified through a consistency score that evaluates how
well the generated images are consistent with the prompt de-
scriptions. We also argue that the consistency score should be
detailed enough for the LLM to infer ways to refine the candidate
prompts. In practice, we defined an evaluation system through
the DSG score, which assesses prompt-image consistency us-
ing a question generation and answering approach inspired by
TIFA [22]. Specifically, DSG decomposes the view-specific
prompts into atomic, unique binary questions that are organized
into semantic dependency graphs. This process is repeated for
each of the considered views. We use only the textual prompt as
input for question generation, excluding the image. While the
prompt expresses the user’s intended target outcome, including
the image would over-constrain the process to specific visual
details of the input. Relying solely on text ensures that evaluation
questions reflect the desired output rather than the content of
the input image. To illustrate how our question generation and
scoring mechanism works, consider the example in Fig. 3. From
the view-specific prompt, a set of DSG binary questions are
generated, such as: (i) Is there a toaster oven? (ii) Is the toaster
oven white? (iii) Is there a handle? (iv) Is the handle silver?
In this example, questions (ii) is dependent on question (i) and
question (iv) is dependent on question (iii); thus, (i) serves as a
prerequisite to validate (ii) and (iii) serves as a prerequisite to
validate (iv).

c) Visual Question Answering (VQA): Once questions are
generated for each view, they are paired with the corresponding
MVD-generated images and processed by an MLLM (LLama
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3.2 Vision-11B in our case). This model acts as a VQA system,
providing, for each view, responses that determine whether the
generated images align with the descriptions. This refinement
mechanism is to address inconsistencies and inadequacies in
the generated views.

Correct answers receive a score of 1, while incorrect or
missing details score 0. In the example, the VQA model correctly
identifies the presence of the toaster, the handle, its color and
position on the toaster, attributing to every correct answer a score
of 1. On the other hand, it also acknowledges the incorrect color
of the toaster, and the absence of a silver lid, giving it a score of 0.
The overall DSG score for the prompt-image pair is computed by
averaging the individual VQA scores across all questions (and
then presenting it as a percentage). In this case, the DSG score
is 50%, reflecting the degree of alignment between the prompt
and the visual content, providing a more detailed, question-based
metric for evaluating prompt-image consistency.

For flagged views (i.e., those with a score sc < 100%), a
prompt optimization step is performed to improve fidelity and
alignment with the original input specifications. This is achieved
by constructing a meta-prompt zmeta that consolidates evaluation
metrics and feedback to guide the refinement process. The
meta-prompt zmeta is formulated as:

zmeta = fmeta(qc, ac, sc), (2)

where qc represents the set of descriptive questions associated
with the viewpoint-specific prompt zc, ac is the set of answers
derived from the generated image xgen

c during the evaluation
phase and sc represents the view consistency score for viewpoint
c. fmeta constructs a detailed textual representation summarizing
discrepancies between the expected attributes (derived from
qc) and the observed attributes (represented by ac). The meta-
prompt is detailed in the Appendix.

Using the meta-prompt zmeta, our considered MLLM gen-
erates an updated viewpoint-specific prompt znew

c that aims to
address the identified shortcomings and help the user in the
subsequent steps. This is formalized as:

znew
c = frefine(zc, zmeta,MLLM), (3)

where frefine integrates the feedback encapsulated in zmeta into
the original prompt zc. The refinement process ensures that
the updated prompt znew

c emphasizes attributes or geometric
details that were previously misrepresented or omitted in the
generated image xgen

c . This process is repeated for each view,
providing novel prompts that are more accurate to the initial
user description and that can aid the user in modifying the image
through the SGI module. A Visual example which clarifies this
entire process is reported in Appendix B-B, available online.
A thorough evaluation of this approach has been performed
through an experimental setting, detailed in Section IV.

B. Score-Guided Inpainting (SGI)

After the MVQA phase, images can be selected for fur-
ther analysis and enhancement to better align with their cor-
responding descriptions before generating the 3D model. This
refinement is achieved through the SGI module, which enables

Fig. 4. Overview of tab “Prompt Evaluation and Inpainting”.

image optimization with a HITL approach. The SGI module is
integrated into the Imagin3D UI via the “Prompt Evaluation and
Inpainting” tab (Fig. 4).

The module initially presents users with an overview of the
scoring results for a selected view, including the detailed ques-
tions and answers generated by the MVQA module (this can
be found under the “Scoring Details” tab, which opens with a
simple user click; its visualization is reported in Appendix B-A,
available online). Additionally, the optimized per-view descrip-
tion prompt is displayed to guide the user during inpainting.
These elements are positioned in the top-left section of the
interface (Fig. 4). After reviewing the image-prompt adherence
based on the provided questions, answers, and scores, users can
proceed to the inpainting phase (bottom-left of the interface).
In this phase, users specify the desired modifications via a
textual prompt and define a mask over the image regions to
be altered using an integrated image editor (In our experimental
setting, the masks were hand-drawn, but we integrated SAM
to support users in automatic masking [23]. More details can
be found in Appendix B-A, available online). Optionally, to
support users who are not aware or experts of prompt engineering
principles, an automatic prompt augmentation mechanism was
implemented, to expand simple prompts into more detailed and
accurate ones, following the same augmentation principles as
in [24] (full details in Appendix B-C, available online).

To ensure multi-view consistency across different image
viewpoints, we adopt a grid prior approach inspired by [16].
This method involves tiling multiple images into a 2× 2 grid
and processing them through a diffusion-based inpainting model
(in our case, Stable Diffusion [25]), as a single image. Formally,
let Ii,j represent the image at position (i, j) in the grid, where
i, j ∈ {1, 2}. The combined grid image G is defined as:

G =

[
I1,1 I1,2

I2,1 I2,2

]
(4)

Correspondingly, let Mi,j denote the mask for Ii,j , and Pi,j the
prompt describing the desired inpainting for Ii,j . The inpainting
model D then processes the grid as:

Ĝ = D(G,M,P ) (5)
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Fig. 5. Examples of consistency-aware inpainting using “purple wooden sofa
frame” as prompt.

where M and P are the aggregated masks and prompts for the
grid, respectively. By aggregated masks M we refer to a mask
composed of all the individual view masks within the considered
2× 2 image grid, as drawn by the user (the dark masked areas in
Fig. 4). The output Ĝ is the inpainted grid, from which individual
images Îi,j are extracted. This approach ensures that inpainting
is consistent across multiple views, as it enables the model
to consider the spatial and contextual relationships between
the tiled images during the inpainting process, based on the
inpainting mask. In particular, two inpainting mechanisms have
been implemented: Multi-View Consistent Inpainting and Visual
Adaptation Inpainting. The former, inspired by [16], involves
creating a mask across the 2× 2 grid that targets the same object
region in each image. Given a user-defined prompt p, the model
inpaints all views simultaneously, ensuring coherence among
different perspectives:

Î = D(I,M, p), (6)

where I represents the input image grid, M denotes the mask,
and D(·) is the diffusion-based inpainting function. The latter
Visual Adaptation Inpainting, here introduced, follows a differ-
ent strategy, by selectively masking a subset of the views within
the2× 2grid. Given a promptp, the model applies modifications
only to the masked areas while preserving the visual coherence
with the unmasked views:

Îm = D(Im,Mm, p), (7)

where Im and Mm refer to the masked images and masks,
respectively. This approach is particularly advantageous in en-
suring consistency even when different views require distinct
modifications.

Examples of both inpainting strategies are presented in Fig. 5.
It is worth noting that Visual Adaptation Inpainting is a novel ap-
plication of grid-based inpainting, which allows users to correct
from a few views while retaining coherence for non-masked

Fig. 6. “3D Generation” tab interface of the Imagin3D system.

ones, instead of requiring multi-view masking from all view-
points, making an addition towards more usable and efficient
HITL pipelines. This process remains entirely transparent to
the user, but is critical for maintaining multi-view consistency
throughout the inpainting process. After creating the mask, the
SGI module presents users with different inpainting options,
allowing to fine-tune hyperparameters, such as guidance scale,
number of diffusion steps, and inpainting strength. These set-
tings are targeted towards more advanced users, seeking further
customization. After initiating the inpainting process, the mod-
ified output image appears on the right side of the interface,
allowing users to evaluate the result. If satisfied, they can save
the updated images for 3D reconstruction; otherwise, they may
adjust the inpainting settings, prompt description, or mask and
perform the inpainting process again. The SGI module supports
image refinement across all view-dependent images, aiming to
maximize adherence to the user’s description.

C. 3D Reconstruction (3DRec)

Once users finalize the inpainting adjustments, the six refined
views are fed into a 3D reconstruction model (NeuS in our
case [17]), which generates a high-fidelity 3D representation of
the object. The 3DRec phase is integrated into the Imagin3D
system through the “3D Generation” tab (Fig. 6). From this
interface, users can visualize, download, and interact with the
generated 3D model, providing comprehensive ways to assess
reconstruction quality.

IV. MULTI-VIEW QUESTION ANSWERING EXPERIMENTS

A. Experimental Protocol

a) Evaluation Dataset: We used the GSO dataset [26] to per-
form the experiments. GSO provides a high-quality collection of
3D-scanned household items, and is widely used as a benchmark
for single-image to 3D reconstruction tasks [27], [28], [29].
The dataset comprises diverse, photorealistic scans of everyday
objects, offering realistic textures, accurate geometry, and a
variety of poses and lighting conditions. The GSO dataset serves
three main purposes: (1) it provides 16 ground truth (GT) images
of each object from different angles, (2) it provides a single
input reference image, which is used to guide the generation
of novel views, and (3) it enables accurate testing thanks to
the high-quality scenes provided. Following the setup in [29],
we randomly select 30 scenes from GSO. For each object, a
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single input image of resolution 256× 256 is rendered, serving
as the basis for generating multi-view images and evaluating the
consistency of our reconstructions.

b) Metrics: We evaluate Imagin3D using a set of established
metrics across Natural Language Processing and Multimodal
Computer Vision. BLEU measures n-gram overlap between gen-
erated and reference prompts, capturing lexical similarity [30].
METEOR assesses both precision and recall with synonym and
stemming capabilities [31]. ROUGE computes n-gram overlap
focusing on recall [32], and SPICE evaluates semantic con-
tent based on scene graphs, assessing object relationships [33].
CLIPScore quantifies visual-text coherence [34], while Ref-
CLIPScore compares generated views with a reference 3D object
view. The DSG Score is used for VQA and evaluates how
well generated views capture scene elements when answering
questions about object relationships.

c) Implementation Details: Our methodology relies on three
core models with tailored configurations. For initial prompt
generation, we use LongLLaVA-9B [35], optimized for mul-
timodal causal language modeling, with 4096 hidden units, 32
attention heads, and a silu activation function. For per-view
prompt generation and VQA, we employ Llama3.3-70B [36] and
Llama 3.2-Vision, respectively. The Era3D model is used for the
MVD component, as it is state-of-the-art in single-image-to-3D
reconstruction. We adopt recommended hyperparameters for
Era3D to ensure optimal performance. Regarding the 3D recon-
struction, following [3], [37], we use a two-stage process. First,
we generate initial 3D reconstructions using NeuS [17], then we
apply a texture refinement step to enhance surface realism. All
experiments were conducted on an NVIDIA A6000 GPU with
48 GB VRAM and 512 GB of RAM on a Ubuntu 22.04 system.

B. Results

In this Section, we present both quantitative and qualitative
results obtained in our experimental setting of the MVQA
module. To determine the most suitable MLLM for MVQA
(in our case, LLAMA3.2-Vision), we conducted a preliminary
evaluation on four different MLLMs. Results can be found in
Appendix C, available online, together with further analysis on
per-view values and more qualitative and quantitative results.

1) Quantitative Analysis: To create a baseline for the eval-
uation of the optimized prompt in out MVQA module, we
generated a GT caption for each GSO object, by taking the GT
set of n images SI = {x1, x2, . . . , x16} and generating a textual
description zlong that encompasses all n input images. This is
formalized as following.

zlong = fprompt(SI,MLLM), (8)

where fprompt is implemented using a MLLM [35]. Prompt
details are available in the Appendix. The function fprompt

extracts semantic features from the input images and aligns
them into a consistent textual representation. The zlong text is
then used as the starting description for the MVQA process,
together with the front view image extracted from the GT set
of images. Starting from the zlong description, we perform the
PVPG phase of the MVQA module to generate 6 view-specific

TABLE I
COMPARISON OF PROMPT STRATEGIES FOR THE MVQA MODULE. BASELINE

PROMPT: PER-VIEW PROMPT EXTRACTED FROM GT CAPTION. MVD PROMPT:
PROMPT EXTRACTED FROM THE IMAGES GENERATED BY THE MVD MODEL.
OPTIMIZED PROMPT: PER-VIEW PROMPT GENERATED WITH IMAGIN3D. LAST

COLUMN SHOWS DIFFERENCES BETWEEN MVD AND OPTIMIZED

PROMPT VALUES.

GT descriptions, starting from the initial single GT description.
The metrics extracted from 6 per-view descriptions are used as a
baseline for our comparison. The same process is applied to the 6
images generated by the MVD model only, generating a single
textual description of the images at first, and then creating 6
view-dependent descriptions from said text. These are compared
against the optimized prompts generated at the end of the MVQA
module, using the baseline prompts as GT.

As shown in Table I, the Optimized Prompt strategy out-
performs the MVD Prompt in the majority of evaluation met-
rics, underscoring the effectiveness of our approach. For the
BLEU scores, which assess n-gram precision, the Optimized
Prompt demonstrates improvements specifically for BLEU-3
and BLEU-4, though BLEU-1 and BLEU-2 show slight de-
creases. BLEU-1 and BLEU-2, however, are generally con-
sidered the least accurate of the BLEU scores in evaluating
complex scene descriptions, as they primarily capture basic
lexical overlap and are less indicative of semantic accuracy.
The Optimized Prompt achieves higher performance across ME-
TEOR, ROUGE, and SPICE metrics, indicating better recall and
F1-scores, particularly with a SPICE score of 20.39% which re-
flects enhanced semantic understanding and object relationship
encoding. For visual-textual coherence, the Optimized Prompt
outperforms in both CLIPScore and RefCLIPScore, with values
reaching 73.85% and 76.85%, respectively, compared to lower
scores in the Baseline and MVD prompts.

These gains demonstrate improved alignment between the
generated prompts and reference views, essential for producing
high-quality 3D reconstructions. It is interesting to note that
our methods outperform even the baseline in visual-textual
coherence. This outlines how the prompt optimization is able to
retain high semantic similarity about the images while maintain-
ing textual understanding. These results underscore Imagin3D
consistent ability to deliver more accurate, semantically rich, and
visually coherent prompts for single-image to 3D generation,
capturing intricate scene elements effectively while maintaining
strong alignment with reference views.

2) Qualitative Analysis: Fig. 7 presents some qualitative
results obtained from the toaster scene in the GSO dataset
(additional examples are included in Appendix C-C, available
online). In these examples, we compare the view-dependent
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Fig. 7. Qualitative results on the toaster scene. Prompts extracted from the
MVD reconstruction and from Imagin3D prompt optimization are shown.

descriptions generated from the MVD images and the optimized
description generated by the MVQA module, together with
the original MVD-generated images and the images optimized
through inpainting.

In particular, the optimized prompts generated by Imagin3D
demonstrate a high degree of accuracy and detail across multiple
viewpoints, resulting in a cohesive and consistent multi-view
reconstruction. Starting from the following initial description:
“The image shows a close-up view of a white toaster oven
with a silver handle and a silver knob. The toaster oven has
a silver lid and a silver handle on the side”, in the front view,
our optimized description correctly identifies the white toaster
oven with a silver knob and handle, aligning perfectly with initial
description, while the MVD prompt incorrectly describes a silver
coffee maker. Similar differences can be found in the other
views, such as the front-right view, where the optimized prompt
accurately describes the silver handle and part of the lid, while
the MVD prompt deviates by describing a coffee maker’s shiny
finish and water reservoir. The qualitative results, paired with the
improvement in metrics, reflect Imagin3D capability to create
prompts that support a clearer and more accurate multi-view
understanding of the 3D objects, aiding users in the enhancement
process.

V. HUMAN EVALUATION EXPERIMENTS

In this Section, we detail the experimental phase performed
to investigate whether the proposed Imagin3D system could
effectively be used for 3D generation through Generative AI
assistance. This study was done considering the need to quantify
how usable a GenAI system is from a human-centric perspec-
tive [2]. In particular, we describe the adopted Apparatus, the
Experimental Process, the Participants, and finally, the Measure-
ments adopted to evaluate the different variables under analysis.
Additional experiments are reported in Appendix C-D, available
online.

A. Participants

We enrolled 15 participants for our study. Considering our
within-subject design with four Experimental Scenarios, each

Fig. 8. Experimental Process.

participant equally participated in all of them [38]. This sample
size aligns with prior research, which has demonstrated that a
similar number of participants is sufficient to identify over 80%
of relevant interface properties and design issues [39]. Each
participant completed a pre-experience questionnaire covering
demographic details and their familiarity with 3D modeling and
Generative AI. Our sample exhibited a mean age of 29 years
(SD = 3.59, range = 25-38) and was primarily from Italy,
with one participant from India. The educational background
of the sample was distributed as follows: 53.33% (n = 8) held
a Master’s degree, 33.33% (n = 5) a Doctoral degree, and
13.33% (n = 2) a Bachelor’s degree. Understanding 3D objects
confidence was average, with a mean score of 3.33 (SD =
1.40), and slightly more than half of the participants (53.33%)
had prior experience using 3D software editing tools such as
MeshLab, Metashape, or Blender. However, proficiency in these
tools remained low, with a mean score of 2.27 (SD = 1.28).
A smaller proportion (33.33%) had experience searching for
ready-to-use 3D models in databases like Sketchfab, and those
who had used such databases reported moderate satisfaction with
the customization options (M = 3.00, SD = 0.63). Generative
AI familiarity was generally high, with all participants reporting
awareness of the technology and 86.67% (n= 13) having used it.
A similar phenomenon was found for Large Language Models,
which was reported by 86.67% (n = 13) of participants, while
familiarity with Large Reconstruction (3D reconstruction) mod-
els was slightly lower (46.67%). Knowledge of text-to-image
models was also substantial (66.67%, n = 10). Among those
who had used Generative AI tools, self-rated proficiency was
moderate to high, with a mean score of 3.75 (SD = 0.87). These
results indicate that our participants have a varying degrees of
practical skills. This allow us to measure how differences in input
quality, capturing robustness under realistic user conditions.

B. Experimental Process

The adopted experimental procedure, illustrated in Fig. 8 and
inspired by prior methodologies [19], [20], [40], was designed to
capture both standardized and open-ended user interactions with
Imagin3D. Each session began with informed consent, a demo-
graphic survey, and a pre-questionnaire assessing participants’
background knowledge and familiarity with 3D modeling and
Generative AI (more details in Appendix A-E, available online).
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Fig. 9. Front-view used in experimental fixed object setting.

The study comprised four object interaction tasks: three fixed
objects (hat, sofa, toaster; see Fig. 9) and one free-choice object
selected by the participant. The fixed-object phase ensured com-
parability across users, while the free-choice task allowed open-
ended exploration, testing Imagin3D’s adaptability to diverse
inputs. Only a frontal image was used per object, paired with a
fixed descriptive prompt to standardize the initial conditions.

For each object, participants followed the same workflow: (i)
providing a textual description and selecting a single 2D frontal
image, from which the system generated multi-view images.
(ii) After the Multi-view Generation took place and the MVQA
provided detailed information about the presence or absence
of each requested detail per-view, the user reviewed them. (iii)
When inconsistencies are detected, users entered the SGI stage
and proceeded to multi-view inpaint the views (for fixed objects,
we instruct users to produce similar and reproducible inpainting
actions). (iv) Once satisfied, participants reconstructed the final
3D object and explored it using the 3D viewer. (v) After each
generation, participants completed a questionnaire, following
a pairwise comparison protocol, to assess satisfaction, fidelity,
and coherence at every stage of the pipeline. It is worth noting
that, while this experimental setting was adopted to evaluate all
the components in Imagin3D with a sequential approach, the
users exploited the multi-step nature of our system by perform-
ing multi-step refinements in all defined settings, showcasing
the system’s “back-and-forth” approach (see Appendix B-A
for more details, available online). Upon completing all object
interactions, participants move on to a post-questionnaire. This
final survey gathers comparative feedback regarding usability,
cognitive load, and adoption willingness with the Imagin3D
tool. Each user spent an average of 49.69 (± 66.79) seconds
to perform the SGI process. This preliminary results indicates
acknowledge the usability of the Imagin3D interface. These
results were calculated by exploiting data obtained through
our logging system (more details in Appendix C-D, available
online).

C. Measurements

The measured variables consist of explicit scale metrics de-
lineating an evaluation framework inspired by several related
works [40], [41], [42]. We introduced a novel combination of
questionnaire-based surveys to measure the perception of users
towards the generated 2D and 3D content (all designed as a 5-
point Likert Scale, more details in Appendix A, available online).
These measures were applied after each experimental phase,
considering a within-subject setting, as reported in Section V-B.
We evaluated the system through four dedicated constructs and

TABLE II
PRE/POST GENERATIVE INPAINTING VIEW SCORES COMPARISON (MEAN (±

STD)) ASSISTED BY THE MLLM

standardized usability scales. 2D Image Perception focused on
user engagement and satisfaction with the generated views (2DI-
X) [42], while MLLM-Assisted Evaluation assessed the utility of
language model guidance in supporting 2D generation (LAE-X).
Guided Inpainting measured the effectiveness of HITL inpaint-
ing in improving results (INPED-X), and 3D Object Perception
evaluated engagement, fidelity, satisfaction, and coherence of
the 3D models (3D-X). In addition, we adopted established
usability scales (SUS, NASA-TLX, and TAM) to capture overall
usability and acceptance [43] (complete details on each construct
and item are reported in the Appendix A-A, available online).
For SUS, we provide scores for positively and negatively worded
items to offer a more diagnostic interpretation of usability across
conditions, following previous works [20], [44]. We highlight
that Imagin3D is not a traditional DL pipeline in which one
component can be removed while still yielding an informative
output. The system works through the pipelining of its modules.
Removing any one of these modules breaks the workflow. For
this reason, the constructs placed in our experimental setting acts
as a user-centered ablation study: we compared performance and
perceptions when participants interacted with or without one of
these modules, exploiting the construct described. Comparing
2DI and INPED constructs (Table II) isolates the contribution
of interactive inpainting. The LAE construct directly assesses the
value of MVQA guidance. Along with the final 3D perception
scales, these evaluations allowed us to quantify the marginal
contribution of each module.

D. Results

In this Section, we will describe the statistical framework that
we followed and the obtained results. To analyze the obtained
results, we performed descriptive statistics and data visualiza-
tion. Specifically, we employed box plots on the main constructs
grouped by each of the four considered objects on 2DI, LAE,
INPED, 3D, and Usability constructs. Then, we performed a sta-
tistical analysis to analyze meaningful patterns in our observed
data. First, we computed Cronbach’s alpha to evaluate internal
consistency and reliability. All constructs achieved a Cronbach’s
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Fig. 10. Boxplots for the considered question items.

alpha above the commonly accepted threshold of α ≥ 0.7, in-
dicating good reliability and supporting their inclusion in the
analysis [45]. Then, we evaluated meaningful differences in all
the examined constructs (i.e., 2DI, LAE, INPED, 3DP) through
statistical tests. We first compared the scores obtained for all the
constructs, comparing the different selected objects (fixed vs
free ones). This analysis aims to assess whether some objects or
modalities yield better results than others. We then compare the
scores given by our users, comparing the generated views and the
inpainting ones, to evaluate whether the inpainting views yield
more attached and user-requested images. To ensure the validity
of these comparisons, we performed the Wilcoxon signed-rank
test, which is a non-parametric test designed for within-subject
comparisons [46] (all variables were non-normal). This test
determines whether a significant difference exists between two
conditions. If a significant difference is detected (p ≤ 0.05),
only the direction of the effect (greater or lower) is reported.
Conversely, if no significant difference is observed, the test
statistic will not be included. Lastly, findings from the User
Attitudes and Usability study are presented, incorporating both
implicit and explicit measures. All the statistical analyses were
performed using Python (v3.8) with the packages Matplotlib
(v3.8.4), Pandas (v2.2.1), Pingouin (v0.5.5), Seaborn (v0.13.2),
Scipy (v1.12.0), and Numpy (v1.26.4).

1) Statistical Analysis of Constructs: The boxplots presented
in Fig. 10 regard the LAE, 2D, 3D, and INPED score distribu-
tions across all the experimental conditions (i.e., TOASTER,
SOFA, HAT, Free). The median scores remain relatively high,
clustering around values between 3 and 4, indicating consistent
performance across different experimental conditions.

Regarding 2D constructs, a significant difference was found
only for item 2D-2 (“The generated views reflect my initial idea
and request of object”), where HAT outperformed TOASTER
(p = 0.0258, stat = 9.0) and marginally outperformed Free
(p = 0.0999, stat = 12.0). No other 2D constructs showed sta-
tistical differences, suggesting that engagement and perceived
robustness remain consistent across modalities, including the
unconstrained Free condition. For LAE constructs, results high-
light varied perceptions of MLLM assistance. While LAE-1

(“The MLLM guidance helped me identify missing objects in 2D
content”) showed no significant differences, high average scores
across all conditions indicate consistent perceived usefulness. In
LAE-2 (“The furnished scores provided by the LLM were useful
in improving my 2D content”), HAT was significantly more
beneficial than Free (p = 0.0196, stat = 0.0) and marginally
better than TOASTER (p = 0.0588, stat = 4.0). For LAE-3 (“I
felt more confident in completing the 2D generation with MLLM
assistance”), structured conditions HAT and SOFA both outper-
formed Free (p = 0.0339, stat = 0.0), and SOFA outperformed
TOASTER (p = 0.0348, stat = 4.0). Finally, LAE-4 (“The
MLLM guidance allowed me to focus more on creativity rather
than technical corrections”) showed no significant differences;
high overall scores suggest the MLLM successfully facilitates
creativity regardless of condition. Concerning 3D constructs,
3D-1 (“I was engaged with the 3D object at hand”) and 3D-4
(“My modifications on generated views reflect my initial idea
and request of object”) yielded no significant differences. How-
ever, for 3D-2 (“I was satisfied with this type of generated 3D
model”), HAT was rated significantly lower than TOASTER
(p = 0.0458, stat = 14.0) and marginally lower than Free (p =
0.0561, stat = 12.0), while TOASTER outperformed SOFA
(p = 0.0751, stat = 8.0). Regarding 3D-3 (“The realism of
the 3D models helps to enhance my creativity and skills”),
SOFA was rated significantly higher than HAT (p = 0.0348,
stat = 4.0). Overall, while specific satisfaction and realism rat-
ings varied, user engagement remained consistently high across
all 3D conditions.

2) Statistical Analysis Pre and Post Inpainting: To evaluate
whether the inpainting views yielded images more aligned to
user requests, we directly compared the scores given by our
users before (PRE) and afterwards (POST) the inpainting phase.
Table II reports this comparison.

The scores for inpainting processes during POST increased in
general relative to PRE, pointing to the fact that inpainting aided
the process to enhance view quality. There are further variations
of effectiveness among views in terms of inpainting. The top
two POST scores are for the Front and Back for the HAT object
(4.6 (0.49) in both cases). On the contrary, the side views (Right,
Left, Front-Right, Front-Left) exhibit a more moderate ability to
improve inpainting. The Free view, an unconstrained view, gets
a good share of the highest PRE results, although it lacks marked
improvements in POST.

To check whether these observations were statistically signif-
icant, we performed the Wilcoxon tests again on those vari-
ables. For HAT, significant differences were found between
the 2DI and INPED conditions in the following: Front (p =
0.0035), Front-Right (p = 0.0057), Right (p = 0.0062), Back (p
= 0.0023), Left (p = 0.0057), and Front-Left (p = 0.0039).
Again, INPED received generally higher values. Across all
views, there were no significant differences in the perception
of quality between conditions for SOFA. In TOASTER, there
were significant differences for Front-Right (p = 0.0304) and
Right (p = 0.0030), suggesting that INPED was rated higher
than 2DI. No significant differences were noted for Free across
all views. These findings suggest that structured guidance under
INPED conditions led to higher perceived quality for multiple
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Fig. 11. Violin plots for questionnaire responses.

views, particularly for HAT and TOASTER, whereas SOFA
and Free conditions showed no significant improvement. Future
research should explore the specific elements within INPED that
contribute to increased perceived quality and whether this trend
extends to different object categories and task settings.

3) Usability Analysis: Regarding the Technology Accep-
tance and Usability, we here report the scores obtained from
all the users in our post-questionnaires, where we furnished the
SUS, NASA, and TAM scales, as mentioned in Section V. The
results are visually depicted in Fig. 11.

These plots show consistently high TAM scores, reflecting
positive perceptions of usefulness and ease of use, while NASA
responses were more varied, particularly for workload measures,
but overall indicated a low task load. Finallyh, SUS results
revealed low scores for negative items and high scores for
positive ones, confirming good usability. However, to uncover
which factors may have lowered the usability of our system, we
collected and conceptually analyzed the answers obtained from
our qualitative study. Users appreciated how the system could
produce 3D items quickly and found the integration of MLLM’s
key to assist users in object modifications. However, some users
outlined how the modification of objects, in particular, the mask
generation process, could be slightly tedious (a specific user
study employing our log data is discussed in the Appendix C-D,
available online). Finally, users suggest incorporating pop-up
guidance and a history feature to improve user control over 3D
model visualization.

VI. DISCUSSIONS AND CONCLUSIONS

In this work, we introduced Imagin3D, a novel system that
leverages GenAI paradigms within an innovative HITL frame-
work to enhance human-AI collaboration for 3D generation
from a single image. In the system, we created the novel
MVQA module, powered by MLLMs, and a consistency-aware
inpainting mechanism to support users into a more accurate and
context-aware 3D object generation. Furthermore, we designed
and developed an intuitive UI that streamlines the entire process,
allowing end users to interact with the system seamlessly. To
evaluate our contributions, we conducted a quantitative analysis
of the MVQA module on the GSO dataset, demonstrating its
effectiveness in improving multi-view prompt adherence for
user generation guidance. Additionally, we performed a user
study to assess Imagin3D’s ability to assist users in the 3D
generation process. Our findings suggest that Imagin3D can ef-
fectively bridge the gap between AI-generated outputs and user
intent, mitigating common GenAI controllability limitations in
3D Generation.

Nevertheless, different limitations have emerged. First, Ima-
gin3D is currently designed and optimized for object-level gen-
eration, where canonical viewpoints provide adequate coverage.
While this suffices for single objects or moderately complex
multi-part structures, full scene-level generation remains chal-
lenging. Moreover, the MVQA component relies on prompt-
conditioned question generation rather than image-conditioned
ones. This ensures independence between generation and evalu-
ation, while exposing the system to natural variability in user in-
puts. Nevertheless, hybrid approaches that combine textual and
image-conditioned evaluation may improve system adaptability
in some specific cases, such as novice users. Such extensions
will also include features from recent advancements on multi-
view captioning, adaptive view selection, and 3D VQA [47],
[48], to improve viewpoint relevance and enable reasoning over
generated content. Moreover, adopting classic text-conditioned
inpainting diffusion models may not work well when the newly
addedportion involves complex meshes. In this context, the
guidance provided by image-conditioned Diffusion Models like
ControlNet could improve structural fidelity, when paired with
Conditions like Canny Edge Maps [49]. In our case, we chose not
to adopt ControlNet-like models due to the fact that the require-
ments for additional visual conditions may limit the flexibility
of the tool (in particular for areas within the mask itself), and so
we opted for a trade-off between structural quality generation
and diversity by adopting a simple Mask-Conditioned Diffusion
Model. Future iterations of Imagin3D will see the integration
of these techniques in order to explore their impact on the final
generation. We also plan on expanding the visualization layer
for the generated 3D model, in order to extend interactions, by
integrating well-established libraries like Blender Python and
PyMeshLab. Moreover, a natural extension of our framework
involves full scene-level generation and editing, leveraging in-
telligent region selection through 3D segmentation, with multi-
view and 3D inpainting for visual refinement. Finally, we will
conduct broader user studies across diverse application domains
to refine Imagin3D and assess its impact in different scenarios.
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