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Abstract

Despite recent advancements in text-to-image generation,
most existing methods struggle to create images with multi-
ple objects and complex spatial relationships in the 3D world.
To tackle this limitation, we introduce a generic Al system,
namely MUSES, for 3D-controllable image generation from
user queries. Specifically, our MUSES develops a progres-
sive workflow with three key components, including (1) Lay-
out Manager for 2D-to-3D layout lifting, (2) Model Engineer
for 3D object acquisition and calibration, (3) Image Artist for
3D-to-2D image rendering. By mimicking the collaboration
of human professionals, this multi-modal agent pipeline fa-
cilitates the effective and automatic creation of images with
3D-controllable objects, through an explainable integration of
top-down planning and bottom-up generation. Additionally,
existing benchmarks lack detailed descriptions of complex
3D spatial relationships of multiple objects. To fill this gap,
we further construct a new benchmark of T21-3DisBench (3D
image scene), which describes diverse 3D image scenes with
50 detailed prompts. Extensive experiments show the state-
of-the-art performance for MUSES on both T2I-CompBench
and T2I-3DisBench, outperforming recent strong competi-
tors such as DALL-E 3 and Stable Diffusion 3. These results
demonstrate a significant step forward of MUSES in bridging
natural language, 2D image generation, and 3D world.

Code — https://github.com/DINGYANB/MUSES
Dataset — https://huggingface.co/yanboding/MUSES
Extended version — https://arxiv.org/abs/2408.10605

Introduction

Text-to-image generation (Rombach et al. 2022a; Ramesh
et al. 2021; Midjourney 2024) is rapidly evolving in qual-
ity. However, such generation often struggles with detailed
user queries of multiple objects in complex scenes. Several
approaches have emerged to address this by compositional
text-to-image synthesis (Yang et al. 2024b; Chefer et al.
2023; Feng et al. 2024, 2023). Unfortunately, they fail to
accurately control 3D contents like object orientation and
camera view, even though our real world is inherently three-
dimensional. As shown in Fig. 1, when the prompt is “a
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frog facing right is behind a rabbit facing forward”, exist-
ing methods collapse with unsatisfactory 3D arrangements.
This raises a fundamental question: can we create images
with precise 3D control to better simulate our world?

To answer this question, we draw inspiration from the
workflow of 3D professionals. We observe that creating
such images typically involves three key stages: scene lay-
out planning, 3D objects design, and image rendering (Pharr,
Jakob, and Humphreys 2023). This highlights the need for
developing a systematic framework of 3D-controllable im-
age creation, rather than relying on a single generation
model. Therefore, we propose a generic Al system that auto-
matically and precisely creates images with 3D controllable
objects. We name it MUSES, since we consider human de-
signers as our “Muses”’, and mimic their workflows through
a collaborative pipeline of multi-modal agents.

Our MUSES system, as depicted in Fig. 2, comprises
three key agents that progressively achieve 3D-controllable
image generation: (1) Layout Manager. First, we employ a
Large Language Model (e.g., Llama3 (Al@Meta 2024)) to
plan and assign 3D object locations based on user queries.
Our innovative 2D-to-3D layout lifting paradigm first gen-
erates a 2D layout by in-context learning, then elevates it to
a 3D layout via chain-of-thought reasoning. (2) Model En-
gineer. After obtaining the 3D layout, we introduce a model
engineer to acquire 3D models of queried objects. To en-
hance its robustness, we design a flexible retriever that gath-
ers 3D models through a decision tree approach, combining
self-collected model shop retrieval, online search, and text-
to-3D generation. Furthermore, to ensure orientation align-
ment with the planned 3D layout, we develop a novel aligner
to calibrate object orientation by face-camera-view identifi-
cation with CLIP (Radford et al. 2021). (3) Image Artist. Fi-
nally, we introduce an image artist to render 3D-controllable
images. The 3D-aligned objects and their layouts are fed
into Blender (Community 2018), which accurately assem-
bles all the objects into 3D-to-2D condition images. These
conditions are then used with ControlNet (Zhang, Rao, and
Agrawala 2023) to generate the final image.

Our contributions are threefold. First, our MUSES is the
first Al system for 3D-controllable image generation, to our
best knowledge. It enables precise control over object prop-
erties such as object count, orientation, 3D spatial relation-
ships, and camera view, potentially bridging the gap between



(@)Prompt containing multiple objects,3D spatial relationships,and camera view:
Three vases in the back and three cups in the front, envenly sloo\ceo( on wooden table, right view.

(b) Prompt containing multiple objects, 3D spatial relationships, and orientations:

Three swans, one on the left facing right, one in the middle facing forward, one on the right facing left.

(c) Prompt containing multiple objects, 3D spatial relationships,and camera view:
Twenty five bread drranged in five horizontal lines, fill the entire picture, on white carpet, top view.
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Figure 1: Comparison Results With Various Methods. Our MUSES achieves the best, with object numbers highlighted in
brown, object orientations in yellow, 3D spatial relationships in blue, and camera views in green, outperforming both open-
sourced state-of-the-art methods and commercial API products, such as Stable Diffusion V3, DALL-E 3, and Midjourney v6.0.

image generation and world simulation. Second, MUSES is
a distinct multi-agent collaboration for 3D-controllable im-
age generation. Each agent of MUSES is an insightful and
novel integration of multi-modal agents, allowing for top-
down planning and bottom-up generation with robust con-
trol of 3D information. Finally, since existing benchmarks
lack detailed descriptions of complex 3D information like
object orientation and camera view, we further construct a
new benchmark of T2I-3DisBench (3D image scene), which
consists of 50 prompts involving multiple objects with di-
verse object orientations, 3D spatial relationships, and cam-
era views across various complex 3D scenes. Extensive ex-
periments demonstrate the superiority of MUSES on both
T2I-CompBench and our T2I-3DisBench, where it consis-
tently outperforms state-of-the-art competitors of both open-
source models and commercial API products, including Sta-
ble Diffusion v3 (Esser et al. 2024), DALL-E 3 (Betker et al.
2023), and Midjourney v6.0 (Midjourney 2024).

Related Work

Controllable Image Generation. Before diffusion (Ho,
Jain, and Abbeel 2020; Sohl-Dickstein et al. 2015), GAN-
based (Creswell et al. 2018) methods such as ControlGAN
(Lee and Seok 2019) and AttnGAN (Fang et al. 2022), in-
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corporate text features via attention (Vaswani et al. 2017)
modules to guide image generation. In recent years, Stable
Diffusion series (Podell et al. 2023; Rombach et al. 2022b,a)
have dominated the text-to-image generation market. Given
that text-based control is insufficient for precise image gen-
eration, ControlNet (Zhang, Rao, and Agrawala 2023) intro-
duced additional fine-grained conditions (e.g., depth maps).
Additionally, methods such as Structured-Diffusion (Feng
et al. 2023) and Attn-Exct (Chefer et al. 2023) fuse linguis-
tic structures or attention-based semantic guidance into the
diffusion process. Approaches like LayoutGPT (Feng et al.
2024) and LMD (Lian et al. 2023) use LLM to plan 2D lay-
outs (bounding boxes), while RPG (Yang et al. 2024b) plans
and assigns regions based on the user input. However, ex-
isting methods struggle to control 3D properties of objects.
We instead plan 3D layouts and incorporate 3D models and
simulations to achieve 3D controllable image generation.

LLM-Based Agents. LLMs like GPT series (Brown et al.
2020; Achiam et al. 2023) and Llama series (Touvron et al.
2023b,a) have revolutionized natural language processing
(Chowdhary and Chowdhary 2020). MLLMs like LLaVA
(Liu et al. 2024) and InternVL (Chen et al. 2024b) have en-
abled impressive performance on visual tasks. The combina-
tion of LLMs and MLLMs in multi-agent systems achieves
remarkable success across various domains, including visual
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Figure 2: Overview of our MUSES. Based on the user input, Layout Manager first plans a 2D layout and lifts it to a 3D one.
Then, Model Engineer acquires 3D models of query objects and aligns them to face the camera. Finally, Image Artist assembles
all the 3D object models into visual conditions that are used for final controllable image generation.

understanding (Kelly et al. 2024; Wu et al. 2023a), gaming
(Lietal. 2023; Gong et al. 2023), software development (Wu
et al. 2023b; Qian et al. 2023), video generation (Yuan et al.
2024; Yang et al. 2024a), and autonomous driving (Wei et al.
2024; Palanisamy 2020). We focus on image generation via
multi-agent collaboration. DiffusionGPT (Qin et al. 2024)
uses LLM to select models in image generation. SLD (Wu
et al. 2024) uses LLM for self-correcting the generated im-
age. CompAgent (Wang et al. 2024) uses LLM to coordinate
the image generation process into sub-steps. Unlike these
works, we use LLM to plan and lift 2D layouts to 3D.

Method

In this section, we introduce our MUSES for 3D control-
lable image generation. As shown in Fig. 2, it is a generic
Al system with a distinct multi-modal agent collaboration
pipeline. Specifically, our MUSES consists of three collabo-
rative agents including Layout Manager for 2D-to-3D layout
lifting, Model Engineer for 3D object acquisition and cali-
bration, Image Artist for 3D-to-2D image rendering.

Lifting: 2D-to-3D Layout Manager

To achieve precise 3D control, we first plan a 3D layout ac-
cording to the user input. Specifically, we employ LLM (e.g.,
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Llama3 (Al@Meta 2024)) as a layout manager due to its
great power of linguistic understanding. To alleviate plan-
ning difficulty, we design a 2D-to-3D lifting paradigm for
the progressive transition from 2D to 3D layout in Fig. 3.

2D Layout Planning via In-Context-Learning. We start
by planning the 2D position of the objects. Apparently, ask-
ing LLM directly to generate an object layout is not ideal, as
it may struggle with managing bounding boxes in images.
Hence, we leverage In-Context Learning (Dong et al. 2022),
allowing LLM to follow instructions with a few examples
from a 2D layout shop. We use the NSR-1K dataset (Feng
et al. 2024) as the 2D layout shop, since it contains over
40,000 entries with diverse prompts, objects, and the corre-
sponding bounding boxes. As the original NSR-1K dataset
lacks layouts in 3D scenes and complex scenes, we manu-
ally design and add some 3D layouts (details in Extended
Version). First, we use CLIP (Radford et al. 2021) text en-
coder to compare similarities of user input and text prompts
in the shop. Then, we select the top five 2D layouts with the
highest similarity scores. Finally, we feed these contextual
layouts along with instructions to LLM. Such a comprehen-
sive approach results in a contextually relevant 2D layout,
forming the foundation for the subsequent 3D lifting.

3D Layout Planning via Chain-of-Thought. Unlike previ-
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Figure 3: 2D-to-3D Layout Manager. First, based on the user input, our layout manager employs the LLLM to plan 2D layout
through In-context Learning. Then, it lifts the 2D layout to 3D space via Chain of Thought reasoning.

ous approaches (Feng et al. 2024; Qu et al. 2023; Lian et al.
2023) that directly use 2D layout for image generation, we
lift our 2D layout to 3D space. Specifically, With 2D layout
and user input, we further ask LLM to plan 3D attributes,
including depth, orientation, and camera view. To enhance
complex planning capability, we design a chain-of-thought
(CoT) prompt (Wei et al. 2022) for step-by-step reasoning
on each attribute. Taking depth as an example, the first step
instruction is to look for front-to-back position relationships
in user input. Based on such relationships, the second-step
instruction is to assign a depth value to each object, (e.g., “A
is in front of B”: A’s depth is set to 0.1 and B’s depth is set
to 0.9). The instructions for orientation and camera view are
similar. We list all instructions in our Extended Version. Via
such a concise manager, we can accurately exploit the 3D
layout in user input for subsequent 3D simulation in Blender.

Calibrating: 3D Model Engineer

After planning the 3D layout, the next step is to acquire spec-
ified 3D models. Specifically, we introduce a Model Engi-
neer which comprises two key roles: Model Retriever for
acquiring 3D models in the 3D layout, Model Aligner for
calibrating the orientations of 3D models to face camera.
3D Model Retriever: Retrieve-Generate Decision Tree.
To obtain 3D models with efficiency and robustness, we de-
sign a concise Model Retriever via the decision tree of re-
trieval and generation in Fig. 4. Our motivation is that, 3D
models from the internet have higher quality compared to
those generated by text-to-3D. Hence, we prioritize the re-
trieval of existing 3D models in the decision tree, which not
only enhances the overall visual quality of 3D models, but
also reduces computational load in text-to-3D synthesis.
Specifically, our model retriever is based on a 3D model
shop (300 3D models of 230 object categories) that is self-
built in an online fashion. First, the model retriever looks
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for 3D models of queried objects from the current shop, us-
ing the object name as the search key. Second, if it cannot
find any 3D models of a queried object from this shop (e.g.,
Batman in Fig. 4), it will search online, e.g., on the pro-
fessional website (Marius Kalytis 2011). For each object,
there may exist numerous 3D models from such a website.
Hence, we perform CLIP text encoder to calculate the sim-
ilarity between the object name and the online item title,
and select the 3D model with the highest similarity. Third, if
online search also fails in finding suitable 3D models (e.g.,
Comet Halley in Fig. 4), it will employ a text-to-3D gener-
ation model like Shap-E (Jun and Nichol 2023) or 3DTopia
(Hong et al. 2024) to synthesize corresponding 3D model.
Finally, we add the newly found object models to our 3D
model shop to enhance shop diversity and versatility of fu-
ture usage. In such a manner, we obtain 3D models of query
objects and remain up-to-date with the latest available high-
quality models, ensuring both efficiency and robustness.

3D Model Aligner: Face-Camera Calibration. As 3D
models are acquired from internet or generation, their orien-
tations may not align with the expected ones in the planned
3D layout. To address this, we introduce a novel 3D Model
Aligner, which can calibrate orientations of 3D models to
face camera, for further usage along with 3D layouts. We
propose to fine-tune CLIP as a binary classifier (Fig. 5) for
its strong generalization capacity by large-scale pretraining.

Fine-tuning CLIP as a Face-Camera Classifier. First, we
need to prepare the fine-tuning dataset. We randomly se-
lect 150 3D models from our 3D shop and import them
into Blender with a standardized environment. For each 3D
model, we perform multi-view rendering to generate a set of
2D images from various views, with different rotation_euler
parameters in Blender. Then, we annotate images by tag-
ging the description of “object name (faces / not face) cam-
era”. To increase data diversity across 3D geometries, we
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Figure 4: 3D Model Retriever. We develop a retrieve-generate decision tree that automatically acquires 3D objects specified in
the 3D layout from a self-collected model shop, based on a concise decision process of online search and text-to-3D generation.

randomly select 5 no-face-camera images as negative sam-
ples for each 3D model. To balance positive and negative
samples during fine-tuning, we make the face-camera image
as 5 copies for each 3D model. This results in a training set
with 1500 image-text pairs, which are used for fine-tuning
CLIP as a Face-Camera Classifier by contrastive language-
image learning. After fine-tuning, we test it with an extra
1500 images (50% face camera, 50% not) from other 150
3D models. All test images are correctly classified.
Inferring Face-Camera Image of 3D Object Models. Dur-
ing the inference, we import 3D models of queried objects
(from model retriever) into the same Blender environment
used in training dataset generation. For each 3D model, we
perform multi-view rendering to generate a comprehensive
set of 2D images from various views. Then, we use the fine-
tuned CLIP to identify the face-camera image of each 3D
model, by comparing similarities between the rendered im-
ages and the text “object name faces camera”. Based on this
image, we can effectively align 3D object models to face the
camera through the configuration of the rotation parameter
in Blender, which is used to generate correctly orientated
objects in the subsequent 3D-to-2D image generation.

Rendering: 3D-to-2D Image Artist

So far, we have obtained a 3D layout and aligned 3D mod-
els in the user query. Given these 3D materials, we next in-
troduce a concise image artist to create the 3D-controllable
image, based on a 3D-to-2D rendering as shown in Fig. 2.
More Blender rendering outputs can be found in our Ex-
tended Version. First, we assemble all the 3D object mod-
els into a complete scene based on the 3D layout. To ensure
consistent and accurate 3D scene composition, we develop a
comprehensive setting of parameter configuration in Blender
such as settings of rendering environment, camera, and ob-
ject (detailed Blender configurations are in Extended Ver-
sion). Once the 3D scene is fully assembled, we use the en-
gine, “CYCLES”, to convert the 3D scene into a 2D image.
To enhance the control over the final image generation, we
process this 2D rendering into two condition images, includ-
ing (1) Depth Map by Blender’s Z-pass rendering (Ouza, Ul-
rich, and Yang 2017), representing 3D spatial relationships.
(2) Canny Edge by OpenCV (Bradski 2000), highlighting
contours. Finally, we leverage these 3D-to-2D condition im-
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ages as fine-grained control, and use advanced image gener-
ation techniques like ControlNet (Zhang, Rao, and Agrawala
2023), to generate the final image with the user input. Via
such a concise image artist, our MUSES can flexibly gener-
ate a 3D-controllable image that accurately reflects both 3D
spatial details and semantic contents of the user input.

Experiment

Datasets and Metrics. We first conducted experiments on
T2I-CompBench (Huang et al. 2023) due to its comprehen-
sive evaluations of object count and spatial relationships.
Since T2I-CompBench lacks detailed text prompts for ob-
ject orientations and camera views. we further introduce
T2I-3DisBench (3D image scene), a dataset of 50 textual
prompts that encapsulate complex 3D information. We con-
ducted both automatic and user evaluations on our T2I-
3DisBench. Since the metrics of T2I-compBench are in-
adequate for assessing detailed 3D features, we uniquely
employed Visual Question Answering (VQA) on InternVL
(Chen et al. 2024b). Specifically, we fed instructions to In-
ternVL, asking it to score the generated images considering
four dimensions: count, orientation, 3D spatial relationship,
and camera view. Additionally, we conducted user evalua-
tion on our T2I-3DisBench, where participants scored the
images based on the same four dimensions. More details
about our T2I-3DisBench are shown in Extended Version.

Implementation Details. Our MUSES is modular and ex-
tensible, allowing for integration of various LLMs, CLIPs,
and ControlNets. In our experimental setup, we employed
Llama-3-8B (Al@Meta 2024) for 3D layout planning, ViT-
L/14 for image/text encoding, ViT-B/32 for orientation cal-
ibration, and SD 3 ControlNet (Zhang, Rao, and Agrawala
2023) for controllable image generation. For Llama-3-8B,
we set top_p to 0.1 and temperature to 0.2 to ensure precise,
consistent, and reliable outputs. For SD 3 ControlNet, we
set inference steps to 20 and control scales from 0.5 to 0.9,
as discussed in parameter ablation in Extended Version. Dur-
ing evaluation, we select the best one from the five images of
different control scales using benchmark metrics (e.g., T2I-
CompBench and T2I-3DisBench). The Blender’s parame-
ter conversion rules and settings are also specified in our
Extended Version. We use Mini-InternVL 1.5 (Chen et al.
2024a) for automated evaluation on T2I-3DisBench. Exper-
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iments are conducted on 8§ NVIDIA RTX 3090 GPUs.
SOTA Comparison on T2I-Compbench. As shown in Tab.
1, we compared our MUSES with two types of existing
SOTA methods: specialized/multi-agent approaches in the
upper part and generic models in the lower part. MUSES
consistently outperforms both categories across all metrics,
including object count, relationship, and attribute binding.
Specifically, Our innovative 3D layout planning and 3D-
to-2D image conditions enhance object relationship under-
standing, leading to best performance on spatial-related met-
rics. Additionally, precise object positioning boosts the nu-
meracy score, and detailed 3D model shape guidance signif-
icantly improves attribute binding scores.

SOTA Comparison on T2I-3DisBench. As shown in Tab.
2, we conducted both automatic and user evaluations (in
parentheses) on our T21-3DisBench and compared two types
of SOTA methods as well. For automatic evaluation on
InternVL-VQA metrics, our MUSES consistently outper-
forms others, including the open-source SOTA model, Sta-
ble Diffusion V3, and closed-source API products like Mid-
journey v6.0. Obviously, existing approaches struggle with
complex prompts containing 3D information (e.g., object
orientation, camera view), highlighting the importance of
our 3D-integration design. For user evaluation, We ran-
domly selected 20 prompts from our T2I-3DisBench and
engaged 30 participants to rate image accuracy on a scale
of 0.0 (poor) to 1.0 (excellent) across four dimensions. The
results show a strong preference for MUSES, demonstrating
its effectiveness in handling complex 3D scenes.

Ablation Studies. As shown in Table 3, our full system
achieves the best performance. Removing any of the com-
ponents will result in performance degradation. (1) Object
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Depth Planning is essential, as its removal leads to poor 3D
spatial representation in Blender, affecting both datasets. (2)
Object Orientation Planning is critical for prompts contain-
ing orientation information, with a score dropping on T2I-
3DisBench when removed. (3) Camera View Planning af-
fects performance mostly on T2I-3DisBench, since it con-
tains camera information. (4) Retrieve-Generate Decision
Tree significantly influences performance on both datasets,
highlighting the importance of high-quality 3D models. (5)
Face-Camera Calibration is the most important; its removal
causes sharp performance drops as 3D models lose correct
orientation specified in the 3D layout. (6) CLIP Fine-tuning
During Calibration improves CLIP’s accuracy in determin-
ing object orientations, thus enhancing the orientation accu-
racy of our final image. (7) Multiple Control Scales effec-
tively improves performance on both benchmarks. (8) 3D
Layout Shop Expansion helps the LLM generate 3D and
complex layouts better; it obviously works. (9) Co-ablation
of Multiple Components (last three columns) shows that re-
moving the Model Engineer has the most significant impact,
resulting in poor object shaping and orientation. Removing
the Layout Manager also notably degrades performance. Re-
moving all components will result in the lowest score. These
findings demonstrate that each component is crucial for our
3D controllable image generation system.

Conclusion

We introduce MUSES, a multi-agent collaborative system
for precise 3D controllable image generation. By integrat-
ing 3D layouts, models, and simulations, MUSES achieves
fine-grained control over 3D object properties, including ob-
ject orientation, 3D spatial relationship, and camera view.



Method Attribute Binding Object Relationship Numeracy?
Colort Shapef Texturef 2D-Spatialt 3D-Spatialt Non-Spatialt

LayoutGPT (Feng et al. 2024) 0.2921 0.3716 0.3310 0.1153 0.2607 0.2989 0.4193
Structured Diffusion (Feng et al. 2023)  0.4990  0.4218 0.4900 0.1386 0.2952 0.3111 0.4562
Attn-Exct (Chefer et al. 2023) 0.6400 0.4517 0.5963 0.1455 - 0.3109 -
GORS (Huang et al. 2023) 0.6603  0.4785 0.6287 0.1815 - 0.3193 -
RPG-Diffusion (Yang et al. 2024b) 0.6024  0.4597 0.5326 0.2115 0.3587 0.3104 0.4968
CompAgent (Wang et al. 2024) 0.7400  0.6305 0.7102 0.3698 - 0.3104 -
SDXL (Podell et al. 2023) 0.6369  0.5408 0.5637 0.2032 0.3438 0.3110 0.5145
PixArt-a (Chen et al. 2023) 0.6886  0.5582 0.7044 0.2082 0.3530 0.3179 0.5001
Playground v2.5 (Li et al. 2024a) 0.6381  0.4790 0.6297 0.2062 0.3816 0.3108 0.5329
Hunyuan-DiT (Li et al. 2024b) 0.6342  0.4641 0.5328 0.2337 0.3731 0.3063 0.5153
DALL-E 3 (Betker et al. 2023) 0.7785  0.6205 0.7036 0.2865 - 0.3003 -
SD v3 (Esser et al. 2024) 0.8085 0.5793 0.7317 0.3144 0.4026 0.3131 0.6088
MUSES (Ours) 0.8726  0.6812 0.8081 0.4756 0.4639 0.3226 0.7720

Table 1: Evaluation Results on T2I-CompBench. Our MUSES demonstrates the best performance on attribute binding, object
relationship, and object count, outperforming SOTA methods, including multi-agent specialized methods, and generic models.

Method Average Score 1 Object Count 1 Orientation T 3D Spatial Relationship T Camera View 1
Structured Diffusion (Feng et al. 2023)  0.1862 (0.15) 0.2160 (0.14)  0.1647 (0.08) 0.1773 (0.21) 0.1866 (0.18)
RPG-Diffusion (Yang et al. 2024b) 0.2753 (0.18) 0.3209 (0.18)  0.2533 (0.15) 0.3195 (0.25) 0.2075 (0.12)
LayoutGPT (Feng et al. 2024) 0.2348 (0.14) 0.2937 (0.14)  0.2058 (0.12) 0.2783 (0.18) 0.1613 (0.10)
Playground v2.5 (Li et al. 2024a) 0.2344 (0.19) 0.3587 (0.19)  0.1887 (0.17) 0.2071 (0.28) 0.1830 (0.15)
DALL-E 3 (Betker et al. 2023) 0.2627 (0.23) 0.3013 (0.15)  0.2363 (0.18) 0.2370 (0.29) 0.2757 (0.29)
Hunyuan-DiT (Li et al. 2024b) 0.2780 (0.22) 0.3496 (0.19)  0.2517 (0.21) 0.2598 (0.29) 0.2510 (0.18)
Midjourney v6.0 (Midjourney 2024) 0.3760 (0.35) 0.4470 (0.39)  0.3438 (0.27) 0.3518 (0.36) 0.3613 (0.38)
SD v3 (Esser et al. 2024) 0.4206 (0.36) 0.5383 (0.42)  0.3303 (0.26) 0.4600 (0.40) 0.3537 (0.33)
MUSES (Ours) 0.6156 (0.62) 0.7488 (0.61)  0.4709 (0.68) 0.7207 (0.62) 0.5220 (0.57)

Table 2: Evaluation Results on our T2I-3DisBench. Our MUSES consistently outperforms other methods across all metrics.
Each cell displays both the InternVL-VQA metric value and the corresponding score from user evaluation (in parentheses).

Component Choice

Object Depth Planning v X x x
Object Orientation Planning 4 b ¢ b 4 b 4
Camera View Planning 4 b 4 b 4 b 4
Retrieve-Generate Decision Tree 4 b 4 b 4 b 4
Face-Camera Calibration v b ¢ b 4 b 4
CLIP Fine-tuning During Calibration ¢/ b 4 b 4 b 4 b 4
Multiple Control Scales v b 4 b 4
3D Layout Shop Expansion v X b 4
Results on T2I-CompBench 0.4639 0.4127 0.4609 0.4636 0.4234 0.3828 0.4289 0.3893 0.3925 0.3641 0.3427 0.3093
Results on T2I-3DisBench 0.6156 0.4981 0.4938 0.5245 0.5360 0.4019 0.5026 0.5192 0.4405 0.3748 0.3661 0.3178

Table 3: Ablation Studies of Different Components on T2I-CompBench and on our T2I-3DisBench. Where T2I-
CompBench uses the 3D-spatial metric because it is most relevant to the 3D environment, and T2I-3DisBench uses the average
InternVL-VQA score in terms of object count, object orientation, 3D spatial relationship, and camera view.

To evaluate such complex 3D image scenes more com-
prehensively, we construct a new benchmark named T2I-
3DisBench. Experiments on T2I-CompBench and our newly
introduced T2I-3DisBench demonstrate the state-of-the-art
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performance of MUSES in handling complex 3D image
scenes. Future work will focus on improving efficiency and
expanding capabilities to control lighting conditions, and
potentially expanding to video generation.
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