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Figure 1. MIDI generates compositional 3D scenes from a single image by extending pre-trained image-to-3D object generation models
to multi-instance diffusion models, incorporating a novel multi-instance attention mechanism that captures inter-object interactions. (a)
shows our generated scenes compared with those reconstructed by existing methods. (b) presents our generated results on synthetic data,

real-world images, and stylized images.
Abstract

This paper introduces MIDI, a novel paradigm for composi-
tional 3D scene generation from a single image. Unlike ex-
isting methods that rely on reconstruction or retrieval tech-
niques or recent approaches that employ multi-stage object-
by-object generation, MIDI extends pre-trained image-to-
3D object generation models to multi-instance diffusion
models, enabling the simultaneous generation of multiple
3D instances with accurate spatial relationships and high
generalizability. At its core, MIDI incorporates a novel
multi-instance attention mechanism, that effectively cap-
tures inter-object interactions and spatial coherence di-
rectly within the generation process, without the need for
complex multi-step processes. The method utilizes partial
object images and global scene context as inputs, directly
modeling object completion during 3D generation. During
training, we effectively supervise the interactions between
3D instances using a limited amount of scene-level data,
while incorporating single-object data for regularization,
thereby maintaining the pre-trained generalization ability.
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MIDI demonstrates state-of-the-art performance in image-
to-scene generation, validated through evaluations on syn-
thetic data, real-world scene data, and stylized scene im-
ages generated by text-to-image diffusion models.

1. Introduction

Generating compositional 3D scenes from a single image is
challenging due to the limited spatial clues captured from
a partial point of view. In fact, accurately inferring the 3D
geometry of each instance and the spatial relationships of
multiple instances within a scene, requires extensive prior
knowledge of the 3D visual world.

Existing methods can be broadly categorized into two
classes, according to how the prior knowledge is processed.
The former class [4, 6, 7, 18, 38, 48, 50, 77, 79] en-
codes 3D geometry by neural networks that are trained from
scene-level 3D datasets, and then inferences the geome-
try in a new image with a feed-forward pass. Due to the
scarcity of supervised data, these methods often suffer from
poor reconstruction quality in unseen scenarios. The other
class [17, 19, 28, 32-34] stores 3D models in a database,
then retrieve and assemble similar 3D models to match the
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input image. However, the limited geometric clues from a
single image make it difficult to precisely identify and ar-
range the correct models. Moreover, since it is impractical
for a 3D database to contain every possible model that ex-
actly corresponds to the input image, the retrieved models
can only approximately align with the objects, leading to
inconsistencies. Therefore, methods in both classes lack
accuracy and sufficient out-of-domain generalizability, in
terms of novel object shapes and unseen scene layouts.

Recent image-to-3D object generation models [20, 24,
27, 29, 35, 39, 40, 43, 44, 64-66, 68-71, 73, 75, 78, 80],
with powerful 3d prior and generalization capabilities, can
generate high-quality geometry from a single object im-
age. Building upon these pre-trained models, a com-
mon approach for scene generation involves using them as
tools within a multi-step compositional generation process,
which includes segmenting the scene image, completing in-
dividual object images, generating each object, and opti-
mizing their spatial relationships [5, 21, 81], as shown in
Fig. 2. While these methods leverage the priors of 3D ob-
ject generation models, the generation process is inherently
lengthy and prone to error accumulation — errors in interme-
diate steps can significantly distort the final result. More-
over, the optimization of spatial relationships cannot di-
rectly optimize 3D objects generated one by one by the pre-
vious stage that lacks global scene context, leading to mis-
alignments between the generated instances and the overall
scene. Therefore, if inter-object spatial relationships can
be modeled directly within the 3D generation model, it is
possible to construct an end-to-end pipeline that addresses
these issues by generating all instances simultaneously with
coherent spatial arrangements.

We propose MIDI, which extends pre-trained 3D ob-
ject generation models to multi-instance diffusion models,
establishing a new paradigm for compositional 3D scene
generation. Our approach enables the simultaneous cre-
ation of multiple 3D instances with accurate spatial rela-
tionships from a single scene image, moving beyond inde-
pendent object generation to a holistic understanding of the
scene. Building upon large-scale pre-trained image-to-3D
object generation models [35, 71, 78, 80], MIDI employs
a novel multi-instance attention mechanism that effectively
captures complex inter-object interactions and spatial co-
herence directly within the generation process, eliminat-
ing the need for complex multi-step procedures. This ad-
vanced design allows for the direct generation of cohesive
3D scenes, significantly enhancing both efficiency and ac-
curacy. Due to the universal nature of spatial relationships
between objects, we effectively supervise the interactions
between 3D instances using a limited amount of scene-level
datasets [15, 16] during training. Additionally, we incorpo-
rate single-object data for regularization, thereby maintain-
ing the generalization ability of the pre-trained model.
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Figure 2. Comparison between our scene generation pipeline
with multi-instance diffusion and existing compositional genera-
tion methods.

To validate the effectiveness of our proposed paradigm,
we conduct experiments on synthetic datasets [15, 16], real-
world scenes [8, 62], and various stylized scene images gen-
erated by text-to-image diffusion models [52, 57]. Results
demonstrate that MIDI significantly advances the field of
3D scene generation by effectively modeling inter-object in-
teractions through our multi-instance attention mechanism
in the pre-trained 3D generation model. MIDI produces
high-quality 3D scenes with accurate geometries and spatial
layouts, while exhibiting strong generalization capabilities.
In summary, our main contributions are as follows:

* We establish a new paradigm for compositional 3D scene
generation by proposing a multi-instance diffusion model,
which extends pre-trained image-to-3D object generation
models to generate spatially correlated 3D instances.

* We introduce a novel multi-instance attention mechanism
that effectively models cross-instance interactions, ensur-
ing the coherence and accurate spatial relationships.

» Experiments demonstrate MIDI achieves state-of-the-art
performance, significantly improving the generation of
3D scenes by accurately capturing inter-object relation-
ships and providing better alignment with the input.

2. Related Work

2.1. Scene Reconstruction from a Single Image

Recovering the 3D structure of a scene from a single image
is a fundamental challenge in computer vision. Existing
methods can be categorized into feed-forward reconstruc-
tion methods [4, 6, 7, 18, 38, 48, 50, 77, 79], retrieval-based
methods [17, 19, 28, 32-34], and recent compositional gen-
eration approaches [5, 11, 21, 63, 81].
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Figure 3. Method overview. Based on 3D object generation models, MIDI denoises the latent representations of multiple 3D instances
simultaneously using a weight-shared DiT module. The multi-instance attention layers are introduced to learn cross-instance interaction
and enable global awareness, while cross-attention layers integrate the information of object images and global scene context.

Feed-forward reconstruction methods.  Feed-forward
reconstruction methods [4, 6, 7, 18, 38, 48, 50, 77, 79]
leverage 3D spatial knowledge and use 3D supervision to
train end-to-end regression systems. They typically employ
encoder-decoder architectures to predict scene properties
such as geometry and instance labels from a single image.
While jointly predicting scene layout and object poses en-
sures intrinsic correctness, these methods often suffer from
limited reconstruction quality due to the scarcity of super-
vised 3D scene data and struggle to generalize to out-of-
distribution images.

Retrieval-based methods. Retrieval-based methods [17,
19, 28, 32-34] reconstruct scenes by retrieving and aligning
3D models from a database based on the input image. For
example, DiffCAD [17] trains diffusion models [23, 59—
61] under synthetic data supervision, to model distributions
of CAD object shapes, poses, and scales, which facilitates
CAD model retrieval and alignment to the image input. Al-
though these methods can produce detailed objects by lever-
aging existing 3D assets, they heavily depend on database
diversity and often face retrieval errors due to insufficient
information from single images, leading to misalignments.

Compositional generation methods.  Recent composi-
tional generation methods [5, 11, 21, 81] utilize large-scale
perceptual and generative models in both image [31, 41,
47, 52, 54, 55, 57, 58] and 3D object [13, 29, 78] do-
mains to improve scene reconstruction. These methods typ-
ically involve a multi-stage pipeline, including image seg-
mentation [55], object completion [57], per-object genera-
tion [29, 78], and layout optimization. While they enhance
generalization capabilities by leveraging pre-trained mod-
els, their complex pipelines are susceptible to error accu-
mulation, and the lack of global scene context during per-

object processing can lead to misaligned results. Our work
addresses these issues by leveraging a pre-trained image-
to-3D object generation model to simultaneously generate
multiple 3D instances with interrelated relationships, im-
proving robustness and maintaining strong generalization.

2.2. 3D Object Generation from a Single Image

Advancements in diffusion models [23, 60] and large-scale
datasets [9, 10] have propelled progress in 3D genera-
tion [12, 24, 27, 35, 37, 39, 40, 43, 44, 46, 56, 64, 66, 68—
73, 78, 80]. Several image-to-3D object generation meth-
ods [26, 43, 44, 64, 66, 68, 69, 73] adopt a two-stage
pipeline that involves generating multi-view images and
then reconstructing 3D objects. They fine-tune pre-trained
image [52, 57] or video [2] diffusion models to produce
multi-view images and employ large reconstruction mod-
els [24, 64, 74, 82] or optimization-based methods [67] to
recover geometries. Another group of work [35, 36, 71,
78, 80] focuses on generating 3D native geometry by train-
ing large-scale generative models, which typically comprise
a variational autoencoder [30] and a latent diffusion trans-
former (DiT) [51]. These models produce high-quality ge-
ometries with strong generalization due to training on di-
verse datasets. Building upon these advancements, we fine-
tunes such an object geometry generator to create composi-
tional instances while retaining generalization ability.

3. Preliminary: 3D Object Generation Models

Large-scale 3D object generation models [35, 36, 71, 78,
80] are the foundation of our approach. These models often
comprise three main components: 1) a transformer-based
variational autoencoder (VAE) [30] with an encoder £ and
a decoder D, which compress 3D geometric representations



into a low-dimensional latent space, and 2) a denoising
transformer network €y, trained on the compressed latent
space to transform noise € ~ A(0, I) into the original 3D
data distribution zg, and 3) a group of condition encoders,
such as CLIP [53] and DINO encoders [49] for encoding
text or image conditions, which are then passed to the de-
noising network by cross-attention mechanism.

At inference time, the denoising process generates sam-
ples in the latent space, and the decoder D produces geo-
metric representations like SDF values or tri-plane features,
which can be converted into a 3D mesh by applying march-
ing cubes [45] or using an additional mapping network.

4. MIDI: Multi-Instance 3D Generation

MIDI lifts 3D object generation to compositional 3D in-
stance generation, enabling the creation of 3D scenes with
accurate spatial relationships from a single image. Specifi-
cally, given a scene image, our objective is to generate spa-
tially correlated 3D latent tokens {z}}Y ; corresponding
to the NV instances present in the image. These latent to-
kens can be decoded and directly combined to obtain high-
quality 3D scenes.

In this section, Sec. 4.1 first introduces the overall
framework of multi-instance diffusion models, detailing
how it generalizes single-object diffusion models to han-
dle multiple interacting instances. Sec. 4.2 then elabo-
rates on the multi-instance attention mechanism that models
cross-instance relationships in 3D space. Finally, Sec. 4.3
presents the training procedure of MIDI.

4.1. Multi-Instance Diffusion Models

As demonstrated by Fig. 3, our multi-instance diffusion
models extend the original DiT modules of 3D object gen-
eration models in three aspects: 1) the latent representations
of multiple 3D instances are denoised simultaneously (i.e.
in parallel) using a shared denoising network, 2) a novel
multi-instance attention mechanism is introduced into the
DiT modules to learn cross-instance interaction and enable
global awareness, and 3) a simple yet effective method for
encoding image inputs, including local object images and
global scene context.

Overview of framework.  Our multi-instance diffusion
model builds upon existing 3D object diffusion models by
extending them to denoise the 3D representations of mul-
tiple instances simultaneously. Specifically, we retain the
VAE of the base model to compress the 3D geometric repre-
sentations of multiple instances into low-dimensional latent
features {z}}¥.,. We extend the denoising network 5 to
condition on the global scene image c,, the RGB images of
the N local objects {c{}¥ ,, and their corresponding masks
{mi}¥ . The denoising network learns to transform noise
{€" ~ N(0,1)}Y; into the 3D data distribution, effectively
capturing the spatial configurations of the instances.

Object Self-Attention

Multi-Instance Attention

Figure 4. Multi-instance attention. We extend the original object
self-attention, where tokens of each object query only themselves,
to multi-instance attention, where tokens of each instance query
all tokens from all instances in the scene.

Cross-instance interaction.  Compositional 3D instance
generation requires that the generated multiple instances ex-
hibit interactive relationships in 3D space. To achieve this,
we introduce a multi-instance attention mechanism within
the denoising process, which models cross-instance interac-
tions in the latent feature space during denoising. The inte-
gration of this mechanism transforms the generation of mul-
tiple objects from independent processes into a synchronous
interactive process, enhancing global scene coherence and
ensuring that the spatial relationships among objects are ac-
curately represented.

Image conditioning. To encode all the image condi-
tions, we propose a simple yet effective method, involving
1) the encoding of both global scene information and local
instance details and locations with a ViT-based image en-
coder 7y [49], and 2) integrating the image embeddings us-
ing cross-attention layers. Specifically, for each instance 2,
we concatenate its RGB image ¢}, mask m/, and the global
scene image c, along the channel dimension, resulting in a
composite representation y € R"*“*¢ where ¢ = 7. The
composite image is then passed into a ViT-based encoder
with extended input channels to extract a sequence of im-
age features. Finally, we use a cross-attention mechanism
in the transformer-based denoising network to integrate the
conditioning image features.

4.2. Multi-Instance Attention

We now introduce the multi-instance attention mechanism,
which is the key of MIDI to enforce spatial relationship
across multiple 3D instances. This mechanism extends
original object self-attention layers by connecting different
instances within the attention computation (See Fig. 3).

Specifically, we transform the K original object self-
attention layers into multi-instance attention layers by in-
tegrating the features of all instances { £}V, into the at-
tention process, formulated as:

i = Attention (£, {f/})), (1)

where f is the feature of instance 4, and Attention(-) de-



notes the attention function that allows each instance to at-
tend to the features of all instances in the scene, including
itself. Therefore, as illustrated in Fig. 4, each token within a
particular instance now queries information from tokens of
all instances in the scene. This enables the attention mech-
anism to effectively model cross-instance interactions by
considering the collective set of tokens, thereby capturing
inter-object relationships and spatial dependencies.

4.3. Training

To train MIDI, we extend the loss of our base model, which
utilizes the rectified flow [42] architecture, from single-
object to multi-instance. For each training step, we sam-
ple a shared noise level ¢ from 0 to 1 for all the instances
{z*}} |, perturbing them along a simple linear trajectory:

{z}ily = H{zo} il + (1 - O{ehly, )

where €' ~ N(0,I). Then we employ the following loss
function to fine-tune the denoising network €y and the im-
age encoder Ty:

N
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Since our training dataset is much smaller than the pre-
training dataset of single-object 3D generation models, we
incorporate additional 3D object datasets for training to re-
tain the original generalization capability. In practice, with
a 30% chance, we train the multi-instance diffusion model
as a simple image-to-3D object generation model on a sub-
set of Objaverse dataset [9] by turning off the multi-instance
attention.

5. Experiments
5.1. Setup

Implementation details. = We implemented MIDI based
on our own image-to-3D object generation model, which
utilizes the rectified flow architecture [42] and employs 21
attention blocks to construct the denoising transformer net-
work, developed from existing 3D object generation meth-
ods [78, 80]. We initialize the image encoder 7y in MIDI
using DINO [49], and expand the channel dimension of the
input projection layer to accommodate 7 channels, corre-
sponding to the concatenated inputs y (i.e. scene images,
object images and masks). We set the resolution of y to
512. During training, we adopt the Low-Rank Adaptation
(LoRA) technique [25] to fine-tune the pre-trained model
efficiently. For the multi-instance attention mechanism, we
set the number of multi-instance attention layers K to 5.
Note that we focus on generating the instances in the scene
and their spatial relationships. Planar background struc-
tures like floors and walls are not part of our generation

scope, and they can be easily generated using existing meth-
ods [11, 81].

Datasets. We trained MIDI on the 3D-Front dataset [15],
which is a synthetic 3D dataset of indoor 3D scenes with
rich annotations. We performed cleaning by filtering out
scenes with unreasonable object placements, such as in-
tersecting or floating objects, resulting in approximately
15,000 high-quality scenes. The dataset is split into training
and testing sets, with 1,000 scene images randomly selected
as the test set. We evaluate MIDI on four widely used 3D
scene reconstruction benchmarks, which includes synthetic
datasets (i.e. test set of 3D-Front [15], BlendSwap [1]) and
real-world datasets (i.e. Matterport3D [3], ScanNet [8]). To
further validate the generalization ability of MIDI, we also
test on scene images with various styles generated by the
text-to-image diffusion model [52].

Baselines. We mainly compare our method with the
state-of-the-art methods in scene reconstruction from sin-
gle images, which includes feed-forward reconstruction
methods PanoRecon [7], Total3D [48], InstPIFu [38]
and SSR [4], retrieval-based methods DiffCAD [17], and
compositional generation methods Gen3DSR [I1] and
REPARO [21].

Metrics. Following existing scene reconstruction meth-
ods [48, 81], we use Chamfer Distance and F-Score with
the default threshold of 0.1 to evaluate the whole scenes.
To further evaluate the geometric quality of individual 3D
objects, we compute the Chamfer Distance and F-Score at
the object level for each object within the scene, assessing
the fidelity of each object’s geometry independently. Ad-
ditionally, we calculate Volumetric Intersection over Union
(Volume IoU) between the bounding boxes of objects in the
reconstructed or generated scene and those in the ground
truth scene to assess the accuracy of object layouts and spa-
tial arrangements. We also report the average runtime for
each method to generate one scene.

5.2. Scene Generation on Synthetic Data

Tab. | reports quantitative comparisons on synthetic
datasets, including 3D-Front [15] and BlendSwap [1]. Our
method, MIDI, achieves the best performance among the
state-of-the-art methods across all evaluated metrics with-
out incurring much time consumption. Specifically, at the
object level, our method significantly outperforms existing
methods [4, 7, 11, 17, 21, 38, 48] due to our novel design
based on pre-trained 3D object prior. Our MIDI, utilizing
pre-trained object generation models, achieves a substan-
tial leap in quality compared to methods that rely solely on
reconstruction from limited data. At the scene level, met-
rics assessing the overall scene reconstruction quality and
the alignment of object locations with ground truth demon-
strate that our multi-instance diffusion models exhibit better



Table 1. Quantitative comparisons on synthetic datasets [1, 15] in scene-level Chamfer Distance (CD-S) and F-Score (F-Score-S), object-
level Chamfer Distance (CD-O) and F-Score (F-Score-O), and Volume IoU of object bounding boxes (IoU-B).

3D-Front BlendSwap
CD-S| F-Score-S1 CD-OJ F-Score-O1 IoU-B1|CD-S| F-Score-ST CD-OJ] F-Score-OT IoU-B7 | Runtimel

PanoRecon [7] | 0.150 40.65 0.211 35.05 0.240 | 0.427 19.11 0.713 13.06 0.119 32s
Total3D [48] 0.270 32.90 0.179 36.38 0.238 | 0.258 37.93 0.168 38.14 0.328 39s
InstPIFu [38] | 0.138 39.99 0.165 38.11 0.299 | 0.129 50.28 0.167 38.42 0.340 32s
SSR [4] 0.140 39.76 0.170 37.79 0.311 | 0.132 48.72 0.173 38.11 0.336 32s
DiffCAD [17] | 0.117 43.58 0.190 37.45 0.392 | 0.110 52.83 0.169 38.98 0.457 64s
Gen3DSR [11]| 0.123 40.07 0.157 38.11 0.363 | 0.107 60.17 0.148 40.76 0.449 9min
REPARO [21] | 0.129 41.68 0.160 40.85 0.339 | 0.115 62.39 0.151 42.84 0.410 4min
Ours 0.080 50.19 0.103 53.58 0.518 | 0.077 78.21 0.090 62.94 0.663 40s
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Figure 5. Qualitative comparisons on synthetic datasets, including 3D-Front [15] and BlendSwap [1].

robustness and accuracy compared to multi-stage object-by-
object generation methods. MIDI effectively models global
scene knowledge and the spatial relationships between ob-
jects, resulting in coherent and accurately arranged scenes.

The qualitiative comparison is shown in Fig. 5. Exist-
ing feed-forward reconstruction methods [7, 38, 48] often
produce inaccurate geometry and misaligned scene layouts.
Retrieval-based methods [17] produce results that do not
accurately align with the input image. Multi-stage object-
by-object generation methods [11, 21] generate instances
that fail to align correctly with the overall scene due to the
absence of scene context constraints during object image

completion and 3D generation. In contrast, MIDI produces
high-quality geometries and preserves accurate spatial con-
figurations among multiple instances, due to our utilization
of pre-trained object priors and effective multi-instance at-
tention mechanism.

5.3. Scene Generation from Real Images

We further evaluate MIDI on Matterport3D [3] and Scan-
Net [8] using real images. For a qualitative comparison with
other methods, we select 10 scenes from the test set of these
two datasets, and sample one image from each scene as the
input. We show the visual comparisons in Fig. 6, where
we successfully generate scenes from real images and sig-
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Figure 6. Qualitative comparisons on real-world data, including Matterport3D [3] and ScanNet [8].

nificantly outperform the previous works in the accuracy
and completeness. This demonstrates the huge potentials
and generalization capabilities of the multi-instance diffu-
sion models in generating real-world 3D scenes.

5.4. Scene Generation from Stylized Images

To further assess the generalization capabilities of MIDI, we
utilize the text-to-image diffusion model SDXL [52] to gen-
erate scene images with diverse styles, and test our method
on them. Due to the limitations of existing methods in han-
dling such diverse inputs, we compare MIDI exclusively
with REPARO [21]. As shown in Fig. 8, MIDI generates
accurate and coherent 3D scenes from the varied input im-
ages, demonstrating its strong generalization ability.

5.5. Ablation Study

We conduct ablation studies on 3D-Front [15] dataset to
evaluate the impact of key components in MIDI. Specif-
ically, we examine: 1) the number of multi-instance at-
tention layers K, 2) the inclusion of the global scene im-
age as conditioning input, and 3) the use of single-object
dataset [9] for mixed training.

Base model without any design.  We start with a base-
line that directly fine-tunes the object generation model on
the scene dataset without any design. However, the base-
line model can not generate separable multi-instances, and

Table 2. Ablation studies. We evaluate the number of multi-
instance attention layers (#K), the inclusion of global scene im-
age (S.) input, and the use of Objaverse [9] (O.) for mixed training.

#K|S.|0.|CD-S| F-Score-St CD-O] F-Score-Of IoU-Bt

| X | X| 0152 4116 - - -

o |V |v']o0145 4094 0.096 54.16 0.327
5 |V |v'] 0080 5019 0.103 53.58 0.518
21 |V |V | 0127 44588 0.141 48.55 0.423

X|vV | 0134 4149 0.102 5291 0.459
0.137 4200  0.126 51.62 0.502

shows weak modeling of spatial relationships (see Fig. 7)
due to limited scene data for training.

Number of multi-instance attention layers K. We ex-
periment with K = 0, K = 5, and K = 21. Quantitative
results in Tab. 2 and qualitative examples in Fig. 7 indicate
that K = 5 achieves the best performance. With K = 0, the
model fails to capture correct spatial relationships, leading
to incoherent scene layouts, demonstrating the importance
of our proposed multi-instance attention. When K = 21,
excessive attention layers cause overfitting and distorted
object geometries due to disruption of the pre-trained 3D
prior after the model is trained on a relatively small scene
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Figure 7. Qualitative ablation studies on the number of multi-instance attention layers K, and the use of global scene image conditioning,
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Figure 8. Qualitative comparisons on stylized images that are gen-
erated by text-to-image diffusion models.

dataset. We choose K = 5, where only a subset of the
self-attention layers are converted to multi-instance atten-
tion, balancing between modeling interactions and preserv-
ing the pre-trained prior.

Global scene image conditioning. We remove the
global scene image from the input and condition the model
solely on local object images and masks. As shown in Tab. 2
and Fig. 7, excluding the global scene context significantly
impairs the model’s ability to generate coherent 3D scenes.
The resulting scenes exhibit incorrect object placements and
lack proper spatial relationships among instances.

Mixed training with single-object dataset. =~ We explore
the effect of mixed training by incorporating the Objaverse
dataset [9] into the training process. Results in Tab. 2 and
Fig. 7 show that, without this regularization, the model

tends to produce objects with inferior geometry, as it over-
fits on the smaller scene dataset. Including single-object
data helps preserve the object-level knowledge, enabling the
model to generate high-quality geometries while effectively
modeling inter-object interactions.

6. Conclusion

Limitations and future works. MIDI performs rel-
atively poorly for tiny-resolution image input and com-
plex inter-instance interaction, as shown in the supplemen-
tary materials. Building upon our proposed multi-instance
diffusion for compositional 3D scene generation, future
work can explore several directions: 1) extending the ap-
proach to model more complex interactions in composi-
tional scenes, such as characters interacting with objects
(e.g. “a panda playing a guitar”), which requires specialized
datasets; 2) incorporating explicit 3D geometric knowledge
to develop more efficient and expressive multi-instance at-
tention mechanisms; 3) investigating the latent, implicit 3D
perception capabilities of scene generation models; and 4)
scaling the framework to handle a larger number of objects
and operate in open-world environments.

Conclusion.  This paper introduces MIDI, an innovative
approach that significantly advances 3D scene generation
from a single image. By extending pre-trained image-to-3D
object generation models to multi-instance diffusion mod-
els and incorporating a novel multi-instance attention mech-
anism, MIDI effectively captures complex inter-object in-
teractions and spatial coherence directly within the genera-
tion process. This enables the simultaneous generation of
multiple 3D instances with accurate spatial relationships,
leading to high-quality 3D scenes with precise geometries
and spatial layouts. Extensive experiments demonstrate that
MIDI achieves state-of-the-art performance while exhibit-
ing strong generalization capabilities.
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MIDI: Multi-Instance Diffusion for Single Image to 3D Scene Generation

Supplementary Material

7. Background

Base model.  Following scalable 3D object generation
methods [35, 71, 78, 80], we firstly trains a VAE to com-
press 3D geometric representations into a low-dimensional
latent space. Specifically, x € RZ*6, which represents
positions and normals of L points, are mapped to latent
space by z = £(x), where z € R*¢ and [ denotes the
length of the tokens after compression. The latents are
converted back to the 3D space by regressing signed dis-
tance function (SDF) values using s = D(z). Following
3DShape2Vecset [76], the VAE comprises of several trans-
former blocks.

Next, the denoising network €y is trained in the com-
pressed latent space to transform noise € ~ N(0, ) into
the original 3D data distribution. During training, follow-
ing the rectified flow architecture [42], the original data zg
is perturbed along a simple linear trajectory:

z; =tzo+ (1 —t)e 4

fort = 1,-.-,T, where T represents the number of steps
in the diffusion process. In practice, we adopt logit-normal
sampling [14] to increase the weight for intermediate steps.
The denoising network eg, featuring 21 attention blocks
with residual connections, is trained to approximate the
slope of the distribution transformation trajectory by min-
imizing the following loss:

E,y.eon(0.0),tl]1Z0 — € — €g(ze, t, 0 ())I3] (5

where 7y is the image encoder, and y is the conditioning im-
age, incorporated into the denoising transformer via cross-
attention mechanism.

8. Implementation Details

Training.  we trained MIDI to simultaneously generate
up to N = 7 instances. We selected this value based on an
analysis of the 3D-FRONT dataset [15], where we observed
that scenes containing five or fewer objects constitute the
majority, while scenes with more than five objects are rel-
atively rare. Instead of excluding scenes with more than 5
objects, we employed a clustering method to select five rep-
resentative objects from such scenes for training. During
training, we randomly dropped the image conditioning with
a probability of 0.1. We adopted the same strategy as in
the training of the base model, utilizing logit-normal sam-
pling [14] to increase the weight of intermediate diffusion
steps, which helps the model focus on the more challenging

Table 3. Training costs. (Batch size is set to 1)

Number of Instances N ‘ VRAM (GB)  Speed (iter/s)
N=1 15 1.50
N =3 17 0.83
N=5 19 0.55
N=7 21 0.40

stages of the generation process. For the training configura-
tion, we used a learning rate of 5 x 10~? and trained MIDI
for 5 epochs on 8 NVIDIA A100 GPUs.

Inference. In our experimental setup, we first used
Grounded-SAM [55] to segment the scene images, obtain-
ing masks for individual objects. We then applied our multi-
instance diffusion model to generate compositional 3D in-
stances using classifier-free guidance [22], which enhances
the fidelity and coherence of the generated scenes. We
set the number of inference steps to 50 and the guidance
scale to 7.0. The entire process of generating a 3D scene
from a single image takes approximately 40 seconds on an
NVIDIA A100 GPU.

9. Additional Discussions

MIDI vs. compositional generation methods. As show
in Fig. 9, existing compositional generation methods in-
volve a multi-step process, generating 3D objects one by
one and then optimizing their spatial relationships. How-
ever, this type of methods lack the contextual information
of the global scene when generating objects, thus generat-
ing inaccurate or mismatched 3D objects. In addition, it is
very difficult to optimize the accurate scene layout based on
a single image, and the position of similar objects will be re-
versed when there are similar objects in the scene (as shown
in Fig. 9). In contrast, our method models object com-
pletion, 3D generation and spatial relationships in a multi-
instance diffusion model, thus generating coherent and ac-
curate 3D scenes.

Training costs.  Table 3 presents the training costs for
MIDI. As the number of instances /N increases, both GPU
memory requirements and training time increase. However,
even when N = 7, resource utilization remains manage-
able, demonstrating the scalability of MIDI.

Texture generation.  To generate textured 3D scene from
single images, we firstly synthesize 3D geometry with our
MIDI, and then leverage MV-Adapter [26] to generate tex-
ture for each instance with the partial image of instance im-



(a) Compositional
Generation Methods

/S

Segmentation

(b) With Multi-Instance ]
Diffusion Models

3D Object Gen

| e f

g o B

______________

Multi-Instance Attention

& B o

3D Object Gen Layout Optim N

5-

A 3D Object Gen

Figure 9. Detailed comparison between existing compositional generation methods and our multi-instance diffusion.
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Figure 10. Visualization results of textured 3D scene generation
with MV-Adapter [26].

Figure 11. Failure cases.

age as input. The visualization results are shown in Fig. 10.
It is recommended to interactively experience the generated
3D scenes in our project page.

10. Limitations

We present two typical failure examples of MIDI in Fig. 11.
While MIDI generates 3D instances within the global scene
coordinate system—specifically, a normalized space rang-
ing from —1 to 1—this approach causes smaller objects to
occupy a relatively minor portion of the overall space. Con-
sequently, these small objects may have lower resolution
compared to objects generated in their canonical spaces,
where the entire capacity of the model can focus on a single
object. We believe that enhancing the multi-instance dif-
fusion model to generate objects in their canonical spaces,
along with their spatial positions within the scene, could ad-
dress this issue by allowing each object to be generated at
optimal resolution.

Also, our model is constrained by the simplicity of inter-
action relationships present in existing scene datasets. As
a result, MIDI may struggle to generate scenes featuring
intricate interactions, such as objects with dynamic inter-
plays. We anticipate that introducing more complex and
diverse training data, encompassing a wider variety of ob-
ject interactions and spatial relationships, would enhance
the model’s capacity to generalize at the level of object spa-
tial interactions. This improvement would enable the gener-
ation of scenes with more sophisticated and realistic inter-
object dynamics.


https://huanngzh.github.io/MIDI-Page/
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