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Figure 1. Novel view synthesis and cross-view image matching. The first row shows that MOVIS generalizes to different datasets on
novel view synthesis (NVS). We also show visualizations of cross-view consistency compared with Zero-1-to-3 [43] and ground truth by
applying image-matching. MOVIS can match a significantly greater number of points, closely aligned with the ground truth.

Abstract

Repurposing pre-trained diffusion models has been proven
to be effective for NVS. However, these methods are mostly
limited to a single object; directly applying such methods
to compositional multi-object scenarios yields inferior re-
sults, especially incorrect object placement and inconsistent
shape and appearance under novel views. How to enhance
and systematically evaluate the cross-view consistency of
such models remains under-explored. To address this issue,
we propose MOVIS to enhance the structural awareness of

the view-conditioned diffusion model for multi-object NVS
in terms of model inputs, auxiliary tasks, and training strat-
egy. First, we inject structure-aware features, including
depth and object mask, into the denoising U-Net to enhance
the model’s comprehension of object instances and their
spatial relationships. Second, we introduce an auxiliary
task requiring the model to simultaneously predict novel
view object masks, further improving the model’s capabil-
ity in differentiating and placing objects. Finally, we con-
duct an in-depth analysis of the diffusion sampling process
and carefully devise a structure-guided timestep sampling
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scheduler during training, which balances the learning of
global object placement and fine-grained detail recovery.
To systematically evaluate the plausibility of synthesized
images, we propose to assess cross-view consistency and
novel view object placement alongside existing image-level
NVS metrics. Extensive experiments on challenging syn-
thetic and realistic datasets demonstrate that our method
exhibits strong generalization capabilities and produces
consistent novel view synthesis, highlighting its potential to
guide future 3D-aware multi-object NVS tasks. Our project
page is available at https://jason-aplp.github.io/MOVIS/.

1. Introduction
Novel view synthesis (NVS) from a single image is imper-
ative for various applications, including scene understand-
ing [16, 19, 20, 25, 40] and interaction [9, 26, 27], interior
designs [3, 18, 22, 77, 86], robotics [34–37, 46, 48, 62], etc.
This is highly challenging as it requires understanding com-
plex spatial structures from a single viewpoint while being
able to extrapolate consistent and plausible content for un-
observed areas. The substantial demands for comprehensive
knowledge of the 3D world render it a difficult task, even for
humans with rich priors of the 3D environments.

Recently, significant progress has been made in single-
object image-to-3D generation [41, 42, 47, 65, 66, 70, 71,
82] empowered by powerful 2D diffusion models [17, 63].
Among them, one prominent line of research [5, 21, 38,
39, 41, 44, 60, 69, 80, 90] has achieved compelling results
by building on insights from Zero-1-to-3 [43]: repurpos-
ing a pre-trained diffusion model as a novel view synthe-
sizer by fine-tuning on large 3D object datasets can provide
promising 3D-aware prior for image-to-3D tasks. How-
ever, these methods are mostly restricted to the single-object
level. It remains unclear if this paradigm can be effectively
extended to the multi-object level to facilitate more com-
plex tasks like reconstructing an indoor scene. In Fig. 1,
we visualize cross-view matching results of directly apply-
ing the novel view synthesizers [43] in multi-object scenar-
ios, which showcases weak consistency with input views.
Specifically, we believe that the lack of structural aware-
ness is the primary reason for the disappearance, distortion,
incorrect position and orientation of objects under novel
views. While several works [64, 73] have explored training
on mixed real-world scene datasets, the complexity intro-
duced by multiple objects, such as spatial placement, per-
instance geometry and appearance, and occlusion relation-
ship, makes incorporating such awareness non-trivial.

Inspired by the discussion above, our paper seeks to ad-
dress the question: How to enhance the structural aware-
ness of current diffusion-based novel view synthesizers? We
begin by identifying key challenges in extending single-
object methods for multi-object NVS tasks. A multi-object
image possesses more complicated structural information

than a single-object one. The model must first grasp hierar-
chical structures within, which includes both high-level ob-
ject placement, e.g., position and orientation, and low-level
ones like per-object geometry and appearance. High-level
structural information significantly reduces the ambiguity in
object composition while low-level details are essential for
capturing the characteristics of each object instance. Sub-
sequently, the model needs to retain this hierarchical in-
formation captured from the input view while synthesizing
novel-view images to ensure cross-view structural consis-
tency. These capabilities are less critical in single-object
NVS tasks due to the reduced ambiguity in one-to-one map-
ping but are crucial for effective multi-object NVS models.

Building on these insights, our technical designs are
threefold. We first propose injecting structure-aware fea-
tures, i.e., depth and object mask, from the input view as
additional inputs to provide information on both high-level
global placement and fine-grained local details. Secondly,
we utilize the prediction of novel view object masks as an
auxiliary task during training for the model to differentiate
object instances, laying a solid foundation for fine-grained
geometry and appearance recovery. Finally, through an in-
depth analysis of the model’s inference process, we high-
light the importance of revising the noise timestep sampling
schedule, which influences the learning focus in the training
process. To be specific, larger timesteps emphasize global
placement learning, while smaller timesteps focus on local
fine-grained object geometry and appearance recovery. To
endow the view-conditioned diffusion model with both ca-
pabilities, we propose a structure-guided timestep sampling
scheduler that prioritizes larger timesteps in the initial stage,
gradually decreasing over time to balance these two con-
flicting inductive biases. This design is fundamental to our
proposed model’s effectiveness in addressing the complex-
ity of multi-object level NVS tasks.

To systematically assess the plausibility of synthesized
novel view images, we additionally evaluate novel-view ob-
ject mask and cross-view structural consistency apart from
the existing NVS metrics. Specifically, we employ image-
matching techniques [32, 78] to compare the input-view im-
age with both the ground-truth and synthesized novel-view
images. Cross-view structural consistency evaluates how
closely the matching results align, providing a measure of
the accuracy in recovering object placement, shape, and
appearance. On the other hand, the object mask, as mea-
sured by Intersection over Union (IoU), assesses the preci-
sion of object placement. Extensive experiments demon-
strate that our method excels at multi-object level NVS
in indoor scenes, achieving consistent object placement,
shape, and appearance. Notably, it exhibits strong gener-
alization capabilities for generating novel views on unseen
datasets, including both synthetic ones 3D-FRONT [14],
Room-Texture [51] and Objaverse [11], as well as the real-
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world SUNRGB-D [68].
In summary, our main contributions are:

1. We introduce structure-aware features as model inputs
and incorporate novel view mask prediction as an aux-
iliary task during training. This enhances the model’s
understanding of hierarchical structures in multi-object
scenarios, leading to improved NVS performance.

2. We present a novel noise timestep sampling scheduler to
balance the learning of global object placement and fine-
grained detail recovery, which is critical for addressing
the increased complexity in multi-object scenarios.

3. We introduce additional metrics to systematically eval-
uate the novel view structural consistency. Through ex-
tensive experiments, our model demonstrates superiority
in consistent object placement, geometry, and appear-
ance recovery, showcasing strong generalization capa-
bility to unseen datasets.

2. Related Work

Single object NVS with generative models Synthesiz-
ing novel view images for single objects given a single-
view image is an extremely ill-posed problem that requires
strong priors. With great advances achieved in diffusion
models [17, 63], research efforts [52, 70, 83] seek to dis-
till priors [24, 59] learned from Text-to-Image (T2I) diffu-
sion models via image captioning like [33]. However, this
presents a huge gap between the image and semantics due
to the ambiguity of the text, hindering the 3D consistency
of these methods. On the other hand, view-conditioned
diffusion models like Zero-1-to-3 [43] explore an Image-
to-Image (I2I) generation paradigm that “teaches” the dif-
fusion model to control viewpoints to synthesize plausi-
ble images under novel views, providing a more consis-
tent 3D-aware prior. Subsequent work focuses on accel-
erating the generation speed [41, 69], enhancing the view
consistency [5, 21, 39, 44, 80], or accelerating the training
process [28]. However, all these methods deal with sin-
gle and complete object novel view synthesis tasks since
they usually fine-tune their model on Objaverse [10, 11],
an extensive single-object level dataset, contrary to real im-
ages which normally consist of multiple or incomplete ob-
jects. The lack of specific model designs for compositional
scenes also leads to significant inconsistencies when di-
rectly applying them to the multi-object scenarios, as shown
in Fig. 1.

Multi-object 3D reconstruction with single object priors
Following the advance in 3D-aware single object generative
prior [43, 65], a line of research work [6, 7, 13, 54, 55, 77]
focuses on extending their application to compositional
multi-object scenarios. The core idea is to decompose
object compositions into individual objects, thereby fully
leveraging the powerful generative priors of single-object

models. They first break down a multi-object composi-
tion into several components via segmentation models like
SAM [31], and then complete every single object with
amodal [49, 58, 84, 89] or inpainting [50, 63, 72] tech-
niques. The object instances are lifted to 3D via image-
to-3D models [43, 69, 75, 81] and finally composited into
a whole utilizing spatial-aware optimization, 3D bound-
ing box detection [1, 56] or carefully estimating the metric
depth [29, 85]. However, this divide-and-conquer paradigm
is limited by the user-specified spatial relations from lan-
guage prompts [7] and relies heavily on the cascaded mod-
ules of detection [1, 29, 31], completion [50, 63] and 3D-
aware object-level novel view synthesis (NVS) [41, 75] to
provide priors for reconstruction. Unlike any of the above,
our method aims to build an end-to-end image-conditioned
novel view synthesis model that can directly cope with the
increased complexity in multi-object compositions, espe-
cially in the multiple-object setting.

Scene-level NVS with sparse view input Early ef-
forts [23, 45, 76, 88] attempted to directly perform scene-
level NVS tasks by extracting image features from input-
view images and inferring the underlying 3D representa-
tion [53]. With the development of Gaussian Splatting [30],
recent works [2, 8] attempt to switch the underlying rep-
resentation to Gaussian Splatting for efficiency. However,
they mainly deal with synthesizing views near input ones
with limited generative capabilities to the unseen region.
Inspired by the great success of diffusion models [63] and
the object-level 3D-aware novel-view synthesizer [43, 75],
several recent works have also attempted to perform scene-
level NVS tasks by directly conditioning the generative
models on a single-view scene image or a monocular dy-
namic scene video [74]. ZeroNVS [64] proposes to train
a view-conditioned diffusion model on a mixture of real-
world datasets, MegaScenes [73] further scales up the train-
ing dataset with Internet-level data pairs for stronger gen-
eralization capabilities. However, all these works mainly
deal with small view-change and simple scenarios in terms
of object number, with few adaptations to tackle the multi-
object complexity. In this work, we systematically examine
the cross-view consistency of NVS by proposing new met-
rics, and explore the critical designs required to enhance
the structural consistency of the view-conditioned diffusion
models in the multi-object scenarios.

3. Method

In this section, we address the challenge of enhancing the
structural awareness of diffusion-based novel view synthe-
sizers for better cross-view consistency in multi-object sce-
narios. We begin with a brief introduction to diffusion
models and view-conditioned diffusion models (Sec. 3.1).
Next, we detail the key architectural designs of MOVIS,
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Figure 2. Overview of MOVIS. Our model performs NVS from the input image and relative camera change. We introduce structure-
aware features as additional inputs and employ mask prediction as an auxiliary task (Sec. 3.2). The model is trained with a structure-guided
timestep sampling scheduler (Sec. 3.3) to balance the learning of global object placement and local detail recovery.

including how we incorporate structural-aware features as
input to improve the model’s understanding of hierarchi-
cal structure information (Sec. 3.2) and how we introduce
novel view mask prediction as an auxiliary task, instruct-
ing the model to differentiate the object instances with
correct object placement (Sec. 3.2). Finally, we provide
an in-depth analysis of the inference process and adopt a
structure-guided timestep sampling scheduler (Sec. 3.3) to
balance the learning of global object placement and local
fine-grained object geometry and appearance recovery. We
provide an overview of our model in Fig. 2.

3.1. Diffusion models as novel view synthesizers

Diffusion models have been recently repurposed as a novel
view synthesizer. By training on posed image pairs
{(x0, x̂0)} where x̂0 ∈ RH×W×3 denotes the input view
image and x0 ∈ RH×W×3 denotes the target view, view-
conditioned diffusion models [43, 79] use the input image
x̂0 and camera pose transformation as conditions to predict
the target view image x0. Concretely, the learning objective
of view-conditioned diffusion models is:

E[||ϵθ(αtx0 + σtϵ, t, C(x̂0, R, T ))− ϵ||22], (1)

where R, T represent the relative camera pose transforma-
tion between the target view x0 and the input view x̂0.
C(x̂0, R, T ) is the view-conditioned feature, combining the

relative camera pose transformation with encoded image
features to form a new ‘pose-aware’ feature map, taking the
place of the origin CLIP [61] feature embedding. Moreover,
input view image x0 will be concatenated with the noisy
image as the input of the denoising U-Net. As discussed
in Sec. 2, single-image-based NVS is extremely challeng-
ing, current methods inherit natural image priors from large-
scale pre-training [63] and fine-tune diffusion models on
large-scale 3D object datasets like Objaverse [11] to learn
the transformation between objects in the input and novel
views given the relative camera pose. Despite their ability
to generalize to in-the-wild objects, these view-conditioned
diffusion models struggle with multi-object scenarios like
multi-furniture indoor scenes due to the scarcity of simi-
lar data and increased complexity arising from intricate ob-
ject compositions. Our method builds on the insight of re-
purposing the diffusion model as a novel view synthesizer
while emphasizing the inherent properties of multi-object
scenarios in both model design and training strategy to fa-
cilitate multi-object NVS.

3.2. MOVIS

Our proposed method extends view-conditioned diffusion
models to multi-object level, as illustrated in Fig. 2. The
model leverages a pre-trained Stable Diffusion [63] and
concatenates the 2D structural information from the input
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view with a noisy target image as input. Additionally, it in-
tegrates a pre-trained image encoder [57] to capture seman-
tic information, which is injected into the network through
cross-attention alongside the relative camera pose. More-
over, it predicts novel view mask simultaneously as an aux-
iliary task to aid global object placement learning.

Structure-Aware Feature Amalgamation To synthesize
plausible images under novel viewpoints, the model must
first grasp the compositional structural information from the
input view, laying a solid foundation for generation. To ad-
dress the innate complexity in multi-object scenarios due
to the intricate object relationship, we propose to leverage
structure-aware features to facilitate model’s comprehen-
sion. Specifically, we use depth maps and object masks
as proxies for image-level structural information. Object
masks provide a rough concept of object placement and
shape as well as distinguishing distinct object instances,
while depth maps encode the rough relative position and
shape of the visible objects. Together with input-view im-
ages, these conditions provide both global structural infor-
mation like object placement and local fine-grained details
like object shape. Concretely speaking, we normalize the
image rendered with object instance IDs of the input view
to create a continuous object mask image M̂. We then repli-
cate the depth map D̂ and object mask image M̂ into three
channels to simulate RGB images. These two structural-
aware feature images, along with the input image x̂0, are
passed into a VAE to obtain latent features, which will be
later concatenated with the noisy target view image xt as in-
put to the denoising U-Net. Note that both object mask and
depth can be obtained with off-the-shelf detectors during
the inference stage, such as SAM [31] and Marigold [29].
After introducing these additional conditions, the learning
objective of MOVIS becomes:

E[||ϵθ(αtx0 + σtϵ, t, CSA(x̂0, R, T, D̂, M̂))− ϵ||22]. (2)

We use CSA(·) as a shorthand for the structure-aware view-
conditioned feature throughout the paper.

Auxiliary Novel View Mask Prediction Task Input-view
depth maps and mask images are intended to help the model
indirectly understand the structure of multi-object compo-
sitions by incorporating additional structure-aware infor-
mation into the input. To encourage the model to bet-
ter grasp overall structure, particularly its ability to gen-
erate it, we propose leveraging structural information (i.e.,
mask image) prediction under the target view as an auxil-
iary task, providing more direct supervision. Our approach
draws inspiration from classifier guidance [12], where a
classifier pϕ(y|xt, t) guides the denoising process of im-
age xt to meet the criterion y via incorporating the gradient
∇xt

log pϕ((y|xt, t)) during the inference process as an aux-
iliary guidance. Similarly, to improve the model’s ability to

learn compositional structure, particularly in synthesizing
novel view plausible object placement (position and orien-
tation), we introduce an auxiliary task during training: pre-
dicting object mask images Mt ∼ p(Mt|xt, t, CSA(·)) un-
der target view. This prediction is conditioned on the noisy
target-view image xt, timestep t and input-view structure-
aware feature CSA(·), derived from the final layer of the
denoising U-Net. We jointly train the mask predictor and
denoising U-Net following:

E[||ϵθ(αtx0+σtϵ, t, CSA(·))−ϵ||22+γ||Mtgt−Mt||22], (3)

where we use Mtgt to denote the ground-truth target-view
image, and we use the weight γ = 0.1 to balance the diffu-
sion loss and mask prediction loss.

3.3. Structure-Guided Sampling Scheduler

Inspired by previous works [4, 28] that identify the impor-
tance of different scheduling strategies, we provide an in-
depth analysis of the inference process of multi-object novel
view synthesis, where we adopt a DDIM [67] sampler:

xt−1 =
√
αt−1x

′

0 +
√
1− αt−1 − σ2

t · F+ σtϵt. (4)

where x
′

0 = (xt−
√
1− αt ·F)/

√
αt. We use F as a short-

hand for ϵθ(xt, t, CSA(·)) and ϵt ∼ N (0, I). We examine
the predicted x

′

0 (as in Eq. (4)) and the predicted mask im-
age Mt at various timesteps during the inference process as
they offer direct visualizations for analysis. These visual-
ized results are presented in Fig. 3.

In Fig. 3, we observe that a blurry image, which indi-
cates the approximate placement of each object, is quickly
restored in the early stages (i.e., larger t) of the inference
process. This suggests that global structural information is
prioritized for the model to learn during this stage. Accu-
rate object placements are crucial for synthesizing reason-
able novel view images, as incorrect placement predictions
indicate a fundamental misunderstanding of the composi-
tional structure. This underscores the importance of training
the model with a larger t during the initial training periods,
which is even more important for multi-object NVS sce-
narios considering the increased compositional complexity
compared with a single object. Conversely, a mask with
a clear boundary is not predicted until a later stage of the
sampling process (i.e., smaller t). This is because accurate
mask prediction depends heavily on a relatively noiseless
image. Therefore, to capture fine-grained geometry and ap-
pearance details of objects, it is essential to train the model
with a smaller t during later training periods.

Recognizing the importance of timestep t in balancing
the learning of global placement information and local fine-
grained details, we propose to adjust the original timestep
sampling process to:

t ∼ U(1,1000) → t ∼ N (µ(s), σ), (5)
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pred mask

Figure 3. Visualization of inference. The early stage of the denoising process focuses on restoring global object placements, while the
prediction of object masks requires a relatively noiseless image to recover fine-grained geometry. This motivates us to seek a balanced
timestep sampling scheduler during training. The model trained w/ shift yields better mask prediction and thus recovers an image with
more details and sharp object boundary. The w/o shift here refers to not shifting the µ value.

where µ(s) = µlocal + (µglobal − µlocal) · s
Ts

and s denotes
the model training iteration, Ts denotes the total number of
training steps, σ = 200 is a constant variance. We sample
the timestep t from a Gaussian distribution with mean µ(s)
following a linear decay from a large value µglobal = 1000
to a small value µlocal = 500. This approach allows the
model to initially learn correct global object placement in-
formation and gradually turn its focus to refining detailed
object geometry in later training stages. In practice, we in-
clude a warmup period with 4000 training steps sampling t
with a fixed µ(s) = µglobal. After the warmup, we use the
linear decay schedule over 2000 steps, and then stabilize the
learning for fine-grained details after 6000 steps where we
use µ(s) = µlocal.

4. Experiments

4.1. Experiment Setup

We focus on multi-object composite NVS tasks in indoor
scenes, with an emphasis on foreground objects, examin-
ing novel view structural plausibility regarding object place-
ment, geometry, appearance, and cross-view consistency

with input view. This choice stems from the recent advance-
ments in object segmentation [31], while we leave the back-
ground modeling for future work.
Datasets. To facilitate the training and evaluation of our
proposed method, we curate a scalable synthetic dataset
Compositional 3D-FUTURE (C3DFS), comprising 100k
composites for training and 5k for testing. Each compos-
ite is created by composing pre-filtered furniture items from
3D-FUTURE [15] using a heuristic strategy to avoid colli-
sion and penetration. Beyond C3DFS, we emphasize testing
the generalization capability by benchmarking our method
on Room-Texture [51] and Objaverse [11]. We also evalu-
ate our model on diverse indoor scenes from both the syn-
thetic dataset 3D-FRONT [14] and the real-world dataset
SUNRGB-D [68]. Refer to supplementary materials for
more details.
Baselines. We compare our method against three recent
novel view synthesis methods including Zero-1-to-3 [43],
ZeroNVS [64], and Free3D [90]. The original Zero-1-to-3
is trained on extensive object-level datasets. Therefore, we
also re-train Zero-1-to-3 on our synthetic dataset C3DFS,
denoted as Zero-1-to-3†, for a fair comparison. ZeroNVS is

26772



ZeroNVSInput Ours Zero-1-to-3 Zero-1-to-3
<latexit sha1_base64="FXRvdpBKje59HAj3tIVdwRQpPk0=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEVDwVvHisYD+gDWWzmbRLN5uwuxFK6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzglRwbVz32ymtrW9sbpW3Kzu7e/sH1cOjtk4yxbDFEpGobkA1Ci6xZbgR2E0V0jgQ2AnGdzO/84RK80Q+mkmKfkyHkkecUWOlTj+kwyGqQbXm1t05yCrxClKDAs1B9asfJiyLURomqNY9z02Nn1NlOBM4rfQzjSllYzrEnqWSxqj9fH7ulJxZJSRRomxJQ+bq74mcxlpP4sB2xtSM9LI3E//zepmJbvycyzQzKNliUZQJYhIy+52EXCEzYmIJZYrbWwkbUUWZsQlVbAje8surpH1R967qlw+XtcZtEUcZTuAUzsGDa2jAPTShBQzG8Ayv8Oakzovz7nwsWktOMXMMf+B8/gBKwI+H</latexit>†

Target

O
bjaverse

C
3D
FS

Free3D

Figure 4. Qualitative results of NVS and cross-view matching. Our method generates plausible novel-view images across various
datasets, surpassing baselines regarding object placement, shape, and appearance. In cross-view matching, points of the same color
indicate correspondences between the input and target views. We achieve a higher number of matched points with more precise locations.

Table 1. Quantitative results of multi-object NVS, Object Placement, and Cross-view Consistency. We evaluate on C3DFS test set,
along with generalization experiments on Room-Texture [51] and Objaverse [11]. † indicates re-training on C3DFS.

Dataset Method
Novel View Synthesis Placement Cross-view Consistency

PSNR(↑) SSIM(↑) LPIPS(↓) IoU(↑) Hit Rate(↑) Dist(↓)

C3DFS

ZeroNVS 10.704 0.533 0.481 21.6 1.4 135.2
Zero-1-to-3 14.255 0.771 0.302 33.7 4.4 86.7
Zero-1-to-3† 14.811 0.794 0.283 34.4 1.3 117.9

Free3D 14.390 0.774 0.297 34.2 4.8 83.6
Ours 17.432 0.825 0.171 58.1 19.3 44.9

Objaverse

ZeroNVS 10.557 0.513 0.486 17.3 1.3 135.8
Zero-1-to-3 15.850 0.810 0.259 34.7 6.0 80.2
Zero-1-to-3† 15.433 0.815 0.273 29.7 1.2 124.1

Free3D 15.980 0.813 0.254 35.6 6.1 77.0
Ours 17.749 0.840 0.169 51.3 17.0 47.2

Room-Texture

ZeroNVS 8.217 0.647 0.487 8.2 1.0 138.0
Zero-1-to-3 9.860 0.712 0.406 13.9 2.3 104.2
Zero-1-to-3† 8.342 0.657 0.452 13.5 0.4 156.1

Free3D 9.623 0.705 0.415 19.7 2.1 104.6
Ours 10.014 0.718 0.366 24.2 4.4 78.1

trained on a mixture of real-world images with background,
so we use images with backgrounds as its input if possible
for a fair comparison.

Metrics. We utilize PSNR, SSIM, and LPIPS as met-

rics for evaluating the quality of Novel View Synthe-
sis. To assess global object Placement, we compute the
foreground-background IoU with ground-truth masks. Fi-
nally, we propose metrics to evaluate Cross-view Consis-
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tency with image-matching. More specifically, we first ap-
ply MASt3R [32] to acquire the image matching between
the input-view image and target-view image for both ground
truth and model predictions. With the ground-truth match-
ing as references, we compute each method’s Hit Rate and
the nearest matching distance (Dist.). Hit Rate measures the
proportion of predicted matches that align with the ground
truth matches. Dist. quantifies the distance between the
predicted matching and ground-truth matching in the target
view. Please refer to supplementary materials for more de-
tails about the metrics.

4.2. Results and Discussions

Fig. 4 presents qualitative results of multi-object NVS and
cross-view matching visualization on different datasets,
with quantitative results in Tab. 1. We summarize the fol-
lowing key observations:
1. Our method realizes the highest PSNR and gener-

ates high-quality images under novel views, closely
aligned with the ground truth images, especially regard-
ing novel-view object placement (position and orienta-
tion), shape, and appearance. In contrast, the baseline
models struggle to accurately capture the compositional
structure under novel views. For example, in the first
row, the red bed is incorrectly oriented in Zero-1-to-3
and is either missing or distorted in other baselines.

2. From the visualized cross-view matching results and the
metrics in Tab. 1, it is evident that our method signif-
icantly outperforms the baseline approaches in Cross-
view Consistency. It achieves a much higher IoU and
Hit Rate while exhibiting a considerably lower match-
ing distance. The visualized results are consistent with
the metrics, further validating our method’s accuracy in
capturing cross-view structural consistency, which can-
not be reflected by existing NVS metrics.

3. Our model exhibits strong generalization capabilities
on unseen datasets, e.g., Room-Texture and Objaverse.
We demonstrate more qualitative results on in-the-wild
datasets, including 3D-FRONT, SUNRGB-D, Scan-
Net++ [87], and RealEstate10K [91] in supplementary
materials. We showcase potential applications, includ-
ing object removal and reconstruction in supplementary
materials. Further discussion about limitation and fail-
ure cases are presented in supplementary materials.

4.3. Ablation Study

To verify the efficacy of each component, we perform an
ablation study on our key technical designs, including the
depth input (w/o depth), mask prediction auxiliary task (w/o
mask), and the scheduler (w/o sch. learns with a uniform
sampler t ∼ U(1,1000) ). Results in Tab. 2 show that the
auxiliary mask prediction task and the timestep sampler are
the most critical components, significantly affecting all the

Input Target Ours w/o sch. w/o mask w/o depth

Figure 5. Qualitative comparison for ablation study. Excluding
mask predictions or the scheduler reduces the model’s ability to
learn object placement, as shown by the brown cabinet example.

Table 2. Ablation results on C3DFS.

Method
Novel View Synthesis Placement

PSNR(↑) SSIM(↑) LPIPS(↓) IoU(↑)

w/o depth 17.080 0.819 0.178 57.2
w/o mask 16.914 0.818 0.187 54.7
w/o sch. 16.166 0.808 0.212 49.1

Ours 17.432 0.825 0.171 58.1

metrics and the realistic object recovery as demonstrated by
the misoriented brown cabinet in the example from Fig. 5.
Without the scheduler, the model produces less accurate ob-
ject positions, evident both qualitatively and quantitatively.
Furthermore, removing depth or mask predictions weak-
ens the model’s understanding of spatial relationships and
object existence. This also shows incorporating structure-
aware features as inputs, though seemingly intuitive, of-
fers the most straightforward approach to enhancing the
model’s structural awareness, particularly given recent ad-
vancements in monocular predictors [29, 31]. We present
a more comprehensive discussion on the scheduler strategy
and ablations in supplementary materials.

5. Conclusion

We extend diffusion-based novel view synthesizers to han-
dle multi-object compositions in indoor scenes. Our pro-
posed model generalize well across diverse datasets with
more accurate object placement, shape, and appearance,
showing a stronger cross-view consistency with input view.
The core of our approach lies in integrating structure-aware
features as additional inputs, an auxiliary mask prediction
task, and a structure-guided timestep sampling scheduler.
These components enhance the model’s awareness of com-
positional structure while balancing the learning of global
object placement and fine-grained local shape and appear-
ance. Given the prevalence of multi-object compositions in
real-world scenes, we believe that our model designs and
comprehensive evaluations can offer valuable insights for
advancing NVS models in more complex environments.
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