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(a) Occlusion-aware layout following.

(c) Camera control.

(b) Adherence to complex layouts with many objects.

‘A photo of table and bicycle and dog in the 
verandah of a modern house.’

‘A photo of glass bowl and apples and shiny 
metal toaster and coffee mug and plate and 

orange and rubik’s cube on a dining table in a 
kitchen.’

‘A photo of monitor displaying letters ‘CVPR’ in colorful and monitor 
displaying letters ‘CVPR’ in colorful and monitor and laptop and 

mouse and office desk and plant and dog and man and office chair 
and backpack in a design studio with colorful walls and colorful 

carpet, soft lighting, aesthetic modern environment.’

‘A photo of bicycle and sedan and dog and puppy and chair in the 
backyard of a house, beautiful morning, with gleaming sunshine.

Figure 1. We propose SeeThrough3D, a method for occlusion aware 3D scene control in text-to-image generation. Our method enables (a)
occlusion-aware 3D object placement in generated images, and (b) adheres well to complex layouts featuring many objects. Additionally,
our method allows for (c) control over the camera viewpoint in the generated image.

Abstract

We identify occlusion reasoning as a fundamental yet
overlooked aspect for 3D layout–conditioned generation.
It is essential for synthesizing partially occluded objects
with depth-consistent geometry and scale. While exist-
ing methods can generate realistic scenes that follow in-
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put layouts, they often fail to model precise inter-object
occlusions. We propose SeeThrough3D, a model for 3D
layout conditioned generation that explicitly models occlu-
sions. We introduce an occlusion-aware 3D scene represen-
tation (OSCR), where objects are depicted as translucent
3D boxes placed within a virtual environment and rendered
from desired camera viewpoint. The transparency encodes
hidden object regions, enabling the model to reason about



occlusions, while the rendered viewpoint provides explicit
camera control during generation. We condition a pre-
trained flow based text-to-image image generation model by
introducing a set of visual tokens derived from our rendered
3D representation. Furthermore, we apply masked self-
attention to accurately bind each object bounding box to its
corresponding textual description, enabling accurate gen-
eration of multiple objects without object attribute mixing.
To train the model, we construct a synthetic dataset with
diverse multi-object scenes with strong inter-object occlu-
sions. SeeThrough3D generalizes effectively to unseen ob-
ject categories and enables precise 3D layout control with
realistic occlusions and consistent camera control. Project
page: https://seethrough3d.github.io

1. Introduction
Recent work has introduced various forms of controllability
in text-to-image generation, but most methods remain lim-
ited to 2D spatial controls, such as bounding boxes or seg-
mentation maps [23, 44, 48, 61, 62, 77, 79]. While effective
for coarse control over the scene content, they offer limited
control over inherently 3D scene properties, including ob-
ject arrangement and camera viewpoint. Yet many practical
content-creation domains such as design, gaming, and ar-
chitectural visualization require precise 3D layout control,
where object size, orientation, and placement must be ex-
plicitly specified. Critically, a truly 3D-aware generative
model must also reason about occlusions, generate partially
hidden objects with depth-consistent scale and perspective;
a fundamental capability that 2D controls cannot provide.

Despite being fundamental to accurate 3D-aware gen-
eration, occlusion has been largely overlooked in recent
3D layout based methods. Existing approaches condi-
tion the generative model on depth maps derived from 3D
bounding-box layouts [4, 65] or on explicit 3D attributes
such as object or camera poses [7, 9, 43, 49, 55]. These
methods succeed in generating simple scenes with few ob-
jects and minimal occlusion, but fail to model significant
inter-object occlusions in multi-object layouts (Fig. 3(a)).
A related direction represents scenes as a stack of 2D object
layers [37, 76] to approximate occlusion, but this collapses
the inherently 3D structure of the scene into flat planes
(Fig. 3(c)), leading to generating object occlusion that vi-
olate true 3D geometry and perspective.

In this paper, we propose SeeThrough3D - an image gen-
eration model that takes 3D layout and text prompt as input
and generates scenes with 3D consistent occlusions (Fig. 1).
We introduce an efficient and expressive 3D scene represen-
tation, termed Occlusion-Aware 3D Scene Representation
(OSCR), which jointly encodes object arrangements and
camera viewpoint (Fig. 2). In OSCR, each object is mod-
eled as a translucent 3D bounding box, where transparency
reveals occluded regions, enabling explicit reasoning about

inter-object occlusions. Faces of each box are further color-
coded according to a predefined mapping to capture 3D ob-
ject orientation. The final OSCR representation is obtained
by rendering this layout from a specified camera viewpoint.

We build on FLUX [35] image generator, conditioning
it on our OSCR scene representation. Following the suc-
cess of recent works [35, 61] on controlling the diffusion
transformer (DiT) [21, 54] using condition image tokens,
we condition the model with tokens derived from our ren-
dered scene representation. However, spatial conditioning
alone fails to associate textual object descriptions with their
corresponding box regions. To address this, we apply at-
tention masking to bind each object to its corresponding
box, ensuring accurate bounding box adherence for indi-
vidual objects. Further, we extend this framework to allow
3D control of personalized objects, by conditioning on an
image of the object, and binding its appearance to specific
box in the OSCR representation.

To train SeeThrough3D, we create a synthetic dataset
of scenes by placing diverse 3D assets in a virtual envi-
ronment [12] and rendering scenes from multiple camera
views. Object placement and camera parameters are con-
trolled to induce strong inter-object occlusions in the ren-
dered images. Despite being trained on synthetic data,
SeeThrough3D generalizes well to unseen objects, back-
grounds and complex scene layouts (see Fig. 1), evaluated
qualitatively and through metrics, as well as a user study.

2. Related work
3D control in text-to-image generation: Previous works
on 3D control in image generation trains specialized gener-
ative models conditioned on various 3D representations [2,
28, 29, 45, 46, 64, 71]. Interestingly, recent works have
shown that there is inherent 3D understanding in large text-
to-image diffusion models [17, 18, 74]. Several works
leverage this insight for enabling precise 3D aware control
in generated images [3, 7, 7, 10, 16, 20, 24, 34, 38, 57].
One line of works enable 3D aware editing [47, 57, 66] us-
ing scene depth as additional input, but they are limited to
manipulation of a single object at a time. Further, a re-
cent work [51] decomposes a scene into depth-based lay-
ers, enabling depth-aware editing and scene composition.
Others train implicit 3D representations such as radiance
fields [33, 53, 73] or 3D Gaussian splats [8, 31, 40, 68, 78]
in diffusion feature space to enable 3D aware image editing.
3D layout conditioned generation: Apart from editing,
controlling the 3D layout of a scene during generation is an
active research area. A recent work for layout-conditioned
generation, LooseControl [4] conditions a text-to-image
model using depth maps of 3D bounding boxes; however
it fails to generate complex scenes with diverse objects. A
follow-up work, Build-A-Scene [19] generates the scene
using multiple generation-inversion cycles, each iteration
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Figure 2. OSCR: We propose Occlusion-Aware Scene
Representation (OSCR) for 3D layout control in text-to-image
generation. OSCR describes objects as translucent 3D boxes,
which exposes occluded regions, enabling the generative model
to reason about occlusions. Further, each box face is color-coded
with a mapping to encode its 3D orientation. (a) A user specifies
the object bounding boxes (b0 and b1) and sets desired viewpoint
C in an interactive graphic environment. (b) These boxes are ren-
dered to obtain our OSCR representation, (c) which is used to con-
dition the generation for occlusion aware 3D control.

adding a new object. However, this leads to inversion ar-
tifacts and incoherence in generated images. Another set
of works provide partial control over individual 3D prop-
erties, such as object orientation [9, 43, 49], but they are
limited in their extent to precisely control object placement
or camera viewpoint. Another promising direction for 3D
layout control is to represent the object bounding box as
a set and condition the generative model using a learnable
adapter [41, 50, 70]. However, they are limited to a single
data domain, e.g. road scenes or indoor scenes, and are less
effective than spatial conditioning approaches [55].
Occlusion awareness: Inter-object occlusions present a
significant challenge in perception [22, 27, 32, 36, 42, 60,
75] and generation [37, 39, 49, 69, 76] tasks. Occlu-
sions are particularly important for 3D aware image gen-
eration. However, it has received little attention in existing
works [4, 19]. Some works model occlusions by decom-
posing images into flat 2D object layers [14, 37, 76], but
they lack 3D awareness, resulting in geometrically incon-
sistent occlusions. To bridge the gap in existing works, we
propose SeeThrough3D, a model that enables generalized
occlusion-aware 3D layout control.

3. Method
Our goal is to generate an image conditioned on a text
prompt and a scene layout consisting of 3D bounding boxes.
We build on a pretrained text-to-image flow model [35] and
condition on the proposed Occlusion-Aware 3D Scene Rep-
resentation (OSCR) (see Fig. 2).

3.1. OSCR
Existing methods for 3D layout–conditioned generation
represent scene layouts either by computing depth maps of
3D bounding boxes (see Fig. 3(a)) or by simplifying the
scene into a finite set of 2D object layers (Fig. 3(b)). These
representations, however, fail to capture true 3D structure of
the scene, resulting in inaccurate occlusion modeling and

(c) Ours:
Translucent boxes

(b) Object-based 
layering

(a) Layout depth
maps

3D control
Occlusion

3D control
Occlusion

3D control
Occlusion

(d) Generated Image

Figure 3. Towards occlusion aware 3D scene layouts: existing
methods represent scenes as (a) 3D layout depth maps [4, 19, 65],
which fail to represent occluded objects (see dashed red box), or
(b) object layers [37, 76], which are not 3D aware, hence fail
to capture camera viewpoint and perspective. (c) Therefore, we
propose OSCR, where objects are described using translucent 3D
bounding boxes. The transparency exposes occluded regions (red
box), providing cues for occlusion reasoning, while enabling 3D
layout control.

limited orientation control. To overcome this, we design
OSCR, an efficient yet effective representation that encodes
3D layouts in an occlusion-aware manner.

Our input is a set of 3D bounding boxes bi, each rep-
resenting an object, arranged in a 3D virtual environment
(see Fig. 2(a)). To encode object orientation, we define
a canonical color mapping across box faces, where each
face is assigned a predefined color (see Fig. 2(b)). This
mapping provides an explicit and interpretable encoding of
3D orientation directly in image space. To make the rep-
resentation aware of spatial ordering and occlusions, we
render the boxes as translucent, allowing occluded objects
to remain partially visible. This simple yet expressive de-
sign compactly captures both orientation and occlusion cues
(see Fig. 2(b)). Notably, occlusion may alter the apparent
colors of some faces, causing them to deviate from the pre-
defined mapping. However, the relative color differences
between faces remain discernible, preserving reliable ori-
entation cues. Finally, we render the composed scene from
a specified camera view C using Blender [12]. The ren-
dered image inherently embeds camera pose information,
enabling precise viewpoint control in generation. The ren-
dered image r is used as ‘OSCR condition’ to the generative
model (see Fig. 4).

3.2. SeeThrough3D

We build on FLUX [35], a DiT-based text-to-image model.
FLUX comprises a series of multimodal DiT blocks that
jointly process text and image tokens through self-attention
and feed-forward layers (see Fig. 4). This architecture fa-
cilitates rich information exchange between text and image
tokens, resulting in strong image-text alignment during gen-
eration. Further, this design naturally supports an effective
way to condition the model on a new modality by adding
condition tokens [61, 62, 79]. Leveraging this, we condi-
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Figure 4. SeeThrough3D: We encode the rendered OSCR condi-
tion map r using the VAE to obtain OSCR tokens. These are con-
catenated with text prompt tokens p and noisy image tokens xt.
The concatenated result is passed through the DiT based text-to-
image model where they are jointly processed using self attention
modules. We inject LoRA [25] onto the attention projections cor-
responding to OSCR tokens; this enables control while preserving
prior of the base model [61, 62, 79].

tion the model on the rendered OSCR layout representation
r (see Fig. 4). Specifically, we first encode r using the VAE
to obtain OSCR tokens z, which are concatenated with text
prompt tokens p and the noisy image tokens xt. The OSCR
tokens z are assigned the same positional encodings as the
noisy image tokens xt, establishing spatial correspondence
between them. The combined token sequence is then pro-
cessed by mmDiT blocks. To adapt the model to OSCR
condition while preserving its text-to-image prior, we train
a LoRA [25] only on the projection matrices associated with
the newly added tokens (see Fig. 4). In line with recent
work [79], we also block attention from OSCR tokens z to
the image tokens xt (see Fig. 5).

3.3. Object binding with attention masking

While the conditioning mechanism described above ensures
spatial alignment with the given layout, it does not explic-
itly associate 3D bounding boxes with their corresponding
object identities. This ambiguity arises because OSCR en-
codes geometric arrangements of objects but lacks semantic
information about them, which can lead to mismatched ob-
ject placements during generation. A straightforward solu-
tion would be to encode object classes as colors within the
boxes, similar to semantic segmentation. However, this ap-
proach constrains the model to a fixed set of predefined cat-
egories and limits generalization. Instead, we utilize the at-
tention mechanism to enrich OSCR tokens with correspond-
ing object semantics. Specifically, we mask the attention so
that OSCR tokens z within each bounding box only attend
to corresponding object noun tokens pi in the text prompt,
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Figure 5. (a) Inside the mmDiT block, text tokens p, image tokens
xt and OSCR tokens z are jointly processed using self attention,
conditioning the generation on our OSCR representation. To bind
objects to corresponding boxes, we mask the attention to enable
OSCR tokens within each box {bi} to attend to corresponding ob-
ject tokens {pi} using a mask M (b) For this, we require spatial
extent for each object box bi, which we obtain we use its amodal
segmentation mask si. When multiple boxes overlap, their region
of intersection (green) attends to multiple objects.

(see Fig. 5(a) M ), thus enriching the spatial OSCR tokens
with corresponding object semantics. For this, we require
the spatial extents for each box bi, which we obtain using its
rendered segmentation mask , (see Fig. 5(b)) using Blender.

Handling overlapping objects: A challenging case for the
proposed object binding arises when the rendered regions of
two boxes significantly overlap. In this scenario, the OSCR
tokens in the intersection region attend to multiple object
tokens (see Fig. 5(b)). At first glance, it appears that at-
tending to multiple objects would lead to semantic blending
or visual artifacts at object boundaries. To investigate this,
we condition our model on a complex layout with heavy
occlusion (see Fig. 6(a)), and observe that the output con-
tains precise occlusion boundaries (see Fig. 6(b)). To un-
derstand this further, we visualize attention from image to-
kens xt to object tokens {pi} in Fig. 6(c,d) Interestingly,
the attention maps themselves reveal occlusion boundaries:
inside the empty regions of the bicycle structure, attention
on the van remains visible, accurately reflecting its presence
behind the bicycle. This indicates that object-specific fea-
tures remain distinct in the model’s latent space, and that the
text-to-image model encodes necessary priors for occlusion
reasoning. Our OSCR representation (see Fig. 6(a)) lever-
ages these priors for precise control over scene layout, in
an occlusion-aware manner. Further analysis of attention is
provided in appendix Sec. D.



(b) Generated image (c) Bicycle (d) Van

‘A photo of bicycle and van in a beautiful garden in the morning.’

(a) OSCR condition

Figure 6. Visualizing object disentanglement in latent space:
Given a layout with heavy occlusion like (a), our model’s outputs
show precise occlusion boundaries (b). To understand this, we
visualize attention from image-tokens to object tokens in prompt
(bicycle and van). Interestingly, the attention maps themselves
reveal occlusion boundaries: inside the empty regions of the bicy-
cle structure, attention on the van remains visible, accurately re-
flecting its presence behind the bicycle. This suggests that object-
specific features remain distinct in the model’s latent space, indi-
cating strong priors for occlusion reasoning.

3.4. Personalization
The proposed method naturally supports layout-conditioned
generation with personalized objects. Given a reference ob-
ject image v, a text prompt p, and OSCR layout r, the goal
is to generate the object adhering to a specific 3D bounding
box bi in the layout r. We first encode object appearance
by passing the reference image v through the VAE encoder,
resulting in ‘appearance tokens’ v. These are concatenated
with text tokens p, target image tokens xt, and OSCR to-
kens z before passing through the mmDiT blocks. To bind
the object’s appearance to its corresponding 3D box bi,
we re-use the attention masking strategy described above.
Specifically, we enable OSCR tokens inside the segmenta-
tion mask si to attend to appearance tokens v. This enables
layout-aware generation of personal objects, and can be ex-
tended to multiple objects by adding separate appearance
token sets for each reference image (see Fig. 10).

3.5. Dataset
To adapt the model to OSCR representation, we require a
dataset of paired images and 3D bounding boxes. While ex-
isting 3D object detection datasets [13, 58] could be used,
they are often domain specific, lack occlusion scenarios,
have minimal viewpoint variation and contain marginal er-
rors in 3D annotations, making them unsuitable for our
purposes. Therefore, we create a synthetic dataset using
Blender [12]; where we procedurally place 3D assets in
controlled configurations on the floor (x-y plane). Next, we
render the paired ground truth image and OSCR represen-
tation from diverse camera viewpoints. We discard trivial
scenes with minimal object overlap or very low visibility of
any object, as we find such filtering crucial for maintaining
occlusion consistency in the generated results (see Sec. 4.4).
Augmentations: Training solely on rendered images risks
overfitting to synthetic backgrounds [9, 49], due to lim-
ited realism and lack of diversity in object appearance and
backgrounds. Since creating highly varied 3D scenes is

box representation rendered image

depth maprealistic augmentations

FLUX.1

Depth

BlenderCAMERA

3D environment

Figure 7. Dataset creation: We place 3D assets in controlled con-
figurations in Blender [12]. Object placements and camera view-
point are controlled to ensure strong occlusions, while ensuring
adequate visibility for each object. To generate realistic augmen-
tations, we estimate image depth, and pass it through a depth-to-
image model [35] with diverse background prompts.

an expensive process, we adopt a scalable alternative. We
generate realistic augmentations for the rendered images,
that follow the same layout but are rich in terms of ap-
pearance diversity. For each rendered image, we extract
its depth and feed it through a depth-to-image generation
pipeline (FLUX.1-Depth-dev) [35] to synthesize realistic
images that preserve the same spatial layout. Although this
pipeline produces high-quality results, it occasionally mis-
aligns objects with their intended depth regions, causing in-
correct placements. We mitigate this by applying object-
level CLIP-based filtering [56] to retain only those augmen-
tations that adhere to the original layout. Our final dataset
comprises 25K rendered images and 25K augmentations.
Further details about dataset pipeline and dataset statistics
are provided in appendix Sec. B.

4. Experiments
4.1. Experimental setup
Implementation details: We use FLUX.1-dev [35] as the
text-to-image model. We train for 30K steps at a learning
rate of 10−4, using a LoRA rank of 128. A detailed imple-
mentation report can be found in appendix Sec. E.

Evaluation dataset: Accurate evaluation of occlusion-
aware 3D control requires a benchmark of paired images
and 3D bounding box annotations that exhibit 1) diverse ob-
ject configurations 2) challenging occlusion scenarios, and
3) wide range of camera viewpoints. To facilitate this, we
introduce 3D Control with Occlusions benchmark, 3DOc-
Bench, a dataset with 500 samples of paired 3D bounding-
box layouts, rendered images, and scene text prompts. We
construct the benchmark in Blender [12] by placing 3D
assets on a ground plane and procedurally varying object
arrangements and camera poses to produce strong occlu-
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Figure 8. Qualitative results: Our method is able to precisely follow 3D scene layouts, with high occlusion consistency. Our approach
preserves the prior of text-to-image model, as evident from capabilities like see-through transparent objects (A,B,G,J), text rendering (G)
and inter-object interactions (E,F). Additionally, our method enables control over viewpoint of generated image (C,D). Despite being
trained on layouts with only upto 4 objects, our method is able to generalize to complex scenes with many objects (G,H,I,J).
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Figure 9. Qualitative comparison: We compare against works on
3D layout control: LooseControl [4] and Build-A-Scene [19], and
on occlusion control: LaRender [76] and VODiff [37].

sions while preserving a minimum visible area for each ob-
ject. We will release the benchmark for future research in
occlusion-aware generation. Detailed benchmark statistics
are provided in the appendix Sec. B.
Evaluation metrics: We measure the models’ perfor-
mance for layout adherence, text-to-image alignment, and
image quality. For text-to-image alignment, we use CLIP
image-text similarity, and for image quality, we use Ker-
nel Inception Distance (KID) [6]. Evaluating 3D layout ad-
herence using a single metric is challenging, as the gener-
ated scene may not conform to the metric depth specified
by the 3D bounding-box layout. To this end, we compute
three metrics that in unison effectively evaluate 3D layout
adherence. Specifically, we compute 2D bounding box ad-
herence, relative visibility order and 3D orientation consis-
tency. (1) For evaluating 2D layout adherence, we first ob-
tain object masks by combining 2D layouts with Segment
Anything [30]. Next, we compute CLIP similarity between
the object masks and textual object descriptions, leading to
CLIP objectness score. We aggregate this objectness score
to evaluate the 2D layout adherence (2) For evaluating rel-
ative visibility order, we adopt a similar method as [26]:
we estimate per-pixel depth [72] and obtain object depth
estimates by averaging the depth within each object mask.

Baselines depth ord.↑ obj. score↑ angular err.↓ text align.↑ KID(×10−3) ↓
VODiff [37] 0.68 19.70 92.73 29.51 15.40

LooseControl [4] 0.82 20.02 89.88 28.43 14.32
Build-A-Scene [19] 0.89 21.0 91.62 28.05 20.12

LaRender [76] 1.02 21.83 89.63 30.20 13.46
Ours 1.46 22.86 47.92 31.87 5.43

Table 1. Quantitative comparison: We compute (a) depth or-
dering, which reflects 3D location and occlusion consistency, (b)
CLIP objectness score, which indicates layout adherence and ob-
ject fidelity (c) angular error, which indicates orientation correct-
ness (d) image-text prompt alignment using CLIP [56], and (e)
KID [5], which measures image fidelity.

Since all objects may not be present in the generated output,
we use previously defined objectness score to filter out ob-
ject masks. Finally, we compare relative depth ordering of
each object pair against the ground-truth ordering, assign-
ing a score of 1 if the ordering is correct and 0 otherwise.
We aggregate this score over all such pairs 3) For assess-
ing orientation accuracy, we employ OrientAnything [67] to
estimate object orientations using filtered object segments,
and compute mean absolute error against ground truth.
Baselines: We compare our method with state-of-the-art
works in 3D layout control: LooseControl [4] and Build-A-
Scene [19]. LooseControl uses layout depth maps to condi-
tion a diffusion model for scene layout control, while Build-
A-Scene is an inference time method that uses pretrained
LooseControl checkpoint. For fair evaluation, we train
LooseControl on our dataset, and use the checkpoint to eval-
uate both methods. We also consider works on orientation
control, Compass Control [49] and ORIGEN [43], though
they do not support 3D object placement, hence not directly
relevant. We compare against them in appendix Sec. G. We
further evaluate against occlusion control methods, LaRen-
der [76] and VODiff [37]. These methods decompose an
image into 2D object layers to manage visibility ordering.

4.2. Results
Qualitative: We present our qualitative results in Fig. 8.
Our method is able to generate realistic scenes with intri-
cate inter-object overlaps. It effectively preserves the prior
of the base text-to-image model, evident from capabilities
like see-through transparent objects (A,B,G,J) and text ren-
dering (G). Additionally, our method enables control over
viewpoint of generated image (C,D). Despite being trained
on layouts with only upto 4 objects, our method is able to
generalize to complex scenes with many objects (G,H,I,J).
Even though our synthetic data consists of rigid objects in
fixed canonical poses, our method is able to generate diverse
poses such as sitting (H,J) and cycling (E). The model gen-
erates natural inter-object interactions (dog riding bicycle
in E, person playing guitar in F), even though our synthetic
data does not contain such interactions. Further, it general-
izes strongly to out-of-domain objects. Notably, our train-
ing dataset does not contain any musical instruments (F,J),



electronic devices (G), transparent object (A,B,G,J), but our
model effectively generalizes to them.
Baseline comparisons: We present results in Tab. 1
and Fig. 9. 3D scene control: LooseControl [4] fails to
handle complex occlusions, as layout depth fails to repre-
sent occluded objects (see Fig. 9 A1,3-5). Additionally,
the objects are generated in incorrect locations, due to lack
of binding (A1,3), also reflected in low objectness-score
(see Tab. 1). Build-A-Scene [19] uses multiple generation
and inversion cycles to sequentially add objects to the scene.
While this improves upon layout adherence and occlusion
consistency compared to LooseControl [4], it leads to in-
version artifacts (B2-3,5), and hence worse KID value. The
sequential generation also leads to lack of coherence in the
generated scene (B4), since initial generations are indepen-
dent of final scene layout. Both the methods fail to pro-
vide precise orientation control, since layout depth maps
can only encode orientation upto 180◦ flip, leading to high
angular error. In contrast, our method is able to generate co-
herent images with precise 3D layout and orientation con-
trol. Occlusion control: LaRender [76] and VODiff [37]
rely on 2D layouts as conditioning input, which fail to dis-
certain exact object arrangements. For instance, in Fig. 9
(C4, D4-5), the object is generated on ‘top of the chair’,
against the intended configuration ‘behind the chair’. In
contrast, our OSCR representation is 3D aware, hence offers
more precise control than 2D layouts. In case of large over-
lap between 2D bounding boxes, baselines often fail to gen-
erate occluded objects (C1,3-4, D3-4) while SeeThrough3D
succeeds in such cases (E).
User study: We conducted an A/B user study where 60
participants were asked to choose between output of our
method and a randomly chosen baseline. We evaluate a) im-
age realism, b) layout adherence, and c) text prompt align-
ment. Results highlight high preference for our method in
all evaluation categories (see Appendix Sec. J).

4.3. Personalization
We show personalization results in Fig. 10. We adapt our
training dataset for personalization by applying textures to
3D assets, and using this textured object as reference image.
Further details and results are in appendix Sec. I.

4.4. Ablations
We study the impact of key design choices, with results
shown in Tab. 2 and Fig. 11. Box transparency plays a
crucial role in the effectiveness of the OSCR representa-
tion, enabling reasoning about occluded objects and relative
depth. Color-coding the box faces helps encode orientation
and significantly reduces angular error (see Tab. 2). Inter-
estingly, opaque boxes yield the best orientation accuracy
due to a clearer color signal. The attention-based binding is
essential for layout adherence—without it, objects appear
at incorrect locations (see Fig. 11, 1C and 3C), resulting in
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Figure 10. Personalization: Our method can be extended for per-
sonalized 3D control using reference image of an object.

‘A photo of office chair and chair and goat in a cozy rustic cabin.’

‘A photo of giraffe and bicycle traversing a rocky riverbed in a deep canyon under a hot sun.’

‘A photo of elephant, table, table, jeep on a beach with crashing ocean waves and dramatic cliffs.’
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Figure 11. Ablations: We ablate upon key aspects of OSCR rep-
resentation, our binding mechanism and data preparation strategy.

Ablations depth ord.↑ obj. score↑ angular err.↓ text align.↑ KID(×10−3) ↓
w/o transparency 1.20 21.67 46.15 31.39 5.90
w/o color-coding 1.36 22.23 88.77 31.57 5.93

w/o binding 0.98 20.45 57.44 31.61 6.35
w/o hard data 1.24 21.89 49.73 31.32 6.34

Ours 1.46 22.86 47.92 31.87 5.43

Table 2. Quantitative results of ablative experiments.

lower objectness score. Finally, filtering out overly simplis-
tic layouts in data improves performance.

5. Conclusion
We present SeeThrough3D, a model for occlusion-aware
3D layout control. We introduce OSCR, an occlusion-aware
3D scene representation. We show that our approach can
faithfully model heavy occlusion scenarios while preserv-
ing the strong text-to-image prior of the model. Despite
training on limited synthetic data, it exhibits strong gen-
eralization capabilities. We perform evaluations to show
that our method outperforms existing baselines, and also
ablate upon key design choices, providing useful insights
for future research. While effective in layout adherence,
our method does not preserve image consistency under lay-
out changes. A future direction is to address this by using
editing based techniques.
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