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Figure 1. SEMLAYOUTDIFF generates 3D scenes conditioned on an architectural map or unconditionally. Left (full pipeline): With
architectural conditioning and room type label, SEMLAYOUTDIFF synthesizes a 2D semantic layout map, predicts 3D attributes to form
bounding box layouts, and retrieves objects to construct a final scene. Right: In the unconditional setting, SEMLAYOUTDIFF generates the
architecture map and the semantic layout map from noise and room type label before synthesizing the scene (3D layout stage not shown).

Abstract
We present SemLayoutDiff, a unified model for synthe-

sizing diverse 3D indoor scenes across multiple room types.
The model introduces a scene layout representation com-
bining a top-down semantic map and attributes for each
object. Unlike prior approaches, which cannot condition
on architectural constraints, SemLayoutDiff employs a cat-
egorical diffusion model capable of conditioning scene syn-
thesis explicitly on room masks. It first generates a coher-
ent semantic map, followed by a cross-attention-based net-
work to predict furniture placements that respect the syn-
thesized layout. Our method also accounts for architectural
elements such as doors and windows, ensuring that gen-
erated furniture arrangements remain practical and unob-
structed. Experiments on the 3D-FRONT dataset show that
SemLayoutDiff produces spatially coherent, realistic, and
varied scenes, outperforming previous methods.

1. Introduction

Automatic 3D indoor environment generation has many ap-
plications such as assisting content designers for AR/VR,
video games, and serving as training data for computer vi-
sion models [31] and embodied AI agents [7]. Various
approaches have been proposed for generating 3D indoor
scenes. Typically, these methods separate the task into two
steps: 1) generating a coarse layout specifying the seman-
tic categories and positions of objects, and 2) retrieving and

placing suitable objects based on the generated layout.
Early attempts used design guidelines [27] to deter-

mine the object arrangement. These approaches used hand-
crafted rules, limiting generalization to diverse types of
scenes. Fisher et al. [11] introduced data-driven object
placement. Since then, various deep learning techniques
have been used for layout generation, including autoregres-
sive models [29, 44, 46], graph neural networks [45], and
diffusion over graphs [42]. More recently, LLMs have been
used for open-vocabulary scene generation [1].

While LLMs are useful for providing priors on what ob-
jects are present and semantic relations between objects,
they struggle to precisely place objects. Thus, researchers
still actively investigate what can be learned via training on
3D scenes [19, 42]. Recent works trained on 3D scenes
share common limitations: 1) room architecture is not han-
dled, 2) interpenetration of objects, 3) lack of unified model
that can be conditioned with different inputs (separate mod-
els typically trained for each room type).

To address the first two issues, we propose the use of a
2D top-down semantic map to represent the layout. In this
semantic map, each cell represents one object category. By
including architectural elements such as floors, doors, and
windows, the representation also accommodates generation
of the room as well as layout of objects in the room. The
representation naturally ensures that objects do not overlap
and floorplan constraints are properly maintained as shown
in related work [37, 53]. Specifically, we use a categori-
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cal diffusion model to generate the top-down semantic map.
From the semantic map, we extract the object instances and
their attributes (e.g., semantic category, size, orientation).

We also tackle training a unified model across room
types that can be conditioned on the architecture and room
type. We demonstrate that we can train a unified model that
handles different room types and generates more plausible
and realistic layouts. In summary, our contributions are:
• A novel scene representation using semantic layout maps

with instance attributes, which enables simultaneous ob-
ject placement and better captures spatial relationships

• A categorical diffusion model for scene synthesis by gen-
erating semantic maps, enabling a unified approach that
efficiently handles diverse layouts across room types, cap-
tures architectural constraints and furniture relationships,
and reduces out-of-bound and object intersection issues.

• Our model incorporates architectural elements by gener-
ating the room together with the objects, and conditioning
on the architecture.

2. Related work
Rule-based and statistical prior indoor scene synthesis.
Early work relied on placement constraints [48] and rules
based on interior design principles [27] to place objects.
Following these works, Fisher et al. [11] learned object ar-
rangements from a 3D scene database by modeling the co-
occurrence and spatial relationship of pairs of objects and
constructing scenes hierarchically based on support.
Deep-learning based scene synthesis. Wang et al. [44], in-
troduced auto-regressive scene generation and used CNNs
for scene synthesis by representing scenes as 2D top-down
images, with multiple channels encoding information such
as floor layout, object semantic mask, etc. Followup work
improved generation efficiency [32], and used transformers
to decode the objects [28, 29, 40, 46]. Scenes were also
modeled using graphs: a scene-hierarchy [15, 22], a rela-
tionship graph [25, 45, 51, 54], or a hybrid representation
that combines scene-graphs with top-down image based
representation [53]. Recent work [23, 39, 42] trains de-
noising diffusion model to generate the scene graph, with
some work incorporating a floor plan as a conditioning sig-
nal [19, 26] and loss terms to avoid collisions [49].

We advocate the use of 2D top-down images as in Wang
et al. [44]. Instead of autoregressively adding one object at
a time, we use diffusion to layout all objects together. By
working directly in image space, the model can ensure that
the position of the objects is within the floor plan. Concur-
rent to our work, Su et al. [37] used diffusion-based models
to generate a semantic layout conditioned on floor plan, but
uses continuous instead of discrete categorical outputs.
LLM/VLM-based scene generation. As LLMs and VLMs
capture common-sense knowledge about object placements
in rooms, researchers developed frameworks that lever-

age LLMs to generate more open-world scenes based on
text [2, 4, 13, 20, 50] and/or visual information [38]. While
the use of LLMs/VLMs is a promising direction, we inves-
tigate whether we can train a unified model that generates
reasonable semantic layouts using diffusion.
Combined layout and object generation. With advances
in mesh generation, some works generate an entire scene
mesh based on a input layout [9, 33] with Fang et al. [9]
being able to generate the room layout via a separate layout
stage. Other work generate individual objects for a specified
layout in a compositional setting [6, 24, 30]. Our model
can be used to specify the initial layout used by these ap-
proaches. Some works generate both the layout and the ob-
jects [14, 43, 51, 52], typically with a graph-based repre-
sentation for the layout and then a shape generator for each
object. Some [51, 52] still learn priors on the placement of
objects from 3D datasets such as 3D-FRONT [12], while
others [14] use an LLM to convert text to semantic scene-
graphs, which are then used to generate relative positions
of objects. We show in Fig. 8 that layouts generated by our
model can also be combined with generated objects.
Diffusion models for layout generation. Diffusion has
also been applied to 2D layout synthesis [17, 34–36]. Chai
et al. [5] explore graphic layout generation with a newly de-
signed transformer-based denoiser. Inoue et al. [21] formu-
late a discrete diffusion model for layout generation, which
can solve diverse tasks via a single model using complex
layout constraints. Another work [18] shows that using a
multinomial diffusion model over categorical data, it is pos-
sible to generate 2D semantic maps. We take inspiration
from diffusion for 2D layouts, and use diffusion to gener-
ate a 2D top-down semantic map that captures the spatial
relationship between all objects.

3. Semantic Layout Representation
In recent scene generation work, the scene is represented
as a sequence of objects [29] with corresponding attributes
(category, location, etc.) or a scene graph [42] where nodes
indicate objects and edges indicate object relations. Both
approaches face the problem of overlapping objects and do
not necessarily respect the floor boundary.

To tackle this problem, we represent the scene as a se-
mantic map with exact instance annotation, shown in Fig. 2.
The semantic map, denoted as S ∈ RH×W , represents the
semantic segmentation of a top-down projection of a room,
encoding both location and object category. Each pixel cor-
responds to fixed physical dimensions. We use a scale of
s = 0.01 meters (i.e., a pixel is 0.01 meters). We denote the
instance-level annotations as I = {Oi} where i = 1, ..., N ,
where N is the total number of objects within the room.
Each instance Oi is defined by Oi = {ci, si, pi, ri}, repre-
senting an object’s category, size, position, and orientation.
The category ci ∈ {0, 1}K is a categorical variable over



Figure 2. Semantic map representation example. We represent the
scene in two parts: the 2D top-down semantic map with a fixed
physical unit per pixel (middle) and the 3D bounding boxes with
orientations for object-level attributes (right). Note that the left
image is the corresponding rendered scene.

the total number of semantic categories K in the dataset,
where K = C + 4. Here, C is the number of object
types, and the additional categories represent architectural
elements: void (outside room boundaries), floor, door,
and window. Including floors, doors, and windows enables
our model to generate the room together with the objects,
while also handling architectural constraints. Our frame-
work can be simplified to scenarios without doors and win-
dows by reducing the semantic categories to K = C + 2,
representing only floor and void. This simplified setting
is similar to conditioning by floor as in prior work [19, 29].
However, our method simultaneously generates the room
and object layouts, even under unconditional generation.

For each object instance Oi, in addition to the semantic
category ci, we also specify the bounding box size si ∈ R3,
position pi ∈ R3, and orientation ri. For the orientation,
we only consider the rotation of objects about the up (ver-
tical) axis. From analyzing the orientation of objects in
3D-FRONT, we observed that over 97% of orientations are
aligned with the coordinate axes. Thus we restrict our prob-
lem to predicting four distinct orientation classes and use a
categorical variable ri ∈ {0, 1, 2, 3} to indicate the object’s
front direction corresponding to 0◦, 90◦, 180◦, 270◦.

We process the scene data using BlenderProc [8] to ren-
der top-down views of the rooms, producing both semantic
map and instance-level annotations. The camera parameters
ensure consistent pixel-to-meter scaling. Images are padded
to a fixed size (1200× 1200, representing 12m × 12m). Fi-
nally, we apply the filtering strategy from ATISS [29] to
ensure data quality. More details are in ??.

4. Method

Unlike previous methods [19, 29, 42], our unified model
generates all room types with a single model. It generates
both the architecture and furniture objects at the same time
in an unconditional way. Furthermore, it takes a room mask
as input condition, and generates layouts conditioned on

just the floormask or the full architecture mask (archmask
for short). Our model has two stages: 1) a semantic layout
diffusion model (Fig. 3a) for predicting the layout, and 2)
an attribute prediction model (Fig. 3b). The two stages are
trained separately and combined at the inference stage.

4.1. Semantic Layout Generation

The first stage is based on the multinomial diffusion
model [18], shown in Figure 3 (a). The multinomial dif-
fusion model is a categorical discrete diffusion model de-
signed for categorical data perfectly suited for our data rep-
resentation. We modify the multinomial diffusion model
to make it a unified model conditioned on possible room
masks for all room types.

During training, the input is a 2D segmentation map
S ∈ RH×W×K , where pixels indicate semantic ID. Each
pixel value is a one-hot vector x ∈ {0, 1}K , where K is
the number of semantic categories. We set K = 38 with
34 for object types, 3 for architecture elements (floor,
door, window), and 1 for void. For conditioning, we spec-
ify the room type croom and the room mask A ∈ RH×W

where Ai,j ∈ {0, 1, 2, 3} denotes void, floor, door, and
window. Note that we can also condition with the floor (i.e.,
the room mask without doors or windows), which can be ex-
pressed as a binary mask, or do unconditional generation of
both the room architecture and the objects.

We denote the noise pixel value at time step t as xt ∈
{0, 1}K . If xt belongs to category k, then xtk = 1 and
xtj = 0 for j ̸= k. The probability of xt given x0 is

q(xt|x0) = C(xt|ᾱtx0 + (1− ᾱt/K))

where C is the categorical distribution with parameters αt =
1− βt and ᾱt =

∏t
τ=1 ατ .

The objective of the multinomial diffusion model is to
minimize the KL divergence of the categorical distribution
between the generated data and ground truth, which is

LMDM = Ex,t [KL (q(xt−1|xt,x0), p(xt−1|xt,A, croom))]

where q(xt−1|xt,x0) is the ground-truth categorical poste-
rior and p(xt−1|xt,A, croom) is the predicted distribution at
time t−1 given previous time t distribution, room mask and
room type condition. See Hoogeboom et al. [18] for details
of the multinomial diffusion model.

Figure 3 shows how the room mask A is passed through
an embedding layer and an MLP to get the room mask em-
bedding, then added to the xt embedding to control denois-
ing so the generated layout can respect the input mask. Fur-
thermore, the room type croom embedding is added to the
timestep embedding to allow generating the desired room
type. The embedding size for both the room mask and room
type is 64. These two conditions allow a unified model for
all room types that generates the room semantic layout with
different room types and masks as input. By adding an-
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Figure 3. SemLayoutDiff overview. From left: (a) is the unified diffusion model that is conditioned on the room mask, and room type
croom. During the denoising process, the archmask or floormask embedding is added to the noise input embedding. The room type
embedding is added to the timestep embedding. (b) is the object attribute prediction model with a semantic layout map as input. si, pi, ri
indicate the ith instance’s size, position, and orientation. At training time, we use ground-truth instance masks. During inference the
semantic layout map is split into instance masks by using connected component analysis. The layout feature and the mask feature are
passed to a cross-attention layer to get the final object instance feature, which is used to predict attributes. (c) During inference, objects are
retrieved to match the category ci and size si, and arranged using the position pi and orientation ri.

other control for the type of room mask used for condition-
ing (e.g., none, floor, arch), we can train a single unified
model for all room and mask types (see ??).

4.2. Attribute Prediction

The generated semantic layout only gives potential object
instances and their 2D location on the projected plane.
Thus, we design an attribute prediction model (APM) to
predict attributes (s, p, r) for each object as shown in Fig-
ure 3 (b). Based on each instance mask, we obtain the 2D
position and 2D size (width and length). The APM network
then predicts the vertical size and position.

The input of the APM is the semantic map and the ex-
tracted instance masks, while the output is the instance-level
object attributes, including vertical size syi

∈ R1, vertical
position pyi

∈ R1, and orientation ri ∈ {0, 1, 2, 3}. We
pass the semantic layout map and instance mask to the en-
coder Elayout and Emask respectively to get the layout fea-
ture flayout ∈ R128×32×32 and the instance mask feature
fmask ∈ R128×32×32. We treat flayout as the query and fmask
as the key and value to perform cross-attention to obtain the
final object instance feature finst ∈ R128×32×32. Finally,
we use different prediction heads, consisting of a shared 2-
layer MLP followed by a 1-layer MLP for each attribute,
to predict attributes using finst. During training, we use the
ground-truth instance masks. We use MSE loss for size and
position heads, defined as Ls, Lp, and cross-entropy loss for
orientation loss Lr. The total loss for the APM is a sum of
the three losses: LAPM = Ls + Lp + Lr.

4.3. Inference

At inference, we follow the pipeline in Fig. 3 to generate
the final scene (see ?? for details). Semantic layout sam-
pling. Given the room mask A and room type croom as con-
ditions, we sample a semantic layout map S using the se-
mantic layout diffusion model. Instance extraction. Based

on the generated semantic map S, we extract instances us-
ing connected component analysis. As there may be noisy
pixels, we define category-specific size thresholds to filter
out object instances that are too small. We determine the
category-specific thresholds by calculating the minimum ra-
tio of object pixels to total room pixels per object type. If an
object’s pixel ratio falls below the type-specific threshold, it
is deemed invalid and excluded from subsequent attribute
prediction and object retrieval. Attribute prediction. Af-
ter we have both the semantic map and instance masks, we
pass them to the attribute prediction model to predict at-
tributes for each instance. Room construction and object
retrieval. Lastly, we use the attributes to retrieve and place
the objects. For unconditioned generation, we also con-
struct the room based on the generated architecture mask.

5. Experiments

We compare our SEMLAYOUTDIFF with two recent diffu-
sion methods (DIFFUSCENE, MIDIFFUSION). See ?? for
additional experimental and training details.
Experimental protocol. We use the experimental setup
from prior work [29, 42], but we revisit the evaluation pro-
tocol and show that rendering choices can greatly influence
common evaluation metrics for scene generation (??). We
advocate for a specific set of choices (rendering using a uni-
fied color palette that groups semantically close objects to-
gether, with a floormask, and shows more object details).
Dataset. We train our model using the 3D-Front [12] train-
ing split from ATISS [29] with 4616 rooms containing bed-
rooms, living rooms, and dining rooms. We use 38 semantic
classes (34 object types, 3 arch-element types, and void).
Baselines. We select two recent diffusion-based indoor
scene synthesis methods [19, 42] with training code for
comparison. We do not compare against CHoRD [37] as
there is no code available, and report results for a pre-
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Figure 4. Example textured synthesized scenes with unconditional
generation. We generate the room architecture together with the
placement of the objects.

trained PhyScene [49] model in ??. Note that MIDIFFU-
SION was originally designed to support floormask condi-
tioning, while DIFFUSCENE do not. In addition, both works
trained separate models for each room type. For fair com-
parison, we add room-type conditioning to prior methods
(see ?? for implementation details), and consider three gen-
eration modes for room mask conditioning: no room mask
(none), conditioned on the floor, and architecture.

5.1. Examples of generated scenes

To demonstrate our model’s ability to generate plausible
room layouts, we show examples of generated rooms (ob-
jects and the room itself) in Fig. 4. We also compare gener-
ated scenes from our SEMLAYOUTDIFF to those generated
by DIFFUSCENE and MIDIFFUSION with the three gener-
ation modes: no room mask (Fig. 5), conditioned on floor
(appendix ??), and on architecture (Fig. 6). For the com-
parison, we use semantically colored renderings with or-
thographic projection to clearly show the layout (see ??).
These are the same renderings used in the quantitative eval-
uation and user studies. We provide more qualitative results
and renderings in ??.
SEMLAYOUTDIFF can generate the architecture mask
without conditioning. In Fig. 5, we show examples of dif-
ferent rooms generated by our SEMLAYOUTDIFF and other
methods. As prior methods (DIFFUSCENE, MIDIFFUSION)
cannot generate the architecture mask, we show the scenes
with a square floor. In contrast, our proposed SEMLAYOUT-
DIFF effectively generates diverse and realistic arch masks
(including floors, doors, and windows) even without ex-
plicit architectural conditioning. The scenes produced by
SEMLAYOUTDIFF exhibit more plausible and varied room
shapes and furniture placements, highlighting its capability
to create coherent indoor scenes.
SEMLAYOUTDIFF respects the architecture mask bet-
ter. From Fig. 6, we observe that DIFFUSCENE and MID-
IFFUSION struggle to place furniture with respect to archi-
tectural elements, often resulting in objects blocking doors,

Table 1. Distribution match to ground-truth scenes. We report
the FID↓ , KID↓ , SCA% , and CKL↓ with different levels of
architecture conditioning: unconditioned (None), conditioned on
the floor (Floor), and the architecture map (Arch). Bold indicates
best results. Our SEMLAYOUTDIFF outperforms other methods.

Condition Method FID↓ KID↓ SCA% CKL↓

None

DIFFUSCENE [42] 125.46 88.09 99.75 24.70
MIDIFFUSION [19] 100.54 41.27 97.35 28.31

SEMLAYOUTDIFF (Ours) 93.93 10.72 96.76 17.21

Floor

DIFFUSCENE [42] 90.82 30.13 94.43 23.93
MIDIFFUSION [19] 91.79 26.23 97.27 23.64

SEMLAYOUTDIFF (Ours) 81.79 14.52 89.83 5.99

Arch
DIFFUSCENE [42] 88.47 30.22 95.02 20.42
MIDIFFUSION [19] 93.51 31.06 95.28 36.97

SEMLAYOUTDIFF (Ours) 71.06 8.65 86.96 4.78

Table 2. Physical plausibility of generated scenes. We compare
out-of-bounds (OOB) ratios at the scene (OOBS ↓) and object level
(OOBO ↓), as well as the collision rate (COL↓), and navigability
(NAV↑). We do not include DIFFUSCENE and MIDIFFUSION for
the none condition as they do not generate any room architecture,
so most of the metrics are irrelevant.

Condition Method OOBS ↓ OOBO ↓ COL↓ NAV↑
None SEMLAYOUTDIFF (Ours) 2.04 0.46 17.70 95.30

Floor
DIFFUSCENE [42] 69.93 28.92 37.68 94.99
MIDIFFUSION [19] 70.17 31.83 35.92 96.02

SEMLAYOUTDIFF (Ours) 24.60 6.93 19.61 96.69

Arch
DIFFUSCENE [42] 66.47 20.03 40.97 94.34
MIDIFFUSION [19] 60.68 34.66 51.62 96.19

SEMLAYOUTDIFF (Ours) 16.63 6.62 16.13 96.36

windows, or extending beyond room boundaries. In con-
trast, our proposed SEMLAYOUTDIFF consistently gener-
ates coherent, organized, and realistic furniture arrange-
ments, effectively respecting architectural constraints such
as doors, windows, and floor boundaries.

5.2. Quantitative evaluation

We evaluate the generated scenes by comparing against the
distribution of real scenes, and evaluating the overall plau-
sibility based on object collisions and how well the room
mask is respected. For each condition, we generate 1000
scenes for evaluation. Metrics. For comparison of syn-
thesized and real scenes, we follow ATISS [29] and report
the KL divergence (CKL) between object category distribu-
tions, and Fréchet inception distance (FID) [16] and Kernel
inception distance (KID) [3] against the test set. Following
prior work, we report the CKL as CKL ×102 and the KID
as KID ×103. We also report the scene classification accu-
racy (SCA), which scores how well a trained classifier can
distinguish synthesized scenes from real-world scenes.

For SCA, the closer the score is to 50%, the more diffi-
cult it is for the classifier to distinguish between generated
and real scenes. We find that in our experiments, the selec-
tion of objects is severely limited, causing the SCA to easily
identify generated scenes (see ??). For the view-based met-
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Figure 5. Comparison of scenes generated by prior methods and SEMLAYOUTDIFF without room mask (i.e., no floor or arch) conditioning.
Since prior methods (left) cannot generate architectural elements, a square floor is used by default. Our method (right) generates feasible
furniture placements aligned with its generated architectural layouts, leaving doors and windows unobstructed.
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Figure 6. Comparison of generated scenes using different methods with arch mask conditioning. For each scene, we show the bounding
box layout before object retrieval, inset on the upper left. Errors are indicated with color-coded circles (see Sec. 5.3 for error types). Our
SEMLAYOUTDIFF generates scenes with fewer errors and respects architectural constraints by keeping furniture within room boundaries
and maintaining clear spaces around doors (red) and windows (pink), whereas DIFFUSCENE and MIDIFFUSION do not.

rics (KID, FID, SCA), we use a top-down semantic-colored
rendering that clearly shows the objects and includes the ar-
chitectural elements (see ??).

To assess scene plausibility, we report the Out-of-
Bounds (OOB) ratio [10] (ratio of objects placed outside
room boundaries). We report both the percentage of scenes
(OOBS) and the percentage of objects (OOBO) with OOB

issues. Finally, we report object collision rate (COL) and
scene navigability (NAV) following SceneEval [41].

We report the performance of the different methods in
Tabs. 1 and 2, where we see that our SEMLAYOUTDIFF
consistently outperforms other unified methods.
SEMLAYOUTDIFF has a better distribution match to the
ground-truth scenes. Compared to prior methods, SEM-



Table 3. Comparison of different training strategies for SEMLAYOUTDIFF: single condition (per-masktype) vs mixed conditions.

Distribution Plausibility

Condition Training FID↓ KID↓ SCA% CKL↓ OOBS ↓ OOBO ↓ COL↓ NAV↑

None
per-masktype 93.93 10.72 96.76 17.21 2.04 0.46 17.70 95.30

mixed 72.51 11.27 92.81 5.37 0.70 0.18 14.32 96.84

Floor
per-masktype 81.79 14.52 89.83 5.99 24.60 6.93 19.61 96.69

mixed 76.24 10.60 86.04 4.38 21.50 5.07 14.67 96.63

Arch
per-roomtype 107.99 42.99 96.08 16.57 26.97 8.89 23.11 95.11
per-masktype 71.06 8.65 86.96 4.78 16.63 6.62 16.13 96.36

mixed 73.61 9.85 92.19 4.27 21.53 4.98 14.42 96.91

Table 4. User rankings for the three methods on 40 samples.

Rank Distribution

Method AR↓ 1st% 2nd% 3rd%

DIFFUSCENE [42] 2.21 11.11 57.22 31.67
MIDIFFUSION [19] 2.55 8.47 28.33 63.19

SEMLAYOUTDIFF (Ours) 1.25 80.42 14.44 5.14

Table 5. Fine-grained user evaluation. Users were asked to assess
errors found in generated scenes.

Intersection Blocked Implausible
Method Arch↓ Obj↓ Door↓ Layout↓ Orientation↓

DIFFUSCENE [42] 89.38 38.12 41.25 45.00 25.62
MIDIFFUSION [19] 80.62 60.00 27.50 78.12 55.62

SEMLAYOUTDIFF (Ours) 20.00 25.00 22.50 11.88 24.38

LAYOUTDIFF maintains closer visual and object distribu-
tion (see lower FID, KID, and CKL in Tab. 1). The other
methods have unrealistic object distributions, such as plac-
ing beds in living rooms or dining tables in bedrooms (e.g.,
in Fig. 6, the MIDIFFUSION-generated dining room at the
bottom right has a bed in the middle; the DIFFUSCENE-
generated bedroom at the bottom left has two dining ta-
bles). This issue arises because these models are trained on
a mixed object distribution across room types, which can
confuse learning. In contrast, our model treats scene layout
generation as a semantic image synthesis problem, condi-
tioned specifically by room type, thus facilitating more ef-
fective learning of distinct object distributions.
Conditioning on floor and arch mask improves perfor-
mance. Table 1 shows that adding conditioning on the floor
or arch mask significantly improves scene synthesis. The
overall FID for SEMLAYOUTDIFF drops from 93.93 for no
room mask to 81.79 with floor conditioning and 71.06 for
arch conditioning. The drop in FID, KID, and CKL shows
that architecture information enables more realistic layouts
matching the ground-truth distribution.
SEMLAYOUTDIFF better respects architectural con-
straints and generates more plausible layouts. Table 2
shows that our SEMLAYOUTDIFF consistently achieves
significantly lower scene-level (OOBS) and object-level
(OOBO) out-of-boundary ratios compared to prior methods,

across all room types. For instance, in bedrooms, SEM-
LAYOUTDIFF reduces the OOBS from approximately 55%
(DIFFUSCENE) and 60% (MIDIFFUSION) to 13.8%, and
the OOBO from over 20% to only 4%. These results demon-
strate our method’s superior ability to place furniture ob-
jects accurately within architectural boundaries.

SEMLAYOUTDIFF also consistently has the lowest
object-object collisions and maintains high navigability
scores. For navigability, the only slight drop appears in
bedrooms, where our navigability metric treats lights po-
sitioned below 2 meters as obstacles; such fixtures are com-
mon in practice, so this penalty does not reflect a real limita-
tion of the layout. Overall, the results show that our method
generates navigable layouts with less collisions.

Mixed-condition training. In our experiments so far, we
have trained a separate model for each room mask type
(none, floor, arch). We can also train one single unified
model that can handle conditioning both on room type as
well as different room mask types by training a single mixed
condition model (see ?? for details).

In Tab. 3, we show that with the mixed training, we gen-
erate scenes with slightly better distribution match and plau-
sibility when conditioned on no room mask or just the floor
mask. When conditioning on arch mask, the per-masktype
model has slightly better distribution match. We also com-
pare to training of a separate per-roomtype model. No-
tably, we find that per-roomtype training results in gener-
ated scenes that are further from the ground-truth distribu-
tion (high FID / KID / CKL) and poor plausibility (more
out-of-bounds and collisions). The per-roomtype training
suffers from both poor performance as well as the need for
multiple models. By including all room types and mixing
the conditioning allows the models to be trained on more
data and learn the overall distribution better. To handle the
different conditioning types, the per-roomtype training (as
common in prior work) would need M×R separate models
where R is the number of room-types and M is the number
of mask types, vs M models for the per-masktype training,
and 1 model for our proposed mixed condition training.
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Figure 7. Examples of error cases for user study from SEMLAY-
OUTDIFF-generated scenes with arch mask conditioning.

5.3. User study

To further compare the quality of the generated results, we
conducted two user studies. As prior methods cannot gener-
ate the architecture, for fairer comparison we focus on gen-
eration conditioned on the arch mask. The first study asked
participants to rank three generated scenes conditioned on
the same architectural mask with different models accord-
ing to plan adherence and overall layout plausibility. In
Tab. 4, we report average ranking (AR) and the frequency
of 1st, 2nd, and 3rd places. The second study examined
five specific error types: object-architecture intersection or
out-of-bounds, object-object intersection, blocked doorway,
implausible layout, and implausible orientation (Fig. 7). We
report the percentage of scenes in which each error appears
(Tab. 5). See ?? for more details on the user studies.
SEMLAYOUTDIFF has the best performance. As shown
in Tab. 4, SEMLAYOUTDIFF achieved the best average
ranking (AR=1.25), with users selecting it as the best 80%
of the time, and only 5% ranking it last. In the fine-
grained evaluation (Tab. 5), SEMLAYOUTDIFF also outper-
form DIFFUSCENE and MIDIFFUSION with users reporting
lower issue rates in all 5 cases. Both user studies reinforces
the findings from the automatic metrics: SEMLAYOUTDIFF
generates the most plausible scenes as judged by people.

5.4. Discussion

Scene synthesis with generated object. In Fig. 8, we show
that layouts from SEMLAYOUTDIFF can be converted into
3-D scenes by pairing them with a 3D object generation
model. Specifically, we use TRELLIS [47], prompting it
with “A <category>” to create a 3D object for each cat-
egory in the layout. Then each mesh is scaled, translated,
and rotated according to the predicted attributes.
Limitations. Despite the strong performance of our SEM-
LAYOUTDIFF in unified indoor scene synthesis, it has sev-
eral limitations. First, our method does not leverage object
shape or contextual information, which could improve at-
tribute predictions, such as orientation, and enhance object
consistency. Second, SEMLAYOUTDIFF currently does not
support conditioning on text or a partial scene, limiting the

Figure 8. Example of our synthesized scenes with TRELLIS-
generated objects. Top left is the top-down rendering with 3D-
FUTURE retrieved objects using our STK rendering, and bottom
is the TRELLIS-based rendering with Blender.

level of user control. Third, relying on the small-scale 3D-
FRONT dataset, which includes fewer than 5000 valid train-
ing rooms, constrains our model’s potential; incorporating
more diverse and extensive 2D and 3D scene data could en-
able the generation of more complex, multi-room layouts.
Our two-stage design can also produce layout errors that
are irrecoverable during attribute prediction. Finally, our
top-down representation lacks explicit vertical information.
Using 3D voxel grids or multi-height semantic maps, can
allow for placement of objects at different heights.

6. Conclusion
In this work, we represent the indoor scene as the 2D se-
mantic layout map with instance attributes to better capture
the spatial relationship between objects and generalize to
different room types. With this representation, we propose
a novel indoor scene synthesis model called SEMLAYOUT-
DIFF by leveraging the discrete denoising diffusion proba-
bilistic model. Unlike prior work that trains models sepa-
rately for different room types, we present a unified model
that is trained across different room types, and can han-
dle different generation modes. It can operate without any
room mask, with floor mask conditioning, or with full ar-
chitectural mask conditioning. The ability to incorporate
architectural elements (doors and windows) beyond just the
floor mask is particularly valuable for indoor scene synthe-
sis, as these elements impose important constraints on furni-
ture placement. Our approach also outperforms prior work
in placing objects without intersection, and can better fit the
objects within a input room mask.
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