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SceneCluster: Interactive Scene Synthesis by
Clustering Groups of Furniture Objects

Shao-Kui Zhang *“, Liang Yue

and Song-Hai Zhang

Abstract—Scene synthesis is crucial to computer graphics. How-
ever, the current interactive scene synthesis methods usually cost
the user too much time and interactions to edit objects. This paper
presents a new interactive scene synthesis method that alleviates
the designer from interacting with the 3D scene and its objects.
Designers only need to select an object group in an independent
panel through coarse clustering and fine clustering. Then, the
furniture objects will be automatically added to the scene. This
paper proposes a two-level clustering that applies the Affinity
Propagation Algorithm (APA) to groups of furniture objects such
that the object groups can even be clustered without linear rep-
resentations, latent encoding, etc. To fully apply the APA, we also
propose quantitatively measuring how different the two layouts
are, i.e., how quantitatively the arrangements of two object groups
differ. Experiments first show that our method is more user-friendly
and interactively efficient than other interactive synthesis methods.
By comparing our method with recent automatic scene synthesis
methods, we demonstrate that our methods still have competitive
plausibility. We also verify that our method does not harm the
diversity and generalization of 3D scenes.

Index Terms—Multi-function design, interactive 3D modeling,
scene reconfiguration.

I. INTRODUCTION

CENE synthesis intelligently places objects into a room.
More and more researchers have applied techniques such
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as naive Bayes [1], [2], graph algorithms [2], [3], and neural
networks [4], [5], [6] to assist designers in building indoor
scenes. We recognize the above method and similar methods
as automatic scene synthesis (Section II-A).

Other works are to recommend relevant objects to designers
based on real-time operations to add user preferences, which
we refer to as interactive scene synthesis [1], [7], [8]. For
example, Yu et al. [1] and Zhang et al. [9] encode priors of
individual objects. Users can suggest positions as preferences,
and the methods help select and rotate appropriate objects. Dong
et al. [10] and Liang et al. [7] rearrange objects given user ac-
tivities. Zhang et al. [11] and Yan et al. [12] enable concurrently
and interactively editing multiple objects. The idea is to facilitate
users’ easy manipulation of scene synthesis (Section II-B).

However, existing interactive techniques still have limita-
tions. First, interacting with the 3D scene consumes most of
the time during the synthesis. Regardless of the interactive
means above, designers still need to interact with the 3D con-
tent. Second, existing literature typically recognizes each object
as the unit for layout priors. Thus, the subsequent optimiza-
tions/interactions/algorithms need to guarantee the plausibility
between/among all objects as much as possible. In contrast,
guaranteeing the plausibility between/among groups is much
easier if each unit is a group of objects.

We propose a new interactive scene synthesis method to
address the limitations above, as shown in Fig. 1. With our
method, users only need to operate on an independent panel out
of 3D scenes. Our method enables the direct addition of furniture
object groups at a time. Therefore, only a few interactions
concerning the 3D scene and its objects are required.

The challenge is how we select an appropriate object group.
We address this challenge by proposing a two-level clustering
method for object groups. Typical clustering methods require
encoding elements to latent spaces [13]. However, the objects’
numbers of various groups differ. The objects’ arrangements
also vary, so we apply the Affinity Propagation Algorithm
(APA) [14], [15] to cluster object groups (Section IV). Though
the APA does not require latent encoding, it still requires quanti-
tative measuring of how two object groups differ. This paper fur-
ther proposes (1) measuring how two groups are functionally dif-
ferent concerning their functional distributions (Section IV-A)
and (2) measuring how two groups’ layouts are different con-
cerning the involved objects’ arrangements (Section IV-B).

The two-level clustering includes a coarse clustering and a
fine clustering. The coarse clustering first organized the object
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Fig. 1.

We introduce an interactive scene synthesis method by clustering groups of furniture objects. Given an empty room (a), a user can successively select

a coarse cluster (b), a fine cluster (c) and an object group (d), so an object group is added to the room (f). The coarse and fine clustering refers to our two-level
clustering method, which clusters object groups based on their functions and layouts (objects’ arrangements). Through a few interactions, our method can quickly
synthesize an indoor scene (g). Please refer to a supplementary video for more interactive demos.

groups based on their functions. The fine clustering subsequently
organized the object groups (within coarse clusters) based on
their layouts. Fig. 1 summarizes how our interactive method
is executed, i.e., repeatedly selecting appropriate object groups
and adding them to the scene. A designer/user can successively
choose a function-preferred cluster and a layout-preferred
cluster.

To verify our method, we first compare our interactive method
with existing interactive scene synthesis methods, indicating that
our method significantly consumes fewer interactions and less
time. Then, we compare our interactive method with existing au-
tomatic scene synthesis methods, indicating that our interactive
method is still competitive with the automatic ones. Finally, we
compare the generated scenes with the ones generated by other
methods, indicating that our method does not affect the diversity
and generalization of the generated scenes.

We made the following contributions:!

The code is available at: https://github.com/Shao-Kui/3DScenePlatform. If
you need to run the platform, please directly email to Shao-Kui. We will send
you a stable version including all code and data. The platform can be run without
any configuration.

e We study how to apply clustering to 3D object groups and
devise a two-level clustering method based on the Affinity
Propagation Algorithm.

e We study how to quantitatively measure the differences
between object groups concerning functions and layouts.

e We present a system that significantly reduces the interac-
tions required to synthesize indoor scenes interactively.

II. RELATED WORKS
A. Automatic Scene Synthesis

Automatic scene synthesis yields object selections and their
layouts given room contours, room functions, list of furniture,
etc. Earlier works focused on the automatic layout of furniture
models based on rules [16], [17], [18]. A few works utilize
graphs [2], [19] or existing examples [20], [21]. Texts [22], RGB-
D scans [23] and existing examples [20] are also incorporated
to guide automatic scene synthesis. Please refer to a survey for
more prior works on automatic scene synthesis [24].

Deep learning techniques have been applied to scene synthesis
recently [25]. Early works use the convolution neural network
to process the top-down view of indoor scenes and add objects
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into scenes iteratively [4], [S]. GRAINS [26] uses a variational
auto-encoder (VAE) to synthesize indoor scenes by generating
their semantic tree. Zhang et al. [27] use the top-down views
and object lists as the input to the deep generative model.
Sync2Gen [28] provides several VAEs to predict the objects’
attributes and their relative attributes. Then, Sync2Gen uses a
Bayesian scene optimization to combine these attributes with
the prior distributions learned from the training data. Scene-
former [29] and ATISS [30] encode scenes with the object
list and use transformer-based generative methods [31], while
DiffuScene [32] encodes scenes with scene graphs and uses a
diffusion-based generative model.

Unlike prior works on automatic scene synthesis, this paper
focuses on interactive scene synthesis, i.e., giving users control
over the synthetic process. Section II-B below discusses directly
related literature to our method.

B. Interactive Scene Synthesis

Automatically generated scenes cannot guarantee the users’
satisfaction/preference. The construction of 3D scenes also
needs to meet the personalized needs of users. Designers gen-
erally need to intervene in automatic scene generation interac-
tively. Therefore, existing literature also explores and develops
interactive methods (typically systems) to help designers/users
edit 3D scenes.

Interactive scene synthesis includes active interaction and
passive interaction. Active interaction refers to methods that
directly take user input and yield suggestions/recommendations/
transformations of objects. For example, Yu et al. [1] add an ob-
ject to a scene at a time. The subsequent objects are conditioned
on the prior-added objects. Similarly, Zhang et al. [9] further
enable real-time object exploration upon adding individual ob-
jects. Zhang et al. [33] enable users to easily encode relative
directions between objects. Yan et al. [12] let users tune a set of
objects during iterative optimizations. Zhang et al. [11] enable
direct multiple object editing.

Passive interaction refers to learning the user’s preferences
from their behaviors/habits and generating scenarios matching
their preferences. For example, Liang et al. [7] rearrange the
workspace according to user activities so that users can conve-
niently travel in 3D scenes. Zhang et al. [8] rearrange objects
concerning multiple users. Dong et al. [10] rearrange objects,
preserving the user’s perception of scenes.

This paper focuses on active interactions, so passive in-
teractions are out of the scope of this paper. In experiments
(Section VI), we will compare our method against the recent
interactive methods.

C. Clustering Algorithm

Clustering is an unsupervised machine learning technique
that classifies data points so similar data points are classified
into the same cluster [34]. Various clustering algorithms are
proposed, such as ”K-means”, "’DBSCAN” [35], "Mean Shift”,
etc. However, these algorithms are applicable when we have data
points. This paper needs to cluster object groups. Although it is
possible to roughly define the distance between two groups based

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 2, FEBRUARY 2026

Object Scale
Bed

Cabinet

Cabinet

Light

Wardrobe

Door

Window

Position Orientation

Fig. 2. An object group. The upper shows the corresponding scene with
its orthographic view. The table below records each object’s relative location
(position), orientation, and scale relative to the main object (the bed in this
example).

on the functional differences of their furniture, the data space
in which the groups are located does not have a “continuous”
property, so we cannot map the object group to a point in
the high dimensional space. Calculating the “mean” between
furniture object groups as the clustering center is impossible.
We can only form a “difference matrix”, where each entry
suggests how two groups differ, so it is necessary to choose the
Affinity Propagation Algorithm (APA) [14] and its subsequent
improvements [15], [36] to gradually adjust the element of each
category through the affinity between data points.

III. OVERVIEW

We define an object group as several specific objects (fur-
niture) with spatial relationships. The relationships include
spatial relations among objects and spatial relations between
walls/windows/doors. Fig. 2 shows an example of an object
group from which the spatial relationship between furniture
objects is quantitatively recorded.

Fig. 3 shows an overview of our method. We first group objects
based on an existing 3D scene dataset, i.e., 3D-Front [37]. Please
refer to Section A of a supplementary document for how we
group objects, thus forming a dataset. Then, we cluster the object
groups by their functional distributions and spatial layouts,
leveraging the Affinity Propagation Algorithm (Section IV).
The first level clustering, i.e., coarse clustering, distinguishes
object groups of different functions. Object groups with similar
functions are clustered together. Within each coarse cluster, we
use the second level clustering, i.e., fine clustering, to classify
the object groups concerning their spatial layouts, i.e., object
arrangements.

Our system interface shows the clusters for interactive scene
synthesis (Section V). We aim to alleviate designers/users when
interacting with the 3D scene. Designers/users only need to find
an appropriate object group based on the clusters. Our method
automatically adds the group into the room.
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(d)

The method overview. Objects are grouped (a). A two-level clustering is applied to object groups (b), so our system can use coarse/fine clusters to

interactively synthesize scenes (c). When a user selects an object group based on the coarse/fine clusters, the group is automatically arranged in the room (d).
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Fig. 4. The distributions of a few furniture types. For example, a loveseat
sofa typically exists in a living room, but a king-sized bed in a bedroom and a
kidsroom.

IV. TwWO-LEVEL CLUSTERING

When clustering object groups, we cannot calculate the “av-
erage” of these groups. We cannot find the mean point as the
clustering center, so traditional clustering algorithms cannot
be applied to our problem. We can only use the “difference”
between each pair of groups and form the “difference matrix”
for the clustering algorithm, leading us to utilize APA [14].

A. Coarse Clustering

Coarse clustering distinguishes the object groups in terms of
their functions. Each room has a type, and each object has a
semantic. An object may appear in various room types, thus
formulating distributions of its semantics about the room types.
Fig. 4 shows the distribution of some furniture. Note that the
room distribution is not the co-existence of objects. Our method
uses the room distributions for the following two-level clustering
algorithm.

Loveseat Sofa Bookcase / Armoire King-size Bed Loveseat Sofa

value = value =
I 1.58496 - “ 4.97242 ==
[Multi-seat Sofa
Bookcase -
/ Armoire
il e -
0.00717
value = Loveseat Sofa
0.49126
Desk -
ol
—
Fig.5. The value K L(p, q) between each furniture type. The darker the color

is, the larger their dissimilarity is. For example, “Desk” is similar to “Bookcase”
because they relate to studies. The two “sofa” types have a similar distribution
because they typically appear in living rooms. In contrast, the dissimilarity
between the “Desk” and “Multi-seat Sofa” is large.

The difference between the two probability distributions is
indicated by KL divergence. We add the forward and reverse
KL divergence to K L(p, q), as shown in (1), where superscripts
r refers to aroom type, and p” means the occurrence of furniture
p in room r. The value of K L(p, q) is shown as a heat map in
Fig. 5. Similar furniture such as ”"Multi-seat Sofa” and "loveseat
sofa” have lower K L (p, q), while values with different functions
are larger.

KL(p,q) = KL(p|lq) + KL(q||p)

T T (s

= X,p"log <p_r> +X,-q"log (Q_T) =%.(p" = ¢")log <p_r>
q p q

(H

We use a scale 1) to cast K L (p, q) to the dissimilarity dsi(p, q)
by (2). Only the dissimilarity between the same type of objects
is 1.0.

1 ifp==gq

IfL(p, q) *n otherwise. @

dsi(p,q) = {

Then, we formulate the differences between the object groups
based on the object dissimilarity above. Suppose we have two
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object groups. One consists of a bed and a wardrobe, and another
only has an additional cabinet. They are all common bedroom
settings, and they are similar. Adding a functionally similar
object does not enormously increase their difference. Therefore,
each object retains the dissimilarity to the most similar furniture
in the opposite group. In doing so, the two groups are similar due
to the similar room distribution and low dissimilarity between
the cabinet and the bed.

We use the notation p; to represent the object in an object
group containing I objects and the notation g; to represent
the object in another group with J objects. Thus, we repre-
sent the smallest dissimilarity as dsi(p;) := min;{dsi(p;,q;)}
and dsi(q;) := min;{dsi(p;, q;)}. Objects such as sofas, beds,
wardrobes, and TV cabinets can dominantly reflect the functions
of the object group. We have assigned higher weights to them,
represented in sign wyq,. A softmax with negative scale o
amplifies the similarity between more similar objects (objects
pairs with lower dissimilarity), as shown in (3), where the first
and the last row of (3) is the softmax, and the second row is the
weighted average. The weight w;,, and wg; can be wge, or 1.0
depending on whether the object is dominant.

edsi(p;) = e dsi(pi) edsi(q;) = edsi(a;)

Yiedsi(p;) - wp, + Xjedsi(q;) - wg,
2iwp, + Njwg,

edsi, =

1
dsi, = Elog(edsiu,) 3

Finally, we use (4) to convert the average dissimilarity to
the object group’s difference. The theoretical minimum value
dsi,, = 1.0 should be subtracted from dsi,, because the lowest
difference should be zero. We then divide dsi,, — —1.0 by
log(I + J) to normalize groups with many objects.

_ dsiy, ——1.0
~ log(I+J)

The above differences in object groups are fed into the
APA [14], which forms the affiliation relationship between data
points (object groups in our case) by maintaining the R matrix,
A matrix and S matrix. For data points X and Y, X’s affiliation
relationship to Y is the tendency of X to be incorporated into
the cluster with Y as its center, where Point X chooses Point Y
as its exemplar. Our difference among object groups D is stored
in the S matrix. The data element in the R matrix, x y, reflects
how suitable point Y is to serve as the exemplar for point X.
The data element in A matrix, a x,y, reflects how appropriate it
would be for point X to choose point Y as its exemplar. rx y
and ax y are iteratively updated based on the R, A and S matrix
until 7x y and ax y converge. Finally, we put the data points
affiliating to the same point into a cluster. The APA has two
hyperparameters: the iteration rounds ¢ter and damping factor
A. The hyperparameters in coarse clustering are summarized in
Table I.

As discussed earlier, we cannot plot object groups on a co-
ordinate system to show the clustering results, so we draw the
difference matrices as a heat map in Fig. 6. Fig. 6(a) shows the
difference matrix between the object groups before clustering.

“
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TABLE I
HYPER PARAMETERS IN COARSE CLUSTERING

Notation | Value Description

1 n 11.1 zoom factor from K L(p, q) to dsi(p, q)
2 | Whey 2.0 weights of key furniture

3 o -1.0 scale factor of softmax

4 A 0.2 damping factor in AP clustering

5 | iter 300 iteration counts in AP clustering

e
|
| |
liii i
11 S { shiii
B =
gg!! m 1 1- L |l IL
SERE - @i R 255 e
‘- *
s RIS g e e
L T T -
|
(b) Difference Matrix After Clustering
Fig. 6. (a) The difference matrix before clustering. (b): After clustering,

we place the object groups in the same cluster together. Blue colors indicate
two object groups are similar, while red colors indicate two object groups are
dissimilar. Thus, four clusters are indicated by the blue colors in our dataset.

After clustering, we place the object groups of the same cluster
together and rearrange the clusters to form a new difference
matrix in Fig. 6(b), where the object groups’ differences within
each cluster are small (the blue area near the diagonal). The
object group’s differences across clusters (the orange area far
from the diagonal) are large.

Fig. 7 marks some clusters and further illustrates Fig. 6.
Because the APA is unsupervised and each cluster is not anno-
tated, we have noted the most frequent objects in each category
to roughly reflect the primary function. When users/designers
interactively synthesize scenes, we also show the most frequent
objects to guide them. The blue area on the diagonal of Fig. 6(b)
forms four parts. We use a green dashed circle to highlight them
in Fig. 7. We found that the four parts represent the common
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Fig. 7.
”study”, “dining room”, "living room”, and "bedroom” clusters, respectively.

object groups in “study”, “dining room”, “living room”, and
“bedroom”, respectively. This is consistent with our intuition.
Furthermore, our object-group-oriented clustering is flexible on
mixed functions between clusters. For example, the overlap
between the living room and bedroom is due to some beds being
paired with a TV cabinet, while some sofas are equipped with a
nightstand.

B. Fine Clustering

There are many object groups in a cluster, which still con-
sumes time for searching. We should divide one cluster into
even smaller groups through the following fine clustering. Fine
clustering is also calculated by forming a difference matrix and
applying the APA.

1, Pairing. The first step is to pair the objects in two groups.
We also assemble K L(p, q) in Section IV-A, but we enlarge the
scale factor 7, so the dissimilarity between furniture objects will
be even greater, as shown in (5).

1, ifp==

KL(P, q) xn' otherwise. ®)

tsitpa) = {

A 4

TV Stand 87%, Sofa 65%

An annotation of Fig. 6(b). The black arrows and boxes indicate the key furniture’s proportion in some clusters. The green circles and boxes indicate the

For each pair, we can calculate the dissimilarity of objects
and form a small matrix exclusive to the two groups’ objects,
as shown in Fig. 8. We select the lowest value from the small
matrix and pair up the two corresponding objects, where this
operation is repeatedly executed until all objects are paired. The
pairs are recorded as M. Object numbers in two object groups
may differ. Unpaired objects will be paired up with an empty
object with a considerable dissimilarity dis,,;ss.

2, Distance Calculation. We calculate the distance between
the paired furniture. We align the main objects of the two
object groups and put other objects, maintaining their relative
transformations concerning the main objects, as shown in Fig. 9.
We calculate the distance of fine clustering by the (6). The
notation M, refers to a pair in M. M, pairs p; and g; up.
The first term of (6) is positional difference, the second is the
square of orientational difference multiplying a weight oy, and
the third is the dissimilarity ds¢ with its weight o 4.

dis(My) = [|p; — =G|z + (pio — —qj0)° - 09

+ dsi(pi, qj) - Tdsi (6)

3, Weighted Average. Finally, we sum up the dis(M,,) in M.
In Fig. 8, the pairs with smaller dissimilarity, such as sofas and
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Fig. 8.  Pairing object groups (No.386 and No.427). We select a minimum
dissimilarity (marked in red) from the matrix and make a pair of the correspond-
ing furniture. The large sofa (Star), coffee table (Square), TV cabinet (Cross),
small sofa (Triangle), and lamp (Circle) are all paired together. The side cabinet
and small chair are finally paired (Diamond). The last pair is reluctant, so their
relationship is insignificant.

TABLE II
HYPER PARAMETERS IN FINE CLUSTERING

Notation Value Description
1 n 111.12 | zoom factor from K L(p, q) to dsi(p, q)
2 [z 1.2 weight of orientation in dis(M,,)
3 Odsi 1.2 weight of dsi(p, q) in dis(M,)
4 N 0.5 damping factor in AP clustering
5 iter’ 50 iteration count in AP clustering
6 | diSmiss 10.0 dissimilarity of unmatched object

TV cabinets, are more critical to calculating dis(M,,, ). Although
the seats and small cabinets are paired up reluctantly, their
effect on the overall difference is insignificant. Thus, pairs with
smaller dsi(p, q) are more significant in terms of their groups’
differences. We set the weights between the more similar pairs
higher, as shown in (7). The final result D’ is calculated by the
weighted average in (8).

W, = [log(dsi(ps,q;))] " )
D— Ymdis(My,) % Wy, @)
Y Wi,

We set “iter” to 30 and “A” to 0.5 since the object groups
in each course cluster become fewer. The hyperparameters in
fine clustering are summarized in Table II. Since the layouts are
more diverse than functions, directly plotting the fine clusters
is not intuitive. Please refer to Section B of the supplementary
document for more details. Our metric may not perform well
when most objects in the two object groups are from different
categories, so in (6), the positional and orientational terms are
more significant than the dst term. However, such cases are
mostly filtered by coarse clustering and rarely appear.

V. INTERACTIVE SCENE SYNTHESIS

Next, we introduce the process of interactive synthesis. An
iteration of adding an object group is shown in Fig. 1. An

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 2, FEBRUARY 2026

interactive session has two level directories and four clicks:
(1) Click on a room to set it as the target room. (2) Choose a
coarse cluster on the panel to the left. While displaying the coarse
clusters, we show the number of their fine clusters in it, the total
number of object groups in it, and the most frequent key furniture
(See Section IV-A). (3) Choose a fine cluster, and the number
of object groups in it will be shown simultaneously. (4) After
selecting an object group, its furniture will be automatically
arranged in the target room. The process only requires operating
in an independent panel and avoids editing 3D content. However,
users can still adjust the inserted object groups to fine-tune their
transformations so the users’ preferences are perfectly satisfied.

When interacting with the scene, object groups are recom-
mended based on a correlation-driven strategy, as illustrated
in Fig. 1. After a group G, is selected, we retrieve and rank
candidate groups {G,} according to a correlation score. The
pairwise score between objects p € G, and ¢ € G, is computed
by cooccurrence probability, where O(p) denotes the frequency
of p in the dataset, and O(p, q) represents their co-occurrence
count. The overall correlation score between groups is then
aggregated. To encourage diversity and avoid recommending
overly similar groups, we introduce a penalty based on the
Jaccard similarity of object categories (C, Cy) between groups.
Assuming the selected and candidate groups contain m and n
objects, respectively, the final ranking score used for recommen-
dation is defined in (9), where «v is a tunable parameter to adjust
the penalty. Examples of recommendations are shown in Fig. 10.

_L o O( aQ) . ‘Cpm0q|
S(prGQ) - mn ZZ O(p) a‘cp UCq| ©

i=1 j=1

When arranging an object group, we consider its relative
transformations concerning walls, windows, doors, and exist-
ing objects, where data priors are calculated to help yield the
transformations.

In each object group, the first object is usually the main object.
As long as the position of the main object is determined, other
objects can be located based on the relative location recorded
in the object group. There are ways to locate the main object:
if there are windows or doors in the target room and the main
object’s relative location toward the window or door is available,
we can locate the main object accordingly; otherwise, if the
object group records its relative location to the nearest wall, we
can choose a wall and place the object beside it.

In order to make the interactive indoor scene synthesis con-
venient, we provide designers with several schemes. When we
place the main object according to the window or door, different
doors or windows may lead to different locations; when we place
it according to the wall, several walls can also lead to several
schemes. We can also place the main object beside a wall, even
if no window or door is recorded in this object group.

After determining the main object’s transformations, other
objects can be placed based on their relative transformations.
However, the shape of the target room may be irregular. There-
fore, after placing the main object, we use the area proportion
of the object group’s bounding box in the room to determine
whether this scheme is feasible roughly. If the area proportion
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Fig. 9. Calculating distances of fine clustering. (a,1) and (a,2) are object groups where objects’ categories, positions and orientations are marked. (b) shows

the alignments of the two groups. The beds are the main objects in both groups, so we align the spatial positions of the beds, and other objects are transformed
according to the main objects. We then calculate the distance between the other pairs after the alignment. In this example, the relative transformations between the
doors/wardrobes and the beds mainly contribute to the differences between the two object groups.

y

Fig. 10.

Examples of recommendation results. Based on the current object group in the room, the system preferentially recommends object groups that are related

but not similar. This encourages diversity while maintaining contextual relevance.

is too large, the scheme will be dropped. If the proportion
is sufficient for the room, we can slightly adjust the objects’
transformations so the object group fits.

The above process includes how we arrange object groups and
the attributes within the groups. To achieve a fully automatic
version of our framework, we just let the computer select the
clusters. The only difference is that our interactive framework
does not “select” object. In our implementation, the automatic
selections are achieved using the And-Or graph [19], i.e., the
frequencies of objects conditioned on their room types.

VI. EXPERIMENT
A. Platform and Setup

We implement our interactive scene synthesis method on a
platform, as shown in Fig. 11. We render the 3D scene on the
front end with Three.js, a popular rendering engine on top of
WebGL. The back-end server is implemented with Flask, which
organizes scenes and objects.

We have implemented other interactive synthesis methods
(i.e., the baselines) on this platform. We have added timers for
every operation of interactive scene synthesis so we can record
the time and clicks of scene synthesis with different algorithms.
The interactive baselines are listed below. Please refer to Sec-
tion C of a supplementary document for the floorplans used and
other details in the experiments.

® [ndustrial Method: This synthesizes scenes with no intel-

ligent suggestions, typical industrial solutions.

. —

(c) Manipulating Objects (d) Interactive Synthesis

Fig. 11. The interactive scene synthesis platform supports our experiment.
This platform provides basic operations for interactive scene synthesis and
integrates synthetic methods we test through our user study.

® MageAdd [9]: This synthesizes scenes by successively
placing objects when users interact with 3D scenes.

e SceneDirector [11]: This synthesizes scenes by succes-
sively placing multiple objects when users interact with
3D scenes.

B. Interactive Scene Synthesis

This experiment invites participants to fill empty rooms using
different interactive scene synthesis methods. Over 250 scenes
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dlicks seconds

(a) Total Clicks (C™) (b) Total Time (S™)

Fig. 12.  The total clicks and time required by baselines and our method. The
red dots indicate averages. The horizontal segments represent medians. The
boxes represent quartiles. The two ends of each vertical thin line are two peaks.

(for each baseline) are synthesized by 30 participants (com-
posed of college students, freelancers, office workers, etc.). Each
participant was taught how to use the interactive methods, and
she/he could freely use our system until she/he was familiar with
all the frameworks. A staff member was available to answer any
technical questions during the experiment.

Note that for each interactive method, the input remains
the same, but the interactive features differ. For example,
MageAdd’s feature is that potential objects will pop up when
users use the cursor to explore the room [9]. Our feature is di-
rectly adding object groups. Despite every interactive method’s
way to further process data, all of the baselines are built upon
the same dataset.

In order to illustrate the experimental results clearly, we define
some notations. For baseline m, the total click cost is represented
by C™, and the total time cost is S”*. C"" is an integer. S™" refers
to the timer. We plot the total clicks and time required by the
baselines in boxplots, as shown in Fig. 12. The time and clicks
cost using our method, SceneDirector and MageAdd, are much
less than the Industrial Method. Our method and SceneDirector
are more efficient than MageAdd. Although our method slightly
requires more clicks than SceneDirector, it saves more time.
This is because our method saves the interactions required
concerning 3D but adds interactions to our panel (Fig. 1), where
users click on the panel. Additionally, the standard deviation of
SceneDirector is higher than ours, indicating our method is more
stable than it.

Three factors affect the C"* and S™ besides m: the number of
objects added, the designer’s background and room sizes. Firstly,
we calculate the “clicks per object” as CpO™ = C™ /O™ and
“seconds per object” as SpO" = S™ /O™ to eliminate the
effect of different numbers of objects added. O™ refers to the
number of objects added using method m.

Some participants would choose and adjust the objects care-
fully, thus spending more time. To eliminate this, we further
divide CpO™ and SpO™ by CpO’™¥* and SpO™?s, where
inds represents the industrial method with no intelligent in-
teractive sessions. We have (CpO’)™ = CpO™ /CpO™?* and
(SpO")™ = SpO™ /SpO™4*_ Fig. 13 shows the statistics of
CpO™, (CpO")™, SpO™ and (SpO’)™, where our method
can save the effort of adding individual objects. Finally, we
select eight typical floorplans for room sizes to conduct the
experiments, where all baselines synthesize scenes given the
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Fig. 13.  Clicks and seconds per object.
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(a) Total 3D Operation Time (b) Proportion

Fig. 14. The time used in interacting with the 3D objects/scenes. (a) shows
the total time for 3D interactions. (b) shows the ratio of the total time for 3D
interactions to the entire synthetic time.

same room sizes. The eight floorplans are shown in Section C
of the supplementary document. Note that all the methods can
synthesize scenes given various floorplans. The eight chosen
ones are only for this experiment’s fairness.

We record the time of “adding”, “deleting”, “moving”, “ro-
tating”, and “scaling” the objects. Our system integrates timers
for all such operations. Fig. 14 shows the operation time and
its proportion concerning the entire synthetic time. Our method
requires significantly less time to edit scenes compared to other
baselines. According to the experimental results, we also re-
alize that, though every interactive method requires manually
fine-tuning objects’ transformations, our method still requires
the fewest operations for fine-tuning.

C. Survey by Questionnaire

We invite the participants in Section VI-B to also participate
in a questionnaire on various frameworks. The participants score
the convenience, flexibility, aesthetic, and overall likeness from
1 to 5 for MageAdd, SceneDirector and our method, i.e., 12
scoring questions. The results are shown in Fig. 15. Our method
performs better than the baselines. The participants especially
felt comfortable using our method since it alleviates interactions
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Fig. 15.  The average scores of four measurements. They are scored from 1 to
5, and we minus these average scores with 2.0 to magnify the difference.

concerning 3D. However, it’s harder to personally edit the object
groups, which makes our method less interactively flexible than
the baselines. As several participants suggested, our method
may be more useful in an area that does not require personality
but requires quantity. Although our interactive flexibility can be
improved, the generated scenes are still diverse and general. See
Section VI-E for more statistics.

D. Automatic Scene Synthesis

To further evaluate the plausibility of our method, we compare
our results with the scenes generated by two novel automatic
scene synthesis methods: (1) ATISS [30], a transformer-based
scene synthesis method, (2) DiffuScene [32], a diffusion-based
scene synthesis method. In this experiment, we only compare
the final results rather than the interactive sessions. To make this
evaluation as fair as possible, we adapt our method to be auto-
matic, i.e., let the computer interact. The computer automatically
and randomly selects a coarse and a fine cluster based on the
room type. An object group is randomly chosen and arranged
in the room according to Section V. This process is executed
iteratively until the room is full.

We displayed the scenes using different methods in a ques-
tionnaire and asked 20 newly invited participants to evaluate the
scenes’ balance, aesthetics and plausibility. The balance refers
to the spatial harmony and utilization of the room, e.g., a room
with a half filled with objects and an empty half is not well
balanced. The aesthetic refers to the degree of visual pleasure.
The plausibility refers to whether the layout of objects in the
scene can achieve the expected function. Participants compare
the scenes presented and rate them individually. Each participant
was asked to compare 20 pairs of scenes and choose a better one
based on balance, aesthetics and plausibility. Each pair of scenes
is from two anonymous methods.

The statistical result is shown in Fig. 16, where our method
generates competitive results against generative methods based
on deep learning. As the object groups originate from the scenes
in 3D-Front, our synthetic results are easier to understand than
the ATISS and DiffuScene. Hence, its selection rate is larger
than that of these two methods.
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ATISS Vs Ours Ours Vs DiffuScene

Balance Balance

Aes-

Aes-
~thetic ~thetic

Plausi-
bility

Plausi-
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Fig. 16. The statistical result of verifying our plausibility compared with
automatic scene synthesis methods. The three bars are balance, aesthetic and
plausibility, respectively.

(a) ATISS

(b) DiffuScene

Fig. 17. The qualitative results of comparing our method with ATISS and
Diffuscene.

Note that it is challenging to fairly compare interactive and
automatic methods. This experiment is to verify the plausibility
of our method only. Please refer to Section VI-B for comparisons
with other interactive methods. Fig. 17 shows several qualitative
results. Current automatic scene synthesis methods based on
deep learning cannot be directly applied to interactive scene
synthesis because they cost much more time than the users’
tolerance during real-time interaction.

We also provide FID, KID, SCA and CKL of our method
against ATISS and Diffuscene, as shown in Table III. The results
show that the rendered (visualized) results from our method are
not visually different from the database concerning Diffuscene.
Our category distributions of objects are also similar to the
database.

E. Diversity and Generalization

This section verifies that our method does not harm the
diversity and generalization of generated scenes. We compare
our method with the baselines in Sections VI-B and VI-D. Each
baseline generates 250 scenes, and we plot the scenes in Fig. 18,
where each point represents a scene and has three channels,
including functional proportion, furniture category and furniture
quantity. Please refer to Fig. 18’s caption for more details.

A diverse set of scenes should be scattered dispersively in
Fig. 18. For example, a scene should have various furniture
categories to support diverse daily scenarios. A set of scenes
should have different degrees of compactness, indicating how
various furniture sizes (shapes) are used. The diversity of a
scene database can be analyzed through the distribution pat-
terns of these plots. The statistical result shows that scenes
generated with our method have competitive diversity against
previous methods, analogous to ATISS [30], DiffuScene [32]
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TABLE III
THE QUANTITATIVE RESULTS, WHICH COMPARE OUR METHOD WITH AUTOMATIC SCENE SYNTHESIS METHODS. THE FOUR METRICS
ARE FID, KID, SCA AND CKL

Method Bedroom Dinning Room Living Room
FID KID | SCA | CKL FID KID | SCA | CKL FID KID | SCA | CKL
ATISS 20.76 | 2.04 | 6753 | 0.78 | 38.65 | 577 | 73.54 | 0.84 | 50.83 | 6.18 | 72.69 | 0.78
DiffuScene | 18.39 | 142 | 53.86 | 0.35 | 32.80 | 0.78 | 55.02 | 0.27 | 36.54 | 1.28 | 57.76 | 0.28
Ours 18.47 | 140 | 55.70 | 0.34 | 32.03 | 1.03 | 54.65 | 0.30 | 3579 | 1.25 | 5890 | 0.39
Area-Furniture Category Distribution-ATISS 35 Area-Furniture Category Distribution-DiffuScene - Area-Furniture Category Distribution-MageAdd 3
16 16 16
30 30 30
14 14 14
12 (X} 25 12 ° 25 12 ° 25
z e eo@® o ° 2 z ° eeo0 o ° ° 2 z ° ° 2z
g10 © esmemocsw® ® e o 208 g10 @o scameme® o0 ° 208 g10 ®e o ° 208
S © © @» ecwsmame o 00 ° 3 38 © eoemeo c@w®o o o 3 S co® ®moo e 152
¢ 8 °® om 00 0 0 o ° g ] @o mmmweme © o ° g g s © @000 00 o ° g
£ 0@ ® @ 0o 008 © 152 £ @ 0w © 00® © © 152 £ @ omsmmoc® ®o ° ° 152
36 © ® ammo come © E 36 o BN @O WOBO® © © © 3 36 CDIEPEIOED ®EBOBO O 00 ® 3
° COED GEND GEO®ES ® © © 10 comamer ®® o® 00 e o o o 10 0E00® O® GEmERCE® 0® © @ 10
a © cocammmmmoo @® 00 © ¢ 4{ @» cwme @o cEmme ® @O ® © a ®oan e cumw o e oo
oen o mee we ° o000 0@ ome 0000 © Cem®ess © cmEo®oe ©
2 ° s 2 ° o0 s 2 ® o wmosco® 5
eom® em oo © °
0 0 0 0 0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Functional Proportion Functional Proportion Functional Proportion
(a) ATISS (b) DiffuScene (c) MageAdd
Area-Furniture Category Distribution-SceneDirector 15 Area-Furniture Category Distribution-3D-Front 15 Area-Furniture Category Distribution-Ours -
16 16 16 °
30 30 oo 30
14 14 14 ° '
L ° o o
12 25 12 [ 25 12 [ emeo o 25
z z z oo @@ 2z g ewmw o @ oo ° z
g10 205 g10 om®m® o 20§ g10 ® e eoeoo®m ° 20§
3 3 s © @@ occmeo 3 s ® e® o oo 3
L s ° ° g L s ® @ °o e g L s @e o ooome0 g
2 e o0 o 152 2 © e»omeemecces o 158 Z o0 wmmmooe o 152
5 6] e0 o s ® oo ° 2 s 6 ©® comesss ® 2 36 ®oommewoco® ® 2
e00® o0 m®oo o ° 10 o0 @ eI ©® 0e ° 10 CessensemoY  @eO O oo ° 10
4 0 ST WESS WED® O® ©CO ° 4 © 0 o ®aemo eo@00 4 D BOWOS GO O © TD
) emSESeme® OO o0 @o ° ° © e oooe °
2| cmem o evemso@ 0C0® oo s 2 s 2 e o0 0 o o 5
e® o® oo o °
0 0 0 0 0 0
0.0 0.2 0.4 0.6 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 0.8 1.0
Functional Proportion Functional Proportion Functional Proportion
(d) SceneDirector (e) 3D-Front (f) Ours

Fig. 18.

Plotting generated scenes. Each scene is represented as a point, and its color represents its furniture quantity, i.e., the number of furniture objects in each

scene. The horizontal axis represents each scene’s functional proportion, i.e., the area occupied by furniture divided by the total area of the room. The vertical axis
represents each scene’s furniture category, i.e., the number of furniture categories involved. For example, a dinning table setting with one dinning table and four

chairs comprises five furniture but two categories.

and MageAdd [9]. Scenes built with SceneDirector [11] have
the drawback of low furniture categories. While scenes randomly
selected from the 3D-Front database [37] have the richest vari-
ation in the furniture category, our method can reach similar
categorical richness.

F. Ablation Study

In this section, we tune the hyper-parameters in Tables I and II
to yield different clusters. Despite the hyper-parameters for the
AP algorithm and the scale factors, we have wy.y, 09, 044 and
diSmiss-

Fig. 19 illustrates the consequences of improperly setting
the hyper-parameters. For example, in Fig. 19(b), we compare
five bedroom object groups. The three groups on the left have
left-side windows, while the two groups on the right have right-
side windows. When oy is set to 1.2, it can perfectly distinguish
the left three and the right two, separating them into different
clusters. However, if o9 = 0.1, all these groups are combined
into a single group. Furthermore, as the lower part of Fig. 19(d)

shows, groups of tables with six chairs can be placed in the same
cluster as the table with four chairs when dis,,,;ss is reduced to
1.0. However, they should be separated, as in the situation in the
upper part.

VII. DISCUSSIONS

Incorporating Deep Learning based Techniques: Our method
leverages data-driven priors derived from the 3D-Front dataset,
which encode common spatial relationships between objects
and room elements (e.g., walls, windows) based on statistical
analysis of real-world scenes. While the current priors are based
on dataset statistics, we recognize the potential for learned
approaches to further improve generalizability, and we will
address this in future work by exploring end-to-end learning
models for placement. Besides, recently, more learned distances
rise. Learned distance metrics, such as those derived from deep
learning-based similarity learning (e.g., SceneFormer [29]),
scene graphs (e.g., DiffuScene [32], InstructScene [38]) or
embedding techniques (e.g., Forest2Seq [39]), could offer an
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Fig. 19.

(d) change dismiss to 1.0 (originally 10.0)

We vary the values of four hyper-parameters (Wey, 06, 0ds; and disp,;ss) to obtain different clustering results. In each figure, we compare the distances

among some object groups when a hyper-parameter changes. (a) We reduce the wg., from 2.0 to 1.1. The upper part displays the distances (Boxes, Numbers
and Arrows) and clusters (Blue, Yellow and Green Boxes) of the five object groups when wy.,, is 2.0. The lower part is when wy.,, is 1.1. We show the distance
between Group No. 365 (Middle) and each of the following groups: No. 771, No. 377, No. 485, and No. 492. The three groups on the left are related to living rooms,
and the two on the right are some shelves. The three “living room” object groups should be clustered, and the shelves should be individual. Thus, wge, = 2.0
is proper. All object groups are mixed in one cluster when wy,,, is too small, e.g., wxe,y = 1.1. (b) A proper value of g can distinguish between object groups
with left-side windows and those with right-side windows. (¢) o 45; helps distinguish groups with slightly different choices of objects, e.g., a proper value of o 44;
separates object groups with different objects on the left side of the bed. (d) A proper value of dis,;ss can distinguish object groups with different subordinate

objects, e.g., the chairs.

(b) An Outlier Group

(a) A Wardrobe-Centric Group

Fig. 20.  Our clustering method (Section IV) encounters two types of failure
cases: (a) Due to the similarity in object co-occurrence, two groups may be
clustered even though the objects involved are different. For instance, the object
group consisting of the wardrobe and bedside table, as well as the object group
consisting of the bed, have similar frequencies of occurrence in different rooms;
therefore, the wardrobe-centric group is mis-clustered into the bed-centric
cluster. (b) Some groups should be outliers in terms of the clusters, i.e., they
should not belong to any particular cluster. However, our method still assigned
them to the nearest cluster.

alternative way to measure the difference between object groups.
However, object groups in 3D digital scenes are naturally het-
erogeneous, i.e., object numbers and arrangements are different.
Using APA is our resort. In the future, given extensive data and
a way to align the heterogeneity and non-linearity, we believe
the learned distances will capture data-driven patterns.
Scability: Our method utilizes the Affinity Propagation Al-
gorithm for clustering, which has a time complexity of O(n?),

where n is the number of object groups. While this quadratic
complexity can be challenging for very large datasets, our ex-
periments demonstrate that it handles the scale of typical indoor
scene synthesis effectively, as the clustering is performed offline
and only once. The manual annotations from the 3D-Front
dataset were necessary to ensure high-quality groupings based
on functional and spatial relationships, which is critical for
meaningful clustering and user experience. This process may
not scale effortlessly to massive datasets. Regarding algorithm
complexity, APA was chosen for its ability to handle non-metric
spaces and avoid the need for predefined cluster centers, which
is suitable for our object group representations.

VIII. CONCLUSION

We proposed a new interactive scene synthesis method by
clustering object groups. Our method can synthesize scenes
without interacting with them, thus saving human effort. Our
method spends less time and fewer clicks than existing interac-
tive methods. Although our interactive synthesis tool provides
designers with much convenience, there remain possibilities to
improve our method further.

Firstly, more multimodal information should be provided,
such as explanatory text when presenting the object groups’
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photos to users. What kind of auxiliary information can further
effectively help the designers? As many object groups already
exist, how can this information be automatically generated? This
should be considered in the future.

Secondly, in Section V, we only use a simple idea to arrange
objects, which lacks robustness. Although we have considered
the irregularity of the room shape as much as possible, it still
needs to be improved to handle more complex scene shapes.
We may use deep neural networks to learn how to place object
groups directly in specific environments.

Thirdly, our distance computation during clustering requires
further refinement to address certain corner cases. Groups con-
taining objects from different categories may be assigned to the
same cluster. As shown in Fig. 20(a), the wardrobe-centric group
and bed-centric group have similar frequencies of occurrence
in different rooms due to the co-occurrence of wardrobes and
beds. Thus, the wardrobe-centric group is mis-clustered into
the bed-centric cluster. Additionally, there are some outliers
regarding the clustering Fig. 20(b) that do not belong to any
specific cluster. However, they are assigned to the nearest cluster
based on our method.

Finally, although our interactive framework allows inserting
object groups based on existing ones, overlapping objects may
still occur. Currently, when two functional groups overlap, users
can either remove or retain them. Removing an object is a quick
operation, but we still need a solution to prevent bordering users
from being affected by that operation.
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