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Abstract

Rearranging disarrayed objects to their intended goal
states requires the agent to comprehend the changes that
have occurred in the scene and to reason about the pro-
cess of these changes. To address this, we propose a novel
perspective on the visual rearrangement task, drawing inspi-
ration from the diffusion processes in molecular thermody-
namics. We model the room shuffle and unshuffle stages as
the forward and reverse processes of diffusion. In contrast
to conventional methods that rely on scene modeling and
differential comparisons, our approach provides insight into
the intrinsic evolution process between the goal and initial
states of the scene, which allows for a more reasonable rear-
rangement of objects through fine-grained and progressive
denoising steps with high confidence. By analyzing the task
objectives, we represent the scene via spatial distributions of
objects and model the visual rearrangement process using
a diffusion bridge model. Building upon this, we introduce
the Diffusion Rearrangement model, which takes point cloud
data as input, fits it into Gaussian mixture distributions to
represent the states of objects, and predicts the rearrange-
ment target through an iterative denoising transformer. Ex-
perimental results on the RoomR dataset demonstrate the
effectiveness of our approach.

1. Introduction
Room rearrangement is a common problem people face in
daily life. As the environment becomes increasingly chaotic
and disordered, people need to reorganize objects to their
original location. A similar task is the visual rearrangement
task[42], which is one of the most challenging tasks in the
field of embodied AI. The goal of visual rearrangement task
is for the agent to explore and memorize the initial room lay-
out, then restore the room to its initial state after some objects
have been randomly disarranged. The similarities between
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the daily room reorganization and visual rearrangement task
can be understood in the context of thermodynamic analy-
sis. For example, considering the Shannon entropy of object
distribution as a measurement of the scene, the environment
becoming disordered and human organizing behavior, as well
as the room getting disarranged and agent restoring actions,
are essentially process of entropy increasing and decreasing.
Furthermore, if the process of randomly disarranging the
room and restoring it are viewed as the forward and reverse
process of a Markov random process[1], the state of the room
can be described by a stochastic differential equation, for
example, the Langevin dynamics equation[36]. Then it can
be proven that the distribution probability of the objects in
the room and the change in information entropy during this
process conform to the diffusion equation, which means the
change in room state can be modeled as a diffusion process.

Existing methods on visual rearrangement task can
be classified into end-to-end reinforcement learning
approaches[11, 42] and modular approaches[29, 31, 37].
The reinforcement learning methods attempt to leverage
extensive experience during training and use a parameter-
ized mapping mechanism to memorize environmental states.
Modular methods, in the meanwhile, divide the task into
perception and planning modules, explicitly modeling and
comparing environmental states to make inference of the re-
arrangement goal. The commonality between both methods
lies in building certain form of data representation to model
and compare the initial and current room states, and then
directly inferring the rearrangement targets from the differ-
ence. As a result, these methods rely on precise perception
capabilities to a great extent and are sensitive to input noise.
These methods take the initial and current room states as
two isolated data distributions and do not further explore the
inherent relationships and evolution processes between the
two states.

Inspired by the diffusion process in nonequilibrium ther-
modynamics, we propose modeling the room state changes
using a diffusion process to infer the process of object state
changes. We redefine the rearrangement task from a diffu-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

15222



Figure 1. Different from methods based on differential comparison,
our method build up the evolutionary process between the initial
and goal states and predict the rearrangement targets step-by-step.

sion perspective, treating the process of randomly shuffle
the room as the forward diffusion process, and the process
of room restoration as the reverse process, as illustrated
in Fig. 1. Unlike generative diffusion models that synthe-
size data from Gaussian noise, our task-specific diffusion
bridge operates between two structured states, allowing in-
terpretable evolution under task constraints. Our motivation
is to simulate gradient descent, with fine-grained and step-
by-step changes that gradually combine to restore the overall
changes in the room state. Conventional comparison-based
methods resemble finding the shortest path between two data
distributions, due to the large inference span, the accuracy
and optimality of the results are hard to be guaranteed. Scene
change inference based on the diffusion modeling has higher
confidence at each step of the diffusion process, and as the
complexity of task increases, this method offers a higher
chance of approaching the accurate goal state.

In this paper, we propose Diffusion Rearrangement, a
novel modular method based on Brownian Bridge Diffusion
Model[26] to tackle the visual rearrangement task. Different
from previous methods that infer the scene changes through
understanding and comparing the observations of the goal
and initial states separately, we focus on modeling the chang-
ing process between the goal and initial states to predict
interpretable rearrangement targets through a diffusion pro-
cess. We take the differential point cloud[29] as input and
employ a distribution-based method to represent the states of
objects, which better aligns with the task definition and con-
strains the inference space to the acceptable range. The Dif-
fusion Rearrangement framework uses a transformer-based
architecture[38] as the denoising model, learning the reverse
iterative process from observations of the goal and initial
states to output the changes in the states of objects. The main
contributions of this paper are as follows:
• A novel approach to understanding the visual rearrange-

ment task through diffusion process, with proof at the level
of probability and statistics.

• A scene representing approach that fits the spatial states
of objects into Gaussian mixture models to align with the
task objective.

• A diffusion-based method that learns the changing process
between the goal and initial states and tackles the visual
rearrangement task by iterative denoising steps.

• The proposed method outperforms existing methods in all
metrics and the experimental results of ablation demon-
strate the effectiveness of our method.

2. Related Work
2.1. Embodied AI
Embodied AI refers to artificial intelligence systems that
possess a physical body and interact with the physical world
in a human-like way that takes actions by perceiving and rea-
soning about its environment. In recent years, embodied AI
has gained significant attention in multiple research domains
and various embodied tasks have driven much progress, in-
cluding object-goal navigation[27, 39, 40, 45–48], embodied
question answering[5, 6, 43], object manipulation[10, 44],
and object rearrangement[11, 29, 31, 37]. The develop-
ment of methodologies and techniques for embodied AI
has largely benefited from the availability of high-fidelity
3D simulation platforms, such as Habitat[32], RLBench[18],
ThreeDWorld[12] and our work builds on AI2-THOR[23].

2.2. Diffusion Model
Diffusion models[8, 16, 17, 35, 36], which is first inspired
by the diffusion phenomenon of non-equilibrium statistical
physics[34], have recently emerged as a powerful class of
generative models, achieving remarkable results in generat-
ing high-quality images and accurately modeling complex
distributions. The forward diffusion process defined by De-
noising Diffusion Probabilistic Model (DDPM)[17] starts
from data x0 and ends at a standard Gaussian distribution
N (0, I), which is suitable for generating data from certain
domain. Aiming at learning a mapping between different
domains, Brownian Bridge Diffusion Model (BBDM)[26]
takes conditional input xT as end of the diffusion process in-
stead of pure Gaussian noise and defines the forward process
as a stochastic Brownian Bridge process. Drawing inspira-
tion from the forward and reverse processes of diffusion,
we employ a diffusion bridge to model the rearrangement
process, where each end of the bridge represents the initial
and goal states of the scene.

2.3. Rearrangement
The conventional rearrangement problem in the field of task
and motion planning[13–15, 19, 20], usually referred to
as rearrangement planning[2–4, 9, 21, 22, 24], addresses
the ability of interacting with and manipulating objects to
achieve desired environmental configuration, with the as-
sumption of full access to all object states. Recent rearrange-
ment task[1, 42] in the filed of embodied AI, which is the
focus of our work, requires not only the ability of scene un-
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derstanding and object manipulation, but also the capability
of perceiving the environment solely from raw visual input
such as egocentric images. The problem scope of rearrange-
ment is also not confined to a single tabletop with several
objects but extends across multiple rooms with various forms
of objects, introducing additional challenges in terms of un-
derstanding and reasoning about the environment. While
previous works have addressed visual rearrangement tasks
using diffusion-based approaches[28, 33, 41], our method
differs in two key aspects: we do not assume known object
states, and we focus on planning to rearrange the entire room
rather than manipulating object poses within limited regions.

3. Preliminaries

3.1. Task Definition

The general form of the rearrangement task in the field of
embodied AI is defined by Batra et al.[1], who specify rear-
rangement task using the mathematical model of Partially
Observable Markov Decision Processes (POMDP). The re-
arrangement task requires an agent to transform an indoor
environment from a starting state s0 to a desired goal state
s∗ ∈ S∗ ⊆ S with a sequence of actions a ∈ A. With
only rigid bodies considered, the space of rigid-body poses
can be denoted as Si = SE(3) = R3 × SO(3), where R3

and SO(3) respectively represent 3D locations and rotations
space. The world state space S is factorized as the Cartesian
product of the rigid-body pose spaces corresponding to each
of the n parts, which can be written as S = S1 × S2 . . .Sn.

Since the agent does not have direct access to the goal
state space and have to operate solely from observations o,
the goal specification g is pre-defined to provide guidance for
the actions of the agent toward goal states. The goal specifi-
cation encompasses a variety of forms[1], such as Geometric-
Goal, ImageGoal, LanguageGoal, ExperienceGoal and Pred-
icateGoal. We consider an instance of ExperienceGoal-based
rearrangement task proposed by Weihs et al.[42], which de-
fines rearrangement task as a two-stage process, including
walkthrough and unshuffle. During the walkthrough stage,
the agent is placed into a room with goal state configura-
tion s∗ and allowed to explore the environment according
to its need. Then the agent is removed from the room and
some changes of the objects are made to initialize a shuffled
room s0. During the unshuffle stage, the agent is placed back
into the room and starts reorganizing the objects to convert
s0 to s∗. At each time step t, the agent receives egocentric
RGB-D observations and executes a discrete action, where
the action space consists of move ahead, turn right,
turn left, look down, look up, put down, open,
stop. The agent autonomously executes the action stop
when it determines to complete the task.

Figure 2. Observation and inference space of different methods.
The blue area represents the possible positions to which the vase
can be restored. Representing objects as distribution can better
reflect the target space of rearrangement.

3.2. Analysis of Task Objective
For each task, while starting state s0 is uniquely determined
by the exact position and state of all objects, goal state s∗ is
an element from a set of acceptable states S∗. The acceptable
states can be formulated as S∗ = S∗

1 × S∗
2 . . . S

∗
n, where S∗

i

indicates the acceptable distributions of object i, optionally
defined by the threshold of intersection over union (IOU)
between 3D bounding boxes[42]. As a result, the principal
objective of visual rearrangement task is not to restore the
exact positions of target objects, but rather to strike a balance
between location precision and task completeness.

We take one scene from dataset RoomR[42] as an ex-
ample. As illustrated in Fig. 2, the agent gets observations
of the same table in both goal and initial states, indicating
that a vase needs to be repositioned on the table. Methods
based on scene understanding[11, 31] typically establish the
positional relationships between objects using a scene graph,
which provides only coarse-grained information about the re-
arrangement target, in this case, expanding the space of infer-
ence and action to encompass the entire table. Methods based
on instance identification[29, 37] generally compare the dif-
ference of observation from the same perspective, which can
be minor at room scale, leading to a narrowed target. We
propose representing objects as distribution over locations,
which will be discussed in Sec. 4.1. This distribution-based
approach restricts the inference space to a range close to the
scope of acceptable states, avoiding unnecessary precision.

4. Method
In this section, we propose a modular approach motivated
by diffusion process to tackle the visual rearrangement task.
We begin the section by discussing the distribution form
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of objects and representation of scene change (Sec. 4.1).
Then we introduce the motivation and process of diffusion
bridge model (Sec. 4.2). Finally, we present the Diffusion
Rearrangement model (Sec. 4.3) which reasons about the
process of scene change and generates the rearrangement tar-
get without explicit matching. The framework of our method
is illustrated in Fig. 3. The pseudocode of training and infer-
ence are presented in Algorithm 1 and Algorithm 2.

4.1. Scene Representation via Distribution
As mentioned in Sec. 3, the goal state is confirmed by ac-
ceptable arrangements within the IOU threshold. To better
reflect the target range of objects, we represent the room
state using the distribution of the center point coordinates of
the objects. The room state at time step t can be formulated
as xt = [xt

1, . . . , x
t
n], where xt

i denotes the center point
coordinate of object i at time step t. In particular, we use
Gaussian mixture model to represent the distribution of xt,
which can be formulated as:

p(xt) =

n∑
i=1

πiN (xt | µi,Σi) (1)

We choose Gaussian mixture model for three reasons: 1)
the product of a Gaussian mixture distribution and a single
Gaussian distribution remains a Gaussian mixture; 2) each
component of Gaussian mixture corresponds to an object,
with mean and covariance representing the center point and
positional range of the object; 3) convenience for parameter-
ization and robustness to noise.

In rearrangement tasks, we only get access to goal and
initial states, which can be explicitly fitted by the Gaussian
mixture model. Considering the forward transition probabil-
ity q (xt | xt−1,xT ) defined in Sec. 4.2, we can derive the
distribution of objects at time t = 1 given goal state x0 and
initial state xT :

p (x1) = p(x0)q (x1 | x0,xT )

=

n∑
i=1

πi [N (x0 | µi,Σi) · N (x0 | µ,Σ)]

=

n∑
i=1

(πiZi)N (x0 | µ′
i,Σ

′
i)

(2)

By properties of Markov chains, we can derive that distri-
bution of objects at anytime within [0, T ] conforms to the
form of Gaussian mixture model, which indicates that the
process of rearrangement can be tackled in the latent space
of Gaussian mixture model.

Since only a few objects in the room are repositioned and
most objects keep the same position, the number n of com-
ponents of Gaussian mixture can be reduced to the amount
of objects to be rearranged, as objects that are not moved can
be considered as components of πiN (xi,Σi) with πi = 0.

Consequently, we consider a simplified approach that only
focuses on differential changes among all objects to rep-
resent the room state. Following Liu et al.[29], we utilize
point cloud as data representation to capture various scene
changes precisely, as the point cloud contains rich geometric,
positional, and scale information of objects, which can be
intuitively represented by means and covariances of the Gaus-
sian mixture model. In particular, during the walkthrough
stage, the agent explores the environment and generates ego-
centric point cloud by depth observation. Then the agent
records its current pose and update the global point cloud.
During the unshuffle stage, the agent also explores the envi-
ronment following the same trajectory and updates the global
point cloud. The differential point cloud of walkthrough and
unshuffle stage are obtained by extracting the moved and
protruding parts of the two sets of global point cloud.

While the amount of objects to be rearranged is unknown,
we fist apply clustering methods to determine the number
of components in the Gaussian mixture model. Then the
differential point cloud from both stages are fitted to Gaus-
sian mixture models to represent the room state, denoted
as x0 ∼ GMM(pw) and xT ∼ GMM(pu) with mean µi

and covariance Σi representing the center coordinate and
positional range of i th object.

4.2. Diffusion Process in Rearrangement

Drawn inspiration from the diffusion process in molecu-
lar thermodynamic motion, we propose redefining the rear-
rangement task as a reversible process of object movement.
Given a room with a goal state configuration, the random
shuffle process corresponds to the diffusion process, where
molecules move towards a stable state driven by concentra-
tion differences. The unshuffle process, in turn, corresponds
to the reverse diffusion process. What distinguishes rear-
rangement task from molecular motion is that the reverse
motion process of molecular is impossible without exter-
nal forces, while an agent with interaction capabilities can
restore the room.

Assuming that the random shuffle process is executed
by the agent with a sequence of actions A = {a1, . . . , am},
we can simply derive the reverse process by inverting the
sequence and actions to A′ = {a′m, . . . , a′1}, which offers
a possible solution to the shuffle stage. This also suggests
that any intermediate state between the goal state and initial
state, which is segmented by a single action of the agent, is
a valid room configuration. In contrast, the diffusion process
in domains of image generation links the target image and
Gaussian noise by adding noise and denoising, where inter-
mediate states are meaningless noisy images. In rearrange-
ment tasks, the forward process predicts the noise at time
step t for training, which practically indicates the directional
trend of object movement during shuffle. The reverse pro-
cess, in turn, refines the inferred room state through gradual

15225



denoising, indicating the process of objects moving towards
the goal state.

Compared to conventional diffusion models[8, 17, 35]
in the filed of image generation, where one end of both
forward and reverse processes is standard Gaussian noise,
the diffusion process in the visual rearrangement task focuses
on the transition between the initial and goal states, taking
two meaningful data representations as input instead of pure
noise.

Given x0 and xT as representations of goal and initial
states, we consider a continuous-time stochastic model in the
form of a Brownian Bridge[26], which can be formulated as:

p (xt | x0,xT ) = N
((

1− t

T

)
x0 +

t

T
xT ,

t(T − t)

T
I

)
(3)

It can be found that the process is conditioned on the starting
point x0 at t = 0 and ending point xT at t = T , which
forms a diffusion bridge process.

The forward diffusion process of Brownian Bridge[26]
can be defined as:

q (xt | x0,xT ) = N (xt; (1−mt)x0 +mtxT , δtI) (4)

where mt =
t
T and δt = 2s(mt−m2

t ) with factor s control-
ling the maximum variance and generally setting to 1.

Given goal state x0 and initial state xT , the transition
probability q (xt | xt−1,xT ) can be derived by substituting
the term of x0 with intermediate state xt−1:

q (xt | xt−1,xT ) = N
(
xt;

1−mt

1−mt−1
xt−1

+

(
mt −

1−mt

1−mt−1
mt−1

)
xT , δt|t−1I

) (5)

where δt|t−1 is derived as:

δt|t−1 = δt − δt−1
(1−mt)

2

(1−mt−1)
2 (6)

The reverse process of Brownian Bridge[26] aims to pre-
dict xt−1 given xt and initial state xT by estimating the
noise part of µθ (xt,xT , t), which can be formulated as:

pθ (xt−1 | xt,xT ) = N
(
xt−1;µθ (xt,xT , t) , δ̃tI

)
(7)

where δ̃t is derived as:

δ̃t =
δt|t−1 · δt−1

δt
(8)

The training objective of optimizing the Evidence Lower
Bound (ELBO) can be derived in a simplified form[26]:

Ex0,xT ,ϵ

[
∥µ̃t (xt,xT )− µθ (xt,xT , t)∥2

]
∼

Ex0,xT ,ϵ

[∥∥∥mt (xT − x0) +
√

δtϵ− ϵθ (xt, t)
∥∥∥2] (9)

µ̃t (xt,xT ) denotes the mean value derived through
Bayes’theorem and ϵθ denotes the trained neural network to
predict the noise.

4.3. Diffusion Rearrangement
Fig. 3 illustrates our approach to solving the visual rear-
rangement task. Our method takes the goal and initial con-
figurations of the room as input and outputs predictions of
the movement changes for each object to be rearranged. We
model the visual rearrangement task as a diffusion bridge
process[26], which starts from the goal configuration and
ends at the initial configuration. Towards this goal, we de-
sign a denoising network, which adopts the Transformer[38]
architecture, to predict the rearrangement targets by iterative
denoising on distribution of objects. During inference, at
each time step t, we predict the noise ϵθ (xt, t) which can
be viewed as the gradient toward the goal state. By gradually
combining the denoising steps, we restore the actual changes
between initial and goal states.

Denoising Network Architecture: We adopt the con-
ventional encoder-only transformer architecture as the back-
bone, which is composed of several standard transformer
blocks[38], each consisting of the multi-head self-attention
module and the position-wise feed-forward module. By en-
acting interactions between different object distributions
through the self-attention mechanism, the model establishes
the intrinsic connections between the distributions and pre-
dicts the noise ϵθ (xt, t) of the diffusion process, which is
equivalent to predicting the tendency of object movement.
For input of the Gaussian mixture models, we adopt a mul-
tilayer perceptron (MLP) as the network token encoder to
map the parameters to high-dimensional latent space. The
positional embedding of the transformer is implemented by
the sinusoidal time embedding given time step t. Finally,
the network decoder is also built as an MLP to output the
predicted changes of objects, represented as changes in the
parameters of the Gaussian mixture model.

Training and Inference: While sampling xt from in-
put x0,xT , t can be computed in discrete form as xt =
(1−mt)x0 +mtxT +

√
δtϵ, the training objective of opti-

mizing the ELBO defined in Sec. 4.2 is derived as estimating
xt −x0. This objective can be considered as minimizing the
distance from current state xt to goal state x0, denoted as:

Lrearrange = ∥xt − x0 − ϵθ (xt, t)∥2 (10)

The pseudocode of training process is presented in Algo-
rithm 1.

During inference, the denoising model predict the goal
state by iteratively applying the reverse transition pro-
cess, which can also be computed in discrete form as
xt−1 = µθ (xt,xT , t) +

√
δ̃tϵ. Distinct from conventional

BBDM[26] which serves as a generation model and has
no access to the generation target x0, the rearrangement
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Figure 3. Framework of our Diffusion Rearrangement model. (a) We represent the scene changes via distributions of Gaussian mixture
model fitted from differential point cloud during the walkthrough and unshuffle stage. (b) A diffusion denoising model is implemented, with
forward process for training and reverse process for inference, to predict the target object states through iterative denoising steps. (c) The
rearrangement targets are derived from changes in distributions with µi → µ̃i indicating the movement of i th object.

task takes both xT and x0 as input to predict the actual
goal state x∗

0. Thus the sampling process is reformulated
as x∗

t−1 = µθ (x
∗
t ,x0,xT , t) +

√
δ̃tϵ to get observation of

goal state x0 involved. The pseudocode of inference process
is presented in Algorithm 2.

Algorithm 1 Training
1: repeat
2: goal state s∗, initial state s0
3: differential point cloud pw, pu
4: paired data x0 ∼ GMM(pw),xT ∼ GMM(pu)
5: time step t ∼ Uniform(1, . . . , T )
6: Gaussian noise ϵ ∼ N (0, I)
7: Forward diffusion xt = (1−mt)x0 + mtxT +√

δtϵ
8: Take gradient descent step on
9: ∇θ

(
λ
∥∥mt (xT − x0) +

√
δtϵ− ϵθ (xt, t)

∥∥2)
10: until converged

5. Experiment
5.1. Experimental Setup
We evaluate our method using the AI2-THOR simulator[23],
which provides near photo-realistic observation in 3D indoor
scenes. We conduct experiments on the RoomR dataset[42],
which consists of 80 rooms with 4000 tasks for training, and
20 rooms with 1000 tasks respectively for validation and test.
In each task of RoomR dataset, the states of 1 to 5 objects
are transformed.

Algorithm 2 Inference

1: goal state s∗, initial state s0
2: differential point cloud pw, pu
3: input x0 ∼ GMM(pw),xT ∼ GMM(pu), x∗

T = xT

4: for t = T, . . . , 1 do
5: ϵ ∼ N (0, I) if t > 1, else ϵ = 0

6: cxt =
δt−1

δt
1−mt

1−mt−1

7: cyt =
δt|t−1

δt
(1−mt−1)

8: cϵt = (1−mt−1)
δt|t−1

δt
9: x∗

t−1 = cxtx
∗
t + (1 − mt)cytx0 + mtcytxT +

cϵtϵθ (x
∗
t , t) + (

√
δ̃t + cyt

√
δt)ϵ

10: return x∗
0

To verify the generalization of our method, we also build
a dataset on ProcTHOR[7] simulator. We select 8000 scenes
from ProcTHOR simulator and split 6000 scenes for training,
1000 scenes for validation and 1000 scenes for test. For
each scene, we randomly generate one rearrangement task
utilizing an official generation script. Our dataset expands
the action space of the agent from single room to multiple
rooms and introduces new patterns of state change of objects,
which better characterizes the spatial complexity that fits the
indoor environment in reality.

5.2. Implementation Details

The egocentric observation of the agent is set as 480*480
pixel RGB and depth images. The token encoder adopts
a 2-layer MLP and produces 512-dimensional features as
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input for the transformer. The transformer has 6 encoder
layers with 8 heads of attention, where each encoder layer
processes 512-dimensional features. Prior to diffusion model
training, the agent executes an exploration policy in both
the walkthrough and unshuffle stages for each task in the
training set. The collected point cloud and pose data are
subsequently used for training. To enhance robustness, slight
Gaussian perturbations are added to the input point clouds
during training. We adopt the Adam optimizer with the hyper-
parameters (lr, β1, β2) set to (0.001, 0.9, 0.999). The batch
size of training is selected as 64 and the denoising model
is trained on an NVIDIA A40 GPU for 25,000 iterations.
We also adopt the accelerated sampling processes proposed
by DDIM[35], and the sampling steps is set to S = 200 to
balance the sampling quality and efficiency.

Table 1. Test set performance on RoomR[42] dataset.

Method Suc (%) ↑ FS (%) ↑ Mis ↓ E ↓
MaSS[37] 4.7 16.5 1.018 1.016
TIDEE[31] 11.7 28.9 0.734 0.715
CAVR[29] 14.2 33.1 0.707 0.714

Ours 17.8 38.8 0.641 0.643

5.3. Evaluation Metrics:
Following Weihs et al.[42], we employ four metrics to evalu-
ate the performance of the agent from different perspectives.
%Success metric is the strictest and most unforgiving metric,
measuring the proportion of tasks in which the agent has re-
stored all objects to their goal states. %Fixed Strict metric is
an object-level metric, which measures the proportion of ob-
jects successfully rearranged per task and equals to 0 if there
is any misplaced object that should not be rearranged. Mis-
placed metric is defined as the number of misplaced objects
at the end of the episode divided by the number of misplaced
objects at the start. Note that this metric can exceed 1 if,
during the unshuffle stage, the agent misplaces more objects
than were originally misplaced at the start. These metrics
are quite strict and do not grant any partial credit, even if the
agent restores objects to a state that is very close to the goal
state. Energy Remaining metric is defined as the amount of
energy remaining after the unshuffle stage, divided by the
total energy at the start of the unshuffle stage. The energy
represents the difference between two states of an object and
is defined by an energy function D : S × S ⇒ [0, 1].

Table 2. Test set performance on ProcTHOR[7].

Method Suc (%) ↑ FS (%) ↑ Mis ↓ E ↓
MaSS[37] 0.5 9.7 0.985 0.987
TIDEE[31] 0.7 10.8 0.924 0.917
CAVR[29] 4.9 17.0 0.849 0.851

Ours 8.4 24.7 0.806 0.814

5.4. Comparisons with Related Works
We compared our method with three modular methods on
the latest AI2-THOR Rearrangement Challenge. The exper-
imental results are reported in Tab. 1. We briefly introduce
the three baselines as follows:

TIDEE[31]: This method maintains the 2D occupancy
map for exploration and navigation, and keeps track of ob-
jects and their labels over time. After the exploration of two
stages, it infers the spatial relationship changes for all objects
to identify the moved ones that need to be rearranged.

MaSS[37]: This model uses a search-based policy to
rapidly find objects and builds voxel-based semantic map of
the environment, which is leveraged to identify the move-
ment of objects. After the inference of all rearrangement
goals, this model transports them to their goal state.

CAVR[29]: This model is designed for object movement,
which leverages the observation distance map to explore the
environment efficiently and performs scene change detection
and scene change matching using point cloud, avoiding the
reliance of category inference.

As shown in Tab. 1 and Tab. 2, our method outperforms
related works by a significant margin across all metrics. In
particular, our method improves the success rate of rearrang-
ing tasks by 3.6% and the proportion of objects successfully
restored by 5.7%, compared to the state-of-the-art model[29].
Compared to scene-based method TIDEE [31] and instance-
based method MaSS [37], our method, representing object
states via Gaussian mixture model, outperforms them signif-
icantly in the Fixed Strict and Energy Remaining metrics,
demonstrating the effectiveness of inferring in the distribu-
tion space. In comparison to the point cloud-based method
CAVR [29], which uses a matching algorithm to infer object
changes, our diffusion-based method shows improvements
across all metrics, highlighting its superior performance in
reasoning about the connection between the goal and initial
states of the scene.

5.5. Ablation Study
We conduct several ablative experiments to verify the effec-
tiveness of designs in our framework.

Ablation on matching algorithms: Since we use a
transformer-based framework to process sequential data, the
object states of input and output are directly corresponded
without the need for matching. We replace the denosing
transformer model with a direct matching method based
on weights of the Gaussian mixture model and a bipartite
graph matching algorithm, specifically the Kuhn-Munkres
algorithm[25], which predicts the goal state by computing
the cosine similarity of embeddings derived from the token
encoder. The experimental results are presented in Tab. 3.
Both the random matching the Hungarian algorithm[25] un-
derperform, as the cosine similarity of embeddings fails to
adequately capture the relationships between objects, and
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Table 3. Ablation studies on matching algorithms and representations of input.

Matching Representation Suc (%) ↑ FS (%) ↑ Mis ↓ E ↓
Direct ✓ 6.5 19.4 0.837 0.860

Kuhn-Munkres ✓ 12.8 29.7 0.730 0.732
✓ coordinate 16.7 37.1 0.664 0.669
✓ feature 17.2 37.9 0.652 0.658
✓ ✓ 17.8 38.8 0.641 0.643

”✓” indicates our proposed corresponding modules, representing the denoising model in Matching column and distributions
of Gaussian mixture model in Representation column.

the matching algorithm cannot reason about the process of
object changes.

Ablation on representations of input: To evaluate the
effectiveness of representing the scene via distributions of ob-
jects, we replace the input of Gaussian mixture models with
center point coordinates calculated from the point cloud de-
rived from the global point cloud using a clustering method.
We also replace the input with geometric features extracted
from PointNet++[30] for point cloud of each object instance.
The token encoder and decoder of the framework are ad-
justed to corresponding sizes. The experimental results are
presented in Tab. 3. Both coordinate and feature represen-
tations underperform, as coordinates only convey the posi-
tional information of objects, while features solely provide
appearance information.

Table 4. Impact of sampling steps on validation set.

steps Suc (%) ↑ FS (%) ↑ Mis ↓ E ↓
20 16.4 36.7 0.676 0.687
50 16.9 37.5 0.665 0.674

100 17.2 37.8 0.655 0.660
200 17.9 38.1 0.648 0.656
500 17.6 38.0 0.662 0.668
1000 17.4 38.3 0.655 0.660

Impact of sampling steps: We conduct experiments on
the validation set of RoomR[42] dataset to evaluate the im-
pact of sampling steps S, as shown in Tab. 4. We find that
when the number of sampling steps is fewer than 200, all
metrics improve rapidly with the increase of sampling steps,
while the increase beyond 200 leads to a decrease in per-
formance across three metrics and a slight improvement in
Fixed Strict metric.

5.6. Robustness to Noise

While modular design helps decompose the complex rear-
rangement task into more manageable sub-tasks, it may face
performance bottlenecks if certain modules function ineffi-
ciently or fail. Specifically, our method relies on distributions
of Gaussian mixture models fitted from point cloud data. We

evaluate our Diffusion Rearrangement model by introduc-
ing Gaussian noise (σ = 0.01 meters) to the depth input,
assessing its robustness under sensor noise and measurement
inaccuracies. Although the distribution-based representation
offers a degree of robustness to noise, as shown in Tab. 5, the
quality of the differential point cloud can still impact overall
performance. To address this, our future work will focus on
improving the robustness and generalization of the method.

Table 5. Test set performance on RoomR[42] dataset.

Method Suc (%) ↑FS (%) ↑ Mis ↓ E ↓
Ours 17.8 38.8 0.641 0.643

Ours + noisy depth 17.5 38.3 0.654 0.660

6. Conclusion
Motivated by principles of nonequilibrium thermodynamics,
we rethink the visual rearrangement task from a diffusion
perspective and model the shuffle and unshuffle processes as
the forward and reverse diffuion processes. For building up
the evolutionary process between the initial and goal states,
we propose a denosing model based on diffusion bridge pro-
cess, which takes distributions of Gaussian mixture model
fitted from point cloud data as input and predicts the rear-
rangement targets by iterative denoising steps. We conduct
experiments on the RoomR dataset and our self-built dataset
and the experimental results demonstrate the effectiveness of
the distribution-based scene representation and the denosing
rearrangement model.
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