Rethinking Visual Rearrangement from A Diffusion Perspective

Supplementary Material

1. Theoretical Analysis

Since visual rearrangement tasks involve randomly shuffling
the scene configuration, we assume that the state changes
in the scene can be viewed as the effect of random exter-
nal forces acting under physical constraints, therefore, the
changing process obeys the Langevin dynamics [6], which
can be formulated as:
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where X, represents the state of scene at time step ¢, € > 0
is a fixed step size, Vx log p(X;_1) is the score function[6]
of the probability density p(X;_1) and z; ~ N (0, I). Since
the visual rearrangement task is defined as a Markov ran-
dom process[ 1], there is a general description in the form of
Fokker-Planck equation. As Langevin dynamics describes
discrete changes in the distribution of the scene, we can de-
rive the corresponding Fokker—Planck equation[4], which
describes continuous changes in the distribution of the scene.
From the Fokker—Planck equation with the drift term equal
to zero, we can get the diffusion equation in the form of
Fick’s second law:
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where D denotes the diffusion coefficient, V2 denotes the
Laplacian operator indicating the changes of probability
distribution over space.

We now proceed to deduce that the change in information
entropy also conforms to the diffusion equation. The Shan-
non information entropy of the scene can be formulated as:
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We first calculate the rate at which the information en-
tropy changes over time. We take the time derivative of

information entropy:
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Then we calculate the second derivative of information
entropy over space:
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Since the system is in a steady state or near equilibrium

during the diffusion process, the speed of change of the sys-

tem is very slow compared to the steady state, the derivative

of P(X;) over space can be approximated as the original
function:
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By utilizing Eq. (6), we can get:
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which results in:
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In nonequilibrium thermodynamics, the diffusion process
is an entropy-driven relaxation process. Correspondingly, the
disruption and restoration of objects in the room reflect the
changes of the scene in information entropy, which is like-
wise an entropy-driven process and the process is proven to
conform to the diffusion equation. Hence, the rearrangement
task can be modeled by the diffusion process.

2. Computational Overhead

We conduct experiments on test set of our self-built dataset
and report the average time taken by the agent to complete
each task. The experiments are conducted on 1 AMD EPYC
9654 CPU and 2 NVIDIA A40 GPU. Compared to TIDEE[5]
and MaSS[7], the time consumption of CAVR[3] and our
method is on the same order of magnitude and within an
acceptable range. Our method demonstrates optimal perfor-
mance metrics, achieving a 24.7% enhancement in Fixed
Strict metric compared to the Kuhn-Munkres[2] matching
approach, while requiring only a marginal additional compu-
tational time of 0.1 minutes per task.

Table 1. Computational overhead on test set of our dataset.

Avg Time Per Fixed
Task (minutes) Strict (%) 1

TIDEE[5] 15.6 10.8
MaSS[7] 18.3 9.7
CAVR]3] 0.3 17.0

Ours 0.6 24.7

Ours + Direct 0.5 10.0
Ours + Kuhn-Munkres 0.5 19.8

3. Limitation Analysis

We discuss the limitation of our method for the visual rear-
rangement task. Since we utilize Gaussian mixture model
distributions to represent scene changes and predict transfor-
mations through diffusion-based approaches on distribution
parameters, our focus is on changes in the positions and
appearances of objects, which primarily correspond to pick-
able objects in the visual rearrangement task. In addition
to pickable objects, openable objects also constitute a cat-
egory of rearrangement targets. Openable objects remain
fixed in position but can be opened to a certain extent. While
our method effectively captures positional changes and suc-
cessfully restores pickable objects, it lacks the capability
to distinguish openable objects from other objects. While
we adopt a solution of applying the open action to objects
with minimal movement below a certain threshold, a more
comprehensive discussion and analysis of handling openable
objects remain an important direction for future work.
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