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Abstract— The prospect of assistive robots aiding in object
organization has always been compelling. In an image-goal
setting, the robot rearranges the current scene to match the
single image captured from the goal scene. The key to an
image-goal rearrangement system is estimating the desired
placement pose of each object based on the single goal image
and observations from the current scene. In order to estab-
lish sufficient associations for accurate estimation, the system
should observe an object from a viewpoint similar to that in
the goal image. Existing image-goal rearrangement systems,
due to their reliance on a fixed viewpoint for perception,
often require redundant manipulations to randomly adjust
an object’s pose for a better perspective. Addressing this
inefficiency, we introduce a novel object rearrangement system
that employs multi-view fusion. By observing the current scene
from multiple viewpoints before manipulating objects, our
approach can estimate a more accurate pose without redundant
manipulation times. A standard visual localization pipeline at
the object level is developed to capitalize on the advantages of
multi-view observations. Simulation results demonstrate that
the efficiency of our system outperforms existing single-view
systems. The effectiveness of our system is further validated
in a physical experiment. For videos, please visit https:
//sites.google.com/view/multi-view-rearr.

I. INTRODUCTION

Object rearrangement to achieve a specific configuration
has real-world applications, ranging from streamlining clut-
tered desks to organizing kitchenware. Beyond its practical
significance, object rearrangement has been proposed as a
canonical task for embodied AI [1], since it rigorously
challenges a robot’s capabilities in perception, planning,
and actuation. In this work, we address the image-goal
rearrangement task [2]–[4] in which the robot rearranges
objects based on a single RGB image of the goal scene,
as shown in Fig. 1(a).

Remarkable advancements have been observed in research
on image-goal rearrangement. Qureshi implemented the first
system for repositioning unknown objects [2], while Tang
enhanced capabilities for more cluttered scenes and Goyal
takes into account the orientation of objects [3], [4], re-
spectively. Their perception modules estimate the desired
pose of objects by matching the current single observation
image with the goal image from the same viewpoint, in a
single-view setting. From a single viewpoint, only a partial
view of an object can be seen. If the observation from
this viewpoint differs significantly from the observation in
the goal image, accurately estimating the desired placement
pose of the object becomes challenging due to the lack of
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Fig. 1: (a) Our image-goal rearrangement setting. Taking a
single image of the goal scene, the system rearranges the
current scene to the goal scene. (b) Comparison of single-
view and multi-view in object matching. In the presented
scene, the object poses challenges for matching under the
single-view premise.

shared features, as shown in Fig. 1(b). For precise pose
estimation, existing systems require additional manipulations
to randomly adjust the object’s pose for a better perspective.
However, increasing the number of manipulations reduces
the system’s efficiency.

To address this challenge, we introduce a perception mod-
ule that utilizes multi-view observations, which are easily
obtained before manipulating objects. Without the cost of
manipulating objects, a more complete observation of an
object can be used for accurate pose estimation in a multi-
view setting compared with the single-view setting, as shown
in Fig. 1(b). To fully utilize the multi-view observation, our
approach leverages a standard visual localization pipeline for
object pose estimation. We construct a hierarchical database
with each object region from each viewpoint observation
serving as a database item. Given the goal image, each object
is first retrieved to identify the similar object regions within
the database. Subsequently, pixel-level correspondences be-
tween the goal object and the retrieved object region are
established through local matching. Finally, the relative pose
for the planning module between the goal scene and the
current scene can be solved using the PnP method [5].
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II. RELATED WORKS

Visual Object Rearrangement. Traditional TAMP-based
rearrangement systems [6]–[12] link perception and planning
modules sequentially and assume a priori knowledge of
the objects or the scene. Their focus has been on tackling
non-monotone rearrangement planning problems in complex
scenarios, such as those with numerous objects and minimal
buffer space. Regarding the perception module, some works
[9], [11], [12] handle only simple objects (e.g., cylinders),
while others [6] make assumptions about known object
poses. Subsequently, several systems [2]–[4], [13]–[15] in-
troduced their task-specific perception modules and utilized
existing learning-based planning modules [16]–[19], signifi-
cantly enhancing their ability to rearrange unknown objects.
Our system belongs to the latter category and concentrates
on developing a perception module.

Existing perception modules for image-goal object rear-
rangement are designed based on the setting of matching
a single-view observation image with the goal image. For
instance, NeRP [2] correlates the point clouds of objects
in the two images to construct a scene graph, predicting
the subsequent object to manipulate and its goal position.
IFOR [4] proposes an object-level optical flow algorithm
to obtain pixel-level correspondences for the same object
between the two images. These correspondences are com-
bined with the object point cloud to predict its goal pose
using the ICP algorithm [20]. These existing methods are
inefficient due to their confinement to a single-view setting,
while our approach utilizes multi-view observations before
manipulating objects. This improves the accuracy of object
pose estimation, subsequently reducing the number of times
the object needs to be manipulated.
One-shot Object Pose Estimation. Beyond the applications
of the visual localization at the scene level, recent works
[21]–[26] apply the visual localization pipeline at the object
level in the context of one-shot object pose estimation. Draw-
ing inspiration from these previous works, our perception
module estimates the relative object pose required for the
rearrangement task based on a standard visual localization
pipeline. Specifically, some works [21]–[23] rely on Struc-
ture From Motion (SFM) to model a single object based on
multi-view images with labeled object poses. Concurrently,
they develop direct 2D-3D matching algorithms and estimate
the pose of the object with PnP. Some other works [24], [26]
utilize rendering or refinement techniques instead of 2D-3D
matching. Due to their reliance on complete object modeling
or specialized networks, these works are confined to the
object scenario with only one object. In contrast, we utilize
robust 2D-2D matching and introduce a hierarchical database
to improve retrieval accuracy for the case of multiple objects.

III. METHOD

Given a single-view RGB image Ig of the goal scene s∗,
our system aims to rearrange the objects from the current
initial scene s to match the configuration of the goal scene
s∗. Our rearrangement system consists of two core modules:

a perception module and a planning module. The perception
module is based on a standard visual localization pipeline. A
hierarchical database H is constructed using the multi-view
frames {Fi} of current scene s, where i is the frame index.
Each frame Fi contains an RGB image Ii, a depth image
Di and a camera viewpoint pose ξi ∈ SE(3). Leveraging
this database, the relative poses of objects {Tj}Kj=1 between
s∗ and s are calculated, where K is the number of objects.
In the planning module, the desired placement pose of an
object is obtained by applying its Tj to the grasp pose.
Every object is rearranged by picking it with the grasping
pose and placing it with the placement pose. This module
plans to manipulate objects sequentially, aiming to avoid
collisions with the environment. The system operates until all
objects are confirmed to be correctly positioned. The focus
of our work is on the perception module while the planning
module, which has its own challenges, is implemented with
an existing technique.

A. Perception Module

We design a visual localization pipeline to fully exploit
multi-view information, subsequently aiming to estimate
accurate object poses without manipulating objects. First, a
hierarchical database H is constructed for the current scene
s. H contains information that we have extracted from the
original observations and can be efficiently retrieved. Then,
H is used to estimate the poses {Tj}Kj=1 of the objects in the
goal image Ig . Calculating the Tj of an object in Ig depends
on establishing its 2D-3D correspondences with the database.
The 2D-3D correspondences are derived by integrating 2D-
2D correspondences from local matching in RGB images
with depth information from the depth image. Below, we
describe these two phases in detail.
Database construction using multi-view frames. The pro-
cedure for constructing the database H is illustrated in the
upper segment of Fig. 2. First, we manually define a series
of viewpoints {Vi} that are spatially distributed around the
center of the scene s. The frames {Fi} are observed from
the viewpoints {Vi}, corresponding to the RGB images {Ii},
depth images {Di}, and viewpoint pose {ξi}, as shown in
Fig. 2(a). To model each object separately, each frame Fi

is subject to an instance segmentation method to obtain
object regions

{
oik
}

, where k is the index of the object
region in this frame. Every object region oik comprises the
RGB segmentation Si

k, the corresponding viewpoint pose
ξik = ξi, and the point cloud P i

k ∈ R3×n in the world
coordinate projected from the depth segmentation, where n is
the number of points. To perform segmentation, we combine
Grounding-DINO [27] and Segment-Anything [28] (SAM).
By employing a predefined text prompt labeled “objects”,
Grounding-DINO detects the bounding boxes of all objects.
SAM then segments each object region using each bounding
box as a prompt.

After frame-by-frame segmentation, the object regions
between frames lack association. An object in the scene
corresponds to object regions across multiple frames. This
association information can reduce redundant local matching
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Fig. 2: Overview of the perception module. During the database construction phase, the current scene is observed from
predefined viewpoints to obtain (a) multi-view frames {Fi}. All frames {Fi} are subject to instance segmentation and
object-level association to obtain hierarchical (b) object regions. For each object region, the RGB segmentation S, the
feature descriptor G, the observation vector, and the point cloud P are extracted. All object regions are organized into the
(c) hierarchical database H . During the pose estimation phase, the (d) goal image Iq of the goal scene is inputted. The (e)
goal object regions are segmented first. For each goal object region, using the extracted feature descriptors, similar object
region candidates are retrieved from the database H . These candidate object regions are sequentially matched locally with
the goal object region to obtain the (f) correspondences. Finally, the (g) relative pose T of this goal object region between
the goal scene and the current scene is calculated by solving the PnP problem using the correspondences.

during the pose estimation phase. Hence, we construct this
based on the point cloud P i

k. K-means clustering is applied
to the centers of the point clouds for all object regions. Each
cluster is considered an object instance. All object regions
are reorganized according to their corresponding object in-
stances, e.g., a list of object regions {o}m corresponds to
an object instance, where m is the object instance id and
m ∈ [1,K], as shown in Fig. 2(b)

In parallel with constructing the object-level associations,
we extract a feature descriptor G ∈ Rd and an observation
vector E ∈ R3 for each object region, where d is the dimen-
sion of the descriptor. Based on the feature descriptor G, a
goal object region can quickly retrieve similar object regions
within the database H during the pose estimation phase.
The retrieval of object regions is expected to utilize global
information to identify a matching object while recognizing
the exact region relies on local details. We employ MixVPR
[29] as our feature descriptor extractor, a holistic aggregation
technique that uses both the global and local features of
an image. A notable consideration is the inherent scale
variability when observing an object in a scene from distinct
viewpoints. Due to our scale normalization preprocessing,
which involves padding and resizing before calculating G,
our module exhibits stronger applicability in the case of

multiple objects compared to OnePose, which relies on
comprehensive mapping. The procedure to extract the feature
descriptor is shown in Eq. 1. Turning to E, the observation
vector of an object region defines the perspective from which
the object region is observed for its corresponding object
instance. Similar to the object-level associations, E is used
to avoid redundant local matching during the pose estimation
phase. E is described by the unit vector that originates from
the central point of the point cloud P and extends toward the
viewpoint pose ξ. This vector is computed using Eq. 2, where
the viewpoint pose ξ is transformed into a transformation
matrix of the form R4×4.

G = MixVPR(pad and resize(S)) (1)

E =
ξ[: 3, 3]−mean(P )
‖ξ[: 3, 3]−mean(P )‖

(2)

In summary, every object region o in the constructed
hierarchical database H comprises four components for the
pose estimation: the RGB image segmentation S, the feature
descriptor G, the point cloud P , and the observation vector
E, as shown in Fig. 2(c). These object regions are stored
as enumerated K object instance lists based on object-level
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associations. This database H can be concisely described by
the following equation:

H =



instance 1 :
[
[S,G, P,E]

1
1 , . . .

]
,

instance 2 :
[
[S,G, P,E]

2
1 , . . .

]
,

. . .

instanceK :
[
[S,G, P,E]

K
1 , . . .

]


(3)

Pose estimation based on database. Upon the construction
of the database H , we are interested in estimating the
required poses {Tj}Kj=1 from a single-view RGB image
Iq of the goal scene s∗. First, object regions {oj}Kj=1 in
Iq are segmented using the previously mentioned instance
segmentation method, as shown in Fig. 2(e). Each goal
object region oj contains the RGB segmentation Sj and
the viewpoint pose ξj . A brute-force method could compute
the pose by leveraging our database H constructed based
on multi-view observations: each goal object region oj
performs local matching with every object region in the
database until sufficient matches are reached. However, this
method is extremely inefficient and entirely dependent on
the local matching method. In contrast, we employ a visual
localization pipeline that first retrieves candidates and then
performs local matching. The extracted feature descriptor
G, observation vector E, and object-level association in-
formation within the database are fully utilized to enhance
efficiency. The procedure is illustrated in the lower segment
of Fig. 2.

In the retrieval phase, the goal is to identify similar
object regions from the database H as potential candidates
{ocand} for each goal object region oj . To achieve this,
the feature descriptor Gj of oj is derived, as outlined in
Eq. 1. A similarity ranking is established by taking the dot
product of GK with the feature descriptors of all object
regions in H . We do not directly select the top-ranked object
regions as candidates because such an approach overlooks the
object-level association relationships and spatial relationships
among object regions in H , which could result in the
generation of redundant candidates and decreased efficiency.
Assuming that all candidate object regions represent the same
object instance, we first select a unique candidate object
instance u that appears most frequently among the top-ranked
object regions. Subsequent to this, all object regions of the
unique candidate instance H [u] are ranked as candidate ob-
ject regions based on the original similarity. In addition to the
candidate selection mechanism, we also employ an effective
candidate traversal mechanism. During the local matching
phase, if a candidate is rejected, it often indicates that the
wrong orientation of the object was retrieved. Therefore,
candidates that are close to the discarded one are deleted.
Using the observation vector Ecand, the similarity between
two object regions is calculated as the angular distance in

spherical coordinates, as given by Eq. 5.

E1 = [x1, y1, z1] , E2 = [x2, y2, z2] (4)

d(E1, E2) = norm(

arctan(
y1
x1

)− arctan(
y2
x2

),

arccos(z1)− arccos(z2),

) (5)

In the local matching phase, each goal object region oj
and its corresponding candidate object regions are processed
to generate object correspondences, denoted as M. These
candidates are evaluated sequentially. For our 2D-2D match-
ing, it is essential to consider the diversity of objects and
the potential variability of environments. We employ the
transformer-based feature matching network, LoFTR [30] for
this matching step due to its reliable performance. Using
Eq. 6, the 2D-2D correspondences M2D are established
between the goal image segmentation Sj and candidate
image segmentation Scand, as shown in Fig. 2(f). Following
this, 2D-3D correspondences M3D can be derived utilizing
the point cloud Pcand of the candidate object. Finally, the
relative pose Tj between goal scene s∗ and initial scene s is
computed by solving the PnP problem withM3D, as shown
in Fig. 2(g).

M2D = LoFTR(resize(Scand), resize(Sj)) (6)

Algorithm 1 Pseudocode of the Planning Module

1: Input: Object pose offsets {T1, . . . , TK}
2: Initialize RemainingObjects = [object1, . . . , objectK ]
3: Initialize FailureCnts = [cnt1, . . . , cntK ] = 0,
4: while True do
5: for i = 1 to size(RemainingObjects) do
6: Move to the home viewpoint
7: Correct Ti based on the current observation
8: Collision = (check if applying Ti to objecti is likely

to collide others)
9: if not Collision then

10: Move objecti with Ti
11: Remove objecti from RemainingObjects
12: else
13: cnti += 1
14: if cnti > Thres then
15: Move objecti to a random collision-free space
16: end if
17: end if
18: end for
19: if size(RemainingObjects) = 0 or TryCnt > Thres

then
20: break loop
21: end if
22: end while

B. Planning Module

Given the poses {Tj}Kj=1 of objects, the planning mod-
ule directs the robot’s interaction with the environment
to complete the rearrangement task. The pseudo-code for
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TABLE I: Results of pose estimation accuracy

Rot. ∈ [−60◦, 60◦] Rot. ∈ [−180◦, 180◦]

Method Median
|∆θ| ( in ◦)

Median
|∆t| (in cm)

Median
|∆θ| ( in ◦)

Median
|∆t| (in cm)

IFOR Baseline 3.60 1.20 13.70 2.70
Ours + Single-view 7.21 2.24 153.67 13.10
Ours + Multi-view 0.17 0.17 0.25 0.18

TABLE II: Results of task completion

Setting Method Task Completion
(in %)

Multi-step IFOR Baseline 59.7%
Ours Multi-view 64.0%

One-step Ours + Single-view 10.0%
Ours + Multi-view 56.7%

the planning module is shown in Algorithm 1. We utilize
Contact-Graspnet [16] to determine the grasping pose of
objects. The intended placement pose of an object is cal-
culated by applying Tj to its grasping pose. Each object
can be rearranged by picking it up from its grasping pose
and placing it in the intended placement pose. Meanwhile,
collision detection is managed by MoveIt! [31].

A strategy involving multiple iterative attempts is ex-
ecuted, as shown in lines 4-5 of Algorithm 1. Objects
are processed in a predefined order. For each object, its
associated pose T is utilized for collision detection. If the
object can be moved without causing any collisions, it is
rearranged and then excluded from the following iterations
(lines 8-11). If a collision occurs, the failed attempt for that
object is logged. Once a preset threshold of failures for a
specific object is reached, it is moved to a random collision-
free position (lines 13-15). An iteration concludes when all
objects have been successfully rearranged.

IV. EXPERIMENTS

A. Quantitative Experiments

For quantitative evaluation, we conduct experiments on
a synthetic dataset. This dataset is parallel to the one used
by the current state-of-the-art method, IFOR [4] Baseline.
We analyzed the superiority of the proposed method through
side-by-side comparisons.

Fig. 4: Visualizations of an initial scene and its corresponding
goal scene within the generated dataset.

Dataset. We assembled our dataset in the Pybullet simulation
environment [32]. The synthetic collection comprises 150
tabletop scenes, each containing between 1 to 9 random

objects. These objects are sourced from the Google Scanned
Objects dataset [33], which features 115 unique objects
distributed across 7 categories. Each category encompasses
at least 10 distinct objects. For dataset creation, we initially
select a random number of objects (ranging from 1 to 9) from
the available 115 instances. An example is shown in Fig. 4.
These selected objects are then arbitrarily positioned within
a designated tabletop area and subjected to random planar
rotations. The goal image is captured from a fixed frontal
home pose. Subsequently, each object is shifted through
a collision-free rotation and planar movement. Finally, the
initial images are captured from a series of predefined
viewpoints encircling the center of the tabletop.

Baselines. First, we compare the proposed multi-view
method with the IFOR Baseline. The results for IFOR
Baseline are sourced from its original paper, as its codebases
are not publicly available. To make the comparison as fair as
possible, our dataset was generated following the instructions
given in its paper. Second, we compare our method using
multi-view observation and using single-view observation
(our single-view baseline). Our single-view baseline con-
structs the database with a single frame.

Pose estimation. With accurate pose estimation, a rearrange-
ment system can reduce redundant manipulations used for
adjusting the object’s pose, which improves its efficiency.
To evaluate the accuracy of the object pose estimation,
we employ the metric measuring the median translation
and rotation errors across all objects [3], [4]. Due to the
difference in the object’s angle between the goal scene
and current scene largely determines the difficulty of pose
estimation, we evaluate pose estimation accuracy under two
distinct scenarios: a) objects with minor rotation, ranging
from -60◦ to 60◦, and b) objects with full rotation, spanning
from -180◦ to 180◦.

Experimental results in Table I show that the IFOR Base-
line and our single-view baseline in the case of full rotation,
are markedly lower compared to the cases involving only mi-
nor rotations. This decline in performance can be attributed
to its reliance on single-view information. Conversely, the
accuracy levels exhibited by our proposed multi-view method
are not only superior to the baseline but also consistent across
both rotation scenarios. While IFOR Baseline is trained on
an expansive dataset of around 54,000 rearrangement scenes
from both ShapeNet [34] and the Google Scanned Dataset
[33], our multi-view method consistently outperforms it for
most objects. This improved performance is achieved without
training, highlighting the effectiveness of using multi-view
observations.
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Fig. 3: Qualitative results. Each row is a visualization of the intermediate results for an object in an experimental scene. The
candidate is the top retrieved object region within the database. In the figure of the relative pose, the arrow points from the
initial object coordinate system of the current scene to the estimated object pose of the goal image. The last column shows
the feasible grasping pose and its corresponding placement pose for the current object.

Task completion. To further verify that accurate pose es-
timation improves the system’s efficiency, we evaluate the
system’s efficiency using the task completion rate metric
[3], [4] in two distinct scenarios: a) one-step setting, where
each object is subjected to a single manipulation, excluding
the mandatory move to the free buffer; and b) multi-step
setting, where no restriction on the number of manipulations
is imposed. In general, the system works more effectively
in a one-step setting than in a multi-step setting. A scene is
considered successfully rearranged when both the position
and rotation errors for all its objects fall below thresholds of
2 cm and 5◦.

Experimental results in Table II show a significant en-
hancement in our proposed multi-view system compared to
the IFOR Baseline and our single-view baseline under the
multi-step setting. This improvement underscores that our
system is nearing its theoretical performance limit. In the
one-step setting, our proposed method exhibits competitive
performance against the multi-step baseline. In contrast, the
IFOR Baseline requires an average of 2-3 manipulations for
each object. This suggests that our proposed system enhances
efficiency by performing complete multi-view observations
of the scene before manipulating the objects.

B. Qualitative Experiments

To evaluate the practicality and applicability of our pro-
posed method, we conduct qualitative evaluation through
physical experiments. Our experimental setup employs a
Kinova Gen3 robot, augmented with a wrist-mounted Re-
alSense D435i camera. The experiments encompass five
unique scenes featuring 20 novel objects, with each scene
presenting a mix of 2 to 5 objects. Some qualitative results
are provided in Fig. 3. The videos of the experiments are
provided in the Supplementary Materials.

Physical experiments confirm two major challenges hin-
dering successful object rearrangement. Firstly, inaccuracies
in the perception module result in incorrect pose predictions,
as shown in Fig. 3(d). This happens because the local match-
ing module sometimes produces incorrect correspondences
in complex physical environments. A robust local matching
module for object region matching can alleviate this problem.
Secondly, the robot arm’s motion planning module struggles
to generate executable collision-free trajectories, as shown
in Fig. 3(c). We believe that this problem can be addressed
by integrating the TAMP framework, which focuses on the
feasibility of planning.

V. CONCLUSIONS
We propose the first multi-view object rearrangement

system tailored for the image-goal setting. Leveraging multi-
view RGB-D observations of the current scene, we construct
a hierarchical database with each object region from the
observations serving as a database item. For every object in
the goal RGB image, we calculate its pose through retrieval
and local matching steps based on the database. Experimental
results show that our method performs more accurate pose
estimation compared with single-view methods, which re-
duces redundant manipulations and improves the efficiency
of the system.

At present, we gather multi-view observations from pre-
defined viewpoints. In our upcoming work, we intend to im-
plement an active observation strategy. Furthermore, we plan
to introduce an online learning methodology for the feature
descriptor extractor tailored to the object-level scenario.
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