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Abstract

Object rearrangement in a multi-room setup should produce
a reasonable plan that reduces the agent’s overall travel and
the number of steps. Recent state-of-the-art methods fail to
produce such plans because they rely on explicit exploration
for discovering unseen objects due to partial observability and
a heuristic planner to sequence the actions for rearrangement.
This paper proposes a novel task planner to efficiently plan a
sequence of actions to discover unseen objects and rearrange
misplaced objects within an untidy house to achieve a desired
tidy state. The proposed method introduces several innovative
techniques, including (i) a method for discovering unseen
objects using commonsense knowledge from large language
models, (ii) a collision resolution and buffer prediction method
based on Cross-Entropy Method to handle blocked goal and
swap cases, (iii) a directed spatial graph-based state space
for scalability, and (iv) deep reinforcement learning (RL) for
producing an efficient plan to simultaneously discover unseen
objects and rearrange the visible misplaced ones to minimize
the overall traversal. The paper also presents new metrics and a
benchmark dataset called MoPOR to evaluate the effectiveness
of the rearrangement planning in a multi-room setting. The
experimental results demonstrate that the proposed method
effectively addresses the multi-room rearrangement problem.

Introduction

Organizing an untidy household according to user prefer-
ences is a challenging task that encompasses multiple aspects,
including perception, planning, navigation, and manipulation
(Batra et al. 2020). When an agent engages in multi-room
object rearrangement, it must rely on sensor data and prior
knowledge to devise a comprehensive plan that involves se-
quencing the object movement to achieve the desired tidy
state. The specifications for this goal state can be defined
using various modalities such as geometry, images, language,
etc. (Batra et al. 2020).

Current research on object rearrangement primarily fo-
cuses on single-room setups, emphasizing perception and
commonsense reasoning. However, these studies often as-
sume established navigation and manipulation abilities, ne-
glecting the importance of efficient planning in the rearrange-
ment process. Approaches like (Kant et al. 2022; Sarch et al.
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2022) use image or language-based commonsense reasoning
to detect misplaced objects but struggle with cases involv-
ing blocked goal positions or object swapping. Alternatively,
methods like (Weihs et al. 2021; Gadre et al. 2022; Trabucco
et al. 2022) concentrate on egocentric perception, employing
various scene representations to identify misplaced objects
and using greedy planners for rearrangement based on user
specifications. (Sarch et al. 2022) performs user-specific rear-
rangement using semantic relations for object identification
and exploration, followed by rearrangement using a heuristic
planner. Many existing methods explicitly explore the room
to locate objects outside the egocentric view, compensating
for partial information. However, recent methods (Sarch et al.
2022; Trabucco et al. 2022; Ghosh et al. 2022) face chal-
lenges with high traversal costs due to sub-optimal planners,
especially in larger multi-room settings (see Fig 1).

Enhancing planning performance is essential for making
rearrangement feasible, as it allows us to minimize the time
and resources required by the agent to reach the desired goal
state. In the context of rearrangement task planning, (Ghosh
et al. 2022) proposes a method that assumes complete room
visibility from a bird’s eye perspective. Their approach aims
to overcome planning challenges, including the combinatorial
expansion of rearrangement sequencing and swap case res-
olution, without requiring an explicit buffer. However, their
Euclidean distance-based reward does not minimize overall
agent traversal during planning, as shown in Fig 1. Their state
representation lacks scalability to large numbers of objects.
Additionally, their parameter network suffers from two main
issues: (i) predicting the goal location of non-blocked mis-
placed objects, which is already known from the goal state in
rearrangement, leading to performance degradation. (ii) pre-
dicting the buffer location for swap cases without considering
the object’s geometry and the available free space, resulting
in poor generalization. Furthermore, depending on accurate
ground-truth object positions in both the current and goal
states, is not viable in the real-world. In contrast, our focus
is on a novel, practical and broader aspect of the object rear-
rangement problem in the multi-room setting, under partial
observability using the egocentric camera view of the agent.
Our main emphasis is on efficient task planning, which is
necessary for effective rearrangement as illustrated in Fig 1.

Task planning for efficient multi-room object rearrange-
ment under partial observability as depicted in Fig 2, presents
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Figure 1: The graph shows the agent traversal for existing
methods (Sarch et al. 2022; Trabucco et al. 2022; Ghosh
et al. 2022) v/s Ours with increasing rearrangement area
highlighting need for efficient planning. The error bars show
the standard deviation in the average traversal.

several significant challenges such as (i) uncertainty regard-
ing the positions of unseen objects owing to partial observ-
ability, (ii) scalability to a large number of objects, (iii) com-
binatorial expansion of search space for the sequencing due
to simultaneous object discovery (for unseen objects) and
rearrangement, (iv) minimizing the overall traversal by the
agent during simultaneous object discovery and rearrange-
ment. (v) resolving blocked goal and swap cases (object
collision) without explicit buffer.

In this paper, we present a novel hierarchical method for
task planning that aims to overcome the challenges men-
tioned earlier. Initially, our agent utilizes egocentric percep-
tion to explore the house once and capture the semantic and
geometric configuration (Batra et al. 2020) of objects and
receptacles, thus obtaining the goal state. Following this, the
objects within the rooms are shuffled to make an untidy cur-
rent state. Our hierarchical method then divides the task plan-
ning problem into three components - the discovery of unseen
objects, collision resolution, and planning - to minimize the
agent’s overall traversal while simultaneously conducting ob-
ject search, collision resolution, and rearrangement. First, we
propose a novel commonsense knowledge-based Unseen Ob-
ject Discovery Method using large language models (LLMs)
(Liu et al. 2019; Kant et al. 2022), that leverages the object-
room-receptacle semantics to predict the most probable room-
receptacle for an unseen object. Second, we propose a novel
Cross-Entropy Method (CEM) based collision resolution to
produce buffer spaces for swap cases considering the objects’
geometry and the size of receptacle-free spaces. Third, we
use a Deep RL-based planner to produce an action sequence
for simultaneous object search and rearrangement. Addition-
ally, we introduce a Directed Graph based representation as
the Deep RL state space to effectively represent the geometric
positions of objects in the goal and the current state along
with the agent’s initial position. The proposed representation
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effectively encodes the scene geometry, facilitating rearrange-
ment planning and enabling scalability of the Deep RL state
space to accommodate a large number of objects and scene
invariant. By combining all the previously mentioned com-
ponents in a thoughtful manner, we successfully address the
combinatorial optimization problem in rearrangement.

The major contributions of this paper are :

1. To the best of our knowledge, this is the first end-to-end
method to address the task planning problem for multi-
room rearrangement from egocentric view under partial
observability, using a user-defined goal state.

. A novel Unseen Object Discovery Method that leverages
object-room-receptacle semantics using LLM to predict
the most probable room-receptacle for an unseen object.

. Introducing Cross-Entropy Method based Collision
Resolution to find buffer spaces for swap cases consider-
ing the objects’ geometry and the size of free spaces.

. A new scalable and scene invariant Directed State Graph
containing the geometric information about the agent and
objects in the current and goal state as the Deep RL state.

. Employing a Deep RL planner to mitigate the combi-
natorial expansion in the complexity of rearrangement
sequencing, and optimize the the overall agent traversal.

. A new set of Evaluation criteria to gauge the efficacy of
our method in terms of the agent traversal and the steps
taken to complete rearrangement.

. We present the MoPOR - Benchmark Dataset to over-
come the shortcomings in existing benchmark (Weihs et al.
2021) for assessing multi-room task planning.

Methodology
Preliminaries

For our setup, we use the apartment scenes from ProcThor
(Deitke et al. 2022). To begin our multi-room rearrangement,
we perform exploration (Sarch et al. 2022) once in the en-
tire scene to capture the user-specified goal state. Using the
RGB-D image and egomotion information at each step from
Ai2Thor (Kolve et al. 2017), the agent generates a 2D oc-
cupancy map (M?P) for navigation and a 3D map (M?>P)
to augment the positions of objects and receptacles in 3D
to a global reference frame. To acquire semantic labels (L)
and 2D bounding boxes for both objects and receptacles, we
apply a d-DETR (Zhu et al. 2021) detector on every RGB
image. The corresponding 3D centroids (P) are obtained
using depth images, camera intrinsics and extrinsics. Us-
ing object segmentation (Rusu and Cousins 2011) on the
point cloud of M?P the agent records the corners of the 3D
bounding boxes (B) of each object in the goal state. At the
end of the goal state exploration, we generate an object list
0 ={[L;,P;,B;],i =1,2,.., N} and a room-receptacle list
R = {[LF,Pf],i = 1,2,.., Ng}. Here, L? indicates the
receptacle semantic labels containing the room-receptacle
name from Ai2Thor (Kolve et al. 2017). Following the cap-
ture of the goal state, we make the room untidy by randomly
shuffling a selection of objects. Simultaneously, we position
the agent at a random location within this untidy room. As
the agent’s awareness is confined to the visible portion of the
untidy room within its egocentric view, hence only a set of
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Figure 2: (a) illustrates a bird’s eye view of our multi-room rearrangement task and (b) represents the initial ego-view of the
agent in the untidy current state. The intended goal state for the objects is depicted by solid 3D bounding boxes, whereas the the
initial locations of visible objects in the untidy current state is depicted by the dashed boxes. Meanwhile, the initial positions of
unseen objects in the untidy current state is indicated by the dotted 3D bounding boxes. The apple (yellow), an unseen object is
inside the kitchen-fridge, while the vase (blue), pillow (pastel cyan) and sponge (magenta) is on the living-table, living-sofa and
bedroom-chair respectively. A blocked goal case is illustrated between the vase (blue) and pillow (pastel cyan). Additionally, a

swap case is depicted between the bowl (green) and kettle (r

objects are visible - OV = {[LY,PY],i=1,2,.., Ny }. Ad-
ditionally, the agent creates a 2D grid map of free receptacle
spaces MR in the current state using the instance segmen-
tation mask from Ai2Thor along with the depth image and
egomotion to aid in the collision resolution. Comparing O
with OV allows for determining only the semantics of unseen

objects in the current state o" = {[LY],Z =1,2,.., Ny}

Overview

Given O, R, 0" and OV, the agent must efficiently Illan a

sequence of actions A = {aq, ..., done} to discover 0" and
simultaneously rearrange the misplaced objects in 0V to their
desired goal position in the current state. The Unseen Object
Discovery Method leverages the object-room-receptacle re-
lationship using 0" and R to predict the probable location
PV ¥ for OV, The Collision Resolution and Buffer Manage-
ment method, uses the locations and object bounding boxes
from O and 0" along with MR to detect object collision and
predict the resolved goal location PP for the blocked goal
and swap case objects. With O, OV, oY, PVR, and PB, the
agent constructs a compact representation of the state space
using the Directed State Graph. The Deep RL planner uses
the state space to produce the most optimal action a € A
to either pick-place OV or search OV with the objective of
minimizing the overall traversal and the number of steps.

Unseen Object Discovery Method

In the context of multi-room rearrangement, the agent must
identify unseen objects within the untidy current state,
whether in the same room or different rooms, to plan ac-
tions effectively. For example, as shown in Fig 2, when the
agent is in the kitchen, it cannot see items like the apple in

ed).
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Kitchen

(b)

Algorithm 1: Algorithm for Task planner

Input: Agent’s egoview RGB-D & egomotion
Result: Actions A = {a1,..,an, done}
1 Create O, R, M?P, M?3P from Goal State;

2 Create OV, OV7 MR from Current State;
3 while a is not done do

4 PVE — UODM (OV, R);

5 if Collision between O) and Oy then

6 if Swap case then

7 PB <« buffer for OY neaerV;

8 PJB < buffer for OJVnearPZ-V;

9 else if O} blocks goal of O} then
10 ‘ PJB «— PjV;

1 else if O} blocks goal of O} then
12 | | PP+~ PY;

13 | s« DSG(O,PB OV,0VUPVE),
14 a = arg max Qo(s, a);

acA

15 | ifa == 0} then

16 | Pick-Place object O} ;
17 else if « == O then

18 if OZV is found during traversal then
19 | goto24;
20 else if O) is found in PV T then

21 ‘ Pick-Place object OlV ;
22 else

23 | Remove predicted receptacle from R;
24 Remove receptacle/s without any ov from R;
25 | Update (OV,0V, R, MR);




The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

the fridge-kitchen, or the vase (blue), pillow (pastel cyan),
and sponge (magenta) in the living room and bedroom. To ad-
dress this, we propose the Unseen Object Discovery Method
(UODM), leveraging Large Language Models’ (LLMs) com-
monsense knowledge to predict probable room-receptacles
for unseen objects. However, LLMs may not always pro-
vide human-commonsense compliant predictions for untidy
scenes, as detailed in Appendix!. Therefore, we leverage

the semantic relationship between 0" andR by finetuning
their output embeddings from LLM using the AMT dataset
(Kant et al. 2022). Unlike previous methods such as (Sarch
et al. 2022), which focus solely on object-receptacle relation-
ships, our method takes into account the object and room-
receptacle semantic relationship to handle multi-room setups.
We generate the ROBERTa embeddings EV 7 for pairwise
concatenated labels of unseen objects {LY ti=1,2,., N and
room-receptacles {Lf}i:172).,7 Ng- As each object is paired
with every receptacle, the total number of embeddings for all
the object-room-receptacle (ORR) pairs is Ng = Nyr X Npg.
We devise a two-step approach to enhance the accuracy and
reduce the search space for finding the exact ORR from the
Ng pairs. First, we use an MLP-based Filter Network (FN)
to predict the probability for ORR from Ng. We train this net-
work using a Cross-Entropy Loss on the ground truth class
labels for each ORR in the dataset. Here, the class labels
{i = 1 : Probable Class, 2 : Implausible Class} indicate
the probability of finding a misplaced object at a given room-
receptacle. In the second step, we use a regression-based
Ranking Network (RN) to estimate the probability scores for
embeddings of probable class, with Ngr representing the
total number of such embeddings. We use a fully connected
MLP, and train this network using MSE Loss, with respect to
the ground truth probability scores from human annotations.
The room-receptacles with the highest scores from RN are
selected as the probable room-receptacles for the unseen ob-

Jects ov. Finally, the predicted room-receptacle’s position
Py )iy N~ from the goal state is used as the location for

0V in the current state, as receptacles are static in the scene.

To prevent fruitless searches, we implement simple strate-
gies as shown in Line 19:25. Line 24, illustrates a scenario
where the agent encounters a receptacle on its path that does

not contain any OV. As a result, the agent excludes it from
future search attempts.

Collision Resolution and Buffer Management

To ensure the robustness of our task planning in collision
scenarios, we need to identify and resolve the blocked goal
and swap cases by leveraging the geometry of objects (B)
and the size of free spaces in receptacle occupancy map
(MB). We identify the collision cases between objects in
oY, using B;, B;j € B for each pair of objects and MR. We
project B;, B; onto M® and find the maximum size rectangle

BM and B}W that encloses their projections respectively.

Additionally, we require the projected goal positions p}’, p*

"http://tinyurl.com/14043 Appendix
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of the two objects in MR, To identify the type of collision
case, we check (i) BM N BM (p}")(B}" at p}') # ¢ and
(i) BM (pM) n BJM # ¢. Three cases arise based on these
conditions: (i) If none of them are true, there is no collision,
(ii) If only one of the conditions is true, it is a blocked goal
case, and (iii) If both conditions are true, it is a swap case.

To resolve swap cases, we find a buffer space in a time
bound and effective manner, using a stochastic optimiza-
tion over p;, € MR that maximizes the objective function
F(px) in Eq 12. To perform this optimization, we use the
Cross-Entropy Method (CEM) - a simple derivative-free op-
timization algorithm, which is parallelizable and moderately
robust to local optima (Rubinstein and Kroese 2004). CEM
samples a batch of N points from the free spaces in M~ at
each iteration. Then, it fits a Gaussian distribution to the best
M/ < Ny samples based on F(py). Further samples for the
next batch of Ny are taken from this Gaussian.

_ oM
e—E@r.pj )7

0,

if B (pr) 0 B} (p}") = ¢

otherwise

Fpe) = { 1)

Here, £(pk,p}") = |(px — p}")|2. The buffer locations

obtained from CEM are used to update P? for swap case
objects as shown in Line 7:8. Once a swap object is placed
in its buffer space, it is considered a blocked goal case. To
resolve a blocked goal case, the goal blocked object is made
static temporarily, unless the goal blocking object vacates its
goal position. This is done by updating Pp, as in Line 10:12.

Rearrangement Planner

Rearrangement planning is a long-horizon problem that suf-
fers from the combinatorial expansion with increasing num-
ber of objects. To this end, we employ data-driven Q-learning
(Watkins and Dayan 1992) that leverages the Bellmann prin-
ciple (Bellman 1957) for achieving optimality in long horizon
problems. Moreover, to aid the planner we use the Directed
spatial graph as the state space which allows for scene invari-
ance and scalability to a large number of objects.

Directed State Graph We present a directed spatial graph
(G = {V, E}) to create a concise state space representation
to aid the planner in efficient rearrangement sequencing. The
edges in this directed graph represent all the feasible paths for
rearrangement completion, disregarding the redundant infor-
mation present in an undirected graph, thereby improving the
training efficiency (refer Appendix?). The nodes V' (shown
in Fig 3) contain (i) the agent node with 3D position of the
agent, (ii) the source nodes with current object positions and
labels from {OV,{OY U PV1}} and (iii) the goal nodes
with the goal object positions and labels from O. Unlike
(Ghosh et al. 2022), we include the agent node in the Deep
RL state space, as it enables the planner to effectively select
the initial action based on the agent’s position with respect
to the objects’. The directed edges of the graph connect: (i)
the agent node to every source node, (ii) the source node of

shows an objective function to find a buffer for B} near
BY (p})
J J
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Figure 3: Overall hierarchical pipeline of our proposed method.

each object to its respective goal node, and (iii) the goal node
of each object to the current node of every other object. The
edge attributes E. = {D(p%, pf)i?g ; } include the length of
the shortest collision free path D(p{, p$’);.+; from the node
position pf’ to connected node position p§’. D(pf’, p§')ix; is
computed using BFS algorithm between the 2D projections
of pf¥,p§’ on M?P. For unseen objects in the current state,

the source object nodes in G are augmented with PV from
UODM. Similarly, for blocked goal and swap cases, the goal
nodes of such objects are updated with PZ from Collision
Resolution and Buffer Method. Therefore, this directed graph
representation aids the Deep RL to concisely comprehend
the geometric details of the current and goal state. We use a
Graph Convolution Network (GCN) to generate meaningful
graph embedding from G, that enables the Deep RL state
space to remain scalable and scene invariant.

Deep RL Planner The task planner should efficiently plan
a sequence of actions to simultaneously (i) rearrange vis-
ible objects and (ii) search for unseen objects at probable
receptacles. This reduces the agent’s overall travel time as (i)
it eliminates the requirement of explicit exploration to find
unseen objects and (ii) the rearrangement of visible objects
inevitably leads to the discovery of some unseen objects. To
accomplish these objectives, we utilize a Conservative Q-
Learning based on reinforcement learning, which is similar
to the approach presented in (Kumar et al. 2020). The state
space for Deep RL is defined as s and action a € A denotes

the selected object in 0" or 0V. Our approach follows the
principles of a Markov Decision Process (MDP), where a
reward (s, a) is received at each time step ¢ for selecting a
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from the policy 7 (a|s) = argmax Qy(s, a), that moves the
acA

agent from the current state s to the next state 5. So according
to Bellman equation Eq 2, our objective is to minimize the
temporal difference error to get the desired action.

Qo(s,0))?]
0)

Here, 6 and 0 are the parameters of the Q-Network and
target Q-Network respectively and Rp is the replay buffer.
The Q-Network tends to overestimate the policy value, which
is undesirable and affects the sampling efficiency (refer Ap-
pendix). To prevent this, we employ the Conservative Q-
Learning technique similar to that used in (Kumar et al. 2020).
This ensures that the expected value of a policy under the
learned Q-function provides a lower-bound estimate of its
true value. Therefore, the combined loss obtained on adding
the conservative lower bound loss to Eq 2 is shown in Eq 3

[Qo(s,a)] — ERB [Qo(s,a)]) + LTp

Lrp= 0.5E [(r(s,a) +71}1€a}Q9—(§, a) —

(s,a,5)«Rp

LCQL = Oz(
S%RB
a~m(als)

3)
Here o« > 0 is tradeoff factor between the conservative loss
term and the TD error. When it comes to Long Horizon plan-
ning, using the sparse reward is not an efficient method for
training Deep RL, as noted in (Gehring et al. 2021). We
employ a three-component hierarchical dense reward struc-
ture: (i) Rearrange-able Object Reward : where selecting a
misplaced object yields a negative reward equivalent to the
action path length needed for pick-and-place; (ii) Static Ob-
Ject Reward : penalizing non-rearrangeable object movement
to avoid redundancy; (iii) Completion Reward : offering a
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high positive reward for correctly rearranging only the mis-
placed objects; and (iv) Collision Resolution Reward : priori-
tizing the rearrangement of goal-occupying objects to resolve
blockages. Additional information on the reward structure
and choice of rewards is provided in the Appendix?.

We employ an off-policy technique to train our Conserva-
tive Q-Learning method using a diverse set of rearrangement
configurations, which is similar to the approach proposed
by (Kalashnikov et al. 2018). To balance exploration and
exploitation, we use the € greedy method, as described in
(Kalashnikov et al. 2018). To ensure stable Off-policy train-
ing, we update 6 weights using polyak averaging on 6, which
is similar to (Bester, James, and Konidaris 2019).

Experiment

In this section, we describe the dataset®, metrics, and de-
tailed results of our proposed method* and its modules, in
addressing the multi-room rearrangement problem.

Unseen Object Discovery Dataset

The AMT dataset (Kant et al. 2022) consists of 268 object
categories present in 12 distinct rooms and 32 receptacle
types. Each object-room-receptacle (ORR) pair is evaluated
by 10 annotators who rank them into one of three classes:
correct (positively ranked), misplaced (negatively ranked), or
implausible (not ranked). By calculating the mean inverse of
the ranks assigned to each ORR, we obtain the ground-truth
scores. For our specific problem, our preference order for
ORRs is as follows: misplaced class, correct class, and lastly,
the implausible class. Hence, we re-label the classes and their
scores as (i) misplaced and correct class — probable class,
while (ii) implausible class remains the same.

Benchmark Dataset for Testing - MoPOR

The existing benchmark dataset, RoomR (Weihs et al. 2021),
is utilized to evaluate rearrangement policies across differ-
ent room scenarios. However, it has certain limitations. It
restricts the number of objects to a maximum of 5 and does
not allow object placement within another receptacle, nor
does it include blocked goal or swap cases. Consequently, it
cannot adequately assess planning aspects such as the num-
ber of steps, agent traversal, blocked goals, or swap cases.
To overcome these limitations, we introduce MoPOR, a new
benchmark dataset designed specifically for testing task plan-
ners in Ai2Thor. MoPOR encompasses a diverse collection
of single-room scenes from iThor and multi-room scenes
from ProcThor (Deitke et al. 2022). It supports up to 108
object and receptacle categories. This dataset enables a wide
range of rearrangement scenarios involving up to 40 objects.
Furthermore, MoPOR includes random partial observabil-
ity cases, object placement within receptacles in the current
state, as well as blocked goal and swap cases. Moreover, it’s
worth noting that object placement configurations in MoPOR
impact the effectiveness of sub-optimal planning policies
in terms of agent traversal. Additional information on the
MoPOR dataset can be found in the Appendix?.

3Dataset link : https:/tinyurl.com/MoPORDataset
*Code link : https:/tinyurl.com/MultiRoomCode
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Training
The training details of UODM and DSG with Deep RL plan-
ner are available in the Appendix?.

Evaluation Criteria

Metrics detailed in (Weihs et al. 2021) solely evaluate the re-
arrangement methods based on the successful completion of
the task. To ensure a fair evaluation of our method compared
to existing methods and ablations, we introduce a new evalu-
ation criteria to emphasize the effectiveness of rearrangement
planning in minimizing the number of steps taken and the
overall traversal of the agent.

SRN : Success Ratio measures rearrangement episode suc-
cess and efficiency by combining the binary success rate
(S) and the Number of steps (/Ng) taken by the agent to rear-
range a set number of objects (V). A higher SRN indicates
a more efficient and successful rearrangement episode, as
it implies a lower Ng for a given N. (SRN =S x N/Ng)
EOD: Efficiency in unseen Object Discovery is the ratio
of the number of initially unseen objects (N37) to the num-
ber of search attempts (Ng77). A lower EOD indicates a
higher N gy for a given Ny, signifying a less efficient in
discovering unseen objects.(EOD = Ny-/Np)

TTL: The metric Total Traversal Length quantifies the
cumulative distance covered by the agent while success-
fully executing a rearrangement episode. In an identical
test configuration, a lower TTL indicates a more efficient
rearrangement sequencing.

Baselines

We ablate our method against ground-truth perception, var-
ious methods for object search and different planners. We
employ (i) Ours-GT to examine the impact of inaccurate
perception on our method using the accurate ground-truth
perception from Ai2Thor (Kolve et al. 2017). To understand
the importance of UODM in our method, we replace it by a
random search policy in (ii) Ours-RS, which predicts proba-
ble receptacles for unseen objects with uniform probability
and a greedy exploration strategy (Chaplot et al. 2020) in
(iii) Ours-GE that optimizes for map coverage to discover all
the unseen objects. To gauge the efficacy of our planner we
replace the Deep RL planner in our method with a heuristic
planner in (iv) Ours-HP that greedily selects an action with
the shortest agent traversal to complete the object pick-place.

Results

Ablations The state-of-the-art methods dealing with user-
defined goal state do not demonstrate their results in multi-
room rearrangement task. Due to this limitation, we gauge
the performance of our method in Tab 1, by comparing it
against the set of baselines in a multi-room setting on Mo-
POR - Benchmark Datset. Tab 1 indicates that our method
is scalable to a large number of objects, with consistently
increasing SRN values for swap cases and both scenarios
of partial observability (P.O. : objects outside the field of
view, F.Q. : objects inside closed receptacles). In addition,
the consistently high SRN for a growing number of swap
cases indicates that Ours and Ours-GT can effectively handle
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#O #V #U #S Ours-GT Ours Ours-RS Ours-GE Ours-HP
PO FO SRN EOD TTL SRN EOD TTL SRN EOD TTL SRN EOD TTL SRN EOD TTL
10 6 4 0 2 059 055 37.03 041 0.53 3782 0.19 020 60.72 0.15 0.13 70.09 041 0.53 45382
6 0 4 2 055 0.51 3825 039 0.48 40.27 0.13 0.15 65.47 0 NC NC 039 048 5027
20 12 8 0 4 0.61 0.60 6694 0.43 0.56 69.29 0.22 024 8945 0.19 0.17 101.68 043 0.56 82.42
12 0 8 4 058 055 6895 040 0.53 7238 0.17 0.18 98.37 0 NC NC 040 0.53 89.67
30 18 12 0 6 0.64 0.67 90.25 045 0.62 94.76 0.27 0.28 12045 024 0.19 13192 045 0.62 109.42
18 0 12 6 0.61 0.61 9571 043 0.58 98.58 023 022 132.16 O NC NC 043 0.58 118.72

Table 1: Results for Multi-Room Rearrangement with comparison against Baselines. Here, #0 indicates number of objects, #V
indicates number of visible objects, #U indicates number of Unseen objects, #S indicates number of Swap Cases, P.O. indicates
partially occluded cases i.e. objects which are outside the field of view presently and F.O. stands for fully occluded cases i.e.
objects placed inside closed receptacles. Ours-GE does not handle F.O. cases, therefore its EOD is non-computable (NC) due to
division by zero. The table shows that Ours-GT and Ours outperform the other baselines in terms of the evaluation criteria.

swap cases, using the Cross-entropy based method for buffer
prediction. During the time of rearrangement of visible ob-
jects and search for unseen objects, agent consequentially
finds other unseen objects. This finding of unseen objects aids
the gradual increment in SNR and EOD with the increasing
number of objects

As anticipated, Ours-GT results in significantly better
SNR, EOD and TTL, compared to Ours and all the baselines,
because it uses ground-truth object detection and labelling.

The variation in the results between Ours and the baselines
primarily arises from their approaches to handle partial ob-
servability cases, since Ours and the baselines employ the
same buffer prediction method for swap cases. In both the
cases of partial observability (P.O. & F.O.), Ours performs
significantly better than Ours-GE, Ours-RS and Ours-HP in
terms SRN, EOD and TTL. This is due to the efficacy of the
Unseen Object Discovery Method (UODM) and the efficient
planning of Deep RL during simultaneous object search and
rearrangement. Ours-GE incurs a high traversal cost in terms
of TTL because it explicitly explores the entire apartment to
find the PO objects. Moreover, Ours-GE fails to address the
FO cases (SRN = 0) because the greedy exploration policy
(Chaplot et al. 2020) based on map coverage does not con-
sider opening and closing receptacles to find FO. Whereas,
Ours-RS randomly visits receptacles to discover PO or FO
cases, which again increases TTL. In contrast, our approach
performs similarly in both cases of partial observability be-
cause UODM comprehends a semantic relationship between
an object and any type of room-receptacle - rigid or artic-
ulated. To assess the exploration strategy’s effectiveness in
object search based on ENR, we define each newly generated
location or sequence of navigational steps from the explo-
ration policy as a single search attempt. A higher quantity of
search attempts in Ours-GE and Ours-RS results lower ENR
and SNS. In case of PO, the values of EOD and TTL for
Ours-RS is slightly higher than Ours-GE because Ours-RS
simultaneously searches objects and performs rearrangement,
but Ours-GE performs additional exploration to find unseen
objects. Ours-HP? only shows a higher TTL compared to

3Qurs-HP has similar UODM and Collision Resolution Method
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Ours for both PO and FO cases in partial observability due
to the greedy planning method.

Please refer to the Appendix? to find results for the analysis
of the choice of hyper-parameters for each of our modules.

Comparison Against State-of-the-Art Methods for Room-
Rearrangement The existing methods train and show re-
sults on a single-room rearrangement task. Therefore, for a
fair comparison, we compare our method against them in a
single-room setting on MoPOR - Benchmark Dataset and
RoomR (Weihs et al. 2021). Please refer to the Appendix? to
find the detailed comparison tables and discussion.

Qualitative Results

To show the qualitative results of our method in multi-room
rearrangement, we have created multiple test scenario videos
to highlight the robustness of our method. We also evaluate
our method in a new environment- Habitat, as highlighted
in our supplementary video®. This transfer does not require
any additional training for our UODM or Deep RL planner.
This demonstrates how our method excels in seamless sim-
to-sim transfer, reinforcing its suitability for deployment in
real-world scenarios. Please refer the supplementary video®.

Limitations

Our method has limitations in finding unseen objects that
are concealed by other static objects - those that will not be
moved during rearrangement because their current and goal
locations are identical. Additionally, our approach presumes
the availability of flawless motion planning and manipulation.

Conclusion

This paper introduces a novel task planner designed for tidy-
ing up an apartment while dealing with partial observability,
which can be adapted to various situations and generates a se-
quence of actions that minimizes the agent’s overall traversal
and the number of steps taken during simultaneous unseen
object discovery and rearrangement. In future work, we plan
to explore the deployment of our method in real-world.

Shttp://tinyurl.com/SuppVideo
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