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Abstract—Robot manipulation of multiple objects is an im-
portant topic for applications including warehouse automation,
service robots performing cleaning, and large-scale object sorting.
Although problems can range in complexity from a few objects to
large disordered piles, autonomy remains a significant technical
challenge due to the high-dimensional joint configuration space
of the robot and all objects, the complex dynamics of object
interaction, and the ambiguity and occlusion caused by clutter.
This paper surveys a broad range of classical and state-of-the-
art research in multi-object manipulation and categorizes them
along the dimensions of tasks, perception, predictive models, and
decision-making algorithms. It also covers emerging trends and
open problems faced in the ongoing effort to realize robust multi-
object manipulation systems in practice.

Index Terms—Manipulators, Manufacturing Automation,
Robot Motion, Robot Vision Systems

I. INTRODUCTION

In the last decade, robotic grasping of single objects has
rapidly matured from lab demonstrations to industrial de-
ployments [110, 139]. As a result, many robotics researchers
have shifted their efforts toward studying how robots can
manipulate many objects in coordination. In some scenarios,
the objects’ poses obscure one another or interfere with
subsequent movements, so the robot must reason about the
relationships between multiple objects [99, 140]. In others, the
robot must reason about the stability of piles of objects [43,
135]. In yet other scenarios, a robot must move many objects
at once by pushing or scooping [31, 126]. Such problems arise
in a diverse range of application areas at factories, warehouses,
stocking, retail, and homes, in which robots are expected
to search in piles of objects, assemble or disassemble parts,
pack containers, stock shelves, clean clutters, and manipulate
granular materials.

Multi-object manipulation poses challenges for every stage
of autonomous system development. First, multi-functional
robots and end-effectors should be designed to implement
various manipulation skills, such as grasping, pushing, and
shifting [10, 104]. Second, robots must perceive the state of
objects in the world, in which object identity and pose may be
ambiguous due to severe occlusions and uncertainties [134].
Third, the dynamic behaviors of multiple interacting objects
must be predicted under stochastic contact mechanics [151]
and incomplete state information [86]. Fourth, a motion
planner must search in the space of manipulation orderings,
which has a high combinatorial complexity, as well as the
joint state space of the robot and all objects, which has
high dimensionality. Theoretical complexity bounds have been
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established for various tasks [52, 62, 106] and practitioners
utilize simplifying assumptions to design tractable decision-
making algorithms. Finally, frequent re-planning and closed-
loop controllers are used to respond to perceptual uncertainty
and to close the gap between predictive models and real-world
behaviors [3].

Research on manipulation of multiple objects began decades
ago in the motion planning community, and was explored
both for theoretical interest as well as applications such as
assembly planning. The computational intractability of general
multi-object manipulation tasks and some assembly planning
tasks were proven during this era [52, 62]. Further progress in
motion planning led to practical algorithms for applications
such as navigation among moving obstacles [17, 123] and
rearrangement in logistics [101]. In the mid-2010s, progress
in robot perception and manipulation led to a rapid growth
in interest in robot rearrangement [68, 71], singulation [14],
and decluttering [61, 109] that has continued to this day. In
recent years, learning-based perception, predictive models, and
manipulation actions, have fundamentally changed the design
of robot systems [81]. Deep learning has made object recog-
nition in clutter far more reliable and accessible, and end-to-
end reinforcement learning has the potential to lift restrictive
assumptions in classical sense-plan-act architectures. These
trends have been adopted with great enthusiasm for multi-
object manipulation [10, 54, 126]. It should also be noted that
the robotics community has not just been a user of modern
Al techniques, as multi-object rearrangement has also been
identified as a benchmark for the embodied AI community [5].

It is an opportune time for the development of multi-object
manipulation research to address some high-level questions
that have been left unanswered despite decades of research.
For example, has perception and modeling uncertainty been
underappreciated in the multi-object planning community?
At what granularity should multiple objects be represented,
e.g., can we treat multiple objects as a single entity when
they stay in contact? How should we model the complex
stochastic contacts, and how much does the accuracy of a
contact model affect the accuracy of decision-making? In some
tasks, e.g., organizing a cluttered cabinet, the gap between
heuristics and optimal solutions is substantial, but other tasks,
e.g., singulation, can be solved relatively easily with heuristics.
Does the optimality gap relate to the sample complexity of
learning-based methods? With this survey, we hope not only
to describe the breadth of research in this field, but also to
inspire researchers to ponder these grand questions.

This survey focuses on algorithmic research related to multi-
object manipulation. It does not cover mechanical design,
because the vast majority of past works have focused on
moving a single object at a time or pushing multiple objects,
with only a few papers covering mechanical devices that move
multiple objects simultaneously [98, 108]. The paper does not
cover single-object grasping, and refers interested readers to
Billard and Kragic [11] for a survey on recent trends in the



manipulation of single objects, andifBer et al. [125] for a

survey on pushing manipulations. The paper is organized by

manipulation tasks, perception methods, prediction methods,

and decision-making algorithms. Section Il describes a tax-

onomy of manipulation tasks. Section Il describes perception

components that process raw sensor inputs (e.g. RGBD images

[61] or thermal images [111]) into object locations and/or

identities. Section |V presents motion prediction methods,

which estimate the change of objects' state due to a robot's

action e.g., pushing, grasping, or poking. Section V dis-

cusses decision-making problems, which involve a motion (re- @) (b)

Jplanner that calculates sequences of manlpulatlon a(_:tIOE%! 1. Stilman and Kuffner [123] considered a continuous navigation task
and a controller that compensates for disturbances. Finallyiere the robot can move one object at a time in a cluttered environment in
we discuss open problems in Section VI. order to move from start to goal position. (a): side view; (b): bird view.

II. MULTI-OBJECTMANIPULATION TASK TAXONOMY

In general, a multi-object manipulation task is mathemat-
ically specied as attempting to bring the state of tjuént
state spaceof the robot and objects into a state that meets
speci ¢ goal conditions. Following King and Srinivasa [68],
we de ne the robot state space &8 >CR, the state space of
each ofm objects ax!"te >C!; ;x™"te >C", and the joint @) (b)
state space as the Cartesian prod.’mctCR ct C". we Fig. 2. (a): A 2D illustration of clutter removal problems [128], where
further denote the workspace s the volume occupied by objects can overlap to form constraints on the order of removal. (b): Temtsin
the robot's geometry aR"xR+, and the volume occupied by2and Degani [130] compared various heuristic strategies to remove a clutter of
. i N . . .~ 3D bricks without disturbing the pile.
an object a®'"x'es. The objective of a particular manipulation
is to reach some goal subsgha =~ C while keeping the state
within a free spac&ee = C. Different manipulation tasks are is O'"x'e 9 X¢ear g for alli  1;::;m. The robot may
characterized by their action sets, goal conditions, feasibilityhave payload limits preventing all objects from being moved
conditions, observation spaces, or governing dynamic modelsogether, and/or objects may be entangled, making it dif cult
of objects. Past literature has categorized tasks primarily into nd a feasible order of removal. To avoid disturbing
terms of differences in the goal s€.a >C, as described a pile of objects, which would require re-sensing and re-
below. planning, constraints can be speci ed where objects must
v Singulation:A small extension of grasping in clutter, where remain quasi-statically force-balanced during manipulation
multiple objects may need to be moved in order for [130] (Figure 2). In cases with tightly entangled non-convex
a specied object to be grasped. The goal condition is objects, nding a feasible object motion may also be a
InGraspxR;x%e where x* is, without loss of generality, challenge. Decluttering is highly related to the disassembly
the target object. As illustrated in Figure 3, singulation can problem [77], a classical problem in operations research and
be achieved by moving the target object away from themotion planning.
clutter [63] or moving other objects out of the way [78]y RearrangementA set of objects are moved to take a set
A simplifying assumption taken by several prior works [14, of specied goal positions (Figure 4), i.ex > Cigoal*
63] is the target object being a certain distance away from alli 1;:::;;m. Rearrangement tasks can tabeled where
other objects. The distance-based de nition provides a goalkach object has a single speci ed goal con guration, e.g.
condition that is straightforward to test, but it may require in [71], or unlabeledwhere object-goal correspondences are
moving objects farther than necessary. More recent researchrbitrary, in [3, 5, 37, 146] for example. In both cases,
tends to consider the problem solved when the nal graspthe objects' manipulation order and manipulation paths can
is acquired [99]. be considered as two sub-problems, where the decision
vy Navigation: A mobile robot travels through a cluttered space of the manipulation order is discrete and that of the
environment to reach a target region, with a set of movablemanipulation paths is continuous. Such discrete-continuous
objects blocking its path. The goal is speci ed only for the decomposition allows ef cient planning algorithms to be
robot but not for objects, i.ex® > Cf, with G, the  developed [71].
target region for the robot. Navigation has been studied asPacking: As a reverse of declutter, a set of objects are
a discrete search problem [29] or a Sokoban game, wherenoved into a goal region, i.eQ'"x's * Xpack, I Lum,
both the robot and the objects move along edges of arbut the target con guration of each object in the region is
axis-aligned grid. It can also be formulated as a continuousunspeci ed. Essentially, packing is a reverse of declutter.
motion planning problem [123] as illustrated in Figure 1. There are two qualitative variants of packing: loose-packing
v Declutter: Given a regionXear to clear, a set of objects and dense-packing. In loose-packing, the goal region has a
are moved away from a target region [128], i.e., the goalmuch larger volume than the to-be-packed objects and so



(@) (b)
(@)

(©) (d)

Fig. 3. (a): Kiatos and Malassiotis [63] singulates a cylindrical target object

by moving it away from the clutter (b). (c): Leet al. [78] singulates the

green target object by moving other objects away from the swept volume of (b) (C)

the robot (d).

@ Fig. 6. In order to place the paper towel on the table (a), the yellow box

(id=18) needs to be pushed away to make room. Cosguh [20] proposed
a planner to search for the order of pushes (bc).

dense-placing. In loose-placing [7, 66, 67, 68], the density of
objects is low and placing can be achieved by moving other
objects out of the target region. In dense-placing [20], the

(@) (b) density of objects is high so that the obstructing objects may
Fig. 4. In the rearrangement task, Krontiris and Bekris [71] moved a set ofmterf_ere with other objects, and so the order and tra_JeCtones
unorganized bricks (a) to form letters “RSS” (b). of objects’ movements must be planned carefully to increase

the success rate. Placing is closely related to packing, which
the focus is on transporting objects to the region. Therefore can be achieved by repeatedly placing new objects, as done

prior works [90, 147] use sequential single-object manipula-1n all existing works of object packing [90, 135, 147].

tion in an arbitrary order with little dependence on alreadfl(- Sorting: A set of objects, divided into classes (e.g.,

packed items. In dense-packing, the goal region's volume iscolor, identity, or type), should be geometrically sep-

approximately the same as the sum of the objects' volumesarated (Figure 7). There are two variants of sorting:

[135], and hence objects' con gurations must be planned 1o 50rting-by-clustering and sorting-by-packing. In sorting-by-
impr(;ve the packing density (Figure 5) clustering [120], the goal is to minimize the intra-class

T ; . . . . distances and maximize the inter-class distances, similar to
vy Placing: A new object is placed into a goal region, i.e., . . ; .
1 X 1 . ; : a multi-class extension of singulation. If we de heas the
X+ > Giace With x* the target object, which may involve h b . . .
; ) . label of thei™ object, then we require the intra-class distance
rearranging other objects to make room [20] (Figure 6). N : o L :
Placing also has two qualitative variants: loose-placing and. i d'X;;Xj+ B minj,x;, d"x;;Xe 1. In sorting-by-

' packing [48], the goal is to move all objects of the same class
to a designated goal region, similar to a multi-class version
of packing. In other words, the goal set@"x's ~ X packi
forl; I.

Table | lists several prior works categorized by their ma-
nipulation tasks. Some works combine multiple tasks to solve
problems at a higher-level, so we put them into more than one
category. For example, a declutter task is followed by a loose-
packing task in [129] to place the dumped objects. In [66, 67,
68], a navigation task is implicitly involved in a placing task so
that the robot can clear the path for the to-be-packed object to
reach a goal region. In [31, 126], the goal is to move a cluster

(@) (b) of small objects to reach a target con guration, which can be
Fig. 5. (a): Mahler and Goldberg [90] considered loose-packing of unsortesed for both declutter and sorting-by-clustering tasks.
objects with a two-armed robot picking from a bin. (b): Wang and Hauser There is a general commonality in multi-object manipu-

135] considered -packing, placing objects with varied shape tightly int.. .
[shipg)ff]%nzfgse_ dense-packing, placing objects with varied shape tightly iflgy o\ that most tasks can be modeled as a task-and-motion
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