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Multi-Object Grasping in the Plane

Wisdom C. Agboh1,2, Jeffrey Ichnowski2, Ken Goldberg2, and Mehmet R. Dogar1

1 School of Computing, University of Leeds, UK.
2 The AUTOLab at UC Berkeley (automation.berkeley.edu), USA.

Abstract. We consider a novel problem where multiple rigid convex polygonal

objects rest in randomly placed positions and orientations on a planar surface vis-

ible from an overhead camera. The objective is to efficiently grasp and transport

all objects into a bin using multi-object push-grasps, where multiple objects are

pushed together to facilitate multi-object grasping. We provide necessary con-

ditions for frictionless multi-object push-grasps and apply these to filter inad-

missible grasps in a novel multi-object grasp planner. We find that our planner

is 19 times faster than a Mujoco simulator baseline. We also propose a pick-

ing algorithm that uses both single- and multi-object grasps to pick objects. In

physical grasping experiments comparing performance with a single-object pick-

ing baseline, we find that the frictionless multi-object grasping system achieves

13.6% higher grasp success and is 59.9% faster, from 212 PPH to 340 PPH. See

https://sites.google.com/view/multi-object-grasping for videos and code.

1 Introduction

There has been a recent increase in demand for fast and efficient robot picking systems,

especially for warehouses [1, 2, 3, 4]. State-of-the-art robot grasping systems use only

single-object grasps. As robot motion is increasingly becoming the bottleneck of pick-

and-place systems [5, 6], reducing the number of arm motions with multi-object grasps

has the potential to increase speed significantly. Furthermore, in cluttered scenes like

Fig. 1, some of the objects may not have the necessary free space around them for the

gripper to pick them individually in contrast to multi-object grasps.

Prior-work [7, 8, 9] studied multi-object grasps for the case where objects are al-

ready in contact and ready to be grasped. However, objects are oftentimes apart and

Fig. 1: Robot picks five objects at once with a multi-object push-grasp.
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must be pushed/squeezed together before a multi-object grasp is possible. We call these

multi-object push-grasps. They require physics-based predictions of how objects will

move when the grippers close, e.g. to predict whether the objects will remain inside the

grasp or whether they will slide out.

One approach to synthesizing such multi-object push-grasps is to divide it into two

steps. Sakamoto et al. [10] proposed a system to pick two cuboids at once. Their ap-

proach pushes and aligns the objects first before grasping them. Such a two-step ap-

proach may not be feasible in cluttered scenes with more than two objects where object

access is limited.

In this work, we propose a single-step multi-object push-grasp where objects are

pushed and grasped simultaneously as the robot closes its gripper. One way to achieve

that is to create models of objects in a physics simulator, generate single-step candidate

grasps, and test them until a successful grasp is found. However, this is computationally

expensive given the large number of physics simulations that could be required to find

a grasp [11, 12, 13].

Therefore, we propose necessary conditions for multi-object push-grasping. We use

these necessary conditions in a novel multi-object grasp planner to rank and filter grasp

candidates, before testing them in a physics simulator. The result is a multi-object grasp

planner that, on average, tests only two grasp candidates in a physics simulator before

finding a successful one. In addition, we propose a picking system that uses the multi-

object grasp planner to pick single or multiple objects at each time.

In simulation experiments, we find that our multi-object grasp planner is 19 times

faster than a physics simulator baseline. In physical picking experiments compared to

a single object picking baseline, we find that the multi-object grasping system achieves

13.6% higher grasp success, and is 59.9% faster. In summary, this work contributes:

1. Necessary conditions for frictionless multi-object push-grasping.
2. Theorems and proofs on the necessary conditions.
3. A multi-object grasp planner.
4. A picking system that uses both single and multi-object grasps.
5. Simulation experiments that compare our grasp planner with a physics simulator

baseline and physical experiments that compare the picking system with a single

object grasping baseline.

2 Related work

Picking multiple objects from a table or a bin is common for humans, e.g. waiters. Most

prior work [2, 14, 15] in robotic picking focus on single object grasping. Recently,

Sakamoto et al. [10] proposed a picking system that uses both one- and two-object

grasps to pick cuboids. In this work, we propose a picking system that can grasp an

arbitrary number of extruded convex polygonal objects at once.

A key question here is how to synthesize or generate grasps. There is a large body of

work on synthesizing single-object grasps. They typically fall into one of two categories

— analytic or data driven. The analytic methods [16, 17, 18] assume known object

model and contact locations. They find grasps that can resist external wrenches or con-

strain the object’s motion. On the other hand, data-driven approaches [19, 20, 21, 22, 23]

generate grasping models that map directly from sensor readings like an RGB-D image

to a successful grasp through various machine learning techniques.
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Considering multi-object grasps, in several works [9, 24, 25], conditions for en-

veloping grasps of multiple objects using a multi-fingered robot hand, under the rolling

contact assumption are proposed. Multiple objects (already in grasp wrench equilib-

rium) are grasped and lifted up towards the gripper’s palm. Harada et al. [26] intro-

duced active force closure for multiple objects. The work derives conditions to generate

an arbitrary acceleration on multiple objects grasped with a multi-fingered robot hand.

Yoshikawa et al. [27] proposed a condition to achieve power grasps where they formu-

late the multi-object optimal power grasp problem and minimize finger joint torques.

Other works [7, 8, 28, 29] propose methods to evaluate the grasp stability of multiple

planar objects grasped by a multi-fingered robot hand. Fingers are replaced with 2D

spring models and grasp stability is analysed through potential energy stored in the

grasp. Yamada and Yamamoto [30] extended these multi-object grasp stability analyses

to the 3D case, under both rolling and sliding contact. Results in these multi-object

grasping works are mostly only numerical simulations, without real-robot multi-object

grasps. In this paper, we derive conditions for equilibrium multi-object grasps, under

the frictionless point-contact model. We also show real-robot multi-object grasps.

Recently, Chen et al. [31] investigated the problem of dipping a robot hand inside a

pile of identical spherical objects, closing the hand and estimating the number of objects

remaining in the hand after lifting. Shenoy et al. [32] also studied multi-object grasping

in a similar setting of identical spherical objects, but with a goal of transferring the

picked objects to another bin. Their approach generates a pre-grasp configuration and

flexion strategy that corresponds to the desired number of objects to be picked from

a given pile. Our work is focused on multi-object grasps of complex-shaped objects

where physics predictions play a major role.

At the heart of various push-grasping methods [33, 34] is the need to make physics-

based predictions of how objects will move when pushed and potentially squeezed to-

gether. It is computationally expensive to predict the result of these contact interac-

tions [35, 36]. Thus, we propose necessary conditions for multi-object push-grasping

for the first time to the best of our knowledge. We use these conditions in a novel multi-

object grasp planner to synthesize multi-object grasps. Thereafter, we use our grasp

planner in a novel picking system that generates both single and multi-object grasps

and picks randomly placed objects.

3 Problem statement

As shown in Fig. 1, we consider the problem where multiple rigid convex polygonal

extruded objects rest in randomly placed positions and orientations on a planar surface

visible from an overhead camera. The goal is to develop a picking algorithm that effi-

ciently grasps and transports all objects to a bin, using single and multi-object grasps.

Assumptions: We assume a frictionless point contact model only between objects in a

multi-object grasp. We assume antipodal multi-object grasps where each object is kept

in equilibrium by two neighbouring objects, or one object and a gripper jaw. We assume

a parallel-jaw gripper and objects that are extruded convex polygons with uniform mass

and known geometry.

State and action: The state x pose of all objects: x “ rtxi, yi, θius, for i “ 0, . . . , No´
1, where No is the number of objects on the table, xi, yi, and θi represent the 2D pose

of object i, provided by an overhead camera. We represent single and multi-object grasp
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Fig. 2: Frictionless equilibrium grasps for single convex polygonal objects, with a

parallel-jaw gripper. There are two possible grasp conditions in the frictionless case:

(a) Two parallel edges. (b) Vertex and an opposing edge. The vertex has a perpendicular

projection onto the edge.

actions in the same way: u “ rxg, yg, θgs , where xg, yg , and θg represent the desired

grasp pose of the gripper, after which the jaws close with a maximum force fg . The

grasp action involves four steps. (1) Moving the open gripper above the initial desired

grasp pose, and lowering down until just above the surface/table. (2) Closing the gripper

jaws. (3) Moving the gripper upwards, off the table, and above the bin. (4) Opening the

jaws such that objects fall into the bin.

4 Multi-Object Grasps

To plan multi-object grasps, we need to understand conditions under which a multi-

object grasp will succeed or fail. In this section, we study the conditions to obtain an

equilibrium grasp for single and multiple planar, convex polygonal objects. Equilibrium

grasps on an object occur when the grippers can apply forces and torques consistent with

the contact model assumed at contact points, such that the net wrench on the object is

zero. We study these grasps for multiple objects, under the frictionless point-contact

model. In single-object grasping, under this contact model, the contact force from the

left (l) and right (r) gripper plates can be written as: fi “ fgn̂i, i P tl, ru, where n̂i is

the surface inward unit normal at the respective contact point, and fg is the magnitude

of a maximum gripper force. We seek equilibrium grasps under the frictionless point

contact model. Thus, contact forces from the left and right grippers must satisfy:

fgn̂l ` fgn̂r “ 0, pl ˆ fgn̂l ` pr ˆ fgn̂r “ 0, (1)

where pl and pr are the position vectors of the left and right contact points respectively.

Eq. 1 implies that for parallel-jaw grippers on a convex polygonal object, we can achieve

equilibrium grasps only if the two contact normals have opposing directions (n̂l “
´n̂r), and lie on the same line. These are antipodal grasps.

Antipodal grasps on a convex polygonal object occur under any of the following

two necessary conditions: (i) two parallel edges as shown in Fig. 2a, and (ii) one vertex

and an opposing edge where the perpendicular projection of the vertex lies inside the

corresponding edge, as shown in Fig. 2b. There is a possible third case of grasping the

convex polygonal object at two vertices, however that is unstable in the frictionless case

and we do not consider such grasps.
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Fig. 3: A sample frictionless equilibrium grasp for multiple convex polygonal objects.

Each object is in an antipodal grasp and all contact normals lie on the same line.

We extend the initial frictionless equilibrium grasp analysis to the multi-object case.

To achieve an equilibrium grasp in the multi-object case, each object in the multi-object

grasp must individually be in an antipodal grasp from contacts with grippers or neigh-

bouring objects. In this work, we restrict our study to multi-object grasps where each

object involved is kept in equilibrium by only two neighbouring objects or one object

and a gripper plate. This implies that all contact normals across all objects must lie on

the same line. We show a sample frictionless equilibrium multi-object grasp in Fig. 3.

Specifically, from the single object equation, Eq. 1, the multi-object equilibrium

grasp equations for a set of no objects become:

fgn̂li ` fgn̂ri “ 0, i P t0, 1, . . . , no ´ 1u (2)

pli ˆ fgn̂li ` pri ˆ fgn̂ri “ 0, i P t0, 1, . . . , no ´ 1u, (3)

where n̂li and n̂ri are the left and right contact normals for object i. For an equilibrium

grasp, we find that n̂li “ ´n̂ri , and both contact normals must lie on the same line for

object i P t0, 1, . . . , no ´ 1u. This also implies that all normals across all no objects

will lie on the same line.

5 Multi-Object Push Grasps

Objects almost never start in contact, fully aligned and ready to be grasped as shown in

the previous section and in other prior work [25, 27, 30]. It is the case in practice that

objects are usually apart and need to be squeezed together in a multi-object push-grasp.

Hence, the need to make physics-based predictions of how objects will move as the

robot pushes them together.

5.1 Two Necessary Conditions

Physics simulation for multi-object grasping is computationally expensive. We aim to

avoid simulations and significantly speed-up multi-object grasp planning. In this sec-

tion, we propose two necessary conditions for a multi-object push-grasp to succeed. We

propose these conditions for the frictionless point-contact model. The conditions are:

multi-object diameter function and intersection area. If any of these conditions is vio-

lated, the push-grasp is guaranteed to fail. We use these necessary conditions to filter

out inadmissible grasps, and therefore to avoid computationally expensive simulations.
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Fig. 4: A frictionless multi-object grasp. We show the initial internal rectangular region

S, the gripper stroke wg , the left and right minimum gripper distances to objects, bl and

br respectively, the initial multi-object grasp diameter (h0), the final multi-object grasp

diameter (hf ), and osi , the intersection polygon (in red) between S and object Oi. We

also show that h0 ě hf for any equilibrium multi-object grasp.

5.2 Multi-Object Diameter Function

In single-object grasping, consider quasi-statically closing a parallel-jaw gripper such

that both jaws simultaneously make the first contact with the object. The distance be-

tween the jaws at this initial contact is called the diameter, first introduced by Goldberg

[37] for frictionless grasping. Let this initial diameter be d0. As we continue to close the

grippers past this initial contact, the diameter must decrease until it reaches a local min-

imum value, at the stable grasp configuration. Let this final diameter be df . Thus, for

any stable single-object grasp, we have that: d0 ě df . Next, we extend the single-object

diameter condition to the multi-object case.

We begin by introducing the multi-object grasping diameter (h). We illustrate how

to compute h given a grasp u in Fig. 4. We define the initial internal region between the

parallel-jaw grippers to be the internal rectangular region, S. Let osi “ S X Oi, be the

intersection polygon between S and object Oi. Let wgptq be the gripper stroke at time

t. Let blptq be the shortest distance between os
0

and the left jaw, and brptq be the shortest

distance between osn0´1
and the right jaw. Then, the multi-object grasp diameter is:

hptq “ wgptq ´ pblptq ` brptqq. (4)

Let h0 be the initial multi-object grasp diameter at time t0, and let hf be the corre-

sponding final multi-object grasp diameter, at time tf when the grippers become station-

ary after closing. h0 “ hpt0q “ wgpt0q´pblpt0q`brpt0qq, and hf “ hptf q “ wgptf q´
pblptf q ` brptf qq. When the grippers become stationary at tf , blptf q “ brptf q “ 0, and

hf “ wgptf q. Since parallel-jaw grippers close in only one direction, it implies that

wgptiq ě wgpti`1q, where ti`1 ą ti, and by extension wgpt0q ě wgptf q. Therefore,

any multi-object grasp will satisfy:

h0 ě hf (5)

In Fig. 4, we show a sample multi-object initial diameter h0 and final diameter hf , for

a frictionless multi-object grasp. The multi-object grasp diameter condition in Eq. 5
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hfmin

Fig. 5: All possible unique final frictionless multi-object grasp diameters for a rectangle

and an isosceles triangle. There are only two unique multi-object grasp configurations

(excluding vertex-vertex contacts). The left configuration has the minimum multi-object

diameter hfmin
.

requires knowledge of hf which in turn requires a physics simulation to compute. This

defeats the purpose of this condition.

Theorem 1. Given a set of no objects, there exists a constant multi-object grasp diam-

eter, hfmin
such that any grasp u, with some initial multi-object grasp diameter h0 is

guaranteed to fail when h0 ă hfmin
.

Proof. Every polygonal object i in a successful multi-object grasp of no objects has

a final diameter dif , at time tf when the grippers become stationary after they close.

This corresponds to a multi-object grasp diameter hf “
řn0´1

i“0
dif . This summation is

true for any successful multi-object grasp because contact normals across all no objects

must lie on the same line (Eq. 2 and Eq. 3).

Every object has a minimum final diameter (difmin
), at which a stable frictionless

single-object grasp will occur. We can enumerate all final object grasp diameters for

any convex polygonal object under the frictionless point-contact model using the two

conditions shown in Fig. 2. Let the finite number of possible final diameters be N i
df

for

a given object i. The minimum final diameter can then be written as:

difmin
“ minpdifj q, j P t0, 1, . . . , N i

df
´ 1u. (6)

Then, we compute the minimum multi-object grasp diameter hfmin
at which a stable

frictionless multi-object grasp of no objects will occur as:

hfmin
“

no´1
ÿ

i“0

difmin
. (7)

Recall from Eq. 5 that h0 ě hf for any multi-object grasp, but dif ě difmin
which

implies hf ě hfmin
. Therefore any successful multi-object grasp must satisfy:

h0 ě hfmin
. (8)

Thus, if the initial multi-object grasp diameter is less than the minimum possible

final multi-object grasp diameter (h0 ă hfmin
), the grasp u is guaranteed to fail. This

means that h0 is so small that as the gripper closes, a stable multi-object grasp diameter

can never be reached, completing the proof. [\
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For example, consider the case in Fig. 5, where we have two objects such that

no “ 2. The rectangular object (O0) has two unique stable grasp configurations un-

der frictionless grasping with a parallel-jaw gripper (N0

df
“ 2), disregarding the other

configurations due to symmetry, and vertex-vertex grasps. Similarly, the triangular ob-

ject (O1) has only one unique stable grasp configuration (N1

df
“ 1), again disregarding

vertex-vertex grasps. Thus, there are two unique multi-object grasp configurations in the

frictionless case and the left configuration has the minimum multi-object grasp diameter

hfmin
. We show an example of a grasp that failed due to a violation of the multi-object

grasp diameter condition in Fig. 7(top).

5.3 Intersection Area

Each object in a multi-object equilibrium grasp needs to also be in a single-object equi-

librium grasp. This requires at least two contacts, whether from the parallel jaws or

other objects. Thus, as the gripper closes, if we predict no contacts for at least one

object, the multi-object grasp fails.

Let Aiptq “ Areaposi q, be the area of the intersection polygon for object i, during a

multi-object grasp. Then, we require the intersection area for each object be greater than

zero when the gripper closes. Aiptq changes as the gripper closes with constant force

fg , and hence is a function of time. Thus, the intersection area necessary condition for

no objects become:

Aiptf q ą 0, i P t0, 1, . . . , no ´ 1u (9)

where tf ą 0 is when the gripper becomes stationary after closing. Knowing exactly

how Aiptq changes as the gripper closes requires a physics simulation, which defeats

the purpose of this condition. However, observe that if the starting intersection area for

an object is zero it is likely to remain so as the gripper closes. This is especially true

when the object of interest is sufficiently far away from S.

Theorem 2. Given an object Oi in a multi-object grasp u of no objects, if Aip0q “ 0

then there exists some minimum distance ϵ ą 0 between Oi and S such that the multi-

object grasp is guaranteed to fail if the distance between Oi and S is larger than ϵ.

Proof. Consider Fig. 6. Object Oi moves towards S and can subsequently achieve

Aiptf q ą 0 only when there is contact between it and other objects as the gripper

closes. ϵ is the minimum distance between Oi and S where surrounding objects cannot

make contact as the gripper closes with grasp u. Let mj for a surrounding object j be

the length of its longest diagonal, and let M “
řno´1

j“1
mj be the sum of such diagonals

for all other objects. This is the farthest other (no ´ 1) objects can be lined up along the

normal direction (n̂S) of S to reach Oi. Assuming quasi-static grasping, other objects

cannot make contact with Oi beyond M . It is an upper bound on ϵ such that ϵ ď M .

Therefore if Oi is at least M minimum distance away from the internal rectangular re-

gion and Aip0q “ 0, the multi-object grasp, including the object Oi is guaranteed to

fail, which completes the proof. [\
In practice, M would be too large to provide useful grasp filtering. Recall that there is

a minimum grasp diameter (hfmin
) at which a multi-object grasp succeeds. This means

that starting at h0, the grippers can only move a maximum distance of ∆hmax “ h0 ´
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mj

Oi

mj`1

M “ mj ` mj`1

n̂S

fg fg
S

Fig. 6: An illustration of the intersection area necessary condition’s proof. M “
řno´1

j“1
mj is an upper bound on ϵ, the minimum distance between Oi and S such that

the multi-object grasp is guaranteed to fail when Aip0q “ 0.

hfmin
, otherwise the grasp fails. Under quasi-static grasping and given that the motion

of objects in S are only due to the gripper motion, we assume each surrounding object

will move at most by ∆hmax along n̂S and towards Oi. Given, that ∆hmax is small for

a standard parallel-jaw gripper, we assume that contacts from surrounding objects Oj

will be too short to bring object Oi into the internal rectangular region S. Therefore, we

approximate ϵ “ 0, such that the relaxed intersection area condition becomes:

Aip0q ą 0, i P t0, 1, . . . , no ´ 1u. (10)

For example, take Fig. 6 where the multi-object grasp diameter condition is satisfied.

Since Aip0q “ 0, the grasp is guaranteed to fail with the relaxed condition in Eq. 10. We

show an example of a multi-object grasp that failed due to a violation of the intersection

area necessary condition in Fig. 7 (bottom).

6 Picking System

This section details a picking system that uses both single and multi-object grasps to

pick randomly placed objects.

6.1 Picking Algorithm

We present a picking algorithm in Alg. 1. Given a current state x containing No objects

(line 2), the algorithm finds a multi-object grasp for the largest group of objects that

can be grasped together, using the GraspPlanner(.) subroutine (line 6) and executes the

grasp, until no objects are left on the table or a time limit is reached (line 10). The Cre-

ateObjGroups(.) subroutine (line 3) loops through center points of objects and creates

groups of all objects whose centers are within half a gripper width radius. Thereafter
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Fig. 7: Two examples of frictionless multi-object grasps that failed due to a violation of

the two conditions. Top row: Multi-object diameter failure. Bottom row: intersection

area failure. The black rectangles are the parallel jaws of the gripper.

it eliminates all object groups that have a superset in the object groups list, apart from

the single objects. The RankObjGroups(.) subroutine (line 4) ranks the list of object

groups by their size, such that the grasp planner attempts to find a grasp for the largest

object groups first. We provide details of the GraspPlanner(.) subroutine in the subse-

quent section. A grasp execution can result in failure where desired objects escape the

grippers and other objects can be displaced from their original poses. The online nature

of Alg. 1, permits finding new grasps until the table is cleared or a time limit is reached.

6.2 Frictionless Multi-Object Grasp Planner (GP)

In this section, we propose a multi-object grasp planner. It is summarized in Alg. 2.

The GraspPlanner(.) returns a grasp u if it can find one for the current group of objects,

obj group, given the current state.

First, the algorithm generates multiple grasp candidates (line 1). Second, it ranks

these grasp candidates based on their likelihood of being successful (line 2). Finally,

we sequentially test grasps to find a successful one (lines 3–6). To test a multi-object

grasp we first use a grasp filtering system. We check if the grasp satisfies the two nec-

cessary conditions outlined in Sec. 5 on line 4. If the necessary conditions are satisfied,

we check for grasp success using a physics simulator (line 5). We explain the main sub-

routines in the following paragrasphs:

GenGraspCands( ): Recall that a grasp action is parametrized as the position and ori-

entation of the gripper: u “ rxg, yg, θgs. The gripper reaches the desired pose and

Algorithm 1: Picking Algorithm

1 do

2 x, No Ð GetCurrentState(.)

3 obj groups Ð CreateObjGroups(x)

4 ranked obj groups Ð RankObjGroups(obj groups)

5 for obj group in ranked obj groups do

6 u Ð GraspPlanner(x, obj group)

7 if u !“ {} then

8 Execute u

9 break

10 while No ą 0 and time remaining;
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Algorithm 2: Grasp Planner (GP)

Input : x: Current state, obj group: Objects in the potential grasp

Output : u: A grasp action

1 grasp cands Ð GenGraspCands(x, obj group)

2 ranked grasp cands Ð RankGraspCands(grasp cands)

3 for u in ranked grasp cands do

4 if not GraspFailure(x, u) then

5 if CheckGraspSuccess(x, u) then

6 return u

7 return {}

closes. Given a group of objects, we first find the convex hull of all of the objects. Then,

we generate Np position samples that uniformly cover the convex hull. At each position

sample, we generate Nθ orientation samples. We reject samples that result in collisions,

between the jaws and any object — inside or outside the group.

RankGraspCands( ): We aim to find a parameter that quickly predicts the likelihood

of a multi-object push-grasp success and use it to rank grasp candidates. Recall the two

necessary conditions for multi-object push-grasp success in Sec. 5 — multi-object di-

ameter and intersection area. These conditions suggest that the larger the area of the

intersection polygon for each object, the more likely a grasp will be successful. There-

fore, we propose to use the total intersection area (AT “
řno´1

i“0
Ai) as a heuristic to

judge how successful a grasp will be. The higher the total area, the more likely the grasp

will be successful. Ai is computed as the area of intersection between object Oi and S.

GraspFailure( ): We filter multi-object grasps using the two conditions provided in

Sec. 5 — multi-object grasp diameter and intersection area. If any of the two necessary

conditions is not satisfied, the multi-object grasp is guaranteed to fail.

CheckGraspSuccess( ): To check the success of a grasp u, we use a physics simulator

where we assume objects are rigid, and have a uniform mass distribution. We close the

gripper at the specified pose, then lift it above the table to check that the grasp is stable.

Using a physics simulator means that our grasp planning system has no false positives

for simulation experiments. However, we expect some grasps to fail in physical experi-

ments due to uncertainty in state and model parameters and aleatory uncertainty related

to friction, sensing, and control.

7 Experiments

We conduct simulation and physical experiments to evaluate the multi-object push-

grasping necessary conditions, grasp planner, and picking system. In the following sub-

sections, we explain the general setup, experimental details, baselines, and results.

7.1 Simulation and Physical Experiments:

We use Mujoco 2.1.0 as the physics simulator. In all experiments, we use a fixed set

of objects, shown in Fig. 1. It contains a total of 33 objects from 3-sided to 6-sided

convex polygons. We create a model of these objects in Mujoco where we ensure that

objects are rigid and have a uniform mass distribution. In physical experiments, we

use an RGB-D camera to estimate the pose of objects on a table. We approximate the

frictionless case by selecting low (µ “ 0.01) friction parameters in Mujoco.



12 Agboh et al.

Fig. 8: Simulation experimental evaluation of the necessary conditions for multi-object

push-grasping. Using both the intersection area (Int. Area) and the multi-object diame-

ter (Diameter) necessary conditions, we can predict on average across all objects 93.4%

of true-negative grasps in any given set of grasp candidates. The average number of

grasp candidates in any given scene is 193.19 ˘ 1.54. All errors are within 95% confi-

dence interval of the mean.

7.2 Evaluation of Necessary Conditions in Simulation:

In this section, we conduct simulation experiments to evaluate the proposed necessary

conditions for multi-object push-grasping. We use a physics simulator to get ground-

truth multi-object push-grasping results. If a necessary condition is violated, the grasp

is predicted to fail (negative). If the ground truth also fails, we term this a true neg-

ative, otherwise it is a false negative. An important question here is what percentage

of true negatives can we predict using these necessary conditions? Are there any false

negatives? These questions will specifically help us evaluate the practicality of our in-

tersection area assumption in Sec. 5.

We consider classes of 2-object to 7-object grasps (limited only by gripper width).

For each multi-object grasp class, we create 200 randomly generated scenes. That is

a total of 1200 grasping scenes. Thereafter, for each grasp scene, we generate Np ˆ
Nθ “ 70 ˆ 7 grasp candidate samples, and reject samples in collision. For each grasp

candidate, we check both multi-object push-grasping necessary conditions and compare

results to a Mujoco simulation of the grasp. We record any true negatives and any false

negatives, across all grasp candidates, grasp scenes, and classes.

Results on evaluating the necessary multi-object push-grasping conditions can be

found in Fig. 8. We did not record any false negatives across any object class—a result

that supports the mild intersection area assumption. A majority of the true-negative

grasps (85.4% on average) were predicted by the intersection area condition, while

the multi-object diameter function predicted 8%. Both conditions combined predicted

93.4% of true negatives, with a 0.5% overlap between their predictions only for the

2-object case. We find that the multi-object grasp diameter condition violations reduce

with increasing number of objects (from 31% for two objects), while violations for the

intersection area increased. See Fig. 7 for grasps that failed due to a violation of the

multi-object diameter condition and the intersection area condition.
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(a) Planning time. (b) Number of tested grasps.

Fig. 9: Experimental results in simulation on multi-object grasp planning. Our approach

(GP) found a grasp or reported that none exists in 2.2 seconds on average which is 19

times faster than the Mujoco physics simulator baseline (Rand-Phys), thanks to a fast

grasp filtering system. GP tests an average of 2 candidate grasps before a successful

grasp is found. That is 16.2 times less candidate grasps using the ranking system, com-

pared to a random approach (baselines Rand-Phys, and Rand-Fil-Phys). Error bars are

shown within 95% confidence interval of the mean.

7.3 Grasp Planning Experiments in Simulation

We conduct experiments in simulation to evaluate the multi-object grasp planner. Our

goal here is to understand the effects of the grasp filtering and ranking systems. We

follow the same process as Sec. 7.2 to generate random scenes and corresponding

grasp candidates. In each scene, we use the grasp planner (GP) and three baselines

to find a grasp. We record the grasp planning time — total time to return a grasp or

report that no successful grasp was found. We also record the number of grasp samples

tested/considered before a grasp is found.

Baseline 1 (Rand-Phys): This is a version of the multi-object grasp planner where we

randomize the grasp candidates after they are generated (no grasp ranking). Then test

each grasp sequentially in only the physics simulator (no grasp filtering), until a grasp

is found or all grasp candidates are tested.

Baseline 2 (Rank-Phys): This is a version of the multi-object grasp planner that ranks

grasps but tests grasps sequentially using only the physics simulator (no grasp filtering).

Baseline 3 (Rand-Fil-Phys): This randomizes the grasp candidates (no ranking) as in

baseline 1, but uses grasp filtering and the physics simulator.

Results: We show simulation multi-object grasp planning experimental results in Fig. 9.

Planning time results are in Fig. 9a, results on grasps tested in the physics simulator are

in Fig. 9b. Our proposed approach (GP) has the lowest planning time of 2.2 seconds on

average which is 19 times faster than directly using only a physics simulator (Rand-

Phys). We note that the physics simulator models the full dynamics of the system but

we do not, and this explains the speedup. We find that the grasp ranking method reduced

the number of tested grasps by 93.44%, when we compare Rand-Phys and Rank-Phys.
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Table 1: Physical picking experimental results with 20 scenarios, each with 33 objects,

placed in different random positions and orientations.

Methods Success rate (%) Percent picked PPH

Single-Object 73.31 ˘ 4.84 97.77 ˘ 1.42 212.59 ˘ 19.03

Multi-Object 83.33 ˘ 4.29 99.52 ˘ 0.48 340.08 ˘ 27.09

7.4 Physical Experiments

We conduct physical picking experiments to evaluate the picking system presented in

this work, in comparison to a single object picking system. Details of this single-object

picking system can be found below.

Single object picking system: We use the same multi-object picking algorithm and

grasp planner for single object picking. However, we restrict the number of objects to a

randomly chosen single object.

Metrics: We compare both picking systems based on success rate, percentage of objects

picked, and picks per hour. Success rate: the percentage of grasp attempts that moved at

least one object into the box. Percent picked: the fraction of objects that were moved to

the box. Picks per hour (PPH): total number of objects picked per hour, through single

or multi-object grasps.

Physical experiment details: We use the UR5 robot arm with a Robotiq 2F-85 gripper,

and an Astra RGBD camera in all experiments. We create 20 picking scenes where we

randomly place 33 objects in different positions and orientations. We clustered objects

arbitrarily to create opportunities for multi-object grasps. In each scene, we use both the

multi-object picking system and the single-object picking system to generate grasps. We

replicated the scene manually between the two picking systems, leading to a total of 40

real-robot runs. Please see Fig. 1 for a sample real-world scene. A failed grasp attempt

is where the robot misses a grasp (all objects escape), or where all objects fall out of the

gripper before they reach the box.

Results: Picking results can be found in Table. 1. Both systems picked a similar per-

centage of objects. However, the multi-object grasping system achieved 13.6% higher

grasp success. A major source of grasp failure is uncertainty in state and model parame-

ters. This affects success rates of both picking systems. The single-object system suffers

more as it makes more grasp attempts aimed at picking single objects that are oftentimes

not easily accessible due to clutter. Another source of grasp failure is model mismatch.

Grasps were planned in the physics simulator and the underlying assumptions there

may not hold on the real physical system. We find that the multi-object grasping system

is 59.9% faster than the single object picking baseline in picks per hour (PPH). This is

in spite of the fact that uncertainty can sometimes aid the single-object picking system

in grasping more than one object at a time.

8 Discussion and future work

We propose the planar frictionless multi-object grasping problem where multiple con-

vex polygonal objects are grasped and transported to a bin. We provide necessary con-

ditions for multi-object push grasping under the frictionless point contact model, and

their corresponding theorems and proofs. Experiments in simulation and on the physi-

cal robot suggest a significant speed-up in grasp planning time compared to a physics
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simulator baseline. We also find a reduction in overall picking time, compared to a

single-object picking system.

One assumption in this work is the frictionless point contact model between objects.

This limits the number of feasible multi-object grasps. In future work, we will consider

friction and how it affects multi-object grasps. We planned grasps in a physics simulator

and without considering uncertainty. This lead to grasp failure. We will extend this work

to generate robust multi-object grasps and to consider general 3D objects, including

deformables. We restricted our study to antipodal multi-object grasps. In future work,

we will consider other forms of multi-object grasps, including multi-fingered grasps.
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