
Leveraging Two Robotic Arms
for Tight Assembly Performance Gains

Dror Livnat: Yuval Lavi: Michael M. Bilevich: Dan Halperin:

Abstract—We provide a novel end-to-end framework for the
execution of an assembly operation by two robotic arms, given
the digital CAD models of the parts and their desired relative
placement in their assembled state. We analyze and demonstrate
the advantages of using two robotic arms simultaneously in
tight assembly operations, compared to single-arm systems. Our
method is implemented in both simulation and using physical
robots. It provides theoretical guarantees on execution time and
trajectory accuracy, supported by empirical evidence. In partic-
ular, we show that coordinated movement of two arms reduces
average execution time by more than 50% compared to using a
single arm only, produces higher-quality trajectories, and accel-
erates the search for valid robot placements. Furthermore, we
establish bounds on the required dimensions of the robotic cell.

Our open source software together with real-life video
demonstrations are available in our project page.

I. INTRODUCTION

In modern manufacturing, assembly consumes about 50%
of the total production time [1]–[4]. Therefore, approaches that
can significantly shorten assembly time have a strong impact
on the industry. In this work, we present such an approach:
a framework that translates CAD models into robotic arm
motion plans, substantially accelerating assembly processes
(Fig. 1). We note that the present study focuses on one com-
plete industrial assembly operation as a representative case,
rather than an entire full-product assembly sequence, in order
to isolate and address the fundamental planning challenges.

The growing demand for mass customization requires
flexibility in production, often achieved during product
assembly [5]. Consequently, assembly planning and robotic
assembly have become prominent fields of research [1], [6].

Industrial robots—especially in assembly—are widely
acknowledged as central to Industry 4.0, driving improvements
in flexibility, throughput, and quality [7]. However, their
widespread deployment is still hindered by the need for expert
programming and complex system setup, which remains a
significant bottleneck to agility and scalability [8], [9].

In a recent work [10] we presented a framework for convert-
ing a digital design of assembly parts into a single robotic arm
trajectory plan, together with the desired trajectory placement.

That work addressed three main challenges. First was the
well studied free-flying objects motion planning [11]–[25],
which to date is still challenging in tight environments. Second
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Fig. 1: Coordinated assembly using two robotic arms.

was coping with the Continuous Path-Wise Inverse Kinematics
(CPW-IK), which converted a continuous assembly trajectory
in the workspace into a continuous trajectory in the joint-
space, overcoming challenges, such as singularities, different
IK branches, and collision avoidance. The IK itself is also
a well studied challenge [26]–[35]. However, no existing
solution could handle the continuous task for UR-like arms
efficiently enough to support trajectory-placement search.
Hence, a dynamic programming based solution coupled with
analytic IK [28] was presented. Third was the challenge of
trajectory placement. This is dual to the well-studied robot
placement problem [36], in which feasible base locations are
identified for each desired pose, or set of poses, of the robot
end effector. Further work was done on mapping and testing
robot placement for multiple isolated configurations [36] in
order for the robot to be able to complete a path. However,
the challenge solved in [10] was to place a full continuous
trajectory in a complex 6D environment.

Other works have provided a full cycle assembly planning
for simpler tasks using a single robotic arm [10], [37], [38],
or construct motion plans, such that the transformation
between its end effectors remains fixed [39]. Using two
arms can accelerate execution of tabletop rearrangement task
as shown in [40]. However, we are not aware of any prior
method that plans complex workspace assembly trajectories
for two robotic arms.

In this work, we introduce such a framework, complemented
by theoretical guarantees and experimental validation. Our
results demonstrate clear benefits over single-arm systems:
substantially shorter execution times, increased flexibility,
and improved accuracy.
This paper makes the following contributions:

‚ We introduce a new framework and two algorithms,
CPW-IK and GPW-IK, that generate coordinated
two-arm assembly plans directly from CAD models.

‚ We present a first theoretical analysis proving that
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average assembly operation time, using the new GPW-IK
algorithm, is reduced by over 50%.

‚ We provide extensive experimental validation demonstrat-
ing significant gains in assembly time, trajectory accuracy,
and algorithm runtime relative to single-arm baselines.

‚ We validate the approach using real robotic hardware,
demonstrating practical feasibility.

Our open source software and real-life
demonstrations are available on our project website:
https://www.cgl.cs.tau.ac.il/projects/advantages-of-using-t
wo-robotic-arms-for-tight-assemblies/.

II. PRELIMINARIES AND PROBLEM STATEMENT

In this section we summarize tools from [10] needed
for tight motion planning of free-flying objects, as well as
motion planning using a single robotic arm. We then state
the problem that we study in this work.

A. Notation

We briefly summarize the notation used throughout the
paper. Configurations in the workspace (i.e., rigid-body
poses in SEp3q) are denoted with a bar, e.g., q̄ P SEp3q.
Joint configurations in the configuration space of a robotic
arm are written without a bar, e.g., c P R6 for a 6-DoF
manipulator. We denote by Cfree Ď R6 the collision-free
subset of the joint configuration space, and C̄free P SEp3q

its workspace equivalent. Paths are written as continuous
functions γ : r0,1sÑCfree in joint space and γ̄ : r0,1sÑSEp3q

in workspace. When considering two arms, we use
C2 “C1ˆC2 to denote the combined configuration space.

B. Tight Motion Planning of Free-Flying Objects

The input to this phase is a free-flying assembly problem.
Specifically, we are given digital models of two free-flying
bodies, B1 and B2, together with start and goal configurations
q̄start and q̄goal for one of the bodies. The other body is
assumed to remain fixed at the origin. We deploy an
appropriate motion planning algorithm, e.g., as described
in [24], [25], [41]. Specifically, in this work we use the TR-
RRT algorithm from [25] as it best performs on the dataset
presented in [24], which is also in use in the current work.

Most sampling-based algorithms, including those in [24],
[25], [41] suffer from two undesired properties. First, they usu-
ally allow for a small penetration between the sub-assemblies.
This works well in simulation, but is challenging to realize in
the physical world. Second, the output trajectories might be,
as is often the case with sampling-based plans, unnecessarily
long and jagged. We therefore follow the free-flying motion
planning algorithm with a post processing phase. This includes
the retract function from [25], to remove the penetrations,
followed by a smoothing function as described in [10].

The output of this phase is a collision free, piecewise
linear path γ̄, from q̄start P C̄free to q̄goal P C̄free, i.e., a path
γ̄ : r0,1s Ñ C̄free such that γ̄p0q “ q̄start and γ̄p1q “ q̄goal. The
full sequence is

q̄start “ q̄0, q̄1, ..., q̄N´1, q̄N “ q̄goal, (1)

and γ̄ P C̄free consists of the segments between each pair of
consecutive configurations in the sequence.

C. Continuous Path-wise IK for a Single Robotic Arm
In this section, we summarize the method presented

in [10]. One major difficulty of transferring a trajectory from
SEp3q to the joint-angle space is finding a consistent branch
of inverse-kinematics [30]. For each end-effector pose in
SEp3q, the six-DoF UR-like robotic arm has up to eight
possible different inverse-kinematics solutions, which can
be analytically computed.

For each pose in the trajectory of a free-flying object a
fixed pose of the respective end-effector is induced based
on a predefined grasping. For that end-effector desired pose,
all possible IK solutions are calculated. Then, a layered
Directed Acyclic Graph (DAG) G “ pV,Eq is constructed,
where layer Lk contains the feasible IK solutions of pose
k in the original trajectory. A node a P Lk is connected
with a directed edge e to node bPLk`1 if and only if their
L1 distance in the joint-angle space is smaller than some
predefined threshold δ. The weight of the edge is that same
L1 distance wpeq “ ||a´ b||L1 . Two dummy nodes s, t are
added to the graph, and are connected with zero-weight
edges to the nodes of layers L1 and LN respectively, with N
being the number of poses in the original trajectory. Denote
by ΠGps,tq all paths from s to t in the graph G.

The algorithm finds a path γ whose heaviest edge has the
smallest weight. That is, it chooses γ:

γ“argminρPΠGps,tq

"

max
ePρ

wpeq

*

. (2)

The error of the trajectory γ is defined as follows: Let
pPBA be a point on the boundary of the sub-assembly manip-
ulated by the robotic arm. Let γp,γ̄p : r0,1sÑR3 be the trajec-
tories of p after following the paths γ and γ̄, respectively. The
one-sided Hausdorff distance between γp and γ̄p is dpγp,γ̄pq“

maxxPγp
minyPγ̄p

||x´y||. Then the error of the path γ is the
largest one-sided Hausdorff distance of any point pPBA:

Errpγq“max
pPBA

dpγp, γ̄pq . (3)

Our goal is to bound this error by some arbitrarily small ε.
Denote by D the maximal distance of a point in the

moving system (the robot and the dynamic body attached
to it) from the robot’s base. Then, it is shown in [10]
that limiting δγ , the maximal weight of an edge along the
trajectory, δγ ď ε

D , yields the desired error bound Errpγqďε.

D. Trajectory Placement for a Single Robotic Arm
For a single robotic arm, choosing merely the initial

pose of the dynamic sub-assembly B2, which is referred as
placement, determines the entire placement of the trajectory.
Note that not all placements have a valid corresponding
trajectory in joint-angle space. Hence, for a single robotic
arm, we begin by randomly sampling a six-dimensional
starting pose, and run the CPW-IK algorithm. If successful,
a valid placement for the trajectory is found; otherwise, we
sample a new initial pose and repeat the process.

1259



E. Problem Statement

The input to the framework consists of CAD models of
two rigid bodies to be assembled, together with desired start
and goal relative poses in SEp3q. The output is detailed
instructions, in joint-angle space, of how each of two robotic
arms should move in order to perform the assembly. This
includes placement of the pieces at the beginning of the
assembly, grasping poses, and a time-parameterized trajectory
of each robotic arm. Formally, we start with two rigid bodies
B1,B2 ĎR3, which we wish to assemble. We assume that
the bodies are placed in a pose aligned with their grasp by
a robotic arm. In the CAD software however, they may be
posed differently, with offsets of q̄B1

,q̄B2
PSEp3q for B1,B2,

respectively. Hence, when planning for free-flying objects, we
can assume that B1 is fixed at the pose q̄B1

, and that B2 is a
dynamic object that we wish to move from q̄B2 to q̄goal ¨q̄B2 .

The configuration space (C-space) of a single UR-like
robotic arm is C “ r0,4πq6 Ď R6. The forward kinematics
function f : C Ñ SEp3q maps a configuration c P C to its
corresponding workspace pose q̄“fpcq of the end-effector.

When two robotic arms R1,R2 are in play, the combined
configuration space is the product C2 “ C ˆC Ă R12. That
is c2 “ pcp1q, cp2qq PC2 is a pose such that the arm R1 is at
configuration cp1q and arm R2 at configuration cp2q.

We say that c2 PC2
forbid ĎC2 if any two of R1,R2,B1,B2

are in intersection among themselves or with an obstacle.
We define the free region as all configurations that yield

no intersection of the interiors of the robots, the objects, and
the environment obstacles:

C2
free “

`

C2zC2
forbid

˘

. (4)

We are now ready to define our problem.
Problem Statement: We are given CAD models of two

rigid bodies B1,B2 ĎR3, their initial configurations q̄B1
,q̄B2

P

SEp3q, and a desired goal pose q̄goal for body B2. The objec-
tive is to compute a collision-free motion path γ“pγp1q,γp2qq :
r0,1sÑC2

free that satisfies the following conditions:

f
´

γp1qp0q

¯´1

¨f
´

γp2qp0q

¯

“pq̄B1
q´1 ¨q̄B2

, (5)

f
´

γp1qp1q

¯´1

¨f
´

γp2qp1q

¯

“pq̄B1
q´1 ¨pq̄goal ¨q̄B2

q . (6)

These constraints ensure that the relative configuration of
B2 in the frame of B1 matches the given initial conditions
at t “ 0 (equation 5) and the desired goal configuration at
t“1 (equation 6).

We note that a choice for such a path γ also incorporates a
choice for the placement of the rigid bodies in the workspace.
That is, γ may be any valid trajectory in joint-angle space
that starts with assembled pieces and ends with dis-assembled
pieces.

In this work we restrict ourselves to paths that are
piecewise linear. A path

γ“tc2start “c20, c
2
1, ..., c

2
N´1, c

2
N “c2goalu, (7)

is valid, if the segment between each pair of consecutive
configurations in the sequence is contained in C2

free.

Within this general definition of γ, we explicitly implement
three types of trajectories. First is a single arm trajectory
as presented in [10], where arm R1 keeps body B1 static,
and arm R2 does all the work with B2. The second and the
third, which are defined in the next section, are two different
algorithms providing coordinated two-arm plan, where at
each step both of the arms may move.

III. METHOD

In this section we show how the single arm CPW-IK
method presented in section II-C can be extended to the case
of two arms, using two different approaches. The input to
this phase is the output of the free-flying objects motion
plan, which is a path γ̄ : r0,1s Ñ C̄free such that γ̄p0q “ q̄start
and γ̄p1q“ q̄goal, as discussed in section II-B.

To develop algorithms using two robotic arms, we refine
the definition of a segment as follows. For the two-arm
execution phase, segment i is anchored by the absolute world
poses of the two bodies at its start,

σi “ pp̄1,i, p̄2,iqPSEp3qˆSEp3q,

together with the next relative target pose q̄i`1 P SEp3q

induced by the free-flying path. Our relative-pose convention is

q̄ “ p̄´1
1 p̄2,

such that the segment begins at q̄i “ p̄´1
1,i p̄2,i and ends at any

pair of absolute poses pp̄1,i`1,p̄2,i`1q satisfying the constraint

p̄´1
1,i`1p̄2,i`1 “ q̄i`1.

This freedom of choosing the absolute end pose of B1 (and
hence of B2) while meeting the required relative target
is the key ingredient that allows the coordinated two-arm
execution-time gains. In both algorithms we go over the
free-flying trajectory γ̄ step by step, and use the end pose
from segment i as the starting pose for segment i`1. We
aim to find a corresponding collision-free path γ : r0,1sÑC2

in the two robotic arms joint space.

Execution-time model. For each motion segment, we assume
synchronized joint execution: the joint(s) with maximal
angular displacement move at a fixed maximal velocity, and
the remaining joints move at constant lower velocities so all
joints complete the segment together. Hence, segment time
is proportional to the maximum joint angular displacement
in that segment.

A. CPW-IK for Coordinated Two-Arms

First, we sample a random placement for object B1. That
is, we sample a random q̄rand PSEp3q.

For each step q̄i ÞÑ q̄i`1 in the desired trajectory γ̄ we do
as follows:

‚ Calculate the midpoint between q̄i and q̄i`1.
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Fig. 2: Coordinated assembly of industrial assembly number 16505.

‚ Find all IK solutions for that midpoint pose, and add
those solutions as a layer in the dynamic DAG, for the
object B2.

‚ Find the corresponding pose for part B1 in SEp3q by
multiplying the new pose of B2 by the transformation
matrix from that same pose in γ̄ and q̄B1

. Find all
possible IK solutions for that pose and add the layer
to the DAG, for the rigid part B1.

Each edge in these layers, corresponds to simultaneous
movement of the robotic arms R1 and R2 towards that
midpoint. After building the DAG, we use the same dynamic
programming presented in Section II-C to select a path
minimizing the one-sided Hausdorff distance. That is
dHptfpγp1qptqq´1fpγp2qptqq : t P r0,1su,tq´1

B1
γ̄ptq : t P r0,1suq,

the distance between the realized trajectory of B2 in the
frame of B1 obtained via forward kinematics and the desired
trajectory of B2 specified in the input. Alternatively, we
minimize the makespan of the path.

B. Greedy Path-Wise IK for Coordinated Two-Arms

We now present the Greedy Path-Wise Inverse Kinematics
(GPW-IK) algorithm, our new coordinated planning algorithm,
which is the first to guarantee more than 50% reduction in
per-average-segment execution time compared to independent
arm motions. Throughout this section, q̄i denotes the
relative configuration of B2 in the frame of B1, with the
convention q̄i “ p̄´1

1,i p̄2,i. Thus, a segment is defined by the
relative update q̄i ÞÑ q̄i`1, while the absolute end poses
pp̄1,i`1,p̄2,i`1q are free to vary subject to p̄´1

1,i`1p̄2,i`1 “ q̄i`1.
Although segments are indexed by relative configurations
q̄i Ñ q̄i`1, a segment realization is defined by a transition
between absolute world poses pp̄1,i,p̄2,iq Ñ pp̄1,i`1,p̄2,i`1q

that satisfies p̄´1
1,i p̄2,i “ q̄i and p̄´1

1,i`1p̄2,i`1 “ q̄i`1.
The GPW-IK algorithm synchronizes the execution of the

two arms so that they complete the work on each segment
simultaneously. Instead of splitting evenly as in CPW-IK,
GPW-IK computes a per-segment split that minimizes the
common completion time.

a) Per-segment rule: Let t1 denote the time required
for R1 to execute the entire segment alone (keeping R2

static), and let t2 be the analogous time for R2. GPW-IK
chooses a split

x“
t2

t1`t2
, 1´x“

t1
t1`t2

,

so that both arms complete their partial motions in the same
synchronized time

T “
t1t2
t1`t2

.

b) Toy example: Suppose t1 “ 6 s and t2 “ 4 s. Then
x“ 0.4 and 1´x“ 0.6, yielding a synchronized execution
time T “2.4 s. By comparison, CPW-IK’s even split would
take maxp0.5¨6,0.5¨4q“3 s, so GPW-IK achieves a shorter
makespan.

c) Algorithm (per segment): For each segment q̄i ÞÑ q̄i`1,
GPW-IK performs:

1) Take into account all possible (up to 8) IK solutions
for each arm, and select the one that minimizes the
time for that step for each arm, if it were to perform
the segment alone. Compute the single-arm execution
times t1 and t2 as above.

2) Compute the synchronization fractions x“ t2
t1`t2

and
1´x“ t1

t1`t2
.

3) Partial move of R2: move each joint of R2 by fraction
1´x of the way toward the configuration that would
realize q̄i`1 if R1 stayed fixed.

4) Placement of B1: place B1 so that B2 is in the required
relative configuration q̄i`1. More formally, if pi PSEp3q

is the pose of Bi in world coordinates, move B1 to

p̄target
1 “ p̄

ppartialq
2 pq̄i`1q´1.

5) Move of R1: calculate the IK for p̄target
1 and move R1

accordingly.
6) Proceed to the next segment.

d) Comparison to CPW-IK: CPW-IK enforces an equal
(50/50) split, which is only optimal if t1 “ t2. GPW-IK
adapts the split per segment: if t1 ‰ t2 it assigns more of the
motion to the faster arm and strictly improves the makespan.
If t1 “ t2, the two methods coincide.

IV. ANALYSIS AND GUARANTEES

A. GPW-IK Analysis

We analyze the execution time of GPW-IK under the
standard joint-velocity model used throughout this paper:
for each segment, the joint requiring the largest angular
displacement moves at its maximal constant speed, while
all other joints move at equal or lower constant speeds.
Consequently, the execution time of a segment is proportional
to the maximum joint angle traversed along that segment.
Under this model, we compare the synchronized two-arm
execution of a segment to its single-arm counterpart.

In this section, q̄i denotes the relative configuration of
B2 in the frame of B1. A segment is therefore defined by
a change q̄i ÞÑ q̄i`1.
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In order to estimate the expected makespan improvement
that GPW-IK provides over the usage of a single arm, we
look at all possible short segments in the workspace, and
compare the time it takes two robotic arms using GPW-IK
to complete the motion along such a segment, to the time
it would have taken a single arm.

Consider such a short segment s :“ q̄i ÞÑ q̄i`1, and consider
two identical robotic arms in a shared workspace. For a
given motion segment, or step:

‚ Arm R1 requires t1 ą0 time to execute the entire motion.
‚ Arm R2 requires t2 ą0 time to execute the entire motion.

In GPW-IK we let the arms execute complementary fractions
of the motion such that they finish simultaneously.

Let x be a fraction of the motion performed by arm
R1. That is, if pr1, r2, ..., r6q “ c

p1q

i`1 ´ c
p1q

i is the set of
rotations required by R1 in order to move the assembly
from q̄i to q̄i`1, then moving a fraction x is making the step
x¨pr1,r2,...,r6q. Then the times of arms R1 and R2 are xt1
and p1´xqt2 respectively. For simultaneous completion:

xt1 “p1´xqt2,

which gives:

x“
t2

t1`t2
and 1´x“

t1
t1`t2

.

The common completion time is:

Ttwo-arms “xt1 “p1´xqt2 “
t1t2
t1`t2

By symmetry over the workspace, there exists an equivalent
segment where the times are swapped (t1 ÐÑ t2). For that
segment, the optimal completion time is the same:

Ttwo-arms “
t1t2
t1`t2

.

Thus, the time for completion of both segments combined
in a two-arm setting:

Ttotal, two-arms “2¨
t1t2
t1`t2

.

In a single arm setting, the total time it takes a single arm
R1 to execute both segments alone is:

Ttotal, single “ t1`t2.

The time ratio (two-arms setting vs. single-arm setting) for
completion of both segments is then:

ρ“
Ttotal, two-arms

Ttotal, single
“

2¨ t1t2
t1`t2

t1`t2
“

2t1t2
pt1`t2q2

.

When t1 “ t2, we have:

ρ“
2t21

p2t1q2
“

1

2
.

This is the maximum possible ratio. For unequal times
t1 ‰ t2 ą 0 we have from the Arithmetic Mean-Geometric
Mean inequality:

t1`t2
2

ě
?
t1t2.

Squaring both sides and rearranging yields an upper bound
for ρ:

ρ“
2t1t2

pt1`t2q2
ď

1

2
.

This analysis shows that, on average, the execution time for
a short segment is reduced by more than 50% compared to
single-arm execution. This is also true for average collections
of such segments. Although this gives hope to find trajectories
for two robotic arms that save more than 50% of the time,
we do not claim that it guarantees that the optimal two-arm
solution is shorter by more than 50% than the optimal single
arm solution, as they do not consist of the same collection
of segments. We therefore ran a large series of experiments
to assess the practical strength of the algorithm.

B. Path Accuracy

Here we briefly outline how the guarantee for path
accuracy developed in [10] and reviewed in II-C can be
extended to the two-arm case. Let pPBA be any point on the
boundary of an assembly part. Consider a segment pc2i , c

2
i`1q.

Its endpoints, c2i and c2i`1 serve as anchor points where, by
construction, the error, or the distance between any point p
and where it should have been according to the free-flying
trajectory γ̄ is zero (see step 4 in the GPW-IK algorithm).

We begin by redefining D: instead of denoting the distance
from the base of an arm to the farthest point on the single
assembly piece it manipulates, D now represents the distance
from the base of an arm to the farthest point on any of the
assembly pieces. Recall that the resolution of the input free-
flying trajectory γ̄ is such that the maximal angle required to
traverse a segment qi ÞÑqi`i is some δ. In GPW-IK, the sum
of the maximal angles α1, α2 traversed by R1,R2 respectively
along a single segment is therefore smaller than that δ, α1`

α2 ă δ. For the first half of the motion within a segment,
we therefore have α1`α2 ď δ

2 . In this setting, the maximum
displacement of a point pPBA in R3 is bounded by α2

2 ¨D. At
the same time, its reference point p1, initially coincident with p
and displaced by arm R1, moves by at most α1

2 ¨D. Hence, the
maximal discrepancy between p and p1 is bounded by pα1

2 `
α2

2 q¨Dď δ
2 ¨D. By symmetry, and since c2i`1 is also an anchor

point where the distance between any point p and its reference
point p1 is zero, the same reasoning applies throughout the
entire segment. Consequently, imposing the condition δď ϵ

D ,
as in the single-arm case, ensures that the maximal one-sided
Hausdorff distance of any point p is ERRpδqď ϵ

2 , i.e., exactly
half the error guarantee of the single-arm scenario in [10].

C. Robotic Cell Size Guarantee

In this section, we provide guarantees regarding the space
that the two-arm robotic cell will occupy. This is based solely
on the components involved and the positions of the robotic
arms, regardless of the specific trajectory and placement.

Understanding the dimensions of the robotic cell is crucial
when deploying robotic arms in factories and workshops. It
ensures safety, facilitates collision avoidance, and optimizes
the use of floor space.
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Fig. 3: Makespan (total execution time) for each assembly and each IK algorithm, evaluated over 100 valid placements per algorithm–assembly pair. The
metric is the sum, across all trajectory segments, of the largest joint rotation (degrees) in each segment. Because execution time scales linearly with joint
angular speed, this measure is proportional to actual runtime.

Fig. 4: Dimensions of a robotic cell. B is the distance between the bases of
the robotic arms. C is the maximal width occupied by the robotic cell. SSD
is the guaranteed maximal deviation of a single arm beyond its base. d1 and
d2 are the maximal diameters of the sub-assemblies. D“d1`d2.

As demonstrated in Section V, valid trajectory placements
using two robotic arms occur much more frequently than
when using a single arm. Therefore, we can limit our analysis
to trajectory placements on the plane that is normal to the
line connecting the bases of the two arms and passes through
the midpoint between them. We assume that after each
step, the entire assembly is translated back to this plane (in
practice, we combine this back-shift with the step itself).
This allows the analysis of the robotic cell width to depend
solely on the lengths of the robotic arms (arm length),
the distance between the bases of the arms (B), and the

combined diameters of the assembly pieces (D) (see Fig. 4).
The length D can be calculated simply as the sum d1`d2
of the diameters of the two sub-assemblies, though a tighter
bound may assess the diameter of the assembly as a whole at
each step. Let C represent the width of the robotic cell. Then:

C“
B

2
`
D

2
`arm length. (8)

We assume that the distance between the bases of the robotic
arms is larger than the assembly diameter, BěD, otherwise
further restrictions on the trajectory may be required. Hence
C, the maximal width occupied by the robotic cell, as a
function of B, obtains its minimum when B“D:

Cmin “D`arm length. (9)

Further, in case the placements of the arms in the robotic cell
are pre-defined and we are only interested in the single-side
deviation (SSD) of the robotic arms out of the given robotic
cell, we receive:

SSD“
D

4
´
B

4
`
arm length

2
. (10)

V. EXPERIMENTS AND RESULTS

In this section we demonstrate the advantage of using
CPW-IK and GPW-IK with two robotic arms over a single
arm. A video compiling executions of all assemblies is
available on our project page.
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A. Dataset

We used the tight assembly dataset presented in [10], and
compared the results of using two arms to those using a single
arm. The four assemblies in that dataset were selected from a
larger dataset [24], keeping one challenging sample from each
family. These are tight assemblies that require non-trivial com-
bination of translation and rotation in order to be assembled,
hence proved to be the hardest for the algorithms tested. In
this work, as a proof of concept, we demonstrate the solutions,
and measure the results, of four representative samples.

B. Implementation Details

We used the TR-RRT [25] motion planning algorithm for
finding a valid trajectory for the free-flying assemblies.

We demonstrate our methods on a pair of Universal Robots
UR5e robotic arms, equipped with Robotiq 2F-85 grippers.

The rest of the process is as follows. We begin with a free-
flying trajectory γ̄ and continue with running CPW-IK for a
single arm, CPW-IK for two arms, or GPW-IK (for two arms)
seeking valid placements. We continued with valid placements
trials until 100 valid placements were found for each combina-
tion of an assembly and an algorithm. We then design the parts
in Blender, add a small mark or cutout at the desired grasping
point, which is defined manually, and print them using Creality
Ender-3 S1 3D printer with 0.2 mm resolution. Finally, we
grasp the parts using the end effectors and execute the valid
trajectories in the real world as can be seen in Fig. 1 and Fig. 2.
TABLE I: Path quality. The average Hausdorff distance over 100 valid
placements, presented as total radians traveled per time step, for each assembly.
Error reduction: percentage decrease in average Hausdorff distance when
using two arms compared to a single arm. The Average column reports
an average only for the improvement row (percentage gains); averages of
the raw per-assembly values are not shown because they are not directly
meaningful.

Assembly az abc 16505 06397 Average
Single-arm 0.035 0.041 0.028 0.121 —
Two-arms 0.027 0.023 0.017 0.103 —

Error reduction 22.9% 43.9% 39.3% 14.9% 30.2%

C. Results

The experiments demonstrate three main findings. First, the
total assembly time (makespan) is consistently lower when
using two robotic arms than with a single arm. Fig. 3 presents
the complete set of results, including the improvement in the
best solution found, the distribution of valid solutions, and
the median performance. Relative to the average solutions,
the makespan is reduced by 15.9% for CPW-IK and by
50.2% for GPW-IK, while the improvement over the best
solutions is 14.4% for CPW-IK and 39.5% for GPW-IK.
Note that these best-solution improvements do not reflect the
full potential of GPW-IK, as discussed below and in Table II,
because on average it explored less than one third of the
placements examined by the single-arm baseline.

Second, the quality of the paths, in terms of one-sided
Hausdorff distance, is improved, as can be seen in Table I.
This means that the actual trajectory traveled by the assembly

TABLE II: The table presents successful placements rate. Improvement is
the ratio between the two-arm success rate algorithms and the single-arm
one. The Average column reports an average only for the improvement rows
(multiplicative gains); averages of the raw per-assembly values are not shown
because they are not directly meaningful.

Assembly az abc 16505 06397 Average
Single-arm 0.021 0.124 0.194 0.033 —
CPW-IK 0.225 0.253 0.286 0.235 —

Improvement x10.71 x2.04 x1.47 x7.12 x5.34
GPW-IK 0.156 0.128 0.245 0.150 —

Improvement x7.43 x1.03 x1.26 x4.55 x3.57

pieces when manipulated using two robotic arms, is closer
to the desired free-flying trajectory given, than in the case
of a single arm.

Third, the trajectory placement algorithm performs
much faster for CPW-IK and GPW-IK relative to the
single-arm algorithm, as demonstrated in Table II in terms
of frequency of valid trajectories. That was for finding 100
valid placements. This implies that if we provide equal
running times to all algorithms (rather than wait for 100
valid placements), the improvement in assembly time is
expected to be even larger (as the two-arm algorithms will
have time to test a larger amount of placements).

VI. DISCUSSION

Our experiments confirm that coordinated dual-arm plan-
ning dramatically reduces assembly makespan and improves
trajectory accuracy compared to a single-arm baseline.

This work introduced GPW-IK, a new dual-arm planning al-
gorithm with a provable ą50% reduction in average assembly
time and demonstrated its effectiveness on physical hardware.

These results highlight the practical relevance of our
framework for Industry 4.0 manufacturing cells and motivate
its adoption in time-critical assembly lines.

We continue with this research in two directions. First, is
to further accelerate the simultaneous work of two arms by
leveraging global information rather than only that of the cur-
rent segment. Second, there are assembly operations involving
three objects, which require coordinated manipulation of two
arms in order to complete the assembly (see Fig. 5). We plan
to use the algorithm and software package developed for this
project to solve such three-handed assembly problems.

Fig. 5: Conceptual illustration of a three-handed assembly (adapted from
johnrausch.com); future work will extend our method to such cases.
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